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1. Introduction

The number and breadth of applications for agent-based model-
ling and simulation (ABMS) are truly remarkable, and continue
to grow. Applications range across virtually all disciplines in the
natural, social, and physical sciences as well as engineered
systems and well beyond the usual ones for simulation in
engineering, business, operations management, and similar fields
(Macal and North, 2010, 2014). A recent 2-week period alone
yielded new publications on agent-based models and multi-agent
systems (MAS) on such diverse topics as modelling the nuclear
fuel cycle (Huff et al, 2016), national culture and innovation
diffusion (Desmarchelier and Fang, 2016), consensus analysis (Li
et al, 2016), ‘flock’ leadership (Will, 2016), domestic water
demand (Koutiva and Makropoulos, 2016), performance risk of
construction contractors (Asgari et al, 2016), cooperative energy
dispatch on microgrids (Fang et al, 2016), classroom evacuation
(Liu et al, 2016), subway station evacuation (Li et al, 2016), and
passenger terminal safety (Yatskiv et al, 2016).

Yet, the nature of ABMS—in terms of its essential character-
istics, the development methods for constructing models, the
relationship of ABMS with other types of simulation and
modelling techniques, and so on—is far from generally under-
stood or accepted. This is because, in part, of the myriad, diverse
communities, who use the ABMS approach in their research and
development applications.

In addition to the diversity of communities, there is a diversity of
views on what ABMS is within and across communities, as well as
by those outside the field of simulation, who may not use ABMS
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but are aware of its existence. Many regard ABMS
as a distinct simulation and modelling technique, having character-
istics and capabilities in addition to the standard simulation
techniques of discrete-event simulation (DES) (Law, 2014), system
dynamics (SD) (Richardson, 2009), Monte Carlo simulation
(Rubinstein and Kroese, 2008), continuous simulation (Cellier
and Kofman, 2006), and even combined DES/continuous simula-
tion (Zeigler et al, 2000). From this view, ABMS is a separate
topic that deserves special attention such as new curriculum
development and new toolkits devoted to ABMS. Others regard
ABMS as nothing new at all, and simply a disguised form of
standard simulation methods, regarding ABMS, for example, as a
subset of DES, or regard ABMS as no more than an alternative
modelling approach to achieve exactly the same results that could
be achieved using SD, for example. Both perspectives have
proponents who argue their positions effectively. Still, many others
continue to come into the field of ABMS having virtually no
background in simulation because of their desire to solve important
problems that have not been previously solved through any other
simulation methods. Therefore, what does this apparent lack of
consensus mean for ABMS and for its future?

Is there anything new or perhaps even ‘revolutionary’ about
ABMS? Does ABMS represent a shift in fundamental paradigms
of the field akin to a scientific revolution (Kuhn, 2012)? And
where might ABMS be going in the future? Is ABMS merely a
fad, doomed to disappear as many overhyped techniques have
done, at best to be subsumed into existing tried-and-true model-
ling and simulation methods, and tools? Or does ABMS have a
bright future, worthy of investment of one’s research career?

This paper begins to address these questions. Section 2
examines the background and current state of ABMS, providing
links to the various disciplines and communities engaged in
ABMS research and applications. Section 3 proposes several
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definitions of ABMS, intended to establish a common vocabulary
for ABMS, which seems to be lacking, with the hope of
promoting progress in the field. Section 4 proposes areas for
ABMS research necessary to advance the field in the coming
years. The summary and conclusions section encapsulates the
main results and their implications.

2. The phenomenon of ABMS
2.1. ABMS hopes

In the course of developing many agent-based simulation
applications, I have been approached by potential research
collaborators and clients who are interested in developing agent-
based simulations. A common refrain is: “We do not know what
agent-based modeling is, ... but we know we need it!’. Although
people may not know the details of agent-based modelling, they
seem to have the following:

1. An intuitive sense of what agent-based modelling is.

2. A recognition of the value of modelling populations of
individual agents, which immediately necessitates the need to
model the agents’ behaviours and interactions.

3. A notion that the ABMS approach could lead to new insights
and knowledge about the system of study, which are not easily
available by using other simulation and modelling techniques.

