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ABSTRACT 

The past decade has seen archaeology taking an increasingly high interest in agent-based modeling (ABM). ABM’s 

emerging popularity is due to its ability to model individuals and societies, readily incorporate any geospatial data 

available, and encompass uncertainty inherent in archaeological theories or findings. Indeed, the unpredictability of 

interaction patterns within a simulated agent society, along with the strong possibility of emergent behavior, can help 

researchers gain new insights into existing theories; or even come up with completely novel explanations and paradigms 

regarding the ancient societies being studied. Agent-based modeling is thus a potentially powerful tool, which can be 

used to assess the plausibility of alternative hypotheses regarding ancient civilizations, their social organization, and 

social and environmental processes which might have existed. The purpose of this chapter is to provide an overview on 

ABM and corresponding methodologies, and present examples of recent work that has applied geospatial agent-based 

models in archaeology.  

Keywords: agent-based modeling, multi-agent systems, archaeological simulation, geographical information systems, 

social archaeology, computational archaeology 

INTRODUCTION 

The study of social and environmental change is key to improving our current understanding of human behavior and 

history. Nowadays, computer science and modern information systems provide us with the opportunity to build virtual 

laboratories in which we can address various questions and hypotheses about such transitions.  At the same time, 

knowledge of historic events that have actually occurred provides the possibility of interpreting the results, and 

evaluating the accuracy of specific computational models or simulations. As such, computational archaeology has 

emerged as the discipline that focuses on the study of ancient societies via the use of computer models and simulations. 

Archaeology is a data oriented discipline, with a strong focus on the collection of material information for the study of 

past human societies; and computational archaeology builds on this information in order to enhance our understanding of 

the long-term human behavior and behavioral evolution, via modeling and simulating the socio-environmental processes 

at play.  Computational archaeology uses mathematics, logic, or even cognition as the means for converting observations 

and knowledge about nature into quantalitative research; and scientific inquiry is used in order to produce, test, and 

confirm quantitative data and theories.  

The concept of agent-based modeling (ABM
1
) has become very popular within computational archaeology over the last 

two decades (Lake 2014). ABMs incorporate ideas from artificial intelligence (Russell & Norvig 2002) and multiagent 

systems (Wooldridge 2002), and define a social system as a collection of agents, which represent individual entities 

within a wider population. These entities are assumed to be acting autonomously, and may be able to learn and adapt in 

their environment. Agent actions occur in time and space, affecting the wider environment while individuals cooperate 

and/or compete with each other. ABMs can model systems that are either highly diverse or heterogeneous in terms of 

both agent abilities and underlying environment, and allow the study of interactions and (potentially emerging) behaviors 

that would be difficult to examine by using simple aggregate styles of representation (Batty et al. 2012).  

ABM is particularly appealing as it promotes a style of modeling that reflects the characteristics of our real world, in a 

way that appears to fit well with existing explanations of how spatial structures such as settlements, cities, states, our 
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global system and all its natural components evolve. This results in an increased descriptive power that facilitates 

interdisciplinary research, as it allows the incorporation of concepts used in various disciplines (regardless of the 

discipline-specific “language” they were originally stated in). The emerging popularity of ABM in computational 

archaeology, in particular, is largely due to its ability to represent individuals and societies, and to encompass the 

uncertainties inherent in archaeological theories or findings. 

The purpose of this chapter is to provide a general introduction to the ABM approach in archaeology. The next section 

provides some background on important concepts and techniques for accommodating the use of ABM in archaeology, 

integrating ideas and methods already applied in other research domains. Following that, the corresponding architecture, 

methodology, and libraries for assisting ABM, as well as the model design framework that needs to be followed are 

discussed further. Finally, several relative recent examples of the ABM approach in archaeology are  presented, along 

with some concluding remarks.  

BACKGROUND 

Archaeologists attempt to interpret human (pre) history and explain their theories about the interactions between 

societies and their natural environment (as described by biologists, ecologists, geologists, and others). This is 

accomplished via the use of formalisms, and via the constant re-definition of objectives to be attained, questions to be 

asked, and methods and techniques for answering them. However, archaeological theories are generally incomplete in 

the sense that they are based on data that is static: it might reflect the results of the dynamic interactions among people, 

materials, monuments, landscapes, and the inhabited environment in general, but not these dynamics themselves. The 

discipline therefore has difficulty linking cause and effect in the past (van der Leeuw 2004). Thus, computational 

modeling and simulation can assist archaeologists to express phenomena, relationships and ideas, allowing them to 

explore and test theories against observed data and experiment with different scenarios to explain particular sequences of 

cause and effect.  Conducting plausibility (or improbability) tests; experimenting with different sets of initial conditions 

and scenarios; as well as calibration, verification, and validation of models are all essential components of computational 

modeling work. Agent-based modeling, in particular, is quite effective in representing the interactions among acting 

entities (representing individuals, social groups, households, or societies and even nations).  

