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Abstract
This paper charts the progress made since agent-based models (ABMs) of geographical
systems emerged from more aggregative approaches to spatial modeling in the early
1990s. We first set the context by noting that ABM explicitly represent the spatial
system by individual objects, usually people in the social science domain, with
behaviors that we simulate here mainly as decisions about location and movement. Key
issues pertaining to the way in which temporal dynamics characterize these models are
noted and we then pick up the challenges from the review of this field conducted by
Crooks, et al. (2008) some 12 years ago which was also published as a CASA working
paper1. We then define key issues from this past review as pertaining to a series of
questions involving: the rationale for modeling; the way in which theory guides models
and vice versa; how models can be compared; questions of model replication,
experiment, verification and validation; how dynamics are incorporated in models; how
agent behaviors can be simulated; how such ABMs are communicated and
disseminated; and finally the data challenges that still dominate the field. This takes us
to the current challenges emerging from this discussion. Big data, the way it is
generated, and its relevance for ABM is explored with some important caveats as to the
relevance of such data for these models, the way these models might be integrated with
one another and with different genera of models are noted, while new ways of testing
such models through ensemble forecasting and data assimilation are described. The
notion about how we model human behaviors through agents learning in complex
environment is presented and this then suggests that ABM still have enormous promise
for effective simulations of how spatial systems evolve and change.
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1: From Top Down to Bottom-up
The first spatial models at the geographical scale of cities using digital computers were
constructed in the mid-1950s. These models essentially dealt with aggregate
populations, largely because the data available had to be aggregated for purposes of
confidentiality by the agencies involved in their collection but also because the
dominant paradigm widely adopted at the time was based on building models as
parsimonious as possible based on Einstein’s oft-quoted remark from 1933 that
“Everything should be made as simple as possible, but not simpler”. Moreover there was
a sense that generalizing spatial behaviors was easier if data were aggregated thus
implying some deference to the law of large numbers. Modelling temporal dynamics
was difficult because of limitations in the availability of data while it appeared that
geographical systems could best be modelled as though they were in equilibrium, thus
simplifying the quest. Moreover limits on computation were severe and this also
reinforced the need to aggregate.
Two models stood out at the beginning. First the Chicago Area Transportation
Study (CATS) Commission embarked on an ambitious program of urban model
development in 1955 which tied together many aggregate location and flow models that
were being fashioned from applications in social physics and urban economics at that
time (Carroll, 1956; Boyce and Williams, 2015). Second, from an entirely different
perspective, Hagerstrand (1953, 1967) began his work on diffusion that did in fact
introduce temporal dynamics and was predicated at the individual level but for
purposes of empirical demonstration was made operational at a more aggregate scale.
Our purpose for noting these early applications is to reinforce the point that as we have

2

gradually moved towards more disaggregate and dynamic models over the last 50 years
– as we moved to agent-based modelling, this was not because we suddenly discovered
that modelling individual behaviours over time led to models that worked better and
were more relevant to the tasks in hand, but because the constraints on what was
possible began to change. Computers, data and spatial software such as GIS (geographic
information systems) have improved dramatically over the last 50 years but when this
quest began, many researchers did accept that the ultimate goal was to describe
geographical systems at as finer grain as possible, both temporally and in terms of
human behavior at the individual level, but it was simply not possible at the time.
From these early days however, there remain important insights that continue to
dominate agent-based modelling. In particular, the need to ground models in empirical
data through validation is still a major priority in that agent-based models generate
requirements for much more and very different data from the aggregate equilibrium
models of the past. Decision processes that are central to ABMs are hard to observe and
many such models rely on plausible hypotheses concerning spatial behaviour that
cannot be validated in the traditional way. In this sense, ABMs often conflict with our
notions about parsimony, while the emergence of new data at a much greater temporal
frequency – big data –

although appearing to enable us to grapple with spatial

dynamics in a more fundamental way, is often of only superficial relevance. Such data
unlike the conventional censuses conducted less frequently, does not yield easily to the
kinds of patterns and processes that our ABMs often require.
This then is the context for our exploration of future developments in agentbased modelling for geographical systems at the scale of cities and regions that define
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human geography. As we have implied, understanding the causes and consequences of
individual behavior has been an issue that has taxed geographers for the last 50 years.
The development of disaggregate models has always been part of this context but the
development of micro-economic theory of the city in the 1960s as typified in Alonso's
(1964) bid rent model and Hagerstrand's (1967) diffusion model had one central
common intellectual caveat: in order to say something useful about social systems,
analysis had to take place at the aggregate level (Heppenstall et al., 2012a). Any changes
in the system, or interventions to be modeled were simulated from the top-down i.e.
changes were somewhat indiscriminately applied to entire populations, largely because
the fine-grain of spatial and temporal location was lacking. This approach resulted in
spatial systems being essentially reduced to homogeneous units whereby it was
virtually impossible to uncover any new knowledge or insights about emergent
phenomena or the micro dynamics of the city (Batty, 2008).
New forms of 'big' data and methods from machine learning are slowly
beginning to give added insights into the complexity inherent within geographical
systems, and to reveal the importance of individual actions in the evolution of these
systems. This understanding is being reflected in the way that geographical systems are
currently being conceptualized. Instead of large, aggregate models that contain
equations applied to homogeneous groups, recent thinking emphasizes the individual,
in particular their networks and interactions, as being one of the most important factors
that shape social and geographical systems (Batty, 2013). For O'Sullivan et al. (2012),
these interactions and decisions can potentially be seen as the drivers of social systems.
If we can piece together knowledge about who is making these decisions and what
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influences them, we can make significant advances on the previous 50 years of
geographical modeling by being able to both pose and answer important questions
about the causes and consequences of individual behavior patterns. This however has
yet to be fully demonstrated and there are considerable problems in not only observing
relevant data but also in articulating plausible behaviors.
Leveraging this information about individuals and their interactions may
however provide researchers with a clearer understanding about the role that
complexity plays in shaping spatial systems. The definition of a complex system
encompassing heterogeneous subsystems or autonomous entities, which often feature
nonlinear relationships and multiple interactions (An, 2012) is closely aligned to the
description that we would assign to geographical systems. Complexity theory is still in
its early days with progress still required in the “ontological and epistemological
representations” of complexity (An, 2012; Grimm et al., 2005; Manson and O'Sullivan,
2006; Parker et al., 2003). Nevertheless, the merger of concepts from complexity, agentbased modeling (ABM) and big data has the potential to create a new deeper
understanding of the mechanisms powering geographical systems.
To do this we need to use tools that can exploit these new forms of data to create
detailed simulations of the main components and drivers of geographical systems.
Perhaps most importantly, these methods need to be able to simulate behaviors and
interactions at the individual level. The major group of individual-based methods that
has seen a rapid uptake by researchers across the social and geographical sciences in
the past 20 years is agent-based modeling (ABM) (Macal, 2016) which advocates the
representation and simulation of individuals with their own attributes and behaviors.
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By allowing each unique individual to interact, new ideas, information or decision
processes emerge. This approach is known as “bottom-up” modeling i.e. changes at the
individual level can lead to changes, often referred to as emergence, in macro-level
processes. The emphasis within these models on the individual makes it a natural
framework to apply within social and geographical systems. Wallentin (2017) lists four
reasons, drawn from Dieckmann et al. (2000) why individual-based modeling is so
popular: mainly because of (i) computer power, (ii) the definition of an easier way to
construct models rather than through formal mathematical equations, (iii) the
specification of complex system structures that cannot be adequately represented in
traditional models, and (iv) the use of observed phenomena that cannot be reproduced
satisfactorily using traditional models. Its popularity has been cemented by increases in
computer processing power and data storage along with developments in computer
programming languages and easily accessible frameworks that enable rapid
development of models with minimal programming experience.
Agent-based models were first proposed in the early 1990s, and while one of the
first ABMs to be published in a geographical journal was published in Geographical
Analysis by Bura et al. (1996) based on simulating the evolution of settlements, ABM is
now reaching a point of acceptance as a research tool across the geographical and social
sciences (see Polhill et al., 2019 for a discussion). However, there remain significant
methodological challenges in areas of recognizing and simulating emergent phenomena,
agent representation, construction of behavioral rules, calibration and validation (see
Axelrod, 2007; Filatova et al., 2013; Lee et al., 2015; Torrens, 2010). Axelrod (2007)
listed a number of challenges facing the modern agent-based modeler which Crooks et
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al. (2008) extended. These challenges were presented at a time when ABM was
beginning to garner real excitement in the social sciences because of its potential to
simulate individual actions. The increase in individual-level data to enrich such models,
advances in computing power and software development all presented solutions to
some of the original challenges put forward; however while some major questions
remain unresolved, advances in data and computing have brought with them a new set
of challenges.
This paper reviews the challenges to be addressed in developing and advancing
ABM applicable to geographical systems. The first part of the paper will evaluate how
well each of these challenges has been met in the decade since the original publication
by Crooks et al. (2008), before moving in the second part, to critically appraising the
new challenges that changes in the research environment, in particular ‘big data’, has
brought about. Finally, we conclude by looking at potential ways to overcome these
challenges and provide a road map for future research using GIS in ABM and in the
models themselves.

2: Challenges From The Past
2.1: The Rationale for Modeling
In the early days of computer modeling, the first urban models were built to test the
impacts of policies rather than to advance scientific understanding per se (Batty,
2008).The underlying notion was that, given a good theory, a model could be
constructed which would then be validated and, if acceptable, implemented within
policy-making (Batty, 1976). This notion has been relaxed over the last two decades,
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and models are now built to explore all stages of the theory–practice continuum (not
just for prediction). This is especially the case for agent-based models, which range
from exploratory to the predictive (see Epstein, 2008; Parker et al., 2001). However, a
model is only useful for the purposes for which it is constructed, and thus modelers
need to be explicit about this and use appropriate verification and validation strategies.
For example, if the purpose of the model is for the discovery of new relationships, as
illustrated by Filatova et al. (2009) in their exploration of the evolution of land markets,
the validation strategy might be a theoretical comparison of price gradients. If the
purpose of the model, however, is to predict individual movement, as in the case of
Crooks et al. (2015), one needs to consider quantitative goodness-of-fit measures, for
example comparing the output from the individual interactions against aggregated data
collected from the real world.

2.2: Theory and Models
One goal of theory is to make the world understandable by finding the right level of
abstraction (or simplification; see Miller and Page, 2007). Traditionally in the social
sciences, the role of a model has been to translate a theory into a form whereby it could
be tested, manipulated and refined. However, with agent-based models (along with
computational modeling more generally) models are now often used to develop theory
(Axelrod, 2007). That is not to say that agent-based models are theoretically agonistic.
There have been several attempts to operationalize existing theories (e.g. Diappi and
Bolchi’s (2008) attempt at growing Smith’s (1979) rent gap theory from the bottom up
with respect to gentrification) or to test existing theories (e.g. Pires and Crooks, 2016)
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or to relax some of the restrictive assumptions of past theories (e.g. adding dynamics
and heterogeneous agents to general equilibrium in economic theory; Gintis, 2007).
However, a review by Groeneveld et al. (2017) found that out of 134 agent-based
models of land use they reviewed, only 51 made use of existing theory (the most
common being expected utility theory) with respect to agent-based decision-making
(which we will return to below). From a more pragmatic point of view, especially from a
social sciences perspective, the challenge also relates to which of the many social
theories should be tested for it has been noted that for complex systems, such theories
might not encompass all important aspects (see Schlüter et al., 2017, for examples).
While we do not oppose changing the role of models and theory, the challenge with this
shift is that in many agent-based models, the theoretical implications of the model
remain implicit and hidden behind many ad hoc assumptions which are often poorly
articulated.