Human behaviours, reactions, and interactions have been the
missing element in descriptive models of the important systems
that people urgently would like to model, forecast or predict, and
test interventions upon.

There is something special about ABMS that seems to set it
apart from other simulation and modelling techniques. Some of
the unique characteristics of ABMS when viewed as a field of
research include the following:

1. It cuts across many fields, seemingly embracing most, if not,
all disciplines.

2. It draws people to it who have never had any experience with
simulation.

3. It appears to present unique challenges in learning ‘how to do
ABMS’, compared with standard simulation methods, thus the
need for revising simulation and modelling curricula.

4. Existing software platforms (eg, DES packages) do not appear
to be adequate for facilitating ABMS development, thus the
need for a new set of dedicated ABMS tools.

The most important and distinguishing feature of ABMS is the
agent perspective that is taken when viewing any system as
consisting of agents. This is in contrast to the emphasis of DES
models that focus on process or activity as the fundamental
simulation element around which the models are constructed.
In ABMS, the fundamental modelling construct is the agent and
its behaviours, behaviours that affect the agent’s own actions, the
actions of other agents and the environment. In this regard, the
agents’ environment can very well include the processes and

activities typically modelled by DES, and, thus, an ABMS model
can subsume all logical components of a DES model, as well as
much more. If we regard agent-based modelling as an organizing
principle that informs us of both how to view a real-world system
and how to effectively build a model of that system, then in
practice, ABMS represents something unique and quite useful.
ABMS offers a new perspective on thinking about and modelling
systems that we always wanted to model well, but were not able to
do so. ABMS is a bottom-up approach, whereas, it can be argued
that, SD and DES are top-down approaches to modelling systems.

Yet the agent perspective is nothing new. Each of us is an
agent in our daily actions and interactions with the real world, and
we are already agent-based modellers in the sense that we are
constantly choosing our own behaviours and anticipating the
behaviours of others. Gabel (2003) argues that Aristotle was the
first agent-based modeller, having devoted a treatise, Poetics, to
simulations: what they are, how they differ from other products of
the mind, and what the standards are for evaluating them
(McKeon, 1973). Aristotle’s analysis was of how the human
propensity to imitate what we observe can eventuate in complex
symbolic simulations. The simulations Aristotle had in mind
were, of course, ancient Greek dramas.

The motivation for ABMS is the desire to model the world
around us in a way that is more faithful to the real world. We desire
to produce a model whose results are more or less in a one-to-one
correspondence with the real world so that the jump in explanation
from model to real world referent is minimal and convincing.
People (agents) and social interactions and social processes are
essential components of the systems in which we live, and in
which we are concerned with—and ABMS, because it provides an
explicit framework for modelling behaviour and interactions, is the
leading method to model people, organizations, and societies.
Axtell (2000) argues that ABMS provides unique kinds of
information that are not available from any other modelling
approach. From this perspective, ABMS is an applications moti-
vated discipline. Yet, there is a famous quote, ‘modeling for
insights, not numbers’, that comes to mind (Huntington et al,
1982). There are many applications of ABMS that simply create
insights that can be valuable information to support decision-
making—that is, the right information supplied at the right time.

Another motivation for ABMS is to advance science directly
and to either test or develop new theories. Some have said that
ABMS is a third way of doing science (Axelrod, 2003) in
addition to inductive and deductive processes. Epstein (2006)
argues that the ability to grow artificial societies using ABMS
holds out the prospect of a new, generative, kind of social
science. ABMS offers a method of implementing causal pro-
cesses and mechanisms in a model not only to determine the
implications of theory (strengths, inconsistencies, deficiencies)
but also to provide a basis for obtaining causal explanations of
modelled phenomena.

What words best describe the phenomenon of agent-based
modelling? Is ABMS just another simulation method ultimately
to be relegated to the toolbox of arcane modelling techniques, a
boutique simulation technique of interest only to simulation
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modellers and analysts? Is the current attractiveness of ABMS of
fleeting interest to the simulation community, propelled by
hyperbolized claims for how ABMS will (or perhaps could,
might, etc) impact the world? Or is ABMS something very
different perhaps—a ‘scientific revolution’, in the sense of Kuhn
(2012) in that ABMS represents a paradigm shift that could
change the course of research and applications in the field of
simulation?