ABM is a field research methodology originally developed as part of computational modeling, but widely used by other 

disciplines, from life and physical sciences (biology, genetics, physics, chemistry) to environmental and social sciences 

(ecology, geosciences, demography, economics, sociology, archaeology). ABMs incorporate computational models 

which can be run to test whether agents are behaving as their originators intended. It must be understood, however, that 

this has little or nothing to do with how well they might reproduce observable data (Batty et al. 2012). This is not 

necessarily a drawback: ABM models are not usually built for prediction per se, but (to a large extent) to feed structured 

debate and dialogue, and to provide a tool for apprehending and explaining certain underlying properties (cause and 

effect) of the world (Eipstein 2008). Thus, a key ABM objective is enriching our understanding of fundamental 

processes that appear in a variety of archaeological applications. There are many formal systems competing or 

combining to provide the theoretical foundations for ABM. Their relative value is determined by the questions that need 

to be answered in each particular situation (North 2014). In the remainder of this section, we briefly describe the most 

important such formal systems. 

Apart from natural language, an alternative way to reason about historical and past actions and events from observed 

data, is to transform theoretical questions and hypotheses into computational terms; the aim is to find the means to 

explore possible answers. One of the pillars of computational modeling, essential for any simulation process, is of course 

mathematics, based on variables and their relationships. Equation-based modeling is about defining a recurrence relation 

of given variables, once one or more initial values are given (difference/partial difference equations), or about relating 

some process or function with its derivative—i.e., its rate of change (differential equations). For example, logistic or 

exponential growth equations describe population dynamics, while predator-prey equation models describe the 

dynamics in which two populations interact, one as a predator and the other as prey. Moreover, reaction-diffusion 

equations describe the spread of populations in space, when two populations compete for a common food source 

(“competition”), or benefit from each other (“symbiosis”). Such computational realization of conceptual processes assists 

researchers in multiple domains to model and simulate real world phenomena. Furthermore, an equation-based modeling 

system is in general able to report the same results as an equivalent ABM approach, whose enhanced descriptive power 

alone does not significantly alter the understanding of the phenomenon under study (Castiglione 2006). Why then not use 

solely equation-based models rather than integrate them into ABMs?  



 

The major difference between these approaches is that the accuracy assessment of (real) observational data can be much 

better determined by an ABM, as it can adequately represent situations where small fluctuations in the input data can 

drive a system to a completely different state. By contrast, equation-based systems would usually smooth out such 

effects, not allowing such out-of-the-norm situations to emerge. Moreover, while equation-based modeling variables 

allows saving and reusing data while the model runs, ABM can incorporate complex “agent-variables” which include 

both data and functionality at the same time.  

In most cases in archaeological field research, on the other hand, scholars explore past processes that occurred in a 

geographical landscape.  An effective means for modelling is the coupling or integration of Geographical Information 

Systems (GIS) with ABMs when spatial and temporal design and analysis is required (Crooks and Castle 2012). When 

one or more agent actions involves movement, when agent's location within the environment influences its decision 

making, or when spatial arrangement of features on the landscape can be altered by the agents, then a geospatial ABM 

can better support the research requirements of the modeler. Moreover, in geospatial ABMs the importance of the spatial 

resolution is equally as important as the temporal resolution, where duration and frequency descriptive characteristics of 

events and phenomena are essential for temporal and spatial (pattern) analysis. Thus, when geographic context 

constitutes an important aspect of the conceptual model, the translated computational ABM needs to be coupled or 

linked with a GIS computational library, e.g. GeoTools (a Java GIS software library), Java Topology Suite (JTS), 

OpenMap, ESRI ArcObjects SDK, and others. Thereby, several important functions of the ABM can be assisted, such as 

data acquisition, pre-processing or transformation, as well as determining and assessing various inputs and outputs when 

needed through spatial analysis tools provided (density map, cost distance, least cost path, etc.).  

The ABMs spatial and computational models can also be enhanced via the use of cellular automata (CA) to model 

complex systems. von Neumann and Ulam (Neumann 1966) introduced the concept of cellular automata in the 1940s. 

