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CHAPTER 1

Introduction

Matthew A. Peeples, Jessica Munson, Barbara J. Mills, and Tom Brughmans

Archaeological networks are here to stay. In recent years, network methods and models have played an increasingly prominent role in archaeological research, mirroring the growth of network analyses and relational perspectives in many realms of the sciences and humanities (see Borgatti and Halgin 2011: Figure 1). Over the past decade in particular, the growth of network approaches in archaeology has been astounding. There have been more than three times as many archaeological network publications in the past decade than in the preceding 50 years (see Brughmans et al. 2017; Brughmans and Peeples 2023; Collar et al. 2015). Much of this rise in popularity was bolstered by influential published overviews and calls for the importance of network methods and network thinking (Brughmans 2010, 2013; Collar et al. 2015; Knappett 2011; Mills 2017; Peeples 2019) as well as numerous journal special issues and edited volumes (Brughmans et al. 2016; Knappett 2013a) focused on networks as “new” methodological and theoretical tools. We are now starting to see some signs that archaeological network research is maturing as a discipline, as network methods and models are increasingly integrated into the practice of archaeological research with little fanfare (see discussion in Brughmans and Peeples 2023: Chapter 2). This, we argue, marks the beginning of a shift from networks as a shiny new analytical toy to a set of established methods and theories with proven relevance for addressing a range of important archaeological questions.

What then, do networks offer archaeological research that has garnered so much attention? At the most basic level, networks are formal characterizations of some set of entities, and the connections between them. This could be a set of individuals with tracked contacts, friendships, business transactions, or other interactions, or flights between airports, or neurons and their many connections in the brain. Networks are simply a means for formally and mathematically describing the structure of such relational contexts (no matter what that context is) in a comparable format. Such formal description is useful in and of itself, but if this were all that networks offered, it is unlikely they would have become so popular in so many fields. Importantly, networks and network thinking allow us to go beyond describing relational structures to making structural comparisons between different networks and predicting or assessing associated outcomes for actors as a function of network position. In addition, networks can help explain the aggregate behavior we see in a group of actors based on characteristics of their overall network configurations. In other words, networks and network models are more than simply descriptive tools and methods but also offer theoretical models for explanation and prediction of social phenomena in relational contexts (see Borgatti and Halgin 2011).

In archaeology and allied fields, the general concept of networks and the importance of relations is certainly not new (Knappett 2013: 1–6; Knox et al. 2006). Archaeologists have long made theoretical statements and empirical arguments that rely directly on a general concept of networks and interactions to explain all manner of social phenomena in the past. For example, long-distance migration is often described as occurring across previously established patterns of regional interaction and thus we might explore evidence of relational patterns between settlements as the preconditions for population movement (e.g. Anthony 1990). Similarly, long-distance social networks and their particular configurations have often been seen as indicative of responses to environmental variability and unpredictability (e.g. Braun and Plog 1982; Rautman 1993) or changes in economic and political institutions (e.g. Hirth 1978; Peregrine 1991) though such networks in archaeological studies from past decades were rarely formally defined. The more recent emphasis on formally defining networks using archaeological data has made such relational theoretical arguments more explicit and directly testable. This focus on formal networks has also helped to emphasize relational phenomena as important causal mechanisms for social change (Munson 2019). In many ways such shifts reflect a broader recognition of the importance of relations in driving social change in archaeology generally (Holland-Lulewicz 2021).

In this Handbook of Archaeological Network Research, we attempt to capture the current moment in the trajectory of theoretical and methodological development in network research in archaeology by compiling cutting-edge work from numerous scholars engaged with a broad array of formal analytical network approaches. The contents of this volume are dizzyingly diverse given the relative newness of archaeological networks. We have written this chapter to serve as an introduction to the volume with two distinct audiences in mind: 1) archaeologists who are interested in current applications of network methods and models in archaeology, and 2) social and behavioral scientists in other fields who want to get a sense of what these archaeologists interested in networks are up to. We argue that this book has much to offer for both of these audiences.

A Brief History of Networks in Archaeology and Beyond

In order to discuss the current state of network research in archaeology, it is first necessary to provide a bit of historical context on the development of network methods and network thinking generally. As there are many previously published overviews of networks in archaeology and the history of the specialty (Brughmans 2013; Collar et al. 2015; Crabtree and Borck 2020; Mills 2017; Peeples 2019) we keep this account short and direct readers to those previous publications for more details. Network approaches in archaeology and other fields generally owe their origins to three broad research traditions: 1) graph theory, 2) social network analysis, and 3) complexity science research. In this section, we outline the intersections of each of these areas of research with archaeological network studies.

Graph theory refers to the mathematical field that deals with the formal representation and analysis of pairwise relationships between entities (Biggs et al. 1976). This field of research deals with the mathematical characterizations of network properties and network configurations (topology) in abstract and is the basis for many formal network methods in other fields. Most of the early attempts at applying network methods and models to archaeological data were inspired by graph theory and its adoption in geography in particular during the 1960s and 1970s (e.g. Hage 1977; Jelinek 1960, 1967; Kendall 1969; Terrell 1977). Despite an initial wave of interest in networks and graph-theoretic methods in archaeology for studies of regional interaction—as well as other analytical tasks such as chronological seriation—such approaches never became commonplace in archaeological research outside of a few specific regions and research groups (like Oceania, e.g. Hage and Haray 1983, 1991, 1997; Hunt 1988; Irwin 1978; Terrell 1977).

Social network analysis (SNA) refers to a set of network approaches developing in the social sciences (and sociology in particular) focused on using formal tools from graph theory to describe, explain, and predict behavior among humans and other social animals in terms of network structure and position (Wasserman and Faust 1994). Formal approaches to SNA began all the way back in the 1930s with the first applications of graph theory to social relationships, and further developed across the early 20th century as a means for the formal study of kinship and social structure (Freeman 2004). By the 1970s, SNA had developed as a distinct approach focused on the general theory and formal description of social relations of all kinds, and was gradually adopted across many social science fields. Although there were some early proponents of SNA in archaeology and anthropology (e.g. Irwin-Williams 1977), network models were generally unpopular in these fields for the latter half of the 20th century as many of the structural theories that formed the basis of network methods ran counter to prevailing theoretical directions in anthropology at the time (Knox et al. 2006). Over the past 15 years or so, however, SNA studies coming out of sociology and other fields in the social sciences have been a major source of inspiration, methods, and theories for the most recent pulse of network research in archaeology, in particular among researchers working in North America (see Brughmans and Peeples 2017; Knappett 2013; Peeples 2019). Importantly, in several recent archaeological studies there have been attempts to directly evaluate SNA theories using archaeological data, with an eye toward the potential unique contributions that archaeology might make toward broader debates in the social sciences (e.g. Hart et al. 2019; Borck et al. 2015; Peeples and Haas 2013).

More recently, research focused on formal networks and their properties from an interdisciplinary field often glossed as complexity science has begun to emerge (Newman 2010, 2011). Complexity science as a field of research emerged in the 1960s but work focused on networks in particular took a more prominent position in the discipline beginning with several influential publications in the late 1990s and early 2000s (e.g. Barabási and Albert 1999; Newman 2010; Strogatz 2001; Watts and Strogatz 1998). Much work in this realm at the time focused on networks as complex systems and entailed an exploration of the non-trivial properties that emerged in networked systems that were not properties of their constituent parts (see Romanowska, “Complexity Science and Networks in Archaeology,” this volume Chapter 17). For example, in his famous study of irrigation agriculture in Bali, Lansing (Lansing et al. 1993) illustrates how self-organized networks of interactions between farmers centered on water temples result in higher average yields and a greater ability to recover from perturbations than when famers act independently. Lansing attributes these network effects to the sharing of information and coordinated decision-making among neighboring farmers which alters the fitness landscape of farming in such a system. Excitement in the field of complex networks developed around the realization that networks in settings as diverse as human social networks to power grids sometimes shared general features and generative mechanisms. This included arguments focused on network properties like the small-world structure of some networks, which describes situations where most entities in a network are not directly connected but most are still reachable thanks to a small number of connections bridging clusters in the network. In archaeology, there were early forays into network models coming out of complexity science in the early 21st century (chapters in Bentley and Maschner 2003) and more recently in several collaborations between archaeologists and physicists, computer scientists, and complexity researchers (e.g. Knappett et al. 2011; Rivers et al. 2013). Archaeological network research inspired by complexity science is now well established both in terms of network modeling and empirical network analyses.

Across the past decade we are also starting to see the emergence of a unique archaeological approach to networks that draws on all of the traditions in part and also develops new methods and models inspired by the opportunities and challenges offered by archaeological questions and data. As the chapters in this Handbook illustrate, there are now several common approaches to building and analyzing networks using archaeological data, as well as a growing literature focused on the specific analytical challenges that archaeological questions and data entail.

What Makes Archaeological Networks Special?

One of the most appealing aspects of networks in general is the transferability of methods and theories across contexts. There is considerable research in many disciplines that has revealed that networks generated in diverse empirical settings sometimes share similar properties and configurations, suggesting that there may be some fundamental generative processes or common outcomes associated with structural positions across networked systems. Archaeological networks have certainly been used to address some of the same kinds of questions that have been addressed in other fields of the social and behavioral sciences, but there are also some peculiarities in the nature of archaeological data that present challenges that are seldom faced in other realms of research. In this section, we briefly outline some of the peculiarities of archaeological data and archaeological networks built from such data. These present some analytical challenges for archaeological network practitioners, but also key opportunities to contribute to the broader world of network science.

One of the most distinct aspects of archaeological networks is that entities and connections are typically defined using proxy evidence that is linked to relational processes in complex ways (see also Peeples, Roberts, Jr., and Yi, “Challenges for Network Research in Archaeology,” this volume Chapter 3). If an archaeologist wants to build a network of social relations, in most cases they cannot ask individuals about their contacts or observe interactions. Instead, archaeological network data often consist of evidence such as material cultural similarity within a set of settlements or spatial configurations between contexts and associated assumptions about what such material proxies mean in terms of the interactions that are the target of investigation. Because of this, archaeological data and the networks built from them often entail sources of uncertainty related to data availability and quality that are less common in other fields.

In many ways the fragmentary nature of archaeological data presents challenges for using traditional network methods and models from the broader world of network science but has also led to considerable creativity among archaeological network practitioners. For example, archaeological data typically involves spatial information, and archaeological network studies are replete with investigations of networks of traversal, movement, and visualization that are based on empirical archaeological data, and parameterized based on well-established assumptions about the nature of movement across landscapes or structures at various scales. This focus on the spatial component of networks has led to the development of a large body of methods and theories focused on the relationship between spatial distance and social distance. As the spatial components of social networks are now an emerging topic of interest in the broader social sciences (adams et al. 2012; Radil et al. 2010; Ye and Liu 2018), this perhaps presents an opening for archaeologists to contribute to current debates in network science beyond archaeology. By contrast, the focus on material culture as a proxy for interaction is common in archaeological network studies but nearly absent in other fields where networks are common. As several chapters in this Handbook illustrate, examination of different kinds and aspects of material culture can be used to track different kinds of interactions and affiliations. This emphasis on material culture represents an untapped source of information that could be relevant for the study of contemporary social networks as well.

Another critical aspect of archaeological data is that they are typically, by their very nature, temporal. Examining change in networks through time is a major goal of network studies across different fields (e.g. Holme and Saramäki 2012; Mattsson and Takes 2021), but archaeological networks offer opportunities to explore patterns in human relational structures over much longer periods than have been typical in other areas of research. As the chapters in this Handbook illustrate, it is not uncommon for archaeological networks to explore changing relational patterns across decades or centuries or even millennia. While there are certainly challenges due to variability in chronological resolution, and archaeologists should certainly be concerned with such issues, the chapters in this Handbook offer many solutions to such problems and also suggest that the long-term perspective offered by the archaeological record offers new avenues for investigation and theorization. Network theories often involve perspectives on how human social networks evolve through time or how they respond to shocks, and archaeological data provides a means for testing these ideas empirically across generations.

The brief comments here certainly do not cover all of the special properties of archaeological networks and archaeological network data (though the rest of the Handbook paints a much fuller picture). Rather, these examples provide a few important points of context that are likely to be relevant across many other aspects of archaeological networks. There are specific challenges for applying traditional network methods and models to archaeological data due to the fragmentary and material-focused nature of the archaeological record. This likely means that archaeologists will increasingly need to develop our own custom network approaches, models, and theories that are best suited to the nature of the evidence we control. At the same time, these brief examples also suggest that the differences between archaeological networks and networks in other fields offer substantial opportunities for archaeologists to contribute to important questions in the broader field of network science by virtue of our field-specific perspectives. We suggest that many chapters in this Handbook are already making headway in this regard and we expect to see more of this in the near future.

Organization of this Handbook

This Handbook covers the contemporary breadth and depth of archaeological networks as a specialty. It is designed to capture the basics of network analysis (Part I), some of the most common data types and methodological concerns of archaeological network practitioners and the kinds of questions that archaeologists are asking and answering using network methods and models (Parts II to IX), as well as perspectives on where the field may go in the coming years (Part X). The Handbook includes work by 62 authors working in different parts of the world as well as a variety of intellectual traditions. The bulk of the authors are archaeologists and/or anthropologists, but contributors also include sociologists, historians, geographers, physicists, biologists, computer scientists, and specialists in other fields in the sciences and humanities. Archaeological network research is an interdisciplinary endeavor and often includes collaborations between people from many different fields with different skill sets. Although the prevalence of network methods and models in archaeology is a relatively new phenomenon, the topical diversity in the chapters compiled here reflects the already broad and increasingly varied body of research that has developed over the past decade or so. We designed this volume to serve as a detailed look at these recent developments as the current state of the art as well as a point of departure for the future of archaeological network research.

The chapters in Part I of the Handbook, “Archaeological Networks in Practice,” are focused on the concepts and components of network analysis and visualization and how they can be profitably applied in archaeology. This includes discussions of basic definitions and the parts and properties of networks as well as more specific discussions of the nature of archaeological data, network inference, and some of the domain-specific challenges we face in archaeology. The chapters here focus on several different aspects of networks in practice but share several common concerns. Specifically, these chapters all describe network methods and models as potentially powerful tools for investigating archaeological questions, but also note that these new methods do not replace traditional analytical approaches, nor do they allow us to ignore issues of data quality and comparability. In general, the chapters in Part I portray network approaches as one tool in the toolbox of those archaeologists interested in exploring relational phenomena in the past, but one that must be used with the same care and critiques as any archaeological analysis.

The largest segment of the volume is in Parts II to IX, each of which covers a different common source of archaeological network data or a specific area of application. As outlined above, the nature of archaeological data necessitates somewhat different approaches for different sorts of archaeological and historical information. In this section, contributors provide overviews of how and why archaeologists reconstruct or model networks using different kinds of data proxies. These chapters provide examples and illustrate some of the most common specific arguments used to link data to relational patterns and processes as well as the kinds of archaeological or general relational questions that can be answered with such archaeological network data.

Part II focuses on material culture networks and some of the ways that archaeologists model relational patterns in terms of material flows, the movement of ideas or influences, or the movement of people using the attributes or frequency of the objects they left behind. This includes networks that presumably represent social interactions studied through similarities in material assemblages or geochemical networks that use compositional data to track the origins and movements of materials at various scales. As these chapters show, such material culture approaches can even entail formal consideration of the media and attributes of objects within museums to evaluate changing priorities in the creation and maintenance of museum collections through time.

Part III is focused on geographical networks, which have been a very common archaeological application of network methods generally (Brughmans and Peeples 2017, 2020). These chapters address the complex relationship between spatial distance and social distance through characterizations and models of potential movement, shared visibility, the organization of space, and other features of spatial configurations among archaeological entities. The prevalence of such geographic network models in archaeology is unsurprising since spatial data is broadly available at various scales even when we do not have detailed information or excavation data from particular locations included as nodes in the network. The chapters in this part demonstrate 1) how spatial information can be used to reconstruct potential empirical networks by making assumptions about the role that space plays in interaction, and 2) how models of spatial interaction can be used to generate network expectations that can be evaluated using empirical data.

Another common area of research in archaeological networks involves simulation and formal mathematical modeling (Part IV). Chapters in this part describe the relationship between network research and complexity science, and how archaeological network research can study past complex systems. They also reveal a range of network simulation methods, with a particular focus on agent-based modeling and exponential random graph modeling. The former approach focuses on exploring the role of individual human behavior and how it can lead to certain network structures or reveal archaeologically visible patterning on a system-wide scale. The latter approach describes empirical network structures and their generative processes, by theorizing whether certain network configurations (small sets of nodes and links) are key structural features.

As Part V outlines, we are also starting to see archaeologists using various sorts of biological data to model network processes in the past. This includes approaches such as food webs (who eats who) to explore the networked structure of socioecological environments as well as using phenotypic similarity and biodistance metrics to explore the structure of genetic relations between people in mortuary contexts. Such approaches are relatively rare at this point but have substantial potential for integrating archaeological network research with ongoing research in ecology and genetics.

Part VI is focused on text-based evidence as applied in archaeological network research. This certainly veers into the realm of history, and there is a close and ongoing relationship between archaeological and historical approaches to networks, but focuses in particular on the material record as a source of texts. This includes data such as epigraphic inscriptions in archaeological contexts and other text-bearing objects as well as more traditional historical primary sources. This subsection also includes discussions of archaeological contextual information and approaches to exploring archaeological knowledge and knowledge production through developments such as linked data and citation networks. As these examples illustrate, there is considerable potential for exploring the nature of the archaeological process and archaeological data organization using network tools.

Parts VII to IX of the Handbook cover discussions of several areas of application of archaeological networks to provide background and illustrations on some of the questions that archaeologists are asking and answering using network methods and models. The chapters in these parts are quite diverse in focus, but our aim with the division into parts was to capture some (but certainly not all) of the most common areas of research in archaeology. The first set of chapters (Part VII) are focused generally on processes of cultural transmission and human evolution. These have long been topics of great interest in archaeology and the chapters here explore how network methods and models can be used to investigate changes in human biology and behavior over evolutionary timescales. As outlined in these chapters, this is currently an area of growth in archaeological network research. The next set of chapters (Part VIII) are focused on different ways of studying movement, exchange, and flows across networks. This includes the diffusion of material styles and people as well as the spread of disease. Chapters in this collection provide overviews and examples of how archaeologists explore interaction and its consequences at regional scales in the past. Beyond this, these chapters also cover examples of how contemporary networks (e.g. social media networks) influence information and flows regarding the illicit movement of antiquities. The final set of chapters (Part IX) are generally focused on how archaeologists study the structural characteristics of networks. This includes methodological considerations such as the identification of communities as well as discussions of how network configurations influence other social processes such as disaster response, urban growth, inequality, and social organization. This section is certainly not comprehensive but provides a small window into the already diverse applications of network approaches in archaeology.

We close this volume with a look toward the future, in Part X. Chapters in this part provide perspectives from beyond the boundaries of archaeology on where archaeological networks have been and where they may be headed as well as discussions of how trends in network research connect with other trends in archaeological thought. In particular, chapters in this section focus on relationality and network epistemologies in general, and how archaeology might contribute to broader debates in the sciences and humanities. In general, we see a bright future for network research in archaeology and the potential for archaeology to contribute to the broader world of network science beyond the boundaries of our discipline.
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Part I

Archaeological Networks in Practice

 

CHAPTER 2

Network Methods and Properties

Clara Filet and Fabrice Rossi

 Introduction

Under the name “Network Studies” is a wide set of methods, concepts, and tools focusing on the connections that exist among a group of entities (be they archaeological sites, people, etc.) rather than on the attributes of these entities (e.g. type, nature, morphology, etc.). Such approaches have been developed over several decades in mathematics (through graph theory and statistical research), geography, sociology and physics (especially in the study of complex systems). They are also widely implanted within the humanities, where the notions of links/relationships/interactions are seen as the foundation of social structures. Each discipline thus contributes to enriching this conceptual and methodological framework according to the specific networks being studied.

This chapter aims to present the diversity of the methods most frequently applied in archaeology, and to introduce the basic properties of graph theory mobilized by these approaches. These multidisciplinary methods are still in full development and are published in a vast scientific literature that is not always accessible because it belongs to different communities of practice. Therefore, the chapter also intends to take stock of the current state of research carried out on these methods as well as the issues raised by their application and adaptation to archaeological problems and data.

Common Ground and Key Vocabulary for Graph Description

Most network studies are based on the formalization of a network in the form of a mathematical object called a graph (Newman 2010; Trudeau 1994; Wasserman and Faust 1994). It should be remembered, however, that the term “graph” can have two meanings, sometimes used confusingly. In its strict sense, it designates a mathematical object composed of a set of nodes (vertices) linked together by links (edges). The term is also applied to refer specifically to the most common way of representing this object, in the form of a node-link diagram. In all cases, creating a graph from a network involves an act of modeling, leading to the creation of a simplified mathematical representation of a phenomenon.
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Figure 2.1. Basic network properties: order, size, subgraph, connected components and clique.



Graph theory provides a diversified set of concepts, tools and measures to describe and study such mathematical objects. In order to later define classical measures and methods used in network studies, we recall the standard vocabulary of graph theory used for network description.

To begin with, the order of a graph is its number of vertices, while the size of a graph is its number of edges (Figure 2.1). G′ is a subgraph of G, as G′ is contained in G in the sense that vertices of G′ form a subset of vertices of G and edges of G′ form a subset of edges of G.

Graphs are characterized by their connectivity. In a connected graph, each pair of vertices is linked by at least one sequence of edges (a path, see Section “Analyzing Networks: Main Measures and State of the Art”): there is no isolated component. A disconnected graph is composed of distinct connected subgraphs, the graph’s connected components (Figure 2.1). A complete graph is a specific case of connected graphs, where every pair of vertices is linked by an edge. A graph can be locally complete when it is characterized by one or more cliques (subgraphs in which every pair of vertices is linked by an edge).

Relations represented by a graph can have both a direction and an intensity, which translates into associated concepts (see Figure 2.2). In an undirected graph, the connections between vertex i and vertex j are considered symmetric: the direction of the relationship does not matter. In a directed graph, the direction of the relationship matters, and a link from i to j does not necessarily imply a link from j to i. Moreover, these links may consist of a binary relationship (presence or absence of a link). In that case, the graph is called an unweighted graph. When the links carry the indication of an intensity, it is a so-called weighted graph.
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Figure 2.2. Basic network properties: directed, weighted and bipartite graph. For the weighted network, the line thickness corresponds to the weight. The two graphs on the left are variants of the graph G shown in Figure 2.1.



A graph is said to be bipartite (or two-mode) when vertices are partitioned into two distinct categories of entities (or modes), and edges connect only the vertices of distinct categories (this concept can be extended to multipartite graphs with more than two modes). Specific analysis and visualization methods exist to study this type of graph (Borgatti and Everett 1997). A bipartite graph can be projected into two graphs, one per mode. A projection gathers all the vertices from one mode: two vertices are connected by an edge in the projection if they were connected to a least one common vertex from the other mode in the bipartite graph. Consider, for instance, a bipartite graph that relates authors (first mode) with the articles they wrote (second mode). The authors projection contains only authors vertices: two author vertices are linked if they co-authored at least one article.

Two Main Families of (Network) Modeling Processes

The construction of a graph is by definition an act of modeling. It can be carried out according to a great diversity of procedures, which, however, refers to a major distinction of modeling in the history of science, that is, the tension between data modeling and theoretical modeling. These two approaches to modeling differ obviously on their objectives and on the use of data, but also on their validation processes and the interpretation of their results (Figure 2.3). Ideally, the two should be mobilized in a complementary way.
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Figure 2.3. Differences and complementarity of the two families of modeling process: data and theory modeling. Data and theoretical models can be studied independently, but their comparison is useful to infer causal explanations of observed data patterns.





Principles, Objectives, and Use of the Available Data

Data (or empirical) models are inductively built from a dataset to identify patterns and structures in the observations. In the context of network studies, data modeling thus consists in the analysis of relational data, that is, entities (objects, sites, etc.) that are related one to another based on empirical evidence. Data are available both about the entities and about the relations. The modeling process then dwells on using the network representation of the data to discover patterns and structures in the entities and in their relations. A typical example is the study of the structure of road networks, for which every individual connection would already be identified.

In contrast, theoretical models are deductively built from theories and hypotheses about the processes that produced the patterns identified in the data. They are constructed with minimal use of actual data, frequently because the data are incomplete. Rather than relying on actual data, theoretical models are generative: they can be used to build artificial data compatible with the selected model hypotheses. That artificial data can be compared to actual scarce observations. For instance, from partial observations of a road network, one might assume that terrain slope is the main factor that drives road formation and thus the structure of road networks. Examples of potential road networks compatible with this hypothesis can be generated by a theoretical model.

Classic Examples

Data modeling currently seems to be the most common approach in applications of network analysis, in archaeology as in other disciplines. In this approach, the identification of every node and link was carried out in a previous step of the work. For example, from a digital terrain model it is possible to estimate visual connections between a set of sites. These connections can be represented and analyzed in the form of a graph, to highlight, for example, sites that are particularly visible in the landscape (Čučković 2015; see Čučković, “Visibility Networks,” this volume Chapter 15).

In some situations, links of a data model can be inferred from an existing network using minimal assumptions. For example, a bipartite graph linking artifact types to sites can be projected into a first unipartite graph linking object types that are discovered on the same sites (co-occurrence networks; Feugnet et al. 2017), and into a second unipartite graph linking sites sharing at least one object type (see Östborn and Gerding, “Inference from Archaeological Similarity Networks,” this volume Chapter 5). In the latter case, the link between two sites can also be weighted by a measure of similarity of the artifact blends (Habiba et al. 2018; Mills et al. 2013; Prignano et al. 2017). Bipartite graph projections are used in a wide variety of archaeological contexts focusing on the association of two types of entities: chemical elements of a material (projected into their co-occurrence in the same product), sites on which were discovered specific material, such as obsidian, to its source (projected into a unipartite graph of sites sharing the same obsidian sources), authors to publications (projected into a co-authorship graph), etc. (see Blair, “Material Culture Similarity and Co-occurrence Networks,” this volume Chapter 7; Golitko, “Geochemical Networks,” this volume Chapter 9; Mickel et al., “Knowledge Networks,” this volume Chapter 25).

On the other hand, theoretical approaches are particularly useful when the information is poor and too heterogeneous, so that it is impossible to reconstruct the studied past phenomenon directly from the data. For example, when one seeks to study exchange networks within a region for which most nodes are known (contemporary archaeological sites), but there is little or no information on the links (e.g. few identified exogenous artifacts, but nothing to reconstruct the individual connections, the exact itineraries and intermediaries, or the number of goods and people linking the nodes together). Dedicated methods are designed to reconstruct potential links and their attributes, especially for spatial networks (Sanders 2013). For example, some models can suggest potential connections between sites from basic assumptions based on their spatial location (neighborhood network models, see Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). Least-cost path analyses seek to propose optimal routes based on a set of considerations about the factors that can influence the location of the path, for instance the minimization of effort for a walker (see Herzog, “Transportation Networks and Least-Cost Paths,” this volume Chapter 13; Herzog 2013b; Verhagen et al. 2019). Spatial interaction models focus on estimating the flows circulating through the links: they are designed to give an estimation of the extent of interactions between entities from their spatial location (see Rivers et al., “Gravity and Maximum Entropy Models,” this volume Chapter 12; Bevan and Wilson 2013; Evans and Rivers 2017). Other approaches, such as agent-based modeling, seek to simulate the effect of local structures or individual actions on a macro-level system as a whole (see Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18; Romanowska et al. 2019; Wurzer et al. 2015).

Such approaches can be particularly useful in the study of complex processes, generating possible scenarios that are able to explain the observed structures identified in the data models.

Both data and theoretical modeling approaches are found very strongly within the diversity of network studies. Even if the same terms (graph, etc.), and often the same tools, are used, the two approaches remain fundamentally different. Knowing which approach one is using should help to avoid any ambiguity in the interpretation of the model: a theoretical model cannot be studied like a data model because some of its properties are those that were intended to be given to it.

Validation Process

However, graphs derived from data are not a simple reflection of reality and are always an abstraction. As such, this construction should always be questioned (Munson 2019). The essential consideration in archaeology on the quality of the data (effects of selection, taphonomy, etc.) must remain at the heart of the development of the model and its interpretation. Besides, some models can estimate the statistical significance of their results, essentially answering the following question: could the pattern discovered in the data be the result of a random process? This offers a minimal form of self-evaluation.

Theoretical models face a different challenge induced by the calibration of their parameters. For instance, theoretical models for road networks can be based on an estimation of the effort needed to walk on a given slope on the terrain: the way efforts are computed from slopes generally has a strong influence on the output of the model (Herzog 2013a). In practice, the calibration of the associated parameters is often difficult (when lacking an obvious adjustment procedure), or even impossible (when no information is available to define these parameters in a relevant way). A classical solution consists in assessing the stability of the model outputs with respect to the parameters. This leads in general to the identification of a small number of stylized behaviors that can be compared to the available data. Comparison with actual data is thus an essential step in the validation of any theoretical model. When no archaeological data can be compared with the outputs of the theoretical model, it is then impossible to validate it. Under these conditions, however, some theoretical models may prove to be a reasonable first guess, sometimes especially relevant for their predictive potential.

Interpretability

Most data models are purely exploratory: they can extract structures, trends and patterns, but they do not explain them via simple rules or causal explanations. With the notable exception of ERGM (see Section “Discovering and Explaining Structures and Patterns” and Amati, “Random Graph Models,” this volume Chapter 19), data models need to be compared and contrasted with theoretical models.

On the contrary, a theoretical model shows nothing more than the assumptions used to build it. To be informative, and bring new insight into the phenomenon under study, a theoretical model has to be compared against empirical data. In the favorable case where data are available in sufficient quality and quantity, one can identify convergences between the necessary consequences of the theory, identified using the theoretical model, and the structures observed in the empirical data (often using a data model). Contrary to data models, we then enter into a true explanatory approach, to highlight causal factors. To what extent can the selected hypothesis serve as an explanation for the observations made on the data?

However, even when a theoretical model shows significant congruences between simulation outputs and empirical data, deviations and gaps will always be expected. Three main causes can be suggested for these discrepancies. The first explanation would be that something is missing in the structured input data (e.g. inventory too incomplete, non-contemporaneity of the sites studied). Second, problems in parameter calibration did not make it possible to translate the hypotheses to be tested in a relevant way, often lacking information or clear procedure. Lastly, the model and the assumptions it aims to translate are not sufficient to explain the complexity of the structures observed in the real data. Since a multitude of interlocking factors is generally at work in any social, cultural, political, and economic phenomenon, the outputs of a theoretical model based on a very small number of hypothetical factors cannot be a direct reflection of reality. Moreover, even in a situation where the convergences between the simulations and the data are very strong, and few deviations are perceptible, it remains somewhat naive to definitively conclude that the hypothesis used to design the model is the only explanatory factor for the real phenomenon under study.

In the end, once the possible consequences of these few factors have been identified by the model, it is then possible to focus on what remains to be explained, i.e. what the modeled theory has not been able to predict, because it is probably due to other factors. Indeed, questioning the significance of these discrepancies is often more informative than highlighting the concordances themselves.

 
Network Properties

From graph theory and its developments in several disciplines, network analysis now provides a wide variety of analytical tools to detect, study, and compare relational patterns within a network. All these methods require different levels of knowledge in mathematics. We present here the basic set of network analysis tools that are frequently used in archaeological applications, and we provide an overview of major trends in current research.

Analyzing Networks: Main Measures and State of the Art

Two key concepts of graph theory underlie many network analysis tools: path and degree. A path is defined as a sequence of edges between a pair of vertices. A shortest path between two vertices (or geodesic) is a path whose length (the number of edges in the path) is minimal among the paths connecting those vertices. Notice that shortest paths are generally not unique. In particular, in directed graphs, the existence of a path from A to B does not imply the existence of a return path from B to A.

The degree of a vertex is the number of edges that are incident to it. In the case of directed graphs, a distinction is made between indegree (number of incoming incident edges) and outdegree (number of outgoing incident edges).

Those concepts can be extended to weighted graphs by replacing the length of a path by its total weight (the sum of the weights of its edges) and the number of incoming/outgoing incident edges by the sum of their weights.

From these two concepts, a diversified set of tools for analyzing graphs is available. They pursue different objectives and correspond to different levels of analysis. The first two levels aim to summarize the global structural properties of the studied graph and to identify atypical nodes or links. The third level gathers methods that look for specific structures in a graph (such as clusters) or study the impact of local structures on the overall topology of the graph (e.g. ERGM).

Network Summary and Network Comparisons

In the study of a graph, the first ambition may be to summarize its overall structure. Several basic metrics allow to characterize the structure of the network as a whole (global measures).

Among these, the diameter corresponds to the longest geodesic in the graph (Figure 2.4). This metric summarizes the network structure only in a very limited way, as the same diameter can belong to very diverse network structures.

The density is defined as the fraction of the number of edges that are present to the maximum possible number of edges in the network (when all nodes are connected to all the others). The calculation differs slightly depending on whether the network is directed or not, and whether it contains self-links. It can also be adapted to particular cases (see Section “How to Choose a Tool from the Toolbox?”).
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Figure 2.4. Core concepts for network summary and comparison: diameter, degree distribution, and triads.



Another classical metric is the degree distribution, which gives for each possible degree its frequency among the nodes (Figure 2.4). Comparing different networks according to their degree distribution must, however, take into account several constraints. This distribution is indeed subject to strong data size effects (for instance, the maximal degree is equal to the number of nodes in the graph) and the type of network can also have a strong influence (see Section “How to Choose a Tool from the Toolbox?”).

Finally, the overall structure of the graph can also be characterized through its transitivity. This concept focuses on the relationships between three vertices (called triads), by differentiating open triads (three vertices connected by two edges) from closed triads (three vertices connected by three edges). The global clustering coefficient corresponds to the ratio between the number of closed triads and the number of total triads (Figure 2.4). The result is generally normalized between 0 and 1. If equal to 0, the graph includes no closed triads and is considered a tree. If equal to 1, each vertex is included into a triad.

What are these metrics used for? The values obtained are generally not informative in themselves. Comparing them to the ones obtained for well-known classes of networks can help guide the choice of a subsequent visualization or analysis method. For example, traditional graph visualization techniques (node-link diagram) are suitable for visualizing networks with low density (in the order of 1/n). See Section “How to Choose a Tool from the Toolbox?” for other examples.

Another use is the comparison between two networks. For example, the metrics can be calculated for a network at two different periods in time, to give a general idea of how the global structure of the network has evolved between the two time steps.

The general idea of summarizing networks by a small number of numerical values remains an active research topic, especially for applications that need to compare a large number of graphs (e.g. Fu and Ma 2013). For single networks, emerging techniques tend to represent vertices as numerical vectors that can be processed by classical methods (see Cui et al. 2019 for a survey). More generally, network comparison remains challenging by its computational complexity, especially when the focus of the comparison is the interaction structure, that is, when we disregard information attached to the vertices (Emmert-Streib et al. 2016 has a survey of network comparison).

 
Identifying Atypical/Important Nodes/Links

Another purpose of network analysis may be to examine the position and structural prominence of a node (and more rarely a link) within the network (node/link specific global properties).

The need for such characterization emerged early in social network analysis and numerous metrics have been proposed. They are collectively referred to as centrality measures. While the original measures tried to rank vertices in terms of how “central” they are in a graph, centrality is understood nowadays as a broader concept of “importance” within a graph. As both “central” and “important” are vague concepts, numerous mathematical translations have been proposed, with the common goal of ranking the vertices: the actual numerical value of a node is generally meaningless and one should focus rather on its rank among its peers, with an emphasis on extreme ranks (Figure 2.5).

The simplest centrality measure is degree centrality, which simply ranks the vertices according to their degree. Importance is here measured via the number of vertices to which a given vertex is connected. This can be seen as a form of reachability: a vertex is central if it reaches many other vertices directly. However, degree centrality captures only a form of local (first-order) information and is thus quite limited. One of the simplest non-local alternatives is closeness centrality: it is defined as the average length of the shortest paths from the given vertex to all the other vertices (the graph must be connected). This measure effectively tries to capture an intuitive idea of a central position: a vertex is central if it is close to all the other vertices.

More sophisticated notions of centrality have been proposed, for instance the popular betweenness centrality. For a vertex A, it is obtained as the sum over all the pairs of other vertices B and C of the fraction of the shortest paths between B and C that pass through A. Betweenness centrality quantifies the importance of a vertex as a connecting actor in the graph—yet another possible interpretation of being “central”. It can also be interpreted from a flow perspective (as with most centrality measures, see Borgatti 2005): if the network represents a potential means of exchange between actors, then most of the flow circulates through the nodes with a high betweenness centrality.
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Figure 2.5. Most popular measures of centrality: degree, closeness, and betweenness centrality.



Numerous other centrality measures exist, including extensions to weighted and directed graphs. For instance, Google’s PageRank ranks vertices in a directed graph via a principle of authority propagation: a vertex is important if it is linked to by important vertices (Brin and Page 1998). Taxonomies have been proposed to organize this rich set of measures (e.g. the four categories proposed in Koschützki et al. 2005). While no measure dominates the others, understanding the way vertices are ranked is crucial in order to interpret the results correctly (e.g. Borgatti 2005). Besides, the mathematical interpretation does not always translate into obvious insights into the underlying graph, especially in the case of sophisticated non-local measures. For instance, in a graph that links sites based on co-presence of objects, paths between sites do not correspond to actual exchanges or relations between them. As such, a ranking of the sites with respect to betweenness centrality is difficult to interpret.

Besides those concrete measures, the concept of centrality in network analysis provides additional insights for disciplines in the human sciences that are already marked by a rich reflection on centrality, particularly in geography (Theory of Central Places, the notion of urban center, etc.: Christaller 1933; Pumain 2006; Ullman 1941). Among these disciplines, archaeology proves to be a particularly relevant field of articulation between these different traditions of research on centrality (e.g. Knitter and Nakoinz 2018; Nakoinz 2019).

Other vertex specific measures have been proposed. For instance, the local clustering coefficient of a vertex quantifies how dense its neighborhood is (the set of vertices that are connected to the reference vertex). It can be seen as a measure of the tightness of the social group surrounding a given actor: if the coefficient is close to one, then all actors connected to the reference actor are also directly connected.

Vertex local metrics have a long history but this research field remains quite active. For instance, generalizations to weighted graphs were still being investigated in 2010 (Opsahl et al. 2010). A particularly active research subject is the identification of influential vertices, for instance actors to choose as seeds for propagating information efficiently on a network. While centrality metrics provide some insights into those influential vertices, this is highly dependent on the structure of the graph (e.g. Silva et al. 2012).

Discovering and Explaining Structures and Patterns

Network analysis techniques include more sophisticated methods that aim at extracting information from a network in a semi-automated way. This is arguably the most active field of research with numerous subtopics. Two of the most popular ones are outlined below.

The goal of community detection methods is to identify groups of nodes that are somewhat similar in the way they interact with other (groups of) nodes (see Radivojević and Grujić, “Community Detection,” this volume Chapter 36). Originally the term community was reserved for a specific interaction pattern: a community is a set of nodes that are densely connected to each other, but only loosely connected to nodes outside the set. This type of community can be seen as the graph equivalent of a cluster using its classical definition (a set of objects that are closer one to another than they are to objects outside the cluster). A common way to find such communities is to maximize the so-called Modularity criterion (Newman and Girvan 2004), as does the popular Louvain algorithm (Blondel et al. 2008). An alternative solution adapted to situations where edges represent proximity is to define from the network structure a dissimilarity measure between nodes and then to apply classic clustering techniques (Aggarwal and Wang 2010; Schaeffer 2007).

The current meaning is more general. It is inspired by structural equivalence and related concepts originating in social network analysis: a community is a set of nodes that share similar interaction patterns to all other nodes (including nodes from their community). For instance, the two parts of a dense bipartite graph can be seen as communities: nodes from one part are only connected to nodes of the other part and thus share similar interaction patterns. In this extended interpretation detecting communities can be seen as identifying roles that explain the observed interaction patterns. Stochastic block models (Holland et al. 1983) and their extensions such as the Latent block model are probably the most well-known models that can be used to discover such communities.

Exponential Random Graph Models (ERGM) are a family of generative models for graphs (see Amati, “Random Graph Models,” this volume Chapter 19). In this family, a network is characterized by a collection of statistics such as its number of edges, triangles, stars, etc. Then the log-likelihood of observing a graph is proportional to a linear combination of those statistics. To use an ERGM, one has to choose a collection of statistics and to estimate the parameters of the linear combination that best explains the observed graph (via an inference procedure). The parameters can be analyzed to try and understand the structure of the graph. This type of analysis is somewhat related to the use of generalized linear models for multivariate data analysis: it cannot be used to discover structure per se as it will not pinpoint particular nodes or edges. ERGMs identify possible explanations of the structure: for instance, a coefficient close to zero for a given statistic shows that it does not play an important role in the interaction structure. Notice, however, that specifying the statistics should be done with a lot of care to avoid degeneracy (Goodreau et al. 2009). Besides, estimating the corresponding parameters is a very difficult problem, especially when only part of the network is observed (Chatterjee and Diaconis 2013; Shalizi and Rinaldo 2013).

Community detection and ERGM are only two important examples of the constantly improving fields of information extraction methods and statistical models for graphs. Recent trends include particular attention to dynamic graphs, i.e. networks that evolve through time. While most of the methods are currently at a research prototype stage, they will probably become very popular in the future considering the inherent temporal aspect of many networks in archaeology.

How to Choose a Tool from the Toolbox?

From a mathematical point of view, measures and techniques presented in this chapter may be applied to any graph, provided basic constraints are fulfilled (some measures are specific to weighted, connected or directed graphs, for instance). However, those methods are based on modeling hypotheses about the meaning of edges and on structural assumptions that are natural in their field of origin (for instance, a power-law degree distribution for social networks, see Clauset et al. 2009). While those measures are generally sound for most of the unimodal graphs, they should not be computed mindlessly, keeping only “interesting” results a posteriori. On the contrary, the analyst should derive from an understanding of the graphs under study a subset of potentially meaningful measures a priori. In addition, some of the measures are meaningless for several particular cases common in archaeology. We discuss some of these in the current section (see also Table 2.1).

The most specific graphs are arguably planar graphs: a planar graph is a graph that can be drawn with a node-link diagram without any intersection between its edges (see Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). Planar graphs are frequent in archaeology as most geographical graphs are planar. This is the case of transportation networks (see Herzog, “Transportation Networks and Least-Cost Paths,” this volume Chapter 13) and urban networks (see Ortman, “Settlement Scaling Analysis as Social Network Analysis,” this volume Chapter 37), for instance. Planar graphs have very specific properties which reduce significantly the interest of several classic metrics. They have a small number of edges (bounded by [image: image] for a graph with [image: image] vertices), a small average degree (less than 6), and overall a very constrained degree distribution (Drmota et al. 2014). The associated metrics might remain interesting if they are compared to specific reference values (e.g. comparing the number of edges to [image: image]).

Graphs constructed from neighboring relationships in a geographical setting—for instance those induced by Delaunay triangulation (see Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11)—are special cases of planar graphs, in general. Their characteristics are even more constrained than the ones of arbitrary planar graphs (Bern et al. 1991; Dwyer 1991), leading to the same lack of interest of some measures. Another example of restricted planar graphs is given by trees that are natural models of hydrographic networks (see Apolinaire and Bastourre, “Hydrographic Networks,” this volume Chapter 16).

Notice that sparse graphs such as planar graphs are generally not good candidates for vertex clustering methods, especially modularity based ones. It has been shown that in this type of situation, maximal modularity clusters of vertices will generally be subtrees of the graph (Bagrow 2012): this completely breaks the intuition that underlies the notion of community.



Table 2.1. Relevance of indicators for some specific types of graphs.




	Network type
	Density
	Degree distribution
	Path based centrality measures
	Clustering coefficient
	Vertex clustering





	Planar graph
	Specific
	No
	Yes
	No
	Classical methods



	Bipartite graph
	Standard
	Yes
	Specific
	No
	Specific



	Scale free graph
	Standard
	Yes (confirmatory)
	Yes
	Yes
	Modularity / SBM





The table reads as follows: Yes/No are straightforward and directly indicate whether we recommend (or not) to use the metric/method for a specific type of graph. Notice that in a scale free graph, the degree distribution is first used to confirm the type of the graph and then to explore further its connectivity properties. Specific/Standard gives additional details on recommended metrics, namely whether the standard formula can be used, or graph type specific version should be used (as outlined in the main text). Finally, the vertex clustering column summarizes the discussion above about this topic.



Bipartite graphs and their associated one-mode projections are very common in archaeology (see Ostborn and Gerding, “Inference from Archaeological Similarity Networks,” this volume Chapter 5). Their structure is also constrained, and this has consequences on metrics and measures. For instance, the distance between two connected vertices from the same mode (e.g. sites) must be even because a geodesic must go from the mode of the vertices to the other mode before coming back to the original mode. As a consequence, most measures must be adapted (see Everett and Borgatti 2005 for centrality measures and Opsahl 2013 for clustering coefficients). As for the projections of a bipartite graph, properties of the latter influence the structure of the former and care must be exercised in interpreting the results (e.g. Guillaume and Latapy 2006).

The case of scale-free graphs is specific because they are defined via a particular form of the degree distribution, a power law also known as a long-tail distribution. For general graphs it makes sense to compute the distribution in order to assess whether the graph under study is a scale-free one. The answer will guide the analyst toward adapted methods, for instance modularity-based clustering, see below.

Beyond structural constraints, the semantics of the graph, especially of the edges, should guide the use of certain methods. For instance, as pointed out above, community detection can be done easily with classical clustering methods in networks where edges encode proximities. In this case, modularity-based approaches should be reserved for networks with very high degree nodes (as they tend to be gathered in a single community by other methods). The case of road networks is a typical example of a setting in which edges are proximities and where high degree nodes are structurally very unlikely (as such, a network is planar). In this context, it would not make much sense to use a modularity-based approach (see also the discussion above on modularity for sparse graphs).

Major Issues for Archaeological Applications

The application of these methods to archaeological problems and data raises specific problems, or at least reinforces difficulties already prevalent in other disciplines. We look back here at two of these difficulties, occurring at different stages of the work. Other essential challenges in the study of networks in archaeology, such as data selection (boundary effect, data size) and the effect of missing data are discussed in Peeples et al. (“Challenges for Network Research in Archaeology,” this volume Chapter 3).

Analysis: Network-Oriented Methods Do Not Replace Classical Methods

In numerous situations, archaeological data or models can be used to construct graphs that are not only a convenient mathematical representation of reality but are in a way mandatory to capture the relational aspect of the studied phenomenon. For instance, if a road network existed in a region during a certain time period, the associated graph is arguably the best way of representing it in a mathematical sense. In those contexts, network-oriented methods are of great use because they have been designed to handle the specific nature of graphs.

However, graphs are also used to represent phenomena that could be described efficiently in a more traditional way. Let us consider the case of archaeological sites described in a contingency table by columns associated with artifact types. Each row records the number of each type of artifact discovered at the row site. It can be represented by a bipartite graph with a site mode and an artifact type mode. We argue that both representations (table and graph) are equally important. Indeed, each row can be seen as a vector representation of its site, and traditional methods can be applied (principal component analysis, clustering, etc.). One can also compute complex similarities between the sites and use them as inputs to traditional methods (multidimensional scaling, hierarchical clustering, etc.; e.g. Mills et al. 2013; Habiba et al. 2018). The table can also be transposed to study the artifact types. The bipartite graph representation is also useful on its own: it enables, for instance, to compute statistical scores for co-occurrences (Feugnet et al. 2017). More generally, apart from some specific traditional methods such as co-clustering (Govaert and Nadif 2013), the graph representation is the preferred way for analyzing jointly sites and artifact types.

Graph-based analyses go beyond pairwise comparisons that form the foundations of classic methods. Consider a road network between sites: sites that are not connected by a direct road can still be compared, using for instance the concept of paths and the associated geodesic distance. In essence, the whole network is used to compare the sites: any modification in the network can be reflected in the distance between those sites. In statistical terms, graph-based approaches account for arbitrary dependencies, while classic methods generally assume independence between observations, possibly losing key features of the phenomenon. Besides, most classical methods expect to process objects of an identical nature while network methods can leverage bipartite graphs to jointly analyze objects of a different nature (multipartite graphs can be used for more than two classes of objects).

While the situation is frequently clear in terms of representation, as a graph representation is generally more complete than a tabular one, this does not imply that data represented by graphs should only be analyzed using network methods. In fact, a simplified tabular representation (possibly via a distance matrix) is always possible and should be used at the very least to give a complementary view on the data with the help of traditional methods.

Interpretation: Networks Are Not Always Social Networks

The issue of the interpretation of graphs is all the more important because the context of multidisciplinary approaches implies that terms and methods move from one field to another, often inducing ambiguity in their interpretation. The current peak in the use of these methods in archaeology is intrinsically linked with that visible in sociology, where the bulk of the networks studied are networks of social ties. The ambiguity about the social meaning of links is further reinforced by the long tradition of using the term “network” in archaeology in a metaphorical sense, where it emphasizes the existence of a more or less strong interweaving of links between a set of social and/or spatial actors, without the individual connections and intermediaries being generally known (“exchange network”, “intermarriage network”, etc.).

However, while graphs represent relational data in a mathematical sense, the use of graphs is not restricted to the representation of social networks alone. To avoid any ambiguity, particular attention must be paid to the meaning of the edges: they are not always (and even rather rarely) a direct proxy for a past interaction or social relationship (Munson 2019). For example, in the context of a study on the reception of Roman imports into pre-conquest continental Europe (3rd–1st c. bce), we created networks of co-occurrence of imported objects to detect groups of artifacts that were often found together, either because they were traded together or because of selective choices made by the various populations of this vast region (Feugnet et al. 2017). In this example, the edge between two categories of objects represents the number of times these objects are associated at the discovery sites. Here, by definition, it cannot be considered as the proxy of a social link. It only refers to the sharing of a common attribute.

The meaning of the edges is therefore strictly constrained by the data used to produce the graph.

Interpretation of paths also plays a key role. Computing paths in graphs is always mathematically sound, but the meaning of such paths is not always obvious. Here again, a path on a graph modeling a road network makes sense for everyone. In a graph representing social relations or interactions, the meaning of the path is much less explicit but remains useful in certain situations (the calculation of betweenness centrality in a friendship network still makes sense from a sociological point of view). The interpretation of the path is different in a graph depicting informational relationships, as in our bipartite network of artifacts and sites: only very strong hypotheses on, for example, circulations of artifacts could provide an archaeological interpretation of paths in this context.

In the end, most archaeological network studies are carried out on graphs that model relational data in the strict sense, i.e. that are explicitly related one to another (as in a database), rather than data on past social relationships. Cases where the links of a graph representing empirical data carry a social meaning are quite rare in archaeological research contexts. Theoretical models have a strong potential for representing and studying assumptions about social interactions. With data models, many of the analyses carried out in archaeological network studies bring new insight into a network of interactions and social relations in the metaphorical sense.
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CHAPTER 3

Challenges for Network Research in Archaeology

Matthew A. Peeples, John M. Roberts, Jr, and Yi Yin

In recent years, we have seen an explosion of interest in “network science” and network analytic ideas in many scientific disciplines (Newman 2010; Newman et al. 2006; Watts 2004), and archaeology is no exception. Anthropologists were among the leading early proponents of social network methods and models (e.g. Barnes 1954; Bernard and Killworth 1973; Bott 1955; Hage and Harary 1983; Johnson 1994; Mitchell 1969, 1974; Nadel 1957; Wolfe 1978), and there have long been sporadic applications of graph-theoretic methods to archaeological problems (Doran and Hodson 1975; Irwin-Williams 1977; Jelinek 1967; Kendall 1969; Peregrine 1991; Pitts 1965, 1978; Rothman 1987; Santley 1991). Still, the level of interest in networks among archaeologists never consistently reached that of sociology and other social sciences until quite recently (Brughmans and Peeples 2017).

Applications of network analysis in archaeology in recent years have been largely intellectually independent of the discipline’s early forays into graph theory (Brughmans 2013; Mills 2017; Peeples 2019). Beyond this, the analytic tools used by current researchers were not developed in response to specific archaeological problems or data (Knappett 2011). Thus, the recent surge of interest in network analysis by archaeologists largely involves techniques, tools, and assumptions imported from other scientific fields that may not be optimally adapted to the research questions and data contexts that confront archaeologists. Beyond the possibility of simple misapplication of methods drawn from other fields, there is a deeper concern that network analyses will overlook archaeologically relevant issues that might affect the suitability of applications and the interpretation of results. In response, a new literature on the challenges of archaeological data and research questions for applications of network analysis has begun to emerge (Brughmans and Brandes 2017; Brughmans et al. 2014, 2016; Brughmans and Peeples 2023; Gjesfjeld 2015; Habiba et al. 2018; Isaksen 2013; Östborn and Gerding 2014; Peeples et al. 2016; Peeples and Roberts 2013; Prignano et al. 2017; Rivers et al. 2013; Roberts et al. 2021; Sindbæk 2013; Weidele et al. 2016).

In this chapter, we highlight what we see as some of the most pressing methodological and analytical challenges for the continued development of archaeological approaches to network analysis. These challenges relate directly to the nature of the archaeological data used in network analyses and the substantive interpretations that are possible from such analyses. The issues covered here are not meant to be comprehensive but represent the general kinds of challenges that archaeologists face in the use and interpretation of network methods and models:


• Sampling variability and uncertainty

• Special properties of network analysis of social distance

• “Filtering” for network visualization and analysis

• Chronological methods and dynamic networks



We suggest that work directly addressing the challenges associated with these and other related issues will be critical if we hope to take full advantage of the increased prominence of network research in archaeology. So far, however, direct consideration of these challenges has been limited, and they are insufficiently understood by many practicing archaeological researchers. We hope that this overview of the issues will raise awareness of these challenges and inspire more critical work in this vein to help push the field toward exciting approaches and insights.

Building Archaeological Networks

Before jumping into a discussion of the specific challenges facing archaeological network research, it is worth briefly discussing the nature of networks as analytical constructs generally and how they are often constructed in archaeology and other fields. The process of defining a network as a formal analytical object in any field requires a degree of abstraction, and thus it is essential to have a clear argument linking a relational process of interest with specific kinds of data (Brandes et al. 2013). In some cases, this may be a relatively straightforward task. If a researcher is interested in key players in a network of economic relationships among corporations, a network might be defined with companies as nodes and payments or co-ventures as edges. Similarly, in many contexts where network methods and models have frequently been applied, the relations of interests can be directly observed and recorded (e.g. flights between airports, email contacts, frequent contacts as either directly observed or reported by the people involved in questionnaires, etc.). In other cases, the relationships of interest may be somewhat further separated from the data that can reasonably be gathered. For example, a number of network studies define what are sometimes called affiliation networks, in which individuals or groups are connected in formal networks because they attended the same events or are members of the same organizations (Borgatti and Halgin 2011). The relationship of interest in this case is often the interactions between individuals themselves but the data pertain to events and co-presence. Thus, the underlying assumption is that co-presence or participation in events provides opportunities for such interaction and can be used as a proxy for the interactions that are the focus of study.

The definition of network relations in archaeological contexts requires a similar process of abstraction, where the relations of interest are studied using material proxies argued to be relevant to the question at hand (Collar et al. 2015; Munson 2019). We would suggest that in most cases the reasoning tying relational processes to data in archaeological contexts is more complex than in most other areas where networks have been applied. For example, many archaeological network studies use geography and spatial proximity to define edges among a set of nodes (Brughmans and Peeples 2020). In this case, there is an implicit assumption that spatial distance or configurations of space are directly relevant to social interaction. Although this is often reasonable, such a definition precludes the direct consideration of how space may or may not constrain social interactions in different contexts. In many material culture-based archaeological networks, inventories of objects at sites or contexts are compared (in terms of co-presence or perhaps some kind of similarity metric) and network ties are defined or weighted between pairs of contexts with substantially similar assemblages. In this case, the implicit assumption is that the inhabitants of contexts where people made, used, and disposed of similar materials are more likely to have interacted than people with very different material culture. Further, such an approach does not make a distinction between social relations and social similarity (processes that are often contrasted in other contexts). In other cases, the proxy used for defining archaeological networks may be somewhat more straightforward, such as a set of roads and junctures that can be directly observed, but at the same time a network defined using such evidence implicitly assumes that we have an adequate inventory of road features and that they were in use simultaneously. Thus, even the nature and completeness of the underlying archaeological data presents complexities that are rarely faced in other contexts. Owing to such complexities, some archaeologists applying network methods and models to archaeological data have argued that networks generated using such proxy evidence should be seen as providing information on probabilities of interaction rather than the literal presence of social ties (Golitko et al. 2012; Golitko and Feinman 2015; Mills et al. 2013a, 2013b; Peeples et al. 2016).

The complexities of the assumptions and data used to define archaeological networks and the differences in the challenges faced by researchers in other fields raise several important questions. Should we apply methods that were designed to analyze relatively complete and observable social networks to networks where ties are defined based on incomplete proxy evidence and more complex abstractions? Are there features of archaeological networks that are products of the data used to construct them rather than the relational phenomena of interest? Are there other methods or techniques for exploring relational data that are better suited to archaeological data? In the remainder of this chapter, we explore some of the specific challenges that archaeologists face in applying network methods and models that touch on these and related questions and concerns.

The Challenges

In the following sections we outline our perspectives on a small subset of the many challenges facing archaeologists in the creation and interpretation of archaeological network data and, where possible, we point toward potential solutions. We focus in particular on networks based on material culture here, both because this is where much of our own experience has been and because these are perhaps the most distinctively archaeological network constructs commonly used by archaeological researchers (and thus, they present challenges that are seldom discussed in the broader world of network science; see Blair, “Material Culture Similarity and Co-occurrence Networks,” this volume Chapter 7). We conclude with a brief discussion of some of the themes that crosscut these challenges, and make suggestions for potential ways forward.

Sampling Variability and Uncertainty

A longstanding criticism of traditional graph-theoretic measures in network analysis (Wasserman and Faust 1994) is the lack of assessment of sampling variability, or uncertainty more generally (Costenbader and Valente 2003; Galaskiewicz 1991; Granovetter 1976; Lee et al. 2006). For instance, the classic measures of network actors’ centrality do not include confidence intervals for the calculated centrality scores or other metrics. Even if one is not interested in, say, testing for a “statistically significant” difference between two actors’ centrality scores, often some assessment of sampling variability or missing data would be helpful in making substantive interpretations of the scores. This is perhaps even more important for archaeological applications of network analyses, where we very often know that we are missing data due to incomplete site/survey inventories, site destruction due to contemporary development, limited excavation, or a whole host of other issues. Thus, if we know that we are missing data and that our available data may be subject to other sampling biases, it is not sufficient to simply calculate a network metric that assumes complete and consistent information and to move on.

This concern is relevant for analyses of all types of networks, and the implications of sampling variability and missing data likely differ in different contexts or for networks with different structural properties. This is something that researchers in sociology and related fields have only recently attempted to generalize (Smith and Moody 2013; Smith et al. 2017; Smith et al. 2022). Perhaps not surprisingly, more missing information does generally increase the error associated with most network metrics, but different measures are more or less robust to different kinds of missing information (missing nodes, missing edges, incomplete attribute data, etc.). In addition to this, the type of network (e.g. directed vs. undirected, weighted vs. unweighted), the size, and the structural properties (e.g. degree of centralization, number of cycles, etc.) all seem to influence the severity of impacts of missing or poor-quality information. Thus, it seems that a one-size-fits-all methodological solution will probably be elusive. Again, it is likely that this problem is further compounded in archaeological networks where missing data do not simply mean a missed prompt in a questionnaire by a respondent (a typical kind of data problem assessed in network methodological studies) but may instead be due to issues with the underlying geographic or material culture data sampling or preservation processes. Networks constructed from inter-site visibility may present different issues from those constructed from the presence or absence of artifact classes at sites, such as variability in detectability of features and a lack of knowledge of missing features. The existing networks literature on network data problems does not consider the kinds of issues that are likely to be common for archaeological networks.

Given the situation described here, we suggest that archaeologists will likely need to develop our own approaches for assessing the potential impacts of missing data and other sources of uncertainty on a case-by-case basis, using the data in hand to characterize potential vulnerabilities of the population from which it was drawn to different kinds of potential data problems. We suggest that resampling, or bootstrap, methods are a natural approach to such problems. In these methods, network measures can be calculated for a large number of “replications” resampled from the observed data, and sampling variability in observed measure assessed by its variability across replications (Costenbader and Valente 2003; Efron and Tibshirani 1994). Such resampling experiments allow for the consideration of different kinds of issues. For example, if we are concerned with nodes missing at random, we can generate replications where nodes are randomly deleted. If instead we believe that some other sampling bias influences the presence or absence of nodes in our network—for example, if we think we are more likely to have information on large sites rather than small sites—we can incorporate that into the resampling design and assess the impact. Variability in some network measure, such as a site’s centrality, can be assessed by the variability in its values across these replicate networks. If a particular network metric is quite stable and robust to the kinds of missing or variable information we can reasonably expect, we might be more confident in substantive interpretations drawn based on that metric. On the other hand, if resampling experiments suggest that small amounts of missing data can substantially change the absolute or rank order values of some metric, we should instead be quite cautious in hinging major interpretations on this metric. Such an approach has already been applied in a few recent archaeological network studies, and such methods have allowed for discussions of robust patterns of variability in network metrics (Brughmans and Peeples 2023; Gjesfjeld 2015; Mills et al. 2013a; Peeples et al. 2016). Additional work has shown that this approach is well suited to the nature of archaeological data (Roberts et al. 2021) and we hope to see similar approaches gain in popularity in the future. Brughmans and Peeples (2023) provide detailed guidance for implementing methods like those suggested here along with other potential future directions.

Special Properties of Network Analysis of Social Distance

One common approach to building and analyzing networks using archaeological data in recent years has involved defining nodes as contexts of interest with measures of similarity based on the relative frequencies of objects in systematically tabulated form from those contexts as edges (see Blair 2015; Borck et al. 2015; Freund and Batist 2014; Golitko and Feinman 2015; Golitko et al. 2012; Gravel-Miguel 2016; Hart 2012; Hart and Engelbrecht 2012; Hart et al. 2016; Jennings 2016; Lulewicz 2019; Mills et al. 2013a; Peeples 2018; Peeples and Haas 2013; Peeples and Roberts 2013; Terrell 2010; Weidele et al. 2016). Such data are often treated as weighted networks where the degree of similarity between a pair of assemblages is seen as an indication of the strength or probability of a tie between the nodes in question. Although similarity networks have been used in other contexts such as healthcare similarity networks focused on patient outcomes (Pai and Bader 2018) or gene expression networks (Cho et al. 2016), similarity networks are somewhat uncommon outside of archaeology and thus there has not been substantial consideration of the special properties of networks constructed in this way.

Similarity data constrain the networks produced from it in important, and sometimes counterintuitive, ways. Metric properties of similarity measures will be preserved in the weights assigned to network ties, so that network configurations are limited relative to the situation in which ties in one pair are not completely constrained by the presence or absence in another. Of course, classical ideas such as balance theory (Cartwright and Harary 1956) and modern statistical modeling of network data (Lusher et al. 2013) emphasize the interdependent nature of network ties, but such interdependence is generally less rigid than in the case of networks derived from social distances. Specifically, if for a set of nodes in a similarity network (A, B, and C), if A is similar to B and B is similar to C, A will necessarily share some degree of similarity with C. This built-in tendency toward the closure of triads is not necessarily a property of all undirected networks and may have unintended impacts if network methods and metrics designed for independent edges are applied without care. For example, if we are interested in evaluating network homophily or network transitivity or a whole host of other processes and we do not account for this built-in tendency for closed triads, we are likely to get misleading results.

There is currently a pressing need to evaluate the ways in which the very construction of archaeological networks from social distance data has implications for the structural properties of these networks. This sort of investigation is important because it can help to distinguish between those network features that are archaeologically interesting and informative, and those that are simply due to the methods used to construct the networks themselves. Such work would likely involve consideration of potential differences in substantive results under different similarity or distance measures (Habiba et al. 2018) and consideration of the nature of the connection between social similarity and social interaction generally. Gravel-Miguel and Coward (“Paleolithic Social Networks and Behavioral Modernity,” this volume Chapter 28) provide an excellent example of how agent-based models designed to both track interaction among agents and produce simulated archaeological assemblages that can be analyzed using typical archaeological network approaches can be used as a laboratory for exploring the complexities of such issues. Their work shows that, under certain assumptions, we might expect material similarity to be only weakly correlated with the frequency of interaction. Beyond this, ethnoarchaeology and network research that focuses on material similarity in contemporary contexts, where both materials and patterns of interaction of interest can be observed, provide excellent contexts for evaluating the implications of using material similarity to represent social relations. For example, Bowser and Patton (2008) explore material similarities in pottery produced by women in the Amazon and illustrate that the relationship between material similarities and other social and kin groups changes in complex ways over the life of an individual. Studies like these will be essential in helping us untangle the complex relationship between similarity and network patterns and processes.

“Filtering” for Network Visualization and Analysis

When most people think of a network, they probably envision some form of a node-link diagram with a set of actors represented by nodes and the connections between them represented by lines drawn between pairs of nodes. Such visuals can be powerful distillations of complex relational patterns in networks, but real-world networks data can sometimes be large and complex enough that it is difficult to reasonably visualize structural properties and positions. Under certain circumstances there is even considerable risk of distorting important network properties by presenting information this way. One enduring question in network analyses in archaeology and beyond is how we can reasonably “filter” large and complex networks to retain and communicate the salient properties for visualization and further analysis. Filtering here refers to methods designed to extract and represent relevant features of complex network datasets while preserving key structural properties of the underlying data (Tumminello et al. 2005).

One technique for filtering complex weighted networks involves simple “binarization” or taking a weighted network object and defining ties as present or absent using some sort of weight or frequency cut-off. This is a common procedure for archaeological networks based on material culture co-presence or similarity networks as discussed in the previous section (e.g. Golitko and Feinman 2015; Hart and Engelbrecht 2012; Mills et al. 2013a, 2015). Although such a procedure may help to produce seemingly intuitive network visuals, work by Peeples and Roberts (2013) shows that the choice of binarization threshold fundamentally affects any network metrics calculated from the resulting binary network. For example, if a researcher is interested in the degree distribution of a given network, the absolute values and even the shape of the distribution can be quite different, depending on the binarization threshold selected. Because of this, Peeples and Roberts (2013) suggest that it is usually good practice to simply calculate metrics from the full weighted network to avoid losing available information, though binarization can still be useful for creating visuals if used with care.

Although thoughtful application of binarization is certainly warranted, Peeples and Roberts’ (2013) investigations considered only simple binarizations that used a chosen cut-off for the level of similarity required for a binary tie to be present. In fact, there is a good deal of sophisticated research that has addressed this “filtering” problem that goes far beyond simple threshold binarization (e.g. Akgüller 2019; Foti et al. 2011; Guo et al. 2019; Radicchi et al. 2011; Serrano et al. 2009; Tumminello et al. 2005). Some of these models are intended not just for visualization but also for extracting important network structures that may be masked by the size and complexity of the networks themselves. Such approaches could be particularly important for examining similarity networks like those discussed above where all or almost all ties have a non-zero weight. The motivation behind many filtering methods is to extract the “backbone” of a network which represents the substantively meaningful key subnetwork of the full weighted network that preserves the most important global structural properties while not completely eliminating local network features (Figure 3.1). Weidele and colleagues (2016) have recently approached the issue of filtering in an archaeological context with the goal of creating and assessing useful visualizations, but there are clearly many more models and methods that have yet to be assessed.

It is likely that filtering methods developed in other fields will need to be modified and adapted for use with archaeological network data. For instance, Grady et al.’s (2012) approach considers shortest paths in filtering the weighted input data, but if the archaeological network being studied is not thought to involve targeted sender-receiver communication, shortest paths have limited relevance. For example, cultural innovations, embodied in ceramic assemblages, likely spread from community to community, but surely it will rarely be the case that the innovation’s diffusion is aimed at a specific target. This recalls Borgatti’s (2005) discussion of matching different node centrality measures to different “flow processes” that can operate on networks. In applying centrality measures in archaeological work, the correspondence of an assumed substantive flow process involving goods, information, or cultural practices with the chosen centrality measure is critical (Mills et al. 2013a). This correspondence likewise must be maintained when applying filtering approaches. Thus, archaeologists will need to explore both the technical and substantive implications of these filtering methods and investigate them using the various datasets.

Along with the importance of filtering as a descriptive tool, another motivation for producing filtered data is that such data allows for the wider application of the statistical models known as exponential random graph models (ERGMs). The development of these models has been the most influential recent development in social network analysis in recent years. ERGMs allow users to explicitly model the non-independence in a network and estimate parameters that express tendencies toward or against the appearance of certain network configurations or motifs, net of other modeled configurations. (For a comprehensive discussion see Lusher et al. 2013.) ERGMs have been applied in archaeological analyses in a few contexts (Brughmans et al. 2013), but as of yet, primarily based on geographic, visibility, or simulated data that can more easily be modeled as binary directed networks. Many common forms of archaeological network involve weighted data, and ERGM-type models for weighted networks have been developed to a more limited extent to date than those for binary data. However, if filtered data were viewed as sufficiently representative of the true archaeological network, ERGMs for binary data could be applied in a straightforward way. Thus, finding appropriate methods for filtering archaeological network data could pay further analytical dividends.
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Figure 3.1. An example of one network edge filtering backbone extraction technique. These networks both represent ceramic networks in the US Southwest/Mexican Northwest ca. 1300–1350 ce with edges defined where two settlements share a ceramic type that makes up at least 20% of the assemblage for each site. In both plots A and B, edges in the statistically significant (α = 0.05) backbone of the network extracted using the method outlined by Tumminello et al. (2005; see also Neal 2022) are shown in black. These edges represent connections between pairs of sites that share more ceramic wares than would be expected by chance. Nodes in plot A are placed using the Kamada–Kawai algorithm and nodes in plot B are shown in their geographic location.



Chronological Methods and Dynamic Networks

The possibility of tracking changing networks over time is one of the substantively most appealing features of archaeological network analysis, and a key aspect of such analysis’ relevance for work in other disciplines. Even relatively informal inspection of dynamic networks can yield significant insights into how networks are linked to large-scale social transformations (Mills et al. 2013a). The construction of time-specific networks requires some method to assign nodes and edges to a particular interval as well as a means for dividing data into overlapping intervals when the chronological periods of interest differ between sites. Finding an approach that can be applied to data from a variety of sources and chronological resolutions (an issue frequently facing archaeologists) can be difficult.

The issue of defining chronological intervals for archaeological networks has been approached in a number of different ways in the existing literature. In many cases, archaeological contexts are simply assigned to whichever chronological phase overlaps with most of the available evidence or the presumed peak population of a site, or perhaps a site is included in analyses for every phase represented (e.g. Gjesfjeld 2015; Golitko et al. 2012; Hart and Engelbrecht 2012). In other cases, absolute dates are used to tie sites or assemblages to particular periods of varying length constrained by the resolution of dated materials (e.g. Coward 2010; Lulewicz 2018). In many material culture network studies assemblages are further divided or “apportioned” into segments or intervals shorter than the occupation of the context as a whole, using information on the production date ranges and relative frequencies of artifacts (e.g. Roberts et al. 2012; Mills et al. 2013a, 2018). Each of these methods is likely to generate networks with somewhat different properties but the specific dynamics have not yet been thoroughly investigated.

There is currently a great need for more critical research focused on developing and adapting methods for dealing with variability in date ranges and chronological resolution in the construction and analysis of archaeological networks. The archaeological literature contains a variety of methods for “unmixing” assemblages (e.g. Crema 2012; de Pablo and Barton 2015; Kohler and Blinman 1987; see also Ortman 2016; Ortman et al. 2007; Peeples and Schachner 2012) but as of yet, few of these approaches have been directly applied to archaeological networks. There is certainly considerable room for experimentation here, and we hope to see new work along these lines as archaeological network studies continue to develop.

Beyond the issue of how to best partition archaeological contexts and data for network analyses, we must also face the broader issue of what exactly a network representing a long period of time actually is. What can be said about an archaeological network that is based on data representing 50 years or 100 years or 1000 years? When we are investigating intervals that are longer than a human generation, these are surely not “social networks” in a strict sense, but exactly what they are has not be adequately addressed. Do such long intervals represent average patterns of connectivity for that interval? Would we expect to see only the strongest vectors of interaction with such data or might we be misled? This, again, is an area ripe for experimentation. Critical research is sorely needed that is focused on directly assessing the impact of time averaging and assessing whether we might see substantive differences in interpretations of network processes with different chronological resolution.

In addition to the considerations above, for archaeological networks there is also considerable room for growth in the application of methods that are designed to analyze network transformations and dynamics through time. Much of the work we have described so far (and most archaeological network research in general) could be categorized in what is sometimes called the “filmstrip” approach to archaeological networks, where data is divided into intervals, but each interval is analyzed independently, and results are compared only after the fact. There are a variety of other methods designed to analyze dynamic networks and to directly model change through time which have, as of yet, not been widely applied to archaeological network research (Moody et al. 2005; Snijders 2001, 2005; Snijders et al. 2010). We see this as another topic that should receive considerable attention in the coming years.

 Conclusion

The challenges outlined above represent just a few of the methodological and interpretive issues facing practitioners of archaeological network methods and models. We have attempted to cover a variety of common issues here, to give readers an idea of the general kinds of problems and challenges they might expect to face in their own research. Based on this discussion, we conclude with a few comments on the commonalities of the issues described above and the potential paths toward meeting such challenges.

One theme we see across several of the challenges discussed here is that, although these issues may be particularly pronounced within the context of archaeological network research, these are for the most part not challenges limited to archaeologists. For example, as described above, sampling variability is certainly an issue faced by network practitioners in almost any realm of research. As we noted, although this has been an issue of consistent concern in social network analyses broadly for some time (e.g. Costenbader and Valente 2003; Galaskiewicz 1991; Granovetter 1976; Lee et al. 2006; Smith et al. 2022) most previous attempts to address this issue have not been focused on the nature of the underlying proxy data itself. Thus, this is an area where archaeologists might have much to contribute, since we already have a long tradition of characterizing such data uncertainty. Beyond this, in our discussion of the special properties of networks based on social distance, we noted several ongoing efforts designed to help directly assess the potential relationships between patterns of interaction and social similarity using both simulation and ethnoarchaeological approaches. Such efforts are primed to help us better understand the potential issues of equifinality and specificity in such data, with implications for network studies in many other fields. Thus, though such issues may seem daunting, we suggest that such challenges may present opportunities for archaeologists to contribute to the broader world of network science.

Another theme we recognized across the challenges we outlined here is that for many of these issues experimentation is critically needed. We have a sense that chronological averaging may have substantive impacts on network structures and positions, but we currently do not have any specific critical studies exploring this across different kinds of data. We have a sense that networks generated using different techniques or that represent different relational contexts may respond in different ways to issues of missing data or poor-quality information, but we do not yet have empirical evidence to guide our interpretations. Similarly, there are many different methods for network filtering that have already been successfully applied to a broad range of network contexts in other fields and are still awaiting their first archaeological applications. This lack of basic tests and understanding of the field’s core parameters is perhaps a sign that archaeological network research is still in its very early days as a specialty. This is also a cause for excitement, however, as there is much to be done and still trees heavy with low-hanging fruit. We hope that this chapter and this entire volume will inspire more experimentation.
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Chapter 4

Beyond the Node-Link Diagram

A Fast Forward about Network Visualization for Archaeology

Benjamin Bach and Mereke van Garderen

 Introduction

Data visualization is an important part of network analysis for many of reasons. In archaeology, networks range from road-networks (Scheidel 2015), networks of similar items found on archaeological sites, social networks, or sight networks (Brughmans 2013), summarized in respective reviews (Brughmans 2013; Mills 2017; Peeples 2019). Understanding all these data and information in context and drawing informed conclusions is complicated and requires an ample set of tools and methods.

Data or information visualization offers such a tool and methodology. Visualization is the craft, science, and process of making abstract and complicated data visible. Visualization serves to provide overview, to “amplify cognition” (Card et al. 1999), to provide the basis for interactive exploration and to complement and inform any statistical analysis. Visualizing networks is useful where statistics fail to provide information about topological structures such as clusters (densely connected nodes), central nodes (highly connected nodes), bridge nodes (nodes connecting clusters), motifs (subgraphs with a specific topology) (Ahn et al. 2013; Lee et al. 2006) and their uncertainty; about correlation between topology and attributes, space, and time, where hypotheses are unknown in advance, and where pictures are required for visual communication (Riche et al. 2018). Besides topology, visualization can reveal correlations between a network topology and domain-specific information associated to nodes and links such as node types or a link weight and link directionality. Network visualizations have long been used to present a given network and to explain some of the findings of a deeper analysis. In summary, data visualization provides a rich and complementary approach to statistical network analysis and comes with a wide variety of creative techniques, applications, systems, guidelines, and empirical research.1
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Figure 4.1. Small example network conceptually shown as (a) node and link tables, (b) adjacency matrix, and (c) node-link diagram.



This chapter seeks to provide a (very) brief overview of recent advances and visualization techniques for networks. It is intended for everyone in archaeology and beyond who seeks an introduction to the Why and How of visualizing networks in time and geographical space, without previously having worked with networks or visualizations. Our goal is to show the richness of visualization techniques that go well beyond the well-known and widely used node-link diagrams (see Figure 4.1 for examples) and provide novel and effective views on networks. Node-link diagrams—nodes shown as points and links as lines connecting them—are intuitive and can show many topological patterns such as clusters, nodes connecting clusters, and central nodes. At the same time, node-link diagrams are limited in visualizing the complexity of much real-world data with its density, temporal variation, size, and attributes related to space and time. To solve some of these issues, many powerful and creative techniques have been developed, which would easily fill an entire book. For example, following a fairly general and early survey on network visualization techniques from 2000 (Herman et al. 2000), we find scientific surveys of specific techniques for large networks (Von Landesberger et al. 2011), multifaceted networks (Hadlak et al. 2015), group structures in networks (Vehlow et al. 2015), dynamic networks (Beck et al. 2017), as well as geographic networks (Schöttler et al. 2014).2 These surveys are complemented by surveys within specific application domains such as networks in biology (Pavlopoulos et al. 2008), network security (Shiravi et al. 2011), or crime analytics (Xu and Chen 2005). This chapter hopes to contribute toward making techniques for network visualization more widely known to practitioners in archaeology and the humanities in general; it is meant to establish a general understanding of why there are so many different techniques and what is the potential of data visualization for network analysis.

This chapter first gives an overview of the basic concepts in network formats and data visualization. Then we discuss examples for visualization techniques, their use, advantages, and drawbacks. We then mention tools for network visualization which can be used out-of-the-box, each providing its own set of functionalities. We conclude this chapter with a discussion on current challenges in network visualization, hoping to start a wider discussion on the need for more effective visualizations and tools and to encourage interdisciplinary collaborations between researchers in archaeology and visualization.

Related Concepts

Network Data Formats

Data formats organize a dataset into a format that is process-able by the computer, but many networks require creation by hand, such as when extracting information from documents, pictures, interviews, or other media limited to human processing. For networks, there exist many different file formats such as GraphML, GML, MAT, or CSV. However, while many of these formats are meant to facilitate interchangeability, there are few conceptual ideas about how to organize data through data collection. Independent from the specific file format, we can think of a graph as tables of nodes and edges (and their respective attributes) or as matrices (Figure 4.1).

Matrix formats store information about edges in a simple table format. First, all nodes in the network obtain an ID ranging from 1 to the number of the nodes. The cell (i,j) at the i-th row and the j-th column is showing the existence (0 or 1) or the weight (e.g. 0.3) between nodes i and j. Cell (j,i), consequently contains the existence or value of the link into the opposite direction between node j and i. If the network is symmetric (i.e. all links are bidirectional), the matrix will (has to) be symmetric. The matrix format might be unusual, but if shown, e.g. in MS Excel, it allows an analyst to quickly assess if important links went missing while manually compiling the data and writing the file.

A far more important format is tables for nodes and links which can be read and edited in tools such as MS Excel. A network can be defined by either a single node-table or a link table, or both. A link table contains one row for every link in the network and at least two columns: one specifying the source node and one specifying the target node. Additional columns can contain information about the link, such as time (start, end, duration) or weight. A node table contains a row per node in the network. There can be a column that specifies a connection to another node, or the table contains attribute information about the node, as in the case of links. A node’s attribute can include its lifetime (start, end), geographic location, or anything else. Together, node and link tables can be used to express quite rich networks, including attributes on both nodes (node table) and links (link table). These formats help organizing network information in a human-readable format for collection and cleaning. Specific tools, such as NetworkX and the Vistorian (see “Network Visualization Tools” below) can import CSV files, exported from Excel or Google Sheets. Other tools require more specific formats which are hard to generate by hand.

Visualization Techniques

A great number of papers have been published on visualization techniques, beginning with Jacques Bertin’s structural exploration (Bertin 1983). A visualization technique generally describes a visual representation which encodes data through a set of rules, called visual mapping. Rules in the visual mapping assign visually perceivable stimuli (color, position, lightness, texture, shape, etc.) to elements in the data, which in turn allow a human to decode the visualization and obtain information from the data (e.g. topology attributes, space, time). The visual mapping decides which visual marks (e.g. circles, squares, stars, lines, etc.) as well as how their visual attributes (visually perceivable stimuli) are used to encode information in the data. For example, in its most basic form of a node-link diagram, nodes are (usually) mapped to points (small dark circles), while links are mapped to straight lines, connecting the points. Variations of this techniques use, for example, the size of points to visualize a node’s centrality or the thickness of lines to visualize a link’s weight. Many introductory books and articles have been written on data visualization, of which the most common ones include Jacques Bertin’s Semiology of Graphics (Bertin 1983), Ben Shneiderman’s The Eyes Have It (Shneiderman 1996), Tamara Munzner’s Visualization Analysis and Design (Munzner 2014), Colin Ware’s Information Visualization: Perception for Design (Ware 2012), and most recently the Data Visualization Handbook (Koponen and Hilden 2019). While not necessarily being intuitive in the first place, the effectiveness of many visualization techniques has been shown in research and, once learned, these techniques can be powerful tools for exploration and communication.

Network Visualization Techniques

This section provides an overview of representative techniques for visualization, without meaning to be complete. As mentioned, there is a huge variety, and this chapter seeks to present the most important of them with the goal of understanding the richness of visual representations and data visualization to solve specific problems. In the end, none of these techniques are good for everything, rather each technique is good for something, resulting in a huge variety of complementary techniques.

Node-Link Diagrams

The most well-known and commonly used visual representation of a graph or network is the node-link diagram. In the most basic version of such a diagram, nodes are represented as small points, and links between nodes are drawn as straight lines connecting the corresponding disks. This representation can be extended to include some node and link attributes, which are typically encoded by color, shape, or line thickness. Textual labels are used to provide additional information about nodes or links such as titles. Node-link diagrams have been used extensively in archaeology and other social sciences, e.g. to draw interpretations of changing boundedness of networks through time (Golitko et al. 2012) or to draw interpretations of the changing nature of political organization in the Iroquois Confederacy (Birch and Hart 2018).

In order to draw a node-link diagram, one first needs to decide on the graph layout: where to place each node on the screen. One possibility is to use two of the node attributes as x- and y-coordinates, such as geographic coordinates to place nodes on a map, quantitative attributes to place nodes in a scatterplot (Bezerianos et al. 2010), or categorical information to place nodes in a treemap (Fekete et al. 2003). While such a “naive” positioning can reveal many insights about the network, the obvious drawback is that the resulting layout might not be optimal for highlighting network structures such as clusters, outlier nodes, and crucial links. To solve this issue, layouts are usually computed based on the connectivity of the graph; showing nodes that are connected closer to each other. The most common approaches are force-directed methods such as spring-embedding (Eades 1984; Fruchterman and Reingold 1991). In this layout method, the graph is modeled as a system of masses (nodes) connected by springs (edges), and node positions are based on the (numerically approximated) equilibrium of this system. We refer the reader to the works by Brandes (Brandes 2001, 2008) for a more extensive introduction to force-directed methods.

Once the node layout has been determined, the node-link diagram can be completed by drawing in the edges. Simple straight-line segments are the most common choice, for example indicating direction through arrows, curves, or animation (Holten et al. 2011) and link weight through line thickness. However, crossing lines can lead to visual clutter and ambiguity in the visualization (Bach et al. 2016).

Visual clutter and edge congestion occur when too many lines and nodes obscure interpreting and perceiving the network structure (Carpendale and Rong 2001). In many cases, but not only in the case of visual clutter, node-link diagrams can introduce ambiguities; i.e. the perception of wrong information from the visualization (Figure 4.2). The most common form of ambiguity is to perceive connections between nodes which are not connected (false-connections), for example when a node is incidentally placed on top of a link without being part of that link (Figure 4.2c). To solve these ambiguities, edge-routing techniques have been invented that route edges around nodes (Bach et al. 2016; Pupyrev et al. 2011). Clever edge routing can significantly increase the readability for small node-link diagrams by reducing the number of edge crossings or the amount of overdraw.

Other approaches to overcome edge congestion and clutter in node-link diagrams include replacing graph motifs by visual glyphs (Dunne and Shneiderman 2013). For example, clusters are replaced by a star-shape, and fans are replaced by wedges. Motif simplification reduces some clutter and ambiguities by abstraction. Other methods explore interactively navigable hierarchical clustering to provide multiple levels of overview and detail (Abello et al. 2006; Archambault et al. 2008).
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Figure 4.2. Examples of visual clutter in node-link diagrams: (a) edge congestion due to node-layout and density, and (b) possible (mis)interpretations of a node.
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Figure 4.3. Adjacency matrices: components (left) and graph patterns related to node-link diagrams (center and right). Images from (Wang et al. 2019).



In summary, node-link diagrams are widely used for their intuitiveness and ability to show high-level graph structures (especially clusters, density, and to some extend hubs) and there exist a variety of tools to create visualizations of node link diagrams (see “Network Visualization Tools” below). On the other side, node-link diagrams, independent of the layout method, suffer from clutter if networks become dense and many additional information about links, nodes, time, geography, and so on, require alternative visualization approaches to not overload the visual representation.

Adjacency Matrices

A very effective means of overcoming clutter through edge congestion in node-link diagrams is the use of adjacency matrices, dating back to Jacques Bertin (Bertin 1983). An adjacency matrix visualizes a network as a table, where rows and columns represent nodes, and cells inside the table indicate relations between these nodes (Figures 4.1b and 4.3a). Cells can contain simple values to indicate the existence of an edge (0,1), or any other information about this edge (Figure 4.1b). Cells along the diagonal indicate self-edges (also called loops). If all links in a network are symmetric, the matrix will look symmetric along the diagonal as each link will appear twice—once from node A to node B and once in the other direction.

Different from node-link diagrams, matrices can show fully connected networks, i.e. networks where all nodes are connected, without visual clutter and ambiguities. Studies have shown that matrices are more effective than node-link diagrams for many tasks, such as counting links, assessing the size and density of clusters and finding missing links inside clusters (Ghoniem et al. 2005). One task where matrices are less useful than node-link diagrams is finding paths between pairs of nodes since this requires complicated cognitive steps. Two solutions to solve this issue and to combine the best of both visualizations—node-link diagrams and matrices—are displaying additional links between nodes (rows or columns) outside the matrix (Henry and Fekete 2007) or displaying only dense clusters in a network as matrices while visualizing links between these clusters as curved lines (Henry et al. 2007) (Figure 4.4).

Crucial to the proper reading of any matrix visualization is a meaningful ordering or rows and columns. The ordering determines which patterns are shown in the matrix. Matrix orderings work in a similar way to layouts in node-link diagrams in that they try to optimize the position of nodes to show specific patterns in the visualization. A ‘good’ ordering will show clear patterns and information about the network; a ‘bad’ ordering will obscure information or, in the worst case, imply wrong information. Many orderings have been proposed (Behrisch et al. 2016) but the underlying idea is the same in all cases: to place rows with similar links (cells) close to each other (Figure 4.3a). A good ordering can reveal clusters (blocks), strongly connected nodes (stars), and bigraphs (links between unconnected sets of nodes, e.g. archaeological sites and artifacts). Figure 4.3b shows both subgraphs in a node-link diagram and in a matrix.
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Figure 4.4. NodeTrix visualization, visualizing clusters, and dense components as matrices and links between components as lines (Henry et al. 2007).



The space inside matrix cells has been used to visualize information about links. For example, Chung et al. (2017) present and evaluate visual encodings to show edge weights (Figure 4.5a). Similarly, a study by Alper et al. (2013) evaluates eight visual encodings to compare edge weights in networks; each cell shows the two values of the corresponding edge. Figure 4.5b shows example designs with the most effective encoding on the right.
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Figure 4.5. Examples of matrix visualizations, encoding edge weight (Chang et al., 2017); (b) comparing link weights across graphs (Alper et al. 2013), (c) dynamic weights on links (Brandes and Nick, 2011), (d) multiple edge types (Vogogias et al. 2020).



The study also compared the final encoding to node-link diagrams with parallel edges, confirming that matrices are better readable and are more precise. Related to edge weights and still a mostly open problem is how to show multiple edge types in matrices, while multiple lines between nodes in node-link diagrams can contribute to visual clutter. Some approaches have split the cell into segments (Alper et al. 2013), Vogogias et al. (2020) explore and test a variety of visual encodings (Figure 4.5d).

Multivariate Networks

Multivariate networks are networks with multiple attributes associated with nodes and edges such as types, weights, or statistical network measures. Owing to the increased amount of information, visualizations become more complex. Straightforward techniques include using additional visual variables on the respective visual marks for nodes and links: color, shape, texture etc. (Kerren et al. 2014).

This can work well for smaller networks and less dense networks. Instead of using simple disks or other symbols for all nodes, the use of glyphs enables us to show more attributes at once. A glyph is defined as a visual marker with multiple graphical attributes, reflecting multiple attribute values of each data entry (Ward 2008). The use of glyphs to show multiple attributes for each node can help us find relations between node attributes, spatial layout, and network connections. A similar method is to use photos of actual (archaeological) objects shown at the nodes (Mol 2014). However, since glyphs take up more space than simpler node representations, it might become necessary to adjust the layout of the network to avoid overlap between them (Ward 2002). For different types of nodes (e.g. archaeological sites, traded commodities), Jigsaw is a generic tool that can display a list of nodes for each type, separating them spatially and showing links between these lists of nodes (Stasko et al. 2008).

Clicking on nodes, a user can display relations to and from individual nodes. Jigsaw allows to explore relations between types of nodes without nodes becoming mixed up in a force-directed layout. Jigsaw visualizes categorical node types such as gender, nationality, or artifact type. For quantitative values, such as node centrality or number of artifacts found, GraphDice visualizes nodes as points inside a scatterplot, laid out according to the values on the two orthogonal axes (Figure 4.6b—Bezerianos et al. 2010). Interaction and animated transitions help users navigate through the same of all possible combinations of node attributes in the dataset (a concept called Grand Tour). When networks become large and dense, the focus often moves away from investigating individual nodes. Instead, higher level structures and correlations between attributes and network topology are the focus of an analysis. Pivot graphs (Wattenberg 2006) shows the correlation between node attributes and their connections by creating an abstraction graph with a node for each combination of node attributes; connections between these meta-nodes represent the existence and number of nodes between nodes of different attributes (Figure 4.6c).

OntoTrix (Bach et al. 2011) visualizes multivariate networks in matrices. Edges are color-coded according to their type, and cells are split if multiple links exist between the same pair of nodes. Nodes can be grouped by their type within a matrix (Figure 4.6d), or each node type becomes its own matrix, while links between matrices are shown as curved lines similar to NodeTrix (Henry et al. 2007). More techniques and visualizations for multivariate networks are summarized by Hadlak et al. (2015).
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Figure 4.6. Examples of visualizations for multivariate networks: (a) Jigsaw (Stasko et al. 2008), (b) Graphdice (Bezerianos et al. 2010), (c) Pivot graph (Wattenberg 2006), (d) Grouped matrix in OntoTrix (Bach et al. 2011).



 
Networks and Time

Temporal networks (or dynamic networks) are networks which include changes over time. On the most basic level, nodes and links are added or removed and attributes on nodes and links change. On a higher level, these changes can lead to central nodes emerging, clusters being formed and merged, split, or dissolved. A very common approach to visualization (especially in journals and formats that require static images) is the simple “snapshot” approach which shows networks by time period, often with nodes layouts held constant (Golitko et al. 2012; Hart and Engelbrecht 2012; Lulewicz 2019; Mills et al. 2015 among many others). For visualization techniques beyond archaeology, Beck et al. (2017) provide a recent overview of techniques to visualize dynamic networks. The main approaches that this section discusses include: animation, small-multiples, superposition, timelines, and space-time cubes.

Animation is the most intuitive way to show changes in networks. A dynamic network can be imagined as a sequence of snapshots for different time points (hours, days, seconds, etc.). An animation interpolates node positions from one layout to the next one, with the possibility of animating node and link appearance and disappearance (Bach et al. 2013; Baur et al. 2001). The crucial element for a smooth and perceivable animation is stability of the layout. For example, often layouts for consecutive time points are calculated based on node positions in the previous layout. While this provides for some stability, it can lead to significant change over the course of long animations. To overcome this problem and preserve a user’s mental map, a variety of stabilization techniques have been invented (Eades et al. 1991) that aim to maintain node positions as consistent as possible over time. Still, animations can become complex when many elements move and appear or disappear at the same time. GraphDiaries (Bach et al. 2013) plays interactive staged transitions and highlights changes on nodes and edges to facilitate the perception and the understanding of change. While animations help tracking nodes and observing individual changes between two time points, they require memorizing previous time points when analyzing longer-term changes.

Small multiples juxtapose a series of smaller network visualizations, one for every timestep (Figure 4.7a). Small multiples provide a good overview of trends, while timepoints that are different allow for quick comparison across time steps. Interaction, such as manually defining timepoints, can further improve exploration (Bach et al. 2015a, 2017). Where detailed changes between time points or longer periods are in question, superposition or timelines can help. Superposition simply shows all the nodes and links in a time period in the same graph, e.g. using a node-link diagram. Time can be encoded through an additional visual variable such as color (Collberg et al. 2003; Hascoët and Dragicevic 2012) (Figure 4.7b). For very dense dynamic networks, Nick and Brandes (2011) present glyphs inside matrix cells that visualize the evolution of edge weight over time (Figure 4.5c). Dwyer and Eades (2002) and Bach et al. (2014) introduce interactions and visualizations based on the three-dimensional space-time cube metaphor and its decompositions (Bach et al. 2017). Space-time cubes can offer an intuitive perspective and mental model for spatiotemporal data, way beyond networks.

A final category of techniques includes timelines. Timelines focus on the temporal information by reducing information shown on topology. Figure 4.7c shows nodes in the network as vertical lines, with curves showing links. The figure shows some patterns that one can typically observe. More examples and variations of timeline visualizations can be found in Beck et al.’s (2017) survey.
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Figure 4.7. Examples of visualizations for temporal networks: (a) small multiples (Bach et al. 2013), (a) coloring depending on link age (Collberg et al. 2003), (c) time arcs (Bach et al. 2015b).



 
Geospatial Networks

Geospatial networks are a special case of multivariate networks, in which two or three of the node attributes describe the position or location of a node. In the context of archaeology, the spatial information can describe, for example, the geographical location of a site or the exact place within a site where a given object was found. In some applications, such as analyzing find locations of a field survey, spatial information is useful in itself. More often, however, it is the combination of spatial information and other data attributes that leads to valuable insights. The challenge in visualizing spatial networks lies in finding a representation that allows for the visualization of these attributes in addition to the spatial information. For ease of explanation, we assume for the remainder of this section that the spatial information in the network consists of geographical coordinates for each node, such that the network can be displayed on a map. Note, however, that the concepts explained below could be applied to any kind of spatial network, since the geographical coordinates could be replaced by any kind of coordinate system and the map by any visual representation of those coordinates.

The most intuitive approach to the visualization of spatial networks is to superimpose a node-link diagram on a map. Such a representation shows directly whether nodes that are geographically close are also connected in the network, and whether links exist between nodes that are far removed from each other. Using node size and edge width or color to represent attributes can provide additional insights regarding differences or commonalities between regions.

It seems intuitive to lay out a spatial network based on the inherent spatial information, but in some cases, especially with dense networks, this might lead to so much visual clutter that it becomes difficult to interpret the result. Alternatively, one could use a structure-based layout method and visually encode the spatial information, for example by coloring nodes based on their geographic location or coloring edges by the geographic distance between the nodes they connect. For example, Golitko et al. (2012) use a spring-embedded layout for similarity networks of archaeological sites, and color the nodes based on the region in which they are located. This approach is particularly useful if closeness or distance between nodes is of greater importance than their exact position. For more techniques on geospatial networks, see the recent survey by Schöttler et al. (2021),3 including interactive techniques (Moscovich et al. 2009), visual insets (Ghani et al. 2011), origin-destination maps (Wood et al. 2011) and adjacency matrices linked to maps (Yang et al. 2016).

Network Visualization Tools

Techniques presented in this chapter are mostly individual techniques and research prototypes, implemented for the purpose of demonstrating and evaluating a certain idea. This section aims to outline some visualization tools that allow or support network visualization for real-world exploration. While there is a huge variety of tools—Cytoscape, NodeGoat, Pajek, GraphViz, Graphistry, and many more,4 this section briefly highlights some of them and their main features.




• Visone5 is a classic tool in social network analysis with good tutorials.6 It provides node-link diagrams for multivariate, geographic, and dynamic networks.

• Gephi7 is perhaps the most widely known tool for network visualization, emerging from research on graph layouts and now freely available. Gephi is known for its node-link visualizations for large networks (the website is claiming up to 100,000 nodes and 1 million links). Gephi imports a large variety of formats and calculates network metrics and clusters using a range of algorithms.

• Palladio8 is an online tool developed by Stanford University’s Humanities + Design Research Lab, specialized toward geographic and dynamic networks. Data can be visualized through node-link diagrams and maps.

• The Vistorian9 (Bach et al. 2015b) provides a range of visualization techniques such as matrices, maps, and a specific timeline visualization for dynamic networks. It runs in a browser and does not require installation.



 Conclusion

Software tools for visualizations are important but equally important is an understanding of the richness, creativity, and appropriateness of visualization techniques for visualizations. This chapter reviews a set of visualizations for relational data (networks) with potential application in archaeology. Rather than providing a manual of how to use all of these visualizations, this chapter attempts to demonstrate that—as for visualization in general—there is hardly a single correct solution (visualization); each visualization and visual encoding has its respective advantages and drawbacks, and much of visualization research is concerned with finding new techniques that present tradeoffs or improve existing encodings, and evaluating how well these encodings support a given set of tasks. In many cases, as each network is different and poses specific challenges. Knowing what techniques exist and being able to discuss techniques is essential to seeing “beyond the node-link diagram”, even though some learning effort is required to understand these techniques, and the visualization community has just begun to consciously work on solutions for explaining visualization techniques (Wang et al. 2019).

So, how do I choose a network visualization technique for my network? Again, there is no simple answer, and many studies have started exploring the respective tradeoffs regarding perception and efficiency for specific tasks; the “fitness” of any visualization technique eventually depends on many parameters of the data (size, density, number of attributes, time, geography, etc.), a user’s (or audience’s) familiarity with the representation, and the task at hand (comparing clusters, understanding a node’s evolution over time, correlating node attributes with network topology, etc.). The following list may contribute some very generic rules of thumb summarizing the discussion in this chapter:




• Sparse and small networks are OK with node-link diagrams.

• Dense networks will require matrices if detail on links and clusters matters. The same is true for networks with complex information on links (temporal, multiple links, link attributes).

• There is no specific approach to visualizing large networks. One consideration is to reduce the amount of information visualized: is my network temporal and can I visualize my network through individual time steps rather than visualizing all links in one representation? Is my network geographic and can I remove specific regions? Another consideration is to work with aggregations: can I group nodes into clusters (e.g. using clustering algorithms or manual grouping).

• Temporal networks contain complex information: timelines help to highlight temporal rhythms and intervals; animation helps in tracking individual regions of the network. Small multiples can provide a general picture of the network’s evolution and are good for printed media.



The more practical problem is that few off-the-shelf tools exist that support visualizations beyond node-link diagrams, and the few that do exist are far from providing the richness of visualizations this chapter has seen. These issues demonstrate that there is a huge gap between research findings and research prototypes and generally usable tools. We need stronger and cross-disciplinary efforts to build tools that are usable by the analysts, respecting their workflows, and data-formats, and we should train users in visualization literacy. These tools need to be free and community-driven, as commercial tools are too slow and conservative to keep pace with the novel techniques.

Many of the techniques in this chapter have been invented and tested in other domains such as sociology or biology. Nevertheless, their application to areas such as archaeology is straightforward. Archaeology poses some very common challenges which some of these existing visualizations support: geospatial networks, temporal changes, density, multiple links, and node types. However, there are a set of open challenges that require bespoke design solutions: sites placed along linear structures such as rivers or coasts; temporal and geographic uncertainty; visualizing dense networks with geographic fidelity; too many link types; and many other issues a reader in archaeology is more familiar than we are.

In some cases, it helps to contact the respective researchers and ask for code and whether any tools are planned, or in some cases whether collaborations on new visualizations are possible. Thinking about custom designs and visualizations can help, and aims at the core of the problem itself: the visualization problem. Rather than thinking of visualization as a problem-solving tool—a blackbox that takes data as input and delivers insights and nice pictures—it helps understanding visualization as a thinking tool and problem-understanding tool. Only those issues that one can formalize with pen and paper—for example, as sketches, diagrams, and charts—are understood to the point that solutions are possible through reasoning. This is why visualizations work and why they are often described as external representations (Ziemkiewicz and Kosara 2008). It is easy for anyone to start sketching problems and solutions and, if necessary, to consult with colleagues, developers, and visualization researchers. You know the problems in your domain, so do not wait for the designers to come with solutions of problems that they do not know about; instead, approach them with your problems and help them to help you.
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CHAPTER 5

Inference from Archaeological Similarity Networks

Per Östborn and Henrik Gerding

 Introduction

Archaeological network research usually involves three separate endeavors, each of which presents considerable challenges. The first step is to define the network(s) to be studied. Networks can be of different kinds—spatial or topological, one- or two-mode—and generated in different ways—inferred from archaeological data, or modeled on the basis of assumptions regarding various processes in the past. The second step is to explore or analyze the network(s). This can be done through qualitative approaches (mainly visual exploration) or formal analysis, entailing quantitative properties of the network, the nodes, or the edges. The third step concerns the historical or social interpretations of the obtained results.

In this chapter, we address some challenges related to the definition and exploration of spatial single mode networks inferred from archaeological data. We propose a general framework for network analysis of archaeological databases consisting of a set of archaeological contexts, each described by the same array of attributes. The main aim is to introduce a mode of thinking about archaeological network analysis. Therefore, we do not go into the details of specific algorithms or computer implementation. We illustrate the discussion with some hypothetical examples, but also with examples from a case study of the diffusion of fired bricks in Hellenistic Europe (Östborn and Gerding 2015).

Networks from Archaeological Data

The networks considered here are constructed from databases of the type described in the introduction. The nodes are either the archaeological contexts, or the attributes of these contexts. This means that we will not discuss networks constructed from purely spatial data, such as route networks (Graham 2006; de Soto 2019), visibility networks (Brughmans and Brandes 2017), or networks constructed within the framework of space syntax (Ferguson 1996).



[image: image]

Figure 5.1. In order to perform network analysis, the archaeological information has to be organized as a matrix. The attribute values may be of different kinds, either numerical (e.g. abundance of a type of artifact, or numerical measures such as artifact sizes), or categorical (such as the function of a building, where a list of possibilities is predefined). (After Östborn and Gerding 2014, Figure 1.)



The term “archaeological context” is used here in a very broad sense. It could be a closed find, a built structure, or merely a geographical location where artifacts are found that are interpreted to belong together in some sense. It could also be a single artifact with a known provenience. Data obtained in such contexts can be organized as a matrix where each row represents a specific context, and each column represents an attribute describing artifacts or features of that context (Figure 5.1).

Given such a database, two types of networks can be constructed using the concept of similarity with the nodes defined as either contexts or attributes (Figure 5.2). These networks are closely related in that they both represent relationships between rows and columns in the original matrix in Figure 5.1. Importantly, however, a network of type 2 requires that the attributes are all of the same kind, in the sense that they can be described by the same set of values.

Since archaeological data, with very few exceptions, is inherently spatial (Aldenderfer 1998), networks of type 1 tend to be located in geographical space. Of course, these networks can also be visualized in topological space, in order to emphasize the topological structure. Under most circumstances, the distance between two nodes in networks of type 2 can only be defined topologically in terms of the path lengths between attributes.

If the attribute values are binary, such as the presence or absence of a pottery type in an archaeological context, networks of types 1 and 2 can be combined into a single two-mode network (Watts 2003) that represents all information contained in the database matrix (Figure 5.3a). In a two-mode network, there are two classes of nodes, and two nodes can only be connected if they belong to different classes. In the case of archaeological networks, the two classes of nodes correspond to contexts and attributes.

A two-mode network can be transformed into single-mode networks of type 1 or single-mode networks of type 2 in different ways. Most naturally, in the transformation into a type 1 network, two contexts are connected whenever they are linked to at least [image: image] common attributes in the two-mode network (the contexts share the value 1 of at least [image: image] attributes, in the binary case). In the transformation into a type 2 network, two attributes are naturally connected whenever they are linked to at least [image: image] common contexts (the attributes have the same value 1 in at least [image: image] contexts, in the binary case).



[image: image]

Figure 5.2. Two network types can be defined given an archaeological database expressed as in Figure 5.1. In a network of type 1, the contexts are the nodes. A criterion for connecting nodes 1 and 3 with an edge could be that at least three pottery types are co-present in contexts 1 and 3. In a network of type 2, the attributes are the nodes. A criterion for connecting nodes 2 and 3 with an edge could be that pottery types 2 and 3 are co-present in at least three contexts. (After Östborn and Gerding 2014, Figure 2.)



If we allow networks in which the edges carry variable weight, rather than just being present or absent, it is also possible to represent as a two-mode network all information in an archaeological database matrix where each attribute takes an arbitrary non-negative numerical value, such as the abundance of a certain find within the context (Figure 5.3b). However, as soon as we allow more complex numerical attributes, such as a dating expressed as a time interval, we run into trouble. Difficulties also appear in the presence of categorical attributes, such as “type of burial”, with the non-numerical values “inhumation”, “cremation”, and “excarnation”. It is also problematic if different kinds of attributes are used to describe a context, such as one numerical value, one numerical interval, and one category.

In this situation, more complex and disparate data than a weight must be assigned to the edges in the corresponding two-mode network. However, the very meaning of the term network dissolves when its essence is no longer described by a graph in which there is either an edge with non-zero weight, or no such edge. To analyze more complex entities like that, it would no longer be possible to use the standard network tools and measures. Furthermore, such a network would not easily permit a qualitative visual approach.

Relational systems that can be rendered as two-mode networks are sometimes defined as affiliation networks. An affiliation network of type 1 can also be described as a network where the nodes represent individuals (or similar entities) and the edges represent membership in a group. Thus, each group corresponds to a binary attribute of the kind we might find in a similarity network. However, in an affiliation network two nodes are connected by an edge only if they share one particular value (the affirmative); in a similarity network, edges may correspond to either a shared positive value or a shared negative one. In this sense, we might say that affiliation networks constitute a special case of similarity networks.



[image: image]

Figure 5.3. (a) If the values of all attributes are binary (Figure 5.1), the two types of archaeological networks (Figure 5.2) can be combined to a single two-mode network. A context is connected to an attribute when the attribute value is 1 in this context. (b) If we allow the edges to carry variable weight, such a combination can also be done when the attributes take any non-negative numerical value.



The usefulness of two-mode networks in archaeology has already been demonstrated elsewhere (Blair 2015; Lulewicz and Coker 2018) and will not be discussed further here. The uniformity of attribute values makes them easier to understand intuitively. Yet, combining different kinds of attributes opens up to the possibility of detecting relationships between archaeological contexts, which would otherwise remain undisclosed. In order to perform network analysis of a set of archaeological contexts described by an arbitrary array of attributes we therefore turn our attention to so-called general similarity networks (Östborn and Gerding 2014). The price we have to pay for the freedom in the choice of attributes is that we lose the symmetry between contexts and attributes, as expressed by the two-mode networks (cf. Figure 5.2).

 
General Similarity Networks

In a general similarity network, any kind of similarity relation between two contexts can be used as a criterion to connect two nodes. This similarity relation may be defined by a single attribute or by several attributes collectively. As seen above, affiliation networks only offer one possible way of defining similarity, which underscores that similarity should be understood in the widest possible sense.

For reasons discussed at the end of this section, it is only meaningful to speak about general similarity networks of type 1 (Figure 5.2). Also, the output is always a graph where the edges are simply present or absent and carry no additional data such as a weight. The term general thus refers to the kind of similarity relations that can be expressed within this framework and does not amount to a claim that it encompasses all kinds of network analysis of archaeological data.

To be able to describe how an arbitrary similarity relation can be defined, we first classify different types of attributes in Table 5.1.

Attributes of type 1 can be represented as an integer in some predefined set, such as 1, 2, or 3. The hierarchy makes the ordering meaningful. Attributes of type 2 can also be represented as an integer in a predefined set. It must be remembered that in this case the ordering is arbitrary. Attributes of type 3 are binary, and can be represented as 1 or 0. Numerical attributes of types 5, 6 and 7 may be continuous or discrete numbers. Attributes of type 4 are always discrete. The number of finds is always an integer. However, dividing it with the total number of finds gives a relative abundance expressed as a rational number.

In order to combine these kinds of attributes in an arbitrary similarity criterion, first we have to define what similarity might mean for each individual attribute type.



Table 5.1. Attribute types with examples applicable to a hypothetical Hellenistic necropolis in southern Italy.




	
	Attribute type
	Examples





	1
	Hierarchical categories
	Relative order of burials in a grave (primary, secondary, tertiary); age group (infant, child, adolescent, adult)



	2
	Categories
	Type of burial (cremation, inhumation, excarnation); sex (male, female); orientation (north, east, south, west)



	3
	Incidences
	Does an artifact of type X occur in the grave or not?



	4
	Abundances
	The number of artifacts of type X found in a grave



	5
	Measurements (numerical values)
	The total weight of the burial vessels (unguentaria); the total volumetric capacity of the burial vessels



	6
	Measurements (numerical vectors)
	The location of the grave (latitude, longitude); the main dimensions of the grave pit/compartment (length, width)



	7
	Intervals
	The date range of a burial (not before year X and not after year Y); the distribution of sizes (e.g. lengths) for a group of objects, given as the smallest and largest occurring values










a) For attribute types 1, 4, 5, and 6, a distance in attribute value space between the values [image: image] and [image: image] of two contexts i and i′ can be defined. If the attribute is given as a single number, or a vector of such numbers, the Euclidean distance is the obvious measure of dissimilarity. For a vector of relative abundances, the Brainerd–Robinson coefficient [image: image] is frequently used (Cowgill, 1990; Mills et al. 2013; Blair 2015), where [image: image] and [image: image]. Habiba et al. (2018) discuss additional measures of this kind. These similarity measures can be visualized as weighted edges, but also binarized by choosing an arbitrary cut-off threshold.

b) For attributes of types 2 and 3, the only reasonable choice is to say that if two contexts share the same attribute value they are similar, otherwise they are not. We get a binary measure. Sometimes this criterion may be amended by excluding certain similarities as irrelevant for establishing connections. In affiliation networks, for example, the fact that two entities both do not belong to a particular group is normally not seen as a relevant similarity. Likewise, in an archaeological database, the lack of a certain feature does not always mean that the feature did not once exist, and thus should not necessarily motivate a link.

c) For attributes of type 7, it is natural to say that two intervals are similar if and only if they overlap. Two burials whose dating overlap could be from the same time period and thus be associated. Again, we get a binary measure of similarity. Other options are possible, for instance the Euclidean distance between the upper end of the lower interval, and the lower end of the upper interval.

d) We can also define relative similarity: one context is similar to another if the attribute value of the second context is closer to that of the first context than are the values of most other contexts. Such similarity ranking is the basis of proximal point analysis (Collar 2013). It is most naturally defined for attributes of types 1, 4, 5 and 6.



To summarize, we identify four kinds of similarity criteria to connect context i to context i′ that address an individual attribute (Table 5.2).

Criterion iv means that there are fewer than n contexts i′′ for which the difference between the values of A in i and i′′ is smaller than their difference in i and i′. If n = 1, only the most similar contexts are connected. It should be noted that criteria i and iv can be arbitrarily modified to generate a stricter or more generous definition of similarity.

In theory, all possible combinations of such criteria that address several attributes at the same time, using the logical operators AND, OR, and NOT, are then allowed as a general similarity criterion. Let us consider a hypothetical database of burials in a Hellenistic necropolis in southern Italy, including attributes of different kinds, where similarity between burials is seen as a potential proxy for social relationships between individuals. A criterion for similarity may be expressed in the following way (Figure 5.4):



Table 5.2. Four types of similarity criteria addressing a given attribute A.




	i
	The difference between the values of A is smaller than a given number.



	ii
	The values of A are the same.



	iii
	The intervals of possible values of A overlap.



	iv
	Relative similarity: the similarity rank with respect to A is high.








Connect all pairs of burials that are of the same type, whose intervals of dating overlap, and which both contain either a bronze mirror or a strigil.



Using the logical operator OR, a more general combined criterion can be formulated: connect any two contexts for which at least m attributes A fulfill an individual similarity criterion of type i, ii, or iii. Simply put:


Connect all pairs of contexts that have at least m attributes in common, no matter which.



de Nooy et al. (2005) call this kind of construction an m-slice. The importance of this criterion is that m defines a general level of similarity. The basic idea is that the higher the level of similarity, the higher the probability that two contexts are causally or socially related. The ideal is to be able to represent all relevant relations between contexts as edges, and to avoid all edges that do not represent any relevant relations. Of course, this goal is impossible to reach, but adjusting m is a useful tool to come as close to it as possible. Another strategy would be to elaborate the m-slice with additional criteria. In the hypothetical example of the Hellenistic necropolis, this could be expressed in the following way:


Connect all pairs of burials that have at least m attributes in common and an overlapping date, or are interred in the same grave.



Note that the logical operator OR is necessary to get non-trivial networks if we combine criteria of type ii only. If we only use the operator AND, the result is a network in which all nodes are connected to all the others within a given connected component, forming a clique.



[image: image]

Figure 5.4. An example of a similarity network defined by the criterion given in the main text. Each context is described by five attributes: Location, Date, Type of burial, Presence of bronze mirror and Presence of strigil. Only four of them are used to define similarity.



The edges then lose their meaning, and can be removed if we keep in mind which nodes belong to which component. In effect, we have made a simple cluster analysis, identifying clusters for which some set of attributes is the same. Even if these networks are trivial, they show the generality of the similarity network approach.

All the criteria for the connection of two nodes that we have discussed so far have been based on similarity. Usually, it does not make sense to use difference as a criterion for connecting two nodes, since differences alone cannot be proxies for causal relationships. However, similarities in combination with differences can be (Habiba et al. 2018). For instance, differences are needed to create directed networks, which may be useful to determine the direction of the diffusion of an innovation.

Let us conclude this section with an argument as to why it only makes sense to talk about general similarity networks of type 1 (Figure 5.2), where the nodes correspond to the contexts. Even though contexts and attributes play symmetrical roles in database matrices, in the sense that rows and columns may be interchanged (Figure 5.1), there is also a fundamental asymmetry between them. All contexts are equivalent in the sense that they are described by the same array of attributes. Any two contexts have the potential to be identical, if all the attribute values match. However, in a typical general similarity network, each context is described by several different types of attributes, as listed in Table 5.1. Then, of course, these are never equivalent, even though they all apply to the same array of contexts.

In practice, this means that we cannot always formulate a single similarity criterion for the connection of two attributes that applies to all possible pairs of attributes. If we nevertheless proceed and define different similarity criteria for different types of attribute pairs, the edges between different such pairs become qualitatively different. It is not very meaningful, then, to describe the resulting mesh of different kinds of correlations between attributes as a single network.

Exploratory Analysis

The edges in an archaeological similarity network are interpreted as potential social or causal links. However, some edges will always be false positives in terms of social or causal relations, and the absence of some other edges will always be false negatives. This means that an individual edge cannot be interpreted as a definitive social or causal relationship between a given pair of contexts.

Instead, to be able to make historical interpretations of similarity networks we should go to the collective or structural level. We argue that such interpretations are justified only if the collective or structural property of interest is robust when the similarity criterion for connection is varied, within reasonable limits. The flexibility of general similarity networks when it comes to the definition of the similarity criterion makes them ideal to (1) find potentially interesting network structures, and (2) test whether these are robust. Such a two-step process may be called an exploratory analysis.

Ideally, the outputs of such analyses are intriguing structures that are given tentative historical interpretations. These interpretations can then be strengthened or rejected based on further studies in the literature or in the field. They can also be exposed to statistical tests, as discussed in the next section.

In a general similarity analysis of Hellenistic fired bricks (Gerding 2019; Östborn and Gerding 2015), when a sufficiently high level of similarity was required to connect two contexts, the similarity network split into two large connected components, whose main characteristics were rather robust (Figure 5.5). They were interpreted as one early cultural cluster of homogeneous brick usage in the southeastern part of Hellenistic Europe in the fourth and third century bce, and one late cluster in the northwest in the last century bce. In the late cluster, the homogenization applied to larger constructions (public or military) than in the early cluster (mainly sepulchral), suggesting that the use of fired bricks became established at higher societal levels in the last century bce.

A slightly more formal way to analyze general similarity networks is to study the statistical distributions that characterize them, such as the degree distribution or the distribution of edge lengths. These distributions can be analyzed numerically or by inspection, for example to decide whether a similarity network is best described as scale-free, a small world, or something else. In the same way as before, if such features of the distributions are robust within a range of reasonable criteria for connection, they can be used as bases for tentative hypotheses about the underlying causal or social network that gave rise to the material record in the archaeological database.

In this way, the degree distributions of similarity networks constructed from Hellenistic fired brick contexts suggest that the social network in which the diffusion took place was probably a small world, but not scale free. In plain language, the diffusion of fired bricks was probably not governed by a few dominant sites but occurred between sites of more or less equal importance.

We would advise against making a too detailed analysis of statistical distributions that characterize similarity networks. The incompleteness of most archaeological databases, together with the loose connection between the similarity networks and the underlying historical networks, could create a false air of exactness around the conclusions. Such limitations of the methods presented in this chapter are further discussed in the final section.




[image: image]

Figure 5.5. Similarity networks of contexts with early use of fired bricks. For similarity levels X just above a critical level Xc, the dominant network component splits into two components of comparable size, one component with early contexts in the southeast and one component with late contexts in the northwest. This is a robust feature that appears in all reasonable networks. Network A: Possible dates are not considered when the similarity level is calculated (X = 10). Network B: The possible dates of two connected contexts must overlap (X = 10). Network C: Possible dates must overlap and the best estimates of dates must not differ by more than 50 years (X = 9).




Statistical Analysis

To be a sound basis for historical hypotheses, robust network structures found in exploratory analyses should differ significantly from the structure of networks in which the attributes of the archaeological contexts are assigned randomly. This means that we ought to carry out statistical tests in which we look for significant deviations from the null hypothesis of randomness. If a perceived pattern lacks statistical significance, it should be rejected, in the sense that there is no support for it in the material record. Of course, additional data may alter the situation.

Just as we should check whether a network pattern is robust in exploratory analyses, we should check whether a structure that appears to be statistically significant stays significant when the criterion for connection is varied.



Here we focus only on statistical tests that are suitable for deciding the questions we want to address. For a general overview of statistical methods suitable for network analysis, we refer to Hanneman and Riddle (2005) or Butts (2008a).

We need a method to produce random networks to compare with the true ones. Similarity networks are all about the relations between attribute values. The actual values do not matter. Therefore, as the main method of randomization we suggest reshuffling the existing values in the database matrix (Figure 5.1), rather than generating new attribute values randomly. In so doing, random relations between the attributes of different contexts are produced, to be compared with the true relations.

Statistical tests that reshuffle the existing data randomly are called random permutation tests (Good 1994). They boil down to a random relabeling of data points. In our case this means relabeling the elements in the database matrix (Figure 5.1) so that each label ij is used for exactly one element both before and after the relabeling. Apart from the fact that permutation tests target the relational essence of similarity networks, they have the advantage of allowing one not to bother about the underlying statistical distribution of attribute values.

The relational thinking at the heart of these methods should be contrasted to the thinking behind methods where the individual attribute values do matter. An example in the case where the attribute of interest is the geographical location is spatial analysis (Crema et al. 2010; Hodder and Orton 1976), which focuses on the spatial patterns of finds.

General similarity networks are inherently of type 1 (Figure 5.2), as discussed in the section above on ‘General Similarity Networks’, and they are therefore geographical in character. This makes them suitable for making inferences about spatial processes. Let us therefore consider the location of the archaeological contexts as the main attribute of interest for random permutation tests.

The diffusion of innovations is a well-studied kind of spatial process (Rogers 2003). In that context, a typical test for the existence of a causal diffusion process is based on the observation that the transfer of an innovation often occurs between neighbors, so that pairs of adopters on the average tend to be geographically closer than expected by chance. Then we can test for diffusion by randomizing the location of the known adopters, to decide whether the average distance between them increases significantly in so doing (Geary 1954; Moran 1948). If so, the data supports the diffusion hypothesis.

For example, in a previous study of diffusion focused on Hellenistic fired bricks (Östborn and Gerding 2015) we assessed the degree to which spatial proximity was related to similarity. In order to do this, we randomly shuffled the locations of all contexts, keeping other attributes unchanged, and then compared the distributions of edge lengths in the original matrix to those in the permuted matrices. In this case, we found a statistically significant difference in the median edge length between the original network and edge lengths in the permuted data tables suggesting a diffusion process operating across short distances. Furthermore, the median edge length decreased when we demanded two contexts to be more similar, in order to connect them by an edge. This effect is to be expected, since sharpening the similarity criterion means removing more edges that are false positives in terms of causal connection, and since such “false edges” are longer than “true edges” on the average. Naturally, this effect was not seen in the randomized database.

We suggest that this way of thinking can be generalized to apply it to other attributes of similarity networks. For example, we could assess a temporal process similar to the spatial process outlined above by reshuffling dates rather than locational information. This same basic reshuffling procedure could be applied to any other source of variation in an analogous manner.

Thus, we may also test for significant structural network qualities, quantified by such measures as the clustering coefficient or the average shortest path length. We suggest that the values of these quantities are compared with those of random networks, defined by the same similarity criterion and created by reshuffling the values of all attributes independently, not just the location or the dating.

For example, we may want to characterize social or societal relational structure as reflected in the material record. If the true clustering coefficient is larger than 95% of the clustering coefficients in the randomized networks, and the true average shortest path length is not significantly longer than the randomized path lengths, then the data supports a small-world hypothesis. In the analysis of the database of Hellenistic fired bricks (Östborn and Gerding 2015), tests of this kind strengthened the hypothesis from exploratory statistics that the diffusion of these bricks took place in a social network that was a small world, and occurred between sites of more or less equal importance.

The suggested random permutation tests can be seen as a subclass of so-called conditional uniform graph tests (Butts 2008b). Phillips and Gjesfjeld (2013) performed tests of this kind to conclude that some reconstructed social networks in the Kuril Islands deviated significantly from those expected by chance.

Alternatives to Similarity Network Analysis

Sometimes the shear amount of archaeological information constitutes an obstacle in itself. Often we have to reduce this information by using strict classificatory systems, as we do when we create a database matrix. Applying network analysis is a way to further reduce the complexities of reality, in order to detect hidden patterns and structures. Other formal analysis methods employed by archaeologists share the same aim. The most common such approach is the one that forms the basis for the related methods of principal component analysis, correspondence analysis, and factor analysis (Baxter 2003; Bølviken et al. 1982).

In this approach, the data is represented as points in a multidimensional space (Figure 5.6). Most often, the cloud of points is projected onto the two-dimensional plane that comes as close to it as possible (Figure 5.6b). This plane is spanned by what are called the first two principal components. In this two-dimensional projection, it is easier to perform cluster analysis, where clusters of close points are interpreted to be related groups of contexts, or to perform seriation, in which snake-like strands of points are interpreted to be temporal sequences of contexts (Figure 5.6b).

Let us compare these kinds of “projection analyses” with network analysis. In projection analysis, the reduction in the amount of data is achieved by describing each context with two “effective attributes”, defined by the two first principal components, disregarding all the original attributes, whatever their number is. In network analysis, all pairs of contexts that fulfil a prescribed relation are connected (Figure 5.6a). The data reduction results from the subsequent removal of the information that was used to check whether this relation holds.

In effect, projection analysis makes it possible to see clearly the position of a single context in the collective of all contexts. In contrast, network analysis seeks to identify the relations between context pairs, and from these relations reconstruct the structure of the relations of the collective. It keeps only the topology of the similarity relations, whereas projection analysis keeps a measure of distance in similarity space, a measure of dissimilarity. These differences mean that the two methods best suit different kinds of databases, and are effective for answering different kinds of questions.



[image: image]

Figure 5.6. Two methods to reduce the amount of data in archaeological databases so that patterns are disclosed. (a) Network analysis. Similar enough contexts are connected. Only topological relations are preserved from the original space of attributes. (b) Projection analysis. The cloud of contexts is projected onto the plane spanned by the first two principal components PC1 and PC2. Encircled contexts are interpreted as a related group in a cluster analysis. The strand of contexts is interpreted as a temporal sequence in a seriation analysis. (After Östborn and Gerding 2014, Figure 4.)



First and foremost, network analysis using general similarity networks can handle all types of attributes, and all combinations of these. In contrast, projection analysis can only be straightforwardly applied when each attribute is described by a single number which can take several values, so that the contexts can be placed as points along the corresponding axis (Figure 5.6b). Problems arise for attributes in the form of intervals, incidences, or categories.

It is true that incidences and categories can be handled in multiple correspondence analysis (Abdi and Valentin 2007), but in that case the position of the contexts in the multidimensional space does not reflect their individual nature, but rather the frequency within the entire database of the incidences or categories that describe them. Distances in this space can no longer be interpreted as a measure of the dissimilarity of contexts.

Projection analysis cannot, in itself, be used to reconstruct the collective relational structure, to determine quantities such as diameter or clustering coefficient, quantities that may reflect the organization of the society that gave rise to the material record. This is another advantage of network analysis.

Both network and projection analysis can be used for cluster analysis and seriation. Connected components in networks are naturally identified with clusters. If the values of all attributes are single numbers, and the study does not aim at revealing relational societal structure or complex evolution, then projection analysis is probably the best choice. This is because the preserved numerical measure of dissimilarity gives more detailed information to fulfil the task. In particular, if all attribute values are relative abundances of different artifact types, then the database is perfectly suited for correspondence analysis.

Seriation aims to order contexts along a single temporal chain. We may also want to reconstruct spatiotemporal processes that evolve along several fronts. Then network analysis is needed. The reason is that we need to keep track of pairwise relations between contexts in order to resolve different fronts or branches of evolution. Such branching may be compared to the branching that occurs in biological evolution. The difference is that in biology, one species can give rise to two new species, but two species never combine to yield a third. The network forms a tree. In contrast, cultural traits can both divide and recombine.

The combination of different types of attributes (Table 5.1) causes problems in most quantitative analysis. However, such combination is sometimes necessary to encode all relevant information about a context. In this chapter, we have proposed one approach within the framework of general similarity networks. However, there are other approaches, which have nothing to do with either network analysis or projection analysis. For instance, Philip and Ottaway (1983) performed a cluster analysis of Cypriot hooked-tang weapons, in which they combined numerical attributes describing weapon size with categorical attributes describing their shape qualitatively.

Limitations and Possibilities of Similarity Network Analysis

In this final section we briefly discuss limitations of the inferences that can be made from the analysis of general similarity network, and pitfalls in their interpretation.

Before we generate networks and start looking for patterns, we have to take into account the possible interpretations. Just as in typology, we must consider the various factors and processes that give rise to similarity and dissimilarity—the order formation processes (Reed 2016; Sørensen 2015). For example, are similarities in Hellenistic burials due to the gender, age, family ties, or economic status of the deceased? Could it be that two people that have once attended the same funeral are more inclined to conduct similar burials rites in the future? Often, these causal relationships have to be postulated, but sometimes they can also be tested against the material for statistical significance. Either way, the questions we seek to address will decide how the networks should be defined and how they are to be analyzed. In general, a larger number of attributes will increase the possibility of detecting patterns, but the risk of introducing irrelevant variables makes it even more important to vary the combined similarity criterion (e.g. by adding or removing specific attributes) and evaluate the robustness in the detected patterns.

There may be common causes that make two archaeological contexts similar even if there is no social or causal link between them. For example, if certain traits of Hellenistic burials were determined by the time of year they took place, these similarities would not reflect social relationships between individuals. This effect may distort exploratory analyses, and weaken the significance found in statistical analyses. Nyblom et al. (2003) developed methods to circumvent these so-called confounding covariates.

Another potential problem is that there is often no way to assess whether the archaeological record in the database is a representative sample. The very way archaeological data is collected tends to introduce correlations between the discovered contexts, and thus bias the sample. A hypothesis based on statistical significance should therefore not be presented as a statistically established fact, but as an idea strengthened by statistical investigation.

The fact that a predefined database matrix (Figure 5.1) is the only input to similarity network analysis presents a limitation at a fundamental level. It is impossible to represent all relevant knowledge about a material and its context in matrix format. The archaeologist has intuitive knowledge of the relative importance of different factors, and there is always peripheral information, not directly related to the material, which might be important.

On the other hand, there are also advantages of computer-aided analyses of data with a fixed format. First, the capacity of the computer is much higher than that of the human brain; it can handle and find patterns in larger amounts of data. Second, the computer has no preferences, whereas humans fall in love with their hypotheses. You see one pattern but you are blind to others. In exploratory analyses of similarity networks, the computer shows all patterns of a given type hidden in the data, so that you have to consider all the possibilities.

In conclusion, the analysis of general similarity networks is at best a valuable quantitative tool that helps formulate qualitative historical hypotheses based on the archaeological record. However, such hypotheses must be verified or rejected by other means.
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Part II

Material Culture Networks

 
 
 
 

CHAPTER 6

Material Networks and Culture Change

Jennifer Birch

 Introduction

As contributions to this volume make clear, social network analysis (hereafter SNA) has moved from the fringes of archaeological methodologies to the mainstream of archaeological thought. The purpose of this chapter is to consider how material culture networks have been used to explore cultural change at various spatial and temporal scales. This is, admittedly, a broad remit—after all, most anthropological archaeologists would argue that the study of culture change is one of the primary goals of the discipline. Culture change at its most comprehensive meaning may include changes in political systems, modes of production, economic networks, coupled human-environmental systems, social institutions, ideologies, dispositions, and the complex relational ties that link each of these spheres of inquiry. Networks are especially well-suited for understanding changes in the relationships and patterns of interaction that underpin cultural change, despite few network scientists in archaeology taking on changes in “culture” head-on as a subject of inquiry. Indeed, for some social scientists, networks are culture (e.g. Emirbayer 1997). For that reason, this chapter begins with a review of perspectives from outside the discipline on the mutually constitutive nature of networks and culture. The remainder is concerned with archaeological approaches to culture change that foreground material culture networks. This includes materials that signify both top-down, large-scale societal patterns, as well as the bottom-up processes that make up the everyday stuff of daily life. Indeed, one of the strengths of the archaeological application of SNA is the ability to understand the interplay between these two realms of social life. The study of culture change also requires a degree of chronological and spatial control as opposed to those approaches that flatten time and space in a uniform manner. For this reason, concepts and cases presented in this chapter focus on temporal and material dimensions of culture change as investigated through SNA.

 
Relational Thinking, Networks, and Culture in the Social Sciences

Explanations for why cultures change are bound by the theories guiding the research being performed. Although network analysis is not a formal or unitary theory, theoretical considerations guide the design of research questions, the construction of datasets, analytical strategies, and the interpretation of results. Conceptual approaches that favor relations—as opposed to individuals, groups, or categories of people—gained traction in the social sciences over the last quarter of the twentieth century. At the core of this thinking is the premise that networks and culture are mutually constitutive.

Multiple disciplinary schools of thought have grappled with the implications of network relations for understanding dynamic social processes. While early ideas about social networks originated in psychology and anthropology (see review in Knox et al. 2006), the field has developed into its own niche in the social sciences with distinct contributions from scholars in sociology (e.g. Emirbayer and Goodwin 1994; Laumann 1973), history (e.g. Tilly 2006), science and technology studies (e.g. Latour 2005) and economics (e.g. Thompson 2003), to cite but a few examples. As reviewed elsewhere (Brughmans 2013; Collar et al. 2015), although network methods first came to archaeology in the mid-twentieth century, its widespread use has lagged behind other social science fields.

The privileging of relations as opposed to categories has been defined as an “anti-categorical imperative” by sociologists Emirbayer and Goodwin (1994:1414). Their argument holds that social behavior (or in our case, culture) must be explained with reference to the networks of social relations that link actors. It follows that the causal factors that result in cultural change are the result of transformations in the networks of relations between actors as opposed to the membership of those actors in particular social categories (e.g. behavior explained as the result of gender, class, citizenship, etc.).

Mische (2011:85–89) has distilled some of the most salient theoretical links between networks and culture into a four-part schema. She considers: (1) Networks as conduits or “pipelines” of social influence that may result in the transmission and diffusion of ideas, attitudes, or practices that originate from outside a network and may lead to culture change. This may be most similar to how archaeologists have traditionally conceived of cultural diffusion. (2) Networks as shapers of culture (and vice versa). This approach places greater emphasis on network structures, including how the positionality of actors in a network (intersections, solidarities, exclusions) might be culturally generative. (3) Networks as structural forms that constrain, sustain, and transform cultural processes, practices, and events. And finally, (4) networks as culture, whereby networks are conceived as dynamic processes of communicative interaction that unfold in real time, highlighting the mutually constitutive nature of network relations and culture (see also Van Oyen 2016). Mische’s schema highlights and prompts critical reflection on the various ways that we as archaeologists might conceptualize the relationship between networks and culture in our analyses and interpretations.

Erikson (2013) defines two distinct theoretical approaches in SNA. Formalist approaches that analyze network structure, and relational approaches that evaluate the linking properties of networks. Most archaeological studies of culture change favor the former, interpreting changes in network topology to reflect changing sociocultural systems. Emirbayer (1997) has most forcefully advocated for a relationalist perspective, arguing that we must privilege relations between entities and not the entities themselves if we are to understand the dynamic, contentious, and processual nature of cultural change. Pachuki and Breiger (2010) introduce the notion of “cultural holes” to highlight the non-structural drivers of differences among actors in a network. Their conceptualization of cultural holes follows from the influential concept of “structural holes” (Burt 1992, 2005). However, whereas Burt’s idea refers to strategic ties that connect otherwise disparate groups or entities, cultural holes refer to those culturally contingent factors such as taste, preference, institutional logic, and the way that culture both shapes and emerges from network structures, as per elements of Mische’s (2011) schema. That drivers of cultural change may be relational as opposed to structural in nature may not come as a surprise to contemporary anthropological archaeologists, but until recently, empirical analyses of such influences and patterning have been lacking.

Networks and Culture Change in Archaeological Thought

In the history of archaeological thought, cultural change has been understood as emerging from adaptation to environmental or social factors, cultural processes or systems, the effect of individual agency or collective action, the historical or material conditions of past societies, or some combination thereof. Although anthropological archaeology has moved on from the notion that our task is to generate and apply generalizable laws of human behavior, SNA is one of the success stories for operationalizing movement away from universal theories about why culture change occurs and permitting the deconstruction of how those processes unfold in networks and their components. One of the great strengths of a network-based approach to culture change is the ability to understand the structural relationships that underlay transformations in cultural practices, including the duration, intensity, and nature of the relations among material components of the archaeological record.

Relational thinking helps us identify the properties of networks or interactions that contributed directly to the development of organizational complexity and diversity in past human societies. As the review above makes clear, all formal network analyses require a clear conceptual framework for interpreting what these networks mean, and importantly for this chapter, what changes in these networks mean over time in terms of variation in both material culture networks and broader cultural patterns.

As noted above, network-based approaches are particularly well suited to conceptual frameworks that forefront the complex webs of relations between people, places, and things. Theories based on concepts of materiality (Knappett 2011), entanglement (Hodder and Mol 2015), assemblages (Harris 2014), and relational networks or constellations (Van Oyen 2016) embrace this perspective. Rather than crafting generalizable “one-ring-to-rule-them-all” theoretical statements, seeking out and explaining variability is now an important objective of archaeological research (e.g. Kosiba 2019). The methodological and theoretical terrain of the field has changed accordingly. Formal social network analysis, based on graph theory and rigorous statistical treatments, provides firm empirical foundations for novel conceptual approaches that might otherwise be less grounded in data. Much of the success of SNA has been in studies that tackle material culture networks at the macro-regional level (Collar 2013a; Hart et al. 2016, 2017; Knappett et al. 2011; Lulewicz 2019; Mills et al. 2013a, 2013b), but the basis for those networks is those practices or communities of practice (Lave and Wenger 1991; Wenger 1998) that occur at much smaller spatial and temporal scales, such as the making of a pot, the transmission of ideas about how to make a pot, or the transfer of a pot from one place to another (Mills 2017:381). It is also true that because networks have no natural boundaries, network analysis has the ability to transcend the traditional social and spatial boundaries of “culture” areas in favor of the analysis of relational networks comprised of discrete cultural practices.

Knappett (2011) has made the clearest arguments for linking social networks to concepts based on practice theory and materiality. Materiality, though notoriously difficult to define (Knappett 2012), can be thought of as the active symbolic and practical role of non-human objects as active agents or didactic things in the constitution of culture (Meskell 2005). One could go so far as to say that society or culture does not exist without things—take, for example, the role of material culture in debates on early human and Neanderthal social and cultural complexity (Higham et al. 2010; Mellars 2010). SNA on material culture explicitly foregrounds the centrality of materiality in constructing or mediating social relations and constituting, or reconstituting, culture.

Hodder and Mol (2015) explored how SNA can be used to illuminate the entanglements between people and things. Specifically, they are concerned with Hodder’s (2012) formulation of entanglements as “dependence (the reliance of humans and things on each other) and dependency (the constraints that humans and things place on each other)” (Hodder and Mol 2015:1067) and the co-dependent constraints that these relationships play in shaping human culture, including the push-and-pull of constraints and opportunities that arise as a result. Their analysis of thing-thing relationships at Çatalhöyük used ego-networks to identify changing relationships between houses and midden areas, animals, foodstuffs, art forms, burials, and internal vs. external activities (among others) that emphasized the increasing centrality of houses in social life over time.

Archaeologists generally assume that material culture is utilized by people (consciously or otherwise) as a means of relating to and identifying with larger social groups based on perceived similarities and differences (e.g. Childe 1929; Jones 1997; Peeples 2018). Changes in material culture are thus thought to relate to changes in the wider cultural system. When patterns of social signaling are employed in a longitudinal fashion, they can help us to understand large-scale cultural transformations including patterns of interaction, coalescence, and politogenesis (e.g. Hart et al. 2016, 2017; Lulewicz 2019; Mills et al. 2013a, 2015; Mizoguchi 2009; Peeples 2018). However, there are potential uncertainties in using stylistic variation in material culture alone to describe past social processes (Hegmon 1992; Carr and Nietzel 1995), with some of the most important critiques coming from members of descendant communities (Gaudreau and Lesage 2016).

The most useful approaches recognize both active (high-visibility) and passive (low-visibility) attributes of material culture. Earlier studies held that material culture does not transmit style in a passive or functional manner so much as it constitutes an active form of symbolic communication (Carr 1995; Hegmon 1998; Shanks and Tilley 1987). In most network analyses, high-visibility attributes such as decoration on ceramic vessels or the display of other symbolic media can be interpreted as symbolic communication intended to actively signal social or political affiliation (Blanton 2015; Bowser and Patton 2004; Wobst 1977). However, low-visibility or passive attributes generally result from the acquisition or processing of raw materials, production techniques, and more restricted or routinized manufacturing practices (Gosselain 2000:192), in some cases referred to the result of a community of practice, (e.g. Crown 2014; Wendrich 2012; Wenger 1998) although other social relations, shared histories, and even individual material choices (Braun 2015) may also contribute to this variability. Similarities in the frequency and distribution of distinctive material culture forms or types (including both high- and low-visibility traits) are thus transformed into different kinds of network connection. When combined, the understanding of both high- and low-visibility attributes or active and passive style and signaling can result in a more complete picture of network relations (e.g. Lulewicz 2019; Peeples 2018).

Related to theories based on social signaling are those centered upon the recognition of communities and constellations of practice (Wenger 1998). These describe how multiple networks of practice may operate simultaneously and converge to create global relationships composed of local interactions. Mills (2016) notes that networks are often artificially designated as a regional phenomenon, and communities of practice considered as being solely local, with the notion of constellations of practice usefully bridging that divide. Researchers employing the concept of constellations of practice have also found utility in considering how “boundary objects” (Mills 2016, 2018; Roddick 2016) form material bridges that facilitate the crossing of social or cultural boundaries in ways that are more productive than the simple concepts of diffusion or hybridity for understanding how material culture can play an active role in facilitating or mediating social and cultural change.

The concept of relational constellations (as opposed to constellations of practice) as articulated by Van Oyen (2016) focuses on ordered sets of human-thing relations. Her approach includes elements of object agency but recognizes variability in the entities that might be connected (individuals, groups, things, places, etc.) and what those connections represent (movement of things, people, or ideas, shared practices or styles, physical connection or access, etc.). In the same way that cultures are always coming into being, relational constellations are emergent, with specific spatial and temporal trajectories making this approach to networks and cultural change especially parsimonious. This requires asking questions and constructing networks that seek to resolve specific historical questions (Van Oyen 2016:360–361). As discussed below, opportunities for blending approaches based on relational constellations with refinements in chronology building in archaeology represents an exciting research direction.

While there are undoubtedly other strains of archaeological theory that bear on material culture networks and culture change, these examples make clear the strong cross-pollination of frameworks that link network methods and theory-building in contemporary anthropological archaeology.

Methodological Considerations

As Mills (2017:383–384) has clearly stated, formal network analyses reveal the structure of the data collected, not necessarily the structure of the actual social or cultural phenomena being investigated. For this reason, it is important that the kinds of material culture and statistical measures are selected carefully and critically to directly illuminate the phenomena in question.

Robust network analyses require large datasets. A significant investment in time and energy goes into assembling data for SNA. As archaeologists, we need to be acutely aware of this because there is often only a narrow selection of material culture available for us to observe and measure through the recovery of archaeological data. For example, while our networks might be composed of ceramic data from dozens of sites spread across a region, we are not so much interested in ceramics in and of themselves, but rather what they allow us to infer about the intersection of potting practices and larger-scale societal forces such as population movements, political centralization or decentralization, affiliation, and identification that might drive cultural change. The appropriate kinds of network measures should then be articulated with appropriate datasets in order to create compelling arguments.

Analytical approaches to network analysis tend to focus on two properties: node position and overall network structure (Mills 2017: 382). These approaches mirror the relationalist and formalist theories discussed above. Formalist approaches that consider overall network structure may be the most obvious choice when seeking to understand cultural change. However, the study of node position, the nature of network ties, and the properties of the network as a whole can provide insights derived from the specific position of communities or populations (e.g. Hart and Engelbrecht 2017; Mills et al. 2013a, 2013b, 2015; Mizoguchi 2009) and entanglements between associated parts and material classes (e.g. Hodder and Mol 2015) that permit more nuanced, multiscalar interpretations that address both the hows and whys of culture change.

Archaeological data are inherently spatial and can be deployed at multiple scales of analysis that bear on multiple scales of social process (e.g. community, locality, region). Networks can also reveal the structure of social institutions that can defy traditional sociospatial units employed by archaeologists (social institutions, interaction networks, weak ties, bonding networks, brokers, etc.). Of course, some cultural practices may defy spatial proximity and “leapfrog” nodes or communities, leading to spatially discontinuous distributions (Knappett 2011:99). SNA helps to clarify the connections that exist between spatially dispersed nodes, permitting the assembly and recognition of social considerations that might otherwise remain unobserved (Birch and Hart 2021; Hart and Engelbrecht 2012; Hart et al. 2017; Ladefoged et al. 2019; Mills et al. 2015). In this way, SNA provides an excellent means for exploring data through various network measures (degree vs. betweenness vs. eigenvector centrality; the strength of ties; multiple measures applied to multiple kinds of material networks, etc.) and identifying patterns that might be hidden from view in traditional archaeological analyses. This is the great methodological strength of using SNA to understand the material dimension of culture change.