2.3: Inter-model Comparison
While a growing number of models are being developed for particular applications,
these tend to be based on case studies, one-off models or on proofs of concept (Bell et
al., 2015; Filatova et al., 2013; O’Sullivan et al., 2016). However there is little in the way
of inter-model comparison such as is seen in other areas. Take, for instance, models in
the climate science community such as the Community Ice Sheet Model and intercomparison exercises based on the same initial conditions (e.g. Ice Sheet Model
Intercomparison Project; see Nowicki et al., 2016). From an ABM perspective, we are a
long way from this. Efforts are being made to compare different models applied to the
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same phenomena such as the spread of malaria (Ferris et al., 2015), Ebola (Chowell et
al., 2017); or common features of models exploring the same phenomena such as
growth along frontier regions (Parker et al., 2008b) and slum development (Roy et al.,
2014) in order to find out what constitutes the must-have features of models exploring
similar issues. However, there are no centralized ABM repositories that pool together
knowledge, code and data. For this to happen, significant community buy-in would be
needed. This in itself is a challenge as agent-based models are being developed across
multiple scientific fields and are often developed for specific purposes. Integration of
different ABM types and styles is thus an urgent requirement.
Moreover, most modelers do not compare their model to other models (agentbased and other models) that are exploring the same phenomena. Furthermore, unlike
in the geospatial realm (e.g. http://www.opengeospatial.org/standards/cdb), there is
no standard model or protocol on what constitutes an agent or the decision-making
processes that are associated with it. There have been efforts to establish a common
framework or protocol for simulation models, often in more specific domains, such as
land use, land cover and land markets (Parker et al., 2008a), and socio-ecological
systems (Schlüter et al., 2017). However, they serve more as a general guideline for
model design and behavioral rules than a protocol that can be easily implemented in the
actual model. As a result, although acknowledged by the community, these protocols
have not been widely adopted by other modelers so far. It is therefore often left to the
model developer and the research question being asked to develop the definition of an
agent, which further exacerbates the lack of standard practices in developing agentbased models (a point that is further addressed below). Perhaps the ABM community
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could take inspiration from the open source R and Python communities where packages
are shared and widely used, but this would require modelers to choose specific
platforms which also have their drawbacks.

2.4: Replication and Experiment
Replication is one of the main principles of the scientific method. However, this is rarely
done or is difficult to achieve in the sciences due to the difficulties in controlling all the
variables that pertain to a particular situation (see for example Baker, 2016). We see
this also for agent-based models which have multiple parameters, methods and
contexts. It is often impossible to outline the entire logic of such a model in a single
paper (due to space constraints) but efforts have been made in this area with attempts
at designing ontologies and protocols for providing a more detailed model description
and aide comparison. These include the ODD (Overview, Design concepts and Details)
protocol by Grimm et al. (2006), the ODD+D (+Decisions) protocol of Müller et al.
(2013) and more recently Laatabi et al. (2018) extension of ODD+2D (+Decisions and
+Data), and the use of UML (Universal Modeling Language) (Bersini, 2012) when
documenting key model processes. But the use of such standards is still not the norm
for many agent-based modelers. We would also argue that to aide replication and
experimentation modelers should consider sharing their models and data. This is
because the computational model is the full specification of the theory that the model is
built upon and without the codebase (and supporting material), it may be difficult to
understand, replicate or experiment with. Thankfully, there are efforts to share and
make code and data available such as CoMSES.Net (see https://www.comses.net/).
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However, as noted by An et al. (2014), code is often only understandable by other
modelers and even this can be problematic if it is badly written and poorly documented.
It is only through such activities that we can replicate and experiment with agent-based
models. Similar efforts with respect to reproducibility of results are also being called on
in the geocomputation community more generally (see Brunsdon and Singleton, 2015;
Harris et al., 2017).

2.5: Verification and Validation
Verification and validation are challenges for all models that are tested empirically but
verification is required if we are to address the challenge of replication and
experimentation. To do this, we need to ensure that the formal logic of the computer
program behaves as expected, which is an aspect that is often taken for granted.
Researchers should document steps taken (e.g. through code walk-throughs and
parameter testing) to verify the model.
As we noted at the onset, validation remains one of the biggest challenges (e.g.
Batty and Torrens, 2005; Filatova et al., 2013). How can we rigorously evaluate how
well the model matches the real-world system it is attempting to simulate? From a
geographical perspective, Torrens (2010) notes that this is problematic because the
discipline has few techniques for analyzing individual agents in complex systems. The
type of statistics and the form of sensitivity analysis that should be used is an issue that
has dominated the literature on models of land-use in the land-cover community, for
example (Filatova et al., 2013; Pontius et al., 2008). Mandelbrot (1983) argues that good
models which generate spatial or physical predictions that can be mapped or visualized
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must ‘look right’. Axelrod (2007) suggests that to understand the output of an agentbased model, it is often necessary to evaluate the details of a specific simulation
‘history’, and this too is usually a qualitative matter. In contrast, researchers such as
Axtell and Epstein (1994) see the validation of models on a scale from qualitative to
quantitative, with the highest validation being for a model that attains quantitative
agreements with both the emergent macro-structures and an individual agent’s microbehavior.
This challenge sets ABM aside from other traditional forms of modeling. Agentbased models embrace heterogeneous systems that evolve over time, where the
linkages between dependent and independent variables are difficult, if not impossible,
to observe due to their rich model structure (Batty and Torrens, 2005). Finding
appropriately rich and detailed data to validate such systems is difficult and we cannot
simply assume that as data gets richer and more widely available from various types of
sensors, that agent-based modeling will become any easier.

2.6: Agent Representation, Aggregation and Dynamics
Agents can be represented at a variety of levels (individuals, households, etc.) with their
dynamics operating at very different temporal and spatial scales (e.g. from seconds to
years). However, little attention has been paid to the selection of these representations
or dynamics. Normally modelers choose the agent, representation, dynamics, etc. to
meet their research needs. And while it might be easy to assign rules and behaviors to
individuals, there is little discussion on how we aggregate these rules and behaviors
from the individual level to, say, groups or higher aggregations of agents. With
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aggregations we lose details, the difficult question being around knowing what details
we should lose.
Another issue is how many agents and how many attributes for each agent we
should account for. Agent-based modelers often use a sample population, but sampling
is not yet a well-developed art in ABM. This representation also raises questions about
what are the most appropriate methods for agents to communicate with each other (i.e.
via Moore or von Neumann neighborhoods or on social networks). These questions are
not new (see, for example, Cioffi-Revilla, 2002) but modelers need to be more explicit
with respect to agent representations, why they chose specific spatial and temporal
scales, and what data exists to support their assumptions and validate their outcomes.

2.7: Behavior
The role of theory and the representation of agents are both linked to the actions and
the behavior that is embedded within agents. There are several approaches that
researchers use to incorporate human behavior in agent-based models These range
from mathematical or threshold calculations which tend to be the most common for
agent-based models (e.g. Epstein and Axtell, 1996) to those that use conceptual
cognitive frameworks (e.g. such as PECS framework (Physical conditions, Emotional
states, Cognitive capabilities and Social status, Schmidt, 2000; Urban, 2000) which has
been used to study crime and conflict (e.g. Malleson et al., 2010; Pires and Crooks, 2017)
and the Beliefs–Desires–Intentions (BDI) modeling framework (Bratman et al., 1988;
Rao and Georgeff, 1991). This architecture has been used in several areas including air
traffic management systems (Rao and Georgeff, 1995), simulations of geopolitical
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conflicts (Taylor et al., 2004), and land-use planning (Caillou et al., 2015). These
conceptual cognitive frameworks and mathematical approaches for representing
behavior can both be considered as rule-based systems and are often applied to tens of
millions of agents. The third approach, that involving cognitive architectures (e.g. Soar
(Laird, 2012) and ACT-R (Anderson and Lebiere, 1998)) focus on the abstract or
theoretical cognition of one agent at a time with a strong emphasis on artificial
intelligence compared to the other two approaches and these are not yet capable of
extension to the study of large geographical systems..
A criticism that can be leveled here is that modelers do not consider the use of
alternative behavioral frameworks or describe in detail why one was chosen over
another (see also An, 2012; Balke and Gilbert, 2014; Filatova et al., 2013; Groeneveld et
al., 2017; Schlüter et al., 2017). There is a growing call to improve our understanding of
cognition in human environmental interactions (Manley and Cheng, 2018; Meyfroidt,
2013) and how best to incorporate human decision-making and behavior in models (e.g.
Balke and Gilbert, 2014). Moreover, many researchers have noted that models looking
at decision-making do a poor job of describing the decision-making of their agents, and
once developed and published are not reused (e.g. Bell et al., 2015; Groeneveld et al.,
2017).
This could be related to the fact that human behavior is still not well understood.
Most modelers are still developing their own agent-based models in their own
disciplinary silos, and there is still very little in the way of standardization or
comparison. This is beginning to change with the appearance of frame- works such as
ODD + D (Müller et al., 2013) and the Modeling Human Behavior (Schlüter et al., 2017)
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framework. These frameworks attempt to provide a means for communicating and
comparing different theories of individual human decision-making. This echoes other
calls to publish more detail on decision models to allow for reuse (e.g. Bell et al., 2015;
Groeneveld et al., 2017) through such initiatives as CoMSES.Net. Efforts are being made
to develop cognitive frameworks within modeling packages – see for example, the BDI
framework in MATSims (Horni et al., 2016) or GAMA (Taillandier et al., 2019) – but this
is still rare and not seen in other toolkits/software. The development of standard tools
for coding human behavior into cognitive frameworks does not seem unreasonable and
would improve the realism within agent-based models.
Another challenge with decision-making is how to enable agents to learn from
past experiences, especially those which might impact their future decision-making
(Filatova et al., 2013; Groeneveld et al., 2017). Most agent-based models do not
explicitly incorporate learning or memory within their decision-making processes (e.g.
Benenson and Hatna, 2011; Magliocca et al., 2011). Notable examples include Bennett
and Tang’s (2006) elk migration model using evolutionary algorithms, Power’s (2009)
citizen cooperation model, Bone’s et al.’s (2011) land-use change model which uses
reinforcement learning, and Bone and Dragićević’s (2010) natural resource extraction
model where agents’ decision-making evolves over time and is based on past
experiences.
However, efforts are needed not only in describing how agents make decisions
or in the creation of protocols around sharing models, but also for building good highfidelity models of human behavior and interaction (Weinberger, 2011). Perhaps data
will shed light on this issue, specifically how new sources of data provide new ways to
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explore how people perceive, use and react to events in the spaces around them.
Advances are being made with respect to machine learning and pattern recognition that
could add help extract more relevant patterns of human behavior, but we also need to
think carefully about how such data can be interpreted in meaningful and intuitive
ways.