CA is an insightful approach for building a system of many objects (or, more generally, agents) that have varying states 

over time. However, now agents are cell objects existing on a grid (a tessellation of n-dimensional Euclidean space), 

where each cell has a number of states and a neighborhood which is a list of adjacent cells. Cell states evolve over a 

series of computational time steps: a cells new state is a function of all the states in the cells neighborhood at the 

previous time step, along with a set of simple rules for the cell to follow. Depending on the complexity, patterns may 

present from simple specific rules, or the rules themselves, can be classified as ones that evolve quickly into a stable 

state, into oscillating structures, in a pseudo-random or chaotic manner or into structures that interact in complex ways 

(Ilachinski 2001). Using CA use within an ABM allows the conceptualization of a variety of real-world systems, with 

complex behavioral patterns and intelligence emerging out of the interactions among simple agents. One significant 

recent work on CA is that of  Wolfram (2002), which discusses how CA are not simply “neat tricks”, but are relevant to 

the study of biology, chemistry, physics, and all branches of science.  

On a parallel direction, von Neumann and Morgenstern (1944) invented the mathematical theory of games. Since 1970s, 

game theory (GT) became the main instrument for the analysis of the strategic interactions among rational agents – that 

is, entities that encompass preferences or goals and act upon them (Myerson 1991). Agents can be described by means of 

an abstract concept called utility, referring to some ranking of the subjective welfare an agent derives from other objects, 

events, or interactions with others – and the aim of the rational agent is to maximize its utility. Subjective welfare can be 

evaluated by reference to the modeler's own implicit or explicit judgements of it, depending on the conceptual ABM. 

The concept of a game refers to all situations in which at least one agent can act to maximize his utility through 

anticipating (either consciously, or just implicitly in its behavior) the responses to its actions by one or more other 

agents. Interestingly, agent interactions in a game might produce outcomes that have been intended by none of the agents 

(Don 2014). GT aims to provide an explanatory account of strategic reasoning based on “rational” actions of agents—

and thus to prescribe “optimal” strategic behavior for use by agents in games. In situations where this is not the case, i.e. 

when actions are not necessarily the results of rational deliberations by individual agents, but are rather “biologically” 

attached to particular strategies used by entire populations, then evolutionary game theory (EGT) can be of use. EGT 

originated as an application of GT to biological contexts, arising from the realization that frequency-dependent “fitness” 

introduces a strategic aspect to evolution. EGT has been applied in evolutionary biology with some success (Maynard 

Smith 1982), but has also recently attracted the interest of social scientists, as “evolution” need not be strictly biological, 

but can be understood as “cultural evolution” also: beliefs and norms change over time, and EGT can help answer 

questions about the conditions under which language, concepts of justice, altruism, and other non-designed general social 

phenomena are likely to arise (Skyrms 1996).  



 

The above theoretical foundations can be fruitfully combined in ABM, depending on the theories and hypotheses that 

need to be modeled. We next turn our focus on ABM and agent design methodology, which is largely based on concepts 

derived from artificial intelligence (AI) and multiagent systems (MAS) (Russell & Norvig 2002, Wooldridge 2002). 
MAS in particular can offer the state of the art in designing sophisticated agents, including complex knowledge 

structures, reasoning from models, learning from data and experience, as well as applying strategic principles for 

selecting among agent behaviors (Wellman 2014).
2
 

ABM DESIGN METHODOLOGY 

ABMs or MAS computational experiments simulate the simultaneous (synchronous or asynchronous) operations and 

interactions of multiple individual agents, combining theoretical foundations discussed briefly in the previous section, 

where complex phenomena may emerge even when simple rules are introduced in the model. Thus, a key principle, 

known as K.I.S.S. (“Keep it simple…and short”) is extensively adopted in the modeling community (Axelrod 1997). The 

entire process of building an ABM begins with a conceptual model, where the main questions or hypotheses of the 

researcher solidify models elements, i.e. agent entities, with their attribute characteristics, behavioral and interaction 

rules between themselves, the models environment. In this section, we discuss the design methodology and available 

architecture for these elements, as well as a way of making model descriptions more understandable and complete. 

Moreover, for a beginner or non-expert in computer programing, there are several modeling system tools available to 

assist the development of an ABM. The subsequent section identifies some of the ABM toolkits available.  

Modeling toolkits 

Until now, any ABM can be implemented with any object-oriented programing (OOP) language, since it is developed as 

a computer program. The concept of “object” in the computer programing paradigm, is used to describe (perhaps 

inadequately) data structures that contain data (fields or attributes) and functions (procedures or methods) that can access 

and modify their own data. Thus, the most suitable way to develop ABMs is if we consider objects as agents. Although 

an experienced modeler in OOP can build an ABM from scratch. However, there are several advantages to utilizing 

existing modeling tools for ABM development. Such benefits include reduced time for programming non-specific parts, 

e.g. data import/export, GUI, etc., or the inbuilt implementation of various procedures, routines or methods needed. 