Diachronic Material Culture Networks

The study of culture change is inherently historical. The transitions between what archaeologists may casually refer to as phases or periods are in fact the phenomena that contemporary archaeologists often desire most to understand (Peeples 2018:13). Put simply, the social transformations that mark such phases are cultural changes. As such, some degree of diachronic or chronological control over the network and its components is necessary. The better that control is, the better our narratives become. This can be accomplished by analyzing phenomena as occurring in traditional culture-historical phases, periods, or arbitrary calendrical cut-points. However, the analytical strengths of network analysis are better deployed when researchers forefront the dynamic nature of networks and the ways that they are able to bridge the transitional junctures between traditional archaeological periods and cultures (Leidwanger et al. 2014). Indeed, network structures are by their very nature emergent, possessing unique historical trajectories and sensitive to both overarching social structures and discrete contingencies that scholars should seek to illuminate (Van Oyen 2016).

Advances in the development of independent timeframes and enhanced chronological control in multiple world regions afford us the opportunity to construct networks that are independent of archaeological taxonomies and associated circular reasoning for why and how they formed and functioned. For example, the Southwest Social Networks Project developed a method of apportioning assemblages from long-lived sites into chronological periods that considers site occupation dates, ceramic production dates, and popularity distribution curves (Roberts et al. 2012). In another case, Lulewicz (2018) employed Bayesian modeling of radiocarbon dates to generate a new ceramic chronology to anchor his network history of southern Appalachia.

An example of how refined chronologies are causing us to ask new questions about social networks at multiple social and spatial scales can be found in research being conducted on the Northern Iroquoian societies of North America. An initial set of analyses (Birch and Hart 2018; Hart et al. 2016, 2017), employed seemingly narrow 50-year periods to understand how changes in network topology related to the development of tribal nations and confederacies in the 14th through 16th centuries ce, including how network properties changed during processes of settlement aggregation. However, revised chronological schemas for this region based on radiocarbon dating as opposed to ceramic seriation have shifted the chronological placement of some sites as much as 75–100 years (Birch et al. 2021; Manning et al. 2018, 2019). The results of this work have been nothing less than a complete rethink of the material and historical conditions that have underlain traditional models for the emergence of pan-regional conflict and polity formation in Northern Iroquoia (Birch et al. 2021). This is requiring us to ask new questions about both our network data and our historical processes of cultural change in the region. The shifting of foundational assumptions about coalescence and conflict has led us to ask new questions of our network data, including how micro-scale variations in population movement within and between site relocation sequences may have changed during early and later stages of coalescence and conflict. The result, including calculating the strength of relations between sites now known to have been directly contemporary within the average 20-year occupation of each village in adjacent sequences, has resulted in new insights about how patterns of population movement changed from local to supra-local aggregations over a generation or so as external conflict intensified (Birch and Hart 2021).

In this way, refined timeframes stand to alter the positionality of nodes and relational ties in ways that require the redrafting of both the global and local structure of pan-regional networks. For this reason, as refined chronologies and new data emerge in coming decades, researchers may have cause to revisit certain assumptions built into earlier network analyses and the conclusions drawn from them.

 
Culture Change and Material Culture Networks: Case Studies

The traditional anthropological definition of culture holds that it is “that complex whole which includes knowledge, beliefs, arts, morals, law, customs, and any other capabilities and habits acquired by (a human) as a member of society” (Tylor 1871). Some, though perhaps not all, of these traits can be identified in material culture patterning and network analyses. It is notable that very few network analyses tackle the subject of culture change head-on. Instead, studies tend to focus on interaction and the social-structural dynamics that can be inferred from network analyses and from which “culture change” can be inferred in turn.

The most meaningful studies of cultural change are illuminated through multiscalar analyses (Mills et al. 2015; Trigger 1967). This is especially the case when trying to understand the relationships between local “bottom-up” and global “top-down” processes of cultural change as well as the interplay between the two. Network analysis in archaeology has helped to illuminate how large-scale social transformations were motivated by changes in the specific rationalities of people, objects, and places. The examples cited below highlight a range of network-based studies and approaches with implications for understanding how material culture networks have been used to infer and interpret cultural change.

The study of networks in the Aegean (Broodbank 2000; Knappett 2011, 2018; Knappett et al. 2008) has focused on the distributions of resources, networks of trade and exchange, and material emblematic of ideological and religious belief systems. Knappett (2018) has invoked the concept of “ancient globalizations” (see also Jennings 2010) to refer to the complex connections and dense networks of interactions that developed between different regions following the establishment of Minoan culture on the island of Crete and the transmission of cultural elements throughout the Cyclades, Dodecanese, and adjacent Eurasian mainland. One of the strategies employed in this research has been to model ideal or hypothetical network connections and then consider how actual material culture patterning differs from that model (Knappett et al. 2008). Knappett (2018) acknowledges that the theoretical models that have been developed through network modeling have yet to be tested through the assembly and analysis of expansive datasets of actual material culture distributions.

Mizoguchi (2009) used the distinctive pottery associated with regional administrative centers in the Kofun period of Japan to examine changes in hierarchical alliances. Although the network graphs he creates are based on the distribution of pottery types—understood to represent interaction and flows of people from one region to another—the topology of the networks generated is then compared against the scale and elaboration of keyhole-shaped tumuli associated with the new religious-ritualistic ideology adopted by the dominant group and transmitted to the general populace. His analysis revealed the degree to which various regional polities maintained regional cultural autonomy or were brought under the influence of the more dominant Kinki-core alliances. Mizoguchi’s (2009) analysis demonstrates that it was not the geographic position of regional centers (nodes) but rather their centrality in the topography of the regional network that explained their relative cultural and political influence in the development of centralized hierarchy in the initial Kofun period.

Another archaeological case involving political centralization and the relative degrees of cultural change that accompanied the emergence of central places is Lulewicz’s network history of the southern Appalachian region of the American Southeast (2018, 2019). Lulewicz constructed networks based on ceramic decorative and manufacturing techniques for a 600-year period spanning the emergence and decline of multiple chiefly polities in eastern Tennessee and northwest Georgia. Despite the emergence of a paramount chiefdom (Etowah), as well as other, less-centralized chiefly centers, the results demonstrated that the social networks were not dramatically transformed by what has been interpreted as political consolidation. The results of Lulewicz’s analyses indicate that while networks of chiefly interaction may have been unstable and prone to collapse, the wider cultural networks of interaction were much more durable. As such, he demonstrates that ceramic manufacture and the social networks through which those practices were transmitted were less affected by political machinations than may have previously been assumed. This work is complemented by a separate network analysis of shell gorget iconography (Lulewicz and Coker 2018). Shell gorgets were labor-intensive prestige items manufactured from extra-local raw materials, often found in high-status burials, and have been associated with network interactions between high ranking families in the Mississippian Southeast (Hally 2007). Network analyses of shell gorget iconography revealed highly variable network topography, with the densest concentration of ties in the southern Appalachian region but with ties based on shared symbolism extending hundreds of kilometers further afield. Both of these network analyses—the quotidian and elite—provide a useful relational backdrop for interpreting other local-to-global dynamics of Mississippian cultural change.

A team of researchers led by Barbara Mills (e.g. Mills et al. 2013a, 2013b, 2015, 2016) have emerged as leaders in North American archaeological network analysis. They have produced a massive, comprehensive dataset for SNA in the American Southwest that has produced important insights about how social networks were transformed, and featured in the context of other large-scale cultural changes, including the social outcomes of migration, technological innovation, and new religious movements. Notably, this team considered how different cultural phenomena are manifested through the manipulation of material culture at different sociospatial scales. One example of this work (Mills et al. 2015) describes how shifts in ceramic decorative traditions are indicative of interaction between migrants and locals and the development of a new religious movement that served to link social groups through a new meta-identity that subsumed but did not necessarily replace, preexisting identities in the Hohokam world. The rapid spread of this new religious movement at the meso-scale was also manifested in a breakdown in ties between the northern and southern portions of the macro-scale and the densification of connectivity between settlements at the micro-scale in southern Arizona, all manifested through ceramic decoration.

Also working in the American Southwest, Pailes’s (2014) analysis of network centrality among individual house clusters at the Hohokam Cerro Prieto complements work by Mills and colleagues by considering social relations at the site level. He uses network measures derived from architectural features and pathways between structures to consider how individual households came to occupy disproportionately influential positions in local communities by controlling flows of information during this same period. This is a useful complement to the smallest scale of Mills et al.’s (2015) analysis by shifting focus to a different form of material culture—the built environment—and considering how processes of societal change play out “on the ground” in local communities.

In the Salish Sea of the northwest coast of North America, Rorabaugh (2019) conducted network analysis of lithic haft styles. He argues that hafting style is a materialization of culturally transmitted methods of stone tool manufacture in Coast Salish culture, recognized ethnographically as a form of restricted, and spiritually charged family knowledge. His study is one of culture-change over the long term, with 50 dated site components 3500–1000 cal bp divided into 500-year periods. The network graphs from the earliest period, 3500–3000 bp describe minor differences and stronger ties between populations throughout the Salish Sea. The youngest period examined, 1500–1000 cal bp, suggests a greater degree of diversity in hafting styles and weaker regional network ties. Geodesic distance did little to explain this variation. Rorabaugh interprets this data as suggesting a shift toward less emphasized corporate group ties and frames the results in a wider archaeological context, including the widespread adoption of the bow and arrow in the Salish Sea (Rorabaugh and Fulkerson 2015), which facilitated hunting of terrestrial ungulates and promoted greater autonomy for smaller social groups. Such changes would have undoubtedly affected other aspects of cultural practice, including foodways and engagement with terrestrial and maritime landscapes.

Finally, epigraphic data is both a form of material culture and a symbolic system (Cline and Munson, “Epigraphic Networks in Cross-Cultural Perspective,” this volume Chapter 23). In this way, it is not so different than ceramic designs or other iconographic systems. Collar (2013a, 2013b) has employed network analyses of epigraphic inscriptions to understand the spread and transformation of religion—and associated cultural practices—in the classical era. In an excellent example, Collar (2013b) uses proximal point analysis (PPA) to demonstrate that, prior to the destruction of the Jerusalem temple in ce 70, Jewish identity was something that was expressed subtly, if at all, in the Greco-Roman world, at least in as much as can be identified through inscriptions. The slaughter, subjugation, and economic ruin of Judaic peoples in Jerusalem had a profound effect on those in other parts of the Mediterranean and Europe, resulting in widespread religious reform for people involved in the Jewish diaspora. Collar’s analysis demonstrates jumps in network connectivity with a distinctly geographic basis, and a shift from centralized processes focused on metropolitan centers, to more regionally based local networks over time. The strong ties of ethnic bonds together with the weak ties through which information flowed, made networks of Jewish people highly flexible and susceptible to social and religious innovation that promoted better coordination and adherence to changes in legal and moral (cultural) codes.

 Conclusions

The strengths of SNA analysis for understanding cultural change include the potential for analyses that consider both expansive geographic scope and attention to multiple, smaller scales of analysis. Archaeological thought has been moving away from classificatory and culture-historical schemas and toward relational approaches that favor teasing out the variable timing and tempo of cultural change (Feinman and Neitzel 2020; Kosiba 2019), made possible in part thanks to enhanced chronological resolution. Analytical approaches that permit formal, empirical means of approaching cultural change at multiple scales of analysis combined with equally specific theoretical frameworks that combine archaeological problem orientations with theories drawn from the wider social sciences represent a productive way forward. The synthetic nature of SNA also privileges the leveraging of extant collections and datasets in the service of producing new insights about both regional and disciplinary knowledge in ways that can challenge the empirical basis of each (Wylie 2017). This is especially important given that archaeology’s future relies upon building meaningful relationships with descendant communities and the ethical and equitable stewardship of cultural heritage.

As the aforementioned studies and their theoretical and methodological frameworks demonstrate, SNA of archaeologically derived material culture is helping both to advance regional understandings of cultural change and to propel associated theory-building. Indeed, it is clear that this kind of work can only be accomplished with clear theoretical framing that directs the interpretation of network data. Although the influence of culture on social networks and the co-construction of culture and networks is a strong theme outside of archaeology, it is notable that formal network analyses in archaeology proper almost never take on culture change directly as a subject of inquiry. Instead, material culture data is used to map the position of nodes, the strengths of network ties, and the social and physical geographies of network topology in order to infer past social processes. When framed diachronically, these networks provide a robust baseline for interpreting how culture change was enacted through the manipulation of material culture and the social relationships actively encoded in those object worlds.

Looking ahead, future archaeological network studies could benefit from more explicitly engaging with the relational (as opposed to formal) properties of social networks. In some cases, this work is currently being done in terms of analyzing the properties of social networks derived from archaeological network models. However, there are useful perspectives on the mutually constitutive nature of networks and culture that have been well developed in the social sciences and could productively be applied to archaeological cases. Network analyses based on multiple material proxies for different kinds of cultural change (social, political, ideological, relational) will require the compilation of big datasets to answer big questions about large-scale societal transformations. Critical engagement with both the formal and relational properties of networks and the interplay between those dimensions (i.e. Erickson 2013, Erikson and Occhiuto 2011), including how both relate to mainstream archaeological theory, will also add richness to network approaches in archaeology. Now that network approaches in archaeology have come of age, so to speak, creating ties between SNA in archaeology and the wider social sciences should be an objective as research trajectories continue to develop.
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CHAPTER 7

Material Culture Similarity and Co-occurrence Networks

Elliot H. Blair

Introduction

Within the burgeoning arena of network approaches in archaeology, one of the most common approaches is through the creation of material culture similarity and co-occurrence networks. This is perhaps no surprise, as many would likely agree that archaeology is “the discipline of things” (Olsen et al. 2012), and exploring relational connections as manifested through material culture is in many ways foundational to archaeological inquiry. Formal social network analyses based on material culture similarity share many features—for both construction and analysis—with archaeological networks generated based on other types of ties or linkages. Material culture similarity networks are not unusually difficult to construct, though care and consideration must be taken in considering many factors to ensure that the formal methods used reflect the social phenomena being studied (c.f., Lemercier 2015; Prignano et al. 2017).

The assumption underlying all material culture similarity networks is that the similarity or co-occurrence of material culture between nodes (e.g. sites, features) is a product of some type of social relationship. As enumerated by Peeples (2019:475), networks based on material culture similarity have typically entailed tracing (1) similarity of material source (e.g. shared object provenance), (2) similarity of material types or styles, or (3) similarity of material technology. Each of these, in most cases, is based on affiliation, or a similarity in state, between nodes (Borgatti and Halgin 2011a, 2011b). In contrast to states, event-type ties can also be examined through networks, though these are more elusive in the archaeological record and have been less extensively explored (Mills 2016). In all of these, however, the central challenge is articulating past, relational, social phenomena specifically in terms of material culture similarity, and then adopting appropriate formal network methods to explore this relationship. Or, as Collar et al. (2015) elaborate, all archaeological networks require a process of abstraction—linking a past phenomenon with a network concept—and representation—modeling and interrogating networked data (see also Prignano et al. 2017).

In order to provide an overview of the varied ways in which material culture networks can be constructed, and the multiple types of relational social phenomena they can be used to explore, I begin by briefly summarizing four sets of case studies, each of which varies considerably in the questions being asked, the formal methods used to construct the social networks, and the process of logical abstraction used to link material culture similarity and relational social phenomena. Following this summary, I discuss a series of issues, related to the processes of abstraction and representation that are required to generate meaning from archaeological material culture similarity networks. The contrasts between these case studies highlight the variety of approaches that analysts may take as they construct material culture similarity networks and emphasize some of the key choices that must be made. In particular, these examples demonstrate the variety of relational phenomena and the creativity in how the network requirements of abstraction and representation can be used to explore archaeological questions.

Case Study 1: Examples from the Southwest Social Network Project

The Southwest Social Network Project (Borck et al. 2015; Mills et al. 2016; Mills, Clark, et al. 2013; Mills, Roberts, et al. 2013; Peeples and Mills 2018; Peeples and Roberts 2013) is certainly one of the most influential of recent material culture network studies, with many other researchers directly adopting many of the formal methods of network construction used in this project. In this project, the researchers examined large-scale social networks across the late prehispanic Southwest, with ties established between archaeological sites based on the similarity of ceramic ware assemblages at 50-year intervals (Mills, Clark, et al. 2013; Mills, Roberts, et al. 2013).1 In the Southwest, ceramic wares are categories based largely on technology, usually defined by surface color and paste, which generally subsume more than one ceramic type. In these studies, connections were based on wares because of inconsistency in typing among researchers and because of the large numbers involved (Mills, Roberts, et al. 2013:183–184) and decorated and plain wares were separated because of differing contexts for how these materials were used and circulated. Counts of wares were used to generate similarity scores between sites/nodes using the Brainerd–Robinson coefficient of similarity. These raw similarity scores were used to calculate network statistics, and binarized ties (only used for purposes of visualization)—when similarity was greater than 75%—were used to generate network layouts based on the Fruchterman–Reingold algorithm (Mills, Clark, et al. 2013). In these layouts, node size was based on eigenvector centrality.

The similarity in ceramic wares between sites is considered to represent the cumulative effects of a number of social processes, such as exchange, migration, emulation, signaling, and local transmission of production practices (Mills, Clark, et al. 2013). Mills (2016) has also argued that the similarities that are traced in these network visualizations reflect consumption, or how “container choices by different communities accumulate at large temporal and spatial scales to produce distinctive regional networks of consumption practices” (245). Such patterning does not necessarily indicate direct contact or interaction, and these consumption practices might crosscut group identities (Mills 2016:259).

In a different study, one member of the Southwest Social Network Project used some similar methods to explore social networks across the Cibola region of the Southwestern U.S. (Peeples 2018). In this project, material culture similarity was used across multiple media (e.g. architecture, ceramics) and through multiple domains (e.g. elemental sourcing of painted and unpainted ceramic vessels, ceramic technological practices, ceramic design elements) to explore how identities were categorically and relationally produced and reproduced through the region and across time. Specifically relevant to the discussion here, Peeples (2018) examined technological similarity across the region by analyzing a series of ceramic technological choices (e.g. coil width, coil direction) made by potters. He defined technological clusters using a suite of statistical methods and then based on the proportions of ceramics assigned to technological clusters, the Brainerd–Robinson coefficient of similarity was used to establish similarity between sites in the study area (Peeples 2018:95–104). Network graphs were constructed for this data where similarities above 66% were considered to establish a tie, a threshold determined by simulations of the underlying data and representing ties more than one standard deviation above the mean similarity for randomized data. Node size was based on weighted degree centrality, and layout was generated using the Fruchterman–Reingold algorithm.

Case Study 2: Material Culture and Language on the Sepik Coast of Papua New Guinea

The second case study I want to discuss is John Terrell’s network analyses of material culture similarity on the Sepik Coast of Papua New Guinea. Terrell (2010) used the methods of social network analysis to evaluate how networked patterns of material culture similarity correlate with (or do not correlate with) language families and/or geographic proximity. This study uses formal methods of SNA to build on and critique a number of previous analyses of the same dataset that have explored this same question (e.g. Moore and Romney 1994; Shennan and Collard 2005; Welsch and Terrell 1998; Welsch et al. 1992). While the specific findings of Terrell’s analyses are of great interest, for my purposes his project is interesting because of the multiple approaches he takes to create and visualize the material culture network.

The dataset used in his analysis consists of 6049 ethnographic items curated in the collections of the Field Museum of Natural History, which were placed in a matrix of 47 object types and 31 communities. Using this matrix, Terrell experiments with the use of raw counts versus binary data, compares material culture similarity using several similarity measures (i.e. Pearson’s correlation values, Jaccard coefficients, and Hamming similarity values), and explores the use of different thresholds for establishing ties between communities. In each of the network graphs Terrell generates, node size is constant and network layout is based on the spring-embedded, Fruchterman–Reingold algorithm.

In this study, Terrell concludes that there is little, if any, correlation between language family and material culture similarity, and that this finding holds, largely regardless of what formal choices were used for network construction. Instead, he finds that geographic proximity better correlates with similarity in material culture.

Case Study 3: Shell Gorgets and the Structure of the Mississippian World

Lulewicz and Coker (2018) explored connections among Mississippian (ca. ce 1000–1600) communities across the American Southeast and Midwest based on the distribution of engraved marine shell gorgets. Based on a corpus of 1980 gorgets, primarily compiled by Brain and Phillips (1996; see also Muller 1966b), the authors construct both unimodal and bimodal networks, with connections based on shared iconographic themes. The bimodal network—sites and gorget iconography—was constructed using binary presence/absence data, while the unimodal network was based on a calculated Jaccard similarity index. Both types of networks were visualized using spring-embedded, multidimensional scaling, and analysis of node position included calculations of degree, betweenness, and eigenvector centrality. The authors argue that the distribution of gorget iconographic themes reflects social capital and provides “insight into the organization of Mississippian politico-religious institutions at the macro-regional scale” (Lulewicz and Coker 2018:114).

Case Study 4: Networks of Bead Exchange at Mission Santa Catalina de Guale

In my own work at Mission Santa Catalina de Guale, a 17th century Spanish mission located on St. Catherines Island, GA, I have constructed several social network visualizations of the ties among individuals interred in the mission cemetery (Blair 2015b, 2016, 2017a). These networks are based on similarities of the bead assemblages interred with the deceased. The bead assemblage from the site consists of almost 70,000 beads, with most recovered from a cemetery with an MNI of 432 individuals, though many of these individuals were interred without grave goods (Blair et al. 2009). A fine-grained bead typology was used, that in addition to categorizing beads based on material, construction, size, shape, color, and diaphaneity, also subdivided bead types based on evidence of different bead manufacturing guilds and glass compositional recipes (Blair 2015a, 2017b).

In my study, I constructed both a bimodal and a unimodal network. The bimodal network was constructed with individuals and bead types as the nodes, with edges weighted by artifact counts. The network was visualized in Gephi, with nodes colored by modularity (subgraph), node size based on eigenvector centrality, and network topology generated using the OpenOrd algorithm, a force-directed layout that emphasizes graphical clustering and community detection (Martin et al. 2011).

This two-mode network was also collapsed into a unimodal version (only individuals as nodes), using the Brainerd–Robinson coefficient of similarity (Brainerd 1951; Peeples 2011; Robinson 1951). This network visualization was similarly colored by modularity, sized by eigenvector centrality, and displayed using the Force-Atlas 2 layout algorithm, designed to use weighted connections so that nodal proximity reflects community structure (Jacomy et al. 2014; Newman 2004; Noack 2009).

Discussion

The four examples highlighted above illustrate a wide variety of approaches to constructing and analyzing material culture similarity networks, and the similarities and differences among them illuminate a number of key issues for the abstraction and representation of material culture networks (Collar et al. 2015). Below I explore some of these issues.

Abstraction and Material Culture Networks

As Mills (2017:383) has noted, “archaeology is replete with evidence of ties, including shared spatial, material, biological, and ideological connections. Each one of these requires a clear connection between human behaviors—what we are seeking to understand in the past—and archaeological evidence.” And as Borgatti and Halgin (2011b; see also Mills 2016) discuss, such ties can readily be divided into two types: states or events. Most material culture networks, based on similarities between assemblages are representative of state-type ties, and hence can be categorized as affiliation networks.

Examples of these types of relationships are countless, and form much of the “bread-and-butter” of many types of other archaeological analyses. Most of the examples discussed above fall into this category. For example, the ceramic similarity networks discussed in connection to the Southwest Social Network Project emphasize that similarity in ceramic assemblages can arise because of multiple social phenomena (e.g. exchange, emulation, migration) and are often “the residues of multiple accumulated interactions among individuals or small social groups” (Peeples 2019:468; see also Bernardini 2007). Peeples’ (2018) exploration of ceramic networks parses some of these social phenomena by splitting analyses of ceramic provenance, ceramic technological networks that most likely reflect the residues of more localized relational identities, and similarities in style and design that more broadly index categorical identities.

This approach of using multiple networks to explore parallel social phenomena was also adopted by Lulewicz (2019) who created two distinct network visualizations for the southern Appalachian region of the Mississippian world, one based on ceramic tempering material and one based on surface treatments. The former, a low-visibility technological attribute, is interpreted as a reflection of intimate relationships and learning “communities of practice.” The latter—high visibility stylistic choices—is considered to be related to more dispersed connections, such as emulation and signaling.

In contrast to these examples that consider the linkages between specific aspects of material culture similarity and the precise social phenomena such similarity might index, the process of abstraction in the Sepik coast example (Terrell 2010) is far simpler, with Terrell (2010:3) stating that the project is an exploration of the assumption that “similarities in material culture may be used as proxies for mapping social interactions between communities across time and space.” What is immediately clear from this example, however, is that the material categories used to establish similarity in this example are extremely coarse, and little attempt is made to specifically link social behaviors with documented material culture similarity. As explained by Welsch et al. (1992:571),


the objects were coded as simply as possible in order to discriminate broad similarities and differences in usage, that is, differences in the ordinary practices of people in these sample communities. … We will have nothing to say about variations in style, object size, ornamentation, raw materials, and the like. … The categories of object classes used here may appear rather simple and straightforward. But we emphasize that, despite this apparent simplicity, these are not insignificant categories. “Bows/arrows,” “masks,” “carvings,” “earthenware,” and the other classes considered are not universal in New Guinea. The distribution of these objects is not random …



It would be extremely interesting to see how an updated material culture similarity network, based on a finer-grained parsing of material technology or design, and explicitly based on an abstraction of specific social behaviors, might differently correlate with interactions fostered by spatial proximity or language similarity.

The simplicity used in the construction of this network is echoed by the approach adopted by Lulewicz and Coker (2018) in their exploration of iconography of marine shell gorgets. This is a particularly interesting network example for thinking about the process of network abstraction because the same material dataset could easily be partitioned in several different ways in order to make different inferences about connections across the Mississippian World. These possibilities can be illustrated through a brief discussion of some contentious debates about marine shell gorget styles.

Beginning with his 1966 dissertation, Jon Muller has defined a number of shell gorget styles found at Mississippian sites across the Southeast (Muller 1966a, 1966b, 1977, 1979, 1997)—styles based on a formal, structural analysis of design composition. This corpus of material was later recategorized by Brain and Phillips (1996), with “thematic types”, often using the same name, replacing Muller’s gorget styles. As elaborated by Knight (2013), the Brain and Phillips approach is simultaneously a lumping and splitting of Muller’s styles, with some of Muller’s gorget styles (e.g. Hightower) separated into new groups based on motif, and others—which are stylistically distinct—being grouped based on shared subject matter (see also Hally 2007; Muller 2007).

While the contours of these categorizations have been somewhat contentious, the result is that analysts have multiple schemas from which to choose for gorget distributional analysis. While Lulewicz and Coker were able to successfully sidestep this debate by constructing a network based on gorget theme, they could have easily chosen to examine the Mississippian gorget network based on stylistic distributions (sensu Muller) or finer thematic types (sensu Brain and Phillips). Had they chosen the former, the gorget network would have reflected patterning based on the distribution of artifacts “probably manufactured by a single individual or small group of individuals who learned the style from the same source” (Hally 2007:186). An approach based on the latter typology, while somewhat similar to what the authors actually did, would have likely further partitioned the network based on temporal patterning, while also simultaneously capturing and omitting different stylistic groups across the entire assemblage. While none of these choices is the correct one, per se, the possibilities reflect the choices analysts must make during the process of network abstraction.

In my own work examining bead circulation at Mission Santa Catalina, the process of network abstraction began with a detailed tracing of the multiple object itineraries that brought beads from across the globe and into Spanish La Florida (Blair 2015a). Examining these itineraries yielded several key insights for understanding these material culture similarity networks. First, beads traveled into La Florida in bundles that stylistically and elementally indexed different glass houses and beadmaking factories. Second, these bundles were distributed into mission communities where they were often broken apart and recombined into new assemblages. Third, stylistic and elemental analysis of the glass beads found in burial contexts could be used to link beads from different burial assemblages and infer that they had entered the mission community as part of the same bundle. These insights directly lead to two different understandings of the meaning of bead similarity within the Mission Santa Catalina cemetery. First, a similarity in state between multiple individuals in the cemetery might reflect a similar understanding about how beads should be consumed. Second, the existence of specific beads with multiple individuals—beads that were manufactured in the same glass house and bead-making factory and which likely entered the mission community as part of the same original bundle—index specific exchange events, where multiple individuals exchanged beads with each other as part of specific series of events. Together, both processes—emulation and exchange—likely account for the material culture similarity patterning found across the Mission Santa Catalina de Guale cemetery. As I discuss below, the combination of both unimodal and bimodal analyses has the potential to help explore both processes manifested in material culture similarity.

The case studies discussed above provide multiple examples of how researchers relate social phenomena with network ties based on material culture similarity, though the possibilities for network abstraction of past social phenomena is virtually limitless, largely constrained only by the creativity of the analyst. Despite the enormous possibilities, however, close attention must be paid to the social activities that created material culture similarity. Is it exchange, emulation, migration, or other social phenomena? As Peeples crucially asks, “Specifically, what does it mean to create a network based on shared material cultural styles or technologies” (Peeples 2019:484). Indeed, this must always be considered (see also discussion in Gravel-Miguel and Coward, “Paleolithic Social Networks and Behavioral Modernity,” this volume Chapter 28).

Representation and Material Culture Networks

Beyond the process of abstraction, formal choices for network representation must be made that do justice to the social processes being explored. While many of these considerations are relevant beyond material culture similarity, the four sets of examples enumerated above provide a range of possible ways in which researchers have approached representation in material culture networks. Below, I briefly consider several issues: the use of similarity indices, one-mode and two-mode networks, and consideration of layout algorithm.

Similarity Indices

Almost all of the examples discussed above relied on the use of similarity indices to create ties between nodes. Several of the examples above relied on the Brainerd–Robinson coefficient of similarity (Blair 2017a; Mills, Clark, et al. 2013; Mills, Roberts, et al. 2013; Peeples 2018). This is a particularly common and widely used index in material culture similarity networks (e.g. Birch and Hart 2018; Hart and Engelbrecht 2012; Hart et al. 2017; Lulewicz 2019). Alternatives, however, exist, and recently have been extensively reviewed (e.g. Habiba et al. 2018; Östborn and Gerding 2014, 2015; Peeples et al. 2016; Prignano et al. 2017; see also Östborn and Gerding, “Inference from Archaeological Similarity Networks,” this volume Chapter 5). Alternatives found in the examples above include Lulewicz and Coker’s (2018) selection of the Jaccard Index in order to avoid problems in comparing assemblages with small sample sizes (see also Bernabeu Aubán et al. 2017). Terrell (2010) also specifically compared and contrasted three different measures of similarity: the Jaccard, Pearson’s correlation values, and Hamming similarity values. Though Terrell (2010) argues that each method yields similar interpretations, significant differences in network topology and community structure are evident in the different network constructions (Figure 7.1). This indicates—as others have argued (e.g. Habiba et al. 2018; Prignano et al. 2017)—that the specific choices made as to which similarity method to use require careful consideration of many factors, including whether binary or percentage/proportional data are being used and how negative ties should be treated.
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Figure 7.1. Comparison of material culture network topologies of the Sepik coast with different similarity indices (after Terrell 2010:22–26; Figures 9–11). (a) Pearson’s correlation values, (b) Jaccard similarity values, (c) Hamming similarity values.



Unimodal and Bimodal Networks

The two examples presented above that do not require the use of a similarity index to establish network ties are the bimodal network of marine shell gorgets and Mississippian sites constructed by Lulewicz and Coker (2018) and my efforts at constructing a bimodal network connecting beads and individuals in the Mission Santa Catalina cemetery (Blair 2015b, 2016, 2017a). Indeed, two-mode networks have received considerably less attention in archaeology, and archaeologists need to spend more time considering how two-mode networks can yield insight into archaeological data (Peeples 2019:468–469). One reason for this disparity is that many centrality measures are challenging to calculate when working with two-mode networks, and projecting affiliation networks into unimodal formats allows for easier statistical analysis (Borgatti and Everett 1997).

Despite the challenges, however, there are two key reasons why archaeologists should continue to explore such networks. First, as suggested by Knappett (2011, 2020), two-mode networks can be powerful ways to theoretically and ontologically interrogate the relationships between objects and other actors. Or, in other words, two-mode networks can provide a formal way to actualize ideas found in approaches such as Actor-Network theory (see also Blair 2015b). Second, two mode networks have the potential to provide richer visualizations of the network phenomenon being explored. It has often been noted that projecting from a bimodal to a unimodal network results in a loss of information, but the examples discussed above provide some limited evidence of the results of such projection in practice. For example, Lulewicz and Coker (2018) suggest that their two-mode network does a superior job of capturing some of the largely unknown temporal complexity hidden within their gorget network. Somewhat similarly, I have argued elsewhere that the topology of the Mission Santa Catalina bimodal network is superior to the unimodal visualization in representing community structure within the network (Figure 7.2), particularly when compared to expectations based on historically documented episodes of population aggregation, factionalism, and intracommunity conflict (Blair 2015b, 2017a). I would also suggest that unimodal projections flatten much of the complexity evident in the Santa Catalina bimodal network. For example, multiple individuals in the Mission Santa Catalina cemetery are connected to each other with largely identical similarity measures, but the specific types of beads, and episodes of exchange among these individuals are very different. The bimodal network can capture how multiple individuals can be differently similar and has the potential to help better reveal the multiple social processes (e.g. exchange, emulation) that contribute to the structure of the network.

Network Visualization

Two of the strengths of networks are the ability to visualize connections, while also being able to empirically examine the characteristics of these connections through network-level and node-level metrics (see Bach and van Garderen, “Beyond the Node-Link Diagram: A Fast Forward about Network Visualization for Archaeology,” this volume Chapter 4). The latter, however, are often the components which are given primary importance (Venturini et al. 2021). How networks are visualized, particularly the network layout algorithm which is used, and how these visualizations are interpreted, is an area that needs to be better explored for material culture similarity networks. In the cases discussed above, almost all networks were visualized using the Fruchterman–Reingold layout, or another, similar, force-directed, spring-embedded layout algorithm. These are good choices, though explicit consideration of why such choices for visualization were made is often less explicitly considered. Indeed, in the examples discussed above, only Terrell (2010) conducts much experimentation with visualization parameters, and these are primarily limited to explorations of different similarity indexes and cut-off thresholds, without much explicit consideration of layout algorithm. To make the processes of network visualization and representation more explicit, exploring and adopting some of the methods and principles of visual network analysis, could be of great assistance for interpreting material culture similarity networks (Decuypere 2020; Venturini et al. 2021).




[image: image]

Figure 7.2. Comparison of unimodal (a) and bimodal (b) bead social network topologies of the Mission Santa Catalina de Guale cemetery (after Blair 2015b:171, 179; Figures 7.13 and 7.20).



Conclusion

In this chapter, I have briefly outlined four sets of material culture similarity network examples that encompass a range of approaches for constructing and interpreting such networks. Using these examples, I have specifically discussed the processes of abstraction and representation in the construction of material culture similarity networks. For the latter, I highlighted the issues of the use of similarity indices, unimodal and bimodal networks, and visualization choices. Many other issues could also have been included, such as considerations of missing data, directed versus undirected graphs, and scalar issues. However, many of these are not exclusive to material culture similarity networks and instead are relevant to networks of many types. What is clear from this discussion is that material culture similarity networks are an important approach in archaeological network thinking, and also that there is considerable room for continued innovation in how such networks are formally constructed and in the processes of how patterns of material culture similarity can be used to interpret past relational processes.
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1 This project has also explored network connections based on spatial location, using methods available through GIS, and network connections based on the exploitation of obsidian material. sources. For the purposes of this chapter, however, I am only concerned with the ceramic similarity networks.


CHAPTER 8

Mortuary Archaeology Networks

Daniel Sosna

Introduction

The mortuary archaeological record is specific. In addition to artifacts, remains of non-human organisms, and various environmental data, it normally includes the remains of humans themselves. It is arguably the richest kind of archaeological record in terms of potential anthropological information per unit of volume (Rakita 2018). Such a diverse source of evidence not only calls for collaboration among different specialists, but also offers an opportunity for sophisticated analyses and modeling. The presence of such a large number of variables led to the application of multivariate statistical techniques in the early days of quantitative archaeology (Hodson 1970; Neustupný 1978; O’Shea 1984; Shennan 1975). Various multivariate statistical techniques later became part of the standard analytical toolkit of mortuary archaeologists interested in the relations within their data. These techniques made it possible to uncover patterns that would be difficult to grasp without such analytical support. When Geographic Information Systems (GIS) appeared in archaeology in the 1990s (Wheatley and Gillings 2002) and enabled complex spatial analyses, it took only a small step to achieve synergy with multivariate statistics. Since the beginning of the twenty-first century these two broad groups of techniques formed a powerful pairing for the analysis of any imaginable mortuary evidence. Why networks, then?

Networks appeared in mortuary studies in two different senses. The first one builds upon graph theory and formal network methods. Although it looks as if the current popularity of formal network methods in archaeology reflects their recent introduction to the discipline, this is not the case. In fact, formal network methods were being developed in mortuary studies roughly at the time when archaeologists were experimenting with multivariate statistics. In 1973, Neustupný published a 65-page paper with the ironic title “Simple Method of Archaeological Analysis”, in which he provided a detailed introduction to vectors, matrices, and graph theory for archaeologists (Neustupný 1973). He not only described the mathematical background, but also applied this approach to three case studies, two of which were focused on prehistoric burials. This innovative paper has never received the attention that it deserves because it was published in a local journal with only a brief English summary and also, perhaps, because its emphasis on formal mathematical description and reasoning made the text almost impenetrable for archaeologists. It took a few decades for other mortuary archaeologists to start experimenting with graphs and networks again, this time under the influence of social network analysis (SNA), which renewed interest in networks in archaeology at the turn of the millennium (cf. Brughmans 2013:632). The application of formal network methods, however, has been much less developed in mortuary archaeology than in other branches of the discipline, as review articles suggest (Brughmans 2010, 2013; Collar et al. 2015). In comparison to the massive increase in the use of formal network methods in archaeology in general, only a limited number of scholars focus on intra- and inter-cemetery network analyses (e.g. Blair 2016; Bourgeois and Kroon 2017; Furholt 2011; Mizoguchi 2009; Šmejda 2009; Sosna et al. 2013) or include mortuary evidence in more complex network analyses that also incorporate non-mortuary archaeological evidence (Mol et al. 2015).

The second sense of “network” is metaphorical and builds upon relationality sensu lato. There is a complex genealogy going back to structuralism and semiotics, with their emphasis on the primacy of relations. These inspirations were taken further by a few prominent thinkers in the humanities to develop the idea of the network as a tool for imagination. Latour’s (2005) Actor-Networks or Ingold’s (2007) contrast between the concepts of networks and meshworks represent such a use of the network concept. These conceptualizations do not promote a formal network analysis (Knappett 2013:5) but it does not mean that they lack any analytical potential. It is just a different kind of analysis growing from different epistemic or even ontological traditions. While the proponents of formal analyses praise operationalization, visualization, and the ability to trace the hierarchy of nodes and edges, the other group marvels at the ambiguity, network invisibility (Latour 1993:5), and suppression of hierarchy. As Strathern pointed out: “A network is an apt image for describing the way one can link or enumerate disparate entities without making assumptions about level of hierarchy” (1996:522). Such epistemic differences about the appropriate ways to acquire new knowledge about social life make these perspectives difficult to integrate despite the new possibilities acquired via their synergy (cf. Knappett 2011:8), although there are attempts to combine these approaches at different scales (Blair 2015). In mortuary archaeology, the metaphorical perspective builds primarily upon networks as sets of relations that give rise to meaning (Hodder 1986; Preucel 2006). Artifacts are understood as a medium of non-verbal communication that co-constitute networks of relations and interactions between makers, wearers, and mourners associated with the artifacts (Felder 2015).

Basics of Mortuary Networks

The first step in formal analyses of mortuary networks requires a recognition of entities and relations that can be understood as nodes and edges. One of the reasons for less frequent application of network methods in mortuary archaeology might be the difficulty in conceptualizing relations. Given the fact that SNA, as a source of inspiration, evoked images of interacting individuals and groups, it posed a challenge for recognizing such social interactions and relations via mortuary evidence. Most formal analyses of mortuary evidence, since the time of the (New) Processual Archaeology, focused on statistical analyses of cemeteries and interpreted the patterns within the data primarily in terms of either social organization (structure) or temporal changes in mortuary practices. There was rarely anything like trade, gift exchange, or traveling that would make a straightforward shortcut into the image of a network at the burial grounds or in the landscape. Mortuary archaeologists apply network methods primarily as tools for analyzing and visualizing associations, similarities, and differences. The inferences made from these associations, similarities, and differences are diverse. It could be the hidden abstract structures in the archaeological record (Neustupný 1973), social inequality and changes in mortuary practices (Sosna et al. 2013), communities of practice (Blair 2016), consumption (Blair 2017), or exchange of cultural information (Bourgeois and Kroon 2017; Furholt 2014).

Once associations, similarities, and differences are understood as a basis for network methods, units of analysis must be selected. The analytical units in mortuary networks are artifacts/objects (Blair 2016; Bourgeois and Kroon 2017), burials (Neustupný 1973; Sosna et al. 2013), and regions (Furholt 2014; Mizoguchi 2009). Some analyses combine different units such as artifacts and burials/individuals either within a single analysis using two-mode networks (Blair 2016, 2017; see also Blair, “Material Culture Similarity and Co-occurrence Networks,” this volume Chapter 7) or via subsequent network analyses (Bourgeois and Kroon 2017). Also, networks are used at different scales that range from a single cemetery (Blair 2016; Sosna et al. 2013) to the continental level (Bourgeois and Kroon 2017; Furholt 2014). Ego-networks can be used to cross multiple scales and combine different kinds of archaeological evidence (Mol et al. 2015).

The variables used in mortuary network analyses are coded either as presence/absence, or by taking the quantities into account via weighting the presence of, for example, artifacts by their counts (Blair 2016:112) or normalizing the input variables (Bourgeois and Kroon 2017:4). Interval variables (e.g. dimensions of a grave pit) can be converted following ordinal logic, and divided into multiple presence/absence variables (e.g. presence of a grave pit with length category 2) (Neustupný 1973:209–210). The matrices with raw data can also follow the logic when presence and absence relate to the associations (e.g. a house structure is associated with a burial) (Mol et al. 2015:290). Once these matrices are prepared, they can be converted into symmetric matrices for network analyses. There are, however, various ways to do that. One can use similarity measures to create a symmetric matrix. In mortuary studies, Pearson’s correlation coefficient, the Brainerd–Robinson coefficient, simple matching distance, Euclidean distance, or cosine similarity index have been used. There does not seem to be general agreement on which measures are most appropriate. Similarity measures can also be obtained using multivariate statistical techniques. Furholt (2011:254) used the eigenvectors of the first two dimensions of correspondence analysis as input for network analysis. Since the chi-squared distances used in correspondence analyses can be read as Euclidean (Shennan 1997:316), Furholt used the Euclidean matrix for visualizing the degree of similarities among the archaeological sites situated in geographic space. Interestingly, thinking in terms of similarities can be reversed. Focusing on dissimilarity can be productive in mortuary studies to identify, for example, burials that stand out from the rest (Sosna et al. 2013:61). Similarity matrices can be converted to an adjacency matrix, which would describe the presence or absence of the edge between the two nodes, using the cut-off value (Merrill and Read 2010:425). Alternatively, an adjacency matrix can emerge by merging multiple presence/absence matrices with different sorts of archaeological evidence (Mol et al. 2015:291)

Network analyses and visualizations usually take place in software packages such as Gephi, Net Draw, Pajek, or Ucinet. Analyses include measures of centrality that relate to, for example, hierarchization of regional polities (Mizoguchi 2009), corporate groups burying the dead, or the development of the cemetery (Sosna et al. 2013). Commonly, edges are classified according to the strength of the association/similarity between a pair of nodes using edge thickness (Furholt 2014:80), color differentiation (Bourgeois and Kroon 2017:11), or cut-off value for the presence/absence of the edge (Sosna et al. 2013:60). Modularity analysis enables the identification of node clusters that refer to, for example, different communities of practice (Blair 2016:112). Most mortuary studies rely on the power of visualization when networks depict patterns of relations that can be interpreted and when basic visual differentiation (size, color, shape, thickness) among the edges and among the nodes can be projected. One of the strengths of network methods is the ability to work and think in both topological and geographic spaces. The analysts can use various layout algorithms (e.g. OpenOrd, Force-Atlas 2) that emphasize the topological patterns. Also, there is the possibility to integrate two different networks, for example, a network based on the Euclidean distances between graves in geographic space and a network based on chronological dissimilarity (Sosna et al. 2013:60). Mortuary archaeologists use primarily one-mode networks because of the feasibility and interpretability of the analytical results. However, two-mode networks are used as well to explore new qualities of relations. Blair (2017) used both one- and two-mode networks to understand better the relationship between the dead and artifacts via the “state-type” and “event-type” connections. The logic of two-mode visualization is reminiscent of biplots of multivariate analyses when the spatial relationships between both the burials and artifact types can be judged.

Case Studies

The following section introduces four case studies that represent the range of theoretical topics and methods used in formal network analyses of mortuary evidence. The selection reflects different regions and traditions of archaeological research (Czech Republic, Japan, Netherlands, United States), and time periods (third millennium bce, second millennium bce, first–third century ce, 17th century ce). The selection is, to a certain degree, arbitrary but these works represent the recent applications of formal methods to address different questions using different approaches to analysis. They demonstrate that network thinking and analyses are highly variable and offer several different avenues for new development. The presentation of the case studies is divided into two general groups that correspond to different scales of analysis.

Intra-Cemetery Networks

Networks and Consumption in Colonial Georgia

Blair’s (2017) study takes advantage of network concepts and methods to understand consumption practices in 17th century Georgia. He focuses on the cemetery located at the Mission Santa Catalina de Guale to demonstrate the relationships between objects and humans at different scales. Building upon his previous studies (Blair 2015, 2016), the author moves from the micro-scale of everyday consumption practices to global networks of relations through which beads flowed. He uses three interrelated theoretical concepts “object itinerary,” “community of practice,” and “consumption” to depict a dynamic picture of past social life. These concepts share the emphasis on the relational nature of social life that unfolds via practices of individuals and communities. While object itineraries are reminiscent of Ingold’s (2007) meshworks of sociomaterial interactions, communities of practice and consumption can be examined via formal network analyses that reveal the structure of relations between objects, sites, and individuals.

The author uses the assemblage of almost 70,000 glass beads associated with 431 individuals buried at the cemetery. There are two formal network analyses that work with different relations and, because of that, produce different inferences. The first is a unimodal network analysis of the relations among the individuals (nodes) buried at the cemetery using bead types, glass recipe, and manufacturing guild as variables describing the objects buried with these individuals (“bead burial assemblages”). Then the author creates a similarity matrix based on the Brainerd–Robinson similarity coefficient using the R script developed by Peeples (2011). Gephi SNA software is used to visualize the relations among the individuals, and modularity analysis is conducted to identify the subsets of relations within the network. According to Blair, the network depicts the patterns of “state-like” similarities between the individuals buried with the specific kinds and quantities of beads. The author interprets the patterns as evidence of different coexisting communities of consumption (Figure 8.1).

The second network analysis is bimodal and visualizes the relations between individuals and beads (nodes embody both individuals and beads). The input did not have the format of a matrix but rather an edge list describing the connections between the individuals and beads, weighted by bead counts. Again, Gephi and modularity analysis are used. The resulting bimodal network depicts the “event-type” connections that reflect transactions between the nodes. The author not only identifies the distinct communities of consumption, as in the first analysis, but also new chronological patterns that reflect the development of Mission Santa Catalina and the interaction between the communities of practice. Moreover, the author identifies a possible “broker,” the individual who might have represented the connection between two different communities of practice.

Blair’s research is interesting both on the methodological and the theoretical level. Blair demonstrates that the formal nature of network methods does not have to result in rigid reasoning in terms of patterns of similarities and past behaviors. In contrast, it is a nice example of how formal methods can go hand-in-hand with more interpretive theoretical approaches employing meshworks, itineraries of objects, or conceptualizations of groupness without reifying identity. The author considers not only consumption per se but also production and exchange, therefore reflecting the complexities of relations between people and things. Methodologically, the use of both unimodal and bimodal networks demonstrates that different kinds of relations and visualizations can stimulate new theoretical horizons and uncover previously undetected patterns, such as changes in interactions between communities and exceptional individuals who provided connections between the communities.

Networks and Mortuary Differentiation

Sosna et al. (2013) analyze the Early Bronze Age cemetery Rebešovice in the Czech Republic to explain the contrast between the center and the periphery of the cemetery which was detected by previous analyses (Sosna et al. 2008; Sosna 2009:77). They formulate two hypotheses to explain the contrasting pattern. The first hypothesis explains the difference between the center and the periphery as an effect of social standing, while the second hypothesis explains that difference, as an effect of temporal change in mortuary practices. Network methods are used not only to explore mortuary variability but also to test the two competing hypotheses.
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Figure 8.1. Unimodal social network visualization of bead communities of consumption at Mission Santa Catalina. Node color is based on the results of a modularity analysis and node size is based on betweenness centrality. Nodes are labeled by burial number.  Source: Blair 2017, Figure 2.3.



The authors focus on 72 single burials and define 40 variables. In addition to the general matrix, two subsets are defined to include the variables that correspond to social standing and chronology respectively. Network analyses are based on the conversion of the original presence/absence matrices into dissimilarity matrices using simple matching distance calculated in MS Excel 2003 and its VBA macros. Also, an Euclidean distance matrix based on the physical distance between the centroids of graves in two-dimensional geographic space is calculated. Then, the SNA software Pajek 2.04 is used to visualize the similarities or differences between the burials in geographic space and to integrate different kinds of networks into a single analysis.

The value of this paper is not in its substantive results, which reject both original hypotheses and enable the authors to interpret the patterns in the mortuary record as resulting from the coexistence of multiple corporate groups using specific areas within the cemetery. It is rather the experimentation with formal network methods in mortuary archaeology. There are two points that might be of potential interest for other archaeologists. First, the authors use the logic of both similarities and dissimilarities to visualize burials that are either most similar or dissimilar. Similarity tends to be a natural way of thinking about archaeological evidence because higher degrees of similarity in material culture can be interpreted as a reflection of social relations (cf. Mills 2017:387). In mortuary studies, inferences based on similarities are varied and range from the images of shared clan identity to strong ideology of uniformity. Switching the logic to trace dissimilarity enables the analyst to examine the exceptional burials, in whatever sense it might entail, in relationship to sets of other burials. Networks of dissimilarity are interesting not just because of the exceptional burials themselves, but also for pointing out and visualizing the relationship of these exceptional burials to the others. Second, the authors show that network methods include tools for integrating different kinds of networks. In this study it was the dissimilarity network based on chronologically sensitive data and the Euclidean network of physical proximity of the burials. It enabled the authors to see that the most dissimilar burials were located outside the main clusters of burials in terms of their spatial proximity (Figure 8.2). An alternative to this analysis could be done in a GIS environment where spatial density and clustering could be visualized as a background using raster procedures, and the network of dissimilar burials could be laid over this background. Integration of multiple networks derived from non-spatial data, however, still represents a potential space for further development of network methods.
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Figure 8.2. Network of burials in geographic space based on five variables associated with chronology. Edges – only 7% of edges with the highest values of simple matching distance (edges between highly dissimilar burials). The size of vertices reflects the degree of vertices. The artifacts depicted show selected attributes of ceramics such as bulges on the vessel’s belly, incised horizontal decoration, indented base, concave bottom, and prominent lip. Numbers designate burial IDs.  Source: Sosna et al. 2013, Figure 5.



Regional Networks

Networks and Transmission of Burial Rites

Bourgeois and Kroon (2017) focus on Corded Ware mortuary practices in northwestern and central Europe during the third millennium bce. The authors examine the exchange of cultural information via mortuary practices. Their analysis assumes that cultural information can travel over long distances not only via acts of gift-giving or trade but also via participation in mortuary rituals. When people visit funerals, they learn and establish agreement about what proper funerals should look like and carry these images back home. Since we know from ethnography that funerals in tribal societies are often gatherings of diverse people coming from distant places, the transmission of mortuary imagery can spread easily. The authors pay special attention to the ways the dead are positioned and dressed, which includes the information about the presence of artifacts in the graves and their spatial position.

The study is based on the analysis of three samples of mortuary data. The first one is the general sample of almost 1200 Corded Ware burials. The other two are subsamples of right-flexed (n = 169) and left-flexed (n = 112) burials, which refer to male and female burials respectively, with high quality data that enables contextualization of the artifacts in relation to the body. The authors record body positioning and the presence of ten categories of artifacts in the graves. Moreover, they divide the burial pit into eight zones, and record the position of the artifacts in these zones. Similarity matrices of the relations between the burials are calculated using cosine similarity index in SPSS 23 and input data is normalized to eliminate the bias caused by different quantities of artifacts in the graves. The visualizations of networks proceed at two different scales. The first one focuses on relations among the artifacts placed in specific zones of the grave pits across the researched region. The second scale describes the relations between the right-flexed or left-flexed burials of the high quality samples respectively and the general sample represented as a directed network. This enables the authors to trace relations among the regions (Figure 8.3).

The substantive results of the study demonstrate a high degree of information sharing concerning mortuary practices across vast geographic space. Also, it shows that male burials tend to be more “international” than female burials. This result is not only valuable in terms of understanding gender differentiation in prehistory but also different patterns of mobility of persons classified into different gender categories. The study contributes to aDNA and isotopic studies, which are not in perfect agreement with these results. It seems that the higher degree of feminine movement between places of growing up and places of death detected in isotopic studies and more local nature of female mortuary rituals offers an interesting space for further research.

The strength of this paper lies in its innovative methodological approach. Bourgeois and Kroon pay attention not only to the presence/absence of the artifacts but also to the ways the artifacts were used in the mortuary rituals. The inclusion of spatial data about the location of the artifacts in the grave pits is a great contribution to mortuary network analyses. Moreover, the authors can visualize the relations between the artifacts in different zones of the burial pit to show the relations between the burials across different regions. Also, the use of the directed networks for analyzing differences between female and male burials and their relationship to the general mortuary pattern embodied by the ten most similar burials from the entire dataset is another innovative step in mortuary studies. Nonetheless, the conceptual distinction between the source and the target in the directed networks of burials deserves more attention.
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Figure 8.3. Grave goods position and associations within left-flexed burials. This figure depicts the relations between grave goods in left-flexed burials (n = 112). A stylized burial pit is outlined in grey, a left-flexed body in black lines at the background. The positions of the symbols correspond to the standardized positions recorded for each grave good in the database, whereas the size of the symbol and the numbers within these symbols indicate the number of graves in which that specific object category was placed in that specific position.  Source: Bourgeois and Kroon 2017, Figure 6.



Networks and State Formation

Mizoguchi’s (2009) study examines the emergence of centralized hierarchy during the Yayoi and Kofun periods (first–third century ce) in Japan. The author focuses on keyhole-shaped burial mounds to trace the development of regional polities and their interaction. The central problem of the paper is the identification of factors that caused the centralization of hierarchy and the emergence of the Japanese state. Mortuary pottery styles and characteristics of mortuary rituals are used to explore the relationships between different regional units. The author assumes that these similarities correspond with the degree of interaction between the regional units.

The study is based on the analysis of relations among ten regional units (nodes) during the Yayoi (earlier) and Kofun (later) periods. The adjacency matrix reflects the presence or absence of a tie between a pair of regional units based on the stylistic similarities of mortuary pottery. The author calculates various kinds of centrality measures using UCINET and visualizes networks in Net Draw 2.074.

The results of network analyses show that the topology of the network itself represents a critical factor for understanding the rise of centralized hierarchy. One of the regional units, the Kinki-core, is situated in the central position within the topology of interactions between the polities. Its role as a paramount mediator of the interactions within the network helped this regional unit to become a superpower. Mizoguchi’s study is significant because it is one of the earlier attempts to use mortuary evidence for network analyses. It uses relational thinking to understand a critical theoretical problem associated with the rise of hierarchy in human societies. It indicates that power stems from the ability to mediate the flow of objects, ideas, and people, which is well known to contemporary archaeologists situated at different offices, departments, or institutes. From the perspective of contemporary network research, the analyses are relatively simple, but the conceptualization of the nodes and edges is carefully described. Also, the author experiments with various measures of centrality to reach his interpretations (Figure 8.4).
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Figure 8.4. Nodes and edges of the Initial Kofun period (Generated by “Net Draw 2.074” software to reflect the topological positions of the individual nodes and the edges constituting them Borgatti et al., 2002). East and west are reversed: (A) mainland Asia; (B) Tsukushi; (C) Izumo; (D) Kibi; (E) Taniwa; (F) Awa-Sanuki; (G) Kinki-core; (H) Koshi; (I) Owari and (J) The East.  Source: Mizoguchi 2009, Figure 5.



Discussion and Conclusions

Formal network analyses of mortuary archaeological evidence are less common than the analyses of settlement contexts, but they have received increasing attention during the past decade. Interestingly, the diversity of network approaches in mortuary archaeology is surprisingly high given the limited number of scholars and studies dealing with mortuary networks. It seems that most mortuary archaeologists have searched for network-related inspirations in diverse intellectual spaces outside mortuary archaeology. This results in different conceptualizations of networks based on similarities, dissimilarities, interactions, or associations. Also, the theoretical problems addressed range from the entanglement of humans and things in consumption to the emergence of states.

Network analyses represent an alternative to the more frequent multivariate statistical and GIS-powered analyses of mortuary archaeological data. Moreover, they can be utilized as an extension of these analyses as Furholt (2014) demonstrates in his network visualizations derived from the results of correspondence analysis. A special topic is the inclusion of spatial information. There are different ways to account for spatial information in formal mortuary analyses. One can use the coordinates, and project the nodes in geographic space. This is an alternative to the visualization of loadings from multivariate analyses using a GIS environment (Šmejda 2004; Sosna 2009:96). Interestingly, the analyses of mortuary networks are rarely integrated with GIS, which contrasts with other fields of archaeology where this combination is more common (cf. Mills 2017:385). One of the reasons is the ability to work with spatial coordinates within SNA software packages and switch to abstract topological space and back. This kind of analytical flexibility is one of the strengths of formal network methods and has the potential to stimulate thinking about the mortuary patterns. An interesting approach is zoning of a burial pit to account for the spatial position of the grave inclusions, with further exploration of the network patterns across the region of interest (Bourgeois and Kroon 2017). This is a truly innovative approach because it uses the relational logic across scales and connects them in a meaningful way. An analyst can move from the relations between the artifacts to the relations between the regions within a continent, therefore responding to the call that mortuary analyses should expand their scale of analysis (Beck 1995; Furholt 2014; Kolář 2018:13). Network methods not only enable the efficient expansion of the scale but, more importantly, enable movement across the scales as Blair (2015) demonstrates with his theoretical journey from consumption of artifacts by individuals to global connections between the producers, traders, and consumers of the artifacts.

Mortuary networks offer new opportunities for making synergies between formal network methods and metaphorical uses of network concepts that multiple scholars call for (Knappett 2011:8; Pálsson 2021). Bimodal networks that connect humans and things may be reminiscent of Actor-Network thinking, which mobilizes different kinds of relations regardless of the ontological status of the nodes (Blair 2017:22). A similar tendency is exemplified by the theoretical movement from micro-scale meshworks to larger-scale networks (Blair 2015:82). The next step in this direction might be to incorporate different notions of personhood based on relational logic (Mauss 1985; Strathern 1988), which has already received some attention in mortuary archaeology in terms of problematizing Western assumptions about personhood and their analytical consequences (Gillespie 2001). Recently, there have been attempts to experiment with “Strathernian” thoughts on relational ontology and search for ways to make them archaeologically relevant (Deicke 2020; Knappett 2020; Morris 2020). Both Deicke and Morris initially used strathernograms to conceptualize the human-thing relations and later produced formal networks of relations. Deicke developed three different ways to translate strathernograms into a formal network model. Her step-by-step approach leading to a three-mode network of relations between graves and objects, graves and regions, and objects and regions is a stimulating contribution to mortuary analyses. Morris focused on modeling the relations between tombs and object (grave inclusions) provenance, where the individual funerary assemblages were supposed to reflect the relations enacted via reciprocal hospitality during feasting. The resulting two-mode network gives a sense of similarities and differences in the mortuary record. In both of these studies, the interpretative leap from network patterning to personhood remains a challenge. The network patterning is meaningful even without alternative ontologies. Moreover, there is another issue that Morris (2020:69) mentions. Strathern’s interpretations put too much emphasis on exchange as a vehicle for understanding personhood. But not all social relations are based on or have to be seen through the prism of exchange, although Strathern (2020) herself still recognizes the critical role of exchange in her last monograph. As recent scholarship in economic anthropology indicates (Humphrey 2012:23; Makovicky and Henig 2017:3) it is moral aesthetics rather than the transactional logic of reciprocal obligations that drives certain actions and shapes social relations. This critique makes the application in mortuary archaeology even more challenging and opens a question as to whether the Strathernian transactional notion of personhood is the best inspiration for archaeology, or whether a different kind of reasoning such as Mauss’s (1985) gradation of personhood imagined through the notion of collectivity would serve better. Anyway, Knappett (2020:34) is right that the formal abstractions of human-thing entanglements imagined in alternative ontologies have not been developed enough. Still, there seems to be a semiotic gap between network patterning and alternative ontologies that work with different assumptions about the nature of the world.

Another fertile direction might be the integration of different kinds of networks that Sosna et al. (2013) touched upon in their integration of networks derived from the dissimilarities among the burials and their spatial distance. In this context, it is surprising how little attention has been paid to synergies with biological anthropology given the presence of human remains in mortuary contexts and highly developed techniques used in biological anthropology that focus on biodistance including both phenotypic (Knudson and Stojanowski 2008; Stojanowski and Schillaci 2006) and aDNA variation (Haak et al. 2008). Indeed, an archaeobotanical approach to networks derived from the analysis of relations between DNA fragments might be an inspiration (Li et al. 2016). None of the case studies mentioned in this chapter makes any serious use of the biological data or bioarchaeological analyses. This is one of the crucial directions for the future of mortuary networks.
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CHAPTER 9

Geochemical Networks

Mark Golitko

Introduction

Since its inception during the mid-1960s, geochemical or compositional sourcing of archaeological artifacts has been the most direct means of identifying the production location and transport of materials in prehistory, and consequently, of identifying interaction between communities or regions. As methods have advanced, the handful of early analyses possible during the 1960s and 70s has increased to thousands or even tens of thousands of sourced artifacts spanning large world regions. Yet, after an early interest in formal modeling of exchange and transportation systems during the 1970s, these geochemical data are rarely situated within a formal methodological or theoretical framework, and have instead been analyzed in an ad hoc and often conceptually vague fashion. Network analysis has been sporadically applied to such data since the late 1970s, and holds considerable promise as, at a minimum, a bridging set of methods connecting data on inter-community contacts to higher-level theories of exchange and broader prehistoric social life. Work to date, however, has been largely inductive, and while providing an improved means of visualizing geochemical data, has failed to fully exploit the possibilities of network methods and perspectives. Geochemical data provide both a means of testing models of interaction between communities or regions, but also a means of further informing on the nature of network ties created using other lines of archaeological data, for instance stylistic information. I define a “geochemical” network broadly as any archaeological approach that combines geochemical information on artifacts with methods drawn from network science/analysis to examine the structure or dynamics of ancient exchange and interaction. It should also be noted that the methods and concepts presented in this chapter could equally well be applied to artifacts analyzed and sourced by petrographic means. Complementary studies by both chemical and petrographic analysis of ceramics, for instance, might prove particularly fruitful for the application of network methods and concepts.

 
Archaeological Science and Networks: Early Developments

Archaeologists seem to have shown little interest in understanding the nature and impacts of inter-community connections until the post-WWII era. While diffusion of practices and ideas formed a central explanatory process within the culture-historical paradigm of the early 20th century, it was only in the mid-1960s that scholars working in the “new” or “processual” paradigm grew interested in identifying and understanding the role that inter-community and interregional links played in past social dynamics. Against the background of a systems theory framework, these archaeologists viewed interregional exchange and the social links they implied as part of an integrated, structured, and functional set of interconnections that allowed successful adaptation to local ecological and social conditions (Trigger 1989). While both chemical and mineralogical analyses of ceramics and metals had been undertaken since the earliest days of antiquarianism, post-war methodological developments in nuclear physics and resulting methods of isotopic separation, measurement of radioactive decay, and spectrometry created a host of new analytical possibilities for measuring the composition of artifacts (Pollard and Bray 2007:146).

In the mid-1960s, Renfrew, Dixon, and Cann (Renfrew et al. 1966, 1968) published the first effective sourcing studies of archaeological material culture, linking obsidian from Neolithic sites in the Near East to sources in the Anatolian highlands and Mediterranean islands. They were particularly interested in understanding the routes and processes by which domesticated plants and associated knowledge may have spread through the region. These papers arguably represent early “relational” archaeological studies, in that they focused on the relational structure of sites to understand a process, not just local ecological conditions at particular sites, as was the case for earlier studies of domestication of plants and animals. Along with applying geochemical methods, Renfrew (1977) also grew interested in more formally modeling the exchange systems through which obsidian and goods moved. Drawing primarily on models developed in economic geography, he developed different models of movement such as “down-the-line” exchange and “central-place” redistribution. In addition to providing a framework for understanding the observed distribution of source materials, Renfrew (1969) linked these exchange mechanisms to processes of social change including the development of social hierarchy.

It was also during the mid-1970s that several researchers first considered the possibilities of network analysis and modeling for archaeology. Irwin-Williams (1977) proposed creating what was essentially a multiplex network of connections between sites in cases where the exact provenance of goods could be established on compositional or stylistic grounds. She outlined how networks could be expressed both in matrix and graphical form, as well as suggesting useful network metrics that could be calculated from such data. However, she did not actually carry out an analysis using geochemical or other similar data.

As such, the first examples of “geochemical networks” in archaeology are arguably those created by Jane Pires-Ferreira (1976:302) and Geoff Irwin (1978). Pires-Ferreira used obsidian source data and similarity measures to infer links between Formative Mesoamerican communities, then used these links to infer regions or communities that shared similar source frequencies and may have engaged in similar paths of obsidian procurement. Irwin used co-presence of similar ceramic compositional types from sites on the southeastern coast of Papua New Guinea to examine the prehistoric development of production monopolization by the inhabitants of Mailu Island. Pires-Ferreira’s work, like that of Terrell and other early network practitioners in archaeology, appears to largely reference concepts drawn from locational and economic geography as filtered through anthropological studies of trade and exchange (Brughmans 2013). Irwin was the first to combine compositional data with metrics and concepts developed within the emerging field of social network analysis (SNA), arguing that the centrality of Mailu in earlier interaction patterns led to the ability to eventually dominate production and transport along the Papuan tip region.

These early attempts to combine network concepts with broader archaeological practice, including archaeometry, had little broader impact. The problem of equafinality in systems models, including fall-off curve based analyses of exchange (Hodder and Orton 1976), created skepticism about some of the formal models created to study archaeometric data. More broadly, Marxist and hermeneutic trends in archaeology, which tended to focus theoretical interest back on localized cultural and historical trajectories (Trigger 1989), limited the contemporary appeal of structural approaches like network analysis more generally after the 1970s.

Network Science and Archaeometry

During the 1990s, archaeometry began to move from a fringe area of research largely conducted by physical scientists to an increasingly integrated component of archaeological practice (Pollard and Bray 2007). The volume of geochemical data available to researchers during the 1970s was typically very small. Instrumental limitations and the high costs of analyses resulted in many studies that only characterized a handful of artifacts, and few if any large regional databases existed. In many cases, the geographical origins of distinct artifactual compositional “signatures” remained unknown, limiting the degree to which the geographical movement of objects could be determined with any precision. Many early studies simply sought to determine whether compositional variability existed at a particular site or not, and only a few studies systemically sampled by chronology, geography, or overall assemblage variability. Consequently, comparison between published studies was often difficult (Freund 2013; Golitko 2019).

Because of ongoing research and methodological advances, the amount of data available rapidly increased by the later 1980s. Extensive surveys of raw material sources, particularly for obsidian, allowed for far more confident source assignments. Lower costs for neutron activation analysis (NAA) allowed for the creation of large comparative regional datasets for obsidian and ceramics (Minc and Sterba 2016). New techniques of chemical measurement, principally laser ablation-inductively coupled plasma-mass spectrometry (LA-ICP-MS) and X-ray fluorescence (XRF), became established methods by the first decade of the 2000s, allowing for the development of larger datasets of geochemical measurements than previously possible. Recently, the development of portable XRF (PXRF) spectrometers has resulted in huge increases in the amount of sourced archaeological obsidian, although the technique remains problematic for many other materials. For instance, the number of geochemical measurements of obsidian from Mesoamerican archaeological sites has been increasing at a roughly exponential rate since 2007 (Golitko 2019), when the first archaeological PXRF analysis (Craig et al. 2007) was published.

Archaeometric advances were in part responsible for changes in archaeological theoretical orientations during the early 2000s. Direct evidence for high rates of human mobility from isotopic and modern and ancient DNA analyses contributed to the recognition that the largely localized view of prehistoric dynamics developed during the 1980s and 1990s could no longer be maintained (Martinón-Torres and Killick 2015). In addition, the development of complex network models in the physical sciences moved network analysis away from the determinism inherent to earlier systems models, providing a new set of concepts for modeling prehistoric process (e.g. Bentley and Maschner 2003) and renewed interest in more formally studying prehistoric interaction. The vastly greater volumes of provenance data available by this time also allowed for an increasing focus on regional meta-studies of archaeometric data to identify large-scale patterns in exchange networks rather than focusing primarily on procurement patterns at individual sites (Golitko 2019).

Network methods have emerged as a new path toward visualizing, analyzing, interpreting, and modeling the movement of goods between archaeological sites and places, and the social links implied thereby (Golitko 2019). Studies using geochemical data generally fall between two methodological poles—those that attempt to inductively infer network structure directly from archaeological sourcing data, and those that test deductive models using provenanced archaeological materials (e.g. Östborn and Gerding 2014; see Per Östborn and Henrik Gerding, “Inference from Archaeological Similarity Networks,” this volume Chapter 5). In the following two sections, I will briefly address some of the primary approaches utilized to wed archaeometric data with network models and methods.

Data Visualization and Network Inference

By far the most frequent use of geochemical data in archaeological network analysis consists of inductively creating networks directly from sourcing data, then using network methods to visualize and/or analyze data patterning. It is important to recognize that unlike a classical social network analysis, in which ties are directly observed, creation of an inductive archaeological network is more properly construed as an exercise in network inference, specifically through the use of similarity ties. Any such approach begins with a table of counts or frequencies of archaeological objects subjected to geochemical/compositional analyses by site or context, which can be used to construct a two-mode bipartite network linking sites to each other only through shared sources or geochemical types. An example of this approach is recent work on Mesoamerican obsidian (Figure 9.1). Obsidian sourcing has a long history there, allowing for a relatively detailed examination of diachronic patterns in volcanic glass procurement. Figure 9.2 shows such a bipartite network constructed from frequencies of different obsidian sources at sites dated to between 300 bce and ce 300 (Golitko et al. 2019).



[image: image]

Figure 9.1. Map of central Mesoamerica showing sites with sourced obsidian for the period between 300 bce and ce 300 (circles) and major sources of geochemically distinct obsidian (squares).



A variety of approaches can be used to convert from source frequencies to inter-site ties, including presence/absence of shared materials (e.g. Jaccard or Hamming distances), or metrics based on frequencies (chi-square or Brainerd–Robinson indices) (Golitko et al. 2019; Mills et al. 2013; Phillips 2011; Prignano et al. 2017) (Figure 9.2). Habiba et al. (2018) provide a useful overview of potential similarity metrics for use with archaeological frequency data. Figure 9.3 shows the same data as Figure 9.2 but converted into a one-mode network by calculating inter-site Brainerd–Robinson coefficients.
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Figure 9.2. Two-mode network of sites and obsidian sources in Mesoamerica for the period between c. 300 bce–ce 300.



The similarity network approach has been applied to a variety of material types to date, including obsidian (Freund and Batist 2013; Gjesfjeld and Phillips 2012; Golitko et al. 2012; Golitko and Feinman 2015; Ladefoged et al. 2019; Meissner 2017; Phillips 2011), ceramics (Bernardini 2007; Gjesfjeld and Phillips 2012), alloyed metals (Radivojević and Grujić 2018), and manufactured glass beads (Blair 2015). While not strictly “geochemical,” Buchanan and colleagues (2016) employ visual sourcing of flints (which are challenging to source by geochemical analysis) to infer a network for Clovis-period hunter-gatherers in North America using similar methods (see also Buchanan and Hamilton, “Networks and Cultural Transmission in Hunter-Gatherer Societies,” this volume Chapter 29). Obsidian has been most commonly analyzed using network visualization and analysis, probably because exact source determinations are possible for this material, and because a long history of work has resulted in large, regionally comparable datasets (Golitko 2019). For materials such as ceramics or metals, geographic point sources are typically not definable, and similarity is based on co-occurrence of particular compositional recipes or types (e.g. Gjesfjeld and Phillips 2012; Radivojević and Grujić 2018).

There are notable advantages to using similarity networks to display geochemical data. Fall-off curves are limited in their ability to incorporate more than one source at a time, and typically compress distance from source to a single spatial dimension, thereby ignoring variability relative to direction from source. While two-dimensional contour plots can overcome the latter issue, contour inference algorithms (inverse-distance weighting, splining, etc.) typically smooth out local variability to generate macro-regional patterning. Contour plots also cannot deal with more than one source at a time (Golitko 2019), unless a statistical ordination technique such as principal components analysis (PCA) is first applied (e.g. Dreiss and Brown 1989). Ordination methods like PCA, however, introduce another layer of analytical complexity that can make it more difficult to interpret which geochemical sources or types are principally influencing network structure.

By contrast, the use of similarity networks to represent material distributions can simultaneously incorporate all represented geochemical sources of a material, represent site–source relationships in two dimensions, and incorporate inferred site–site connections (Weidele et al. 2016). While network visualization in two dimensions also requires ordination by techniques like PCA, MDS, or Gower scaling, network ties themselves are visualized independent of any such method. Patterning evident in such a network can often provide relatively straightforward information on which sites share similar patterns of procurement, and how particular sources are distributed without the need for more advanced network metrics or statistics.

Other archaeological evidence can also be incorporated into such geochemical networks to infer tie directionality. For example, Meissner (2017) combines geochemical analysis with more traditional lithic analysis to incorporate production evidence into the construction of edges based on obsidian source frequencies in the Petén Lakes region of eastern Mesoamerica. Similar approaches might be attempted for ceramics or metals, although in both cases, identifying specific production locations is often more problematic than for lithic materials.
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Figure 9.3. One-mode network of sites linked by Brainerd–Robinson coefficients of similarity (normalized to a 0 to 1 scale) with edge weights below 0.37 removed. Sites are shaded by approximate area within Mesoamerica.



Model Validation

A variety of approaches exists for modeling potential prehistoric exchange routes and any could in principal be validated using new or extant geochemical data. For instance, Knappett, Evans, and Rivers (2008) model Bronze Age transportation routes around the Aegean Sea based on properties of network optimization and using a gravity model that incorporates site size and inter-site distance. While this approach allows them to dynamically explore the role of node removal on overall network cohesion (Knappett, Rivers, and Evans 2011), they do not provide any network validation based on stylistic or geochemical evidence for inter-site connections. In another study, Gjesfjeld and Phillips (2012) develop models using ethnographic theory to examine ceramic exchange during the epi-Jomon and Othotsk periods in the Kuril Islands of the Russian Far East, as well as comparing their real-world data to randomized null models.

Ortega, Ibáñez, and colleagues (Ibáñez et al. 2015; Ortega et al. 2014; Ortega et al. 2016) use a combination of network analysis and agent-based modeling to revisit the Near Eastern obsidian data originally collected and analyzed by Renfrew, Cann, and Dixon. The distance fall-off models developed by Renfrew were unable to account for the distances to which obsidian was transported during the Neolithic period—over 700 km in some cases. Ortega and colleagues employ a “rewiring” method similar to that first proposed by Watts and Strogatz (1998) to generate small-world networks, then simulate obsidian flow through the resulting networks. The fall-off patterns generated by this approach more closely match observed archaeological distributions of obsidian, although still not fully reaching the distances observed prehistorically. These studies show considerable promise in combining formal modeling and network science concepts with geochemical data, yet issues remain with how best to combine the two approaches to most effectively leverage networks and geochemical data to answer significant questions about the human past.

Archaeometry and Archaeological Networks: Problems and Prospects

Both archaeometry and network analysis have been accused of being atheoretical or generating analyses with little justification (Borgatti et al. 2009; Martinón-Torres and Killick 2015). While Borgatti and colleagues note that network analysis and science at least have a unifying theoretical outlook—the central importance of relationships to explaining outcomes—Martinón-Torres and Killick (2015) argue that the archaeological sciences are effectively “agnostic” toward archaeological theory. Archaeometric data require an external theoretical framework, but is often collected without a clear theoretical focus or set of expectations, resulting in haphazard sampling and vague conclusions (Freund 2013; Golitko 2019).

Ideally, a geochemical study should begin with a series of alternative structural models of transport linked to broader notions of human intention, mobility strategies, raw material distribution, availability, procurement (either direct or via exchange), the organization of production, the means of distribution (gifting, markets, middleman exchange etc.), social and economic network structure, and broader social structure. Sourcing evidence could then be used to test between the available models. These models can be conceptualized as either alternative possibilities for examining distribution and social ties during a single phase or time period, or as diachronic alternatives linked to a variety of possible mechanisms or processes that might account for changes in network topology. Arguably, no studies within archaeological network practice have achieved this ideal approach (but see Bernardini 2007 for a study that develops and tests network models incorporating some of these components). There remain a variety of conceptual and methodological approaches to combining network analysis with geochemical data, informed by a range of theoretical positions. While it is beyond the scope of this chapter to suggest a single theoretical approach to combining archaeometric data with network concepts and methods—and it is not clear that there is or should be such a single approach—I will attempt to address some of the issues with existing practice.

Edge Interpretation

There is little consensus, and at times, little effort, put into conceptualizing how archaeological data, edge formation, and broader inferences are linked to one another (Brughmans 2013; Munson 2019). A geochemical network constructed from site assemblage similarities is not necessarily the same thing as a network of social ties or actual material transactions between actors or communities. As for other archaeological networks that start as two-mode networks of assemblage similarity (whether based on compositional or stylistic data), geochemical data intrinsically only map the end result of many transactions between places or prehistoric actors, many of whom may have no direct contact with one another. Understanding the underlying set of actions, motivations, and connections that generated that distribution still requires further inference (Golitko and Feinman 2015; Mills 2017).

As sharing even a single geochemical type will result in a non-zero tie strength between any two sites, geochemical networks are often highly connected relative to the typical density of real world social or economic networks. Tie strength can also be impacted by the distribution of raw material sources—in a region with many different possible sources, site similarities may on average be far lower than in regions where only a few possible sources were exploited. This effect is visible in Figures 9.2 and 9.3—while western Mesoamerican sites (where many sources are present) are relatively sparsely connected by low-weight ties, Maya sites in eastern Mesoamerica (where only three sources were primarily exploited) are densely connected by high-weight ties, resulting in a so-called “hairball” structure that reveals little inter-site patterning. Consequently, many analyses selectively omit edges to produce a more informative visualization of data. There is no consistent standard across studies—Golitko and colleagues have adopted a so-called “mini-max” approach, omitting as many edges as possible while retaining a fully connected network (Golitko and Feinman 2015; Golitko et al. 2012; Golitko et al. 2019), but other approaches have also been used. Mills and colleagues (Mills et al. 2013) use a threshold of 0.75 similarity (based on a normalized Brainerd–Robinson coefficient), while Phillips (2011) selects a threshold value at which omitting further edges causes network density to rapidly decline.

While such edge exclusion thresholds are arbitrary, it is sometimes argued that higher-weight edges are more informative of underlying network activity—as Golitko and Feinman (2015: 216) write, “we interpret tie strength in the weighted networks as indicative of the probability that that tie was present, operational, and significant in the past.” While almost all extant studies use a threshold for visualization purposes, there remains debate over the value of omitting edges for purposes of applying formal measures to similarity networks. While Peeples and Roberts (2013) argue for retaining all edges during formal analysis, Golitko et al. (2019) suggest that measures should be applied at a variety of threshold values to identify structural trends that remain consistent as lower weight edges are removed.

Yet it remains unclear what exactly either of these methods are inferring. To use the categorization of edges proposed by Borgatti et al. (2009) and applied archaeologically by Munson (2019), the challenge of geochemical network inference is to begin with “similarities” and reconstruct “flows.” Without a clear method of doing so, many further inferences regarding network structure, site positioning, and network dynamics remain difficult to interpret. For instance, is site centrality in a similarity network the same as site centrality in a network of actual exchange connections, or simply an artifact of site sampling? Is “small-world” structure in a similarity network (e.g. Buchanan et al. 2019) analogous to the small-world phenomenon in individual social networks (Watts and Strogatz 1998)? Similarities may in some cases reflect participation in the same components or paths within underlying exchange networks, and thus inform on the underlying topology of the transactions through which goods were moved. Alternatively, tightly connected groups of sites may represent something closer to what Mills (2016) has referred to as “communities of consumption”—either the conscious or the unconscious choice of a particular ware type, obsidian variety, glass recipe, etc. In other cases, network topology may inform more on “communities of practice” than the physical movement of goods by identifying shared ways of making things, for instance a shared ceramic paste recipe or alloying method. Table 9.1 attempts to summarize some of the complexities that may exist in interpretively inferring the flow of materials and ideas from initial similarities between site assemblages—note that only some of these factors may apply in any given archaeological context. Depending on the level of preexisting knowledge, and the questions being asked, some factors in Table 9.1 may be assumed, while others are tested—i.e. while switching from two-mode to one-mode analysis primarily involves inferring the last column of Table 9.1 from the first column, archaeological interest may focus on any of the potential intermediary possibilities listed within the table.

Modeling Geochemical Data

Any or all of the structuring principles listed in Table 9.1 (and no doubt many that are not included) could also be used to generate more formal models of network flow that can then be validated using archaeometric data. Modeling approaches to date show considerable promise, yet there remain questions of how best to construct such models, what level to model at, and how to develop suitable baseline or null models. While many models begin at the level of the site (the level at which most archaeological network analysis takes place, e.g. Knappett et al. 2008), other studies (e.g. Crabtree 2015; Ortega et al. 2016) use agent-based modeling in conjunction with network analysis to model individual level motivations and how they impact either network formation or the end distribution of materials (see also Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18). While Crabtree (2015) organically grows hypothetical networks based on considerations of ecological risk and geographical and social distance, the work of Ortega and colleagues (2014, 2016) begins by simulating network structure, then letting agents move materials along those paths. The latter approach is similar to the work of economists such as Wilhite (2001) in modeling economic transactions along different network structures, yet there remains considerable disagreement among archaeologists and anthropologists as to what extent western formal economics captures the realities of exchange across time and cultural differences (Oka and Kusimba 2010). While ethnographic (e.g. Apicella et al. 2012; Hamilton et al. 2007; Schweizer 1997) and historical studies (e.g. Orengo and Livarda 2016) represent rich sources of theorizing and modeling, few studies (e.g. Hage et al. 1986) of ethnographically documented exchange have examined the material outcomes of particular network structures in the context of culturally specific practices to develop archaeologically testable models. There remain other possible fruitful sources of model input, including incorporation of cost-distance modeling (e.g. White and Barber 2012), baseline information on likely mobility patterns (e.g. Drennan 1984), considerations of resource availability and demand, and broader considerations of population distribution and site size (e.g. Brown and Witschey 2003) that may impact how goods were moved through the landscape prehistorically.



Table 9.1. Categorization of potential factors linking observed assemblage similarity to the interpreted flow of goods and materials, modified from Borgatti et al. (2009) and Munson (2019).




	State
	Event



	Similarities
	Social relations
	Interactions
	Flows



	Attribute
	Location
	Membership
	Kinship
	Other role
	Affective
	Hierarchical





	Same raw material
	Raw material proximity
	Same ethnic/linguistic group
	Family
	Apprentice/ward
	Identity expression
	Unequal alliances
	Gifting
	Movement of raw material



	Same compositional recipe
	Site proximity
	Same sociopolitical unit
	Lineages/clans
	Alliances
	Habitus and enculturated practice
	Ranked lineages/clans
	Positive-negative reciprocity
	Movement of finished goods



	Same style
	Workshop proximity
	Same workshop
	Heritable friends
	Production guild
	Enculturated preferences
	Patron/client
	Redistribution
	Movement of ideas/recipes/skills



	Similar frequencies of compositional type or style
	Proximity to alternative materials
	Same market
	Fictive kin
	Trade guild
	Acquired preferences
	Chiefs/nobility/royalty
	Purchasing
	Movement of artisans/producers



	Object or material quality/performance
	Proximity to major movement routes
	Same guild
	Ethnicity
	Broker
	Magico-religious beliefs
	Debt
	Tribute/taxation
	Movement of capital/currency



	Production evidence/stage
	Proximity to ports/trade depots
	Traditional monopoly
	
	Middleman or trader
	
	Unequal resource access
	Plunder
	



	Aesthetic/visual properties
	Availability of other valued goods for exchange
	Community of practice/consumption
	
	
	
	Unequal knowledge
	Learning/teaching
	







Surprisingly little work has been done on modeling network dynamics relative to changing patterns of resource procurement—while many inductive studies incorporate diachronic information, I am unaware of any formal models that currently do so. Finally, archaeologists (and network scientists more broadly) have not yet developed formal means of evaluating the likelihood of a model or evaluating how well it might fit to actual data. Most commonly, researchers have examined whether observed patterns of resource distribution are significantly different from what might be expected given an underlying random network (e.g. Gjesfjeld and Phillips 2012). Exponential random graph models represent another potential tool for assessing model fit, allowing combinations of different variables to be probabilistically tested against archaeological data. For instance, Amati and colleagues (2020) model prehistoric social connections in the Caribbean Sea using a combination of archaeological site location, evidence for movement of goods, and network structures that tend to limit edge redundancy.

Geochemical Resolution and Network Analysis/Modeling

Inherent limits to the resolution of sourcing relative to applications of network analysis were already noted by Irwin-Williams (1977:143). The geographical resolution of sourcing data is highly dependent on material type, analytical methods employed, and perhaps most importantly, the geological and technological environments in which the studied objects were produced. While some materials like obsidian can in most cases be assigned with high confidence to geographically localized flows, other materials like flints and cherts may appear geochemically similar over tens or even hundreds of square kilometers. Metals (Radivojević and Grujić 2018) may be recycled over the course of their object lives, while other multi-phase materials like glass beads may involve complex production chains, and are therefore sometimes difficult to assign back to particular workshops or geological sources. Clays may be highly compositionally distinct over relatively small areas in geologically complex environments (for instance, the Hopi area of northeastern Arizona—Bernardini 2007), but may be either homogenous over large areas, or highly heterogeneous but geographically un-patterned in complex sedimentary basins (e.g. Golitko 2015). Pottery may also entail complex production chains—for instance, in some ethnographic cases in the southwestern Pacific, potters living on particular islands obtained their clays from trade friends living on other, geologically distinct, islands (e.g. Lauer 1971).

On the one hand, complex production chains may provide opportunities to tease out subtle components of underlying socioeconomic network structure, for instance by documenting the transport of ingots or unfinished raw glass between two places prior to remelting, coloration, or other technological practices. On the other hand, geochemical resolution may set the resolution of any resulting network study. If all study sites in a relatively geochemically homogeneous region share the same compositional type of ceramics, for instance, it may not be possible to distinguish between a few communities producing pottery that is then widely traded, as opposed to every community in a region producing similar pottery.

Archaeologists using geochemical data to create networks must remain cognizant of the inherent limitations of any data they utilize, and test the model expectations that are appropriate to the scale of geochemical resolution available to them. Improvements in sourcing methodology, application of multiple techniques, and higher resolution field survey of potential raw materials may improve the geographical resolution of sourcing in the future in some areas, but there are presumably limits imposed by geology that ultimately cannot be overcome. However, as technological advances continue to drive down the cost of geochemical methods and increase their availability, archaeologists wishing to use these data in the framework of network modeling and analysis will also be able to combine sourcing studies on several different materials with stylistic and contextual information to improve the geographic resolution of their analyses.

Conclusion

Killick (2015) has described archaeometry as entering an “awkward adolescence” characterized by a diversity of approaches, inconsistent attention to data quality, and use of sometimes-inappropriate methods to address particular questions. The combination of such data with network approaches, while holding great promise, is comparatively still in its infancy. There does seem to be increasing recognition among practitioners that archaeologists need to be more concerned with the ramifications of broader interdependencies between archaeological sites and regions. Yet there is at present no consistent approach for combining direct evidence for the movement of goods between places by geochemical means with network approaches to analyzing and modeling the structure, dynamics, and import of those connections.

With few exceptions (e.g. Mills et al. 2013), archaeometric methods have not been combined with stylistic or other information to shed further light on inter-community relationships. Yet archaeometric methods may provide a means of distinguishing between different possible interpretations of edges constructed via stylistic data or other sources such as geographic positioning. As methods advance and costs of analysis reduce, archaeometric studies will be capable of generating more detailed information on processes of production and materials procurement by combining multiple methods of analysis on different compositional components of the same objects. Recent examples include studies of ceramics by LA-ICP-MS that are able to distinguish between clay and temper sources (e.g. Gehres and Querré 2018; Palumbi et al. 2014) and thus examine both procurement and transportation as well as technological practices.

Network analysis at a minimum represents a powerful means of visualizing geochemical data, with notable advantages over other means of display. Network visualization shifts the focus from source–site relationships to site–site relationships, yet interpretation of the edges generated by such inductive approaches remains poorly theorized. It remains to develop a truly anthropologically informed set of network models linked to well-understood diachronic processes that can be validated or falsified using archaeometric data.
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CHAPTER 10

Networks and Museum Collections

Sarah M. Griffin and Florian Klimm

Introduction

Network science has recently been used to investigate the use of materials and their interplay with human culture (see Blair, “Material Culture Networks,” this volume Chapter 7). Two-mode networks are particularly well-suited to analyze networks based on the characterization of individual objects as they allow the representation of affiliation data (Peeples 2019). Such approaches have been used, for example, to study the connections between settlements and obsidian sources (Mills et al. 2013), as well as pottery forms and archaeological sites (Brughmans and Poblome 2012). In this chapter, we use information about the media used for the creation of museum objects—provided by the Metropolitan Museum of Art, New York—to construct networks of media usage in the collection. Through this example, we explore the potential applications of network methods for the study of museum collections and other datasets of material culture with comparably structured data.

The functional foundation of every museum is its collection. Encyclopedic museums, sometimes referred to as “universal museums,” bring together material artifacts from cultures around the world (Fiskesjö 2014). The Metropolitan Museum of Art (“the Met”) demonstrates its aim to do so in its mission statement: to be an institution that “collects, studies, conserves, and presents significant works of art across all times and cultures in order to connect people to creativity, knowledge, and ideas” (Met 2019). Encyclopedic museums function as centers of learning, both through the experience that is crafted for its visitors and, in more recent years, the sharing of learning resources online (e.g. The Heilbrunn Timeline of Art History, an initiative of the Met). Regardless of their medium, these resources are built around the objects contained within the collection, the relationships that can be drawn between them, and the stories that can be told through them. For a museum to reach its greatest potential as a center of education and inspiration, knowledge of its collection is crucial.

A visitor’s comprehension of a collection is largely determined by the ways in which it is displayed. Public collections are curated subsets of material culture and their presentation requires a degree of subjective interpretation. What we see walking into a museum is not representative of its entire collection, particularly in large museums that are divided into multiple departments and where only a fraction of the collection is on display. Thanks to the increasing quality and quantity of collections databases, we can use digital tools to reveal new perspectives on museum collections, which are determined less by many of the subjective choices made during their curation. Using the collection of the Met as an example, we employ network science as a means to study the different media of the objects and their importance in relation to the rest of the collection.

Analysis through tools from network science helps navigate some of the inherent issues of studying a large museum collection as a single entity. First, the Met contains one of the largest existing collections of art and artifacts, consisting of over 1.5 million objects, whose dates of production span over 5000 years. Of this total number, 470,172 objects are in the Met’s database as of November 2019. The dataset is thus too large to study with the naked eye. Even if a world specialist on the collection, namely a curator from the Met, looked at 100 objects per working day, it would take them 18 years to see all of the objects in the database.

Second, if it were possible to retain such a high quantity of information, digital tools can offer a perspective of a collection that is less distorted by the way in which the collection is physically displayed. At the Met, only a small fraction (about 4%) of the whole collection is on display (Pogrebin 2019). A visitor’s understanding of the collection is therefore based on the small subset of objects included in the public-facing display, which obscures their sense of its true scale and contents. The networks we create take objects not on display into consideration and thus challenge this perspective.

Third, our understanding of the way in which the objects within a collection relate to one another is influenced by the subjective decisions made in their accession and therefore care. For example, when an object is accessioned it becomes the responsibility of one department, which influences the other objects it is displayed with and the part it plays in the narratives told by the museum. Divided into 17 curatorial departments, the Met’s holdings are mostly categorized according to medium (such as Drawings and Prints), function (Arms and Armor, Musical Instruments), historical period (Medieval Art), and place of production (The American Wing). Yet in many cases these categories overlap, meaning some departments are defined by more than one of these factors (European Painting and Ancient Near Eastern Art), with the effect that the categorization of many objects is not absolute and left to subjective choice. For example, a 13th-century tile with an image of a phoenix (Acc.no.12.49.4) while medieval is in the Islamic Art Department. The visitors of the Met are therefore less likely to associate the tile with other 13th-century objects outside of the Islamic Art Department, such as those in the Medieval Art Department. Although these decisions also influence the ways in which the objects are described and therefore represented in the dataset, a network of the entire database allows us to see relationships between objects that may have been obscured by departmental divisions.

We identified the Met’s collection as the subject of our analysis due to the size and accessibility of the dataset. As part of their Open Access Program, the Met has been making their database available since October 2018 through GitHub (The Metropolitan Museum of Art’s CC0 select datasets 2018). Of those institutions that have made their collection data downloadable, the Met has some of the most varied holdings in terms of time and place of production and so its analysis as one dataset is particularly challenging.

Certain aspects of the available data have previously been visualized with fruitful outcomes. In response to the data release, a partnership was formed between the Met and Parsons School of Design, New York, to foster individual projects in which students created data visualizations to gain insight into the data and how it could be used. A variety of tools were used to visualize the metadata of select parts of the Met’s collections, ranging from studies of individual departments, such as the Costume Institute and Modern and Contemporary Collection, to singular artist’s oeuvres, including analyses of paintings by van Gogh and Albrecht Dürer, and subsets of oeuvres, such as Fugaku Sanjūrokkei’s “Thirty-Six Views of Mount Fuji.” Closest to our project in aim, Helen Chu’s Met.erials used natural language processing to identify the materials most commonly mentioned as an object’s “medium” in the entire database, before showcasing top examples of objects containing that material (Chu 2018).

In this study, we use information about the media used for the creation of each object to construct networks. Specifically, we construct a two-mode medium–object network and a one-mode network of media co-occurrence. To study the change of material usage over time and across cultures, we also construct a temporal multilayer network (cf. Birch, “Material Networks and Culture Change,” this volume Chapter 6). The resulting networks provide novel perspectives of the constitution of the Met’s collection, which is less determined by how the objects have been categorized or displayed. The findings of this approach suggest that it has great potential for the study of other datasets of material culture, beyond collections in museums and heritage sites. More broadly considered, the tools described in this chapter have wider applications to other datasets that share issues regarding difficult or inconsistent categorization of objects, including those formed from archaeological excavations. Our findings also show that in certain cases, the analysis of these datasets can be used to make observations about the history of material culture.

Data and Preprocessing

We obtained collection metadata from the Museum’s open access CSV, available on GitHub. As the database is updated on a regular basis, we used a recent version from November 2019. The data covers 470,172 objects with 44 different annotations (e.g. department, culture, object date, dimensions, and medium). For many objects, not all of the annotations are available. The “medium” is provided as a single string and is available for approximately 98% of the objects. To receive a list of different media (which includes materials and techniques), we split these string values for every object at occurrences of certain words and punctuation marks (e.g. commas, colons, and prepositions and conjunctions, such as: and, on, with). With this procedure, we obtain 28,268 different media. We have made the constructed network available on the last author’s webpage (https://floklimm.github.io/code_and_data.html).

Results

To investigate the information concerning the different media used in objects within the Met’s collection we construct different networks and investigate the centrality of nodes in them (see Filet and Rossi, “Network Methods and Properties,” this volume Chapter 2 for an overview of network properties).

The most native way to represent the information of the composition of the circa 500,000 objects is through a two-mode network. In these networks two types of nodes exist: one type represents objects and the second represents media (see Figure 10.1a). Two nodes (object i) and (medium j) are connected if the (medium j) is part of (object i). The “Bust of the Virgin,” for example, has the medium annotation “terracotta with paint” and is therefore connected through two edges with the nodes “terracotta” and “paint”. As in all two-mode networks, edges do not exist between nodes of the same type. As we only keep objects for which we have “medium” metadata, every node has at least one edge connected to it.




[image: image]

Figure 10.1. A two-mode network of the Met collection in which one set of nodes represents the objects and the second set of nodes represents the media. We represent the media (materials and techniques) that have been assigned to the objects in the Met collection as a two-mode network in which one set of nodes represents the objects and the second set of nodes represents the media. The two-mode network in (a) is a subset of the constructed network with six objects. Objects (from left to right): “Bust of the Virgin” (Acc.no.2005.393), “Head of King Seti II Wearing the Blue Crown” (Acc.no.34.2.2), “A Gathering at Wood’s Edge” (Acc.no.1995.101), “Enthroned Buddha Attended by the Bodhisattvas Avalokiteshvara and Vajrapani” (Acc.no.2004.259), “Diana” (Acc.no.1985.353), and “Enthroned Deity” (Acc.no.32.161.45). All images are in the Public Domain. (b) We show the 20 most abundant media in the dataset and how they are distributed among the 7 departments. This is equivalent to the degree of the material nodes in the network as constructed in (a). The inlay indicates the number of objects in each department. (c) We construct a two-mode network projection in which nodes represent media exclusively. Media are connected with an edge if they are used together in an object. There is an edge, for example, between “terracotta” and “paint” because they are both used in the “Bust of the Virgin.”



For our first step, we investigate the abundance of different materials in the collection. For this, we compute the degree [image: image] for every node [image: image] that represents a medium. Therefore, the degree measures in how many different objects this medium is used. In Figure 10.1b, we show the 20 media with the highest degree. All of them are widely available media.

The 17 curatorial departments of the Met vary strongly in size (i.e. the number of objects in them). For the top 20 media, we show their distribution between the different departments. The media vary in the amount in which they can be found in multiple departments. While some of the most common media are exclusive to just one department, others, such as silk, gold, wood, and silver, are found in numerous departments.

Most media that belong almost exclusively to one department belong to the Drawings and Prints Department. Among the top 20 media, this includes etchings, engravings, and commercial color lithographs. This can be explained first by the department’s contents and second by its cataloging practices. First, the higher number of objects with these media can be explained in part by the size of the Drawings and Prints collection, which is the department that contains the most objects. It consists of more than 150,000 objects, almost a third the size of the Met’s collection dataset. Its contents date from the 14th century—the earliest being “Head of a Bearded Man,” Bohemian artist, c. 1360–80 (Acc.no.2003.29)—whereas other departments span thousands of years. The Asian Art Department, for example, includes objects from 3000 bce (Acc.no.2007.280) to the present (Acc.no.2018.897a–p). Yet in comparison to other media, the individual artworks in the Drawings and Prints Department tend to be more portable and more often sold and bought in groups.

Second, and related to the way in which the works are acquired, collections of drawings may be cataloged as multiple individual items with their own entries in the database, despite being arguably part of one larger artwork. For example, the group of prints made by Cherubino Alberti (1553–1615) after Michelangelo’s “The Last Judgment” fresco in the Sistine Chapel are part of the same artistic project, but each separate engraving, showing a different detail of the fresco, has its own catalog entry: for example, compare “The Good Thief” (Acc.no.59.570.234) and “Two Damned Souls Fighting” (Acc.no.59.570.235).

In contrast, the most common media that belong to multiple departments reveal insights into the cross-cultural use of materials. As many of the departments are defined by the time and place in which their objects are made, the presence of a medium across many of them demonstrates that it has been used in artworks across time and/or place. Silk, for example, is present in works from (listed in order of the departments containing the most silk objects to the least): the Costume Institute, European Sculpture and Decorative Arts, Asian Art, Islamic Art, Modern and Contemporary Art, and six more. The use of silk in the Costume Institute’s collection only serves to tell us that silk has been used to make or decorate clothing, whereas the other departments reveal more insights. Although we cannot use the network to assess the extent to which silk was used in these different cultures, the Met’s collections show that silk was available to be used in European, Asian, and Islamic cultures. The Silk Road, a network of routes through which silk was traded from approximately the 2nd century bce, ran between Eastern and Western cultures, connecting East and Southeast Asia with Central Asia, India, Southwest Asia, the Mediterranean, and Northern Europe (Andrea 2014). This explains how silk would have been accessible to these different cultures and thus how it features in objects from multiple departments.

Thus far, we have established that some of the media are non-evenly distributed between departments. We now investigate the relationship between the media, independent of the departmental categorization. For this we use a “two-mode network projection.” Specifically, we construct a one-mode network [image: image] in which the node set N represents the medium. Two nodes u and v are connected by an edge if they have at least one common neighbor in the two-mode network (i.e. there exists an object that consists of these two media). In Figure 10.1c we demonstrate this network projection for a schematic network that is a subset of our data. There is an edge, for example, between terracotta and paint because they are both used in the “Bust of the Virgin.” In the schematic, the node “red chalk” is an isolated node because it only occurs in one object that consists of one material. Although each red chalk drawing is executed on a drawing surface, most often paper, the description of their medium does not include the drawing surface, indicating that this is consistent with the cataloging practice of the Met’s Drawings and Prints Department. The obtained network has n = 28,268 nodes, out of which 24,758 are in the largest connected component. The network has m = 138,641 edges, which results in a mean degree of [image: image] and a density of [image: image]. We show the largest connected component in Figure 10.2 and highlight the 20 nodes with the highest degree. We observe that in this two-dimensional force-directed layout, nodes in the upper part represent media (e.g. pen, chalk, wash, graphite) that are associated with pictures, such as paintings and drawings. In the lower part, in contrast, we observe media associated with three-dimensional objects, such as gold, silver, and wood.




[image: image]

Figure 10.2. Force-directed layout of the largest connected component of the material-co-occurrence network. Each node represents a medium and nodes are connected if two media are used together in an object in the Met collection. The size of each node indicates its degree. We use Netwulf to visualize the networks (Aslak 2019).



This network reflects whether media are combined in at least one object of the Met’s collection. It does not directly take into account the abundance of media in the collection, as we have analyzed it before. To access the importance of materials in this collection, we compute centrality measures (see Filet and Rossi, “Network Methods and Properties,” this volume Chapter 2). Specifically, we compute degree, PageRank, and eigenvector centrality (Table 10.1).



Table 10.1. The top 10 media in the two-mode projection network as identified by Degree, PageRank, and Eigenvector Centrality.




	Degree
	PageRank
	Eigenvector Centrality





	Pen
	Pen
	Gold



	Gold
	Etching
	Wood



	Brush
	Ink
	Pen



	Graphite
	Gold
	Silver



	Brown ink
	Paper
	Paper



	Wood
	Wood
	Silk



	Silk
	Graphite
	Graphite



	Etching
	Watercolor
	Ink



	Ink
	Brush
	Brush



	Silver
	Silver
	Glass







Overall, there is a strong correlation between the abundance of materials and their centrality in the co-occurrence networks. We observe, however, that pen, which is not among the most abundant materials in the collection, is the material with the largest degree and the largest closeness. Similarly, gold, which is only the eighth most abundant material in the collection, is the material with the second largest degree and the largest eigenvector centrality.

This indicates that the precious metal has been used in combination with many other materials. Wood is the second ranked material by the eigenvector centrality and is only the ninth most abundant material, also indicating that it is a versatile material that is used in combination with many other techniques and materials.

Temporal Centrality

To investigate temporal patterns of material co-occurrence, we construct a temporal network as a multilayer network (Kivelä et al. 2014). Specifically, we construct a temporal network in the snapshot representation [image: image] which is a discrete-time sequence of graphs. Each of the graphs[image: image], with[image: image], represents the connectivity at a discrete time [image: image] and [image: image] indicates the nodes that are present at [image: image]. We choose a time window of 100 years, such that each [image: image] represents a century but other choices (e.g. decades or millennia) are possible. For convenience, we write the snapshot representation algebraically in a binary node-by-node-by-time ([image: image]) adjacency tensor in which the non-zero elements [image: image] indicate the presence of a binary edge from node i to node j in time layer t. In Figure 10.3a, we show a schematic temporal multilayer network that consists of four layers. A broad range of network methods have been generalized for multilayer networks. For comprehensive overviews see Bianconi (2018) and Kivelä et al. (2014). Here we focus on the temporal degree, [image: image] which measures the degree of node i in layer t.



[image: image]

Figure 10.3. A temporal multilayer network used to investigate the change of centrality of media over time. (a) A schematic multilayer network in which each layer represents the media used in one century. (b) We show the number of used materials as a dashed white line and the maximum degree in each century as a solid black line. The background color indicates which material has the highest degree in each layer. (c–e) We use a three-core decomposition to show the most central nodes in the layers representing the 19th century bce, 10th century bce, and the 11th century ce, respectively. The size of each node indicates its degree.



Overall, the number of nodes increases over time, which indicates an increasing usage of different media, as well as a more detailed description in the collection metadata. We validate this in Figure 10.3b, where we show the number of media over time as a dashed white line (Pearson correlation [image: image] with p-value [image: image]). The solid black line indicates the maximum degree of all nodes in a given century/layer, which also increases over time (Pearson correlation [image: image] with p-value [image: image]). This indicates that, over time, these media are combined with a larger number of other media.

This effect might be driven by a combination of various reasons. First, modern technologies make a more diverse—and as such larger—set of media (e.g. daguerreotype, steel) available. Second, earlier objects might consist of materials that are more likely to have survived over centuries, possibly due to the perceived value of certain materials (e.g. gold is less likely to be discarded), or due to their physical properties. This means that more durable materials, such as bronze and stone, are more likely to be over-represented in museum collections, while organic materials are featured less as they decay more quickly (Caple 2012).

In Figure 10.3b, we show the medium with the highest degree for each century through color. Overall, in these 41 different centuries only 16 different materials have the highest degree, which indicates a remarkable consistency in media usage. During the 19th century bce faience is the most important material. Remarkably, bronze is the medium with the highest degree during the end time of the European Bronze age (approximately 600 bce). Precious metals, such as gold and silver, are the media with the highest degree in more than a quarter of all centuries, reflecting their crucial usage in many objects that are present in the Met’s collection.

Some of these observations reinforce narratives about the history of art that are told through the museum collections. For example, Figure 10.3b shows that faience is the most popular medium during the 19th, 14th, 13th, and 11th centuries bce, which coincide with the Middle Kingdom (c. 2030–1650 bce) and New Kingdom (c. 1550–1069 bce) of Egypt. Faience is closely associated with Ancient Egypt as reflected in the use of the term “Egyptian faience,” which is used to distinguish it from the faience used for tin-glazed pottery in northern Italy (Nicholas and Peltenburg 2000). This association is further shown by the entry “Egyptian Faience: Technology and Production” on the Met’s Heilbrunn Timeline of Art History (Riccardelli 2017). A museum—particularly an encyclopedic museum such as the Met—may be more likely to collect Ancient Egyptian objects made of faience as there is an expectation that the museum will have objects that speak to this well-known association.

While useful as an overview, Figure 10.3b summarizes all of the information into one metric and, in doing so, loses a lot of information concerning the structure of the network layer for each century. To achieve a more nuanced understanding, we must look at the layers individually. In Figure 10.3c–e, we show as case studies three of the 41 layers, representing the 19th century bce, the 10th century bce, and the 11th century ce respectively. To allow the visual inspection of these large networks we use three-core decomposition (i.e. the recursive removal of all nodes with degree k < 3), which is a widely used technique for visualizing the most central nodes in a large network (Alvarez-Hamelin et al. 2005).

Analysis and comparison of the layers as separate temporal networks reveal differences in the use of materials between each period. Comparing Figure 10.3c with Figure 10.3d, which represent the 19th and 10th centuries bce respectively, we find that bronze and wood are the materials with the highest degree, whereas the importance of faience decreases in Figure 10.3d, probably for the reasons indicated above. This demonstrates that the co-occurrence pattern of media change over time.

In Figure 10.3e, which represents the 11th century ce, we find that the network increases dramatically in size as more media occur. In the largest connected component, we find a modular structure with the first module being organized around precious metals, such as gold and silver, and the second being centered around earthenware. For the earthenware, we can often interpret the media connected to it as attributes that describe techniques applied to the material’s surface (e.g. glazed, unglazed, or impressed). This is a sign of both the versatility of earthenware as a medium through the different techniques that can be applied to the material, and their detailed description in the annotation data. Similarly, the second largest component consists of different organic fibers that are oriented around cotton and linen.

The individual layers also reveal inconsistencies in the cataloging of the media, which alter the structure of the network and can thus be misleading. In Figure 10.3c, we observe two components, one large and a smaller component consisting of three media. In the larger component, wood is the most significant material and is connected to paint, another important material. In the smaller component, however, we see one of the nodes is painted wood. If the annotation was consistent, “painted wood” would be replaced by “wood” and “paint”. Accordingly, in the resulting network there would be just one connected component. This example demonstrates how small discrepancies in the annotations can lead to significant alterations in the results. We discuss in our conclusion how the use of standardized ontologies could weaken the effect of such annotation biases.

Instead of temporal patterns we can also investigate spatial patterns. Specifically, we can subset objects by their country of origin and so construct a network of material usage for each country separately. In Egypt, the largest country of origin in the dataset with more than 30,000 objects, wood is the most central material. In the United States it is graphite. If we cross reference this with the temporal network in Figure 10.3b, which shows graphite to be the most central medium during the 19th and 20th centuries, we can suggest that this may reflect the importance of pencils as a widely available implement for writing and drawing during this time in the United States. While we cannot conclude this to be the reason, we can use temporal and spatial networks to formulate hypotheses about the collection, which can be developed and questioned through art historical analysis.

Discussion and Conclusion

In this chapter, we constructed networks from the publicly available collection data of the Met. To build on earlier approaches that investigated the development of material culture within the collections over time (see Blair, “Material Culture Networks,” this volume Chapter 7), we focus on the media that form the objects. We constructed a two-mode network with nodes representing media and objects, and a two-mode network projection that consists exclusively of “media” nodes. In the latter, edges indicate that two media occur together in an object.

We find that media are not evenly distributed among the 17 curatorial departments of the museum. These observations reflect curatorial decisions of a direct and indirect nature: directly, when objects are assigned to the same department because of their medium (e.g. “gelatin silver print” to the Photographs Department) and indirectly, when objects of a similar cultural background are grouped together (e.g. Greek and Roman Art Department). As “terracotta” was widely used in the Mediterranean during antiquity, we can see the Met’s collection reflects the prominence of this medium at a certain time and place.

To investigate the temporal dimension in more detail, we constructed a temporal multilayer network in which each layer represents the co-occurrence of media in a century. We find that the number of media increases over time and that media change their relative importance over time. This again can reflect both an actual change in the way the media have been used in the past and the collecting practices of the museum.

One limitation of our study are data biases, as the data itself is curated. While the database, as provided by the Met, is impressive in quantity, quality, and coverage, we observe that objects’ annotations vary strongly in their amount of detail, which is at least in part due to the range of the collection. Compare the medium annotation of two different desks: a “Louis XV circular marquetry and bronze dore table de salon” by Martin Carlin (Acc.no.1975.1.2028) is made of “Oak veneered with tulipwood, amaranth, holly, and sycamore; six Sèvres soft-paste porcelain plaques and two painted tin plaques; gilt-bronze mounts; marble shelves; moiré silk” and “Library Table” by William Lightfoot Price (Acc.no.1991.145) is made of “White oak, stained.” The higher level of detail of the first annotation reflects the more complex composition of the first desk, which may be why its materials are described in a different format than that of the second object.

Ideally, museums would adopt clearly defined ontologies that allow a unified and systematic annotation of objects across departments that are constructed with a computational analysis in mind. In the case of the above example, annotations such as “two painted tin plaques” could instead be replaced with “paint, tin”. Although one should be aware that the creation of a standardized ontology risks losing certain details about the media, this formulation would make their processing with digital tools more straightforward and would also allow the annotation to incorporate hierarchical information (e.g. “oak” being a subset of “wood,” being a subset of “organic material”). Museums have begun to use ontologies like the CIDOC Conceptual Reference Model (Dörr 2002), which will ease investigations, as the one presented here, in the future. For archaeological networks, the potential of CIDOC has recently been demonstrated in several case studies (Pálsson 2020) (see Vitale and Simon, “Linked Data Networks: How, Why and When to Apply Network Analysis to LOD,” this volume Chapter 24). For the reasons outlined above, however, encyclopedic museums provide more challenges for constructing ontologies as they need to be adaptable for a much wider range of objects and therefore media.

As the collection data of encyclopedic museums becomes more widely available, the comparison between the datasets of different museums becomes more fruitful. Combining networks of each museum’s collection not only allows us to consider more objects, but can also reveal insights into how their collections compare and therefore what is common or significant to each. Certain departmental practices common to each museum, such as the delineation of a separate department for prints and drawings, may also help support or disprove our initial observations of the Met’s collections. On the other hand, radical differences between datasets could reveal what is unique to a collection and thus give a sense of the individual identity of each museum. For such efforts that combine the data from multiple collections, the usage of common annotation principles and a digital ontology would be particularly fruitful.

We have established that museum collections are not accurate representations of the historical use of different media, as their collections consist of fragmentary remains, and are displayed through the lens of the changing attitudes of collectors and curators (Caple 2012). While the method of analysis in this chapter cannot be used to interpret trends of how materials have been used in the past in an absolute sense, the observation here is valuable as it shows that certain media, such as silk, existed in multiple cultures across time. This observation is an important indicator of how analysis of a museum collection can inform the study of the history of material culture more broadly conceived.

In this chapter, we discussed an exploratory data analysis to identify important materials over time. A more advanced statistical analysis that investigates the significance of these findings in comparison with statistical null models (see Amati, “Random Graph Models,” this volume Chapter 19) could reveal to what extent our findings differ from random network models. Of particular interest could be the study of whether the increase of maximum node degree over time is significant under the bias of increased annotation.

We have also shown that working with domain experts is crucial. In this study, experience and knowledge of cataloging practices allows us to see when a network representation appears misleading due to particular annotations that, although inconsistent between departments, must be retained for the accurate description of individual objects. In turn, we hope that the trends identified through these networks can provide starting points for scholars of art history and museum studies, and bring attention to new questions about the collections that, without the help of digital tools, have until now gone unnoticed. The discussed methods could also have applications to datasets from excavation sites, which may share similar issues regarding their annotation practices. Just as museum objects are categorized inconsistently into departments, excavated artifacts may be organized by their material, function, and/or size simultaneously.

Overall, the analysis of museum collection data is a novel application for network science; it has the potential to allow a holistic approach at a whole collection that can guide an expert’s view through a statistical analysis of their data. In a wider setting, we also believe that the presentation of museum objects online (e.g. the “Cabinet” project of the Oxford Internet Institute) alongside the digitization, curation, and publication of object metadata allows fresh views on museums and their collections, in addition to making them more accessible to a wider public.
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Geographical Networks

 
 
 
 
 

CHAPTER 11

Nearest and Relative Neighborhood Networks

Diego Jiménez-Badillo

 Introduction

Proximity networks are useful to investigate the effect of space on the configuration of ties between archaeological entities. This is especially relevant in situations where physical links do not exist and archaeologists require a method to discover, before further analysis, probable connections between sites or artifacts using only their spatial coordinates. One example is the study of spatially symbolic contexts, such as Aztec offerings, whose interpretation depends on extracting networks of abstract relationships between ritual objects to discover spatial combinations of artifact categories that might constitute symbolic themes (Jiménez-Badillo 2004, 2013). Proximity networks are equally relevant to compare the connectivity of an actual network of archaeological sites with the structure predicted by an ideal model in order to identify similarities and differences that can be explained in combination with further archaeological evidence. An example is the analysis of the distribution of Roman pottery throughout the Mediterranean region conducted by Brughmans and Poblome (2016). The authors started by representing the co-presence of ceramic wares in production and consumption centers, using non-spatial relational networks; afterwards, they assessed how the non-geographic relationships found earlier could be explained by theoretical routes revealed by proximity networks of the sites under study. Combining co-presence and spatial networks was a key strategy to select the hypotheses that best explained the empirical archaeological data.

In cases like these, it is desirable to have a model for network retrieval that relies primarily on analyzing the spatial arrangement of the sites through a formal definition of proximity. In a first stage, such models must draw connections without any preconceived hypothesis on how or why the sites should be linked, a condition that we may call spatial descriptive autonomy. The resulting network can then be used as a null hypothesis based on the premises that (a) all nodes are equally important, and (b) spatial distribution is the only factor affecting inter-site relationships. To make such a benchmark less deterministic, it is desirable that the model allows discovering different degrees of spatial association, so archaeologists can test afterwards several hypotheses about which connections are more significant according to archaeological empirical evidence. Additionally, the model must facilitate a gradual, interactive, inductive exploration of the sites and links.

This chapter describes several models for network retrieval that satisfy such requirements. Some consist of measuring linear distances between points, while others are based on drawing regions of influence around the sites under study. Particular attention is given to the concept of relative neighborhood, which allows computing a family of networks known as relative neighborhood graph, Gabriel graph, β-skeleton, and limited neighborhood graph. These have been applied in fields as diverse as astronomy (Fang et al. 2019), biology (Adamatzky 2013), operations research, and urban geography (Watanabe 2008, 2010), but despite their potential, not many archaeological applications have been developed. For this reason, we dedicate the final section to suggesting three potential application areas in archaeology.

Networks Retrieved by Measuring Linear Distances

The simplest approach to reveal proximity relationships is using point coordinates to calculate linear distances from every site to all others. The goal is identifying, for each node, the neighbor that is closest. Most applications operate in two-dimensional space and the metric used is Euclidean distance, but the concept can be extended to other metrics and higher dimensional space. The concept of nearest neighborhood underpins a vast number of clustering, classification, and seriation methods used in archaeology since the 1960s (Evans 2016; Kendall 1971; Pinder et al. 1979; Renfrew and Sterud 1969).

Nearest Neighbor Network

We can obtain the Nearest Neighbor Network by connecting each node to the node closest to it. One can extend this notion to incorporate the second, third, or even farther closest points, obtaining a k-nearest neighbor network. Because the points are fixed, the linear distance between each pair of points represents an absolute measure of association. This assumes, for example, that a site interacts more strongly with a neighbor located 3 km away than with another situated 20 km distant.

It is worth noticing that the nearest neighbor function is not symmetrical. Indeed, a node nj may be the closest neighbor of ni, but ni might not be the nearest neighbor of nj. This contradicts intuitive perceptions of proximity, especially when the density of the points varies throughout space (below we present the alternative notion of limited neighborhood, based on regions of influence, which is better suited to deal with density variations and to explore contextual relationships).

Another model is the mutual nearest neighbor network, constructed by linking only the points that are nearest neighbors of each other, resulting in a symmetrical adjacency matrix.

Furthermore, the nearest neighbor notion could be generalized by replacing Euclidean distance with proxy measures like cost or time, which in many situations offer more realistic ways to model human interaction and movement (Evans 2016).

 
Minimum Spanning Tree

Measuring absolute linear distances is the basis for retrieving spanning trees. Given a network with n nodes, a spanning tree is a set of n − 1 edges joining the n nodes, such that every node can be reached from any other through an edge-path. The minimum spanning tree (MST) is the shortest of all spanning trees. It is worth noticing, however, that in some cases the same shortest edge-length can be achieved by linking points in different ways, and therefore a point set may have several MSTs. Retrieving MSTs offers a good solution for many optimization problems, such as planning movements through networks, which has obvious applications in archaeology and anthropology in general, especially for revealing shorter routes between localities. One of the best examples is the ethnographic study of linguistic groups and evolution of chiefdoms in Oceania by Hage and Harary (1996) and Hage et al. (1996).

Networks Retrieved by Analyzing Regions of Influence

A more flexible notion of proximity investigates the location of sites in relation to the position of others. This is done by defining neighborhoods that represent areas of influence around the sites under study and examining topological properties that do not change under the motions of rotation, translation, reflection, and scale (e.g. proximity, connectedness, and adjacency), since there is a certain logic in the idea of two objects being meaningfully related if: (a) they are relatively close to each other; (b) their respective neighborhoods share some boundary; and (c) they can be connected according to their morphological arrangement.

Voronoi Diagram and Delaunay Triangulation

The principal model of area vicinity is the Voronoi diagram (VD), known in archaeology as Thiessen or Dirichlet tessellation (Hodder and Orton 1976:59–60). Given a set of nodes N = {n1, n2, …, nn}, the Voronoi diagram is an exhaustive subdivision of space into n convex cells that delimits the space closer to one particular node than to any other. Therefore, the space assigned to each node represents its maximum possible region of influence, or field of action.

The VD exposes the topological structure of the point set in terms of adjacent regions, but it also allows the direct spatial relationships between points to be revealed. This is done by linking every pair of points whose Voronoi cells share a side. The result is a maximal, connected network called Delaunay Triangulation (DT). Both VD and DT are unique in the sense that one cannot retrieve different diagrams for the same arrangement of points (Figure 11.1). Furthermore, in two-dimensional Euclidean space, DT can be drawn on a plane without its edges crossing each other. This property is called planarity, and it is important because many other interesting characteristics like average degree and planar face density can be derived from it using well-known theorems of graph theory (Barthélemy 2011).



This simple but powerful model has numerous applications in studies of space assignment, spatiotemporal dynamics, and two-species competition (Okabe et al. 2000). In archaeology, VDs have been applied since the 1970s to assess hypotheses on territorial organization of ancient societies (Clarke 1979; Cunliffe 1971; Danks 1977; Ducke and Kroefges 2008; Hammond 1974; Hodder 1972; Hodder and Orton 1976).



[image: image]

Figure 11.1. An example of Voronoi diagram (thin lines) and Delaunay triangulation (thick lines).



The Relative Neighborhood Concept

Following the idea of areas around points, other classes of proximity networks have been developed. The most interesting are based on the notion of “relatively close” neighbors. This model delimits regions of influence, but instead of assigning one region for each node (like the VD), vicinity is defined for pairs of nodes. The neighborhood extension depends on the specific separation of each pair-combination of nodes, and varies accordingly, while its shape is determined by certain geometric functions like a circle whose circumference passes through the pair of nodes, the intersection of two circles centered at the nodes, a conical function, or more complex forms (Cardinal et al. 2009). In all cases, two nodes are considered relative neighbors if and only if their area of influence is empty.

It is worth noting that, contrary to the nearest neighbor relation, the relative neighbor concept responds well to density variations in the spatial distribution of points. In fact, it was developed in geographic variation analysis to overcome the problems of single-link clustering methods (Gabriel and Sokal 1969; Lankford 1969). Four types of networks derived from this concept are described next.

Relative Neighborhood Graph

The relative neighborhood graph (RNG) links two points if they are as close to each other as they are to any other point (Lankford 1969; Toussaint 1980). Retrieving an RNG involves testing, for each pair combination of nodes, the emptiness of a region of influence that resembles a “lens,” “almond,” or “lune,” also known as vesica piscis (Figure 11.2a,b). Given a set of nodes N = {n1, n2, …, nn}, such a region is defined by the intersection of two circles Ci and Cj centered at ni and nj, whose radii are the distance d between ni and nj:



[image: image]

Under such a model, an edge (i,j) is included in the RNG if and only if:



[image: image]

The RNG holds interesting hierarchical relationships with other proximity networks. In particular, Toussaint (1980) demonstrated that the RNG is a supergraph of the MST and a subgraph of the DT. Therefore, it lies in an intermediate position as a graph with not too few (MST) but not too many edges (DT), which makes it a very good descriptor of internal point set structure (Figure 11.2b). Indeed, it is quite useful for recognizing shapes of point patterns in a manner that resembles the human visual perception. Examples of this effect can be seen in Adamatzky (2013, 2014) and Toussaint (1980). References to RNG algorithms and a link to software are given at the end of this chapter.

Gabriel Graph

A second type of region of influence is a circle of diameter d(ni, nj), whose circumference passes through ni and nj. This produces the Gabriel graph (GG) whose edges are determined by the so-called least square adjacency criterion (Figure 11.2c,d), defined by Gabriel and Sokal (1969), and Matula and Sokal (1980).

Given a set of nodes N = {ni, nj, …, nn} and the Euclidean distance function d(x,y), there is an edge (i,j) if and only if:



[image: image]

Matula and Sokal (1980) proved that the Gabriel graph is a subgraph of the DT and a supergraph of both the RNG and the MST. Therefore, it contains more edges than the RNG, and the properties of connectedness, planarity (in 2D Euclidean space), and uniqueness existing in DT and RNG also hold for GG. Planarity means that the network can be drawn in a 2D plane without its edges crossing each other, which is important because it allows measuring other important properties to characterize the connectivity of empirical networks.



[image: image]

Figure 11.2. Two types of relative neighborhood regions and their resulting graphs: (a) intersection of circles. Notice that no edge exists between p3 and p4 because their region of influence contains other points; (b) relative neighborhood graph; (c) circular area. In this case, edges (p1,p2) and (p5, p6) are drawn because their corresponding regions of influence are empty, which contrast with p3 and p4, whose region contains other points; (d) Gabriel graph.



Unfortunately, MST, RNG, GG, and DT provide only static views of spatial network structure. In archaeology, however, it is convenient to have a model that explores spatial relationships in a gradual, flexible, and interactive way, especially in contextually oriented analyses. The so-called β-skeletons and limited neighborhood graphs offer two good alternatives.

 
β-Skeletons

One of the most interesting parameterized families of proximity graphs is based on the notion of the β-neighborhood (Radke 1982). Given a set of nodes N = {n1, n2, …, nn} there is a family of regions of influence, whose extensions and shapes are controlled by a positive real number called beta (β) (Figure 11.3a,b). According to Kirkpatrick and Radke (1985), when β is close to zero, it delimits a small region whose emptiness is a necessary condition for the pair to be neighbors. As β increases, the region delimits a relatively large neighborhood whose emptiness defines a sufficient condition for the pair {ni, nj} to be neighbors. Thus, β-neighborliness occurs within the range of these minimum and maximum bounds. This contrasts with the notion of fixed areas of influence defined for RNG and GG.



[image: image]

Figure 11.3. Four shapes of parameterized relative neighborhood: (a) lune β-neighborhood; (b) circular β-neighborhood; (c) R1 = lune [image: image]-neighborhood; (d) R2 = circular [image: image]-neighborhood.



By applying different values of β, one can obtain a spectrum of networks whose edge density varies from very sparse to very dense (Kirkpatrick and Radke 1985; Radke 1988), which in itself reveals subtle transitions in the spatial relationships of the nodes under study (Figure 11.4).





[image: image]

Figure 11.4. A series of β-skeletons. Notice that the graphs are always connected within the beta range (1,2). When β > 2, some points become disconnected. As the value of beta grows, the persistence of edges depends on the morphological configuration of the point set and not on the absolute distance between a particular pair of points.



Interestingly, the inclusion of an edge in a β-skeleton is not determined by its length, and regular point patterns do not change as quickly as random distributions, although when they do, the changes are more dramatic (Adamatzky 2013, 2014; Kirkpatrick and Radke 1985). Therefore, a regular grid or lattice could provide a model of edge stability to test heuristically how regular or random a pattern is.

Computing a β-spectrum also allows labeling each pair of nodes with the largest β value for which they are considered neighbors. As explained below, this is useful to identify edges that appear or disappear unexpectedly from the spectrum (Kirkpatrick and Radke 1985; Radke 1982), which in turn could reveal important aspects of an empirical network. By observing the progressive change in the edge density of the network, archaeologists could explore, for example, how different values of β affect inter-site links, to assess how and why an actual archaeological network deviates from the β-networks.

The concept of β-neighborhood can be applied both to the lune and circular regions defined for the RNG and GG, respectively.

Lune β-neighborhoods. For β є [0,1], the lune β-neighborhood is the intersection of two circles of radius d(ni, nj)/(2β) passing through both ni and nj (Figure 11.3a). As β ~ 0, more nodes are likely to be neighbors and the resulting network is complete. For β ≥ 1, the β-neighborhood is delimited by the intersection of two circles of radius βd(ni, nj)/2 centered at the points (1−β/2)ni + (β/2)nj and (β/2)ni + (1− β/2)nj, respectively; where d(ni, nj) is the distance between the nodes ni and nj. It is worth noticing that β = 1 yields the Gabriel graph; β = 2 corresponds to the RNG; and when β ~ ∞ the final graph corresponds to the MST (except in those cases where the points are not in general position).1

Circular β-neighborhoods. The second alternative is applying β using circular regions (Figure 11.3b). For β > 1, the β-neighborhood corresponds to the union of two circles of diameter βd(ni, nj)/2 that pass through both ni and nj. Again, in such cases, β = 1 produces the Gabriel graph; but when β ~ ∞ the graph is devoid of edges (Kirkpatrick and Radke 1985; Radke 1982, 1988).

References to β-skeleton algorithms and a link to software are given at the end of this chapter.

Limited Neighborhood Graph

A second parameterized notion of relative neighborhood involves the addition of a value sigma ([image: image]) to the lune and circle neighborhoods defined for RNG and GG. This creates two additional areas of influence (Figure 11.3c,d), as follows:
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The resulting networks are called limited neighborhood graphs (LNGs). The main effect of these shapes is the fragmentation of the graph into connected subgraphs. Thus, applying different values of sigma produces a sequence of networks, each one representing a step in a hierarchy of nested clusterings. The original proposal and algorithm to compute LNG are due to Urquhart (1982:177). The method does not assume any particular distribution of the data, nor does it impose a particular structure on the clustering process, and responds very well to point density variations (Figure 11.5).

Within this framework, sigma represents a factor of relative edge consistency, from which the index of dissimilarity for each clustering can be easily calculated as d* = 1/σ.

Graphs extracted with different values of sigma fulfil three important criteria of clustering (Urquhart 1982): (a) connectivity (all points within a cluster ci ∈ C(P) are connected, and that group is well separated from other clusters); (b) consistency (if a point is recognized as a member of a group of neighbors at some level, that membership will remain along the whole clustering hierarchy that contains the same group of neighbors); (c) local stability (inserting a point p in a cluster ci will not affect another cluster cj, for any ci ≠ cj). Consequently, the LNG is capable of detecting a much wider range of aggregation patterns than other visual clustering approaches (Urquhart 1982:174). These include not only well-separated groups, but also aggregations that exhibit local changes in point density, those with a “bridge” connecting two subclusters, and points having a non-Gaussian distribution.

Measures to Analyze Proximity Graphs

Through visual inspection, archaeologists may gain some insights into the connectivity patterns exposed by proximity networks, but the true potential lies in performing a numerical analysis of their graph-theoretic properties. The appropriate combination of tools will depend on each application. Below, only the most basic characteristics are mentioned.

RNG, GG, DT, and β-skeletons for 1 ≤ β ≤ 2 share the following properties: (a) connectedness (there is an edge-path from every node to all other nodes); planarity (each graph can be embedded in 2D space without its edges crossing); (c) uniqueness the form and connectivity structure depend entirely on the specific spatial arrangement of nodes. Hence, these graphs are “signatures” of the topological structure of a point pattern. By contrast, the condition of uniqueness does not apply to MSTs.

Planarity and connectedness allow using Euler’s formula to calculate fundamental measures of network complexity. For example, based on the fact that the RNG and GG must have enough edges to contain an MST but no more than a maximal planar graph like the DT, the lower and upper bounds for their number of edges have been derived (Jaromczyk and Toussaint 1992; Matula and Sokal 1980; Urquhart 1983).2 These are reported in Table 11.1, along with measures for minimum (δ) and maximum (∆) degree, expected degree, clique number (χ), and chromatic number (ω), studied by Bose et al. (2012), Cimikowski (1992), Devroye (1988), and Devroye et al. (2009). For other properties, such as spanning ratio, diameter, and longest edge, we refer the reader to the extensive literature on the subject (Bose et al. 2006; Wan and Yi 2007; Wang et al. 2003).
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Figure 11.5. Limited neighborhood graphs (LNG) extracted using shapes R1 and R2, as defined by Urquhart (1982). On the left side, the GG and RNG from which the LNGs derive. Notice the effect of parameter sigma ([image: image]), which despite the variable density of the pattern allows isolating clusters efficiently.





Table 11.1. Values of some basic attributes of proximity graphs.




	
	Property
	MST
	RNG
	GG
	DT





	1
	Minimum number of edges
	n − 1
	n − 1
	n − 1
	n − 1



	2
	Maximum number of edges in general
	n − 1
	3n − 8
	3n − 8
	3n − 6



	3
	Maximum number of edges for n ≥ 8 vertices
	n − 1
	3n − 10
	3n − 8
	3n − 6



	4
	Minimum degree δ
	1
	≤ 5
	≤ 5
	≤ 5



	5
	Maximum degree ∆
	6
	n − 1
	n − 1
	



	6
	Expected degree
	
	2.5
	4
	6



	7
	Maximum number of vertices in a clique χ
	2
	4
	4
	4



	8
	Chromatic number ω
	2
	3
	3
	4







Beyond those basic measures, one can use common indices developed for generic connected planar graphs like those described by Barthélemy (2011, 2014). Further studies, focused on general graphs, can also be useful (Hernández and Mieghem 2011; Zhu et al. 2011), as well as those dedicated to specific applications such as road networks (Watanabe 2008, 2010; Xie and Levinson 2007). Table 11.2 enumerates only a small sample of possible analytic tools.


Promising Areas of Application in Archaeology

The potential of proximity graphs can be realized in at least three study areas in archaeology: (1) road networks, (2) spatial interference and competition, and (3) information transmission.

Examining Edge Patterns for Road Network Applications

Reflecting on how particular configurations of roads articulated transport, communications, and social relationships in ancient societies has been an important research subject in archaeology. A basic approach involves elucidating why certain inter-site links exist and why others are missing in an actual archaeological system.

The power of β-skeletons for revealing connectivity patterns at different resolutions can be used in this context. One could start with the null hypothesis that (a) all nodes are equally important, and (b) spatial distribution is the only factor determining inter-site relationships.

In his study of road networks in Canada, Radke (1982) and Kirkpatrick and Radke (1985) started with such premises. They extracted a series of β-skeletons and labeled the edges with the highest value of β for which each pair of nodes remained connected. Then they identified the links that conflicted more with the null hypothesis, either because the connections were not predictable but appear in the empirical road network (edges with 20% lowest values), or vice versa, were highly expected but did not exist in reality (edges with 20% highest values). Through this simple procedure, it was possible to discover non-spatial factors (social and natural barriers) governing the connectivity of the real road network.



Table 11.2. A sample of useful measures to analyze proximity graphs.




	Gamma index
	Number of observed edges over the maximum number of edges in a maximal planar graph with n number of nodes
	[image: image]
	



	Cyclomatic number
	Number of elementary cycles (faces) in the network. In a planar graph Γ <= 2n − 5
	[image: image]
	



	Alpha index or planar face density
	It measures how close a network is to a maximal planar graph. When the index is near zero the network resembles a tree; when it is close to 1 it approaches a triangulation
	[image: image]
	Matula and Sokal (1980)



	Average size of face boundaries
	The edge-to-vertex ratio (EVR) is directly related to the average size of face boundaries in a Gabriel Graph. when the edge-to-vertex ratio is near the lower limit of 1 − (1/ number of vertices), the face boundary size is large as in the case of a single large cycle. If the edge-to-vertex ratio is near two, the average face boundary size is near four, and if the edge-to-vertex ratio is near the upper limit of three, the average face boundary is near three, so the graph is nearly triangulated.
	[image: image]
	Matula and Sokal (1980)



	Detour index or Route factor
	The length of the shortest path (L) between vertices ni and nj divided by the direct Euclidean distance (D) exisiting between vertices ni and nj.

It measures the navigation efficiency between a particular pair of vertices.
	[image: image]
	Barthélemy (2014)



	Spanning ratio
	Maximum Detour index over all pairs of vertices (ni, nj).

It measures the navigation efficiency of the whole network.

A connected network is said to be an S-spanner if the spanning ratio does not exceed S. The closer to 1, the more efficient the network. The DT is a 2.42 spanner.
	[image: image]
	Bose et al. (2006)

Langerman et al. 2002



	Clustering coefficient
	Quantifies how well connected the nodes are, independently from their degree, and helps to determine how to minimize a cost associated with length. A node has a maximum coefficient if it is an element of a clique, and minimum if the node is not very clustered in the network Ei is the number of edges among the neighbors of node i; ki is the degree of node i
	[image: image]
	Barthélemy (2011:8)



	Simplicity index
	Measures how easy it is to navigate through the network by identifying paths that minimize the number of turns l*(i,j) instead of the Euclidean distance between nodes l(i,j). Large values of S indicate that the simplest paths are on average much longer than the shortest ones, and that the network is not easily navigable
	[image: image]
	Barthélemy (2011, 2014)







The procedure could become more sophisticated by accounting for the weight of nodes. To do this, we simply multiply each vertex by a weight factor and compute the GG accordingly (Kirkpatrick and Radke 1985). More sophisticated models could be developed by taking advantage of recent measures tailored specifically for road networks, such as those proposed by Xie and Levinson (2007). At the node level, one can calculate centrality measures (betweenness, closeness, eigenvector, relative asymmetry) for every node in each β-skeleton of the spectrum to learn how such properties behave when β changes, which in turn could lead to determining how persistent the dominance of certain nodes is.

Spatial Interference and Competition

Modeling situations in which two classes of agents (based on different sites) try to maximize their areas of influence could also be helpful in archaeological studies dealing with one community trying to exploit resources (mines, aquifers) or to settle down over the territory of another population. Before the Spanish conquest of Yucatán, for example, some coastal polities had a near monopoly over salt beds, and people from interior towns invaded certain sites to gather this product on their own. This provoked perpetual conflict between communities, and constant transformations of the political geography of the region (Roys 1972:47–53). Another example is the development of new settlements in areas previously controlled by old polities. According to Marcus (2019), between 700 to 500 bc, competitive interaction between the communities of San Jose Mogote, Yeguih, and San Martin Tilcajete explain the formation of three different territories (Etla, Tlacolula, and Valle Grande) within the Valley of Oaxaca, as well as the formation of a hierarchy of sites and the later appearance of a state with its capital in Monte Alban.

An interesting variation of the Gabriel graph, developed by Aronov et al. (2011, 2013) provides a good instrument to analyze that kind of phenomenon. It is called witness Gabriel graph (WGG) and is defined by two point sets N and W; where N is the set of original vertices and W represents a set of point-witnesses that play a positive or negative role in the system. The positive version is modeled by drawing an edge between two vertices of N, say ni and nj, if there is at least one witness inside their area of influence. On the contrary, the negative version does not accept any witness inside the neighborhood of ni and nj. A third version would admit both positive and negative witnesses, so the decision to include edges would depend on a combined set of rules (Aronov et al. 2011).

Formal analysis of graph-theoretical properties of WGGs (Aronov et al. 2013) allows determining: (1) which connections in the standard GG are eliminated by the introduction of an agent, and (2) how many witnesses are necessary to eliminate all the edges in a normal GG. In describing the position of N in relation to W, the model can be adapted to study interference or competition among archaeological sites or groups of social agents.

Information Transmission

Networks for information transmission are critical for modeling the communication of ideas, the spread of cultural traits and technologies, and the structuring of behavioral practices. A vast body of literature has tackled these issues (Roux and Manzo 2018), focusing particularly on (a) the information being transmitted; (b) the interpersonal communication of individuals and communities between which diffusion occurs, normally modeled trough social networks (Valente 2005); and (c) the social context in which the phenomenon occurs, including perceptions of relative advantage of innovations, their compatibility, complexity, trialibility, and observability (Rogers and Shoemaker 1971:137–157; also Davis 1983).

Unfortunately, the media of transmission—particularly the topological spatial relationships between providers and recipients—has not received enough attention. Therefore, a new model whose interaction patterns could be compared with those revealed by a social network approach would be a welcome addition to archaeological tools. In recent years, many wireless network models based on proximity graphs have dealt with such issues in an innovative way (Bose at al. 2001; Kapoor and Li 2010; Santi 2005; Wan and Yi 2007).

Models of wireless networks operate under the following assumptions: there is no fixed infrastructure (no physical link exists between the nodes); messages are transmitted between pairs of nodes only if the distance between them is less than their minimum transmission radius; it is not possible or desirable for all nodes to communicate with each other directly; sending information to far away locations requires routing messages through intermediate nodes; nodes only have knowledge of their immediate neighbors, not of the whole network; and sometimes, the nodes are mobile entities, and therefore the spatial relationships among nodes change regularly.

Under this scenario, the challenges are to guarantee message delivery (Bose et al. 2001); to save energy according to a cost function (Santi 2005; Song et al. 2004.); or to maximize the flow of data from one point to another over the network, even if the topology changes.

One way to deal with these problems is to create a model of the system from two different graphs: the first, called unit disk graph, stores information of the transmission ratio of the nodes, while the second one, corresponding to the Gabriel graph or relative neighborhood graph, is used to record the spatial relationships of the nodes at different moments of the network evolution (Rashid 2007). The combined network can be used later to search for shortest paths and find optimal routes to deliver packages of information (Bose et al. 2001). Also, several studies demonstrate that the critical transmission radius such that nodes need only 1-hop to deliver information is the length of the longest edge of the corresponding GG or RNG (Wan and Yi 2007; Yi et al. 2010).

Archaeologists could adapt this model to explore diffusion and communication phenomena in ancient societies for answering questions such as: how messages propagate throughout a network despite nodes having only local knowledge derived from their neighbors; how far information travels given a particular configuration of the network; how much energy is spent; in which conditions individual agents or populations can transmit information without interfering with each other; what are the best communication routes in a network; are there certain social and spatial network structures that favored information transmission and has led to the adoption (or rejection) of new cultural traits? (Roux and Manzo 2018).

Concluding Remarks

Proximity graphs have great potential for exposing the effects of distance on the formation of ties between archaeological entities. Those focused on absolute linear distances are best suited to solve optimization problems, while networks based on relative vicinity are especially appropriate for analyzing contextual spatial relationships. Within the latter category, the flexibility of β-skeletons is remarkably useful for exploring patterns at different levels of resolution, whereas the uniqueness of the Delaunay triangulation, Gabriel graph and relative neighborhood graph can be exploited to compare the connectivity “signatures” of an empirical network with those expected from a random distribution or from a regular lattice. Furthermore, the status of DT, GG, and RNG as planar connected graphs (in 2D space) facilitates measuring local characteristics of nodes and edges as well as global network properties. Such exploratory analysis, however, should not be naively practiced as an end in itself. Relationships discovered in proximity networks only represent “distance views” against which hypotheses based on actual archaeological evidence must be tested. The experience gathered in other fields (urban geography, operations research, etc.) could provide a basis upon which archaeologists could develop new models and applications using these important types of spatial networks.

To facilitate the application of proximity networks, the author has uploaded in GitHub the implementation of a simple algorithm to extract β-skeletons in two and three dimensions (Jiménez-Badillo 2023). This also functions for Gabriel (β = 1) and relative neighborhood graphs (β = 2). More complex and efficient algorithms are available in specialized papers (Agarwal and Matousek 1992; Hurtado et al. 2003; Jaromczyk and Kowaluk 1991; Jaromczyk and Toussaint 1992; Kowaluk and Majewska 2014; Rao 1998; Rao and Mukhopadhyay 1997; Su and Chang 1991; Toussaint 1980; Urquhart 1982). Additional references can be found in Jiménez-Badillo (2004:259), and Kowaluk and Majewska (2014).
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1 A set of points is in general position in Rd space if no (d + 1) of them belong to a common (d – 1) facet and no (d + 2) of them are cocircular or cospherical. A violation of these conditions leads to “degenerate” graphs (Jaromczyk and Toussaint 1992; Okabe 2000 et al.).