Can a new simulation technique be revolutionary? The ques-
tion has been asked before. Bankes (2002) notes that, ‘there are
numerous precedents in history of a new tool catalyzing revolu-
tionary developments in the science that used that tool’, and goes
on to give several examples from the history of science. Bankes
(2002) cites the reasons for the potential importance of ABMS as
‘the unsuitability of competing modeling formalisms to address
the problems of social science, agents as a natural ontology for
many social problems, and emergence’. Axtell (2000) argues
there are distinct uses of ABMS that offer significant benefits
over standard analytical models. Resorting to agent-based model-
ling ‘may be the only way to explore such processes system-
atically and can shed significant light on the solution structure,
illustrate dynamical properties of the model, serve to test the
dependence of results on parameters and assumptions, and be a
source of counter-examples’ (Axtell, 2000). Bankes (2002)
concluded that indeed ABMS is a revolution in progress,
although more of a promise of what ABMS could accomplish
than a realized potential. In any case, ABMS has grown in several
different research communities spanning a variety of scientific
and application domains.

2.2. ABMS communities

The history of ABMS has been a rich one for at least 40 years,
depending on what you consider to be the seminal developments
leading to the field (see Heath, 2010; Heath and Hill, 2010;
Wilensky and Rand, 2015 for many details on the history of
ABMS and insights into its emergence as a field). Some well-
cited introductory material on ABMS includes Axelrod and
Tesfatsion (2016), Bonabeau (2001), Gilbert (2008), Gilbert and
Troitzsch (2005), Helbing and Balietti (2011), Railsback and
Grimm (2011), Wilensky and Rand (2015), and North and Macal
(2007).

The last 20 years have seen a continuous stream of new agent-
based modelling applications, methods, and theory, propelled, at
least in part, by the publication of the book Growing Artificial
Societies (Epstein and Axtell, 1996) and the release of the first
agent-based modelling toolkit, Swarm, by Chris Langton and
others at the Santa Fe Institute (Minar et al, 1996). New
simulation software languages and tools specifically focussed on
ABMS development have become established as open-source
ABMS platforms, such as NetLogo (Wilensky and Rand, 2015;
NetLogo, 2016), Repast (North et al, 2013; Repast, 2016), and
MASON (Luke et al, 2005; MASON, 2016), and as commercial
products such as AnyLogic (Borshchev, 2013; AnyLogic, 2016).

DES software is evolving to incorporate agent-based simulation
capabilities (Simio, 2014).

A variety of communities are engaged in ABMS work,
many outside the traditional field of computer simulation.
Several ABMS research traditions developed, often indepen-
dently, in various fields and disciplines: social science;
economics; geography; ecology; cognitive, behavioural, and
organizational sciences; complexity science, including com-
plex adaptive systems (CAS) and A-Life (Artificial Life); and
cellular automata.

Agent-based models have been developed to study social
phenomena and to demonstrate how such models could aid in
the development of social theory. Schelling’s segregation model,
which was originally not implemented as a computational model,
defined social interaction patterns for agents located in cells on a
grid, literally on a checkerboard (Sakoda, 1971; Schelling, 1971).
Schelling demonstrated how individuals acting according to their
own micro-level rules of social behaviour and interaction could
produce ‘emergent’ patterns at the macro level that were
unexpected, not easily predictable, and not amenable to treatment
by analytical means. These emergent effects were because of the
non-linearities in the agent behaviours and social relationships,
thus necessitating some form of computation for solution of the
model (Schelling, 1978). Similarly, Axelrod’s (1984) Tit-for-Tat
model was an early social simulation that modelled individuals
who interacted in local neighbourhoods. Axelrod demonstrated
how cooperation among competing agents could spontaneously
emerge. These agent-social interaction spaces were reminiscent
of the cells and interaction patterns of cellular automata, with
cells, grids, local von Neumann neighbourhoods, stationary
agents located in cells having behavioural rules, and so on, as
the primary constructs. Epstein and Axtell (1996) provided a
comprehensive approach for using ABMS as an experimental
platform for understanding social processes, as well as for
building social science theory, through the simulation of entire
artificial societies. Using mobile social agents moving on grids
and establishing neighbours through proximity, as well as
connected via networks, Epstein and Axtell were able to produce
many results and patterns suggestive of real-world social pro-
cesses and emergent societal patterns.