Although there are many toolkits for developing ABMs, only a few of them are presented below, selected because they 

have up to date active maintenance and development, and  are widely used with a large user community, model libraries, 

tutorials and documentation, as well as capable of being integrated with GIS extension libraries for geospatial ABM 

development. However, the modeler must always select software based on their purpose, design objectives and modeling 

capabilities.  

NetLogo
3
 is highly recommended for modelers with beginner-level programming skills. It is a multi-agent modeling 

environment for simulating natural and social phenomena, has been in continuous development since 1999, and is 

capable of modeling relatively complex systems. NetLogo is simple enough for both students and teachers, yet advanced 

enough to serve as a powerful tool for researchers in many fields. It has an extensive documentation, many online 

tutorials, with a large model library of collected pre-written ABM simulations, addressing research areas for almost 

every discipline, as well as several useful extensions, such as GIS and Networks. NetLogo is now open source and runs 

on the Java virtual machine, thus it also constitutes a cross-platform modeling toolkit, while its computer programming 

language is the Logo dialect, a programming language designed specifically for ABM.  

The Repast Suite
4
 is a family of advanced, free, and open source ABM and simulation platforms that have collectively 

been under continuous development for over 14 years. It is perhaps the most actively maintained solution for ABM with 

a large user community. Repast comes in two editions. The Repast Symphony edition can be used if the modelers 

programming background is limited or if the modeler wants to use rapid prototyping to quickly develop an ABM using 

the ReLogo computer programming language, or the Java computer programming language for developing more 

complex simulation models. If the modeler wants to develop a model of a complex system with a large number of agent 

interactions and is also familiar with the C++ computer programming language, the Repast HPC (Repast for high-

performance computing) version can be used. The Repast suite provides visual and easy to use capabilities for agent 
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design, behavior specification, model execution, and results examination. The modeler may also specify the spatial (e.g., 

geographic maps or networks) structure of the model and different types of agents with specified behaviors. Moreover, if 

the modeler is looking for a rich set of development tools, then Repast is one of the best options to get started with ABM.  

MASON
5
 is a multiagent simulation modeling tool designed to support large numbers of agents relatively efficiently on a 

single machine; it has no capabilities for distributing models over multiple computers, although an extension for this (D-

MASON) is available. MASON has no domain-specific features  unlike the previous toolkits and it is highly modular 

and consistent, allowing the modeler to use and recombine different parts of the system. Moreover, it has a large set of 

utilities to support model design as well as several valuable extension packages, such as GeoMASON for geospatial 

support, JUNG for social network systems, and of course ECJ, a high performance evolutionary computation system to 

discover design solutions for complex ABMs. A working knowledge of the Java computer programming language is 

required in order to use MASON.  

Agents, environment and interaction topologies 

A typical agent-based model has the following essential features: a set of agents with their attributes and behaviors, a 

framework for simulating agents in which they interact with their environment in addition to other agents and a set of 

agent relationships, and methods of interaction in which an underlying topology of connectedness defines how and with 

whom agents interact (Figure 1).  

 

Figure 1. Virtual structural framework of a typical ABM (adapted from Jennings 2000).  

While ABM originates from computer science as a computational modeling approach, the interdisciplinary nature of 

ABM may not allow a universally accepted definition of the term agent. Nonetheless, one of the most widely accepted 

definitions of an agent is provided by (Jennings 2000). According to Jennings, an agent is a software-based computer 

system, situated in some environment, and which is capable of autonomous action in order to meet its design objectives. 

The main agenthood properties emanating from the above definition are the following:  
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 autonomy - agents are actual problem-solving entities, and have (at least some kind of) control over their choice of 

actions and behaviors—i.e., they rely on their own percepts and deliberations for decision making, and are capable 

of processing (and exchanging) information in order to make independent decisions; 

 heterogeneity - the development of autonomous individuals is not disallowed; 

 pro-activeness, re-activeness, social ability, and related notions- agents are able to perceive and respond (act) 

within their environment in order to satisfy their design objectives. Thus, an agent can be regarded as pro-active 

(exhibiting goal-directed behavior) or reactive (responding to percepts in a simple manner); socially able, 

interactive or communicative (being able to share/exchange information with others, and/or act within a given 

social environment); exhibiting bounded rationality (i.e., not having unlimited access to information resources, 

foresight, etc.); can be mobile or fixed within its environment; and can be adaptive, able to alter its state depending 

on previous perceptions (memory), or based in learning—depending on the situation being modeled.  