2.8: Sharing and Dissemination of the Model
The last challenge identified by Crooks et al. (2008) involves how we might
communicate and share agent-based models with fellow researchers and policy-makers.
Traditionally models have been based on the development of intensive and allpervasive computation, and communicating models was mainly through discussion,
simplification and visualization, and through pedagogy in all its various forms (Batty,
1992). Agent-based models can be overtly visual, and through such visualizations one
can convey the behavior of the model clearly and quickly over time (Kornhauser et al.,
2009). This notion is supported by North and Macal (2007, p. 280) who write that
‘visualization is one of the most effective ways to present key model information to
decision-makers’. Two- and three-dimensional visualizations of agent-based and cellular
automata models are commonplace, particularly through the animation of spatial model
results of land-use change (Clarke et al., 2006; Tobler, 1970) which allows users to see
the dynamic recognizable behavior in model results, rather than just exploring models
through data and statistics. However, further efforts still need to be made in sharing the
underlying modeling processes and activities through frameworks such as the
aforementioned ODD and UML diagrams.
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However, if we are really to utilize agent-based models in policy decisions we
need to directly involve stakeholders in the research. As Gilbert et al. (2002) note: ‘it is
frequently the case that policy-makers dismiss academic research as too theoretical,
unrelated to the actual problems they are wrestling with, or in other ways irrelevant to
their concerns’. One way of circumnavigating this issue is to explore participatory
modeling or companion modeling (Barreteau et al., 2003; Étienne, 2014) which directly
involves stakeholders in the modeling processes, including role-playing games to
develop and validate model rules, thereby keeping the whole process transparent
(Barreteau et al., 2001). While such approaches have been around for over two decades,
they have not been widely adopted by the modeling community, but there is increasing
evidence of these approaches being used in resource management and urban planning
(e.g. Etienne, 2003; Le Page et al., 2015; Semboloni et al., 2004).
Another way of sharing and disseminating models is simply by taking advantage
of the internet – not only in disseminating models, but also by allowing users to access,
run and explore models in their own browsers. While running agent-based models in
real time can be a challenge, especially for complex models which require substantial
computational resources, for simple models one can easily use web browsers to
disseminate their operation and outcomes. For example, NetLogo provides functionality
for models to be run over the web (see https://www. netlogoweb.org/), while
Agentscript which is loosely based on NetLogo semantics (http://agentscript.org/) uses
JavaScript for simple agent- based models which can be deployed over the web. There
have been attempts to share and disseminate models in virtual worlds such as
SecondLife and video game engines such as Unreal and Crysis (e.g. Crooks et al., 2011).
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2.9: Data Challenges
Agent-based models are all about the individual, and akin to all modeling techniques,
large quantities of data are required to create models that can robustly test theories, recreate processes and dynamics and make conditional predictions about the future.
Despite the data deluge that we are now experiencing in the wake of the big data
movement, there is still a lack of high-quality, linked individual-level data. However,
progress is being made here: researchers are increasingly using established approaches
such as microsimulation to generate synthetic populations (see Birkin and Wu (2012)
for a review) or examine how the demographics of a population impacts agents’
behaviors, an area that is referred to as agent-based computational demography (see
Billari and Fürnkranz-Prskawetz, 2003). This is an important next step, but work is also
needed to connect these synthetic populations to realistic social networks (Burger et al.,
2017; Wise, 2014), grounded in observed data (such as average group sizes, number of
connections) which can be gained from anthropological and psychological studies (e.g.
Dunbar and Spoors, 1995), or from new sources of data (e.g. social media, mobile
phones). These enable us to understand the connections and ties between people or to
test whether or not findings from previous studies in the social sciences are applicable
to larger case studies. For example, Dunbar (1998) proposed that humans can maintain
around 150 stable face-to-face relationships based on his own observations and the
advent of new data means that we have the opportunity to test this observation at scale.
Researchers have begun to do this; for example, Dunbar et al. (2015) found that online
social networks (e.g. Facebook) had similar structures to offline face-to-face networks,
while MacCarron et al. (2016) found similar trends with mobile phone data.
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Using spatial data for building the artificial worlds in which our agents operate is
quite straightforward. However, if we are to reuse models or to build new ones,
improved methods are needed for reading data into models for model initialization.
Within the literature, there is little discussion about the difficulties with and timeconsuming nature of preparing data for input into the models (data cleaning,
formatting, etc.), limiting such models with respect to rapid prototyping. In addition,
there are multiple types of data involved. Many geographically explicit models use both
raster and vector data and in some instances will also require networked data (i.e.
social connections) in the form of graphs. Furthermore, many applications note that one
of the major limitations of their models is lack of fine-scale behavioral (and movement)
data sets (e.g. Batty et al., 2003; Torrens, 2014). For example, it is extremely difficult to
get data about slum locations (Mahabir et al., 2018), population information and social
connections between inhabitants of a city, along with the current ‘mood’ of the
population. Advances with open source libraries like the Python packages of Shapely
(https://pypi.python.org/pypi/Shapely) and Geopandas (http://geopandas.org/) make
manipulating data and formatting it for use with models easier, but there is still a
significant amount of time needed to prepare data for initializing a model for a new
area. Scripting such procedures would also help make them applicable to new areas
along with the use of standard data formats (e.g. ESRI shapefiles) but in general,
newcomers to the field of agent-based modeling struggle to get data into models, given
limited hands-on training or the lack of available tutorials (Taillandier et al., 2019).
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3: Looking Ahead
In this section, we will now turn to the opportunities that lie ahead for agent-based
modeling and geographical systems, especially as computing power, storage capacity
and data volumes and type increase. As Torrens (2010) notes, ABM promotes spatial
thinking in the sciences where such models have been fused with GIS to study a diverse
range applications, including agriculture (e.g. Deadman et al., 2004), avalanches (e.g.
Kronholm and Birkeland, 2005), criminology (e.g. Malleson et al., 2010), epidemiology
(e.g. Shook and Wang, 2015), economics (e.g. Bert et al., 2015), geomorphology (e.g.
Favis-Mortlock, 2013), gentrification (O'Sullivan, 2001), housing markets (e.g. Torrens
and Nara, 2007), invasive species (Anderson and Dragićević, 2018), natural hazards
(e.g. Dawson et al., 2011), urban growth (e.g. Xie et al., 2007; Xie and Fan, 2014), urban
shrinkage (e.g. Haase et al., 2010), the rise of cities and regions (e.g. Pumain, 2012),
slums (e.g. Augustijn-Beckers et al., 2011) and traffic models (e.g. Horni et al., 2016).
The list is long and detailed and is by no means complete but it serves to show how
ABM has many diverse applications to geographical systems. By utilizing GIS, we can
initialize agent-based models to real-world locations and provide spatial methods for
relating these objects (agents) based on their proximity, intersection, adjacency or
visibility to each other.

3.1: Big Data and Agent-Based Modeling
The majority of published applications use more ‘traditional’ data types. This partly due
to the fact that modelers are more comfortable manipulating traditional sources of data
(e.g. census data; see Robinson et al., 2007) than mining new forms of data, but it is also
due to the limits posed by new sources of data that are often unstructured and thus
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unsuited for ABM or are too noisy, biased or inaccurate. Nevertheless it is clear that the
rise of big data represents a significant opportunity for agent-based modeling. New
forms of data provide us with new avenues through which to explore how people
perceive, use and react to events in the spaces around them, and there is some potential
to incorporate these observations into our models in near real time. Moreover, many of
these sources of data allow us to examine the connections between people,
organizations and space, thus offering a new perspective with which to construct
artificial worlds, build environmental layers and derive behaviors that motivate agents
to make certain choices and take certain actions. It is clear that big data is making, and
will continue to make, a considerable impact on future agent-based modeling but as yet,
the application of ABM does not make a strong distinction between different types of
temporal detail and thus a whole range of applications to the near real-time city
beckons.
By building agent-based models with information obtained from big data, we can
simulate society across many application areas in terms of who the agents are, where
they are located (or where the study area is), what they are doing or what they are
responding to, and why this might be the case. For example, there is a growing amount
of work on exploring how crowdsourced data can be utilized to aid humanitarian relief
efforts after natural disasters or disease outbreaks including the Humanitarian
OpenStreetMap Team and Ushahidi (see Hu et al., 2017; Meier, 2015, for more
information). One of the most notable and early examples was after the 2010 magnitude
7 earthquake in Haiti that killed 230,000 people and left 1.6 million people homeless.
Volunteers mapped the devastation and provided a near real-time map of the current

22

situation on the ground. Crooks and Wise (2013) utilized such information as the
foundation for their agent-based model of post- disaster relief operations over a span of
a week. Specifically, they explored the placement of relief centers and how the affected
population might get to the aid centers based on the level of devastation seen on the
ground, and agents utilized the road network for navigation which was sourced from
OpenStreetMap. Spatial data can act as a basis for the artificial world (a base map, so to
speak) that agents can inhabit. Crowdsourced data gives a unique insight into refugee
camps allowing the exploration of diseases spreading or the outbreaks of riots to be
examined at a detailed spatial scale (see Crooks and Hailegiorgis, 2014; Pires and
Crooks, 2017).
Other researchers, such as Malleson and Birkin (2012) and Lovelace et al. (2016)
have started using social media to explore how people move through space. From
mining such data they were able to derive information to classify individual behaviors
and begin to develop models of that explored behavior through space and time that can
ultimately be used to model travel-to-work patterns or similar activities.
Building on such movement analysis from social media and OpenStreetMap to
build artificial worlds, Wise (2014) created synthetic populations of agents and mined
social media to define people’s moods (sentiment) during a wildfire event and
subsequent evacuation in Waldo Canyon, Colorado Springs, in 2012. Using tweets
harvested during the event, Wise (2014) first manually classified a number of tweets as
of positive, negative, or neutral sentiment with respect to the wildfire. Once this training
data set was created the remainder of the tweets were analyzed to derive the sentiment
of all the remaining tweets during the event using the AFINN lexicon (dictionary)
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(Nielsen, 2011). The results of this demonstrated where the peak of Twitter activity
corresponded to the peak of the wildfire. This social media data set was directly used to
inform agent-based decision-making. For example, if one of the agents (i.e. a Colorado
Springs resident) knew that the fire was nearby, this information was passed along
their social network to other agents who then decided whether to evacuate or not. The
movement (evacuation) patterns were then validated using congestion data that was
again harvested from the crowd (in this case images and news reports).
The examples above offer a snapshot of the potential of using big data for
building agent-based models focusing on who (the agents were), where (agents located
in space and time), what (the phenomena was being modeled) and why (agents make
decisions the way they do). However, these applications focus on relatively short time
frames (from hours to weeks), while traditionally models of the low frequency/fidelity
geographical systems have tended to focus on years and decades. Here agents are
constantly interacting with each other and their environment at finer spatial and
temporal scales than more traditional models. It is in this sense that agent-based
modeling is focusing on understanding the bottom-up mechanisms that make use of the
physical and social infrastructure to drive the complex systems. To some extent big
data, especially that coming from social media, is also generated through a bottom-up
approach and offers a valuable means of exploring cities. The data is dynamic,
immediate, and relates to how people interact in space and time.
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3.2: Model Integration
While there has been a proliferation of agent-based models, many of these tend to look
at only one aspect of a geographical system. Such models can range from the small-scale
movement of pedestrians to the spread of diseases or the growth of slums. One reason
for this piecemeal approach at looking at geographical systems is limited computational
power and the availability of fine-scale data on which to base individual behaviors. This
is now changing. In the past geographically explicit models were limited to small
numbers of agents (due to computational and data constraints), but with the growth in
computational power and data availability one can simulate millions or more of agents.
But if we are to address larger societal issues (e.g. climate change, urban change), these
individual models will need to be integrated as each just reflects at one part of the
bigger geographical puzzle.
However, to date there are no geographically explicit agent-based models that
simulate a city in its entirety. The challenge is that many models focus on just one
aspect (or subsystem) of city life (e.g. travel to work, residential location, the spread of
disease, the economy) and treat other urban processes or subsystems as exogenous
variables, ignoring the fact that all processes within cities are intricately linked. For
example, transportation impacts residential locational decisions or how one navigates
around cities. While this piecemeal approach to examining cities is useful, to truly
understand cities we need to view them as ‘systems of systems’. Returning to the notion
of complexity, we can view cities as hierarchical and composed of interrelated
subsystems (parts within parts) in which each subsystem is interdependent but
connected to many other subsystems. Such subsystems may plausibly be thought of as