What ABMS brings to social simulation is a framework for
explicitly specifying causal mechanisms, whether they are mod-
els of individual behaviour or social interaction that underlies
models of society. Epstein (2006) has termed this approach
Generative Social Science. The social simulation community,
and more broadly the computational social science field that
encompasses social network analysis and other analytical and
computational techniques, continues to thrive and be a source of
innovation for the ABMS field (Gilbert and Troitzsch, 2005;
Gilbert, 2008; Squazzoni, 2012; Cioffi-Revilla, 2014; Conte and
Paolucci, 2014). Many ABMS papers are published in the
Journal of Artificial Societies and Social Simulation (JASSS,
2016), Social Science Computing Review (SSCR, 2016), Compu-
tational and Mathematical Organization Theory (CMOT, 2016),
and other journals.
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Economics offers a promising area for the application of
ABMS because the standard assumptions of microeconomic
theory (eg, perfect rationality, homogeneity, decreasing returns
to scale, perfect and symmetric information, specified organiza-
tional forms and connectivity, and the long-run equilibrium state
of the system is of primary interest), which are learned in any
freshman microeconomics course, can be individually relaxed in
ABMS. ABMS, because it does not make these restrictions, can
be used to understand the importance of each simplifying
assumption, and tested to see the effect of dispensing with the
simplifying assumption in producing more accurate economic
forecasts. The 2008 economic crisis caused a re-evaluation of the
state of economic modelling, identifying shortfalls, and leading to
proposals that ABMS might be able to offer some solutions. The
failure of the then existing economic models to predict, or even
suggest, the possibility of an impending economic crisis was
something of a crisis in itself for the field of economic forecast-
ing. The credibility and utility of such models were widely
questioned. Farmer and Foley (2009) argued, ‘Agent-based
models potentially present a way to model the financial economy
as a complex system, ... while taking human adaptation and
learning into account’. The Economist (2010) asked whether
ABMS could do better than ‘conventional’ models in such
situations. The agent-based economics modelling community
continues to grow and be a source of innovation for the ABMS
field. The Agent-based Computational Economics website
(Agent-based computational economics (ACE), 2016) has many
resources.

The cognitive, behavioural, and organizational sciences also
have ongoing research threads that involve ABMS (Sun, 2006;
Best et al, 2015), some of which are focussed on modelling
human behaviour that is directly of interest to ABMS.

The early ABMS work in ecology was motivated to answer
open questions that required modelling diversity of populations
of organisms and species in such structures as food and energy
webs (DeAngelis and Gross, 1992). The term used in the
ecological modelling community to describe these models was
individual-based model (IBM), referring to autonomous organ-
isms in favour of the more general term ‘agent’. A recent
literature traces this early history of IBM in ecology (Railsback
and Grimm, 2011). The ecological modelling community con-
tinues to be a source of innovation for the ABMS field, and many
ABMS papers are published in the journals Ecological Modeling
(EM, 2016), Environmental Modeling and Software (EMS,
2016), and others.

Combining ABMS with geospatial modelling and geographical
information systems opens up new application areas for ABMS
that have a strong geography component, such as modelling cities
and urban environments (Heppenstall et al, 2016), humanitarian
assistance (Crooks and Wise, 2013), and even contemporary issues
such as border security (Latek ez al, 2012).