However, agents can possess other properties and depending on the application, some of their features will be more 

important than others. Thus, the above list is not exhaustive or exclusive. Along with agent behavioral characteristics, the 

structural design of the agent needs to be described. The appropriate structure of the agent depends on the nature of the 

environment modeled. An agent can operate in an environment that has various properties that influence its behavior as 

well as its structural design. Thus, before designing an agent, the first step is to always specify the  environment in which 

it will act as fully as possible. According to Russel and Norvig (2002), agent structures and environments vary along 

several significant dimensions. Agent environments can be organized according to their properties like fully or partially 

observable, i.e. the agent is either able or unable to gather complete information about the environment. When only agent 

actions,  along with the current state of the environment determines its next state, i.e. where there is no environmental 

uncertainty, then an environment is characterized as deterministic or non-deterministic if otherwise. Moreover, an 

environment can be also static (when the agent is the only entity that inflicts changes on the environment); or can be 

dynamic (when changes in the environment take place while the agent is performing an action). Moreover, an 

environment can be discrete when possible environmental states are finite or continuous, when they are otherwise. 

Finally, an environment can be obviously single-agent or multiagent, and the later can be also seen as a competitive or 

cooperative one, depending on the situation.  

A simple case scenario of an ABM environment would be a fully observable, deterministic, static single agent 

environment. Perhaps in such an occasion designing the simplest agent structure could be sufficient, a reactive (or simple 

reflex) agent. These agents select actions based on their current perception of the environment, ignoring previous 

perceptions history. They are based on simple condition-action or if-then-else rules—i.e., providing immediate 

(reflexive) responses to perceptions. Although such an agent design has a low demand on computational power, the 

resulting agents are of very limited sophistication or intelligence. For complex settings, a deliberative or rational (or 

intelligent) agent needs to be designed. Such an agent is able to store previous perception history; use an internal model; 

employ some goal information for its decision making; or use a utility function to evaluate how close to its goal the agent 

is, rather than simply perceive whether a goal has been achieved or not—and then choose an action.  

Agent perception (within a sphere of visibility and influence) and action capabilities determine their interactions with the 

environment and other agents. What is more, when agents interact there is typically some underlying organizational 

context, representing the nature of the relationships among the agents. Moreover, the possibility of specific agent 

interaction topologies might need to be taken into account prior to model design (Macal and North 2009).  

 

Figure 2. Possible agent interaction topologies for a computational ABM (adapted from Macal and North 2009). 



 

The choice of a topology very much depends on the modeler’s needs. In Figure 2a, a grid or lattice interaction topology 

is shown, where an agent can represent either a grid’s cell (cellular automata), or one or more entities situated in that cell. 

Von Neumann or Moore neighborhoods are depicted for the former.
6
 Likewise, a polygonal (employing polylines as 

well) tilling scheme can be used when a realistic GIS map needs to be the environmental framework of the model (Figure 

2b). The ABM’s interaction topology might be represented by a Euclidean 2-D (or even 3-D) continuous space, where 

agents can move and interact within a simple representation of physical space (Figure 2c). Finally, a network interaction 

topology can be used, representing (weighted) connections between the agents, where both directed and undirected 

relationships (links) may exist.  

There are several other common structural conventions seen in most ABM implementations (North 2014). A logging 

mechanism is used to record values within an executing model for later analysis. A scheduler is responsible for 

representing the flow of time in a simulation; it can be a “time stepped” scheduler, where agent actions or events 

(procedure calls) occur in each time (period) increment, or a “discrete event” scheduler when several actions or events 

need to be executed at a specific time (duration). An optional Graphical User Interface (GUI) is also frequently included 

to provide necessary interactivity for the modeler during the implementation, initialization or simulation of the ABM. 

Except from these features, it is also necessary to provide a formal description of any ABM, independent of their 

domain, purpose, complexity, and computer implementation, both for assessing the model design and the dissemination 

of the researcher’s work.  

Formalizing the ABM design 

Building a computational model from an informal theory is not a trivial matter, while formal theories are often too wide 

ranging to be put into computational terms—and so it is necessary to pare them down to a few limited features which 

contain the essence of what is being said. Given this need, the ODD (Overview, Design concepts, Details) protocol was 

developed as a standard format for describing ABMs (Grimm and Railsback 2012).  

ODD provides only a general structure for formulating ABMs. It describes models using a three-part approach involving 

(i) an overview of the model, (ii) important design concepts, and (iii) specific details (Table 1). The model overview 

includes a statement of the model’s intent, a description of the main variables, and a discussion of the agent activities. 

The design concepts include a discussion of the foundations of the model. The details include the initial setup 

configuration, input value definitions, and descriptions of the ABM. 