2 Planarity does not hold for three or higher dimensions and the number of edges in such cases is still a subject of research. Agarwal and Matousek (1992), and Jaromczyk and Kowaluk (1991) reached good approximations.


CHAPTER 12

Gravity and Maximum Entropy Models

Ray Rivers, Tim Evans, and Eleftheria Paliou

 Background

On being presented with a particular archaeological dataset there is no a priori reason why it should be explicable by any model—there are no laws of history. However, for periods in time when societies are stable there do seem to be regularities; we might say times of “activity” rather than “action” for which we are optimistic that modeling can give insights. In such times societies are sustained by the persistent interactions that occur between their members at all scales of aggregation and separation. In this chapter we shall try to delineate and quantify some of the more important interactions from this mesh of activities. There are many different types of interaction, varying from the exchange of goods and people to the exercise of political and social influence. We shall consider examples from both categories.

The gravity models that we shall describe here are a family of spatial interaction models (SIMs), which aim to describe the strength of interactions between communities (termed sites), as mediated by individuals, according to their effective mutual proximity. Motivated historically (Carey 1865:42) by the decay of planetary gravity with increasing distance, their main characteristic is that they incorporate Tobler’s first “law” of geography (Tobler 1970), that “everything is related to everything else, but near things are more related than distant things.” As such, they provide one of the oldest approaches to modeling the effects of space on social interactions.

This simplistic analogy initially led to ambivalence, if not hostility (e.g. Jensen-Butler 1972). For all its plausibility… “the cardinal failure of the gravity model is that it is not explanatory and does not really try to be.” (Schneider 1959: 51–52).

It is no longer possible to be so dismissive. Gravity models have evolved into something far removed from their original formulation, although the name has been retained. It is a poor simile because planets act independently, unlike society which has strong networks. Better similes that naturally incorporate networks are readily given in contemporary economics which use “costs,” rather than distances, as their starting points. Better still, from our viewpoint, is the “epistemically modest” approach of MaxEnt (maximum entropy) which argues that the historic past is the “most likely” or “least surprising” past, commensurate with our limited knowledge of it. As such, MaxEnt represents, in the words of Clarke (1977:20), “an interesting elaboration of the missing statistical and stochastic background behind the social physics approach.” This approach lends itself naturally to networking, often with results in common with the economic models (Rivers and Evans 2020). Unfortunately, in comparison to contemporary economic and social data the archaeological record is weak, with uncertainties so large that yet greater sophistication (e.g. Fotheringham et al. 2000:Chapter 9) is wasted. As a result, we adopt an intentionally parsimonious approach and take qualified gravity modeling as sufficient for providing null models upon which to build.

The applications of gravity models in archaeology are largely of two kinds. The most straightforward is that for describing exchange (event-like ties). For example, there are applications to Cappadocian and Assyrian trade (Barjamovic et al. 2019; Tobler and Wineburg 1971), lithic distributions (Hodder and Orton 1976; Reid 1986; Wilson 2007), Roman pottery (Hodder and Orton 1976), Iron Age Anatolian culture (Osborne 2013), Mesoamerican settlements (Plog 1976), and prehispanic US Southwest demographic changes (Mills et al. 2013). The second application, on the more nebulous exercise of social/political influence (state-like ties) has been to territoriality, as exemplified by Mayan power structure (Hernandez et al. 2003) and the formation of giant Tripolye settlements (Diachenko and Menotti 2012). Local settlement formation was initially modeled by Wilson for late Geometric Greece (Rihll and Wilson 1987; 1991) and further developed in contexts as diverse as BA Crete (Bevan and Wilson 2013; Paliou and Bevan 2016), La Tène W. Europe (Filet 2017), MBA Anatolia (Davies et al. 2014; Palmisano and Altaweel 2015), and Roman regional settlement from the Archaic to Imperial periods (Brughmans et al. 2019). Although these applications do not always refer directly to gravity models, gravity modeling underlies them.

Despite their overall success in these applications, gravity models are only one class of models available for addressing spatial archaeological data. Two of us have discussed this elsewhere (Evans 2016; Rivers 2016) and we will not consider competing models here.

Simple Gravity Models for Exchange

The simplest gravity models ignore networking and comprise just a set of bilinear relations between each pair of sites. Even for the simplest case of material exchange (artifacts/goods), we need to quantify “exchange” flows, which have several categories with different roles. Rather than describe each category independently (Wilson 1970) we are emboldened by ideas from economics which show how, in some circumstances, we can use Constant Elasticity of Substitution (CES) (Anderson and van Wincoop 2003; Bergstrand 1985) to accommodate the exchange of both complementary and dissimilar goods. Further, ad valoram “costing” (Samuelson 1954) blurs the several ways to transfer these goods (e.g. boat, cart, porterage). We do not take these ideas as more than plausible but they support our simplest null modeling that, for material exchange from the site labelled i to site j, we can flatten or aggregate these different categories of exchange and their implementation into a single number Tij. This is such that, if Tij is relatively large, there is strong exchange between i and j, whereas if Tij is small then so is the exchange. Absolute numerical values are immaterial; only relative values can be put to the data. Although the justification is less, we assume a similar flattening of state-like ties later.

The simplest “gravity” model implements Tobler’s First Law directly, proposing that the flow Tij between the two sites i and j is proportional to their “sizes” and falls away with increasing site “separation.” We think of “separation” as primarily driven by the ability to negotiate local geography and people although, more generally, it can also incorporate global “activity density” and cultural “difference.” By “global” we mean exchange depending on other sites than i and j themselves. In the first instance, we assume that these global effects can be averaged to give an effective local cost/effort cij for implementing a unit of exchange (typically goods) between sites i and j.

In detail, the simple gravity model (SGM) for exchange between sites i and j is expressed as



[image: image](1)

where Si is the “size” of site i and Sj the “size” of site j (Figure 12.1). The (assumed universal) function of “cost” f(cij), damping exchange between i and j, is known as the deterrence function, understood as the likelihood of the exchange between i and j taking place. Tobler’s Law follows if f(cij) decreases with increasing cost or effort, and that cost in turn increases with the geographical distance [image: image] between the sites (a particular example of no arbitrage). A frequently used choice is the short-tailed exponential form
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an “epistemically modest” choice of f(c) (Rihll and Wilson 1987), which can be argued for on empirical grounds (Haynes 1974). The scale C is a model parameter, the cost or effort beyond which exchange is not very worthwhile. There are still complicated choices hidden in this simple model (1). To begin with, if settlements are our sites, how do we define them? In practice, we coarse-grain our dataset to reflect the question we wish to understand, for example are we interested in aggregated island-to-island exchange or the exchange between particular communities on those islands? As for their size Si, population (if known) is often used but may have to be represented by a proxy such as site area or carrying capacity (e.g. Broodbank 2000; Osborne 2013) or perhaps “economic” activity (Barjamovic et al. 2019). In practice, there are often good reasons for making one choice over another. Care is needed in that the size of an assemblage is not necessarily a good indicator of the importance of a site.

The model of (1) is normally considered as best describing independent “trips”: single journeys between sites (Anderson 2004: Chapter 13; Sen and Smith 1995: Chapter 1). While this can be the case for sea journeys, for land journeys there are often intervening opportunities for interaction (Schneider 1959) before the destination is reached (Hong et al. 2019). Thus “costs” of a segmented journey, which may be an excuse for the traveler to unload goods before achieving the final destination, include the transport costs of traversing land together with “costs” for negotiating the segment nodes. As a familiar example, in the spirit of our null modeling, let us suppose additive costs cij = cik + ckj for a journey from site i to site j going via site k. Then, for exponential fall-off (2), f(cij) = f(cik) f(ckj), so the likelihood of exchange along a linked route is the product of the likelihoods for each link, a realization of Renfrew’s down-the-line transmission in the movement of goods (Renfrew 1977: 27–85). Further, if there are discrete costs, such as a border tariff increasing the cost from cij to cij + bij, then this additional cost can be converted into a binary prefactor, such as f(cij) = Eij f0(cij), where f0(cij) is the deterrence function without this additional penalty and Eij = 1 if i and j are on the same side of the border and Eij = exp(−bij /C) < 1 if they are on opposite sides. Such global binary factors are used extensively in economic modeling. For example, see Michener and Weidenmeir (2008), who use eight binaries in deciding to what extent belonging to the same empire helps trade. The archaeological data that we consider suggests the relevance of such thresholds (Clark 1979) but does not permit such freedom.

The SGM of Eq. (1) is not in its more familiar Toblerian form, which separates sites by the geographical distance [image: image] between them rather than the cost of exchange. Given our choice of site scale, how then do we relate cij to their geographic separation? Thresholds apart, the geographical separation of our sites (the shortest distance path) is rarely the best measure of cost. Time or effort is a better proxy and the “least cost” path of shortest time or least effort is a more likely route, taking into account the requirements of different types of good and transport; for example, water transport is more effective than land transport in many ancient contexts. For our null model we identify cij as an effective distance Dij(dij) increasing as geographical distance [image: image] increases, which takes these different frictional factors, including thresholds and intervening opportunities, into account (e.g. Hernandez et al. 2003; Evans and Rivers 2017; Hong et al. 2019). For these reasons, it is not necessarily the case that [image: image] In terms of effective distances Eq. (1) now takes the canonical gravity form
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where the distance deterrence function f (Dij) is now understood as the likelihood of making a journey of effective distance Dij. Eq. (3) will be the basis of our subsequent analysis.

Exponential fall-off now takes the form f(Dij) = exp(−Dij/D) where D is the distance scale beyond which exchange is difficult, given the terrain, the available technology, and the availability of goods. While an exponential fall-off with distance can be motivated for simple trips, its form is less compelling for more complicated scenarios. In addition to invoking gravity (Carey 1865; Hernandez et al. 2003; Tobler and Wineburg 1971) with its Newtonian inverse-squared power law, more general power laws f (Dij) ∝ (Dij/D)−a are often employed if a long tail seems appropriate (in economics the exponent a is termed the distance inelasticity of trade). If taken seriously the scale D can drop out of the analysis to give scale-free behavior. The null choice is to take Dij = dij, most appropriate for relatively featureless terrain or (wind-averaged) sea.

As we have said, the SGM of (3) assumes independence for the flows. There are (only) a few situations in archaeology for which such simplicity is appropriate or assumed. One is the distribution of Paleololithic artifacts found at a single “site” in the Vaucluse (Wilson 2007) procured from many sources. Here the target site j (the depository) is fixed and, taking Dij = dij, the data is matched to the simpler ratios [image: image] where [image: image] is the inflow at the deposition site j (f(d) was chosen to mimic gravity, rather than for any other reason). The modeling is insightful, but the data is too poor to establish robustness. The converse situation, of one source site i and many targets, is provided by the dispersion of chert from a single North American site (Reid 1986) to many deposits, again using ratios of distribution with Dij = dij. However, this latter paper asks more of the data in that, rather than choose f (d) a priori, it posits some of the many different parametrizations suggested by Renfrew (1977) and Hodder and Orton (1976: Chapter 6) and tries to discriminate between them. The data does not sustain the analysis in a robust way but does highlight the importance of different types of deterrence.
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Figure 12.1. An example of the simple gravity model of Equation (1).  The three sites, A, B, and C are represented by circles with area proportional to their sizes which are 16.0, 9.0, and 10.0 respectively. The distances are indicated by the double-headed arrows and are 5.0 between A and B, 4.0 between A and C, while B and C are distance 3.0 apart. If we assume the deterrence function is simply an inverse square law f(D) =1/D2 then the flows are indicated by the dashed lines with value 5.5 for A to B, 10.0 for both B to C, and from A to C. For the simple gravity model, flows are symmetric so the flow in the opposite direction is the same but this is not true for most gravity models. Note that if we were confident in our model, in the values assigned to site sizes and flows, and we knew the locations of A and B but not C, we could deduce the distances to C and hence the location of C from the information available.



Two other SGMs that we have cited—of Cappadocian trade (Tobler and Wineburg 1971) and Mayan power structure (Hernandez et al. 2003)—attempt to triangulate the positions of missing sites (with known names but not positions) from incomplete data, assuming that they “dim” with distance Dij = dij as with Newton (distance elasticity a = 2). In the first case, site sizes are estimated from the number of times the site names occur in listed mercantile transactions. In the second the site importance as inferred from hieroglyphs (warfare, political submission, royal marriages, etc.), the measure of interaction obtained by assigning a numerical value to the different relationships identified in the inscriptions. Our final SGM example (Diachenko and Menotti 2012) of Tripolye settlement relations uses synchronicity of ceramic types as a proxy for interaction strength. All three cases give useful insights.

 Constraints

In reality, systems interact under constraints; for example resources are limited, so that the system is no longer the sum of its individual parts, so global behavior cannot be approximated by effective local behavior. As an example, the SGM of Eq. (3) has problems with scaling. If site size [image: image] is proportional to active population [image: image] the model as presented above is unrealistic in that doubling population sizes quadruples flows, whereas we only expect a doubling in the first instance. This can be accommodated by taking Si ∝ Piα for α approximately 0.5 (e.g. Michener and Weidenmeir 2008). Even that complication is not enough in that it suggests that the total flow from a site will continually increase if we add more sites, whereas there will usually be constraints on the total flow leaving a site, such as the finite size of an oil harvest. Such a bound is a generalization of proximal point analysis (PPA), in which it is assumed that any site can only engage outwardly with a finite number of sites determined by their proximity. In our case, we keep the total outflows Oi = Σj Tij fixed but with links varying from weak to strong. The flows Tij of the resultant singly constrained gravity model (SCGM) are
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where Oi is the predetermined total outflow of site i. Ij = Σi Tij is the unconstrained total inflow of site j. The Ai normalization values are completely determined by consistency. In practice such a simple outflow constraint is often not enough since, if the flow is material, constraints are likely to apply to both inflows and outflows. The two models we now discuss impose constraints on inflows in different ways.

If, most simply, we now constrain the magnitude of individual inflows Ij, the resulting doubly constrained gravity model (DCGM) is
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with the Ai and Bi normalization values to be determined self-consistently.

In many historical contexts we do not have information on differences between inflow and outflow so, as our null choice, we set both proportional to the site size Si. If we further assume undirected distances [image: image] equations (4) and (5) simplify to
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Although superficially like (3), in (6) si is the effective size of site i and sj the effective size of site j as determined through their global interactions, defined implicitly in terms of the Si by
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As a consequence of these simple constraints, we see from (7) that doubling the Si now leads to a doubling of the flows, and it makes more sense to identify the Si with the population. It was a DCGM of this type (with Dij = dij) that was recently applied to Bronze Age Assyrian trade routes to (again) identify the positions of missing sites by triangulation (Barjamovic et al. 2019). However, the social dynamics that are adopted in that paper to recover (6) and (7) are based on the Ricardian economics of no-arbitrage, ad valoram CES. The gravity model of (6) and (7) then follows identically from extremizing a utility function for constant elasticity of exchange, which maximizes the gain of individual traders subject to constraints.

While such simple constraints on outflows may be useful for exchange related to trade, the situation is very different for the exchange of people and power that constitutes settlement formation, which provides the other major application of gravity models in archaeology. This is a transliteration of the “retail” model of Huff (1964) and Lakshmanan and Hansen (1965), developed by Wilson (1971, 1976) to explain the heterogeneity of retail outlets. In retail terminology the model converts site activity (cash flow), into site “attractiveness,” measured through the site inflows. This is done by maximizing “consumer surplus,” subject to the constraint of fixed outflows, as adopted previously.

This model was subsequently translated into an archaeological context by Rihll and Wilson (1987, 1991) to describe the emergence of the polis in 9th century bce mainland Greek city-states as a result of urbanization (the emergence of dominant settlements) and synoikism (the surrendering of local sovereignty to a dominant center). However, whereas our previous flows were of material goods, here they reflect both the exchange of goods and people (including daily movement and permanent migration). The outcome is that the equations for the flows of the doubly constrained Rihll and Wilson (RW) gravity model above are modified to
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for fixed Oi, from which the Ij can be determined. The exponent α, a measure of the “attractiveness” of site dominance, characterizes the benefits of synoikism. For α > 1 a few terminal sites dominate the rest, as determined by large inflows Ij, and effectively partition space into zones of control, a variant of central place theory in accordance with its retail parallel. The application of this model to BA and IA Europe and the East Mediterranean as cited earlier has, in general, been successful and we refer the reader to the original papers.

MaxEnt: Entropy Derivation of Gravity Models

Alan Wilson (1970) has argued that these gravity models can be understood as no more than making the “best guess” for the exchange flows subject to our limited knowledge. The question of how to make best use of partial information is well understood in principle. Intuitively, essentially following Laplace’s “Principle of indifference” (Keynes 1921:41–64), we list all the networks of flows that are compatible with our knowledge, and assume that each is equally likely, otherwise we are withholding information. The most typical of these is the way in which the system is most likely to have behaved.

To identify this “most likely” or “least surprising” distribution of flows looks a difficult exercise, even for simple exchange. In fact, our ignorance of the system of flows is measured by its entropy S:
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where ln denotes natural logarithm. Then the “most likely” state of the system is the one with maximum entropy (MaxEnt), given our limited knowledge, since systems with less entropy assume more knowledge or have more implicit assumptions. From an information-theoretic viewpoint Jaynes has also rephrased MaxEnt as the Principle of Maximum Ignorance or “epistemic modesty” (Jaynes 1957, 1973, 1979). In a very precise sense, the model gives the most likely outcome for the limited information that we assume is relevant, and it is guaranteed not to do any more. The MaxEnt approach to missing information means it is useful in other approaches to spatial analysis used in archaeology (e.g. Howey et al. 2016; Yaworsky et al. 2020).

Since MaxEnt reproduces our previous equilibrium results (Wilson 1970) we shall not recreate them here beyond the simplest case. Maximizing S of (9) subject to the simplest constraints on activity (total exchange Σij Tij is fixed) and resources (the average cost of exchange Σij cijTij is fixed) leads to the exponential deterrence function (2) cited before. Implementing local constraints to determine site inflows and outflows recreates the DCGM of Eqs. (4)–(7) but without the need for intricate economic theory (Rivers and Evans 2020).

Similarly, there is no need to invoke the “retail” model to achieve the results of (8). The same settlement formation outcomes can also be understood in terms of constrained MaxEnt if, in addition to constrained outflows, we ask that the entropy of inflows is fixed. This is equivalent to prescribing in advance the number of dominant sites after formation is completed.

There is one final area of uncertainty which can be important. The RW gravity model and its precursors present a unique answer for the size of the flows between sites. From a MaxEnt viewpoint of the “most likely outcome” this represents, at best, some average. For instance, in an unconstrained gravity model, the flow between two sites given by (3) is simply the average of a Poisson distribution. However, many authors (e.g. Michener and Weidenmeir 2008) insert white noise fluctuations by fiat to ease the mismatch between outcomes and detailed data. This goes beyond our null modeling and we have ignored it.

Uncertainty: Matching Gravity Models to Data

There are two complementary issues in matching models to archaeological data. The poverty of the archaeological data typically underdetermines modeling strategies (Perreault 2019). On the other hand, when gravity models are appropriate the same limited data that makes them useful null models can still be sufficiently detailed as to be overdetermined by them. Although overdetermination is not a problem when the data is very poor, as with the hunt for missing sites, more generally it cannot be avoided.

For good data there is a well-established procedure for determining the “goodness of fit” of models (e.g. Hilton et al. 2020) but when data is poor we have to adopt a case-by-case approach. The archaeological sites are rich in detail, but most of this is superfluous to our modeling and the quantifiable data is poor. One way to proceed is by coarse-graining this data to a limited number of degrees of freedom (DOF), the relevant independent attributes of the data. With gravity modeling in mind, at the least these include the site coordinates and, in principle, topographic information. In addition, it is assumed that we can identify the most important sites after urbanization.

We then match these to the DOF of the model. The Rihll and Wilson model provides a good example for some of the main problems of matching gravity models to archaeological data. It has as physical or control DOF the effective separations Dij. With site inflows as a proxy for “size” the Si are now understood as carrying capacities, taken equal for lack of further knowledge and so drop out of the analysis. For calibration DOF, it has city-state diversity (e.g. the effective number of terminal sites), tuned by the single “attractiveness” exponent α, and the parameters necessary to describe deterrence f (Dij), unspecified a priori.

Even within these limited DOFs it is clear that there remain several sources of uncertainty: in the raw data, in the processing of that data for the model, and in the details of the model. The uncertainty in the site data is often unknown. Some data is robust; mountains do not move and the location of most large settlements is known to within a kilometer or two. However, small sites are often hard to identify, complemented by the many smaller sites which may have been overlooked or simply not have survived. Tactics to accommodate data uncertainty can involve the production of artificial datasets where the locations of sites have been moved by a small random amount chosen from some distribution (although this was not done by the original authors). Complementarily, in work by one of us (Paliou and Bevan 2016; see also Bevan and Wilson 2013), we show how to put down random sites in regions where data is missing, patterned on observed inter-site distances and proximity to flat (e.g. possibly agricultural) land, repeating many times to see how stable the conclusions are, see Figure 12.2.

There are some generic statistical resampling approaches, like Jackknife and Bootstrap (Efron 1982) for manipulating such artificial datasets, which are straightforward to implement. We have confidence only in results that are robust across real and artificial datasets. Results that vary suggest a dependence on key features we have not yet identified.

We should not assume a single relationship between geographical separation dij and effective distance Dij. Although RW do take Dij = dij and evade the problem, in general the situation is more complicated. For example, Filet (2017) distinguishes between upstream and downstream river travel as well as overland travel. Even for the RW model of mainland Greece the sites are sufficiently close to suggest that the road/track system encourages passage from one site to another via intermediate sites, breaking the simple relationship between Dij and dij. Two of us (Evans and Rivers 2017) have examined this in more detail. That said, experience with fitting models to data on this and other occasions has shown that more geographically realistic networks do not necessarily offer an advantage for the interpretation of archaeological data when compared to more abstract distance measures (Bevan and Crema 2014), and thus adding complexity to the models is not always justified.

The major uncertainty with the model itself is in the choice of deterrence f (Dij). RW and other authors of city-state formation tend to use the exponential form with a single calibration parameter D. While plausible, it is not compelling and, in Evans and Rivers (2017), we considered a wider range of functions. However, taking all sources of uncertainty together we found that the model maintained sufficient robustness to be useful.
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Figure 12.2. The gravity model applied to the settlement distribution in south-central Crete in the later Prepalatial era, EM III-MM IA (top right of Fig 5b, Paliou and Bevan 2016).  Sites, shown as circles, are a mixture of known locations and simulated locations to fill in gaps in the record. The size of a circle is a measure of a site’s importance as derived from this version of the gravity model. There are many more edges present in the gravity model than are shown here. This visualization shows only the most important edges as defined by the Nystuen–Dacey (1961) method, for example see Rihll and Wilson (1987, 1991), Davies et al (2014), Evans and Rivers (2017). Reprinted from Journal of Anthropological Archaeology 42, E. Paliou and A. Bevan, “Evolving settlement patterns, spatial interaction and the sociopolitical organization of late Prepalatial south-central Crete”, 184–197 (2016). Reproduced with permission from Elsevier.



Even then, relating the model outcomes to the data is still not straightforward, as we saw in Evans and Rivers (2017) when reexamining the Greek urbanization of RW. In particular, the importance of historic Thebes was not reproduced by the model and was dependent on contingent factors about which we had no information. This is where historical and archaeological modeling diverge. From a historical viewpoint, “seven-gated” Thebes is a key city-state. We should resist the temptation to try to tweak the parameters of the model to get Thebes “right,” along the lines of Reid (1986). Far better to think along the lines of Davies et al. (2014) and Paliou and Bevan (2016) and look for an overall match in site-size hierarchy or the location of regional centers. The model’s strength lies in its ability to make general retrodictions, not in its ability to detail individual places. If, despite the occasional important mismatch, results have an overall good relationship to the data, then the model can productively contribute to archaeological interpretations.

However, it should be noted that a less good fit of the model to the data may simply reflect a mismatch between the model assumptions on site interactions and the socioeconomic conditions of particular historic periods, rather than uncertainty with respect to data quality or the various model parameters. The application of a minimal RW model, similar to that presented in Paliou and Bevan (2016), to study long-term settlement evolution in the Pontine region in Italy in three subsequent periods (Archaic/600–350 bc, Republican/350–50 bc and Imperial/50 bc–ad 250), has seen varying level of success. Despite many other things being equal (data quality, site numbers, model parameters and values, etc.), the model proved more successful in highlighting important regional centers in periods of intensive interaction and economic integration, when trade-maximizing strategies were adopted. It was less so in phases when settlement was determined by military strategic considerations (Brughmans et al. 2019).

Nonetheless, for all these caveats we have shown how modified gravity models give insights in archaeological modeling in the right context (Evans 2016; Rivers 2016), a confirmation of the proposal by Box and Draper (1987:424) that essentially, all models are wrong, but some are “useful”.
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CHAPTER 13

Transportation Networks and Least-Cost Paths

Irmela Herzog

 Introduction

Arguably, the most intuitive network is a road system (edges) linking settlements (nodes). Often, introductory texts on archaeological network analysis present an example of a road network reflecting the exchange between different social communities (e.g. Collar et al. 2015). However, reconstructions of past transport networks based solely on historical and archaeological evidence are rare because evidence of past roads or paths is sparse.

Archaeologists often try to reconstruct such networks of interaction using least-cost path (LCP) algorithms that are mainly based on topographical friction (Conolly and Lake 2006:252; Herzog 2014). After selecting a cost model, LCPs connecting two locations can be generated on this basis. But most networks do not consist of direct links between each pair of nodes. Different approaches for generating networks with link costs computed from a cost model are known, some relevant methods are outlined and applied in a case study.

The case study based on known historical routes described by Nicke (2001) is a central part of this chapter. The hilly study region (with elevations ranging from 40 to 660 m) is located east of Cologne in Germany. Many experts assume that some of the old long-distance trade routes came into existence before people settled this area in medieval times. Part of the routes are depicted on a 16th century map. Figure 13.1 shows that medieval church villages are often close to the old routes, probably because these settlements also had markets and therefore benefited from locations on long-distance transportation routes. But smaller settlements (in the district known as Oberbergischer Kreis) of the same period are nearly uniformly distributed.

This observation agrees well with the description of transportation networks by Isaksen (2008). In his discussion of sedentary communities, he pointed out that it is important to distinguish between transportation networks and day-to-day travel, suggesting differences between major and local routes. Therefore, major transportation routes often do not result from a concatenation of local paths.
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Figure 13.1. Location of the study area, old routes described by Nicke (2001) and selected settlements.



In the study region, most of the routes described by Nicke (2001) have been successfully reconstructed by LCPs (Herzog 2022). Therefore, the available data allows assessing the outcomes of applying the different least-cost network concepts discussed in this chapter. The nodes of the LCP network examples presented below are a subset of settlements with churches or chapels mentioned in a tax list in ad 1308, whose straight-line distance to a Nicke route does not exceed 1 km. The analysis of the old trade route network is complicated by the fact that Nicke (2001) sometimes describes several alternative routes that may have existed at the same time, for example for the trade route traversing Much in the south of the study area. Therefore, well-known global metrics that are typically applied to describe transportation networks (Collar et al. 2015) cannot be easily computed for the Nicke route network.

However, the networks reconstructed from the medieval church and chapel locations can be compared in terms of these global metrics, that include the number of connected components, number of isolates, total edge costs or average edge costs, clustering coefficient, density, and average degree (Groenhuijzen and Verhagen 2015; Isaksen 2008; Prignano et al. 2016). Additional network metrics applied by several authors for identifying important nodes in past transport networks are closeness centrality and betweenness centrality (Groenhuijzen and Verhagen 2015; Isaksen 2008).

The next section of this chapter describes the methodology for computing an LCP between two locations. Following this, network models consisting of LCPs and optimizing different criteria for a given set of locations will be discussed. Nearly all of these are adaptations of straight-line network models. Another section presents methods for reconstructing networks when only a subset of the destinations is known or none at all. For instance, least-cost approaches may also reconstruct routes connecting to a main (known) travel artery.

Methodology of LCP Creation

This section describes the computation of an LCP between a starting and a destination point (Herzog 2014). Between two points, only one straight-line connection can be drawn, but different LCPs might be computed, depending on the costs considered.

In nearly all archaeological studies applying LCP methods, LCPs are generated based on raster grids (“Input” in Figure 13.2). In the case study and in the simplified example given in Figure 13.2, the costs are derived from two raster grids with identical resolution and location: (i) an isotropic cost grid storing penalties for traversing water courses (factor 5), wet soils (factor 3), and possible ford locations (factor 2); and (ii) a digital elevation model (DEM) for slope calculations. In a first step, a graph (or network) is derived from the raster cell centers, that are the nodes in this network: each node is linked to a fixed number n of neighboring cells (n = 8, 16 or 32). With increasing values of n the worst case deviation of the LCP from the optimal path decreases (Herzog 2013b).

In this network, the link weights are computed from the input grids. In Figure 13.2, two cost components are combined, the isotropic penalties are multiplied by slope costs. Alternative approaches for combining costs are published by Herzog (2013a; 2014). In other LCP studies, different isotropic cost factors depending on the terrain (e.g. for walking on grassland, sand, or snow) might be more appropriate (De Gruchy et al. 2017; Groenhuijzen and Verhagen 2015; Herzog 2014; Rogers et al. 2015).

The slope values can be computed directly from the DEM (Herzog 2013b). Slope is the most popular cost component in archaeological LCP publications (Herzog 2014), with different cost functions available (Herzog 2013a) for estimating the costs required for ascending (positive slope values) or descending gradients (negative slope values) in terms of time, the energy consumption, or some other figure. Some issues with DEMs and slope computations are discussed in Herzog (2013b).

Most of the slope-dependent cost functions are anisotropic: the costs for descending a gentle gradient are less than that of climbing a gentle slope (Herzog 2013a). But in many situations, paths are used in both directions. Averaging the costs of movement in both directions generates an isotropic cost function, and therefore avoids directed edges in the network (Herzog 2013a). This allows the adaptation of straight-line network methods for LCP networks.

The slope costs in Figure 13.2 are derived from a quadratic cost function for modeling vehicle movement (Herzog 2013a). Such cost functions avoid slopes exceeding a predefined maximum (10% in Figure 13.2). The slope costs are multiplied by penalties for traversing water courses and wet areas.

Dijkstra’s algorithm is applied to compute the shortest path in this undirected graph with positive link weights (Cormen et al. 2001:595–599; Herzog 2014; Smith et al. 2007:344; Worboys and Duckham 2004:215–216; Figure 13.2). This is a form of spreading algorithm that stores the accumulated costs of movement for each node as well as the last link resulting in this accumulated cost value. The spreading process is stopped when the destination is reached. In fact, most implementations of Dijkstra’s algorithm for raster-based LCP calculations store the accumulated costs in a raster grid (the accumulated cost-surface, ACS), and the backlinks are saved in a grid as well. The LCP is derived from the ACS by backtracking from the destination to the origin by connecting the backlinks.
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Figure 13.2. Methodology for calculating LCPs.



Additional aspects that may also be included in cost models are riding animals, pack animals, water travel, gender, age, weight, load, and fitness of the walker, number of travelers in the walking group, climate, seasonal variations, weather, taboo zones and other cultural issues, road or path building costs, selection of locations for fords or bridges, and for vehicles the dangers of loss of traction and of catastrophic overturn (for references see Herzog 2013b; 2014; Verhagen et al. 2019).

The outcome of the LCP algorithm does not only depend on the cost model, i.e. the cost components chosen, the corresponding cost functions, and the approach for combining the costs. The result is also controlled by the number of neighboring cells considered (n = 8, 24, or 48), the resolution and accuracy of the input grids, and, for slope-based cost components, the way of computing slope.

For the study area considered in this article, a quadratic cost function with a critical slope of 14% (Herzog 2013a) combined with penalties for traversing water courses (factor 5), wet soils (factor 3), and possible ford locations (factor 2) provided the best results (Herzog 2022) when compared to the routes described by Nicke (2001).

LCPs are generally computed based on a simplified model of the past reality. Therefore, the LCPs rarely coincide perfectly with the old paths. For example, in this chapter’s case study, LCPs connecting pairs of destinations on the routes described by Nicke (2001) resulted only in a partly successful reconstruction: 67% of the LCPs (in terms of length) were within a buffer zone with a radius of 200 m along Nicke routes; 77% of the LCPs were within a 500 m buffer (Herzog 2022).

Transportation Network Models for Known Destinations

This section introduces least-cost network approaches connecting settlements of a certain period, assuming that the locations of all relevant settlements are known. Several of these approaches are adaptations of straight-line network methods that are also introduced by Jiménez-Badillo (“Nearest and Relative Neighborhood Networks,” this volume Chapter 11). Any LCP procedure implemented in GIS software generates only one out of several possible network models. Archaeologists are sometimes not aware of this drawback (e.g. Kantner 2012; Posluschny 2012), which can be overcome by generating LCPs connecting selected pairs of sites only (e.g. Hudson 2012). Several strategies to select such pairs of sites are discussed below, starting with the network connecting all pairs of sites.

All-pairs LCP network: if the aim is to optimize the costs for travelers, the resulting least-cost network to the user consists of LCPs directly connecting any pair of destinations (Waugh 2000:615). If the terrain is fairly flat, hunter and gatherer societies tend to create paths directly linking all site pairs. Figure 13.3a shows the all-pairs LCP network for the test case described above.

For societies based on agriculture, the drawbacks of such all-pairs networks include possible unfavorable fragmentation of land parcels and a high proportion of land used for paths. In areas of vehicle use, this is often aggravated by broad corridors of movement created by parallel sunken roads. This all-pairs model requires that for any new node, LCPs to all preexisting nodes in the network are created. Therefore, this model is only appropriate in a fairly small study area with low friction or for a low number of sites.

Some properties of the all-pairs LCP network are shown in the first row of Table 13.1, along with performance indicators based on the comparison with Nicke’s routes. The indicators are computed by constructing a joint buffer zone with a radius of 200 m for the Nicke routes in the study area. For each LCP, the percentage of the route within this buffer was then computed. Ideally, all LCPs are within this buffer. If only a small proportion of the LCPs run for long stretches not within the buffer (no-fit edges) high performance is reached. Similarly, a high proportion of LCPs that run mainly within this buffer indicates high performance. For only 25% of the all-pair LCPs the within-buffer percentage exceeds 60%, signifying a disappointing performance.

Least-cost Steiner trees: in contrast to the all-pairs model, the aim of the least-cost network to the builder is to minimize the total costs of road construction. In his book dealing with modern geography, Waugh (2000:615) notes that such networks are found in areas with sparse population and in places where road construction costs are high. In a landscape with constant friction, this can only be achieved by adding intermediate nodes known as Steiner points. For instance, the Steiner tree for three nodes defining a triangle consists of edges connecting to a Steiner point at a central location within the triangle. Considering only two sites, the Steiner tree is the direct path between them, i.e. the model requires a modification of the existing edges when a new site is created somewhat later. This is a substantial drawback of the Steiner tree approach as well as the high calculation complexity even for straight-line distances (Smith et al. 2007:341). For these reasons, an implementation of this network layout was not attempted; instead, readers are referred to the work of Verhagen and others (2014) on this topic.

For simplicity, only networks that are subsets of the all-pairs network are considered in the next paragraphs. Consequently, none of these networks have a larger sum total of edge weights than the all-pairs LCP network described above.

Minimum spanning tree (MST): for a network consisting of one connected component only, the lower bound of the sum total is achieved by an MST, in case of straight-line connections (Smith et al. 2007:339; see also Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). An MST for n nodes consists of merely n − 1 edges. The difference between the MST and Steiner trees is that no additional Steiner points need to be constructed, and so generating an MST is a lot easier. But in the worst case, the total length of the straight-line MST exceeds that of the Steiner tree by 15% (Ganley 2004). A least-cost MST may be generated by adapting the algorithm published by Smith and colleagues (2007:338) to least-cost distances. Note that this algorithm is basically the same as for single-link cluster analysis (Conolly and Lake 2006:168–170). An alternative is Prim’s algorithm (Cormen et al. 2001:570–573) that identifies MST edges in a straight-line triangulation; this approach can be modified for least-cost triangulations that are explained below. Figure 13.3b shows the least-cost MST network for the test case described above.

Both in least-cost Steiner trees and MSTs, long detours are often necessary to reach a neighboring location. Any incident blocking a road cuts the network into two connected components. Smith and colleagues (2007:339) point out that real-world networks are normally implemented with a higher level of connectivity to avoid this problem.

K nearest-neighbor networks include significantly more edges than the MST and can be implemented easily. Several archaeological studies apply this approach by generating LCPs to a predefined number of closest neighbors. The number k of nearest neighbors considered varies from 10 (Bevan and Wilson 2013) to 5 (White 2012). This simple method has three drawbacks: (i) the resulting networks typically consist of several unconnected components, especially if sites are clustered; (ii) in such networks, the shortest path between two nearby locations, e.g. the path between a site and its neighbor k + 1, sometimes is a lot longer than the direct shortest path; and (iii) directed edges are more appropriate for this model because the “is closest neighbor” relationship is not symmetrical (see also Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). Figure 13.3c shows the five nearest-neighbor network for the test case described above.

Cost limit network: Another approach focusing on connections to near (straight-line) neighbors introduces a threshold for the length of the edges in the network (e.g. Hart 2012). This approach can be adapted for LCPs by selecting the LCPs to all neighbors within a site catchment, i.e. within a predefined cost limit. For instance, Groenhuijzen and Verhagen (2015) first create an all-pairs LCP network but select only those that can be traveled within 20 minutes. This cost limit was chosen because a lower threshold created too many connected components. This threshold is well below the one hour limit of day-to-day travel mentioned by Isaksen (2008). Figure 13.3d shows a cost limit network for the test case described above.

Randomized nearest neighbors methodology (Prignano et al. 2016): this also uses a cost limit threshold; the initial network consists of the shortest link only, links with increasing link length are added until the target total link length is achieved. By replacing link length by LCP costs, this approach can be readily adapted. The site catchment cost limit is the cost value of the last LCP added to the network. The importance of the nodes may be taken into account by modifying the cost thresholds accordingly (Verhagen et al. 2019).

Least-cost triangulation networks (LCTN): in case of clusters of nodes separated by substantial distances, neither k-nearest neighbor nor cost limit networks establish links between the clusters. This disadvantage is avoided by the LCTN approach with the objective of reconstructing the paths to the nearest neighbors in all directions (Herzog 2013c). Most GIS software packages support the creation of a straight-line Delaunay triangulation (STDT) for a given set of irregularly spaced points (e.g. Smith et al. 2007:113–115), that on average connects each node with six neighboring nodes. Similarly, LCTNs link each site with about six neighbors in different directions by LCPs. Therefore, the degree centrality of the nodes in such networks does not vary significantly. As degree centrality is often considered as a measure of importance or accessibility of a location, the LCTN model is appropriate only for settlements of similar importance (or size). Contrary to the k-nearest neighbor and the cost limit approach, in the LCTNs, settlements in the same direction but at a larger distance can only be reached via intermediate stops at neighboring settlements. An LCTN is calculated by using the fact that Thiessen polygons (also known as Voronoi diagrams or Dirichlet tessellation) and STDT are closely related: the triangulation connects nodes that share a Thiessen polygon side (Worboys and Duckham 2004:191). Therefore, in the first step of LCTN generation in a raster grid, least-cost Thiessen polygons (LCTP) are computed by spreading processes starting simultaneously for all nodes (Smith et al. 2007:116–117). During the spreading processes the grid cells are allocated to the corresponding nodes until all cells are allocated. The LCTP borderlines are derived from adjacent grid cells belonging to different node allocations. Nodes are considered neighbors if the common borderline of their LCTPs exceeds a predefined length. LCPs connecting neighbors form the LCTN. In an STDT, adding a new point can change many triangles in the network; however, when adding a new site to an existing road network, such a radical change is highly unlikely. Figure 13.3e shows an LCTN for the test case described above.

Gabriel networks: as mentioned above, a node in a MST connects on average with one other node, whereas in the STDT, each node is linked with six neighboring nodes on average. Straight-line Gabriel networks (Smith et al. 2007:339–341; Nakoinz and Knitter 2016:173–174) might be considered as a compromise between MST and STDT in terms of connectivity. An edge between two nodes is part of the straight-line Gabriel network, if the circle constructed so that the edge is its diameter does not contain any other nodes (see also Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). This approach can be adapted for LCPs by checking each LCP in the all-pairs network: in a first step, compute half of the LCP’s total costs (r); for each LCP linking ni with nj identify the location c that can be reached from both ni with nj by expending r. The least-cost catchment for location c with a cost limit of r corresponds to the circle in the straight-line approach. The LCP considered is part of the least-cost Gabriel network if no other nodes are within this catchment.
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Figure 13.3. LCP networks compared to Nicke route buffers (white, radius 200 m): a) all-pairs, b) MST, c) five nearest-neighbors, d) cost limit, e) LCTN, f) least-cost sphere-of-influence graph.



Beta skeletons: in computational geometry, beta skeletons are a group of network construction techniques that include Gabriel networks (Jiménez and Chapman 2002). This group also includes relative neighborhood graphs (Nakoinz 2012b; Nakoinz and Knitter 2016:173-174). These are mostly very similar to Urquhart graphs that are computed from an STDT by removing the longest edge from each triangle (Andrade and de Figueiredo 2001; see also Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). Creating least-cost Urquhart graphs from LCTNs is done by removing the highest cost LCP from any set of three LCPs that pairwise connect three nodes. In general, Urquhart graphs include fewer edges than Gabriel networks. In the view of Nakoinz (2012a; 2012b), short edges in the triangulation are more realistic than long ones for transport networks. This is an argument in favor of Urquhart graphs. Alternatively, LCPs with total costs beyond a given cost limit might be removed from the LCTN.

Sphere-of-influence graph is a term used for another straight-line proximity graph concept based on circles (Dwyer 1995; Nakoinz and Knitter 2016:173–178). The implementation for least-cost distances is straightforward: for each site start an ACS spreading process until the first neighbor is encountered. Two sites are connected by LCPs, if their neighbor-delimited catchments intersect. In contrast to the neighbors-within-catchment approach, this method takes varying site densities into account. According to Dwyer (1995), for sphere-of-influence graphs with a large number of nodes, the average degree is in the range 1.39–2.88. In the test case of Nakoinz and Knitter (2016), the sphere-of-influence graph consists of many unconnected components and therefore is not considered useful. Figure 13.3f shows the least-cost sphere-of-influence graph for the test case described above.

Efficient progress network: Nakoinz (2012b) proposes a network method that selects those edges from an all-pairs network or LCTN that allow most efficient progress, i.e. where the largest Euclidean distance is covered per cost unit. Starting the selection process based on the LCTN reduces the computational load and avoids including edges for which the already selected edges provide an alternative geodesic at insignificantly higher costs. This network method is not appropriate for a study area consisting of areas of largely varying accessibility, e.g. a plane and steep mountains. In such a study area, the network will only link nodes in or close to high accessibility areas.

Least-cost basin clustering allows generating hub-and-spoke networks explicitly (Herzog 2013c; based on approaches for straight-line distances proposed by Hader and Hamprecht 2003). In this set of approaches, hubs are not identified by applying network centrality measures. Instead, the density of nodes in terms of least-cost distances is used to identify hubs. This is the only method discussed in this section that may take the weight of the nodes (e.g. size or importance of the settlements) into account, by applying weighted least-cost kernel density estimation. The user-selected bandwidth parameter reflects the least-cost distance where the impact of a settlement ceases and controls the scale of the hub selection. The edges in such hub-and-spoke networks are a subset of the LCTN edges, linking each node (exception: hubs) with a higher density neighbor. Each hub is the center of a connected component. This method for detecting hubs may also provide some evidence on the location of the earliest settlements of a specific culture: often, a large proportion of the early settlements serve as hubs later on, after new settlements were founded. Unfortunately, this method does not reconstruct the connections between the hubs.

Network models optimizing either global or local efficiency are presented by Prignano and colleagues (2016). These metrics were introduced by Latora and Marchiori (2001): they assume that the efficiency in the communication between two nodes is inversely proportional to their (least-cost) distance. The global efficiency of a network is the sum total of the inverse path costs of the paths connecting each pair of nodes, divided by the optimal efficiency of the all-pairs network, thus ensuring that the metric is in the range of 0 to 1. The local efficiency of a node is proportional to the inverse sum total of the inverse path costs of the node’s ego-network. According to Latora and Marchiori (2001), the local efficiency is an indicator of how fault tolerant the network is. Average local efficiency is closely related to connectivity. Such networks are created iteratively: in each iteration, the edge is added to the network that provides the largest increase in (either global or local) efficiency. The iterations stop when the target total link length of the network is reached. The adaptation of these algorithms for LCPs is straightforward. Prignano and colleagues (2016) compare the networks resulting from these two approaches and the randomized nearest neighbors approach to two prehistoric networks in Italy and find that the model optimizing global efficiency fits extremely well for one region. For the second region, initially the model optimizing local efficiency seemed to fit better, but after some adjustments for Rome at the edge of the study area, the global efficiency model provided the best results.

In Figure 13.3, the two nodes with the highest closeness and betweenness centrality values are highlighted for each network. The calculations were performed using Visone 2.18 based on path costs. For four of the approaches (five nearest-neighbors, cost limit network, LCTN, and sphere-of-influence graph) Lindlar and Wipperfürth are the two nodes with highest closeness centrality. These nodes are also hubs in the Nicke route network: Wipperfürth is traversed by three Nicke routes, and in Lindlar, two Nicke routes meet (Figure 13.1). This is surprising when considering the fact that the proportion of edges that coincide with Nicke routes for at least 60% of their total length is merely in the range of 36% to 43% for these models (Table 13.1). In four of the networks (MST, five nearest-neighbors, cost limit network, and LCTN), Wipperfürth is also in the top two of the highest betweenness centrality values, but Lindlar scores only twice with respect to this centrality measure (LCTN, sphere-of-influence graph). In this case study, the closeness centrality measure is more appropriate for reconstructing hubs than betweenness centrality.

The networks shown in Figure 13.3 consist of one connected component; an isolate can only be found in the cost limit network (Waldbröl in the southeast of the study region; Figure 13.3d).

Table 13.1 lists the standard deviations of the closeness centrality percent values for the different network reconstructions. A high standard deviation indicates that the differences between the nodes in terms of centrality are significant. In the case study, this standard deviation is highest for the cost limit network, that is the only network with an isolate. All other networks presented in Figures 13.3 and 13.4 consist of one connected component, and the standard deviation of the closeness centrality percent values for these networks is lower.

In terms of coinciding edges, the least-cost MST outperforms all other network models considered in Table 13.1. But a proportion of 48% roughly coinciding edges is still far from perfect. When applying an alternative performance indicator assessing the proportion of Nicke routes covered by the LCPs, the all-pairs network produces the highest value, and the ranking of the least-cost MST is very low. Obviously, this alternative performance indicator depends on the number of LCPs included in the network. This discussion shows that a more intuitive performance indicator of the network reconstruction approach is still to be developed.



Table 13.1. Properties of the networks connecting 22 church settlements in the study area; σ is the standard deviation of closeness centrality values.




	Network model
	Number of edges
	σ of closeness centrality
	Mean edge length (km)
	No-fit edges: < 20% in 200 m buffer
	Nice-fit edges: 60% to 80% in 200 m buffer
	Best-fit edges: > 80% in 200 m buffer





	All-pairs LCPs
	231
	0.68
	27.8
	13%
	19%
	6%



	MST
	21
	1.00
	9.3
	14%
	24%
	24%



	Five nearest neighbors
	67
	0.66
	14.2
	19%
	24%
	16%



	Cost limit network
	42
	1.28
	11.3
	19%
	24%
	19%



	LCTN
	49
	0.72
	12.4
	22%
	20%
	16%



	Sphere-of-influence graph
	53
	0.77
	13.0
	21%
	23%
	15%







In the study area, all-pair LCPs often coincide for some stretches, generating a variant of Steiner points when they fork, e.g. the four LCPs connecting Waldbröl with different destinations north of this settlement are identical for about 2.7 km (Figure 13.3a). Moreover, the hub described by Nicke between Wipperfürth and Gummersbach is approximately reconstructed by all-pair LCPs. After replacing each set of coinciding edges by a single edge and introducing additional nodes at fork or hub locations, the outcomes presented in Table 13.1 will differ. In a raster GIS, counting the number of LCPs traversing each cell might be a useful approach toward joining coinciding edges (Groenhuijzen and Verhagen 2015). Nakoinz (2012a) considers edges traversed frequently (i.e. edges with high betweenness) as candidates for main roads. Parallel edges forming corridors of movement often complicate the joining process, which was therefore not attempted for the test case.
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Figure 13.4. Hub-and-spoke networks for the locations Wipperfürth and Lindlar; dendritic network of the Nutscheid road.




Transportation Network Models for Partly Unknown Destinations

This section introduces least-cost approaches for reconstructing networks when only a subset of the destinations is known or none at all. Several methods have been published for generating hub-and-spoke networks, when only a starting point (i.e. the hub location) and the cost grids are given. For instance, calculating a huge number of LCPs connecting a starting point with possible destinations is an obvious approach to detect travel arteries, i.e. raster cells that are traversed by lots of LCPs (White and Barber 2012). The resulting travel arteries close to the starting point are apparent, but obvious destination locations are less distinct. This drawback and the computational burden are avoided by the method proposed by Fábrega-Álvarez and Parcero Oubiña (2007), which is based on an ACS for the hub location. The destinations on the borderline of the ACS are the locations where large distances can be covered at low costs compared to surrounding borderline raster cells (for implementation details see Herzog 2013c). Examples for the hubs Wipperfürth and Lindlar in the study area are shown in Figure 13.4. Fábrega-Álvarez and Parcero Oubiña (2007) carry out this procedure for several origins, and check if a connected route network results. Llobera and others (2011) have published an alternative approach: they apply a drain procedure to the ACS to identify potential paths to the starting points.

A linear feature such as a river or a main travel route might serve as the spine for a dendritic network. The algorithm proposed by Fábrega-Álvarez and Parcero Oubiña (2007) for generating central point networks can be readily extended for creating the subsidiary paths of a given main travel route (Herzog 2013c). Instead of one seed point, all raster cells traversed by the main travel route form the seeds of the least-cost buffer. An example for the well-known Nutscheid-road is given in the southeast of Figure 13.4.



White and Barber (2012) propose the “From Everywhere to Everywhere” model which connects all points on a regularly spaced grid to each other by LCPs, thus generating a network of travel arteries, i.e. paths trodden most frequently. This results in many disconnected short or parallel routes, and it is hard to identify possible nodes. Although this approach reconstructs the known old routes in the Mexican study area quite well, the outcome needs additional refinement to allow network analysis.

Whereas White and Barber (2012) assume uniform probability of nodes in the landscape, Bevan and Wilson (2013) repeatedly apply inhomogeneous point process modeling to generate candidates for missing settlement locations. For each run of this simulation, a transport network is calculated and typical network metrics for nodes such as degree centrality or betweenness centrality are computed. Averaging these key figures for the known settlements allows assessing their role in the network. Although Bevan and Wilson (2013) create interaction networks, the methodology can readily be applied for LCP networks after deciding which transport network model for known destinations is appropriate.

Discussion and Conclusions

In the case study, it was possible to assess the performance of the different network models because the ground truth of the routes was mapped by Nicke. If only parts of the road network are already known, LCP approaches can be used to fill the gaps. An example is the study of Orengo and Livarda (2016), who use a cost model that mainly aims to generate straight courses that are typical for most Roman roads in Britain. In the absence of any evidence of such routes, old maps might provide some guidance if continuity of routes established in earlier periods of time may be assumed. Continuity is probably found in areas with natural corridors constricting the options of movement and in areas without radical changes in culture or means of transport. In many situations, it was easier to maintain an existing route than to create a new one. Even Roman road constructors used some older routes. In some areas without any evidence of past routes it might be possible to find comparable regions where more data concerning transport routes is available and to derive appropriate cost models and probable network strategies from this data. If no appropriate historical data and no other evidence of routes of the period considered are available, selecting a suitable cost model and network strategy is hardly possible at all; the outcome will rarely produce reliable results. Anyway, in most LCP studies, the best cost model found does not reconstruct the transport routes between known destinations perfectly because the model is a simplification of past reality.

A first step in the archaeological reconstruction of transport networks is usually the selection of nodes (sites). The case study suggests that reconstructing transportation networks by connecting all known contemporaneous settlements might not be appropriate. Often, neither the exact chronological sequence nor the importance of the sites to be linked by networks is known, and sometimes not all relevant sites have been detected. These issues introduce additional uncertainty which may be overcome by Monte Carlo methods as applied in the study by Bevan and Wilson (2013). Alternatively, if only some of the nodes of a past network are known, least-cost methods for creating hub-and-spoke networks may identify past routes. If several of the computed routes originating at different hubs join, this may be considered as evidence for the validity of this route reconstruction. However, this approach is not appropriate for networks with low density.

The task of reconstructing LCP networks is complicated by edge effects that also had an impact on the results of the case study. The study area was defined in view of limited landscape change (exceptions: quarries near Lindlar and dams) and homogenous landscape characteristics. Due to these study area borders, just one node is close to the Nutscheid road in the southeast of the study area (Figure 13.4) which, in principle, can be reconstructed successfully using the cost model applied in this case study (Herzog 2022). In the case study, only the all-pairs network includes LCPs that coincide in part with this Nicke route. Moreover, important centers in medieval times were the city of Cologne and the monastery Essen-Werden, and both most probably had an impact on the route network but are not located within the study area.

One of the reasons for the successful reconstructions of two hubs in the Nicke route network by four network models in spite of imperfect reconstruction of the actual routes might be the fact that several optimal or near-optimal paths may exist between two points in a cost grid. These do not always form corridors of movement but sometimes run on completely different routes. The advantage of network analysis based on the LCP’s cost values is the fact that it does not matter which of the (near-)optimal routes is taken into account.

Another possible edge weight assignment in the trade network is the exchange intensity derived from the artifacts present in the nodes linked by the edge. In future, comparing networks based on least-cost distances to those based on artifact similarity will provide new insights. In general, we expect that archaeological types are distributed according to Tobler’s first law of geography, i.e. that close objects are more similar than distant objects (Worboys and Duckham 2004:146–147). An example for a network analysis showing that distance is not an important predictor of pottery decoration similarity for study regions in North America was published by Hart (2012).

The network reconstruction approaches applied in this case study for the selected medieval settlements were only successful for a subset of the Nicke routes, but many other methods remain to be tested. These include least-cost adaptations of the lune- or circle-based β-skeletons with various values of β (Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). The adaptations are straightforward: replace circles in the straight-line algorithm by least-cost catchments. Several of the network algorithms discussed above are closely related to clustering methods that are applicable for any distance measure. Future research might identify an alternative clustering approach that produces an improved reconstruction of the Nicke route network. Another task for the future is to analyze additional transportation networks that are well documented in historical sources, with the aim of correlating characteristics of societies or landscapes with suitable network models.
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CHAPTER 14

Space Syntax and Pedestrian Modeling

Mu-Chun Wu

Introduction

In this chapter, I consider how archaeologists have employed space syntax to facilitate studies of social-spatial phenomena from a spatial network perspective. In particular, I focus on the implicit theoretical component of space syntax that emphasizes pedestrian movement and social relations. I go on to consider how this fits with Tim Ingold’s (2011) “wayfaring” theory and the concept of “meshworks,” and suggest that the incorporation of both social networks and spatial networks can further our understanding of social-spatial paradigms.

Space syntax is a body of techniques and theories that seeks to understand how society and space interrelate. The focus lies on how activities in society shape the spatial outcome and how this spatial outcome in turn affects human behavior. Most high-level social theories describe how this social-spatial paradigm works at a very abstract, philosophical level, and often require empirical approaches that operate on a lower epistemological level to provide conceptual and methodological tools that directly link the spatial environment to the human behavior within it (Smith 2011). This is exactly what Hillier and Hanson set out to resolve when they published The Social Logic of Space (Hillier and Hanson 1984) and brought forth the theoretical and methodological approach known as space syntax.

Originally developed for architecture and urban studies, space syntax sets out to understand the relations between spatial layout and social-cultural significance. By breaking continuous space down into more manageable spatial units, it facilitates researchers to mathematically analyze individual spatial components using formal methods from a quantitative perspective. Initially, Hillier and Hanson devised two different approaches to break space down in the form of convexes, based on activity areas, and axes, based on pathways. They then utilized the concept of accessibility to analyze their connectivity and integration within the spatial configuration in an attempt to understand why some activities are situated in certain locations and how the spatial configuration is related to social structure and cultural traits.

Later on, the research of Hillier and colleagues (1996) on the Tate Gallery stressed how visual perception plays a crucial role in how people structure their pedestrian movement in built environments, which in turn influences how people encounter and interact with each other. This led to another analytical approach called visibility graph analysis (VGA), designed to investigate how the visual structure of space influences pedestrian movement and social interaction, in which continuous space is broken down into visual grids. Along with the convex and axial aspect of space, the three approaches make up the main analytical methods for space syntax to study accessibility. These are incorporated in a computer program called “Depthmap,” originally developed by Alasdair Turner (2004, 2007), which has become the major operational platform for space syntax practitioners.

Archaeology is just one of a wide range of disciplines that have employed space syntax to study spatial layouts and their social-cultural implications. Archaeologists adopted this approach to study social interaction in ancient buildings and cities from across the world, including Europe, the Near- and Middle-East, and the Americas (Cutting 2003; Dawson 2002; Drennan 2010; Edwards 2013; Fairclough 1992; Ferguson 1996; Fisher 2009; Foster 1989; Grahame 2000; Mustafaal et al. 2010; Shapiro 2005). Roman cities (Grahame 2000; Stöger 2009, 2014, 2015; Van Nes 2014), Pueblo settlements (Bustard 1996; Ferguson 1996; Shapiro 2005; Van Dyke 1999), and Maya and Inca civilizations (Morton et al. 2012; Robb 2007; Stuardo 2003) are just a few of the places where archaeologists have utilized space syntax to discuss social organization and interaction. Space syntax has since proven its utility for characterizing scale, integration, and relative asymmetry of spatial connectivity within ancient buildings and settlements. It offers an implicit theoretical component for archaeologists that focuses on the importance of movement within built environments and the significance of access for social interaction (Smith 2011). In this chapter, I review how the three major approaches of space syntax are employed in archaeology and how concepts of accessibility and pedestrian movement further our understanding of social interaction, society, and cultural phenomena.

Ways to Think About Accessibility and Pedestrian Movement

Access Analysis Through Convex Spaces

A convex is essentially a non-reducible space that facilitates social interaction, usually defined as individual rooms in a building or individual buildings in a settlement. An access graph, or justified graph (Hillier and Hanson 1984), is the spatial network that highlights the connections between these convexes, whereby each convex is represented as a node and the connection of convexes as undirected edges (Figure 14.1). By breaking space down into interconnected components, it allows researchers to formally analyze its layout, where each convex can be examined individually and relative to the entire system. It is essentially a network configuration based on spatial connections.

In order to formally analyze the spatial configuration of an access graph, Hillier and Hanson devised a number of techniques to highlight specific aspects of how each convex is situated within its network. Methods such as step-depth (geodesic), connectivity (degree), control value (similar to degree centrality), ringiness (similar to cycles), articulation, and real relative asymmetry (RRA), are designed to measure specific aspects such as integration, segregation, control over space, spatial morphology, hierarchical structure, etc. Access analysis provides a set of techniques to determine how accessible each of a built environment’s constituent spaces are, and therefore which spaces might be more likely to host social interaction, and how this social activity may have related to the larger social context.




[image: image]

Figure 14.1. Justified graphs of the same spatial layout using different nodes as root.



The wide range of analytical tools available within access analysis also inspired great diversity in discussing different aspects of sociocultural themes. In morphological and RRA analysis, researchers (Dawson 2002; Drennan 2010; Mann 2015) are able to discuss how the spatial configuration reflects certain social-structural order such as kinship and gender. RRA is also used to identify certain cultural traits (Bandyopadhyay and Merchant 2006; Bustard 1999), design origin (Romanou 2007; Twaissi 2017), or the concept Hillier and Hanson (1984) coined “genotype,” in which certain convexes are accessible relative to other convexes. Step-depth is often employed to discuss the private–public division by restricting movement access to certain deep and private rooms in contrast to easy access for public locations (Bintliff 2014; Bonde and Maines 2004; Mustafa et al. 2010). Some scholars (Edwards 2013; Stöger 2009, 2014, 2015) employ control value or RRA measures to highlight how certain convexes control access of movement to certain locations, or how certain convexes are social activity locales, since they have higher potential for facilitating social interaction. It is noteworthy that most researchers employ multiple measures in support of their arguments, as single measurements are often considered to not reflect the studied social phenomena in their entirety.

By breaking down continuous space into discrete but interconnected units, built environments will structure patterns of movement and encounter, and therefore directly influence social interaction and relations. Since each convex space is connected through direct movement, spatial configuration is, in fact, a representation of the structuration of movement. From an integrated node, one does not need to move through many intervening nodes to get to the other node, so it is on average close to the other nodes, and vice versa (Figure 14.1). The spatial configuration also affects the available choice of routes between the root and other convexes. The number of rings (cycles) in the graph highlights the available routes that could be chosen. Figure 14.1 demonstrates how the same spatial layout appears to be very different when approached from different nodes as roots, and may potentially suggest different significance for the two nodes. The difference in potential significance surfaces because the spatial configuration relates directly to potential movement patterns from each space. It is locomotion that facilitated the perception and understanding of space and its configuration.

Access Analysis Through Axes

Whereas pedestrian movement is implied in convex analysis, it is more explicit in axial analysis. The foundation for theorizing social interaction in a given convex is predicated on the accessibility, connection, and pedestrian movement with other convexes. It investigates social interaction in space, with regard to its potential function, privacy, and ritual significance, through the lens of pedestrian movement in the built environment. In contrast, the axial graph is about understanding social interaction directly through examining pedestrian movement. Instead of discrete space like convexes, the key components for axial mapping are the lines that represent pedestrian paths. By transforming the built environment into interconnected pedestrian pathways, it analyzes access through a transportation network perspective.

The way space syntax approaches axial graphs is similar to how convex graphs are analyzed. The major differences lie in the way spatial units are defined and connected, and how the results are interpreted. In an axial graph, spatial entities, such as pathways, are represented as straight lines and the connection between pathways represented as cross-joints of these lines (Figure 14.2). Metrics such as integration, step depth, and entropy can also be derived for an axial graph to investigate the path connectivity and significance. Axial maps bring back some of the spatial features lost in convex maps, such as size and angular turns of space. In essence, convex maps and axial maps are simply two different approaches to representing a given spatial layout. Whereas a convex map breaks down space predominantly based on shape, an axial map does so based on angular turns.

However, given that an axial graph does not deal with the shape of space, it is more widely applied to scrutinize pedestrian movements in ambiguous space such as outdoor movements. Whereas a convex graph is mostly adapted to understand spatial connectivity with more well-defined boundaries, such as building interiors or local neighborhoods, the axial graph is mostly adapted to investigate urban layouts and street networks. This advantage has led many archaeologists to employ axial graphs to investigate settlement layouts (Morton et al. 2012; Robb 2007; Stöger 2009, 2014, 2015; Stone 2000). In terms of pattern interpretation, the focus shifts from why and how certain social activities are located in specific spaces to why and how certain social activities are along or connected to specific pathways.

In combining convex and axial graphs, Hillier proposed the concept of “intelligibility” to understand social integration and diversity (Hillier 1999). In a highly intelligible layout, the whole system is easily recognizable from any of its part; the built environment is easy to navigate for newcomers, and easy to control by administrators. An unintelligible configuration is administratively opaque and prone to small-scale local fracturing and isolation. Morton and colleagues (2012) demonstrated how intelligibility influenced communities at different levels through daily practice and how it relates to the stabilization and authority of the civic system in Teotihuacan. Similarly, Stone’s (2000) work on Pueblo communities in the Point of Pines region of Arizona utilized an axial integration measure to explore the concept of intelligibility and how it relates to the differentiation of community groups and within community members.
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Figure 14.2. Axial map of area A and B in Saqacengalj, Taiwan.



Visibility Graph Analysis

The third major approach in space syntax concerning accessibility is visibility graph analysis (VGA), which explores how space is visually accessible. It breaks down a given spatial layout into equally sized grid cells and investigates the visibility properties of these grids by creating isovists from the central point of grid cells. This is similar to how viewshed analysis is performed in most GIS platforms, and bears clear similarities to the concept of “inherent viewshed” or “total viewshed” proposed by Llobera et al. (2004). It investigates the visual prominence of a given location and further facilitates the discussion on location significance and social activity. Archaeologists have employed this approach to discuss why certain material objects or activities are situated in visually exposed locations (Chatford 2007), or why they are visually inaccessible due to privacy or secrecy demands (Faust and Katz 2017). VGA grids are also spatially connected as convex graphs, however, allowing for visibility integration analysis to be performed. The resulting pattern of VGA not only suggests how much you can see from each point, but also how difficult it is to get to see all the space in the spatial layout from each point in terms of the number of visual steps that must be taken (Hillier 2014). Faust and Katz’s (2017) work on Tel ’Eton exemplifies how female activities are carried out in less visually integrated locations and further discusses the differentiation of gender in households. Chatford’s (2007) study of Byzantine churches in Jordan showcases how most material artifacts are placed in areas of high visual integration, whereby significant rituals are easily accessible and visible.

Whereas archaeological visibility studies are quite diverse (see Čučković, “Visibility Networks,” this volume Chapter 15), the application of space syntax has predominantly focused on visual accessibility and its relation to pedestrian movement and the underlying spatial configuration. VGA can further be combined with agent-based modeling (ABM) of movement (see Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18). Hillier et al.’s (1996) research on the Tate Gallery found that visitors seemed to be using the visual structure of the gallery as their main navigational aid, whereby more visually integrated spaces had more people passing through them. This suggests that the way in which one visually reads the spatial layout is a powerful influence on the pattern of movement. This finding encouraged archaeologists to scrutinize the potential of pedestrian movement in site plans and to discuss its social and cultural significance in terms of movement density, control and positioning (Stöger 2014; Van Nes 2014). In contrast to convex and axial graphs, which analyze movement from a spatial configuration standpoint, ABM pedestrian modeling offers an alternative agent-based perspective similar to the least-cost path (LCP) approach (see Herzog, “Transportation Networks and Least-Cost Paths,” this volume Chapter 13).

Critiques and Recent Archaeological Studies

Space syntax is most criticized for the abstraction of space and the manner in which it is reduced. In order to mathematically analyze the spatial configuration, continuous space is either represented as discrete spatial units such as convexes, or as axial lines, or as grid cells. These reductions inevitably strip sociocultural context off the space and leave behind a depopulated entity. Researchers have devised different ways to rectify this by bringing functions, sizes, and other aspects of space back to the access graphs through various symbols (Fairclough 1992; Fisher 2009; Fladd 2017; Mann 2015; Van Nes 2014). Others have highlighted how the same layout may result in different diagrams simply because researchers have different approaches to how a spatial unit should be defined (Batty and Rana 2002; Morton et al. 2012). Since space syntax is the investigation of spatial configuration, differences in the number and connections of spatial units would severely affect the results. Therefore, a standardized and consistent approach to how spatial units should be defined and connected is crucial (Batty and Rana 2002; Turner et al. 2004).

Another issue relating to spatial definition concerns the incomplete nature of archaeological data. Archaeological excavations often reveal only fragments of the spatial layouts of buildings or settlements. As useful as space syntax is for studying space and society, researchers have urged caution on how it could apply to archaeological data and how utilizing space syntax as a heuristic tool—a tool to think with—would also benefit the understanding of past human activities (Cutting 2003). Others have turned to geophysical survey to provide a more comprehensive spatial layout for access analysis (Benech 2007; Morrow 2009). Through non-intrusive geophysical survey, researchers are able to gain access to large-scale spatial layouts without the need for excavating the whole site. Although this provides a cost-effective alternative, it also raises the question of sampling and representation.

Time is central to another major critique of space syntax. It has long been accused of being static and lacking the dynamic scrutiny of spatial function and social activity (Cutting 2003; Mann 2015). This is mainly because spatial layouts of a given built environment in archaeology are usually focused on presenting a spatial configuration of a specific time period, and probably with a bias toward the last stage and the final footprint of the overall architecture. However, space as socially constituted is a fluid concept that is subject to social change through time. Only by addressing the role of time in the spatial configuration can researchers obtain a more dynamic view of the interplay between social structure and the spatial system. This is usually achieved by dividing the spatial configuration into several stages of development through various kinds of dating techniques and scrutinizing each diachronically and synchronically (Bonde and Maines 2004; Fladd 2017).

In addressing the problem of de-contextualized space and the issue of time, Hillier has urged archaeologists to think about space from a more fluid and generic perspective. He argued that space is after all subject to laws (Hillier 2014). These laws do not state what measurements of space equate to certain functions or cultural significances of that space. Instead, they are laws that highlight how specific layouts of space equate to certain characteristics of movement patterns and conditions for social interaction. Given a spatial configuration, a convex with high integration measurements does not necessarily indicate its function as a plaza, living room, or courtyard. Instead, it suggests a location that is highly accessible to other spaces whereby movement through this location is highly likely and suitable for interaction and social integration. It is likely that certain cultures prefer setting their communal activities such as living room or dining area in a highly integrated location, or a highly integrated location would encourage certain cultures that perceive living room or dining area as communal activities to be situated therein.

A direct link between certain measures of space and a specific function or significance is extremely difficult to establish, given the diversity of cultures in the world and personal preferences. This is exactly where agency and Bourdieu’s (1977) concept of “practice and habitus” come in. Through the examination of material culture and their respective location within the spatial configuration, archaeologists can infer and interpret social structure, cultural traits, as well as social interaction, power dominance, and control. And, through determining cultural habitus and identifying anomalies, archaeologists can discuss human agency and personalization.

The emphasis on movement and interaction, and their social implications, shares common ground with recent research developments in GIS and least-cost paths (LCP; see Herzog, “Transportation Networks and Least-Cost Paths,” this volume Chapter 13). Both approaches investigate how human movement through a given environment bears social meanings, and constitutes how humans perceive the social and cultural space. Many researchers have explored how space syntax techniques can be incorporated into GIS platforms (Beyhan 2011; Jones et al. 2009), which involves transferring the stand-alone “Depthmap” program into “plug-ins” or “toolboxes” as analytical functions in GIS platforms. This has led to a number of researches combining the concept of accessibility in space syntax and LCP in GIS platforms. (Hacigüzeller 2008; Hacigüzeller and Thaler 2014; Richards-Rissetto 2012; Richards-Rissetto and Landau 2014; Verhagen 2013; Wernke 2012; Wu 2015; Wu and Lock 2012). Steven Wernke’s (2012) work on Malata demonstrates how spatial layouts influence pedestrian modeling through LCP, and utilized movement density to highlight accessibility and control over certain locations. Richards-Rissetto’s (2012) work on Copán also illustrated how spatial form and layout can shape LCP pedestrian movement and, in turn, social interaction.

Considering social and spatial relationships, Hillier also urged archaeologists to think about built environments as a process of generic spatial development (Hillier 2014). Using contemporary cities as case studies, he highlights how urban city networks can be categorized into foreground and background networks using the choice measure (Hillier 2014). The background network illustrates how localized residential space grows into existence, and the foreground network highlights how these local communities are gradually integrated into the wider regional system. Hillier (2016) further utilized the discussion on foreground and background to highlight the need to bridge social networks and spatial networks in future studies.

Although the full potential of the “generic city” concept is yet to be adapted by archaeologists, there are some notable studies that attempt to bridge social networks with spatial configurations. Richards-Rissetto and Landau (Richards-Rissetto 2012; Richards-Rissetto and Landau 2014) utilized LCP and concepts of accessibility and closeness to investigate social network in Copán. Stöger’s (2015) and Van Nes’s (2009) work on Ostia and Pompeii respectively reveal potential for discussion on foreground and background networks. Wu’s (2015) study of Saqacengalj is another example of integrating space syntax and social network analysis. Furthermore, Wu and Brughmans’s (in preparation) recent work on networks and meshworks employs LCP pedestrian modeling and accessibility to investigate social relations, and how the results can be directly scrutinized using network science.

Spatial Configuration and Pedestrian Movement

The focus of space syntax on movement and on the fluidity of space has parallels with Ingold’s (2011) “wayfaring” theory. The theory proposes an alternative way of thinking about social relations by introducing the idea that people perceive and interact with the world and form knowledge by embodying themselves in a “meshwork” of reality (Ingold 2011). Ingold argued that a meshwork is everything happening around us and is the very reality in which we dwell so that rather than viewing things happening around us as different entities in a linked network in relation with each other, we see it as everything being interwoven or “meshed” together. The way to understand this mesh is to walk through it or, in Ingold’s words, to experience “wayfaring.” Human behavior is not the result of agency that is distributed through the network, but rather emerges from the interplay of forces which are conducted along the lines of the meshwork (Ingold 2011).

Does space syntax represent meshworks or networks? One might point out that space syntax creates a spatial network using nodes and edges. However, I argue that although space syntax breaks space down into individually connected spatial entities, its main concern and focus is accessibility in the form of pedestrian movement and the potential social interaction that comes with it. Space is generic and fluid in that it is open for human manipulation and societal change. What space syntax offers is the means to quantitatively analyze space in its potential to facilitate pedestrian movement and social interaction. Although much of society, culture, or personal preferences change, there will always be a range of activities with different demands on movement and co-presence that find their appropriate places in spatial configurations. While a space lays out the condition for movement and encounters, its function and utility are open for human actors to operate in freely. Since access analysis is focused on movement and interaction, not function, it is not specific to certain social groups, but applicable to diverse cultures.

This generic and fluid view toward space is also why space syntax and Ingold’s theory of wayfaring could be a marriage made in heaven. Ingold approaches social relations through the spatial meshwork that lays down the condition for possible social interaction. It is locomotion that must be the starting point for studying perception and how we form knowledge about the world. The way we encounter and interact with each other is predicated on how we move and join along the spatial meshwork that facilitated that possibility. This does not suggest that archaeologists should abandon their attempts at understanding social structures and relations. It merely reflects that through the investigation of space and pedestrian movement, archaeologists may acquire a more comprehensive view of the social-spatial paradigm. As illustrated by the case studies introduced in this chapter, discussions on social structure, cultural traits and human agency can be put back into context through the examination of material remains. Networks and meshworks are simply two different approaches to examining the same social-spatial event. As Hillier (2016) has rightly pointed out, the future of space syntax lies in how spatial networks and social networks can be incorporated to formulate a comprehensive view of the spatial-social paradigm.

Conclusion

Space syntax is a body of techniques and theories that seeks to understand how society and space are mutually constituted. It comprises three major approaches to break space down into individual components and offers mathematical techniques to analyze them quantitatively. Convex and axial graphs are designed to investigate spatial configurations based on spatial activity areas and pathways respectively, using the concept of accessibility. Visibility graphs break space down into individual grid cells and can be used to study the visual connections and integration of a given spatial layout. At the heart of all three approaches lies the investigation of pedestrian movement, and how it enables our understanding of social interaction, activity, and perception. As space syntax and GIS-based research assimilate ever more, archaeologists are more capable and better equipped to investigate how space influences our understanding of past social interaction and communities. Meshworks and space syntax embody a spatial perspective for understanding movements, potential interactions, and how they constitute society. While GIS and LCP analysis facilitate a more refined and detailed rendition of access analysis in continuous space, 3D modeling and virtual reality also enable archaeologists to incorporate other senses and perceptions into the discussion of spatial encounters. This would broaden our understanding of how different elements and senses come together in a given spatial layout and benefit our grasp of how everything is “meshed” together in a meshwork of reality.

Suggested Reading

Hillier, Bill, and Julienne Hanson. 1984. The Social Logic of Space. Cambridge University Press, Cambridge.

Paliou, Eleftheria, Undine Lieberwirth, and Silvia Polla (eds). 2014. Spatial Analysis and Social Spaces: Interdisciplinary Approaches to the Interpretation of Prehistoric and Historic Built Environments. Walter de Gruyter, Berlin.

References Cited

Bandyopadhyay, Abir, and Arif N. Merchant. 2006. Space Syntax Analysis of Colonial Houses in India. Environment and Planning B: Planning and Design 33(6):923–942.

Batty, Michael, and Sanjay Rana. 2002. Reformulating Space Syntax: The Automatic Definition and Generation of Axial Lines and Axial Maps. Centre for Advanced Spatial Analysis Working Paper 58. DOI:10.1068/b2985, accessed August 12, 2020.

Benech, Christophe. 2007. New Approach to the Study of City Planning and Domestic Dwellings in the Ancient Near East. Archaeological Prospection 14(2):87–103.

Beyhan, Burak. 2011. Developing Space Syntax Tools for Free and Open Source Software for GIS. Proceedings of the 19th International Conference on Geoinformatics:1–6. DOI:10.1109/GeoInformatics.2011.5981111, accessed August 12, 2020.

Bintliff, John. 2014. Spatial Analysis of Past Built Environment: Houses and Society in the Aegean from the Early Iron Age Till the Impact of Rome. In Spatial Analysis and Social Spaces: Interdisciplinary Approaches to the Interpretation of Prehistoric and Historic Built Environments, edited by Eleftheria Paliou, Undine Lieberwirth, and Silvia Polla, pp. 263–274. Walter de Gruyter, Berlin.

Bonde, Sheila, and Clark Maines. 2004. Ne Aliquis Extraneus Claustrum Intret: Entry and Access at the Augustinian Abbey of Saint-Jean-des-Vignes, Soissons. In Perspectives for an Architecture of Solitude: Essays on Cistercians, Art and Architecture in Honour of Peter Fergusson, edited by Terryl Kinder, pp. 173–186. Brepols, Turnhout.

Bourdieu, Pierre. 1977. Outline of a Theory of Practice. Cambridge University Press, Cambridge.

Bustard, Wendy. 1999. Space, Evolution, and Function in the Houses of Chaco Canyon. Environment and Planning B: Planning and Design 26(2):219–240.

Bustard, Wendy. 1996. Space as Place: Small and Great House Spatial Organization in Chaco Canyon, New Mexico, ad 1000–1150. Ph.D. dissertation, University of New Mexico, Albuquerque.

Chatford, David L. 2007. Viewing the Liturgy: A Space Syntax Study of Changing Visibility and Accessibility in the Development of the Byzantine Church in Jordan. World Archaeology 39(1):84–104.

Cutting, Marion. 2003. The Use of Spatial Analysis to Study Prehistoric Settlement Architecture. Oxford Journal of Archaeology 22(1):1–21.

Dawson, Peter C. 2002. Space Syntax Analysis of Central Inuit Snow Houses. Journal of Anthropological Archaeology 21(4):464–480.

Drennan, Megan E. 2010. Architecture in Archaeology: An Examination of Domestic Space in Bronze Age Mesopotamia. Honors Scholar Theses, 167, University of Connecticut.

Edwards, Matthew J. 2013. The Configuration of Built Space at Pataraya and Wari Provincial Administration in Nasca. Journal of Anthropological Archaeology 32(4):565–576.

Fairclough, Graham. 1992. Meaningful Constructions—Spatial and Functional Analysis of Medieval Buildings. Antiquity 66:348–366.

Faust, Avraham, and Hayah Katz. 2017. The Archaeology of Purity and Impurity: A Case-study from Tel ’Eton, Israel. Cambridge Archaeological Journal 27(1):1–27.

Ferguson, Thomas J. 1996. Historic Zuni Architecture and Society: An Archaeological Application of Space Syntax. Anthropological Papers of the University of Arizona No. 60. University of Arizona Press, Tucson.

Fisher, Kevin D. 2009. Placing Social Interaction: An Integrative Approach to Analyzing Past Built Environments. Journal of Anthropological Archaeology 28:439–457.

Fladd, Samantha G. 2017. Social Syntax: An Approach to Spatial Modification Through the Reworking of Space Syntax for Archaeological Applications. Journal of Anthropological Archaeology 47:127–138.

Foster, Sally M. 1989. Analysis of Spatial Patterns in Buildings (Access Analysis) as an Insight into Social Structure: Examples from the Scottish Atlantic Iron Age. Antiquity 63:40–50.

Grahame, Mark. 2000. Reading Space: Social Interaction and Identity in the Houses of Roman Pompeii: A Syntactical Approach to the Analysis and Interpretation of Built Space. BAR International Series 886. Archaeopress, Oxford.

Hacigüzeller, Piraye. 2008. Modeling Human Circulation in the Minoan Palace at Malia. Proceedings of the 35th International Conference on Computer Applications and Quantitative Methods in Archaeology, edited by Axel Posluschny, Karsten Lambers, and Irmela Herzog, pp. 336–341. Dr. Rudolf Habelt GmbH, Bonn.

Hacigüzeller, Piraye, and Ulrich Thaler. 2014. Three Tales of Two Cities? A Comparative Analysis of Topological, Visual and Metric Properties of Archaeological Space in Malia and Pylos. In Spatial Analysis and Social Spaces: Interdisciplinary Approaches to the Interpretation of Prehistoric and Historic Built Environments, edited by Eleftheria Paliou, Undine Lieberwirth, and Silvia Polla, pp. 203–262. Walter de Gruyter, Berlin.

Hillier, Bill. 1999. Space is the Machine. University of Cambridge Press, Cambridge.

Hillier, Bill. 2014. Spatial Analysis and Cultural Information: The Need for Theory as Well as Method in Space Syntax Analysis. In Spatial Analysis and Social Spaces: Interdisciplinary Approaches to the Interpretation of Prehistoric and Historic Built Environments, edited by Eleftheria Paliou, Undine Lieberwirth, and Silvia Polla, pp. 19–48. Walter de Gruyter, Berlin.

Hillier, Bill. 2016. What Are Cities for? And How Does it Relate to Their Spatial Form? The Journal of Space Syntax 6(2):199–212.

Hillier, Bill, and Julienne Hanson. 1984. The Social Logic of Space. Cambridge University Press, Cambridge.

Hillier, Bill, Mark David Major, Jake Desyllas, Kavyan Karimi, Beatriz Campos, and Tim Stonor. 1996. Tate Gallery, Millbank: A Study of the Existing Layout and New Masterplan Proposal. UCL, London.

Ingold, Tim. 2011. Being Alive: Essays on Movement, Knowledge and Description. Routledge, London.

Jones, C. E., Sam Griffiths, M. Haklay, and Laura Vaughan. 2009. A Multi-disciplinary Perspective on the Built Environment: Space Syntax and Cartography—the Communication Challenge. Proceedings of the 7th International Space Syntax Symposium, edited by Daniel Koch, Lars Marcus and Jesper Steen, pp. 048.01–048.12. KTH, Stockholm.

Llobera, Marcos, David Wheatley, James Steele, Simon Cox, and Oz Parchment. 2004. Calculating the Inherent Visual Structure of a Landscape (“Total Viewshed”) Using High Throughput Computing. Paper Presented at the 32nd Computer Applications and Quantitative Methods in Archaeology conference, Prato.

Mann, Kristen Patricia. 2015. Mutable Spaces and Unseen Places: A Study of Access, Communication and Spatial Control in Households at Early Iron Age (EIA) Zagora on Andros. In Seen and Unseen Spaces, edited by Matthew Dalton, Georgie Peters, and Ana Tavares, pp. 52–62. Department of Archaeology and Anthropology, Cambridge.

Morrow, Giles-Spence. 2009. Analyzing the Invisible: Syntactic Interpretation of Archaeological Remains Through Geophysical Prospection. Proceedings of the 7th International Space Syntax Symposium, edited by Daniel Koch, Lars Marcus, and Jesper Steen, pp. 106.01–106.10. KTH, Stockholm.

Morton, Shawn G., Meaghan M. Peuramaki-Brown, Peter C. Dawson, and Jeffrey D. Seibert. 2012. Civic and Household Community Relationships at Teotihuacan, Mexico: A Space Syntax Approach. Cambridge Archaeological Journal 22(3):387–400.

Mustafa, Faris Ali, Ahmad Sanusi Hassan, and Salahaddin Yasin Baper. 2010. Using Space Syntax Analysis in Detecting Privacy: A Comparative Study of Traditional and Modern House Layouts in Erbil City, Iraq. Asian Social Science 6(8):157–166.

Richards-Rissetto, Heather. 2012. Social Interaction at the Maya Site of Copán, Honduras: A Least Cost Approach to Configurational Analysis. In Least Cost Analysis of Social Landscapes: Archaeological Case Studies, edited by Devin A. White and Sarah L. Surface-Evans, pp. 109–127. University of Utah Press, Salt Lake City.

Richards-Rissetto, Heather, and Kristin Landau. 2014. Movement as a Means of Social (Re)production: Using GIS to Measure Social Integration across Urban Landscapes. Journal of Archaeological Science 41:365–375.

Robb, Matthew H. 2007. The Spatial Logic of Zacuala, Teotihuacan. Proceedings of the 6th International Space Syntax Symposium, pp. 062.01–062.16. http://www.spacesyntaxistanbul.itu.edu.tr/papers/longpapers/062%20-%20Robb.pdf, accessed April 7, 2023.

Romanou, Dorella. 2007. Residence Design and Variation in Residential Group Structure: A Case Study, Mallia. British School at Athens Studies 15:77–90.

Shapiro, Jason S. 2005. A Space Syntax Analysis of Arroyo Hondo Pueblo, New Mexico: Community Formation in the Northern Rio Grande. School for American Research Press, Santa Fe.

Smith, Michael E. 2011. Empirical Urban Theory for Archaeologists. Journal of Archaeological Method and Theory 18(3):167–192.

Stöger, Hanna. 2009. Clubs and Lounges at Roman Ostia: The Spatial Organisation of a Boomtown Phenomenon. Proceedings of the 7th International Space Syntax Symposium, edited by Daniel Koch, Lars Marcus, and Jesper Steen, pp. 108.01–108.12. KTH, Stockholm.

Stöger, Hanna. 2014. The Spatial Signature of an Insula Neighbourhood of Roman Ostia. In Spatial Analysis and Social Spaces: Interdisciplinary Approaches to the Interpretation of Prehistoric and Historic Built Environments, edited by Eleftheria Paliou, Undine Lieberwirth, and Silvia Polla, pp. 297–316. Walter de Gruyter, Berlin.

Stöger, Hanna. 2015. Roman Neighbourhoods by the Numbers: A Space Syntax View on Ancient City Quarters and Their Social Life. The Journal of Space Syntax 6(1):61–80.

Stone, Tammy. 2000. Prehistoric Community Integration in the Point of Pines Region of Arizona. Journal of Field Archaeology 27(2):197–208.

Stuardo, Rodrigo Liendo. 2003. Access Patterns in Maya Royal Precincts. In Maya Palaces and Elite Residences: An Interdisciplinary Approach, edited by Jessica J. Christie, pp. 184–203. University of Texas Press, Austin.

Turner, Alasdair. 2004. Depthmap 4: A Researcher’s Handbook. Bartlett School of Graduate Studies, UCL, London.

Turner, Alasdair. 2007. UCL Depthmap 7: From Isovist Analysis to Generic Spatial Network Analysis. In New Developments in Space Syntax Software, edited by A. Turner, pp. 43–51. Istanbul Technical University, Istanbul.

Turner, Alasdair, Alan Penn, and Bill Hillier. 2004. An Algorithmic Definition of the Axial Map. Environment and Planning B: Planning and Design 32:425–444.

Twaissi, Saad. 2017. The Source of Inspiration of the Plan of the Nabataean Mansion at Az-Zantur IV in Petra: A Space Syntax Approach. Mediterranean Archaeology & Archaeometry 17(3): 97–119.

Van Dyke, Ruth. 1999. Space Syntax Analysis at the Chacoan Outlier of Guadalupe. American Antiquity 64:461–475.

Van Nes, Akkelies. 2009. Measuring the Degree of Street Vitality in Excavated Towns: How Can Macro and Micro Spatial Analyses Tools Contribute to Understandings on the Spatial Organization of Urban Life in Pompeii? Proceedings of the 7th International Space Syntax Symposium, edited by Daniel Koch, Lars Marcus, and Jesper Steen, pp. 120.01–120.11. KTH, Stockholm.

Van Nes, Akkelies. 2014. Indicating Street Vitality in Excavated Towns: Spatial Configurative Analyses Applied to Pompeii. In Spatial Analysis and Social Spaces: Interdisciplinary Approaches to the Interpretation of Prehistoric and Historic Built Environments, edited by Eleftheria Paliou, Undine Lieberwirth, and Silvia Polla, pp. 277–296. Walter de Gruyter, Berlin.

Verhagen, Philip. 2013. On the Road to Nowhere? Least Cost Paths, Accessibility and the Predictive Modelling Perspective. Proceedings of the 38th Annual Conference on Computer Applications and Quantitative Methods in Archaeology, edited by F. Contreras, M. Farjas, and F. J. Melero, pp. 383–389. Archaeopress, Oxford.

Wernke, Steven A. 2012. Spatial Network Analysis of a Terminal Pre-Hispanic and Early Colonial Settlement in Highland Peru. Journal of Archaeological Science 39(4):1111–1122.

Wu, Mu-Chun. 2015. Spatial Construct of Social Relations: Social Transformation in Early Kaushi, Taiwan. D.Phil. dissertation, Institute of Archaeology, University of Oxford.

Wu, Mu-Chun, and Gary Lock. 2012. The Spatial Construct of Social Relations: Human Interaction and Modelling Agency. In Thinking Beyond the Tool: Archaeological Computing and the Interpretative Process, edited by Angeliki Chrysanthi, Patricia Murrieta-Flores, and Constantinos Papadopoulos, pp. 88–102. BAR International Series 2344. Archaeopress, Oxford.


CHAPTER 15

Visibility Networks

Zoran Čučković

 Introduction

In a sense, vision is all about relationships; directing the gaze toward a person, an object, or a living being is normally a means of establishing a connection. At its most basic, such connection amounts to a simple assessment of position and distance of the visual target, but more generally vision situates individuals in the inhabited world. Visibility network modeling is an approach in visibility analysis which aims to model explicit visual relationships between one or more observers and their visual targets. Note that such an approach implies an intentional gaze: a human observer who is seeking to obtain visual connection with specific points of interest in their surroundings. From that point of view, a web of visual connections is a model of intentional social and environmental relationships. This can be contrasted with approaches that were developed for the analysis of general visual properties of (human) landscapes, namely field of view or viewshed modeling (Figure 15.1; Conolly and Lake 2006: Ch. 10). Unlike visibility networks, field of view models are not necessarily target dependent; their purpose is to account for all visual relationships that comprise a specific scene.

More formally, visibility networks can be defined as models of such visual relationships where both the observer and the visual target are represented as discrete entities. For simplicity these relationships are commonly expressed as a binary state, visible/not visible, but it should be noted that various variables could be taken into account to qualify visual connections, such as view distance or view angle (looking up or down). A visual connection can therefore have its specific strength or relevance, which can be represented as weights in a network model (Brughmans and Brandes 2017). Intervisibility networks are a specific family of visibility networks where each observer is in their turn a visual target, and where each visual connection is bilateral, enabling an exchange of signals in two directions.

Visibility network models can address a varied array of topics, especially those that fall into the domains of landscape archaeology and architectural analysis. Archaeologists have paid much attention to potential communication networks maintained through visual signaling, but visibility analysis can also provide information on human experiences of the surrounding landscape, built or natural. Tilley (1994), for instance, used a network model of visual connections between prehistoric burial mounds to assess the rhythm at which different structures would appear in, and vanish from, the field of view of a theoretical prehistoric observer. Visibility networks also feature prominently in the space syntax approach, which is concerned with human navigation and interaction in architectural spaces (see Wu, “Space Syntax and Pedestrian Modeling,” this volume Chapter 14).



[image: image]

Figure 15.1. Fundamentals of visibility modeling.



Visibility Analysis: An Introduction

Algorithms

Technically, a visual connection between two points in space is determined by calculating the path of a light ray and examining for possible obstructions along its path (Fisher 2008). Considering natural landscapes, this can be achieved by using a detailed topographic map that features contour lines, and applying some basic trigonometry. Field observations can also be made, but in that case present-day vegetation or constructions can seriously impede the assessment of potential visual connections. Today, however, visibility analysis is most commonly made with digital tools, using various algorithms integrated into GIS software (Conolly and Lake 2006). Software for digital 3D modeling is also used for detailed visibility analysis at the architectural scale (Paliou 2013).

Ideally, dedicated algorithms for single line of sight modeling should be used, but visibility relationships can also be deduced from the overlap pattern between multiple fields of view (viewsheds). The quality of the resulting visibility models is mostly determined by the quality of terrain or surface models used, notwithstanding problems of archaeological data quality. Terrain models that represent bare earth, stripped of vegetation cover and of architecture, are most commonly used in archaeology. Full environmental reconstruction is rarely possible for (pre)historic periods, unless we resort to “digital gardening”, the hypothetical reconstruction of vegetation cover (Gearey and Chapman 2006).

Determining Visibility

Most commonly, visibility models are made for human observers and in that case should take into account complex parameters of human visual perception. Visual acuity is measured as an angle occupied by an object of interest in the field of vision and it reaches approximately one arc minute (1′) under laboratory conditions (Schiffman 1976:197). Outdoor spaces, however, rarely offer such ideal conditions (Antrop and Van Eetvelde 2017; Malm 2016). Without delving into detail, some common problems are the contrast between visual target and its background (Shang and Bishop 2000), and differences in perception of moving and static objects (Fábrega-Álvarez and Parcero-Oubiña 2019).

Quite often, a portion of the visible target is obscured by topography and surface features (Figure 15.1). The visibility algorithm used should provide information on such apparent target height, expressed in angular units. For instance, the 5 top meters of a tower may be sufficient for it to be perceived at up to 5 kilometers distance, where its angular size amounts to 3.4 arc minutes. A more complex method is to verify the size or even the shape of the seen surface, which can be achieved by covering the visual target with a large number of target points, each tested with an individual line of sight. Brughmans and Brandes (2017) propose to use that approach to evaluate the strength (weight) of a visual connection, which is derived from the number of positive lines of sight between an observer and their visual target. Other more complex parameters for modeling human landscape perception have been proposed by psychologists, geographers, and landscape architects (e.g. Antrop and Van Eetvelde 2017; Gibson 1986; Higuchi 1983). However, these parameters are rarely integrated in archaeological visibility network models, perhaps because the problem of general visual experience is more commonly assessed using the field of view (viewshed) approach (Brughmans et al. 2018; Llobera 2003; Ogburn 2006).

Reciprocity and Intervisibility

Reciprocity of visual connections is a problem particularly germane to intervisibility models. In these models, each observer is also a visual target, which allows for two-way communication (Figure 15.2). Such reciprocity can be guaranteed only at very close distance where one cannot escape the gaze of others. At the landscape scale, however, visual relationships are often asymmetrical, especially beyond distances where the human figure can be clearly distinguished. Some persons may be particularly exposed, as when seated in a tower, while others, on the contrary, may be seeking discretion.
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Figure 15.2. Reciprocity of visual relationships: a) unreciprocated, b) direct reciprocity, c) indirect reciprocity (only the architecture can be seen).



Technical or methodological literature, and especially software that proposes visibility calculations, may be confusing on this point as they often refer to “intervisibility” algorithms when dealing with single line of sight calculation. Mathematically, a line of sight is valid in both directions, a light ray would follow the same path if we were to switch the observer and target points, which makes them theoretically intervisible (cf. Fisher 2008). However, a single ray of light is not sufficient for human perception which requires a beam of rays of certain intensity and diameter; the effective intervisibility has to be modeled following parameters of human visual perception.

Intervisibility models are usually represented as non-directed networks (Brughmans et al. 2014; Čučković 2015 De Montis and Caschili 2012; Swanson 2003). However, such representations assume that all connections are not only reciprocal, but also symmetrical, as they don’t account for potential differences in visual exposure within any pair of intervisible locations. That is an important simplification of real-world situations (cf. the problem of the apparent size, as mentioned). Unbalanced visual relationships can be represented with directed networks, although such models are technically more demanding and have seen less use than undirected ones.

It has to be stressed that the issue of reciprocal relationships is more than a technical problem. While human vision can be approximated through a set of parameters, such as the acuity threshold, the questions that archaeologists pose are general in nature and they address complex social relationships. Take for example a visual connection between two islands. For the purpose of navigation, it may suffice that islands appear as faint shapes on the horizon to each other, but if visual signaling is hypothesized, both places should be clearly visible for most of the time. Researchers need to be explicit about which model of social interaction they are interested in and specify the qualities of visual connections that could have been used to maintain or to produce such relationships.

 
Network Models and Analyses

The analysis of visibility networks should not be confused with the analysis of abstract, graph-theoretical representations of visual connections. A model of visual connections within a specific geographical or architectural space is not a “dataset” to serve as fodder for purely mathematical analysis, but rather a representation of real world situations and relationships. As such, visibility models are always built upon a series of assumptions and in view of a specific set of hypotheses to be examined. Therefore, there can be no single visibility network for a given archaeological dataset, but rather a series of visibility network models, each parametrized according to a specific research hypothesis.

On a general level, visibility network models can be characterized according to two criteria, the geographical scale and the assumption of information flow across the network (Table 15.1). As already discussed, vision is always spatial and much affected by distance, whether that be on the geographical scale of a landscape, or on the scale of an individual perceptual envelope when dealing with narrow, architectural space. Things seen close by are rarely of the same importance as those seen far away. Likewise, distant connections within a hypothesized visual communication network, passing through a number of intermediaries, may be more problematic than those that are nearby and requiring only a couple of intermediary transmitters. A researcher is thus presented with a choice between a local approach, where each node is analyzed within its restricted neighborhood, and a global approach that examines nodes in relation with the entirety of the network.

While vision is a means of establishing connections, it is not necessarily a means of interconnecting: visibility networks may or may not be modeled to analyze the transmission of information between people. For instance, a network created for an analysis of the visual experience of a landscape, structured by views of natural or human-made landmarks, does not assume any exchange of information along lines of sight. A string of fire beacons, on the other hand, may be examined through a model of a two-way signaling network, using metrics for information flow.

Local Scale Analysis

The analysis on the local scale is focused on the immediate neighborhood either of each observer, or of each target. Perhaps the simplest approach is to examine the set of connections per node: its local neighborhood. The number of such connections amounts to a node’s degree index. Since a visibility analysis is normally made within a fixed radius around each observer point, it is relatively straightforward to obtain information on target points that fall within the radius but cannot be seen. These two values—successful links and unsuccessful links—can be compared, in order to evaluate the connection success of each node (Figure 15.3; Čučković 2015). Geographical positions of target points can be further taken into account to examine average distances or azimuths of visual links.



Table 15.1. Basic categories of visibility network models.




	
	Global scale
	Local scale





	Information exchange

No information exchange
	

• Signaling networks

• Experiential networks

• Landscape visibility graphs




	

• Local neighborhood

• Ego-networks

(only local information exchange allowed)











A more sophisticated approach would harness methods developed for so-called ego-networks. These models are centered on individual nodes and take into account both the local neighborhood and the connections between the neighbors, also termed alters. If the ego-network can be defined as a subset of a larger network where nodes are chosen according to network distance from a specific point (by including neighbors of my neighbor, and so on), in the case of visibility networks, the geographical distance could equally be taken into account. Turner et al. (2001), for instance, analyze local changes in visual experience of a mobile observer within an architectural space (Figure 15.3, right). A scene will remain similar upon a move toward locations that have the same visual connections as the departing point; the degree of such similarity is quantified through the measure of local clustering coefficient (see glossary: clustering coefficient, and Fillet and Rossi, “Network Methods and Properties,” this volume Chapter 2).
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Figure 15.3. Some indices for the analysis of local visual neighborhoods. Connection success (left) of the analyzed node is 5/9 or 56%. Local clustering coefficient (right) measures the connection success within the analyzed node’s ego-network (number of triangles containing the ego node). For example, it amounts to 100% for observers in a rectangular room (above), but will decrease significantly after an introduction of a wall (3/6 or 50%).



Local, “egocentric” approaches are particularly interesting for fine-grained analysis of the cultural landscape surrounding individual archaeological sites. Bernardini and Peeples (2015), for example, analyzed the visual connections between the Ancestral Pueblo settlements (Southwest United States) and prominent mountain peaks. These “visual anchors” would have fostered a common sense of belonging to communities that shared similar vistas (Figure 15.5).

Visual Signaling Networks

Communication networks, through visual signaling in particular, have received the bulk of attention in archaeological research, even if they have proven to be rather elusive (Figure 15.4). Material traces of signaling outposts are rarely found, although some particular cases were reported, such as a series of small hilltop platforms recorded in Chihuahua region, Mexico, and dated to 13th to 15th century ce (Swanson 2003). Elsewhere, visual communication or at least a need for such communication is deduced from the character of archaeological sites and from their topographic setting. Some kind of mutual alarm system would add greatly to the defensive function of sites such as prehistoric hillforts, medieval castles, or military outposts, especially for sites enjoying good visual access to their surroundings (Brughmans and Brandes 2017; De Montis and Caschili 2012; Dular and Tecco-Hvala 2007; Earley-Spadoni 2015; Rawat et al. 2021).
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Figure 15.4. Intervisibility relations of prehistoric hillforts of Istria, Croatia. Maximum view distance is set to 7.5 kilometers (adapted from Čučković 2015).





Visual communication networks appear as ideal candidates for classical network analysis, concerned with global network properties such as resilience, integration, and conductivity for information flow. Standard indices of node centrality, betweenness in particular, can be used to isolate potential relay points for hypothesized signal transmission along the network (Čučković 2015; De Montis and Caschili 2012). Fraser (1980) introduced the cutpoint index in the study of archaeological intervisibility networks, which expresses, for each node, the number of otherwise isolated components that the node keeps connected. Nodes that can safely be removed, without network break-up, have a cutpoint value of one. A robust network should minimize the number of vulnerable points by keeping alternative connections; such connection redundancy has indeed been reported for archaeological cases (Earley-Spadoni 2015; Swanson 2003; Zhu et al. 2017).

Considering strategic advantages offered by visual signaling, as well as historical examples which converge on its main military or otherwise defensive purpose, archaeologists have paid close attention to the potential use of signaling networks for territorial control and organization (Dular and Tecco-Hvala 2007; Ruestes 2008). The existence of specific intervisibility hubs that maintain a disproportionately high number of visual connections may be interpreted in terms of centralization of signal transmission, especially if such hubs bear traces of particular built structures, such as the probable signaling beacons reported by Swanson (2003). In some cases, such organization may be related to a system of centralized territorial control, emanating from a small number of high status sites, but in general the configuration of an intervisibility network should not be confused with the web of political contacts and dependencies. Bigger, high rank settlements tend to be localized in lower positions and may sometimes enjoy very mediocre visual control. An analysis of Bronze Age hillforts on the coast of the Adriatic Sea revealed very poor connectivity of one major settlement, while sites that could have functioned as major hubs within the intervisibility network appear as smaller, less important settlements (Čučković 2015).

In the absence of archaeologically detectable traces of beacons or other installations for visual signaling, a major challenge for archaeological analysis is to ascertain the historical relevance of hypothetical communication exchange. A common approach is to explore structural properties of an intervisibility network; relying on insights of general network theoretical research, overall configurations such as the small-world model (see glossary: small-world network) or “scale-free”, hub-and-spokes model (see glossary: power-law) may be interpreted in light of specific mode of functioning. De Montis and Caschili (2012), for instance, reported a high clustering coefficient for an intervisibility network between Bronze Age towers in Sardinia (the nuraghi), and classified the model as a small-world network. Such configuration would indicate that Sardinian towers “were systematically located in order to favor social relationships among groups of ancient inhabitants” (De Montis and Caschili 2012:322).

However, general network theory cannot provide deeper insights into the evolution or functioning of visibility networks. More often than not, a variety of historical trajectories could have resulted in a specific network configuration. A more sophisticated approach was proposed by Brughmans et al. (2014, 2015), who deployed exponential random graph modeling (ERGM; see Amati, “Random Graph Models,” this volume Chapter 19) to analyze processes which gave rise to an intervisibility network connecting Iberian Iron Age hillforts. The researchers hypothesized that specific functions of intervisibility networks and specific processes of their evolution would have favored the creation of particular atomic configurations, such as strings of mutually visible nodes for signal transmission, or star-shaped patterns for visual control from a dominant settlement hub. A series of such hypothesized patterns was then introduced in otherwise random network models, which were then compared with the observed, archaeological network. The best-fit model was the one biased toward star-shaped configurations where a fewer number of settlements would maintain a disproportionately high number of connections. Based on this finding, Brughmans et al. (2014:452) proposed that the visibility network of Iberian hillforts developed out of the need for local visual control from higher rank settlements, rather than for long distance signal transmission.

Finally, a classical approach for testing the hypothesis that an intervisibility network was formed to satisfy needs for communication exchange is to evaluate the observed network against the visual structure of the landscape. In theory, such a communication network would take the best advantage of landscape visual structure, for instance by choosing visually exposed locations for relay sites. Several authors tackled the problem by comparing the observed network with one or more random networks, generated for a sample of potential signaling points, usually topographic prominences (Earley-Spadoni 2015; Mullins 2016; Swanson 2003). A more comprehensive variant of that approach is to model the complete intervisibility network for all potential signaling locations and then to compare the observed archaeological configuration against such a pool of possible solutions (Čučković 2015). Relatively simple to carry out, these approaches may only attest to the relevance of a specific configuration, namely through comparison with a theoretically random pattern, but they do not provide information on its functions and historical development.

Network Models of Visual Experience

Experiential visibility networks are a significantly different family of visibility models. Rather than studying information exchange, these models examine the overall structure of human visual experience, more specifically connections with chosen points of interest (landmarks, monuments, natural features etc.). Criado Boado and Villoch Vázquez (2000), for instance, synthesized the experience of movement through a stretch of Neolithic landscape in Galicia (Spain) as a network of connected visual scenes. Peatfield (1994) proposed that intervisibility between Minoan hilltop sanctuaries (island of Crete) would have expressed a “ritual unity that may have transcended political boundaries” (Peatfield 1994:25). Such exploratory, descriptive approaches provide valuable insights and continue to be developed today. Gauthier et al. (2017), for example, analyze the landscape setting of Bronze Age metalwork hoards from the eastern France through their visual connections with contemporaneous settlements, natural features and other neighboring hoards. Even if locations of metalwork hoards may have been unmarked in the prehistoric landscape, areas designated for such practices seem to have been known and recognized, and their visual connections with other culturally significant sites could have added a specific value to possibly ceremonial events of metalwork deposition.

A rare attempt to push such an approach into the domain of graph-theoretical analysis was made by Peeples and Bernardini (2015) for the study of sight communities of the Ancestral Pueblo. These researchers hypothesized, based on local contemporary ethnographic accounts, that shared views of local mountaintops would forge a specific cultural bond between local communities, which would have facilitated cultural contact and exchange. Therefore, shared mountain views were represented as a two-mode network, connecting settlements to mountain peaks, which was transformed into a one-mode network through a routine operation of matrix multiplication (Figure 15.5; for two-mode networks see Östborn and Gerding, “Inference from Archaeological Similarity Networks,” this volume Chapter 5). The result of such an operation is a network of archaeological sites that are connected with each other on the basis of shared views. It remains to be seen, however, to what extent these “sight communities” would map to specific political or cultural entities.
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Figure 15.5. Extrapolation of a two-mode network from shared peak views, as proposed by Bernardini and Peeples (2015). The procedure consists of a transformation of two-mode matrix (site to peak visibility) into one mode matrix (site to site), where each shared view counts as a connection between two sites.



A similar approach is used for the analysis of maritime navigation. Sight of land is an important, if not crucial piece of information for traditional seafaring; it can be assumed that chains of visual connections with the nearest shore were an important feature of premodern maritime routes (Figure 15.6; see also Brughmans et al. 2018; Torres and Rodríguez Ramos 2008). On the most basic level, two types of such navigational landmarks can be envisaged: those that are already visible from the point of departure (land-to-land visibility) and those which become visible only once at sea, while still keeping visual contact with the departure point or an intermediary landmark. Therefore, navigational visibility networks can be represented as two-mode networks, sea to land, where a minimal requirement for assuming a navigational connection between two land surfaces is the existence of an area from which the two are visible at the same time.

Landscape Visibility Graphs

A specific category of visibility networks is the so-called landscape visibility graph (De Floriani et al. 1994; O’Sullivan and Turner 2001; Turner et al. 2001). These models are used to characterize open spaces, rather than to analyze connections between individual, localized observers, or their discrete visual targets. The observer and target points are distributed as samples of such spaces, usually in a dense grid comprising thousands of points (Figure 15.7). Such networks can be described as a sample of a total visibility model which is summarizing all possible fields of view within a specific area (Brughmans and Brandes 2017; Brughmans et al. 2018). Indeed, each field of view can be represented as a dense network of radiating visual connections (Figure 15.1); a landscape visibility graph will retain only those lines of sight that connect sampled observer locations. Such an approach is bridging the gap between spatially continuous field of view models and spatially discrete visibility networks.
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Figure 15.6. Visual corridors between islands can be represented as a combination of two-mode and one-mode network.



So far, the use of visibility graphs has mainly been restricted to the space syntax methodology, developed for the analysis of architecture and urban or built-up spaces (see Wu, “Space Syntax and Pedestrian Modeling,” this volume Chapter 14). Large, open spaces facilitate human interaction and navigation, while a cluster of small and fragmented spaces may lead to confusion and disorientation (Hillier 2014). Given the irregular layout of many urban environments, composed of winding streets that morph seamlessly into larger spaces of all shapes and sizes, it is not an easy task to model the rhythm of open spaces and passages that connect them. Visibility analysis has proven to be a useful method to identify of such spaces and passages. Clusters of visually densely connected locations normally map onto such open spaces, termed “convex spaces” in space syntax parlance (Figure 15.7, left).



[image: image]

Figure 15.7. Visibility graphs for architectural spaces (left) and for open landscape (right, environs of Stonehenge). Densely connected zones correspond to open and visually integrated spaces.



Considering natural landscapes, very dense visibility networks can be used to analyze complex problems such as the (mathematically) optimal placement of signaling beacons, the choice of a visually exposed/concealed path, or the optimal location of surveillance outposts. Drawing on the space syntax approach, O’Sullivan and Turner (2001) proposed to use such models to characterize landscape experience: cohesive subgroups or cliques (see glossary: clique) within the network may chart areas where one would feel “some sense of enclosure”, while a low local clustering coefficient would be related to areas that feel peripheral and poorly connected. Brughmans and Brandes (2017) suggest the use of landscape visibility graphs in conjunction with total visibility models in order to explore the deeper structure of the visual environment of archaeological sites. Unfortunately, landscape visibility graphs pose significant technical problems (mainly due to being computationally complex to produce) and have attracted limited attention so far; case studies based on the approach remain rare in landscape studies in general.

Some General Issues in Visibility Network Modeling

It has already been stressed that visibility networks should not be conceived of as “data structures” but rather as models of historical or present-day social configurations. The analysis of such models cannot be separated from the analysis of social practices such as signaling, navigation, monument construction, or territorial claims. The choice of parameters for visibility modeling should be made according to the hypothesized range of uses to which a web of visual connections may have been put, or according to the range of experiences that it may have induced. For instance, in her analysis of intervisibility relationships between small, warring communities that occupied the Titicaca basin in the 11th to 15th centuries ad, Arkush (2011) limited sight distances to no more than 10 kilometers. According to this model, the Andean communities lived in a world of unstable, shifting alliances and small-scale warfare where one would always prefer to keep an eye on the immediate surroundings.

A related problem pertains to abstract network theoretical indices and metrics which do not translate ideally into indices of specific social practices or processes. Experiential visibility networks pose particular problems in this respect, for instance when analyzed with betweenness centrality. This metric can be used to model information flow though a network, but may not be appropriate for an analysis of landscape visual qualities. Likewise, the conceptual permeability between mathematical and social network models may pose significant problems for the analysis of visibility networks. A good example is the small-world model which describes some common densely connected configurations that arise through social interaction (glossary: small-world network). However, similar properties can be found in naturally occurring patterns of landscape visual connectivity (see Figure 15.7). Visibility networks analyzed by archaeologists tend to be densely connected and may feature mathematical properties of small-wold models (high clustering coefficient), but such structural qualities do not necessarily arise out of need to fulfill specific social connectivity needs.

These problems of mapping abstract, mathematical models onto social models for past societies are complicated by the rather ambiguous character of visibility networks: in what form did these configurations exist in the past? Intervisibility networks, sight communities, or maritime routes are all normally envisaged as having genuinely existed in the past, but only exceptionally can such models be based on traces of material infrastructure, such as fire beacons. More often than not, visual communication practices are hypothesized on the basis of structural properties of an archaeological model. However, even when historical relevance of visibility connections may be demonstrated statistically, this does not guarantee the historical existence of a specific infrastructure. A visual corridor for maritime navigation, for instance, is a general landscape feature, an affordance that may have been activated in some but not all historical periods. Rather than treating visibility networks as fully operational infrastructure, archaeologists should consider a range of modes in which visual connectivity could have taken part in past social life. Webs of visual relationships could have been experienced subliminally or on a restricted local basis, as might be the case of sight communities. Or perhaps, the potential for visual connectivity of a landscape may have been recognized by its inhabitants, but rarely put to practical use. Interconnected but not straightforwardly conductive to information flow, a good part of historical visual networks may be better described as meshworks, following Ingold (2007). As such, they are felt as incentive for establishing contact or as stimulus for movement, without imposing a restricted number of communication channels. Such an ethereal quality of visibility networks does not make them unreal; it rather calls for more diverse and more perceptive approaches in addition to rigorous, positivist hypothesis testing.

A problem common to all archaeological modeling is data quality. Rarely can all relevant archaeological remains be known, especially when the analysis covers a larger area. As the number of missing sites cannot be assessed, and even less so their possible topographic positions, most visibility networks modeled by archaeologists are incomplete and biased toward classes of sites that are better preserved. However, a model of potential visual contacts should not be regarded as a reconstruction, a snapshot of a particular historical situation, but rather as a proxy for testing a specific hypothesis. Along with data quality, we should be concerned with model robustness, i.e. the impact of data inconsistencies on network structure and other relevant model properties. Classical network analysis is well equipped in this respect as the issues of network resilience toward progressive removal of nodes or links have been much studied (Barthélemy 2011; Newman 2010:Ch. 16). An attempt to analyze this problem in the context of visibility analysis was made by Llobera (2005). Studying the visual landscape of prehistoric barrows in Yorkshire, England, he established that the removal of up to half of the prehistoric structures would not change radically the overall pattern of their visual impact on prehistoric landscape.

Much has been written on the issue of the “western gaze”, objectifying, dominating, and capitalist (cf. Foucault 1995; Heidegger 1977; Jay 1988). The sense of vision is, on the one hand, particularly treacherous when relied upon to understand the world, and on the other hand, suspiciously cherished by the power. Cartography is an ideal example of such a collusion between the technique of visual representation and techniques of domination: colonial expansion in the eighteenth and nineteenth centuries, and warfare in the twentieth century, were much reliant on cartographic representations (Lacoste 1976). Visibility analysis has been accused of enshrining such occidental ocularcentrism in archaeology by assuming that past societies viewed their world in the same manner as modern, western capitalists (Thomas 2009). Nevertheless, humans as a species have a particularly developed sense of vision and the pertinence of visibility analysis for the study of past or present cultures cannot be discredited on purely theoretical grounds. In fact, visibility networks are a particularly interesting means of confronting these critiques and to take part in the debate on ocularcentrism. Setting aside landscape graphs, models that have been reviewed here are explicitly intentional, they represent an active relationship between an observer and their visual target. From that point of view, visibility networks model a type of discourse, be that through communication exchange, by providing a visual reference to a landmark, or, in the case of monumental constructions, by altering the visual experience of the landscape. Imposing or commending a view on a group of people is a classical ingredient of power statements, and visibility networks can be seen as means of exploring such visual discourse.

 Conclusion

Modeling visual relationships and visual experience by means of networks has permitted archaeologists to tackle a diverse range of topics, from ancient long-distance communication to intimate experience of architectural spaces. However, visibility networks are also a tantalizing and rather under-researched topic. From the methodological point of view, much remains to be explored in the domain of complex and large-scale models, in particular directed and weighted visibility networks, as well as landscape visibility graphs. Incorporating elaborate indices of human visual experience, developed for architectural and landscape analysis, is equally a challenge that should nevertheless be feasible, especially concerning metrics that have already been translated into algorithmic solutions. Conceptually, visibility networks may seem ambiguous for archaeologists use to analyzing artifacts and human-made structures. While they can be modeled as mathematical objects, from a historical point of view the majority of visibility networks studied by archaeologists can be characterized as patterns that existed within past cultural landscapes. Such patterns may emerge as a by-product of human interactions and their relations with the environment and, once acknowledged, as an outcome of occasional enhancements and local adaptations. From this point of view, the fundamental challenge facing visibility network modeling is in bringing these visual patterns into the wider context of past cultural landscapes, i.e. relating them to social and territorial organization, visual culture, land use, and other landscape based practices.
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CHAPTER 16

Hydrographic Networks

Eduardo Apolinaire and Laura Bastourre

 Introduction

The major role that waterways have played in human history is widely known. Rivers, lakes, and coastal areas provided reliable resources, and productive alluvial deposits in floodplains were critical to farming activities in many areas. Also, these landscape features acted as vectors that enhanced mobility and communication. In this sense, it is easy to understand why these accessible and resource-rich areas have been inhabited and modified recurrently throughout human history (Davison et al. 2006; Erickson 2009; Russell et al. 2014).

In this chapter we focus on watercourses as transport networks and their importance for studying key phenomena in archaeological research, such as large-scale population movements, the spread of ideas and material culture, exchange systems, and control over the landscape. The inherent spatiality of all these human processes makes them especially sensitive to landscape structuration. We understand that social interactions are woven into networks that are traced over the physical environment, in ways in which socialized landscapes are created (Apolinaire and Bastourre 2016a; Thomas 2001). Hence, spaces display an organization that reflects, as well as shapes, the way in which social relations are structured. Network analysis stands as an ideal approach to address this phenomenon, because of its capability to depict the arrangement of elements in a relational order. The purpose of this work is to examine the potential of archaeological network research to improve our understanding of historical social processes that have had a strong geographical imprint along fluvial landscapes. We argue that formal analysis of hydrographic networks through graph theory can contribute to this purpose by analyzing the way social dynamics were structured in space. In doing so, we aim to move beyond using networks as descriptive devices, but as analytical procedures to address substantive questions about the human past (Peeples 2019).

Here, we critically review the literature that has linked hydrographic network analysis to archaeological problems. These studies, by applying a synchronous point of view, have mainly focused on various forms of social interaction among inhabitants of different settlements located along fluvial courses (Apolinaire and Bastourre 2016a; Milhera et al. 2019; Peregrine 1991; Pitts 1979). Based on the analysis of the flow of goods, information, and people through the hydrographic network, these approaches explore settlement distribution and hierarchy, exchange systems, and social landscape construction, among other topics. Furthermore, we explore the potential of network tools to deal with issues that have not yet been thoroughly analyzed from this viewpoint. Particularly, we argue that this approach may provide new insights into classical archaeological problems such as migration and diffusion through fluvial networks. However, before going any further, we shall introduce the key methodological aspects of modeling and studying hydrographic networks, and how to connect them with archaeological data.

Hydrographic Networks as Graphs

A hydrographic network can be defined as the collection of all the paths formed by every tributary within a drainage basin (Fryirs and Brierley 2013). The topological analysis of river systems as graphs has a long history in earth sciences (e.g. Scheidegger 1967). Typically, in this abstraction exercise, nodes represent stream junctions, while edges are the streams themselves (Marra et al. 2014). Hydrographic networks can be conceived as spatial graphs, that is, the nodes have spatial locations (Dale 2017). Moreover, edges are also spatially embedded, as they represent geographic paths over the terrain. While in many other spatial graphs topological rules (for example, nearest neighbor, minimum spanning tree, Delaunay triangulation; see Jiménez, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11) determine which pairs of nodes are joined, in hydrographic networks edges have a real physical configuration. Also, in this type of spatial graph natural boundaries corresponding to the basin extension can be recognized. The spatial scale of work can be adjusted by choosing inclusive levels within the total catchment area (e.g. Ohio River basin is part of the broader basin of the Mississippi River).

River systems are usually modeled as directed graphs, where edges have a defined direction, given by the stream’s flow (Dale 2017; Marra et al. 2014). They are also typically dendritic systems whose graph representations are directed rooted trees (Figure 16.1a). In this kind of arrangement there is just one path connecting the root to any other node and at most one directed path between any two nodes. In a drainage system the root usually represents the river mouth. As there are no alternative routes between node pairs, this structure has no cycles (i.e. no paths that form closed loops) (Dale 2017).

Other alternatives to this basic model must be considered, given that river designs vary according to geological and climatic settings, with distinct geomorphological parameters, such as slope, valley confinement, suspended load, discharge, flow velocity, stored alluvium or bed material texture (Fryirs and Brierley 2013). Specific configurations of these variables result in a wide range of channel patterns, some of the most recognizable being straight, braided, anastomosing, and meandering (Rust 1978). Braided and anastomosing channels have an interwoven appearance and consist of a complex network of converging and diverging watercourses. The first type is formed in high energy environments, where load sediment consists mainly of coarse material and the stream has a highly variable discharge. Conversely, anastomosing rivers are found in low-energy and flat conditions, often in very wide alluvial plains and are dominated by suspended loads (Fryirs and Brierley 2013; Marra et al. 2014). Typical landforms with such interconnected multi-channeled networks are deltas, where the main channel is divided into several smaller distributaries that carry water to the base level.
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Figure 16.1. Basic graphs representing river systems. a) Directed rooted tree; b) Directed acyclic graph.



While typical fluvial dendritic systems tend to be represented as directed rooted trees, interconnected multi-channeled systems can only be characterized as directed acyclic graphs and not trees (Figure 16.1b). As previously stated, directed trees are acyclic graphs in which there can be only one directional path between two nodes. Non-tree acyclic graphs do not have this restriction (i.e. there can be more than one directed path between two nodes) but just like directed trees they cannot include any directed cycles (closed loops following the direction of the edges). However, they may present semi-cycles, that is, a closed polygon where edges do not follow the same direction. Besides having multiple paths between nodes, multi-channeled rivers can also have more than one source (nodes having only outgoing edges) and more than one sink (those having only incoming edges). From this, it is clear that different drainage patterns result in distinct hydrographic network topologies and connectivity values. This variation ranges from highly connected systems, like the Paraná River delta (Argentina), to tree-like networks—such as the adjacent Gualeguay River basin—which are much more hierarchical and vulnerable to disconnection.

Hydrographic Networks as Transport Systems in Archaeology: Methodological Issues

If we consider hydrographic networks as water-mediated transport systems, some basic elements previously outlined must be reconsidered: directionality, node and edge weighting variables, and study area boundaries.

Firstly, if we assume some kind of fluvial transport technology (e.g. rafts, canoes, sailboats) we can consider that streams were navigated in both downstream and upstream directions for technologies that enabled this. Therefore, the graph resulting from this type of transport network (unlike previously described) must be undirected. This shift implies several changes to the connectivity parameters of the network. Dendritic fluvial systems, previously modeled as directed rooted trees, become simple trees. This structure is still acyclic and there is just one path connecting any two nodes of the network, but there is always a path between two nodes. This graph, like directed rooted trees, has a high structural vulnerability to disconnection or disruption because, as there are no alternative routes between nodes, any edge removal splits the network into disconnected components. When we think of interconnected multi-channeled systems (directed acyclic graphs) as transport networks, another graph structure arises. In this there are not only multiple paths between nodes, but also closed walks that begin and end in the same node (cycles), giving more redundancy and hence more robustness to the structure (Williams and Musolesi 2016).

Second, junctions and reaches in a hydrographic transport network can be weighted with both hydrological and human variables. In the edges, weighting mainly corresponds to impedance to mobility, related to variables such as reach length (which is the most intuitive one) but also to many others (e.g. caudal, stream width, water depth) that influences navigation possibilities. Clearly, the selection of parameters depends on general assumptions regarding past societies and their transport technology. Nodes may also be weighted, for example, according to visibility to neighboring junctions and presence of landmarks or natural resources of interest.

Third, the spatial scale of analysis may not correspond to a basin’s natural boundaries, since geographical delimitation depends on the archaeological problem under examination. Assumptions regarding study area definition need to be clearly stated and justified, since the resulting hydrographic network, as well as its abstract structure, properties, and measures, are highly dependent on this demarcation. In many cases, it is probable that basin limits, both watersheds and river mouths, were not necessarily barriers to mobility. In this way, for instance, rivers flowing into the same water body (e.g. sea or lake) may be linked by coastal navigation. The choice of the method used to join different basins will have consequences in the resulting graph structure. In the aforementioned example, lakes may be modeled as nodes with multiple edges (high degree) or, alternatively, we can consider the lagoon shore as an edge joining several mouths, which will introduce cycles into the structure.

Summing up, hydrographic transport networks result from the interplay between environmental features and mobility strategies (especially regarding navigation technology). But people’s perceptions about their inhabited landscapes should equally be taken into consideration. The latter is best illustrated through an example. When the Spanish armada conquered the Paraná basin (early 16th century), their landscape conception was dominated by the idea of linearity: they perceived this river as a large single channel leading to the north and replete with multiple islands inside it (Apolinaire and Bastourre 2016b). This conception influenced their settling of Sancti Spiritu fort in the main channel of the Paraná River. In turn, this perception was related to mobility options enabled by their navigation technology and also to defensive strategies designed to different environmental settings and against other European armadas. This is one of the reasons why they couldn’t initially control the space, and Sancti Spiritu was destroyed by native populations, who navigated along the multiple interconnected streams extending far beyond the Paraná. Hence, from the viewpoint of the Spanish conquerors, Paraná River could be modeled as a linear graph, while from a native perspective it could be seen as an interconnected multi-channeled system. In this way, as regards water-mediated transport systems, we are not necessarily interested in “natural” fluvial networks but in models created on the basis of our investigation interests and assumptions about past societies. These should be explicitly stated, since changes in the rules used to create the graphs make great differences in the resulting structure.

So far, we have outlined the basics of hydrographic transport network modeling. However, a number of important issues need to be addressed if this is to be considered relevant for archaeological research. First, it is necessary to acknowledge that fluvial landscapes change over time, as the result of many climatic and geomorphological processes. Consequently, we need to critically evaluate our ability to use current hydrographic networks—i.e. abstracted from present fluvial conditions—as analogies for those existing in the past. In some cases (e.g. Pitts 1979 or Apolinaire and Bastourre 2016a) the time period studied is relatively recent in geomorphological terms and the available information regarding paleoenvironmental evolution makes it seem probable that the hydrographic configuration has not been substantially modified since human occupation. Otherwise, if these alterations were relevant, it is necessary to rely on large amounts of paleoenvironmental information in order to be able to simulate and model the response of river systems to climatic and geologic changes (Marra et al. 2014).

At this point, the most central problems to solve are how to link hydrographic transport networks to archaeological data and how to use network parameters and measures as operative tools to deal with broader archaeological problems. In several archaeological applications fluvial networks are conceived as an independent dataset that is compared with archaeological variables of interest to explore correlations. For example, settlement distribution and hierarchy may be contrasted with hydrographic network measures. An advantage of this procedure, in which geographical networks are independent from regional archaeological data, is that resulting graphs are not affected by sampling biases.

A second approach implies another form of abstraction, in which nodes are not river junctions but archaeological sites (or the nearest point on the river), and lines connecting them represent paths traced along the hydrographic network (Pitts 1979; Apolinaire and Bastourre 2016a; Milhera et al. 2019) (Figure 16.2). In this case, the resulting graph is highly dependent on available site distributional information and sampling biases, but, on the other hand, many possibilities are opened up regarding what graph connections can represent. One choice is to create proximity graphs (Dale 2017), in which sites are connected on the basis of their mutual geographical distance, in this case defined by the length of the river paths. This results in a network of the sites that are neighbors, and requires careful selection among many possible “topological” neighbor rules, since each of these algorithms (e.g. nearest neighbor, Gabriel graph, Delaunay triangulation) results in graphs with different connectivity (see Jiménez, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). Recently, Cadieux et al. (2020) developed a python algorithm to calculate shortest paths in riverine networks that, besides river length, consider current flow direction, providing a novel tool that may be useful for building archaeological sites networks. Another alternative is to use distance thresholds reflecting a mobility radius estimated for a given research setting. Moreover, it is possible to join sites on the basis of common properties which are external to the hydrographic network, such as material culture traits. The result is a co-affiliation network where connections represent not geographical proximity but the strength of similarities between pairs of sites (Peeples 2019). In this type of network, the role of watercourses is blurred, but geographical information may be useful to assign an impedance value to the connection, mainly given by distance along river paths.
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Figure 16.2. Possible links between fluvial systems and archaeological spatial data. a) Hypothetical fluvial system and archaeological site locations; b) Hydrographic network where nodes stand for river junctions and edges represent stream reaches; c) Archaeological sites network where each node is the nearest point on the fluvial system from an archaeological site, and edges are the shortest fluvial paths connecting them.



Hydrographic Networks as Interaction Routes in Archaeology

Seminal applications of network approaches to archaeology were inspired by graph theory analysis in geography (e.g. Irwin 1978; Pitts 1965, 1979; see Peeples 2019), some of which concerned hydrographic networks. In two influential articles, Pitts (1965, 1979) analyzed river trade routes in Medieval Russia as a graph, with nodes representing cities and edges being fluvial pathways. He used measures of accessibility and betweenness to assess the centrality of urban places and concluded that Moscow’s development and growth was related to its strategic position on the intersection of major rivers, which conferred important economic advantages upon the city. It took more than a decade until Peregrine (1991) used a similar approach to study the evolution of the Cahokia center in the Mississippian region. This time, the graph was abstracted from the hydrographic network itself, regardless of archaeological sites. Then, by applying measures of degree, betweenness and closeness, the author argued that Cahokia’s evolution as a center for interregional exchange was fostered by its central position within the network, which allowed its inhabitants to control the riverine flow of goods.

Since these seminal works, hydrographical network analyses were virtually abandoned in archaeology, although there has always been a great deal of interest in other kind of transportation networks, such as roads or trails (e.g. Fulminante 2012; Irwin 1978; Isaksen 2007; Jenkins 2001). Isaksen’s (2007) study combines different lines of evidence to trace transport networks in Roman Baetica, including roads (documented by material remains and historical accounts) as well as water corridors. He found that the riverine network alone cannot explain a jurisdictional capital’s prominence, but that its centrality correlates better when integrating roads and rivers. Another study that compares fluvial and terrestrial routes was conducted by Fulminante (2012), who analyzed spatial networks in central Italy from the Final Bronze Age to the Archaic Age. She argued that river networks were more important during earlier periods, as evidenced by the fact that centrality measures calculated from it are well correlated with settlement size; this situation changed during later phases, when terrestrial routes gained prominence. A common feature of the aforementioned approaches to transportation networks is that they all benefited from the computational power provided by geographic information systems (GIS) tools (Collar et al. 2015; Mills 2017; Peeples 2019).

Our archaeological approach to hydrographic networks (Apolinaire and Bastourre 2016a) was aimed at assessing the spatial configuration of the Paraná Delta (Argentina), and discussing its relation to the pre-Hispanic settlement system. The study area is a flood-prone wetland characterized by an intricate network of rivers, streams, lagoons, and minor channels, where settlement strategies included the construction of earth mounds, and mobility greatly depended upon canoe navigation. In this way, the hydrographic network channeled the flow of information, goods, and people, hence conditioning economic, political, and other forms of interaction that produced and reproduced the social order. Two types of network models were created: a hydrographic transport network (HTN, in which nodes represent junctions and edges stood for the fluvial streams, Figure 16.3a,b) and, based on this, an archaeological sites network (ASN, Figure 16.3c), developed to explore the links between archaeological sites (nodes) connected by the shortest fluvial pathways (edges). Centrality measures (closeness and betweenness) were calculated for both networks and then correlated with archaeological data regarding site distribution and size, as well as the presence of foreign materials. As the first representation was modeled independent of archaeological distributional data, it was not affected by sampling biases. This represents an advantage compared to transportation networks constructed from archaeological evidence, since, as Peeples (2019) has pointed out, this kind of networks is particularly vulnerable to missing nodes and edges. However, it raised the question of how to relate centrality values obtained from the HTN with archaeological information. To this aim, a raster image was generated from the interpolation of the centrality values calculated for the HTN nodes, which allowed us to extrapolate these values to archaeological sites based on their geographic position within the hydrographic network.
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Figure 16.3. Upper Delta of the Paraná River hydrographic networks. a) Hydrographic network (HTN) with interpolated values of closeness; b) Hydrographic network (HTN) with interpolated values of betweenness; c) Archaeological sites network (ANS). (Figure adapted from Apolinaire and Bastourre 2016a).



We found that sites were not randomly distributed but mainly located in areas of high closeness of the hydrographic network, that is, in areas with greater potential access to other locations. We also observed that mound size was related to closeness values of both networks (HTN and ASN) and to betweenness scores of the ASN model. This means that larger mounds were built in locations with high accessibility (i.e. those that most easily reach, and are reached by, every other node in the fluvial landscape) and great potential for mediating the interactions among other settlements. Also, foreign materials are usually found in settlements of high centrality. These results have implications for our understanding of the significance of earthworking in the construction of cultural landscapes in the study area. The hydrographic network structure was an important factor in settlement decisions, since the location of mounds in accessible and well-connected areas, which enhanced social interaction, was favored. Moreover, the places of greater closeness (i.e. accessibility) were chosen for the establishment of the greatest and most enduring and meaningful mounds. These earthworks have been interpreted as a form of topographic writing (sensu Santos-Granero 1998), that is, a way of imbuing cultural landscapes with historical knowledge that can be evoked and transmitted as fluvial routes are traveled and experienced. Finally, our analysis sheds light on discussions of the emergence of incipient social hierarchies in the study area. The largest mounds are located at places that enabled the control over communications between other settlements. Mound building implies the existence of people with the capacity to mobilize both people and resources and organize communal labor. We argued that the extent to which social actors could occupy this mediation positions depended, partly, on their location within the transport network, which may also have allowed them a better control of the circulation of foreign materials (Apolinaire and Bastourre 2016a).

Following this line of work, Milhera el al. (2019) used GIS and network tools to evaluate mound-builders’ mobility system in another South American wetland scenario. Following White and Barber’s (2012) FETE methods (from everywhere to everywhere), they created least-cost path models for both terrestrial and aquatic mobility. In this way, they predicted the most optimal routes across the entire region, independently of archaeological sites. They then used the generated least cost paths to create a network of archaeological sites in which centrality measures were calculated and correlated to the number of mounds in each locality. By comparing the distance of sites to both types of optimal paths (aquatic and terrestrial), they found that mounds were built closer to the easiest aquatic travel routes, showing that in some regions of the southern Brazilian coast, travel in canoes between settlements should be more effective than travel by land. Also, they found that the most prominent sites are centrally positioned in the network of archaeological sites.

More recently, these ideas have been applied by Duffy (2020) to discuss the relation between the hydrographic configuration of the Tisza River (Carpathian Basin) and the spatial distribution of metals from burial contexts of the European Bronze Age. To this aim, he took the Tisza River system and transformed it into a transport network by considering Bronze Age navigation strategies. In so doing, the original network of the drainage basin changed from a near tree-like structure to a more redundant one throughout the addition of traversable land routes between close river reaches from different drainages. He also trimmed the network by removing high altitude streams which were presumably not used in the past, with the consequence of increased centrality values at lowland nodes. This illustrates how modeling rules impact network outcomes. He found that betweenness values are correlated with several metal concentration metrics and concludes that control of trade routes created the potential for varying degrees of accumulation and display of wealth.
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Figure 16.4. Betweenness values distribution in a) Cayley tree-graph; b) Interconnected multi-channeled system graph.



These studies reveal the differences between tree-like structures and more distributed ones. Dendritic systems with a tree-like structure, as modeled by Peregrine (1991), are hierarchical, thus presenting a high variance of node betweenness centrality, as compared to more redundant structures like interconnected multi-channeled systems (Figure 16.4). This means that tree-like rivers present critical junctions that make the structure easier to control, whereas in fluvial systems like the Upper Delta of the Paraná River (Apolinaire and Bastourre 2016a), the betweenness is more evenly distributed, and therefore handling the flow of the network requires the control of many more nodes. This is a basic assumption regarding geographic structural constraints that should be taken into account when discussing social control over fluvial landscapes, although in practice, of course, many social factors concur to make this a more complex phenomena.

Migration and Diffusion Through Hydrographic Networks

In the last few years, traditional archaeological research topics such as migration and diffusion have started to become visible again in the mainstream agenda, after being rejected or ignored by both processual and post-processual approaches (van Dommelen 2014; see Mills and Peeples, “Migration and Archaeological Network Research,” this volume Chapter 31). Recent studies are showing the potential of network analysis to assess migration and diffusion processes (Amati et al. 2019; Hill et al. 2015; Mills et al. 2016). In the US Southwest this phenomenon has been analyzed by comparing, along successive time slices, spatial and material culture networks, which were used to account for spatial proximity and social connectivity. They proceed from the expectation that social interaction will be more intense among near neighbors, and found that this correlation was highly variable across time and space. The changes in this relationship were used to discuss the spread of immigrants, who would have maintained long-distance connections after their diaspora (Hill et al. 2015) as well as the increasingly central position achieved by skilled migrant potters through brokerage roles (Mills et al. 2016).

The role of hydrographic networks as corridors for large-scale movements in different environmental settings was recognized early on in archaeology (e.g. Childe 1950). One typical case is the spread of farming in the Old World. This process has been related to demic expansion, wherein farmers migrated from Western Asia, as well as to indigenous adoption of Neolithic innovations. According to the population dynamics model proposed by Davison and collaborators (2006), waterways (rivers and sea shores) had a special role as fast corridors for farming dispersion. Similarly, regarding the dispersal of farming in Bantu Africa, Russell and collaborators (2014) proposed that rivers and coastlines facilitated the migration of the first horticulturalists through the tropical forests of east Africa. This kind of case study, where waterways are key paths of cultural transmission, could benefit from the formal analysis of a hydrographic network approach. Several structural properties (e.g. connectivity, connectance, Harary index, path directness, see Dale 2017) of these transportation and communication networks may give us clues to assess problems such as the chances of a cultural innovation to spread and endure. For instance, meshedness, which is the number of cycles in a graph compared to the maximum possible cycles, indicates path redundancy, and is related to how easy or risky the dispersal can be (see Dale 2017). Its values are expected to be very low in dendritic fluvial systems (tree-like structures) whereas in interconnected hydrographic networks, there are many alternative paths through which cultural innovations can be spread. These guidelines may provide (null) expectations to contrast with other sources of archaeological data.

South American tropical and subtropical lowlands are an interesting environmental setting to analyze the topic of migration and diffusion by water corridors from a network approach. Large wetland systems like the Amazon, Orinoco, and Paraná Rivers are characterized by dense forests, wide river channels, and other geographical features that impose constraints on pedestrian mobility. In this scenario, watercourses were the main pathways for travel, trade, and communication to many Indigenous peoples wherein fluvial and coastal navigation became a key technological innovation (Alves Corrêa 2014; Bonomo et al. 2015; Milhera et al. 2019). In the Upper Amazon, Schillinger and Lycett (2019) used a set of spatial, linguistic, and material culture (ethnographic) data from diverse ethnolinguistic tribes in order to explore the influence of river networks in cultural transmission. They found that similarity among groups measured by cultural traits is better explained by riverine geographic distance than by linguistic proximity, concluding that rivers largely contribute to the structure of material culture patterns. These conclusions could be further substantiated by applying a network approach (e.g. Hill et al. 2015; Mills et al. 2016) to formally compare spatial and material networks, with the difference that geographical distance should be measured along watercourses.

In pre-Hispanic times, the South American Lowlands witnessed demographic processes on a continental scale. Arawakan societies were geographically dispersed from Argentina to the Bahamas. Although the dispersal mechanisms are still a matter of debate, it is widely accepted that Arawakan peoples settled along major rivers, controlling fluvial trade routes and developing wide communication networks (Hill and Santos-Granero 2002). Interestingly, in the Arawakan oral history, the figure of ancestor-hero Kuwué is portrayed as a river traveler that writes riverine stones (petroglyphs) in meaningful places and opens roads (Vidal Ontivero 1993). Sacred routes were named “Kuwué Duwákalumi,” which literally means “where Kuwué passed by,” and comprised a complex network of river and land routes that connect different regions of South America, even linking headwaters of several river basins (Figure 16.5). With the support of topographic writing, spatial narratives were told and transmitted, and the strategic knowledge of routes were used as a form of resistance to evade and challenge colonial control (Vidal Ontivero 1993).

Another example of large-scale migration in the South American lowlands involves Guaraní populations, who lived in pre-Hispanic times in riverside villages of many forest regions, and were characterized by its mixed economy and canoe mobility (Bonomo et al. 2015). The vast geographical distribution of these peoples along the La Plata Basin and the southern Brazilian Atlantic coast is the result of a long process of expansion via migration from an Amazonian center of origin (Alves Corrêa 2014). This spatiotemporal process was recently modeled, showing that dispersion routes followed major fluvial courses and that migration was temporally uneven, with two main expansion pulses throughout the last two millennia (Bonomo et al. 2015).

Hydrographic network analyses are also very useful to discuss Guaraní expansion models (Bonomo et al. 2019). According to Alves Corrêa (2014), Guaraní migrations involved two kinds of expansion mechanisms. Starting from a center of origin, the first moment is characterized by short distance movements associated with village splits, which produced a slow expansion following riverine areas. The second type implies a rapid dispersion caused by shorter village permanence times, resulting in the establishment of farther settlements that eventually may start growing, thus restarting the cycle. By using a dynamic network approach, we would be able to contrast these ideas by modeling and comparing both spatial (hydrographic) and material culture networks (Hill et al. 2015), and by identifying differences in these correlations across successive time slices. Hence, in moments of rapid expansion, when settlements are established in distant areas occupied by different groups, we can expect little correspondence between geographic proximity and material culture similarities, whereas moments of slow expansion should show a better association between both types of networks. Moreover, if we focus specifically on the structural properties of the spatial network (considering settlements as nodes and waterways as edges) we can also expect differences through time. For example, modularity, which is the divisibility of a graph into highly connected subgraphs with a few edges between them (Dale 2017; see Radivojević and Grujić, “Community Detection,” this volume Chapter 36), is expected to increase during pulses of rapid expansion. In this way, new settlements established at long distances would create new local connections but maintain fewer links with origin villages.
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Figure 16.5. Kuwué Duwákalumi: Arawak hydrographic transport network. (Figure adapted from Vidal Ontivero 1993.)



Random walks offer further network analytical opportunities to address migration through fluvial systems. Non-directional random walk movements could be simulated on top of networks, with movement constrained to the nodes and edges of the network (Dale 2017; see Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18). This simulation may be used as a null hypothesis to predict what locations in the river network have more chances of being occupied first if movements from a given center of origin were non-directional and only determined by graph parameters. The results derived from the walks can be contrasted with available archaeological datasets, such as absolute dates, in order to explore possible explanations for the observed deviations from the random model.

Concluding Remarks

In this chapter, we defined the main formal features of fluvial systems understood as graphs, and outlined the basic methodological issues that arise when modeling them as water-mediated transport networks. Then we examined the different ways in which the hydrographic networks can be linked to archaeological data: to consider them as independent datasets to be compared, or alternatively, to use the archaeological spatial data as network components. The chapter goes on to discuss the archaeological literature on this topic. There have been relatively few formal network studies of hydrographic networks in archaeology since a number of foundational studies (Peregrine 1991; Pitts 1965, 1979). However, we have identified at least two research areas where hydrographic networks are worth studying from an archaeological perspective.

First, as a means to explore the flow of goods, information, and people within riverine routes and the possibilities of controlling it, and hence to address topics such as exchange systems, settlement patterns, and social inequalities. We think these issues could be further explored from a dialectical perspective, to assess how social interactions were interwoven with the fluvial landscape. We believe that the relational perspective provided by network analysis could offer fruitful insights into cultural landscapes, especially in regions like the South American lowlands, where Indigenous populations developed elaborate engineering techniques in order to manage aquatic environments (e.g. Erickson 2009). Earth mounds, ceremonial areas, trails, waterways, and other features create complex networks joining people to people and people to places, materializing the historical memory of inhabited landscapes.