ABMS is also inspired, in part, by the field of CAS, which has
a foundational precept that systems are built from the ‘bottom-up’
and system properties emerge from individual autonomous
entities (agents) and their interactions. This is in contrast to the

Table 1 Sampling of publications introducing ABMS to

disciplines

Discipline Key references

Supply chains Chen et al (2013), Swaminathan et al
(1998)

Intelligent/distributed  Leita (2009), Monostoria et al (2006), Shen

manufacturing and Norrie (1999)

Queueing Sankaranarayanan (2011)

Economics Hamill and Gilbert (2016), Farmer and
Foley (2009), Tesfatsion and Judd (2006)

Finance Bookstaber (2012), LeBaron (2005)

R&D Hunt et al (2013)

(Pharmaceuticals)

Marketing Rand and Rust (2011)

Tourism Nicholls et al (2016)

Environmental Zellner (2008)

planning and policy

Land use Parker et al (2003)

Urban/architecture An (2012)

Transportation Bernhardt (2013)

Geography, geospatial Heppenstall e al (2012), Crooks and

analysis Heppenstall (2012), Crooks et al (2008)

Cognitive science Bedau (2003)

Psychology Smith and Conrey (2007)

Archaeology Cegielski and Rogers (2016), Wurzer et al
(2015), Lake (2014)

Healthcare Maglio et al (2014), Luke and Stamatakis
(2012)

Epidemiology/ Auchincloss and Diez Roux (2008), Epstein

infectious diseases (2009)

‘top-down’ view often taken in SD modelling in which a system
is broken down into its constituent level components, succes-
sively if needed to be, until the appropriate level of fidelity has
been achieved for a specific modelling purpose. Many early
agent-based models took the form of cellular automata, consisting
basically of a two-dimensional (2D) grid or lattice composed of
cells in which each cell assumes one of a finite number of states at
any point in time, on the basis of simple rules for cell
‘behaviours’. Conway’s ‘Game of Life’ is considered by some
to be a simple agent-based model (Gardner, 1970). Swarm was
inspired by A-Life applications modelled after cellular automata
(Langton, 1986; Macal, 2009). In 1967, the programming
language Logo was introduced, for educational purposes, with
its notions of ‘patches’ and ‘turtles’, representing ‘agents’
visually moving over a 2D grid (Harvey, 1997). These constructs
have led to many other Logo dialects, including NetLogo (2016).
The early ABMS toolkits adopted this grid structure and
eventually expanded it to include other topologies for agent
interactions, including networks, n-dimensional spaces, a-spatial
mixing, and so on.

Table 1 provides some well-cited introductory material intro-
ducing ABMS in a sampling of disciplines and research areas.
These publications include state-of-the-art surveys and over-
views, and serve as entry points into ABMS using the language
and constructs of the discipline. They introduce ABMS concepts
and approaches, reference key resources, provide simple
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illustrative models in some cases, discuss the potential of ABMS
for advancing specific fields, and indicate how to get started in
developing ABMSs. These types of publications are strewn
across the technical literature, and are often hard to locate for
those outside the discipline.

2.3. ABMS communities of communities

An important challenge for ABMS is how to capitalize on the
diversity of disciplines that is rapidly pushing forward on ABMS
developments, recognizing that researchers who have established
themselves in their fields are not about to leave their disciplines to
establish a new discipline devoted solely to ABMS. Establishing
communities of ABMS is an approach that has been attempted,
with mixed results. The Network for Computational Modelling
for SocioEcological Science (CoMSES Net) is a scientific
research coordination network, which has sustained itself, to
support and expand the development and use of computational
modelling in the social and life sciences. OpenABM (http://www
.openABM.org) is a node in the COMSES Network, providing a
growing collection of tutorials and FAQs on agent-based model-
ling, a model library intended to provide a locus for authors and
modellers to share their models, and forums for modelling-related
discussions and job postings. The OpenABM website includes a
Computational Model Library, educational resources, a biblio-
graphic library, and active forums on ABMS.

Annual conferences devoted to agent-based modelling have
become sustained, mainstream professional activities. Traditional
conferences such as the Winter Simulation Conference (WSC),
Summer Sim, Spring Sim, and several others have added tracks
to their conferences devoted to ABMS, and these appear to be
sustainable. Hardly an issue of a simulation journal today does
not include at least one article on ABMS theory, methods, or
applications. Listserves devoted to the subject, such as SIMSOC
and ComSES Digest, provide a continuous online source of
ABMS advice, guidance, resources, and forum for advancing the
state-of-the art of ABMS.