25

self-organizing. In economics, for example, national and global markets evolve from
locally interacting agents all pursuing their own goals. At a city level, one could consider
town centers or sub-centers as system structures. If we look at the connections between
these elements we have a hierarchy, echoing ideas about systems that are neardecomposability (Simon, 1969; 1996): here a system (the city) has subsystem
components interacting among themselves ‘in clusters or subgraphs, and interactions
among subsystems being relatively weaker or fewer but not negligible’ (Cioffi-Revilla,
2017). But it is not just the town centers and other elements that are connected but also
urban processes and this mirrors the sort of complexity that pertains to city systems,
thus making comprehensive ABMs for cities in their entirety hard to articulate and
construct

This systems approach to understanding cities is not new and goes back to the first
urban models (Batty, 2013). For example Christaller’s (1933) central place theory noted
the hierarchical structures of villages, towns and cities. Simon (1969; 1996) argues that
hierarchy is a fundamental property of how a complex system holds itself together,
while Batty (2013) notes that “hierarchical organization from the bottom-up is essential
for evolving systems and that hierarchical structures are the way nature and society
develop robust and resilient structures” (Batty, 2013). However, these subsystems do
not operate in isolation. In the short term, they might appear to be independent of the
rest of the larger system, but in the long run they are indeed dependent on the
aggregate system behavior. As Lippe et al. (2019), writes, “T(t)here is a need for ABM to
cross

the

gap

between

micro-scale

actors
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and

larger-scale

environmental,

infrastructural and political systems in a way that allows realistic spatial and temporal
phenomena to emerge”. For example, most traffic models just explore traffic, while
residential location models do not take into account the impact of traffic congestion on
residential decisions (Wise et al., 2017).
To model a city or selected subsystems, we need to combine/integrate smaller
models. Perhaps the best approach is through model integration and coupling. The
coupling of various models has been common in more traditional modeling domains,
especially in land-use–transport interaction (LUTI) models whose purpose tends to be
to test new transportation schemes and/or new land-use developments and their
impacts. One example of an extended LUTI model is the integrated assessment model by
Walsh et al. (2011) designed to explore urban sustainability in the context of climate
change. This framework couples various models together (e.g. a regional economic
input-output model, an employment, population and land-use model, a GIS model, and a
flood model) to explore climate impacts, adaptation options and greenhouse gas
emissions. Such coupling of agent-based models with others is still in its infancy but is
being discussed (e.g. Kettler and Lautenschlager, 2017; Taylor et al., 2004), and we
would expect this hybrid form of modeling to continue in the future, mixing and
matching the best from many different simulation frameworks which reflect different
styles of model.
The integration of different modeling styles (e.g. microsimulation, system
dynamics) as opposed to straightforward coupling, should be considered as the choice
of modeling approach depends on the purpose and needs of the research (MartinezMoyano and Macal, 2016). For example, agent-based models are good for modeling
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problems that lack central coordination (Macy and Willer, 2002) and where emergence
is key. If emergence is not central to the problem, other approaches might be more
suitable, for example, loosely coupling agent-based models of evacuation with flood-risk
models to understand and predict the impact of such an event (e.g. Dawson et al., 2011;
Wang et al., 2016), or combining a computational fluid dynamics model of a
contaminant plume and an agent-based model of movement to explore evacuation
design and exposure risks (Epstein et al., 2011). MATSims has been linked to a discrete
choice model of residential location (Ziemke et al., 2016), while Park et al. (2017)
coupled an agent-based infection model to the Global Change Assessment Model to
explore corn production. North et al. (2015) combined a system dynamics energy
security model with an agent-based conflict model to explore how changes in oil prices
could impact a fragile nation. Finally, Bert et al. (2015) integrated a land rental market
with an agent-based agricultural model to explore land-use change in Argentina.
Note that we are not the first to consider this issue (see, for example, Heppenstall
et al., 2012b). O’Sullivan et al. (2016) also notes that agent-based models should be
integrated as many models can capture complicated patterns and processes, or different
modeling styles should at least be compared in the same research domain. However, if
we are to merge models, we need to consider what are the appropriate spatial (e.g.
centimeters, meters, kilometers) and temporal scales (e.g. seconds, hours, years) and
behavioral processes associated with the actors in each of these subsystems. This poses
a significant challenge with respect to capturing behavioral processes over such diverse
spatial and temporal ranges. Any urban model or model component must account for
these dynamic characteristics in time, space and behavior. We should also be cautious
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with model integration; the first generation of urban models attempted to capture too
many details in some of their parts and too few in others and were criticized for being
too complicated and data-intensive, ironically at a time when data and computational
power were highly limited (Lee, 1973).
One major stumbling block with model integration is that, despite advances in
computing power, the integration of numerous large, complicated models will continue
to be extremely difficult to run in reasonable amounts of computer time. There are
methods for scaling agent-based models such as distributed computing (e.g. DMASON;
Cordasco et al., 2013) using cloud based servers or using high-performance computing
(e.g. Repast HPC; Collier and North, 2013), but these are still very much under
development. There are a growing number of companies specializing in scaling agentbased models such as Improbable’s (https://improbable.io/) SpatialOS or Sandtable’s
Sandpipr cloud platform (https://www.sandtable.com/) which have the potential to
offer solutions to these problems but it is early days yet and our experience with such
cloud-based computing and ABM is limited.
For model integration to become a standard part of the agent-based modeling
community, more formal protocols are required for model communication. Some
progress is being made in this area; for example, NetLogo has an extension called
LevelSpace (Hjorth et al., 2015) which allows one to run an arbitrary number of
concurrent NetLogo models simultaneously which can communicate with each other.
For example, a model of human population growth could be tied to a model of food
production which in turn could be linked to a climate model. Each one of these models
can potentially influence each other; for example, as the population grows there is more
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demand for food, and the crop model might need a certain temperature or amount of
rainfall, which could be input from the weather model.
We also see linking various subsystems as a rich vein of future work. The future
of this area will be characterized by big data powering complex agent-based models for
large-scale simulations. Moreover, it is only through model integration that we might be
able to provide potential solutions for the series of grand societal challenges such as
urban growth, climate change, security and sustainability, aging, migration and the
diversity of health issues that now dominate contemporary society.

3.3: Uncertainty and Ensembles
As the agent-based modeling method matures, there are opportunities to begin to adapt
useful methods from longer-established fields in order to improve its rigor. One
example of this is with respect to how agent-based models deal with uncertainty.
Uncertainty can arise in models through noise in the input data that are used to
parameterize the model or because the model rules themselves are poorly specified (i.e.
the model does not adequately represent the target system). Other fields, particularly
the environmental sciences such as meteorology and hydrology, have decades of
experience in developing methods to quantify and manage uncertainty.
One of these is ensemble modeling. An ‘ensemble’ is a group of models that are
run simultaneously. As the models are probabilistic, they naturally diverge during the
course of a simulation. By analyzing the range of model results across an ensemble of
models, it is possible to begin to better understand how uncertain the outputs are. For
example, if most models are broadly in agreement with respect to a particular result,
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then it is possible to be reasonably certain that that result is a likely outcome. In the
cases where the models in the ensemble are in disagreement about a result, then there
is more uncertainty. This has serious implications for any conclusions that are drawn
from the results and so more rigorous treatment of uncertainty has the potential to
improve the trust that others (including policy-makers) can have in the results of an
agent-based model. By presenting results from models alongside their uncertainty,
modelers have an opportunity to more rigorously represent the reliability of their
predictions. People are generally appreciative of the uncertainty associated with, for
example, weather forecasts (‘there is a 40% chance of rain today’) so should be
comfortable with the uncertainty generated by an ensemble of agent-based models.
3.4: Data Assimilation
Another useful innovation from the physical sciences that agent-based models could
adapt is data assimilation. As already discussed, models of complex systems often
diverge rapidly from some initial starting conditions. One way to prevent this would be
to occasionally incorporate up-to-date data and adjust the state of the model
accordingly. ‘Data assimilation’ refers to a suit of techniques that allow new
observations from the real world to be incorporated into models (Lewis et al., 2006).
Many of the most commonly used data assimilation techniques use large numbers of
simultaneous models so there is a large overlap with ensemble modeling.
Although there are similarities, data assimilation is quite different to typical
agent-based parameter estimation (and also calibration). Parameter optimization does
not consider the state of the model during runtime. To determine optimal parameter
values, algorithms assess the fitness of a model (i.e. how similar it is to some real data)
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once a simulation has finished. Even when optimal model parameters have been found,
there is usually a degree of uncertainty in the model (agent decisions are usually
probabilistic) so divergence will still be a problem. Rather than finding optimal
parameter values (although they can do this as well) data assimilation techniques adapt
the state of the model itself to try to bring it towards observational data. The techniques
themselves have largely evolved in fields such as meteorology (i.e. to incorporate up-todate environmental data into weather forecasts), and it is not clear whether they are
appropriate for use in agent-based modeling. Some have begun to explore this area
(Wang and Hu, 2015; Ward et al., 2016) but only with the simplest agent-based models.
The marriage of data assimilation methods and agent-based models could be
transformative for the ways that some systems (e.g. ‘smart’ cities) are modeled.