Second, fluvial landscapes were also the stages for large-scale migrations and the spreading of cultural traits and innovations. This topic has not yet been explored through hydrographic network analysis, although there have been significant advances regarding networks and migration in different environmental settings. In this chapter, we discussed several examples where this approach will be promising and proposed a few initial guidelines to unravel these issues. However, we are still in need of developing a well-founded network methodological framework to address the historical processes that took place along aquatic landscapes. We believe that dynamic networks will be crucial for achieving this aim.
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Network Simulation

 
 

CHAPTER 17

Complexity Science and Networks in Archaeology

Iza Romanowska

Introduction

Complexity science is a broad theoretical framework that is concerned with studying complex systems across all scientific contexts. Proponents of complexity science advocate for a shift in the scientific paradigm from reductionism to holism (generative science) and a wider use of computational methods that enable this shift (Phelan 2001). Developed in the 1980s on the back of chaos theory, cybernetics, non-linear mathematics, and the rise of computer-based research, it transects all branches of scientific inquiry. It has had a strong impact on the general scientific practice, sometimes considered as a paradigm shift, through the idea that to understand a system it is not enough to study its components (reductionism) but also the relationships and dynamics between them (holism). This fundamental change in scientific practice was enabled by a set of key methods that allowed investigating complex dynamic interactions and relationships, foremost among them: simulation and network analysis. These methods have become mainstream scientific techniques, used across virtually all scientific subjects.

Archaeology has been late in its adoption of complexity science, both in terms of the philosophy of science shift, and in terms of the technical move toward more computational-based theory development and testing. Nevertheless, existing applications have shown the potential of complexity science approaches as well as its flexibility and relevance to many, often very different, topics in archaeology (Kohler 2012; Lake 2014).

In this chapter, I will define complexity science, and the main conceptual pillars behind it, while providing a quick explanation of the most commonly used terms. I will briefly sketch out its evolution over the past few decades and its impact on general scientific practice. I review how complexity science concepts and methods have been applied in archaeology, using a couple of examples to illustrate some of the concepts discussed in the earlier sections. Finally, I will discuss the current status of the intersection between complexity science and archaeological network research and the potential of closer engagement. For a more comprehensive introduction to complexity science, I direct the reader to some of the general texts on this topic (e.g. Brughmans et al. 2019; Castellani 2018; De Domenico and Sayama 2019; Lewin 2000; Mitchell 2009; Strogatz 1994).

What Is Complexity Science?

Complexity science is simply the study of complex systems. Although there is no one accepted definition of what constitutes a complex system, it can be broadly defined as a system whose dynamics are the result of non-linear interactions among multiple components. These interactions lead to global emergent patterns that are difficult to derive solely based on individual properties of the entities that make up such a system (Ladyman et al. 2013; Richardson and Cilliers 2001; and various chapters within the volume).

A system defined as complex will exhibit several of the following characteristics (De Domenico and Sayama 2019):


• It comprises multiple interacting components (entities);

• The interactions between these elements are non-linear, usually enacted locally but often influenced by the global state of the system;

• Common types of interaction include feedback, self-organization (and spontaneous order), bottom-up interactions without top-down control, bounded rationality, and others;

• Processes that drive complex systems dynamics include evolution, adaptation, and self-organized criticality and others;

• The system is dynamic and exhibits emergent properties at different scales;

• As a result, it is difficult to intuitively derive the rules governing the system from the properties of its elements;

• Simple analytical methods or pen-and-paper conceptual theory building are usually insufficient to understand the mechanisms driving the behavior of a complex system. Instead, computational methods (analysis, modeling, simulation) are used.



Researchers often describe a system as complex to signal our own difficulty of predicting and understanding its behavior, thus turning the term into a provisional gauge of the current state of knowledge of a phenomenon (Epstein 1999). Complexity science, however, views this difficulty as a direct result of the emergent properties of such systems and uses a barrage of computational techniques to unravel the relationships and dynamic dependencies between the system’s entities.

Not all systems are equally complex. Several measures are used to describe the level of complexity within a system, mostly based on Shannon’s Information Theory (Crutchfield 2012). The maximum level of complexity is often said to reside at the “edge of chaos” where the future state of the system can still be predicted but with difficulty. In contrast, the future of a linear system is perfectly known while in chaotic systems the future state of the system is practically impossible to predict beyond a certain point—the horizon of predictability (Langton 1990).

Many biological, physical, and social systems are said to reside at the edge of chaos thanks to the stabilizing properties of the processes that govern them. The main types of interactions that result in an increase of complexity within a system are as follows.


• Non-linear dynamics. A property of the system where an increase in one factor does not translate proportionally into a change in the output. As a result, even a small change or perturbation can produce large and cascading effects. To give a contrasting example of a linear system: a doubling of the speed of a car will result (approximately) in halving the time necessary to arrive at the destination. Compare that with the level of predictability when trying to evaluate the dynamics of a crowd of 200 people as a direct extrapolation of the behavior of a single individual.

• Feedback. A property of dynamic systems where the current state of the system influences the future state of the system. It can be understood as a situation in which output becomes input. A classic example of complexity arising from simple feedback are infinite fractal structures such as the Mandelbrot set (Figure 17.1). Continuing with the crowd example: at each step pedestrians on a busy street assess the position and movement of their neighbors who, in turn, adjust their own movement to their neighbors.

• Self-organization and spontaneous order. Under certain circumstances, an initially unordered system can self-organize without a top-down intervention. This happens in a decentralized fashion through numerous local interactions, usually amplified or damped down by feedback. An example familiar to many readers using metro systems is the ordered behavior of people entering an escalator, emerging from a highly disorganized crowd at the bottom of the stairs.

• The dominance of bottom-up dynamics. A common property of complex systems is that the behavior of entities (system components) is predominantly, or even exclusively, based on individual circumstances rather than the global state of the system. Complex systems are decentralized, i.e. lacking a leader or other forms of global planning, meaning that information is processed locally and entities often display so-called bounded rationality (Simon 1956). This term describes the decision-making process of individuals where their knowledge, cognitive capacity, and time available to make the decision are limited, thus preventing them from always reaching the optimal solution. In a recent study (Harrison et al. 2016), researchers showed that standing on both sides of an escalator (rather than having a two-speed system in which people walk on the left and stand on the right) leads to globally faster exit time. The fact that this had to be demonstrated through a scientific study despite being an everyday experience of millions of people shows the prevalence of bounded rationality in human decision-making.

• Complex adaptive systems (CAS). Many, though not all, complex systems are adaptive, meaning that they can learn, maintain memory, and change over time as a response to external stimuli and internal dynamics. Evolutionary dynamics are key to understanding such systems.
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Figure 17.1. The Mandelbrot set. A highly complex fractal structure generated from a very simple set of equations. One can zoom indefinitely into any of the areas to uncover self-similar patterns and structures. Figure generated using Puget (2015).



The term emergent is used to describe the unexpected global patterns resulting from these interactions. Emergence occurs when simple interactions repeated many times by multiple agents lead to complex and unexpected population-level dynamics. These patterns can sometimes occur abruptly in what seemed to be a stable system because of accumulated tension within the wider system—a phenomenon known as self-organized criticality. This means that catastrophic cascading effects can be triggered by a seemingly mundane event because the system has crossed a threshold (bifurcation) (Scheffer et al. 2012).

The Development of Complexity Science

The focus on emergent properties of systems came with the realization that a correct description of a system cannot be limited to the static properties of its components (size, shape, color, etc.), but must include dynamic characteristics such as rules of behavior, dependencies, interactions, and relationships. As mentioned before, the reductionism-holism shift (Anderson 1972; Mazzocchi 2012) has had profound implications for scientific practice (Downey 2012). The advances in computer science (Figure 17.2) made it feasible to develop formal methods to represent relationships and dynamics even in complex, non-linear systems. The roots of complexity science are often attributed to scientists working at Los Alamos during the Manhattan Project: Stanisław Ulam and John von Neumann, who developed an abstract mathematical model known as cellular automata. Composed of simple entities (black and white squares) and following simple rules, cellular automata models showed a remarkable array of behaviors, ranging from regular, oscillating, and random, but also chaotic and complex. For a while, though, these remained interesting mathematical models with no real application to real-world phenomena. The real boom of complexity science is linked to the research in chaos theory and the opening of the first institution devoted entirely to complex systems study—the Santa Fe Institute in the early 1980s. Since then, complexity science values and perspective became embedded in mainstream scientific practice in different disciplines giving rise to such subfields as systems biology, urban complexity, econophysics, and generative social science. For a visual exploration of the history of Complexity Science, see (Castellani 2018).
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Figure 17.2. Google Ngram Viewer showing the change over time in the frequency of the terms “complexity,” “networks,” and “simulation” as evidenced in Google Books (English 2019) corpora (Michel et al. 2011). The dramatic rise of simulation and networks correlates with the development of computers from the 1960s onwards. Note that the Ngram does not differentiate between scientific and popular literature which makes trends for more everyday-use words (such as “network”) more difficult to interpret.



The study of complex systems requires methods beyond traditional approaches such as verbal theory building in natural language, or pen-and-paper calculations. The two primary scientific methods deployed to study complex systems are simulation and network analysis. The former is deployed to understand the system’s behavior, the latter to describe the system’s structure in terms of dependencies and relationships. The fundamental role of network science stems from its ability to formally represent the interaction and dependencies among the system’s entities, a critical feature of all complex systems. Network concepts and data can be used to describe any system—including those that are simple or random—but they are particularly powerful when applied to networks with non-trivial topology, i.e. complex networks. As with complex systems, complex networks find themselves at the edge of chaos between ordered systems (e.g. a lattice) and random or chaotic systems (e.g. random networks). Most examples of such networks come from real-world complex systems, and they often share features indicating non-trivial topology: heavy tail degree distribution, high clustering coefficient, short path length, assortativity or disassortativity of nodes, hierarchical structure, or any combination of the above. Classical examples of networks that display many of these structural features, often described as scale-free networks and small-world networks (Newman 2010), are: networks of websites making up the World Wide Web (WWW), networks of neurons making up the brain, social and economic networks among people or companies, but also infrastructure systems such as transport networks, e.g. roads. Social and socionatural systems in the past and the present abound with examples of complex networks.

By now it is probably very clear to the reader that complexity science firmly crosses traditional disciplinary boundaries, and that examples of complex systems hail from virtually all domains of science. At the core of complexity science is the quest to identify and characterize laws and regularities that govern complex systems regardless of their particular context. Do societies undergo transitions similar to ecosystems or galaxies? Is long tail distribution a fundamental condition for large transitions on a network? Do certain processes result in specific system structures, such as small world network regardless of whether they concern humans, insects, or molecules? The largely philosophical debate as to whether we can extrapolate knowledge from one discipline onto another in the form of a “Theory of Everything” is still ongoing, but what is undoubtedly true is that scientific inquiry benefited enormously from formal tools developed within the complexity science framework (Castellani 2018; De Domenico and Sayama 2019).

Complexity Science in Archaeology

Archaeology has been influenced by ideas coming from complexity science. In particular, many proponents of systems theory in the 1960s directly applied system-thinking concepts and frameworks to archaeological interpretations. However, the challenges of programming simulations on the computers of that era meant that archaeological research into complex systems was often limited to theoretical considerations and conceptual applications of selected concepts. Progress stalled for a while (Lake 2014) with the onset of postprocessualism and the disappointment of the earliest archaeological complex systems models. However, the 1990s saw an explosion of complexity science applications, seeping into popular science articles and books and, a few years later, archaeological research (Bentley and Maschner 2003; Kohler and Gumerman 2000). Ever since, we have seen a steady stream of archaeological applications using complexity science tools, in particular, agent-based modeling (ABM), and network science.

The seminal example of an application of complexity science tools to archaeology is the Artificial Anasazi model (Axtell et al. 2002; Dean et al. 2000). Since its publication, archaeologists have applied simulation and, in particular, ABM to a wide range of case studies aiming to explain patterns derived from different types of archaeological materials and topics (Cegielski and Rogers 2016; Lake 2014; Romanowska 2015; see Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18). By contrast, the wider use of network science and models involving complex networks came about a few years later (Brughmans 2010), although there were a few early applications (see overview in Bentley and Maschner 2007).

One of these early applications, close to the complexity science goal of looking for similarities across systems, was a network model developed by Kohler and colleagues (2000), who expanded on a well-known model of Random Boolean Networks (RBN) originally developed by Stuart Kauffman (1969) to investigate gene regulation. RBNs consist of nodes in one of two states (on/off) and links between them. The current state of any one node depends on the state of the nodes it is connected to. Here this setup was used to study reciprocity among small agricultural societies, where each node represents a household that engages (on) or not (off) in reciprocal exchange. The authors demonstrated that networks with a small number of connections between nodes and those that are very highly connected lack flexibility, making certain processes (such as rapid adaptation) difficult to enact by a group.

More recently, archaeologists started combining ABM with networks. For example, White (2013) has coupled a model of network formation with a process of simple cultural transmission. This model represents a world composed of hexagonal cells in which households (one in each cell) create links with other households to construct social networks. Depending on the parameter values, these links may be only with the closest six neighbors or with households further away, such that the resulting networks differ in terms of their properties (more or less clustered; shorter or longer mean path length; etc.). This underlying network structures the flow of information modeled as a process of copying a variable, where the variable could be any type of information, such as a specific pottery decoration or a new way of hunting. Through a thorough analysis of different combinations of parameters, White demonstrated that the structure of the network has a fundamental impact on cultural transmission thus shaping “ … changes in ‘stylistic’ variability in archaeological assemblages” (White 2013:4.5).

This exact property of dynamic network interactions—network structure shaping information transmission—is enacted in a model by Graham (2006). The author translated the Antonine Itineraries, a description of the routes connecting in sequential fashion places in the Roman Empire, into a network representation of the road system of the Empire. He then released agents on this road system making them engage in simple message passing. The author could then measure the resulting differences in the speed and accuracy of information flow across different Roman provinces.

Other archaeologists used complex networks or a combination between simulation and networks to study economic transactions (Brughmans and Poblome 2016), food webs (Crabtree et al. 2017; see also Crabtree and Dunne, “Food Webs,” this volume Chapter 21), the emergence of social hierarchies (Cegielski and Rogers 2016) and other topics.

Archaeology, Networks, and Complexity Science

Although not exclusive to archaeology, a particular feature of the discipline is that we have no direct access to the system we study—the past. Whereas economists, astrophysicists, or molecular biologists may directly observe, and experiment on their objects and subjects of study, archaeologists depend on indirect evidence in the form of material remains and occasional written accounts. This leaves us with limited options for testing alternative explanations, inferring causality (why something happened) or identifying particular mechanisms (how something happened). The realization that simple conceptual models and back-of-the-envelope calculations are insufficient when dealing with the complexities that govern the behavior of human groups has led to increasingly frequent calls for a more robust theory building and theory testing toolbox, involving formal modeling techniques from complexity science (Brughmans et al. 2019; Rogers and Cegielski 2017; Smith 2011).

As seen in previous sections archaeologists have successfully applied these techniques in their research (Figure 17.3). However, apart from the practical tools for studying complex systems, complexity science offers further lessons on the dynamics of complex systems and how we approach them. Archaeology has done very little in terms of contributing to or even engaging with the core complexity science concepts. Although often invoked as metaphors in archaeological literature, terms such as attractors, path dependence, spontaneous order, bifurcations, or non-linearity have exact mathematical representations, which enable researchers to investigate these kinds of dynamics across systems. However, the use of complexity science theories and concepts involves a high degree of mathematical skill. Such proficiency in formal techniques has always posed a roadblock to archaeological application. To detect, record, or model phenomena such as self-organized criticality, saddle-node bifurcation, or power laws requires vast datasets and/or elaborate mathematical models—both of which are usually out of reach for most archaeologists. As a result, the contribution of archaeology to complexity science in terms of core concepts, laws, or method development has so far been limited. Similarly, archaeological contributions to the core aim of complexity science—finding regularities and laws governing all complex systems—has been restricted to a few cases (Bentley and Maschner 2003; Kohler and Gumerman 2000). It is rare to generalize archaeological studies beyond their immediate spatiotemporal context and even rarer to generalize them beyond human systems.
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Figure 17.3. The constellation of complexity science in archaeology showing the relationships between different subfields and computational techniques as well as selected examples of recent applications in archaeology. For a more comprehensive map of complexity science see Castellani (2018).



However, closer engagement with the mathematical frameworks in complexity science could be highly beneficial for the discipline. A number of researchers have eloquently summarized this yet unfulfilled potential (Costopoulos 2018; Kohler 2012; White 2014); here, I reiterate their arguments dividing them into three categories: formalism, causality, and scale. I will use examples of network science applications to archaeological case studies to illustrate them.

Complexity Science Tools Enforce Formalism

Complexity science techniques come with strong requirements for formalism which force better research practices, in particular, in the theory-building domain. Although archaeology is a theory-rich discipline, most hypotheses are defined in natural language leaving them under-defined and thus often untestable. For example, even seemingly simple statements such as “members of the group depended on maize agriculture” are in fact severely under-defined. The ambiguities are multiple: Who counts as a member and who does not? Does “dependent” mean that maize is a source of 100% of calories? 80%? 51%? Do all members of the group need to derive their calories from maize in the same proportion?

These kind of ambiguities disappear when a hypothesis is translated into formal representation, such as a network or simulation ontology. This formalization is not necessarily exclusive to complexity science, but it comes as a by-product of the computational modeling techniques. Formalism is necessary when approaching complex systems since it is beyond any researcher’s mental capacity to correctly evaluate the results of non-linear interactions between multiple entities even if these interactions are simple. Equally, one would not be able to keep track of multiple relationships and assess general properties of the system in a way that network representations can. Complexity science has developed tools that make these kind of complex interactions and dynamics available for scrutiny and experimentation. A good example of how this kind of formalization was applied to an almost century-long debate in archaeology is the study by Brughmans and Poblome (2016). The authors have represented two opposing theories, strong vs. weak economic integration in the Roman Empire, as a set of structural features of the traders network (e.g. the proportion of links between markets or the number of trading partners used to gather commercial information from). By deploying formal network data representations of Roman archaeology theories they were able to test theories previously expressed in natural language against the archaeological data.

Modeling Is the Only Way to Understand Causality

Complexity science teaches that complex patterns often emerge from simple causes. Thus, the complex patterns we see in the archaeological record may be a result of simple interactions between many entities engaging in deterministic behavior. Looking for complicated explanations is not always the right path. Similarly, unusual changes do not require unusual causes (Costopoulos 2018). The concept of self-organized criticality means that, over time, systems may accumulate tensions leading to dramatic transitions, even though the underlying processes are the same as in times of little change (Bak et al. 1987). Again, looking for a particular “trigger” of a significant shift may be the wrong approach.

Complexity science demonstrates the power of historical contingency (hysteresis), which in simple terms can be described as the unique context of a system due to its history. It shows that awareness of the forces influencing the system, including its internal dynamics and its history, is paramount for understanding its trajectory. This is important because, in many cases, the same behavior may produce completely different system-wide outcomes depending on the context in which the system finds itself. A very clear example of this is the so-called “rich getting richer” process which results in particular network structure: the scale-free network. Nodes that appear earlier in the network formation have a better chance of becoming prominent even if they do not carry any additional advantage. For example, (Prignano et al. 2019) showed how some cities in the Etruscan road network might have come into prominence simply because they were there when the network started to develop. Complexity science shows that this kind of causality can be understood if we map out relationships within the system (network science) and then model the possible dynamics that drive it (simulation).

Complexity Science Techniques Enable Crossing Multiple Scales of Analysis

One of the foundational strengths of complexity science is its ability to cross through analytical and spatial scales, such as from individual to population level. This is a challenge often faced by archaeologists and anthropologists when exploring theories. Complexity science techniques provide a formal framework that makes it easier to derive who past people were and how they behaved based on their aggregated actions preserved in the archaeological record. It also makes it easier to understand and generalize the processes behind these trends, thus unlocking the comparative potential of archaeology and history for contemporary problems. For example, the previously discussed model by Graham (2006) illustrates how modeling individual actions (agents passing on information) allows us to study differences in connectivity between provinces, and better understand the entire Roman trade system. Further, we could look at the historical record to investigate whether these structural differences had an impact on long-term historical trajectories of each province.

Finally, it is worth reflecting on the potential for archaeology to contribute to the wider field of complexity science. So far, that contribution was almost exclusively related to proposing new case studies and models of human behavior with very limited scope for generalization, although the Artificial Anasazi model is considered seminal to the branch of complexity science called “artificial societies.” This, as noted before, is likely to be a direct effect of the natural lack of high-level mathematical know-how among archaeologists, but as the field progresses toward even closer collaboration with mathematicians and physicists, the hope is that it can overcome this limitation. With a widening awareness of the complexity science framework archaeologists could have a significant role to play.

Archaeology provides a unique view of the long-term evolution of humans and human societies, which places it in a great position to test, confirm, and refute some of the complexity science models in relation to humans, their interactions with each other, and with the environment. Topics such as long-term change in social networks, past social interactions viewed at different scales, long-term interdependency of social and environmental systems, or material culture as proxy evidence for interaction may bring novel insights into the evolutionary dynamics of networks at time-depths not available for other disciplines. Similarly, the limitation posed by the lack of a direct access to the system we study could limit the discipline’s dependence on data and bring to the forefront complexity science techniques leading to refinement and development of some of the tools. Equally, most archaeologists are forced to cross multiple scales of analysis due to the coarse granularity of the archaeological record, thus providing new stress-tests to those complexity science techniques that have so far relied on extensive and robust datasets. Research on incomplete networks and their reconstructions could profit in particular from the joint effort between archaeologists and network scientists. With more, larger, and more interoperable datasets being collected, a steady increase in proficiency in digital methods, and more collaborative effort between humanities and STEM researchers the interactions between complexity science, networks, simulation techniques, and archaeology are likely to intensify in the future.
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CHAPTER 18

Networks, Agent-Based Modeling, and Archaeology

Wendy H. Cegielski

Archaeology assumes that the patterns of the material record are explainable as the result of underlying causes. Yet, we rarely have the advantage of first-person observation with our study subjects, instead relying on end-state patterns of material depositions to infer process (Barton 2009; Cale et al. 1989). Imagine a simple scenario, the deposition of a single debitage flake. The deposition is dependent on specific events in time, for example, the casting away of the flake as debitage. The casting away of the flake is dependent on other events (e.g. the physical location of the knapper). The knapper’s location is interrelated with other variables, such as the location of geologic sources, camp proximity, or even the weather. The observation that every outcome is dependent on prior outcomes is referred to as historical contingency (Vermeij 2006).

Social complexity, geoarchaeology, material production and exchange, and depositional processes all necessitate an understanding of historically contingent relationships whether human-to-human, material-to-human, or material-to-material. This has real epistemological consequences for the field: (1) that the smallest possible unit of analysis is the relationship between a pair of (human or material) actors or a dyad, and (2) the ahistorical or synchronic study of relationships is impossible or misleading (Donati 2010; Giddens 1981; Russell 1990). Therefore, the way we come to know things should rely on methods developed to analyze relationships dynamically through time.

The integration of agent-based modeling (ABM) and social network analysis (SNA), hereafter referred to as ABM-SNA, serves both epistemological needs. ABM-SNA incorporates SNA, computational simulation, and ABM with network theory to simulate network dynamics (Carley 2014; Carley and Pfeffer 2012; Holzhauer 2017; see also Romanowska, “Complexity Science and Networks in Archaeology,” this volume Chapter 17). An essential difference between ABM-SNA and traditional SNA is the incorporation of temporal interactions of actors with the social features that influence the development and structure of a network. ABM-SNA is used to assess such topics as the evolution of networks, tracking groups in networks over time, examining network robustness, diffusion processes across networks, modeling multi-layered/multi-time period networks, and more (Namatame and Chen 2016). Examples of ABM-SNA in archaeology also address this topical diversity (Brughmans and Poblome 2016; Chliaoutakis and Chalkiadakis 2016; Drost and Vander Linden 2018; Graham 2006; Graham and Weingart 2015; Olševičová et al. 2015; Van Oyen 2017; Watts and Ossa 2016).

SNA already offers several tools, most notably the tie-oriented exponential random graph modeling (ERGM) and stochastic actor-oriented network modeling (SOAM) which model relationship formation (Brughmans et al. 2014). ERGM permits hypothesis testing on the types of bottom-up social processes affecting the tie formation most likely to generate an observed network (see Amati, “Random Graph Models,” this volume Chapter 19; Amati et al. 2019). SOAM simulates relationship formation, subject to the structural constraint of the network at discrete time steps between actors (Snijders et al. 2010). SOAM is designed for longitudinal data and the study of focal actors with network ties assumed to change one at a time. In ERGM, network statistics are defined globally. In SOAM, network statistics are embedded in actors (Block et al. 2019).

ERGM models snapshots of networks and infers or tests processes that may underlie these snapshots. Longitudinal data can be analyzed using ERGM but is still composed of multiple snapshots of the same actors in a network through time (Silk and Fisher 2017). In contrast, ABM-SNA models the process of interactions between agents within a complex adaptive social network (see Romanowska, “Complexity Science and Networks in Archaeology,” this volume Chapter 17). ABM-SNA incorporates the behaviors of individual agents through ABM embedded in networks of relationships where outcomes depend on the behavior of other individuals.

This chapter is organized in the following manner. First, ABM is defined and described briefly. Second, the compatibility of network analysis and ABM is reviewed. Third, bodies of theory that integrate ABM and SNA are described, along with illustrative examples from archaeology. Finally, the integration of ABM-SNA and archaeology for the advancement of archaeological research is discussed.

Agent-Based Modeling

ABMs “are a class of computational models that simulate the behavior and actions of agents (whether individuals, families, villages, or other units of interest) as an integral aspect of interpreting the whole system” (Cegielski and Rogers 2016:1). ABMs typically consist of agents possessing sets of decision-making rules, rules for adaptation, rules for interaction, and an environment. The ABM modeler begins with a theory about the behavior of agents and their interaction with their environment. In an archaeological ABM tutorial by Romanowska et al. (2019), the authors describe a 2003 ABM by Brantingham, investigating how lithic assemblages would look if random processes were responsible for lithic assemblage patterns. The agent’s environment consists of a uniform landscape with instances of raw material sources. The model simulates the processes of collection and deposition by humans conducting “random walks.” The agent may walk a different path every time the modeler runs the simulation.

Simulation is the experimenting or executing of a model over time (Romanowska et al. 2019). Human systems are open systems influenced by a number of factors which the modeler cannot predict or control (Garnsey and McGlade 2006). For this reason, ABM is simulation-based. Modelers usually run the same simulation multiple times to account for stochasticity (uncertainty) and the fact that agents are adaptive and interrelated. A simulation model is valid if some metric derived from the simulation set resembles the behavior of real systems. Typically, results from ABMs are reported as probabilities that certain outcomes will occur.

ABM has a several decades-long use history by archaeologists and several publications comprehensively outline the method (Cegielski and Rogers 2016; Railsback and Grimm 2012; Romanowska et al. 2019; Wurzer et al. 2015). A good tutorial on the method as applied to archaeology is described in a co-authored, three-part series in Advances in Archaeological Practice (Romanowska et al. 2019). The following paragraphs are dedicated to describing the compatibility and uses of the integration of ABM and SNA.

The Ontological Relationship between ABM and SNA

The development of ABM has a historical connection to network analysis that illuminates the natural compatibility of the two methods. The first integrative uses of ABM and network analysis evolved from cellular automata (CA) models (Namatame and Chen 2016). CA models are built upon lattices resembling checkerboards. Agents in a CA occupy a lattice space and typically interact with agents in neighboring spaces. For example, an agent in a one-step CA can interact with the agent’s four neighbors. CA models are spatially anchored because interactions are confined to agents located on neighboring grid cells. Schelling’s segregation models illustrate how the influence of neighbors’ preferences can result in segregation of the whole system (Schelling 1971). Schelling modeled two ethnic groups. In the model, agents decide to stay or migrate based on a simple rule. If an agent is a minority in its community (based on a set threshold tolerance level for each agent), then the agent migrates. Depending on the distribution of tolerance thresholds in the population, a tipping point may occur at which demographic segregation occurs.

While CA models do not explicitly incorporate relationships as edges and nodes, the fundamental assumption underlying CA models and SNA is the same—an agent’s behavior is dependent upon the actions of neighboring agents. An example from archaeology of a spatially defined ABM that more explicitly incorporates network analysis is Graham and Steiner’s TravellerSim model (Graham and Steiner 2006). TravellerSim simulates the actions of individual travelers in protohistoric Central Italy. The travelers, or agents, move between the geographic locations of known archaeological sites. The author grows social network structures on this spatially defined landscape in order to better understand and predict site interactions and territories (Figure 18.1). The model was able to grow territories similar to the city-states of ancient Greece and to postulate the social processes involved in ancient territorial evolution.

Another example of a spatially defined ABM-SNA is Gravel-Miguel’s (2017) analysis of the impacts of geography and climate change on Magdalenian social networks in Northwest Spain and Southwest France. A geographically anchored ABM (the environment of the ABM consists of an actual map of raster cells of the study area) is used to simulate the formation of networks and the possible processes underlying the formation of archaeological assemblages. Observed Magdalenian social networks are reconstructed through a statistical analysis of stylistic similarities among portable art objects. The results of the ABM provide estimates of the Magdalenian social networks most likely to have produced the empirically observed archaeological assemblage. ABM-SNA provides a laboratory for the real-time “growing” of prehistoric networks from the bottom-up decision-making and interactions of individual actors.
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Figure 18.1. Graphic output from TravellerSim, an integrated agent-based/social network analysis model, showing the distribution map of settlements (nodes) from the protohistoric period in Central Italy. The network represented is the tracing of each traveler’s (agent’s) traveling path between settlements (adapted with permission from Graham and Steiner 2006).



As mentioned earlier, in CA and lattice-based models such as the examples described above, agents and their environments are spatially coupled. However, we may wish to engage in studies of human society in which space and the behavior of agents are not coupled. Social interactions can be frequent despite physical space, for example, when a family member moves to another country but social exchange remains strong. Since many social relationships are not governed by physical space, researchers developed second-generation models that integrate agents embedded within network structure or topology (Namatame and Chen 2016).

The topology of a network affects social processes by catalyzing or constraining social exchanges. Imagine two neighboring prehistoric societies. One society conducts exchanges through centralized distribution from one settlement to many while the other’s exchange system is decentralized with exchange distributed across many sites. Centralized and distributed exchange systems are noted in many archaeological descriptions of past socioeconomic systems and are amenable to classification in terms of network topological properties (Swantek 2017). Centralization is a network topological property that describes the equality of vertices by comparing each vertex’s number of edges (Hanneman and Riddle 2005).
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Figure 18.2. Examples of commonly studied network topologies that can influence network flow and diffusion processes.



The difference in the distribution of connections has a powerful influence on how the spread of technological innovation takes place. Computational social simulation models have demonstrated that information tends to spread faster on networks through centralized distribution from one central node, thus an innovation like the introduction of bronze technology would spread more quickly throughout a centralized society (Saxena et al. 2015; Vega-Oliveros et al. 2019). The network topology of a heterarchically organized society actually may restrict or prevent the efficient spread of an innovation. Figure 18.1 illustrates examples of network topologies that are commonly found in social networks and studied for their effects on network flow and diffusion. The star topology is a simple representation of centralized distribution.

The potential social effects of network topologies can be understood in terms of descriptive statistics and network metrics. Examples and potential social effects of commonly measured metrics of global network topology are provided in Table 18.1. (For other topological network properties, see Hanneman and Riddle 2005; Kolaczyk and Csárdi 2014; Robins et al. 2005; Scott and Carrington 2011.)

However, an exclusive focus on network topology ignores the potential importance of individual agency. SNA studies often place more emphasis on the ways in which networks structure the behavior of individuals with less attention given to how the actions of individuals can profoundly affect the trajectory of societies. ABM is designed to study how the particular actions of individuals in combination can lead to emergent global properties. The integration of ABM and SNA melds the best of both worlds and permits the simultaneous analysis of top-down and bottom-up processes.

Investigation of Social Processes

Many existing archaeological ABM-SNA models are designed to reconstruct the archaeological record of a specific time and place. Far fewer archaeological ABM-SNAs aim at the more generalizable investigation of social processes. Rouse and Week’s (2011) study of Bronze Age SE Arabia is one example of a generalized study of a social process. Their ABM-SNA investigates the relationship between local variations in the scale and nature of production in small, clustered networks like those in Bronze Age SE Arabia and increases in socioeconomic inequality. Agents in their model “trade” along simulated networks that are modeled after many of the properties of real human social networks. Agents follow algorithmic rules based on Ricardian principles, the valuing of loyalties and alliances over economic necessity. The authors conclude that network topology and the “tribal ethos” of agents combine to create opportunities for wealth aggrandizement by individuals.



Table 18.1. Examples of network statistical descriptives and their possible social effects. See Filet and Rossi (“Network Methods and Properties,” this volume Chapter 2) for definitions of network metrics.




	Metric
	Potential social effects





	Degree distribution
	

• Distributions such as small world and scale-free influence flow of information.

• Degree distribution influences vulnerability to attack and cascades.







	Network size
	The number of vertices constrains opportunities for interaction.



	Average path length
	Path lengths control the rate of flow across a network.



	Diameter
	The diameter controls how quickly information spreads and is an indication of social integration.



	Global eigenvector centrality
	Global eigenvector centrality signals balances or imbalances of power and can indicate whether certain individuals have more influence than others based on their connections to other well-connected individuals.



	Centralization
	Centralization influences which individuals control network flow.







The rest of this discussion focuses on ideas and methods exploring dynamic social processes through integrated ABM-SNA. I explore three dynamic processes that are of interest to archaeologists who study social phenomena: (1) social diffusion dynamics; (2) vulnerabilities, risk, and social stability; and (3) social influence.

Social Diffusion Dynamics

Social diffusion is the process by which ideas, beliefs, innovations, and even disease spread among people through social interactions. The goal of the study of social diffusion using both ABM and network analysis is “to identify how network features, individual behaviors, and the content of what is being transmitted create more or less favorable conditions for the diffusion of cultural traits or new social practices” (Roux and Manzo 2018:968).

The process of diffusion typically is studied in terms of diffusion curves. An S-shaped diffusion curve describes a diffusion process in which the rate of spread starts off slowly, accelerates at a critical take-off point, and then levels off or slows as the diffusion saturates the entire society (Gladwell 2002; Rogers et al. 2005). Social researchers note that network topological differences can influence rates of social diffusion (Watts and Strogatz 1998). Network topology features, such as reachability and network degree distribution, can constrain or promote social diffusion.

An example from anthropology is a study conducted by Manzo et al. (2018) on complex contagions and the diffusion of innovations. The study investigated two rural populations of Indian and Kenyan potters who have to decide whether to adopt new and better technical/stylistic options. Field data showed that religious subcommunities within the two populations exhibited different diffusion rates. The authors were interested in testing their theoretically informed expectation that the innovations should spread faster and more widely within the religious subcommunities with high network reachability and high edge redundancy. In order to analyze processes potentially responsible for different diffusion rates, the authors combined an analysis of observed kinship networks and advice networks with the simulation of diffusion curves derived from empirically calibrated ABMs.

The integration of the two methods led the authors to note a significant deviation from their expectations—that high network reachability and edge redundancy does not necessarily lead to rapid diffusion of a beneficial innovation. Another important condition must be in place—the actor who lies at the intersection of critical social paths must have sound advice. In other words, the quality of the advice that an individual actor possesses, and that actor’s position as a connecting or “bridge” node, influence global diffusion patterns. The integration of ABM and SNA allowed the authors to identify how the actions and characteristics of individual agents operating within the context of known and constraining network topologies contributed to the evolution of the global social process of innovation diffusion (Manzo et al. 2018).

Vulnerabilities, Risk, and Social Stability

Social stability, or the persistence of social systems, is an essential feature without which human society is not possible. Social networks can provide systemic stability through increased interdependencies, redundant relationships, centralization, and efficient flow of beneficial information (Namatame and Chen 2016). However, the same qualities listed above can also increase risks and vulnerabilities, and a benefit to one system may be a risk to another. Returning to our earlier-described hypothetical scenario of two neighboring societies, one hierarchically organized and one heterarchically organized, we can ask, “Which type of organization is more vulnerable to collapse?”

The answer is both and neither; it depends on the context. Networked systems increase interdependency, thus even a single agent’s actions or a single event can influence the integrity of the entire system by introducing something beneficial or damaging that can easily propagate along interdependent connections. Empirical studies of network stability indicate that a hierarchically organized system is highly stable against random attacks (Barabási and Albert 1999; Namatame and Chen 2016). However, there is a tradeoff. If the most highly connected vertices in a network are attacked, the entire system is at risk of collapse because of the high dependency of most of the network members on a few central actors.

Failures can propagate dynamically throughout a networked system by a contagion process. A large body of literature exists on the topic of contagion dynamics and network risk (Lehmann and Yong-Yeol 2018). However, the use of ABM-SNA to analyze contagion processes and societal collapse in an archaeological case study is still a forward-looking endeavor. With the potential of future analyses in mind, it is useful to describe a case study from outside the field that would produce interesting results for archaeologists studying vulnerability, social stability, and collapse.

Namatame and Chen (2016) analyzed the modern financial market using ABM-SNA by portraying N-agents (banks), randomly linked together in a weighted network. Links between banks were weighted according to their liabilities with other banks. The authors modeled the contagion process by selecting an agent to default financially. This initial default is the trigger for a contagion of defaults that the researchers observed and analyzed. Real-world financial markets often have heavy-tailed distributions, a distribution characterized by a few central actors having many connections, with everyone else having far fewer connections. The authors note that “The process of contagion gains momentum and suddenly spreads to a large number of agents after the failure of some critical agents” and that ABM permits the identification of these critical agents (Namatame and Chen 2016:260).

The authors modeled the contagion of bank failures over two types of networks: a network with one bridge node connecting to four, star-shaped networks and a network with four hub agents connecting four star networks. Their results indicate that the selection of the hub agents for default increased the amplification of defaults across the network. The selection of the bridge node was no more amplifying than the selection of any other node. The authors concluded that “In summary, we found strong correlations between the position of an agent in the interbank network and the likelihood that it either causes contagion or will be affected by contagion” (Namatame and Chen 2016:264).

Cegielski (2020) in a SNA/ERGM comparative study of the neighboring social networks of the Valencian Bronze Age and the Argaric-periphery of the Iberian Peninsula, correlated the systemic instability of Argaric-periphery social networks with the failure of the Argaric core. Archaeologists argue that the Argaric core was organized hierarchically. The Argaric core failed at approximately 1500 bc, along with those peripheral sites with strong Argaric connections. In contrast, the Valencian Bronze Age network that did not rely on the Argaric core remained stable. An ABM-SNA model could identify particular sites as probable origins of a cascading failure, could model the evolution of the networks as failures spread, and could measure the risks of each settlement to failure based on the settlement’s relative position in the network. Integrated ABM-SNA permits modeling of the evolution of relationships between heterogeneous individuals, a powerful ability that other methodological techniques alone do not provide.

Social Influence

Social influence is the effect that individuals have over the behavior of other individuals and is one of the important processes involved in the adoption of new technological and stylistic practices. Moreover, social influence is a powerful force of assimilation; it is the way that people convert others to their way of doing things. Social influence travels from person to person along a network through processes that resemble diffusion. This is one of the reasons why we can track stylistic change with battleship curves. Yet, if one of the results of social influence is assimilation, then we can ask why diversity between socially connected groups still exists (Flache 2018). The same question can be asked using a commonly noted archaeological observation. Why do technological boundaries exist that separate neighboring regions from each other?

Social influence operates within a complex interplay of context (e.g. the network structure), multidirectional relationships between individuals, and adaptation. This complexity results in an entangled array of outcomes. Certain network properties—i.e. clustering—can cause social influence to be amplified within tightly connected groups, resulting in highly demarcated cultural boundaries between groups. Social influence is often bidirectional or mutually influential (Flache 2018). This bidirectionality can lead to the introduction of new innovations, combinations, and recombination of technologies, styles, and behaviors. Mills (2018) discusses the material results of this bidirectionality replacing terms like hybridization with the more active concept of boundary technologies as applied to ceramic styles. Social influence can produce cultural consensus under certain conditions and cultural diversity under other conditions. ABM-SNA permits the researcher to analyze those conditions dynamically by modeling the behavior of individual agents under various network topological contexts.

I discuss two illustrative examples that use ABM-SNA to investigate social influence. The first, conducted by Flache (2018), addresses network clustering, social influence, and the production of cultural differences. The second illustrates the social network theory of weak ties, a theme that has received some attention in the archaeological literature (e.g. Peeples and Haas 2013).

Flache’s (2018) basic model of assimilative influence begins with a representation of a spatially clustered network called a ring lattice, in which agents are arranged in a circle and are connected only with other agents whose location is within a certain number of steps on the circle. Flache’s model permits one randomly chosen agent at a time to be influenced by one of that agent’s neighbors. Eventual convergence toward what Flache calls a “monoculture” is characteristic of networks like this that are completely connected and where cultural attitudes are represented as continuous.

Yet, cultural attitudes often are discrete or binary where no compromise can be reached. For example, one can either believe in a god or not believe in a god. Models have shown that binary cultural attitudes held by individual agents can generate local spatial clustering of attitudes. Models like the well-known voter model contain agents who copy the binary opinion of one of their network neighbors. If interactions are constrained locally, then cultural diversity is amplified. Therefore, the nature of the cultural attitude plays an important role in how the attitude spreads.

The second example of the use of ABM-SNA to investigate social influence explores tie clustering and the strength of weak ties. Tightly knit societies, like many small-scale societies of the past, are characterized by highly clustered and reciprocal relationships of individuals within small groups. Social influence within these tightly knit societies is likely to be a prominent factor in the adoption of new technologies and beliefs. Therefore, an understanding of social influence and relationship clustering is essential for archaeologists’ understanding of the patterns in the material record.

The strength of social influence correlates with network topology. A highly clustered network often possesses a high level of edge redundancy. Network redundancy increases structural reliability. If a relationship fails in a network with high edge redundancy, another relationship exists to take its place. In a highly clustered and redundant network, agents receive social reinforcement from their multiple neighbors. Information can spread quickly along these multiple social connections. Yet, high network redundancy and network clustering can come at a price—isolation. Highly clustered networks tend to favor cohesive within-group relationships over between-group edges, restricting the flow of new information from external sources. Thus we have two competing, valid hypotheses about the effects of a highly clustered network topology on social influence: (1) networks with many between-group ties reduce redundancy, thereby spreading new information farther and faster than highly clustered networks; (2) people exposed to a new technology or idea require social reinforcement through many redundant social relationships, therefore a highly clustered network promotes the diffusion of new information (Namatame and Chen 2016). ABM-SNA can help us understand why and under what conditions each hypothesis is valid.
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Figure 18.3. Network consisting of two groups of three agents, each with one bridging edge between agent 4 and agent 1. (Adapted from Namatame and Chen 2016.)



The between-group edges that bridge social groups can be thought of in terms of Granovetter’s (1973) “the strength of weak ties.” Granovetter distinguished between strong ties, an individual’s close relationships, and weak ties, an individual’s acquaintances or those with which an individual occasionally interacts. Weak ties are essential for the transfer of new knowledge, ideas, and new social influences between groups. The strength of weak ties hypothesis predicts that a social behavior will spread farther and faster on networks with more weak ties than on highly clustered networks.

The strength of weak ties is a useful heuristic for archaeologists interested in understanding when and why prehistoric peoples adopt new ideas and technologies. Researchers have shown that the strength of weak ties may be context-dependent. Generally, weak ties serve as “bridges” between social groups (Figure 18.3). However, sometimes the strength of the bridge is influenced by the characteristics of the bridging individual. Consider a scenario where the bridging individual can be either a trusted expert or a novice. Does the transfer of knowledge occur more quickly and easily if the bridging individual is an expert? (See Mills, Clark, and Peeples 2016 for an archaeological application of SNA addressing this question.) The synergistic social influence effect of network topology, network position, and actor characteristics is testable using ABM-SNA.

Roux et al. (2018:1037) conducted an ethnographic field study of Indian potters in order to test the assumption “that the earlier adopters ought to be among the greatest experts in the community.” Early adopters in this case study are individual potters who act as network bridges for the flow of new ceramic techniques. The researchers developed a skill index for the potters in their study and tracked the timing of when each potter adopted a new technology—the kiln. The results demonstrated that the most expert potters were also the earliest adopters of kiln technology. Thus, the strength of social influence and the spread of adoption are dependent upon the characteristics of individuals in a network, in this case, pottery production expertise and upon the position of individuals as bridge nodes.

Advancing Archaeological Research

ABM-SNA has the power to transform the way we study the past. Archaeologists have proposed that the particular networked patterns of social exchange of past peoples are responsible for aspects of the formation of the archaeological record, and that this record can be used to infer the social interactions responsible for its creation (Preucel and Meskell 2008:6, 14). ABM-SNA moves beyond static, network pattern-analysis and inference by providing a computational laboratory for the hypothesis testing of social relationship formation processes. ABM-SNA allows us to simulate processes like social influence, social contagion, and the maintenance of social stability dynamically and longitudinally at multiple scales. Archaeologists model networks derived from these historically contingent processes using ABM-SNA to assess what role these processes might have had in the formation of the archaeological record. ABM-SNA transforms the way we come to know things.
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CHAPTER 19

Random Graph Models

Viviana Amati

 Introduction

Random graph models are a class of probabilistic models for analyzing network data and particularly network structure. They are standard tools in the field of network science, a point exemplified by the large number of applications in the social sciences, economics, biology, and physics.

Random graph models are commonly applied to test hypotheses concerning the characteristics of an observed network and the (social) processes that might have generated it. They are also used to generate networks according to specific mechanisms of tie formation and investigate how different mechanisms might affect network structure.

Recently, random graph models have begun to be used to analyze archaeological data, but further investigation is required. This chapter critically assesses the state of the art and discusses the potential of these models in several archaeological contexts. I argue that random graph models may enhance the analysis of archaeological networks by complementing the standard descriptive analysis often performed in archaeological network studies. It is quite common that archaeologists draw conclusions about the structures of ancient networks based on a visual inspection of the network inferred from the archaeological record. Applying random graph models allows to test those statements and to corroborate the conclusions of such studies. I also argue that these models challenge archaeologists in numerous ways, particularly regarding how to think about past interactions.

Random Graph Models

Random graph models are models for network structure, i.e. models in which the dependent variable is an observed network and explanatory variables are the network itself and properties of nodes and pairs of nodes, later referred to as nodal and dyadic covariates. Here, we provide a brief overview of random graphs, referring interested readers to Newman’s (2003) general literature survey and the references therein for details.

Hereafter, we denote by N = {n1, n2, …, nn} and [image: image] the sets of nodes and edges, respectively. The cardinality of these sets is represented by | N | = n and | E | = m. We denote by A the adjacency matrix of the network, with element Aij taking value 1 if there is an edge between nodes i and j, and 0 otherwise. The symbol [image: image] indicates the set of all possible networks that can be defined over the set N. We will also denote by v and w the nodal and dyadic covariates.

Like any statistical model, random graph models are probability distributions indexed by a parameter θ representing some properties of interest of the network. We denote the probability distribution defining a random graph model by P (A = a; θ). The richness of the random graph model class derives largely from how we choose to specify this probability distribution.

Random graph models trace back to the pioneering works of Solomonoff and Rapoport (1951) and Rapoport (1957). They were given their name in the seminal works of Erdős and Rényi (1959) and Gilbert (1959), who proposed the simplest random graph model, a uniform distribution placing equal probability to all the graphs having a fixed number of nodes and edges. These models turned out to be too simplistic to represent the structural properties of empirical networks, giving rise to new variations and extensions over the past seventy years.

Different disciplines have contributed to the development of random graph models based on the questions in which researchers within those disciplines were interested. Focused on analyzing the macro-properties of observed networks, mathematicians and physicists have formulated a series of models to explain how the degree distribution, clustering, and connectivity of an observed graph emerged. Conversely, statisticians and social scientists, who have focused on the micro-mechanisms that generated an observed network and testing hypotheses concerning the local structure of that network, have produced models for micro-level properties of networks and analyzing how local patterns of ties gave rise to the structure of an observed network.

In the following, we focus on two classes of models: classical random graph models and the family of exponential random graph models that extend from them.

Classical Random Graph Model

The simplest random graph model is the Erdős–Rényi–Gilbert model (Erdős and Rényi 1959; Gilbert 1959), also known as the Bernoulli random graph model (Frank and Nowicki 1993). This model assumes that the generative process of an observed network is completely random assigning an edge to each pair of nodes independently with constant probability p. Therefore, the model assigns equal probability to all networks having the same size n and number of edges m and has the form



[image: image](1)

The Erdős–Rényi–Gilbert model, however, is too simplistic and unable to represent properties of empirical networks such as particular degree distributions and levels of clustering and connectivity (Newman 2003). The main issue lies in the assumption of tie independence. This assumption limits the range of networks that might be generated and is untenable in many empirical networks (e.g. friendship, collaboration, and trade networks) whereby ties come into existence in reaction to the presence of other ties.

Despite its inadequacy, the Erdős–Rényi–Gilbert model is used as a reference (or null) model to test whether specific network characteristics (e.g. the clustering coefficient or the number of reciprocal dyads) are more or less likely to occur than expected by chance. Similar to bootstrapping methods, simulations from (1) are used to generate the null distribution against which the significance of a network feature is tested. The same procedure can be used to test simple hypotheses on network characteristics by controlling for properties of the network that go beyond the number of edges. In this case, the reference distribution is provided by conditional uniform random graph models (Wasserman and Faust 1994), uniform probability distributions assigning non-null probability to networks having the same feature (e.g. degree distribution and dyad census).

Tests based on conditional uniform random graph models have limitations. Among them, their results cannot be generalized to the analyzed phenomenon because interpretations of the test depend on the reference model.

Markov Random Graph and Exponential Random Graph Models

The assumption of tie independence that has characterized classical random graph models overlooks complex processes of network formation according to which networks are the outcome of interdependent interactions among the nodes embedded in a relational environment. A classic example of these processes, transitivity describes the dependence of a tie between nodes i and j on the existence of the ties that i and j have with a third node h. Transitivity is usually a mechanism that gives rise to the presence of clusters in a network. The classical random graph models neither account for, nor explicitly model, tie dependence. Therefore, they are not suitable to describe the structure of real networks. Markov and exponential random graph models have been developed in reaction to this lack.

The seminal work of Frank and Strauss (1986) introduced the concept of Markov dependence, according to which ties are dependent if they share (at least) one node. Wasserman and Pattison (1996) extended this concept by developing a family of exponential random graph models (ERGMs). This class (Lusher et al. 2012; Robins et al. 2007) includes the Erdős–Rényi–Gilbert model and the Markov random graph models as special cases, and represents the most popular and advanced network model to analyze cross-sectional network data (i.e. single observation of the network).

ERGMs assume that an observed network is the outcome of one or more micro-mechanisms acting simultaneously and representing processes of tie formation and dissolution. These mechanisms explain how the occurrence of a tie depends on the presence of other ties. Figure 19.1 illustrates this idea. We can think of the structure of an empirical network (left-hand side) as the result of the combination of local patterns of ties (right-hand side), hereafter referred to as local configurations. The local configurations represent the mechanisms that might have generated the observed network. These configurations may be either endogenous (ties depend on other ties) or exogenous (ties depend on nodal and dyadic attributes). Examples of the former include reciprocity (the tendency of ties to be created in reaction to the existence of ties in the opposite direction) and transitivity. An example of the latter is homophily (the occurrence of ties between nodes having similar characteristics).



[image: image]

Figure 19.1. An observed network (left-hand side) is the result of a combination of patterns of ties (right-hand side) representing the micro-mechanisms that might have generated the observed network. The color of the nodes represents the nodal covariate.



The idea that an observed network is the result of a combination of local patterns of ties is mathematically expressed by the ERGM formula:



[image: image](2)

The statistic sk(a,v,w) counts the number of local configurations of type k. Their choice is theory-driven, i.e. guided by substantive theories and hypotheses concerning the micro-mechanisms that led to the observed network a. The parameters θk measure the relative importance of each local configuration in determining the structure of the observed network. A positive (negative) value of θk implies that a larger (smaller) number of configurations of type k is observed in a than expected by chance, thereby providing evidence for (against) the corresponding micro-mechanism. For instance, a significant and positive parameter related to the reciprocity statistic indicates evidence of reciprocity. The sum [image: image] expresses in mathematical terms the idea that a network is the result of micro-mechanisms acting simultaneously. The denominator [image: image] is a normalizing constant.

In a loose sense, ERGMs can be regarded as logistic regression models for predicting the presence and absence of ties based on the local pattern of ties in which they are embedded and nodal and dyadic covariates. However, because ERGMs explicitly account for tie dependencies, the probability that is modeled is that of a tie conditional upon the rest of the network. Similarly, interpreting the ERGM parameters as log-odds has only a heuristic interpretation, since the presence of a tie might determine changes in multiple statistics at the same time. For instance, given the existence of ties from j to i, the formation of a tie from i to j leads to an increase in both the number of edges and the reciprocal dyads.

ERGMs have been applied in many different disciplines to test hypotheses concerning the micro-mechanisms that might have generated a network (see, e.g. the applications in Lusher et al. 2012). Compared to classical random graph models, ERGMs enable joint modeling of various mechanisms, meaning several mechanisms can be tested simultaneously and controlled for other competing mechanisms like in standard regression models.

Software for estimating ERGMs is freely available. PNet written in Java (Wang et al. 2009) and the library statnet of the R software (Hunter et al. 2008) are the best known.

Generative Models

Generative models have been derived from the approach of statistical mechanics, which aims to specify how the macroscopic properties of a system relate to the behavior of its constituent particles, rather than focusing on microscopic details. Consequently, the statistical mechanics approach to networks aims at describing and understanding the macro-properties of a network such as the degree distribution, clustering, and connectivity. The corresponding random graph models are “generative” in the sense that they describe how a network with certain macro-properties may have come about. In the following, we consider the simplest and best-known models.

Small-world models have been developed to describe the structure of networks that display a high level of clustering but small distances between nodes (i.e. short path length). The name of the models comes from the work of Milgram (1967) who, in his famous experiment involving letters to acquaintances, found out that individuals can reach each other on average through six intermediaries.

Used to describe flows through networks, small-world models have been applied to the spread of news, information, and diseases among groups of nodes. The most famous small-world model is that proposed by Watts and Strogatz (1998), who showed that it is enough to rewire a small number of edges to generate networks with a high level of clustering and short path lengths.

A characteristic observed in many empirical networks is a highly skewed degree distribution that follows a power law. Because this feature exists regardless of network size, the resulting networks are labeled as “scale-free”.

Several models have been proposed to explain the power law distribution’s emergence starting from the mid-1950s. Most of these models assume that scale-free networks are generated by the preferential attachment mechanism which embodies the principle that “the rich get richer” also known as the “Matthew effect”. The idea is that new nodes in a network tend to connect to nodes that are connected to many other nodes. The formulation of the preferential attachment model is attributed to the work of Barabási and Albert (1999), who studied the World Wide Web and noticed that new web pages tend to point to web pages that are already pointed to by many other webpages. They explained the emergence of the scale-free network using a dynamic process. At each step, a new node is added to the network and connected to nodes with probability proportional to the degree of the receiver nodes.

Random Graph Models in Archaeology

Several archaeological case studies have suggested that random graph models can complement the results from basic network descriptive indices to foster better understanding of past interactions and explain phenomena as diverse as exchange, migration, and diffusion of innovations (e.g. Amati et al. 2018; Brughmans et al. 2014; Buchanan et al. 2019). Specifically, applying random graph models can enhance archaeological knowledge of the structure of past networks. They do so by allowing archaeologists to test hypotheses concerning the macroscopic properties or generative mechanisms of a network derived from the archaeological record, hereafter referred to as “observed network,” and providing information on how a past network would have looked if certain mechanisms had shaped interactions between the nodes.

Testing Hypotheses on the Network Structure

The archaeological network literature is replete with studies describing the structure of observed networks (e.g. Coward 2010; Sindbæk 2013). These studies, albeit valid at the descriptive level, contain a serious limitation. Their conclusions are based on descriptive analyses and visual inspection of the network, but are not corroborated by formal statistical tests. The application of random graph models to observed archaeological networks offers archaeologists a formal method of providing evidence for their statements.

Analyzing the Macroscopic Properties of an Observed Network

Many archaeological network studies draw on statistical mechanics and complex network theories. Thus they focus on the small number of measurable macro-properties that are extremely common in the analysis of empirical networks. Particularly interesting network features include degree sequences, clustering, connectivity, and cohesiveness. These properties are used, for instance, to determine whether observed archaeological networks have the characteristics of small-world or scale-free networks.

For example, Sindbæk (2013) analyzed the exchange network of sites in South Scandinavia that date to the Early Viking Age. The researcher derived ties between settlements from the co-presence of artifacts, and the global structure of the resulting networks was defined as a small world, whereby a few long-distance ties connect regional clusters of settlements. Other studies in line with this example include that of Coward (2010), who discussed the emergence of a small-world structure in the Near East during the Epipaleololithic and early Neolithic periods, and that of Malkin (2011), who argued that long-distance ties played an important role in the rise of Greek civilization. Similarly, numerous studies have suggested that dynamics of past networks were driven by preferential attachment mechanisms that led to scale-free networks (Haas et al. 2015).

Archaeological studies invoking the concepts of small-world and preferential attachment do not use formal statistical tests to provide evidence for the derived statements and interpretations of the network structure. One exception is the work of Buchanan et al. (2019), who analyzed the lithic network of the Clovis groups during the final period of the Pleistocene.

Starting with a visual inspection, they noticed that the western Clovis lithic network might have presented the structure of a small-world network. To validate the small-world assumption, Buchanan et al. (2019) performed a conditional uniform random graph test assessing whether the values of the average path length and clustering coefficient were significantly different from that they would have obtained under the assumption of randomly generated graphs. Generating 100 networks from an Erdős–Rényi–Gilbert model with the same number of nodes and edges as the Clovis lithic network, they computed the clustering coefficient and the average path length for each simulated graph and compared the observed values of the two indices with the reference distribution. The authors concluded that the observed values of the indices are very unlikely to be under the assumption of random networks and therefore there is evidence that the Clovis lithic network has a small-world structure.

Testing Hypotheses on the Generative Mechanisms of an Observed Network

Archaeologists often tend to formulate propositions concerning the processes that might have led to the emergence of an observed network based on the recurrence of particular patterns of ties. For instance, the prevalence of ties between nearby sites in an observed network is often interpreted as evidence of an association between distance and the presence of ties, hinting at the statement “sites close to each other were more likely to be connected.” Similarly, the presence of sites that link other sites that are not directly connected suggests propositions concerning the emergence and presence of intermediate sites.

Given that conflicting assumptions are often formulated, it is important to be able to test them in ways that complement the information derived from descriptive network statistics and visual inspection. While conditional random graph tests can, in principle, be applied to those propositions one at a time, ERGMs offer a method of testing them simultaneously while controlling for the others.

The application of ERGMs challenges archaeologists in various ways. We illustrate these challenges by considering the required steps for applying ERGMs to archaeological networks (Figure 19.2).

The first step consists of specifying the model, i.e. defining the statistics sk(a,v,w). Following the traditional theory-driven approach that is used to specify ERGMs, the first challenge for archaeologists is defining which mechanisms could have been responsible for the formation of ties. These mechanisms might depend on node attributes as well as on the network itself.

In most archaeological studies, propositions on tie formation are formulated on a dyadic level according to some tacit criterion that suggests that the simplest explanation should always be preferred. From a network perspective, neglecting tie dependence and explaining the presence of ties based only on nodal and dyadic covariates seems limiting and raises the question of why mechanisms, such as transitivity, operating in many contemporary empirical networks, are not believed to have operated in the past. From a statistical perspective, ruling out competitive explanations a priori based on tie dependence may lead to misspecified models and incorrect inference. For instance, archaeologists tend to explain clustering as the result of an exogenous mechanism whereby ties tend to form between nodes that are close to each other. However, clustering can also be explained by triadic closure, as described by Coleman’s closure theory (Coleman 1988, 1994). According to this theory, strong connections facilitate trust and the sharing of knowledge which, in turn, may compel sites to create ties closing triads. Testing one of the two mechanisms without including the other in the model might lead to incorrect conclusions.
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Figure 19.2. Representation of the process for testing hypotheses on the mechanisms that might have generated an observed archaeological network.



With this point in mind, one challenge for archaeologists is to begin thinking of networks as a complex system in which the existence of a tie might depend on other ties as well as node attributes. Studies in this direction include those by Blake (2014), who investigated the role of two-paths and triads in detecting communities in Italy during the final Bronze Age (1200–950 bce), and Peeples and Haas (2013), who analyzed brokerage in the pre-Hispanic Southwest between 1200 and 1400 ce, albeit without any formal test.

A second challenge is to formulate propositions concerning tie formation mechanisms in an explicit and precise way so that they translate into the more rigorous mathematical formulations of ERGMs. Figure 19.3 shows the correspondence between some of the propositions and local configurations whose counts define the statistics for directed ties. Similar hypotheses and configurations are derived for undirected relations. In addition to the aforementioned reciprocity and transitivity, mechanisms include indirect reciprocity and node popularity and activity. In some cases, the formulation and operationalization of the statistics go beyond counting local configurations. For instance, the functional form describing how the probability of a tie decreases with distance (e.g. a linear or an exponential decay) have to be defined to model the tendency of sites to tie to nearby sites.

Given the specification of the model, the next steps of the procedure follow the application of standard regression models. They consist of estimating the parameters, assessing the model fit and interpreting the results. Tests on the parameters are performed similarly to standard regression models. Therefore, applying ERGMs requires that archaeologists are familiar with hypothesis testing in traditional statistical models. Goodness-of-fit tests are based on the idea that a good model should be able to reproduce structural characteristics that are not explicitly modeled. These tests might be useful for choosing between different model specifications or improving the model specification by including statistics whose mechanisms were not initially deemed important in explaining the observed network. Parameter interpretation requires returning to the original network and the link between the assumptions and the local configurations to conclude whether a mechanism played a role in the network formation, controlling for alternative mechanisms.

Brughmans et al. (2014) provided an introduction to ERGMs and an example of how to apply these models to an analysis of intervisibility networks dating to the later Iron Age in southern Spain. In this seminal work, viewshed experiments were used to retrieve visibility ties indicating that a site is visible from another site. The premise of the study is that settlements intentionally created patterns of lines of sight to foster visual control and communication between settlements. In network terminology, the assumption is that lines of sight depend on each other because they were created in reaction to the existence of other lines of sight. Brughmans et al. (2014) illustrated how hypotheses concerning patterns of visibility ties can be translated into network configurations and can be tested simultaneously by including the corresponding statistics into an ERGM.



[image: image]

Figure 19.3. Network property, local configurations, interpretation, and references to corresponding archaeological theories for directed relations. The color of the nodes and dotted lines represent nodal and dyadic covariates, respectively.



In a more recent paper, Brughmans and Brandes (2017) described a set of network methods that can be used to analyze visibility networks in archaeology. Using a case study of visibility networks between Neolithic long barrows in Cranborne Chase (UK), the authors illustrated how the information derived from a descriptive analysis of the network and the inference provided by ERGMs can be integrated to foster a full understanding of the structure of intervisibility networks and the related formation mechanisms.

Reconstruct Archaeological Networks

Partial and fragmentary archaeological records do not always allow even a near complete picture of past networks. Consequently, model-based procedures have been developed to reconstruct archaeological networks, i.e. to infer links and generate plausible networks based on the tie formation mechanisms expected to have taken place in the past. These procedures aim to determine what shape a network would have if the assumptions that archaeologists formulate about the processes of network formation had been operating in the past. Understanding the structure of past networks and its variation according to the mechanisms of network formation at work might explain what a network looked like and the potential consequences of the network structure on network outcomes. The model-based procedure illustrated in Figure 19.4 consists of formulating propositions that describe the mechanisms of network formation and specifying the model represented by the general formula Y = f(x). The same points of caution laid out in the previous paragraphs need to be adopted here.

The second step is technical and relates to the generation of plausible networks from the probability distribution implied by the model. Comparing the structure of generated networks with archaeological information that is not directly accounted for by the model specification allows researchers to assess whether the reconstructed networks are consistent with archaeological knowledge, thereby providing evidence for or against the formulated assumptions. Commonly, this information includes properties of the nodes in the network, such as the role they played as hubs or intermediaries. It must be noted, however, that the assessment of the simulated networks as well as the choice of model are still open issues that require further examination.



[image: image]

Figure 19.4. Representation of the process for inferring plausible archaeological networks based on the propositions concerning the mechanisms that might have generated past networks.





The simplest models applied to the reconstruction of archaeological networks are deterministic and based on the ideas that geographical location and node size (measured, e.g, as the extension area) play an important role in facilitating contacts and network formation (for more, see Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11; Rivers et al., “Gravity and Maximum Entropy Models,” this volume Chapter 12). Such models have several limitations. First, their mathematical formulation is context-specific in the sense that it hinges upon tie formation assumptions. Second, the assumptions of those models account only for the dependence of ties on nodal (e.g. size) and dyadic (e.g. distance) covariates.

To cope with these limitations, an ERGM framework for model reconstruction has recently been proposed. Amati et al. (2018) illustrated how ERGMs can be used to investigate the structure of past networks characterized by the presence of broker sites that regulate contacts among other sites. In a subsequent paper, Amati et al. (2019) proposed a framework in which correspondence between the most common archaeological assumptions and network configurations is made explicit and serves as a guideline for modeling specification in more general archaeological contexts. The framework was illustrated using 15 sites located in the Caribbean during the period ad 100–400 connected by inferred edges. Following previous studies on network reconstruction (e.g. Knappett et al. 2008), they assessed the simulated network by evaluating whether the model specifications explain the presence of sites known to have functioned as hubs. They also showed that mechanisms based on geographical distance and nodal covariates could not explain the emergence of hubs without accounting for more complex network mechanisms.

Discussion and Future Directions

Random graph models are models for studying network structure. Contrary to other network tools, whose value and contribution in archaeology are well established, the application of random graph models is still in its infancy and deserves further investigation. Recent applications have suggested that random graph models allow exploring the micro-mechanisms of archaeological network formation. Thus, they can contribute to narrowing down the inherent problem of equifinality (the idea that many different processes could have generated one single network in the past) in archaeological studies in at least two ways.

First, random graph models complement information derived from descriptive network statistics with inferences derived from modeling, like in standard statistical analysis. In particular, they contribute to answering which macro-properties characterized an observed network and which mechanisms might have generated it. Hypothesis testing allows ruling out mechanisms for which archaeological data does not provide evidence, thereby reducing the set of plausible mechanisms and avoiding that the simpler explanations are preferred when multiple explanations co-exist.

Second, simulations from random graph models might be used to investigate what a network would have looked like if certain tie formation mechanisms had operated in the past. The comparison between the generated networks and archaeological records can be used to address the issue of equifinality in a similar vein agent-based models do (see Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18; Graham and Weingart 2015).

The application of random graph models requires that archaeologists broaden their thinking around the network structure and mechanisms that might have generated an observed network. Usually, the considered mechanisms overlook tie dependence. One of the challenges is understanding whether tie dependence is an unnecessary complication when simpler explanations based on nodal and dyadic attributes are available. This challenge can be addressed by testing hypotheses on micro-mechanisms describing tie dependence, simultaneously. The second challenge is translating the hypotheses into a mathematical formula that demands a rigorous formulation of the assumptions.

Another challenge concerns the availability and quality of archaeological data. Like other network tools, the application of random graph models might be limited due to the nature of the archaeological data. For example, observed archaeological networks are often small and incomplete. When networks are too small, (complex) random graph models cannot be estimated. Similarly, missing data might bias the results and lead to incorrect conclusions. If the size is not, in principle, a problem for network reconstruction, missing data might seriously affect the results. Indeed, the structure of a reconstructed network might change when new nodes are considered. To cope with high levels of uncertainty and incomplete archaeological data, ERGM extensions and Bayesian procedures used to model partially observed networks need to be further developed and investigated (Handcock and Gile 2010; Koskinen and Edling 2012; Newman 2018a, 2018b; Wang et al. 2016).

Other challenges are more applied in nature. Random graph models have been applied to networks where the nodes are settlements or sites and relations represent exchange, contacts, intervisibility, or interactions. However, their applications can be extended to test hypotheses or reconstruct networks on a smaller (e.g. households) or larger scale (i.e. cities, regions) because the scale of the network enters the model through the scale at which tie formation propositions are formulated. However, the application is still limited to binary and cross-sectional networks. The uses of ERGM extensions for valued (Krivitsky 2012), multiple (Pattison and Wasserman 1999), and temporal (Hanneke et al. 2010) networks have not yet been applied in archaeology, but might contribute to a deeper understanding of different relations and how past societies functioned and evolved over time.
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Part V

Biological Networks

 

CHAPTER 20

Biodistance Networks

Kent M. Johnson

Network science has emerged as a powerful approach to investigating social interactions in the biological and social sciences (e.g. Borgatti et al. 2009; Krause et al. 2009; Newman et al. 2006; Scott 2017; Whitehead 2008). Network science approaches have proliferated in archaeology over the past decade, as archaeologists have embraced network analysis as a flexible set of analytical techniques for exploring and modeling exchange and interaction in past societies (Brughmans and Peeples 2017; Knappett 2013; Mills 2017; Peeples 2019). To date, efforts to apply network analysis to human skeletal remains from archaeological contexts have been extremely limited.

In this chapter, I explore the use of network analytical techniques to investigate patterns of phenotypic variation in human skeletal samples. I begin with a brief overview of biological distance (biodistance) research, before considering the suitability of phenotypic data for network analysis. I review the limited applications of network analysis within biodistance research, specifically social network analysis within bioarchaeological biodistance research. Finally, I highlight key considerations critical to the development of biodistance network research.

Biological Distance Research and Network Analysis

Biological Distance

Biodistance analysis uses phenotypic traits to explore patterns of biological variation and reconstruct evolutionary processes in past human populations (Buikstra et al. 1990). Typically, skeletal and dental metric and morphological traits are analyzed as proxies for genetic variation to investigate population structure and population history. It is assumed that samples similar to one another in frequencies of morphological traits and/or size and shape of teeth and skeletal elements are similar due to shared ancestry (i.e. identical by descent) rather than chance or other, non-genetic factors (i.e. identical by state) (Thompson 1986). In reality, phenotypic traits are influenced by developmental, behavioral, and environmental variation (e.g. Harvati and Weaver 2006; Hubbe et al. 2009; von Cramon-Taubadel 2011b), but numerous studies affirm their use as proxies for estimating genetic relatedness among human skeletal samples (e.g. Carson 2006; Cheverud 1988; Rathmann et al. 2017; Relethford 2007; Roseman 2004; Smith 2009; von Cramon-Taubadel and Weaver 2009).

Biological distance refers to the estimation of genetic distances among samples, but biodistance research involves more than calculating similarity and distance measures. A wide array of descriptive, inferential, and exploratory statistical analyses are used to reconstruct major intercontinental migration events (e.g. Relethford 2004; Scott and Turner 1997), investigate regional population histories (e.g. Ortman 2012), and identify biological relatives within archaeological cemeteries (e.g. Alt and Vach 1998; Stojanowski and Schillaci 2006). Increasingly, biodistance analysis is used within a social identity framework to investigate social organization and explore topics including kinship, ethnicity, and ethnogenesis (e.g. Johnson 2020; Paul et al. 2013; Stojanowski 2010, 2013). An in-depth treatment of biodistance analysis is beyond the scope of this chapter, and comprehensive reviews are provided by Nikita (2017), Pietrusewsky (2019), Relethford (2016), and Stojanowski and Schillaci (2006).

The Suitability of Phenotypic Data for Network Analysis

Network analysis uses graph-theoretical tools to visualize and formally analyze configurations of real and potential interactions and relationships. Any data that can be presented as an adjacency matrix is suitable for network analysis. An adjacency matrix consists of rows and columns defining specific actors (e.g. individuals, organizations, communities, or species), and the cells of the matrix contain data that describe the relationship(s) or attribute(s) shared by actors. Such data can be formally represented as network graphs. A graph is a mathematical object that consists of a set of nodes, discrete entities within a network, also referred to as vertices or actors, and edges, the links or ties that connect pairs of nodes (see Filet and Rossi, “Network Methods and Properties,” this volume Chapter 2). Nodes can be directly connected (i.e. share an edge) or indirectly connected through other nodes along a path. A path is a sequence of nodes connected through edges, in which nodes and edges are not repeated. As a representation of a social network, the nodes in the graph represent actors, and the edges that connect them represent their relationship based on interaction(s) or shared attribute(s) (Wasserman and Faust 1994).

One of the critical challenges of applying network analysis to archaeological data is that archaeologists are unable to observe directly the network of interest (Sindbæk 2013). Archaeologists reconstruct networks via a process of abstraction using a reasonable and measurable proxy for interaction before data is formally represented and analyzed as a network (Brandes et al. 2013; Collar et al. 2015). To reconstruct and analyze social networks, analysts need well-defined sets of actors and relational data regarding a specific relationship between every pair of actors (Peeples 2019).

Phenotypic data satisfies these criteria and is suitable for network analysis. First, if analyses are individual level rather than sample or population based, then nodes clearly represent well-defined social actors. As phenotypic data is collected directly from human skeletal remains, its use circumvents one of the leading critiques of archaeological network research: ascribing sociality to objects (Crabtree and Borck 2019). Second, as proxies for genetic relatedness, phenotypic traits are, by definition, relational data. The use of network analysis to explore patterns of phenotypic variation is based on the same foundational assumption that underlies the majority of biodistance research: populations who share recent common ancestry and/or exchange genes are more likely to be identical by descent than populations that do not share recent common ancestry or exchange genes (Thompson 1986).

How Network Analysis Can Contribute to Biodistance Research

Biodistance research relies heavily on exploratory analysis of phenotypic data to make inferences about microevolutionary processes and social interaction. Archaeological applications of network approaches largely use network tools and techniques for exploratory data analysis, although applications that address specific network models using archaeological data are increasing (Brughmans and Peeples 2018; Peeples 2019). If nothing else, network approaches offer alternative exploratory techniques to those more commonly used in biodistance research such as principal components analysis, canonical variates analysis, cluster analysis, and multidimensional scaling.

Beyond their potential for exploratory data applications, network approaches offer several advantages compared to analytical methods frequently used in biodistance studies. First, network approaches provide flexibility in terms of analytical and inferential scale. They can be applied to different scales of biodistance analysis (e.g. intracemetery, regional, and interregional) simultaneously (Buikstra et al. 1990), facilitating investigations that assess relationships at multiple scales of social identification and affiliation (Crabtree and Borck 2019). Second, network analytical techniques can be performed without a priori information regarding individual social, material, and spatial classifications. Thus, they can be used to evaluate connections between relational positions among individuals in biodistance networks independent of such categorical designations. Third, network techniques present opportunities to incorporate social and network theory in biodistance research, a field of study that has often been undertheorized (Armelagos and Van Gerven 2003).

Network Approaches to Kinship and Biodistance Research

Network approaches are used to investigate diverse archaeological topics (see Brughmans and Peeples 2017; Peeples 2019), but applications of network techniques to study kinship in archaeological contexts remain limited (cf. Hage and Harary 1996). This is surprising, given the early development of network approaches by British social anthropologists to study topics including kinship (e.g. Bott 1957; see also Mitchell 1974). After falling out of favor for several decades, network approaches to kinship have reemerged in cultural anthropology as a specialized offshoot of social network analysis (Hamberger et al. 2014; see also Harary and White 2001; White and Jorion 1992). Network approaches to kinship are common in many scholarly fields including economics, health and medicine, history, psychology, and sociology (e.g. Bras and van Tilburg 2007; Goldman 2016), but not archaeology. Perhaps this reflects the limited interest in investigating kinship using archaeological data since the 1970s (Ensor 2011; cf. Ensor 2013; McAnany 2013). However, the investigation of kinship in archaeological contexts using skeletal and genetic data continues to be a vibrant area of biodistance research (Johnson and Paul 2016).

Social networks often are implicated in biodistance studies, especially as marriage and kinship networks (e.g. Konigsberg 1988). However, the use of formal social network analysis of phenotypic data from human skeletal remains is almost non-existent (Peeples 2019). To date, Johnson’s (2016, 2020) application of social network techniques to phenotypic data collected from Andean archaeological skeletal samples is the most visible example. Johnson used social network visualization and analytical techniques as part of a broader biodistance analysis to evaluate an archaeological model of Tiwanaku colonial organization and explore kinship and ethnic interaction.

Developments in related fields involve the application of network techniques to human genetic and skeletal data, but these are tangential to biodistance network research. Genetic data is often visualized as networks to evaluate models of phylogenetic relationships among individuals and populations (e.g. Jinam et al. 2012; Kaestle and Horsburgh 2002; Terrell 2010). Median-joining networks (MJNs) (Bandelt et al. 1999) is a widely used network approach for reconstructing migration events and exploring evolutionary relationships using both modern (e.g. Benn Torres et al. 2015; Dulik et al. 2011) and ancient human DNA (e.g. Gonder et al. 2007). However, a recent study by Kong and colleagues (2016) criticizes the use of MJNs in phylogenetic studies because MJNs do not depict evolutionary relationships as they are unrooted (i.e. ahistorical or non-directional) and based on overall similarity (i.e. phenetics) rather than specific character transformations (i.e. phylogenetics). Although genetic data is visualized using network techniques to explore questions of archaeological interest, it is rarely analyzed as networks.

In forensic anthropology, artificial neural networks are used to estimate the ancestry of unidentified individuals by classifying them to known reference skeletal samples using phenotypic traits (Hefner and Ousley 2014; Ousley 2016). As forensic applications of neural network analysis are limited to contemporary contexts and do not address archaeological questions, I do not discuss them in detail here.

A Network Approach to Biodistance Analysis: A Bioarchaeological Case Study

Johnson (2016, 2020) investigated archaeological models of Tiwanaku colonial organization using biodistance analysis. During the Middle Horizon period (ca. 500–1100 ce), the prehispanic Tiwanaku state influenced a large area of the south central Andes. Between approximately 600 and 1100 ce, two Tiwanaku-affiliated populations settled in the Moquegua Valley of southern Peru (Blom et al. 1998; Goldstein 2005; Owen 2005). Archaeological evidence from the Moquegua Valley indicates that members of Tiwanaku-affiliated colonial communities, identified by archaeologists as Chen Chen-style and Omo-style communities based on differences in their ceramic assemblages (Goldstein 1985), maintained distinct ethnic identities for several hundred years despite living in close proximity. Archaeologist Paul Goldstein (2005, 2015) argues that Omo- and Chen Chen-style populations represent separate Tiwanaku ethnic communities who reinforced ethnic boundaries through endogamous marriage practices.

Johnson used biodistance and exploratory data analyses to evaluate Goldstein’s ethnic endogamy hypothesis (see Johnson 2016, 2020 for detailed discussion of biodistance methods and results). Specifically, Johnson examined whether Chen Chen- and Omo-style samples represent distinct biological populations. Johnson was able to differentiate Chen Chen- and Omo-style samples using biodistance analysis, but multiple individuals buried in Chen Chen-style contexts exhibit greater biological affinity with individuals from Omo-style contexts than with individuals interred in Chen Chen-style cemeteries. The same is true of several individuals from Omo-style contexts. Thus, while there are detectable biological differences between Omo- and Chen Chen-style samples, they were not separate biological populations. Johnson (2016) interpreted this pattern as limited evidence of interethnic marriage and concluded that the biodistance results provide mixed support for Goldstein’s ethnic endogamy hypothesis. Individuals within the Moquegua Tiwanaku colonies tended to marry within their own ethnic community, but Chen Chen- and Omo-style communities were not entirely endogamous.

Dissatisfied with these equivocal results, Johnson (2016) turned to social network analysis as a way to corroborate the biodistance results and to investigate potential multiethnic kin networks. Bioarchaeological kinship research tends to focus on the identification of biological kin within cemeteries or sites, with limited consideration given to detection of regional kin networks. Johnson viewed social network techniques as a way to scale up kinship studies to identify potential kin networks that crossed site and ethnic boundaries. This approach has a similar objective to unstructured spatial kinship analysis (Alt and Vach 1998), as it attempts to identify members of kin groups without a priori reference to spatial structure or cultural attributes.

Preparing Phenotypic Data for Network Analysis

Johnson (2016) generated an interindividual Mahalanobis (D2) dissimilarity matrix using Procrustes coordinates of 14 basicranial and temporal bone landmarks (Table 20.1) to serve as the adjacency matrix for network analysis. Johnson calculated Mahalanobis distances among 102 adult individuals from five Tiwanaku-affiliated sites in the Moquegua Valley (Table 20.2). Previous biodistance studies have shown these standardized, three-dimensional cranial landmarks to be effective measures of biological relatedness (e.g. Harvati and Weaver 2006; Smith 2009; von Cramon-Taubadel 2011a).

Prior to network analysis, Johnson (2016) dichotomized the dissimilarity matrix. This was critical for two reasons. First, visual representations of valued matrices of interindividual Mahalanobis distances from large samples are unintelligible, as every node shares an edge with every other node (Johnson 2017a). Dichotomizing the matrix reduces the number of edges, which simplifies the graph and aids interpretation of results. Second, certain network analytical techniques, including clique analysis and n-clique analysis, require dichotomized data.

Initially, Johnson (2016) applied an arbitrary dichotomization breakpoint (the 5th percentile of interindividual Mahalanobis distances) to the adjacency matrix. This proved to be a suboptimal approach, as network structure and characteristics are sensitive to the breakpoints used to dichotomize adjacency matrices (Peeples and Roberts 2013). Johnson (2016) found that dichotomization breakpoint selection has far-reaching consequences for biological kin networks, affecting the number, size, and composition of kin networks.



Table 20.1. Basicranial and temporal bone landmarks used for biodistance and social network analysis.




	Landmark
	Description





	Anterior articular
	Most anterior point on the articular surface of the articular eminence



	Auriculare
	Point of deepest incurvature on the lateral aspect of the root of the zygomatic process



	Basion
	Midline point on the anterior margin of the foramen magnum



	Condyle anterior
	The most anterior point on the occipital condyle



	Entoglenoid
	Most inferior point on the entoglenoid process



	Jugular
	Most lateral point of the jugular fossa



	Lateral eminence
	Point on the center of the lateral margin of the articular surface of the articular eminence



	Lateral ovale
	Most lateral point on the margin of the foramen ovale



	Mastoidale
	The most inferior point on the mastoid process



	Opisthion
	Midline point at the posterior margin of the foramen magnum



	Petrous apex
	Apex of petrous part of the temporal bone



	Porion
	Most superior point of the external auditory meatus



	Postglenoid
	Most inferior point on the postglenoid process



	Tympanic
	Most inferolateral point on the tympanic element of the temporal







Finding an Informed Dichotomization Breakpoint

Johnson (2017a) wanted to find a reasonable basis for defining the degree of phenotypic similarity that would constitute a likely relationship of shared biological descent to serve as an informed dichotomization breakpoint for network analysis of archaeological skeletal samples. However, the lack of information regarding the distribution of biodistances within living populations and archaeological samples complicates the identification of an informed breakpoint for biodistance kinship analysis. It is difficult to estimate the proportion of biological relatives within archaeological samples (Ensor et al. 2017), let alone identify the Mahalanobis distance that effectively differentiates biological relatives from non-relatives.

Following recent biodistance studies by Paul and Stojanowski (2015, 2017), Johnson analyzed phenotypic data from the Menegaz-Bock Collection of pedigreed dental casts (see Menegaz-Bock 1968; Stojanowski et al. 2017) to generate distributions of biodistances among close relatives, distant relatives, and non-relatives. Christopher Stojanowski of Arizona State University provided Johnson with odontometric and genealogical data from a sample of 219 ethnic Gullah (or Gullah Geechee) individuals from the Menegaz-Bock Collection. Johnson generated 23,871 interindividual Mahalanobis distances from the odontometric data. From this sample of pairwise distances, Johnson created a subsample of distances (N = 297) between individuals for whom familial relationships are verifiable. Genealogical records were used to categorize interindividual relationships as close relatives (1st- and 2nd-degree), distant relatives (3rd-degree plus), and non-relatives.



Table 20.2. Moquegua Valley Tiwanaku samples by site.




	Site
	Calibrated dates
	Cultural affiliation
	Sample size





	Chen Chen M1
	ad 656–1155a
	Chen Chen-style
	45



	Omo M10
	ad 705–1005b
	Chen Chen-style
	35c



	
	ad 765–1025d
	
	



	Omo Alto M16
	ad 635–890e
	Omo-style
	3



	Rio Muerto M43
	ad 780–1017f
	Chen Chen-style
	7g



	Rio Muerto M70
	ad 705–1005h
	Omo-style
	12



	
	ad 780–997h
	
	



	Total
	
	
	102





a Dates reflect the maximum range derived from 12 calibrated radiocarbon dates (2 sigma) reported by Sharratt (2011:156, Table 5).

b Calibrated radiocarbon date (2 sigma) reported by Goldstein (1993).

c The sample from Omo M10 is drawn from multiple contexts at the site. Most of the cemeteries are considered Chen Chen-style contexts, with the exception of Cemetery R, which is a potentially hybrid Chen Chen- and Omo-style context (Baitzel 2016). Additionally, eight individuals of unknown provenience from within the M10 mortuary sector are included in the study sample.

d Calibrated radiocarbon date (2 sigma) reported by Goldstein (1989).

e Calibrated radiocarbon date (1 sigma) reported by Goldstein (2005: 128–131, Table 5.2).

f Calibrated radiocarbon date (2 sigma) reported by Goldstein (2005: 128–131, Table 5.2).

g This sample is drawn from two cemeteries at M43. Four individuals are from Cemetery A, a hybrid Chen Chen- and Omo-style context, and two are from Cemetery B, a Chen Chen-style context. The sample also includes one individual (M43-3000) of unknown provenience from the M43 mortuary component.

h Calibrated radiocarbon dates (2 sigma) reported by Magilligan and Goldstein (2001).




To assess whether close relatives are distinguishable from distant relatives and non-relatives, Johnson (2017a) used bootstrap resampling with replacement to generate two pseudo-samples of Mahalanobis distances. The first pseudo-sample was resampled from distances among non-relatives only (N = 128) whereas the second pseudo-sample was derived from the full subsample of interindividual distances of known pedigree (N = 297). The mean Mahalanobis distance (D2 = 2.51) for 1st- and 2nd-degree relatives (N = 139) is less than the 95% confidence intervals of resampled means derived from the two pseudo-samples (non-relative pseudo-sample 95% CI = 2.69–3.02, full pseudo-sample 95% CI = 2.59–2.79). Thus, it is possible to differentiate close biological relatives from distant relatives and non-relatives within the pedigreed sample. Johnson identified the lower bounds of the 5th percentiles of distances from the pseudo-samples and selected the smaller of the two values (D2 = 1.50) as the threshold of relatedness for the informed dichotomization breakpoint. This value represents the 1.173rd percentile in the distribution of pairwise distances for the full sample of Gullah interindividual Mahalanobis distances (N = 23,871).
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Figure 20.1. Distribution of interindividual Mahalanobis distances (N = 5151) for the Moquegua Valley Tiwanaku sample (N = 102). The solid line indicates the informed dichotomization breakpoint using the 1.173rd percentile, and the dashed line indicates the arbitrary dichotomization breakpoint (5th percentile) initially used by Johnson (2016).



Johnson (2017a, 2020) used the 1.173rd percentile of interindividual distances (N = 5151) to dichotomize the adjacency matrix of individuals from the Moquegua Valley Tiwanaku archaeological sample. The smallest 1.173% of pairwise Mahalanobis distances (D2 ≤ 5.738) were coded as relationship present (1) and the remaining 98.827% (D2 > 5.738) were coded as relationship absent (0). Although it is not possible to verify whether the dichotomization breakpoint correctly differentiated close biological relatives from distant- and non-relatives in the archaeological sample, this breakpoint is more conservative than the arbitrary one used by Johnson (2016) and establishes potential kinship ties between only the most phenotypically similar individuals in the sample (Figure 20.1).

Biodistance Network Analysis

Johnson (2016, 2020) used NetDraw version 2.158 (Borgatti 2002) to visualize the dichotomized D2 matrix as a network (Figure 20.2). He performed analyses of network and node properties and network structure using the UCINET 6.610 software package (Borgatti et al. 2002).

Johnson (2016, 2017b) used several techniques to identify potential kin networks among Moquegua Tiwanaku skeletal samples: ego-networks, clique and n-clique subgroup analysis, and components analysis. Johnson selected these methods as complementary techniques for identifying kin networks: starting from individuals and building up to kin collectives (i.e. bottom-up) and decomposing the network into kin groups (i.e. top-down). Ego-networks and clique analysis identified subgraphs of close biological relatives. N-clique analysis and components analysis identified extended family networks composed of biological relatives and affines (i.e. relatives via marriage).
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Figure 20.2. Graph-theoretic layout of the dichotomized interindividual Mahalanobis distance matrix (isolates not depicted).

Component 1 is on the left and Component 2 is on the right. Node colour represents ethnic affiliation: blue for Chen Chen-style and pink for Omo-style. Node shape represents skeletal sex (circle = female, square = male, triangle = sex undetermined).



Ego-Networks

Ego-networks depict a node (ego), the nodes directly connected to ego, and all the edges among these nodes (Wasserman and Faust 1994). In the context of biodistance kinship research, an ego-network can be considered a kindred (Ensor 2013). As used by Johnson, it should include an individual’s 1st-degree (one’s parents, siblings, and children) and 2nd-degree (e.g. grandparents, grandchildren, half-siblings, cousins, aunts, uncles, nieces, and nephews) biological relatives. Johnson (2016, 2020) selected the three nodes (M10 M-2, M10 M-5, and M70 2868) with the highest degree centrality scores (Table 20.3) for ego-network visualization. Centrality refers to a family of measures of a node’s position within a network (Collar et al. 2015). Degree centrality is the count of a node’s edges (Wasserman and Faust 1994); in this context, it represents the number of a node’s close biological relatives within the study sample. The graph-theoretic layout of the combined ego-networks is presented in Figure 20.3.

Johnson found that for the Moquegua Tiwanaku sample, many of the same nodes appear in each of the three ego-networks. This is expected, as different individuals will have different kindreds, some with overlapping membership (Ensor 2013). This suggests that numerous individuals belong to multiple biological lineages and act to interconnect those lineages within a larger extended kin network. Importantly, the ego-networks of M10 M-2 and M70 2868 are multiethnic as they include individuals from Chen Chen-style (M1 and M10) and Omo-style (M70) contexts. Of the 27 nodes in the graph of the three ego-networks, four represent individuals from the Omo-style context of M70. Thus, ego-network visualization supports Johnson’s (2016) biodistance findings that kin and marriage networks cross ethnic community boundaries, contrary to Goldstein’s hypothesis of Moquegua Tiwanaku ethnic endogamy.



Table 20.3. Individuals included in ego-networks, subgroups, and components 1 and 2.




	ID
	Sexa
	Degree centrality
	Eigenvector centrality
	Cliques (size 4)b
	2-cliques (size 17)c
	Ego-networksd
	Component





	M10 M-2
	U
	16
	0.45
	+
	+
	+
	1



	M10 M-5
	F
	13
	0.36
	+
	+
	+
	1



	M70 2868
	U
	12
	0.31
	
	+
	+
	1



	M10 S-6
	M
	10
	0.31
	+
	+
	+
	1



	M1 3519
	M
	8
	0.28
	+
	+
	+
	1



	M1 779
	U
	7
	0.27
	+
	+
	+
	1



	M1 54
	U
	6
	0.19
	+
	
	+
	1



	M10 85-25B
	U
	5
	0.20
	
	+
	+
	1



	M1 0016
	F
	5
	0.20
	+
	+
	+
	1



	M10 T-3
	M
	5
	0.16
	
	+
	+
	1



	M10 S-8
	F
	4
	0.16
	+
	+
	+
	1



	M1 133
	U
	4
	0.14
	
	
	+
	1



	M1 864
	U
	3
	0.15
	+
	+
	+
	1



	M1 289
	U
	3
	0.14
	
	+
	+
	1



	M1 304000
	M
	3
	0.14
	
	+
	+
	1



	M70 2985
	F
	3
	0.14
	
	+
	+
	1



	M1 3083
	F
	3
	0.07
	
	
	+
	1



	M1 2583
	F
	2
	0.12
	
	+
	+
	1



	M70 2787
	F
	2
	0.09
	
	
	+
	1



	M1 831
	U
	2
	0.08
	
	
	
	1



	M1 2068
	F
	2
	0.08
	
	
	+
	1



	M1 3677
	M
	2
	0.08
	
	
	+
	1



	M70 2840
	M
	2
	0.07
	
	+
	+
	1



	M10 8867
	F
	2
	0.07
	
	
	
	1



	M1 513
	F
	2
	0.02
	
	
	
	1



	M10 2188C+2172C
	M
	2
	0.01
	
	
	
	1



	M70 4443
	M
	2
	0.00
	
	
	
	2



	M10 85-20B
	F
	1
	0.07
	
	+
	+
	1



	M1 2764-2
	F
	1
	0.05
	
	
	+
	1



	M1 3768
	F
	1
	0.05
	
	
	+
	1



	M10 M-85-8
	M
	1
	0.05
	
	
	+
	1



	M10 85-18
	M
	1
	0.05
	
	
	+
	1



	M1 I773
	F
	1
	0.04
	
	
	
	1



	M1 136
	F
	1
	0.03
	
	
	
	1



	M1 116
	U
	1
	0.01
	
	
	
	1



	M10 2006-B22
	M
	1
	0.00
	
	
	
	1



	M10 9072
	M
	1
	0.00
	
	
	
	1



	M70 4468
	F
	1
	0.00
	
	
	
	2



	M43 3054
	M
	1
	0.00
	
	
	
	2





a F=female, M=male, and U=sex undetermined. See Johnson (2016) for information on estimation of skeletal sex.

b The nine nodes who are members of the five cliques of size 4, the maximal clique.

c The 17 nodes who are members of the 2-clique of size 17, the maximal 2-clique.

d The 27 nodes included in the combined ego-networks of M10 M-2, M10 M-5, and M70 2868.
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Figure 20.3. Combined ego-network graphs of M10 M-2, M10 M-5, and M70 2868.



 
Subgroup Analysis

A subgroup is a section of a network in which actors interact more often with (or are more similar to) one another than with actors who are not in the group (Wasserman and Faust 1994). Johnson (2016, 2017b) focused on two types of subgroup: clique and n-clique. A clique is a subset of nodes in which every pair of nodes is connected by an edge (Luce and Perry 1949). Cliques are characterized as overly rigid and restrictive subgroups, as groups in which every member is directly connected to every other member are uncommon in real world social networks (Borgatti et al. 2013; Scott 2017). In this application, a clique represents a biological lineage. From an individual perspective, this would include one’s siblings, descendants, and biological relatives from one parent’s family but not affines.

An n-clique represents a more inclusive subgroup, as a node is identified as a member if it is connected to every other member of the group at a specified distance, where n stands for the length of the path allowed between all members (Mokken 1979). Johnson (2016, 2017b) limited n-clique analysis to 2-cliques because n-cliques with a path length greater than two loosened the criteria for membership to the extent that every non-isolate in the network was identified as a subgroup member. For 2-cliques, if nodes sharing edges represent close biological relatives, then nodes connected by a path length of two may represent distant biological relatives or relatives by marriage. Thus, 2-cliques may represent extended family groups comprised of close and distant biological relatives and affines.

For clique analysis, the maximum clique size identified is four, and there are five different cliques of size four (Johnson 2017b). As with ego-networks, clique membership is non-exclusive with certain nodes appearing in multiple cliques. Contrary to ego-networks, all of the maximum cliques included only individuals from Chen Chen-style contexts (M1 and M10). At clique size three, there are 23 cliques, most of which share overlapping memberships.

The 2-clique analysis produced results in line with ego-network visualization. The inclusion of nodes connected by a path of two resulted in larger and multiethnic subgroups. The maximum 2-clique is size 17, and it includes 14 individuals from the Chen Chen-style sites of M1 and M10 and three individuals from the Omo-style site of M70 (Table 20.3).

Johnson (2016, 2017b) found subgroup analysis to be ineffective at identifying distinct subgraphs of biological relatives, but this is attributable to his expectation that subgroups should represent separate, non-overlapping groups of biological relatives. Multiple cliques and n-cliques with overlapping memberships are consistent with multiple biological lineages interconnected within extended networks of biological and affinal kin. This pattern suggests core groups of close biological relatives (cliques) who intermarry and create extended kin networks (n-cliques) among individuals from Chen Chen-style contexts and the Omo-style context of M70. Thus, the results of subgroup analysis are consistent with interethnic marriage and do not support Goldstein’s ethnic endogamy hypothesis.

Component Analysis

A component is a subset of a network in which any pair of nodes is connected via at least one path, but there are no connections between individuals in different sections (Collar et al. 2015; Wasserman and Faust 1994). Components can potentially include individuals who are not close biological relatives but are nonetheless related. For example, an individual (ego) could share a path with her aunt by marriage via that aunt’s children, ego’s biological cousins. In this sense, components may represent extended families of 1st- and 2nd-degree biological relatives, distant biological relatives, and relatives by marriage.

Components analysis identified two components of more than one individual. Component 1 includes 36 individuals, four of whom are from the Omo-style context of M70. These are the same four nodes included in the combined graph of the three ego-networks (Figure 20.3). The graph-theoretic layout of Component 1 (Figure 20.2) is similar to the graph of the combined ego-networks (Figure 20.3), suggesting that the top-down and bottom-up results are robust. Component 2 consists of three individuals, two from the Omo-style site of M70 and one from the Chen Chen-style site of M43 (Table 20.3). Contrary to Goldstein’s ethnic endogamy hypothesis, both components include individuals from Chen Chen- and Omo-style contexts and are suggestive of interethnic marriage and kin networks.

Summary

Overall, Johnson’s biodistance network results facilitated the evaluation of an archaeological model of Tiwanaku colonial organization and led to new insights concerning ethnic interaction in the Moquegua Valley. Network analysis of phenotypic variation allowed for the detection of subtle inter- and intra-ethnic community variability in marriage practices and family composition (Johnson 2020). These findings do not support Goldstein’s ethnic endogamy hypothesis, but they are not necessarily at odds with his dual diaspora model of Moquegua Tiwanaku social organization, of which the ethnic endogamy hypothesis is merely a corollary. It is possible that marriage practices (and therefore genetic and phenotypic similarity) were irrelevant to ethnic affiliation among the inhabitants of the Tiwanaku Moquegua colonies (Stovel 2013). If so, we can reject the ethnic endogamy hypothesis but keep the broader dual diaspora model.

Alternatively, Johnson’s findings may indicate a more fundamental evaluation of Goldstein’s dual diaspora model is needed. A diachronic interpretation can account for the overall pattern of phenotypic differences between samples from Chen Chen- and Omo-style contexts while accommodating the finding that some of the smallest interindividual Mahalanobis distances occur between individuals from different ethnic communities. Chen Chen- and Omo-style communities may have been distinct biological populations when they initially co-occupied the Moquegua Valley, but, over time, spatial proximity facilitated intermarriage and gene flow between these communities. Johnson (2020) interprets biodistance network results as evidence that interethnic family networks integrated diverse Tiwanaku-affiliated communities in the middle Moquegua Valley and enabled the emergence of a shared regional Moquegua Tiwanaku identity.

 Conclusions

This chapter reviews applications of network analysis to phenotypic data within biological distance research. Despite the suitability of human skeletal and dental traits for network analysis, to date, there have been limited attempts to incorporate network techniques within biodistance research. Johnson (2016, 2017b, 2020) used social network visualization and analysis of basicranial and temporal bone data from archaeological samples of human skeletal remains to identify multiethnic kin networks among Tiwanaku-affiliated sites in the middle Moquegua Valley of Peru.

Johnson’s work demonstrates the incredible potential for the development and expansion of network approaches within biodistance research. Network analysis offers a broad suite of techniques that complement standard analytical methods used in bioarchaeological biodistance research. The scalar flexibility provided by social network analysis and its grounding in social theory can contribute new inferences regarding social organization in the past. However, Johnson’s application of network methods to phenotypic data provides more than a novel alternative to the standard suite of exploratory analytical techniques frequently used in biodistance research. Biodistance network analysis offers techniques (e.g. n-clique and components analysis) that can potentially identify affinal relatives based solely on phenotypic data without prior consideration of spatial (e.g. burial location) or other contextual information (e.g. grave goods). Moving forward, there are numerous avenues for developing and applying biodistance network analysis.

Future Directions


• How should isolates in biodistance networks be interpreted? Do isolates represent unrelated individuals, or are some nodes isolates simply due to sampling bias or other limitations common among archaeological skeletal samples?

• Are there certain conditions under which valued matrices derived from phenotypic data are appropriate for network analysis? For example, is there a certain sample size at which dichotomization becomes necessary?

• Is the use of network techniques that assume the analyst has access to a complete network with well-defined boundaries (Peeples 2019; Wasserman and Faust 1994) warranted for biodistance networks, in light of the non-representative nature of archaeological skeletal samples (Cadien et al. 1974)?

• Can network techniques facilitate the investigation of normative post-marital residence practices among archaeological skeletal samples (see Ensor et al. 2017)?

• Can algorithms for exploring network community structure that include node attribute information (e.g. Jia et al. 2017; Yang et al. 2013) prove more effective at identifying biological kin networks?

• Can multiplex (i.e. multidimensional) network techniques be used to incorporate additional bioarchaeological data along with phenotypic data to formally explore social dimensions of relatedness in the past (Johnson 2019; Johnson and Paul 2016)?

• Kinship represents one scale of analysis within biodistance research. Are network methods suitable for larger analytical scales of biodistance research?

• Can networks based on documented skeletal collections with genealogical data be used to test hypotheses regarding network structure and node properties?
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CHAPTER 21

Food Webs

Stefani A. Crabtree and Jennifer A. Dunne

In the late 2nd century bce a Roman mosaic artist was commissioned to create artworks for the House of the Faun, one of the most luxurious private residences we know of from the Roman Republic. Along with mosaics depicting the gods, battle scenes, and Pompeiian erotica, lie three mosaics of a rather more ecological variety. The mosaics are entitled “cat fighting against a cock, duck, fish, and shells,” “Nile landscape,” and “marine fauna,” and they depict trophic interactions—pieces of food webs. Today these mosaics can be visited at the Museo Archaeoico Nazionale di Napoli. They provide a small window into the daily (ecological) life of Pompeii citizens (Figure 21.1).

Examples of ecological interactions in ancient art are not relegated to the Romans. Most societies that inscribed daily life in artistic ways have some representation of consumptive practices (e.g. ancient Egypt, Sumeria, China, the Maya). Even paleolithic caves depict ecological life in a way that helps scientists to understand what the fauna of the time was like (Pruvost et al. 2011). These ecological depictions can help archaeologists today better understand the environment that these ancient societies lived in, and help elucidate past feeding interactions that form the basis of food webs. By using these primary sources to build ecological networks that incorporate archaeological data, we can better understand the natural contexts that surrounded societies. The data to construct past ecosystems exists and is plentiful; as archaeologists we just have to know where to find and how to compile the data, and how to leverage modern tools to study them.

Archaeologists have been studying human places in ecosystems for some time. Some studies categorize the anthropogenic changes that societies have on landscapes (Wyckoff 1977), while others characterize the ways that ecosystems impact the lived experience of past human cultures (Guccione et al. 1988). The evolutionary context, as formalized by niche construction theory (Odling-Smee et al. 2003) is also increasingly used by archaeologists (Laland and O’Brien 2010) to characterize how humans modify environmental and ecological aspects of landscapes for their benefit, and sometimes their detriment, at different timescales. This has enabled a richer examination of the direct and indirect as well as spatiotemporally varying effects of societies in the past on the places they inhabit, and the effects of those places on the structure and dynamics of human societies. Yet even so, research at the human-environment-ecosystem interface has a great deal of room for growth, in terms of both the basic science and the applications to questions of past, current, and future sustainability of coupled natural-human systems. We suggest that ecological networks in general, and food webs in particular, can be especially useful for understanding the human place in ecosystems in the longue durée.
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Figure 21.1. “Cat fighting against a cock, duck, fish, and shells” from the House of the Faun, Pompeii. Dating to the 2nd century bce, this mosaic depicts ecological interactions, unusual for Roman mosaics in Pompeii. These types of artwork are useful for archaeologists attempting to reconstruct past ecosystems, as they show us which organisms were present in the past, and even what they consumed. In this example, the cat is attacking a chicken, but the ducks are also eating weeds, and the small birds may be opportunistically feeding on the scallop shells.



In the past ten years the ability to leverage modern computational approaches with the increasing quantity of digitized archaeological data has enabled the analysis of archaeologically informed ecological networks. Ecological networks are a useful tool for understanding the structure and function of communities that consist of a complex interconnected system of human and non-human actors. Food webs are a type of ecological network that represents the trophic interactions, or consumption links, within that community. Because the vast collections of zooarchaeological and archaeobotanical data often pertain to human trophic interactions, these well-curated traces of the past can aid in compiling and modeling detailed ecological networks of the past that center on humans. Combining this data with other sources such as mosaics, frescos, writings, or inferences enables a richer understanding of the place of humans in ecological networks across space and time.

Ecological Networks in Archaeology

The use of network approaches has increased recently in archaeology, driven by a need to understand complex interactions of past societies across space and through time and aided by similar applications in anthropology. High profile publications employing social networks (Collar et al. 2015; Lulewicz 2019; Mills et al. 2013; Peeples 2018; Rodning 2019) have led to increasing awareness of the methods. The appeal of network approaches for archaeology lies in the ability to capture relationships at multiple scales of analysis from individuals to sites to landscapes (Crabtree and Borck 2019). This facilitates characterization of how interactions across societies and those connecting individuals within societies laid the foundation for the complex archaeological record we see today. The massive growth of social network analyses in archaeology in recent years (Brughmans and Peeples 2017) bespeaks their utility in illuminating key aspects of the past that can’t be encapsulated in traditional metrics.

In social network studies, researchers characterize how actors, institutions, or other social or technological units interact, thus creating a network or web of their myriad interconnections (Crabtree and Borck 2019). Following the generic parlance of network science, the basic units are represented as nodes and the connections between them are represented as links (or “edges”). In social networks, nodes can represent individual people, houses, settlements, artifacts, or any other basal unit of study. The links represent the interactions or relationships among nodes, such as friendship, trade and exchange, and similarity. Networks enable examination of how the interactions between two nodes can influence the structure of the entire network. Some examples include examining how differences in power between individuals impact group-level decisions (e.g. Bentley et al. 2005) or how the existence of seldom-used long-distance ties between densely connected network clusters can lead to better within-group cohesion (e.g. Fitzhugh et al. 2011).

Like social networks, ecological networks are collections of nodes and edges, in this case linking multiple taxa—usually species or functionally similar groups of species—according to their interactions. Many types of ecological networks exist, including plant-animal mutualistic networks such as pollination networks (Bascompte and Jordano 2007) where during the act of foraging an insect or bird visits a flower, thereby both receiving food and distributing pollen, the genetic material of plants, among individuals.

Food webs are a type of ecological network that focuses on consumer-resource, or trophic, interactions. Food webs ideally represent all of the co-occurring taxa in a defined habitat including plants, bacteria, fungi, invertebrates, and vertebrates and their feeding interactions. The trophic links among these taxa represent transfers of biomass and encompass various trophic strategies including detritivory, herbivory, predation, cannibalism, and parasitism. At the base of every food web are one or more primary producers—autotrophic taxa such as plants, algae, or chemoautotrophic bacteria, as well as detrital pools (e.g, carrion, soil organic matter, woody debris). Trophic transfers of organic material provide the energy, organic carbon, and nutrients necessary to fuel metabolism in all other heterotrophic organisms in the food web who consume these primary producers or other heterotrophs. Tracing the food chains that link consumers to basal nodes allows calculation of a species’ trophic level (Figure 21.2).

Food webs can be described using similar metrics to those used for social networks, allowing for shared concepts and approaches for interpreting results, for developing bodies of knowledge and theory, and for the transfer of methods for analysis. For example, patterns in the connectivity of nodes and networks, from sparsely to highly connected, can provide useful information about both social and ecological systems. In social networks, patterns of connectivity can help us understand the functionality of connected systems, such as how certain communities leverage their physical location as brokers of power (Peeples 2018), or how social connections can lead to greater in-group survival via food exchange (Clark and Crabtree 2015; Crabtree 2015). In ecological networks, the loss of highly connected nodes may result in more secondary extinctions than the loss of sparsely connected nodes, and food webs that have higher connectance may be more robust to species loss than those with low connectance (Dunne et al. 2002; Pocock et al. 2012). Table 21.1 describes some commonly calculated metrics used in food web studies, several of which have analogues in social network analysis. For example, species richness can be seen as the number of nodes in a social network, while trophic links are similar to the number of edges in a social network, and link density is similar to the average degree in a social network. Many metrics, such as connectance, path length, and trophic level have multiple ways to calculate them, impacting how we understand their relationship to things like stability or robustness (e.g. Williams and Martinez 2004. See also Box 1. Glossary and Table 21.1. Food web metrics in Dunne et al. 2013).
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Figure 21.2. Food web created to understand the human place in a greater ecosystem. Here the bottom circles (overlapping) indicate primary producers, or plants. Each of the lines indicates a feeding link between two taxa. As you go up in the vertical axis you go up the trophic level, with true carnivores as the top nodes. Like social networks, we look at the connections among nodes in food webs, although food webs are unidirectional and hierarchical due to feeding links. The human node is indicated by the arrow.





Table 21.1. Examples of common metrics used in food web analysis, adapted from Dunne et al. 2013.




	Common metric
	What this metric measures in a food web context





	Species richness
	Number of taxa in the food web (taxa are typically species or functionally similar groups of species)



	Trophic links
	Number of feeding links in the food web (links are directed such that any pair of species can have up to two links between them; i.e. A feeds on B and B feeds on A)



	Link density
	Mean number of feeding links per species across the whole food web



	Connectance
	Proportion of possible links that are realized in a food web



	Top
	Fraction of taxa that do not have any consumers



	Intermediate
	Fraction of taxa that have both consumers and resources



	Basal
	Fraction of taxa that lack resources (typically, autotrophs)



	Herbivores
	Fraction of taxa that consume only basal taxa



	Omnivores
	Fraction of taxa that consume taxa from more than one trophic level



	Cannibals
	Fraction of taxa that consume individuals from their own taxon



	Generality SD
	Standard deviation of how many taxa, on average, consumers eat



	Vulnerability SD
	Standard deviation of how many consumers, on average, feed on resource taxa



	Link SD
	Standard deviation of how many taxa, on average, a taxon is connected to both as consumer and resource



	Trophic level
	A measure of the position of taxa within the food web, in terms of how many links each taxon is from basal taxa (can be calculated in various ways for individual taxa and the whole food web)



	Path length
	Number of links that connect pairs of taxa through direct and indirect consumer or resource relationships (can be calculated in various ways for individual taxa and the whole food web)









Food Webs in Ecology

Food web approaches have a long history in ecology as a tool for considering how interactions among species (both direct and indirect) are related to community-level diversity, dynamics, and stability. An eloquent, early expression of the importance of the study of food webs came at the end of “On the Origin of Species” when Darwin suggests that:


It is interesting to contemplate an entangled bank, clothed with many plants of many kinds, with birds singing on the bushes, with various insects flitting about, and with worms crawling through the damp earth, and to reflect that these elaborately constructed forms, so different from each other, and dependent upon each other in so complex a manner, have all been produced by laws acting around us… Thus, from the war of nature, from famine and death, the most exalted object which we are capable of conceiving, namely, the production of the higher animals, directly follows.  (Darwin 1859)



A few decades later, the scientific study of ecological networks began, when early depictions of food webs and a discussion of the implications for ecological dynamics were published (Camerano 1880; Forbes 1887, 1977; cited by Cohen et al. 1990). Within Camerano’s study, the idea that trophic links (or as he calls them, “feeding relations”) keep populations of primary producers at equilibrium with the other taxa that feed on them was first proposed. When perturbations occur and the abundance of a taxon shifts, he argues that these shifts are felt throughout the food web. The English translation of the name of his paper, “On the equilibrium of living beings by means of reciprocal destruction,” illustrates this concept, which has since been explored through modern modeling methods (Dunne and Williams 2009).

Over the next several decades following Camerano’s publication, a variety of descriptive studies of food webs were published (e.g. Summerhayes and Elton 1923). By the mid-20th century several influential theoretical papers that focused on communities of interacting species, trophic dynamics, and ecological stability emerged (e.g. Hutchinson 1959; Lindeman 1942; MacArthur 1955). Foundational work with intertidal ecosystems starting in the 1960s demonstrated the power of experimental approaches for food web research (Paine 1966), followed by a new wave of theoretical, quantitative, and comparative food web studies in the 1970s and 1980s (Cohen 1978; May 1972).

Ecological network research that incorporates all of these above approaches—empirical, experimental, theoretical, and comparative—have grown enormously since the early 2000s. Due to the growth of the field, many synthetic accounts, perspectives, and histories are now available that cover various aspects of this now major area of ecological inquiry (Baiser et al. 2019; Bascompte and Jordano 2007, 2013; Borrett et al. 2014; Dunne 2006; Hines et al. 2018; Gray et al. 2014; Landi et al. 2018; Layman et al. 2015; Pascual and Dunne 2006; Thompson et al. 2012). This area of inquiry is still growing, incorporating more regions, research questions, and greater methodological precision.

 
Food Webs and Humans

While food webs have been the subject of scientific inquiry for well over 100 years, very few studies of ecological networks include humans, despite the fact that modern humans have been an intimate part of ecosystems worldwide for the past ~125,000 years, interacting with other taxa as well as the abiotic environment. An article on “modern lessons from ancient food webs” reviews the very small corpus of deep-time (both archaeological and geological) ecological network studies as of 2014 (Yeakel and Dunne 2015). As they point out, “The structural features common to food webs, as well as their sensitivity to disturbances, are relevant to our ability to predict (and perhaps engineer) the fate of modern biological systems. Integrating contemporary ecology with observations of the past will provide key insights into the future risks and uncertainties facing the multitude of species with which we share the planet.” The integration of ecological communities with archaeological data provides an exciting new area of inquiry for understanding the sustainability of coupled natural-human systems both past and present.

While this area of inquiry is promising, there are many challenges to inferring ecological interactions and dynamics from archaeological data—data where we cannot observe actual feeding interactions of the past. Challenges can include: diverse dispersed data that is often not in the primary literature; incomplete and highly variable preservation of relevant ancient materials; difficulty in putting together comprehensive diversity and interaction data for the non-human species (due to the focus on humans in archaeology), making use of qualitative data such as ethnographic and aesthetic sources, among other potential challenges.

However, studies have recreated food webs from an even deeper past. For example, food webs for the half-billion-year-old Cambrian marine systems have been inferred, using many different lines of evidence for trophic interactions, such as body size, functional morphology, damage patterns, and gut contents, which allow designation of ancient feeding links with low to high certainty (Dunne et al. 2008). Very high resolution and high certainty lake and forest food webs have been compiled for the more recent 48-million-year-old Messel Shale of the Eocene (Dunne et al. 2014). Analyses show that ancient food webs share remarkable structural similarity to modern food webs, suggesting that there are fundamental constraints on how biota can interact, at least during periods of non-cataclysmic change. Scientists studying human systems can use archaeofaunal and archaeobotanical data as well as other archaeological, ethnographic, environmental, and ecological data within a food web analysis and modeling framework to understand the organization and dynamics of past systems in new ways. Of particular interest are the roles and impacts of humans within those systems, as well as the robustness and vulnerability of human (and non-human) populations to dynamics and perturbations at multiple spatial and temporal scales, in the context of complex trophic interactions and dependencies.

Since the publication of Yeakel and Dunne, a handful of landmark studies have used the archaeological and ethnographic record to understand the human place in food webs, which we describe below. Importantly, these food web studies require synthesizing highly diverse archaeological, anthropological, environmental, and ecological data. Meeting this challenge enables a more comprehensive understanding of the ecosystems and environments that people lived in and provides the foundation for a greater understanding of the coupled natural-human system.

Studies of Humans in Food Webs, Past, Present, and Future

Ancient Egypt

Leveraging the archaeological record, Yeakel et al. (2014) analyzed the palette of Narmer and other Egyptian artworks to build lists of extant species over 6000 years of Egyptian history. They coupled these with long-term climatic signals to examine extinction events. They find that both anthropogenic disturbances and climatic shifts were responsible for species extinctions, which were in turn destabilizing for the Egyptian food web. The three factors leading to these extinctions include habitat encroachment by a growing population, pulses of aridification over time, and increased hunting pressure by Ancient Egyptians. They suggest that it is the depth of these fluctuations that has led to the contemporary ecosystem that is highly sensitive to even slight perturbations today.

This study did not directly leverage network tools by building food webs, but rather used theory from trophic interactions as well as building evidence from archaeological and climatic data. However, this study is a good case for showing how modern approaches coupled with rich archaeological data can lead to new insights for past ecosystems.

The Sanak Archipelago

The first highly resolved food web to include humans was compiled for the fisher-hunter-forager Aleut of the Sanak Archipelago in Alaska. Using zooarchaeological and ethnographic evidence of premodern feeding choices of Sanak Aleut people (Maschner et al. 2009) coupled with ecological food web data (Wood et al. 2015), researchers compiled comprehensive and highly resolved marine food webs that include humans (Dunne et al. 2016). The Sanak intertidal food web has 235 taxa and 1804 trophic links, while the Sanak nearshore food web has 513 taxa and 6774 links, making them among the largest marine food webs yet compiled (Figure 21.1). Prior to this study, only a few published food webs included humans as a node (e.g. Link 2002) and they lacked the detail necessary to rigorously analyze network structure and other food web features.

One of the primary insights of this study relates to the finding that humans in the Sanak system were highly generalist and omnivorous feeders compared to other species. Those roles positioned humans in this system to have significant negative impacts, for example by triggering cascading extinctions. However, there is no evidence of long- or short-term local extirpations over the ~6000 years of human presence in the Sanak Archipelago. Using analysis of how humans fit into the ecological network combined with dynamical modeling, the authors hypothesized that the behavior of prey switching by humans (preferring different prey at different times depending on availability or accessibility), coupled with using highly efficient hunting or fishing techniques on only a few of the species they feed on, were possible factors allowing humans to become a part of the food web without causing it to unravel.

The Western Desert of Australia

Another recent study that compiled and analyzed highly resolved food webs that include humans using similar approaches, but with more focus on ethnographic data, examined the human place in food webs in the Western Desert of Australia (Crabtree et al. 2019). They found that 20th century Martu Aboriginal people in the Western Desert exerted predation pressure across a high number of prey similar to the Sanak Aleut (Dunne et al. 2016), yet they too did not cause the food web to destabilize. Rather, it was paradoxically the removal of Aboriginal people from the Western Desert that caused the food web to unravel in the form of the extinction of several small-bodied mammals, such as Lagorchestus hirsutus.

By simulating food webs from when Aboriginal people lived traditional nomadic foraging lifeways corresponding to the early 1960s, with food webs after Aboriginal people were forcibly removed for over two decades, Crabtree et al. (2019) were able to demonstrate that Martu were important “knitters” of the Western Desert ecosystem, keeping herpetofauna populations in check and thus helping populations of small-bodied mammals survive. With the removal of Aboriginal people to missions and cattle stations, the ecosystem unraveled.

The Ancestral Pueblo

Unlike the studies in Australia and Alaska that showed how people did not exert deleterious predation pressure within food webs even when poised to do so, Crabtree et al. (2017) showed that 700 years of farming in the American Southwest led to the unraveling of local food webs. They demonstrate that early food webs are diverse, even if 70–80% of food comes from farmed maize. However, over time Ancestral Pueblo people deforested their surroundings, which is evident in the reconstructed food webs, where forest-based fauna become scarce and the number of taxa in middens decreases over time. Finally, in the last periods analyzed, foods that have been identified as “starvation foods” (Kuckelman 2010) are represented while others become scarce. Crabtree et al. suggest that the decreasing forests led to a lower quality of life for the Pueblo people, who made decisions to migrate based on their unraveling food webs.

Gaining Insight from Food Webs

The insights from the studies described above could not be gained by traditional means of inquiry. Rather, it requires understanding how species, in this case humans, fit into complex food webs compared to other taxa, as well as how they impact other species and the full system as a result of a comprehensive array of direct and indirect effects that can be traced throughout the network. Without employing a network approach Dunne et al. (2016) would not have been able to understand how extreme the generality and omnivory of humans were in the Sanak marine ecosystems, nor would they have been able to investigate why human hunting and gathering did not lead to cascading extinctions. Similarly, Crabtree et al. (2019) could only assert that humans were keeping the Western Desert food web together by simulating the removal of humans and what subsequent food webs looked like, suggesting the critical role of humans in the function of the Western Desert ecosystem. Finally, Crabtree et al. (2017) were able to demonstrate that while humans had low predation vulnerability scores, the primary prey species of humans were highly vulnerable to predation by other species, suggesting the precarity of humans within the food webs.

Each of these studies has in common the leveraging of archaeological and anthropological data that previously had not been compiled in this way. Yeakel et al. (2014) used the artistic renderings on the Palette of Narmer to catalogue extant species over time. Dunne et al. (2016) and Crabtree et al. (2017) employed large datasets of midden remains, combined with data on past ecosystems to create full food webs. Crabtree et al. (2019), compiling a more modern food web, used the ethnographic record as well as interviews to create their food webs.

What each of these studies shows is that decades—or even centuries—of archaeological data can be combined with ecological and network science approaches to gain deeper insights into the place of humanity in global environments. Combining these trophic network approaches with climate models, as Yeakel et al. (2014) did, can lead to even greater understandings of the interplay between environments and people.

Yet compiling this data and performing these analyses does not come without challenges. Often within one archaeological site there isn’t even resolution through different time horizons, not to mention differences between sites excavated by different people. Beyond the challenges inherent due to the taphonomic processes of sites, compiling similarly resolved data for feeding links of representative taxa can be challenging, since well-studied animals like deer may have more resolved feeding links than poorer-studied animals like insects (e.g. see Crabtree et al. 2017). Working with domain experts (e.g. entomologists, ornithologists) when compiling food web data will lead to richer and more accurate models, while coding in the certainty or uncertainty of knowledge can help to alleviate the challenges that missing data pose.

 Conclusions

The studies of food webs have expanded to include other types of data, which can serve as inspiration for human food webs studies. For example, a recent study has demonstrated the critical role of parasites in ecological networks (Dunne et al. 2013), showing how new approaches and data synthesis can reveal critical aspects of ecosystem function. Coupling these networked studies with the rich history of niche construction theory, with human behavioral ecology, and with the rich and vast datasets we have as a field collected globally, archaeology and food webs may be able to transform our understanding of human/environment interaction. As more studies are published we can better understand the human place in ecosystems worldwide. Further, the archaeological perspective can help us to understand our trajectory as a species. Embracing network approaches to bring the ecological and archaeological perspectives together will advance both fields. Future directions will be able to compare the datasets that come out of these studies, allowing for a more synthetic understanding of the human place in food webs from deep time until today.

There are still many datasets that are ripe for inquiry and many questions that still deserve answers. The archaeological record provides a wealth of information on past ecosystems, and while cultural practices shape people, so, too, do their environments. By exploiting the depth of information that we can gain from epigraphy, from art as in the Roman mosaics, and from the refuse of past cultures found in middens, and combining the wealth of this data with modern networking models, we are poised to better understand the ways that humans have shaped their cultures and environments through time and space.
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CHAPTER 22

Historical and Archaeological Network Data

Claire Lemercier

Introduction

Formal network analysis methods were already being applied to historical data in the 1980s and 1990s, mostly by sociologists (e.g. Padgett and Ansell 1993; Rosenthal et al. 1985). These scholars used historical data because they were interested in change and because it was difficult to carry out field work over a sufficiently long period to produce longitudinal data. Since the 2000s, more and more network research based on historical data has been published, authored by historians as well as sociologists, geographers, computer scientists, and others (Düring 2013). Conversations on the peculiarities of historical network data, however, mostly remain unpublished. This chapter tries to remedy this situation by taking stock of historical network research from the point of view of data, across all periods, topics, and types of sources. It discusses the construction of data as a process of abstraction that requires source criticism.

Why would this be useful for archaeologists? Historical and archaeological data (two overlapping types of data) share three peculiarities. First, they are used to produce knowledge about the past rather than the present, and their users are generally interested in change. Therefore, the last part of this chapter briefly discusses ways to deal with time and dates. Secondly, historical and archaeological data derive from materials (artifacts, archives, books, etc.) that are preserved traces of human and non-human activity (Lucas 2010). This differs from field studies in which researchers interact with their nodes, for example by asking persons about their friends. In such cases, sociologists and anthropologists know that their self-presentation and phrasing will influence the answer. Historians and archaeologists face different dilemmas. Traces were created (or not) and preserved (or not) for reasons independent of our scientific questions: the researchers did not influence these processes, for better or worse. They build their own data and interpretations, but cannot change the source and do not know exactly how it was produced (a feature shared with “big data” that is automatically extracted from online interactions). A third peculiarity is often mentioned: we have a problem with missing data! However, when sociologists are in the room, they are quick to point out that field data is not complete either (Kossinets 2006). Missing data is in fact not specific to historical and archaeological data, and it should not prevent the use of network analysis methods; but it is another reason to perform careful source criticism.

This chapter lists the main sources that have been fruitfully used to produce historical data on interactions and relationships, each of which has archaeological equivalents. It addresses the main questions that we should keep in mind during the construction of network data from traces of interactions and relationships. This construction is a process of abstraction, or translation: we do not extract edges from sources. Rather, we translate the source into relational terms; we decide on rules that allow us to create one possible abstraction among others—a network abstraction (Collar et al. 2015; Munson 2019).

Certificates of Past Interactions or Relationships

Why do certain past interactions or relationships leave textual traces that are then preserved and transformed into data by historians? The original function of such texts was often to record an interaction or a new relationship in order to certify it. The text, whether drawn up by a legal professional or not, could be used as evidence, hence its preservation. The equivalent in archaeological data can be found in inscriptions, signatures, and stamps for example (see Harris Cline and Munson, “Epigraphic Networks in Cross-Cultural Perspective,” this volume Chapter 23). Three types of legal or quasi-legal sources have often been used in network analysis: those that record kinship relations, economic transactions, and collaborations.

Historians have used legal records of marriage, godparenthood, and other kinship relations for a long time, but treating kinship ties as networks is an opportunity to represent them in a fresh way, different from stemmata (Figure 22.1). For example, anthropologist Douglas White used nodes to denote marriages and edges to represent individuals, making it easier to notice specific alliance patterns (e.g. Brudner and White 1997). Network studies have transformed views on inequality or on relations between cultural and religious groups in specific contexts. For example, Robert Michael Morrissey (2013) collected ties of marriage and godparenthood in Kaskaskia, on the French-Illinois borderlands, from 1695 to 1735. As most marriage records did not survive, he used censuses, baptismal records, and notarial records. Comparing the positions of individuals who were described as French, Native American, or mixed-race in the sources, he disproved ideas about “fur trade marriages.”

Records of credit or sales drawn up by legal professionals or kept in the accounts of merchants and landlords are the other main source of network data on inequality (Gestrich and Stark 2015). Historians have generally focused on individuals, families, or firms as nodes in networks of transactions, but economists and geographers have used published statistics to describe bilateral trade between all countries (Dedinger and Girard 2017; Smith and White 1992). Records of commercial transactions also document past transportation networks. For example, César Ducruet’s team sampled more than 700,000 vessel movements between nearly 9000 ports since the 1890s from the insurance newspaper Lloyd’s List (Ducruet et al. 2015).

Finally, diverse sources, sometimes produced in order to ascertain intellectual property, certify collaborations among scientists or artists. Network studies are rare in the history of technology, but some rely on co-patenting data. For example, Fleming et al. (2007) listed more than 35,000 inventors from an official list of “utility patents” granted in the United States from 1975 to 2002 to explore the correlations between the structure of co-invention ego-networks and the subsequent career of inventors. Historians of the arts and of sciences have studied older networks of collaboration. Yael Rice (2017) used marginal inscriptions identifying the designers and colorists of 16th-century Mughal illustrated manuscripts to explore the organization of workshops and the formation of a style. Historians and sociologists of science have traced the trajectories of disciplines or paradigms by building datasets on PhD supervisors and juries (Godechot 2011; Sigrist and Widmer 2011).

Scholars thus use legal and quasi-legal records of kinship, economic transactions, and scientific or artistic collaboration to study the interactions or relationships that these documents were supposed to certify—or, as some would say, to create. Indeed, in many social contexts, you are not married, a landowner, or a doctor unless a document confers this status on you. Seen from this perspective, the records were exhaustive at the time of their creation. Of course, since then, some have disappeared, and we probably do not have the means to input all their contents into a database anyway. But theoretically our network would be complete in the sense that even if some other actors considered themselves as being married, having inherited land, or having had a PhD advisor-advisee relationship, the authorities and many contemporaries thought otherwise. Even when we use such seemingly neutral records to build our data, it is therefore important to state whose definition of the relevant ties we are following. Quite often, the preserved sources only leave us with the option of working with the dominant legal definition of the time, but we should acknowledge this and try to establish how broadly shared this definition was, and whether alternative recording practices existed (e.g. for religious minorities).

In some cases, such as patenting and accounting, registration was not compulsory. It is important to acknowledge that we analyze (part of) a network of co-patenting, not co-inventing, or a network of registered credit, not credit generally—especially as some actors might be more central in the former than in the latter. For example, in his network study of the papyri of Aphrodito in sixth-century Upper Egypt, Giovanni Ruffini (2008) found high centrality indices for relatively unknown figures. The papyri were the archives of a wealthy family and contained diverse legal documents. The central figures were literate individuals, including scribes and notaries. Ruffini concluded that their social prominence was more than a mere artifact of the documentary evidence, but it is important that he explicitly tackled the question, as his source did necessarily over-represent legal professionals and literate persons (Ruffini 2008:212–218). Records inform us on what was at stake in their production (who had access to writing and who chose to document what) as much as on their ostensible contents.

Networks of Words

Are there any historical sources that are more direct traces of ties—that not only certify these ties, but are not separable from them? It is admittedly the case, if we consider relations between words rather than between persons or places, that these word-to-word relations do not exist independently of the source. Words can be defined as co-occurring if they appear in the same text, paragraph, sentence, etc. (Figure 22.2) Co-occurrences have often been studied as networks—for example to describe changes in the vocabulary of State of the Union addresses since 1790 (Rule et al. 2015). Beyond co-occurrences, relations between nouns can be defined through verbs and prepositions. Charles Tilly used 19th-century British petitions to visualize changing relations between social groups and authorities as they were described in these texts (Tilly 1997). Corinne Bonnet’s project “Mapping Ancient Polytheisms” applies the same method to “onomastic sequences” of divine epithets drawn from epigraphic and literary sources, in the Greek and the Western Semitic worlds during the first millennium bc (Mapping Ancient Polytheisms Team 2017). In these two cases, even though relations between words are created by the writing of the source, researchers study them in order to gain access to social phenomena that existed outside of the texts. Moreover, the findings are influenced by the choices made to include or exclude certain texts from the dataset.



[image: image]

Figure 22.1. Example of use of a certificate.

A network of migrations between towns. “Migration” defined as a movement by married people between their birth and marriage, creating a tie between the place where they were born and the place where they lived just before marrying. Layout based on geographical positions; white/black based on main language spoken in each place (according to a different source).  (Adapted and translated) extract from an official register of marriages.
On January 2, 1850, Jean Dupont, carpenter, born in Steenvorde ( … ), living in Lille, ( … ) married Marie Michel, seamstress, born in Lille ( … ), living in Lille ( … )
On January 3, 1850, Augustin Legrand, day laborer, born in Loos ( … ), living in Loos, ( … ) married Jeanne Durand, maid, born in Caëstre ( … ), living in Lille ( … )
( … )
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Figure 22.2. Example of use of word co-occurrences.

A network of co-occurrences between words. Corpus (collected by Tiago Mata): columns by Friedman in Newsweek, 1975–80. “Co-occurrence” defined as presence in the same sentence; “sentence” defined based on length and punctuation; calculations performed by the R package IRaMuTeq. Graph restricted to substantive words used > 100 times.  Extract from a column by economist Milton Friedman in the magazine Newsweek, June 1979.
As I was daydreaming the other day, I fancied that I heard President Carter give the following talk:
“For many years, your government has been trying to fine-tune monetary and fiscal policy in order to avoid both unemployment and inflation. A growing number of people—inside government and outside—have concluded that such fine-tuning has not worked. It has not prevented repeated recessions. It has not prevented worse and worse inflation.
“Our government’s failure in this important area inevitably raises questions about its performance in other respects. ( … )”



Therefore, the study of historical networks of words (or texts, see Mickel et al., “Knowledge Networks,” this volume Chapter 25) involves similar issues and decisions to those arising in the study of networks of persons or places. It is especially important to take the intentions of the authors of the texts, as well as the rules of the genre, into account. The Odyssey was not composed in order to position Poseidon or the nymphs in a network of divine epithets. If patterns in this network differ from those in later Greek inscriptions, it might be due to differences across genres as much as across periods.

Two-Mode Networks from Lists

Many network studies use their sources “against the grain,” documenting ties from texts that were not created in order to record those. Instead of studying credit through credit records, for example, they use information that is more or less inadvertently provided by the source on the topic of interest, as when an epic poem tells us something about the names of gods and goddesses. Networks extracted from lists are a frequent example of this reading against the grain.

Membership lists, along with citations, are among the historical data most frequently used in network analysis (Figure 22.3). Like citations, lists are reasonably easy to input, sometimes already digitized, and have given birth to a cottage industry of network studies of sociopolitical organization (see Holland-Lulewicz, “Networks and Sociopolitical Organization,” this volume Chapter 38) that often pay little attention to the sources and their biases. A pioneer in the network study of firm boards thus warned against the routine use of this type of data, emphasizing the need for more explicit hypotheses (Mizruchi 1996). Of course, this is no reason to abandon the systematic study of lists in terms of two-mode networks. This work has brought important insights into the history and sociology of firms and economic elites (e.g. Sheehan 2005), of associations that published lists of officials (e.g. David et al. 2016), and of resistance movements, thanks to lists reconstructed from police sources, personal archives and oral history (e.g. Osa 2003). Systematic investigations of lists of authors in literary journals made it possible to test hypotheses on the porosity of national and religious boundaries (Verbruggen 2007) and to draw out comparisons between national poetic fields (So and Long 2013).

Whatever the list—board members, leaders in a resistance movement, poets publishing in a magazine—the key question is: how do we interpret the co-presence of individuals on the list? The question is similar to those raised by archaeological co-occurrence networks (Peeples et al. 2016): what does it indicate? In order to make sense of lists, we have to make hypotheses as to what might have caused the co-presence, what it exactly entailed (e.g. being aware of the other listed persons, meeting in the same room, interacting verbally, being allies, etc.), and what its consequences might be. Depending on these hypotheses, the same network indicators will have different meanings. In any network study, readers need to know why the ties are supposed to matter substantively, and whether we are trying to explain why these ties came to be or what influence they had on other phenomena (Munson 2019). In the case of co-occurrence networks, the need for hypotheses is compounded by the fact that the evidence is particularly indirect: we do not observe a trace of past interactions or relationships, but something that could be construed as a “proxy” for these ties. The reader is therefore entitled to a particularly careful explanation of what the co-occurrences are supposed to indicate.

Sociologists are more familiar with thinking in terms of hypotheses than historians. Perhaps for this reason, some boldly used historical sources against the grain, creating proxies of ties; but the best ones clearly stated that they did so, explaining why and which limitations this entailed. For example, Karen Barkey used early modern Ottoman court records to infer relations between villages from interactions between persons (one testifying for or against the other) (Barkey and Van Rossem 1997). Emily Erikson digitized the records of more than 4500 ship voyages in the context of the East India Company in the 17th and 18th centuries. From the trajectories of each possible dyad of ships, she inferred that some captains had changed course following the discussion of commercial opportunities with other captains—hence a network of (probable) flows of information (Erikson and Samila 2018:1043–1045).
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Figure 22.3. Example of use of a list of names.

A network of shared board members (“interlocking directorates”). The nodes represent financial firms among the 120 French firms with the highest market capitalization in 1979. The edges represent shared board members (wider edges represent more than one person). “Board” includes the board per se and the executive committee.  (Adapted and translated) extract from a stock exchange directory published in 1980.

OPFI-Paribas (bank)

François Morin President of the Board

Raymond-Maurice Doumenc Vice-president of the Board

Gustave Rambaud Board member and executive officer

Paul Baseilhac Board member

Jean-Pierre Bouyssonnie Board member

Hubert de Nonneville Board member

( … )




Past Narratives on Past Ties

It is reasonably certain that the producers of most sources discussed thus far did not intentionally try to create a specific image of the network in question. Lists of opponents in state records are a possible exception: agents of repression could have received more or less explicit instructions to maximize or minimize the length of such lists. Such police records on “dark networks” (see Graham and Huffer, “The Antiquities Trade and Digital Networks: Or, the Supercharging Effect of Social Media on the Rise of the Amateur Antiquities Trader,” this volume Chapter 33) could be described as narratives on ties. Representing them as networks only amounts to viewing the information that the person who ordered the report received in a different light.

Even though formalization gives an air of added objectivity, data built from narratives on ties remains different from data based on traces of interaction. I use the word “narratives” here not to denote literary fiction, but to single out the sources whose authors intended (among other purposes) to convey a specific view on the very ties that we, as researchers, are interested in. Those could also be called “intentional” sources (Howell and Prevenier 2005:18–21) in the context of network research, as opposed to the “unintentional” sources that we read “against the grain.” In addition, the intention of narratives is not to record all ties, as in legal records (a different type of intentional source on ties), but to emphasize some. This should not prevent us from using data drawn from narratives, but it should inform their construction and interpretation.
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Figure 22.4. Example of use of a narrative.

A network of ties of different types used to procure resources.

The nodes represent actors or groups of actors. The edges represent different types of interactions or relationships, such as “has helped”, “has harmed,” “is the son of”, “likes”, etc. Wider edges represent ties that are mentioned more than once.  Credit: Lieve Van Hoof, reproduced with permission.

Extract from the correspondence of Libanius (fourth century ce) (from Letter 906, translated by Lieve van Hoof, who also identified the actors mentioned in brackets).

To Proculus. The man who has composed and taught many speeches (sc. Eusebius 24/xxii)… is being forced to become a councillor instead of a teacher, against the decision of the council and of the divine emperor (sc. Theodosius 4/0). He has letters of both, and if your father (sc. Tatianus 5/i) commands that he show them, he will do so. So keep intact for yourself and your father the reputation you both have as lovers of rhetoric, and keep intact for me my collaborator, whose help disguises my old age: get angry and do not allow so impious an action to start at a time when the two of you hold office.



The status of the source as a past narrative on past ties—neither a legally prescribed, nor an inadvertent trace of these ties—is even more apparent in correspondences. Most letters include narratives on interactions and relationships (Figure 22.4). It should always remain clear that data constructed from these narratives only represents the sender’s worldview—or, more accurately, their expression in the context of this correspondence. A pioneering paper in historical network analysis used Cicero’s letters in order to measure relationships between two social groups: senators and knights. The authors emphasized the biases of this source: they were not worse than in more traditional qualitative analyses of the same source, but quantification had not erased them (Alexander and Danowksi 1990:320).

As their authors’ intentions differ, several narratives on the same past ties are likely to produce different networks. There is a small group of papers that consider these differences not as an annoying bias, but as an object of research. Peter Bearman’s team built networks of events from oral history narratives, for example on the revolution and counter revolution in a Chinese village (Bearman et al. 2002). Two events are connected if they are temporally ordered and logically linked. Considering a set of narratives that share some common events as a network gives rise to new interpretations. Narratives of Carib attacks on Colonial Forces in the 16th century have been re-examined in the same way (Shafie et al. 2017). However, this approach does not help if what we want to study is ties between persons or places, not events.

A more generally applicable aspect of Bearman’s strategy is the idea that researchers should not simply aggregate all different accounts of the same ties. They often do so in the hope that the more data, the better. This hope is based on the idea that the many biases will cancel each other out; but there is generally no reason to believe this. Worse, carelessly aggregating data from different sources makes it more difficult to take these sources’ respective biases into account. Bearman’s insight is that we can learn something if we consider the biases not as an inconvenience, but as a source of information. He first presented it in a study of genealogies drawn up for noble families in early modern England (Bearman 1993). A nobleman could be described as the cousin of a noblewoman in one account, but not in another. Instead of trying to decide which source was more reliable, Bearman built a network of “kinship claims” (distinct from biological or legal kinship): a cousin-cousin edge could be non-reciprocal. As aristocrats tended to insist on their kinship ties with the most prestigious families, this amounted to reconstructing a social hierarchy. In the same spirit, sociologists studied texts written by poets to describe the poetic field: emic narratives on stylistic ties (Dubois and François 2013). They found that some prestigious poets were always described as associated with the same group of peers, while descriptions of other ego-networks were inconsistent. This indicates different degrees of institutionalization of stylistic categories.

Comparing Sources Rather Than Just Adding Them Up

Why should archaeologists care? Most artifacts can be considered as traces of interactions and relationships, but do not include narratives on ties—with the notable exception of epigraphic sources (see Harris Cline and Munson, “Epigraphic Networks in Cross-Cultural Perspective,” this volume Chapter 23). There are however at least two good reasons for archaeologists to confer with historians who have addressed the challenges of discursive sources.

First, some archaeologists have the opportunity to confront data built from narratives and from excavations. Søren Michael Sindbæk studied place-to-place relations in the Viking period, based on the Life of Anskar on the one hand and on the co-occurrence of archaeological artifacts on the other (Sindbæk 2007). Similarly, historian Isabelle Rosé reconstructed (parts of) the ego-network of Queen Emma in the 10th century, using a narrative source as well as the joint signing of charters (Rosé 2018). Comparing the two sources rather than just adding them up provided information on their biases, hence on past attitudes toward some ties. But those are rare examples: the scarcity of evidence in many contexts leads researchers to indistinctly collate all the data at their disposal into the same datasets and network graphs. A wider conversation across disciplines on this type of comparison would be quite useful.

Secondly, archaeologists do in fact use textual data more often than most of them think, including narratives on ties. Whenever they build network data from preexisting databases or from published reports rather than directly from sites or artifacts, they have to engage in textual source criticism. In many cases, the person who produced the original data is or was a fellow archaeologist trying, more or less, to record everything. But as they worked in a different context and were not interested in ties per se, we could think of them as the equivalent of producers of legal records, i.e. inquire into their definition of ties and nodes and into causes of omission from their records. In other cases, the excavation report is so different from current practice and seemingly non-exhaustive that we could interpret it like a narrative: we would have to look for the author’s motives and avoid aggregating it with other data.

Archaeologists and historians could therefore exchange ideas about fruitful ways to jointly use two or more types of sources with different biases to study the same question. When they use datasets built from heterogenous sources and/or in heterogenous ways, they should treat datasets in the same way historians treat historical text. This especially entails:


- considering the dataset itself as the product of intentional choices as to what to emphasize and what to omit, based on sources that were themselves either intentional or inadvertent traces of past interactions or relationships, or past narratives on them; understanding, as far as possible, how the primary sources were created and preserved and how the composite repository was in turn created and transmitted; using this information to identify likely biases and to explicitly state how these biases might affect results;

- experimenting with the data itself: not only by aggregating data from diverse sources, in the hope of obtaining more data or of correcting data from one source using another, supposedly more accurate source; but also by disaggregating composite datasets in order to compare network patterns reconstructed from different sources, to measure their degree of correlation, and to interpret the differences in terms of biases. This experimentation might reveal otherwise undocumented elements of the history of the sources and repository: it can be an integral part of source criticism. It is also possible to experiment in order to assess the effect of missing data on interpretation (Peeples et al. 2016:74–78).



 
Where, What, Who, When: Practical Advice on Data Construction

Apart from this admonition to resist the temptation of a naively additive construction of data, what lessons can historians and archaeologists draw from network studies using historical data? Table 22.1 summarizes specific advice for each type of source addressed in this chapter. Four additional recommendations apply to all types of sources.

First, do not hesitate to add as many variables as you can think of to the edge list (Düring 2015), and fill your columns with details. You might later collapse everything under “kin,” or “were cited in the same text,” but you will be able to recategorize or exclude edges, depending on your questions. Keep track of the source for each edge. This implies that the dataset that you extract from the source (not the simpler one that you will input into your network software) should have one row per mention of a tie (in a specific source, at a specific date, with a specific designation, etc.), and not one row per tie.