Table 1. Structure elements of the ODD protocol (adapted from Grimm and Railsback 2012) 

ODD ODD element Questions to be answered 

Overview Purpose What is the purpose of the model? 

 Entities, state variables, and scales What kind of entities are in the model? By what state variables, or 

attributes, are these entities characterized? What are the temporal 

and spatial resolutions and extents of the model? 

 

 Process overview and scheduling Which entities do what, in what order? When are state variables 

updated? How time is modeled (time steps, discrete event, both)? 

 

Design concepts Design concepts There are several design concepts (emergence, adaptation, 

objectives, learning, prediction, sensing, interaction, stochasticity, 

collectives, and observation).How have these concepts been taken 

into account in the model’s design? 

 

Details Initialization What is the initial state or set up of the model? 

 Input data What input does the model use from external sources such as data 

files or other models to represent processes that change over time? 

 

 Submodels What, in detail, are the submodels that represent the processes 

listed in “Process overview and scheduling”? What are the model 

parameters, their dimensions, and reference values? 

                                                 
6
 Note that, although rarely used, a triangular, hexagonal, etc. tessellation can be of use instead of a rectangular one.  



 

Model calibration (or sensitivity analysis), verification, and validation can be part of the ABM methodology. Indeed, 

depending on the case study, a modeler may calibrate an ABM to specific historical cases if there is enough supporting 

data (deductive reasoning), or sweep a range of parameters over several possible scenarios to identify important 

thresholds or reveal tradeoffs and inherent uncertainties. Moreover, ABM simulations can be reproducible (defining 

random seeds for the incorporated pseudo random number sequence generator); but even if they are not, a modeler needs 

to run a high number of simulations and examine average values, rather than using one single run of the model. The true 

power of the ABM approach is that one can rigorously incorporate in the model any recent research findings within any 

given domain (e.g. biology, physics, geography, archaeology, sociology, etc.) This ability brings out the interdisciplinary 

nature of ABMs. Finally, it is absolutely essential that ABMs are run to test whether they are behaving as their modelers 

intended. 

Now that most essential parts of the ABM methodology have been described, we proceed to present several ABM  

examples applied in social sciences, and in particular in archaeological research. 

ABM IN ARCHAEOLOGY: EXAMPLES 

In recent decades, archaeologists have used ABMs to test possible explanations for the rise and fall of simple or complex 

ancient societies. One example of such a system is the study conducted for the region of the Long House Valley in 

Arizona, examining the reasons why there have been periods when the Pueblo people lived in compact villages, while at 

other times they lived in dispersed hamlets (Kohler et al. 2000). Simulation results for thirty different (distinctly 

parameterized) scenarios of a single run each are reported and agents have a simple rather than sophisticated design 

structure, while they do not interact with each other, but act independently. Nevertheless, the ABM results show the 

importance of environmental factors related to water availability for these settlement changes. An extension of the model 

involved the cause of the collapse of the Anasazi civilization/culture, around 1,300 CE in Arizona, USA (Axtell et al. 

2002). Scholars have argued for both a social and an environmental cause (drought) for the collapse of this society. The 

authors refute the hypothesis that environmental factors alone account for the collapse, via simulating individual 

decisions of household agents on a very detailed landscape of the physical conditions of the local environment. 

Another ABM that considers agents that are “utility-based” to some extent, is proposed by Jaansen (2010) for 

understanding how prehistoric societies adapted to the American southwest landscape of their era. Agents correspond to 

households, deciding whether to migrate or not. Interactions in the model, like the sharing of resources among the agents, 

or the exchange of resources among their settlements are to a large extent pre-specified in the system. Moreover, the 

modeling area is not an actual landscape, but rather a flat 20 x 20 grid, and agents cultivate only cells that they are 

currently settling, or the ones they are migrating to where renewable resources can be found (after the agents have 

consumed/exhausted harvests). However, the ABM succeeded in exploring how various assumptions concerning social 

processes affect the population aggregation and size, and the dispersion of settlements. 

Archaeological ABMs can nowadays also make use of available GIS data. Models like the CybErosion framework 

incorporate GIS data and combine them with the modeling of agent actions, to overcome the limitations of existing 

landform evolution models—which use an ABM to simulate the dynamic interactions of people with their landscape, but 

have typically failed to include human actions, or have done so only in a static, scenario-based way (Wainwright, 2000). 

The interactions CybErosion simulates relate to a few main processes of food acquisition (hunting, gathering and basic 

agriculture) in prehistoric communities. Although the ABM’s “goal-based” agents do not interact with each other, they 

can decide at each time-step what action to select (hunt, forage, collect firewood, other activities) based on their stored 

energy and the remaining daylight length. Simulations demonstrate the value of this approach in supporting the 

vulnerability of landform evolution to anthropic pressure, and the limitations of existing models that ignore human and 

animal agency, and which are likely to produce results that are both quantitatively and qualitatively different.  