3.5: Learning Agents
Despite advances in our field, many of the models we create to represent human
behavior are simplistic at their core. It is common to see assumptions of optimality, be it
cost, time, or distance, and omniscience at the heart of simulation, and intrinsic within
this is the assertion that this provides an adequate representation of human behavior
and knowledge. Yet both intuitively and academically we know this not to be true –
years of research in psychology and geography have identified a range of biases and
limitations in human abilities that inevitably lie at the heart of the systems we seek to
replicate (Gigerenzer and Selten, 2002; Simon, 1972).
Modelers are not without methods to describe these behaviors. Various
behavioral models and frameworks address some of these components, and new forms
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of data provide quantitative insights into the nature of these behaviors. Yet limitations
pertain in terms of data requirements and technical expertise, and the imposition of the
modeling structure naturally leads to a simplification of behavioral complexity, rather
than an exploitation of the full depth contained within our observations. Many of these
methods are criticized for a lack of behavioral realism (Balke and Gilbert, 2014) or
require significant learning curves to allow their proper use.
One approach that could hold promise in improving the description of human
behavior and population-level heterogeneity is reinforcement learning (RL). Unlike
other behavioral modeling methods, where agents are given the behavioral model to
complete a task, RL agents attempt to complete a task in an efficient way, given a set of
observations. The design of the environment, observations and task reward are set by
the modeler, but the behaviors required to achieve that goal are not (Sutton and Barto,
2018). In doing so, the modeler gives up some control on design, but provides an
environment within which the artificial agents can learn to replicate human actions.
There are a variety of learning approaches within RL, but some are underpinned by
psychological and neurological theory (Dayan and Daw, 2008; Gershman and Daw,
2017), yielding us a robust framework for building agent behavioral models. To this
point, there has been minimal crossover between developments in RL and their
implementation in geographic agent-based modeling (Bone and Dragicevic, 2010; Bone
et al., 2011) with a primary focus being placed on optimizing agents for adaptive control
(Balaji et al., 2010; Tumer and Agogino, 2007).
A particularly relevant area for improved learning models within ABM lies in
spatial learning. We know from a range of studies from diverse academic disciplines
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that the way humans recall, describe, and navigate through geographic space is nontrivial (Gärling and Golledge, 1989; Montello, 1998). Through studies in behavioral
geography, psychology and neuroscience (Golledge, 1999), we have a reasonable
understanding that humans remember and recall spaces with bias, error and skew, and
are bounded in their ability to navigate through space by their prior experiences. The
reasons for these limitations are due to the way our brains have evolved, with specific
brain cells that suggest an evolved spatial learning process based on landmarks (place
cells), direction (head direction cells), regions (border cells), and spatial association
(grid cells) (Moser et al., 2008).
Despite these findings, our modeling of human behavior in space tends to
assume that agents have ‘perfect’ spatial knowledge and are able to optimize their
choices in moving around it. Furthermore, in building on GIS data, models build in an
implicit Euclidean representation, which translates into the way agents are modeled to
make decisions. Only a handful of simulation models have sought to integrate aspects of
spatial cognition and bounded learning (Manley and Cheng, 2018; Manley et al., 2015).
Within the spatial context, a promising route forward could be allowing the
agents to learn their 3D environment for themselves. Through methods such as deep
reinforcement learning, where positive behaviors are ‘learned’ through a repeated
exposure to an environment, deep neural networks, which capture uncertainty and
incomplete knowledge representations, and large-scale individual tracking data, it may
be possible to teach agents how to navigate spaces as if they were human. These ‘spatial
learning’ agents may both better reflect the actual behaviors of humans, and model their
behavior under changing conditions. Progress is rapidly being made that replicate
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cognitive processes of agent behavior (Banino et al., 2018), social interactions (Leibo et
al., 2017), and autonomous vehicle interaction with 3D spaces (Shah et al., 2018), but
integration into geographical modeling remains both a challenge and an opportunity.

4: Conclusions
Understanding the complexity of the geographical systems around us is a fundamentally
important challenge. Through a deeper grasp of how our world works, and an improved
ability to predict future changes, we can seek to make improvements or militate against
threats. ABM is a highly promising methodology for tackling geographical complexity,
offering us a framework for analyzing the deep systemic interactions that take place
within and between socio-technical actors and the wider environment. And yet, in this
statement we reveal the ongoing limitations of the methodology. ABM remains a
relatively immature discipline, and during our discussion we have revealed a vast
variety of approaches, languages, theories and methods all in wide use. As such, our
verdict of ‘highly promising’ reflects the immaturity of the field, and the need to do
much more to fully achieve its potential.
This does not imply a negative outlook for ABM. It is a highly active and diverse
field, enjoying wide success in a variety of contexts. The increasing availability of data,
growing computational resources, deeper multidisciplinary thinking, and the simple
intuition of the approach all mark ABM as an approach with a rosy future (see Waldrop,
2018). Nevertheless, to achieve full maturity and credibility, ABM for geographical
applications requires focus in a number of areas.
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Perhaps the most pressing need is for a deeper focus on scientific method –
specifically, replication, validation and progression. As highlighted above, despite the
variety of ABM work being carried out, the field lacks a cohesive direction of progress.
New (hopefully excellent) ideas are implemented into new (hopefully excellent) models,
but fail to properly integrate the beneficial work that has gone before. New models do
not necessarily need to extend previous modeling work, but some alignment with
respect to theory, spatial behavior, or development methodology would enable
improved interpretation and recognition of progress. This will not occur in the dark,
and modelers must be open with their creations, sharing methods and code openly,
allowing and assisting others to investigate and build on what they have done.
Replication of results should be encouraged, and integrated as an important element of
model development. While the availability of new data means researchers will be drawn
to new ideas and approaches, control over how these models are integrated into a wider
understanding is needed. This means that we need to continually revisit how these
models can be used to make conditional prediction in the wider context of policy and
planning.
Agent-based modelers should also be braver about presenting this approach as
an alternative to other methodologies. Often the intuitive simplicity and methodological
diversity of the approach means it is seen less favorably than more mathematical
approaches based on statistical analysis, particularly in this age of data science. But
ABM enables one to capture a greater diversity of behavior than most other methods,
and lends itself very suitably to integration with new forms of data. However, modelers

36

must be disciplined in how they verify and validate their models, adhering to the now
well-established set of methods for testing a model.
Agent-based modelers must also talk with those from other modeling disciplines, and be
open about the strengths and weaknesses of the approach and routes towards achieving
progress. We should also engage more deeply with the public and with policy-makers,
and isolate and develop examples of where ABM is contributing positively to public life
(beyond the conventional examples of pedestrian modeling and movie special effects).
There is an exciting future ahead for this style of modeling., but the future development
of such agent-based models must thoughtfully deliver the promises that it currently
offers.

References
Alonso, W. (1964), Location and Land Use: Toward a General Theory of Land Rent, Harvard
University Press, Cambridge, MA.
An, L. (2012), 'Modeling Human Decisions in Coupled Human and Natural Systems: Review of
Agent-based Models', Ecological Modelling, 229: 25-36.
An, L., Zvoleff, A., Liu, J. and Axinn, W. (2014), 'Agent-based Modeling in Coupled Human and
Natural Systems (CHANS): Lessons from a Comparative Analysis', Annals of the
Association of American Geographers, 104(4): 723-745.
Anderson, J.R. and Lebiere, C. (1998), The Atomic Components of Thought, Mahwah, NJ.
Anderson, T. and Dragićević, S. (2018), 'A Geographic Network Automata Approach for
Modeling
Dynamic
Ecological
Systems',
Geographical
Analysis:
https://doi.org/10.1111/gean.12183.
Augustijn-Beckers, E., Flacke, J. and Retsios, B. (2011), 'Simulating Informal Settlement
Growth in Dar es Salaam, Tanzania: An Agent-based Housing Model', Computers,
Environment and Urban Systems, 35(2): 93-103.
Axelrod, R. (2007), 'Simulation in the Social Sciences', in Rennard, J.P. (ed.) Handbook of
Research on Nature Inspired Computing for Economy and Management, Idea Group,
Hershey, PA, pp. 90-100.
Axtell, R. and Epstein, J.M. (1994), 'Agent-based Modelling: Understanding Our Creations', The
Bulletin of the Santa Fe Institute: Winter, 28-32.

37

Baker, M. (2016), '1,500 Scientists Lift the Lid on Reproducibility', Nature, 533(7604): 452.
Balaji, P.G., German, X. and Srinivasan, D. (2010), 'Urban Traffic Signal Control using
Reinforcement Learning Agents', IET Intelligent Transport Systems, 4(2): 177-188.
Balke, T. and Gilbert, N. (2014), 'How Do Agents Make Decisions? A Survey', Journal of
Artificial
Societies
and
Social
Simulation,
17(4):
13,
Available
at
http://jasss.soc.surrey.ac.uk/17/4/13.html.
Banino, A., Barry, C., Uria, B., Blundell, C., Lillicrap, T., Mirowski, P., Pritzel, A., Chadwick,
M.J., Degris, T., Modayil, J. and Wayne, G. (2018), 'Vector-based Navigation Using
Grid-like Representations in Artificial Agents', Nature, 557(7705): 429-433.
Barreteau, O., Bousquet, F. and Attonaty, J.M. (2001), 'Role-playing Games for Opening the
Black Box of Multi-Agent Systems: Method and Lessons of its Application to Senegal
River Valley Irrigated Systems', Journal of Artificial Societies and Social Simulation, 4(2),
Available at http://jasss.soc.surrey.ac.uk/4/2/5.html.
Barreteau, O., Le Page, C. and D'Aquino, P. (2003), 'Role-Playing Games, Models and
Negotiation Processes ', Journal of Artificial Societies and Social Simulation, 6(2),
Available at http://jasss.soc.surrey.ac.uk/6/2/10.html.
Batty, M. (1976), Urban Modelling: Algorithms, Calibrations, Predictions, Cambridge University
Press, Cambridge, UK.
Batty, M. (1992), 'Urban Modelling in Computer-Graphic and Geographic Information System
Environments', Environment and Planning B, 19(6): 663-685.
Batty, M. (2008), 'Fifty Years of Urban Modelling: Macro-Statics to Micro-Dynamics', in
Albeverio, S., Andrey, D., Giordano, P. and Vancheri, A. (eds.), The Dynamics of Complex
Urban Systems: An Interdisciplinary Approach, Springer Physica-Verlag, New York, NY,
pp. 1-20.
Batty, M. (2013), The New Science of Cities, MIT Press, Cambridge, MA.
Batty, M., Desyllas, J. and Duxbury, E. (2003), 'Safety in Numbers? Modelling Crowds and
Designing Control for the Notting Hill Carnival', Urban Studies, 40(8): 1573-1590.
Batty, M. and Torrens, P.M. (2005), 'Modelling and Prediction in a Complex World', Futures,
37(7): 745-766.
Bell, A.R., Robinson, D.T., Malik, A. and Dewal, S. (2015), 'Modular ABM Development for
Improved Dissemination and Training', Environmental Modelling & Software, 73: 189200.
Benenson, I. and Hatna, E. (2011), 'Minority–Majority Relations in the Schelling Model of
Residential Dynamics', Geographical Analysis, 43(3): 287-305.
Bennett, D.A. and Tang, W. (2006), 'Modelling Adaptive, Spatially Aware, and Mobile Agents:
Elk Migration in Yellowstone', International Journal of Geographical Information Science,
20(9): 1039-1066.