Secondly, think carefully about what you are not observing. What are the boundaries of your network that derive from the limitations of the sources, and what are the boundaries that you have set yourself? Papers on network methods devised for field studies (e.g. Laumann et al. 1983) are not much help here. Historical data occasionally lends itself to a “sociocentric” study, i.e. you start with a list of nodes and look for the existence or absence of a type of tie in each dyad (as in So and Long 2013). Even more rarely, you may carry out an “ego-network” study, i.e. start from a node (ego), list all the nodes (alters) that have a specific type of tie with ego, then look for the existence or absence of this type of tie in each dyad of alters (as in Düring et al. 2011; Rosé 2018). Almost none of the studies that I have cited before fall under either of these two classical categories. The blossoming field of “network studies” on sender-receiver ties in correspondences often mentions “ego-networks,” but, strictly speaking, the term does not apply, because we generally cannot know whether the correspondents of ego wrote to each other (Grünbart 2005). We could call most networks constructed from historical data “source-centric,” as the researchers list all the ties of a certain type mentioned by their source and treat them as edges. They then derive a list of nodes from the list of edges and consider that the edge is absent from the dyads for which they found no mention. This has consequences in terms of interpretation, and this process creates specific structural features: for example, there are no isolates in a source-centric network (unless it is a one-mode network derived from an original two-mode network).



Table 22.1. Building network data from historical and archaeological sources.




	Type of source
	Examples of ties
	Archaeological equivalent
	Important questions to address





	Certificates of tie
	Marriage, economic exchange, collaboration
	Inscriptions, stamps
	Who did not use/have access to certification? Who defined the ties? How?



	Text
	Word co-occurrences
	Words in inscriptions
	Which versions of which texts do I include in my data? Do I hypothesize that the text reflected, influenced, or was influenced by a social practice, and if so, which?



	Lists
	Co-presence on the list
	Co-presence in a place
	Who drew up the list, and for what purposes? What was left out? What could have caused the co-presence? What could be the consequences of the co-presence?



	Narratives on ties
	Friendship, support, hatred, influence
	Archaeological reports as narratives
	Whose worldview are we observing? What was the intention of the author? Which nodes or ties did they omit, put forward, etc.? How did they categorize them?



	Composite data built by previous researchers
	All possible ties
	Composite data built by previous researchers
	All of the above; dataset identification/search strategy and context (purpose, possible agenda) of the aggregation itself







Thirdly, take some time to think about your nodes. Many researchers will pause to define what they call “friendship.” Fewer will take the trouble to explain what a “city” was or was not. However, choices as to the inclusion of suburbs or the historical definition of a “country” have consequences (Dedinger and Girard 2017; Ducruet et al. 2018:343)—as does the definition of a “site” in archaeology. Researchers working on narratives have to decide whether to focus on living humans or to include named animals, gods, etc., as nodes (Sindbæk 2007:63). Finally, some nodes remain anonymous or have very common names: should we aggregate them all, keep them separate or delete them? The best way to go is to experiment with different solutions, and check whether this influences substantive results—as did Bronagh Ann McShane (2018:19–22), when confronted with anonymous recipients in her study of the correspondences of nuns.

Fourthly, taking time into account in network studies is always a challenge (Lemercier 2015). Taking time seriously begins with thinking about which dates and durations we know (do they apply to edges or to nodes?) and what to do with the missing data. Historians are less accustomed to making explicit hypotheses about dates than archaeologists (Peeples et al. 2016:67–69), but it can be a fruitful experiment (Rosé 2018). Network research should also pay more attention to the difference between interactions (characterized by one date or a short duration) and relationships (longer-lasting potential for interaction). Think of the distinction between an event and a state (Munson 2019:41), as in “marrying” as opposed to “being married.” When edges can be dated in one of these two ways, successive snapshots of the network often bring illuminating results (e.g. Ducruet et al. 2018; So and Long 2013). It might be worth experimenting with time spans of different durations, whether those are overlapping or distinct; or with keeping or deleting edges that end or nodes that cease to exist before each observation window (Düring et al. 2011). Sometimes, what matters most for the interpretation are the dates attached not to edges but to nodes (their date of birth, for example). In this case, using an axis to represent time in visualizations might reveal important patterns (Rule et al. 2015). This representation is especially meaningful when edges always link the older to the younger, as with filiation, citation, etc. (Bearman et al. 2002; Brudner and White 1997; Rosenthal et al. 1985; Sigrist and Widmer 2011). Finally, when the same node is observed over different periods, as is often the case with an association or journal, stratigraphy, a visualization method borrowed from archaeology, is a good way to observe change (Lemercier 2015:203–205). It uses one node per observation period for each entity (association, site, etc.).

In order to better deal with time, as with other complications (and beauties) of historical and archaeological data, we thus need to be precise and cautious in data construction, which will allow us to boldly experiment with visualizations and calculations, and still produce meaningful interpretations.
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CHAPTER 23

Epigraphic Networks in Cross-Cultural Perspective

Diane Harris Cline and Jessica Munson

Epigraphic information has been central to social network analysis since Travers and Milgram’s (1969) seminal study on small world networks. To investigate the role of social and geographic proximity in structuring social ties, these researchers mailed an information packet to Americans living in Wichita and Omaha to track how many steps it would take before reaching a target living in Boston.1 The information packet contained a letter describing the study’s purpose as well as basic biographical information about the target individual, and a roster which was signed by the participants—textual evidence not unlike that found on Classic Maya hieroglyphic monuments or Egyptian cuneiform tablets. The chain-letter format and biographical information included in these documents record similar empirical details that archaeologists and historians employ to reconstruct past social networks. Although there are but a handful of social network studies that have employed ancient inscriptions, this chapter highlights some examples, and proposes some directions for future research. By considering the dual nature of these texts as artifacts as well as their historical content, we discuss how the multi-layered nature of information on text-bearing objects enables innovative network analyses that produce new insights about past social organization, political affairs, as well as trade and exchange partnerships in the ancient world.

Epigraphy in Disciplinary Context

Broadly defined, epigraphy is the study of “writing or lettering engraved, carved, etched, incised, traced, stamped, or otherwise imprinted onto a durable surface” (Bodel 2001:2). While the study of ancient inscriptions has been a more or less formalized discipline for over 1000 years, spanning diverse regions and script traditions, epigraphy’s history is most extensive in Europe and Asia. Within European scholarship, epigraphy is traditionally situated alongside other specialized fields that engage with specific media and material forms of ancient writing, including codicology (the study of books or manuscripts), numismatics (the study of currency), or papyrology (the study of papyrus documents). Such distinctions are less common in Maya epigraphy, which encompasses all forms of hieroglyphic writing, in part because the corpus is generally smaller in comparison to other written traditions (Houston et al. 2001; Houston and Lacadena García-Gallo 2004). Similarly, scholars of Chinese writing have tended to engage in various textual forms, acknowledging the longevity of cross-media influence in the script’s development and use (Harrist 2008; Zeitlin and Liu 2003). Despite these regional traditions and different practices of epigraphy based on material or medium, for our purposes we follow Bodel’s (2001) broad and inclusive definition of epigraphy to account for the wide range of text-bearing objects that may be recovered in the archaeological record (Morlock and Santin 2014). Although the examples we highlight in this chapter are largely drawn from the classical world and prehispanic Maya societies, the techniques and approaches should be broadly applicable to most ancient societies with a tradition of inscriptions.

For the study of past civilizations, inscribed objects have an advantage over literary sources: they are contemporary with the culture one is studying. Archaeologists and historians who publish inscriptions usually have specialized training in epigraphy within their historical fields. To do social network analysis using epigraphical sources does not necessarily require such advanced specialized epigraphical expertise but does benefit from cross-disciplinary collaborations. Some awareness of the norms and constraints for studying epigraphical material is necessary, but in most cases these distinctions follow disciplinary divisions and interpretative approaches that focus on different aspects of ancient inscriptions. For the non-epigraphist, that is to say, archaeologists and others who might want to include epigraphical evidence in a network analysis, the conventions and peculiarities of epigraphical texts can appear daunting. Understanding the basics of reading a transcription of an inscription requires some getting used to the notations; most important is understanding the difference between what is inside and outside the brackets. With a few exceptions, most inscribed objects are broken when they are discovered. Non-epigraphists wishing to use inscriptions for network data should be mindful of whether the text is written on the artifact or restored.

Art historians and archaeologists share a general interest in the relationships between text, image, and material culture. Text-bearing artifacts are archaeological, textual, and historical by nature (Morlock and Santin 2014:326; Blakely 2017). A particular set of text-bearing artifacts can become the core set of evidence for applying social network analysis in many disciplines. For example, the inscriptions associated with statue bases inscribed with an epitaph or just the deceased’s name can be used as epigraphical evidence for studying a wide array of topics. These inscribed objects may be read as images of power, status, or memory, or analyzed for artistic style, the development of carved letter forms, as a corpus of texts, to provide a date for a stratigraphic level, and as evidence of shared culture across a large region. Similarly, hieroglyphic monuments bearing the image of Maya rulers and accompanying inscriptions provide evidence of the nature and exercise of power in Classic Maya society (Figure 23.1). Network analysis can inform all such ideas and studies. Material, iconographical, and textual evidence are often three distinct specializations, but the epigraphist can bring the three facets into one using network techniques (Braswell 2019).
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Figure 23.1. Drawing of a hieroglyphic panel depicting a Classic Maya lord wearing a plated helmet and bird-like costume in the typical Palenque style. The panel includes a short inscription identifying the title of the depicted ruler (two large glyph blocks on the left-hand side) and the name of another figure now lost (five smaller glyph blocks on the right-hand side). Full transcription can be found in Polyukhovych (2013).



Conceptualizing Epigraphic Networks

Epigraphical social network analysis, like any network analysis, is part of a larger endeavor to bring quantitative analysis into the understanding of the humanities and social sciences (Brughmans 2010, 2013; Knappett 2013; Lemercier et al. 2019:101–123). Network analysis can help one understand the relationship between two or more text-bearing artifacts or, conversely, to study patterns of ties attested between a set of actors within the texts. Using network analysis to explore relationships in epigraphical texts may seem obvious to some (Graham 2014) but explaining the opportunities for network research on inscriptions is still useful. While there is no single correct way to analyze epigraphy’s diverse inscriptional evidence, we are reminded that the careful selection and appropriate application of analytical tools is essential for any study (Bodel 2001:5). This important step should not to be taken for granted, especially when representing network models (Brandes et al. 2013). In this section we outline two complementary ways in which epigraphical data can be conceptualized and transformed into relational data to facilitate network studies. From one perspective, text-bearing objects are no different than other classes of artifacts and can therefore be subject to standard archaeological treatment. Such approaches treat texts as cultural phenomena worthy of serious consideration in their own right (Beltrán Lloris 2015; Collar 2013). Another more traditional approach focuses specifically on the historical information that can be obtained from these inscriptions. Although there are few epigraphic case studies that employ network techniques, we highlight some examples to demonstrate the rich and varied sociohistorical phenomena that can be investigated using network approaches. We argue that, especially when combined with complementary lines of archaeological and historical evidence, epigraphic sources offer high-precision datasets to explore themes of material agency, identity, trade relations, commemoration, and other cultural practices.

Texts as Artifacts

As described above, epigraphical texts appear on a wide variety of media. Whether they be inscribed on stone, stamped on seals or bricks, painted on ceramics or walls, these text-bearing objects are themselves part of the archaeological record. As such, we can treat these texts as artifacts, created by humans and distributed through human activity. This provides contemporary evidence of connectivity between people, places, and things and highlights the relationships between text, image, and object. Especially when reliable provenance records are associated with these objects, information about their distribution in space and time might be used for social network analysis, treating the inscribed objects as one might a type of pottery or style of wall treatment. In these cases, nodes may represent assemblages or individual objects that are linked by attribute similarity measures (Müller 2015). The geographical distribution or raw material sources of text-bearing artifacts also make suitable edges for network analysis as illustrated in a study of Egyptian tablets (Harris Cline 2015; Harris Cline and Cline 2015; Figures 23.2a and 23.2b). Text-bearing objects may also carry images, symbols, or other representational scenes on their surfaces, which offers an additional layer of information to include in a two-mode network analysis (see Figure 23.1). When art historical, anthropological, and connoisseurship approaches to the scholarship of a class of artifacts are exhausted, social network analyses provide new insights and novel ways of reconsidering this well-known archaeological material.

Content of the Inscriptions

Another approach to conceptualizing networks from epigraphic sources focuses specifically on the historical information and personal details recorded in the inscriptions. Historians (e.g., Lemercier 2015; see Lemercier, “Historical and Archaeological Network Data,” this volume Chapter 22) have used this more traditional line of network analysis to reconstruct past networks using the names or titles of individuals, as well as places recorded in these texts, as nodes. While these datasets are often sparser than “traditional” archaeological assemblages used in network studies (i.e., Mills et al. 2016; Mol et al. 2015), they are typically more precise in terms of dating, personal names, exact geographic locations, etc. Therefore, we can create high-precision networks of information and object flows, especially when combined with methods like event history analysis (Amati et al. 2019).
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Figure 23.2. Drawing (2a) and photograph (2b) of a cuneiform clay tablet from Tel el-Amarna in Egypt (EA 153). One of ten letters from Abi-milku of Tyre to the king of Egypt, ca. 1353–1336 bce, Clay (unfired), H. 7.7 cm; W. 5.2 cm.  Source: The Metropolitan Museum of Art, New York. Rogers Fund, 1924, MMA 24.2.12.



Networks based on inscriptions can yield information about specific cultural, historical, or social topics (Baker and Jursa 2014; Broekaert et al. 2020; Graham and Ruffini 2007). In particular, fields of study such as ancient history, prosopography (the study of social identity and family connections) and onomastics (the study of personal names) provide important details that easily lend themselves to network analysis (Bremen 2007). Ties are typically identified between individuals based upon relationships identified in the texts. One example comes from medieval Russia, where the social networks were constructed based on letters written by Slavic individuals on cardboard-like tree bark (Schaeken 2018:170–185). In some cases, historically dated inscriptions provide enough information to track changes in network dynamics over time. Other precisely dated inscriptions, such as the Amarna Letters, have been used to analyze the relationships and interactions between Egyptian pharaohs and vassal kings living as far away as Babylon between the years 1353–1336 bce. Based on an archive of 382 clay tablets, the social network analysis shows a multinational network consisting of 246 actors (or people), with 464 ties between them (Harris Cline and Cline 2015:26). Analysis of individuals such as Abi-Milku, King of Tyre (Figure 23.3), or of the clusters and features of the network as a whole, reveals that while the Amarna letters are an archive recording lively social exchanges between the Egyptian pharaohs and local rulers, eight of the ten clusters in the Amarna social network were not intimately tied to the pharaoh at all (Harris Cline and Cline 2015:29).
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Figure 23.3. Abi-milku’s connections are shown with thicker edge weights, situating him within the larger social network constructed from the contents of the inscribed Amarna Letters. Network diagram © Diane Harris Cline 2020.



Networks of Text-Bearing Objects

Taking the text-as-artifact approach enables multiple lines of evidence to be incorporated into novel network analyses. Investigators can simultaneously consider the inscriptions alongside the materiality of text-bearing objects, their symbolic and iconographical elements, as well as their geographical distribution and provenience information. In this section, we highlight several topics that can be addressed using this approach: artisan workshops, trading/economic activity, travel networks, gifting, and political-economic exchange.

Artists’ workshops, such as sculptors or potters, have been intensively studied for well over a century. The term “workshop” has often been applied loosely, to craftsmen who have something in common, be it materials, styles, physical proximity, or a literary source which associates them. Moving from workshops to networks is a way to study these associations differently. Now they are not only tied directly to another, but two and maybe three degrees can bring them into one larger network. Flow of information may have also carried innovations in style or technique. A traditional study like Goodlett’s, which brought together evidence for eight Rhodian sculpture workshops associated in some cases with signed statue bases, could be reframed in network terms (Goodlett 1991). Workshops of letter cutters hired to inscribe stones, traditionally identified through the Morellian method of defining stylistic “hands” (Tracy 1995), might be material for identifying workshop networks. One must always consider whether a study has sufficient evidence to make a database for network analysis and quantity is sometimes insufficient.

Examples of artisan workshop networks may be found in Roman brick stamps or Greek statue bases (Graham 2006, 2014; Larson 2013). In all such cases, the network dataset will depend on looking at the stamped brick, statue base, seal impression, clay tablet, wall painting, or stone stele as an archaeological artifact which may be associated with and connected to others of like kind. The factors which might suggest SNA is a viable approach include homogeneity (like artifacts of the same type), geographic diffusion and mobility (discovered in distant places), and epigraphic evidence (such as gravestones, writing on the artifacts, and other inscribed testimonia) or literary texts (which might preserve the texts of lost inscriptions). Stamped amphora handles produced in the Aegean islands, for example, have value in constructing models of economic activity between potters, merchants, buyers, and traders (Lawall and Graham 2018). Their geographic distribution may trace paths of traders or consumers. Some 900 inscriptions for the Jewish diaspora under the Roman Empire have both spatial and relational value (Collar 2013:146–223). Social network analysis moves beyond the description of artifacts through the new focus on relational studies, enabling insights into how individuals, groups, or larger entities traded, traveled, migrated, transacted, intermarried, protected, enslaved, bribed, leveraged, or took advantage of others in social relationships.

The geographic location of similar inscriptions, like any other type of artifact, may provide evidence of travel or trade networks. As we saw in the studies of ambassadors and pilgrims to Greek sanctuaries, we can also find diplomatic and economically motivated journeys. Craftsmen such as sculptors traveled to satisfy commissions of their clients, and their inscribed statue bases provide the evidence (Blakely 2017; Larson 2013). Hellenistic sculptors sometimes signed their names on statue bases. These inscriptions with sculptors’ signatures are found throughout Greece and the Roman Empire. Bremen’s social network analysis of Rhodians living in Karia in Turkey during the Roman Middle Republic period traced their geographical distribution (Bremen 2007). Social network analysis of inscriptions can contribute to understanding inter-city travel, tourism, and trade networks, inter-state political and economic relationships, religious affiliations across geographical space, and one individual’s status and position in a social network as it relates to the state.

An advantage of studying text-bearing objects is that they contain multiple layers of information. The co-mingling of text, image, and object offers rich details to reconstruct past social ties as well as the specific contexts in which those networks were formed. Illustrating this approach, Tokovinine (2016) describes the practice of gift-giving in the context of Late Classic Maya feasts. Serving vessels that recorded the name or title of specific rulers were given as gifts to one’s allies and political clients as a means of establishing or maintaining one’s social and political networks. Based on the distribution of signed serving vessels, this study reconstructs networks of political gift exchange among the Naranjo and Motul de San José royal families of the Classic period.

For networks that treat inscriptions as archaeological artifacts, one can use network visualizations to model entanglements between humans and things (Harris Cline 2015; Hodder and Mol 2016). If we move to the Tiber River to look at Graham’s social networks of brick-makers (Graham 2006, 2014), we see that this network was part of a community, making their livelihoods from the materials required to make bricks. Social life, work life, and self-identity, and one’s economic and political stature, were all wrapped up with the bricks. Without these material things it all falls apart. Graham’s study is based on the Latin texts on the bricks, but the network analysis creates a very rich story, when enhanced by other archaeological theories.

Networks of Inscriptional Content

Reconstructing social networks from the biographical and historical details of written texts is one of the more common ways that epigraphic sources have been employed in archaeological network analysis. The content of these records contains valuable information about people, places, and the ties that connect them. In archaeological contexts, inscriptions can similarly be analyzed for this kind of content while dated documents anchor these social networks in historical contexts. In this section we review several case studies to demonstrate how networks are reconstructed and analyzed using inscriptional content to address a wide range of research questions.

Databases that systematically record and store this inscriptional content are essential resources for being able to efficiently access and analyze this information, as discussed in greater detail below. Although few such datasets exist for the Pre-Columbian Americas, the Maya Hieroglyphic Database (Looper and Macri 2023) contains thousands of glyphic entries that have been used in several network studies (Munson et al. 2014; Munson and Macri 2009; Scholnick et al. 2013). Commissioned by Maya rulers during the Classic period (ca. 250–900 ce), these hieroglyphic monuments record the dynastic histories and political achievements of named individuals from hundreds of sites. Such information permitted the analysis of multimodal networks that captured the various overlapping sociopolitical ties between Maya polities (Munson and Macri 2009). Accompanied by dates and historical events, these records also enable investigations into the spread of specific linguistic and ritual information (Amati et al. 2019).

Papyrologists and epigraphists have been interested in cataloging the names of people found in texts for centuries, known as the field of prosopography (Bagnall 2009; Graham and Ruffini 2007). Many of these lists, concordances, handbooks, and collections are becoming available online. An enormous database of Greek and Egyptian texts from the Graeco-Roman periods (800 bce–800 ce) has attracted papyrologists and social network analysts and is known as the Trismegistos project (DePauw and Gheldof 2014). Ruffini (2008) published the first full-length book for social network analysis of communities in Byzantine Egypt based on such papyri. In cases where names and demotics (their hometowns) are inscribed, spatial relationships can also be explored (Lemercier et al. 2019:136–141). Epigraphical evidence providing names of individuals has potential for studying networks of relationships in tight-knit communities or in those more dispersed.

Digitization and Databases of Inscriptions

As an interdisciplinary undertaking, the study of text-bearing objects has undergone significant transformations in this century. One of the most significant changes relates to the expanded role of digital technologies, which has impacted all stages of data documentation, description, and analysis (Matsumoto 2021). Digital documentation projects have not only aided in the preservation of objects and inscriptions but made this data widely available in archivable formats that also facilitate new kinds of analyses (see Lemercier, “Historical and Archaeological Network Data,” this volume Chapter 22). Such efforts are essential to effectively organize what Bodel (2001) refers to as the “heterogeneous mass” of inscriptions and text-bearing objects in the quote at the beginning of this chapter. With access to comprehensive linked digital archives which include relational data, formatted in inter-operative ways, these digital developments have made possible the kinds of network analyses discussed in the current volume (see Vitale and Simon, “Linked Data Networks: How, Why and When to Apply Network Analysis to LOD,” this volume Chapter 24). Digitization projects aid in preservation of these objects and make their texts, facsimiles, photographs, and impressions available worldwide. Digitized squeezes (epigraphical impressions) are in some respects even more useful in digital form because one can zoom in on the traces of letters one has questions about. Besides institutions, teams of academics with common interests can collaborate to digitize a set of inscriptions, as for example the Maya Hieroglyphic Database (MHD) (Looper and Macri 2023) and the Text Database and Dictionary of Classic Mayan (TWKM) directed by Nikolai Grube at the University of Bonn (Prager et al. 2018).

Linked data enables network research to be conducted across collections of inscriptions. One example embedded as a project in the EAGLE Project (https://www.eagle-network.eu/) is the Epigraphic Text Database Heidelberg, which combines a comprehensive collection of Roman inscriptions with a photographic, bibliographic, and geographic database. Their goal was to link epigraphical collections in multiple websites in order to study Roman inscriptions found outside the empire with “one click”. In addition, it is now possible to study inscriptions collectively, using a big-data approach, creating network visualizations and using other digital humanities tools to see patterns, as the Europeana EAGLE Project has done for Greek and Latin inscriptions since 2003 (Amato et al. 2016; Orlandi n.d.; Orlandi et al. 2014). EAGLE (The Europeana Network of Ancient Greek and Latin Epigraphy) has helped several dozen digital epigraphy projects develop shared standards and interoperability to enable future researchers to search for inscriptions through one portal. Similarly, the Oracc (Open Richly Annotated Cuneiform Corpus) project has been bringing together all known cuneiform tablets since 2010 (Tinney n.d.). The Epigrafik-Datenbank Clauss-Slaby (EDCS) holds over half a million inscriptions in Latin alone, nearly all that are known (Clauss et al. n.d.; Elliott 2015; Monella et al. 2018). Sets of inscriptions within these databases might benefit from network analysis. Interested scholars should also be informed of the Historical Network Research (http://historicalnetworkresearch.org/) organization, which maintains an open access bibliography of network studies using historical data including some epigraphic studies that is updated regularly with new publications and is a valuable resource for future studies.

Future Directions

As discussed at the outset of this chapter, epigraphy is a highly specialized field that, while complementary to archaeologists’ and historians’ research agendas, is typically separated into subspecialties based on linguistic and cultural distinctions. This means that the number of network analysis studies that employ epigraphic data is woefully small. Despite the paucity of cases, we believe there is great promise for future research, especially given the digital revolution that has taken hold in text-based disciplines over the past two decades. In particular, we highlight three areas where we see particular promise.

First, we encourage researchers to continue building on the recent application of digital technologies and development of large epigraphic databases. Continued digitization efforts are necessary, not only to archive and make these records widely accessible but also to promote innovative analyses such as those described in this volume. As these digital projects are planned and implemented, it is also essential to consider the types of analyses to be performed so that the appropriate data is collected and formatted in optimal ways. Such research design protocols are particularly important for relational data and will avoid time spent later transforming data into the appropriate format.

Another area where we see particular promise is in projects that actively promote interdisciplinary collaboration. As consumers of epigraphic data, our research relies upon the expertise of others to transcribe, translate, and transliterate ancient inscriptions. While archaeologists, historians, and epigraphists have long worked in parallel on these endeavors, it is becoming increasingly important to involve researchers in other fields as well. Especially for applications that involve more sophisticated computing needs, interdisciplinary collaborations involving specialists with backgrounds in data science, computer programming, database design and IT specialists are essential to properly develop and manage these large datasets. Several projects have made significant progress in this regard which offer constructive models for others.

Lastly, we encourage students and scholars of epigraphy to widen their consideration of comparative and cross-cultural approaches. Although epigraphic research traditionally deals with the cultural and historical specificities of unique inscriptions—which would seem to make comparative perspectives irrelevant—there is much to be gained from comparative perspectives that emphasize and align with methodological and analytical concerns. Some of the most integrative and advanced work has been done by colleagues in Classical studies and digital humanities. Mesoamericanists could be served well by looking to those projects for inspiration or developing collaborative partnerships. Joint conferences between epigraphists of all periods and cultures meeting with scholars interested in network science should continue to meet (De Santis and Rossi 2018; Kerig et al. 2019; Knappett 2013).

As the databases become easier to navigate with initiatives such as the EAGLE portal for epigraphic databases, we see potential opportunities and challenges for archaeologists using epigraphical evidence for network analysis. If the search requires crossing many museums and collections, a specialist in epigraphy might make a good partner, to verify that the data being included in the network is valid. If an archaeologist’s question is quite broad, results from multiple sites could require partnering with epigraphical specialists from each culture or region.

Conclusion

Networks can be made of people, places, and things. This doesn’t change across cultures. Network research from epigraphical sources can focus on the text, or the text-bearing object. The nature of the network analysis is likely to be Ego-based or bimodal, as these modes of analyses work well for text-based data. An Ego-network is centered on one node, which might be a person or a place which is a focal point of the inscription(s), and the analysis looks at that entity’s relations with others of like kind—people to people, or place to places. Bimodal analysis has two types of nodes, such as people and things, or cities and types of government. Multiplex networks might be structured around researching different kinds of edges, exploring the many ways people (or nodes) are related, be it through religion, citizenship, trade, or another tie, for example.

In all cases there are two necessities. The first is to think carefully and deeply about what the research questions are and understanding what is being studied. SNA can produce statistical information about the network as a whole and the role of each individual node. The second is to know the limits of the epigraphical evidence, if one is using the texts to build the data. Perhaps a third is to know one’s own limits. Collaboration with colleagues as teams of specialists is a good idea. Epigraphical conventions and knowledge of where epigraphical objects are published remains knowledge owned by specialists, but digitization is democratizing access to epigraphist’s knowledge.

As the application of SNA becomes more common, the opportunities to learn from one another will grow as well. Cross-cultural, comparative studies allow the researcher to broaden the imagination and find new inspiration for structuring studies and finding new focal points for research. The historical bias against non-western scribal traditions may be attributed to a kind of erasure, since they did not survive colonialism (Jiménez and Smith 2008). Global exchanges may bring scholarship about western and non-western writing traditions on the same level playing field. To be sure, the study of epigraphy in Greek and Latin has a centuries-long tradition, and network research in classical archaeology is more developed, so non-classical scholars wishing to use inscriptions for SNA might read broadly in this field. The opposite is true as well: research into epigraphy-based, non-western social networks is well worth reading, even inspiring. Cross-disciplinary collaboration can lead to innovation and the opportunities abound.

Recommended Readings

Erickson, Bonnie H. 1997. Social Networks and History: A Review Essay. Historical Methods: A Journal of Quantitative and Interdisciplinary History 30(3):149–157.

Larson, Katherine A. 2013. A Network Approach to Hellenistic Sculptural Production. Journal of Mediterranean Archaeology 26(2):235–260. DOI:10.1558/jmea.v26i2.235.

Lemercier, Claire, Claire Zalc, and Arthur Goldhammer. 2019. Quantitative Methods in the Humanities: An Introduction. University of Virginia Press, Charlottesville.

Pagé-Perron, Émilie. 2018. Network Analysis for Reproducible Research on Large Administrative Cuneiform Corpora. In CyberResearch on the Ancient Near East and Neighbouring Regions, edited by Vanessa Bigot Juloux, Amy Rebecca Gansell, and Alessandro Di Ludovico, pp. 194–223. Brill, Leiden & Boston.

References Cited

Amati, Viviana, Jessica Munson, Jonathan Scholnick, and Habiba. 2019. Applying Event History Analysis to Explain the Diffusion of Innovations in Archaeological Networks. Journal of Archaeological Science 104:1–9. DOI:10.1016/j.jas.2019.01.006.

Amato, Giuseppe, Fabrizio Falchi, and Lucia Vadicamo. 2016. Visual Recognition of Ancient Inscriptions Using Convolutional Neural Network and Fisher Vector. Journal on Computing and Cultural Heritage 9(4):1–24. DOI:10.1145/2964911.

Bagnall, Roger S. 2009. Practical Help: Chronology, Geography, Measures, Currency, Names, Prosopography, and Technical Vocabulary. In The Oxford Handbook of Papyrology, edited by Roger S. Bagnall, pp. 179–196. Oxford University Press, Oxford.

Baker, Heather D., and Michael Jursa. 2014. Documentary Sources in Ancient Near Eastern and Greco-Roman Economic History: Methodology and practice. Oxbow Books, Havertown.

Beltrán Lloris, Francisco. 2015. The “Epigraphic Habit” in the Roman World. In The Oxford Handbook of Roman Epigraphy, edited by Christer Bruun and Jonathan Edmondson, pp. 131–152. Oxford University Press, Oxford.

Blakely, Sandra. 2017. Object, Image, and Text: Materiality and Ritual Practice in the Ancient Mediterranean. In Gods, Objects, and Ritual Practice, edited by Sandra Blakely, pp. 1–17. Studies in Ancient Mediterranean Religions 1. Lockwood Press, Atlanta, GA.

Bodel, John. 2001. Epigraphic Evidence: Ancient History from Inscriptions. Routledge, London.

Brandes, Ulrik, Garry Robins, Ann McCranie, and Stanley Wasserman. 2013. What Is Network Science? Network Science 1(1):1–15.

Braswell, Geoffrey E. 2019. From Vertices to Actants: Two Approaches to Network Analysis in Maya Archaeology. In Social Network Analysis in Economic Archaeology—Perspectives from the New World, edited by Tim Kerig, Christian Mader, Katerina Ragkou, Michaela Reinfeld, and Tomas Zachar, pp. 51–66. Verlag Dr Rudolf Habelt GmbH, Bonn.

Bremen, Riet van. 2007. Networks of Rhodians in Karia. Mediterranean Historical Review 22(1):113–132. DOI:10.1080/09518960701539281.

Broekaert, Wim, Elena Köstner, and Christian Rollinger. 2020. Introducing the “Ties that Bind.” Journal of Historical Network Research 4:i–xiii. DOI:10.25517/jhnr.v4i0.83.

Brughmans, Tom. 2010. Connecting the Dots: Towards Archaeological Network Analysis. Oxford Journal of Archaeology 29(3):277–303. DOI:10.1111/j.1468-0092.2010.00349.x.

Brughmans, Tom. 2013. Thinking Through Networks: A Review of Formal Network Methods in Archaeology. Journal of Archaeological Method and Theory 20(4):623–662.

Clauss, Manfred, Anne Kolb, Wolfgang Slaby, and Barbara Woitas. no date. Epigraphik-Datenbank Clauss Slaby. http://db.edcs.eu/epigr/, accessed June 1, 2020.

Collar, Anna. 2013. Religious Networks in the Roman Empire: The Spread of New Ideas. Cambridge University Press, New York, NY.

De Santis, Annamaria, and Irene Rossi (editors). 2018. Crossing Experiences in Digital Epigraphy: From Practice to Discipline. De Gruyter, Warsaw/Berlin.

DePauw, Mark, and Tom Gheldof. 2014. Trismegistos: An Interdisciplinary Platform for Ancient World Texts and Related Information. In Theory and Practice of Digital Libraries—TPDL 2013 Selected Workshops, edited by Łukasz Bolikowski, Vittore Casarosa, Paula Goodale, Nikos Houssos, Paolo Manghi, and Jochen Schirrwagen, pp. 40–52. Communications in Computer and Information Science 416. Springer, Cham.

Elliott, Tom. 2015. Epigraphy and Digital Resources. In The Oxford Handbook of Roman Epigraphy, edited by Christer Bruun and Jonathan Edmondson, pp. 76–85. Oxford University Press, Oxford; New York.

Goodlett, Virginia C. 1991. Rhodian Sculpture Workshops. American Journal of Archaeology 95(4):669. DOI:10.2307/505898.

Graham, Shawn. 2006. EX FIGLINIS: The Network Dynamics of the Tiber Valley Brick Industry in the Hinterland of Rome. BAR International Series 1486. Oxford University Press, Oxford.

Graham, Shawn. 2014. On Connecting Stamps—Network Analysis and Epigraphy. Les Nouvelles de l’Archéologie (135):39–44. DOI:10.4000/nda.2353.

Graham, Shawn, and Giovanni Ruffini. 2007. Network Analysis and Greco-Roman Prosopography. In Prosopography Approaches and Applications: A Handbook, edited by Katherine Keats-Rohan, pp. 325–336. Prosopographica et Genealogica. Occasional Publications of the Unit for Prosopographical Research 13. Oxford University Press, Oxford.

Harris Cline, Diane. 2015. The Amarna Letters: A Web of Interaction. Journal of Ancient Egyptian Interconnections 7(4):58–60.

Harris Cline, Diane, and Eric H. Cline. 2015. Text Messages, Tablets, and Social Networks in the Late Bronze Age Eastern Mediterranean: The Small World of the Amarna Letters. In Egypt and the Near East: Crossroads II. Proceedings of an International Conference on the Relations of Egypt and the Near East in the Bronze Age, edited by Jana Mynářová, pp. 17–44. Charles University in Prague Press, Prague.

Harrist, Robert E. 2008. The Landscape of Words: Stone Inscriptions from Early and Medieval China. University of Washington Press, Seattle.

Hodder, Ian, and Angus Mol. 2016. Network Analysis and Entanglement. Journal of Archaeological Method and Theory 23(4):1066–1094. DOI:10.1007/s10816-015-9259-6.

Houston, Stephen, Oswaldo Chinchilla Mazariegos, and David Stuart (editors). 2001. The Decipherment of Ancient Maya Writing. University of Oklahoma Press, Norman.

Houston, Stephen D., and Alfonso Lacadena García-Gallo. 2004. Maya Epigraphy at the Millennium: Personal Notes. In Continuities and Changes in Maya Archaeology, edited by Charles W. Golden and Greg Borgstede, pp. 103–110. Routledge, New York.

Jiménez, Robert T., and Patrick H. Smith. 2008. Mesoamerican Literacies: Indigenous Writing Systems and Contemporary Possibilities. Reading Research Quarterly 43(1):28–46. DOI:10.1598/RRQ.43.1.3.

Kerig, Tim, Christian Mader, Katerina Ragkou, Michaela Reinfeld, and Tomas Zachar (editors). 2019. Social Network Analysis in Economic Archaeology: Perspectives from the New World. Studien zur Wirtschaftsarchäologie Band 3. Verlag Dr. Rudolf Habelt GmbH, Bonn.

Knappett, Carl. 2013. Network Analysis in Archaeology: New Approaches to Regional Interaction. Oxford University Press, Oxford.

Larson, Katherine A. 2013. A Network Approach to Hellenistic Sculptural Production. Journal of Mediterranean Archaeology 26(2):235–260. DOI:10.1558/jmea.v26i2.235.

Lawall, Mark, and Shawn Graham. 2018. NetLogo Simulations and the Use of Transport Amphoras in Antiquity. In Maritime Networks in the Ancient Mediterranean World, edited by Justin Leidwanger and Carl Knappett, pp. 163–183. Cambridge University Press, Cambridge; New York, NY.

Lemercier, Claire. 2015. Formal Network Methods in History: Why and How? In Social Networks, Political Institutions, and Rural Societies, edited by Georg Fertig, 11:pp. 281–310. Rural History in Europe. Brepols Publishers, Turnhout.

Lemercier, Claire, Claire Zalc, and Arthur Goldhammer. 2019. Quantitative Methods in the Humanities: An Introduction. University of Virginia Press, Charlottesville.

Looper, Matthew G., and Martha J. Macri. 2023. Maya Hieroglyphic Database. Department of Art and Art History, California State University, Chico. www.mayadatabase.org

Matsumoto, Mallory. 2021. Archaeology and Epigraphy in the Digital Era: Technological and Methodological Convergence. Journal of Archaeological Research 30(2):285–320.

Mills, Barbara J., Jeffery J. Clark, and Matthew A. Peeples. 2016. Migration, Skill, and the Transformation of Social Networks in the Pre-Hispanic Southwest: Social Network Transformation in Pre-Hispanic Southwest. Economic Anthropology 3(2):203–215. DOI:10.1002/sea2.12060.

Mol, Angus A. A., Menno L. P. Hoogland, and Corinne L. Hofman. 2015. Remotely Local: Ego-Networks of Late Pre-colonial (AD 1000–1450) Saba, North-Eastern Caribbean. Journal of Archaeological Method and Theory 22(1):275–305. DOI:10.1007/s10816-014-9234-7.

Monella, Paolo, Gabriel Bodard, and Manfred Clauss. 2018. Epigraphik-Datenbank Clauss-Slaby. The Digital Classicist Wiki. https://wiki.digitalclassicist.org/Epigraphik-Datenbank_Clauss-Slaby, accessed April 26, 2020.

Morlock, Emmanuelle, and Eleonora Santin. 2014. The Inscription Between Text and Object. In Information Technologies for Epigraphy and Cultural Heritage: Proceedings of the First EAGLE International Conference, edited by Silvia Orlandi, Raffaella Santucci, Vittore Casarosa, and Pietro Maria Liuzzo, pp. 325–350. Sapienza Universita Editrice, Roma.

Müller, Martin. 2015. Assemblages and Actor-networks: Rethinking Socio-material Power, Politics and Space: Assemblages and Actor-networks. Geography Compass 9(1):27–41. DOI:10.1111/gec3.12192.

Munson, Jessica, Viviana Amati, Mark Collard, and Martha J. Macri. 2014. Classic Maya Bloodletting and the Cultural Evolution of Religious Rituals: Quantifying Patterns of Variation in Hieroglyphic Texts. PLoS One 9(9):e107982. DOI:10.1371/journal.pone.0107982.

Munson, Jessica L., and Martha J. Macri. 2009. Sociopolitical Network Interactions: A Case Study of the Classic Maya. Journal of Anthropological Archaeology 28(4):424–438. DOI:10.1016/j.jaa.2009.08.002.

Orlandi, Silvia. no date. EAGLE Portal. https://www.eagle-network.eu/, accessed June 1, 2020.

Orlandi, Silvia, Raffaella Santucci, Vittore Casarosa, and Pietro Maria Liuzzo (editors). 2014. Information Technologies for Epigraphy and Cultural Heritage: Proceedings of the First EAGLE International Conference PDF. Digital Publishing Division of DigiLab (Centro interdipartimentale di ricerca e servizi) La Sapienza Università di Roma, Roma.

Polyukhovych, Yuriy. 2013. A New Palenque Panel. The PARI Journal XIII(3):1–3.

Prager, Christian, Nikolai Grube, Maximilian Brodhun, Katja Diederichs, Franziska Diehr, Sven Gronemeyer, and Elisabeth Wagner. 2018. The Digital Exploration of Maya Hieroglyphic Writing and Language. In Crossing Experiences in Digital Epigraphy, edited by Annamaria De Santis and Irene Rossi, pp. 65–83. De Gruyter, Warsaw, Poland.

Ruffini, Giovanni. 2008. Social Networks in Byzantine Egypt. Cambridge University Press, Cambridge.

Schaeken, J. 2018. Voices on Birchbark: Everyday Communication in Medieval Russia. Studies in Slavic and General Linguistics vol. 43. Brill, Leiden; Boston.

Scholnick, Jonathan, Jessica Munson, and Martha J. Macri. 2013. Positioning Power in a Multi-relational Framework: A Social Network Analysis of Classic Maya Political Rhetoric. In Network Analysis in Archaeology: New Approaches to Regional Interaction, edited by Carl Knappett, pp. 95–124. Oxford University Press, Oxford.

Tinney, Steve. no date. Oracc: The Open Richly Annotated Cuneiform Corpus. http://oracc.museum.upenn.edu/, accessed March 31, 2023.

Tokovinine, Alexandre. 2016. “It Is His Image with Pulque”: Drinks, Gifts, and Political Networking in Classic Maya Texts and Images. Ancient Mesoamerica 27(1):13–29. DOI:10.1017/S0956536116000043.

Tracy, Stephen V. 1995. Athenian Democracy in Transition: Attic Letter-cutters of 340 to 290 BC. Unstated Edition. University of California Press, Berkeley.

Travers, Jeffrey, and Stanley Milgram. 1969. An Experimental Study of the Small World Problem. Sociometry 32(4):425. DOI:10.2307/2786545.

Zeitlin, Judith, and Lydia H. Liu. 2003. Writing and Materiality in China: Essays in Honor of Patrick Hanan. Harvard University Asia Center, Cambridge, Mass.



1 These cities were selected because they were thought to represent great social and geographic distances in the United States during the mid-20th century.


Chapter 24

Linked Data Networks

How, Why and When to Apply Network Analysis to LOD

Valeria Vitale and Rainer Simon

In this chapter, we want to provide an introduction to linked open data (LOD), a method for publishing structured data on the web. Although the goals, motivation, and foundational concepts of LOD differ from those found in the world of network analysis, there are a number of important commonalities and touch points which we want to highlight. Most importantly, LOD is inherently about the connectedness of entities through a graph-based model. We therefore feel that knowledge of LOD is a useful complementary skill to possess for anyone who applies network analysis in a humanities context. In this chapter, we will define more clearly what LOD is, and where its concepts and methods relate to network analysis. But we will also explore what differentiates the former from the latter. We will discuss the specific strengths and ideal applications of LOD in humanities disciplines, and will suggest scenarios in which one method may be preferable to the other, or when both can be beneficially applied in combination. This chapter is structured as follows: section 1 provides introduction and background on general goals and technological foundations. Section 2 discusses uses of LOD in the humanities domain. Section 3 focuses on strengths, weaknesses, opportunities, and challenges specifically with a view toward the use of LOD in network analysis. Section 4 shifts focus toward the end-user perspective, and explores how different software tools can help combat LOD’s notorious lack of usability, which has prompted the community call for more LOUD rather than LOD—Linked Open Usable Data (Newbury 2018). Section 5, finally, ties together LOD, LOUD, network analysis, and the humanities context, and concludes the chapter by presenting an instructive example of real-world use, employing popular open source tools.

Background

The term linked data was introduced by Tim Berners-Lee (2006), as a design pattern for publishing data on the web. Linked data is meant to link structured, machine-readable data on the world wide web in the same way that web pages and hyperlinks connect human-readable content. Linked open data, more specifically, is linked data published according to this pattern, but additionally under an open license that does not impede its free reuse. The linked data pattern is founded on a small set of rules, the key ingredients of which we will unpack individually in more detail below: (i) the use of uniform resource identifiers (URIs) as names for thing; (ii) the use of web standards to provide access to data about these things; and (iii) the premise that data must contain links to other URIs, in order to point to related data on the web. As the original linked data design document makes clear, breaking these rules does not destroy anything, but it misses an opportunity to make data more interoperable, and interconnected.

Uniform resource identifiers (URIs) are strings of characters that identify abstract or physical resources (Berners-Lee et al. 2005). They serve as unique addresses for anything that is to be represented within an information space. No matter what it is that you want to represent in your data model—a place, a person, an object, a specific type of relation between them—give it a URI to provide a machine-readable key to the entity or relation in your system. In their most common form, namely that of the HTTP URI (also known as uniform resource locator, URL or, more commonly, the web address), URIs are critical to the way LOD works. First, they provide a mechanism to unambiguously identify an entity, distinguishing it from related or homonymous entities. Second, they are identifiers we can dereference, meaning that we can type them into our browser address, and will get back the data that sits at the other end of the link.

Resource description framework (RDF) is the markup language for linked data. Just like the hypertext markup language HTML provides the technical vocabulary needed to create human-readable web pages, RDF provides the model and terminology to encode and publish data. The fundamental concept of RDF is the triple. All data is represented as statements in the form of {subject, predicate, object}. Subject and object both identify resources, while the predicate identifies a relation between them—each, unsurprisingly, by means of a URI (Bizer et al. 2009). In this regard, RDF perhaps differs from the way that many end-users traditionally think of data: it is not a tabular structure, like a spreadsheet or a relational database. Instead, RDF is, natively, a graph, made up of resources (the nodes of the graph) and typed links between them (the edges of the graph).

Ontologies—in the sense of the information scientific term rather than the metaphysical one—are formal naming schemes that describe the categories, properties, and relationships that exist within a certain knowledge domain. They are a means of formalizing what we know about a particular topic, and provide identifiers for naming those concepts. While the term has been in use in computer science for decades, ontologies have arguably become significantly more popular recently, with the growing adoption of LOD. When expressing ontologies in RDF, and publishing them online, they become another of LOD’s crucial building blocks: they provide a defined vocabulary from which we can build our triples. They define the types of entities that our information system handles, what properties they can have, and what relationship types exist to connect them to other entities within our own information system, as well as to other related data on the linked data web.

Authority files are closely related to ontologies. In the LOD realm, authority files are catalogs for domain-specific entities. For example, gazetteers are authority files of places, prosopographies of persons. Like ontologies, they provide a defined set of terms and URIs that we can use to build our triple statements. Viewed from a network perspective (and phrasing in somewhat sloppy terms), ontologies define the types of edges our network can have, whereas authority files are dictionaries for the possible nodes that exist in it. In practice, the boundaries between ontologies and authorities are somewhat blurry. Indeed, both terms are sometimes used interchangeably. Many LOD ontologies are a mix of both—for example defining the relations within a domain, as well as identifying the actors that interact through them. In this case, it has become customary to speak of a “knowledge graph.” Figure 24.1 shows a simple view of how RDF triples, residing in different knowledge graphs, can (partially) source URIs from shared vocabularies, thus creating indirect connections between communities and knowledge domains.
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Figure 24.1. Establishing indirect connections between information systems via shared vocabularies.



LOD in the Humanities

Knowledge graphs are still being enthusiastically explored from many angles, generating a plethora of domain ontologies for pretty much anything, from academic citation networks to typologies of pizza toppings. As for the potential of knowledge graphs in research, the humanities and classical studies have been increasingly receptive in experimenting with the concept, and adopting new approaches over the past years (e.g. Bodard and Romanello 2017; Elliott et al. 2014; Isaksen et al. 2014; Mostern and Arksey 2016). Countless community initiatives have started assigning URIs, and publishing their data openly somewhere along the five-star continuum. Most common types of entities for which data has been published are places (CHGIS 2020; Pleiades 2020; Vision of Britain 2020), persons (PBW 2020; SNAPDRGN 2017; LGPN 2019), works of art (Rijksmuseum 2020), or typological vocabularies (Getty 2017; Nomisma 2020). But any unit of meaning that is relevant for a community of users can become part of the LOD ecosystem. At the same time, a number of dominant hubs in the ecosystem have emerged, and have seen increasing relevance not only, but also, for humanities research. The information that is hosted at these authority hubs is often less relevant. The key point is that these hubs provide URIs which the community can point to, thus creating shared connections between their datasets.

One of the most obvious benefits of LOD for humanities data is the ability to connect things that appear the same but are, indeed, different. For example, one database might list the city of Athens in ancient Greece, while another might hold a record for the modern capital of Greece. For some perspectives and use cases, the differentiation might not be important, so we might want to treat both records as referring to the same real-world entity. For others, the difference might be essential, and it would be a grave mistake to conflate the two concepts. Linked data naturally covers contextual differences such as these, since both resources will have different URIs. They can still link to one another, however, through suitable ontological relations. More importantly, the URI naturally ties every resource, relation, and statement to the authority that has issued it. Further mechanisms exist that allow for expressing even more specific and finer grained provenance, so that every statement can be linked to more contextual information: e.g. who has made the claim reflected in a particular triple, or what was the source for the information that the claim is based on. This way, LOD naturally allows things such as conflicting views or multiple opinions about an issue. This characteristic is essential when dealing with humanities data, and is the reason why knowledge graphs have such potential for inquiry, comparison and analysis in this field in particular.

In order for LOD to work, shared vocabularies that create connections and community-accepted models and terminology are crucial. This, perhaps, is somewhat in contradiction to the pluralist view described above. Clearly, there is a tension between allowing everyone to easily create their own vocabularies, while at the same time advocating for shared terminology to facilitate interoperability. In the real world, LOD can be somewhat messy in nature, with a mix of shared and custom vocabulary, partial overlaps, and slight conceptual differences regarding typologies and relations. But this is a feature, not a bug, and a helpful characteristic—in particular when dealing with humanities data. Finally, there is a wide spectrum in terms of how far and deep one wants to go with regard to the reuse of terms and conceptual models. Rich and detailed knowledge models enable us to make nuanced statements about all aspects of ancient artifacts and human interactions that have occurred in relation to them. At the other end of the scale, simplistic models might provide a much lighter frame. The more detailed an ontology, the less space is left for ambiguity, but, also, the less likely it will be that the ontology will be a perfect fit for another dataset that differs slightly in scope, structure, or focus. The challenge is to find the right balance of reuse, so that your own data connects naturally to other datasets, while at the same time avoiding the risk of twisting your data to fit the model rather than the other way round.

LOD and Network Analysis

Despite an obvious synergy between the graph-based nature of LOD and network analysis, the interaction between both communities has remained surprisingly limited. Areas where common interest has emerged are, on the one hand, those where network analytical approaches help to improve the quality or usage of LOD and, on the other hand, where LOD exists of certain real-world phenomena that are interesting to study for scientists with network analytical methods. Examples of the former include the work of Toupikov et al. (2009), who demonstrated how network metrics can be used for result ranking when searching LOD; and Guéret et al. (2012), who used different network measures as a means to derive link quality metrics and study the effects that changes to the data have on the LOD network.

As regards the use of LOD for scientific study through network analytical methods, examples can be found in particular in the area of social network analysis. Mika (2005) presents a system that makes use of RDF for studying the properties of the social network of researchers of the semantic web through network analysis metrics. Groth and Gil (2011) acknowledge a key problem when using LOD as a data source: the need to mine, convert, and normalize data, since LOD in its “raw” form is rarely amenable to the existing tools and methods of network analysis directly. They approach the problem by viewing LOD as a “network of networks,” from which one or more tailored networks, each representing a meaningful aspect of some phenomenon, first have to be extracted. This is not necessarily a trivial task and may involve steps of aligning between identifiers from different authority files, mapping ontology concepts, and creating derivative networks by aggregating links or collapsing paths. Once this is achieved, however, “we can derive useful summary statistics, detect clusters, and infer new links. The resulting analyses can be seen as metadata of the extracted networks. This metadata can be used to formulate queries to search for networks or entities of interest with particular characteristics.” Another recent example is by Ghawi et al. (2019), who discuss the extraction of social networks from LOD using the SPARQL query language, and present two case studies representing network analytical research questions—namely influence networks of intellectuals, and “co-acting networks” (networks of actors who appeared in the same movies).

In the humanities, a range of applications exist that lend themselves well to the application of network analytical methods. Sources that are explicitly about connections, like correspondence networks (Hotson and Wallnig 2019) or historical trade routes (Ciolek 2000), can be studied by quantitative analysis. Other corpora may be less well suited. Museum collections, for example, benefit from ontological description and linking, but may not provide a suitable application field for network analysis as such. Another aspect that has been viewed critically in the humanities, especially with regard to network visualization, is that its results can be misleading. The visual depiction of a network may give the user a false impression of completeness, while in fact it only represents a selection of the available (and compatible) data. Although self-apparent to the creator, this tends to be far less clear to those who consume the visualization. LOD, as well as visualizations depicting it, also tend to be, to a certain extent, opaque. Visualizations rarely declare what algorithmic preprocessing has been applied to the source data, asking the readers to simply trust the outcome. Similarly, LOD visualizations may show connections, but not their nature, making the links themselves less informative than they could ideally be. One last challenge that we want to mention is the steep learning curve associated with both LOD technologies, as well as with network analysis methods. Both require familiarity with theoretical background and fairly complex software, demanding expertise in algorithms and ontologies, data structures, programming, scripting, and query languages—all of which represent a significant barrier to entry to many humanities scholars.

 
Making LOD LOUD: The Case of Pelagios

Linked data has received its fair share of rightful criticism over the years: that comprehensive ontologies—and indeed RDF per se—is unfamiliar to most developers and users, and are therefore difficult to apply in practice (Newbury 2018); that its specifications are unnecessarily cryptic; that its standards fail to address some of the most elementary needs that developers face in the real world (Sporny 2014); that its technology stack is outdated when compared to current web development practice (Verborgh 2018); and that the whole narrative of the semantic web has been going in the wrong direction—with its vision of universally queryable big data and distributed knowledge bases, capable of smart inferencing—when it should have instead focused on making publishing data easy in the first place, providing “a developer experience ( … ) that offers the strengths of linked data without the complexities of RDF” (Verborgh 2018).

A number of initiatives have begun tackling this lack of usability, including linked.art (Newbury 2018) that advocates for linked open usable data (LOUD), through five user-focused design principles: (i) the right level of abstraction for the audience—requirements should be driven by use cases, not the pursuit of ontological purity; (ii) few barriers to entry—to make it easy to get started building something with the data; (iii) comprehensible by introspection—so that data can be understood by looking at it, rather than by studying ontology and vocabulary documentation; (iv) documentation with working examples; and (v) few exceptions, instead many consistent patterns (Linked Art Contributors 2020).
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Figure 24.2. Screenshot of the Pelagios Peripleo map visualization prototype.



Another initiative with, possibly, the longest and most established history of making LOD more accessible, in particular to non-technical audiences, is Pelagios. This international digital humanities initiative started in 2011 as a series of research projects, and is now carried further by a non-profit association (Pelagios 2020). Pelagios’s aim is to facilitate better connectivity among digital historical datasets, based on their shared references to place, by fostering community, and by developing LOD best practices and software tools. Pelagios has been aimed particularly at educators and researchers in academia, as well as the GLAM (galleries, libraries, archives, museums) sector, who often don’t have the technical background to properly “speak” LOD, or the resources to outsource data or software development work. With this goal in mind, Pelagios started to develop a number of prototypes as a way to demonstrate the potential that emerges from connecting data from different sources. One such prototype is the map-based visualization engine Peripleo (Simon et al. 2016).

On the surface, Peripleo looks similar to popular online map and web GIS application (cf. Figure 24.2), with a Google-like search box and a full-screen map view. Underneath the hood, however, Peripleo is a LOD-based system, and differs from traditional applications in several ways. First, data in Peripleo is networked. Items are internally connected through links. One major consequence is how the map works: one dot on the map is not necessarily the same as one search result. One dot can represent many results connected to the same place—for example, all the archaeological finds related to a specific necropolis. Vice versa, one result can appear as many dots, e.g. in the case of an archaeological artifact, links might be to the findspot, as well as to the place of production, or museums where the object has been held throughout history. In a similar fashion, an ancient text or inscription might contain references to several or many places.

Whenever there are links to follow, Peripleo shows this at the bottom of the details box for a search result. For example, details for a place will show how many items are linked to it. In a similar way, selecting an object reveals which places it is linked to, along with information about how much further data is available for those places, given current search query and filter settings. Another key difference between Peripleo and a traditional system is that, because of LOD, data comes from many sources. Peripleo makes use of the LOD links between data about the same real-word thing to collate equivalent records. Therefore, information displayed about an item—names, images, description, date information—is an aggregate of information, published collectively by members of the Pelagios community. Searching Peripleo for an archaeological site like the burial of Ramessun II, it is possible to compare, and complement, different information coming from the Pleiades gazetteer of the Ancient World, the German Institute of Archaeology (DAI), and the Digital Atlas of the Roman Empire (DARE).
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Figure 24.3. Recogito text annotation interface.



Peripleo’s main goal was to explore the question: what can the user gain from an ecosystem in which, for example, museum metadata, online collections, and academic research outputs are connected, and can be explored together? Archaeologists, for example, could look at the distribution of a coin type, or the temples dedicated to a particular divinity, across different datasets, gaining better insights on the synchronic and diachronic development of a specific item through space.

A second noteworthy software tool that Pelagios has developed is Recogito, an online platform for semantic annotation (Recogito 2020; Simon et al. 2017). Recogito was designed to bridge a gap between the free-form world of narrative text and visual depiction, and the structured, statements-based graph model of LOD. By providing a browser-based interface, Recogito makes it easy for non-technical users to import text and images in various formats into a private or shared workspace, and create LOD by marking up the content with gazetteer URIs. By selecting text passages or portions of an image, users can identify entities, add tags, or write comments (Simon et al. 2019). When classifying an entity as a place, it is possible to assign URIs from a range of gazetteers available in the system (cf. Recogito 2019). Another feature—“relationship annotation”—enables users to create networks from the entities in the text, by dragging lines between them with the mouse (cf. Figure 24.3). A “predicate” term can be added to denote the type of relation, thus essentially creating an RDF-like triple structure.

To archaeologists, such a tool could be usefully employed to annotate, for example, the places mentioned in text-bearing objects connected to games and the related sanctuaries, generating at least two useful outputs: first, an interactive map of the places that would facilitate the understanding of movement in the ancient world; second the production of RDF statements ready to be introduced into a LOD environment—thus connected semantically to other relevant datasets, enriching the context of the initial findings well beyond the work and expertise of a single researcher, as proved by archaeological LOD publishers like Open Context.

A Case Study: Archaeological Secondary Sources

In this chapter, we have explained what LOD is, how it is relevant from a network analysis perspective, and what challenges and limitations should be kept in mind when using them in combination. We have reflected on conceptual and technological similarities and differences, but also want to stress again that neither method (just as with any method in the digital humanities) should be considered in a vacuum. No digital approach should be seen as the only possibility for investigating an object of study, but instead as one possible perspective that can be applied. The same corpus could be—and in many cases should be—analyzed through more than one lens, with different results providing complementary insights. To conclude this chapter, we want to discuss an example which illustrates how network visualization on the one hand, and the traditional “close reading” approach of the humanities on the other, can provide us with such complementary lenses when LOD is applied.

In our example, we will use semantic annotation and network visualization as powerful tools for the exploration of secondary sources, specifically historical accounts of early archaeological expeditions. Such texts are rich in information about archaeological practice and its evolution, and can contain clues as to the reasons that influenced the specific history of an archaeological site. These documents are also precious resources to understand how archaeology, and archaeologists, were perceived by the general public, and how the finds were presented. Last, these accounts are an important testimony to the predatory attitude of early archaeological expeditions, and to the aggressive racial bias they express toward the natives. The document we have selected is Ten Years Digging in Egypt: 1881–1891, a non-specialist account of Petrie’s archaeological activity in Egypt in those years.

To begin our exploratory analysis, we uploaded the document to Recogito, and identified, initially by trial and error, the most relevant “nodes” and “edges” in the network that we were aiming to create. Following a bottom-up approach, we focused first on the locations, and on carving out how they related to each other in Petrie’s time, retracing his movement across the area, and how they related in ancient times to places outside Egypt, according to the material culture associated with Petrie’s finds. We annotated where major findings were located, and tagged sites that had already been excavated by the time Petrie arrived. We tried to record how many of the findings were left in Egypt and how many were sent to London, but this kind of information turned out to be insufficient in the document.
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Figure 24.4. Semantic annotation as a tool to reconcile data from the source (e.g. different place name variants) and explore context (e.g. through geographic mapping).



A first benefit of such a free-form approach is that we can familiarize ourselves with historical sources, before forming a more concrete research question. It helps to identify, by progressive refinement, relevant aspects or gaps in the data. We can derive basic qualitative insights before delving deeper. Seeing our annotations and relations mapped in Recogito (with the help of LOD gazetteers) reveals, for example, what the places were that Petrie used as hubs during his permanence in Egypt, moving radially to the other sites, instead of linearly, but also what the most culturally diverse places were among the excavated sites, and which of them were richer in significant findings. It is also worth mentioning that the data we create is, through annotation, anchored in the text directly, thus making it possible for others later to trace the process of our reasoning, right back to the source.

Semantic annotation has more benefits. Resolving places to gazetteers helps us, for example, to consolidate mentions of the same place in different languages (like the case of Tanis/Zoan) or in different transliterations (Defenneh/Defneh, cf. Figure 24.4), as well as references to ancient places and their associated modern name (Takyris/Dashur). The geographical map helps us to better contextualize the place references and see, at a glance, what places get mentioned more often. Interestingly, larger “nodes” on the map do not necessarily correspond to network nodes that are more central in the graph, i.e. the places that show more connections. This illustrates how different forms of visualization can bring out different aspects in the source data. Mapping places against aerial imagery base maps helps better understand the physical context, the proximity of water sources, and the ancient and modern means of transportation. Mapping against a base map of ancient geography, on the other hand, helps us understand the historical and cultural perspective, highlighting spatial relationships with other ancient cities, areas, and peoples, and ancient roads and itineraries. Another benefit of LOD, as explained above, is that the data we produce can be connected to those of others. In this particular example, data from museums and archives could prove invaluable in expanding the contextual information around the archaeological account, especially considering that many of the findings mentioned by Petrie—like the Stele of Ptolemy II and Arsinoe—are now exhibited in major museums that publish LOD.

Looking at the network graph we can produce from the text (Figure 24.5), it becomes obvious which nodes are more central. This may be because they are the findspot of more objects (“within” relationship), or that Petrie and his team identified a number of cultural contacts with other peoples through the analysis of material remains (“contact” relationship). We decided to use larger findings, such as pyramids or funerary chambers, as location for the smaller findings that were discovered inside them. This use of the “within” relationship helps us to visualize Petrie’s archaeological narrative, and the feeling of excitement emerging from what he perceives as chains of mysterious Chinese boxes and, ultimately, his own personal prize. The ‘Move To’ edges in the graph mark our attempt to represent Petrie’s movements in the area. The network suggests two typologies of places: those that are linked at an equal level to one another, representing stops in an itinerary—such as Sakkara or the Oasis of Ammon—and places that function as hubs for the expeditions—such as Naukratis—where Petrie found it useful to reconvene in between his travels, perhaps because they were strategically situated. Last, sites that were pre-excavated by or co-excavated with other archaeologists suggest connections to other, external networks, related to the life and work of these individuals, and subsequently point to more sources and bibliography not immediately connected to Petrie himself.



What is noteworthy about this graph is that it reflects our own research interests. It is shaped by our perspective, a result of our exploration of the source data. Other researchers may decide to focus on different aspects—the archaeological technologies and techniques discussed by Petrie in connection to the excavation reports, for example, or the several accounts of destruction of post-Egyptian cultural heritage that Petrie has no issues describing in detail. Through the identification and extraction of key actors, relationships, and typologies, annotation and visualization become tools for hermeneutic inquiry, thus evolving the analytical perspective from a first free-form exploration. This helps researchers to test different hypotheses, and develop more informed research questions, especially when aided by a user-friendly interface that allows for iteration and experimentation. Semantic annotation helps to disambiguate and consolidate data in preparation for later network analysis. The two approaches are entirely autonomous, but also complementary; they can extract different information from the same document, highlight different aspects, and answer different research questions.
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Figure 24.5. Network graph generated from relationships annotated in Ten Years Digging in Egypt: 1881–1891.



Conclusions

This chapter has illustrated the potential that emerges from combining tools and techniques from the LOD ecosystem with network analysis. We believe that the humanities are particularly well positioned to benefit, for several reasons: first, the need to work with historical sources calls for tools that help build structure from unstructured content through semantic annotation and alignment with authority files. Second, network analysis, by nature, needs to condense phenomena down to an abstract model of nodes and edges. LOD models, on the other hand can allow for more depth, provide mechanisms for documenting provenance, or for recording vagueness. In this way, LOD can be a technical basis from which network models can be built, while maintaining reproducibility of the—otherwise implicit—workflow decisions made by the scholar. Last but not least, the LOD ecosystem is inherently interdisciplinary, connecting datasets from disciplines as diverse as biology, astronomy, musicology, art history, and archaeology. Community momentum is growing, as is the awareness that scholarly results need to be shared and interlinked using common referencing schemes and authority files, in order to remain useful, relevant to future scholarly practices, and hence sustainable. For that reason alone, the LOD ecosystem is a pool of data and resources that, we feel, scholars who apply network analytical approaches in their work, should not leave untapped.
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CHAPTER 25

Knowledge Networks

Allison Mickel, Anthony Sinclair, and Tom Brughmans

Introduction

Disciplinary knowledge develops by working on common problems within shared research communities, to establish or challenge common understandings. Patterns of scholarly communication and the understandings that scholars share, however, can be difficult to document or detect. Traditionally, discipline specialists have written intellectual histories in order to construct and contextualize the relationship between understandings and scholars through time. For example, within archaeology, such intellectual histories have explored the development and growth of the discipline (Schnapp 1993; Trigger 1989), the careers of discipline specialists (McNairn 1980; Smith 2013), and the development of key ideas or approaches (Dornan 2002; Raab and Goodyear 1984). These types of histories, however, are by definition selective in their choice of topic and emphasis. If we hope to examine research communities more broadly, to explore how information passes between researchers and how it crystallizes into shared understandings, we need to widen our scales of analysis.

Fortunately, the nature of academic writing allows us to do just this. Academic writings are claims to knowledge. They are characterized by a list of other writings (the references), with some form of indication within the text (the citation) where these writings have informed the making of the particular knowledge claim. While references are fixed at the moment of a document’s publication, the citations to a document may continuously accumulate. When an older academic writing is referenced in a new knowledge claim, we say that it has received a citation from the more recently published document. We call this older writing the cited document and the younger the citing document. Citations bind documents together, creating a network of directed relationships to multiple cited documents. For the purpose of analysis, we presume that networks of documents inform us about networks of scholars (as authors) and their shared understandings (Price 1965). Network science, therefore, can help us explore the social and the intellectual growth of academic knowledge.

This chapter consists of three parts. The first part introduces bibliometrics and the formal network techniques commonly used for the study of knowledge flows in academic communities. In the second part we shall illustrate the importance of appropriate data selection strategies in light of custom bibliometric research questions and shall critically assess the way in which bibliometrics is used to speak to often-invisible power structures in knowledge production. Finally, we offer our wish list for the future of knowledge network study in archaeology. What do these techniques have to offer archaeologists, and what can the alignment of network science and archaeology tell us about the creation of knowledge across academia?

Networks and Bibliometrics

What Is Bibliometrics?

Bibliometrics is the application of quantitative methods to the analysis of data on books, articles, and other forms of writing. Several subfields are identified; these include infometrics—the quantitative study of aspects of information flow; scientometrics—the statistical analysis of scientific publications or academic writings more generally; and citation analysis—the analysis of the form, frequency, and flow of citations in and between documents. Bibliometric analysis of academic knowledge structures has become increasingly possible due to the availability of large digitized repositories of data along with the availability of software for network analysis, some of which has been created specifically for the analysis of this data.

The Information Explosion and the Creation of Citation Indices

By the 1950s, a million new knowledge claims were published in science journals each year, and finding relevant literature had become a significant problem for researchers (see Wouters 1999). Library specialists had already been working to deal with this problem for nearly a century by compiling composite reference lists and publications of abstracts of newly published knowledge claims (Price 1951), but it was the recognition of a new approach to information retrieval, the citation index, by Garfield in the 1950s (Garfield 1955, 1964), that made the network analysis of academic writings possible.

A citation index solves the information retrieval problem by collecting the “peer-reviews” of the whole scientific community. In simple terms, a citation index comprises a record of a specific document, a journal article for example, with a list of the basic details—originally the first author, publication date, and source—of other documents that make a citation to this original document. As new documents are published, new records are created, and the list of citations of an already published document grows longer. However, the construction of a complete index of citations for all academic writings in the 1960s was an impossible task both economically and practically (Wouters 1999:59–79); some form of sampling was required. Garfield’s preliminary study indicated that, within science, the majority of citations were received by fewer than 20% of documents that were published in approximately 15% of the total number of journals (Garfield 1979). An index based on this smaller set of journals could therefore identify a majority of the new, useful knowledge claims.

The first Science Citation Index was published by the Institute of Scientific Information in 1964. The Social Science Citation Index followed in 1968 and an Arts and Humanities Citation Index in 1975 (Wouters 1999). These three indices make up the Core Collection for the Web of Science (WoS). In 2004, a second general index, Scopus, was published by Elsevier as a rival to WoS. Other specialist bibliometric indices now include PubMed, Dimensions, Lens, and Crossref. In addition to the originally collected citation data, bibliometric repositories now contain a full listing of authors, author affiliations, document titles, keywords, abstracts, full listing of references, and funding support for the published research, relevant clinical trials data, patents, and so forth for each document. Advanced search facilities now make it possible to download this data for specific document sets and to explore the links within them from multiple points of perspective.

Although large repositories like WoS or Scopus index tens of thousands of international and regional journals across a wide range of disciplines, these sources of bibliometric data are still samples (approximately 20%) of the total population of academic writings published. They are typically most representative for academic writings in the English language, and journal-based publications. The indexing of publications in other languages is far less extensive, and strong national or disciplinary traditions of publication in books and conference proceedings means that the humanities and social sciences suffer most from the original sampling choices. Both WoS and Scopus are continually extending their coverage to address some of these missing elements, with, for example, WoS extending citation data for science back to 1900, adding a book index and a Chinese language index, and Scopus adding data for conference proceedings and book reviews. Surveys indicate that WoS has better coverage of the sciences, while Scopus has better coverage of the arts and humanities (Falagas et al. 2007; Martín-Martín et al. 2018a). Surveys (Martín-Martín et al. 2018a, 2018b) also show that Google Scholar now contains the largest repository of bibliometric data derived from a very wide range of written formats that are not typically included in academic bibliometric studies (web pages, blog posts, draft papers, unpublished theses, and presentation slides) and as a result finds the greatest number of citations to specific documents (Table 25.1).

However, since it is not yet possible to download the range of bibliometric data from Google Scholar that is necessary for network analysis, studies of knowledge networks need to understand the limitations and differences between WoS and Scopus as data sources. This is particularly important for a discipline like archaeology that crosses the boundaries of natural science, social science, and the humanities. An example of some of these differences is shown in Table 25.1, where a search for articles related to archaeology and agency generates different returns for each search system according to whether one examines the title alone, the whole text, or the title, abstract, and keywords. The frequency of different document types for the last search is also present for the WoS and Scopus illustrating the quality of data compiled.

The meaning of a citation(s) in the citation indices additionally requires consideration. The original assumption was that making a citation was a normative act to recognize the intellectual property of fellow scholars whose duty is to make their research public and usable by others (Kaplan 1965; Merton 1957). Citations, therefore, were assumed to record the influence or impact of one document and its author(s) on the writing of another.

Citations, however, may be made for many reasons. They can record positive support for the knowledge claim of the citing document, or a negative influence—a disagreement with the original claim. The citing document might be referencing the whole of the knowledge claim made in the cited document or just a part (Chubin and Moitra 1975). A cited document can furthermore become less a source of specific relevant detail and more an exemplar—a “concept symbol” (Small 1978)—of a broader approach or idea (Cozzens 1988). Feminist Sara Ahmed describes citation as “how we acknowledge our debt to those who came before” (2017:15), framing the act of citation as legacy-building (and Ahmed herself has a citation policy where she cites no white men). An investigation, therefore, of the citation practice of authors as evident in documents can provide a clear pointer to some of the implicit relations of power at work in specific disciplines or across the academy. Of course, while both presence and absence of citation might be studied, we cannot (yet) demonstrate purposeful non-citation.



Table 25.1. The results from searching in the WoS, Scopus and Google Scholar for writings about “archaeology” and “agency.” The “Type” of writing relates to writings found when searching in the “title,” “abstract,” and the “keywords.” Search conducted in November 2019.




	“Archaeology” AND “Agency”
	Web of science
	Scopus
	Google scholar





	Search in: “Title”
	32
	25
	124



	Search in: “Whole text”
	n/a
	n/a
	276,000



	Search in: “Title”, “abstract” and “keywords”
	483
(of which 78 open access)
	658
(of which 66 open access)
	n/a



	Type: Research articles
	375
	396
	



	Type: Books
	4
	36
	



	Type: Book chapters
	34
	107
	



	Type: Conference or proceedings papers
	36
	31
	



	Type: Review articles
	44
	69
	



	Type: Book reviews
	13
	
	



	Type: Editorial material
	23
	10
	



	Type: Notes
	
	3
	



	Type: Short surveys
	
	
	



	Type: Letters
	1
	
	



	Type: Data papers
	
	1
	



	Type: Art exhibits
	1
	
	



	Type: ‘Early access’
	4
	
	







Generally speaking, the number of references in academic writings has increased (Bornmann and Mutz 2015; Sánchez-Gil et al. 2018). At the same time, the numbers of citations per article differ by discipline, reflecting different writing practices (Albarrán and Ruiz-Castillo 2011). Even within a single discipline, the number of citations made in academic writings by scholars educated in different national traditions varies (Lange 1985). Variation in citation approaches has led some to argue that citations are too unreliable a source of data with which to study knowledge networks (Edge 1979; MacRoberts and MacRoberts 1989) while others suggest that we need a properly theorized understanding of the relationship between citation behavior and the making of knowledge claims (Cronin 1998; Leydesdorff 1987) such as, for example, “costly-signaling theory” (Nicolaisen 2007), or large-scale analysis of citation contexts (Boyack et al. 2018), or citation contents (Ding et al. 2014). Studies of variation in citation practice remind us that regardless of the amount and diversity of the available citation dataset, patterns derived from citation analysis always require re-contextualization and close reading for detailed interpretation.

The compilation of the citation indices and the development of their accompanying repositories of downloadable, digital, bibliometric data provides an opportunity to look at academic knowledge networks, communities of scholars, and discipline structures at levels of scale that were simply impossible through reading. The first formal application of techniques of network analysis to citation data was by Garner (1967). Other early studies (e.g. Price 1965) presumed that knowledge networks might be examined at two key temporal and personnel scales: the localized scale of a small group of connected researchers worked on a specific research problem (the research front), and the wider scale of the knowledge base of a discipline (the intellectual base). Developments in computing power and network analysis software for data downloaded from bibliometric repositories mean that it is now possible to map knowledge networks (sometimes called specialties or disciplines) and author networks from the level of the whole of “science” down to individual research problems and from a few years to many decades (Börner et al. 2003; Colavizza 2018; Flis and van Eck 2017). Since the 1960s, the challenge in bibliometric analysis has been in understanding how network relationships identified within discrete document sets relate to either discrete genuine bodies of knowledge and/or communities of scholars and how to interpret the variations observed (e.g. Klavans and Boyack 2016). In the following section, we present a set of key methods and concepts necessary to address this challenge.

Key Methods and Concepts

A citation network is a network data representation in which directed edges represent citations of one publication by another. Each node of the network represents an individual publication. The direction of the edge represents the direction of the citation: for example, if publication A cites publication B then A is influenced by B, therefore a directed edge will go from node A to node B.

A typical feature of citation networks is that they have an acyclic structure. This means that they cannot include cycles of directed edges originating from and ending in the same node. It is the chronological nature of publications that enforces this structure: a publication from 2020 can cite a publication from 2015, but not the other way around (Figure 25.1).

In reality, however, citation networks are almost never completely acyclic. The time it takes for manuscripts to be published and the practice of online pre-publication, as well as the ability for online citable content to be updated, all allow for cycles to be created where publications cite (originally) other more recent publications. Many citation network techniques require the networks to have an acyclic structure. In such cases, cycles tend to be removed before applying the technique in question. It is the acyclic nature of citation networks that makes them so powerful for identifying the main flows of concepts, knowledge, and practices and how their adoption changes through time.
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Figure 25.1. Cyclic and acyclic networks. (a) a cyclic networks of webpages. Due to the ability to update webpages, an older webpage can create a hyperlink to newer webpages resulting in cycles. (b) An acyclic network of papers. A paper from 1995 cannot cite a paper from 2005, so typically citation networks of papers cannot include cycles.



Ego-networks are subsets of much larger citation networks which include a focal publication (the so-called “ego”), the other publications it is directly connected to (through citing or being cited) and all the citations between them. Ego-networks can be used to explore the local context within which a particular publication is embedded. Ego-networks provide a particularly effective way of exploring the work of individual scholars (White 2001) by illustrating who they work with (their co-author network), the scholars and documents they cite as influences on their work (their citation identity), and how they are cited by others as influencers (their citation image). Ego-networks are also particularly useful for mitigating the effects of biases and data collection strategies of different bibliographic repositories.

Citation networks are often used to explore the relatedness of a set of publications by reference to the sources they cite as their influences or to their citation in common by other papers. A citation network can be represented in two different ways to explore these phenomena: either bibliographic coupling or co-citation. Bibliographic coupling is ideal for exploring how similar the influences of publications are. In this representation, a pair of publications is connected by an edge if they share at least one other publication in their bibliographies and the value of the edge represents the number of publications they both cite (Figure 25.2 c,d). It represents the extent to which the bibliographies of sets of publications are similar. Bibliographic coupling makes effective use of the temporal closure of reference lists at the time of publication. Assuming that academic knowledge claims will increasingly share the same cited documents when their authors are working on the same specific research problem, bibliographic coupling is recognized as a technique for identifying the research front of knowledge, scholars, and specific research problems (Persson 1994).

The co-citation representation of a citation network is useful for exploring how similarly others view a set of publications. In this representation, a pair of publications is connected by an edge if they are both cited by at least one and the same other publication, and the value of the edge represents the number of other publications that cite both publications (Figure 25.2 a,b). Co-citation therefore allows us to identify sets of publications that are considered similar or are at least very commonly cited together. The open-ended timeframe over which documents can receive citations from later citing documents means that co-citation networks bind documents and authors over potentially many years of publication. As a result, co-citation networks are considered to identify the broader intellectual base of disciplines or research specialties for authors, terms, and sources (White and Griffith 1981).
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Figure 25.2. Co-citation and bibliographic coupling (a) Publications 1 and 2 are both cited by the same two other publications, (b) which can be represented as a co-citation network in which publications 1 and 2 are connected directly. (c) Publications 1 and 2 both cite the same two other publications, (d) which can be represented as a bibliographic coupling network in which publications 1 and 2 are connected directly.



When exploring citation networks, it may seem as if influence and information are flowing between the publications themselves, when in fact these flows actually move between human researchers. It is the authors of publications who are influenced by each other’s work and who decide to formally express this influence (or not) through citation. One common way of studying the flow of influence between authors is to use bibliographic datasets to explore who works with who, and how often. In a co-authorship network, publications’ authors are represented as nodes, a pair of authors is connected by an undirected edge if they have published at least one publication as co-authors, and the value of the edge represents the number of publications they have published as co-authors.

One of the most commonly asked questions of such co-authorship networks is whether we can identify sets of authors who commonly collaborate and might be considered academic communities. This can be done by applying community detection techniques to identify sets of nodes in the co-authorship network who are more densely or more strongly connected to each other than they are to other sets of nodes (Blondel et al. 2008; Fortunato 2010; Radicchi et al. 2004; Wasserman and Faust 1994:267–270). We can then ask further questions, for instance: do the identified communities correlate with other information we have about the authors, such as their nationality or place of work, their gender, race, the discipline within which they work, or the research topic they address? Community detection is a powerful technique for identifying parallel academic debates about the same topic. For example, when applied to both co-authorship and citation networks of those authors using formal network methods, we notice a clear divide between the community of (mostly) social scientists, economists, and statisticians in the social network analysis community and the (mostly) physicists and computer scientists in the complex network science community (Freeman 2004, 2011).

Examples in Archaeology

Beyond the basic concepts presented above, network analysis of bibliometric data can be used to investigate a range of research questions in archaeology. One major line of investigation relates to the identification of the natural knowledge structure and practice of the discipline as a whole (British Academy 2017). For instance, a clustered co-citation analysis of archaeological documents indexed by the WoS and published between 2004 and 2013 has been used to examine networks of authors, of conceptual terms, and of sources (Sinclair 2016). It demonstrates that, while there is a core of archaeological knowledge and of archaeologists, there are distinctly separated clusters of concepts, scholars, and sources for publication related to fields such as archaeological survey and remote sensing, osteology and forensics, applied genetics, early hominin research, and eastern Mediterranean archaeology. The application of science to archaeological problems appears to create clusters of distinct and specialized knowledge. In contrast to scholars in the sciences, however, scholars in archaeology present knowledge claims citing older documents—more in line with their colleagues in the arts, humanities, and social sciences.

Network analysis of citation patterns can illustrate much about the structures and broad-scale behavior of scientific communities. It is more difficult, however, to determine what ideas they are exchanging back and forth, and how that information sharing affects scientific paradigms over time. A promising approach to dealing with this gap is to combine network analysis with other types of statistical models that can look more directly at the content of scientific texts. Topic modeling is one such technique, which extracts clusters of words from sets of documents (Meeks and Weingart 2012). Diverse approaches to topic modeling allow researchers to see not just who is interacting with one another, but to some extent, what concepts they are sharing with one another. This allows for more thorough, precise, and accurate detections of scientific communities (e.g. Gerlach et al. 2018; Liu et al. 2009; Yin et al. 2012), locations of experts (e.g. Zeng et al. 2010), and even surveys of the current research in a scientific field (e.g. Silva et al. 2016). An example of topic modeling used to understand knowledge networks in archaeology comes from Çatalhöyük where topic modeling was used in combination with network analysis to determine how knowledge was shared between team members (Mickel 2015; Mickel and Meeks 2015). Using topic modeling, Mickel and Meeks were able to visualize and quantify how changing team structure altered information exchanged. For instance, appointing someone simultaneously as an excavator and a chipped stone specialist resulted in the excavators speaking much more about obsidian and chert. Furthermore, when particular language and research foci were adopted by the project director, they swiftly spread throughout the team until even students were producing texts using the same language and centering on the same research questions. This level of granular analysis required both topic modeling and network analysis to understand the interplay between the social structure of the team and the interpretations of the past that this team produced.

 
Citation Structures and Power Structures

Using network analysis to examine citation practices can furthermore offer an insight into the politics of knowledge production at a disciplinary level. As universities, professional societies, and the private sector work to enhance equity and diversity and as women, members of the LGBTQ community, people of color, and people with disabilities are increasingly (albeit gradually) better represented in the field of archaeology, the issue remains whether knowledge production practices and the networks underpinning them are becoming more equitable. For instance: a number of studies have shown that a growing number of women are directing field projects (Schlegel 2014), becoming professional archaeologists (Lazar et al. 2014), applying for and earning predoctoral NSF fellowships (Goldstein et al. 2018), and completing graduate programs (Zeder 1997). Studies of British archaeology classrooms have likewise shown an increase in equitable, diverse representation across not only gender but also race and socioeconomics (Cobb and Croucher 2016). And yet, these demographic measures do not tell the full story: as of 2008, 99% of professional archaeologists in the United Kingdom were white (Aitchison and Edwards 2008). The numbers are little better in the United States (Agbe-Davies 2002). Women, meanwhile, still lag behind men in submitting major grant proposals as senior scholars, appearing at professional meetings, and securing tenure track positions (Bardolph and VanDerwarker 2016; Goldstein et al. 2018). And queer archaeologists report often having to hide or downplay their sexuality, to be taken seriously by others in the field—while others simply leave the discipline entirely (Claassen 2000; She 2000). If one is interested in interrogating whether archaeology as a field has become more diverse, more inclusive, and more equitable, these demographic measures provide conflicting answers.

Meanwhile, although citations may be included for a variety of motivations, it is undeniable that citing another piece raises its visibility, and that of its authors. Plus, citation rates are frequently used in hiring, tenure, and promotion decisions in the academy (Ali et al. 1996; Brown 2014; Meho 2007). Therefore, examining who is being cited and who is doing the citing is a meaningful way of looking beyond the demographics of who is participating in the discipline to see whether archaeology’s long-term unequal power dynamics are transforming.

Bibliometrics have been used internationally and across disciplines to draw out persisting disparities and inequalities, almost entirely with regard to gender. For example, Larivière et al.’s (2013:212) study showed that across scientific disciplines, “all articles with women in dominant author positions receive fewer citations than those with men in the same positions.” Their study built on earlier bibliometric projects finding the same disparity among sociologists (Davenport and Snyder 1995) and Norwegian scientists (Aksnes et al. 2011). These scholars acknowledge that some of this disparity may be due to women publishing less often than men—this being, itself, an inequity—but even in a field like library and information sciences, where women publish more, bibliometric studies show women are still cited less, especially by male authors (Håkanson 2005). Perhaps most relevant to the current discussion is Knobloch-Westerwick and Glynn’s (2013) study on communication science publications, which used not only bibliometrics but network analysis to test their hypotheses regarding why women communication scholars’ publications received fewer citations than men’s. In this case, network techniques allowed them to demonstrate that women communication scientists exhibited a less cohesive network of scholars citing one another than men in their field.

For archaeology specifically, in addition to Bardolph’s (2014) quantitative evaluation of publication rates in archaeology research journals, there have been a few bibliometric analyses that have examined gender and citation rates in archaeology. Those that have focused on the field as a whole (Hutson 2002), on American archaeology (Victor and Beaudry 1992), and on historical archaeology (Beaudry and White 1994) have all shown women archaeologists’ work cited less often than men’s research. Interestingly, while Beaudry and White showed male authors citing women less often than women authors did, Hutson demonstrated that, in general, both men and women cite women less often than they cite men. Yet another bibliometric study, by Copenheaver et al. (2010), suggests that this trend may not hold true for dendrochronology, which they hypothesize may be due to the high rates of inter-gender collaboration and co-authorship in this subfield.

This last finding, and the intriguing proposition as to why, points to the need for increased network studies to examine authorship and citation practices in the field of archaeology. Network analyses allow for a more structural view than bibliometric projects alone. Bibliometric analyses have made clear the persisting disparities and inequalities in our field when it comes to whose contributions to knowledge production are recognized and recirculated. But just as Knobloch-Westerwick and Glynn demonstrated that network techniques have additional explanatory potential as to why this is, using such techniques may also point to ways to restructure publication practices so as to address these longstanding power inequities.

It should be noted, of course, that nearly all of the bibliometric studies completed so far have focused on gender as the independent variable in publishing differences and the politics of citation in knowledge production. Gender is far from the only identity category that has an impact in this way; race and ethnicity, of course, certainly also play a role, as do sexuality, age, socioeconomic status, disability, and likely other factors as well. However, because these studies frequently take into account large sample sizes, and because gender has traditionally been perceived as readily available information (and a binary), most studies have focused on gender as their key metric. Moving forward, studies on knowledge networks will need to deal with the complexities of scholars’ intersecting identities as they build on the well-established foundation of justice-oriented bibliometric research in the academy and in archaeology specifically.

Knowledge Networks in Archaeology: A Wish List for Future Work

There is huge potential for the archaeological application of network approaches for the study of knowledge creation. We therefore conclude with a wish list to structure and encourage future research on this topic. In Table 25.2, we provide six research avenues to uncover this potential, and the remainder of this chapter is dedicated to describing these.





Table 25.2. The potential of archaeological knowledge network research. Six research avenues to which network approaches on archaeological knowledge communities can contribute.




	Unique contributions to archaeology:

1. Quantitatively test structural features of knowledge creation we take for granted.

2. Track the misrepresentation of ideas.

3. Explore newly available datasets of knowledge creation.

4. Analyze information networks other than academic publications.



Unique contributions to knowledge creation studies:


5. Conduct an archaeology of knowledge production

6. Compare knowledge production in archaeology to other interdisciplinary fields











Unique Contributions to Archaeology

Scrutinize the Structural Features We Take for Granted

Previous archaeological applications of bibliometrics, and indeed of network approaches in general, have revealed the approaches to be ideal for quantitatively identifying and exploring robust, large-scale patterns. This is sometimes considered a drawback, given that the large patterns in datasets are often common knowledge among discipline specialists, and their dominance in network representation and analysis can mask smaller, less apparent and anticipated empirical patterns. But we could equally turn this feature into an advantage for the study of knowledge creation in archaeology by focusing our bibliometric experiments on big data patterns that are historically known only intuitively. If an empirical pattern is known among discipline specialists to exist then it should reveal itself easily in network research. But when this is not the case or when the empirical pattern reveals itself less straightforwardly or only under certain conditions of data manipulation, then we can cast doubt, nuance, or even reject our scientific community’s collective gut feelings. This approach will prove particularly powerful when its force is directed at expected power structures, and the collaboration between archaeological subdisciplines.

For instance, we could examine the widely shared conception that academic archaeologists in research-focused universities produce more publications that earn more citations, and/or that the ideas they espouse are taken up more readily in the academic community than those put forward by archaeologists in teaching institutions or outside the academy. Bibliometric and network analysis techniques allow us to verify, potentially, if this is the case, whether there are surprising outliers to this rule, or if perhaps it is not a rule at all. And if it is not a rule—if there are unexpected institutions setting research agendas or individuals from surprising positions shaping the discipline—this would set us up ideally to look into the conditions enabling these voices to be more widely heard, while limiting others.

Similarly, we might expect that ideas and data spread more readily between archaeological subdisciplines more allied with the natural sciences, such as ethnobotany, zooarchaeology, and bioarchaeology. Perhaps there are citation subcommunities not only within these subdisciplines but across them, which are distinct from discursive circles in archaeology that rely more primarily on qualitative reasoning and social theory. Or, again, there may be linkages that surprise us, illustrating hidden or unexpected ways in which theory, emotion, data, and calculation have been brought together for some time. As with the example of entrenched power hierarchies in the discipline—and the consequences for archaeological knowledge production—this could produce lessons or “best practices” more broadly applicable for enhancing collaboration and knowledge sharing in the discipline, as well as achieving greater equity in the voices represented in dialogues about the past.

Misrepresentation of Ideas

Archaeological knowledge creation is typically shaped by a number of phenomena:


• excavations are unrepeatable experiments;

• every site and excavation is unique, leading to highly variable datasets;

• there are numerous barriers to being included in the process of archaeological knowledge generation: access to an archaeology education, access to an excavation, access to the time and place where excavation results are debated and interpreted.



In light of these, archaeological knowledge is frequently difficult to verify. It is an environment within which misrepresentation of information or finds (purposeful or not) can thrive. It is therefore crucial to study cases of misrepresentation. What are the ideas that are spreading? What does archaeological misinformation tend to look like? How do these ideas spread and how fast? What fosters or hinders their spread?

Crucially, misinformation leaves traces in the published literature and other interpersonal interactions such as social media. Bibliometrics offers techniques to trace and study cases of misinformation, misrepresentation, or personal attacks. Importantly, bibliometrics does not allow for the identification of what is correct or incorrect information, but it is a powerful tool in the rectification process.

For instance, Lynn Meskell has referred to the belief in a Mother Goddess cult at Neolithic Çatalhöyük in Turkey as evidence of how archaeology can be “prone to fads and fictions” (1995:74). This interpretation emerged from a variety of factors, but the underlying archaeological evidence used to support these claims was a few iconic, charismatic figurines of women with emphasized secondary sex characteristics. Meskell, however, has demonstrated that there are far more figurines representing phallic shapes than mother-goddesses, which she uses to counter the notion that femininity was especially or uniquely worshipped in Neolithic Çatalhöyük. Network analysis might be used to trace the origins and proliferation of this idea, by looking at citation network patterns and the status of those advancing this notion. Such examination might be used to raise red flags when trendy ideas in archaeology seem to be catching fire, and to disentangle deeply held notions based on shaky or misconstrued evidence.

Exploratory Data Analysis of Bibliometrics Data

The previous points in our wish list are focused on studying phenomena we know will be of interest to the archaeological research community. But the scale of access to so much bibliometrics data is a new situation for archaeology, and we might not yet fully realize the kinds of questions we can ask of this data or the kinds of phenomena it can be used to study. For this reason, it is crucial to stress the need in future work for greater exploratory data analysis in research using the available bibliometrics data, just because we can. In this approach, an exploratory analysis of bibliometric data collected for its relationship to a topic of interest, rather than to answer a specific research question, might allow us to explore the patterns present in the data and, potentially, be surprised by patterns we did not know existed beforehand or might have assumed to exist in different ways. Bibliometric datasets and the techniques for their examination lend themselves very well to such forms of exploratory analysis, but examples of such analyses are still rare.

For example, Dunmore et al. (2018) take such an exploratory approach in their network analysis of bibliometric data collected to explore the development of the scientific community’s attitudes to high-powered lithic microwear research. A bibliometric dataset of documents for this topic was collected on the basis of their citation of a seminal defining work—Keeley (1980)—and exploratory analysis investigated the number of times each paper was cited and the nature of the centrality of individual documents both in the broader network and within smaller clusters to see how the networks were structured. Surprisingly, while the network was in effect defined by the positive choice of scholars to use this form of lithic analysis, the documents as nodes were in fact most centrally networked around a core of papers that dispute the key assumptions and findings of its seminal work.

By contrast, Sinclair (2020) uses an exploratory approach to investigate a much larger bibliometric dataset collected to cover the discipline of evolutionary anthropology and its subfield of Paleololithic archaeology from 1970 to 2018 to explore the understanding of the work of a well-known and often-cited scholar whose academic career spans this period. Exploratory analysis shows that the discipline has changed enormously through time with new developments in scientific techniques, such as the analysis of DNA and ancient DNA, or the collection of data demonstrating abrupt climate change fundamentally affecting the nature of research now published, and the creation of new subfields. Yet at an individual level, examined through an exploratory analysis of a single scholar’s citation image and citation identity, there is still considerable continuity of focus on the material culture and hominin behaviors examined and explored through new questions and understandings.

Exploration of Information Networks Other Than Academic Publications

A final contribution to the study of archaeological knowledge creation lies in applying bibliometric techniques to datasets other than academic publications, which has been its dominant use in archaeology to date. Network research in other disciplines shows how patterns of author collaboration and the development of knowledge communities can be shaped by, and studied through, common conference attendance (Krontalis et al. 2011; Mukerji and Chauhan 2019). Such approaches might be applicable to archaeology using the data available from longstanding international conferences. Another interesting perspective would be to focus on the rejection of publications, and the rejection patterns of scholars: what does not get published and how does that shape archaeological knowledge creation? Admittedly, this data could be difficult to access on a disciplinary level, but one could imagine such a study being led internally by the editors of a particular journal.

In addition to publications and conferences, there are knowledge communities formed in the networks and patterns of grant funding awarded, and ideas circulate not only in publications produced but in the crafting of project proposals. Therefore, many of the techniques outlined here in order to examine co-authorship practices and the embedded sociopolitical factors impacting knowledge production in our discipline could equally be applied to the networks of PIs on large-scale grants such as the National Science Foundation, Marie Skłodowska-Curie Actions, Wenner-Gren Foundation for Anthropological Research, Social Science Research Council, and others.

Other forms of communication that also shape the archaeological knowledge creation process can be more fluid, developing organically through the contributions of open communities. Examples include online social media debates, in particular Twitter, where Tweeting “@” someone, using their Twitter handle, creates a directed connection with many similarities to citation. Such sources of information can be captured digitally and treated as bibliometric datasets (Grandjean 2016), but with an awareness that these mentions and communities perform a different function than formal citation. Twitter, for instance, has emerged as a hospitable place for subcommunities to offer one another support, advice, and ideas (Richardson 2015), leading to phenomena such as “black Twitter” and “academic Twitter”—densely interconnected networks where conversations transpire much more rapidly than within formal publications. Network analysis could be a powerful means of exploring the social structure and flows of interaction within “archaeology Twitter.”

With regard to all of these different ways in which knowledge can be formed—the movement of money, people, the creation of texts, and even internet communities—there is also a spatial component that could be examined using network techniques. What regions of the world have formed robust research partnerships and intellectual communities? What geographic areas are left out of these networks? Where are there unexpected intellectual subcommunities forming, and when we look into the research coming out of these places, what does it look like? What new ideas are coming out of the places where research collaborations are common, versus the places that seem to be more isolated? These questions should be explored with the structural and spatial views that network techniques make possible.

Unique Contributions to Knowledge Creation Studies

A True Archaeology of Knowledge Production

Many scholars use archaeology as a metaphor for disentangling the complex processes of knowledge creation—with regard to nursing (Paley 2001), sex hormones (Oudshoorn 2003), media (Huhtamo 1997), photography (Bate 2007), library science (Radford 2003), professional writing practice (Henry 2000), and more. By using this metaphor, these scholars are generally nodding to Foucault’s Archaeology of Knowledge (2000 (1969)). Like Foucault, they are evoking archaeology’s reliance on looking at static snapshots, and on reverse engineering to understand dynamic processes: concepts that equally apply to the study of present-day knowledge creation studies.

But what if we take this metaphor seriously? What is special about archaeological practice and subject matter that might aid knowledge creation studies in general? Our answer to this lies in three concepts: structure of social systems, long-term change, and materiality. We propose letting these concepts shape our approach to bibliometrics studies. Perhaps we could follow particular pottery sherds, artifacts, or assemblages—or even machines—across texts and trace the influence of these non-humans on the production of knowledge about the past. An approach like this would have much in common with laboratory studies and actor-network theory (Latour 2005) but would push harder on the emphasis on materiality in knowledge production as archaeologists have introduced (e.g. Olsen et al. 2012).

Most bibliometric studies so far, including archaeological applications, have tended to focus on relatively short time spans: from a few decades to two centuries at most. Of course, this is to a large extent dictated by the nature and availability of the structured sources we use in bibliometrics: academic publication and citation practices. But given our current understanding of bibliometric patterning, and the shape and nature of “short-term” knowledge creation, what can we say about more long-term change of human knowledge? Can we develop formal bibliometric models to represent and explore theories about changes in centuries-long human knowledge generation?

Network analysis, furthermore, offers precisely the snapshots in time that “archaeologies” of various knowledge production processes seek to examine. They represent an accumulation of relationships, up to a certain point, and it is up to the network analyst to add a diachronic view and interpretation to explain how this assemblage of interdependencies developed over time. Once again, this is a challenge for which archaeologists are particularly well-suited and well-practiced. This fragmentary, phased view that network analysis provides therefore further sets up for conducting an archaeology of knowledge production that is distinctly and truly archaeological in the questions it asks and its approach to those questions.

Interdisciplinary Knowledge Creation

Archaeologists often present archaeology as being inherently interdisciplinary, bridging the traditional boundaries of the social sciences, humanities, and natural sciences (British Academy 2017), and in a state of constant disciplinary renewal through the incorporation of new perspectives or the impact of newly revealed forms of data (see discussion in Stutz 2018). Bibliometric data can shed some light on these claims.

Network mapping of the sources used in archaeological research publications reveals an extraordinary range of disciplines whose research contributes to archaeology’s intellectual base including, for instance, materials science, earth and climate sciences, life sciences, biomedical sciences, cognitive sciences, remote sensing and imaging, philosophy, and economics alongside more obviously cognate disciplines such as anthropology and history (Sinclair 2016: Figure 1). Moreover, the networks of significant terms used in titles, abstracts, and as keywords in archaeological publications (Sinclair 2016: Figure 5) demonstrate how our engagement with other disciplines also shapes the conceptual knowledge of archaeology itself. Bibliometric network analysis, it would appear, evinces archaeology’s interdisciplinarity through the absence of strict boundaries between archaeological research and that in other disciplines. Archaeologists look considerably beyond their own research incorporating knowledge and understandings created outside their own discipline to unravel the increasingly complex nature of human behavioral and social change. Equipping the next generation of archaeologists with a sufficient knowledge and understanding of concepts borrowed from other disciplines must represent one of the biggest challenges for future pedagogy in archaeology.

Bibliometric data, however, also suggests that this simple picture is more complex than the description presented above. While the tightly clustered networks of terms used show the closely interlinked nature of concepts, whether traditional or new, the networks of scholars themselves (Sinclair 2016: Figure 3) are more fragmented by specialisms of period, place of research, or methodology of analysis suggesting that interdisciplinarity or perhaps the fluidity of the research questions posed is a new phenomenon or a particular feature of emergent corners of the archaeology community. The strongest links to other disciplines are to those related to genetics and isotopes, climate science, and dating, reflecting perhaps the contemporary impact of the so-called “third science revolution” in archaeology (see Kristiansen 2014 and following papers). Long-term studies of bibliometric networks may help contextualize this picture by allowing us to explore whether the permeability of disciplinary boundaries is probed more from different archaeological specialisms at different times.

The polysemous nature of any citation also highlights the limits of a high-level perspective for an understanding of interdisciplinarity. Bibliometric data demonstrating that archaeologists look beyond their disciplinary boundaries for inspiration does not necessarily demonstrate anything more than a borrowing from other research areas. More detailed analyses of the placing of citations within publications and the contribution of the cited reference to the knowledge claim being made is required to understand the nature of knowledge flows, and of the analysis of citations of archaeological publications in other disciplines to see whether the flow of knowledge and understandings is two-way, as has been recognized by citation analysts themselves (Boyack et al. 2018; Ding et al. 2014). Does the incorporation of new methodologies and new data help shape new archaeological enquiries, or is it simply appropriated into more traditional disciplinary questions (Chilton 2014)?

Finally, archaeological practice generates both knowledge and understanding that shapes a narrative of human history at every geographical and temporal scale. As such, archaeology is necessarily transdisciplinary, offering a potentially permeable boundary within and beyond the academy. However, as noted above, citation indices were originally created to solve both the problem of finding important and relevant knowledge in a world in which research outputs grew exponentially beyond the reading capacity of any individual or research teams, and to demonstrate the impact of funded research. This challenge takes on new forms as our ever-expanding archaeological literature is increasingly taken up by scholars in other fields, policymakers, and interested members of the lay public, for a range of purposes. Understanding the transdisciplinary nature of knowledge creation in archaeology will require methods to understand the flow of democratized knowledge available in more open-access forms.
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CHAPTER 26

Networks and Religious Transformations

Vojtěch Kaše, Tomáš Glomb, and Jan Fousek

Introduction

This chapter demonstrates the potential of formal network analysis for the study of religious transformations in past societies. We first clarify the most common types of network structures observed in studying religion. Drawing upon this differentiation, we introduce three levels of analysis for studying religious transformations on varying scales.

Religion Within Spatial, Social and Textual Networks

Generally speaking, spatial networks are composed of nodes and edges embedded in space, which is assumed to have an effect on the topological properties of these networks (Barthélemy 2011). With respect to past religions, nodes commonly represent settlement sites somehow associated with a religious tradition (e.g. a city with documented presence of a given religion) or locations of objects somehow associated with the tradition (e.g. a temple or inscription mentioning a deity). Since the flow of past religious interactions is often inaccessible to direct measurement, edges and their attributes are typically not specifically religious traits but might simply represent distances to n nearest neighbors or routes on a transportation network. In archaeology, spatial networks probably represent the most common form of network analysis of religion (cf. Woolf 2016) with a prominent example represented by the work of Anna Collar (2013), who applied network analysis (especially proximal point analysis: see Griffin and Klimm “Networks and Museum Collections,” this volume Chapter 10) to understand the transmission of ancient Mediterranean traditions such as the cult of Jupiter Dolichenus, the cult of Theos Hypsistos, and the Jewish Diaspora.

The second relevant type of network for analyzing religious transformations are social networks, where nodes represent human actors and edges their relationships. Here we mean social networks in a narrow sense, i.e. networks formed by socially interacting human individuals. We maintain that it is useful to strictly differentiate between social networks in this narrow sense and spatial networks, despite the fact that in many cases we study spatial networks just because we attempt to get insights into actual social networks. It is especially the case in the study of past religious phenomena, where the spatial distribution of certain types of sites or objects is often the only information accessible for quantitative operationalization. However, this does not justify merging these two types of networks into one.

The last type of network discussed here are textual networks, by which we mean mainly word co-occurrence networks (Mihalcea and Radev 2011:78–80). In these networks, nodes represent particular words, typically in their dictionary form, and edges represent co-occurrences of given words within a certain unit of a larger text or corpus. The unit might be defined either as a sentence or the immediate neighborhood within the text. The weight of the edges is then the number of co-occurrences of the same two words within the text. This approach draws upon a general assumption from distributional semantics that there exists a correspondence between how people understand certain words and how they use these words in the speeches and texts they produce (Lenci 2018). It has been suggested that distributional semantics models might be a good predictor for people’s word-association networks (Galea and Bruza 2015). With respect to the study of religious transformations, these methods might be used to analyze changes in the meaning of certain words from one text to another. Adopting these methods, we can either analyze textual networks derived from religious texts or study the usage of religion-related words in texts which cannot be described as religious per se (e.g. novels, newspapers or social media posts). While the method of word co-occurrence networks is far from being the most common one in the fields of natural language processing and computational linguistics, the fact that it can draw upon a broad palette of standardized measurements developed formerly for analyzing other types of networks makes it worthy of exploration (Czachesz 2016).

This overview of three types of network structures is not meant to be exhaustive. However, here we focus on these three since they enable us to capture a wide spectrum of phenomena generally associated with religion: from mental contents as studied by psychologists and cognitive scientists, to spatial patterns commonly explored in archaeology. This broad range of phenomena might also be theoretically stimulating for debates on the very nature of religion. For instance, analyzing textual networks can help us to become more sensitive in employing general categories such as “Christian god” or “pagan sacrifice” realizing how the usage of terms related with these concepts evolves from one author to another even within one religious tradition (cf. Kaše et al. 2022).

Analogically, the network approach might also have some implications for our understanding of religion in terms of social networks: where does a religious community start and end, who is included and who not, etc.? In the case of some cultural contexts, instead of focusing on social networks consisting exclusively of adherents to one particular religious tradition, it might be more fruitful to look at how different individuals are embedded within broader social networks of their city, class, and occupation (cf. Brughmans et al. 2019:3–4) and then to ask how this changes over time with respect to the religious practices these individuals are involved in (cf. Lofland and Stark 1965). We should not ignore the fact that someone’s association with a religious tradition rarely is a binary question, despite the exclusivist proclamations often made by religious authorities. It is exactly this fluidity which might be well captured by an appropriate application of network analysis approaches sketched above.

Analyzing Religious Transformations on Macro, Meso, and Micro Levels

One notable feature of the academic study of religion is a high extent of disagreement concerning the very nature of religion. One possible reason for this situation might be that different scholars approach religion on different levels of analysis (Lang and Kundt 2019). Religions and their transformations are observable on differing spatiotemporal scales, deserving to be studied on different levels of analysis. We suggest that network approaches can help us to identify what is common for all these levels of analysis and, at the same time, be sensitive to what differentiates them.

We identify three general analytical levels: micro level, analyzing religion on the level of spatially and temporally embedded groups or communities; meso level, approaching religion on the level of canonized traditions, like Christianity or Buddhism; and a macro level, dealing with religion from a long-term, macrohistorical perspective as a phenomenon of human evolution. We propose that each of these levels of analysis can profit from the three different types of network structures introduced above.

Micro Level

Analyzing the social network of a religious group or community, and its transformations over time, is perhaps the most intuitive level of analysis. This approach has a direct overlap with traditional social network analysis (SNA) (Everton 2018). However, since it is not so common in archaeology, we will deal with it only to a limited extent. A textbook example of SNA using religious communal data is the influential work of Samuel F. Sampson (1968) where he provided a social network dataset based on his ethnographic analysis of social relationships among a group of novices in a New England monastery. Sampson based his network on interviewing each novice concerning sympathies and affections to other novices. For example, one layer of ties between individual novices in Sampson’s dataset was defined by their answers to the question of whom they liked most and whom they liked least. Their replies can be encoded in a matrix, and interpreted as an adjacency matrix of a weighted directed network (Figure 26.1). Drawing on his observations of the novices’ behavior during his stay among them and the time of their arrival to the monastery, Sampson divided the novices into four groups—Young Turks, Loyal Opposition, Outcasts, and an interstitial group—which creates an embedded partition of the nodes which can be visualized as a corresponding block model. As shown in Figure 26.1, the positive links are much denser within the groups than between the groups and inversely in the negative links.

Approaching social network data for any religious community, it might be of crucial interest for a researcher to identify such groups or clusters within it. In the case of Sampson’s dataset, we already have such groups at our disposal (Batagelj and Mrvar 2006), produced by the author of the dataset himself, who spent a substantial amount of time within the community. However, this is not always the case, especially in archaeology and history where social networks and their change over time are commonly either constructed or approximated in little detail from historical data.



[image: image]

Figure 26.1. Block model of the Sampson’s monastery dataset based on manual labelling showing dense intra-group positive relations (top left) and dense inter-group negative relations (top center). Similar labelling can be a computed Louvain algorithm applied to the positive relation network (top right). Repeating the cluster analysis using time-resolved data reveals the evolution of the social structure (bottom).



In the absence of a ground truth for the group definition, this can be computed from the data using either stochastic block-modeling techniques or suitable community detection algorithms (see Mickel, Sinclair, and Brughmans, “Knowledge Networks,” this volume Chapter 25). Additionally, in Sampson’s case, since the dataset contains the “like” relation resolved in three time points, we can follow the evolution of the network over time. For example, as can be seen in the lower part of Figure 26.1 we can obtain some insights concerning the development of the predefined groups. We observe that some intra-cluster links of the Loyal Opposition disappear while the inter-cluster connectivity is reinforced. Moreover, the node-level metrics such as betweenness centrality could be used in conjunction with the cluster partitioning to identify nodes that could use their position between the clusters to contribute to stabilizing the network.

It appears that for a scholar studying religion and its transformations on the level of individual communities, the application of formal network analysis methods is a straightforward option. This scholarship can draw on an extensive body of works and advanced tools associated with standard SNA literature. This seems to be a promising research path, despite the fact that, quite surprisingly, SNA scholars “appear to have little or no interest in exploring the interplay of networks and religion” so far (Everton 2018:p. xviii).

Archaeologists and historians commonly do not possess sufficient amounts of data suitable for analyzing historical religious communities by means of formal network tools. To deal with that, social networks are used rather heuristically and in an abstract way (Czachesz 2011; White 1992), sometimes in combination with computer simulations (Kaše et al. 2018). Alternatively, social networks are approximated from data of a different type (e.g. Collar 2013; Munson et al. 2014; Mazzilli 2022). However, these analyses rather pertain to the other two levels of analysis.

Meso Level

Scholars interested in religious history typically do not have direct access to individual religious communities. Accordingly, they also commonly follow a different research interest, approaching religion on a different level, in terms of religious traditions and their dynamics. Without doubt, religious traditions are formed by individual communities, but these communities alone claim that they are part of something bigger, which itself deserves to be analyzed. On the one hand, relying on rather general descriptive categories like Christianity or Islam, this level of analysis might suffer by being quite insensitive to internal dynamics of religious systems; on the other hand, it is well justifiable when focusing on spatial dimensions of religion, such as with the dissemination of a religious tradition in terms of diffusion. We will demonstrate this approach by focusing on diffusion dynamics of two religious traditions in the environment of the ancient Mediterranean: the spread of early Christianity through the Roman Empire and the Egyptian cults through the Aegean Sea region a few centuries earlier.

The spread of Christianity throughout the ancient Mediterranean has been the subject of an immense number of studies. However, most studies have been purely qualitative, based on close reading of early Christian literary texts, mainly because of a lack of accessible material evidence. An exception represents the work of Rodney Stark. In his two books (Stark 1997, 2006), Stark introduced a series of hypotheses concerning the spread of Christianity throughout the ancient Mediterranean. Two of his hypotheses deserve to be mentioned verbatim: (a) “The closer a city was to Jerusalem, the sooner a city had a Christian congregation” (Stark 2006:77). (b) “Larger cities had Christian congregations sooner than smaller cities” (Stark 2006:81). Stark tested these hypotheses relying on a dataset of the 31 biggest cities of the Roman Empire, by employing a rank-order correlation between the date of first appearance of Christianity in these cities against their geographical distance from Jerusalem or their estimated population size.

In one of our studies (Fousek et al. 2018) we empirically reassessed Stark’s original hypotheses in terms of diffusion on a spatial network while employing a more extensive dataset. To calculate distance from Jerusalem, we employed a virtual transportation network model for the Roman Empire ORBIS (Scheidel et al. 2012; see Rivers, Evans, and Paliou, “Gravity and Maximum Entropy Models,” this volume Chapter 12), which consists of cities, roads, rivers, and sea routes as edges and enables a calculation of distance, time duration, and financial expense of travel between 649 cities within the network. Using this data, we operationalized the distance as a cost of travel within the transportation network model, which allowed us to incorporate both sea and land travel in a consistent fashion.

Concerning the presence of Christianity in the cities, we geocoded three historical maps depicting places with documented Christian presence before the year 100, 200, and 304 (Van der Meer and Mohrmann 1958). As a result, we obtained a network graph in which each node represents a city and has two important attributes: (1) population size estimate, and (2) a date before it settled a Christian congregation (either 100, 200, or 304). The edges represent a simplified version of routes from the transportation network, where the weight attribute is cost of travel. This dataset was then employed to assess Stark’s hypotheses.

We first built a gravity model to assess the amount of interaction between two cities within a network (Anderson 2011; see Jiménez-Badillo, “Nearest and Relative Neighbourhood Networks,” this volume Chapter 11) in which the distance variable was substituted by the cost of travel. Using Spearman rank-order correlation, we found a statistically significant relationship between the first documented presence of Christianity and (a) its distance (respectively the cost of travel) from Jerusalem, (b) its population size, and (c) a combination of the two factors. We further built a network model based on effective distance (Iannelli et al. 2017). The effective distance model transforms the diffusion process on a network into a homogenous traveling wave, which allows us to capture the diffusion dynamics without constructing and running an iterative computational model. As a result, we obtained a tree with a source node in Jerusalem representing the most probable paths of the spread of the process, which could be evaluated statistically against the documented presence of Christianity (Figure 26.2). This method was especially useful in being able to capture the role of big cities like Rome and Alexandria. However, we also note that it performed significantly worse when modeling the data from the later period, where the factor of distance was probably much less important than in the earlier period.

Our network model of the spread of Christianity took into consideration only spatial and demographic factors, while possible cultural forces were ignored. This does not imply that these factors cannot be involved in such an approach. To demonstrate this possibility, we introduce a second example, a study concerning the spread of Egyptian cults through the ancient Mediterranean a couple of centuries before Christianity.
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Figure 26.2. Effective distance tree model of Christianization of the Roman Empire in a geographical (left) and abstract (right) visualization. The dots represent cities; the color indicates historically attested presence of Christian community within the city.



It is well documented that under the rule of the Ptolemaic dynasty, Egyptian cults began to spread outside Egypt to ports and coastal areas of the ancient Mediterranean (Bricault 2004). One of the recent and influential voices in the lengthy debate, Laurent Bricault, argues that the spread of these cults was influenced mainly by four factors which were not mutually exclusive—commercial, economic, political, and social (Bricault 2004). In another study produced by our team (Glomb et al. 2018), we decided to explore the role of these factors, while conceptualizing this phenomenon as a long-term transmission of specific cultic practice from one sociospatial milieu to another happening on a transportation network. We were interested in whether we could reveal the spatial correlations between the archaeological evidence related to the Egyptian cults and other proxies, related to political, commercial, or general strategic factors, to determine which of these factors promoted the spread of these cults across the Hellenistic Aegean Sea with more significant impact than others.

Because the ORBIS transportation network model introduced above is too coarse for specific regions such as the Aegean Sea, we constructed our own transportation network for this study based on the interpretation and geocoding of the local maritime routes described in the ancient peripli collected by Pascal Arnaud (2005).The local presence of the Egyptian cults on the transportation network in the Aegean Sea was based on the spatial distribution of the archaeological evidence from the 3rd and 2nd century bce (collected in Bricault 2005). We then geocoded a database of Ptolemaic garrisons in the Aegean Sea collected by Bagnall (1976) as a suitable proxy for the local Ptolemaic political presence (Figure 26.3).
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Figure 26.3. Visualization of all the potential factors of influence in the process of the spread of the Egyptian cults on the transportation network in the Aegean Sea.



Finally, to approximate Egyptian commercial activities in the region, we had to identify potential markets for imported Egyptian grain, because Hellenistic Egypt was one of its main exporters. To achieve this, we constructed a mathematical model which, based on environmental and demographic datasets, estimated whether an island in the Aegean Sea could have suffered from potential food shortages and could therefore have been in need of grain imports and thus in more intensive contact with Egyptian merchants (for details, see Glomb et al. 2018).

An additional variable represented the approximate traffic intensity of Egyptian ships in each port and therefore its potential importance for the process of the spread. Because the spread was directional, the point of origin being Egypt, a simple deterministic agent-based model was constructed to (a) send agents from Egypt (Egyptian ships) to each port on the network using the shortest network paths (in km), and (b) count how many times each node was visited by an Egyptian ship traveling elsewhere on the network.

The aim of the study was to explore the spatial relationships between the selected factors of potential influence and the distribution of the Egyptian cults; the quality of these relationships was defined by the geographical distance on the transportation network, i.e. if a city had both an Egyptian temple and a Ptolemaic garrison in its proximity on the network, then the relationship between the religious and political proxy is strong/positive and vice versa. To pursue this goal, the shortest paths on the network routes between each pair of nodes were calculated. To evaluate the role of selected factors both individually and cumulatively, we fitted two variants of a generalized linear model (GLM). The model focused on explaining the variability in the response variable (intensity of the Egyptian cults as measured by proximity in km to temples and artifacts) by the impact of three predictors: political influence, famine vulnerability, and strategically advantageous position. The results produced by the models suggest that the spreading dynamics of the Egyptian cults in the Aegean Sea region was a multifactorial process with the political factor as the most influential one, and the famine vulnerability with traffic intensity contributed with a lower impact.

This second example clearly indicates that to focus on spatial and demographic constraints is not always sufficient for understanding general patterns behind spatial dissemination of religious traditions. However, it also demonstrates that a study originally operationalizing the phenomenon as a network diffusion process might be easily elaborated further and extended to evaluate the role of a large number of other predictors by means of a generalized linear regression model.

Macro Level

Religious traditions are not timeless entities; they emerge, flourish, or die in dependence of the environment surrounding them. Therefore, it might be useful to look at religion from an even broader perspective, that of human evolution. On this level, religion is viewed as a set of beliefs and practices which are subject to transformations as the population maintaining them faces new challenges with respect to social organization and living standards. There is an ongoing discussion concerning the dynamics of religion over the last 10–12 thousand years, from the end of the last ice age and the invention of agriculture. For most of human evolution, people lived in small-scale groups, with a majority of day-to-day social interactions and cooperation based on kin ties and repeated encounters. It is puzzling then what motivated people to cooperate in anonymous environments of emerging large-scale societies, with frequent but non-repeated social interactions between strangers (Turchin 2015). From this perspective, the most disputed empirical question is concerned with certain religious innovations supporting the increasing complexity of human societies (Norenzayan et al. 2016).

One research trajectory suggests that a religious innovation in the form of belief in morally concerned supernatural agents (the so-called Big Gods) could strengthen trust among cooperating strangers, and in this way enhance the functioning of society as a whole. As “communities increase in complexity and size, the gods’ powers and moral concern also become greater” and “by the time we get to state-level societies, Big Gods predominate and religion becomes intensely intertwined with public morality” (Norenzayan 2016:473). Other scholars criticize this approach and instead propose a key role of frequently repeated rituals as a factor in establishing common identities and thus producing more cohesive societies (Whitehouse et al. 2019; see also Whitehouse et al. 2022). Despite the different mechanisms at work, both views focus on particular religious transformations as somehow galvanizing large-scale societies by supporting trust and cooperation among interacting strangers. Network approaches can stimulate this research in at least two ways. First, the transition from cooperation based on kinship and repeated encounters to cooperation involving numerous interactions between anonymous strangers might be analyzed in terms of changes in the structure of social networks. Second, some of these innovations can be traced by means of identifying changes in meaning of certain words in historical texts, a process which might be captured by analyzing textual networks.

In terms of social networks, due to some religious innovations, “People may trust in, cooperate with and interact fairly within wider social circles, partly because they believe that knowing gods will punish them if they do not” (Purzycki et al. 2016:327). In terms of network analysis, it would be illuminating to explore whether a social network of individuals believing in Big Gods or participating in frequently repeated collective rituals will on average have a higher degree than members of a social network of individuals missing this belief or not participating in this sort of practices. Alternatively, we can hypothesize that the shared belief in morally charged Gods creates additional weak ties in the social network, well-suited to support the trust layer of the network.

There are a couple of studies approaching this sort of hypothesis by means of formal network analysis, mainly by drawing on data from contemporary societies. Eleanor Power (2017) analyzed social support networks in two contemporary villages in rural South India. The social support network data resulted from a survey conducted with adult residents of the villages who were asked to free-list those individuals who had provided them some sort of social support during the period of last few months. Power was especially interested in the relationship between individuals’ involvement in publicly observable religious practices and their position within the social support network. She hypothesized that since some forms of religious actions are widely observed by other villagers, they might be “potentially used as signals of a person’s character and commitment, influencing how others react to and relate with that individual” (Power 2017:2). Employing exponential random graph models (ERGMs), she found that people are more likely to go to a person for support if that person worships regularly or undertakes greater and costlier public religious acts. By contrast, people are less likely to go to someone for support if that person becomes possessed.

Power’s approach is explicitly based on signaling theory of religion (Bulbulia and Sosis 2011; Henrich 2009). According to this theory, costly religious acts might serve as reliable signals of commitment and trustworthiness exchanged among members of a society. Because commitment and trustworthiness have certain effects on cooperation within the society, involvement of costly practices might have cultural evolutionary implications for survival fitness of a given society.

Jessica Munson and her colleagues used a very similar theoretical framework while turning their attention to evidence for bloodletting rituals recorded in Classic Maya hieroglyphic texts. Munson and colleagues noticed that previous research on cultural evolution of costly rituals was commonly based on analyzing synchronic data from contemporary religious populations and therefore could not sufficiently address how such rituals varied over time or spread between different social groups in the past (Munson et al. 2014:2). To overcome this limitation, they used the Maya Hieroglyphic Database to identify all instances of the ZYC grapheme, a term which has been deciphered as ch’ahb’ and semantically closely related with self-sacrifice and bloodletting. They identified 72 sites in the southern Maya region where hieroglyphic monuments were produced during the Classic period from 278 to 889 ce. Within these sites, the authors identified 69 monuments containing the ch’ahb’ glyph in a context directly associated with bloodletting.

To explain the spatiotemporal distribution of these bloodletting statements, Munson and colleagues constructed a formal network of sites with ties based upon the appearance of foreign emblem glyphs and toponyms in hieroglyphic statements describing specific types of sociopolitical relations (e.g. antagonistic, diplomatic etc.) between Maya polities associated with respective sites (Munson and Macri 2009). First, employing a generalized linear mixed model, the authors found that the occurrence of ch’ahb’ bloodletting records is best predicted by antagonistic statements. Second, using QAP correlation, the authors identified homophily in the dataset, pointing out the fact that sites that record bloodletting statements also exhibit a strong tendency to have ties with like others (Munson et al. 2014:9). The association of bloodletting and antagonistic statements about warfare and conflict is consistent with the costly signaling theory of religion, since an elimination of free-riders needs to be addressed especially in a context of potential conflict or warfare. However, we should not overlook that in this case the effect of religion on social networks is studied rather indirectly as approximated by a network of sites.

As already suggested, under certain circumstances, religious transformations on the macro level might also be fruitfully studied by means of textual networks. There is a common view that a crucial step in the development of Big Gods was an appearance of the so-called world religions: “By the start of the Common Era (CE), universalizing religions with powerful moralizing gods (or cosmic forces), universal ethical codes, and contingent afterlife beliefs had emerged across the Old World” (Schulz et al. 2019:1). From this perspective, it has been proposed that Christianity “introduce(d) a stronger moralizing component than previous local religions, as well as the adoption of supernatural beings overtly concerned with morality, which were largely absent in earlier ideologies” (Mullins et al. 2018:615). But was it really the case? One option of how to answer this question is to analyze changes in the meaning of the concept of god as captured by word co-occurrence networks.

To explore this question, we generated word co-occurrence networks for each text from 687 texts in a corpus of “Lemmatized Ancient Greek Texts,” dated to the period from 8 bce to 4 ce (Kaše 2020). Including both pagan and Christian texts and covering a time span longer than one millennium, this dataset allows us to obtain valuable insights concerning cultural evolution of religion in the whole ancient Mediterranean region. For each of the networks, we generated a subnetwork consisting from 30 nearest neighbors surrounding the Greek term θεός (god) in these networks. This allowed us to inspect how the understanding of god changed from document to document, from author to author, and, especially, how it evolved from one time period to another (Figure 26.4). Using an automatic translation of a standardized list of morally loaded words (Graham et al. 2009), it was possible to measure changes in the strength of association between the Greek term θεός and the domain of morality. This analysis clearly indicates a substantial increase in this association during the period from 8 bce to 4 bce. It is especially remarkable that the association strength between a representation of god and morality in texts from 4 bce is even higher than in early Christian texts which started to appear approximately 400 years later. This finding challenges the popular opinion expressed above, seeing the higher association between the concept of god and morality in connection with the emergence of so-called world religions.
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Figure 26.4. Nearest neighbors of the term θεός in word co-occurrence networks based on the Iliad (left) and the Gospel of Matthew (right).



Taken together, it should be clear that formal network analysis has a lot of potential for analyzing religion and religious transformations on the macro level, from the perspective of human evolution. In that respect, we envision that network approaches can represent a crucial theoretical and methodological framework for bridging the gap between the rather traditional historical study of religion and recent naturalistic approaches to religion anchored in life sciences (Lang and Kundt 2019).

Conclusion

In this chapter, we introduced a series of examples on using network analysis to study religious transformations in past societies. Using these examples with a focus on different levels of analysis respecting the scale of the research problem (micro, meso, and macro), we aimed to demonstrate which specific formal network analysis methods are most fruitful to employ with regard to specific network ontologies (spatial, social, and textual).

Spatial networks are probably the most common in archaeology and often might be constructed from the data in a straightforward manner. However, since the study of religion is concerned with human thought and behavior, in proceeding further we also introduced social and textual networks. Considering these two other types of networks is especially meaningful when we attempt to capture not only the external dynamics of a religious tradition (e.g. its spread to new areas), but also the internal one (i.e. changes in social networks or meanings of concepts). The fact that the studied environment does not offer enough data to make these models rigorously empirically testable should not lead us to give up building them completely, since these models still possess important heuristic value (Brughmans et al. 2019). We conclude that the formal network approach to the topic of religious transformation is in its pioneering stages and has significant potential for research problems along the whole spectrum of the academic debate, from those related to individuals in groups to those related to human evolution.
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Cultural Transmission and Human Evolution
 
 
 

CHAPTER 27

Perspectives on Human Behavioral Evolution from the Study of Primate Networks

Valéria Romano and Sergi Lozano

Introduction

Human beings are highly social. Our societies are organized at multiple levels, forming hierarchical structures of group sizes (Hamilton et al. 2007) that vary intraspecifically. An issue of interest archaeologists and anthropologists share with other disciplines—such as behavioral and evolutionary biology, and animal behavior—regards the selective mechanisms leading to this diversified set of social behaviors. One way to investigate how individual behavior scales up in more complex social systems is through the analytical assessment of the social structure. Social network analysis (SNA) provides a set of metrics that uncovers patterns of social interactions (see Peeples et al., “Introduction,” this volume Chapter 1). In archaeology, social networks have long been used to represent the connectivity among regional groups or populations (e.g. Whallon 2006), but only recently has the formal use of SNA become prominent (Brughmans 2010; Collar et al. 2015; Mills 2017; Peeples 2019; this volume).

Grounded in these methodological advances, it is now possible to review ideas and to develop hypotheses that contribute to deeper understanding of the structure of human groups and their change over time. Yet the study of the evolution of social behavior in archaeological contexts is still in need of a network perspective (Romano et al. 2020a), which can be fulfilled by integrating what we have learned from other fields with similar research interests. In particular, the study of population social structure has a long history in biology.

Classical studies on social analyses conducted up to the 1960s are reviewed in Crook (1970), and placed within a modern analytical framework by Whitehead (2008). SNA entered behavioral ecology approximately 20 years ago, and since then it has become evident that social structure mediates many ecological (e.g. population stability) and evolutionary (e.g. sexual selection) processes (Kurvers et al. 2014). Perhaps because of the remarkable variety in primates’ social organization, primatologists were among the first to apply SNA to study animal social behavior. They demonstrated that social connectivity is dependent on many factors (e.g. relatedness, De Moor et al. 2020), and that it may vary through time, according to variation in the socioecological contexts (Sueur et al. 2019). Preferential relationships emerge as a reinforcement of social interactions (Hinde 1976), and this ultimately reflects social tradeoffs individuals are exposed to (e.g. defense against predator but increased contagious risk, Wilson 1975; see also Alexander 1974).

Findings from the primatological literature can thus provide new insights for archaeological and paleoanthropological investigations of human behavior as it helps to identify outstanding questions for future studies and may guide the development of hypothesis-driven approaches. Grounded in the recent incorporation of SNA within archaeology, this chapter aims to revisit the literature of behavioral ecology, specifically from primate networks, to explore how social structure can affect multiple ecological and evolutionary outcomes. This chapter is divided into three sections. The first briefly introduces the classical framework for the study of animal social behavior and outlines the application of SNA in primatology. The second explores the effects of social structure on key ecological and evolutionary outcomes. The third translates some of these topics into the study of human behavioral evolution. It is known that a comprehensive evaluation of the similarities and differences between humans and their closest-relatives provides the means to investigate the evolution of human behavior (e.g. Carvalho et al. 2012). We therefore hope to highlight how cross-disciplinary applications of SNA can contribute to investigations of the evolution of human social behavior.

Translating Animal Social Structure into Network Thinking

In animal behavior studies, social structure is frequently conceptualized using Hinde’s framework (Hinde 1976). He designed three levels of associations for the study of social behavior: (1) individual behavior (or interactions, as he also called them); (2) social relationships; and (3) social structure. At the fundamental basis of his framework is individual behavior, denoting the nature of the activities (content) and how it is performed, i.e. quality (Hinde 1976). An individual’s behavior, for example, can comprise one or more types of activities including food transfer, fights, and copulation, among others. Subsequently, the nature of activities defines the quality of the individual behavior. It in turn affects the social relationships between dyads (i.e. a pair of individuals).

At the second level of the framework, a relationship refers to the patterning of social interactions, e.g. the content and quality of interactions within each existing dyad (Hinde 1976). For example, relationships summarize how frequently individuals are in direct or indirect contact with each other. At the third level there is social structure, denoting the overall quality and patterning of social relationships in a group (Hinde 1976). It is important to highlight that Hinde’s conceptual framework is multidirectional: social structure feeds back into social relationships, which in turn affects individual behaviors. Surely, there are many social and environmental factors that operate at different levels of this framework. Examples include the influence of physiological variables on individual behavior, the effect of kinship on social relationships, and the influence of cultural institutions on social structure (Hinde 1976). Recently, Hinde’s framework has been updated to incorporate information transmission at the final level of the model (Cantor and Whitehead 2013), and by considering a simultaneous evaluation of information and pathogen spread as opposing entities driving social behavior, and consequently social structure (Romano et al. 2020b).

If we translate Hinde’s framework into network parlance, individual behaviors relate to nodal attributes (Figure 27.1). Relationships are translated into the linkages connecting these nodes, and the social structure is represented by the network topology. In light of Hinde’s framework and using a network-based approach, it is now possible to explore variation in individual fitness in the context of social behavior. In the following, we present relevant works in primate networks by focusing on two aspects: (1) the relative importance of a node’s position within the network, and (2) the general importance of the network (overall) structure.
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Figure 27.1. Schematic representation of Hinde’s (1976) framework translated into a network parlance. Interactions, relationships, and social structure are represented as rectangles at three levels with multidirectional effect (a). In this framework, individual behaviors are equivalent to nodes and relationships represent the linkages among the nodes. Social structure is finally represented by the network topology (b). In archaeology, social networks are mostly studied at a macro-scale, with nodes representing regional groups, communities, or entire populations.





Node-Based Analysis

There are many metrics to estimate a node’s centrality (e.g. degree, strength, eigenvector centrality, see Filet and Rossi, “Network Methods and Properties,” this volume Chapter 2), and each provides information on a given aspect of an individual’s position in the network. Among the most common, and the simplest of them, degree and strength (or weighted degree) refers to the number of neighbors and the relevance (normally measured by frequency of interactions) among dyadic relationships between the given node and its neighbors, respectively. Some others consider the number of shortest connections that pass through a node (i.e. betweenness centrality), or estimate how a node centrality is dependent on the weighted connectivity of its direct neighbors (i.e. eigenvector centrality). While local-scale analyses provide valuable information about the immediate environment (i.e. direct connections; Scott 2017), network-scale metrics such as betweenness centrality reflect a broader context including third-party connections in the network. This may be an important differentiation as the majority of social behaviors often occurs within an interconnected network (Brent 2015). These are ultimately relevant factors in the lives of social species (Table 27.1).

There is an array of evidence showing that an individual’s network position can be linked, among others, with dominance rank (Wooddell et al. 2019), stress-levels (Brent, Semple, et al. 2011), contagious risk (Balasubramaniam et al. 2019), and the spread of tool-use behaviors (Claidière et al. 2013). For example, male chimpanzees (Pan troglodytes schweinfurthii) with high betweenness centrality participate in more aggressive coalitions, which increases their reproductive success (Gilby et al. 2013). In another example, female Japanese macaques (Macaca fuscata) interacting with more partners (high degree) had fewer lice than those interacting with less partners during winter and summer (Duboscq et al. 2016b; Figure 27.2). However, centrality measures are frequently correlated with one another, requiring caution when generalizing results (Scott 2017). One example is the fact that nodes with the highest degree may not have the highest eigenvector centrality; an individual may have several partners (high degree) that by themselves do not have many partners (low eigenvector centrality) (Sueur et al. 2011). Therefore, it is important to keep in mind the complexity inherent to the social network position.



Table 27.1. Examples of social network metrics and their link with ecological and evolutionary outcomes. Contrasting evidence is plausible.




	Network metrics
	Outcome
	Species
	Reference





	Degree
	Thermoregulatory ability
	Vervet monkeys (Chlorocebus pygerythrus)
	McFarland et al. 2015



	Strength
	Pathogen transmission
	Japanese macaques (Macaca fuscata)
	Romano et al. 2016



	Betweenness centrality
	Reproductive success
	Chimpanzees (Pan troglodytes schweinfurthii)
	Gilby et al. 2013



	Eigenvector centrality
	Offspring survival
	Chacma baboons (Papio hamadryas ursinus)
	Cheney et al. 2016
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Figure 27.2. Example of a primate network. Social interactions of Japanese macaques (Macaca fuscata), shown in (a) were collected for about 11 months to build affiliative social networks, as shown in (b). In this example, authors created weighted grooming received network of adult females during spring. A node represents an individual, with its size and color relative to degree centrality and lice load, respectively. The bigger the node, the higher the degree. The darker the node, the higher the lice load per grooming unit. Variation in edge size is relative to the strength of social interactions. The thicker the edge, the more frequent grooming received.  Photo: V. Romano. Network reprinted from Duboscq, J., Valéria Romano, Cédric Sueur, and Andrew J. J. MacIntosh (2016). Licensed under a Creative Commons Attribution 4.0 International License.





Overall Network Structure

Studies of non-human primates have frequently investigated how individual behavioral decisions scale up in the complex social structures we observe in nature. The variety of primate social systems is expected to be a result of individual adjustments to the distinct socioenvironmental pressures they face. For instance, some macaque societies are more egalitarian than others (Thierry 2007), and this is reflected in how subdivided their networks are (Sueur, Petit, et al. 2011). The overall network structure can be quantified, for instance, according to their degree centralization (a few individuals monopolizing the whole group interactions), overall clustering coefficient (how densely individuals are connected within their neighborhood), and density (general level of connectivity in the network), among others (Sosa et al. 2020)—each network property representing a different aspect of the social structure.

With this is mind, it is plausible to explore how patterns of individual interactions directly or indirectly affect population-level outcomes. For example, the degree of modularity—the level of network subdivision into differentiable modules or subgroups (Newman 2006)—is known to influence pathogen transmission in primates. A comparative study using networks from 19 primate species showed that large groups exhibited high values of modularity, which has been associated with lower richness of socially transmitted parasites (Griffin and Nunn 2012). This was later called the “social bottleneck hypothesis”; larger groups were more subdivided, which favored the “break” of social transmission (Nunn et al. 2015). Interestingly, other studies showed that low values of modularity also favored social transmission and intermediate levels produced the highest network efficiency (Nematzadeh et al. 2014; Romano et al. 2018). Together, these results highlight that the variability in an individual’s behavior leads to complex social structures. It is thus important to explore in more detail how social structure mediates important ecological and evolutionary outcomes.

Primate Networks, and Ecological and Evolutionary Outcomes

SNA has considerably contributed to the study of primatology (Brent, Lehmann, et al. 2011; Sueur, Jacobs, et al. 2011), shedding light on the fitness implications for individuals (e.g. Cheney et al. 2016). The corresponding literature is extensive, including special issues of the American Journal of Primatology (2011) and the journal Primates (2019), and we do not aim to review it all here. Instead, we outline a few key topics of research to exemplify how social structure mediates important evolutionary and ecological outcomes.

Population Stability

One fundamental question in behavioral ecology and/or primatology relates to the mechanisms underlying network cohesion (Lehmann et al. 2007). The benefits of group cohesion include reduced risk of predation and access to social information (Alexander 1974), but little is known about the resilience and robustness of social networks—i.e. the ability to withstand perturbations in the system, such as the removal of individuals. It has been hypothesized that social inheritance can explain the maintenance of social structure, with the vertical replacement of network positions (parents to the offspring) promoting the emergence of stable networks (Ilany and Akçay 2016). Depending on the intrinsic features of the network components (node composition and changes in the distribution of connections among nodes), the network can be robust despite variation at the node-level. In a theoretical study that recreated social network structures of tolerant and intolerant species of primates, the removal of central individuals caused a decrease in network efficiency but did not lead to network fragmentation (Puga-Gonzalez et al. 2019). To date, a small number of studies have addressed how this variation affects the whole network structure, and as might be expected by the vast range of animal social systems, they present distinct results (Shizuka and Johnson 2019).

Cultural Transmission

Another key topic in behavioral ecology concerns social information transmission (e.g. knowledge, behavior, and/or innovations that are transmitted from one individual to another; Duboscq et al. 2016a; Whiten et al. 2016). Social learning allows the transmission of information among individuals, and it has been widely reported among primates (Canteloup et al. 2020; Coelho et al. 2015; Hobaiter et al. 2014; Whiten et al. 1999). For example, central individuals with high eigenvector centrality might have more opportunities to observe and interact with others than less central individuals, which would affect their probability of acquiring information (Claidière et al. 2013). Some individuals may copy the common behavior from nearby individuals, revealing the effect of social conformity in primates (van de Waal et al. 2013). All these mechanisms have important consequences on how culture emerges, evolves, and persists (Tomasello 2016). Despite intensive research on information/cultural transmission, it is only very recently that the effects of knowledge state (i.e. informed versus naïve) on animal social connectivity has been considered (Kulahci and Quinn 2019). Studies show that socially well-connected individuals are more likely to acquire behavioral innovations, and that individuals performing such knowledge (e.g. opening a new foraging device) may change their social status such as gaining more social connections (Kulahci et al. 2018). This positive feedback loop between information access and social connectivity may help explain resilience in the information transmission process in the animal kingdom (Whiten 2018).

How Do Structural Approaches from Primate Networks Apply to Human Behavioral Evolution?

As explained above, the evolutionary processes in non-human primate networks can be useful in archaeological contexts—they provide a theoretical and empirical basis in SNA that can be further developed. We can now explore the link between social networks and ecological/evolutionary outcomes using the archaeological record; insights taken in behavioral ecology could serve as null models in prehistoric archaeology. This finds a broad application, and questions such as “what is the relative importance of local groups within their full network?” can be assessed in many contexts and to distinct societies (small-scale farmers, fisher/farmers, pastoralists, etc.). By way of example, we show how the aforementioned background could support the study of cumulative cultural evolution of prehistoric hunter-gatherer societies from a structural perspective (Romano et al. 2020b).

Prehistoric hunter-gatherer societies are an ideal case study for this purpose, since they present both great opportunities and challenges. On one hand, this offers a unique opportunity to observe long-term cultural transmission processes in action. On the other hand, it usually highlights limitations of archaeological data for the application of SNA, such as incomplete records and the aggregation of data into varying time and spatial scales (Brughmans 2010; Peeples et al. 2016; Prignano et al. 2017), which are even more critical in the prehistoric case. In order to address this case study in more detail, we first need to better introduce the relationship between social structure and cultural change.

Influence of Social Structure on Culture

The influence of social structure on cultural change has been addressed for many decades (e.g. Cavalli-Sforza and Feldman, 1981). It is justified by the fact that cultural transmission does not occur randomly but, instead, individuals tend to acquire behavioral traits from others through social interactions or spatial proximity. Based on this feature, it is possible to track cultural transmission through the population and make predictions regarding the system’s evolution over generations (Cavalli-Sforza and Feldman 1981). A more detailed study on the relationship between social networks and cultural transmission can be found in this volume (see Buchanan and Hamilton, “Networks and Cultural Transmission in Hunter-Gatherer Societies,” this volume, Chapter 29).

The relationship between social structure and cultural complexity underlies much of how archaeology studies the evolution of past societies. Through the analysis of material culture, it is possible to investigate how human movement and inter-group interactions affected or have been affected by culture. For example, Riede (2014), focusing on the features of the Late Glacial Bromme culture in Denmark, related the reduction in technological complexity with a rupture in the social networks in the context of the Laacher See eruption. In another study, Mills et al. (2013) used a large-scale database of material culture (i.e. decorated ceramics and obsidian) to research spatial and temporal variation in social connections during the late prehispanic period in the United States Southwest following regional-scale migrations. In short, these studies relate changes in culture (and its complexity) with significant alterations of the sociospatial structure.

In the case of prehistoric hunter-gatherers, the study of long-term cultural processes through the formal analysis of archaeological networks is still underexplored (see Romano et al. 2020a for a comprehensive discussion on this topic). The limited application of SNA to assess cultural changes might be explained by the fact that archaeological taxonomies are widely interpreted as static blocks. Traditionally, archaeological data has been classified into discrete subsystems (often based on assumptions about “ethnicity,” e.g. Barton, 1997). Such an approach disregards the dynamic processes that may have led to the spatiotemporal distribution of identifiable material culture. Recently, some authors have highlighted the need to overcome this static view of cultural taxonomies and reconcile them with evolutionary frameworks (Riede et al. 2019). In this line, the study of the cumulative cultural evolution of prehistoric hunter-gatherer groups (i.e. their ability to gradually change cultural traits based on the knowledge inherited from multiple generations) seems a good application for cross-disciplinary and integrative analytical frameworks, as we have proposed elsewhere (Romano et al. 2020a). To provide an example, in the following section we discuss the role of group subdivision on predicting cultural changes during prehistory.

Exploring the Role of Modularity on Cumulative Cultural Evolution

Among distinct network properties, there is a growing literature stating that modularity (and its related concept of “nestedness”) plays an important role on social transmission dynamics in animal networks (Griffin and Nunn 2012; Kamilar et al. 2014). From the field of human experimental and theoretical biology, researchers have also observed that partially connected groups (i.e. more modular networks) show higher rates of innovation and more diverse toolkits than fully connected groups (i.e. less modular networks) (Derex and Boyd 2016), and that intermediate levels of fragmentation could maximize cultural complexity (Derex et al. 2018). But it depended on the extent to which innovation relied on a population’s preexisting technological richness (or “toolkit diversity”) (Derex et al. 2018). These examples provide evidence that social structure in general—and to some extent, modularity in particular—conditions cultural changes.