Graham and Steiner (2006) implemented (in NetLogo) a generic model, TravellerSim, that simulates the actions of 

“traveler” agents, moving over a road network set out from known archaeological site locations within a given region. 

The model tries to explore the growth of territories and site hierarchies from the interactions between settlement agents, 

which are affected by settlement's importance, i.e. the number of hosted traveler agents, and between settlement's 

distance (if within a day’s travel, e.g. around 20km), all competing as destination zones, inspired by an entropy-

maximizing method configuration. Although traveler agents in the model are rather simple decision makers, while 

settlement agents are actually static, representing nodes of a network interaction topology, the results are interpreted 

through graph theory analysis, e.g. (social) network analysis metrics, denoting settlements importance based on the flow 



 

of information (traveler agents), their centrality, degree, and finding isolated sub-networks, characterizing their “role” in 

the simulated area. Moreover, three different map areas were examined, assessing the validity of the ABM.  

MayaSim (Heckbert 2013) is a very recent example of a simulation model integrating an agent-based, cellular automata, 

and network model of the ancient Maya social-ecological system. The purpose of the model is to better understand the 

complex dynamics of social-ecological systems, and to test quantitative indicators of resilience as predictors of system 

sustainability or decline. The ancient Maya civilization is presented as an example. The model examines the relationship 

between population growth, agricultural production, pressure on ecosystem services, forest succession, value of trade, 

and the stability of trade networks. These combine to allow “utility-based” agents, representing Maya settlements, to 

develop and expand within a landscape that changes under climate variation and responds to anthropogenic pressure. 

Agents representing “settlements” (and hence communities rather than individuals) are operating at a really high 

resolution environmental grid of 20 x 20 km cells. The temporal extent comprises of a few hundred time steps, each 

representing roughly two years while population growth rates (constant birth rate at 15%) are set to values that are 

probably quite high considering the time period. Agents may migrate when population levels decrease below a certain 

threshold required to maintain subsistence agriculture, while their utility function combines weighted functions for 

agriculture, ecosystem services, and trade benefit. The latter is affected by agent resource exchanges that occur between 

settlement agents since they are connected via a network of links that represent trade routes. It is assumed that when an 

agent reaches (or drops below) a certain size, it will add routes (or allow routes to degrade) to nearby agents within a 

“Moore neighborhood” (i.e., spatial ties among the agents are created). A larger network produces greater trade benefits, 

and the more central an agent is within the network (centrality), the greater the trade benefits for that individual agent. 

The model was able to reproduce spatial patterns and timelines somewhat analogous to that of the ancient Maya, 

although this proof of concept stage model requires refinement, and additional archaeological data for better calibrations.  

Most multiagent-based simulation models used in archaeology simply do not define agents in the way these are defined 

in AI or MAS research, and do not incorporate truly autonomous, utility-maximizing agents in their models. As observed 

by Drogoul et al. (2003), “agents nowadays constitute a convenient model for representing autonomous entities, but they 

are not themselves autonomous in the resulting implementation of these models”. This is a shame because MAS research 

can provide intuitive understanding for organization and re-organization issues in agent societies, such as how and why 

agent organizations change, and how can system re-organization be achieved dynamically, with minimal interference 

from an external control (the system designer). Such an “automatic/dynamic” re-organization process is referred to as 

“self-organization” (Di Marzo Serugendo et al. 2005). Reorganization may actually be the answer to changes in an 

(artificial) environment of agent societies, if it leads to increased capacity for survival (vitality) or power to live and 

grow (utility); the reorganized instance should perform better in some sense than the original situation, not only for the 

organization but for the agent itself, given the assumption and essential characteristic of agent autonomy in MAS or 

ABM (Jennings 2000; Wooldridge 2002; Russell and Norvig 2002).  

Towards this direction, and in contrast to most existing ABM approaches in archaeology, the authors (Chliaoutakis and 

Chalkiadakis 2014) developed a model of agents that are completely autonomous, can build and maintain complex social 

structures, and can incorporate a self-organizing social organization paradigm. Our model employs a utility-based agent 

design, rather than a simple reactive one. Though inspired by specific case studies, the ABM is generic, can incorporate a 

number of different social organization paradigms and various technologies (e.g., agricultural), and does not aim to prove 

or disprove a specific theory.  