38

Bersini, H. (2012), 'UML for ABM', Journal of Artificial Societies and Social Simulation, 15(1): 9,
Available at http://jasss.soc.surrey.ac.uk/15/1/9.html.
Bert, F., North, M., Rovere, S., Tatara, E., Macal, C. and Podestá, G. (2015), 'Simulating
Agricultural Land Rental Markets by Combining Agent-based Models with Traditional
Economics Concepts: The Case of the Argentine Pampas', Environmental Modelling &
Software, 71: 97-110.
Billari, F.C. and Fürnkranz-Prskawetz, A. (eds.) (2003), Agent-based Computational
Demography: Using Simulation to Improve our Understanding of Demographic Behaviour,
Springer, New York, NY.
Birkin, M. and Wu, B. (2012), 'A Review of Microsimulation and Hybrid Agent-Based
Approaches', in Heppenstall, A., Crooks, A.T., See, L.M. and Batty, M. (eds.), Agent-based
Models of Geographical Systems, Springer, New York, NY, pp. 51-68.
Bone, C. and Dragicevic, S. (2010), 'Simulation and Validation of a Reinforcement Learning
Agent-based Model for Multi-Stakeholder Forest Management', Computers, Environment
and Urban Systems, 34(2): 162-174.
Bone, C., Dragicevic, S. and White, R. (2011), 'Modeling-in-the-middle: Bridging the Gap
Between Agent-based Modeling and Multi-objective Decision-making for Land Use
Change', International Journal of Geographical Information Science, 25(5): 717-737.
Boyce, D. E. and Williams, H. C.W.L. (2015) Forecasting Urban Travel: Past, Present and
Future, Edward Elgar, Cheltenham, UK.
Bratman, M.E., Israel, D.J. and Pollack, M.E. (1988), 'Plans and Resource-bounded Practical
Reasoning', Computational Intelligence, 4(3): 349-355.
Brunsdon, C. and Singleton, A. (2015), 'Reproducible Research: Concepts, Techniques and
Issues', in Brunsdon, C. and Singleton, A. (eds.), Geocomputation: A Practical Primer,
Sage, London, England, pp. 254-264.
Bura, S., Guérin-Pace, F., Mathian, H., Pumain, D. and Sanders, L. (1996), 'Multi-agent
Systems and the Dynamics of a Settlement System', Geographical Analysis, 28(2): 161178.
Burger, A., Oz, T., Crooks, A.T. and Kennedy, W.G. (2017), 'Generation of Realistic Mega-City
Populations and Social Networks for Agent-Based Modeling', The Computational Social
Science Society of Americas Conference, Santa Fe, NM.
Caillou, P., Gaudou, B., Grignard, A., Truong, C.Q. and Taillandier, P. (2015), 'A Simple-touse BDI architecture for Agent-based Modeling and Simulation', European Social
Simulation Association (ESSA 2015) Conference Groningen, The Netherlands.
Carroll, D. J. (1956) Urban Transportation Planning, Automotive Safety Seminar in
Transportation Engineering, Purdue University,
accessed at http://www.surveyarchive.org/Chicago/cats_1954-62.pdf
Chowell, G., Viboud, C., Simonsen, L., Merler, S. and Vespignani, A. (2017), 'Perspectives on
Model Forecasts of the 2014–2015 Ebola Epidemic in West Africa: Lessons and the Way
Forward', BMC Medicine, 15(42): DOI 10.1186/s12916-017-0811-y.

39

Christaller, W. (1933), Die centralen, Gustav Fischer, Jena, Germany.
Cioffi-Revilla, C. (2002), 'Invariance and Universality in Social Agent-based Simulations',
Proceedings of the National Academy of Sciences, 99(3): 7314-7316.
Cioffi-Revilla, C. (2017), Introduction to Computational Social Science: Principles and
Applications (2nd editon), Springer, New York, NY.
Clarke, K.C., Gazulis, N., Dietzel, C.K. and Goldstein, N.C. (2006), 'A Decade of SLEUTHing:
Lessons Learned from Applications of a Cellular Automaton Land Use Change Model', in
Fisher, P. (ed.) Classics from IJGIS: Twenty Years of the International Journal of
Geographical Information Science and Systems, Taylor & Francis, Boca Raton, FL, pp. 413426.
Collier, N. and North, M. (2013), 'Parallel Agent-based Simulation with Repast for High
Performance Computing', Simulation, 89(10): 1215-1235
Cordasco, G., De Chiara, R., Mancuso, A., Mazzeo, D., Scarano, V. and Spagnuolo, C. (2013),
'Bringing Together Efficiency and Effectiveness in Distributed Simulations: The
Experience with D-MASON', Simulation, 89(10): 1236-1253.
Crooks, A.T., Castle, C.J.E. and Batty, M. (2008), 'Key Challenges in Agent-Based Modelling for
Geo-spatial Simulation', Computers, Environment and Urban Systems, 32(6): 417-430.
Crooks, A.T., Croitoru, A., Lu, X., Wise, S., Irvine , J.M. and Stefanidis, A. (2015), 'Walk this
Way: Improving Pedestrian Agent-Based Models through Scene Activity Analysis', ISPRS
International Journal of Geo-Information, 4(3): 1627-1656.
Crooks, A.T. and Hailegiorgis, A.B. (2014), 'An Agent-based Modeling Approach Applied to
the Spread of Cholera', Environmental Modelling and Software, 62: 164-177.
Crooks, A.T., Hudson-Smith, A. and Patel, A. (2011), 'Advances and Techniques for Building
3D Agent-Based Models for Urban Systems', in D., M. and Benenson, I. (eds.), Advanced
Geosimulation Models, Bentham Science Publishers, Hilversum, The Netherlands, pp. 4965.
Crooks, A.T. and Wise, S. (2013), 'GIS and Agent-Based models for Humanitarian Assistance',
Computers, Environment and Urban Systems, 41: 100-111.
Dawson, R.J., Peppe, R. and Wang, M. (2011), 'An Agent-based Model for Risk-based Flood
Incident Management', Natural Hazards, 59(1): 167-189.
Dayan, P. and Daw, N.D. (2008), 'Decision Theory, Reinforcement Learning, and the Brain',
Cognitive, Affective, & Behavioral Neuroscience, 8(4): 429-453.
Deadman, P.J., Robinson, D.T., Moran, E. and Brondizio, E. (2004), 'Effects of Colonist
Household Structure on Land Use Change in the Amazon Rainforest: An Agent-based
Simulation Approach', Environment and Planning B, 31(5): 693-709.
Diappi, L. and Bolchi, P. (2008), 'Smith’s Rent gap Theory and Local Real Estate Dynamics: A
Multi-agent Model', Computers, Environment and Urban Systems, 32(1): 6 - 18.

40

Dieckmann, U., Law, R. and Metz, J. (eds.) (2000), The Geometry of Ecological Interactions:
Simplifying Spatial Complexity, Cambridge University Press, Cambridge, U.K.
Dunbar, R.I. (1998), 'The Social Brain Hypothesis', Evolutionary Anthropology, 6(5): 178-190.
Dunbar, R.I., Arnaboldi, V., Conti, M. and Passarella, A. (2015), 'The Structure of Online
Social Networks Mirrors those in the Offline World', Social Networks, 43: 39-47.
Dunbar, R.I.M. and Spoors, M. (1995), 'Social Networks, Support Cliques, and Kinship', Human
Nature, 6(3): 273-290.
Epstein, J.M. (2008), 'Why Model?' Journal of Artificial Societies and Social Simulation, 11(4),
Available at http://jasss.soc.surrey.ac.uk/11/4/12.html.
Epstein, J.M. and Axtell, R. (1996), Growing Artificial Societies: Social Science from the Bottom
Up, MIT Press, Cambridge, MA.
Epstein, J.M., Pankajakshan, R. and Hammond, R.A. (2011), 'Combining Computational Fluid
Dynamics and Agent-Based Modeling: A New Approach to Evacuation Planning', PLoS
ONE, 6(5): e20139. doi:10.1371/journal.pone.0020139.
Etienne, M. (2003), 'SYLVOPAST: A Multiple Target Role-Playing Game to Assess Negotiation
Processes in Sylvopastoral Management Planning', Journal of Artificial Societies and
Social Simulation, 6(2), Available at http://jasss.soc.surrey.ac.uk/6/2/5.html.
Étienne, M. (ed.) (2014), Companion Modelling: A Participatory Approach to Support
Sustainable Development., Springer, New York, NY.
Favis-Mortlock, D. (2013), 'Non-Linear Dynamics, Self-Organization and Cellular Automata
Models', in Wainwright, J. and Mulligan, M. (eds.), Environmental Modelling: Finding
Simplicity in Complexity, John Wiley & Sons, Ltd, Chichester, UK, pp. 45-68.
Ferris, C., Raybaud, B. and Madey, G. (2015), 'OpenMalaria and EMOD: A Case Study on Model
Alignment', in Mittal, S., Moon, I. and Syriani, E. (eds.), Proceedings of the Summer
Computer Simulation Conference, Society for Computer Simulation International,
Chicago, IL, pp. 1-9.
Filatova, T., Parker, D. and van der Veen, A. (2009), 'Agent-Based Urban Land Markets:
Agent's Pricing Behavior, Land Prices and Urban Land Use Change', Journal of Artificial
Societies
and
Social
Simulation,
12(1),
Available
at
http://jasss.soc.surrey.ac.uk/12/1/3.html.
Filatova, T., Verburg, P.H., Parker, D.C. and Stannard, C.A. (2013), 'Spatial Agent-based
Models for Socio-ecological Systems: Challenges and Prospects', Environmental
Modelling & Software, 45: 1-7.
Gärling, T. and Golledge, R.G. (1989), 'Environmental Perception and Cognition', in Zube, E.H.
and Moore, G.T. (eds.), Advance in Environment, Behavior, and Design, Plenum Press,
New York, NY, pp. 203-236.
Gershman, S.J. and Daw, N.D. (2017), 'Reinforcement Learning and Episodic Memory in
Humans and Animals: An Integrative Framework', Annual Review of Psychology, 68: 101128.

41

Gigerenzer, G. and Selten, R. (eds.) (2002), Bounded Rationality: The Adaptive Toolbox, MIT
Press, Cambridge, MA.
Gilbert, N., Maltby, S. and Asakawa, T. (2002), 'Participatory Simulations for Developing
Scenarios in Environmental Resource Management', in Urban, C. (ed.), Third Workshop
on Agent-Based Simulation, SCS European Publishing House, Passau, Germany, pp. 67-72.
Gintis, H. (2007), 'The Dynamics of General Equilibrium', The Economic Journal, 117(523):
1280-1309.
Golledge, R.G. (ed.) (1999), Wayfinding Behavior: Cognitive Mapping and Other Spatial
Processes., Johns Hopkins University Press, Baltimore, MD.
Grimm, V., Berger, U., Bastiansen, F., Eliassen, S., Ginot, V., Giske, J., Goss-Custard, J.,
Grand, T., Heinz, S., Huse, G., Huth, A., Jepsen, J., Jorgensen, C., Mooij, W., Muller, B.,
Pe'er, G., Piou, C., Railsback, S., Robbins, A., Robbins, M., Rossmanith, E., Ruger, N.,
Strand, E., Souissi, S., Stillman, R., Vabo, R., Visser, U. and Deangelis, D. (2006), 'A
Standard Protocol for Describing Individual-Based and Agent-Based Models', Ecological
Modelling, 198(1-2): 115–126.
Grimm, V., Revilla, E., Berger, U., Jeltsch, F., Mooij, W.M., Railsback, S.F., Thulke, H.,
Weiner, J., Wiegand, T. and DeAngelis, D.L. (2005), 'Pattern-Oriented Modeling of
Agent-Based Complex Systems: Lessons from Ecology', Science, 310: 987-991.
Groeneveld, J., Müller, B., Buchmann, C.M., Dressler, G., Guo, C., Hase, N., Hoffmann, F.,
John, F., Klassert, C., Lauf, T. and Liebelt, V. (2017), 'Theoretical Foundations of
Human Decision-making in Agent-based Land Use Models – A Review', Environmental
Modelling & Software, 87: 39-48.
Haase, D., Lautenbach, S. and Seppelt, R. (2010), 'Modeling and Simulating Residential
Mobility in a Shrinking City Using an Agent-based Approach', Environmental Modelling &
Software, 25(10): 1225-1240.
Hagerstrand, T. (1967), Innovation Diffusion as a Spatial Process [Innovationsförloppet ur
korologisk synpunkt]. Postscript and translation by Allan Pred; Translated with the
assistance of Greta Haag. University of Chicago Press, Chicago, IL
Harris, R., O’Sullivan, D., Gahegan, M., Charlton, M., Comber, L., Longley, P., Brunsdon, C.,
Malleson, N., Heppenstall, A., Singleton, A. and Arribas-Bel, D. (2017), 'More Bark
than Bytes? Reflections on 21+ Years of Geocomputation', Environment and Planning B,
44(4): 598-617.
Heppenstall, A.J., Crooks, A.T., Batty, M. and See, L.M. (eds.) (2012a), Agent-based Models of
Geographical Systems, Springer, New York, NY.
Heppenstall, A.J., Crooks, A.T., See, L.M. and Batty, M. (2012b), 'Reflections and Conclusions:
Geographical Models to Address Grand Challenges', in Heppenstall, A.J., Crooks, A.T., See,
L.M. and Batty, M. (eds.), Agent-based Models of Geographical Systems, Springer, New
York, NY, pp. 739-748.
Hjorth, Brady, C., Head, B. and Wilensky, U. (2015), 'Thinking Within and Between Levels:
Exploring Reasoning with Multi-Level Linked Models', in O., L., Häkkinen, P., Koschmann,
T., Tchounikine, P. and Ludvigsen, S. (eds.), 11th International Conference on Computer