All this knowledge can be integrated with the findings on primate networks reported above to inform research on the cumulative culture of prehistoric hunter-gatherers. For example, if central individuals (i.e. those interacting with many others across the network) play a key role in cultural transmission, but social learning is commonly supported by a few strong ties among close individuals, one may ask questions such as: Is there an “optimal” degree of social connectivity favoring cultural complexity? Or, were regional groups less connected to the rest of the network (e.g. peripheral groups) more likely to present cultural specialization?

As possible ways to address these sort of questions, we have recently proposed analytical frameworks integrating formal SNA and computational experimentation (e.g. Lozano et al. 2020; Romano et al. 2020a). First, by means of its experimental approach, we can simulate cultural dynamics based on the influence of structural modularity of primate networks on cultural transmission. Then such results could help to interpret cultural change in the prehistoric archaeological record from an evolutionary perspective (as proposed by Riede et al. 2019). We expect the development and application of these sort of interdisciplinary approaches to ultimately benefit studies in archaeology in general and those on prehistoric hunter-gatherers in particular.

Summary and Perspectives

This chapter proposes integrating structural approaches from behavioral ecology to research on human behavioral evolution in the archaeological context. The goal of such a cross-disciplinary application is to discuss an analytical framework—a “network thinking” perspective—to unleash the potential of recent methodological progress on archaeological network analysis (e.g. Romano et al. 2020b). To this end, this chapter makes three contributions. First, we have introduced a theoretical framework commonly used in behavioral ecology to conceptualize the embeddedness of an individual’s behavior into the social structure (Hinde 1976). Second, we have outlined the literature on primate networks. As primatologists have long been aware of the influence of social structure over many ecological and evolutionary processes, their findings provide us with the background to develop null models. Thus, the information provided from behavioral ecology and SNA in primates could be applied to study more complex societies.

This chapter addresses the influence over social dynamics of structural features from two complementary perspectives: (a) The node’s position within the network; and (b) the overall network structure. For each one of them, we have identified structural metrics that have been linked to ecological and evolutionary outputs. At the last section of this chapter, we have provided an example of how to incorporate the experience from behavioral ecology to a topic of interest for archaeologists: the role of social structure on cumulative cultural evolution in prehistoric hunter-gatherer societies. After justifying the interest of studying the interplay between social structure and human cultural evolution, we have shown the potential of approaches combining computational experiments and formal SNA techniques to address the archaeological record in a continuous and dynamic way.

Beyond these specific case studies and examples, the cross-disciplinary application proposed in this chapter can push forward archaeological research on several long-term cultural processes and prehistoric human groups (including small-scale farmers and pastoralists). Indeed, all the required elements (theoretical frameworks, knowledge about the interplay between social structure and cultural dynamics, as well as analytical approaches based on computational modeling and SNA) are already present. Differences on key aspects of case studies (such as mobility and hierarchy) could be translated into different sociospatial structures. Then the main features of these structures and their interplay with cultural dynamics could be explored using knowledge from behavioral ecology and network analysis. The only limitation, but a very important one nonetheless, is to be aware of the orientations, requirements, and constraints particular to each discipline when combining them.

Applying an interdisciplinary approach to answer questions of specific fields is important for pushing boundaries and producing new insights (e.g. Kolodny et al. 2018). This practice generates complementary hypotheses as well as methods that can provide useful means of dealing with the inherent challenges of each field. By illustrating the scope of the findings on primatology, we highlighted that the study of social networks is a promising research avenue to investigate the ecological and evolutionary process that shapes biological systems. We thus hope that this chapter encourages researchers in archaeology to venture deeper into cross-disciplinary studies.
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CHAPTER 28

Paleolithic Social Networks and Behavioral Modernity

Claudine Gravel-Miguel and Fiona Coward

Introduction

Writing about Paleolithic social networks is simultaneously easy and challenging because few formal network studies focus on this time period. This is surprising, because many studies have demonstrated that the concept of culture—and thus cultural transmission, an inherently ‘networked’ process—is at the root of key milestones in modern human evolution (Boyd and Richerson 1985, 2005; McBrearty and Brooks 2000). Moreover, some have argued that increases in inter-population connectivity may have led to the ‘behavioral modernity’ that increased modern humans’ resilience to the ecosystemic changes that probably contributed to other hominins’ extinctions (Cullen 1996; Greenbaum et al. 2019; Migliano et al. 2020; Stiner and Kuhn 2006). With this in mind, one would think that documenting how social interactions changed throughout the Paleolithic should be central to research on human origins. Why, therefore, are Paleolithic studies of social networks still so sparse?

In this chapter, we present some of the challenges that explain why formal network methods alone are difficult to apply to the Paleolithic and thus why such studies are still too few. These main challenges are: (1) the fact that we cannot assume that the non-sapiens hominins who created most of the Paleolithic record shared the modern human behavioral capacities linked to social network formation; (2) the enormous time-depth and resulting destructive effect of cumulative taphonomic processes on the Paleolithic record, which creates palimpsests that are difficult to compare; and (3) the nature of prehistoric hunter-gatherer lifeways, which typically left insufficient archaeological traces to reconstruct cultural interaction from material culture similarities. To mitigate these challenges, we suggest that researchers could combine formal network methods with a variety of new alternative and complementary approaches. In particular, we argue that agent-based models (ABM) offer enormous potential for testing social network reconstruction methods and exploring network questions that cannot be answered solely from the archaeological record. By way of illustration, we present an ABM that demonstrates why archaeologists should use caution when interpreting networks reconstructed from artifact similarities, especially for societies with low rates of artifact production and discard, as inferred for the Paleolithic.

Problems and Solutions When Studying Paleolithic Social Networks

Formal network analysis techniques—i.e. analyses that create sets of nodes connected by edges—have proven extremely useful analytical tools in archaeology but remain rare in Paleolithic studies. Artifact similarities between sites and regions have been used to explore the social relations of Paleolithic populations (Rivero and Sauvet 2014; Buisson et al. 1996; Fritz et al. 2007), but few have reconstructed formal nodes-and-edges networks (Gravel-Miguel 2017). In this section, we summarize some of the challenges that explain this discrepancy but argue that they do not altogether invalidate the use of these techniques in this period.

Applying Human Experience Concepts to Species Other Than Homo Sapiens

Much of the Paleolithic was populated by species other than Homo sapiens, and we cannot uncritically assume that those hominins practiced the sociality, cultural transmission, and engagement with material culture that underpin the use of social network analysis in later periods. However, conversely, we should not automatically assume that non-sapiens hominins lacked our cognitive facility and drive for material engagement. For example, the artistic/aesthetic capacities of Neanderthals, once assumed to be minimal, are currently undergoing a significant re-evaluation (e.g. Hoffmann et al. 2018). Moreover, research increasingly highlights the evolutionary importance of social structure and connectivity over biological boundaries. Those studies show that population density, mobility, encounter rate, and connectivity may be more important than cognition for maintaining and transmitting complex cultural traditions (Grove 2016, 2018; Riede 2008; Shennan 2001). ‘Behavioral modernity’ may thus be less biological and more structural—perhaps even partly driven by inter-species contact, for example between Neanderthals and modern humans (Creanza et al. 2017; Carja and Creanza 2019). Such work highlights the potential of social network methods to better understand behavioral variability not just within but also between species.

However, since Paleolithic hominins left sparse archaeologically visible material culture, we argue that, to analyze their networks, archaeologists should refer to research focusing on other social mammals such as chimpanzees (Whiten 2017) and cetaceans (Cantor and Whitehead 2013) that provide examples of social networks reconstructed without material culture. One could also turn to the body of literature on the emergence and evolution of culture. This work, which relies heavily on mathematical models, assumes the existence of cultural transmission and social networks as fundamental to human interaction, and explicitly models the implications of such interactions without quantifying social networks per se (e.g. Bentley and Ormerod 2012; Derex et al. 2018; Powell et al. 2009). While this work has traditionally focused on demographic factors as drivers in innovation and cultural transmission, recent research has moved the focus to explain how cultural transmission and social network characteristics impact innovation and diffusion (Derex et al. 2018; Dodds and Watts 2005; Eerkens and Lipo 2007; Kandler and Caccioli 2016; Watts 2002). Such models have considerable potential for exploring Paleolithic social structure, interconnectivity, and the adaptiveness of variable social structures in changing ecological conditions, which could help test assumptions regarding the social organization of different hominins.

Limitations of Paleolithic Material Culture

Formal methods to reconstruct social networks often rely on mapping inter-site assemblage similarities as a proxy for social interaction (Coward 2010; Graham and Weingart 2015). However, the Paleolithic is notable for the sparseness of its archaeological record because foraging, the major mode of subsistence for most of the period, entails mobile groups living at low population densities (Bird et al. 2019; Kelly 2013). These typically have less ‘stuff’ than settled groups (Shott 1986; Testart et al. 1982), and what they do have is often not designed for longevity (and hence archaeological survival).

Taphonomic processes have further impoverished this material record, and unevenly so, with a more severe impact on earlier periods and on artifacts made from organic materials. The stone tools and animal bones that did survive are informative in many ways but using them to reconstruct networks provides only a partial, biased reflection of past social relations. However, it should be noted that some Holocene social network analyses also focus on a restricted range of artifact types (Golitko and Feinman 2015, obsidian; Phillips and Gjesfjeld 2013, ceramic raw material; Östborn and Gerding 2014, Roman bricks) and are nevertheless highly informative. With this in mind, we argue that the potential of lithic artifacts to inform on Paleolithic social interaction (Tostevin 2012) should be revisited.

To date, most Upper Paleolithic social network studies have focused on similarities in ‘symbolic’ objects such as portable art objects and ornaments, rather than lithics (e.g. Buisson et al. 1996; Schwendler 2012). This may be because lithics’ utilitarian morphological constraints and restricted chaînes opératoires reduce the range of stylistic markers that may reflect social contact (Barton 1997; Conkey and Redman 1978; Eren et al. 2018), and because modern foraging communities often exchange ‘symbolic’ objects to solidify alliances (Wiessner 1982). However, as art only appeared ~40 kya and remained sparse until ~20 kya, the restricted time-depth of networks reconstructed from ‘symbolic’ objects means that they cannot easily be compared over the longue durée in the way that networks derived from more ubiquitous lithics could. In addition, ‘symbolic’ objects are not immune to the poor excavation practices of early 20th century research, which likely ignored artifacts now known to be markers of ritual behavior (Gravel-Miguel et al. 2017). Even for the most recent period of the Paleolithic, the relevant ‘symbolic’ record still comprises small samples whose consistency across sites is difficult to establish, making it difficult to compare ‘symbolic’ assemblages between sites to recreate social networks. Furthermore, the ABM model explored below suggests that consistency in the kind(s) of artifacts used to reconstruct social networks is important, as different rates of production and discard generate assemblages that differ considerably in terms of our ability to reconstruct the underlying networks they reflect. Therefore, while ‘symbolic’ objects may seem to offer more scope for reconstructing social networks, a sounder strategy for examining long-term trends in social networks might be to base reconstructions on the more ubiquitous and consistent lithic evidence, or a combination of both.

When relying on ‘symbolic’ objects, we suggest that a heuristic approach to reconstructing networks might help circumvent the issue of low sample sizes in individual artifact types. For example, using multiple artifact types to establish links between contemporaneous sites could provide a more general overview of shared cultural practices (e.g. Bahn 1982; Coward 2010). This approach is challenging because each form of evidence is vulnerable to different taphonomic processes, but done carefully, it should facilitate the identification of general patterns across networks and allow other questions to be addressed. Moreover, such networks could also inform on different kinds of social interaction as reflected by different artifact types (Coward 2010) or help test cultural taxonomies (e.g. Reynolds and Riede 2019).

Alternatives to formal network analytical methods can also be useful. Mathematical, agent-based, and phylogenetic models do not necessarily produce formal node-and-edge networks but can nevertheless provide valuable information on temporal trends in social connectivity and its ramifications. For example, ABMs have been used to evaluate the mutual effect of direct contacts between Neanderthals and modern humans (Barton et al. 2011; Greenbaum et al. 2019), and to infer changes in network densities and cultural transmission patterns from rates of cultural innovations seen in archaeological assemblages (Creanza et al. 2017; Perreault and Brantingham 2011). Alternatively, d’Huy (2013) used phylogenetic analyses of similarities in myths, alongside genetic data, to map cultural transmission without reference to material culture. Such approaches use trait similarities between entities, and mathematical analyses in ways similar to social networks methods, and are especially valuable for the long time-depths of Paleolithic datasets in which evolutionary trends are more readily apparent.

Low Resolution Temporal and Geographical Datasets

The cumulative effects of taphonomy over the enormous time-depth of the Paleolithic period and its inexact dating, coupled with Paleolithic populations’ low densities and limited reliance on material culture, often results in datasets whose resolution is both low and uneven, with older assemblages more time-averaged than younger ones (Perreault 2012). This makes it difficult to establish a sufficient number of even roughly contemporaneous sites to act as nodes linked into informative networks. While analyses have been able to model networks of ~50-year durations for more recent archaeological periods (Borck et al. 2015; Mills et al. 2013), time slices of ~1000–3000 years are more realistic for the Paleolithic (Coward 2010; Rivero and Sauvet 2014). Such low resolution conflates hundreds of generations and reduces accuracy in the spatial distribution of cultural traits (Miller-Atkins and Premo 2018). Arguably, patterns seen at this low resolution reflect broad-scale evolutionary trends and may overlook shorter-term or local-scale heterogeneity in social and material practice reflecting variable ‘solutions’ (including ‘unsuccessful’ solutions that do not survive long enough to leave a strong signature in the archaeological record), potentially making temporal change look much more linear than it really is. Therefore, low resolution networks may be useful for answering broad-scale questions, but one should keep in mind that those cannot be used to infer social contact between specific individuals or even generations.

In addition to poor chronological resolution, poor geographical resolution also presents challenges. Taphonomy makes it difficult to identify meaningful and consistent nodes; many early ‘sites’ comprise palimpsest aggregations of materials derived from across the local landscape (e.g. Schick and Toth 2006 re: African Oldowan sites), while caves and rock shelters are over-represented in Paleolithic archaeology in contrast to open-air sites that were likely used more regularly, and thus may have contained important social network markers. Unfortunately, given the relational nature of social networks, any missing data can significantly bias the reconstructed networks and their interpretations, often in unpredictable ways (Kossinets 2006; Smith and Moody 2013).

Even simply identifying individual nodes in a Paleolithic archaeological network can be tricky. Many foragers practice fission–fusion strategies to map themselves onto variable ecosystems, making it difficult even for social anthropologists to determine what constitutes a meaningful ‘group’ (Layton and O’Hara 2010). High mobility also makes it difficult to determine archaeologically whether different sites represent different groups or repeated occupations by the same group. Nor is the determination of edges any simpler: distinguishing the material signatures of indirect, down-the-line trade (or cultural transmission) and direct procurement (or innovation) is a general problem for prehistoric applications of social network analysis, but one compounded for the Paleolithic where rates of production and discard are usually low.

To calibrate those ‘site-to-node’ expectations, Paleolithic researchers can refer to ethnographic data on ranges and mobility patterns in comparable ecosystems where they exist (Binford 2001; Kelly 2013), and isotopic studies where geology and preservation conditions allow, to provide more direct insights into past group ‘territories’, the scale of mobility, and thus potential site contemporaneity and network boundaries. Recent methodological developments also provide new ways to mitigate some of the problems caused by poor resolution Paleolithic datasets. For example, Gjesfjeld (2015) recommends stress-testing networks inferred directly from archaeological data by randomly removing nodes, edges, or both, to determine the robustness of the underlying trends and the networks’ sensitivity to missing data. ABM can also be used as an exploratory laboratory where archaeologists can control for many of the problems of real-world archaeological datasets enumerated here (Premo 2020). Complex systems can be generated based on parameters that mimic a variety of processes (taphonomic, social, cultural, and ecological), each of which can be controlled independently to understand their individual and combined impact on the overall system (Romanowska et al. 2019). Outputs can then be compared with the fragmentary and biased archaeological record to better understand the processes behind its formation. Modeled networks can also be stress-tested to investigate the extent to which missing data reduces the accuracy of archaeological reconstructions, and hence allow archaeologists to understand the limitations of their datasets and interpretations (e.g. Davies et al. 2016).

While ABMs provide a suite of techniques distinct from social network analysis, their application to Paleolithic and hunter-gatherer contexts has yielded exciting new insights that demonstrate the potential of combining the two (e.g. Romanowska et al. 2017; Wren et al. 2019). Here we use an ABM to show how different behavior patterns are reflected in material networks, and to evaluate the accuracy of using artifact similarity between sites—perhaps the most common method of archaeological network analysis—to reconstruct Paleolithic networks.

ABM Case Study

Our model—written in NetLogo (Wilenski 1999)—uses simple assumptions to simulate cultural transmission and the production of archaeological objects within a network structure defined by the movement of agents between camps. This approach allows us to assess how changes in production and discard rates impact archaeologists’ ability to reconstruct the network of camp visits from artifact similarities. In particular, it allows us to explore the effect of low production and discard rates associated with Paleolithic societies on the results of our network reconstructions. We summarize the model here; however, for more details, the reader should refer to the ODD protocol and the R code used for its analysis, available on the CoMSES.net repository (Gravel-Miguel 2020) at: https://doi.org/10.25937/r16k-z217.

The model simulates two populations, equal in all respects but with dichotomous patterns of artifact production and discard, allowing us to focus on the impacts of those behaviors on the accuracy of our network reconstructions. One of these populations produces and discards culturally informed objects in low quantities—we call this the ‘Paleolithic’ scenario, since Paleolithic networks have often been studied using similarities between art objects, which are archaeologically scarce and thus inferred to have been produced and discarded in small quantities (e.g. Gravel-Miguel 2016). The other population produces and discards objects more frequently. For simplicity, we call this the ‘Holocene’ scenario, as Holocene networks are often reconstructed from decorated ceramics, which were produced—and thus presumably also discarded—in higher quantities than Paleolithic art (Mills et al. 2013). We do, however, recognize that such a black-and-white distinction between Holocene and Pleistocene groups is simplistic not just in terms of rates of production and discard but also in terms of other variables such as population size and density, mobility, social structure, etc. Clearly some Holocene groups retained relatively low rates of production and discard, and/or also remained relatively mobile. Conversely, some Paleolithic groups were relatively large and complex, pursued relatively settled lifestyles, and produced considerable quantities of material goods. The model merely aims to present a simplified distinction between two highly generalized lifeways. For code simplicity, the population size is kept constant in both scenarios. However, as population size influences the number of artifacts a society produces, one should expect to find similar results when comparing scenarios based on production and discard rates with scenarios based on population size.

Model Overview

A simulation follows 10 camps of 12 agents each—6 travelers and 6 producers—who form social networks. At the beginning of a simulation, camps are randomly set on a flat landscape without real geographical characteristics. Potential alliances are randomly assigned between travelers and camps. To start, each traveler randomly chooses one of its allied camps to visit. As the simulation progresses, travelers use probabilities to choose which allied camp to visit based either on distance (i.e. often favoring the nearest camp), or on a desire to deepen already-created relationships (i.e. often favoring camps they have visited before). As they visit other camps, each traveler brings a producer with them.

The role of each producer is to produce artifacts, modeled as a set of ‘stylistic traits’, represented as integers. At the beginning of a simulation, each producer is assigned five such traits from a normal distribution centered around a value obtained from their camp’s number (0–9), thus representing a specific ‘style’ shared by all producers from a specific camp. Producers transfer cultural knowledge to one another at intervals chosen by the user. When a producer accompanies a traveler on a camp visit, they therefore have a certain probability of learning the “stylistic traits” of the producers associated with that camp, which contributes to the widespread transmission of culture. Artifacts are discarded at frequencies controlled by the user, creating a proxy archaeological assemblage that can be analyzed with formal social network techniques. At the time of discard, the model calculates the Euclidean distance between all pairs of artifacts that are just getting discarded. The model creates artifact links (edges) between the camps of producers (nodes) who share statistically similar objects (artifacts with Euclidean distance below a statistically calculated threshold). At the end of a simulation, the model calculates two scores: the network-score calculates the ratio of inter-camp visits reflected in artifact links, and the artifact-score calculates the ratio of artifact links that represent inter-camp visits. Together, these two scores determine the degree to which simulated networks of direct contact can accurately be reconstructed from artifact similarities.

We ran the model with different variable settings (Table 28.1). Each combination was repeated 125 times, for a total of 2000 simulations, each run for 10,000 steps (values determined by preliminary analyses documented on CoMSES.net).



Table 28.1. Variable settings used for this research.




	Variable
	Settings run
	Meaning





	Fitness?
	True
	Visits are based on previous visits



	False
	Visits are based on distance



	Artifact-production
	20
	‘High producers’ learn from one another often (every 20 steps)



	200
	‘Low producers’ do not learn from one another often (every 200 steps)



	Alliance-rate
	3%
	Producers go on visits often



	7%
	Producers do not go on visits often



	Mode
	Variable
	Cultural transmission is done through a mix of conformism and prestige (see Eerkens and Lipo 2005)



	Alliance-output
	200
	‘High producers’ discard artifacts often (~ once every 200 steps)



	1000
	‘Low producers’ do not discard artifacts often (~ once every 1000 steps)









 Results

Model results suggest that archaeologists using stylistic similarities to reconstruct social networks face a tradeoff between the accuracy of the network- and artifact-scores, as these two display weak negative correlations (Spearman’s p = −0.20 and −0.22 for “Holocene” and “Paleolithic” respectively, p-value < 0.0001 for both). In other words, when artifact similarities correctly identify all inter-camp visits (high network-score), similar artifacts are also found between camps that were never in contact (low artifact-score). Data exploration shows that this is due in part to the indirect transmission of stylistic markers: e.g. when producers from camp a visit camp b, and then producers from camp b visit camp c, similarities between camps a and c can occur without direct contact between them. This inverse relationship is stronger when travelers favor camps based on previous interactions over distance (Table 28.2), suggesting that strong alliances lead to more indirect cultural transmission.

Changing the parameter settings of the model to produce the two scenarios discussed above shows that social networks reconstructed from stylistic similarities are less accurate for societies with low rates of artifact production and discard (“low producer” or “Paleolithic”) than for those with high rates (“high producer” or “Holocene”) (Table 28.2 and Figure 28.1). Assuming perfectly preserved archaeological records, we could expect to accurately identify most inter-camp direct contacts of high producers, with the significant caveat that many reconstructed links may connect camps that were never actually in contact. Conversely, in the alternative scenario of low artifact production and discard rates that best represents the Paleolithic, researchers would be unlikely to identify all direct interactions even with a perfectly preserved archaeological record. In addition, they would also reconstruct many links that represent indirect rather than direct contacts.



Table 28.2. How changing parameters impacts the average network- and artifact-scores. We tested the significance of the difference using non-parametric Wilcoxon two-sided tests on network-scores (skewed distribution) and Student’s two-sided t-tests on artifact-scores (normal distribution). ***statistically significant difference, with p-value < 0.001. For all tests, the number of observations = 4000.




	Variable change
	Changes in the mean (and 95% CI) of network score accuracy (estimate)
	Changes in the mean (and 95% CI) of artifact score accuracy





	Favoring nearby allies over already visited ones
	−0.05***
CI: −0.04 to −0.05
	+0.10***
CI: 0.09–0.11



	Increasing artifact production rate
	+0.04***
CI: 0.03–0.05
	+0.10***
CI: 0.09–0.11



	Increasing artifact discard rate
	+0.05***
CI: 0.04–0.07
	−0.06***
CI: −0.07 to −0.06



	Increasing visit frequency
	+ <0.01***
CI: −0.02 to 0.00
	−0.07***
CI: −0.08 to −0.06



	Increasing visit length
	+0.05***
CI: 0.04–0.06
	−0.06***
CI: −0.07 to −0.05









[image: image]

Figure 28.1. Comparing the network- (grey) and artifact-scores (black) by scenario. Notches show the 95% Confidence Interval (CI) around the median.



These results show that no scenario leads to perfect reconstructions of social networks through stylistic similarities. Therefore, we argue that archaeologists should be careful when using this method to reconstruct social networks, especially for populations or artifact types that have low rates of production and discard.

Prospects for the Future

Is it thus possible and advisable to conduct formal social network analyses in the Paleolithic? We argue that, at least for the Upper Paleolithic and perhaps also for earlier periods, network methods still hold considerable potential. Moreover, we think that some questions specific to the Paleolithic can perhaps be answered only with social network methods, especially if archaeologists can draw from complementary alternative methods, including phylogenetic analysis, mathematical models of cultural transmission, and ABM.

We even think that reconstructing networks from artifact similarities can still provide important information. We suggest, however, that such networks should be recreated using multiple artifact types wherever possible, as the results of our ABM show that networks reconstructed from stylistic similarities of individual types of infrequently produced and discarded artifacts are often inaccurate. Relying on multiple artifact types would boost sample size and could offset variability in rates of production and discard across different types. The problems identified by our model could be further offset by calculating coefficient of similarities between contemporaneous sites based on the shared frequencies of different artifact types (Mills et al. 2013) rather than by using simple presence/absence of stylistic traits within types and applying “thresholds” to determine which edges should be included (Peeples and Roberts 2013).

Additionally, we argue that the more ubiquitous and consistent—albeit more stylistically constrained—lithics record should be included in such analyses to mitigate taphonomic bias and variability in production and discard rates across different artifact types. Some “classes” of stone tools may already present opportunities to apply network methods to the Paleolithic. For example, the substantial datasets on Acheulean handaxes offer valuable opportunities for carefully designed network analyses to provide useful insights to the debate on the relative contributions of raw material, environment, phylogenetic, cultural, and social factors on the transmission of manufacturing skills (e.g. Key 2019; Lycett et al. 2016; Shipton and Nielsen 2018). Raw material sourcing data could also provide information that could be translated into formal social networks (e.g. Aubry et al. 2016; Fernandes et al. 2008). Most lithic material can be dated only indirectly, making site contemporaneity difficult to establish; however, this general archaeological problem extends beyond social network analysis and has not prevented lithic studies from providing robust insights (Tostevin 2012).

Furthermore, we believe that social network methods are particularly well suited to answer a few questions specific to the Paleolithic. One of these is the general evolution of social networks, a “scaling up” that culminated in the behavioral modernity that arguably distinguishes Homo sapiens from other hominins (Coward 2016; Gamble 1998). Some have argued that the temporally and geographically restricted networks of the Lower and Middle Paleolithic resulted in frequent cultural extinctions and reinventions that prevented cumulative cultural innovation, and that the material culture changes widely interpreted as evidence of behavioral modernity became possible only when greater connectivity allowed the stabilization and widespread rapid dissemination of technological innovations (Cullen 1996; Stiner and Kuhn 2006). Recent research has further suggested that inter-species connectivity may also have played a role in these changes (Greenbaum et al. 2019). We suggest that combining formal social network methods to techniques from allied disciplines offer considerable scope to test these different hypotheses on the emergence of behavioral modernity.

Social network methods are also ideal for investigating the question of Neanderthal extinction. As noted above, “behavioral modernity”, often invoked as an explanation for Homo sapiens’ survival and the Neanderthals’ demise, is increasingly related to variability in social network structure and cultural transmission rather than biology. Homo sapiens’ greater inter-population connectivity is associated with improved ecological resilience, higher rates of innovation, and better diffusion of technological adaptations. Additionally, interregional exchange of material goods, information, and mates is an important risk-buffering mechanism among modern hunter-gatherers (Whallon 2006). While demographic models of past populations have typically assumed homogeneous, unstructured, and panmictic populations, such models clearly do not adequately explain the spread of new genetic traits and phenotypes in ancient populations (for example, the recent work on the speciation of Homo sapiens in Africa by Scerri et al. 2018), nor the processes by which inbreeding among disconnected populations such as Neanderthals may have led to reduced resilience in the face of increasing environmental variability and ultimately extinction (Barton et al. 2011; Harris and Nielsen 2016; Sikora et al. 2017; Vaesen et al. 2019). Social network approaches, combined with ABM and mathematical models, may thus be useful not just to archaeologists but also to geneticists investigating the complex patterns of interaction, interbreeding, and cultural and genetic exchange among Neanderthals, Homo sapiens, Denisovans, and potentially other, as-yet unknown species (Villanea and Schraiber 2019).

Conclusions

The considerable challenges that the Paleolithic record poses to social network analysts may explain why these approaches remain under-utilized in this period. Nonetheless, we argue that such techniques have considerable potential for studying social networks of the Paleolithic when cautiously applied; indeed, in this chapter we identify key Paleolithic research questions for which social network methods are particularly well suited, as well as potentially fruitful areas that could be targeted by Paleolithic network analysts. While Upper Paleolithic ‘symbolic’ objects are perhaps the most obvious source of data to reconstruct social networks, we suggest that lithic data, or better a compilation of multiple artifact types including lithics, may provide the best line of evidence for long-term comparisons of social networks throughout hominin evolution. We suggest that researchers should use concepts drawn from cultural transmission and evolution, social physics, and phylogenetic analyses among others to complement formal network analysis methods to model prehistoric networks. In addition, researchers should use methods designed to test the reliability and robustness of the reconstructed networks, such as stress-testing, exploring the effects of thresholds on edge inclusion, and statistical testing with bootstrapping. The ABM used here clearly shows the potential strength of models used alongside social network methods to gauge the robustness and significance of empirically identified patterns, and thus improve our analytical methods.

The potential for such work is clear: understanding variability in social interaction and connectivity is central to some of the key questions in human origins research, informing on interbreeding, speciation, material engagement, creativity, and reliance on technology over the course of hominin evolution, and their implications for survival and resilience in challenging environments. The authors hope that an increase in connectivity between academic subpopulations in different disciplines and trained in a range of complementary techniques—as demonstrated by this volume—will have a significant impact on human origins research. We can but hope that we are at the beginning of a Paleolithic social network “gold rush,” which will enable us to answer questions about prehistoric social interactions that might have been deemed unanswerable before.
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CHAPTER 29

Networks and Cultural Transmission in Hunter-Gatherer Societies

Briggs Buchanan and Marcus J. Hamilton

Introduction

Humans are a highly social species. Humans form groups at all levels of social organization, from pair-bonding between individuals and the formation of family units, to foraging groups, companies, religious organizations, and nation states. All these groups are bound together by information shared among individuals forming discrete group identities and levels of shared intentionality (Tomasello 2009). The evolutionary ecology of sociality in animals, mammals, and humans is well-studied (e.g. Clutton-Brock 2016; Krause and Ruxton 2002; Silk 2007; Tomasello 2009). Here we focus on two concepts central to the sharing of information in human societies through time and across space: networks and cultural transmission.

By definition, social groups are formed by flows of information, materials, and energy between two or more individuals as they interact. The structure of group members, their interactions, and the flows that result can be modeled as networks. In network models, flows are depicted as edges or connections between nodes, which can represent groups of people, individuals, or locations, for example. Flows may be uni- or bidirectional, sometimes weighted by the frequency or strength of the interaction. In archaeological studies, nodes are often sites or artifacts. Modeling interactions through networks is particularly informative when networks are not fully connected (i.e. not all members interact with each other at the same frequency), in which case the structure of the network becomes particularly important. The statistical properties of a network impact the behavior of the system thus shedding light on how networks function and their purpose in particular systems (Newman 2018). Like many networks, human social networks are rarely fully connected, especially at increasing scales of organization, and thus analysis of the structure is revealing. Indeed, the ability of humans to form networks that link non-related individuals sometimes at the scale of millions of people is unique in mammals, and the mathematics and statistics of human network structures across scales are a major focus of network theorists (Newman et al. 2006). For example, the hierarchical, modular nesting of social groups into complex interaction networks seems to be a universal characteristic of human social organization, from the structure of hunter-gatherer bands to the formation of cities (Bettencourt et al. 2007; Bettencourt 2013; Hamilton et al. 2007a). Moreover, mathematically, this statistical structure is fundamental to the formation of economies of scale in human systems, thus linking network structure to economic productivity.

The flows of information, materials, and energy among individuals within networks is the domain of cultural transmission. Cultural transmission is the sharing of culture through observation and learning among individuals. Although culture has been defined in many ways, we utilize an explicit definition that defines culture as the information that individuals acquire from others that is not genetically inherited or individually learned (Laland and Hoppitt 2003). Furthermore, the cultural information shared within a group is central to forming group identity. A defining feature of the human species is the exceptional capacity for social learning that allows for the rapid transmission of complex information among individuals and across generations. Particular pathways of social learning are often biased by the ways that individuals preferentially learn from others, which in turn can impact the network structure of information flows. Cultural transmission is thus a defining feature of cumulative cultural evolution and the evolution of increasingly complex cultural traditions (Henrich 2016; Henrich and McElreath 2003).

In this chapter we examine human networks and cultural transmission in hunter-gatherer societies. Because hunting and gathering was the socioeconomic framework for the vast majority of human evolutionary history, understanding how hunter-gatherer societies form networks is critical to developing a deep understanding of the evolution of human social structure and the ways in which information flows within and between groups. Our goal in this chapter is to describe some of the ways in which hunter-gatherer networks can be studied in the archaeological record. To accomplish this, we start by examining hunter-gatherer networks in the ethnographic and ethnohistoric records. We do this because the reconstruction of prehistoric networks in the deep past will always be limited by the sparse material record, and so archaeologists often rely on ethnographic studies to inform the past. We connect these findings to archaeology via ethnohistoric and ethnoarchaeological studies. We then present case studies that investigate hunter-gatherer networks inferred from the archaeological record of late Pleistocene North America. By progressively moving from studies of hunter-gatherer networks in modern groups to the archaeological record via ethnohistoric and ethnoarchaeological studies we highlight the topics most suited for each domain and in so doing shed light on the aspects of hunter-gatherer networks in the archaeological record that are amenable to analysis. Lastly, we discuss avenues of future research for networks and cultural transmission in hunter-gatherer studies.

Hunter-Gatherer Networks in the Ethnographic Record

In this section we develop an understanding of hunter-gatherer networks from recent studies of the networks of contemporary and ethnohistorically recorded hunter-gatherers. This research reveals the structure of hunter-gatherer networks at varying scales, economies of scale, patterns of co-residence, and interactions among individuals that set human hunter-gatherer networks apart from those of other animals.

A number of studies have examined the structure of networks formed by contemporary and ethnohistorically recorded hunter-gatherers (Binford 2001; Hamilton et al. 2007a, 2007b; Hill et al. 2011, 2014). These studies demonstrate that hunter-gatherer groups have a modular, hierarchical organization where social groups at one level are nested within networks of social groups at larger scales, forming complex hierarchical metapopulations. That is to say, individuals belong to families that usually co-reside with other families to form bands (Hill et al. 2011) that are part of larger scale networks of other local and regional bands, all of whom belong to an ethnolinguistic group where individuals share suites of distinctive cultural traits, often including language. Band membership is fluid where families and individuals may leave one band and join another, form their own new bands, or simply spend time visiting others. A recent study by Bird et al. (2019) describe the hierarchically organized yet fluid social structure of the Martu of western Australia where co-residing bands of unrelated individuals form an extensive social network at larger scales that links perhaps up to 1000 people. For certain parts of the year bands may co-reside with others, fusing into temporary seasonal multiband aggregations, which eventually fission into smaller groups. Thus, metapopulations are bound together by different interaction frequencies at various timescales as individuals and families move through their landscapes and social networks (Hill et al. 2014). Total metapopulation sizes often include many hundreds of individuals (Binford 2001) and studies show that the structure of these networks are central to maintaining flows of materials, energy, and information among dispersed, low density populations (Apicella et al. 2012; Bird et al. 2019; Hamilton et al. 2007a). In effect, even though individuals within a band may often interact with only a dozen or so people on a daily basis (Hamilton et al. 2018), because of this wider fluid fission–fusion metapopulation structure, over their lifetimes individuals may interact with hundreds of others (Hill et al. 2014).

Recent ethnographic work among the Agta of the Philippines and the BaYaka of the Republic of the Congo describe in detail how these multilevel social networks operate within bands (Dyble et al. 2016). Using a combination of interviews and direct observations, interaction networks between individuals at multiple levels were reconstructed and used to quantify food sharing practices. Results show that both Agta and BaYaka form similar-sized food sharing networks of 3–4 households within camps, and the number of these sharing networks varies with camp size. The functional implication of multilevel food sharing networks in these societies is that they serve both to buffer against day-to-day variation in return rates, but also to provide social links to cooperative partners essential to the complex foraging niche (Dyble et al. 2016). Among the same study groups, researchers then reconstructed proximity networks using portable wireless devices to study patterns of information exchange (Migliano et al. 2017) and to understand how network structure impacts cumulative cultural evolution (Migliano et al. 2020). These studies show that information exchange starts occurring among non-kin early in life and these ties become more important in facilitating information exchange than familial ties, highlighting the importance of non-kin relations in hunter-gatherer social structure (Migliano et al. 2017). Moreover, the multilevel nature of the interaction networks facilitates and accelerates information exchange, and therefore most likely rates of cumulative cultural evolution (Migliano et al. 2020). Similarly, Apicella et al. (2012) investigated the structure of connections among the Hadza of Tanzania, determining the structure of Hadza networks in two ways: by asking individuals with whom they would choose to camp; and to whom they would give gifts of honey. Both networks show that social distance was as important as genetic distance in cooperative behavior.

Studies of individuals within hunter-gatherer societies reveal the patterns of co-residence and longer-term interaction networks. Hill and colleagues (2011) analyzed the co-residence patterns among more than 5000 individuals across 32 different hunter-gatherer societies and found that residential groups are most often composed of unrelated individuals. Importantly, the results described by Hill et al. (2011) differ from group formation within non-human primates, suggesting this is a uniquely human pattern of co-residence. In another study, Hill and colleagues (2014) show that individual Ache and Hadza hunter-gatherers interact with approximately 300 individuals of the same sex over the course of a lifetime. They note that this number is significantly higher than the number of interactions—around 20—that other primates experience during their lifetime. Hill et al. (2014) argue that the extended human lifespan and extensive social networks of human hunter-gatherers explain the difference between the high number of interactions among humans and the low number of interactions that other primates experience. They also suggest that the significant increase in interactions among human hunter-gatherers may be central to complex cumulative culture (Hill et al. 2011), as each interaction is an individual instance of cultural transmission, and so the more interactions the greater the probability that successful innovations are discovered and diffused through populations (Migliano et al. 2020).

Networks in hunter-gatherer societies that facilitate interactions among individuals at multiple levels result in economies of scale. Hamilton and colleagues (2007a) demonstrated economies of scale in hunter-gatherer space use using ethnohistoric data on hunter-gatherer population sizes and territory sizes for 339 groups. Assuming the size of the home range is a balance of the spatial requirements of the population to meet their combined subsistence needs while minimizing the costs of mobility, their study showed that larger populations were more efficient in their use of space than smaller populations. After controlling for environmental variation, larger populations used less area per capita than smaller populations, thus resulting in an economy of scale. In other words, individuals embedded in larger social networks require less space to meet their energy requirements than if they were embedded within smaller networks. The implication is that the economic benefits of the complex network structure that facilitates information flows among individuals at all scales becomes increasingly noticeable in larger populations. After controlling for environmental variation, the standardized home ranges of individual bands do not differ noticeably as the group size of bands is surprisingly consistent across cultures and environments (Hamilton et al. 2007a; 2018; Hill et al. 2014). However, larger populations by definition are composed of more bands and so any marginal economy of scale at the band level will accumulate faster in larger populations. The hierarchical modular organization of hunter-gatherer networks is suggested to optimize the interaction rates among individuals by balancing the ecological costs of supporting individuals in space while minimizing the costs of moving through that space (Hamilton et al. 2007a).

These studies of contemporary and ethnohistorically recorded hunter-gatherers demonstrate the importance of multilevel social networks in facilitating multiple scales of interaction and cooperation in hunter-gatherer societies. This work emphasizes the importance of managing the flow of materials, energy, genes, and culturally transmitted information across networks that range in scale from a few individuals to many hundreds. Importantly, these studies underscore the large-scale interaction of both related and unrelated individuals, thus allowing for the transmission and accumulation of social information at scales not observed in non-human primate societies.

Using Ethnohistory to Infer Network Size in the Archaeological Record

Research has also been used to compare the areal extent of interaction networks in ethnohistorically recorded hunter-gatherer groups with interaction networks in the archaeological record (Buchanan et al. 2019a). Buchanan et al. (2019a) used the areal extent of tribal territories and different levels of language groupings (family, large language grouping, phylum) of 171 Native groups in western North America as a proxy for different scales of interaction networks. This data was compiled from ethnohistoric sources by Jorgensen (1980). Buchanan et al. (2019a) compared these multiscale areas with archaeological observations of the spatial distribution of 93 projectile point types in the same region. The assumption was that the spatial distribution of particular projectile point types represents the spatial extent of shared social interaction networks.They showed that projectile point type areas are similar to the spatial extents of large language groupings. Thus, the spatial distribution of projectile point types in the archaeological record are far greater than individual tribal regions recorded in western North America at the time of European contact, and considerably larger than the spatial extent of language families. Based on these findings it seems that the spatial distribution of projectile point types are a consequence of extensive social interactions where technological information is transmitted through networks over large geographic areas, likely beyond the boundaries of individual populations. This finding is consistent with the observations of similar scales of interaction networks among contemporary hunter-gatherers discussed above (Bird et al. 2019; Hill et al. 2011).

The Ethnoarchaeology of Hunter-gatherer Networks

While studies of contemporary and historically recorded hunter-gatherers demonstrate the existence and importance of networks in these societies, research linking these observations to the archaeological record has been more limited. We now focus on two of our own studies that link ethnographic observations of hunter-gatherer network structure directly to the archaeological record (Buchanan and Hamilton 2022; Hamilton et al. 2018). Results from these ethnoarchaeological studies suggest that prehistoric social networks likely operated at similar, if not at greater, spatial scales than we observe ethnographically.

The first study examines the size, structure, and dynamics of camp sites used by hunter-gatherers as recorded over the course of several ethnoarchaeological research projects (Hamilton et al. 2018). Our analyses used a combination of inferential statistics and linear models to investigate the physical size and infrastructure of camps, measured by the number of household features and the number of camp occupants. Results from the statistical structure of ethnohistoric hunter-gatherer networks described above indicated a complex, modular, nested hierarchical organization where local bands were composed of an average of about four families (Hamilton et al. 2007b), consistent with the Agta and BaYaka data reported by Dyble and colleagues (2016). The questions we were interested in here were whether there was evidence of this modularity in the size, structure, and composition of ethnographically recorded camp sites. Results showed that the ethnoarchaeological observations of individual camps were consistent with the large-scale cross-cultural analysis of ethnohistoric hunter-gatherer band composition and that the branching structure underlying the composition of ethnohistoric groups reported in Hamilton et al. (2007a) is consistent with ethnoarchaeological observations of individual camps; an average hunter-gatherer camp was composed of about four families, each of which constructed a single residential feature, and the spatial extent of camps increased systematically with residence time. The archaeological significance of these findings is that there is a tight behavioral correlation between the infrastructure of a hunter-gatherer camp and the number of residents. A single hearth was likely used by a single family unit, and family units tend to camp together in groups of about four. This model has recently been applied to archaeological sites in western North America dating to the Folsom period approximately 12,700–12,600 calBP (calendar years before present) (Buchanan et al. 2021; Collard et al. 2010) and shows that the dynamics between the size and structure of Folsom camp sites is entirely consistent with ethnographically recorded hunter-gatherer camps (Buchanan and Hamilton 2022).

Archaeological Studies of Hunter-Gatherer Networks

Studies of networks and cultural transmission in prehistory are necessarily limited by the preservation of materials in the archaeological record. In this section we discuss archaeological studies that examine ancient hunter-gatherer networks dating to the late Pleistocene in terms of the research themes identified in the ethnographic and ethnoarchaeological studies discussed above.

Our goal here is to introduce a few archaeological studies that take a broad perspective on networks. Because of the myriad issues of the differential preservation of materials, the range of natural and cultural site formation processes, and the multiple sources of recovery bias in our ability to observe the archaeological record, we suggest a fruitful approach is to examine the archaeology of prehistoric networks at a macroscopic scale (e.g. Hamilton et al. 2019; Perreault 2019; see Gravel-Miguel and Coward, “Paleolithic Social Networks and Behavioral Modernity,” this volume Chapter 28). Macroscopic analyses focus on broad general patterns in the archaeological record, effectively averaging over much of the variance we cannot control, or often even observe. A macro-scale approach thus focuses on the observable signatures of networks in the archaeological record. One such observable signature is the use of stone raw materials in the manufacture of tools. Stone raw materials were common throughout prehistory and their spatial distributions have been used to reconstruct foraging and exchange networks for archaeological cultures of different times and places (e.g. Gjesfjeld and Phillips 2013; Golitko et al. 2012; Golitko and Feinman 2015; Mills et al. 2013; Phillips 2011; Riede 2014). Below we discuss two case studies that take a macroscopic perspective on reconstructing prehistoric networks. The first case study examines Clovis stone raw material procurement patterns, the second a network modeled on shared projectile point characteristics. Both case studies focus on the archaeological record of early Paleoindian hunter-gatherers in North America, referred to as Clovis (~13,500-12,700 calBP ) (Prasciunas and Surovell 2015). Clovis hunter-gatherers were the first widespread and well-documented archaeological culture in the New World (Eren and Buchanan 2016), and were most likely highly mobile, low density, and widely dispersed across landscapes (Kelly and Todd 1988).

In the first study, Buchanan and colleagues (2016) used the shared occurrence of distinct stone materials in Clovis assemblages to make connections among sites. The study assumed that the co-occurrence of the same stone material in two assemblages indicated some degree of interaction, whether trade or exchange, or simply the common knowledge and use of the same geologic outcrop. Most of the stone artifacts in the assemblages were sourced to specific and distinct geologic outcrops or quarries and easily identified across different assemblages. Thus, Buchanan and colleagues constructed networks with 84 Clovis lithic assemblages as nodes and edges representing the shared use of particular stone materials. The Clovis lithic networks were constructed to be binary and symmetric, with undirected ties between nodes that shared stone raw materials. Analysis revealed the presence of four components, or separate subnetworks, with multiple nodes and 12 isolated assemblages that did not share stone raw materials with any other assemblages (Figures 29.1 and 29.2). Further analyses of the three largest components showed that each were spatially discrete, except for one assemblage from the Southern Plains-Southwest network overlapping with the Northern Plains network. This suggested that Clovis foragers may not have maintained contact across widely distant regions. Instead, the discrete regional networks of shared lithic sources suggests that Clovis hunter-gatherers of the late Pleistocene had already begun the process of adapting to the different regions of the continent. The spatial scale of the Clovis lithic networks is very large and consistent with the size of recorded interaction networks for contemporary and ethnohistorically recorded hunter-gatherer bands.
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Figure 29.1. Location of assemblages within regions demarcated by polygons (single long dash outline = Southern Plains and Southwest, short dot outline = Northern Plains, dash-dot-dot outline = East, black circles = isolates).
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Figure 29.2. The three major Clovis shared stone source networks. Networks are spring embedded with edges weighted by the number of shared sources (adapted from Buchanan et al. 2016). a) The East Clovis stone source network, b) the Southern Plains-Southwest Clovis stone source network, and c) the Northwest Clovis stone source network.
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Figure 29.3. Circular network of shared stone sources among western Clovis lithic assemblages. Node shapes indicate region: square = Northwest, inverted triangle = Southwest, diamond = Southern Plains; adapted from Buchanan et al. (2019b).



A subsequent analysis focused on the topology of the Clovis raw material network in the western United States and showed that it had the statistical properties of a small-world network (Buchanan et al. 2019b). Small-world networks lie between completely random networks with low clustering and short path lengths and lattice-like networks with high clustering, but long path lengths. By having both high clustering and short path lengths, small-worlds exhibit efficient flows throughout an entire network (Newman 2018; Watts and Strogatz 1998). Figure 29.3 shows that clusters of nodes are connected to other nodes via a few long-distance connections. The inference drawn from this topology is that the observed lithic network topology maximized the flow of stone resources and, most likely, information among widely dispersed Clovis groups.

The small worldness of the western Clovis lithic network shows that lithic materials were moved through populations via social networks linking dispersed groups of Clovis hunter-gatherers. Interestingly, it appears that some of the occasional long-distance connections that reduce the overall path lengths in the networks were accomplished via caching raw materials. Clovis caches are deposits of stone tools and raw materials seemingly buried in specific locations on the landscape, usually distant from their naturally occurring outcrops that in most cases seem to have served as insurance deposits to be used in the future when groups returned to the area needing raw materials or tools (Kilby 2014). Small-world networks would have enabled groups of Clovis hunter-gatherers to exchange lithic raw materials and share information about the landscape and prey distributions across regions, likely facilitating many other kinds of social and biological interaction across a dispersed, decentralized, and low-density population.

The next case study we discuss uses networks to examine the flow of cultural information in the form of Clovis points across the eastern and western halves of North America (Buchanan et al. 2017). This study used a paradigmatic classification of 292 Clovis points from 26 assemblages in the west and 23 assemblages in the east (using the Mississippi River as the dividing line). The results of this study showed that Clovis assemblages in the east were more diverse than assemblages in the west. Buchanan and colleagues (2017) then investigated this difference by constructing a network from the point character states used in the paradigmatic classification. Assuming shared character states were derived from the cultural transmission of point manufacture techniques and preferences, the resulting network revealed clustering by region, and that 26 point classes occurred among assemblages in the West and East (Figure 29.4). Most assemblages form a large network of shared classes, and only three of the assemblages do not share point classes with any other assemblage (two in the West and one in the East). The interconnectedness of the large network indicated that group fissioning and subsequent isolation was an unlikely source of the diversity differences between the West and the East. Rather, Buchanan et al. (2017) suggested that the differences in point diversity were a consequence of different learning mechanisms used in different environmental conditions. Interestingly, the projectile point network connects the western and eastern macroregions, whereas the stone material network did not. This reinforces the fact that network components and structures within different networks do not necessarily overlap and that the incongruence may reveal important differences in the flow of information (or materials or energy) across networks. In this case, information about how to manufacture projectile points seems to be more widespread than knowledge about which sources of stone materials to use or networks of material exchange. This is consistent with the view of Clovis foragers as early explorers sharing knowledge of projectile point manufacture that was not necessarily linked to particular regions and knowledge about local sources of stone was region-dependent.
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Figure 29.4. Spring-embedded network map of shared Clovis point classes among assemblages. Assemblages are nodes shape-coded by macroregion (square = West, circle = East). Ties are based on shared point classes among assemblages and are weighted using the Sørensen Index. Edge thickness is weighted by the number of shared traits (adapted from Buchanan et al. 2017).



Conclusion and Avenues for Future Research

Social interactions of all kinds and at all scales can be modeled as the cultural transmission of information over networks. In this chapter we focused on cultural transmission and networks in hunter-gatherer societies, both ethnographically and archaeologically. We argued that given the limited and biased nature of the archaeological record, that archaeologists should continue to use ethnographic studies to inform the past and that many questions remain to be examined. We suggest that a fruitful way forward is to focus on the aspects of material culture, such as lithic procurement patterns and projectile point manufacture, which preserve in the archaeological record of the deep past and are important aspects of prehistoric economy. It is with these datasets that archaeologists will be able to use network models to investigate the prehistoric past. However, we should also remember that the majority of social network theories model individual interactions, a scale usually not preserved directly in the archaeological record. As such, it is important to consider how such theories are best applied to the time and space-averaged scales we observe archaeologically.

An archaeologically specific application of network theory to the study of hunter-gatherer societies at scales not usually observed ethnographically is through the spatial distribution of artifacts. Archaeologically distinct artifact categories such as projectile point types serve as proxies for the boundaries of large-scale hunter-gatherer networks (Hamilton et al. 2019). By definition, these are tools that were innovated at a certain location at a certain time within a system of social networks, and subsequently diffused through those networks via both vertical and horizontal transmission. The extent of their diffusion in space we see archaeologically seems to be beyond ethnographically observable scales. Therefore, archaeologists need to understand what the cultural transmission of information at these large spatial scales infers about scales of social interaction in the past, and how might these interactions vary across space and through time, as well as the places and times without interaction.

More broadly, a particularly important question in anthropology is to ask how social network structures evolved as mobile egalitarian hunter-gatherer societies transitioned into increasingly sedentary and nonegalitarian complex farming societies. Urban scaling researchers, for example, model interactions that are constrained by the configuration of infrastructure networks embedded in space, such as transportation systems (see Ortman, “Settlement Scaling Analysis as Social Network Analysis,” this volume Chapter 37). An important question then is whether the structure of hunter-gatherer networks differs fundamentally from urban networks, and if so, how. Hunter-gatherer social networks are mobile and fluid whereas urban networks are sedentary and fixed in space. Hunter-gatherer interactions are constrained by the spatial structure of landscapes whereas urban interactions are constrained by the spatial structure of infrastructure networks. What happens to these network structures during this transition from mobility to sedentism, and are these transitions continuous or discontinuous? Much of the initial work on the structure of human social networks across these very different scales suggests fundamental mathematical and statistical features of these networks are retained (Bettencourt 2013; Bettencourt et al. 2007; Hamilton et al. 2007a, 2007b; Hamilton et al. 2018; Ortman and Coffey 2015, 2017; Ortman et al. 2015).

Future research also needs to confront the issue of how to reliably measure the relevant variables of interest in the archaeological record to analyze network dynamics during the shift from hunter-gatherer to urban forms of organization. How do methods developed in the archaeology of sedentary societies (i.e. numbers of room blocks, features, potsherds, and radiocarbon dates), translate into the archaeological record of mobile hunter-gatherer societies? Or perhaps the very nature of the archaeological record requires us to rethink the theoretical models needed for understanding network structures in the prehistoric past. From our perspective we think a fruitful avenue of research will be utilizing the macroscopic approach to the archaeological record. Continued research into this and related problems of networks and cultural transmission should lead to novel insights into the evolution of human social organization.
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Part VIII

Movement, Exchange, and Flows through Networks
 
 
 
 

CHAPTER 30

Maritime Networks

Justin Leidwanger

Before Leaving Port

Viewed from the land, seas and oceans present challenging spaces to conceptualize archaeologically. They could serve as barriers but often they did not, instead inviting interaction with and movement across them, for exploration, resource procurement, conflict, migration, and exchange. Repeated actions and vectors of people and objects, however, leave few obvious traces in these waters. The resulting contrast is stark in their archaeological representations, where empty and featureless expanses of open water abut shores dense with sites, finds, and topography. By refocusing on the connections that these seas and oceans fostered among people, objects, and places, networks offer a chance to texture and contour this maritime realm as a critical relational and geographical space.

This chapter approaches maritime space through network thinking and analysis applied to the material culture of interaction. It begins with discussion of what distinguishes maritime from other networks and how these attributes situate them well for relational study. The focus narrows thereafter toward the importance, but also the difficulties, of approaching maritime networks as both spatial and social phenomena. Network-driven case studies in maritime contexts range from relational thinking about seaborne interaction to analytical modeling of structures. The varied forms of archaeological and other maritime evidence—from transportable objects to the ports and shipwrecks that moved them—offer windows onto these links and opportunities to model them. In an effort to demonstrate the challenges and opportunities of flexible maritime network paradigms, this chapter offers a brief examination of the Roman Mediterranean world, a diverse cultural region fundamentally shaped by its seaborne connections. These considerations and case studies help identify, in the final section, some areas for future maritime network development.

 
Why Maritime Networks?

Recent decades have brought seas and oceans to the forefront of research into the human past, not merely as stages for action but as active agents themselves in the development of life on and around their waters (contributions in American Historical Review 2006; Gillis 2012). Part of a broader thalassological turn, this emphasis should encourage archaeologists to embrace the particular opportunities and challenges of a maritime perspective. The ability to move more—objects and people—with greater ease over longer distances can represent a significant benefit. Yet winds, currents, and other conditions variously inhibit or privilege some vectors of movement over others, drawing certain people closer together while pushing others apart. Interaction with this uneven landscape is predicated on transportation technologies, requiring investment in ships and boats and the associated knowledges to use them. The resulting patterns represent activities ranging from small- to large-scale, short- to long-haul, and occasional to regular movements. The connections were as diverse and uneven as any across dry land (Leidwanger and Knappett 2018).

This focus on the dynamic factors involved in seaborne movement and communication distinguishes maritime from other networks that extend across but do not engage with maritime space. Network approaches are increasingly common in coastal and island settings, no doubt in part because such contexts emphasize the stark contrast between isolation and interaction (Dawson 2020). Maritime settings in the Caribbean, North Sea, Mediterranean, Indian Ocean, and South Pacific have revealed sustained interaction over sometimes improbable distances, although the sea itself most often remains only a distance to be crossed. The development and maintenance of maritime connections reflect more than the products of nodal agency; network-oriented approaches encourage agency in the links themselves, engaging the complex matrix of the sea and the different mechanisms involved in movements. But water need not always be the link, or the edge, in formal network terms; it can serve as a nodal space of shared activity and gathering in the context of fishing grounds or migration, or through the vessels themselves that crossed open waters carrying ephemeral communities (e.g. Friese 2015).

This aspect of routine easy movement, often over vast distances and especially with bulk cargos, emphasizes one important concern of maritime networks, which have often been taken to reflect primarily economic interaction. But even if these networks are most visible through traded objects, their foundations are broader, extending to the social, familial, religious, and political connections that underpinned both exchange and other movements. Such multifaceted links are simultaneously manifested in human migration (see Mills and Peeples, “Migration and Archaeological Network Research,” this volume Chapter 31), as individuals in the past and still today undertake passage along these same vectors, propelled not only by economic considerations, but by conflict, enslavement, and environmental degradation. Migration and exchange can represent interrelated vectors of maritime movement, as diasporas within past communities can be driven by interests in procuring materials from overseas and in turn can prompt movements of goods to sustain them. The adaptations in recent times of different and often dangerous modes of transport for forced and undocumented migrants—from repurposed fishing vessels and cheap inflatables in the Mediterranean to improvised chugs between Cuba and the US—underscore this entanglement of maritime mobilities and the simultaneous networks of knowledge and practice that seafaring technologies represent.

As in all network studies, it is imperative to distinguish between the archaeological traces and the underlying connections—material and non-material—these might signal. And in doing so, we should likewise be cautious not to conflate the networks of past interaction described above with the tools of network approaches and paradigms applied to their study. The following section elaborates on the first of these: the different facets for engagement with past networks, considered under the broad categories of spatial and social. Discussion shifts thereafter to the second concern: network approaches to interrogate these past phenomena.

Simultaneously Spatial and Social

Maritime networks are spatial networks. In an era when over 90% of the world’s trade is moved by sea, few would doubt the opportunity these waters present to connect, or the central importance of maritime transportation in effectively collapsing distances to create a global economy and community (Ducruet 2016). The worldwide scale and mechanisms of contemporary maritime networks can create the appearance of universal links, even if the thousands of ships, including dozens of large container vessels, lost each year should make clear the complications inherent to this interaction. Seas and oceans—and larger lakes too—represent challenging and diverse environments even with the benefits of massive financial and technological investment and the weight of global supply chains. Maritime networks are hardly equitable and ubiquitous connectors across these spaces even in the 21st century.

Seas and oceans have their own particular affordances and exhibit sometimes stark internal differences even from one bay or headland to the next. The presence of significant tides and the strength and reliability of currents and winds were clearly influential factors in the development of maritime networks, in which connections depended on specific local and regional combinations of these conditions. But less obvious influences were often just as critical. Daily cycles of on- and offshore winds could offer important alternatives to broad prevailing patterns farther from land. Reliable clear skies were a significant advantage for some, facilitating use of coastal landmarks as navigational aids near shore, as well as celestial reference points by day and night especially offshore. Seasonality has long offered explanations for certain vectors of movement along “trade winds” as with the monsoons between East Africa and South Asia; the same reliability, though, was complemented by an opportunism of off-season shifting cycles that were critical for other (especially local and regional) maritime activities. These conditions generated spatial variables for which different choices in transportation technologies and knowledges gave rise to diverse maritime networks.

Maritime networks are also social networks. The increasingly impersonal mechanisms of globalization contrast with the human face of connections in the past, when social institutions were no less fundamental in sustaining seaborne links than the ships that plied the waters. Communities came together across the sea for political, religious, economic, and other purposes, in the process bundling multifaceted social connections that reinforced each other. Sites of pilgrimage grew into destinations for exchange of goods alongside information and ideas while bolstering political centrality of the location and participants. Ethnic and familial diasporas could structure long-distance exchange or the consolidation of political power. The social nature of maritime networks is no less pronounced in the severing of connections through forced migration across seas and oceans. Not only are these social links enabled (or prevented) by seafaring, but seafaring itself is often an intensely social activity, from the ad hoc micro-communities of mariners and travelers on board to the cooperation and competition among fishing boats from different locales (e.g. Ben-Yehoyada 2017). The spatial knowledge required for seafaring—covering geography, environment, and navigation—was deeply embedded within social networks that facilitated its transfer among practitioners.

Strong connections depended on the regularity and reliability of face-to-face interaction, and here the social intersects deeply with the spatial. Farther-flung links were likely more challenging and costly to maintain, and more strongly tied to a particular “sailing season” that promised greater predictability. Journeys over shorter distances were, by contrast, more easily and widely undertaken, often with simpler technologies and investments, and also with frequencies that were not so dependent on long periods of consistent weather; an opportunistic voyage of one or a few days was often possible outside the calmer sailing months. These conditions might favor sailing over limited scales and familiar geographies even if longer distances were not a barrier. The ways in which different facets of social life connected communities may have varied according to the affordances of specific maritime spaces. The unevenness of journeys in opposite directions given local and seasonal conditions likely prompted complex and diverse patterns of movement that drew communities into cycles of multilateral interdependent connections rather than unique bilateral links. Onshore and inland, maritime activities were also bound to temporal cycles of other livelihoods, from the movements of goods to market after harvest to the part-time trade or fishing that could supplement agricultural incomes. In the process, maritime networks entangled a wider sector of societies beyond just those operating the ships and ports. In bringing network thinking and archaeological analysis to bear on interactions across maritime spaces and societies, diversity in social and spatial relationships emerges as a central concern.

Metaphors into Models

Nowhere are archaeological network metaphors more prevalent than in discussions of past “trade networks” spanning seas and oceans. These references often employ network concepts loosely but productively to capitalize on the inherent appeal of complexity for explaining structures of past exchange as more than the sum of its parts. Ports can be viewed as nodes, with the more important hubs drawing disproportionate traffic and offering shortened paths to navigate the system. The metaphor works well since these hubs could offer greater access to diverse peoples, goods, and information; increased opportunities could encourage new links and further increase a port’s centrality. The visual appeal of eliding network links with sea routes between port nodes has helped the concept gain traction despite the contrast between real maritime mobilities and the sometimes flattened and linear ways they are represented. Network metaphors offer a promising preface to systematic modeling and analyses that might facilitate new understanding of past maritime interaction.

The North Sea and adjacent regions in the Viking era present an ideal context for testing a maritime network approach. Sindbæk’s (2013, 2015) examinations push these metaphors productively toward more formal methods, yet the author’s caution demonstrates the challenges of constructing and interpreting models using maritime archaeological distributions. Sindbæk focuses on stone and ceramic cooking vessels of known origins, using the presence of multiple shared types as the basis for affiliation links between pairs of sites (see Blair, “Material Culture Similarity and Co-occurrence Networks,” this volume Chapter 7). The resulting network outlines a system with certain ports “filtering” movement between regional clusters of sites, which may point to long-distance transfers in several stages involving trunk segments. The network is contextualized and interpreted in spatial terms across this maritime context, but the movement envisioned with these links remains largely free from the seafaring environment stressed above. A segmented system could make sense in terms of overall network efficiency, but the structure built from particular archaeological objects need not reflect the seafaring links that served larger political and other societal functions. Despite an apparent closeness of fit to prevailing ideas about historic interaction, Sindbæk cautions against appealing but problematic “black box” explanations for behavior: some sites known to have been particularly central to political, economic, and social interaction emerge as critical to this hypothetical network, while others achieve probably artificially high or low levels of centrality due to chosen modeling parameters. In the end, the cooking pot network reveals not a broad model of past interaction but, as the author notes, certain features of the chosen dataset; it reflects one view of many that must be compared to shed new light on Viking-era maritime interaction. Sindbæk’s reflexive approach is vital to ensuring that the network model is interpreted for what it does—and does not—reveal.

Drawing on the Bronze Age southern Aegean as case study, Knappett and colleagues (2008, 2011) offer an alternative approach to network analysis of maritime interaction. Rather than starting from the material record of moving objects, their spatial mathematical model (ariadne) takes up the uneven potentials of local population and natural resources from different known sites throughout the Aegean and neighboring coasts to generate links (see also Paliou, Rivers, and Evans, “Gravity and Maximum Entropy Models,” this volume Chapter 12). Connections are based on the opportunities afforded and the maintenance costs, with larger sites preferentially connecting to other larger sites offering greater potential, but all links mediated through the technological constraint of a day’s sail (~100–110 km). Repeated iterations suggest a network structure of several dense spatial clusters linked by key longer connections. This picture may help explain the critical role played by the small island of Thera, which offered a bridge between much of the Aegean and the southern cluster on Crete. Thera’s network centrality may indicate why its destruction, which is archaeologically attested toward the end of the Middle Bronze Age, saw a disproportionately detrimental long-term impact on the network as a whole; its removal prompted a rewiring of interaction and increased costs, which disrupted regional economic exchange and, with it, Cretan hegemony. The network’s structure rendered it less robust to fragmentation. This approach begins from sites rather than artifact distributions, which are often frustrated by uneven knowledge and publication; in this way connections grow according to predefined parameters of geography, resources, and transport technology. The available archaeological evidence can then be used post facto as a test against the models.

Clear challenges arise when shifting from network metaphors that signal general features of interaction to data-driven analytical models. Archaeological network approaches must not assume that models reflect specific realities of past interaction, but they can allow focused exploration of different aspects of the structures behind connections and the range of material evidence they produced. Objects on the move assume central importance when elucidating these interactions, whether as the basis for characterizing links within models (as with Sindbæk), or as a means of testing and comparing network structures generated by geographical and transport parameters (as with Knappett and colleagues). Locations and attributes of maritime sites, mechanisms for seaborne mobility, and archaeological distributions of objects together provide a robust dataset for modeling networks as spatial and social phenomena; these sources are examined in more detail below.

Maritime Material Culture and Network Data

Portable objects are the most common proxy evidence for interrogating the structures that distributed them. Adducing the specific mechanism of transportation as seaborne rather than overland, however, is often a matter not of certainty but of likelihood, owing to the nature of the object and geography (e.g. Iacono 2016). The Viking cooking pots mentioned above probably moved by sea given marine traditions and distribution patterns; export specialization and, in this case, their general utilitarian status might also make them appropriate for comparatively inexpensive shipping. Bulk goods like foodstuffs and building materials, when transported beyond one’s own locality, are some of the most obvious candidates due to their weight. Ceramic containers for processed agricultural goods survive in the ancient Mediterranean, but in many other contexts leave no durable marker. High-value and highly diagnostic materials are often points of reference in examining connections where bulk materials are less traceable, but these objects were sometimes easily portable by land or water. Obsidian offers an important artifact class for examining distribution patterns in the prehistoric Mediterranean since it is traceable to specific (often island) origins; Freund and Batist (2014), for example, hypothesize new and surprisingly extensive maritime routes behind obsidian’s movement through network modeling (see Golitko, “Geochemical Networks,” this volume Chapter 9). Different facets of maritime interaction move into and out of view depending on the objects and mechanisms selected: focusing on the distances that seafaring allows may prompt us to look first at long-haul over short-haul movements, and prioritizing large-scale production can privilege economic over other key connections. These challenges should encourage emphasis on the different but overlapping structures that objects can represent within maritime networks, or the many different networks that combine to shape maritime interaction.

The archaeological contexts associated with seaborne movement like ports and ships hold a fundamental place in maritime network approaches (Preiser-Kapeller 2015). Coastal sites provide nodal points for transfer between terrestrial and maritime settings, or from one vessel or journey leg to another. Their spatial distribution offers proxy evidence for the staged movements, while their contrasting attributes and features generate different connective potentials (Tartaron 2013:185–203). Major maritime sites may be associated with links in larger numbers, including over more expansive areas, and involving more types of vessels, people, and objects (Figure 30.1). Smaller coastal sites often may accommodate more limited vessels, cargos, and travelers, often over shorter distances. Even the smallest nodes in these networks can engage communities beyond major hubs. The ranges of sites and resources—and, in regions and periods marked by artificial harbors, the presence and size of this infrastructure—point to the different communities and activities that came together in these spaces, as well as unevenness in distributions of the links these generated. Spatial realities of the marine environment surrounding this complex topology of sites underscore distance as a major factor, which influential studies in the Pacific and Aegean have modeled using approaches from graph theory such as proximal point analysis (Hage and Harary 1991; Broodbank 2000:175–210). One or several days’ journey by canoe or sailing ship serves as a framework for scaling and characterizing possible connections between maritime sites. Analysis by Erikson and Bearman (2006) of rich Early Modern documentary evidence of English traders reveals the East India Company’s network globalization as the unintentional integration of contrasting network scales, linking formal interregional connections together with informal (and at times, illicit) routes of short-haul coastal trade enabled by seasonal opportunities. Approaching these features of different ports allows them to move beyond metaphorical hubs toward specific and dynamic places within network models of interaction.



The material culture at the center of maritime interaction is perhaps the least straightforward to integrate into network approaches: ships and their typical archaeological contexts as wrecks. In the rare instances in which remains of watercraft survive, but also through their depictions or descriptions, they can provide invaluable evidence for the distances and types of waters crossed, the technologies and resources available, the crews as well as the people and objects they carried, and the communities they integrated (Figure 30.1): a skin or log boat allows groups to carry limited resources over short hops, a shallow and open vessel can suggest coastal waters and beaching, a deeper hull provides larger capacity and stability in open seas (e.g. Shearn 2020; Tartaron 2013:48–89). In general, assemblages from wrecked vessels provide glimpses of past connections, but their mobile nature and potentially long lives defy easy characterization as one or more specific network links (Figure 30.2). A ship that sinks toward the end of a long journey can appear rather different from the same vessel lost quickly upon departure. Identifying origins of journeys—which need not represent the origins of objects or people—is hardly an easy matter; hypothesized destinations can be unhelpful or problematic, frustrating the drawing of links between nodes. Ship assemblages have been explored as representing zones of interaction, based on either the objects likely picked up for the last journey or those that reflect more habitual activity by the ship and crew over many voyages (Greene 2018; Harpster and Chapman 2019). Co-presence of objects can also form the basis of links constructed loosely between areas involved in maritime distribution (Leidwanger 2020:122–39). Distinguishing between objects for distribution and those for use on board or as personal possessions can be difficult. Although en route between port nodes when lost, shipwrecks more often come to represent not singular voyages akin to idealized conceptual links in maritime networks but the bundling of one final and many earlier links as a gauge of the space and scales of their maritime activities. Ships may then productively be understood both as network nodes and as free-standing ego-networks, encompassing a spectrum of geographic and chronological links in a discrete assemblage (Greene 2018:145–49).
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Figure 30.1. Small offices (stationes) for different shippers (navicularii) in the Piazzale delle Corporazioni at Ostia, the port of Rome. The Piazzale offered an opportunity to organize maritime activities at Rome’s most important port. The office at center here, one of many dozen from the Piazzale, has a mosaic floor advertising its shipper’s overseas connection in the text (Caralis, modern Cagliari, Sardinia) and a cargo type symbolized by gain measures on either side of the ship. The vessel represents a large type known for its speed. © Massimo—Adobe Stock.



Networking Mare Nostrum

The Mediterranean’s rich material evidence for seaborne interaction—from elite and everyday objects to sites and vehicles of their movement—offers an exceptional setting in which to explore maritime network approaches. Accelerating connections over the last few millennia bce drew together the diverse peoples clustered along these shores, setting the stage for the entanglement of innumerable ecological micro-regions into the self-supporting “connectivity” that Horden and Purcell (2000) describe. This intense interaction generated social and economic integration, as well as, for the first (and only) time, political unification of the entire Mediterranean, giving rise to Rome’s own name for these waters: mare nostrum (“our sea”). The height of Rome’s empire in the first centuries ce saw greater populations, wealth, and interaction than ever before (Morley 2007). Maritime activities reached levels unparalleled until Early Modern times, to judge from numbers of known shipwrecks. Dumps reveal tens of millions of ceramic jars that once carried staples across the seas to feed cities and military outposts but also to appease new consumer markets. Thousands of ports dotted the shores, from massive constructions boasted by major cities to artificial quays and simple beachside anchorages of many more communities. Small ships worked alongside those carrying hundreds of tons. Since the Roman state fundamentally depended on seaborne interaction, and material evidence attests to intensive but contrasting forms of maritime activities, network approaches open a new window onto Rome’s structure and functioning, and in turn offer clues to its long-lived success and eventual failure. Maritime networks provide an opportunity to model in more formal terms the much-discussed but generally shapeless “connectivity.”
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Figure 30.2. Network visualization produced by linking 33 surveyed Roman shipwrecks (unlabeled nodes) off Cyprus, Syria, and southern Turkey with origins (labeled nodes) represented by their cargos. Two-mode network produced using Gephi. For discussion, see Leidwanger 2020.



Studies of Roman maritime interaction over the past few decades have increasingly turned toward network concepts and, in some cases, elements of formal modeling. Drawing together clues from ancient geographical and other texts, archaeological cargos, and environmental data, Arnaud (2005:107–126) has emphasized “segmented sailing,” wherein interregional journeys around four to five days in length connected larger transshipment ports, from which short links branched out locally. Recent comparative analyses of Roman ports take a similar view, with larger and often elaborate ports functioning as interregional centers while smaller and simpler ones served for distribution on more limited geographical scales (Wilson et al. 2012). Literary and epigraphic evidence reveals ethnic, familial, and other social ties that helped ground long-distance economic links among merchant communities dispersed throughout these larger commercial ports. How smaller ports interacted, though, is less well attested. Horden and Purcell (2000), following Braudel (1972), argued that activities at these smaller sites, and even most seaborne interaction, centered on “cabotage.” This mechanism typically involves many sequential stops along a coast, creating long chains of short-haul port-to-port links and more opportunism along the way for both taking on and offloading people and cargo. As parameters for modeling, these two contrasting patterns of linkage would create rather different spatial and social patterns (Figure 30.3). Consider the distribution of a basic object, a ceramic jar of wine, which through cabotage would make its way across parts of the empire with more and different stops and individuals involved than along a more hierarchical and “segmented” journey; with this latter structure, the same object would have moved immediately to a major port and, from there, across the empire in just a few links.

Both systems were likely underway: for example, objects of trade may have moved across vast expanses to major ports, and from there via long chains down the shore. These two views contrast starkly at the Mediterranean-wide imperial scale, but may have looked similar at local or regional levels. Formal network models of these two structures could offer an opportunity to analyze the ways in which different types of sites interacted, and different people and objects moved (Chliaoutakis and Chalkiadakis 2020). For what goods and to what extent were cities dependent on long-distance and often seasonal “segments” versus more localized coastal chains? How many ports did a jar of western wine travel through to reach a small settlement in the east? Network thinking and modeling provide opportunities to explore how the intensification of maritime activity sustained integration across the Roman Mediterranean.
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Figure 30.3. Schematic representation of the fall-off in distribution from origin for a good traded through cabotage (left) and segmented sailing (right).  Modified from Renfrew and Bahn (1991:325).



The ORBIS geospatial model by Scheidel and Meeks (2014) is worth consideration here, since it was designed to interrogate how communication (by land and sea) shaped the Roman Empire (Figure 30.4). At this scale, the top-down view is more naturally a segmented one, but it reveals the overall “size” of the empire in temporal terms, the comparative centrality of different cities, the more tightly bound clusters of communities, and the nodes whose removal would most fragment the system. On this latter point, Scheidel (2014) notes the geographical convergence of the network’s two major components with the eastern and western empires that resulted historically from the political split around 300 ce; structural efficiency made this division both possible and useful, although the two imperial halves thereafter experienced different trajectories of interaction. This is just one of many models that can be tested against the material record for how well it might explain different patterns of local, regional, and interregional movement. It must be tested against the nature and co-presence of materials in shipwreck cargos from along these links (Rice 2016). In the Roman context where political, social, and economic integration depended on maritime interaction, network models offer a new tool for exploring the contours underlying this period of Mediterranean unification.



[image: image]

Figure 30.4. ORBIS network visualization of major maritime connections within the Roman world.  Created using https://orbis.stanford.edu/.w





This first model raises still more questions about the structure and functioning of the Roman world: where and when did this connectivity emerge? How was Roman interaction different from what came before? What role did this network structure play in Rome’s eventual fragmentation and the trajectories that followed? The centrality of interaction in the Roman world, from its rise through its eventual fragmentation, underscores the need for comparative diachronic work. One reasonable critique raised against the broad concept of Mediterranean connectivity is its seemingly static nature across Classical antiquity and beyond, which Broodbank’s (2013) work has challenged through its focus on the long prehistory of maritime connections.

Charting New Waters

Always central in archaeology, this issue of change over time emerges quickly as one future path along which maritime network study may develop. Comparing structural models of maritime networks before and after major transformations might shed light on developments that followed, and in the case of the Roman imperial division the different paths that took hold. Maritime network responses to change reflect an area of growing research today, with the rerouting of shipping due to piracy and new Arctic passages, and disruptions to other networks of mobility (see contributions in Ducruet 2017). Simple models of past change might rely on regular snapshots of network structure through time (e.g. Jarriel 2021; Yangaki 2020), or more complex and dynamic solutions like agent based modeling (see Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18) and random graph modeling (see Amati, “Random Graph Models,” this volume Chapter 19). Network approaches offer an opportunity to investigate the phenomenon of “emergence” in a social and spatial maritime context.

Thousands of shipwrecks beneath the waves, and routine losses even today, force us to confront the stochastic processes intrinsic to all networks but especially seaborne interaction. Considerable progress has been made in recent years to integrate marine and coastal environmental variables. Least cost path analyses have allowed scholars to rethink the temporal dimensions of links, their unevenness and directionality, and route predictions (e.g. Indruszewski and Barton 2007; Safadi and Sturt 2019). Yet estimates relying on averages and set routes hardly capture the unpredictability of the sea and the variable responses of those who ventured onto it. Winds may or may not blow, conditions can change quickly, and storms can arise with little warning. Like any other network models, those focusing on maritime interaction are necessarily simplifications, yet these uncertainties should not be overlooked in representation and analysis (Davies and Bickler 2015). The risks these posed to different seafarers, vessels, and voyages would have been uneven. Recognizing the agency of links means striving to model as more dynamic the environmental factors that have traditionally been treated as largely deterministic.

Bringing this discussion back ashore raises another direction for future development: the integration of maritime with other networks. Earlier discussion aimed to set apart what was unusual or particular to these networks and therefore justified the focus here. Maritime interaction, however, cannot end at the water’s edge or exist independent of the social, economic, and political networks in which most people lived and worked ashore. The same jar of Roman wine described above began its journey in the potter’s workshop and the vineyard, moving through venues on land and sea and participating in multiple processes of exchange before consumption. This distinction is not merely one of scale, with maritime networks taking on a broader view in comparison with local links on either end. Rather, maritime networks engage complementary relationships across the sea while entangling mobilities on shore. Overland transportation networks represent a more developed area of research than their counterparts at sea (see Herzog, “Transportation Networks and Least-Cost Paths,” this volume Chapter 13), offering opportunities to model the orientation and potential engagement of different communities with ports of different types: that is, one method to explore how maritime interaction structured interaction on shore. Viewed alongside other systems of interaction, maritime networks provide paradigms and tools for archaeological research into the lives of communities on and around the sea.
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CHAPTER 31

Migration and Archaeological Network Research

Barbara J. Mills and Matthew A. Peeples

From the colonization of new continents to contemporary transnational migrations, the human predilection for movement has been responsible for major social, economic, ideological, and political transformations. Understanding the role that migrations played in the past is an important goal of archaeology with implications for the present and future. The implications for the present lie in how migration is embedded in contemporary repatriation and restitution efforts, and the ways in which migrants and migration have become embroiled in nationalist politics. Learning from successful and unsuccessful past migrations is significant for the future as climate change and conflict continue to displace people. Indeed, contemporary migration scholars consider us to live in the “age of migration” (de Haas et al. 2020). But as these same scholars emphasize, migration today is not unprecedented when considered as a percentage of the total world population (de Haas et al. 2020:Figure 1). Archaeology’s ability to take a “deep time” perspective means that we can contribute to the unfolding story of human migration over much longer temporal scales and particularly in the absence of historical records. Such a deep-time perspective on migration is especially important because of the absence of longitudinal sources of data on human networks as a cause and consequence of human movement (Merli et al. 2021).

In this chapter, we focus on how the study of past migrations can be conducted through network-based approaches, and especially the application of formal social network analysis (SNA). We draw on comparative research by migration scholars to define migration and its important dimensions. In tandem with geographers, sociologists, and other anthropologists, archaeologists have revived their interest in migration in recent years providing many cross-cultural insights (Anthony 1990; Burmeister 2000; Cameron 2013; Clark et al. 2019; Graciela and Clark, eds. 2011b; Mills 2011; Ortman and Cameron 2011). We explicitly look at the structural ways that migration has been characterized and in particular, how network method and theory have been used to identify different forms of migration and to interpret their consequences. Our approach therefore fits better with “network-mediated migration theory” as opposed to theories of migration based on “rational choice and decision-making” (Brettell 2000:107).

We argue that a network approach is particularly well-suited to studying ancient migrations for three major reasons. First, many definitions of different kinds of migration are based on their structural characteristics, such as “chain” or “leapfrog” patterns. As network methods facilitate structural analyses, such approaches are well matched to the analysis of migrations. Second, a network approach requires that archaeologists rethink many of the standard taxonomies and especially traditional culture area approaches that still characterize the discipline in favor of a relational approach (Feinman and Neitzel 2020). This has been one of the major critiques of past studies of migration in archaeology, which often rely on homogeneous, essentialist definitions of source and host areas rather than acknowledging internal social heterogeneity, the permeability of borders, and how people and societies are defined through their relationships. Third, a network approach is more conducive to looking at changes that ensue in the post-migration social landscapes (see also Birch, “Material Networks and Culture Change,” this volume Chapter 6) because it does not assume a tree-like or dendritic structure to culture change, instead favoring reticulated graph or braided stream structures (see Figure 31.1 for examples). The latter is a much better representation of human group relations, including those resulting from the process of migration, with nodes at each juncture and links that may arc back or merge (Ferguson 2004). Such a model has already been adopted by geneticists and biological anthropologists. Analytical techniques, such as various spanning tree and median joining algorithms, can now be found in the aDNA literature that better account for recombination and complex admixtures and even allow for considerations of how cultural practices shape genetic variation (e.g. Dulik et al. 2011).
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Figure 31.1. Alternative structural models of culture change: dendrogram, reticulated graph, and braided stream. After Ferguson (2004: Figure 2.2).



Defining Migration and Its Variability

While movement is part of most people’s lives, migration has a more restricted, but still broad definition. Cabana and Clark use a “minimal” definition of migration as the “one-way residential relocation to a different ‘environment’ by at least one individual” (2011a:5). This definition should not be confused with the ways that foragers may change residence throughout the year that most archaeologists and anthropologists would consider to be mobility, but not necessarily migration. Particularly in low density situations, however, forager residential mobility may result in widespread networks of interaction, some of which result in “expansion” and “colonization” of new areas—both of which are considered to be different forms of migrations. “Pioneer foraging” has been used to refer to the movement of foragers into empty or new landscapes, such as the colonization of new continents (Hazelwood and Steele 2003), which we do not address in this chapter. Hunter-gatherer mobility and its relationship to social networks and cultural transmission are discussed elsewhere in this volume by Gravel-Miguel and Coward (“Paleolithic Social Networks and Behavioral Modernity,” Chapter 28), and Buchanan and Hamilton (“Networks and Cultural Transmission in Hunter-Gatherer Societies,” Chapter 29).

Perhaps the greatest addition to interdisciplinary research on migration has been in unpacking migration’s variability, whether studied within ethnographic/historic or archaeological contexts. Some researchers have argued that contemporary studies of migration are not relevant to archaeology because most are based on transnational examples in a highly globalized world. We agree with Tsuda (2011), however, that archaeologists can and should use ethnographic cases if we are to understand migration in cross-cultural perspective. Archaeologists may not be able to account for each variable in empirical case studies, nor would one want to include all of them in experimental or modeling studies, but they are important to consider. We draw on several different sources to delineate the variables that are used to distinguish different forms of migration, building on prior work by Cameron and Ortman (2011) and Mills (2011) (Table 31.1). These variables may be grouped into the themes of (1) scale, (2) migration unit profile, (3) migration causes, (4) connectivity, and (5) transformation.

The dimensions of variation shown in Table 31.1 create multiple possible migration scenarios. Not all of the possible combinations have been researched by archaeologists using network approaches, but there is a growing body of work, especially in North America and Europe, and more recently in South America (see Johnson, “Biodistance Networks,” this volume Chapter 20) and the Caribbean. The case studies draw on multiple kinds of materials, although pottery has been one of the most frequently used. While “pottery does not equal people,” as with migration itself, there is no reason to throw the proverbial baby out with the bathwater (Anthony 1990). What is different about the use of ceramics and other materials for use in archaeological network research on migration is the theoretical basis for using a particular material class that is based more in theories of communities of practice (Wenger 1998), the communicative/symbolic value of different attributes (e.g. Hart et al. 2016; Peeples 2018), and other theoretical approaches (see Blair, “Material Culture Similarity and Co-occurrence Networks,” this volume Chapter 7). In the remainder of this chapter, we discuss several case studies of how migration has been explored by archaeologists using networks, including what specific structural aspects of networks promoted or impeded migration in the past, and the consequences of migration for network transformations.

Migration Scale

Migration varies along several dimensions of scale—demographic, spatial, and temporal. In many cases these may be expected to be correlated, and archaeologists tend to especially combine spatial and social scales in their work. Variation in each of these dimensions has implications for the structure and interpretation of social networks.



Table 31.1. Themes and variables in the study of migration.




	Theme
	Dimension
	Continua definitions





	Scale
	Social scale of movement
	Individual, household
	Lineage/clan/
sodality/faction
	Village/town/city



	Size of migration population
	Light
	Moderate
	High



	Size of destination population
	Empty
	Light
	Dense



	Ratio of immigrants to locals
	Low
	Balanced
	High



	Distance moved
	Close (1-2 days travel)
	Moderate (2-7 days)
	Far (>1 week)



	Temporality of migration
	Single event
	A few events
	Prolonged stream



	Population impact in source area
	Negligible
	Significant impact
	Depopulation of source area



	Migration unit profile
	Gender
	Single gender
	Mixed, slightly biased toward one gender
	Mixed, representative of originating social group



	Age
	Children only
	Adults only
	Mixed, representative of originating social group



	Social status
	Slaves
	Mixed statuses
	High status/skilled only



	Wealth
	Poor
	Moderate
	Wealthy



	Health
	Poor
	Moderate
	Healthy



	Migration causes
	Reasons for movement
	Environmental, climatic, anthropogenic
	Economic, political
	Ideological, religious



	Autonomy of migrants
	None, forced
	Some outside intervention
	Autonomous



	Temporality of cause
	Single event (e.g. hurricane)
	Series of events
	Prolonged



	Spatiality of cause
	Concentrated
	Moderately widespread
	Pervasive in region



	Connectivity
	Relations between immigrants and locals
	Conflict, hostility
	Coexistence, enclaves
	Co-residence, intermarriage



	Degree of regional interaction of migrants
	Minimal
	Economic links
	Economic and religious links



	Basis for choice of destination
	Exchange partners
	Kinship and exchange
	Ideology, religion, kinship, exchange



	Transformation
	Long-term impact on destination society
	Negligible
	Focused in certain areas
	Pervasive in many areas



	Expression of homeland identity after movement
	None (discontinued by immigrants themselves)
	Brief (continued by immigrants but not by offspring)
	Extended (continued by offspring of immigrants)



	Pervasiveness of regional conflict
	Low
	Moderate
	High





Expanded from Cameron and Ortman (2011) and Mills (2011).




Social Scale of Migration

In general, contemporary migrations are usually accomplished by individuals or small groups (Tsuda 2011) and the same may be said of movement in the past. However, refugees are also migrants and may include large numbers of people who have been forced from their homelands, such as the “Great Migration” that followed the partitioning of India and Pakistan, and other well-documented diasporas (see “Migration Causes”, below). Even within the same region and time period, there may be variation in the social scale of migration, from individuals to households to multi-household units of different sizes and composition (e.g. Clark et al. 2019). The last may result in enclaves, which could be recognized archaeologically as variation among neighborhoods within larger settlements.

Based on paleogenetic data and a mosaic-like distribution of early farming settlements, leapfrog migration of relatively small groups (Anthony 1990) has been proposed for the Neolithization process in Europe. This model contrasts with the “wave-of-advance” model for migration, which describes a more unified movement through space. DeGroot (2019) explicitly tested the leapfrog migration model with network analyses of a range of ceramic attributes representing different kinds of transmission/learning. She used two different assemblage measures (the Jaccard similarity and Kulczynski-2 dissimilarity indices), the latter of which compensates for attribute diversity between each pair of assemblages. If the migration was not characterized by such a leapfrog process, adjacency-based flow—the correlation of spatial distance with these similarity/dissimilarity indices—should have been high, but in all time periods the correlations were low. By revisiting this process using formal network methods, she showed that neighboring sites had different assemblage profiles that created regionally heterogeneous distributions and which sites were more strongly connected to others. In this way, DeGroot was able to differentiate leapfrog migration from the alternative, more spatially contiguous, model of movement. In addition, she showed that many of the ties among migrant/agricultural settlements were maintained over multiple generations. Such an approach necessitates the use of geographically widespread samples that included source populations and adequate sampling to capture neighboring sites. It is a particularly good example of the complementary use of geographic and social distance, as well as dynamic network modeling focused on identifying an underlying social process. This study demonstrates how relatively small settlements occupied by small groups of migrants may result in big impacts to the dynamic history of the southwest Asia/southeast Europe Neolithic.

Spatial Scale of Migration

Many contemporary migrations are characterized in terms of nominal categories of settlement scale, such as rural-to-urban movement—one of the predominant forms today. The rural vs. urban dichotomy does not do justice to the full range of settlement sizes across space, however, such as seen during the process of population coalescence from hamlets into villages, villages into towns, etc. This social and spatial coalescence is well documented across many areas of North America in the late pre-Columbian period including the Northeast (Birch 2012; Birch and Hart 2018), Midwest (Slater et al. 2014), and Southwest regions (Clark et al. 2019). The rural/urban dichotomy also does not identify where the aggregating population may have come from, some of which may be from local, surrounding areas, but may also include migrants from outside the immediate region.

In a series of papers, Jennifer Birch and John Hart and their colleagues have applied network approaches to Iroquoian settlement coalescence in the Great Lakes region that informs on both regional-scale migrations as well as more local movement (Birch and Hart 2018, 2021; Hart et al. 2016; Hart and Engelbrecht 2012). Using ceramic vessel collar designs, which they and others have argued were intentionally used by female potters to signal social affiliations, they constructed networks based on Brainerd–Robinson similarities to look at migration at multiple spatial scales. Their work showed that Iroquoian communities practiced flexible settlement strategies including periodic village relocation, dispersal, and coalescence. While short-distance village relocation may not fit our definition of migration, small-group movements that are part of the coalescence process, dispersals, and depopulations do fit our definition. By employing multiscalar social network analysis, they can parse these varying migration scenarios.

For example, in three subareas of the region, the Finger Lakes (Hart and Engelbrecht 2012), the north shore of Lake Ontario (Birch and Hart 2021), and the Mohawk River drainage (Hart 2020) they show how simple village relocation or “removal” models cannot explain the heterogeneous assemblages of villages within each of these areas and instead propose that these diverse assemblages are the result of the dispersal of migrants from other valleys. At the larger spatial scale that includes most of northern Iroquoia, Birch and Hart (2018; see also Hart et al. 2016), contrast ancestral Wendat and Haudenosaunee coalescent network topologies. They show how each area had different network properties or structures that are based on different political and social dynamics (see also Holland-Lulewicz, “Networks and Sociopolitical Organization,” this volume Chapter 38). They marshal various measures of cohesion (centrality, density, average degree, average path length, compactness, transitivity, and diameter; see Borgatti et al. 2013) to demonstrate that, over time, the Wendat networks were more cohesive than the Haudenosaunee networks. In addition, they show that the components were fewer, the Brainerd–Robinson values higher, flow betweenness greater, and the external-internal (E-I) index lower for the Wendat network, representing a more cooperative, homophilous structure typical of a “complete” network. By contrast, there were more subgroups, weaker ties, lower flow betweenness, and a higher E-I index for the Haudenosaunee networks that suggest greater factionalism, more typical of a “coalitional” network (following definitions by Crowe 2007; see Figure 31.2). The implications of these two network structures for understanding migration are that the complete network was the result of greater internal interaction, stemming from the migration of different groups and the emergence of an overarching shared identity, while the coalitional network topology retained greater autonomy among subgroups of the confederacy that may have been more tethered to individual areas.

In our application of SNA to migration in the US Southwest we also have used a spatial multiscalar approach to look at how the same migration situations can be observed at micro-, meso-, and macro-scales (Mills et al. 2015). At the macro-scale we were interested in understanding the impact of the depopulation of the northern Southwest in the last half of the 13th century on the structure of networks (Mills et al. 2013a). Brainerd–Robinson similarity indices were calculated on decorated ceramic assemblages to construct networks of interaction that indicate shared consumption practices. At the macro-scale, the results showed that just prior to the depopulation of the Four Corners, between ad 1250 and 1300, there were distinctive components or subgroups across the area (Figure 31.3). Many of these were composed of spatially close ties of less than 25 km. The largest connected component was on the Colorado Plateau, but following the late 13th century migration, in the ad 1300–1350 interval, entire components disappeared or were much diminished in the northern Southwest while there was increasing connectivity in the southern Southwest that continued into the next interval (ad 1350–1400).
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Figure 31.2. Typology of network structures. After Birch and Hart (2018: Figure 2).



We then explored how these same migration streams affected networks of settlements in the southern Southwest alone, which we called the meso-scale (Mills et al. 2015). This provided a different view of the way that individual valleys interacted with each other. Prior to the migration, each valley comprised a separate network subgroup or component, though some were denser than others. Outliers (settlements not connected to any others) were largely those that were without public architecture, indicating that community architecture was important for building links not just within sites but between them. Following the migration, however, the settlements across the entire region and across multiple valleys became more closely connected.
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Figure 31.3. Regional scale networks of ceramic similarity over time, ce 1200–1500, showing major changes after late 13th century migrations. After Mills et al. (2013: Figure 2).



At the micro-scale we focused on the San Pedro valley settlements because of the presence of two well-known examples of Pueblo-constructed sites or enclaves at the edge of the Hohokam World. The network analysis showed that migrant settlements were initially less central to the network (in terms of eigenvector centrality, which was used as a proxy for the importance of a site for sending or receiving flows across the network) and the most central sites were those of hosts living in the best agricultural areas. But within a few generations, the San Pedro micro-scale network resembled those at other scales in that there was a single, dense, well-connected component. This multiscalar example demonstrates the effects of large-scale movement and a trend toward increasing coalescence. The ceramic wares used to construct these networks were increasingly decorated with ideologically charged designs that were related to their use in public feasting and participation in regional religious organizations that emerged in the wake of these large-scale population movements.

Another spatial model besides coalescence is Kopytoff’s (1987) “internal frontier migration” thesis that he used to describe the processes of African resettlement into relatively empty areas between metropoles, instigated by village fissioning in the home regions. Recent re-assessment of this model suggests that frontier areas show greater variation than he acknowledged, especially when viewed at the micro-scale (Ogundiran 2014). Ogundiran points out that the internal frontier model was dependent on a world-systems core-periphery model that assumed that innovations emanated from the core areas. Instead, he shows how one of these internal frontier sites was instead a dynamic place, “characterized by diversity, complexity, experimentation, and newness that resulted from local forces of migration, frontier social networks, and regional exchange systems involving several spheres of interstitial frontiers and multiple metropolises” and settled by people through “frontier-frontier migrations” (2014:1).

Archaeological network analyses of areas that may be considered “edge” zones, between larger social and political formations have provided new interpretations that fit with Ogundiran’s reconceptualization of internal frontier processes. For example, in the Southwest, Peeples and Haas (2013) used the network concept of brokerage combined with spatial distributions to show that brokers were more prevalent in areas that were demographically, physiographically, and culturally transitional between areas with larger and more homogenous populations. These “edge regions” were also shown to be less stable over time, with relatively shorter occupational histories than other areas (although other, more stable, areas may have started out as “edge regions” themselves). Peeples and Mills (2018) expanded upon this to provide a more in-depth discussion of specific edge areas, such as the Mogollon Rim area, where high degrees of innovation took place. They argued that migrants created zones of heterogeneity and innovation in these regions—what Spielmann (2004) called “emergent clusters,” or settlement clusters with high diversity of ceramics, low population densities, and short occupation spans than more persistent clusters.

In another North American example, Hart and colleagues (Hart, Birch, St-Pierre 2017; Hart, Winchell-Sweeney and Birch 2019) investigated social networks at the eastern end of Lake Ontario, which was both a physiographic and cultural frontier. Lying between the historical Wendat and Haudenosaunee territories in present-day Jefferson County, they created regional-scale networks from ce 1350 to 1600 based on the same cooking pot collar designs as used in their other analyses. Incorporating the modified Gould–Fernandez measure of brokerage developed by Peeples and Haas (2013), their analyses showed that the Jefferson County sites had high brokerage or liaison positions in the network, especially in the ce 1400–1500 period. In contrast to the previous period, these sites served to bridge other parts of the network, controlling the flow through the network as measured through betweenness centrality. When the Jefferson County area was depopulated as part of the coalescence process discussed above, ca. ce 1500, other settlements took on brokerage positions. Like the Southwest case studies, the frontier settlements did not last as long as other settlements, illustrating the transitory nature of internal frontiers in different areas of North America. Thus, Granovetter’s (1973) “strength of weak ties” model, which network analysts often cite, was not strong enough to provide enduring social and political capital for those occupying internal frontier settlements.

Using a multilayer social network that incorporates several different material culture attributes, Upton (2019) focused on the process of migration, and similarly interpreted it within the context of a spatial and social internal frontier. He contrasts pre- and post-Oneota immigration to the central Illinois valley, a movement that was of smaller scale groups to Mississippian settlements. Taking place in the 13th and early 14th centuries, this migration is another example of coalescence, with coexistence of Oneota and Mississippian households in the same settlements, but it is also an example of migration into an internal frontier. The three network layers that he constructs based on pottery, are (1) chemical compositional similarities representing exchange relationships, (2) shared proportions of decorated vessel designs representing categorical identities (following Peeples 2018 for the distinction between relational and categorical identities), and (3) technological style similarities representing transmission and shared learning traditions (or communities of practice). By comparing pre-migration and post-migration assemblages, Upton is able to look at three different kinds of networks, each with different behavioral implications, and then to combine them into a multilayer network to look at those with overlapping edges from each of the three constituent networks. He found that categorical identities became more important in the post-migration society, which were largely expressed as designs on the everted rims of plates—a visually prominent design field reminiscent of the northern Iroquois collared jars. The network layer based on economic relationships was highly cohesive in the pre-migration regional networks but became less important for linking settlements during the post-migration period. The layer based on transmission/learning frameworks shows that these networks were maintained across the pre- and post-migration periods but with a “significant infusion of variation” once Oneota peoples moved into the area (Upton 2019:355). He interprets this variation as part of the formation of a social and spatial internal frontier (following Kopytoff 1987) characterized by pluralism (Upton 2019:269).

Temporal Scale of Migration

A temporal dimension of scale is always present as migration events may range from singular events to prolonged periods of migration from source to destination that result in migration “chains” (Anthony 1990). Migration chains are common in transnational migrations today, with long-term flows of people (and often remittances in the other direction). As many researchers have pointed out, people generally do not migrate to places that are unfamiliar—even if they have never been there themselves. Migration chains are often established where kinship or trade relationships are present and reinforced by future successful migrations. Long-term corridors of movement combine spatial and temporal dimensions of migration that may be more detectable archaeologically than short-term movements.

Combining practice-based and learning theory and the same dataset as used in prior analyses for the late pre-Hispanic US Southwest, Mills (2016) argued that “communities of consumption” could be used to link different areas into “constellations” of communities (Knappett 2018; Roddick 2016; Wenger 1998) that persist over multiple generations. These spatially constellated networks were the result of shared use and discard of different ceramic wares that linked different areas and promoted continued use of specific corridors of movement. Over several generations this can result in higher probabilities for movement along these different routes. Routes may be affected by availability or variability in resources, or similarities in ecological niches, which more readily allow the transference of agricultural knowledge (and even seeds adapted to specific areas). However, in environments characterized by unpredictable fluctuations in productivity, the inhabitants of agricultural settlements often maintain long-distance connections with contacts in environments characterized by complementary risk profiles (i.e. when conditions are bad in one place, they are good in the other, see Gauthier 2021; Rautman 1993). Cordell and colleagues (2007) suggest that on account of such risk-buffering adaptations through networks we might expect long-term trajectories of population movement to occur across environmental gradients. In the US Southwest, migration from the Colorado Plateaus to the southern desert valleys (Clark et al. 2019) are an example of the latter. Whether within or across ecological gradients, the results create constellations of practice linking different areas together.

Network methods and models have also been used to assess the plausibility of competing models of the timing of migration processes and colonization rates based on archaeological evidence. For example, Cochrane and Lipo (2010) use a phenetic distance network approach to explore potential patterns of similarity and cultural transmission processes in the Solomon Islands chain based on an analysis of decorative motifs on Lapita pottery. Traditional distributional approaches to Lapita pottery motifs have been used to argue for several different and competing models explaining the order and pace of colonization of Remote Oceania. Cochrane and Lipo (2010) use a network model to simultaneously explore potential hierarchical relationships among Island communities, based on distribution as well as the potential for horizontal transmission between communities after colonization. The results of their network analyses, they argue, are best explained by a rapid colonization process across Remote Oceania followed by continued post-colonization contact among neighboring populations for generations.

Migration Unit Profile

The health, status, and identities of migrants are all variables that are prominent in contemporary migration studies. For example, highly skilled individuals have very different migration experiences than do those without such skills in contemporary situations. Mills and colleagues concluded that skilled potters, weavers, and farmers were responsible for fostering innovation and leading to their successful incorporation in the frontier areas to which they migrated (Mills et al. 2016). Another kind of skill is held by religious specialists, who may be in demand and able to move within suprahousehold networks that crosscut individual settlements. In the US Southeast the movement of individual ritual specialists (and perhaps their families) has been remarkably tracked by research on a specific pottery type called Swift Creek Complicated Stamped (SCCS), which was made with wooden design paddles that can be individually identified from pottery fragments. Pluckhahn et al. (2020) recently summarized this research and although they do not apply formal networks in this work, the cumulative work on SCCS provides insights into how individual religious specialists moved among centers that could be analyzed through network analysis.

Using bioarchaeological indicators, the identification of migrants has recently become an important part of aDNA and isotopic analyses (e.g. Bentley et al. 2002; Slater et al. 2014). However, these results have rarely been combined with network analyses (but see Johnson 2016). This is partly a sample size issue, but also a gap between bioarchaeological and material-based archaeological network approaches. Furholt (2019) argues that this gap in approaches should be filled with multi-proxy artifactual analyses and careful assessment of bioarchaeological indicators of migration. Similarly, the relative health of migrants as a cause or a consequence of migration has not been well addressed in the bioarchaeological or network literature. As Cameron (2013) has pointed out, captives are an overlooked group of migrants who are often recognizable through osteological analyses (e.g. Martin et al. 2001. These are certainly important gaps that should be addressed in the future—and which have implications for how past migrations may be important for understanding present-day movement, the development of inequalities, and the archaeology of care.

Migration Causes

The reasons for migration are usually attributed to economic and/or environmental causes but there is a wide range in explanations for leaving one’s homeland. Some environmental changes, such as hurricanes, severe fires, or explosive volcanic eruptions can be quite sudden, while others, such as some forms of volcanic eruptions that can be anticipated, allow households and their communities to plan their movement to other areas (see also Gjesfjeld, “Networks and Catastrophes,” this volume Chapter 35). Long-term droughts fall at the other end of the spectrum in what can be anticipated, but is one of the most cited reasons for population movement in semi-arid and arid environments. Similarly, rising sea levels can also be anticipated to cause new migrations in the future which will affect coastal subsistence farming/foraging/fishing communities around the globe.

Political and/or ideological conflict can cause segments of the population to “vote with their feet.” Many archaeologists attribute population aggregation and coalescence into larger sites, especially those with palisades or walls, as evidence for increasing concern about potential conflict. Political and ideological conquests, such as European colonialism throughout the world, can and have put millions at risk of forced movement and labor exploitation. Other causes of migration may be because of social structures such as primogeniture, in which later born sons are compelled to leave their households and find employment elsewhere. Smaller groups of people may move because of population increases, the fragmentation of agricultural plots to unsustainable sizes, and internecine conflict. Village fissioning may occur because of overpopulation and/or internal conflict in which factions and other social divisions push out some members, especially those who are at the socially defined edges of extended household networks (Bernardini 2005). Migration may be forced or voluntary, which may range from the relocation of individual captives to large-scale conflicts that produce refugees (Cameron 2013). Clearly, there are many reasons for why migration happens, yet only a few of these have been systematically looked at using network analyses. We touch on two causal conditions that have been explicitly addressed by archaeologists using formal network methods: catastrophes and colonialism.

Migration in the Wake of Catastrophes

Riede (2019:Table 1) lists the relative fragility/robustness of social networks as one of the characteristics that will affect human resilience to hazards such as volcanic eruptions. There are a number of factors that promote network fragility, but one most often cited is the degree to which the network is centralized, which can be measured by the nodes’ degree distributions. Removal of more central nodes (and their edges) will result in a rewiring of the network—a process called “site percolation” in the network literature (Newman 2010:592). Even if the node persists, but the edges are severed, there can be significant changes in the efficacy of the network. Structurally, a more centralized network will be more susceptible to network change than one with multiple hubs and components, although significant fragmentation can occur when nodes with high betweenness centrality are removed.

Using a modeling approach, Knappett and colleagues (2011) showed the susceptibility of the Minoan network to “collapse” because of the high centrality of the palatial complex on Santorini that was impacted by the Theran eruption. Although they model the network in terms of trade, rather than migration, it is an instructive exercise that experimentally shows the results of node removal on the overall network structure and functioning. When the eruption occurred, the complex at Akrotiri was destroyed, and other settlements were able to compensate for the loss of this important node in the trade network—but only for so long. They argue that adjustments to the network increased transport costs, which were in the long run unstable and resulted in the collapse of the Minoan network after a few generations.

In an empirical investigation into the effects of volcanic eruptions, Riede (2014) looked at the changing networks following the Laacher See volcanic eruption ca. 13,000 years ago in western Germany. Using material culture from known procurement locations to construct directed ties, he finds that the Late Glacial forager network was characterized by low population density with only a few nodes with high degree centrality in several subgroups or components. Riede suggests that the more peripheral nodes in northern Europe were most vulnerable to the eruption, especially when combined with longer-term environmental changes. These peripheral nodes do not persist after the eruption and the foragers who used those sites likely migrated to southern Scandinavia. More robust components to the south and west, by contrast, were able to persist because of their more extensive social networks as evidenced by raw material procurement and associated information exchange.

 
Colonialism and Migration

Throughout the world, disruptions to Indigenous networks have been caused by settler colonialism. The Caribbean is one area of the world in which network models have been applied to understand the consequences of colonialism. As part of the NEXUS 1492 Project, Hofman and her colleagues (2014) looked at four different sites to better understand how local networks were structured and the impact of colonialism on inter- and intra-island connectivity. Although Hofman and colleagues (2014) did not conduct formal SNA, they provided visualizations of hypothetical networks of interaction for each period of colonial encounters based on long-term archaeological research in the area (Figure 31.4a–d). Pre-colonial networks show several different spatial levels of connectivity with varying strengths, depending on distance, with the strongest ties at the archipelagic level (Figure 31.4a). Early colonial networks (Figure 31.4b) show evidence of down-the-line exchange and the incorporation of a few European settlements that brought colonists, animals, and other goods from Spain. The 16th century encomienda system (Figure 31.4c) is modeled with multiethnic nodes participating in a continuation of down-the-line exchange of colonial goods as well as those from Mesoamerica and South America, as the Indigenous economy expanded. Such a decentralized network contrasts with the core-periphery network, radial structure that is often used to model colonial settlements. Early 17th century networks (Figure 31.4d) included co-residence of Indigenous, European, and possibly African individuals at settlements with connections to Carib strongholds as well as to European settler communities who maintained ties to Europe as shown by the dashed lines. This latter site and visualization shows evidence for the continued flexibility of Indigenous networks despite settler colonialism and the relocation of captive Africans. These models are testable with empirical data in the future and show the value of visualization for looking at the effects of settler migration.

Connectivity

The theme of connectivity refers to the ways in which migrants are tied to each other and to those in the areas they move to, before, during, and after migration events. All of the other themes discussed in this chapter address connectivity to some extent, but this theme specifically looks at the kind and strength of ties with each other and with other groups.

For example, Borck and colleagues (2015) used the Southwest Social Networks Project database to look at the degree of embeddedness for different regions prior, during, and after the large, late 13th century migration. Some regions, such as the Kayenta area, were strongly tied internally prior to migration, and they formed a distinctive component separate from other regions. This tendency toward homophily (McPherson et al. 2001) resulted in a low external/internal (E/I) tie index compared to many other regions. They argued that, along with its low population density, this was a contributing factor in the depopulation of the region in the late ce 1200s. Other areas with low E/I indices, such as the Zuni area, had much higher population sizes that allowed residents to weather climatic downturns in place because they had more internal social networks to draw upon.
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Figure 31.4. a–d. Network models for Caribbean networks before and after the establishment of European colonies, modified from Hofman et al. (2014: Figures 3–6). Solid black nodes are excavated sites from each period. a) Pre-colonial networks based on Kelbey’s Ridge 2, Saba, solid black lines are local, archipelagic level ties; intraregional ties are in dark grey; intermittent interregional ties shown in light grey. b) Early colonial networks, El Cabo, Dominican Republic; squares are other Indigenous communities, circles are European migrant settlers, and dashed lines are ties with European continent. c) 16th century encomienda system, El Chorro de Maí, Cuba, with multiethnic nodes (diamonds and triangles) participating in down-the-line exchange of colonial goods (white circles) as well as trade items from both Mesoamerica and South America (triangles). d) 17th century networks, Argyle, St Vincent, with co-residence of Indigenous, European, and possibly African individuals (black square); connections to Carib strongholds (white squares); and European settlers (white circles), who maintained ties to Europe as shown by the dashed lines.



 
Transformation

The dimensions that we include in Table 31.1 under “transformations” follow Sewell’s (2005) social theory for how certain events or sequences of events can cause ruptures by re-aligning relations and creating new ones (Riede and Sheets 2020). Social transformations that are tied to migration include the long-term impact of migrants on societies in their destinations, the degree to which a homeland identity is maintained, and the pervasiveness of regional conflict. How much societies are transformed is closely related to demographic factors, such as the number of people migrating, but also to technological innovations brought by migrants or newly created in their destinations.

Diaspora-scale migrations will nearly always have major transformative power for regional networks. In the Southwest, the late 13th century depopulation of the Four Corners region again provides an example, with tens of thousands of migrants leaving for other areas; the dissolution of many northern connected components was replaced by the formation of dense, highly connected network components in the southern Southwest (e.g. Mills et al. 2013). This transformation was accomplished in just a few generations and had pervasive and long-term impacts on both the migrants and their destination societies. One result was the creation of new socioreligious networks and identities that bridged far-flung portions of the network, through the creation of new categorical identities (sensu Peeples 2018), including the Salado and Kachina religious societies. Peeples’ use of relational and categorical identities draws upon the work of sociologists, especially Harrison White (2008), to contrast socially close networks built upon kinship and exchange with more widespread and often distant networks resulting from shared participation in named social groups such as religions, ethnicities, and social movements. Categorical identities are often represented through symbolism in material culture and may be identified archaeologically through the widespread appearance of shared styles, such as “horizon styles.”

Conclusions

As this brief overview suggests, there is considerable potential for studying migration using archaeological networks, and there have already been a wide variety of productive studies focused on tracking migration and its consequences. We have argued that it is important to separate different dimensions of migration including those of scale, the constitution of the migrating group, migration causes, the nature of migrants’ and hosts’ connectivity before and after movement, and the extent to which social transformation occurs following migration. Each of these dimensions lends a different perspective to the migration process and where individual case studies fall along each dimension’s range of variation creates different expectations for network analyses. Not all of these dimensions have been equally used by archaeologists and there is ample cross-cultural research to build on (e.g. Brettell and Hollifield 2000; Cabana and Clark 2011b) to compare how archaeological networks may change through the process of migration.

Based on this overview, we close with a few important points which we hope will set the stage for the continued engagement with such topics by archaeologists. As the examples outlined here suggest, social networks can both facilitate and constrain migration processes, providing opportunities and connections at various spatial and social scales and predefined paths that often structure movement. At the same time, migration can transform social networks dramatically by shuffling established patterns and interactions. Thus, archaeologists should be aware that networks can serve as both dependent and independent variables in investigations of migration processes.

Research focused on networks and migration has shown that different material, geographic, and biological proxies for reconstructing social networks can sometimes reveal different patterns. This suggests that it is useful to consider multiple lines of evidence for assessing networks and dynamics of interaction wherever possible. Furholt (2019) further argues that investigations of such network processes pushes us toward a “polythetic view” of societies that allows for (and expects) different aspects of society and different social activities to be associated with distinct interaction processes among the individuals constituting such societies. Finally, there is also a great need for additional work to test and evaluate the specific relationships between network processes and migration generally in well-understood contemporary or archaeological contexts using ethnographic, ethnohistoric, and archaeological evidence together. Such work has the potential to help us develop better expectations regarding the connection between movement and social networks at various timescales.
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CHAPTER 32

Network Modeling of the Spread of Disease

Marek Vlach

Introduction

The role of epidemics and communicable diseases in shaping the course of human history has a long arc (e.g. McNeill 1976) that reaches to the present. This phenomenon undoubtedly affected human societies even before written sources (cf. Mendonҫa de Souza et al. 2003). The impact of diseases on demography is a subject of much debate with a wide spectrum of opinions and estimates (e.g. Antonine plague, cf. Vlach 2022). Contributing to this uncertainty is the short-term nature of such events which renders them invisible in “archaeological time,” and that they leave no, or limited, traces in the archaeological record. In addition, paleopathological or genomic confirmations are still scarce. Nonetheless, during the last decade there has been significant progress in available methods for the identification of pathogens (e.g. Devault et al. 2014), which now provide crucial input into the debate about their impact and better approximation of input settings in epidemiological modeling.

Epidemiological modeling of contemporary populations is mostly oriented to prediction and the efficiency of available measures such as quarantine, vaccinations, etc., to contain disease spread (e.g. Ferguson et al. 2003). However, there is a long history of analytical methods in epidemiology that includes network science and graph theory (Bailey 1957). The intersection of available tools for epidemiological research questions provides much potential for implementation in archaeological contexts. Just as the integration of network science and modeling in archaeological research has mediated a new dimension of formalization and analyses of archaeological data (e.g. Brughmans 2013; Collar et al. 2015), so does the possibility of implementing well-developed methods from epidemiological research to create new analytical possibilities focusing on various thresholds, types of population distribution patterns, or social structures, among other variables.

 
Epidemiological Modeling—A Brief Outline

Epidemiological modeling is predominantly intended for assessment of potential health risks from known diseases, which could turn into epidemics or pandemics, and is also used to assess the threats of bioterrorism (e.g. Halloran et al. 2002). As opposed to epidemics, which generally refer to elevated numbers of a disease with geographically limited constraints, pandemics represent the “fully fledged” disease spread through several or all the continents (except for Arctic regions). Pandemics are enabled by significant shortening of distances, both geographical and social, in the Modern era. Length and depth of interconnection—reflected in connectedness through present transportation and interpersonal contact networks—poses one of the greatest challenges in the containment of epidemics and pandemics in the present and future.

There is a long history of efforts to understand the processes connected with disease transmission including the use of mathematical representations and modeling of communicable diseases (Brauer 2009:4). In the second half of the 18th century, D. Bernoulli (1760) presented an entirely new perspective on the effects of smallpox inoculation (Dietz and Heesterbeek 2002), representing one of many steps on the long path to its eradication that has only recently been successfully completed (December 1979). The establishment of epidemiological modeling as a subdiscipline did not really begin until the end of the 19th century (e.g. Hamer et al. 1906; Ross 1911). The first widespread use of the method is associated with the analytical division of the modeled population into groups called “compartments” according to the stage of disease development known as Susceptible-Infected-Recovered (S-I-R model) (Kermack and McKendrick 1927). Along with this, the concept of a basic reproduction (or reproductive) number (R0) was developed, which is a central characteristic of the size and scale of an epidemic outbreak (e.g. Chowell and Brauer 2009). In mathematical epidemiology it is most commonly defined as the number of secondary cases caused by an infected individual (cf. Nishiura et al. 2006). In addition, the effective reproduction number (Rt) is often used to represent the same principle but at specific time t during the course of epidemics. The pandemic of SARS-CoV-2 (COVID-19) initiated a large number of studies to estimate the basic reproduction number and resulted in a wide range. Statistically weighted together, the mean estimate of between 2.81 and 3.82 was calculated (cf. Alimohamadi et al. 2020:Table 2). For instance, R0 for outbreaks in European Union states was calculated as a mean of 4.22 ± 1.69 (with a maximum of 6.33 in Germany) (Linka et al. 2020). These figures are comparable to infectious diseases such as smallpox (R0 generally between 3 and 6; e.g. Ferguson et al. 2003:Table 1) or whooping cough (mean R0 5.5; Kretzschmar et al. 2010).

The systemic dynamics are based on iterative calculations of several differential equations on changing sizes of individual compartments (cf. Anderson and May 1992; Brauer and Castillo-Chavez 2012). These models are also called homogenous-mixing because their underlying assumption expects the whole modeled population to have the same probability of becoming infected. Therefore, specific aspects of individual-based behavior are obscured in these types of models. This approach dominated the field of epidemiological modeling until recently (Keeling and Eames 2005:295–296); now, modifications and extensions that have been added address specific aspects, conditions, and research questions including age structure, spatial grouping, demographic changes, forms of intervention (e.g. quarantine, isolation, ring vaccination), etc. (cf. Brauer and Castillo-Chavez 2012).

The gradual increase in available computational techniques during the 1960s also enabled spatial representations of compartment models (for one of the early applications of two-dimensional space see Bailey 1967) into spatiotemporal dynamics of contagious diseases (Elsayed et al. 2013; Holmes 1997), building on principles of cellular automata. Bayesian statistics were added to the various analytical approaches for evaluating epidemiological impact (e.g. Britton and O’Neill 2002; Demiris and O’Neill 2005). Further development in methodological and computational tools opened ways for individual-oriented approaches. Ideas of agency and the possibility of emulating the phenomena from individual behavior (movement, interaction, etc.) grew in significance. Agent-based modeling (ABM; see also Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18) enabled full exploitation of the potential of the simulated behavior at the “micro” level in order to generate patterns at “macro” levels (e.g. Auchincloss and Diez Roux 2008; Marshall and Galea 2015). Nevertheless, the features of network science and graph theory were present in epidemiology before the onset of ABM and recently it has become a dynamically developing research area.

Network Science and Epidemiological Modeling

Methodologically, there has always been a strong connection between epidemiology and both graph theory and network science (Danon et al. 2011:1). The network structure constitutes one of the most appropriate formal and spatial representations of a contact network through which the spread of infection can be traced. These contact networks provide tools to formalize featuring entities to establish a contact network of an artificial population as well as a suitable framework for the study of infectious disease dynamics. Therefore, it is not surprising that the diffusion of ideas from network science into epidemiology can be traced back to the late 1950s (Bailey 1957). There are several substantial differences from the compartmental models based on fundamentally different “architecture” and principles of network science, with the heterogeneity of the structure shaping the dynamics of the studied phenomena (Lloyd and Valeika 2005:17–19).

The dynamics predicted by homogenous mixing compartmental models provide close approximation to stochastic simulation of random network models (Anderson and May 1992; Bansal et al. 2007:882). However, the latest development in the adaptation of network science into epidemiological modeling has stimulated research, and advanced it to a new stage, in which the interaction of elements and dynamics of the system can be analyzed. Before computational modeling and simulation of impact scenarios, the principles of networks and graphs had already been used to reconstruct paths and trajectories of contagion (e.g. Keeling and Eames 2005:298–299). So-called contact and infection tracing networks or diary-based studies are tools designed to help track disease transmission through the multilevel structure of interpersonal and other connections (Danon et al. 2011:7) and assumed disease vector patterns (e.g. identification of the patient zero) in order to map past epidemics and contain future ones. Planning of intervention strategies stimulated efforts to predict potential dynamics and the behavior of epidemic disease spread. Some of the more advanced projects are aimed at “realistic” representation (a kind of structural “digital twin”) using extensive networks consisting of the numbers of individuals (e.g. Barrett et al. 2008; Eubank et al. 2004; Ferguson et al. 2003), and combining various approaches (such as ABM or network structure) to establish a “complete” transmission network that makes it possible to trace both potential and confirmed disease transmissions between the featuring nodes in the transmission network (individuals, places, or other entities). The SARS-CoV-2 pandemic led to a dire need to contain disease spread through a wide array of contact tracing methods and approaches (e.g. various “smart quarantines” projects) using the latest technologies and being fed by large amounts of information about contact movement tracing of individuals. Such endeavors usually generate huge contact networks with spatiotemporal properties and could immensely ease the process of finding and isolating those who have been in contact with contagious individuals before further infection spreads (e.g. Cho et al. 2020; Keeling et al. 2020; Kouřil and Ferenčuhová 2020), regardless of the actual efficiency of its employment.

Perhaps the most straightforward and natural representation of an epidemiological (or transmission) network consists of individual hosts, i.e. disease vectors (people, animals, etc.) that constitute the base resolution of acting entities (i.e. nodes) in the studied phenomena. Network edges connecting individual hosts can be differentiated through the weighted probability of disease transmission, on the basis of their assumed qualities (type of contacts) and quantities (frequency of contacts). In the case of ABM, the nodes may also represent households (Danon et al. 2011:20–21; House and Keeling 2008), specific groups or subsets of modeled populations, or locations where individuals interact (Riley et al. 2015). Their connections (edges) reflect social contact, transmission patterns, or movement vectors (Pellis et al. 2015:58). The probability of realizing such interaction and transmissions is differentiated through weighted edges. In accordance with percolation theory (Newman 2002) the outreach and consequences of modeled phenomena on random networks (e.g. regular, Poisson, or exponential) are conditioned by their structural properties, which can be connected or consist of multiple unconnected components (in principle several connected networks; e.g. Keeling and Eames 2005:297). One of the basic forms of networks—a lattice—provides settings relatively close to the principles of cellular automata with a regular distribution of nodes (e.g. Rhodes and Anderson 1997). The concept of a small-world network (Watts and Strogatz 1998) significantly influenced epidemiological modeling. Few edges interconnect the whole structure and could be used to represent the effects of air traffic in the development of large-scale pandemics, i.e. connecting different communities at great distances. The stable position of the small-world concept in epidemiology is consistent with the concept of scale-free network (cf. Barabási and Albert 1999), with preferential attachment (power law distribution) leading to arrangements where a certain number of nodes have a significantly higher degree. Owing to the high variance of degree in such networks there is an almost non-existent epidemic threshold and this type of network structure should be considered for specific cases (Bansal et al. 2007:881). The concept of “superspreaders” (e.g. Galvani and May 2005) may provide a suitable solution for specific pathogens, such as SARS (Dekker 2013). The significant role of superspreading has been recently discovered for the case of the related coronavirus SARS-CoV-2 on the basis of a study of its epidemic outbreak in Israel (e.g. Miller et al. 2020). This network structure could be considered appropriate for conceptualizing nodes as locations of contact/transmission (households, community spaces), as they would expectedly exhibit more significant variability in degree distribution (Figure 32.1).



Most network models in epidemiology assume a stable contact network, but social interactions are often fluid and dynamic (Bansal et al. 2010), and “rewiring” the contact may result in significant differences in the spread of a disease (cf. Enright and Kao 2018). The important aspect is the time frame, however, which could be short in rapidly spreading (highly contagious) diseases with increased R0 (measles, R0 between 12 and 18). From a long-term perspective, demographic development (births and deaths, mobility, etc.) changes in social relations, and seasonality-based effects (e.g. weather, holidays, seasonal work) can also result in different conditions for disease transmission.



[image: image]

Figure 32.1. Illustrative example of contagion development in simplified network with power-law arrangement (mean degree 4.49, clustering coefficient 0.489, eigenvector centrality 0.066) mediating the superspreading effect. The example is based on the clinical properties of the smallpox disease and represents a hypothetical development of an epidemic outbreak during 250 days, captured in consecutive 50-day stages. Quantitative development during the individual stages is represented in the bar graph at the bottom.



 
Epidemiological Modeling of Past Societies

Paleoepidemiological research has been traditionally anchored in paleopathology (cf. Buikstra and Roberts 2012; Pinhasi and Turner 2008), including the specialized fields of paleomicrobiology (Drancourt and Raoult 2008) and paleogenetics (e.g. Devault et al. 2014). It encompasses a wide array of research areas on past populations such as health conditions, age structure, and life expectancy (e.g. Bocquet-Appel 2008; Chamberlain 2006). Relatively recently it has also made use of computational modeling of complex systems (see also Romanowska, “Complexity Science and Networks in Archaeology,” this volume Chapter 17). Apart from indices from paleopathology, structures in archaeological data (e.g. sharp decreases in various quantitative and qualitative proxies) or historical sources (narratives of written sources and epigraphy) could generate solid grounds for research questions about potential epidemic consequences to multiscalar development trajectories of past populations (Figure 32.2).
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Figure 32.2. Diagram of basic (standard) methodological phases (not necessarily all of them applicable in each case, while some of the steps from specific cases could be missing) during the process of modeling and simulation of an explicit paleoepidemiological issue (research questions).  Adapted from Garner and Hamilton (2011: Figure 1).



Since the beginning of the processual paradigm, and the implementation of various computational techniques and methods into archaeological research, the potential of network concepts was present (Clarke 1998) in the conceptualization of various phenomena (e.g. trade connections). Nevertheless, there have been few actual case studies or theoretical discussion of these methods in paleoepidemiology (or archaeological epidemiology). Certainly, besides purely theoretical research (e.g. models for threshold testing in various implicit demography contexts) there have been only a relatively limited number of actual epidemic cases in past societies to address (Mendoҫa de Souza et al. 2003). Available narratives feature the Plague of Athens, the Antonine plague, as well as the Justinian Plague and Black Death (Cunha and Cunha 2008) are backed up by direct paleopathological evidence. Significant advances in genomics have confirmed, for instance, the tracing of the bubonic plague back to a Late Bronze Age burial context from the Russian Samara region (Spyrou et al. 2018), and Congo-Crimean hemorrhagic fever in the Hallstatt Period mortuary record from Heuneburg in Germany (Wiktorovicz et al. 2017).

Epidemiological modeling studies of past epidemics have drawn on various methodological approaches. For example, the GIS-based model by Zubrow (1997) was designed to explore relations of sea routes and large-scale depopulation of the New World. Paine (2000) modeled the consequences of the High Medieval black death epidemics using the “Leslie matrix,” a discrete age-structured model of population growth (Leslie 1945). The thoroughly conceived application of compartmental epidemiological modeling was developed to help explain major sociodemographic changes of Puebloan populations of the Southwest United States and Northwest Mexico (Phillips et al. 2018). A homogenous-mixing model was used by Zelener (2003, 2012) in estimations of the epidemic impact of the Antonine plague, which is traditionally considered to be one of the possible causes of the “third century crisis” (e.g. LoCascio 2012). Recently, there has been an attempt to improve the evaluation of existing theoretical models of epidemic impact through an explicit spatiotemporal model (cellular automata environment; “large-scale” model of the Roman empire extent) combining demographic estimates and compartmental principles for epidemiological dynamics (Vlach 2022). Complementarily, a “small-scale” network model was developed, in which the effect of a power law degree distribution with various frequencies of accessed locations (e.g. household, baths, market, forum) was seen to condition the emergence of epidemics within various types of population spatial arrangements (Figure 32.3; Vlach 2022). The same case of an ancient epidemic was addressed by Löb and Ditter (2011), who used a simple network model with nodes representing distinctive urban centers and edges of significant routes between them. Despite its promising conception, this work has not been published in great detail.

Discussion: Issues in Paleoepidemiological Network Modeling

Naturally, there are several ways in which to formalize acting entities, but network models of past populations are constrained by available proxies and estimates from archaeology, anthropology, paleodemography, and other related fields and can be explicit about only certain levels of detail. Extrapolations and projections based on largely scarce and incomplete qualitative and quantitative data are predominantly case sensitive and could even provide false assumptions and inadequate model inputs. As the process of digital model building usually reveals gaps in theoretical models and input data, one of the key issues resides in the selected approach toward conceptualization and formalization of the context of interest.

Past societies represent a wide range of variable forms in spatial arrangements in settlement structure, population density, and its organizational settings (e.g. Bowman and Wilson 2011; Séguy 2019; Zimmermann et al. 2009), which significantly condition the potential for the emergence of epidemics. Density dependence has been central in epidemiology since the earliest observations pointed to a positive correlation between population density and the size and scale of epidemic impact (e.g. Gao and Hethcote 1992). However, the actual contact rate (Hu et al. 2013; Rhodes and Anderson 2008) could be conditioned by other factors in network properties—connectedness (i.e. in networks consisting of several poorly connected components an epidemic outbreak could have a limited outreach), degree distribution, and frequency of interactions—not only density dependence (Brauer 2009:5). These constraints result in limits of “affordance” and accessibility (e.g. Gillings 2012). It is reasonable to expect that aggregation of larger number of individuals (e.g. prehistoric hillforts, ancient cities, Roman military camps, etc.) would exhibit more densely arranged contact networks with higher rates of interpersonal interactions. Therefore, in less populated, largely rural regions with up to roughly 10 persons per km2, higher node degree would inevitably result in higher average length (spatial distance) of edges. The amount of potential daily contacts would be limited and inevitably be subject to edge differentiation, reflecting frequency and other properties of interactions. However, it could still lead to effective disease transmission throughout the adjacent regions. Therefore, weighted networks with heterogeneous dynamics of contact and transmission rates are suitable for grasping the fundamental base of the phenomenon’s behavior. Besides the significance of weighted edges in resulting network dynamics, their directionality also represents an important aspect to consider in analysis of disease transmission patterns. According to the scale of analysis and the conceptualization of acting entities in the model, the epidemic transmission network could be either directed or undirected. Among individuals the disease spread takes place only in one direction but at the level of cities, the potential of recurrences and endemic phases at this scale suggests bidirectional types of edges.
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Figure 32.3. Example of contagion development in various testing scenarios (urban/rural; based on different population size and degree) in simulation of potential impact of Antonine plague in various contexts/environments. In the upper section are representations of the spatial distribution of initial and final simulation stages in individual scenarios. The middle section shows the quantitative data of scenario settings and simulation results (with three variations 1–3 in each scenario a–d). In the lowermost section are graphs with simulated epidemic outbreak and frequency of node degree. After Vlach (2022).



Within the process of any model building, one of the key issues lies in design—defining and setting of the actual network structure. In the case of paleoloepidemiological modeling it is above all a transmission network, for which there exist inspiring applications of network science in archaeological contexts, which could contain structures reflecting properties of the past social contact networks and its properties. From the perspective of movement in space and the potential of disease spread throughout areas of tens of thousands of square kilometers, a reconstructed communication network (e.g. Verhagen et al. 2013) may provide a framework for spatially explicit epidemiological modeling. Also, urban environments of complex societies represent a context for modeling, where significantly increased complexity and “density” of social relations proportionally moderate the probability of epidemic outbreak and its further development, as well as its potential further persistence and endemicity. Therefore, modeling of movement patterns and interaction potential in such conditions (Crawford 2019; Raja and Sindbæk 2018) could also enhance the potential of simulation at this scale. As the spread of infectious disease often occurs in parallel with the spread of ideas, trajectories based on a gravity model of the spread of early Christianity (Fousek et al. 2018) might be considered. In addition, pottery and other material distribution patterns (e.g. Bertoldi et al. 2019; Brughmans 2010; Mills et al. 2013) may also reflect contact networks among certain entities (e.g. raw material extraction and production sites, consumers, etc.).

In many cases, there is often a problem in the identification of the causing pathogen (e.g. Cunha and Cunha 2008; Drancourt and Raoult 2008), which significantly affects the dynamics of epidemics (Bansal et al. 2007:879) due to varied properties (infectiousness, duration of disease stages, mortality rate, etc.) and have to be considered if they are to be conceptualized and formalized properly. Certainly, a number of epidemic diseases are transmitted through direct interpersonal contacts but there are other vectors, such as fleas in bubonic plague, mosquitos in malaria, or ticks in Congo-Crimean hemorrhagic fever. We also know next to nothing about supposed changes in behavioral patterns during epidemics, although some basic reactions such as contact avoidance might be expected in some situations. For example, in the case of the Antonine plague some of the narratives reflect both awareness of disease transmission through direct contact with sick individuals as well as its perception as a divine intervention (Vlach 2022). The potential of such behavior can be conceptualized, for example through threshold testing of edge removal rate or a change in weights (transmission or contact rate) of edges (cf. Bansal et al. 2010). Significant effects on disease transmission patterns may also be caused by the distinction of individuals into multiple classes or groups (social, economic, spatial, etc.) with preferential connections. Differentiating certain social groups within the network through subsets may provide a testing framework for the development and spread of infectious diseases of various types within either explicit or implicit spatial representation. For instance, in some cases such as diseases with long latency periods or asymptomatic disease carriers, the small number of significantly different contacts (e.g. nobility, priests, soldiers, merchants) or movement patterns (e.g. long-distance trade, diplomatic contacts) could form specific disease vectors.

One source of significant bias stems from circumscriptions based on culturally or seasonally specific behavior (e.g. labor in agriculture, fairs), which could modify the development of epidemic disease in unexpected ways. Another issue in paleoepidemiological modeling (as well as modeling in archaeology in general) pertains to model validation and sensitivity testing (Burg et al. 2016; see also Peeples, Roberts, and Yin, “Challenges for Network Research in Archaeology,” this volume Chapter 3). Empirical data from a representative mortuary record that could be used to better evaluate simulation results generally does not exist, limiting the possibilities of result validation in terms of spatial and quantitative margins. Therefore, other proxies of both intrinsic (archaeological record and quantities in specific types of material culture, e.g. Duncan-Jones 1996) and extrinsic (paleoclimatology and paleoecology) sources, that could be of potential relevance to epidemic impacts, are often included. For instance, some correlations could provide representative clinical data from the Modern world, and their statistical evaluations (cf. Nishiura and Kashiwagi 2009) may provide important insights into epidemiological dynamics in different demographic contexts that could be compared with the more distant past, such as the urban context of the Roman empire (cf. Bowman and Wilson 2011).

Conclusions

The methodological intersections of present-day epidemiology and network science have been noted before and tools for its implementation in research on past populations are ready to be used. However, a number of significant issues and challenges are present in the modeling of epidemic disease spread within ancient populations. The reconstruction and formalization of underlying demographic properties (especially population size, distribution, age, and social structure, etc.), are mostly based upon theoretical assumptions, estimates, and various sources of circumstantial evidence from vastly incomplete data. Therefore, such modeling attempts have to cope with significant uncertainties in many aspects. Yet, network epidemiological modeling stands out as a powerful and so-far-unexploited tool for the study of past epidemics. Exploration of the phenomena in past populations poses an interdisciplinary challenge for future research in archaeology and anthropology.
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Chapter 33

The Antiquities Trade and Digital Networks

Or, the Supercharging Effect of Social Media on the Rise of the Amateur Antiquities Trader

Shawn Graham and Damien Huffer

Introduction

How does the internet enhance both the ability of illicit antiquities traders to pursue their trade, and our ability to study, monitor, and disrupt this trade? There is, in popular parlance, an idea that the “Darknet,” or those parts of the internet not indexed by Google or other search engines and thus “hidden,” is a place of crime and illegal dealing where illicit trafficking, including of antiquities, takes place. While there is some preliminary evidence that the “Darknet” has or does play host to certain categories of illicit antiquities sales (Paul 2018), we wish to stress at the outset that, in general, the Darknet is not necessary for “dark” or illegal commerce, as for example the work of Harrison et al. (2016) demonstrates with regard to the illicit wildlife trade.

In fact, the technical barriers to finding and engaging with websites not indexed by Google, Bing, or the other major companies, marginalizes the Darknet’s importance in terms of illicit antiquities trading for all but the most paranoid. Why mess around with complex technical requirements when a quick post to Instagram can do the work for you? The global dominance of Meta platforms (Facebook and Instagram’s parent company), combined with its deals with carriers in “source” countries to be “cost-free,” makes them the de facto platforms for networking and, whether ever intended or not, licit and illicit commerce (e.g. Al-Azm and Paul 2018; Koebler 2016). A wide variety of computational approaches are being used to investigate these different trades, including machine learning, network analysis, and so-called ‘web forensics.’ These include categories of the illegal wildlife trade such as ivory trafficking on Twitter (Xu et al. 2019) and eBay (Alfino and Roberts 2018), orchid trafficking (e.g. Hinsley et al. 2017), illicit drug commerce on Twitter and Instagram (e.g. Kalyanam et al. 2017; Li et al. 2019; Mackey et al. 2018), and many other topics—including modern slavery (Pinnell and Kelly 2019).

Facebook’s algorithms (and other social media platforms) bring together “like-minded” individuals—individuals who show an interest in antiquities—and so its algorithms become active participants in the trade, acting to supercharge the possibility for people in source countries to connect with people in consuming countries. Indeed, as of October 2020, Facebook will be pushing posts from public Facebook groups directly into the feeds of people not following a group, in the name of “discovery” (already there is a feature called “related discussion” that a user could click on; the new feature will automate this) (Simo 2020). Lidington (2002) already noted the effect of eBay for enabling trading in low-value antiquities; the difference between then and now is that social media actively searches for more people for you to sell or buy from, recommending new people, pages, or groups to like or join, based on previous user history. Doing so reduces intermediary steps, or rather, makes it so that the platform is the intermediary. Especially in those locations where Facebook comes pre-installed on mobile devices, it has become the way that most information is consumed and exchanged, regardless of veracity or effect (e.g. Land and Aronson 2020; Nyi Nyi 2019; Willems 2016). In short, social media supercharges the rise of traffickers of all kinds, including amateur antiquities dealers, transforming the scale and reach of their operations.

In this chapter, we discuss network perspectives on how and why social media and e-commerce actively provides a foundation upon which the illicit antiquities trade can flourish, illustrated through discussion of case studies representing ongoing research programs. There is a broad literature on the antiquities trade and its intersection with the internet, but in this chapter we are particularly concerned with studies that employ formal network methods to understand or map the phenomena (rather than studies that use “network” more informally or metaphorically). These are selected from among many possible research projects, including our own concerning the human remains trade, to demonstrate that social media and e-commerce platforms have themselves become sites of illicit antiquities trafficking. This is not a new observation where e-commerce platforms such as eBay are concerned (e.g. Fay 2011; Huxley and Finnegan 2003; Kreder and Nintrup 2014; Lidington 2002). However, it is one thing to have a platform where one can buy and sell things (and eBay has gotten better at moderating its content and enforcing policies); it is quite another to have a platform that actively seeks out illicit content and pushes you toward it. One can argue that the illegal antiquities trade hides in plain sight (see also Brodie 2017; Handby 2020; Paul 2018; Sargent et al. 2020).

SIDEBAR: Locations on the Darknet are discoverable if you know where to look (using a service called “Tor,” which stands for “The Onion Router,” which implies that the dark web is like an onion to be unpeeled; for a review of the origins and technical specificities of the Darknet, see Hodson 2014; McCormick 2013; for a general introduction, Greenberg 2014). The ways one might access these “hidden” sites can often change, and the interested reader may search for up-to-date online tutorials if they wish to pursue the idea further at their own risk. Finally, to complicate matters somewhat, there is adjacent to the Darknet those materials that are online but not indexed by search browsers: perfectly legal information that resides inside online databases, repositories, learning management systems or other “walled gardens” that could be accessed with the correct permissions or knowledge of where to look using a conventional browser.

 
Networking the Antiquities Trade

When studying the illegal antiquities trade it is conventional to think about it in terms of networks of bad actors—that is to say, networks of small-scale looters and excavators who are connected by middlemen (complete with clandestine meetings by moonlight) to freeports and auction houses or larger dealers. Laundered via various financial mechanisms, materials pass hand to hand through the network and the chain terminates in museums or private collections (Kersel 2020; Mackenzie et al. 2019). The most (in)famous of these networks is represented by the “organigram” sketched out on a piece of paper by Pasquale Camera which documented Camera’s understanding of the work of middlemen Gianfranco Becchina and Giacomo Medici as forming separate “chains” of individuals ultimately leading to the dealer Robert Hecht (Brodie 2012). Camera literally drew out the network connecting looters in Italy through famous antiquities dealers and museum curators (Figure 33.1). It was a central part of the prosecution of these men (excepting Camera, who had died in a car crash) when they were eventually brought to trial.

When we think about the illicit antiquities trade, this kind of networking—a mapping of connections—is one of the more obvious applications that network analysis could be used to understand, but only if we had the data. The problem with the illicit antiquities trade is the fact that it is indeed illegal. The data is not easy to come by, especially as items can “surface” and vanish again online very rapidly—often before researchers or law enforcement have time or opportunity to record them. The possible connections are hard to determine or are opaque. It is difficult to discern all the players. After all, as archaeologists, we are not professional detectives, even if detective work is sometimes part of what we do. Formal network analysis and work in the statistical properties of networks can be used to fill in some of the likely paths through a network when some of the players are known, as the work by Tsirogiannis and Tsirogiannis (2016) demonstrates. In their work, Tsirogiannis and Tsirogiannis (2016) developed a method for trying to fill in the blanks when we know some of the players, given the various statistical properties of known networks and network formation processes. This is one of the most novel uses of social network analysis for determining the properties (like probable shortest paths) for networks that are only partially known.



[image: image]

Figure 33.1. A schematic representation of the original organigram, as depicted by TraffickingCulture.org, courtesy Neil Brodie (Brodie 2012).



However, the modern antiquities trade also takes advantage of online platforms—in a way that was not a feature of the “organigram” of Camera (which dated to an earlier, pre-social media moment)—that are themselves dependent on network analysis and operationalize network principles in order for them to work. That is, there are human networks that intersect with machine networks, and the machine networks begin to condition how the human networks operate—what is shared, whether prices are offered upfront or not, and how text or images are composed to be either effective sales tools or less obvious to detection by moderation bots (that is, automatic searching for keywords or phrases and then deletion of posts that match). The social algorithms that power social media are active agents trying to erase social distance between people, watching users’ actions and promoting new venues for interaction that would enhance that mission to connect different individuals together. This is what we mean when we say that social media supercharges the reach of “amateur” antiquities dealers (“amateur” by contrast with the earlier Medici- or Becchina-type traders, or more recent “kingpins” such as Subash Kapoor). For instance, most online recommendation algorithms work partly by trying to close triangles, so if it knows that I am connected to you and that I am connected to her, it will assume that you and she might also be interested in the same things as I am. And so, the social network that emerges depends on connections being made algorithmically as much as they are made organically. There is no cost in time or social capital to make these connections: the machine does it.

When we study the illicit antiquities trade mediated through online platforms it is not just understanding the social connections of the players that matters, but also understanding the way the underlying network algorithms of the chosen platform also serve to bring people together. Thus, network analysis of the antiquities trade as mediated online means that we have to be aware of not just the idea that being online reduces social or physical distance (bringing buyers and sellers together), but also reduces the costs of finding out about the existence of these networks in the first place.