2.4. ABMS trends

Agent-based modelling is closely related to the field of MAS
(Uhrmacher and Weyns, 2009). People often ask what the
difference is between ABMS and MAS. There is not a clear
distinction between agent-based modelling and MAS. Many
papers in the literature seem to use the terms synonymously, and
thus the difficulty in determining current trends in ABMS and
MAS. MAS has an earlier history than agent-based modelling,
aligned with robotics and artificial intelligence (Al), at least the
decentralized sort of Al. Coming from the MAS literature,
Jennings (2000) provides a computer science view of agency
emphasizing the essential characteristic of autonomous beha-
viour, just as in ABMS.

Engineering design was the goal of much MAS research
including the design of robotic systems and, specifically, to
identify the rules by which individual agents should operate to
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Figure 1 Trends in agent-based and multi-agent publications.

achieve a common goal. For example, a contemporary design
challenge is how to design the behavioural rules for a swarm of
UASs (unmanned autonomous systems) to maximize their cover-
age of a region and efficiently fuse their sensed information into a
common operating picture. Designing the logic of autonomous
agents deployed across an electric power microgrid is another
application of agents to engineering design (Hernandez et al,
2015).

Engineering design is a normative discipline in that the
challenge is how to develop the best design for a system,
selecting from all possibilities. In contrast, agent-based modelling
typically takes a descriptive perspective on systems: how to best
describe how agents actually behave and interact for the purpose
of understanding the emergence of social structures and organiza-
tions (Holland, 1997; Kaufman, 1993) or forecasting the future
course of the system. Both the normative and descriptive
motivations share the technical problem of understanding the
link between the micro (rules of behaviour) and the macro
(system-level behaviours). Both resort to computer computation
of simulated, dynamic processes and interactions owing to the
complexity of the problem and the lack of analytical means for
deriving these relationships.

Much activity continues in ABMS. As of mid-February 2016,
Scopus (http://www.scopus.com), the largest abstract and citation
database of peer-reviewed literature, returned 29705 documents
for ‘agent-based’ and 52206 documents for ‘multi-agent’, with an
overlap of 8309 documents for the term ‘agent-based” and ‘multi-
agent’. (Although this query was not a perfect match with what
we are looking for, as it returns references to chemical or disease
agents, the vast majority of publications returned refer to agent-
based or multi-agent models, as desired.) Agent-based modelling
as a field has exhibited steady growth from 1995 to 2010, judging
by the number of publications in the field (Figure 1). Since 2010,
Figure 1 shows a levelling off in the number of publications.
Searches in the ACM Digital Library (http://dl.acm.org) and
IEEE Xplore Digital Library (http://ieeexplore.ieee.org) yield
very similar trends. More specific to the simulation field, a search
of the WSC Proceedings since 2008, using the same keywords,
returns 22-30% of the conference publications, with 30%
(139 out of 473 publications) for the most recent WSC 2015.
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In addition, the subject fields covered by the publications returned
appear to cover virtually all the subject areas covered by the
search engines, with the top areas being computer science,
mathematics, engineering, social sciences, business, decision
sciences, environmental science, and economics. Finally, the
Journal of Simulation has published 29 papers referencing
‘agent’ in the past 10 years. The simulation journals ACM
Transactions on Modeling and Computer Simulation (TOMACS),
Simulation: Transactions of the Society for Modeling and
Simulation International, Simulation Modelling Practice and
Theory, and the International Journal of Simulation and Process
Modelling regularly publish papers on ABMS.

3. Towards common definitions of ABMS

What is agent-based modelling? What is an agent? What is new
and different about agent-based modelling? I am asked these
questions often by people who come from many disciplines,
some who have experience in ABMS modelling and many others
who are new to the field, and would like to develop an agent-
based model. There is no universal agreement on the precise
definition of the term agent, or, by extension, on the term agent-
based model (Macal and North, 2010).