42

Supported Collaborative Learning (Vol. 1), International Society of the Learning Sciences,
Inc, Gothenburg, Sweden, pp. 797-798.
Horni, A., Nagel, K. and Axhausen, K.W. (eds.) (2016), The Multi-Agent Transport Simulation
MATSim, Ubiquity, London, England.
Hu, Y., Janowicz, K. and Couclelis, H. (2017), 'Prioritizing Disaster Mapping Tasks for Online
Volunteers Based on Information Value Theory', Geographical Analysis, 49(2): 175-198.
Kettler, B. and Lautenschlager, J. (2017), 'Expeditionary Modeling for Population-Centric
Operations in Megacities: Some Initial Experiments', in Schatz, S. and Hoffman, M. (eds.),
Advances in Cross-Cultural Decision Making, Springer, New York, NY, pp. 3-15.
Kornhauser, D., Wilensky, U. and Rand, D. (2009), 'Design Guidelines for Agent-based Model
Visualization ', Journal of Artificial Societies and Social Simulation, 12(2), Available at
http://jasss.soc.surrey.ac.uk/12/2/1.html.
Kronholm, K. and Birkeland, K.W. (2005), 'Integrating Spatial Patterns into a Snow
Avalanche Cellular Automata Model', Geophysical Research Letters, 32(19): L19504.1–
L19504.4.
Laatabi, A., Marilleau, N., Nguyen-Huu, T., Hbid, H. and Babram, M.A. (2018), 'ODD+ 2D: An
ODD Based Protocol for Mapping Data to Empirical ABMs', Journal of Artificial Societies
and Social Simulation, 21(2): 9, Available at http://jasss.soc.surrey.ac.uk/21/2/9.html.
Laird, J.E. (2012), The Soar Cognitive Architecture, The MIT Press, Cambridge, MA.
Le Page, C., Bobo, K.S., Kamgaing, T.O.W., Ngahane, B.F. and Waltert, M. (2015), 'Interactive
Simulations with a Stylized Scale Model to Codesign with Villagers an Agent-based
model of Bushmeat Hunting in the Periphery of Korup National Park (Cameroon)',
Journal of Artificial Societies and Social Simulation, 18(1): 8, Available at
http://jasss.soc.surrey.ac.uk/18/1/8.html.
Lee, D.B. (1973), 'Requiem for Large-Scale Models', Journal of the American Institute of
Planners, 39: 163-178.
Lee, J.S., Filatova, T., Ligmann-Zielinska, A., Hassani-Mahmooei, B., Stonedahl, F.,
Lorscheid, I., Voinov, A., Polhill, G., Sun, Z. and Parker, D.C. (2015), 'The
Complexities of Agent-Based Modeling Output Analysis', Journal of Artificial Societies and
Social Simulation, 18(4): 4, Available at http://jasss.soc.surrey.ac.uk/18/4/4.html.
Leibo, J.Z., Zambaldi, V., Lanctot, M., Marecki, J. and Graepel, T. (2017), 'Multi-agent
reinforcement learning in sequential social dilemmas', in Das, S., Durfee, E., Larson, K.
and Winikof, M. (eds.), Proceedings of the 16th Conference on Autonomous Agents and
MultiAgent Systems, International Foundation for Autonomous Agents and Multiagent
Systems, S) ao Paulo, Brazil, pp. 464-473.
Lewis, J.M., Lakshmivarahan, S. and Dhall, S. (2006), Dynamic Data Assimilation: A Least
Squares Approach, Cambridge University Press, Cambridge, UK.
Lippe, M., Bithell, M., Gotts, N., Natalini, D., Barbrook-Johnson, P., Giupponi, C., Hallier, M.,
Hofstede, G.J., Le Page, C., Matthews, R.B. and Schlüter, M. (2019), 'Using Agentbased Modelling to Simulate Social-ecological Systems Across Scales', GeoInformatica,
23(2): 269-298.
43

Lovelace, R., Birkin, M., Cross, P. and Clarke, M. (2016), 'From Big Noise to Big Data: Toward
the Verification of Large Data sets for Understanding Regional Retail Flows',
Geographical Analysis, 48(1): 59-81.
Mac Carron, P., Kaski, K. and Dunbar, R. (2016), 'Calling Dunbar's Numbers', Social Networks,
47: 151-155.
Macal, C.M. (2016), 'Everything You Need to Know About Agent-based Modelling and
Simulation', Journal of Simulation, 10(2): 144-156.
Macy, M.W. and Willer, R. (2002), 'From Factors to Factors: Computational Sociology and
Agent-based Modeling', Annual Review of Sociology, 28(1): 143-166.
Magliocca, N., Safirova, E., McConnell, V. and Walls, M. (2011), 'An Economic Agent-based
Model of Coupled Housing and Land Markets (CHALMS)', Computers, Environment and
Urban Systems, 35(3): 183-191.
Mahabir, R., Croitoru, A., Crooks, A.T., Agouris, P. and Stefanidis, A. (2018), 'A Critical
Review of High and Very High Resolution Remote Sensing Approaches for Detecting and
Mapping Slums: Trends, Challenges and Emerging Opportunities', Urban Science, 2(1): 8.
Malleson, N. and Birkin, M. (2012), 'Estimating Individual Behaviour from Massive Social Data
for an Urban Agent-based Model', in Koch, A. and Mandl, P. (eds.), Modeling Social
Phenomena in Spatial Context, Lit Verlag, Berlin, Germany, pp. 23-30.
Malleson, N., Heppenstall, A. and See, L. (2010), 'Crime Reduction Through Simulation: An
Agent-based Model of Burglary', Computers, Environment and Urban Systems, 34(3):
236-250.
Mandelbrot, B.B. (1983), The Fractal Geometry of Nature, W.H. Freeman, New York, NY.
Manley, E. and Cheng, T. (2018), ' Exploring the Role of Spatial Cognition in Predicting Urban
Traffic Flow through Agent-based Modelling', Transportation Research Part A: Policy and
Practice, 109: 14-23.
Manley, E.J., Orr, S.W. and Cheng, T. (2015), 'A Heuristic Model of Bounded Route Choice in
Urban Areas', Transportation Research Part C: Emerging Technologies, 56: 195-209.
Manson, S. and O'Sullivan, D. (2006), 'Complexity Theory in the Study of Space and Place',
Environment and Planning A, 38(4): 677-692.
Martinez-Moyano, I.J. and Macal, C.M. (2016), 'A Primer for Hybrid Modeling and Simulation',
in Roeder, T.M.K., Frazier, P.I., Szechtman, R., Zhou, E., Huschka, T. and Chick, S.E. (eds.),
Proceedings of the 2016 Winter Simulation Conference, IEEE, Arlington, VA, pp. 133-147.
Meier, P. (2015), Digital Humanitarians: How Big Data is Changing the Face of Humanitarian
Response, CRC Press, Boca Raton, FL.
Meyfroidt, P. (2013), 'Environmental Cognitions, Land Change, and Social–ecological
Feedbacks: An Overview', Journal of Land Use Science, 8(3): 341-367.
Miller, J.H. and Page, S.E. (2007), Complex Adaptive Systems, Princeton University Press,
Princeton, NJ.
44

Montello, D.R. (1998), 'A New Framework for Understanding the Acquisition of Spatial
Knowledge in Large-scale Environments', in Egenhofer, M.J. and Golledge, R.G. (eds.),
Spatial and Temporal Reasoning in Geographic Information Systems, Oxford University
Press, New York, NY, pp. 143-154.
Moser, E.I., Kropff, E. and Moser, M.B. (2008), 'Place Cells, Grid Cells, and the Brain's Spatial
Representation System', Annual Review of Neuroscience, 31: 69-89.
Müller, B., Bohn, F., Dreßler, G., Groeneveld, J., Klassert, C., Martin, R., Schlüter, M.,
Schulze, J., Weise, H. and Schwarz, N. (2013), 'Describing Human Decisions in Agentbased Models – ODD + D, An Extension of the ODD Protocol', Environmental Modelling &
Software, 48: 37-48.
Nielsen, F.Å. (2011), 'A New ANEW: Evaluation of a Word List for Sentiment Analysis in
Microblogs', in Rowe, M., Stankovic, M., Dadzie, A.-S. and Hardey, M. (eds.), Proceedings
of the 1st Workshop on Making Sense of Microposts (#MSM2011): Big Things Come in
Small Packages, Heraklion, Greece, pp. 93-98.
North, M.J. and Macal, C.M. (2007), Managing Business Complexity: Discovering Strategic
Solutions with Agent-Based Modelling and Simulation, Oxford University Press, New York,
NY.
North, M.J., Murphy, J.T., Sydelko, P., Martinez-Moyano, I., Sallach, D.L. and Macal, C.M.
(2015), 'Integrated Modeling of Conflict and Energy', in Yilmaz, L., Chan, W.K.V., Moon,
I., Roeder, T.M.K., Macal, C. and Rossetti, M.D. (eds.), Winter Simulation Conference, IEEE,
Huntington Beach, CA, pp. 2499-2510.
Nowicki, S.M., Payne, T., Larour, E., Seroussi, H., Goelzer, H., Lipscomb, W., Gregory, J., AbeOuchi, A. and Shepherd, A. (2016), ' Ice Sheet Model Intercomparison Project (ISMIP6)
Contribution to CMIP6', Geoscientific Model Development, 9(12): 4521-4545.
O'Sullivan, D. (2001), 'Exploring Spatial Process Dynamics using Irregular Cellular Automaton
Models', Geographical Analysis, 33(1): 1-18.
O’Sullivan, D., Evans, T., Manson, S., Metcalf, S., Ligmann-Zielinska, A. and Bone, C. (2016),
'Strategic Directions for Agent-based Modeling: Avoiding the YAAWN Syndrome',
Journal of Land Use Science, 11(2): 177-187.
O’Sullivan, D., Millington, J., Perry, G. and Wainwright, J. (2012), 'Agent-Based Models –
Because They’re Worth It?' in Heppenstall, A.J., Crooks, A.T., Batty, M. and See, L.M.
(eds.), Agent-based Models of Geographical Systems, Springer, New York, NY.
Park, B.H., Allen, M.R., White, D., Weber, E., Murphy, J.T., North, M.J. and Sydelko, P.
(2017), 'MIRAGE: A Framework for Data-Driven Collaborative High-Resolution
Simulation', in Griffith, D.A., Chun, Y. and Dean, D.J. (eds.), Advances in Geocomputation,
Springer, New York, NY, pp. 395-403.
Parker, D.C., Berger, T. and Manson, S.M. (2001), Proceedings of an International Workshop
on Agent-Based Models of Land-Use and Land-Cover Change Irvine, CA, Available at
http://www.csiss.org/maslucc/ABM-LUCC.htm.
Parker, D.C., Brown, D., Polhill, G.J., Deadman, P.J. and Manson, S.M. (2008a), 'Illustrating a
New 'Conceptual Design Pattern' for Agent-Based Models of Land Use via Five Case
45