A case in point is the work by Katie Paul and Amr Al-Azm of the ATHAR Project (2019; ATHAR Project nd). Their work has been monitoring private Facebook groups based in the Middle East, where people have demonstrated interest in buying and selling antiquities. Facebook as a platform operates by trying to automatically pull together people with similar interests; it then tries to profit from this by using this knowledge to deliver targeted advertising, but to also sell the existence of the ‘profile’ of people interested in subject x or y to other players, and indeed make ‘groups’ into venues for commerce from which it can profit. The role that was once played by middlemen in physical space is circumvented by an algorithm. Many of these groups are private and can only be ‘visited’ by invitation or undergoing some kind of vetting procedure by the group admins, but these are easy hurdles to surmount in most cases. The ATHAR Project covertly monitors 95 separate groups where antiquities are bought, sold, auctioned, and looting/thefts commissioned, with a total membership of about two million individuals as of 2019.

Rather than generate network maps of the participants and their connections of who follows whom, Al-Azm and Paul (2019) looked at the patterns of administrators and groups, building a massive list and then projecting it from this ‘two-mode’ network into one-mode networks representing how these group administrators tied together the various groups, and how the groups are connected through the various administrators. From this data the ATHAR Project was able to work out the impact of several different streams of illicit trading from the Middle East (everything from ISIS-connected looting-for-profit, to opportunistic looting by local farmers) connecting dealers with collectors in various cities primarily in North America.

Similarly, in our own work, when we study the online trade in human remains that is both on the web and of the web, we have to understand the underlying network mechanisms that create channels and enable connection. In our particular research we are studying people who buy and sell human remains through Instagram, Facebook, and various e-commerce platforms. Instagram is a very visual medium and its algorithms try to gather people together around visual identities. It does this both through understanding the networks of followers-to-followed, and through networks of hashtags, patterns of navigation, and clicking by individual users, and perhaps other mechanisms. The underlying algorithms are opaque to us as investigators and in practice the networks are infinite because there is so much content being created minute-by-minute.

Taking our Instagram research as an example, we began by “scraping” or using our computers to automatically collect the underlying metadata (descriptive data surrounding a post that structures the post—usernames, time posted, numbers of likes and so on) for posts using a list of hashtags (keywords set off with a # symbol to indicate a descriptive tag) that casual browsing of Instagram demonstrated resulted in finding posts with human remains for sale (‘#humanskullforsale’ for instance is an obvious one, but more opaque terms like ‘#vultureculture’ we quickly recognized were relevant). Then, in these tens of thousands of posts that we found, we search the text for clear statements of dollar value, where there could be no doubt that the human remains depicted in the image were meant to be sold through the platform: ‘dm me (send me a private direct message) if you’re interested; $750 for this cranium’. Most traders are not so bold as to state a price; many run blind auctions through direct messaging. Nevertheless, in 2016, the total dollar value for posts where prices were actually named amounted to approximately $US 57,000; and in the third quarter of 2020, the value of sales so far is nearly $US 165,000; the number of individuals bold enough to state prices openly appears to have increased enormously (Graham and Huffer 2020).

In 2016, we listed these accounts that openly touted bones for sale with prices in particular and had the computer download (“scrape”) the account names of followers of these initial accounts; we then stitched these lists of followers-and-following into a network. Even at one step (we did not search for or download followers of followers), the result was a network of nearly 150,000 accounts. We transformed the network so that its nodes were just the sellers who mentioned dollar values in their posts, and the edges were weighted by the number of followers they had in common (Figure 33.2; this research is recounted in Huffer and Graham 2017).



At that point, we looked for what kinds of internal structure were present, performing some simple explorations of the data using community detection or “modularity,” calculating eccentricity, closeness, betweenness, and several other basic network metrics. We found that the overall structure of the human remains trade network as mediated by Instagram, is broadly tripartite—there are clearly people whose livelihood at least in part depends on buying and selling these human remains and whose patterns of interconnections clearly distinguish them as a group; there are people who will buy and sell human remains on an opportunistic basis but really are interested in curios and other antiques (not antiquities); and then there was a larger universe of people who provide the audience, and through what they “like” and follow, help set the taste for what gets bought and sold. These are people who might buy one skull once if convinced to do so.
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Figure 33.2. A network visualization of the volume of followers in common between accounts that explicitly named a price, as recovered in a scrape of Instagram conducted in 2016.  Reproduced courtesy of Internet Archaeology, after Huffer and Graham (2017, Figure 6). An update to this network may be viewed in Graham and Huffer (2020), showing that the broad network structure still obtains, though with many more active accounts. (cc-by Huffer and Graham 2017, figure 6).



Instagram is not the only online platform that enables trading in human remains. As in the example of ATHAR Project research, there are public and private Facebook groups that trade in human remains (with more than a dozen known and monitored at the time of writing that are either wholly devoted to, or permissive of, the display and sale of human remains. Membership ranges from hundreds to thousands of individuals). In October 2020, Facebook rolled out a new “discovery” mechanism, where “related discussions” are inserted from public groups that a user is not currently subscribed to (Simo 2020; see Cox 2020 for a view on how this might cause other harms), which will help connect individuals involved in trafficking. eBay is another vector, though one that has, since 2016, been more interested and effective in cracking down on this trade. What distinguishes the kind of network documented by Camera, and whose ramifications were explored by Tsirogiannis and Tsirogiannis (2016) is that the new network platforms are active agents in their own right; the early trade in human remains required far more work for the players to find each other. Instagram, Facebook, and their ilk function to bring people who want to trade together, and to transform people who might have a passing fancy in the trade into active participants. It is important to emphasize that what Instagram and Facebook are doing is what they were designed to do: to bring people with similar interests together.

Other Adjacent Approaches

In terms of other online sources of information in which illicit trafficking data can be uncovered, Hardy (2017, 2015) has conducted novel “netnographic” research using freely accessible forums and message boards devoted to metal detecting activities in several Mediterranean countries, exposing clear cases of artifacts or specific items being “looted-to-order,” as well as complex trafficking networks facilitated by permissive legislation and, in some instances, extending into the higher echelons of local governments. Network analysis could be brought to bear usefully on these forums and message boards, since every post could be considered an edge or link in a conversation between the different users.

Altaweel (2019) has been studying the continuing trade in other kinds of antiquities on eBay, using a combination of “spidering” (automatic crawling and scraping) and machine learning, but they have not been approaching this work from a network analysis perspective. Altaweel’s computational work automatically learns to classify objects by culture, category, and material type. It then focuses on object categories such as coins, jewelry, other metal objects, terracotta, etc. to scrape the relevant data. These objects are items that are sold relatively frequently but are small and often overlooked in monitoring illicit trafficking. Results suggest that Roman items, especially metal and coins, comprise much of this market, and in general have alleged origins from collections or collectors in the UK, US, Thailand, Germany, and Cyprus. eBay has much more frequently been discussed in both the academic literature and popular press for its general continued permissiveness to various categories of antiquities trafficking (Dundler 2019; Fay 2011; Kreder and Nintrup 2014). Scrutiny continues to be leveled toward global eBay for contributing to illicit markets in, for example authentic coins and papyrus fragments, even if forgeries readily mix with authentic items, and differences in state-level cultural property legislation have shaped state-level eBay markets differently (Dundler 2019; Fay 2011). Occasionally, a combination of research and public exposure of certain forms of trafficking, such as human remains, has resulted in concrete action (Halling and Seidemann 2016; Vergano 2016). Network analysis on eBay is probably not an appropriate method to employ since eBay does not use the follower-followed metaphor for arranging sales or discovery mechanisms. Nor do other e-commerce platforms specific to other countries or languages.

Handby (2020) has identified and examined the market for “apparent” biblical manuscripts in Turkey, and found that a major vector for this trade is YouTube videos—not the videos themselves but rather the forum provided by the comments section. By watching related videos suggested by the YouTube algorithm, buyers and sellers enter into a largely unregulated and unwatched forum exchanging contact details, prices, and descriptions of materials often unrelated to the materials in the video itself; thus employing a kind of “netnographic” approach (Handby 2020).

Web archives represent another “dark” source to study antiquities and human remains trafficking. There are websites that exist to monitor and report, for instance, auction sales (whether eBay or other similar sites); these sites get captured by the webspiders of services like the Internet Archive while active (webspiders are software robots that “crawl” the web, following links and lodging copies of websites in a repository as they go). When websites go offline or are abandoned—websites, like all human things, are subject to decay—the traces in a web archive might be the only evidence of their existence. Thus, another location for surfacing material related to the online antiquities trade can be the Internet Archive. The interlinkages of these sites might be amenable to study from a network perspective. However, the Internet Archive does not necessarily capture all of the supporting ecosystem of code and data, and so this particular source is only ever partial. Early auctions and websites selling human remains, before the rise of Facebook and Twitter, can for instance be uncovered and studied in the ruins of Geocities and other so-called web 1.0 locales (Graham 2020). New research is more readily making use of such web archives to explore the origins of numerous categories of illicit traffic in addition to their historical relevance in general (Winters 2017). Provenance data provided by dealers in online auction or museum catalogs can be another source of material amenable to network analysis. Laurel Rowe, an undergraduate student at Carleton University, produced a visualization of ties between dealers by stitching together the histories of objects as listed on dealer websites (Rowe 2014).

An unlikely ally in understanding the networks of traders related to illicit and illegal goods and crimes can be found within Reddit.com. Reddit functions as a kind of forum/bulletin board, where users post and discuss very nearly everything. In one of these fora (called “subreddits”), the subreddit r/TraceAnObject specifically allows its community of users to aid Europol with the identification of items or locations (e.g., spotting a stadium, specific brand of backpack, an item of clothing) deemed to be key to potentially resolving a child sex crime through crowdsourcing. Individuals can submit responses, and all answers are screened by agents as potential leads. At the same time, subreddits such as r/skulls, r/bonecollectors, r/oddities, etc. occasionally contain individuals showing off or discussing their human remains collections in among the majority of commenters interested in animal skeletons and taxidermy. Note that, again, the network of actors investigating these trades (whether law enforcement or civilian researchers such as us) are brought together by the same mechanisms that permit the trade. (Reddit.com has also been criticized for allowing illicit trafficking and violent/threatening content with minimal legal oversight under current CDA (Communications Decency Act) 230 legislation (Shepardson 2019).

 
The Ethics of Tracking the Trade Itself, Digitally


“The internet is a social phenomenon, a tool, and also a (field) site for research. Depending on the role the internet plays in the research project or how it is conceptualized by the researcher, different epistemological, logistical and ethical considerations will come into play.”  (Association of Internet Researchers 2018: 3).



This chapter has discussed the existence of networks of illicit antiquities trafficking on well-known e-commerce and social media platforms. However, many of the people whose online activity we ended up mapping in our networked exploration of the bone trade did not in fact do anything wrong (and complicating the matter is the fact that buying and selling human remains is explicitly illegal in only a few jurisdictions). This brings up some ethical dilemmas for the researcher who explores the human networks of illicit trafficking that are bound up with the algorithmic networks of online life. Richardson (2018) points out that most discussions of ethics in digital public archaeology (defined here as being the intersection of archaeological information and the web) are framed from a universalizing assumption that everyone working in archaeology or with heritage materials works from the same perspective—which is clearly not the case with people who buy and sell antiquities. The three major issues, following Richardson (2018) and Ess (2009) are privacy, surveillance, and abuse.

While putting something online can be seen as making something “public,” there are different levels of public and reasonable expectations of privacy. Just because digital tools give us the ability to observe others’ data trails does not necessarily make it ethical or right for us to observe or extract materials. While we are concerned here with illicit, illegal, or unethically sourced materials, the tools that we use are clumsy tools at best; many innocuous, innocent, or legal materials will be collected up as well. Listening in to a conversation between friends in a cafe, while technically “in public,” is not the same thing as listening to a speaker in Hyde Park’s famous “Speakers’ Corner.” We would not want to tar everyone caught up in a crawl with the same brush, as it were, nor would we want to expose someone to harm or unwarranted censure simply because they have a lay interest in human remains. A researcher should therefore consult with their institution’s ethics board and consider the ethical ramifications of putting together such databases of materials, its curation, and quite possibly its disposal. In discussions with our own institution, the guiding principle has been the “reasonable expectation” of privacy. The text and images from people who post in a private group whose membership is moderated are therefore out-of-bounds for our current research project. On the other hand, anyone posting openly on social media with commercial intent, whether licit or illicit, we would suggest has de facto waived expectations of privacy in favor of advertising a business or product.

With regard to surveillance, using all of these platforms inevitably creates data trails, artifacts, and identifiable traces that (with greater or lesser degrees of difficulty) can be tied back to individual people. Google’s fortune is built on the mathematics of graph theory and network analysis; the business model of nearly every web-based business is to surveil and extract these data trails for reselling for targeted advertising. (This business model is ultimately based on network analysis. Thus, the tools of network analysis are also the natural tool for unraveling the illicit activities of the web.)

There is finally the potential for abuse. Perhaps a researcher has made a crawl of Instagram and has posted the dataset in a repository. Without anonymization of usernames or the cleansing of the data of other data points that could be used to triangulate back to identities, a person could be at risk of being “outed” or misidentified as having done something illegal. If an individual who is fascinated by antiquity reposts images of illicitly excavated pottery (say, for instance, a looted vase in a prominent museum), and gets caught up in an Instagram crawl of “looting” more generally, that person could be targeted. Researchers have to begin by imagining “who could our research harm”.

The Association of Internet Researchers suggests a series of principles that can help guide ethical behavior when approaching such materials (Association of Internet Researchers. 2018: 4), which we summarize below:


1) Researchers should take steps to mitigate the potential harms to the communities they study. This is complicated in our case in that some members of the community we are interested in are actively breaking the law or are complicit in a dubious trade. Nevertheless, it is not our role to be judge and jury. Thus, we should not expose individuals to public naming.

2) “Harm” is contextual, and thus has to be considered on a case-by-case basis.

3) Ultimately, all of this research is research on human subjects (both living and deceased), and those protocols should be considered as applicable.

4) The benefits of the research to society more generally have to be balanced against the rights and interests of the individual subjects; it may be that the rights of the individual outweigh the benefits of the research.

5) We need to be alive to the possibility that different aspects of the research process will confront us with different ethical dilemmas.

6) We need to be engaged continually in a broad consultative process as we make these decisions.



We would also note that to law enforcement, this kind of research for the most part provides “intel” or “tips” rather than “evidence.”

Conclusion

The kind of networks that we discuss in this chapter are rather different than the kinds of networks recounted by Watson and Todeschini (2007), who describe a pre-social media world where the described networks are “dark” by virtue of being illegal and deliberately obscured from normal commercial or customs controls. The networks that connected dealers to middlemen, such as those headed by Giacomo Medici or Gianfranco Becchina, that were famously revealed in the “organigram” (Brodie 2015a, 2015b), no doubt continue to exist. In those networks, we periodically see materials surface, and then disappear again, likely made even easier through at least some degree of overlap with online life—even if only via the much wider distribution of, say, auction house catalogs through the web than via postal mail.

The thing about the online aspect to trading in illicit antiquities is that the fact of being online leads to context collapse (Davis and Jurgenson 2014). In the hidden networks that Giacomo Medici and Gianfranco Becchina maintained, the potential audience for the antiquity was always understood to be a clandestine one, and so a very limited one. Tsirogiannis and Tsirogiannis (2016) devised potential metrics to use on a partial network to understand how something might flow from one end to another; but these metrics are probably not germane to the networks we observe on social media because of the change in potential audience, and the multiplicity of contexts in which materials may be shown and “consumed” (some people, we must assume, just like to look—see Huffer and Graham 2017). There is no need to be clandestine because the social media platform will itself do the work of bringing potential audiences/consumers together. However, no one, to our knowledge, has yet explored the methods and metrics that Tsirogiannis and Tsirogiannis devised on a network derived from social media (like that put together by Al-Azm and Paul’s ATHAR Project). There is therefore interesting research to be done exploring how pre-social-media dark networks have adapted to platforms that, by their very design, work to bring interested parties together and reduce the friction between potential buyers and sellers, where the “professionals” and “amateurs” collide.
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Assessing the Structural Characteristics of Networks
 
 
 
 
 

CHAPTER 34

Social Networks and Inequality

Matthew Pailes

A preamble on the definition(s) of inequality is useful before considering the relationships between inequality and social networks analysis (SNA). Most prior archaeological research, and thus most of this discussion, focuses on the emergence of material inequalities commonly conceptualized as wealth. Modern societies accept wealth inequality as normal, but material egalitarianism characterized the vast majority of human history from pre-Homo sapiens ancestors until the development of economies reliant on domesticated plants and animals (Price and Feinman 2010; Smith et al. 2018). Varying levels of non-material prestige inequalities are omnipresent features of all human societies. Evolutionary typologies of economic-political organization suggest prestige-based forms of inequality are a precursor to material inequalities. The definition of prestige is fluid in anthropology, encompassing the concepts of social and cultural capital. Borrowing selectively from Bourdieu (1986), these forms of capital encapsulate charisma, knowledge, skill, and ascribed statuses that bestow both benefits and responsibilities. These concepts also overlap with schemas that emphasize the importance of embodied and relational wealth (Borgerhoff-Mulder et al. 2009). In the complex societies relevant to Weberian theory (1946), prestige is similar to the concept of status, which, in concert with economic standing and political affiliation, facilitates the exercise of power. The concept of biological fitness—number of offspring—can also be conceptualized as a form of inequality. Evolutionary theorists argue that all other forms of inequality, whether material or prestige based, are by-products of strategies that became fixed in human populations due to their fitness-enhancing ramifications (Mattison et al. 2016).

These diverse conceptions of inequality complicate identifying patterns relevant to SNA. For the purposes of this chapter, I define inequality as a disproportionate accumulation of a resource or quality by an individual or group relative to the population structure. Quantitatively, this is perceptible by non-coincident cumulative distribution functions for resources and population. Economists have developed a number of indices that characterize departures from proportionality. The most commonly utilized is the Gini (Equation 1), but there are alternatives such as the Theil,1 which has seen some archaeological use (Ellyson et al. 2019; Pailes 2014). The Gini is based on the Lorenz curve (Figure 34.1), whereas the Theil conceptualizes inequality as a departure from entropy. Both produce an index from 0 to 1, corresponding to respective extremes of perfect proportionality to complete consolidation, but there are differences in how the indices scale across this range. These quantitative approaches allow researchers to measure variation at multiple scales and in multiple dimensions, providing significantly more nuance than the often-conflicting criteria of categorical approaches employed in neoevolutionary schemas.
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Popular quantitative methods for characterizing networks provide an intuitive parallel with inequality measures. Many whole network (socionetwork) (i.e. Freeman 1979) measures vary as a function of the relative degree of departure from the extremes of complete connectedness and complete disconnectedness. And many egocentric measures can be conceptualized as a node’s contribution to the whole network’s departure from a state of complete disconnectedness, or as a means of quantifying the disproportionate allotment of connectedness. Other network characteristics are certainly relevant to studies of inequality, such as the prevalence of subgroups and cliques, but these are essentially measures of disproportionate connectivity expressed at intermediate scales between whole network and ego-network measures.

In summary, measures of both inequality and networks focus on conceptualizing the distribution of populations relative to some other attribute state: resource-holding in the case of inequality and connectivity in the case of networks. The parallel logics of quantifying inequality and connectivity facilitate intuitive arguments that correlation indicates relationships of causality. Differences between contexts, that is, between whole network measures on different networks, easily compare to summary inequality indices such as the Gini. Network outputs reducible to measures of ego-connectivity, such as centrality scores, can be compared to the absolute value of resources held by nodes, i.e. wealth, or in the case of the Theil to a mathematical abstraction of the total amount of inequality contributed by a node. Caution is always warranted when evaluating the implications of correlation. Without knowledge of the historical trajectory relevant to a particular case, it is perilous to infer that a given network structure produced any observed inequality as opposed to the inverse relationship.
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Figure 34.1. A Lorenz curve; the Gini is equal to the area marked as A divided by the total area B, under the Line of Equality.



Finally, I note that the merger of these two quantitative approaches (SNA and the quantification of inequality) is in a relatively early stage of exploration, particularly as adopted by archaeologists. The further incorporation of the relational perspective of SNA has the potential to substantially advance conceptions of inequality. For example, there is little predictability to economic measures of inequality and societal trajectories, such as voting behavior, prevalence of civil unrest, rebellions, etc. Sociologists have long recognized the concept of relative deprivation: how an agent compares to their immediate social world explains some of the disconnects between individual motivations and larger social realities (Walker and Smith 2002). Bowles and Carlin (2020) recently proposed a refined Gini that is overtly tied to the relational logic of networks. They note the mathematical underpinnings of the Gini assume that inequality is experienced within the context of a complete network—all agents are connected. An alternative Gini that bases the calculation only on demonstrable dyads better approximates the averaged experienced inequality. Incorporating inequality research that overtly leverages relational perspectives should be a focus of future research among all social sciences.

Theoretical and Empirical Studies of Network Inequality

Studies of social inequality in archaeology have traversed a long theoretical arc. For many years, inequality was the default proxy of hierarchization, which was implicitly synonymous with social complexity (Ames 2008). This era was followed by an emphasis on unpacking the relationships that underpinned such categorical thinking. One result was a litany of studies that purported to demonstrate the decoupling of long-held assumptions regarding the co-occurrence of complex societies, hierarchical institutions, and inequality (e.g. Yoffee 2005). Presently, inequality is enjoying a topical resurgence. Recent discussions regarding inequality demonstrate a predilection for seeking its origins, taking an evolutionary perspective in the broadest sense (e.g. Kohler and Smith 2017). A secondary emphasis explores how inequality is perpetuated in complex societies through structural relationships, such as class, with emphasis placed on reconstructing the dynamics of fiscal regimes (e.g. Monson and Scheidel 2015).

I divide SNA applications into two types of inequality research: (1) theoretical modeling of inequality as an emergent phenomenon, and (2) illustrating the coincidence of elite strategies and network topologies that fostered or maintained specific scenarios of inequality. This topical division can also be conceptualized as varying emphases on general and specific theories of inequality. The first approach explores the types of network topologies that allow inequality to emerge or be maintained, whereas the second seeks to explain aspects of particular networks, such as why certain nodes attained or maintained a disproportionate importance in a given context. I argue that the first has been successful in outlining first principles of the relationship between SNA and inequality that should now be more thoroughly enumerated with the second.

First Principles of Inequality

Network topologies conducive to fostering inequality are reviewed by other contributors (see Romanowska, “Complexity Science and Networks in Archaeology,” this volume Chapter 17), obviating the need for protracted discussion here. Scale-free networks, characterized by power-law distributions in node connectivity, are a corollary of structural inequality (Bentley 2003; Pareto 1907). This sort of network structure arises from a rich-get-richer relationship in which nodes disproportionately accrue connectivity based on existing connectivity. The perpetuation of this pattern creates distributions that span orders of magnitude, resulting in power-law distributions. Identification of power-law distributions thus allows researchers to reverse-engineer scenarios of inequality.

Maschner and Bentley (2002) take this approach in their investigation of house sizes among Northwest Coast archaeological societies. They infer a power-law distribution in house sizes reflects social practices of preferential attachment. In this case, initial variation in attracting household members propagated into substantial status and wealth disparities. These sorts of applications effectively illustrate a structural component of how inequality was perpetuated trans-generationally, but important questions are not addressed. In cases that present power-laws, the social rules and logics must still be reconstructed to explain why such preferential attachment initially emerged. In the example just cited, neighboring groups with similar starting conditions and ecological contexts did not develop power-law distributions in household sizes or wealth distribution, indicating that alternative trajectories were possible.

The focus on the categorical classification of distributions is also problematic for several reasons. Bentley and Maschner (2007) advocate for treating all distributions that are not power-laws as egalitarian because they lack the underlying relationship of preferential attachment based on existing attachment. Clauset and others (2009) argue that it is not possible to discriminate between power-law and exponential distributions in many contexts, making any distinction based on this difference suspect. Additionally, other non-uniform distributions, e.g. exponential or normal, produce levels of inequality that are similar in their lived experience for many members of society. Thomas and Mark (2013) demonstrate that inequality in connectivity, far less pronounced than power-law distributions, generates conditions fostering nascent prestige and wealth inequality. Conversely, power-law distributions also occur in contexts that most anthropologists classify as egalitarian, for instance, hunting success among foragers. Such examples still result in a scenario of prestige inequality, but these forms of inequality are typically not transferrable inter-generationally (Borgerhoff-Mulder et al. 2009).

Agent-based Modeling (ABM) (see Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18) also contributes to our understanding of the essential relationships between inequality and network topology. ABM demonstrates that inequality may arise as a by-product of agents pursuing economic strategies directed by a relatively simple set of parameters. SNA is enlisted in these studies as a means of generating topologies of agent interaction (e.g. Jin et al. 2001). Completely connected networks are used as a heuristic in some contexts, but more realistic networks that exhibit small-world effects are generally more appropriate. As one example, ABM applications demonstrate a link between economic specialization and the emergence of inequality (Bentley et al. 2005; Rouse and Weeks 2011). Specialization may arise from a patchy environment or by the introduction of technologies reliant on restricted knowledge or materials; once established specialization fosters inequality by allowing agents to disproportionately profit.

Distributional and ABM approaches verify and explicate long-suspected relationships, but as advocates of these approaches acknowledge, models provide only potential, not exclusive, sets of conditions that lead to inequality. Critical variables employed in these examples also begin in states that require their own explanations. This is a particularly acute problem, given that relative equality characterizes the vast majority of human history. So, while certain distributions of connectivity or certain economic logics programmable in ABM applications seem predisposed to produce inequality, we are often left with the need to explain why those patterns became dominant or at least permissible at a particular time and place. These details must be filled in by case specific studies.

Topical Issues in Inequality

This section reviews case studies applying SNA to ancient and historical inequality. There are relatively few explicit examples, necessitating an inclusive definition of what constitutes a relevant study. The review, nonetheless, demonstrates the potential to ask questions about not only the magnitude but also the network dependent strategies that fostered and maintained ancient inequality.

Sites and Settlements

There are many social patterns that constitute an expression of inequality encompassed by the definition provided above: a disproportionate holding of a resource relative to population structure. The most prevalent application in archaeology is settlement pattern studies that explore why particular nodes, conceptualized as sites, grew to differing sizes. Archaeologists rarely conceive of demographic distributions within a framework of inequality, but the underlying dynamics are much the same. These studies treat populations as any other resource that nodes accrue in variable quantities. Demographic trajectories in which large population centers grow preferentially in proportion to their present size are an example of a power-law producing relationship. Demographic scale is also a proxy in many applications for proportional importance in economic and social domains with clear relevance to questions of inequality (see also Ortman, “Settlement Scaling Analysis as Social Network Analysis,” this volume Chapter 37).

Several of the seminal applications of SNA in archaeology and history focus on differential site growth trajectories. Irwin (1977) investigated the historical economic importance of Mailu Island to southeast Papua New Guinea. The analysis indicated a central position for Mailu in a hypothesized seafaring trade network. Pitts (1979) employed centrality measures similar to betweenness and closeness to explain the rise of Moscow as a result of Medieval river traffic. Peregrine (1991) similarly used the position of Cahokia in the Mississippi River drainage to construct a network. Degree and closeness measures indicated that Cahokia arose in the most central location within the river system. More recently, Mizoguchi (2009) used shared ceramic styles to reconstruct regional interaction networks in Kofun period Japan. A wide variety of centrality measures indicates that the Kinki-core region held advantages that allowed it to emerge as the dominant political and economic force in pan-regional interaction.

All of the cited studies advanced the application of SNA in archaeology and history but there are problematic assumptions made about both edges and nodes. In regard to edges, all researchers, excepting Mizoguchi, inferred connection based on rather minimal evidence of spatial propinquity or position on an assumed transportation corridor. Networks that are based on purely spatial data are likely missing important domains of interaction and in some cases may be invoking a relationship of causation that reflects covariation. In regard to nodes, problematic assumptions are made in the treatment of population centers (sites) as agents. This perspective implies that sites act with the intent to out-compete their peers in the accumulation of population, resulting in economic or social supremacy. This treatment is unproblematic if we take a deterministic view of network structure that nodes passively accept what their network delivers. This implies that human agency is largely irrelevant and stochastic forces and network structure are the major determinants of site demographic trajectories. This perspective is an ill-fit for anthropology’s view of agents as active negotiators of their own fates (Schortman 2013). If we take a more active view of agency, a scalar issue emerges in that sites are obviously not individuals acting with singular intention. To treat sites in this way implies that we believe a population’s average behavior determines network structure or more commonly that sites serve as proxies for their elite members who pursue growth to their own ends (sensu Bodley 1999). Researchers should not lose sight of the fact that perceptible advantages expressed at the site level are likely a crude average of motivations actualized at a much smaller scale of organization.

Additionally, these studies infer clear cause and effect relationships for only one or two sites known to be the primate centers. This means that these approaches have a low bar for “confirmation” in that as long as they correctly identify a given primate center as the most central, they are successful. There is much room for improvement with a focus on other portions of the distribution. Or, perhaps more ambitiously, we should seek confirmation not only in our ability to predict primacy but other attributes of the archaeological/historical record pertinent to site scales of analysis. One such example would be the Ariadne model (Rivers et al. 2013) of the southern Mediterranean Bronze Age exchange sphere that reconstructs various attributes of both sites and the overall structure of the network.

Households

Smaller scales of social groupings, namely households, provide a more intuitive opportunity for studying inequality. Anthropological research consistently identifies the household as the social unit in which economic strategies are developed and actualized (e.g. Netting 1993). Surprisingly, though, there are few archaeological applications that expressly focus on household inequality with SNA methods. My research examined nascent inequality at Cerro Prieto, a Hohokam site in southern Arizona occupied for a brief period in the ad 1100s (Figure 34.2). A well-preserved trail network constructed through volcanic talus allowed me to reconstruct inter-household connectivity. I calculated a variety of degree, betweenness, and closeness centrality scores. Betweenness measures correlated with demographic proxies of household size. I believe the upper echelon of these distributions corresponds to the most economically successful households that attracted disproportionate human capital. Closeness measures seemed better correlated with households that appeared to hold non-economic forms of inequality, perhaps ideological, but there were members of this group that did not rank high in centrality. The exceptional preservation circumstances of this scenario allowed me to argue not only for the existence of inequality at nascent levels but also to propose alternative bases for that inequality and to discuss scenarios in which the spatially constrained foot traffic network did not seem to reflect inequalities inferred from architectural evidence.
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Figure 34.2. The Cerro Prieto network. Spatial relationships reflect physical layout of site.



Another household level example also relied upon foot traffic networks. Wernke (2012) employed various network methods available in ArcGIS to estimate the distances of households from a pre-colonial Inka plaza and great hall and an early colonial mission at the site of Malata. Distances were calculated as a rank order derived from estimated time to arrival along optimal routes. These measures are similar to the contributions made to nearness or reach measures of closeness centrality calculated for these ceremonial spaces. Households often held near inverted rankings in their relative connectivity to the pre- and post-colonial ritual spaces. The application demonstrated how the Franciscan’s plan to restructure the social order relied upon the built environment and prior beliefs about the relevance of space and the proximity to ritually imbued locations. Interestingly, the elite residence in the pre-colonial period Inka network displays spatial arrangements similar to those noted for non-economic elites at Cerro Prieto in that they were secluded from foot traffic (low centrality).

These two applications provide novel insights on how the built physical environment was manipulated through elite strategies of influence. The interpretations of both studies attempt to balance the influence of structure and the capacity for human agency to subvert entrenched patterns. They also acknowledge that elite status is multifaceted and that any network reconstruction based on a singular line of evidence is unlikely to identify all types of elites and their corresponding strategies.

Literate societies provide several intriguing studies of household inequality. The most widely cited historical examples are the Renaissance Florentine financial and political transformations that occurred in concert with the rise of the Medici (Padgett and Ansell 1993; Padgett and McLean 2006). Though largely qualitative in the use of SNA methods, this research effectively explores the roles of specific households and individuals in the development of new forms of capitalism and state craft. The level of detail distilled from censuses, tax records, ledger books and other documents is unlikely to be paralleled in archaeological contexts. Several applications focus on Maya hieroglyphic texts (see Harris Cline and Munson, “Epigraphic Networks in Cross-Cultural Perspective,” this volume Chapter 23). In the most relevant example, researchers (Munson and Macri 2009) construct networks from place name glyphs corresponding to different referential contexts. Though constructed as a site-level analysis, the focus on Maya royal elites in hieroglyphic texts approximates an elite household network operational at the regional scale. The researchers demonstrate that subordination relationships between centers (and their elites) correspond to centralized networks. In contrast, networks mediated by kinship relationships correspond to periods of antagonism, resulting in decentralized networks. Similar to the settlement pattern studies discussed above, both of these examples do not address inequality directly, but rather discuss the organizational parameters of systems widely accepted as fostering inequality.

Questions for Future Research

As the above review makes clear, there is more imagined than actualized potential for the intersection of SNA and ancient inequality studies. In this section, I provide some admittedly speculative proposals for applications to existing problems. There are undoubtedly numerous other directions in which SNA research may proceed, but three salient questions include the following:


1) How does inequality first emerge from contexts of relative material egalitarianism?

2) Is inequality inevitable in large populations?

3) What is the relationship between inequality and long-term societal stability?



Question one is tentatively answered in a general sense by the distributional analyses and ABM applications discussed above. Any time a power-law distribution develops in connectivity, it will result in inequality of some sort. As discussed above, this is at best a partial answer that mostly rephrases the question in terms of network topology. What we require now are empirical case studies on how inequality developed that identify the relationships between variable strategies and particular resources/qualities in historically contingent circumstances.

As exemplified in the discussion of household level studies, centrality measures offer an intuitive means for investigating elite strategies in conditions of emerging inequality. Decades of archaeological research have identified the domains of political economies (prime-movers) central to elite strategies (Earle 1987), including ideological control, warfare, and economic means. In parallel, Borgatti and colleagues illustrate that there are important distinctions in the assumptions that underlie various centrality measures that constrain their relevance to particular types of network flows (Borgatti 2005; Borgatti and Everett 2006; Borgatti and Lopez-Kidwell 2011) and by extension certain prime-movers. With these guidelines in mind, there is much potential to explore existing ideas about the emergence and maintenance of inequality through SNA.

Table 34.1 provides hypotheses relevant to common prime-movers by major classes of centrality measures. This thought exercise corresponds to the initial emergence of inequality and is only intended to illustrate potential future directions. Empty cells should not be taken as evidence of irrelevance, but rather as a lack of articulated theoretical relationships. On first principles, achieving inequality through economic means of resource control should correspond to topologies with variation in centrality measures intended to model the speed or reliability of material goods’ receipt, i.e. closeness and degree measures. In contrast, ideological, warfare, and some economic means dependent on labor recruitment should be better reflected in centrality measures that allow for the manipulation of information flows, such as various iterations of betweenness. I suspect that there are also notable variations within categories. Staple goods finance might look very different (relationally speaking) from wealth finance. This variance is hinted at by the widely employed exclusionary–corporate continuum (Blanton et al. 1996). The qualitative description of this continuum suggests that it could be conceptualized in SNA terminology as variation in the reliance on weak (long-distance) vs. strong (local) ties and the predominance of social group/class homophily at different spatial scales. Of course, elites rarely rely on a single strategy. Ideological, warfare, and economic levers are employed to varying degrees by most aspirant leaders, and we should expect to see this in SNA as well.



Table 34.1. Hypothetical benefits of various classes of centrality to leaders relying upon various prime-mover strategies.




	
	Relationship to network members
	Degree
	Closeness
	Betweenness





	warfare (individualistic achievement)
	“Big Man” supporters
	Success widely recognized
	
	Arrange events



	warfare (group strategy)
	Subordinates and peers in chain of command
	
	Efficiency of information transfer
	Orchestrate plans



	staple goods (provider)
	Feast sponsor
	Attract many participants
	
	Orchestrate sponsors



	staple goods (receiver)
	Tribute providers
	Reliable receipt and volume
	Rapid receipt of payment
	Effective honest payment tracking



	wealth finance (support)
	Clients, subordinates
	Many clients, supporters
	Rapid dissemination
	



	wealth finance (elite exclusionary)
	Peer chiefs
	Many partners, diverse goods
	Preferential delivery
	Regional brokerage



	ideology (maintenance)
	Marxist view of hegemony
	Wide propaganda dissemination
	
	Narrative control



	ideology (formation)
	Followers of movement: revitalization, millenarianism, etc.
	Wide recruitment
	
	Narrative control





The classification of centrality measures and the underlying logic used in this table are largely drawn from Borgatti and Everett (2006).




The second question I see as ripe for further investigation is whether inequality is inevitable in large populations. The first principles discussed above again seem to answer in the affirmative. Hierarchization of information processing is necessary in large populations due to the limits of human cognitive abilities (Johnson 1982). This implies groups must depart from completely connected networks at certain scalar thresholds of demographic growth. This process necessarily produces structural holes in connectivity, which is to say inequality in node connectivity. After an initial sharp rise, increasing hierarchization ceases to add appreciably to inequality. The underlying reasons for this are enumerated by Fix (2019). The relevant takeaway is that while hierarchical organization produces power-laws in subordination, adding levels to a hierarchy does not necessarily substantially increase inequality.

These abstract models are valuable, but do not explain the range of variation in inequality seen in complex (large) societies. Recent research provides entry points for further investigation. Comparative studies of ancient inequality (Bogaard et al. 2019; Kohler et al. 2017) suggest the development of inheritable resources (land, livestock, and slaves) is more critical than demographic factors. However, there are likely links between the initial development of these resources and scarcity induced by population pressure. Monson and Scheidel’s (2015) volume on fiscal regimes in complex societies highlights other important dimensions of variation relevant to structural inequality, including the sources of finance, types of taxes levied, methods of tax collection, and patterns of expenditure—ranging from elite graft to community reinvestment. Their focus is not inequality, but several contributors suggest relevant correlations between these variables and the formation of class consciousness and the degree of negotiating power retained by taxpayers (e.g. Bang 2015; Kizer and Levi 2015). I suspect creative approaches could discern network attributes that further elucidate dimensions of variation identified as critical in these works. Relevant and related attributes suggested by SNA research on modern elite groups includes the presence of institutional interlocks (i.e. corporation boards), levels of cliqueness, and degree of homophily.

A last question of clear relevance to the modern world is how much inequality matters to long term societal stability and whether it can be reduced without system collapse? The question is complicated by what constitutes collapse (Middleton 2012) or its many euphemisms such as reorganization. This discussion is primarily concerned with examples triggered by economic concerns, although SNA is relevant to all domains of resilience (see Gjesfjeld, “Networks and Catastrophes,” this volume Chapter 35). Many historic revolts occurred when measures of inequality were below those of modern nation states, demonstrating that there is no simple tolerance threshold. Modern and historical research suggests that the importance of inequality varies greatly in the instigation of intra-state conflicts (Besançon 2005). Other important factors include the formation of culturally distinct groups within a society and how these partition into economic classes, reflecting the adage that revolts only occur when elites are divided. These questions lend themselves to SNA as they propose that the topologies of connectivity within and between social groups are primary determinants of revolts and related forms of rapid societal change (Diani 2011).

The past also provides relevant data regarding the potential to reduce inequality. There are few examples of reductions in inequality that did not involve major social upheavals. The targeted removal of elites (e.g. Russian or French Revolution), often produces less enduring reductions in inequality than calamities that inadvertently reorder labor relations (e.g. WWI or the Black Death). These few qualitative examples are generally agreed upon, but there is a need for both comprehensive surveys to elucidate larger patterns as well as fine-grained analysis of particular events facilitated by methods such as SNA. My intuition is that intentional efforts to reduce inequality are rarely successful and enduring, but verifying this—and explicating why—are topics worthy of much more attention.

Methodological Considerations

This final section provides methodological suggestions and cautions for advancing SNA research on inequality. I advocate for greater emphasis on networks composed of small-scale social units and for more creativity in the approaches to inferring connectivity between nodes.

For the majority of human history the household was the basic unit of economic behavior and is thus the most logical unit for studies of inequality. There is wide agreement on the material attributes that reflect wealth inequality among households: habitation size and embellishment, burial investments, storage space, and artifact assemblage costs (Ames 2008; Peterson et al. 2016; Smith 1987). To tie these attributes to relevant network structures requires that an appreciable number of contemporaneous nodes be investigated. This will necessitate a significant realignment of sampling logics. Researchers need to excavate the majority, or at least a large sample, of households at the scales at which relationships were actualized (see Peeples, Roberts, Jr., and Yin, “Challenges for Network Research in Archaeology,” this volume Chapter 3). In most cases this will mean excavating large portions of individual sites as opposed to sampling a few households from many sites.

If households should be our nodes, what should form our edges? Spatial propinquity is a potentially informative heuristic on which to build exploratory networks but institutionalized inequalities frequently lead to scenarios in which the wealthy become spatially segregated from the larger populace that supports their status. The ubiquity of this pattern forms one of the first principles of space-syntax where low permeability (high depth) is accepted as an indicator of exceptionalness (see Wu, “Space Syntax and Pedestrian Modeling,” this volume Chapter 14). Recall that similar patterns were inferred in both the Hohokam and Inca examples given above. Uncritical distillation of such patterns into spatially derived networks would likely identify these important nodes as marginalized.

After 50-plus years of household archaeology it seems that other viable means of inferring connectivity should be available in at least some existing datasets. The sorts of artifact assemblage data that facilitate site level affiliation network studies (e.g. Mills et al. 2015) could provide much of the raw data necessary for such exploratory research if they were divisible to the level of households. Relationships between network topology and inequality could then be facilitated by comparing node centralities based on similarity indices of artifact assemblages, as is currently done at the site level, to absolute quantities of artifacts or architectural attributes. Caution should be exercised though, as similarity indices are not all created equal and often entail underlying assumptions (Habiba et al. 2018).

The ancient literate world offers additional important opportunities for the creative construction of networks. Surviving economic records are generally too fragmentary to track individual households across time or even to construct reliable synchronic networks. There is, however, potential in these records for evaluating network structure at higher levels of inclusivity between sites or institutions that speak to organizational patterns relevant to the maintenance of inequality (e.g. Scholnick et al. 2013). Another possibility is that even fragmentary records relevant to households, such as tax roles, may possess potential for exploring corollaries of structural inequality, such as the dimensions in which homophily was critical for the emergence of class or ethnic consciousness.

Despite the intuitive methodological fit between studies of inequality and SNA, there are many potential pitfalls in research design. My work at Cerro Prieto reflects a common logical approach that may be problematic. Like most studies focused on centrality, my research moved in the opposite direction of inferred causality. Rather than beginning with the network, I began with an established pattern of inequality and then searched post hoc for a perceptible network that imbued pre-identified elite nodes with high centrality. There is nothing intrinsically wrong with this approach, as long as theory can explain how the identified network played a causative role in the resultant distribution. However, there is a high risk of conflating correlation with causation and convincing ourselves that the network we can identify was necessarily the most important one to past agents. This approach certainly also contributes to archaeology’s present over-reliance on centrality, which often fails to probe beyond a basic search for correlation between network position and material outcomes (Brughmans 2013).

Concluding Remarks

When I began preparation for this chapter, I looked forward to updating my knowledge on the intersection between ancient inequality and SNA. Google Scholar quickly disavowed me of this optimism. Though there has been a continual output of research on the relationship between SNA and inequality in sociology, there has been very little movement on this front within archaeology, despite a recent proliferation on both subjects individually. I do not pretend to have a privileged view on why this is the case. Beyond the obvious methodological hurdles of producing datasets relevant to the scales at which inequality is typically actualized, there does not seem to be any good reason. The suggestions I discussed in this chapter provide only a sampling of what I believe to be substantial potential given sufficient creativity. I hope others will build on this potential to quickly make this assessment outdated.
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CHAPTER 35

Networks and Catastrophes

Erik Gjesfjeld

Introduction

Catastrophes are traditionally defined as a sudden and often unpredictable hazard event that causes hardship and destruction. Most often, the term hazard event refers to a natural hazard, which can be considered as a dangerous phenomenon, activity, or condition that may cause loss of life, property damage, environmental damage, or economic disruption (UNISDR 2009). Despite this inherent danger, not every natural hazard becomes a disaster or catastrophe. Whether a natural hazard actually turns disastrous is determined by a combination of the physical characteristics of the hazard and the capacity of communities, institutions, and governments to manage its impact. Therefore, it is important to understand catastrophes or disasters as situations where a natural hazard has consequences that are too severe for a community to manage on its own (Wisner et al. 2012). These two features, the natural hazard and the social environment, cannot be separated when discussing the impact of disasters and to do so invites a serious misunderstanding of catastrophes and our ability to minimize their impacts (Wisner et al. 2004).

This chapter will highlight a series of social network perspectives to the study of catastrophes. These include the role of social networks in building social capital, the function of social networks in preserving collective memory, and the value of network analysis for understanding community resilience. The starting point of this chapter is the understanding that networks of social relationships help to reduce the impact of natural hazards by promoting awareness, facilitating coordination, and allocating resources within and between communities. Broadly speaking, “the speed with which a community can mobilize and use resources during and following a disaster event is strongly dependent on its various capacities to adapt to change and is related to the strength of its social networks” (National Research Council 2009:9). However, this chapter further emphasizes that catastrophic events often have significant physical, social, and psychological effects that extend well beyond their immediate aftermath. Here, the long-term perspective of archaeological network analysis provides a unique set of insights and tools that not only encourage an understanding of the immediate recovery to the physical impact of hazards, but also their enduring impact on the memory, vulnerability and resilience of past societies.

Social Networks as Social Capital

One of the most significant factors influencing how communities cope with hazards is their capacity to build social capital (Aldrich 2012). The concept of social capital broadly refers to the goodwill resulting from social relations that can be mobilized into a resource (Adler and Kwon 2002; see also Holland-Lulewicz, “Networks and Sociopolitical Organization,” this volume Chapter 38). Numerous approaches exist to measure social capital; however, many social scientists disagree on which objective measures are able to capture and quantify the concept. One approach has been the application of a network perspective that focuses on the ability to access and use resources embedded in social networks (Lin 2017). The network approach to social capital (Lin 2002) emphasizes the combination of both the resources available from network relationships (embedded resources) as well as the structure of the network (network locations).

Research from the field of disaster management has demonstrated that social networks have many important functions in the response to and recovery from natural hazards (Aldrich 2010). A primary role of social networks during periods of crisis is to provide a form of “social insurance” by pooling wealth and resources among the community and distributing to friends and neighbors that require greater assistance. A second function of community social networks is the ability to overcome barriers to collective action and coordination (Aldrich 2010). For example, in post-Katrina New Orleans, the restoration of electrical power to certain neighborhoods was slow and most often redirected to the downtown areas (Chamlee-Wright and Storr 2009). However, some areas with well-established community networks, particularly within the Vietnamese-American community, were able to quickly mobilize and place pressure on local electric utilities to restore power to their neighborhood earlier than most others. Finally, social networks also play a crucial role in the decision-making process following a disaster (Aldrich 2010). In every catastrophic event that causes displacement, each individual and family faces the decision on whether to return or “exit” the community and rebuild in a different location. Strong, community-led social networks raise the cost of exiting from a community and significantly increase the probability that residents will return and help rebuild their community (Aldrich 2010:7).

A helpful model for understanding this function of social networks in small-scale societies is the hxaro system of gift-giving among the Kung San (Wiessner 1977, 1982, 2002). The hxaro system generally serves to pool risk between individuals that can be accessed in times of crisis, such as prolonged periods of drought. Relationships in the network are largely based on a delayed reciprocity system in which information and gifts flow in multiple directions in order to facilitate trust between network participants. Thus, the structure of the hxaro network is inherently sparse, but not because of dispersed populations or walking distances, but rather because of the intentional placement of social obligations that help redistribute people and food across a landscape with limited resources (Wiessner 1998:515).

Social networks within small-scale societies can also be expected to play a major role in monitoring and responding to environmental variability (Rautman 1993:404). Social networks in this context are an adaptive, risk-minimization strategy that distributes environmental risk among network participants (Braun and Plog 1982). The importance of efficiently disseminating ecological information across various scales is a focal point of the Information Networks Model developed by Fitzhugh et al. (2011). Here, the authors argue that the monitoring of subsistence variability and the hazards impacting resource availability can be acquired either by individual monitoring or social transmission. Individual monitoring of the local environment is relatively inexpensive, reliable, and accomplished through the course of daily activities (Fitzhugh et al. 2011). In contrast, the social transmission of ecological information is more variable as it occurs through interpersonal interactions, occasional social aggregations, oral traditions, and reciprocal exchange relationships (Fitzhugh et al. 2011). The benefit of establishing information networks within small-scale societies is expanding the pool of socioecological information that can be accessed by a single individual. This pool of information reduces the degree of environmental uncertainty and enables members of the community to respond effectively to unexpected hazard events.

A key mechanism for sharing socioecological information between small-scale societies may have been non-utilitarian movements across the landscape (Whallon 2006; see also Buchanan and Hamilton, “Networks and Cultural Transmission in Hunter-Gatherer Societies,” this volume Chapter 29). Hunter-gatherers display a variety of mobility strategies, which are often considered dependent on resource distribution characteristics. If resource conditions in one area are poor, it is advantageous to acquire information from your social network as to whether the resources of another area are also poor, better, or the same. However, the information flowing through the networks must be fresh and reliable otherwise the network would no longer be beneficial. Therefore, it is the regular maintenance of the social network that becomes critical to help communities minimize the impact of unpredictable hazards. The most effective mechanism for maintaining these social relationships across spatial scales is routine and reciprocal mobility, often referred to ethnographically as “visiting” (Whallon 2006:263). The routine maintenance of these regional social relationships is presented as a possible explanation for the changes in mobility patterns and the increased movement of exotic resources associated with the late Upper Paleolithic and Early Mesolithic of southwest Germany (Whallon 2006).

As highlighted above, social networks can help manage environment risks through the sharing of information, but only if trustworthy flows of information are maintained across the network. This routine maintenance of network connections is vital to managing the impact of predictable hazards (i.e. seasonal shortfalls), but also for mitigating the effects of more unpredictable geologic or climate-related hazards. For example, one of the largest information networks used to mitigate geologic hazards is the global tsunami detection system, known as DART (Deep-ocean Assessment and Reporting of Tsunamis). Through a network of sea surface buoys spread throughout the various oceans, these buoys routinely monitor changes in seafloor temperature and pressure every 15 minutes (Meinig et al. 2005). The goal of these buoys is to quickly identify the presence and direction of a tsunami, in order to provide an early warning signal for communities that might be impacted. However, since the initial setup, support for maintaining the system has been highly variable, as was evident in the 2018 Sulawesi earthquake and tsunami. On the day of the disaster, the early warning network infrastructure trusted to relay information from monitoring buoys to local communities severely malfunctioned. Cell phone towers immediately failed from the preceding earthquake so that no further text warnings could be transmitted to the local populations. Furthermore, 22 water buoys had not been operational for over five years due to vandalism and lack of routine maintenance (Singhvi et al. 2018). The failings of the early warning system in Sulawesi are the same challenges faced by any network in the past or present. Without routine and consistent maintenance of ties, networks will fail to function when needed most.

A remarkable example of community-led recovery efforts can be inferred from the series of geologic hazards that struck the Minoan town of Akrotiri on the island of Santorini. As described by Driessen (2019), the town of Akrotiri appears to suffer a number of major earthquakes during the Late Minoan IA phase in addition to the catastrophic eruption of the Thera volcano. The rapid covering-up of the Akrotiri settlement by volcanic ejecta preserved an intriguing view into recovery efforts as archaeological evidence shows well-coordinated reconstruction projects were underway following the earthquakes and prior to the eruption (Driessen 2019, Palyvou 2005). This included the removal of beds, the tearing down of unsafe walls with specialized tools, and the gathering of stones that could be used in the rebuilding process. This degree of coordination is unlikely without well-established and robust social networks and it provides a glimpse into the response of this society to earthquakes. However, the combined effect of these natural hazards likely pushes an already stressed system beyond its limits and ultimately leads to catastrophic consequences for the society (Driessen 2019).

Social Networks and Social Memory

Despite the unpredictability of many natural hazards, it is important to recognize that communities across the world have always been coping with the threat of catastrophic events. It should be no surprise that over time communities develop strategies for even the most unexpected hazards. One strategy to facilitate community resilience to infrequent hazards is the establishment of a collective memory of the hazard and the strategies that were effective in managing its impact. In many small-scale societies, this social memory is kept alive through the oral communication of local and traditional knowledge with neighbors both near and far away.

Oral traditions operate at two different timescales (Minc 1986). Folk tales, songs, and cultural histories reinforce behaviors of immediate importance and therefore require constant repetition for emphasis (Cashman and Cronin 2008). Ritual performances rely on a more faithful reproduction of behaviors and are designated to aid a society in a crisis situation that likely occurs only once every few generations (Cashman and Cronin 2008). The Maori of New Zealand demonstrate numerous oral traditions that detail ecological knowledge, record past catastrophic events, and codify place names that indicate areas of elevated risk (King et al. 2007). Some of the most widely recorded Maori oral histories and traditions are associated with storms, floods, landslides, and tsunamis. One oral tradition recounts the story of the Potiki-roa and his wife who were ridiculed for building a house further inland and away from the coastline. One night, a large storm made landfall and buried the other houses and fields as they were built near the ocean, but Potiki-roa and his wife escaped the damage because they had built their house further uphill (King et al. 2007). In contrast, Maori oral traditions concerning volcanic eruptions are fairly sparse. One of the most widely known traditions does highlight warnings that were present prior to the eruption of Mt. Tarawera in 1886. The story describes the presence of a phantom canoe and the inexplicable rising and subsiding waters of Lake Tarawera as an early warning for the eruption of the volcano (see King et al. 2007 for additional details).

Social networks within indigenous communities have an important role in the acquisition and transmission of ecological knowledge, including oral traditions. In a study by Lauer and Matera (2016), the authors test the influence of social network position in an individual’s ability to detect landscape changes following the 2007 tsunami in the Solomon Islands. Results of this research suggest that Solomon Islanders that were more connected with western culture were more adept at detecting ecological and marine landscape changes associated with the tsunami (Lauer and Matera 2016). This finding runs counter to arguments that acculturation and modernization inherently displace traditional ecological knowledge. One reason for this outcome is the general lack of tsunami-related knowledge encoded in the oral histories of the region. Individuals that have greater connections to global knowledge were more sensitive and aware of potential landscape changes than villagers that solely relied on the limited amounts of traditional knowledge. A second finding is that individuals that occupied central locations in the social network did not demonstrate greater detection abilities. The authors of the study suggest that the radical landscape changes induced by the tsunami are simply not within the knowledge sphere of traditional Solomon islanders, nor accessible within their existing social network. While traditional knowledge is often viewed as the accumulation of information about social and ecological variations, it still requires constant updating and reproduction through social interactions in order to remain relevant to existing challenges.

Social Networks and Social Resilience

The short-term impact of catastrophic events is often measured through the destruction of property, the severity of economic damages, and the loss of life. The long-term consequences of disasters on human societies are more difficult to measure. One set of increasingly important concepts used to assess long-term changes in human societies are resilience and vulnerability (Nelson et al. 2012). Here, resilience is defined in its broadest sense, as the ability of a socioecological system to maintain its structure and to function in response to a disturbance (Bradtmöller et al. 2017; Folke 2006). The appeal of resilience theory to understanding the effects of disasters is obvious given its emphasis on cycles of change punctuated by abrupt periods of transformation (Holling and Gunderson 2002; Walker et al. 2004). However, the application of resilience concepts to understanding multiple scales of social change, including those caused by catastrophes, has been challenging (Gjesfjeld and Brown 2020). This is due to a combination of factors including analytical ambiguity (Fitzhugh et al. 2019) and an overemphasis on the stability of socioecological systems (Barrios 2016).

Despite these conceptual issues, the set of tools associated with archaeological network analysis may provide significant value in helping to evaluate the resilience of societies to catastrophic events (Gjesfjeld and Brown 2020; Mills, Clark, et al. 2013). Broadly speaking, a network approach to resilience aims to measure longitudinal changes in the structure of archaeological networks and evaluate these changes in response to catastrophic events. For example, Fitzhugh et al. (2011) conceptualizes two network structures that might be expected in small-scale societies that frequently experience unpredictable natural hazards. The first network structure is referred to as an “integrated network” and is characterized by ties between nodes at multiple spatial scales including individuals, households, neighboring communities, and even distant communities. In contrast, isolated networks will tend toward social connections that mostly occur at local scales and between closely related individuals. All else being equal, it can be hypothesized that the more well-connected, integrated networks are also more robust in the face of unpredictable hazards and provide greater community resilience. This is because these network structures have multiple routes to efficiently disseminate information and resources through the network. The archaeological expectation is that the integrated network structure will be more common than the isolated network structure in regions that more routinely have to manage unpredictable hazards.

The model proposed above mirrors research from the field of complexity science that highlights the importance of scale-free network structures and their tolerance to unpredictable malfunctions or failures (Albert et al. 2000). A scale-free network refers to the distribution of node degrees as a power-law distribution, which emerges as a product of preferential attachment when the network grows (Barabási 2009; Barabási and Albert 1999; Peeples 2019). The resilient properties of scale-free networks are largely due to their flexible connections and the unique topological features that include a higher degree of clustering and modularity (Albert et al. 2000). In effect, scale-free networks provide increased connectivity between nodes by balancing the number of nodes in the network that are closely connected and a smaller number of central nodes that connect subnetworks or nodes that would otherwise remain isolated.

Modeling changes in the structure of networks as an indicator of resilience to hazards is extremely valuable to operationalizing concepts of resilience in the archaeological study of catastrophes. This is because long-term changes in network structure are possible to identify, or at least estimate, from the archaeological record. One of the most illuminating examples of using archaeological network analysis to examine how communities responded to natural hazards is presented by Borck et al. (2015). Using the detailed archaeological record of the American Southwest and formal social network analysis tools, the authors investigated how the structure of social networks were informative of regions that were depopulated over a 250-year period (ce 1200–1450). Network structure was measured in terms of actor embeddedness, as determined by the External-Internal (E-I) index. Networks that demonstrate a high degree of embeddedness are externally oriented and infused with crosscutting relationships at multiple spatial scales (Borck et al. 2015), similar to the integrated structure suggested by Fitzhugh et al. (2011). Disembedded networks tend to be more internally oriented and severely disjointed, often leading to difficulties in disseminating information between parts of the network (Borck et al. 2015; Golub and Jackson 2012).

Insights from this study suggest that the external orientation of network connections is valuable for regions facing environmental crisis, namely drought conditions between ad 1276 and 1299 (Borck et al. 2015). This network structure, similar to scale-free networks, appears to have benefits for societies buffering ecological stress as “regions that are embedded within the larger network do better during difficult times than disembedded regions” (Borck et al. 2015:51). The advantages of an embedded social network in times of crisis comes back to the combination of “weak” distant and “strong” local connections and the flexibility they provide in acquiring resources and solving coordination problems. However, the authors of this study note that simply having a specific network structure does not guarantee resilience to environmental crises as many regions were depopulated regardless of their network structure.

Archaeological network analysis can also provide insights into how network structures change in response to hazardous events (Mills, Roberts, et al. 2013; Mills, Clark, et al. 2013). For example, Riede (2014) highlights the inability of forager groups in southern Scandinavia to mitigate the eruption impacts of the Lacher See volcano during the Late Glacial (c. 13,000 bp). After the eruption, there remains a surprising absence of evidence for long-distance social exchange between those impacted by the eruption (Bromme culture) and their neighbors to the south. The author suggests that this indicates a rupture in the social and demographic networks of the region and an intensification of pre-eruption vulnerabilities present in the social environment.

A complementary approach can also be found in Gjesfjeld and Brown (2020), who model the dynamic changes in network structure in the Kuril Islands of Northeast Asia, a region with a high frequency of natural hazards (Fitzhugh 2012). The methods used in this research reconstruct network structures through time based on 360 radiocarbon dates (Fitzhugh et al. 2016). This study creates networks for each 25-year interval with network ties based on the sites occupied in each interval and weighted by their spatial proximity (see Gjesfjeld and Brown 2020 for additional details about the method). The results of this study demonstrate that the structure of Kuril networks decrease in spatial extent over time, as measured by the mean geodesic tie length of each 25-year network. However, these changes in the network structure are not associated with any major geologic hazards, specifically volcanic eruptions. But, the decreasing size of the Kuril networks is broadly correlated with long-term climatic changes (Fitzhugh et al. 2016) as well as the socioeconomic marginalization of communities due to a changing East Asian trading system (Hudson 2004).

While the connectivity and expansion of social networks is most commonly viewed as increasing the resilience of communities to natural hazards, in some circumstances the physical isolation of communities and individuals is desirable. This is especially true in the context of disease pandemics, where physical contact increases the vulnerability of communities. At the time of writing, COVID-19 has emerged as one of most severe pandemics in the last hundred years causing significant loss of life and ushering in a period of unfamiliar social isolation. Unfortunately, the archaeological and historical record contains many examples of similar pandemics and the disastrous effects of global mobility on communities, particularly Indigenous communities, across the world. When implementing an archaeological network analysis, it is therefore important that changes in the network be situated within their historical contexts recognizing that networks are dynamic and adaptive responses to a wide range of potential hazards. This might mean that during some hazard events it is most beneficial for people to come together and strengthen social connections, but during other periods of crisis communities may be stronger by staying apart.

Conclusion

This chapter explored the application of archaeological network analysis to understanding both the short-term responses and the long-term consequences of catastrophic events. However, for continued growth of archaeological network approaches to disaster studies, additional conceptual and methodological advancements are required. The most significant of these is establishing a suite of tools to aid in the construction of longitudinal networks.

The ideal approach to increasing our understanding of the dynamic changes in network structure through time is the development of high-resolution, synthetic datasets that merge together vast amounts of archaeological and environmental data. A superb example of this approach is the Southwest Social Networks Project, which continues to painstakingly construct an archaeological database in the US Southwest and Northwest Mexico and link this information with radiocarbon databases and dendrochronological dates. This commitment to data collection and synthesis creates new opportunities for archaeological network analysis including the production of networks at fine-grained timescales that are able to highlight the impact of environmental changes on the social environment across different spatial and temporal scales (Mills, Clark, et al. 2013). However, the resolution of archaeological data is highly variable and therefore numerous challenges exist in the modeling of network changes in regions with limited data, especially among small-scale societies (Gjesfjeld 2015). In these sparse data circumstances, novel methodological or statistical approaches are often necessary. For example, Gjesfjeld and Brown (2020) use only a set of radiocarbon dates to construct networks by weighting network ties based on the probability of site occupation during predefined time intervals. This approach connects archaeological sites using the spatial distance between these sites, with sites closer to each other more likely to be connected. This is a simple assumption about how network ties are formed, but it does allow for the modeling the long-term dynamics of network change and their correlation with various natural hazards.

Catastrophes are a complex mix of natural hazards and human action (Wisner et al. 2004). The tendency in disaster studies, including those in archaeology, has been to place emphasis on the magnitude and frequency of the natural hazard and minimize the role of the social environment. This chapter suggests that archaeological network analysis provides a valuable set of tools and concepts for exploring the social component of catastrophic events. More often than not, the archaeological record provides insights into the enduring and long-term physical impacts of the hazard event such as the reshaping of landforms or potential changes to the socioecological environment. This partial view of catastrophic events undoubtedly presents challenges, but it also presents unique opportunities to explore longitudinal changes in social networks that may be influenced by natural hazards. Connecting archaeological network analysis with existing disaster management studies provides a chance to broaden our perspective of catastrophes and explore not only the physical impact of natural hazards, but also the collective actions, social interactions, and long-term adaptations of the individuals and communities that survive through them.
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CHAPTER 36

Community Detection

Jelena Grujić and Miljana Radivojević

Introduction

In archaeological research, the depositions of similar associations of material, dwelling, and subsistence forms distributed across distinct space-time are globally referred to as “archaeological cultures.” In this light, archaeologists have mostly strived to either group or split distinctive archaeological cultures based on specific expressions of similarity and its reproduction across time and space (Roberts and Vander Linden 2011). The major point of debate on this matter is that specific expressions of similarity or differences are to a great extent based on subjective estimates, initially outlined in the early 20th century, and commonly in relation to one material, pottery. As a result, what they represent remains a major problem in the field of archaeology.

The scientific pursuit in detecting similarity, whether in shared values and beliefs in modern humans, or in shared material traits of existence of past societies is where the fields of archaeological and complexity science cross paths. Homophily in cooperation and selective formation of network ties among humans emphasizes that socially connected individuals tend to resemble one another in preferences, values, and beliefs (Shennan et al. 2015). Also, examples from network studies of hunter-gatherer cooperation (Apicella et al. 2012) emphasize the influence of social proximity on cooperative behavior in addition to genetic and geographic relations.

Recently, inferences about the connectedness of the concept of “archaeological culture” and community structure in networks of copper supply in prehistoric Balkans (from c. 6200 to c. 3200 bc) were made in a publication by Radivojević and Grujić (2018). The distribution and dynamics of the resulting community structures showed significant correlation with the distribution and dynamics of traditional archaeological cultures, which were previously established through pottery typological evidence.

In this chapter, we aim to test the outcome of this study (Radivojević and Grujić 2018) by applying several modularity maximization methodologies on the early Balkan metal dataset (Radivojević and Grujić 2017, open access), draw attention to observed pitfalls, and suggest optimal solutions for their future applications. This chapter, however, is not meant to be a comprehensive review of all community detection methods. Such a task would have been impossible for the limited space here, and it has already been well covered in other publications (Fortunato 2010; Fortunato and Castellano 2012; Fortunato and Hrić 2016), though the methods presented here are also relevant to other questions involving group definition beyond archaeological cultures specifically.

What Is Community Structure?

Real world networks are rarely uniform, and they have a number of valuable properties such as the existence of communities or community structures. In brief, this means that nodes in a network are usually not connected to all other nodes in the network with the same probability. Often, a group of nodes has a large number of edges between members of the group and relatively few with other nodes in the network. These groups are then called communities or sometimes clusters, given that the problem is equivalent to a cluster analysis problem in machine learning, where some unit forms clusters of similar things. Hence, community structure is a property that stands for the organization of nodes in modules, where many edges join nodes of the same module and comparatively few edges join nodes with other modules or other parts of a network (Fortunato 2010; Newman 2010).

Research on community structure started with Rice (1927) looking at the clusters of people in small political bodies based on voting pattern similarities. Homans (1950) also established the procedure for revealing social groups, while Weiss and Jacobson (1955) carried out the first analysis of community structure by identifying connectors between human work groups. The method was further developed in SNA (Wasserman and Faust 1994) and complex networks research by Newman and Girvan (Girvan and Newman 2002; Newman and Girvan 2004).

Community detection is a way to find these communities in the network and it is a non-trivial problem, therefore numerous community detection algorithms have been proposed (Fortunato 2010). Modularity-based community detection algorithms often seek to find group configurations that maximize this property in the global structure of the network. The modularity maximization method is in basic terms looking for communities that will maximize the number of links within communities and minimize the number of links between them. These methods have been shown as highly potent with large datasets, and they have developed significantly since their first applications successfully demonstrated detecting modules in citation networks, food webs, and pollination systems (Girvan and Newman 2002; Olesen et al. 2007), among others.

Community Detection in Archaeological Network Research

Detection and quantification of community structure is still underrepresented in archaeological network research. A few studies have thus far applied the approach to archaeological datasets, albeit to a varied extent (Ladefoged et al. 2019; Mazzucato 2019; Mills et al. 2013; Radivojević and Grujić 2018; Vargas et al. 2019). Then Mills et al. (2013), although not directly addressing community structure, set out the framework for challenging traditional artifact distribution approaches by examining interaction of ceramic, obsidian and spatial networks in the 13th–15th century ad US Southwest. In their later work, Mills et al. (2018) explicitly apply community detection, showing that this method can also be used on networks of similarity based on ceramic frequency data. They use “walktrap algorithm,” which is based on random walks, and which could be interesting for other similar applications. A significant step forward was the study of Chalcolithic to Bronze Age copper supply networks in the Balkans, which employed for the first time modularity maximization analysis to chemical analysis of metal artifacts using two-mode networks (Radivojević and Grujić 2018). Their results showed clear correlation of known archaeological cultures with the identified modules, which allowed for re-evaluation of the concept of “archaeological cultures” in the Balkan case. The success of this approach led to three further studies, demonstrating that the modularity maximization method works on varied forms of material expression. One such example is using rock art motifs in northwestern Patagonia to detect hunter-gatherer communities (Vargas et al. 2019), which succeeded in addressing social strategies of visual communication as presented by diverse representation of this art in the study region. Another example regards modeling the social transformation of Māori from village-based groups into larger geo-political tribal associations using pXRF data of obsidian from 15 archaeological sites (Ladefoged et al. 2019). Similarly to what Radivojević and Grujić (2018) concluded in the Balkans, the modules from Ladefoged et al.’s (2019) study were found to partially reflect categorical identities of current Māori iwi (tribal) territories and boundaries.

Nonetheless, the choice of variables for these re-evaluation studies needs careful consideration. While both Radivojević and Grujić (2018) and Ladefoged et al. (2019) use (instrumental) compositional data, which benefit from being replicable and tested for accuracy and precision, the use of qualitative data for communities detection in Catalhöyük (Mazzucato 2019) did not show similar success with significance tests (or modularity score).

The quality of the archaeological datasets and the nature of their acquisition deserves further discussion (see Peeples, Roberts, Jr., and Yin, “Challenges for Network Research in Archaeology,” this volume Chapter 3). Overall, obsidian data (e.g. Ladefoged et al. 2019) proved to be more manageable than for instance metal composition data. This is because chemical characterization of obsidian is more straightforward when it comes to locating the sources of obsidian acquisition or dating, due to the unique chemical characterization or hydration rates respectively of such sources (e.g. Ericson et al. 1975 and literature therein). This quality of obsidian data is particularly beneficial for the study of supply networks, provided that accuracy and precision of instrumental analysis is not questionable, including the laboratory protocols employed in obsidian characterization.

For metals, there are several problems with identifying their acquisition, production, circulation and analysis. For instance, various trace elements in the ore composition may be lost during the high temperature processes of smelting, melting, or casting, and hence hinder the identification of the relationship of the resulting artifact with the geological source of ores. Provenance analysis such as lead isotopes show more promise to track the origins of metal artifacts due to the insignificant fractionation of lead isotopes during the metal extraction process; however, these data are highly correlated and hence not particularly useful for partitioning in networks analysis. More problems with metals data involve any further mixing or recycling, as well as the type of instrumental analysis. For instance, surface analysis (e.g. pXRF) of metal objects may produce erroneous results, which would reflect various segregation processes taking place during casting, working or deposition, or contamination with any conservation treatment solutions. Finally, there is an issue with different laboratory protocols used by different scholars and institutions, which further complicates inter-laboratory comparisons of data. While the quality of chemical datasets of ancient metal objects has been discussed at length (e.g. Mödlinger and Sabatini 2016; Pernicka 2014; Pollard et al. 2014; Radivojević et al. 2019), it is noteworthy that the modularity maximisation methodology proved robust to the mentioned “background noise” in compositional data and resulted with highly significant partitioning of communities (Massimino 2020; Radivojević and Grujić 2018).

Case Study and Network Design

In the remainder of this chapter, the challenges of community detection will be discussed through a case study on copper supply in the Balkans between about 6200 and 3200 bc (original paper—Radivojević and Grujić 2018) the dataset includes compositional data for 410 copper-based objects discovered largely in Serbia and Bulgaria. Each artifact in our study has a unique chemical composition which, besides predominant copper, contains trace elements (usually below 1 wt% or 10,000 ppm). Of all trace elements (seven: As, Sb, Co, Ni, Ag, Au, Se) are considered as the indicators of the origin, or the chemical signature of the copper ore (s)melted to make this artifact (Pernicka 1990).

The mentioned time span was divided into seven periods, based on both absolute and relative chronology: Early/Middle Neolithic (Period 1, 6200–5500 bc), Late Neolithic (Period 2, 5500–5000 bc), Early Chalcolithic (Period 3, 5000–4600 bc), Middle Chalcolithic (Period 4, 4600–4450 bc), Late Chalcolithic (Period 5, 4450–4100 bc), Final Chalcolithic (Period 6, 4100–3700 bc), and Proto Bronze Age (Period 7, 3700–3200 bc). The artifacts came from 79 sites in total, of which 14 are multi-occupational, meaning that they existed through several chronological periods. Therefore, we had 93 site-periods in total, which correspond with the number of nodes in our networks as described below (Radivojević and Grujić 2018: Tables S1, S2).

We designed a two-mode network, where one node type is artifacts (artifacts network made up of 410 items), and the other node type is sites (sites network, made up of 93 site-periods). Our artifacts and sites networks were defined exclusively on chemical data (seven trace elements for 410 copper artifacts) isolated from any geographical, cultural, or chronological information. They were built in two discrete steps: (1) we grouped the data in 10 distinctive chemical clusters (artifacts network); (2) we placed a connector between the sites that contain pairs of artifacts from the same cluster and analyzed the modularity of the final network (sites network). In both steps we used the Louvain algorithm (Blondel et al. 2008) to obtain community structures (clusters, then modules), and bootstrapping to test the significance of acquired results.

The final modularity analysis produced three modules with high statistical confidence, while centrality measures indicated the importance of sites in our network, reflected in the size of nodes in Figure 36.1. These three modules are interpreted as representatives of one or many copper supply networks, where the strength of edges between nodes defines their membership to a module in a particular period. This did not exclude the fact that nodes from different modules are also interconnected, but such connections are peripheral and less strong than those within the origin module.

The three community structures/modules in Figure 36.1 exhibit high correlation with the known spatial and chronological dynamics of various cultural phenomena—archaeological cultures in the Balkans between the seventh and the fourth millennia bc. These networked structures also carry strong resemblance, with at least three dominant economic and social cores of copper industries in the Balkans across about 3000 years, traditionally defined as Vinča, KGK VI & Varna, and Bodrogkeresztúr cultures through modules 1, 2, and 0 in respective chronological order. Besides suggestive spatiotemporal patterning, such resemblance shows that algorithmically detected community structures represent currently the most precise mathematical model for identifying archaeological phenomena, or what appears to show here as the selective formation of past social ties across the observed period of 3000 years.
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Figure 36.1. Modularity analysis using Louvain and Leiden algorithms. (Left) Modularity analysis using Louvain algorithm (source files) reveals three densely connected communities that produced and exchanged copper in the Balkans between about 6200 and 3200 bce (after Radivojević and Grujić, 2018: 114, Figure 4). (Right) Modularity analysis using Leiden algorithm (CPM) reveals similar patterns of connectedness and archaeological significance across larger module but also small size communities.



Community Detection Challenges

Detecting communities in networks poses various challenges in computing and is rarely a singular approach to data. In the remainder of this chapter we discuss challenges related to choosing the quality function, popular algorithms, and how to quantify significance, using our case study data as an example throughout.

There is no universal definition of what exactly defines a community in an observed network, and depending on the nuances in the existing definitions, different network partitions can be obtained. Hence, in strict terms, the communities are only the results of the algorithms applied, without an a priori universally accepted and rigorous definition of what a community is. There are many software packages for community detections with implementation of different algorithms; for example, igraph with implementations in Python, where the knowledge of R and C are particularly useful. The straightforward application will give you a community structure, but how mindful the results are is not a trivial question. We know that a reliable algorithm should give good network partitions, though the question is how do we identify a good partition? Defining a quality function of partition is the first step.

Defining Quality Function (Q)

The most popular quality function is modularity (Newman–Girvan modularity) and it stands as a measure of how well the communities are defined (Newman and Girvan 2004). It follows the intuitive definition of aiming to have a large number of edges inside the defined communities (also referred to as modules) and a small number of edges between the nodes of different communities. Therefore, we define modularity as:



[image: image]

where Aij are the elements of the adjacency matrix which give us the weight between node i and node j, ki and kj are weighted degrees of the corresponding nodes (also known as strengths), m is the half sum of all the weights in the network, and δ(ci,cj) is the delta function, which will be 1 if the nodes i and j belong to the same cluster ci (cj). We would say that the best partition of the network into communities will have the largest value of Q, therefore it is essential to calculate Q for all the possible partitions and find the one with the highest value of Q.

The algorithms that search for the partition with the highest Q value are generally called modularity maximization algorithms. In theory, one should just calculate Q for all possible partitions and find the one with the largest Q value. However, the number of possible partitions within a network grows faster than exponentially with the size of the network, which makes the pursuit of the one partition with the largest Q an NP-complete problem (or a computational problem for which no efficient solution algorithm has been found). For example, a network of size 25 would have 1011 possible partitions of size 3 and 1018 possible partitions of size 9. If calculating one value of Q would take 1 nanosecond, it would take more than 30 years to calculate all the Q values even for a network of size 25. For a network of size 50, the required time is longer than the age of the universe, for instance. This means that looking for the partition with the largest Q is practically impossible to do exactly for any network of a decent size.

The Louvain Algorithm

To deal with this problem, several heuristic algorithms were developed to look for the maximum modularity. One of the most popular algorithms has been the so-called Louvain algorithm (Blondel et al. 2008), which is named after the Université Catholique de Louvain, where it was developed. It is a heuristic method based on modularity optimization whose results are commonly a list of clustering, each at a different resolution. We used it in our original paper and will use it here again as a reference approach (Table 36.2), while testing a variety of different packages and approaches (see Table 36.1). Although the Louvain algorithm uses a number of inventive techniques to get to the partition with the highest Q and outperforms many other algorithms in both speed and the value of Q that it can reach, the user should always keep in mind that this is a heuristic algorithm. Therefore, it should always be run multiple times to ensure that it converges to the same or very similar partitions.



Table 36.1. List of algorithms applied on the Balkan metal dataset from Radivojević and Grujić (2018)




	Method
	Modularity (Q)
	Mean randomized modularity
	SD of the randomized modularity
	Z-score
	Major difference from the original paper
	Advantages
	Disadvantages





	Louvain from source files (original paper)
	0.275639
	0.078845294
	0.003443331
	57.15
	
	computationally efficient
	resolution limit



	Louvain community multilevel from igraph
	0.275363893
	0.084289508
	0.003588486
	53.24651
	Node 24 partitions differently
	
	



	Louvain (package Louvain)
	0.275363893
	0.083130174
	0.002859841
	69.72434
	Node 24 partitions differently
	
	



	Louvain CPM
	0.185478074
	0.014995931
	0.002572115
	66.28091
	Node 24 forms a single module
	
	



	Leiden modularity (advance application, ran until stable)
	0.275369431
	0.086369005
	0.004664768
	43.83076
	identical to original
	
	



	Leiden CPM
	0.185478074
	0.015364297
	0.002076775
	81.91247
	Node 24 forms a single module
	
	



	Eigenvalues method
	0.273494455
	0.062160691
	0.004753441
	44.45912
	Nodes 24, 44, 66
	
	



	Spinglass method
	0.275311716
	0.076815737
	0.005109307
	38.84988
	Node 24 forms a single module
	no resolution
	slow processing









Table 36.2. List of nodes (93) paired with weighted degree for each and modularity results for eight community detection methods (one of which is the original one reported in Radivojević and Grujić 2018).




	ID
	Label
	Period
	Weighted Degree
	Original Modularity (Louvain source files)
	Louvain multilevel igraph
	Louvain package Louvain
	Louvain CMP
	Leiden advance
	Leiden CPM
	Eigenvalues method
	Spinglass method





	0
	Lepenski Vir 6200–5500 bc
	6200–5500 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	1
	Vlasac 6200–5500 bc
	6200–5500 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	2
	Jariciste 6200–5500 bc
	6200–5500 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	3
	Belovode 5500–5000 bc
	5500–5000 bc
	133
	1
	2
	2
	1
	2
	1
	2
	3



	4
	Plocnik 5500–5000 bc
	5500–5000 bc
	84
	0
	0
	0
	1
	0
	1
	0
	0



	5
	Belovode 5000–4600 bc
	5000–4600 bc
	146
	1
	2
	2
	1
	2
	1
	2
	3



	6
	Plocnik 5000–4600 bc
	5000–4600 bc
	169
	1
	2
	2
	1
	2
	1
	2
	3



	7
	Gomolava 5000–4600 bc
	5000–4600 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	8
	Vinca 5000–4600 bc
	5000–4600 bc
	123
	1
	2
	2
	1
	2
	1
	2
	3



	9
	Medvednjak 5000–4600 bc
	5000–4600 bc
	66
	0
	0
	0
	0
	0
	0
	0
	0



	10
	Selevac 5000–4600 bc
	5000–4600 bc
	146
	1
	2
	2
	1
	2
	1
	2
	3



	11
	Durankulak 5000–4600 bc
	5000–4600 bc
	192
	1
	2
	2
	1
	2
	1
	2
	3



	12
	Slatino 5000–4600 bc
	5000–4600 bc
	23
	2
	1
	1
	3
	1
	3
	1
	2



	13
	Marica 5000–4600 bc
	5000–4600 bc
	23
	2
	1
	1
	3
	1
	3
	1
	2



	14
	Plocnik 4600–4450 bc
	4600–4450 bc
	281
	2
	1
	1
	1
	1
	1
	1
	2



	15
	Belovode 4600–4450 bc
	4600–4450 bc
	143
	1
	2
	2
	1
	2
	1
	2
	3



	16
	Gornja Tuzla 4600–4450 bc
	4600–4450 bc
	212
	1
	2
	2
	1
	2
	1
	2
	3



	17
	Sumrakovac 4600–4450 bc
	4600–4450 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	18
	Gomolava 4600–4450 bc
	4600–4450 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	19
	Radlovci 4600–4450 bc
	4600–4450 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	20
	Dragoman 4600–4450 bc
	4600–4450 bc
	84
	0
	0
	0
	1
	0
	1
	0
	0



	21
	Ai Bunar 4600–4450 bc
	4600–4450 bc
	23
	2
	1
	1
	3
	1
	3
	1
	2



	22
	Durankulak 4600–4450 bc
	4600–4450 bc
	269
	2
	1
	1
	1
	1
	1
	1
	2



	23
	Tell Ruse 4600–4450 bc
	4600–4450 bc
	316
	2
	1
	1
	1
	1
	1
	1
	2



	24
	Goljamo Delcevo 4600–4450 bc
	4600–4450 bc
	2
	0
	1
	1
	4
	0
	4
	1
	1



	25
	Darzhanitsa 4600–4450 bc
	4600–4450 bc
	84
	0
	0
	0
	1
	0
	1
	0
	0



	26
	Kmpije Bor 4600–4450 bc
	4600–4450 bc
	84
	0
	0
	0
	1
	0
	1
	0
	0



	27
	Foeni Cim Foeni 4600–4450 bc
	4600–4450 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	28
	Bubanj 4600–4450 bc
	4600–4450 bc
	23
	2
	1
	1
	3
	1
	3
	1
	2



	29
	Stari Kostolac 4600–4450 bc
	4600–4450 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	30
	Djakovo 4600–4450 bc
	4600–4450 bc
	23
	2
	1
	1
	3
	1
	3
	1
	2



	31
	Onogur 4450–4100 bc
	4450–4100 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	32
	Sadovec 4450–4100 bc
	4450–4100 bc
	23
	2
	1
	1
	3
	1
	3
	1
	2



	33
	Sava 4450–4100 bc
	4450–4100 bc
	23
	2
	1
	1
	3
	1
	3
	1
	2



	34
	Varna 4450–4100 bc
	4450–4100 bc
	62
	2
	1
	1
	1
	1
	1
	1
	2



	35
	Devnja 4450–4100 bc
	4450–4100 bc
	111
	2
	1
	1
	1
	1
	1
	1
	2



	36
	Hotnica 4450–4100 bc
	4450–4100 bc
	156
	2
	1
	1
	1
	1
	1
	1
	2



	37
	Durankulak 4450–4100 bc
	4450–4100 bc
	181
	2
	1
	1
	1
	1
	1
	1
	2



	38
	Tell Ruse 4450–4100 bc
	4450–4100 bc
	282
	2
	1
	1
	1
	1
	1
	1
	2



	39
	Goljamo Delcevo 4450–4100 bc
	4450–4100 bc
	141
	2
	1
	1
	1
	1
	1
	1
	2



	40
	Debrene Prilep 4450–4100 bc
	4450–4100 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	41
	Karanovo 4450–4100 bc
	4450–4100 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	42
	Smjadovo 4450–4100 bc
	4450–4100 bc
	147
	2
	1
	1
	1
	1
	1
	1
	2



	43
	Mezdra 4450–4100 bc
	4450–4100 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	44
	Zaminec 4450–4100 bc
	4450–4100 bc
	110
	2
	1
	1
	1
	1
	1
	0
	2



	45
	Krivodol 4450–4100 bc
	4450–4100 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	46
	Plakuder 4100–3700 bc
	4100–3700 bc
	133
	1
	2
	2
	1
	2
	1
	2
	3



	47
	Telish 4100–3700 bc
	4100–3700 bc
	250
	2
	1
	1
	1
	1
	1
	1
	2



	48
	Kocan 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	49
	Stolnik Elin Pelin 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	50
	Ivanovo 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	51
	Ai Bunar 4100–3700 bc
	4100–3700 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	52
	Zivlovci Montana 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	53
	Rebarkovo 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	54
	Dusanovac 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	55
	Urovica 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	56
	Sarkamen 4100–3700 bc
	4100–3700 bc
	133
	1
	2
	2
	1
	2
	1
	2
	3



	57
	Jabukovac 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	58
	Vrazogrnac 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	59
	Voluja 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	60
	Glogovica 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	61
	Donja Bela Reka 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	62
	Gradac 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	63
	Zlotska pecina 4100–3700 bc
	4100–3700 bc
	212
	1
	2
	2
	1
	2
	1
	2
	3



	64
	Donji Milanovac 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	65
	Osnic 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	66
	Krivelj 4100–3700 bc
	4100–3700 bc
	107
	0
	0
	0
	1
	0
	1
	2
	0



	67
	Stojacak 4100–3700 bc
	4100–3700 bc
	46
	2
	1
	1
	1
	1
	1
	1
	2



	68
	Svilajnac 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	69
	Selo Vrba 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	70
	Makresane 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	71
	Polna Blagotin 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	72
	near Nis 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	73
	Krivi Vir Nis 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	74
	Lazinje Mokra 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	75
	Pesak Varos 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	76
	Crvena stena 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	77
	Jelasnice 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	78
	Prizren 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	79
	Veliko Laole 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	80
	Starcevo 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	81
	Recica Pozarevac 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	82
	Dvoriste 4100–3700 bc
	4100–3700 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	83
	Zlotska pecina 3700–3200 bc
	3700–3200 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	84
	Smjadovo 3700–3200 bc
	3700–3200 bc
	23
	2
	1
	1
	3
	1
	3
	1
	2



	85
	Hotnica 3700–3200 bc
	3700–3200 bc
	122
	2
	1
	1
	1
	1
	1
	1
	2



	86
	Durankulak 3700–3200 bc
	3700–3200 bc
	81
	2
	1
	1
	1
	1
	1
	1
	2



	87
	Kacica 3700–3200 bc
	3700–3200 bc
	58
	2
	1
	1
	1
	1
	1
	1
	2



	88
	Jasen 3700–3200 bc
	3700–3200 bc
	64
	0
	0
	0
	0
	0
	0
	0
	0



	89
	Malorad 3700–3200 bc
	3700–3200 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	90
	Galice 3700–3200 bc
	3700–3200 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	91
	Lesura 3700–3200 bc
	3700–3200 bc
	30
	2
	1
	1
	2
	1
	2
	1
	2



	92
	Harampijska dupka 3700–3200 bc
	3700–3200 bc
	58
	2
	0
	0
	1
	0
	1
	0
	0





Gray fields indicate differences from the original modularity application and the single node (Goljamo Delcevo) that in 6 out of 7 new modularity applications clusters as a single or alternative module.




The result that we obtained for our case study (using Louvain “igraph_community_multilevel” in igraph) has an identical Q value to the original run with source files, though slightly lower significance for the output (z-score). The most important difference is that a single node (no. 24, Goljamo Delcevo 4600–4450 bc, Table 36.2) partitions with a different module (Table 36.1), while all other nodes partition the same as in the original paper (Table 36.2).

A similar situation is observed while using the package “Louvain” for the eponymous algorithm, with the same node (Goljamo Delcevo 4600–4450 bc) again partitioning with a module different from the one in the original paper (Table 36.2). Importantly, this new host module also includes the node with the same name (i.e. the same archaeological site), but different period (Goljamo Delcevo 4450–4100 bc). This partition has a much stronger significance (z = 69.7, Table 36.1) and, in terms of the archaeological significance, also makes a stronger case than the one published in Radivojević and Grujić (2018). For instance, the node in question was the least connected node (weighted degree 2) within assigned mod 0 in this chapter (Table 36.2). Moreover, archaeologically we are talking about a single find of a copper borer, a rather non-diagnostic item, the context of which has only been assumed to belong to the Middle Chalcolithic (4600–4450 bc), although similar examples of objects are more abundant in the subsequent period (4450–4100 bc, Late Chalcolithic) (Pernicka et al. 1997: 64–65). We are operating here with archaeological objects that have rarely been directly dated with 14C dates, but rather assumed to belong to a particular period based on stratigraphy, typology, or contextual association with other diagnostic artifacts, all of which could be questioned for accuracy; therefore flexibility of this kind must be granted when seeking the most optimal communities in networks. The most important outcome of testing different Louvain packages is that the results are largely consistent with the original outcome, and that the variability of a single node in given conditions does not make a critical impact on the interpretation.

Quantifying Significance

The modularity maximum of a network will show a significant community structure only if it is considerably larger than the maximum modularity of random networks of the same size and expected degree sequence. However, every network will present a partition with a maximum modularity computation. Even Erdős-Réyni random networks, which as theoretical models are supposed to not show grouping, will have high modularity partitions if computed (cf. Guimerà et al. 2004; Reichardt and Bornholdt 2006). Hence, the most important test in probing the significance of resulting partitions is network randomization and subsequently inspecting of how distant (or not) the resulting modularity values are from the values that would be expected for a given random generating process.

Although the choice of a “null model” network is arbitrary, it is usually preferable to opt for a null model with the same degree distribution as the original network, due to the significant implications that broad degree distributions have for the function and structure of real networks (e.g. Albert and Barabási 2002; Dorogovtsev and Mendes 2002). This is the procedure that we followed in the original paper. The maximum modularity significance (Qmax) for a network is achieved by calculating the maximum modularity for many renderings of the null model, which in this case can be acquired from the original network by randomly rewiring its edges. One then computes the average ⟨Qi⟩ and the standard deviation σiQ of the results. The Qmax statistical significance is presented in the distance of Qmax from the null model average ⟨Qi⟩ in units of the standard deviation σiQ (for instance by the z-score z = (Qmax − ⟨Qi⟩ ) / σiQ). In this case if z ≫1, Qmax implies strong community structure. When the z values are 2–3, these are usually considered cut-off values. For disadvantages of this method see (Fortunato and Hrić 2016). Importantly, the z-score depends on the network size, hence the same values could imply different levels of significance for networks varying significantly in size.

Furthermore, the distribution of the maximum modularity values of the null model is not Gaussian, although it peaked. In sum, values of the z-score cannot be attributed to the significance that corresponds with a Gaussian distribution, and this leads to the conclusion that one needs to instead compute the statistical significance for the correct distribution (Fortunato and Hrić 2016). Mazzucato (2019) offers an archaeological example of this problem, where the modularity value of the resulting partition was shown not to be significant after randomization of the networks. This, however, does not mean that the resulting communities from this paper are not “real,” but rather that this method cannot validate it and that different approaches should be sought to detect communities.

The Leiden Algorithm and Alternatives to Modularity Maximisation

The Leiden algorithm is praised as faster than Louvain while at the same time guaranteeing well-connected communities (Traag et al. 2019). To test this claim, we re-analyzed our original network using this algorithm in two different modes: as a default application and as an advanced run (or until partitioning is stable and the largest modularity value is acquired). The latter resulted in the same partition as in our original paper, and with the same Q value (Table 36.1). This result is reiterating the point for a user to not rely on default parameters of the algorithm implementation, given that algorithms are stochastic in nature and always involve a level of randomness and uncertainty. The optimal solution is to run it multiple times, until the process shows as stable and offers the maximum output.

Yet, modularity maximization is just one of the ways to identify communities in networks. The most important disadvantage of modularity maximization is that it suffers from the resolution limit and cannot recover small communities (Fortunato 2010). If there is a reasonable expectation for the communities in a network to be small, then the modularity maximization method is not the correct method for detecting communities. It has been suggested to compare a network to a constant factor to overcome this issue, instead of comparing it to a random null model. A new quality measure called Constant Potts Model (CPM) has been developed (Reichardt and Bornholdt 2006) and shown to perform excellently as a resolution-limit-free method (Traag et al. 2011). We ran this method as both Louvain CPM and Leiden CPM, maximizing CPM quality function rather than modularity and obtained the exact same partitioning in both, albeit with a higher z-score for the latter (z = 81.9) (Table 36.2). Importantly, both show the lowest Q value in Table 36.1.

In Figure 36.1 we see the graphic comparison between the Leiden CPM modularity and the original application of the Louvain algorithm (with source files). The new application of the Leiden algorithm does exactly what has been guaranteed: it identifies smaller communities. However, it does not do it at the expense of compromising the overall structure and significance of the “real” larger communities. The higher resolution of the dynamics of copper supply systems in the Balkans during ca. 5000–3700 bc is shown in Figure 36.2, in which we compare the changes in copper supply and modularity structure in both Louvain (source files) and Leiden (CPM) partitioning across this period.

The overall interpretation of Leiden CPM function for the Balkan dataset is that it has not essentially met expectations with similar partitioning of original module 0 and slightly different partitioning of original modules 1 and 2. For the latter group, it would appear that the CPM function grouped all nodes with the highest degree centrality (Table 36.2) into module 1 as part of the methodology to search for partitioning of smaller communities. In doing so, it connected the largest archaeological sites along a distinctive trading route (River Danube). The two smaller communities (modules 2 and 3) may be only partially meaningful, as there are a small handful of stray finds in these communities, which raises questions about their exact provenance. Seeing module 4 as an individual node (Goljamo Delcevo 4600–4450 bc) rather speaks of problems with that one individual find (authenticity, context, analytical issues).

While both Louvain and Leiden CPM applications may be taken as potentially equally plausible in this case, the provenance (lead isotope analysis, LIA) for this dataset backs the use of the former. Namely, in our interpretation of the Louvain algorithm application to the Balkan dataset, we used LIA as an independent dataset for testing hypotheses (data from Pernicka et al. 1993; 1997; Radivojević 2012; Radivojević et al. 2010). Lead isotope data (LIA) is highly correlated and therefore was not used in networks design, however, it is accompanying ca. 90% of trace element analysis of artifacts in our networks, or in other words, we could shadow the data used for modularity analysis with provenance information. The independent assessment of the network partitioning therefore supported the Louvain partitioning. The general verdict on the use of Leiden CPM would therefore be the following: while it successfully recognizes the largest communities and actively searches and identifies the smaller-sized ones, the medium-sized communities fall off its radar.

Two other algorithms, eigenvalues and the spinglass method, gave very similar Q values to the original application of Louvain. Eigenvalues differed in the partitioning of three nodes (one of which was node 24), and spinglass only isolated node 24 as the 4th module, while remaining the same as the original partition of Louvain from source files (Table 36.1). This method, developed by Reichardt and Bornholdt (2006), searches for community structure using spinglass dynamics (cf. Mezard et al. 1986). It bridges the gap between hierarchical and partitional clustering using a system of rewards and penalties that strengthens edge density within communities and weakens edge density between communities (cf. Fortunato and Hrić 2016). Finally, a notable group of algorithms not discussed here is the statistical inference algorithms, which aim to fit a generative model to the network. They, for instance, have great flexibility in the choice of generative mode, and can detect communities of different densities or overlapping communities; however, as model selection can be challenging for novice users, we have omitted it here. This overview has not been intended to offer an exhaustive list of methods, but rather to present some of the most popular and moderately user-friendly options.



[image: image]

Figure 36.2. Comparison of Louvain (source files) and Leiden (CPM) partitioning across selected periods in the Balkans. Note overall similarity with smaller size communities in the latter case (figures with Louvain algorithm after Radivojević and Grujić, 2018: 116, Figure 6).



 
Which Algorithm Is Best for Community Detection?

Although some algorithms are more popular than others, there is no straightforward answer to this question. This can depend on the size and structure of the observed networks, the number of communities and their densities. We have seen here that both Louvain (source files) and Leiden (advanced application) can replicate the original partitioning with great accuracy, but equally that other Louvain packages and eigenvalues show reasonable success. The CPM function in both the Louvain and Leiden algorithms, while generally showing success in identifying large and small communities, can miss those in between. Our argument for using Louvain lies also in the “shadow” data and archaeological contextualization, which serve here as final points of evaluation.

The rule of thumb though would be that whichever community detection method comes closest to our data check points, it should be recoverable using at least two different methods, as seen here in Table 36.1. The reasoning behind such an approach is that if two different methods give us two very different ways of network partitioning, we cannot be certain if either are real communities or random fluctuations in the observed network. This is mainly because the concept of community detection is not rigorously defined, although it is intuitive and mathematically well understood. Importantly, modularity is only one way to define it. There are many algorithms that are not based in modularity, some for example using random walks and defining the communities as the areas of the network where the random walker gets “stuck” for a long time. Another widely used method uses statistical inference to map the network to a stochastic bloc model. For an extensive overview, see Fortunato (2010).

In the absence of consensus on the best algorithm, it is safer to say that the best algorithm depends on the type of network. It has been shown that no algorithm can be optimal for all types of community detection task (Peel et al. 2017), and every algorithm will have a drawback. For example, modularity is known to have problems with resolution, where small communities go undetected or are lumped into larger communities. Statistical inference methods require the user to guess the number of communities in advance and are not optimized for larger networks. Spectral methods (like eigenvector) are computationally inefficient and run into problems with sparse networks. Community detection is therefore not a trivial problem and should be addressed from different perspectives, as suggested in the comprehensive review by Fortunato and Hrić (2016).

In conclusion, the following five points highlight the problems and potential solutions in detecting communities:


1. Algorithms are stochastic, and therefore different runs can produce different partitions. Multiple runs and the use of quality function (i.e. modularity) facilitates choosing the optimal partition.

2. Partition significance is another important step that can be assessed through comparison with randomized networks.

3. Using different algorithms is another useful check point. Different approaches have their advantages and disadvantages that will be shaped by the properties of the observed network.

4. Partitions should be reproducible using different algorithms, and such reproducibility can only strengthen the results.

5. There is not one correct partition. Each can offer a different interpretation, but this is where the context and “shadow” data are a useful cross-evaluation point.
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CHAPTER 37

Settlement Scaling Analysis as Social Network Analysis

Scott G. Ortman

Introduction

The most popular applications of social network analysis in archaeology have typically proceeded from empirical social networks that are constructed node by node and link by link. Such networks have been constructed on the basis of site locations and sizes (Fulminante 2012; Johnson 1972), documentary evidence (Sindbæk 2007), trade goods (Irwin-Williams 1977), and measures of similarity in material culture (Mills et al. 2013), what some refer to as archaeological similarity networks. Such studies also typically calculate measures that summarize the network’s structure (degree centrality, eigenvalue centrality, betweenness centrality, etc.) to facilitate comparisons across time and space (Brughmans 2013). The purpose of this chapter is to illustrate an additional way network thinking is being incorporated into archaeological analysis. I first illustrate how settlement scaling theory (SST), a framework that provides a general account of agglomeration effects, is grounded in a form of network thinking that abstracts away from the explicit identification of nodes and edges while still seeking to capture aggregate network effects. Then I discuss three benefits of this approach relative to regional-scale empirical network analysis: (1) the empirical burdens of scaling analysis are somewhat less than is the case for empirical network analysis; (2) SST leads to specific expectations regarding what the aggregate properties of social networks should be, making it easier to distinguish general dynamics from historical contingencies; and (3) SST provides a mechanism for the emergence of new properties in human societies that is grounded in network thinking. Finally, I suggest a few areas where both scaling and network analyses could be improved through greater integration of the two approaches.

 
Settlement Scaling and Networks

SST is a collection of formal models derived from first principles that predict the average effects of population for the aggregate properties of human networks. Typically, these properties are measured at the level of a settlement, which in this approach is an area that contains a group of people who mix socially on a regular basis. In contemporary societies, the properties considered range from built areas to infrastructural needs (roads, utilities, gas stations) to socioeconomic rates (GDP, crime, disease, patenting). Archaeological proxies for such properties that have been investigated thus far include site areas, house sizes, monument construction rates, plaza areas, inscriptions, road areas, and artifact consumption rates.

SST was initially developed in the context of cross-sectional analyses of contemporary metropolitan areas (Bettencourt 2013, 2014; Bettencourt et al. 2007; Pumain et al. 2006), but a range of studies have subsequently shown that these relationships apply very broadly, to ancient, non-industrial, non-market, and even non-urban settlements (Cesaretti et al. 2016; Hanson et al. 2019; Lobo et al. 2019; Ortman et al. 2015; Ortman et al. 2014; Ortman and Coffey 2017; Ortman et al. 2016; Smith 2019). The human individual at the center of these models is not the rational, all-knowing, utility-maximizing agent of neoclassical economics (Schill et al. 2019) but is instead a person who seeks to balance the benefits of social interaction with the associated costs, following the tradition in geography (Alonso 1964; von Thünen 1966). The most detailed derivation of these models is given in Bettencourt (2013) and Lobo et al. (2019). Here, I provide a brief abstract, focusing on the role of networks in these models.

The basic relations of settlement scaling emerge from individuals each seeking to achieve a balance between transport costs and interaction benefits through their residential locations and daily movements. The cost for a person to mix socially with others across an area per unit time is given by [image: image] (where [image: image] is the energetic cost of movement and [image: image] is the circumscribing area); and the total number of interactions that actually occur (a person’s degree) is given by [image: image] (where [image: image] is distance at which interaction occurs (a cross-section), [image: image] is the average path length of an individual per unit time, and [image: image] is the average population density of the area). One can translate interactions into benefits by assuming that there is an average net benefit across all types of interaction, ĝ, such that [image: image]. This is a reasonable assumption because if social interactions of all types did not confer a net benefit for individuals there would be no reason for human networks to exist in the first place. Then, by setting [image: image] and solving for the area in terms of the population, one arrives at [image: image], where [image: image] and [image: image]. Thus, under these circumstances, the area taken up by relatively amorphous settlements grows proportionately to the settlement population raised to the [image: image] power, such that larger settlements become progressively denser. Note also that the coefficient or prefactor of this relationship [image: image] varies in accordance with the productivity of interactions, the length of daily movement and transportation costs, but it is independent of population. Figure 37.1 presents a schematic view of this model. Notice that in this model the structure of encounters over a period of time is the social network that creates network effects and connects them with population densities over space.



From this simple model rooted in network thinking a variety of predictions emerge. First, as settlements become larger and more organized, interaction increasingly occurs through movement within a second, physical network of roads, paths, and other public spaces. As a result, the relevant area over which interaction occurs is no longer the circumscribing area [image: image], but the area of this physical network, [image: image]. Previous work suggests that the space devoted to this access network per person [image: image] is added in accordance with the current population density, such that [image: image]. As a result, the total area of the access network [image: image]. Substituting [image: image] for [image: image] in this equation, based on the relationship derived previously, then leads to [image: image]. There is still an economy of scale, but the rate of densification is somewhat slower due to the presence of a second, physical network within which the social network must operate.



[image: image]

Figure 37.1. Schematic depiction of the amorphous settlement model. On the left, [image: image] individuals are distributed over a roughly circular area [image: image] such that there is a balance between the costs [image: image] of moving across the area (given by movement cost [image: image] times the transverse dimension [image: image]) and the benefits of the resulting social interactions. A representative agent leaves their residence on a given day and follows a path across the settlement, the area of which is given a0l. The agent has interactions of different types, denoted by shading of the encountered individuals. The outcomes of these interactions vary, but the average result per interaction ĝ is positive. The degree (number of interactions) [image: image] experienced by this representative agent over the course of a day will be the fraction of the settlement covered by that person’s path, [image: image], times N. The network of interactions experienced by this agent is depicted on the right. Since each agent will have her own path and interactions, movement and interaction across agents creates a social network, such that the aggregate outcome of social interaction across the settlement [image: image] will be equal to the outcome for the representative agent y times N. Note that this approach quantifies aggregate network effects without requiring the network to be specified empirically.



Second, notice that because the outcome of interaction for an individual per unit time is [image: image], the aggregate (extensive) socioeconomic rates [image: image] of a settlement (both positive and negative) can be written as [image: image], and one can thus compute the expected scaling of socioeconomic rates relative to population by substituting [image: image] for [image: image]. This leads to [image: image], where [image: image] is the baseline rate. This further implies that average per capita rates vary with population according to [image: image]. This means that as settlements increase in population their average per capita socioeconomic outputs grow proportionately to population raised to the [image: image] power, and total outputs grow proportionately to population raised to the [image: image] power. In other words, there are increasing returns to scale such that more populous settlements exhibit faster socioeconomic rates.

Finally, note that in larger and denser settlements the average degree of an individual also increases, and this creates opportunities for increasing specialization. Given that each individual requires access to a given number of functions [image: image], an increasing average connectivity [image: image] makes it possible for each individual to specialize in a decreasing range of functions [image: image], such that the product [image: image], with [image: image] a constant independent of [image: image]. This relation implies that increasing connectivity enables increasing functional specialization (i.e. division of labor), so that if [image: image] then [image: image] and the total productive diversity [image: image]. This means that new specializations emerge as settlements grow and individuals become more highly connected, but these specializations are added more slowly than people.

This brief discussion illustrates that network ideas are central to settlement scaling models, but in contrast to many network analysis approaches, in this case the social and infrastructural networks are treated in aggregate, or on an average per capita basis, as opposed to on a node by node basis. The “network” itself is not real but is an emergent time-averaged structure and accounting device for the cumulative dynamics of social encounters. In addition, these models lead to expectations regarding other aggregate (or average per capita) properties of social groups that emerge from social networks embedded in space and time. The main expectation for the social network of a settlement itself is that the total links between individuals per unit time will increase faster than the number of individuals, but this phenomenon also leads to a variety of other effects related to the use of space, resource needs, information, economic outputs, epidemiological processes, and even violence. This approach does not address all potential properties of human networks, but it does work well in several areas where empirical network analyses have difficulty. I discuss three examples below.

Easing Empirical Challenges

The data requirements for scaling analysis are not trivial. Specifically, one needs to compile measures that are proportional to population for settlements that span the settlement size distribution for a given archaeological period in a region, and additional measures related to the use of space and socioeconomic rates. These can range from simple site areas to dimensions of public works, open spaces, house areas, and artifact assemblage data (Hanson et al. 2019; Ortman et al. 2015; Ortman and Coffey 2019; Ortman and Davis 2019). Importantly, the population proxies must allow for variation in residential density across settlements. So although site area is a useful measure, it cannot be used directly as a population proxy. Most regional-scale archaeological network analyses utilize similar, broadly available archaeological evidence, but in certain ways the data requirements for scaling analysis are more forgiving.

First, most archaeological similarity networks are based on the idea that settlements with more similar material culture assemblages interacted more frequently than settlements with less similar assemblages; but of course settlements that were part of the same, enduring regional network may have different material cultures simply due to the passage of time. So, to construct archaeological similarity networks that approximate past social networks, one needs to hold time constant as much as possible to approximate a cross-sectional analysis. Network analysts have come up with ingenious ways of approximating this (e.g. Roberts et al. 2012), but such approaches generally require a high density of regional sampling so that change over time in material culture can be tracked reasonably well.

Cross-sectional data are also essential for scaling analysis of contemporary systems because today the heights of scaling relationships, as reflected in the y-intercepts of such relationships, generally change rapidly (Bettencourt et al. 2020). Figure 37.2a provides an example, illustrating the changing relationship between population and built area for Japanese metropolitan areas over a period of 45 years. The chart clearly shows that the height of the scaling relation between these two measures has changed substantially during this period. However, in past societies scaling intercepts appear to have changed much more slowly. Figure 37.2b illustrates this situation using data for a sample of Greek and Roman cities where population was estimated by multiplying the house density in cleared areas by the total site area (Hanson and Ortman 2017). Results like this suggest that it is feasible to recover scaling relationships using data that reflect temporal averages for specific sites, and even sites that were inhabited at different times (Ortman et al. 2015). In a nutshell, analyses of archaeological similarity networks often seek to determine the relative frequency of interaction between settlements based on measures that track these interactions. Scaling analysis, in contrast, presumes that interactions are frequent within settlements, and focuses on measuring the net outcomes of these interactions.

Second, both archaeological network analysis and scaling analysis seek to identify patterns using regional datasets, but the scale of the processes under investigation is different. Whereas most inter-site social network analysis in archaeology seeks to characterize social processes between settlements, scaling analysis seeks to characterize processes that take place within them. So, although both utilize regional-scale data to identify patterns, the intensity of sampling required to adequately characterize regional social networks is much greater than is needed to characterize network effects within settlements in a region. For example, in archaeological similarity networks, two settlements may have been connected in the past via a settlement that lay between them, and this settlement may have a material culture that is intermediate between the nodes at either end; but if data are not available for this intermediate settlement, the fact that the two ends are linked in a single network may not be recoverable. Such issues have led Brughmans (2013) to note that one can create a network using any dataset, but the extent to which such networks reflect past reality is often difficult to determine. Owing to such concerns, practitioners of social network analysis in archaeology tend to focus on the positions of specific nodes in well-documented portions of networks, or aggregate properties of networks overall (Mills 2017). Scaling analysis proceeds directly to these aggregate properties (Below, I suggest that this convergence on aggregate properties opens up exciting areas for integration of the two approaches).




[image: image]

Figure 37.2. Population–Area relationships for contemporary and ancient settlements.

a) Population vs. built area for Major Metropolitan Areas in Japan, 1960–2005. Note that the slope of the fit line is consistent across time steps (β=.858±.023), as expected, but the intercept of the fit line increases over time ([image: image] m2, [image: image] m2). Notice also that the size distribution of cities migrated upward over this period. Finally, note that there was relatively little change in the intercept between 1990 and 2005, a period generally recognized as one of stagnation in the Japanese economy. Data from https://www.stat.go.jp/english/data/index.html. (B) Population vs. circumscribing area for Greek and Roman cities, 300 bce to 600 ce Populations are estimated from house densities within cleared portions of each city. Note that the data for each city derives from different centuries but they nevertheless follow a single scaling relationship with slope β=.654±.034 and intercept [image: image] m2 ([image: image],[image: image]). This shows that the energetics of social interaction changed very little over time in the Roman world, and as a result the expected scaling relation can be recovered even using limited, imprecise, and time-averaged data. Data from Hanson and Ortman (2017).



Third, real social networks are multivariate and involve many different types of interactions, for a variety of purposes, and with a variety of outcomes. A crucial assumption in many archaeological network analyses is that the evidence one has to work with—artifact assemblages, site locations and sizes, sourcing data, and so forth—are reasonable proxies for the overall pattern of interaction between settlements. I do not mean to suggest that this is not often reasonable, only that it is rarely demonstrable. In fact, the relationship between a network representation of data and social reality is an issue even for the present, despite modern accounting (Hidalgo and Hausmann 2009), smart phones (Andris and Bettencourt 2014), the internet, and so forth. The extent to which the data traces of these different forms of interaction capture properties of an overall social network is an open question, even in a contemporary context. At best, these data capture the network of the specific types of interaction reflected in the data. This does allow one to examine the properties and dynamics of the network; but claims that the network reflected in any particular form of behavior is representative of a larger, multidimensional social network must usually be taken on faith.

Scaling analysis also works on the basis of material proxies, and it also takes some creativity to transform the available data into aggregate measures of population, resource use, and other socioeconomic rates. But there is a crucial difference, which is that these measures are not seeking to capture specific spatial patterns of social interaction in detail. Instead, scaling analysis assumes that there are all sorts of interactions happening within settlements, and most of these are not directly observable, but their net material effects are observable. In a nutshell, scaling analysis seeks to measure the net material effects of a social network in space, but it does not attempt to observe the network or its properties directly. Here again, the empirical barriers that separate the archaeological record from past social networks seem lower in the case of scaling analysis.

Making Predictions

A second area where scaling analysis does well in comparison to archaeological network analysis involves making predictions regarding the properties of social networks. Applications of social network analysis in archaeology often include calculations of network statistics that summarize global properties of the network: the degree distribution, eigenvalue centrality, betweenness centrality, k-connected components, and so forth. And in many cases these summary statistics can be shown to have changed over time. What has been missing from such studies is a sense of how one might expect the properties of a social network to change, given the situation. Researchers have previously identified changes in network structure that are connected to other changes in a society, but in the absence of a framework that specifies what one might expect to happen, such accounts have limited relevance beyond the specific historical contexts in which they are observed. The settlement scaling approach is different in that it makes specific claims regarding how properties of human networks change with population. In a sense, it provides a null model that controls for the effects of scale. As an example, it specifies what the average degree of individuals in a settlement should be, given its size, and it also provides expectations for how this measure should change over time.

This feature of SST creates two important opportunities. First, it creates a situation where one can know when something surprising does occur and it gives one a head start in determining what the significance of such findings is. A good example is the relationship between population and area in mobile hunting and gathering societies. A variety of studies have shown that among mobile hunter-gatherers, smaller camps are generally denser than larger camps (Fletcher 1990; Whitelaw 1991; Wiessner 1974). Figure 37.3 illustrates this pattern using data from a more recent study (Lobo et al. 2022). In the absence of an expectation from SST, one might not recognize the significance of this pattern. But given the expectation that population will increase faster than area when individuals arrange themselves so as to balance movement costs with interaction benefits, this pattern provides evidence that mobile hunter-gatherers do not behave this way. In other words, there seems to be a fundamental difference in the spatial behavior of mobile hunter-gatherers that needs to be accounted for.




[image: image]

Figure 37.3. Relationship between population and camp area across mobile hunter-gatherer camps in the ethnographic literature. The dashed-line represents the best-fit line to the data, and the solid line represents the expected relation under SST. Note that, in strong contrast to permanent settlements, the slope of the fit line is much greater than one, indicating that larger base camps are less dense on average. Data is from (Lobo et al. 2020).



The fact that these results vary from the expectations of SST helps one to make sense of them. In this case, Lobo and others (2022) argue that this divergent behavior is due to a relationship between social distance and physical distance. Smaller camps tend to be occupied by close social relations who camp close together and interact intensively, but larger camps tend to be occupied by more distant relations who use space to regulate the amount of interaction that occurs. In other words, the average degree of a mobile hunter-gatherer in camp appears to reach a threshold and then remains constant, rather than increasing in an open-ended way with scale. This scenario further suggests a major transition in human sociality associated with the formation of large, permanent settlements and hints at the social and cultural constraints that must be overcome to make such open-ended settlements possible. All of this is brought into focus by having a clear expectation regarding how the properties of social networks should vary.

Another advantage of clear expectations is identifying how specific cases deviate from the expected value. Settlement scaling models use network thinking to predict the average effects of population for aggregate properties of settlements, but they do not predict exactly the specific properties of individual settlements, because one would expect these to result from a range of additional factors that are not incorporated into these models. In a sense, scaling analysis controls for the effects of population size, such that researchers can identify and investigate properties of specific settlements that are not a product of scale. In the study of contemporary urban systems, deviations of individual cities from a scaling relation (i.e. the residuals) are known as scale-adjusted metropolitan indicators (Bettencourt et al. 2010). Figure 37.4 illustrates this type of analysis, using the relationship between population and theatre capacity across cities in the Roman Empire (Hanson and Ortman 2020). In this case, Hanson and Ortman argue the exponent of the fit line ([image: image]) in Figure 37.4a reflects the fraction of the city population that needs to witness an event for the information to percolate through the entire city population no more than second-hand (e.g. a path length of two from the eyewitnesses). But it is also important that the audience capacity of theatres in most Roman cities deviates from this average expectation.

In archaeology, the typical assumption is that such residuals reflect time averaging, measurement error, or a mismatch in time between measures. And certainly, such empirical issues are responsible for at least a portion of the residuals illustrated in Figure 37.4b. However, there is evidence that in this case the residuals at least partly reflect real deviations in past behavior. Specifically, cities identified by the Romans as provincial capitals tend to have larger theatres than one would expect given their populations (positive residuals), and cities identified as municipia tend to have smaller theatres than one would expect (negative residuals). This pattern suggests that the civic status of a Roman city affected the scope of its audience, leading to the construction of theatres that sought to serve these wider social connections. In other words, scaling analysis allows one to learn something about the social networks of individual settlements by examining the degree to which they deviate from the overall scaling relationship. So here again, having an expectation for what should happen helps one to more clearly see cases where it doesn’t, and this gives the analyst a head start into a deeper investigation.

Explaining Emergence

A final advantage of the scaling approach is that it provides a means of accounting for the emergence of new properties in human societies. Many cross-cultural studies have found that the population size of the largest settlement is strongly correlated with a range of other properties associated with social complexity, from economic organization to social differentiation, social institutions and technologies (Carneiro 1967; Chick 1997; Naroll 1956). Social network analyses in archaeology have certainly identified the emergence of new properties in social networks themselves (e.g. Mills et al. 2013). SST takes this one step further by suggesting how changes in social connectivity stimulate the emergence of new properties in a society. As discussed earlier, the key relationship is the idea that the range of tasks performed by an individual (productive diversity, which is the inverse of specialization) is inversely proportional to that person’s connectivity (degree), leading total diversity to increase in a sublinear way with population according to [image: image].



[image: image]

Figure 37.4. Analysis of theatre capacities across Imperial Roman cities. a) The scaling relation for population vs. theatre capacity. b) The distribution of residuals to the scaling relation, from most positive to most negative, with residuals shaded in accordance with their civic status in written sources. Note the tendency for provincial capitals to have a positive residual and for municipia to have a negative residual. See Hanson and Ortman (2020).



Previous studies in evolutionary anthropology have noted the importance of population size and density for technology. In one study, Henrich (2004) argued that the relatively simpler technology of ethnographically documented Tasmanians reflects a loss of knowledge due to imperfect cultural transmission following their isolation from the Australian mainland during the Holocene. In another, Powell and others (2009) argued that the cumulative culture of modern human societies could only get going once a critical population density was reached. Finally, Kline and Boyd (2010) examined ethnographic data on the populations and technologies of Polynesian island societies in arguing that larger populations maintained more diverse repertoires of fishing tools. These three properties—population size, density, and heterogeneity—are also the three components of Louis Wirth’s (1938) classic definition of the city. Of course, the large populations, high densities, and extreme division of labor that characterize today’s cities did not characterize smaller-scale communities of the past. But SST suggests that the social networking processes behind these properties operate the same way in smaller-scale settlements of the past as they do in metropolitan areas today. As a result, SST provides a framework for studying the emergence of new properties in human societies.

The key mechanism behind such emergence is the increasing connectivity of individuals, which allows for increasing specialization and the accumulation of distinct activities and their associated physical capital. A key measure of social complexity is simply the number of distinct specializations, technologies, institutions, and structures that are maintained by human aggregates. In the ethnographic record this number correlates with community size, and its elements accumulate in a specific sequence, forming what is known as a Guttman scale (Gell-Mann 2011; Peregrine et al. 2004). Such scales have also been identified in archaeological contexts. For example, Chase (2016) uses LiDAR survey to examine urban services provisioning at Caracol, an extensive Classic Maya settlement. His analysis found that plaza groups at the termini of the road network tend to have fewer residences, small temple structures, and a plaza; but groups closer to the center also have ballcourts, reservoirs, and administrative structures, appearing in that order, along with a greater number and density of residences. The overall pattern suggests that larger aggregates support a wider range of services, as indicated by their material manifestations. As the number of people in an aggregate grows, new properties of that aggregate emerge and materialize in a cumulative fashion.

The emergence of these new properties requires increasing specialization (and increasing agricultural output per farmer), and it also requires increasing interdependency between the individuals in the aggregate. All these processes are embedded in SST, in that the balancing of movement costs and interaction benefits leads to increasing density, and increasing density leads to increasing aggregate connectivity, productivity, and diversity. In short, the SST framework specifies how social networking leads to the emergence of new properties in larger aggregates that cannot exist in smaller aggregates.

Expanding the Range of Network Thinking

The construction of archaeological networks and their analysis using the tools of social network analysis are both important advances that are generating exciting insights on a range of social processes, from migration (Mills et al. 2018) to community formation (Crabtree, Bocinsky et al. 2017) to resilience (Borck et al. 2015; Crabtree, Vaughn, et al. 2017). The purpose of this chapter has not been to question these developments. Instead, I have sought to call attention to an additional way that network ideas are being incorporated into archaeological practice. I have shown that network thinking occupies the center of settlement scaling theory and its associated methods of scaling analysis, and I have illustrated several areas where scaling analysis seems to have advantages relative to certain forms of archaeological network analysis; namely, more modest data requirements, concrete expectations that allow one to identify noteworthy results, and a mechanism through which one can investigate the emergence of new properties of a society as the properties of its associated human networks change.

However, it is important to recognize that thus far scaling analysis has only rarely addressed human networks above the level of settlements, and this is precisely the level at which most archaeological network analyses operate. For example, in a recent study Peeples and Mills (2018) show that across the late prehispanic US Southwest there are general relationships between local population density (measured as sites within a floating 9km buffer), ceramic ware diversity (measured by Shannon Information), and the fraction of weak ties between settlements (indicated by ceramic assemblage similarity scores in the range [image: image]). These relationships suggest decreasing local density is correlated with increases in both ceramic diversity and weak ties. Importantly, these patterns are apparent across the entire region, and over at least a 200-year period. The quantities in this analysis—people, space, interaction, and diversity—overlap substantially with those emphasized in scaling analysis. The primary difference lies in the spatial units. In the Peeples and Mills study, a floating buffer was used to define constant-sized areas within which properties of the focal site and the associated buffer were measured; whereas in scaling analysis spatial units capture mixing populations of variable size, and aggregate properties are measured for these generally smaller spatial units. In settlements the temporal rhythm of social mixing is daily, but there is no theoretical reason why scaling analysis must be limited to daily interaction. If one could define spatial units at which social mixing was periodic, seasonal, annual, or even generational, one would expect scaling relations to be apparent in the aggregate properties of these units as well. To the extent that interaction at some temporal frequency is the basis for these units, one would expect the techniques of social network analysis to be very useful for defining such units. In this way, it may become possible to integrate social network analysis with scaling analysis, and thereby extend SST to larger-scale spatial units.

My hope is that researchers who work with archaeological networks will be encouraged by this chapter to seek out new ways of connecting social network analysis with scaling analysis. Network thinking lies at the core of both approaches, and it therefore stands to reason that the two can be profitably connected with additional effort.
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CHAPTER 38

Networks and Sociopolitical Organization

Jacob Holland-Lulewicz

Introduction

Archaeological network analysis provides a set of robust methodological tools to empirically describe and evaluate sociopolitical histories. Network analyses allow archaeologists to move from the bottom up, to critically engage with traditional models of sociopolitical organization commonly deployed in archaeological interpretation. Unlike top-down approaches, the deployment of network-based principles in structuring archaeological inquiry allows archaeologists to bypass the constraints imposed by adherence to reified sociopolitical models (e.g. tribe, chiefdom, state, hierarchy/heterarchy, corporate/network). Certainly these models may provide starting points for the evaluation of extant hypotheses, but the use of network analyses rooted in large-scale, robust datasets allows for the identification of organizational characteristics that may be masked or unaccounted for by a reliance on essentialized sociopolitical types from the ethnographic record.

I use the terms sociopolitics and sociopolitical to refer to the varying ways in which social and political capital (material and immaterial) are accumulated, distributed, and leveraged toward particular motives and objectives, and contextualized within discourses of power—both power over and power to (e.g. Cahill 2008; Mann 1986; Pansardi 2012; Roscoe 2013; Rowlands 1997). Sociopolitical organization refers to the arrangements or constellations of relationships through which these processes are enacted. These relationships and their arrangements not only serve as the mode by which capital is deployed, but themselves constitute forms of social and political capital that can be manipulated, transformed, and accumulated to maintain, reinforce, or transform manifestations of power (broadly defined as the ability to achieve desired outcomes).

In this chapter, I review the methodological principles and conceptual frameworks of archaeological network analysis that can help to characterize and evaluate the underlying organizational structures that connect members of a society to one another. When terms such as tribe or chiefdom are reified, they bring with them the top-down assumptions about the relational structure of society—that is, the organization and quality of the relationships that constitute the organizational structure in question. The types, concepts, and attributes that have been proposed over the last century to organize research on sociopolitical organization are all inherently abstractions of relationships and relational organizations (Chapman 2003; Trigger 2006). What is called for are frameworks that move beyond categories and toward more relational understandings of sociopolitical organization (Holland-Lulewicz 2021). Here I outline the logical and conceptual steps by which archaeological network analysis allows us to move beyond these abstractions and bear directly on sociopolitical relationships themselves.

In an effort to move beyond analytical black boxes, I argue that archaeological network analysis allows us to focus on the very relationships that have given form to and inspired organizational types. I suggest how we might parse overlapping relational structures and evaluate them against one another within explicitly multiscalar frameworks, both temporal and sociospatial. As many of these perspectives have been elucidated across the broader social sciences, I invoke analytical and conceptual scaffolding from an interdisciplinary body of social science research pertaining to the articulation of social networks, social capital, and sociopolitical processes. Throughout, I reference a series of North American examples to elucidate a framework that contrasts with traditionally top-down approaches, a framework rooted empirically in the relationships that give form to sociopolitics, rather than in the imposition of models that include a priori conceptions of sociopolitical organization.

Sociopolitical Models in Archaeology

A traditional archaeology of sociopolitics is inseparable from broader discourses surrounding archaeological theory and approaches to social complexity. As Chapman (2003:4) outlines in his review of archaeological approaches to complexity, the “(d)evelopment of complexity in human societies has been tied into the concept of evolution during modern times, given the concern of evolution with ‘understanding directionality as a major characteristic of human history’ (Trigger 1998:10).” This underlying evolutionism is rooted in the enlightenment belief in progress (Chapman 2003:5) and has been built into archaeological and anthropological perspectives on social change in the form of assumptions of “an overall tendency towards larger, more internally differentiated, and more complexly articulated structures” (Trigger 1998:10). These developments, concepts, analytical frameworks, and abstractions of sociopolitical realities set forth by mid-twentieth century researchers (e.g. Fried 1967; Sahlins 1958, 1968; Service 1962) have been adopted almost as archaeological canon.

Many studies over the last forty years have indeed sought to liberate classificatory socioevolutionary types from their proverbial black boxes through intense, cross-cultural comparative exercises (e.g. Feinman and Neitzel 1984; Gregg 1991; Steponaitis 1991; Upham 1987, 1990). Despite these efforts, a common vocabulary for the description, identification, and comparison of sociopolitical forms failed to emerge, as neoevolutionary frameworks continued to structure archaeological research—even research that explicitly attempted to critique its guiding concepts and principles.

Thus, it follows that archaeologists have generally been unable to disassociate a theoretical understanding of the development of inequality, identity, hegemony, and government from metaphors of social evolution that rely on the use of sociopolitical categories (cf. Borck and Sanger 2017; Fowles 2018, 2010; Pauketat 2007; Sanger 2017). In regard to the approaches to archaeological investigation that have emerged from these neoevolutionary frameworks, Pauketat (2007:43) has argued that “any meager, coarse-grained data can fit into the latest political economic model … which translates into self-fulfilling research designs.” As an example, he references research on Mississippian societies in which variation becomes hidden by concepts that artificially synchronize chronologies and that collapse organizational variability into a unified “Mississippian Chiefdom” (Pauketat 2007:43). With the use of overly generalized societal building blocks (e.g. Mississippian household, Mississippian community, Mississippian chiefdom), neither scale nor history retain any importance because organizational variability, arguably a function of both scale and history, is noted and then ignored (Pauketat 2007:48). In this way, types are attempts to represent reality, rather than reality itself (Yengoyan 1991) as our concepts continue to stand as obstacles to understanding the actual shape of past sociopolitics (Moore 1994; Pauketat 2007:2).

Over the last decade, however, network approaches have greatly enriched the archaeological study of sociopolitics and have begun to effectively move us beyond the use of such models. Using a formal network approach, Mizoguchi (2009) has elucidated classic processes of sociopolitical hierarchization, demonstrating for Kofun period Japan how the topologies and structures of political networks themselves can drive their own hierarchization. In this way, Mizoguchi (2009) highlighted the agential role of relationships and the importance of network location in constraining sociopolitical outcomes. Beyond such processes as hierachization or centralization, other classic systems taken as objects of archaeological study have been reconceptualized from network perspectives. For instance, both Mizoguchi (2013) and Lulewicz and Coker (2018) have explored the formal network characteristics of prestige-good systems, focusing on the relationships that actually constitute these systems and highlighting the role of these relationships as sources of sociopolitical power.

From the perspective of the Maya region, archaeologists have effectively highlighted the complexity and diversity of sociopolitical relationships and entanglements that gave form to Maya histories (Munson and Macri 2009; Munson et al. 2014; Scholnick et al. 2013). Drawing on epigraphic and archaeological evidence, Scholnick et al. (2013) have revealed the multiple, overlapping roles of Maya leaders within their region networks, forefronting the complexity of political strategies used to build and maintain power over other Maya centers. Beyond overly simplistic, categorical approaches to political forms, Scholnick et al. (2013) show how varied relations of antagonism, subordination, diplomacy, kinship, and dynastic ties shaped Maya politics and served as conduits through which social, political, and cultural traditions differentially passed between Maya centers depending on the quality of relational vectors (Munson et al. 2014).

Network analysis has also given archaeologists opportunities to more explicitly evaluate the sociopolitical roles of particular entities and to move closer toward the ability to test assumptions about the structures of sociopolitical relationships. For instance, Knappett et al. (2008, 2011) have deployed network-modeling procedures to formally evaluate the collapse of Minoan maritime trading networks across the Aegean. By removing the most central nodes from the structures of these networks, Knappett et al. revealed that the networks themselves were exceedingly resilient, as network links readjusted to accommodate the induced perturbances. Despite the resilience of the network structure, an increase in exchange costs related to the removal of central ports (or changes to the qualities of relationships comprising the maritime network) would have caused substantive damage to the functioning of the network.

Such approaches provide archaeologists with the conceptual and methodological tools and opportunities to move from the bottom up. In the southwestern United States, for instance, Mills et al. (2018) have made a concerted effort to move away from a reliance on top-down approaches to regional sociopolitics. Collapsing the oft-cited conceptions of categorical “culture areas” (e.g. Chaco v. Mesa Verde), Mills et al. (2018) aim to explore how the communities of Chaco Canyon fit into the broader social, political, and political landscape, a task not easily accomplished through a reliance on culture-area categories that a priori center particular trends, practices, histories, and archaeological traditions. In this way, Mills et al. leveraged a network approach to evaluate a robust archaeological dataset to identify overlooked or previously unidentified networks and communities of sociopolitical interaction that crosscut or were traditionally overshadowed by culture-area categories.

The challenge that continues to confront archaeologies of sociopolitical organization is the absence of a shared language and standardized approach to evaluating sociopolitical relationships. One of the primary constraints remains that comparisons are made between reified categories and the properties assigned to these categories based on ethnographic examples; not between the relationships through which these categories were given form. Social network analysis provides an empirical, standardized avenue through which sociopolitical relationships can be identified, described, interpreted, and, most importantly, compared. Network analysis and its associated conceptual scaffolding allows for the standardized comparison of the relational features of social and political organization, or more precisely the arrangement and quality of relationships that constitute society and its political characteristics.

Relationships as Capital

Social and Political Capital

At its foundations, social capital describes (1) relations of trust, reciprocity, and exchange, (2) the norms and networks that enable people to act collectively, and (3) institutions that generate and sustain these norms and networks (Adger 2003:389; Woolock and Narayan 2000:391). In general terms, theories concerning social capital provide explanations for how individuals and groups deploy their relationships to others as a resource (e.g. Ahn and Ostrom 2002; Fukuyama 2001; van Staveren and Knorringa 2007). Social capital as a concept captures the nature of social relations and uses it to explain outcomes in society (Adger 2003:389–390). As such, social capital as an organizing concept becomes particularly useful when deployed in an explicitly historical framework concerned with how the deep historical roots of relational structures shape organizational outcomes and sociopolitical change.

As an example of how these concepts articulate with network perspectives, I describe here two kinds of social capital that are explicitly associated with network structures. In these cases, the language of network structures is inseparable from the language of social capital. The first, tight-knit and cohesive networks, can be referred to as bonding networks (Crowe 2007:471–472). The second type can be referred to as bridging networks and are characterized by patterns of loose, expansive ties (Crowe 2007:471–472). In essence, these two types of networks represent different kinds of social capital (Crowe 2007; Putnam 2000; Woolock and Narayan 2000). Bonding social capital is constituted through dense relationships and networks within communities or groups (Taylor 2004). In these kinds of networks, members are directly tied to many other members across tightly woven relationships (Crowe 2007:471).

Bridging social capital can be defined by weaker relationships and more loosely connected networks that span across social groups via weak ties or less frequently activated relations (e.g. Crowe 2007:471; Granovetter 1986). In the context of modern economic development studies, it has been argued that bonding networks and their cohesive structures can defend against poverty (Woolock and Narayan 2000:230–234), while bridging networks can be used to facilitate real economic shifts as looser ties allow for more individual action and strategy within the network structure (Crowe 2007:471). As Putnam (2000:20–21) explains, again in the context of economic development, bonding networks are appropriate for “getting by” while bridging networks are necessary for “getting ahead.” One of the main factors contributing to these assessments is the ability for individuals engaged in bridging networks to access and mobilize resources that lie outside of the organization of their particular community (Crowe 2007:472; Woolock and Narayan 2000). In other words, bonding, or highly cohesive networks, do not allow the social flexibility needed to engage with a wider pool of social capital This distinction has been similarly discussed through an archaeological case of network brokerage in the southwestern United States as the difference between individualist and collectivist strategies (Peeples and Haas 2013:233–235).

In these examples, network structures represent forms of social capital available to actors within the network to achieve outcomes. As such, the overall structures and arrangements of relationships themselves represent sociopolitical resources. Institutions that seek to maintain, transform, or take explicit advantage of the social networks within which they are embedded are thus decidedly sociopolitical and exist only insofar as their relational foundations remain durable (sensu Holland-Lulewicz et al. 2020). Thus, the character of any sociopolitical organization is conditioned by different types of simultaneous, overlapping networks and entangled relationships. In contrast to neoevolutionary models, interpretations of sociopolitical organization within a network framework must take into account varying forms, sources, and access to social capital and the diverse networks through which these resources are constituted (e.g. Lulewicz 2019; Peeples 2018).

Archaeological Perspectives

Moving from archaeological materials toward relationships and social capital is one of the main challenges in deploying such a framework within archaeology. While network analyses have been applied successfully by archaeologists around the world, North American archaeologists have explicitly taken on the task of identifying the associations between the material record and social capital. This tendency is likely the result of North American archaeologists being more influenced by the sociological tradition of network analysis as opposed to traditions of network science rooted in geography and complexity science that have influenced the applications of network analysis by European archaeologists (Brughmans and Peeples 2017:6).

For example, in the Northern Iroquoian region of northeastern North America, archaeologists have explicitly linked the distribution of pottery decorations with the social and political relationships maintained by women (Birch and Hart 2018:19–20; Hart and Engelbrecht 2012; Hart et al. 2016:6–7). In exploring Northern Iroquoian confederacy dynamics, they outline a chain of logic that acknowledges women as the primary producers of pottery and that women were active participants in Iroquoian politics, holding councils, arranging marriages, electing and deposing leaders, and maintaining domestic economies (Hart et al. 2016:6). These roles allowed women to serve as negotiators, consensus builders, and the transmitters of intergenerational knowledge and skills and as such, women’s power was exerted in a variety of domains. In this sense, it is proposed that the decorations adorning the collars of ceramic vessels could be interpreted as signals of relations (Hart and Engelbrecht 2012; Hart et al. 2016:7). Given these associations between women, politics, and ceramic collar decorations, the use of pottery to conduct archaeological network analysis allowed for the characterization of particular forms of social capital that were available throughout Northern Iroquoian societies (Birch and Hart 2018; Hart et al. 2019).

Because the production of particular materials, especially pottery, is governed by the multiple, overlapping networks of relationships within which producers (e.g. potters) are embedded, archaeologists are further afforded the opportunity to explore the kinds of social capital associated with different kinds of relationships (Lulewicz 2019; Peeples 2018). Indeed, each step of a ceramic production/use chaîne opératoire is contextualized by particular types of relationships, from the acquisition of raw clay resources, to firing finished pots, to decorating the exteriors (e.g. Gosselain 1998, 2000). As such, an analysis of pottery decoration will reveal qualitatively different sets of relationships than those revealed by an analysis of technological practices like tempering (the adding of aplastic materials to achieve particular mechanical properties). Indeed, while highly visible decorative practices, like those leveraged in the Northern Iroquoian studies, can be used to reconstruct signaling networks related to particular forms of interaction, such low-visibility technological practices may reveal interactions tied to different kinds of relationships.

This approach—the comparison of two forms of relationships as proxies for exploring the organization and the availability of different forms of social and political capital—has been employed in Lulewicz’s (2019) study of the evolution of Southern Appalachian political landscapes and in Peeples’s (2018) study of social transformation in the Cibola region of the southwestern United States. Lulewicz’s (2019) work in the southeastern United States explores both signaling networks and more intimate networks related to communities of practice (kin-based groups of teaching and learning) of ceramic production. While signaling networks, those explored through the distribution of decorative practices, revealed loose networks of weak ties constituting bridging forms of social capital (sensu Crowe 2007; Putnam 2000), networks based on technological practices passed among related women were tight-knit, indicative of bonding capital (sensu Crowe 2007; Putnam 2000). Similarly, Peeples (2018), using similar types of ceramic data, used archaeological network analysis to explore different forms of social identities. These different forms of identity, like the different kinds of networks within which Southern Appalachian peoples were embedded, would have provided diverse sources of social capital that could be leveraged in particular contexts.

While archaeological network analysis can be used to explore the kinds of social capital available to past societies, certain interpretive steps must be made to evaluate how this capital was produced, distributed, and leveraged. These processes comprise the domain of sociopolitics. In adopting an explicitly relational approach, within which relationships constitute forms of social, political, and economic opportunities, networks themselves can be conceptualized and evaluated as sociopolitical organizations.

Networks as Sociopolitics

An Anti-categorical Approach to Sociopolitical Organizations

The relational/network perspective outlined here represents a type of analytical ontology within which the onus of explanation, interpretation, and investigation rests primarily on the study of relationships between peoples, groups, entities, etc. No matter the components, studies adopting such a framework focus on the characteristics of the relationships and connections between components rather than on the categorizations of the components (e.g. sociopolitical types) themselves. Thus, regularities or patterns in interactions and relationships are interpreted as giving rise to structures while at the same time being influenced and constrained by overall structural properties as well as the attributes of individual actors (Emirbayer and Goodwin 1994; Pachuki and Breiger 2010; Wasserman and Faust 1994:6).

Within this framework, the results of network analyses are not solely guided by the preexisting properties and attributes of actors or relations within the network. For example, if an actor occupies a central location in their network, it does not automatically follow that this actor occupies this role simply because they are an important actor or possess some quality that yields inherent centrality. Rather, a relational explanation posits that the actor is central because of their location in the network. This perspective upends explanatory frameworks that move from categorical interpretations of importance-as-centrality toward a framework that includes a critical evaluation of centrality-as-importance. To utilize an archaeological example, a large community or town of demonstrated sociopolitical importance is not necessarily a central actor because of some a priori sociopolitical importance. This explanation is circular. Rather, its centrality in regard to its network, including its quality and number of relations, can be used to describe and evaluate its emergence as an important sociopolitical entity. Thus, a network approach to sociopolitics implores us to explore both the relational and structural properties of networks as well as the specific attributes of actors that may confer relational advantages on the actor, attributes that contribute to the ability of an actor to accumulate ties and position themselves centrally.

In this way, traditional approaches and network approaches differ in a network perspective’s “anti-categorical imperative” which “rejects attempts to explain human behavior or social processes solely in terms of the categorical attributes of actors” (Emirbayer and Goodwin 1994:1414) and thus rejects explanations of social behavior “as the result of individuals’ common possession of attributes and norms rather than as the result of their involvement in structured social relations” (Wellman 1983:165). A network perspective shields against an uncritical appeal to categories to explain why people behave the way they do (Emirbayer and Goodwin 1994:1415). In this way, structures need not be treated as black boxes (e.g. tribe, chiefdom); they can be parsed into their constituent elements of entities and relations (Emirbayer and Goodwin 1994:1418).

Alternatively, network and relational approaches build explanations “from patterns of social relations; they capture causal factors in the social-structural bedrock of society, bypassing the spuriously significant attributes of [entities] temporarily occupying particular positions in their [relational] structure” (Burt 1986:106). Put another way, network structures and relations generate outcomes that we want to explain. Those outcomes can thus be explained through the description of network properties that produced those outcomes—including through evaluations of such properties as density of connections, strength of ties, symmetry and size of organizational structure, the positions of particular entities within these structures, and the attributes of individual nodes that can affect these structural properties, etc. (Emirbayer and Goodwin 1994:1419).

Indeed, while structural organizations provide sociopolitical opportunities, practices essential to enactments of power depend on an actor’s ability to accumulate lasting relationships, the differences in these abilities yielding substantive diversity in political strategies, effectiveness, and accomplishments (Schortman 2014:172). Because of this dynamic interplay between individual agency and attributes on the one hand, and the structural properties of networks on the other, efforts to mobilize social capital, by way of accumulating and leveraging relationships, occur in a field of overlapping structural constraints as actors’ positions within these fields (defined potentially by such attributes as age, gender, class, ethnicity, etc.) can condition potential for success (Schortman 2014:172). The relationships constituted by actors’ decisions, choices, and actions thus become incorporated into network structures that shape subsequent choices and actions (Schortman 2014:173). Within a strictly categorical framework, however, such dynamics and potential for structural variation are hidden in favor of generalizable models.

Archaeological Perspectives

Neoevolutionary types and sociopolitical categories are, by their very essence, models. By this definition, they represent a particular reality, but are not themselves observations. Any model by nature will ultimately mask variation that may or may not be important for understanding a real-world phenomenon. This remains true for the use of categorical models for describing, exploring, and evaluating sociopolitical organization in the archaeological record. Such categories represent packages of relationships (in most cases preferencing a narrow selection of relationships over others, like those between elites and commoners) that are assumed to exist. For example, when the term chiefdom is used it imposes a unique set of relationships between entities or actors engaged in the sociopolitical processes in question. More precisely, the essence of this term dwells primarily in relations of subordination, domination, centralization, and a tiered set of unequal power relations in terms of access to and leverage of both material and non-material resources. The purpose here is not to set up a strawman, but rather to propose that such types and categories, as models, can be useful starting points for the rigorous, empirical evaluation of relationships and relational qualities via archaeological network analysis, but that they do not capture the whole range of diverse relationships that might characterize sociopolitical organizations.

For example, Lulewicz and Coker’s (2018) recent work on the structure of Mississippian sociopolitics across eastern North America sought to elucidate the relational structures within which political strategies were embedded. Using iconography depicted on carved shell pendants, Lulewicz and Coker reconstructed the long-distance networks of Mississippian elites. Previous work had characterized ca. post-ad 1200 Mississippian societies as engaged in “network strategies” of political leadership (e.g. King 2003 sensu Blanton et al. 1996). By focusing explicitly on materials/symbols that could be conceptually linked to elite social groups (e.g. the consumption of shell pendants by highly ranked lineages), Lulewicz and Coker (2018) worked to explore the actual networks through which these “network strategies” were engaged and deployed. Without negating, overturning, or denying previous work, they enriched archaeological understandings of Mississippian sociopolitics by showing that powerful elites drew social capital from multiple sociospatial scales and that the traditional practice of characterizing these political entities at the scale of the individual polity (or intra-polity relationships) was insufficient for describing the diverse relationships through which sociopolitical resources were accessed.

Moving away from explicit perspectives on elites and focusing instead on the wider societal context of Southern Appalachian chieftaincies, Lulewicz (2019) has challenged traditional characterizations of Mississippian chiefdoms as fleeting and instable. Through the exploration of multiple kinds of relationships, Lulewicz demonstrated that while elite behaviors and actions may have been unstable, the broader social networks within which elite relationships were established (e.g. local and regional networks of kin, clan, and religious practice) were highly durable, lasting for over 1000 years, regardless of the myriad collapses of specific chiefdom capitals over this time period. Like the shell pendant study, Lulewicz showed that many kinds of sociopolitical capital were available to Southern Appalachian people and that this capital was situated at multiple scales, from local river drainages to continental-scale networks. Indeed, social and political capital was rooted in the kinds of relationships that could be established and the way that those relationships could be leveraged.