The prototype ABM was developed to study land use, settlement and social organization patterns at a sub region of the 

island of Crete during the Bronze Age. Considering farming to be the main activity for sustaining the early Minoan 

civilization, the ABM evaluates the impact of different social organization models and agricultural strategies on 

population viability and the spatial distribution of settlement locations over a 2000 year period. The artificial ancient 

society of agents evolves in a two dimensional grid. The extent is 20 x 25 km area with a 100 x 100 m cell size resolution 

for the grid space. Various aspects of the model landscape contribute indirectly to an agent’s decision-making process, 

like where to settle and/or cultivate. The input spatial data are derived from modern data and concern the topography, 

which is the modern day Digital Elevation Model (DEM), its slope and known aquifer locations (rivers and springs). 

Modeled agents correspond to households, which are considered to be the main social unit of production for the period, 

each containing a specific number of individuals (household inhabitants). Each household agent resides in a cell within 

the environmental grid, with the cell potentially shared by a number of agents. Adjacent cells occupied by agents make 

up a settlement — and there is at least one occupied cell in a settlement. Each agent cultivates a number of cells located 

next to the settlement. At every yearly time step, household agents first harvest resources located in nearby cells 



 

(corresponding to the fields they are cultivating). They then check whether their harvest (added to any stored resource 

quantities) satisfies their minimum perceived needs. If not, they might ask others for help (depending on the social 

organization behavior in effect), or they might even eventually consider moving to another location or settlement.  

The ABM allows us to explore the use of various technologies that could potentially be used by the agent society, and 

thus test their impact on population size and dispersion (e.g., on the civilization’s viability). In the model’s current 

implementation, it allows the use of two agricultural technologies: intensive farming (“garden” cultivation with hand 

tillage, manuring, weeding, and watering) and extensive cultivation (large-scale tillage by ox-drawn ards). Additionally, 

the ABM attempts to assess the influence of different social organization paradigms on population growth and 

settlement distribution. Importantly, the model allows us to evaluate the social paradigm of agents self-organizing into an 

implicit stratified social structure, and continuously re-adapting the emergent structure, if required. When the self-

organization social paradigm is in use, agents within a settlement continuously re-assess their relations with others, and 

this affects the way resources are ultimately distributed among the community members, leading to “social mobility” in 

their relationships. Such a social paradigm promotes the targeted redistribution of wealth, and is inspired by a recent 

MAS framework for self-organizing agent organizations (Kota 2000). 

The model parameters are based on archaeological studies, but are not biased towards any specific assumption. The 

results of (Chliaoutakis and Chalkiadakis 2014) over a number of different simulation scenarios demonstrate an 

impressive sustainability for settlements adopting a socio-economic organization model based on self-organization; 

while the emerging “stratified” populations (corresponding to “heterarchies” (Schoep and Knappett 2004)), are more 

populous than their egalitarian counterparts (Figure 3). The ABM results provide support for theories proposing the 

existence of different social strata in Early Bronze Age Crete, considering them a pre-requisite for the emergence of the 

complex social structure evident in later periods. 

 

Figure 3. (Left): Agent population size for intensive agriculture over 2000 years with aquifer proximity considered. (Right): 

Settlement location buffers when extensive agriculture is used with no aquifer proximity considered (Chliaoutakis and 

Chalkiadakis 2014).  

Indeed, using ABMs that are built on knowledge derived from archaeological research, but do not attempt to fit their 

results to a specific material culture, allows for the emergence of dynamics for different types of societies in different 

types of landscapes, and can help us derive knowledge of socio-economic and socio-ecological systems that are 

applicable beyond a specific case study. Although several other remarkable ABM simulation examples could have been 

reported, an up-to-date history of ABM simulation approaches in archaeology is thoroughly provided by Lake (2014), 

who notes that while most examples represent certain strands of evolutionary archaeology, explicitly “sociological” 

ABMs remain a challenge. 

CONCLUSIONS 

ABM has become well known in archaeology over the last fifteen years, because it has the ability to reflect the properties 

of the real world, along with their evolution. At the same time, several mechanisms have been observed in nature and 



 

biology and subsequently successfully applied in MAS research, e.g. cellular automata, evolutionary game theory, self-

organization, genetic algorithms and neural networks. Equipping ABMs with such mechanisms lets us address problems 

that concern the emergence of system dynamics, describing how the individual components interact with and respond to 

each other and their environment. The ABM approach in archaeology is a promising tool for exploring the dynamics 

operating within past societies. As Axelrod (1997) notes, ABM simulation can be seen as a “third way of doing science”: 

while induction can be used to find patterns in data, and deduction can be used to find consequences of assumptions, 

agent-based simulation modeling can be used as an instrumental aid to intuition.  
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