Studies - The MR POTATOHEAD Framework', in Paredes, A.L. and Iglesias, C.H. (eds.),
Agent-Based Modelling in Natural Resource Management, INSISOC, Valladolid, Spain, pp.
29-62.
Parker, D.C., Entwisle, B., Rindfuss, R., Vanwey, L., Manson, S.M., Moran, E., An, L.,
Deadman, P.J., Evans, T., Linderman, M., Mussavi Rizi, M.S. and Malanson, G.
(2008b), 'Case Studies, Cross-site Comparisons, and the Challenge of Generalization:
Comparing Agent-based Models of Land-use Change in Frontier Regions', Journal of Land
Use Science, 3(1): 41-72.
Parker, D.C., Manson, S.M., Janssen, M.A., Hoffmann, M.J. and Deadman, P. (2003), 'MultiAgent Systems for the Simulation of Land-Use and Land-Cover Change: A Review',
Annals of the Association of American Geographers, 93(2): 314-337.
Pires, B. and Crooks, A.T. (2016), 'The Geography of Conflict Diamonds: The Case of Sierra
Leone', Proceedings of the 2016 International Conference on Social Computing,
Behavioral-Cultural Modeling, and Prediction and Behavior Representation in Modeling
and Simulation, Springer, Washington, DC.
Pires, B. and Crooks, A.T. (2017), 'Modeling the Emergence of Riots: A Geosimulation
Approach', Computers, Environment and Urban Systems, 61: 66-80.
Polhill, J.G., Ge, J., Hare, M.P., Matthews, K.B., Gimona, A., Salt, D. and Yeluripati, J. (2019),
'Crossing the Chasm: A ‘Tube-map’for Agent-based Social Simulation of Policy Scenarios
in Spatially-distributed Systems', GeoInformatica, 23(2): 169-199.
Pontius, R.G., Boersma, W., Castella, J.C., Clarke, K.C., Nijs, T., Dietzel, C.K., Duan, Z.,
Fotsing, E., Goldstein, N.C., Kok, K., Koomen, E., Lippitt, C.D., McConnell, W., Sood,
A.M., Pijanowski, B., Pithadia, S., Sweeney, S., Trung, T.N., Veldkamp, A. and
Verburg, P.H. (2008), 'Comparing The Input, Output, and Validation Maps for Several
Models of Land Change', The Annals of Regional Science, 42(1): 11-37.
Power, C. (2009), 'A Spatial Agent-based Model of N-person Prisoner's Dilemma Cooperation in
a Socio-geographic Community', Journal of Artificial Societies and Social Simulation,
12(1): 8, Available at http://jasss.soc.surrey.ac.uk/12/1/8.html.
Pumain, D. (2012), 'Multi-agent System Modelling for Urban Systems: The Series of SIMPOP
Models', in Heppenstall, A.J., Crooks, A.T., See, L.M. and Batty, M. (eds.), Agent-based
Models of Geographical Systems, Springer, New York, NY, pp. 721-738.
Rao, A.S. and Georgeff, M.P. (1991), 'Modeling Rational Agents within a BDI-architecture', in
Allen, J., Fikes, R. and Sandewall, E. (eds.), Proceedings of the Second International
Conference on Principles of Knowledge Representation and Reasoning, San Mateo, CA, pp.
473-484.
Rao, A.S. and Georgeff, M.P. (1995), 'BDI Agents: From Theory to Practice', in Gasser, L. and
Lesser, V. (eds.), Proceedings of the First International Conference on Multiagent Systems
San Francisco, CA., pp. 312-319.
Robinson, D.T., Brown, D., Parker, D.C., Schreinemachers, P., Janssen, M.A., Huigen, M.,
Wittmer, H., Gotts, N., Promburom, P., Irwin, E., Berger, T., Gatzweiler, F. and
Barnaud, C. (2007), 'Comparison of Empirical Methods for Building Agent-based
Models in Land Use Science', Journal of Land Use Science, 2(1): 31–55.

46

Roy, D., Lees, M.H., Palavalli, B., Pfeffer, K. and Sloot, M.P. (2014), 'The Emergence of Slums:
A Contemporary View on Simulation Models', Environmental Modelling & Software, 59:
76-90.
Schlüter, M., Baeza, A., Dressler, G., Frank, K., Groeneveld, J., Jager, W., Janssen, M.A.,
McAllister, R.R., Müller, B., Orach, K. and Schwarz, N. (2017), 'A Framework for
Mapping and Comparing Behavioural Theories in Models of Social-ecological Systems',
Ecological Economics, 131: 21-35.
Schmidt, B. (2000), The Modelling of Human Behaviour, SCS-Europe BVBA, Ghent, Belgium.
Semboloni, F., Assfalg, J., Armeni, S., Gianassi, R. and Marsoni, F. (2004), 'CityDev, An
Interactive Multi-agents Urban Model on the Web', Computers, Environment and Urban
Systems, 28(1-2): 45-64.
Shah, S., Dey, D., Lovett, C. and Kapoor, A. (2018), 'Airsim: High-fidelity Visual and Physical
Simulation for Autonomous Vehicles', in Hutter, M. and Siegwart, R. (eds.), Field and
Service Robotics: Results of the 11th International Conference, Springer, Cham,
Switzerland, pp. 621-635.
Shook, E. and Wang, S. (2015), 'Investigating the Influence of Spatial and Temporal
Granularities on Agent-Based Modeling', Geographical Analysis, 47(4): 321-348.
Simon, H.A. (1972), 'Theories of Bounded Rationality', in McGuire, C.B. and Radner, R. (eds.),
Decision and Organization, North-Holland Publishing Company, Amsterdam,
Netherlands, pp. 161-176.
Simon, H.A. (1996), The Sciences of the Artificial (3rd Edition), MIT Press, Cambridge, M. A.
Smith, N. (1979), 'Toward a Theory of Gentrification: A Back to The City Movement by Capital
Not People', Journal of the American Planning Association, 45(4): 538-548.
Sutton, R.S. and Barto, A.G. (2018), Reinforcement Learning: An Introduction (2nd Edition),
MIT Press, Cambridge, MA.
Taillandier, P., Gaudou, B., Grignard, A., Huynh, Q.N., Marilleau, N., Caillou, P., Philippon,
D. and Drogoul, A. (2019), 'Building, Composing and Experimenting Complex Spatial
Models with the GAMA Platform', GeoInformatica, 23(2): 299-322.
Taylor, G., Frederiksen, R., Vane, R.R. and Waltz, E. (2004), 'Agent-based Simulation of Geopolitical Conflict', in Hill, R. and Jacobstein, N. (eds.), The Sixteenth Annual Conference on
Innovative Applications of Artificial Intelligence, AAAI Press, San Jose, CA, pp. 884-891.
Tobler, W. (1970), 'A Computer Movie Simulating Urban Growth in the Detroit Region',
Economic Geography, 46(2): 234-240.
Torrens, P.M. (2010), 'Agent-based Modeling and the Spatial Sciences', Geography Compass,
4(5): 428-448.
Torrens, P.M. (2014), 'High-fidelity Behaviors for Model People on Model Streetscapes', Annals
of GIS, 20(3): 139-157.
Torrens, P.M. and Nara, A. (2007), 'Modelling Gentrification Dynamics: A Hybrid Approach',
Computers, Environment and Urban Systems, 31(3): 337-361.
47

Tumer, K. and Agogino, A. (2007), 'Distributed Agent-based Air Traffic Flow Management',
Proceedings of the 6th International Joint Conference on Autonomous Agents and
Multiagent Systems, ACM, Honolulu, HI pp. 205.
Urban, C. (2000), 'PECS: A Reference Model for the Simulation of Multi-agent Systems', in
Suleiman, R., Troitzsch, K.G. and Gilbert, N. (eds.), Tools and Techniques for Social Science
Simulation, Springer Physica-Verlag, New York, NY, pp. 83-114.
Waldrop, M.M. (2018), 'Free Agents', Science, 360(6385): 144-147.
Wallentin, G. (2017), 'Spatial Simulation: A Spatial Perspective on Individual-based Ecology—
A Review', Ecological Modelling, 350: 30-41.
Walsh, C.L., Dawson, R.J., Hall, J.W., Barr, S.L., Batty, M., Bristow, A.L., Carney, S.,
Dagoumas, A.S., Ford, A.C., Harpham, C. and Tight, M.R. (2011), 'Assessment of
Climate Change Mitigation and Adaptation in Cities', Urban Design and Planning,
164(DP2): 75-84.
Wang, H., Mostafizi, A., Cramer, L.A., Cox, D. and Park, H. (2016), 'An Agent-based Model of a
Multimodal Near-field Tsunami Evacuation: Decision-making and Life Safety',
Transportation Research Part C: Emerging Technologies, 64: 86-100.
Wang, M. and Hu, X. (2015), 'Data Assimilation in Agent-based Simulation of Smart
Environments using Particle Filters', Simulation Modelling Practice and Theory, 56: 3654.
Ward, J.A., Evans, A.J. and Malleson, N. (2016), 'Dynamic Calibration of Agent-based Models
using Data Assimilation', Open Science, 3(4): 150703.
Weinberger, S. (2011), 'Web of War: Can Computational Social Science Help to Prevent or Win
Wars?' Nature, 471: 566-568.
Wise, S. (2014), Using Social Media Content To Inform Agent-based Models For Humanitarian
Crisis Response, PhD Dissertation, George Mason University, Fairfax, VA, Available at
http://digilib.gmu.edu/xmlui/handle/1920/8879.
Wise, S., Crooks, A.T. and Batty, M. (2017), 'Transportation in Agent-Based Urban Modelling',
in Namazi-Rad, M., Padgham, L., Perez, P., Nagel, K. and Bazzan, A. (eds.), Agent-Based
Modelling of Urban Systems, Springer, New York, NY, pp. 129-148.
Xie, Y., Batty, M. and Zhao, K. (2007), 'Simulating Emergent Urban Form: Desakota in China',
Annals of the Association of American Geographers, 97(3): 477-495.
Xie, Y. and Fan, S. (2014), 'Multi-city Sustainable Regional Urban Growth Simulation—
MSRUGS: A case Study Along the Mid-section of Silk Road of China.' Stochastic
Environmental Research and Risk Assessment, 28(4): 829-841.
Ziemke, D., Nagel, K. and Moeckel, R. (2016), 'Towards an Agent-based, Integrated Land-use
Transport Modeling System', Procedia Computer Science, 83: 958–963.

48