Such studies do not necessitate that we dispose completely of our typological schema, but that we begin outside of these boxes if we are to critically and empirically interrogate past political organizations. Indeed, the Indigenous nations and confederacies of Northern Iroquoia are well-documented in the ethnohistorical and historical record. Using ceramic decorative practices, Hart et al. (2016) have demonstrated that signaling networks do in fact reflect sociopolitical changes including such processes as the coalescence of communities, the ebb and flow of regional strife, the formation of nations, and the emergence of confederacies that occupied explicit geographic areas. Importantly, Birch and Hart (2018) further demonstrate that the uncritical use of the confederacy concept homogenizes important variation in political structure and organizational strategy between Northern Iroquoian confederacies. While the Wendat confederacy formed a complete, tight-knit network characterized by strong bonding capital, the Haudenosaunee confederacy was composed primarily of bridging capital, lacking the strong bonding capital that characterized political opportunities within the Wendat confederacy. Differences in the functions of norms of reciprocity, trust, and information-sharing between the two confederacies were substantial, all of which was previously masked by the use of the confederacy concept as an essentialized sociopolitical category.

Beyond exploring and interpreting organization structure, a network approach to sociopolitics has also been shown to be effective in evaluating how social and political actors actually operate within their networks. One of the most conspicuous examples of sociopolitical roles from a network perspective is the evaluation of brokerage, or the process through which an actor or entity in a network mediates interactions among other actors that would otherwise not be connected (Burt 1992). In the Northern Iroquoian case, Hart et al. (2019) have shown how geographic location facilitated brokerage between populations and itself afforded political opportunity to brokering communities. Similarly, Lulewicz and Coker (2018) have suggested that influential communities in Southern Appalachia may have served as brokers between Mississippian communities located east and west of the Appalachian Mountains. On a smaller scale, Lulewicz (2019), and others (e.g. King 2003; King and Sawyer 2017), have illustrated how social capital could be accumulated by, and how sociopolitical advantages were conferred upon, those who could broker relations between highly ranked lineages across Southern Appalachia. In contrast, in the southwestern United States, Peeples and Haas (2013) have argued that brokerage was not a major source of social capital, as valuable interactions were those that favored the formation of, and interactions within, discrete groups over intermediate positions between groups. The similarities and differences in each of these North American case studies in terms of organizational structure and political action, as gleaned from network approaches, illustrate the promise of comparative archaeological network analysis, and a conceptual network approach more broadly, for enriching our sociopolitical narratives and revealing substantial variation that has long been inaccessible due to a reliance on categorical approaches.

Organization from the Bottom Up

In this chapter, I’ve considered how archaeologists might approach the study of sociopolitical histories from the bottom up, as histories of social networks. As recent archaeological work across North America has demonstrated, methodological and conceptual approaches rooted in the fundamentals of network analysis and an anti-categorical imperative can be highly productive in evaluating sociopolitical organization. Across all of the cases cited here, network analyses have yielded new, and in many cases unexpected, understandings of sociopolitical dynamics. Whether demonstrating the shortcomings of the concept of the confederacy, effectively characterizing internal organizational dynamics, or challenging fundamental characteristics of the chiefdom model, network approaches have the potential to radically reconfigure the way that archaeologists think about and conceptualize the past. When we move beyond essentialized categories, we open up space for investigations not bound by historical legacies. Indeed, such inductive modes of inquiry allow us to open up, rather than shut down, opportunities for empirical exploration. Whether the results of such inquiries support, challenge, or enrich our long-held sociopolitical models, opportunities become available to identify, describe, and explore meaningful sociopolitical institutions and relational arrangements that would not otherwise have been accessible via categorical frameworks. Most importantly, network approaches allow for a shared analytical language that can be used to facilitate robust cross-cultural comparisons of organizational structures and the continued contribution (and translatability) of archaeology to broader understandings of human societies.
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Looking Ahead and Beyond
 
 
 
 

CHAPTER 39

Archaeological Network Science

Ulrik Brandes

Introduction

Networks are fascinating. They are icons of complexity and make for stunning visualizations. With its idiosyncratic terminology, a separate toolbox of methods, dedicated software, and an air of universality, it is easy to fall for the idea that there is something singular about studying networks. And there is no shortage of advocates who will run on exactly this platform.

Adopting network approaches in any domain, say archaeology, therefore offers a badge of distinction and maybe even a competitive advantage. Such non-traditional approaches also present a few pitfalls, though, not least the possibility of falling prey to unchecked attributions and lofty claims about the meaning of it all.

Naturally, realistic assessments are much less attractive and put a drag on the popularization of network ideas, but they also increase the likelihood of deeper results convincing the core of a discipline that there is more than just smoke and mirrors.

For many, it appears, the charm of networks is tied to the prospects of a comprehensive theory or the view that a network is not abstraction but in itself the phenomenon to be studied. It is therefore not the most popular approach to introduce networks as a type of data, distinguished by its format, rather than a theory. But it should be noted that delineating the scope of network science by the nature of the data it involves liberates the discipline from insufficiently critical adoption of theoretical spillover and other fallacies associated with phenomenological or even metaphorical uses of the term.

This should not be understood as a dismissal of the need for theory, quite the opposite. Theoretical underpinnings are necessary to assign meaning to the analysis of data. Network theories, however, are specific to their subject matters: the entities that are conceived as nodes, the nature of the relationships by which they are linked, and the context in which these are of interest. Except where networks are considered on the level of superconcepts (Wilson 2010), network theory will therefore vary by domain.

In what follows, network science is framed as a special case of data science, which leads to the natural distinction of mathematical, computational, and applied areas of network science. This handbook already offers rich evidence of the forceful emergence of archaeological network science as a major area of application with distinct characteristics. Its development and prospects have been documented more extensively, informedly, and concretely elsewhere (Collar et al. 2015; Mills 2017; Peeples 2019) and this book has a dedicated chapter on theory (see Mol and Knappett, “Network Epistemologies in Archaeology,” this volume Chapter 41). All that can be added here is an attempt to take a removed perspective to highlight what appear to be relevant underlying principles in this area.

The views expressed in this chapter rest on a data-centric approach to network science as a field that needs to be aligned with domain-specific theories to be usefully applied in empirical research (Brandes et al. 2013). They thus differ slightly from the more common complex-systems perspective (Barabási 2016; Menczer et al. 2020) and have been shaped by formal and informal collaborations involving the application of network science in various disciplines. The aspects specific to archaeology are influenced in no small part by the incredibly interdisciplinary experience of being part of ERC Synergy NEXUS 1492 (2013–2019), a project in Caribbean Archaeology led by Corinne Hofman (Leiden University) and involving dozens of researchers with highly diverse backgrounds: scientifically, geographically, and culturally.

Network Concepts

When viewing networks not as the phenomenon to be represented, but as a construct devised to represent a phenomenon, the looming question becomes: which phenomena are amenable to network representations?

Although foundational contributions can be made from a network science perspective, it is ultimately the subject matter that determines whether conceptualization as a network is appropriate. Or, in the words of Butts (2009), “[t]o represent an empirical phenomenon as a network is a theoretical act.” There are, of course, generic aspects recurring across disciplines that may inform any specific conceptualization attempt. There are also many straightforward and tried network concepts such as provenance or similarity networks that are sufficiently common to be employed without requiring repeat derivations.

The quintessential ingredient in a network concept is the definition of a dyadic relation, which in turn requires the specification of the entities that make up the dyads and are thus being related. Since the relationships, and by extension also the entities, need to be commensurable among themselves, this seemingly basic step involves important decisions about the level of abstraction and the need for differentiation by attributes.

Consider, as an example, the similarity networks of site assemblages (see Blair, “Material Culture Similarity and Co-occurrence Networks,” this volume Chapter 7) and assume that the goal is to be able to quantify relationships between sites in terms of the similarity of their archaeological records in order to analyze modularization, spatial patterning, temporal evolution, and so on. The choice of a similarity index such as the Brainerd–Robinson coefficient is only the final step following the actual conceptualization. First comes the decision that, for the purpose at hand, abundances of artifacts are what characterize an assemblage. And then there needs to be a concise definition of what is considered a site, an assemblage, a feature. This may seem obvious, but is far from trivial as the following elaborations indicate.

In this similarity network example sites are represented by nodes and will generally be considered commensurable units. But spatial resolution and separation clearly alter what qualifies as a site and in turn how many there are. Even then, however, sites are not created equal and it becomes a crucial decision as to how much of their differences in terms of type, size, location, and layer, or how many excavation features such as time, team, and technique, are reflected in additional distinguishing attributes, or abstracted from.

Similar considerations apply to the assemblages. How fine-grained is the classification of pottery wares, how are abundances measured, layers distinguished, contexts represented? Each of these decisions has an influence on the possibilities to define a similarity relation, and its eventual meaning.

In general, nodes are distinct entities that, on some level of abstraction, are considered to be of the same kind and thus commensurable, or amenable to comparison. Examples are (groups of) people, locations, materials, styles, or ideas. The higher the level of abstraction, the less determined is the concept of a node, and the more entities qualify as nodes in the network. Scale is a specific type of abstraction and may lead to hierarchically nested or, more generally, multiscalar concepts of nodes.

In the same way, a suitable level of abstraction needs to be established for relations; otherwise, comparison of the relationship between two particular nodes and the relationship between two other nodes is not likely to be meaningful. If what is considered exchange between two social groups is qualitatively different from what happens between one of them and a third group, then it would be misleading to consider both relationships as part of the same exchange network. Other examples include contact, influence, routes, and visibility. It is a conceptual decision whether remaining differences are captured in additional nodal and relational attributes. While this may increase the applicability and validity of a network concept, it may also reduce the conclusiveness of its analysis.

Dyadic relationships involve two nodes,1 and they may be symmetric or asymmetric in nature. Distance between sites is generally conceived as symmetric, but travel effort is not because of, say, slopes or currents. Distinguishing the order of two nodes in a dyad opens up another possibility: the relation may be between two, rather than just one, types of nodes. In provenance networks, for instance, the composition of artifacts links sites at which they were found to sites at which the material was sourced. One type of node could be settlements, the other sources, and the relation would not apply to pairs of nodes of the same type.

Network conceptualizations thus result in three formats of networks: one-mode networks (in which all nodes are of the same type, or mode) consisting of a relation that is symmetric or asymmetric in nature, or two-mode networks consisting of a relation that can only exist between two different types of nodes.

In substantive rather than formal terms, network concepts recurring in archaeology, and appearing throughout this handbook, can be classified into, for example, social, spatial, temporal, or data networks, but often fit multiple such categories. Networks of migration flows (see Mills and Peeples, “Migration and Archaeological Network Research,” this volume Chapter 31) are a case in point.

Due to the high level of abstraction often required to arrive at a network representation, it is even more important to consider their environmental, temporal, cultural, and other contexts.

On a final note, it is important to observe that we have stayed clear of theoretical postulates. From a data science point of view, a general network theory makes as much substantive sense as a “distribution theory.” There may be network theories of certain phenomena, and there may be theories of certain kinds of networks, but each of them would be specific to the subject (Borgatti and Halgin 2011). In the former, network concepts are used in an explanation of something else, for instance a visibility network theory of settlement patterns (see Čučković, “Visibility Networks,” this volume Chapter 15). In the latter, the theory is an attempt to explain something conceptualized as a network, for instance a theory of exchange networks based on a theory of migration.

Network Data

Once the vessel of a network concept has been specified, it is filled with data. Data consists of the values of variables, where variables map the units of observation (such as pairs of sites) of a given domain to values (such as the similarity of their assemblages) in a specified range. Networks are structured data because the domain is (conceived of as being) homogeneous, and the range allows for meaningful operations on the values (rather than being an assembly of different types of facts).

With specified units, values, and variables, data collection or derivation strategies can be designed systematically. Three are particularly common for networks: the construction of relations from nodal features, inference of relations from direct or indirect observations or other clues, and the derivation of relations from other relations. While the boundaries are fuzzy, they are considered separately in the following outline.

Constructed Relations

In archaeology, more than in many other disciplines, networks may not be first-class objects, but rather constructed from data characterizing the nodes. Whether or not, or to what degree, a relationship exists in a dyad is then fully determined by the features associated with the nodes.

This is often the case with geographic information (cf. Part III of this volume). If the nodes of the network represent settlements, their geographical location is typically stored in a node attribute. From this attribute, a real-valued network variable may be constructed by determining, say, a distance of each pair of settlements from their coordinates. The resulting network will exhibit, by design and depending on the choice of distance measure, certain properties such as the triangle inequality. Structural patterns, i.e. dependencies among relationships, are thus a consequence of node attribute values and the functions used to combine them.

Other, binary, network variables are obtained from, for example, proximal point analysis (PPA). Such networks are more commonly known as [image: image]-nearest-neighbor graphs and part of the larger class of relative neighborhood graphs, which also includes geometric minimum spanning trees (see Jiménez-Badillo, “Nearest and Relative Neighborhood Networks,” this volume Chapter 11). A key difference from distance networks is that the existence or value of a relationship between two nodes is not determined by these two nodes alone, because we cannot know from any given distance value whether it is among the [image: image] smallest ones. Other examples include the use of relative dissimilarities of isotope ratios or ancient DNA samples in the construction of two-mode provenance networks.

Many more types of network are constructed from node characteristics with any number of similarity, correlation, synchronicity, or phylogeny relations determined from the vectors or distributions of data associated with nodes (Östborn and Gerding 2014). A particularly instructive example is Peeples and Roberts (2013). While relative neighborhoods exemplify that the existence or value of a relationship cannot necessarily be determined from just the data associated with the two nodes involved, it should be born in mind that any structural analysis of such networks is really an analysis of node attributes, although by means that may be more expressive, convenient, intuitive, or graphic.

Two-mode networks (see Östborn and Gerding, “Inference from Archaeological Similarity Networks,” this volume Chapter 5), where each dyad involves one from each of two distinct types of nodes, represent a special case, because the second mode can be viewed as an attribute of the first mode. The one-mode projections, by which two nodes from the same mode are being related to each other based on their shared links to nodes of the other mode, are therefore also networks constructed from other data. It should be clear by now that the usual one-mode projections which consist in counting common neighbors in the other mode do not exhaust the possibilities of constructing relationships between nodes of the same mode.

Observed and Inferred Relations

If network variables are not solely determined by node attributes, other means are employed to evaluate the relationships between nodes. While other disciplines often make use of elicitation methods that involve the nodes themselves, for instance by surveying people about their perceived relationships with others, this is not feasible for relations too far in the past. Similarly, influence, transactions, conflict, and other dyadic relations defined by behavior, affect, perception, or activity cannot be observed in retrospect.

Measurement of network relations in archaeology is therefore rarely direct, and meaningful indirect measurement and inference (Brugere et al. 2018) may not be straightforward. If, for instance, distance networks are determined not by locations of nodes alone but, say, least-cost path analysis, then more involved assumptions about past conditions of the space in between node locations and about features that determine the cost of a path are invoked (see Herzog, “Transportation Networks and Least-Cost Paths,” this volume Chapter 13). As with any method that reduces the functional dependency on node attributes by considering additional information, more complicated network structures may result.

Indirect measurement of relationships may be based on abductive reasoning as in the inference of the prior existence of a road from aerial images revealing compacted ground along a trajectory. Such methods may work for some routes, while others may be added into the network based on topological considerations or material remains. In such cases, relationships are collected via a combination of very different processes with varying levels of precision and degrees of certainty. More relationships yet may be established from model-based inference where assumptions about the overall structure of a network lead to possible completions. Seriation is an example in which the linearity of time implies transitivity of precedence relationships.

Finally, relationships may be inferred from detailed reasoning about the particular case, thereby drawing on circumstantial evidence that is vastly different across dyads. The inference of a network based on a combination of multiple types of clues is in essence the coercion of unstructured data into structured data. The result has a common form but justifications for data points are varied.

Derived Relations

An underappreciated procedure to obtain network data is the derivation of new relationships from given ones. Rather obvious derivations include transformations on the dyad level such as filtering or binarization, and we have already covered one-mode projections of two-mode networks in the above subsection on network construction. Another straightforward example is the computation of shortest paths in a given network, because it can be interpreted as yielding a new network in which pairwise distances constitute the relation.

Strictly speaking, nearest-neighbor or least-cost path networks are also examples of networks derived, respectively, from a distance network defined on the same nodes or from an underlying detailed network map of topographic locations.

Reasons for transforming one given network into another are manifold, but most often a relation of interest is too difficult to construct or observe, so that more convenient proxy data is collected instead. This is viable if an association between the desired and available network relations can be established, typically by modeling a process that takes place on the available network. For instance, there are many definitions of distances in networks, but almost every one of them can be seen as a feature such as time or cost of a process by which people, goods, ideas, or other things move about the network.

Although transformations other than filtering or binarization are rarely mentioned explicitly as a step yielding a network that puts nodes in a different relation to each other, they are implicitly taking place in almost every method of network analysis, and most recognizably in centrality indices (Brandes 2020).

Network Science in Archaeology

While the exposition above is illustrated with archaeologically relevant examples, the principles apply across domains. So what is special about archaeology, other than subject matters and their theoretical framing?

One of the first things to notice about networks in archaeology is that it is very difficult to observe relationships in the first place. Not that there are none that would be of interest, but they are mostly in the past, with scarce evidence left in possibly unknown places. While this may be a given to archaeologists, it is quite different from domains in which data collection can be set up to uncover even some covert relationships systematically.

As a consequence, archaeological conceptualizations are often more opportunistic, built around the construction of networks from the evidence that is available. It is thus more comparable to the use of observational and archival, or secondary data. Where social scientists grapple, for instance, with informant accuracy and various kinds of biases in self-reported data, archaeologists, with their incomplete material records and ephemeral environmental clues, might consider these luxury problems.

Rarely, it seems, can a systematic method of observation be designed to collect network data specifically for a desired type of relation. Instead, creative construction and inference of relations are prevalent. It adds to the challenge that the data on which such constructions or inferences build is generally fragmented and heterogeneous, and thus possibly far from representative. Some of these challenges are described in detail in the first part of this book (see Peeples, Roberts, and Yin, “Challenges for Network Research in Archaeology,” this volume Chapter 3).

The construction of an archaeological network may well be the central task rather than a necessary stepping stone in the preparation of an analysis. For the difficulties alluded to above, this is best described as network reconstruction. The term does not imply that a formerly existing structure is reconstructed; instead, a reconstructed network is a representation that one hopes corresponds to the one that would be obtained, if only complete and reliable data were available.

As a by-product of network reconstruction, there is a growing interest in methods to assess reliability and to impute, extrapolate, or model archaeological networks (Amati et al. 2018, 2020; Gjesfjeld 2015; Groenhuijzen and Verhagen 2017; Habiba et al. 2018; Mills et al. 2018; Peeples and Roberts 2013; Prignano et al. 2017; Roberts et al. 2021; Weidele et al. 2016).

Network reconstruction is quite possibly the area from which most innovation is to be expected in the near future. It is difficult to imagine an archaeological network analysis to command authority, if the network itself rests on shaky grounds. This may indeed be a reason, in addition to the relative recency of the approach, that investment in tailored methods for network analysis seems low so far.

Indeed, the application of network-analytic methods appears to be much less advanced in archaeology than it is in fields such as systems biology or communications. If it is difficult to establish a network with a sufficient degree of certainty, and with little possibility to even quantify the uncertainty, the subtleties of an analysis become less decisive. Being able to describe in detail a possible or even likely structure may be all it takes to achieve one’s goals.

Especially when a reconstructed network is a contribution in itself, visualization plays a prominent role in shaping our images of the past. The graphical representation of archaeological networks (see Bach and van Garderen, “Beyond the Node-Link Diagram,” this volume Chapter 4) is an underexplored topic and offers huge potential for the development of conventions tailored to the various types of networks and attributes. Diagrams are not only useful for the exploration of data but a powerful means of communication. So much so that their use is sometimes purely ornamental or even deceptive. It seems important, therefore, to establish a transparent and explicable process from the sources of data to the visual representation of a phenomenon, and an awareness of what the audience is going to read into it.

None of this is to suggest that network science in archaeology is restricted to description. Network analysis, statistical inference, and simulation provide opportunities beyond representation and confirmatory approaches (see Amati, “Random Graph Models,” this volume Chapter 19). Generative and agent-based models are especially relevant to assess hypotheses about social processes that cannot be tested anymore (see Cegielski, “Networks, Agent-Based Modeling, and Archaeology,” this volume Chapter 18). Moreover, the genesis of much of the network data in archaeology should be an impetus for more research on sensitivity analyses and the quantification of uncertainty in network science.

There is an abundance of phenomena in archaeology that can be represented as networks. This is in part because the field draws on so many different disciplines, each adding to the variety of networks that are relevant. Past phenomena are studied through multimodal, multivariate, and multiscalar data that is often unreliable, opportunistic, and heterogeneous. Like most conclusions about past phenomena, the results of network studies in archaeology are more difficult to verify and validate than in many other domains. All together a formidable challenge suggesting that the best is yet to come for researchers in archaeological network science.

An important question to address is therefore how to best prepare the next generation. Should network science become part of the standard curriculum? In separate courses as is the case for methods from geology, biology, and so on? Is it a crosscutting theme, prepared for in archaeological theory and re-occurring throughout many subjects? Or is it a specialist approach, as may currently be the case, best introduced in dedicated summer schools? Archaeology would be way ahead of other disciplines to develop its own applied version of network science to a point where it is regarded a disciplinary mainstay.

For the time being it seems more likely that archaeological network science will be conducted by multidisciplinary teams of researchers involving archaeologists with an understanding of network approaches and network scientists with an appreciation of archaeological problems. Such teams would be more varied than those in, say, geochemistry or paleoanthropology, because their contributions are not centered on a specific subject; networks are not phenomena themselves, but a format to represent a broad collection of different phenomena.
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1 Higher-order relations may be more convenient representations in some cases, but they can be expressed in dyadic terms and therefore do not increase expressivity in the same way that the transition from monadic to dyadic does.


Chapter 40

Network Models and the Past

Relational Thinking and Contingency Analysis

John Edward Terrell

In this chapter, I have three things to say. First, for more than half a century, social network analysis (SNA) has been promising more than it can deliver as a science. While the argument central to SNA that structure matters is not an empty one, the focus of SNA on the relative positioning of social actors in more or less fixed arrangements, or “social structures,” opens only a small window on the diversity and complexity of the world—and arguably an even smaller window on human history. Second, although it is said that using network analysis in archaeology dates back at least to the early 1970s, it can be argued that the introduction, toward the end of the twentieth century, not only of affordable personal computers but also of software for social network analysis, encouraged archaeologists to adopt the analytical techniques and also the research perspective of SNA. Third, in recent years, archaeologists have been self-consciously moving away from the sociological agenda of SNA to focus instead on how actors, places, and things are caught up in complex and variable interrelationships that can lead to outcomes that are sometimes fairly predictable, but which may also be quite unexpected. After all, history is about the origins of novelty. It is not simply a story about the repetition of apparently similar outcomes under arguably similar conditions of life. It remains to be seen how successful this reorientation of the strategies and goals of network analysis in archaeology will be. I conclude this chapter with a few suggestions of my own about how we can use network analysis to promote these more innovative uses of network thinking in archaeology.

Network Analysis in Archaeology

Half a century ago I lived for over a year on Bougainville Island in the southwest Pacific. I was there doing archaeological field work for my PhD dissertation. Shortly before I left Harvard Square for the Pacific in 1968, I bought a copy of Peter Haggett’s now classic textbook Locational Analysis in Human Geography (1966). Ever since then, I have been using relational thinking and graphical techniques in my work as an anthropologist and archaeologist.

When personal computers started appearing on the market, and mapping programs such as UCINET came along (the DOS version of this now classic program was converted to Windows 95 in 2002), I assumed that what others by then were calling network analysis—specifically social network analysis (SNA)—was and is just another way of talking about what I had been thinking about and doing for decades. I now see, however, I was mistaking similarity in methods for shared commonality in research goals and key assumptions.

In 2013, Tom Brughmans surveyed in two helpful papers how archaeologists by then had been using what he glossed as “formal network methods” in their work. In one of these papers, he noted: “Many network analytical techniques that would only find a broader use in the last 10 years were in fact introduced in the archaeological discipline as early as the 1970s” (Brughmans 2013b:624). In the second of the two, he gave us a bar graph showing numerically how the popularity of using network methods in archaeology had grown since 1976 (Brughmans 2013a:549, Figure 5). In this second paper, he also made a passing remark that I now see I should have given more attention to when I first read it that year. “Most interestingly, it was the New Geography and not SNA that seems to have been the main influence to the older archaeological applications” (Brughmans 2013a:540).

I have read many of the standard books on network analysis, and had visited the journal Social Networks now and then. It was not, however, until 2018—when I began work on writing a book about relational thinking and contingency analysis in archaeology, anthropology, and the sciences broadly conceived—that I finally buckled under and started reading more widely what non-archaeologists were doing in the academic arena now being labeled rather grandly as network science (Brughmans and Peeples 2018).

For example, I download the titles and abstracts of articles published in the journal Social Networks for the previous 12 years so that I could put myself through an intensive course of reading and extracting pearls of wisdom and noteworthy discoveries. It did not take me long, however, to become flabbergasted and frankly shamefaced. While going through abstract after abstract, I repeatedly found myself thinking of Thomas Kuhn’s less than wholly complimentary depictions of normal science in The Structure of Scientific Revolutions (1962). Most of these abstracts came across to me as having been written by earnest academics repeatedly milking the same old ideas and methods.

This was not an encouraging discovery. Had Termeh Shafie, Mark Golitko, and I been self-deluded when we wrote a blog piece for Scientific American in 2014 claiming that network analysis was revolutionizing scientific (and maybe human) thought by changing how we see the world and our place in it (Terrell et al. 2014)?

In hindsight, I do not think we were self-deluded. I do think we were naïve. I now can see that when more archaeologists started using network methods in the 1990s after desktop computers and appropriate software packages were becoming widely available, they apparently did do more or less what Brughmans in 2013 said they had done.

 
Brughmans’ Hypothesis

As the saying goes, if the shoe fits, wear it. I have not surveyed the archaeological literature as carefully as Brughmans and others recently have (Mills 2017; Peeples 2019), but I suspect many archaeologists since the 1990s who have adopted SNA methods in their work may not be looking closely enough at the assumptions (stated or hidden) and worldview motivating modern SNA. When judged as a body of theory rather than just as a useful set of formal network methods (to use Brughmans’ phrase again), the goodness of fit between SNA and the goals of modern archaeology is far less than what is needed.

According to Brughmans and Peeples (2018:1), some of the key ideas behind what they label as network science are these (with my own emphasis added):


1. “Network science is the study of the collection, management, analysis, interpretation, and presentation of network data” (citing Brandes et al. 2013).

2. “One of the most common goals of network science is the exploration of dependencies among edges, nodes, edge attributes, node attributes, or any combination thereof. A dependency simply refers to how nodes or edges relate to each other and how they affect each other’s behavior, existence, or outcomes across a network.”

3. “Dependencies can be formally expressed as theories, with associated expectations for the importance and role of specific kinds of relationships in a given network.”

4. “Archaeologists often represent their theories about relationships among the objects of study as formal theories of dependencies, and use network science techniques to explore, visualize, and analyze networks in light of these theories.”



What is my reaction to these statements about these somethings called networks? First, causality has a notoriously long and checkered history in philosophy, religion, and the sciences. Therefore, I favor the word contingency over dependency on the grounds that “who does what to whom” or “what does what to what,” so to speak, can go both ways. Similarly, I have become convinced in the last 10 years while teaching seminars on network analysis in anthropology, archaeology, and the sciences that, broadly speaking, it is not a good idea—and is surely misleading—to label what can be done using formal network methods as network analysis, network science, and so forth. A more accurate way of labeling what is involved is captured by phrases such as “relational thinking” and “contingency analysis.”

Why do I think there is more here than just my quibbling about the right words to use? More to the point, why do I wonder whether there really are things out there in the world, past and present, that can usefully be labeled as networks?

Networks, Imaginary or Real?

In their 2018 commentary on network science published in The Encyclopedia of Archaeological Science, Brughmans and Peeples distinguish between two main uses of network analysis in archaeology (again with my own emphasis added). The first, they say, uses SNA methods to interpret archaeological datasets as networks “in order to characterize and analyze structural features of those networks, and empirically test theories regarding the relationships between network structure and attributes.” The other focuses instead on formally modeling ideas about “the evolution of a past network, or a dynamic process taking place over a past network, through computational modeling, simulation, or related methods.” They added, rightly so, that in practice, many archaeologists have employed both strategies.

Taken at their word, therefore, evidently both of these uses of network methods in archaeology are making the same mistake. In both, the word network is apparently being used not only figuratively as a convenient shorthand way of referring to the tactics and results of applying “formal network methods.” It seems inescapable that both of these uses are predicated on the assumption that networks exist as such out there in the real world, ancient or modern.

Any lingering doubt about whether this may be what is being taken for granted is removed by what Brughmans and Peeples go on to tell us in this same commentary. Common research topics in archaeology, they wrote, “include explorations of how network structure influences the attributes of individual nodes, or how node or edge attributes influence network structure and dynamics.” Furthermore, network approaches are good to use in “archaeological research contexts where theories about the relationship between network structure and attributes can be explicitly formulated as expectations for patterns in formal networks.”

So here is the issue. Are networks real? If so, how real are they?

Method or Theory?

In a way that I find confusing, Brughmans and Peeples concluded their 2018 commentary in this way: “Networks, in and of themselves, do not represent past phenomena, but rather are merely a formal way of exploring our archaeological data and theories about relationships.” Furthermore, critical assessment of the underlying assumptions and intended uses of particular strategies of analysis needs to “become common practice before applying any ‘off the shelf’ methods for archaeological study.” So far so good. But then their final words are these: “although the challenges are considerable, we argue that the future for network science in archaeology is bright.”

My confusion here comes from not being sure how they would have us link together “formal networks” with “formal network methods,” and both of whatever these are with something called “network science” as a way of exploring “archaeological data and theories about relationships.” Termeh Shafie, Mark Golitko, and I may have been naïve in 2014 to think that what we saw as the research promise of modern network analysis was more or less what everyone else then had in mind, too. Therefore, I find it reassuring that Brughmans and Peeples are not alone in seeing a bright future for networks science, whatever they want us to take this avowed science to be (Collar et al. 2015; Munson 2019). Yet I am struggling to pull it all together. What exactly are we being told to do?

Since 2014, I have been doing a lot of thinking about networks, social and otherwise. As I said earlier in this chapter, I now prefer the expressions “relational thinking” and “contingency analysis” over the set phrases network science and network analysis. By favoring these alternatives, I mean something akin, perhaps, to what the theoretical physicist Carlo Rovelli had in mind when he wrote:


There are two traditional ways of understanding space in the western culture: as an entity or as a relation. “Space is an entity” means that space exists also when there is nothing else than space. It exists by itself, and objects may move in it. “Space is a relation” means that the world consists entirely of physical objects (particles, bodies, fluids, fields). These objects have the property that they can be in touch with one another, or not. Space is this “touch”, or “contiguity”, or “adjacency” relation between objects.  (Rovelli 2006:28)



If we assume space is a thing, an entity, as Rovelli goes on to remark, then motion may be viewed as moving from one place in space to another part. However, if space is a relation, then motion is moving from the contiguity of one object to the contiguity of another object (see also: Jones 2009; Rovelli 2017).

Nowadays I favor another way of saying what I believe Rovelli wants us to understand. Seen from a categorical perspective, things exist and then may come to be connected in some way. From a relational way of thinking, however, things exist because they are connected. Furthermore, I love teaching university seminars on what I like to style as “dynamic network analysis” (although I am now thinking of calling it dynamic contingency analysis). In these seminars, we have found it useful to say that causation, somewhat like the Roman god Janus, has two faces in contingency analysis (a.k.a. network analysis). The ties (a.k.a. relationships) of any given node may be largely or wholly contingent on the characteristics of that node. Alternatively, the extent to which, for any given node, what it is like and what it can do is contingent on the characteristics of the many and diverse ties affecting (and effecting) it.

But am I just playing around here with words? How different is this relational way of thinking about the world from what has been for decades labeled as social network analysis (SNA)?

Conventional Network Models

In the words of the sociologist and SNA pioneer Linton C. Freeman in 2004: “The social network approach is grounded in the intuitive notion that the patterning of social ties in which actors are embedded has important consequences for those actors. Network analysts, then, seek to uncover various kinds of patterns. And they try to determine the conditions under which those patterns arise and to discover their consequences” (Freeman 2004: 2). According to Ulrik Brandes and Dorothea Wagner that same year, social network analysis “uses graph-theoretic concepts to describe, understand and explain, sometimes even predict or design, social structure.” Moreover, the “purpose of social network analysis is to identify important actors, crucial links, subgroups, roles, network characteristics, and so on, to answer substantive questions about structures” (2004:322, 323).

The subtitle of the journal Social Networks, established in 1978, is in keeping with this kind of straightforward characterization of the aims of social network analysis: “An international journal of structural analysis.” So too is the stated mission of this peer-reviewed academic publication:


Social Networks is an interdisciplinary and international quarterly. It provides a common forum for representatives of anthropology, sociology, history, social psychology, political science, human geography, biology, economics, communications science and other disciplines who share an interest in the study of the empirical structure of social relations and associations that may be expressed in network form.



Why would anyone choose to study the structure of social relations and associations (evidently these are different in some way or ways), or at any rate, those that can be expressed in network form? According to Stephen Borgatti and his colleagues at the University of Kentucky, “the notion that individuals are embedded in thick webs of social relations and interactions” is one of the most potent ideas in the social sciences (Borgatti et al. 2009:892).

Therefore, it seems the basic thought motivating much of modern SNA research is the premise (assumption) that where you happen to be located within something that can be empirically documented and quantitatively defined as a social network determines important elements, or dimensions, of who you are and what you can do in life. Yet surely saying this begs the issue of why this should be so. Indeed, as Borgatti and his colleagues have remarked: “Perhaps the oldest criticism of social network research is that the field lacks a (native) theoretical understanding,” that such research is “merely descriptive” or “just methodology” (2009:893; see also: Knox et al. 2006).

These authors have based their academic careers on the worth and substance of network analysis. They have understandably rejected such a dismissive claim: “Perhaps the most fundamental axiom in social network research is that a node’s position in a network determines in part the opportunities and constraints that it encounters, and in this way plays an important role in a node’s outcomes.” Hence “a fundamental axiom of social network analysis is the concept that structure matters.” Therefore, a “key task of social network analysis has been to invent graph-theoretic properties that characterize structures, positions, and dyadic properties (such as the cohesion or connectedness of the structure) and the overall ‘shape’ (i.e. distribution) of ties” (Borgatti et al. 2009:894).

When I come across such a defense of SNA asserting that structure matters, I invariably think of three things: pigs, hurricanes, and Shakespeare’s Globe Theater. Any child who has heard the fable of the wolf and the three little pigs knows well that structure matters. Anyone who has heard about Hurricane Maria and what happened to Dominica, the US Virgin Islands, and Puerto Rico in September 2017 knows that being “in part” a constraint on what is likely to happen is not the same thing as being a prime determinant of history. Moreover, as anyone who has read Shakespeare knows, the play’s the thing, not the theatre in which the play is performed.

So yes, structure matters. But as my mother liked to say when she heard someone claiming they knew something grand, so what? Or perhaps the question should be: How much? And when answering this question, how much might we be in danger of finding ourselves debating how many angels can dance on the head of a pin?

Network Models in Archaeology

You can say the two words “networks matter” without implying that network structure also matters. Many North American archaeologists, for instance, who are familiar with what was being said about method and theory in the 1950s and 1960s, know about Joseph R. Caldwell’s then highly influential writings on interaction spheres in prehistory (Caldwell 1964). As Lewis Binford observed in his famous 1965 paper on archaeological systematics and cultural process: “What is essential to the concept of an interaction sphere is that it denotes a situation in which there is a regular cultural means of institutionalizing and maintaining intersocietal interaction” (Binford 1965:208).

Tom Brughmans has written that “early adopters” of network methods in archaeology (among others, he specifically seems to have had in mind the New Zealander Geoff Irwin and myself) “knew of each other’s network related work but their methodology was peripheral to the key topics being discussed in their subdisciplines” (Brughmans 2013a: 556). It is certainly true that Geoff and I were anything but strangers to one another. We had worked together on Bougainville in 1970 (Terrell and Irwin 1972). We continued to write and correspond with one another for years thereafter. I do not think, however, that either of us saw us as laboring peripherally within our own subdiscipline or subdisciplines. We both thought we were attempting something far grander this (Irwin 1974; Terrell 1977a, 1977b).

I see it as critically important that the sorts of relationships Geoff and I were keen on understanding were not just ones that can be labeled as social or even structural. While I hesitate to speak for him, I was upfront about wanting to promote an integrative perspective on human history and diversity going well beyond the social under the rubric “human biogeography.”

What did I intend by this phrase? If human ecology is the study of relationships between human populations and their immediate environment, including other local species populations (Bates 1953), then human biogeography is the “study of the size, distribution and population structure of, and the interactions among human populations and of the conditions and events leading to similarities and differences among human communities.” Defined in this way, human biogeography is about more than human ecology. “Also of concern is the history, distribution, characteristics, and interrelationships of human groups on a regional and global scale” (Terrell 1976:2). As I went on to explain:


What distinguishes human biogeography from cultural geography or anthropology? We consider the differences to be twofold: (a) local populations rather than geographical regions or cultures and societies are the unit of study; (b) work is focused on the search for regularities in the distribution, size, organization and interactions of human populations living under divergent geographic circumstances and in different parts of the world. Different species can achieve the same ends by different means. But the range of choice they have is not limitless. Similarly, human societies are generally effective at maintaining an equilibrium with their environment and with each other. Yet cultural choice, too, is not limitless. Through human biogeography we can ask these questions: What are the limits of choice? What are the requirements?  (Terrell 1976:3)



Given this expansive understanding of human biogeography, is what I was suggesting back in the early 1970s more or less also what other archaeologists since the turn of the present century have been doing under the banner of network analysis? In 2015, Anna Collar and her colleagues gave archaeologists a handy guide, in the Journal of Archaeological Method and Theory, to what was by then seen by many as the essentials of networks thinking. As proof of this particular pudding, they offered readers a number of “positive examples of the ways in which using these concepts and methods allows us to ask and answer new archaeological research questions—moving us beyond the hype toward a better understanding of the potential role of networks more broadly within archaeology” (Collar et al. 2015:3).

Judging by this and other more recently published surveys—and apparently unlike more conventional uses of social network methods in sociology and the like—such studies in archaeology since the turn of this century have commonly focused less on networks as patterned social structures and more on networks as spatially integrative sets of social relationships. Perhaps in defense of such an expansive view of formal networks analysis, Collar and her colleagues suggested that what they see as network science is not a monolithic entity, but rather a varying analytical kit of methods, models, and approaches useful in exploring how and why it is that relationships matter. “The central potential of network science for archaeology is that it places relationships at the heart of our analytical techniques” (Collar et al. 2015: 6).

This seems right, but wait. What is a relationship? Maybe I am misunderstanding something, but I find that the examples offered by Collar and her colleagues as part of their helpful guide to archaeological network analysis could be said to fall between stools. On the one hand, the problems addressed make sense as intriguing historical problems, and yes, the data considered are often what archaeologists see as fundamentally their own, such as potsherds, obsidian pieces, Roman bricks, and the like. Yet these examples invoke ideas and algorithms developed in sociology and the like to study the structure of relationships rather than relationships as such. Therefore, how useful and appropriate are these borrowed ideas and algorithms for the practice of history as archaeologists understand historiography (Terrell 2013)?

Making Them Work for Us

According to the same overview, written by Brughmans and Peeples (2018), that I have turned to repeatedly in this chapter, archaeologists today are mostly using network techniques in their work either to (a) characterize and analyze the structural features of archaeological datasets; or (b) test ideas about how past networks evolved over time using computational modeling, simulation, or similar methods such as statistical or agent-based modeling. In practice, as I have already noted, they add that many archaeologists are using both tactics.

Perhaps this is all for the good, but as Brughmans and Peeples then go on to remark, there is a downside to such research eclecticism. Specifically, they note, prevailing network science techniques generally favor the study of person–person relationships and sideline the person–object and object–object relationships that they see as so fundamental in archaeology (see also Knox et al. 2006).

Brughmans and Peeples are not the only ones to query how good is the fit between network science as currently understood and archaeological research endeavors. In a recent review, Jessica Munson (2019) looks closely at how ties are being conceptualized in archaeological studies, and cautions that uses based on ambiguous ties and unclear assumptions can lead to circular reasoning. “If archaeological network analysis is to revolutionize our understanding of past social dynamics and achieve the level of success proposed by some optimists, we need to ensure that substantive inferences are derived from sound arguments that connect testable theory with empirical data” (2019:46).

Surely Munson is right, but how is this to be accomplished? I have long believed that it would be a good thing if we all were more humble about our scholarship. We need to admit that there is only so much the human brain can do and understand about the world … and the universe (Clark and Terrell 1978; Kosiba 2019; Terrell 1990; Terrell and Terrell 2020). It is wise to remember, in other words, what the late biologist Richard Levins told us we should do to deal with the inherent biological complexity of the real world:


The naive, brute force approach would be to set up a mathematical model which is a faithful, one-to-one reflection of this complexity. This would require using perhaps 100 simultaneous partial differential equations with time lags; measuring hundreds of parameters, solving the equations to get numerical predictions, and then measuring these predictions against nature.  (Levins 1966:421)



Needless to say, as he went on to observe, we must be content with doing less than this:

Therefore, we attempt to treat the same problem with several alternative models each with different simplifications but with a common biological assumption. Then, if these models, despite their different assumptions, lead to similar results, we have what we can call a robust theorem which is relatively free of the details of the model. Hence our truth is the intersection of independent lies. (Levins 1966:423)

If we take Levins’s admonitions to heart and seek to extend this wisdom beyond the realm of the biological, how can this be done? I think we need to ask ourselves several fundamental questions:


1. What do we see as the problem we want to resolve?

2. Why is this problem important?

3. What do we need to know to resolve it?

4. What do we suspect are the possible solutions?

5. Do we have the time, resources, techniques, and skills to try?

6. What do we need to do to narrow the field of likely solutions?

7. How are we going to tell if we have found out enough to do so?



In more formal terms, here is the outline that I offer my seminar students as a guide to doing what I like to call dynamic network analysis (or contingency analysis):


1. Problem statement

2. Prior assumptions

3. Network modeling

4. Expectations

5. Data gathering

6. Network mapping

7. Observations

8. Assessment

9. Conclusions and/or redefinition of the problem



I suspect you may agree with me that there is nothing particularly novel about these nine steps. Simply listing them also begs the issues that this chapter is all about. In particular, is there a right way—or at any rate what are some of the good ways—to accomplish Steps #1 through #5, to accomplish, in other words, what Munson (above) has described as putting together “sound arguments that connect testable theory with empirical data”?

Contingency Analysis

There is a limit on what any of us writing for this handbook can put into words in the here and now. Therefore, I want to assume that you have access to two of my own previously published studies. Or if not these, then to the summary of them both published in 2013 in Carl Knappett’s Network Analysis in Archaeology. The focus of the following remarks will be on Steps #1 and #2 above.

One of these published studies is an analysis of variation in language and material culture along the northern Sepik coast of Papua New Guinea (Terrell 2010a). Why did I undertake this project (Step #1)? Because, although New Guinea is an island not much bigger than the state of Texas, something on the order of 850–900 distinct languages—or even more, depending on how you answer the difficult question “What is a language?”—are spoken there. In fact, it seems likely that the greatest linguistic diversity in the world exists along this coast and in the hinterlands of northern New Guinea.

And yet people living on this coast are not isolated from one another by geographic barriers other than distance. Moreover, families living there in different communities who speak entirely different languages are linked with one another by friendships passed down through the generations for hundreds, perhaps thousands of years (Welsch and Terrell 1998). What then are the contingencies of life we need to invoke to account for such seemingly perplexing linguistic diversity? Is it because people there do not all share the same language or lingua franca (Step #2a)? Or is it the geographic structuring of friendships and other kinds of social contacts among people and places (Step #2b)?

The second study, also first published in 2010, explores the patterning of autosomal genetic variation and mitochondrial DNA diversity among communities on Bougainville Island in the Solomon Archipelago and on a number of the islands located to the northwest of there in the neighboring Bismarck Archipelago (Terrell 2010b). What was the research problem addressed? Put simply, had human genetic diversity there (Step #1) arisen in situ over the course of time (Step #2a), or alternatively should at least some of it be attributed instead to the arrival—specifically via long-distance migration or migrations—of already distinguishable “people” or “peoples” from island or mainland Southeast Asia (Step #2b)?

Now here is my first observation about these two studies. In neither one did I assume or need to assume that I was modeling a real network, or system, that had functioned as such at any time in the past. While I did make the assumption that communities in these two study areas had been “networking” with one another in any number of contingent ways for hundreds and probably thousands of years, I saw no reason to posit that there had ever been a time in the past when they had all acted in coordinated ways as a “whole network” in either of these two locales (Step #3). Put informally, in both studies, I took network to be a verb, not a noun.

Second, in the spirit of Levins’s guidelines for model building in population biology, I used what I now call contingency analysis (above, Step #2 and Step #3) to craft hypotheses (Step #4) about the impact of specific causal contingencies (relationships) on the observed genetic diversity of the communities sampled. Starting off, the contingencies weighed are isolation by geographic distance versus language differences (Step #2a). And then the alternative contingencies explored are cultural and biological differentiation through in situ evolution versus long-distance migration (Step #2b).



Table 40.1. Differing relational contingencies lead to differing kinds of networked relationships.




	
	Situational
	Circumstantial
	Consequential
	Adaptive
	Intentional
	Purposeful
	Example





	structural
	X
	X
	X
	
	
	
	Mississippi River watershed



	functional
	X
	X
	X
	
	
	
	your body’s circulatory system



	ecological
	X
	X
	X
	X
	
	
	natural ecosystems



	participant
	X
	X
	X
	X
	X
	
	Facebook user’s group



	control
	X
	X
	X
	X
	X
	X
	Flint, Michigan water system







Other examples of using network modeling to explore contingency hypotheses would be modeling of visibility networks in archaeology (Brughmans et al. 2014), and modeling of ceramic variation to explore social signaling by the historically documented Wendat (Huron) and Haudenosaunee (Iroquois) confederacies of the northeastern United States (Birch and Hart 2018; Hart and Engelbrecht 2017).

Table 40.1 illustrates schematically another implication of this approach to contingency analysis. This elementary table is one I give my students when I am teaching dynamic relational analysis (DYRA) to illustrate the point that there are different types (or categories) of relationships “out there” in the world that differ in the mix, so to speak, of the sorts of contingencies shaping them. The first three categories on the left are contingencies that are common to all of them, dependencies (to use Brughmans and Peeples’s term) which are situational, contingent, and consequential. But not so the three to the right of these, which are themselves dependent on how interdependent, manipulative, and goal-oriented are the players (actors, nodes, etc.) involved.

Conclusions

I see network analysis chiefly as a set of exploratory techniques for data analysis and visualization, not as a predetermined view of history or causation (Terrell 2013:20; Terrell et al. 2023). Yet this is not, in my opinion, their only research value. I think there are at least two good reasons for keeping the “networks revolution” going.

First, much has been written of late about statistical probability, and about being careful to keep in mind that significance testing is not a way to support research hypotheses vis-à-vis alternatives. “Such support (a.k.a., scientific support) is gained only after meticulous theorizing, sound methodology, and numerous replications lead to diverse, corroborating evidence demonstrating the effect in a variety of situations” (Lambdin 2012; also: Nuzzo 2014). I believe doing careful relational thinking and contingency analysis are thoughtful ways to advance this goal.

Second, I do not think Shafie, Golitko, and I were wrong to be enthusiastic about the importance of trying to see what is happening in the world from a relational perspective even if nowadays I would be less inclined to try to put what I do under the blanket heading “network analysis.” As we three confidently observed in 2014: “Modern research in sociology, psychology, neuroscience, and anthropology is showing that our world does not revolve around ourselves as individuals—contrary to Enlightenment and later claims that we are inherently self-centered creatures. Instead, what we are like as individuals critically depends on how we are linked socially and emotionally with others in relational networks reaching far and wide.”

As our main example back in 2014, we raised the notoriously troublesome matter of race and racial prejudice. Popular understandings of human biological and cultural diversity commonly take it as self-evident that all of us somehow naturally come in different varieties, kinds, or types that can be scientifically identified and properly labeled as such. From this categorical perspective, the words we use to help us comprehend why we are not all as much alike as, say, raccoons or rabbits are like empty containers into which we can put things once we have learned the essential meaning of these descriptive containers. In contrast, from a networks perspective, it is a no-brainer to grasp that everybody on Earth, regardless of their appearance, is linked genetically and socially with everyone else by “six degrees of separation.” In short, races—and yes, cultures and societies, too—are simply artificial and all too often misleading categories, not solid, factual realities.

History shows us how difficult it evidently is for humans to get their heads around the fact that just as networks are not really “things,” so too, neither are what our brains seem almost predisposed to categorize as “races,” “groups,” “communities,” “peoples,” “populations,” and the like (Ackermann et al. 2019). Therefore, I believe we all need to learn to think relationally, and not just categorically, to see not only that peoples, populations, races, and the like are not real but also how dependent all of us are, and always have been, on the relationships—the contingencies—we have not only with one another, but also with the world around us.

I want to end on a note of caution. I just used the verb “to see” in what I just said about thinking relationally. I have always felt that history in general, and archaeology in particular, are essential ways to open our eyes not only to see but also to come to understand not just what may be going on in the here and now, but also what we may encounter down the road as time marches on. Archaeology is not the only source of historical information. But it can be a vitally important way to help us see the past more clearly, and thereby perhaps be better prepared for the future.
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CHAPTER 41

Network Epistemologies in Archaeology

Carl Knappett and Angus Mol

Introduction

Our aim in this chapter is to explore how archaeological network studies form a point of connection for relational theories and practices. The chapter delves into the wider intellectual history of archaeological network studies but does not provide a full overview of the many individual studies and other works that have informed the field (see Brughmans 2013; also recent reviews by Mills 2017; Peeples 2019). Instead, our focus lies here on how archaeological network theory is rooted in traditionally divergent epistemologies and theories in the natural and human sciences. In other words, network theory and methodology not only provide fertile ground for new explanations and understanding of the connected past, but also connect diverse strands of theory. To make this argument, we will contrast three ways of working with relations in archaeology—explaining and understanding, focusing on society and focusing on (material) culture, and thinking big and fast versus small and slow. After a discussion of these facets of archaeological network theory, we also discuss how and why archaeological network approaches have so far managed to successfully maneuver between these contrasts.

Explaining and Understanding Networks

While various starting points may be identified, the oldest epistemological divide at play in network archaeology revolves around explaining vs. understanding past relations. This classical epistemological distinction between understanding (Verstehen) and explanation (Erklären) is one developed by philosopher Wilhelm Dilthey, who associated the former with the human sciences (Geisteswissenschaften) and the latter with the natural sciences (Naturwissenschaften; Dilthey 1883; Makkreel 2021). While it is possible to overemphasize the differences between explaining and understanding—part of Dilthey’s argument was, in fact, that the two are not at loggerheads (Apel 1987)—in practice they frequently align with different aims and therefore forms of study. Indeed, despite this early recognition of the bridges between them, various branches of enquiry continue to work at cross purposes. One interesting illustration from the wider humanities comes from “neuroarthistory,” where Rampley (2017) has drawn attention to the tensions between the traditional interpretative approach of art history and the clumsy attempts at explanation that have come from shotgun marriages with neuroscience. A similar confrontation between understanding and explanation has played out in the field of literary studies, where a small group of scholars pioneered the subdiscipline of “biopoetics,” using evolutionary theory as an explanatory literary frame, in an effort to “move beyond the two cultures” (e.g. Carroll 2011). The continuing debate around the position of the digital humanities and its computation-based explanations of human cultures is another example of this confrontation (Berry 2012). The idea of “two cultures” (referencing the famous essay by C. P. Snow) when applied to network archaeology goes some way to explaining a slight schism between works that primarily seek to explain versus those that seek to understand past relations.

The former approach is implicit in the editorial introduction to the 2015 special volume on network archaeology in the Journal of Archaeological Method and Theory (Collar et al. 2015). This piece importantly provided a basis for network archaeology through a formal framework that explains how using networks in archaeology is (or could be) distinct from other “standard” forms of scholarly practice. Key to making a network model is the “conceptual process that researchers go through in deciding whether phenomena can be usefully abstracted and represented as network data” (Collar et al. 2015:4, Figure 43—see Figure 41.1). Inherent in this statement are a number of emphases that typify this strand of network thinking: a call to formalism and a modeling approach. It is telling that this perspective on what differentiates network archaeology from other forms of archaeology implements a model from the introduction to the inaugural issue of Network Science (Brandes et al. 2013). As a discipline deeply rooted in computer science and mathematics, formalism is crucial for network science, archaeological or otherwise. In other words, in order to explain the results of a network modeling process it is important to be able to express with great clarity and detail how this model has been constructed.

A good example of this is the use of exponential random graph models in archaeology (ERGMs; Amati et al. 2018, 2020; Brughmans et al. 2015). This statistical family of models starts from the idea that a set of generative mechanisms (at different strengths) is at work in the formation of a given network and models these over many iterations. Such generative mechanisms should be based on the understanding of real-world network dynamics and their parameters, such as “Burt’s Structural Holes Theory,” the network “rule” that a friend of my friend is likely to be my friend (Amati et al. 2018). The randomly derived model can then be (statistically) compared with an observed network, providing a possible explanation of what network dynamic(s) caused the structure of an archaeologically observed network. ERGMs are an advanced network scientific technique and require a robust archaeologically observed network to cross-check against, which may be why they have not seen wide adoption. Even when working with network science specialists and solid data, the real difficulty lies in finding archaeological theoretical statements that can be formalized to serve as a basis of a “rule” for a generative mechanism (Amati et al. 2020:215).
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Figure 41.1. The process of moving from past phenomenon to network representation (after Collar et al. 2015).



The difficulty with ERGMs and other forms of network modeling hints at the fact there may be a much larger body of network theory in archaeology than generally recognized: it is simply a body of very informal theory (see Mol 2014:30–32). Many studies may use the term “network” as a metaphor (see discussion in Knappett 2016). Others may provide some form of (frequently visual) model, but simply not address how it has been created. A small subset of studies may engage with formal network theory but not use it for analytical purposes per se—as with Malkin’s study of the small world phenomenon at work in the spread and connectivity represented by Greek colonization across the first millennium bc Mediterranean (Malkin 2011). This network study is emphatically not an exercise in modeling: the author contends that a notable outcome of modeling exercises—graph illustration—is generally unhelpful. Neither does his study draw on any specific network data (Malkin 2011:19). Instead, Malkin asserts that “network in this book is not just a metaphor but a descriptive and heuristic term” (Malkin 2011:16). Here Malkin seeks a more strategic and goal-directed use of network ideas than their often rather loose metaphorical employment for connectivity, systems, or relations across space—while not embracing fully the formalism of those approaches that seek to abstract past phenomena and represent them as network data. That Malkin’s approach has an explanatory component, which it clearly does (“Greek cities and their maritime connectivity may be interpreted in network terms. I discuss the network formation of the settlement dots along the coasts and the way in which networks may explain both the success and the dissemination of some major commonalities of Greek civilization and identity”; Malkin 2011:16) may be in part due to his willingness to engage with works that are based in more formal approaches as, for example, with the Watts and Strogatz (1998) small world network model. At the same time, much of his framework is drawn from humanistic thinking, not least the Mediterraneanism of Braudel (1972) (see Malkin 2011:21–22). Another example of an approach with similar reach across and beyond the Mediterranean, while tied to a humanistic understanding of “network,” is Broodbank’s monumental project “The Making of the Middle Sea” (Broodbank 2013). It is thus certainly not the case that the “network” is only associated with “network science”: there are ample cases in archaeology that use network thinking in a heuristic sense without conducting formal network analysis per se.

Thus, while the formalism of network methods, and even network thinking to some degree, may encourage and enable explanation, it is still possible to be firmly rooted within a humanistic commitment to understanding. However, here we should acknowledge that there are other approaches within archaeology that are also strongly oriented to understanding relations and connections without necessarily embracing networks. We might mention here both entanglement theory (Der and Fernandini 2016; Hodder 2012) and assemblage theory (Fowler and Harris 2015; Hamilakis and Jones 2017; Jervis 2018). These might seem quite distant and with little mutual citation. Even though entanglement theory may draw on actor-network theory, this theory does not understand “network” in the same way as formal network models. Yet, we should not set up a strawman by exaggerating the distance between them. It is not as if humanistic enquiry in archaeology is conducted by scholars with no grasp of formal analyses—hardly possible in modern fieldwork. And as we shall explore in the sections below, some archaeological scholarship has attempted to work across these differences (e.g. Knappett 2011; van Oyen 2016; Pálsson 2020). Furthermore, in another interesting twist, while it is generally assumed that more humanistic approaches tend to be less interested in using or discovering “laws” on human culture and society, the reverse seems to apply in network archaeology. Here, we see references to overarching (if not formally defined) concepts like meshwork or assemblage; or as is the case in the example drawn from Malkin, the use of “network laws” as tools to provide understanding. More formal approaches are based in the explicit use of “low-level” theories of relations that may apply to explain the formation of specific networks. Sometimes, these outcomes are then employed to hypothesize more general network dynamics but, so far, few if any “network laws” of either past social networks or material culture systems have materialized through formal archaeological network approaches.

In summary, both explanation and understanding constitute valid and valuable goals of network archaeology and, while they may seem in unavoidable tension, as implied by the distinction between Verstehen and Erklären, they can simply provide different yet not mutually exclusive points of departure. In short, there is no reason why archaeological network studies should not tack between the two and leverage the strength of both approaches. On the surface, it may seem that the reductionism of formal methods is at odds with the aims of humanistic understanding; but when in-depth studies work across these supposed differences, the boundaries slowly dissolve.

Formalism can be an indispensable tool for interdisciplinary collaboration on network dynamics—as between archaeology and theoretical physics, for example (Knappett et al. 2008), or computer science, statistics, and archaeology (Amati et al. 2018)—both in terms of the work itself and of its subsequent communication.

Ties and Matter

If explanation and understanding constitute one axis along which network approaches vary, then a second is society and culture, an axis that might also be described in terms of structure and agency. Within sociology, network approaches have been viewed as excessively structural, to the extent that important cultural variables are excluded (Erikson 2013; McLean 2017:111). Emily Erikson traces this division back to Simmel, a “founding father of the social network tradition” (Erikson 2013:224). At the turn of the 20th century Simmel was part of a larger scholarly project that attempted to establish the subject matter of the then new science of sociology. After an initial phase of synergy, the epistemology of sociology was marked by a schism between what we now know as Simmelian and Durkheimian sociology (Fitzi 2017; Wolf 1958). In his writings, Simmel stresses the forms of social relations, in other words their structure. For example, in his essay The Isolated Individual and the Dyad Simmel describes the dynamics of group formation, singling out triads as fundamentally different from groups of two or isolated individuals (Simmel 1950:118–174). The ties found in triads and larger groups (or the absence thereof) change the nature of the entire community as such ties are stronger—and therefore also more restrictive to the individual. The importance of understanding “Simmelian ties,” explored in depth in the work by Krackhardt (1999), is just one example of the enduring influence of Simmelian theory in SNA, and by extension in archaeological network approaches (Mol 2014:Chapter 7).

On the other side of this divide are the works of the influential French sociologist Émile Durkheim and his followers. Durkheimian sociology on the whole has a heavy focus on the contents of social relations, so-called social facts. It is particularly the work by Durkheim’s nephew, Marcel Mauss and his essay “The Gift,” that has greatly shaped anthropological and archaeological understandings of sociomaterial relations (Mauss 1925; Sykes 2004). In this essay, Mauss investigates the threefold obligation present in gift giving: to give, to receive, to give back. Famously, Mauss introduces the notion of a “spirit,” a personal force, in the material manifestation of the gift: the transacted object. It is not difficult to see how the Maussian gift—a materialized and enspirited object transacted between two mutually obligated actors—is an example of a Durkheimian sociology of social contents or “facts” rather than Simmelian forms. Importantly, this work by Mauss has been a critical building block for (post-)post-structuralist and (post-)post-processual anthropology and archaeology, in particular as part of the “material turn” (Hicks 2010). The works of influential thinkers directly engage with “The Gift,” as in Deleuze and Guattari (1977), Bourdieu (1977), Strathern (1988), Derrida (1992), Gell (1998), and Graeber (2001), as well as many archaeological theories of “things” (e.g. Fowler 2004; Hodder 2012; Knappett 2011; Meskell 2004; Mol 2014; Olsen 2010).

Around the same time an engrained separation of structure and agency came under considerable critique in SNA and with it the need to change the status quo, which came through a call to action in the mid-1990s from Mustafa Emirbayer (e.g. Emirbayer and Goodwin 1994; Emirbayer 1997). Emirbayer called on network researchers to fold culture and agency into their interpretations of social structure. Harrison White’s later work (since the mid-1990s) also took up this call to incorporate culture (McLean 2017:50–51). McLean, too, recognizes the significance of Bourdieu’s (1984) work on the generative potential of culture and its relational qualities, finding links to the relational sociology championed by Emirbayer. A number of sociologists since have reiterated the need to accept the difficult challenge of incorporating culture within networks (e.g. Erikson 2013; Fuhse 2009, 2013; Knox et al. 2006; McLean 2017; Mische 2011; Pachucki and Breiger 2010), a move that places culture inside rather than outside social network approaches. Erikson not only identifies social network analysis as including both “formalist” and “relationalist” tendencies, but also sees the tension between them as a likely barrier to a fuller and more inclusive network theory within sociology.

Given the historic emphasis on social structure (rather than culture) within social network analysis (SNA), and bearing in mind the influence of SNA on archaeological network analysis (Mills et al. 2013; Peeples 2019), it would be logical to conclude that the latter might well have inherited some of SNA’s structural focus. If this were indeed the case, we might then begin to differentiate within archaeological network research between those approaches that draw heavily on SNA and which are as a result oriented to social structure, and those that do not and which focus more on culture, in the form of one of many ultimately Maussian-derived sociomaterial theories. Insofar as archaeological network analysis has cited SNA work in sociology, it may be true that it is the more formalist approaches that have been to the fore. At the same time, archaeological network analysis is quite a young field and is evolving rapidly. Some of the principal protagonists have quickly recognized that the cultural move within SNA (e.g. Emirbayer and Goodwin 1994, Mische 2011, Pachucki and Breiger 2010) is highly relevant to archaeology too (Mills 2017:390; Peeples 2019:463). That said, the “relationalist” approach of relational sociology (i.e. that includes culture) is arguably much closer to approaches in archaeological theory that are relational without embracing networks, such as assemblage theory or practice theory (e.g. Fowler and Harris 2015; Hamilakis and Jones 2017), and which are clearly much more concerned with questions of agency and culture than of structure.

Within archaeology, such a focus on culture/agency is found in the work of one of the current authors, seeking to put it into conversation with the more structural emphases discussed above (Knappett 2011). Astrid van Oyen develops a more critical engagement with network approaches (van Oyen 2016). Van Oyen’s approach takes actor-network theory and seeks to put it in dialogue with SNA (see also Knox et al. 2006). She sees both as fundamentally relationalist, although she draws more on the relationalist side of SNA than the formalist (see above, Erikson 2013). Nonetheless, van Oyen sees a difference in ANT, in that it “lets go of any prior assumptions of networks as constellations of stable entities … connected by variable social ties” (2016:37). She develops the idea of “work-net” from Latour (2005), because ANT charts all the actors that do the work that allow things to happen. In the context of our discussion above, this seems compatible with a Maussian focus on the contents of structures, i.e. persons and other things that do the work. Yet, there is a clear understanding of the importance of the “net,” as narrowly conceived in Simmel’s work and now more holistically in relationist approaches in sociology (e.g. McLean 2017; Pachucki and Breiger 2010). This shows how it does matter from which theoretical trajectory we enter network archaeology: for example, van Oyen resists the idea that work-nets can only give rise to networks, preferring to imagine that the constellations emergent from practice may actually not be network-like in structure.

Van Oyen’s archaeological means of incorporating practice/agency involves adopting a chaîne opératoire approach to terra sigillata, which can help show how a category such as sigillata is constructed and maintained by a work-net. She concludes: “whereas a work-net is built through practice, a network is often seen as impacting on practices rather than resulting from them” (2016:50). This is precisely the opposition between culture and networks that is captured in the formalist vs. relationalist distinction identified by Erikson (2013), and which McLean (2017) seeks to overcome.

Entanglement theory provides a directly archaeological relational theoretical framework that incorporates structure and content (Hodder 2012). Entanglements can be formally described as a nested set of dependencies between discrete human (H) and thing (T) entities that can be part of humans (H,H), things (T,T), and humans and things (H,T) relations. As dependencies, entanglements are neither fully understandable in their structural forms nor in their cultural contents. Still, in an update to entanglement theory, Hodder and Mol (2016) attempt to provide a framework for how entanglements can be analyzed as networks through time at the site of Çatalhöyük. In a clear example of the difficulty inherent in the marriage between understanding and explanation, the resulting framework was not deemed entirely successful. For example, there remained a limited possibility to capture temporal processes, and nodes and ties proved too restrictive to fully capture the dynamics of dependency as envisaged by Hodder (2012). Yet the study did succeed in providing a view of entanglements that is both structural (e.g. it showed the growing importance of houses as sociomaterial nodes) as well as informative of specific cultural histories and turning points in human-thing relations (e.g. the adoption of cooking pottery).

What these examples of archaeological network thinking/analysis show is that the desire in SNA/sociology for the bridging of culture/structure is being actualized in our discipline—perhaps because archaeology’s structural focus is necessarily already cultural in content. One unique facet of archaeological networks is that we have to rely on ciphers or proxies to get at social connections, such as the similarity measures used by Mills and others. These proxies are cultural—they come from pottery, obsidian, texts, etc. So already social structure is being measured or identified through culture. Therefore, when McLean and other sociologists suggest that the approaches that lean more toward either structure or culture really belong together, we might argue that this is not a stretch for archaeology. It is something that archaeologists have been doing out of necessity quite “naturally”—and so much so that they have perhaps not even recognized and foregrounded its distinctiveness. The fact that we typically rely on artifacts (and we should include texts as artifacts—see Harris Cline and Munson, “Epigraphic Networks in Cross-Cultural Perspective,” this volume Chapter 23) for our cultural information also means that we have a sensitivity to the role of materiality in social networks (which may also be how archaeological network thinking can find links to ANT and even assemblage theory, thanks to this recognition of the active structuring role of “non-humans” in networks). To put this another way, where formal archaeological network studies have found their strength in measuring and explaining “ties that matter,” archaeological network thinking has developed a deep understanding of “matter that ties” (Mol 2014:Chapter 5).

Thinking Fast and Slow

The previous two sections focused on enduring dynamics in the history of the (social) sciences that play a role in archaeological network studies. However, archaeological network theory is also impacted by two movements that may be more recent but are no less contrastive: fast vs. slow thinking. Here we associate “fast” with “big,” insofar as “big data,” in its association with the digital, is supposed to offer the possibility for rapid computational analysis (Huggett 2020). The utopian and dystopian elements of big data in archaeology have been highlighted by Bevan (2015). Clearly, one of the attractions of network methods for archaeologists is that they enable quantitative analysis of “big data;” and by creating a version of network science for archaeology, there is the unspoken promise of producing research that can meet standards of “excellence” set by science (Gosselain 2011). Yet few (network) archaeological datasets are big enough to require parallel computing or purpose-built software and algorithms (a commonly accepted, moving yardstick for the definition of big data; Snijders et al. 2012). The challenge in moving from “regular” data to big data lies in collecting disjointed and fragmented smaller datasets—difficult to begin with but made more problematic by data from diverse site records (Kintigh et al. 2018). A second issue is the data wrangling that is needed to create a graph, or other forms of structured network data, out of what are originally unstructured, non-network data. Even so, there certainly is an intuitive and largely justified, if perhaps not formalizable, understanding that the size of archaeological network datasets and the ability of archaeological network science approaches to identify causal processes and show social behaviors is correlated. When it comes to this, the target may not be to “do big data,” but to “think big(ger).” A good example of this is the ongoing project by Barbara Mills and her research group (e.g. Mills et al. 2013). This project started with the collection of temporal and ceramic stylistic data of over 700 sites in the American Southwest and explained the resulting time-sliced site similarity network as the result of shifts in social networks and movements of people in the period 1200–1450 ad. After this, the project extended to connect more and more varied data-sources, leading to richer and newer explanations and the ability to address other issues.

Such successes notwithstanding, there are clear data, workflow, and time-related hurdles to thinking bigger. Beyond this, there is also an issue of interpretation: how do large scale, regional networks speak to the multiscalarity of social and material networks? In other words, how would structures and dynamics visible in big networks from the present have been experienced by people and their local communities in the past (Mills et al. 2015)? How can we create locally diverse but connected histories out of such large network studies? An added issue is epistemological: how do we think big with networks without our theories becoming part of a black computational box—to ourselves, certainly, but also to others who are not network specialists (Isaksen 2013; Sindbæk 2013)? This will become even more relevant as machine learning will inevitably be introduced as part of network archaeological studies in our attempts to think bigger.

Thinking bigger is far from being a universal goal for the field as a whole. Indeed, another pathway for the archaeological study of networks is not to think big, but to think slow (Cunningham and MacEachern 2016; Caraher 2019). This idea draws on the various “slow” movements to advocate for a collaborative, contemplative, and careful archaeology that resists the demands placed upon academics for ever more “output” (Gosselain 2011). The perceived danger of big data within this perspective is its riding roughshod over context and local concerns in order to put together sufficiently extensive datasets. That archaeologists might find themselves alternately drawn in both directions is perhaps signaled by the contrasting themes of two of the most recent meetings of the North American Theoretical Archaeology Group. While the 2019 meeting at Syracuse had as its theme “Slow Archaeology” (https://tag2019.maxwell.syr.edu), the 2020 meeting at Stanford (postponed until 2021 due to Covid-19) initially had the theme of “big data.”

While there is, to our knowledge, no network archaeological study that has defined itself explicitly as “slow,” there are certainly aspects of slow thinking to be found in the field, from before the term became popular. Mol and Mans (2013) worked on a very small scale (in terms of locale and dataset) case study, a material and social ego-network of a contemporary indigenous (Tiriyó) family in Surinam. This network approach was data-driven but remained very exploratory and rich in ethnographic contextualization. The result was a detailed understanding of the network of things moving and staying in this village, enabling a gendered understanding of network power (see also Mol 2014:Chapter 7). While this was an ethnoarchaeological network study, slowing down by taking a single community, event, or group of things as a focus of a network analysis is possible within an archaeological setting as well (e.g. Giomi and Peeples 2019; Mol et al. 2015; Keehnen and Mol 2021). A recent study on community detection in sociomaterial networks by Mazzucato (2019) takes an approach to networks that is “big”: it relies on formal methods and is supported by the Living Archive of Çatalhöyük, arguably one of the biggest datasets in archaeology. Yet it is also “small” or “slow”: the analysis offered is enriched by discussing details of specific houses and even features, and the author has a deep contextual understanding of the archaeological record of the site.

Pálsson’s (2020) work on Icelandic (agricultural) administrative systems is another good example of a network study that “thinks slow.” In it he combines specific bodies of theory, such as Ingold’s (2007) work on lines and Delanda’s assemblages, with networks and the closely allied computational framework of ontologies (Pálsson 2020). This is not only an example of a work that engages with some of the divides in network science we discussed above, but also showcases ‘slow thinking’ in the way it uses the CIDOC-CRM ontological framework to think through the different entities that are relevant for this study and, in particular, the qualities of their connections (see www.cidoc-crm.org). Interestingly, in Hodder and Mol’s work on entanglements and network analysis, formal methods proved to be conducive to the slowing down of entanglement thinking. In particular, the “quantitative coding of the relational costs and benefits between specific operations within a tanglegram”—or “matrix thinking”—proved to be productive (Hodder and Mol 2016:1091).

These examples show that at the heart of thinking slow is an attention to detail supported by a structured way of looking at these details, such as the ones afforded by network science. We suggest that the need to explain process and structure, through a meticulously understood archaeological context, means that slow thinking is likely at the core of many if not all works in the field—even if slow thinking is not always highlighted in studies that provide big thoughts. We therefore consider the explicit integration of different “speeds” of network thinking as one of the biggest opportunities and challenges in archaeological network epistemology today. Slow network thinking excels in understanding context, how nodes fit in their immediate network neighborhood, and the deep structure of relations. On the other hand, it is deficient in providing specific explanations of how local relations and ties functioned in larger wholes—something for which one needs to think big. These two speeds are clearly complementary, but they do require the coming together of different modes of doing network research and the different expertises implicated. It would be quite feasible for a research (group) project to undertake a network study that is supported by big thinking (and data) of e.g. regional networks, which also uses slow network thinking to zoom in at particular “lines and knots.” As Pálsson shows, this could even be the case if such works put themselves in active opposition to network studies (e.g. Ingold 2007:80–90). For this to happen, it would be necessary to reframe the perception of archaeological network science as a data and quantification-driven field (cf. Pálsson 2020), and focus instead on how networks, of all shapes and sizes, offer access to thinking in all shapes and velocities.

Archaeological Networks as Epistemological Bridges

In this chapter we have attempted to sketch the wider theoretical foundations of current archaeological network approaches. This is a complex undertaking: archaeological network studies come in many forms and relatively few provide an explicit theoretical framework beyond network theory itself. Rather than providing a full review of archaeological network theory, we have focused on identifying and teasing apart different strands that make up a continuum of theories and practices in archaeological network studies. Through this we can trace some of the divergent heritages that make up archaeological network epistemology: explanation vs. understanding, rooted in a classical distinction between the natural and human sciences; social structures vs. (material) cultural agents, stemming from a divide between Simmelian and Durkheimian sociology; and the recent differences in thinking big vs. thinking slow. We diagram these distinctions in Figure 41.2.
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Figure 41.2. The network as bridge between explanation and understanding.



These divisions are among some of the deepest in the philosophy and epistemology of the sciences. They lie at the root of long-running disputes about, for example, the consilience of knowledge, whether anthropology (and archaeology) is social or cultural, or the role of computation and quantification in the humanities. Seeing how easily they can produce strains and rifts, it is remarkable that archaeological network studies are largely devoid of such polemics. Most network studies are more concerned with putting network science into practice and solving issues of data and method than with theoretical debates. Even “extreme” examples on one or other side of the continuum (e.g. archaeological ANT studies vs. formal network modeling studies), are characterized by how “the other side” can provide complementary ways to access past networks (e.g. van Oyen 2016). So, what is at the basis of this relative “harmony of theory” in archaeological network approaches?

It may be possible to leverage a critique that, by and large, archaeological network studies are atheoretical. This, however, would misrepresent the nature of theory in network science, which is concerned with theories of dependency and epistemologies based on the abstraction and modeling of dependent phenomena (Brandes et al. 2013; Collar et al. 2015; Rivers 2016). It would also ignore interventions that have explicitly explored and connected social and material theories to network methods (Knappett 2011; van Oyen 2016; Hodder and Mol 2016; Pálsson 2018). Another explanation could be that archaeological network science is not yet a mature field and that a more contentious phase of theoretical engagement within and outside of archaeological network approaches is (over)due—perhaps as part of the prophesied “trough of disillusionment” (Collar et al. 2015). Only time will tell, yet as the various but complementary chapters in this handbook show, there is currently little indication that this situation will change soon.

We propose a more positive interpretation: networks are useful for more than connecting archaeological phenomena. They can also function as epistemological bridges. There is a good argument that comes from the wider field that archaeological network science is part of: the science of networks is decidedly transdisciplinary with contributions in fields across the natural, social, and human sciences. As these contributions are concerned with the study of dependencies and network dynamics, they tend to result in theories that, while not necessarily mutually supportive, are commensurable. Moreover, the formal nature of network science necessitates being explicit about network theories, which may in itself create an openness to supplementary theoretical perspectives. Such social and material theories are in fact necessary to “scaffold” archaeological interpretations of networks (Knappett 2011). Additionally, network studies require solid quantities as well as solidly understood and contextualized data, analyzed with clear and interoperable methodologies. Especially when network data and metadata are also shared in a way that is findable, accessible, interoperable and reusable (e.g. Mills at al. 2013), then theories resulting from network studies can be cross-checked and falsified or replicated. We could even suggest, in this positive vein, that those engaged with archaeological theory who see “limited bridge building between deep theory and the tangible material evidence of archaeology itself” (Antczak and Beaudry 2019:87) might find a model of sorts in networks. Finally, we propose a rather informal or fuzzy thought: looking for and thinking about the networked past—with the full realization that everything is connected, in the past as well as the present—opens up our theoretical practices to become similarly networked.
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CHAPTER 42

Anticipating the Next Wave of Archaeological Network Research

Jessica Munson, Barbara J. Mills, Tom Brughmans, and Matthew A. Peeples

The wide variety of papers presented in this volume clearly demonstrate that archaeological network research is a vibrant area of study, and it has witnessed expansive growth over the last decade. Heeding earlier calls for the adoption of network methods and relational ways of thinking in archaeology (Brughmans 2010, 2013; Collar et al. 2015; Knappett 2011), contributors to this volume move the field from an exploratory stage of methodological experimentation to an established framework for addressing substantive archaeological questions. This Handbook of Archaeological Network Research marks this stage of development for the discipline. Chapters in this volume highlight the different types of data and formal techniques used to generate and analyze archaeological networks (Part I), while many case studies illustrate the range of past phenomena that can be investigated with these approaches (Parts II–IX). Additional chapters (see Peeples, Roberts, Jr., and Yin, “Challenges for Network Research in Archaeology,” this volume Chapter 3; Brandes, “Archaeological Network Science,” this volume Chapter 39), as well as other recent publications (Brughmans and Peeples 2023; Peeples 2019), discuss the peculiar properties and unresolved challenges of archaeological networks, pointing out some of the limitations of previous work and the need for additional research. While these words of caution might dampen the initial hype and excitement surrounding the application of network techniques in archaeology, such critical reflection is confirmation that the field is indeed on the cusp of a new, more mature, phase of intellectual development (cf. Collar et al. 2015).

As we approach this second wave of archaeological network research, we would like to conclude this volume by looking to the future as we anticipate new avenues of investigation and consider the potential contributions of this work beyond archaeology. In our efforts to compile a broad and representative overview of this varied body of research, we identified a number of topics and domains of archaeological inquiry that have thus far seen limited application of network methods and theories but that we believe have much to gain from this approach. Although the development of new techniques and formal network methods are essential next steps to address the unique challenges posed by archaeological data (see Peeples, Roberts, Jr., and Yin, “Challenges for Network Research in Archaeology,” this volume Chapter 3; Peeples 2019), we argue that this second wave of archaeological network research should be motivated not just by methodological concerns but more so by fundamental issues and questions that crosscut traditional disciplinary boundaries. Among the many possibilities, we focus here on four domains where networks could play an important role in future archaeological work: (1) landscapes and socioecological systems; (2) cultural and biological evolution; (3) historical archaeology; and (4) archaeological praxis. In all of these domains, we believe that interdisciplinary collaboration and methodological innovation are essential to realize the full potential of network science for archaeology. Building upon the work presented in this volume, we outline some potential future directions in the hopes that this might inspire the next wave of archaeological network practitioners.

Archaeological Landscapes and Socioecological Networks

While there is a well-established body of research on geographic networks in archaeology (Brughmans and Peeples 2017, 2020; chapters in Part IV of this volume), we see room for expanded work in this domain. Many of the phenomena investigated with archaeological networks are inherently social and spatial, so studies focused on networks of travel, transport, movement, and visibility should continue to offer fruitful lines of inquiry. However, we believe future archaeological network research should more explicitly address the spatial embeddedness of archaeological networks and the dynamic properties of socioecological networks.

The widespread occurrence of network structures within natural and built environments enable archaeologists to trace the movement of goods, people, and information across these varied landscapes. As one example, river networks delineate trade routes and transportation corridors which can strongly shape the distribution of material cultural traditions and arrangement of settlements, as demonstrated in several recent studies of the Amazon basin (Apolinaire and Bastourre 2016; Schillinger and Lycett 2019). Rivers-as-networks have long been studied in archaeology using graph theory to model hydrographic systems and human settlements (Peregrine 1991; Pitts 1979; also see Apolinaire and Bastourre, “Hydrographic Networks,” this volume Chapter 16). However, when represented with a static topology, rivers become fixed systems with presumed uniform properties distributed through their branches. In reality though, rivers (as well as other landscape and ecological networks) are dynamic systems that are responsive to global climate change, local and seasonal fluctuations, as well as human modification; all of which can dramatically alter these networked landscapes over long and short periods of time. Future studies need to consider the dynamic properties of networks found in the natural world and the way alternative topologies might provide new insights to study past sociospatial processes.

Rivers are just one of many transportation systems that can be analyzed using networks. With the explosive growth of lidar, drones, and other remote sensing technologies in archaeology (Casana 2020; Chase et al. 2012; Wernke et al. 2020), there is now access to full-coverage, high-resolution survey datasets covering vast geographic territories. Such large-scale datasets will not only allow expanded studies of more traditional geographic networks, but should aid in the identification of roads, foot paths, canals, and other features that may facilitate the kind of dynamic landscape network studies described above (Menze and Ur 2012). The spatial embeddedness of archaeological networks complements recent theorizing on the role of infrastructure in past societies (Wilkinson 2019), which is another area where network methods should prove beneficial. Access to high-resolution DEMs generated from these new datasets may help refine least-cost path and intervisibility analyses commonly used to generate the edges of geographic networks. Accounting for the dynamic properties of these networks, archaeologists can also consider how navigability and other physical constraints affect movement across different landscapes. In this vein, archaeologists should be encouraged to explore energetic models related to mobility and traversal over variable terrain as well as the impact of different transport technologies and subsistence regimes on movement. Examining the dynamic properties of landscape networks requires longitudinal datasets, high-resolution digital elevation models, and detailed environmental records which are already widely accessible, and should therefore be easily integrated into future archaeological network studies.

In addition to examining the dynamic properties and spatial embeddedness of geographic networks, archaeologists have much to offer studies of past socioecological systems (SES) with network methods and theories. Relational concepts are inherent to SES approaches, which seek to understand the intertwined nature of human and natural systems as cohesive, integrated, and dynamic. Although most SES research is problem-oriented, addressing issues of sustainability policy and practice through contemporary site-specific studies, there is an increasing emphasis on comparative and synthetic approaches that draw upon network analysis to capture cross-scale dynamics connecting local, regional, and global processes over long periods of time (Biggs et al. 2021). Archaeologists have been doing this type of human-environment research for many decades, have generated important datasets that span long timescales, and therefore have much to offer beyond the discipline. SES researchers employ network analysis to understand how specific social-ecological processes unfold, how these systems respond to certain disturbances, identifying key individuals within these communities as well as how collaborations emerge and function (Maciejewski and Baggio 2021). Archaeologists engaged in SES research have much to gain and learn from the application of network methods and theories that are employed more widely.

Cultural Evolution and Biological Networks

The study of cultural and biological evolution is another domain that offers many potential avenues for future archaeological network analysis. As a general evolutionary process, transmission covers a wide variety of mechanisms that involve relational components and considerations of network structure to account for the spread of cultural or biological traits in a population. The cultural evolution literature is replete with clear frameworks and relational theories that provide testable models for future archaeological network research. For example, archaeological studies that address questions about social learning, technological innovation, and diffusion, as well as technology loss have much to benefit from the application of these formal network approaches. Brughmans and Peeples (2023) address these potential future directions in greater detail, so in this section we focus more specifically on the integration of biological networks derived from ancient DNA studies, zooarchaeology, archaeobotany, and bioarchaeology.

In evolutionary biology, phylogenetic methods are used to reconstruct the evolutionary relationships among species as well as the history of species’ evolution and diversification. These techniques employ network models to analyze and represent complex evolutionary histories beyond simplified tree-structures and cladograms (Huson and Bryant 2006). Although most phylogenetic studies focus on extant organisms, these methods can be applied to extinct taxa and incorporate data from the fossil record. This reveals great promise for archaeological network research to address questions about domestication, paleoepidemiology, and human evolution.

The explosion of ancient DNA research over the last decade has led to the emerging field of paleogenomics which has much to offer in this regard (MacHugh et al. 2017; Orlando and Cooper 2014). Phylogenetic network analyses have already been applied to ancient and extant mitochondrial DNA from cattle to reveal the relatedness and regional continuity of the species (Bos taurus) throughout the Near East, Europe, and Africa (Edwards et al. 2004) as well as East Asia (Cai et al. 2014). Similar studies using pig (Sus scrofa) DNA highlight possible independent domestications outside of China (Larson et al. 2010). Additional palynological studies may also provide important sources of information to similarly trace plant domestication in various regions around the world. Such phylogenetic network studies complement traditional zooarchaeological and archaeobotanical analyses and offer potentially powerful new insights when analyzed alongside material culture networks of long-distance trade, human migration, and past social interaction.

Paleoepidemiology is another promising field of research where archaeological network analysis may make important methodological contributions. Defined as the study of disease determinants and transmission in past human populations, Souza et al. (2003) outline a biocultural framework for paleoepidemiology which calls for more rigorous approaches to investigating the different vectors and structural factors associated with disease transmission in the past. Although they do not explicitly discuss network theories or methods as possible solutions, we argue that these techniques have much to offer this area of research. Vlok and Buckley (2021) develop this approach by emphasizing the importance of human population interaction and residential mobility, alongside other factors like population density and climate, as primary factors contributing to the prevalence and diversity of infectious disease transmission in the past. Formal network methods could complement this approach by helping to visualize the spread of disease among past populations, while network modeling approaches may help tease apart different types of population interaction contributing to pathogen transmission.

The study of ancient DNA from human remains is another area that has witnessed significant recent growth and has great potential for network research. The rapid increase in published genome-wide data of skeletons obtained from archaeological excavations provides a powerful new tool for the investigation of past populations and human migrations. Comparing networks derived from genetic and material culture data should be of profound interest for better understanding the relationship between shared material practices, cultural traditions and human ancestry (Eisenmann et al. 2018). However, careful consideration of the ethical issues and the social and political impacts of studying ancestry is essential in the new field of archaeogenomics (Alpaslan-Roodenberg et al. 2021). Moving beyond traditional archaeological approaches to kinship which relies mostly on studies of genetic relatedness, Johnson (2019; Johnson and Paul 2016) calls for more inclusive analyses of family organization in the past that account for alternative kinship systems beyond heteronormative Euro-American models. Such biosocial approaches rely on the combination of bioarchaeological data with oral history and artifact studies to explore more complex conceptions of relatedness, family organization, and social identity using network techniques and other multivariate methods of data analysis and visualization (Knudson 2020).

The incorporation of datasets derived from ancient DNA, zooarchaeology, archaeobotany, and bioarchaeology has much to offer future archaeological network analyses especially when combined with networks derived from other sources of information. Such approaches will require interdisciplinary collaboration to integrate and interpret such diverse datasets.

Text and Object-Based Networks

There is a growing body of network research involving the analysis of historical data and text-based evidence (Part VI, this volume) that could be further expanded, as researchers refine their scales of analysis and construct multilayer networks derived from diverse sources of information. Archaeologists working in the Mediterranean and Mesoamerica have thus far made the most use of network analysis, given the availability of documentary records from these regions, but we see great potential for applying network approaches to historical archaeology on a global scale. Some well-cited studies include the analysis of travel itineraries to document communication networks throughout the Roman Empire (Graham 2006) and the reconstruction of elite interactions in the Bronze Age Eastern Mediterranean (Cline and Cline 2015) and among Classic Maya rulers (Munson and Macri 2009). Much of this work focuses on micro-scale interactions (Knappett 2011) between individuals or within intimate social settings, which are otherwise difficult to observe through material remains. Such interpersonal networks are one of the most promising areas for future archaeological network research (Brughmans and Peeples 2023), and we discuss some different sources of information that might inspire new empirical studies in this domain. Future work that bridges text-based networks with material culture networks allows for multiscalar analyses that will enrich our understanding of the social contexts of interpersonal interaction.

As alluded to above, kinship and marriage relationships are among the most common interpersonal networks studied in the social sciences, yet archaeologists are often bereft to find direct evidence of such detailed personal information. More commonly, archaeologists turn to material remains to explore creative approaches that approximate these kinds of relationships (e.g. Brughmans et al. 2021). Access to documentary records including newspapers, diaries, gravestones, and other personal correspondence may contain sufficient information to reconstruct kinship and marriage networks that could then be compared with material culture networks derived from complementary datasets. Probate and tax records offer other sources of information to track intergenerational wealth transmission that could be analyzed alongside data on household possessions. Such multilayer network approaches are an exciting avenue of future research with many possibilities, and we encourage those who have not previously explored network methods to pursue these projects.

Additional contexts where multilayer network analysis may be applied include the analysis of apprenticeship networks. Documents associated with workshops that identify the master craftsperson and apprentices provide important records to reconstruct social learning networks. If specific objects can be attributed to particular individuals or through artist signatures or other records, archaeologists may be able to examine the distribution networks of certain goods. Other kinds of interpersonal networks that would benefit from multiscalar approaches include the analysis of trading partners and exchange of goods and people. Latin and Greek inscriptions throughout the Roman Empire provide fragmentary lists of individuals who were members of professional associations (comparable to medieval guilds), reflecting a network of professional affiliation through which commercial information could have flowed. These records can be examined alongside well-studied material evidence to explore how distributions of goods (as reflected by amphora containers and non-local stone) throughout the Roman Empire and diversification of professional specializations were structured by who-knew-who. Another resource is the Trans-Atlantic and Intra-American Slave Database (Eltis 2008) which includes ship manifests that offer detailed accounts of the millions of enslaved people who were brought to the Americas. Combining these records with information from recent excavations of slave trade shipwrecks will not only provide new insights into the interpersonal lives of enslaved people but will also contribute to decolonizing practices in archaeology.

Networks in Archaeological Praxis

There are very few domains of archaeological inquiry in which relational theories and network approaches do not have some role to play. The contributions to this volume demonstrate that rich diversity, and some new avenues of future research have been discussed in the paragraphs above. While network approaches offer new methods of analysis, visualization, and theorizing for archaeology, they also indirectly inform the way we collect, manage, and curate the wide variety of data we work with. Moreover, social networks and networking are integral components to the practice of archaeology and carrying out successful projects. In this section, we briefly highlight some of the ways that networks contribute to archaeological praxis and encourage more explicit application of network methods and theory throughout the archaeological process.

Many archaeological concepts and sources of data can be described as relational in nature. In archaeological excavation, stratigraphic units relate to one another in myriad ways and can be represented using standardized approaches like the Harris Matrix, which is essentially a network diagram. The classification systems that archaeologists develop to categorize and analyze different artifact types are hierarchical attribute taxonomies that can also be represented as network structures. Network thinking is even embedded in the most basic concept in the discipline—archaeological context—which places primary importance on the relationship between things. Digital databases are now commonplace repositories for archaeological data and, if designed as relational database structures, can power robust queries across multiple tables and categories of data. The Digital Archaeological Archive of Comparative Slavery (DAACS) is one such platform that pioneered the systematic collection and analysis of archaeological materials from plantation sites across the mid-Atlantic, South, and Caribbean (https://www.daacs.org). The cyberSW database is another example of a collaborative, interdisciplinary online space for conducting research on the prehispanic archaeological record of the US Southwest and Northwest Mexico that was developed by Mills and colleagues and used to conduct numerous network studies of ceramic and lithic data (https://cybersw.org). Similar relational databases may be implemented to aid in collections and curation management and tracking items for repatriation. Such efforts require dedicated computer programmers and database specialists to design, execute, and troubleshoot, but the upfront costs and effort will enable the kinds of studies discussed throughout this volume.

The social networks that define teams of collaborators is another way that network thinking and methods penetrate archaeological praxis. Most disciplines in the social and natural sciences have conducted citation network studies showing the knowledge networks and subdisciplinary clusters that emerge from the publication process. Such visualizations make for captivating illustrations and can easily illuminate influential papers or researchers in particular fields as well as research trends and topics across subdisciplines. A bibliometric network study by Sinclair (2016) shown in Figure 42.1 provides an example of this, as it visualizes journals that are co-cited by pairs of archaeological publications, revealing clear subdisciplinary clusters. Similar approaches could be applied to analyze the intellectual genealogies within particular regions. Such studies and their resulting network diagrams would be valuable additions to textbooks to help visualize the history of the discipline. Other ways that network techniques may inform archaeological praxis and the co-production of knowledge are demonstrated by Mickel’s (2021) novel archival and oral history research with site workers at Çatalhöyük. Using formal network techniques, this study seeks to understand the structural barriers faced by local laborers on archaeological projects. Such efforts demonstrate innovative ways in which network approaches may complement community engagement efforts in archaeology.
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Figure 42.1. Network of sources (journals, volumes) co-cited by pairs of archaeological publications. Colored clusters clearly reveal archaeological subdisciplines.  Reproduced with permission from Sinclair (2016: Figure 1).



Conclusion

This is a promising time for archaeological network research. Network methods are now considered established techniques that constructively contribute to our understanding of past human behavior and society. Relational theories provide important frameworks that guide our development of testable models and thinking in new and creative ways. Networks also define the structure of our professional relationships and inform the way we practice archaeology. As we anticipate the next wave of archaeological network research, we are encouraged by the work that has already been done and the things that we have learned along the way. The human past is shaped by many kinds of relationships at different social, spatial, and temporal scales. Future archaeological network research should leverage this diversity to explore these multilayered interactions at a variety of different scales. Such ambitious, collaborative work will help carry the field forward to address some of the most important questions about the human past.
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dishonoured to pile up riches and wealth for you.”

[172) Then the king of men, [SFARIGRINOR. answered him: "Flee then, if your heart urges you; I do not beg you to remain for my sake. With me are
e

others who will honour me, and abpve all Z&i, the lord of counsel. Most hateful to me are you of all the kings that Z&i§ nurtures, for alwaysistife is
dear to you, and wars and battles. If you are very strong, it was a god, I think, who gave you this gift. Go home with your ships and your companions
and lord it over the Myrmidons; fof you I care not, nor take heed of your wrath. But I will threaten you thus: as PigebuSApOIIo takes from m the

daughter of “— her with my ship and my companions I will send back, but I will myself come to your tent and take the fail\-cheeked-

your prize, 5o that you will understand how muuch mightier 1 am than you, and another may shrink from declaring himself my equaland] o+ e Py % Bvet

himself to me to my face.”
[187] S0 he spoke. Grief came upoh the son of BBIBHS, and within his shaggy breast his heart was divided, whether he should draw his Marked as a Person

witdle a dayago

from beside his thigh, and break ..p ihe ssembly,an slay the son of AR o stay hisanger and cur his it Whilehe pondered

heart, and was drawing from its sheath his great sword, AUHene came e ‘goddess Fefd had sent her forth, (q ikl cowmret
she loved and cared for both men alike. She stood behind him, and seized the son of BEIEH by his fair hair, appearing to him alone. No, 4

others saw her. Gl was seized with wonder, and turned around, and immediately recognized Pallas Athene. Terribly her eyes shonz.} Trojan |Ad
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addressed her with winged words, and sai

Agamemion, son

his life.”

: "Why now, daughter of aegis-bearing Z&ii§, have you come? Is it so that you might see the a

JIEE? One thing 1 will ell you, and I think this will be brought to pass: through his own excessive pride shall he presently lose

[206] Him then the goddess, bright-eyed Afliéi, answered: "I have come from heaven to stay your anger, if you will obey, The goddess white-armed

Héra sent me forth, for in her heart she loves gnd cares for both of you. But come, cease from strife, and do not grasp the sword with your hand. With
words indeed taunt him, telling him how {F&#35#). For thus will I speak, and this thing shall truly be brought to pass. Hereafter three times as many

glorious gifts shall be yours on account of this;arrogance. But refrain, and obey us."

[215] In answer to her spoke swift-footed JRGHIIIES: "It is necessary, goddess, to observe the words of you two, however angered a man be in his heart,
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for s it better so. Whoever obeys the gods, to him do they gladly give ear."





OEBPS/img/oxfordhb-9780198854265-math-056.gif





OEBPS/img/oxfordhb-9780198854265-graphic-084.jpg
tetradrachm X

B 3souces % Otopics & Opeople  © Operiods

American Numismatic Soclety
Silver Tetradrachm, Cydonia, . 1948.148.1
hitp://numismatics.org/collection/1948.148.1

@ Kydonia, Khania (4 more)

Gold Tetradrachm, Tauromenium, . 1986.10.3
American Numismatic Soclety

Silver Tetradrachm, Gela, . 1959.126.1
American Numismatic Soclety

Silver Tetradrachm, Ephesus, . 1944.100.46012
American Numismatic Soclety

Silver Tetradrachm, Sermylia, . 1944.100.10693
American Numismatic Socety

Billon Tetradrachm, Alexandreia, . 1944.100.6.
American Numismatic Soclety e

Leaflet| ntributors, CC-BY-SA |






OEBPS/img/oxfordhb-9780198854265-math-055.gif





OEBPS/img/oxfordhb-9780198854265-graphic-083.jpg
Ancient Greek Literature '

- Shared Vocabularies

- . Gazetteers

: Prosopograhies

http://example.com/g/abidjan ) http://example.com/p/aphrodite Taxonomies

http://example.com/g/abu_dhabi http://example.com/p/apollo Ontologies
http://example.com/g/zagreb http://example.com/p/zeus

»
[ subject ]—»[ predicate ]—»{ object ] Informationsystem B
Classical Archaeology






OEBPS/img/oxfordhb-9780198854265-math-058.gif
L1, =S5, f(a;)] 2,5, f(d)





OEBPS/img/oxfordhb-9780198854265-graphic-082.gif
Pamahu Mihuni Karaindash

Miyare _a
Ben-Elima

p@0f Arwada
9|iy3ManeHaamashshi

o
King of Halunnu N
Shum-Addal of Alashiya il

i L \ Tadua Sister of Rib-Hadd
atatna
Zirdamyashda ¥ ishuya /
o >< A B'”das“‘” - Nieces of Rib-Hadda

B awa’
Teuwatti Arsaviya—p 2N VAN /v Shulugesarduk N Abdi—ﬁama
~/ ., Amanappa

S
s ' King of Sidon /, N
" Appina” L | Laoyof Byt

iya-Milk-uru~,”

/ mmahnu

/ Abdi-Ninurta
/ Ruler of Tyre

King of B

Nephews of Rib-Hz

Amanmas|

RbdMIKT oo hacds

“ ] v
r@%. / ’ Yapanh-Hadda
NN
A '\\"MI“\\\\;\E§, sons of Abdi-Ashirt
/ <%../‘l\‘} ‘\ ‘Abdi-Ashirta Pahanata

A 2 O NS,

sons of Manya=~. ~p ) N
\/>divesofManva\'Zhyan Fa\sha{tl ‘ > N T

ing of Mitanni






OEBPS/img/oxfordhb-9780198854265-math-057.gif





OEBPS/img/logo.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-503-colour.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-505-colour.jpg
Network A

Network B

Network C

Early component

Late component






OEBPS/img/oxfordhb-9780198854265-graphic-081.gif
Tiere »
tims
Govamor o Aash Fncscs
-,

Haya — % KigofHoluonu
\ddal of Alashiya | T Tadua Sister of Rib-Hadda

R e AN !

Zidaimys Lo\ N\ = //
Niocss o i Hadda

siins PSS -

e T e

™ ot
e

W%ﬁ""" ‘v 'ngn}s’.im.A‘?/:Mu

BT
K
. =

Frama

Nophows of Rib-Hadda

Daughter of Kadashman-Enii

inzar ey o2
= i oon
T Akiys "~
S

I *
P —

e
-

sono S S S

v i

L

—
e Vamiie 1\\'} g o Sein
unty Doga»m-\K\ N Ty s ~ w "”&-

eror o eyl ST \S 7 T\ N-nml{-:n
yor of Ammiya. | [ A e

AbIMIKIT atinHadda,

=l

.
Mayor of Adata B81-M

i losasn )\ N\ pibye
e
A — DUMD-5iha Shuma Hadd
Gulata e T L
_ T N
. . R -
st Va e
R ——e .
— T N
Thutmose 1 Asu.m.wg/ v faay Hatp2°"®
B Wy S\ v e
s oK s
A Toshahup Shab-lu  Yamaya

AT gt kLD,

Bishitanu

‘Tahmashehi NIN-URMAH.MESH ar|
/- Sopa v
Ayyauna i SV Y
Tiona Tirbazy Dashru Shipt-Bal iziy AT
soha e A Ztana
Avdi-Ashtari VapinHadda ¢ 1i-Miks PPP' Rabiliu

Baduzana
Magnate of Egypt

Hillva





OEBPS/img/oxfordhb-9780198854265-graphic-080.gif
TE T
mmy, AR






OEBPS/img/oxfordhb-9780198854265-graphic-507-colour.jpg
100





OEBPS/img/oxfordhb-9780198854265-graphic-501-colour.jpg
The same node A Column Node

CA B COEMNIH 1)KL

Filled Cell Link

Row Node * Empty Cell No link

A
Digonal Self-links

Node-link diagram

In the example, nodes are connected in
three clusters, and these clusters are
connected as well.

Adjacency Matrix

sgisieisi0n






OEBPS/img/oxfordhb-9780198854265-graphic-540-colour.gif
0
e=——=Kilometers





OEBPS/img/oxfordhb-9780198854265-graphic-542-colour.jpg
Demoltion_Road

Crook County=— %AMahaﬁy
i — WLehner
B T Coby





OEBPS/img/oxfordhb-9780198854265-math-021.gif





OEBPS/img/oxfordhb-9780198854265-math-020.gif
E CN XN,





OEBPS/img/oxfordhb-9780198854265-graphic-078.jpg





OEBPS/img/oxfordhb-9780198854265-math-027.gif
O~z
K9o=xn

A





OEBPS/img/oxfordhb-9780198854265-graphic-077.gif
Sw\V

Severinus 3/ii

s i

1

R :

Antiochene embassy to congratulate 1

Theodosius on defeat of Magnus
Maxinqus

tianus 5/i

Cynegius 3?/0 or 0/0

5
Aburgius -/-

Olympius 9/v

Mother of Eusebius 24/xxik

%
Petrus 0/ii

. -
Eusebius 26/xxvii Mardonius 2/ii

ARCADIUS 5/0





OEBPS/img/oxfordhb-9780198854265-math-026.gif





OEBPS/img/oxfordhb-9780198854265-graphic-076.gif
z <\
S
SN v

N —
S\





OEBPS/img/oxfordhb-9780198854265-graphic-544-colour.jpg





OEBPS/img/oxfordhb-9780198854265-math-029.gif





OEBPS/img/oxfordhb-9780198854265-graphic-075.gif
year policy

federal
rate. feg

growth monetary

rates

interest

market

way income
taxes tax
government
spending people
inflation
money
years
time

president
ecoromic

energy

oil
price

priees





OEBPS/img/oxfordhb-9780198854265-graphic-546-colour.jpg
Theoretical assumptions

Featuring research questions

Existing methodology and tools

Archaeological data Anthropological data Historical data Clinical data

Reconstruction of distribution of contacts and network for disease
transmission

Reconstruction of demographic
properties

y

Development of conceptual model Model programming

Model validation, calibration and sensitivity testing

Validation of simulation results towards empirical data

Interpretation and communication of simulation results

Establishment of testing scenarios and tresholds

Input research question
and methodology

Input empirical data
and derived proxie

Establishment of simulated context
_

Model building and pre-simulation
adjustments

Model execution

Modeling outputs
and their interpretation






OEBPS/img/oxfordhb-9780198854265-math-028.gif





OEBPS/img/oxfordhb-9780198854265-graphic-074.gif





OEBPS/img/oxfordhb-9780198854265-math-023.gif





OEBPS/img/oxfordhb-9780198854265-graphic-073.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-509-colour.jpg
Legend
Objects

A Battle axes
A Flint axes
‘ Flint blades

Tie strength

. Other objects —— 30
20

1

Amber beads

. Copper objects

Amber objects






OEBPS/img/oxfordhb-9780198854265-math-022.gif





OEBPS/img/oxfordhb-9780198854265-graphic-072.jpg





OEBPS/img/oxfordhb-9780198854265-math-025.gif





OEBPS/img/oxfordhb-9780198854265-graphic-071.jpg
M70 2840

@M10 85-20(8)

@M1 2764-2

@M1 3768

@10 M-85-8 8 Chen Chen-style

@ Omo-style





OEBPS/img/oxfordhb-9780198854265-math-024.gif





OEBPS/img/oxfordhb-9780198854265-graphic-079.gif
Text 103 Obverse






OEBPS/img/oxfordhb-9780198854265-graphic-070.jpg
M10 2006-B-22

QM10 85-20(B)

&M10 M-85-8

oM1 3768

M1 116

EM1 3677

M10 2188C+2172C

M70 2840

M1 3083

M1 304000

M10 9072

M1 513

M70 2787

M1 136

BM10 85-18

8 Chen Chen style
8 Omo style

M70 4468

M70 4443

M43 3054





OEBPS/img/oxfordhb-9780198854265-math-030.gif





OEBPS/img/oxfordhb-9780198854265-math-032.gif
Lune(n,,n,)=C, (n, Jd(n,m, )) Ac, (n] Jd(n,m, ))





OEBPS/img/oxfordhb-9780198854265-graphic-548-colour.jpg
7‘\,
OVI
” \\\






OEBPS/img/oxfordhb-9780198854265-math-031.gif





OEBPS/img/oxfordhb-9780198854265-graphic-067.gif
Mechanisim

Local
configuration

Description

Baseline tendency of nodes to connect

Edges to other nodes
N Tendency to reciprocate an existing
Eesipiesity tie in the opposite direction
Transitivit Tendency to be connected to the
ransitvity neighbor of your neighbor
Indirect Tendency to reciprocate an existing
reciprocity tie trough third parties
Brokerage C{«O\b Tend.en‘cy for the presence of inter-
mediaries
q‘ Tendency for the presence of nodes
Popularit that are more popular than other
i ¥ nodes (i.e. to receive a larger number
of ties)
Tendency for the presence of nodes
Activits that are more active than other
CHVILY nodes (i.e. to send a larger number
of ties)
H hil Tendency of nodes to tie to nodes
amophily . ~ with a similar characteristic
Dadydic covariate e Tendency of nodes with a certain

dyadic covariate to be connected





OEBPS/img/oxfordhb-9780198854265-graphic-066.gif
Specification imati
Observed network s e » P(A=a)= %EXP (Zk Oksk (a, v, w) LCAmaton, ] Inference

Test, goodness of fit and interpretation





OEBPS/img/oxfordhb-9780198854265-math-037.gif
R (1, 0) = Circle(n,n, )i x: omin| d(x,n), d(xm, ) | <d(nn, ) Vi i





OEBPS/img/oxfordhb-9780198854265-graphic-065.gif
Network

Local configurations

Density o—>»0

Reciprocity — oe—o

Transitivity f :
Activity %

Homophily o __,¢






OEBPS/img/oxfordhb-9780198854265-graphic-064.gif





OEBPS/img/oxfordhb-9780198854265-graphic-063.gif
Disconnected Fully Connected Star Ring





OEBPS/img/oxfordhb-9780198854265-math-034.gif
() < mind a2 (nm, )+ 2 (mm,) (¥ &

nk#i,andn, €N





OEBPS/img/oxfordhb-9780198854265-graphic-062.jpg
tibervalley3 png

e— {e—
nurnber-oftravellers-pe... 3

== =)
henefitokresources 1.025
I e————
difficutty-of-commu... 0.250

seflements
95

Traveller:
285

avg # of visitors
37.947

I
| write network |

&

list origins for visitors to most importants...

on
M35 atio-clear?

v & mm— > % [Eax] (3]

ns |

Clear Traces
on -
SR igenty-mostim.

Eg"; auto-resize

B
Process new map






OEBPS/img/oxfordhb-9780198854265-math-033.gif
d(n,n,) < max| d(n,n, ) d(nn) |V k=1 k#i,]





OEBPS/img/oxfordhb-9780198854265-graphic-061.gif
Sikk and Caruso 2020

Wren et al. 2014 Equation-based

he - Ortman etal. 2014; 2015
D'Alpoim Guedes
etal. 2016 Socio-natural Grahom 2006 Lobo et al. 2020
systems
Transport Urb‘a”.
Crabtree et al. 2017 systems aﬁ:;ngt:ﬁlw
Kohler et al. 2012 "
Romanowska et al. Crawford 2019
: Paliou and Bevan 2016
2019; 2021 fote SIMULATION SPATIAL aliou and Bevan
modeling COMPLEXITY
‘ 5 Spatial
Cegielski and e
Rogers 2016 6IS
Artificial Gravel-Miguel and Wren 2018
Societies
Gilbert and Similarity i
Mills etal. 2013
Troitzsch 2011 DATA ANALYSIS measures HE
Axtell et al. 2002 SOCIAL
Homil and Gilbert 2016 Exnarle COMPLEXITY
Etchevarne and
complexity
Van Havre 2015
Brughmans and Complex EVOLUTION .
Poblome 2016 Adaptive e:altoana
Systems Data science :
Bentley and mcn‘;'r:‘"i:]‘on incl. statistics Golitko etal. 2016
Maschner 2003
Barton 2014
. Prignano et al, 2017
White 2013

Kandler and Powell 2018

Mesoudi 2011





OEBPS/img/oxfordhb-9780198854265-math-036.gif
R, (1, 0) = Lune(n,n, )L [x: ol d(xm,).d(xn) | <d(n,m)viz j]





OEBPS/img/oxfordhb-9780198854265-graphic-060.gif
0.00000220% -
0.00000200% -
0.00000180% -
0.00000160% -
0.00000140% -
0.00000120% -
0.00000100% -
0.00000080% -

0.00000060% -~

0.00000040% -
0.00000020% -

0.00000000‘7/%

800

1820

1840

1860

1880 1900 1920

(click on line/label for focus)

2000

'Complexity’

‘Networks'

‘Simulation’





OEBPS/img/oxfordhb-9780198854265-math-035.gif





OEBPS/img/oxfordhb-9780198854265-graphic-069.gif
Mahalanobis distance

13.0

12.0

1.0

10.0

9.0

8.0

7.0

6.0

5.0

4.0

Individual Cases (Pairs; N = 5151)






OEBPS/img/oxfordhb-9780198854265-graphic-068.gif
Propositions

Specification

Y="f(x

Estimation

Assessment

Plausible network(s)






OEBPS/img/oxfordhb-9780198854265-graphic-514-colour.jpg
(a) Bipartite network ()  Most abundant media
% |

) Robert Lehman Callection;

Objects

Moder and Contemporary Ar|
‘Ams and Amor

Media

Terracotta Paint Quartzite Red chalk Bronze Gold

number of bjects (1000)

Bipartite network projection

‘i;@%i

Media






OEBPS/img/oxfordhb-9780198854265-graphic-531-colour.jpg
e M ;

‘tetradrachm

3 sources Otopics 0people 0 periods =N T

) 3040

o Mt
,

5 23,368 results

Silver Tetradrachm, Cydonia, . 1948.148.1
hitp://numismatics.org/collection/1948.148.1

Kydonia, kh

(8 more)
Gold Tetradrachm, Tauromenium,
American Numismatic Soclety

1986.10.3

Silver Tetradrachm, Gela, . 1959.126.1

American Numismatic Soclety.

Silver Tetradrachm, Ephesus, . 1944.100.46012
American Numismatic Soclety

Silver Tetradrachm, Sermylia, . 1944.100.10693 2

American Numismatic Soclety.

Billon Tetradrachm, Alexandreia, . 1944.100.6.
American Numismatic Soclety. ‘

Leaflet | Ties © MapBox | Data © OpenStreetMap and contributors, CC-BY-SA | Ties and Data © 2013 AWMC CC-BY.NC 3.0





OEBPS/img/oxfordhb-9780198854265-graphic-510-colour.jpg





OEBPS/img/oxfordhb-9780198854265-math-120.gif
(N)=D,N""*





OEBPS/img/oxfordhb-9780198854265-graphic-056.jpg





OEBPS/img/oxfordhb-9780198854265-math-005.gif





OEBPS/img/oxfordhb-9780198854265-math-126.gif





OEBPS/img/oxfordhb-9780198854265-graphic-055.gif
A Archaeological sites @ Nodes

Fluvial courses/edges






OEBPS/img/oxfordhb-9780198854265-math-004.gif





OEBPS/img/oxfordhb-9780198854265-math-125.gif





OEBPS/img/oxfordhb-9780198854265-graphic-054.gif
(a)

Root ¢






OEBPS/img/oxfordhb-9780198854265-math-007.gif





OEBPS/img/oxfordhb-9780198854265-math-128.gif
all A





OEBPS/img/oxfordhb-9780198854265-graphic-053.jpg
=
7





OEBPS/img/oxfordhb-9780198854265-graphic-518-colour.jpg
District: Oberbergischer Kreis

Settlement mentioned
before 1500 AD

D Boundary

Nicke route buffer
radius 200 m

Modern water course

Church/chapel in 1308 AD

# Distance to Nicke route
¥ lessthan 1km

$  Larger distance to Nicke route

o)





OEBPS/img/oxfordhb-9780198854265-math-006.gif





OEBPS/img/oxfordhb-9780198854265-math-127.gif





OEBPS/img/oxfordhb-9780198854265-graphic-052.jpg
>

\/
1
\\A /l

\//
2

\
\ Sea route
\

Y
"
=<

_/

>

O Sea
A Land

_~” View direction






OEBPS/img/oxfordhb-9780198854265-math-001.gif





OEBPS/img/oxfordhb-9780198854265-math-122.gif





OEBPS/img/oxfordhb-9780198854265-graphic-051.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-535-colour.jpg
Loyal Opposition

Interstitial

Young Turks

Outcasts

positive
o AN S0 ©m ~o
SnoosHoNanSon 80 5S
; | |
H

S

Louvain modularity





OEBPS/img/oxfordhb-9780198854265-math-121.gif
0<S, <0.5





OEBPS/img/oxfordhb-9780198854265-graphic-050.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-539-colour.jpg





OEBPS/img/oxfordhb-9780198854265-math-003.gif





OEBPS/img/oxfordhb-9780198854265-math-124.gif





OEBPS/img/oxfordhb-9780198854265-math-002.gif





OEBPS/img/oxfordhb-9780198854265-math-123.gif





OEBPS/img/oxfordhb-9780198854265-math-009.gif





OEBPS/img/oxfordhb-9780198854265-graphic-059.gif
-0.5

-1.25

-0.5

-0.25






OEBPS/img/oxfordhb-9780198854265-math-008.gif





OEBPS/img/oxfordhb-9780198854265-math-129.gif





OEBPS/img/oxfordhb-9780198854265-graphic-058.jpg
@ Trade center GXENADA N
Ceremonial center
@ Amerindian city
— Fluvial route IRINIDAD
Land route

1

LowMmB

AND IORAGO

{

i~

X






OEBPS/img/oxfordhb-9780198854265-graphic-057.gif
mmmmmmmmmmm






OEBPS/img/oxfordhb-9780198854265-math-010.gif





OEBPS/img/oxfordhb-9780198854265-math-131.gif





OEBPS/img/oxfordhb-9780198854265-math-130.gif
d,

120





OEBPS/img/oxfordhb-9780198854265-graphic-045.gif





OEBPS/img/oxfordhb-9780198854265-math-016.gif





OEBPS/img/oxfordhb-9780198854265-math-137.gif





OEBPS/img/oxfordhb-9780198854265-graphic-044.jpg
Huckeswa ent
I\

f/Slegburg“r i
R ol






OEBPS/img/oxfordhb-9780198854265-math-015.gif
N,E)





OEBPS/img/oxfordhb-9780198854265-math-136.gif





OEBPS/img/oxfordhb-9780198854265-graphic-043.jpg
Highest centrality

Closeness
_

‘ Betweenness






OEBPS/img/oxfordhb-9780198854265-math-018.gif





OEBPS/img/oxfordhb-9780198854265-graphic-042.jpg
p! Grid to graph conversion

Isotropic cost grid Digital Elevation Model

Link each cell to its 8 (24 or 48) neighbours

Isotropic costs Altitude (m)

O 1 - dry ground O100 [O120
O 2 - ford/bridge O105 @125
@ 3 - wet soil O110 @130
M 5 - water course O115 MW135

Slope-dependent costs

Vehicle cost functions 1 + (x/s)?
with s critical slope

1+ (xI10)2
1+ (x12)
—— - 14 (x4
1+ (xI16)

T T 1
10% 20% 30%

> N\ \ = —
\
A\
L]
2
Cell size of both grids: 100 m
B Origin Water course running down a slope
of 5%, surrounded by wet areas, Number of neighbours in example: 8
W Destination traversed by a bridge or ford. 9 P -30% ,2(')% ,1(')% o;/D
(o] link weights —
Isotropic costs Slope (percent) Slope costs Combined costs ° I o
= = - - = - - - = [
354] 50 | 354 159 ] 125 | 159 238 | 313 | 556 :_';
| ¢
0.0-—:Z-0,0 .100—:/ 00 ‘150—:/20() I
[}
3541 50 [354 159 125 [59 23¢'| 313 [556
Average of the 100 * difference in altitude 1 + (slope/10)? Multiply slope costs

two cells linked

/(z +5)2

Resulting link weights
| I |

divided by link length

/ 100%(110-115)

100"Sqrt(2)

multiplied by link length

/ (1 +(-3.54/10)2)
*100 * Sqrt(2)

by isotropic cost factors

/ 159* 3.5

HwN

o

2

Dijkstra's algorithm

. For the starting node n, set f{n;) =0
For all other nodes #; set f{n;) to infinity;
finally f{1;) will be the accumulated costs of reaching »; from n
Create a set of visited nodes V/, initially empty.
Set the starting node n; as current node 7.
Consider the neighbors #; of n. that are not in V-
For each of these calculate the tentative distance

Ji(ny) = fine) + linkweight(c,j)

If fi(ny) < f(n;) then set f{n;) = fi(n;) and set backlink(n;) = n.
Insert c in set V.
If n. is the destination node 74, then proceed to step 6,
otherwise select n; not in ¥ with the smallest /(1)) value, set n. = n;,
go to step 4.
The sequence of backlinks linking 74 with n; forms the least-cost path.

‘. o o

N Va
LN TANIZINTZNLA

‘c&'gn’mrmr";
/1

Least-cost path

Accumulated costs
from origin

@< 1643

@< 1414

©<1091

O<817

0O<499

0O<249

N1
N
Isotropic costs
O 1 - dry ground
[ 2 - ford/bridge

@ 3 - wet soil
M 5 - water course






OEBPS/img/oxfordhb-9780198854265-math-017.gif





OEBPS/img/oxfordhb-9780198854265-graphic-041.jpg
District: Oberbergischer Kreis

Settlement mentioned
before 1500 AD

D Boundary

Nicke route buffer

radius 200 m

Modern water course

Church/chapel in 1308 AD

t’ Distance to Nicke route
¥ lessthan 1km

¢  Larger distance to Nicke route





OEBPS/img/oxfordhb-9780198854265-math-012.gif





OEBPS/img/oxfordhb-9780198854265-math-133.gif
877





OEBPS/img/oxfordhb-9780198854265-graphic-040.jpg





OEBPS/img/oxfordhb-9780198854265-math-011.gif





OEBPS/img/oxfordhb-9780198854265-math-132.gif





OEBPS/img/oxfordhb-9780198854265-math-014.gif





OEBPS/img/oxfordhb-9780198854265-math-135.gif





OEBPS/img/oxfordhb-9780198854265-math-013.gif





OEBPS/img/oxfordhb-9780198854265-math-134.gif





OEBPS/img/oxfordhb-9780198854265-graphic-049.jpg
Analyzed observation point
Successful connection
Unsuccessful connection

Neighbor to neighbor connection

. le) =
4 %,
.’ o %,
.* Field of view DS
L)
“Z
a %
i
\ a
O— N SN _ _ — 0.
1%]

e} /O /O
ayd
s
S
2" step
neighbor
@) O O J

A

/

o}

\_/O

N






OEBPS/img/oxfordhb-9780198854265-graphic-048.gif





OEBPS/img/oxfordhb-9780198854265-math-019.gif





OEBPS/img/oxfordhb-9780198854265-graphic-047.jpg
i Not

\/

lnterV|S|bmty

Lines of sight (LOS)

A

i

Field of view (viewshed) A Visibility network





OEBPS/img/oxfordhb-9780198854265-graphic-046.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-034.jpg





OEBPS/img/oxfordhb-9780198854265-math-104.gif





OEBPS/img/oxfordhb-9780198854265-graphic-033.gif
(a) multilayer network

(b)
A———

§
H
£

graphite

nocesinumber of materisls

layer 1 layer 2 layer 3 layer 4
AL 4@ oG 4@

() 19th century Bce

‘ (&) 11th century ap

._(v-

L’@:

(d) 10th century sce

% ol
5e -
v ;
Lo

S





OEBPS/img/oxfordhb-9780198854265-math-103.gif





OEBPS/img/oxfordhb-9780198854265-graphic-032.gif





OEBPS/img/oxfordhb-9780198854265-math-106.gif





OEBPS/img/oxfordhb-9780198854265-graphic-031.gif
a) Bipartite network (b) Most abundant media

&

Y

Jo

Objects

Media

Terracotta Paint Quartzite Red chalk Bronze Gold

Bipartite network projection

Media






OEBPS/img/oxfordhb-9780198854265-math-105.gif





OEBPS/img/oxfordhb-9780198854265-graphic-030.jpg





OEBPS/img/oxfordhb-9780198854265-math-100.gif





OEBPS/img/oxfordhb-9780198854265-math-102.gif





OEBPS/img/oxfordhb-9780198854265-math-101.gif





OEBPS/img/oxfordhb-9780198854265-graphic-039.gif
.
ot
.
.

il

Tapg=55

pamnmEEE L,
"u

.

.

-
‘e,
-
3

Sp=16

>

L4
L]
LT T T A





OEBPS/img/oxfordhb-9780198854265-graphic-038.gif
Relative neighborhood graph

Limited neighborhood graph
Shape R1; sigma = 0.6

e .
1
T .
s :
| .
. .

Limited neighborhood graph
Shape R2; sigma = 0.6





OEBPS/img/oxfordhb-9780198854265-math-108.gif





OEBPS/img/oxfordhb-9780198854265-graphic-037.gif
Point set






OEBPS/img/oxfordhb-9780198854265-math-107.gif





OEBPS/img/oxfordhb-9780198854265-graphic-036.gif
133
B=3.0

o o
o~ -—

[
(==} o

B
B=0.

(o)

(d)





OEBPS/img/oxfordhb-9780198854265-graphic-525-colour.jpg
Q = = = & Q Q =
= =) o 5} ~ o [} <+

13.0
12.0

3dUBSIp siqouejeye|y

5151)

Individual Cases (Pairs; N





OEBPS/img/oxfordhb-9780198854265-graphic-527-colour.jpg
i
i
!
5.
g,

5assmme:






OEBPS/img/oxfordhb-9780198854265-graphic-035.gif
(c)

p1

p5

(o)

(d)

p1

p2

p3





OEBPS/img/oxfordhb-9780198854265-graphic-522-colour.jpg
@ Trade center GRENADA
 Ceremonial center
@ Amerindian city
— Fluvial route RINIAD
- Land route AND IORAGO

o GUavie

‘“ Rio lm,.d‘7 X
LoMBIA






OEBPS/img/oxfordhb-9780198854265-graphic-524-colour.jpg
0.00000220% -
0.00000200% -
0.00000180% -
0.00000160% -
0.00000140%
0.00000120%
0.00000100% -
0.00000080% -
0.00000060% -
0.00000040% -
0.00000020% -
0.00000000012

‘Complexity’

‘Networks'

‘Simulation’

800 1820 1840 1860 1880 1900 1920 1940 1960 1980 2000

(click on line/label for focus)





OEBPS/img/oxfordhb-9780198854265-math-109.gif





OEBPS/nav.xhtml


	

	

	

		Title Page



		Copyright Page



		Contents



		List of Figures



		List of Tables



		List of Contributors



		1. Introduction



		Part I: Archaeological Networks in Practice



		2. Network Methods and Properties



		3. Challenges for Network Research in Archaeology



		4. Beyond the Node-Link Diagram: A Fast Forward about Network Visualization for Archaeology



		5. Inference from Archaeological Similarity Networks











		Part II: Material Culture Networks



		6. Material Networks and Culture Change



		7. Material Culture Similarity and Co-occurrence Networks



		8. Mortuary Archaeology Networks



		9. Geochemical Networks



		10. Networks and Museum Collections











		Part III: Geographical Networks



		11. Nearest and Relative Neighborhood Networks



		12. Gravity and Maximum Entropy Models



		13. Transportation Networks and Least-Cost Paths



		14. Space Syntax and Pedestrian Modeling



		15. Visibility Networks



		16. Hydrographic Networks











		Part IV: Network Simulation



		17. Complexity Science and Networks in Archaeology



		18. Networks, Agent-Based Modeling, and Archaeology



		19. Random Graph Models











		Part V: Biological Networks



		20. Biodistance Networks



		21. Food Webs











		Part VI: Text-Based Networks



		22. Historical and Archaeological Network Data



		23. Epigraphic Networks in Cross-Cultural Perspective



		24. Linked Data Networks: How, Why and When to Apply Network Analysis to LOD



		25. Knowledge Networks



		26. Networks and Religious Transformations











		Part VII: Cultural Transmission and Human Evolution



		27. Perspectives on Human Behavioral Evolution from the Study of Primate Networks



		28. Paleolithic Social Networks and Behavioral Modernity



		29. Networks and Cultural Transmission in Hunter-Gatherer Societies











		Part VIII: Movement, Exchange, and Flows through Networks



		30. Maritime Networks



		31. Migration and Archaeological Network Research



		32. Network Modeling of the Spread of Disease



		33. The Antiquities Trade and Digital Networks: Or, the Supercharging Effect of Social Media on the Rise of the Amateur Antiquities Trader











		Part IX: Assessing the Structural Characteristics of Networks



		34. Social Networks and Inequality



		35. Networks and Catastrophes



		36. Community Detection



		37. Settlement Scaling Analysis as Social Network Analysis



		38. Networks and Sociopolitical Organization











		Part X: Looking Ahead and Beyond



		39. Archaeological Network Science



		40. Network Models and the Past: Relational Thinking and Contingency Analysis



		41. Network Epistemologies in Archaeology



		42. Anticipating the Next Wave of Archaeological Network Research











		Index













		i



		ii



		iii



		iv



		v



		vi



		vii



		viii



		ix



		x



		xi



		xii



		xiii



		xiv



		xv



		xvi



		xvii



		xviii



		xix



		xx



		xxi



		xxii



		xxiii



		xxiv



		xxv



		xxvi





		1



		2



		3



		4



		5



		6



		7



		8



		9



		10



		11



		12



		13



		14



		15



		16



		17



		18



		19



		20



		21



		22



		23



		24



		25



		26



		27



		28



		29



		30



		31



		32



		33



		34



		35



		36



		37



		38



		39



		40



		41



		42



		43



		44



		45



		46



		47



		48



		49



		50



		51



		52



		53



		54



		55



		56



		57



		58



		59



		60



		61



		62



		63



		64



		65



		66



		67



		68



		69



		70



		71



		72



		73



		74



		75



		76



		77



		78



		79



		80



		81



		82



		83



		84



		85



		86



		87



		88



		89



		90



		91



		92



		93



		94



		95



		96



		97



		98



		99



		100



		101



		102



		103



		104



		105



		106



		107



		108



		109



		110



		111



		112



		113



		114



		115



		116



		117



		118



		119



		120



		121



		122



		123



		124



		125



		126



		127



		128



		129



		130



		131



		132



		133



		134



		135



		136



		137



		138



		139



		140



		141



		142



		143



		144



		145



		146



		147



		148



		149



		150



		151



		152



		153



		154



		155



		156



		157



		158



		159



		160



		161



		162



		163



		164



		165



		166



		167



		168



		169



		170



		171



		172



		173



		174



		175



		176



		177



		178



		179



		180



		181



		182



		183



		184



		185



		186



		187



		188



		189



		190



		191



		192



		193



		194



		195



		196



		197



		198



		199



		200



		201



		202



		203



		204



		205



		206



		207



		208



		209



		210



		211



		212



		213



		214



		215



		216



		217



		218



		219



		220



		221



		222



		223



		224



		225



		226



		227



		228



		229



		230



		231



		232



		233



		234



		235



		236



		237



		238



		239



		240



		241



		242



		243



		244



		245



		246



		247



		248



		249



		250



		251



		252



		253



		254



		255



		256



		257



		258



		259



		260



		261



		262



		263



		264



		265



		266



		267



		268



		269



		270



		271



		272



		273



		274



		275



		276



		277



		278



		279



		280



		281



		282



		283



		284



		285



		286



		287



		288



		289



		290



		291



		292



		293



		294



		295



		296



		297



		298



		299



		300



		301



		302



		303



		304



		305



		306



		307



		308



		309



		310



		311



		312



		313



		314



		315



		316



		317



		318



		319



		320



		321



		322



		323



		324



		325



		326



		327



		328



		329



		330



		331



		332



		333



		334



		335



		336



		337



		338



		339



		340



		341



		342



		343



		344



		345



		346



		347



		348



		349



		350



		351



		352



		353



		354



		355



		356



		357



		358



		359



		360



		361



		362



		363



		364



		365



		366



		367



		368



		369



		370



		371



		372



		373



		374



		375



		376



		377



		378



		379



		380



		381



		382



		383



		384



		385



		386



		387



		388



		389



		390



		391



		392



		393



		394



		395



		396



		397



		398



		399



		400



		401



		402



		403



		404



		405



		406



		407



		408



		409



		410



		411



		412



		413



		414



		415



		416



		417



		418



		419



		420



		421



		422



		423



		424



		425



		426



		427



		428



		429



		430



		431



		432



		433



		434



		435



		436



		437



		438



		439



		440



		441



		442



		443



		444



		445



		446



		447



		448



		449



		450



		451



		452



		453



		454



		455



		456



		457



		458



		459



		460



		461



		462



		463



		464



		465



		466



		467



		468



		469



		470



		471



		472



		473



		474



		475



		476



		477



		478



		479



		480



		481



		482



		483



		484



		485



		486



		487



		488



		489



		490



		491



		492



		493



		494



		495



		496



		497



		498



		499



		500



		501



		502



		503



		504



		505



		506



		507



		508



		509



		510



		511



		512



		513



		514



		515



		516



		517



		518



		519



		520



		521



		522



		523



		524



		525



		526



		527



		528



		529



		530



		531



		532



		533



		534



		535



		536



		537



		538



		539



		540



		541



		542



		543



		544



		545



		546



		547



		548



		549



		550



		551



		552



		553



		554



		555



		556



		557



		558



		559



		560



		561



		562



		563



		564



		565



		566



		567



		568



		569



		570



		571



		572



		573



		574



		575



		576



		577



		578



		579



		580



		581



		582



		583



		584



		585



		586



		587



		588



		589



		590



		591



		592



		593



		594



		595



		596



		597



		598



		599



		600



		601



		602



		603



		604



		605



		606



		607



		608



		609



		610



		611



		612



		613



		614



		615



		616



		617



		618



		619



		620



		621



		622



		623



		624



		625



		626



		627



		628



		629



		630



		631



		632



		633



		634



		635



		636



		637



		638



		639



		640



		641



		642



		643



		644



		645



		646



		647



		648



		649



		650



		651



		652



		653



		654



		655



		656



		657



		658



		659



		660



		661



		662



		663



		664



		665



		666



		667



		668



		669



		670



		671



		672



		673



		674



		675



		676



		677



		678



		679



		680



		681



		682



		683



		684



		685



		686



		687



		688



		689



		690



		691



		692



		693



		694



		695



		696



		697



		698











OEBPS/img/oxfordhb-9780198854265-graphic-023.gif
() v ¢

*
A

. e
e o

LY
e g

st

T

Tz

178

e





OEBPS/img/oxfordhb-9780198854265-math-115.gif





OEBPS/img/oxfordhb-9780198854265-graphic-022.gif
@ Austronesian

X Torricelli

FH Austronesian / Ndu
/\ Ndu

O sepik

V¥ ottilien

M Kaukombaran





OEBPS/img/oxfordhb-9780198854265-math-114.gif





OEBPS/img/oxfordhb-9780198854265-graphic-021.gif
Attribute 2

>

Cloud of contexts

>

Attribute 1

Attribute 2

PC2

PCI





OEBPS/img/oxfordhb-9780198854265-math-117.gif





OEBPS/img/oxfordhb-9780198854265-graphic-020.gif
Network A

Network B

Network C

Early component

Late component






OEBPS/img/oxfordhb-9780198854265-math-116.gif
N)=K (N)/N =kN"





OEBPS/img/oxfordhb-9780198854265-math-111.gif





OEBPS/img/oxfordhb-9780198854265-math-110.gif





OEBPS/img/oxfordhb-9780198854265-math-113.gif





OEBPS/img/oxfordhb-9780198854265-math-112.gif





OEBPS/img/oxfordhb-9780198854265-graphic-029.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-028.jpg
Gulf of Mexico

i
Caribbean
Sea

Pacific Ocean





OEBPS/img/oxfordhb-9780198854265-graphic-027.jpg





OEBPS/img/oxfordhb-9780198854265-math-119.gif





OEBPS/img/oxfordhb-9780198854265-graphic-026.jpg
Legend
Objects

' Amphora A Battle axes
' Other pottery A Flint axes

' Beakers Flint blades

Tie strength

. Other objects
. Amber beads 20

1
. Copper objects

Amber objects

— 30






OEBPS/img/oxfordhb-9780198854265-math-118.gif





OEBPS/img/oxfordhb-9780198854265-graphic-025.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-024.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-511-colour.jpg
Gulf of Mexico

¥
Caribbean
Sea

Pacific Ocean

0 100 200

I E—






OEBPS/img/oxfordhb-9780198854265-graphic-530-colour.jpg





OEBPS/img/oxfordhb-9780198854265-graphic-552-colour.jpg
10000000

1000000

100000

10000

1000

Camp area (m?)

100

10

y = 3.473x1.7074
R2=0.7057

10

100
Camp population

1000

°08

[}

10000





OEBPS/img/oxfordhb-9780198854265-graphic-012.gif
CMU-Roth et al.

I
Bederson et al. o g <\ PARC
SR | 'EE
m (] E Eick et al.
O |
E ] ﬁ |

Shneiderman et al. é

) Berkeley
0O Ea) a

Plaisant et al.






OEBPS/img/oxfordhb-9780198854265-graphic-011.gif
Column Node

The same node A Node-link diagram Adjacency Matrix

181415101 g g2

Filled Cell Link

Row Node Empty Cell No link

’ . Inthe example,nodes are comnected in p
Digonal Self-links three clusters, and these clusters are 2
connected as well






OEBPS/img/oxfordhb-9780198854265-graphic-010.gif





OEBPS/img/oxfordhb-9780198854265-graphic-519-colour.jpg
Input-
Isotropic cost grid
Isotropic costs

Grid to graph conversion Slope-dependent costs

Digital Elevation Model

Altitude (m) Vehicle cost functions 1 + (x/s)?

with s critical slope

Link each cell to its 8 (24 or 48) neighbours

O10 [@—120
0105
0110
O11s

11 - dry ground
O 2 - ford/bridge
O 3 - wet soil

[ 5 - water course

Cell size of both grids: 100 m

Water course running down a slope
of 5%, surrounded by wet areas,
traversed by a bridge or ford.

B Origin

B Destination Number of neighbours in example: 8

Computing link weights

Combined costs

Isotropic costs Slope (percent)

Slope costs

100 * difference in altitude
divided by link length

/ 100*(110-115)

100*Sart(2)

Average of the
two cells linked

/(2 +5)12

1 + (slope/10)2
multiplied by link length

/(1 + (-3.54/10))
*100 * Sqrt(2)

Multiply slope costs
by isotropic cost factors

/ 159*3.5

Dijkstra's algorithm
1. For the starting node n, set f{ns) = 0
For all other nodes »; set f(n;) to infinity;
finally f{n;) will be the accumulated costs of reaching n; from ny
2. Create a set of visited nodes V initially empty.
3. Set the starting node n; as current node 7.
4. Consider the neighbours »; of n. that are not in V-
For each of these calculate the tentative distance
Ji(m) = f{ne) + linkweight(c,j)
If fi(ny) < f{ny) then set f(n;) = fi(n;) and set backlink(n) = nc
Insert c in set V.
If n. is the destination node 74, then proceed to step 6,
otherwise select »; not in ¥ with the smallest /(1)) value, set n. = n;,
go to step 4.
. The sequence of backlinks linking n4 with n, forms the least-cost path.

L/INLZINIZIN
DN/

|
RPN S

[

Least-cost path

-30% -20%

1+ (xI10)
1+ (12
— === 1+ (x4
1+ (xI16)

-10% 0% 10% 20% 30%

Accumulated costs
from origin

@< 1643
@< 1414
@< 1091
©<817
0<499
O<249

Isotropic costs
[0 1 - dry ground
O 2 - ford/bridge
[ 3 - wet soil

M 5 - water course






OEBPS/img/oxfordhb-9780198854265-graphic-538-colour.jpg
(a) Hinde's (1976) framework (b) Network thinking

Social structure

I network topology

Social relationship /
linkages

Individual
behaviour






OEBPS/img/oxfordhb-9780198854265-graphic-516-colour.gif
(a) multilayer network

layer 1 layer 2 layer 3 layer 4
AW 4@ 4B 4@

(¢ 19th century sce

S o

it

(d) 10th century Bce _

-<Ef::¢

(b)

(e 11th century Ap

—
PR e
‘qm uumm
s
w_v* ﬁm .Jldwast
o T«m"w' - .m-:m .. .mnmuugm,.m.
e 1899 T s gon sioy i r""-'
P - .’lver -pn 9“ .ass w
poney s n t P oo
PAW el \ OM".:L“" (&
S = w’" @ s
. L ot
sy vene DU -
/- -
e -
- -
-
o - AN
- [— - o v osos ¥
bronns @ 5o garthegwase
L S . ,q"_xn el
Lt s \ T omivggiod
& W e gesatincnn
e @roezed





OEBPS/img/oxfordhb-9780198854265-graphic-019.gif
Geographical space

Context 1
Date: 350-250 BCE
Type: Cremation
Mirror: No

Stigil: Yes

Context 3
Date: 350-250 BCE
Type: Inhumation
Mirror: Yes

Stigil: No

Context 4
Date: 200-150 BCE
Type: Inhumation
Mirror: No

Stigil: Yes

Context 2
Date: 300-200 BCE

Type: Cremation
Mirror: No
Stigil: Yes

Context 5
Date: 300-150 BCE
Type: Inhumation
Mirror: Yes

Stigil: Yes






OEBPS/img/oxfordhb-9780198854265-graphic-533-colour.jpg
..class were those of Lykaonian mercenaries ; most
likely from an outpost of the Daphnae camp, stationed
here. In those tombs there were no ushabis ; the bodies

lace, cited: BAtlas 74 G3 Daphai






OEBPS/img/oxfordhb-9780198854265-graphic-018.gif
— o~ (32]
12 [ v
= 5 5
2| 2| 2
| 2| =
Context 1 1 1 0
Context 2 1 0 0
Context 3 0 il
(b)
- o~ o™
& £ &
> > >
2| 2| 2
< | 2| <
Context 1 1 4 0
Context 2 2 0 0
Context 3 0 3 2

Context
3






OEBPS/img/oxfordhb-9780198854265-graphic-017.gif
Network type 1

The values of several
attributes conform in
contexts 1 and 3.

Geographical space

S i . i £

R S ——————

Network type 2

The values of attributes
2 and 3 conform in
several contexts.

e e e e e o _a





OEBPS/img/oxfordhb-9780198854265-graphic-016.gif
Attribute 1 Attribute 2 Attribute 3
Context 1 Value,, Value,, Value,,
Context 2 Value,, Value,, Valuey,
Context 3 Valuey, Values, Valuey,






OEBPS/img/oxfordhb-9780198854265-graphic-015.gif
(0)
Link darkness:
old B recent

-






OEBPS/img/oxfordhb-9780198854265-graphic-014.gif
Node and Link Diagram

A
AN

(

PivotGraph Roll-up

(0)

<m)






OEBPS/img/oxfordhb-9780198854265-graphic-013.gif
3

HHH 3% HH B ; 3%:°3
Circle gquare Bar atfonts






OEBPS/img/oxfordhb-9780198854265-graphic-549-colour.jpg
L

Harampijska dupka Harampijska dupka

emod 0

‘emod 2





OEBPS/img/oxfordhb-9780198854265-graphic-122.gif
Abstraction Representation

Network model

Abstraction Representation

Social entities Flow of goods

interact, flow of
goods takes place

Trade between
individuals

Individual 1 Individual 2






OEBPS/img/oxfordhb-9780198854265-graphic-121.gif
(a) 100,000

y = 336.56x03303
R? =0.3063

10,000

1,000

Theatre Capacity (persons)

100
100 1,000 10,000 100,000 1,000,000
City Population

() o
0.6
0.4

H”I III|||II” I I“IIIn.
0

0.

1N

Residuals
S
o

Rank

W Capital of the empire ™ Provincial capital ~® Colonia Municipium Unknown





OEBPS/img/oxfordhb-9780198854265-graphic-120.gif
10000000

1000000

100000

10000

Camp area (m2)

1000

100

10

y = 3.473x1.7074
R2 =0.7057

10

100
Camp population

1000

10000





OEBPS/img/oxfordhb-9780198854265-graphic-009.gif
(a)

Edge Table:

Node Table:

NODE AND EDGE TABLE

Source | Target [Weight|Type | Time
Hamburg| London | 120 [Wheat | 1292
Hamburg| Lubeck [ 90 | Glas | 1293
London | Lubeck | 29 | Tar 1292
London | Dublin 200 |Wheat | 1294
Name Type Long Lat
Hamburg| Large 53.5 9.9
Lubeck Small 53.8 10.6
Dublin Small 53.3 -6.2
London | Large 51.5 0.1

(b)

Hamburg
Lubeck

Dublin

London

MATRIX

2

g £ = 2

= 3 a S
) 120
Wheat Glas
1202 1203
20 | 200
Tar | Wheat
1202 | 1204

NODE-LINK DIAGRAM

Wheat
Glas.
= Tar





OEBPS/img/oxfordhb-9780198854265-graphic-008.gif
(b)






OEBPS/img/oxfordhb-9780198854265-graphic-007.gif
Degree centrality Closeness centrality Betweenness centrality

@
o o ° ®

@ O

® o

©

@ o © |

©)
@
®

0..

O]

O O‘






OEBPS/img/oxfordhb-9780198854265-graphic-006.gif
Diameter Degree distribution Open and closed triads
= longest geodesic

©

closed triad

the degree
of each node

z
Numbers indicate & [} ERE—
Diameter = 5 3
o
=

open triad

degree






OEBPS/img/oxfordhb-9780198854265-graphic-005.gif
Data Model

Input data:
Artefacts from each site

Data Model
Sites are connected in the

graph if they share at least
one common type of artefact

Copresence network representation

Theory Model

Input data:
Sites' location in landscape

Theory:
Terrain slopes as the main
factor for road location

To what extent
the distribution of shared
artefacts can be explained
by accessibility constraints?

Theoretical Model

Computation of least cost
paths between sits
(paths must avoid steep slopes)

Calibration/Validation
E.g. consistency between

the calculated paths and
later sites (black dots) can
be checked

Accessibility network representation






OEBPS/img/oxfordhb-9780198854265-graphic-004.gif
Directed graph

L ®
®

O 9

Weighted graph

Bipartite graph






OEBPS/img/oxfordhb-9780198854265-graphic-003.gif
@® ®
@@ ®
®® s ©

G is a graph of order 12 and size 16.
G is a subgraph of G.
G is a disconnected graph as it has two connected components.

ny, Ny, ny and ng form a clique.






OEBPS/img/oxfordhb-9780198854265-graphic-124.jpg
10. Human Ostealogy &
Forensics.

6. Genetics & Applied
11. Archaeology of Human ‘Genetics

2. North American
(Anthropological/ Processual)

1. Theory & Interpretation

(European & Post-Processua) el e

3. Archacology in the Mediterranean
(incl. Classical Period)





OEBPS/img/oxfordhb-9780198854265-graphic-123.gif
Explanation Understanding
Erklaren Verstehen

Culture/Agents

Durkheimian

Thinking Small (Slow

Assemblages, entanglements

Social Structure
Simmelian
Thinking Big (Fast
Network Science

Networks as Epistemological Bridges