What people refer to as an agent-based model can vary
widely, and in important ways in terms of the details. It is not
unusual for someone to claim that their model is agent-based
only to have others take exception to that claim. For example,
some claim their models are agent-based solely because they
are object-oriented in their structure, or they are implemented
using an agent-based modelling toolkit, or they have entities
who have ‘behaviours’. In this view, even models of physical
systems such as those addressed by the specialized field of
molecular dynamics, in which the agents consist of mole-
cules, and their behaviours are the physical principles they
adhere to. Perhaps these are as much agent-based models as
they are any other type of model. But this classification may
not be useful beyond the semantic distinction.

One way to proceed towards a precise definition of ABMS is
to ask what most people think about when they use the term, as in
what ‘agent’ suggests, even including those who have never done
research involving agent-based modelling. Another avenue to
defining ABMS is to consider what people who do agent-based
modelling are actually referring to when they report their models.
It is common for an agent-based model to be thought of as one
composed of individual entities that have autonomous behaviours
and are different from one another, having diverse characteristics
and behaviours over a population.

Recognizing that a single definition of ABMS is unlikely to be
universally accepted for a variety of reasons, I offer four
alternative definitions of ABMS in increasing complexity, based
on applications appearing in the literature. These definitions span
what people tend to think of as ABMS. I have found these
definitions very useful in communicating with modellers and
policymakers alike, about the nature and capabilities of ABMS

and its relationship to other modelling approaches. The defini-
tions are informal at this point but are an essential area for
future work.

Definition 1:  An individual ABMS is one in which the agents in
the model are represented individually and have diverse
characteristics.

Many would say that the primary requirement for an agent is
its representation as a distinct individual. In this view, the agent
has the capability to act independently during the course of the
simulation, but its behaviour can be scripted, that is, an agent can
simply act on a time schedule, for example, and not have all of its
behaviours be reactive to current events or its own endogenously
determined internal state. This approach precludes the need for an
agent to have an individual state. Early traffic simulations that
modelled individual drivers in large metropolitan areas, such as
TRANSIMS (Smith ef al, 1995), took this approach to modelling
drivers who followed a scripted schedule during which they
travelled from origins to destinations, and interacted with other
drivers on roadways. Such simulations are not reactive to new
events as they occur during the simulation, such as road accidents
or route interruptions. Recent ultra-large-scale population simula-
tions have taken this approach also because of computational
constraints.

Definition 2: An autonomous ABMS is one in which the
individual agents have internal behaviors that allow them to
be autonomous, able to sense whatever condition occurs
within the model at any time, and to act on the appropriate
behavior in response.

Many would say that the fundamental feature of an agent is
autonomy, the capability for agents to make independent deci-
sions based on the state of the system at any time and to act
without direction provided by external guidance or prescription
(Jennings, 2000). Representing an agent’s reactive behaviours
necessitates the need for an agent to have its own internal state
upon which its behaviours can be based. An agent’s internal state
is implemented as a subset of the agent’s defined characteristics
that are updated dynamically during the course of the simulation
at scheduled event times in which the agent behaviours are
executed.

Some models emphasize agent individuality and auton-
omy, but the agents do not interact with each other. Such an
approach is perfectly reasonable if, for example, a govern-
ment organization is modelling the entire population of a
country at an individual level for the purposes, say, of
forecasting the earnings potential of workers, worker reloca-
tion patterns, and the amount of tax revenue that will be
collected. Another example is of a healthcare insurance
provider who is forecasting the health of the insured popula-
tion using detailed models of the individuals’ health and
disease. In these kinds of models, which tend to be large-
scale in nature and computationally intensive, the additional
detail of including agent interactions would be of little
benefit.
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Table 2 Definitions for ABMS based on agent properties

ABMS Individuality ~ Behaviours  Interactions Adaptability Example

definition/

agent

properties

Individual Individual Prescribed, Limited None Traffic model that has agents moving between origin—

ABMS heterogeneous  scripted’ destination pairs according to a script
agents®

Autonomous Individual Autonomous, Limited None Taxation model in which agents choose occupations

ABMS heterogeneous dynamic* and places to work but do not interact with others
agents*

Interactive  Individual Autonomous, Between other ~ None Infectious disease model in which agents transmit and

ABMS heterogeneous dynamic* agents and the are infected through contact and respond to their disease
agents* environment! state according to prescribed behaviours

Adaptive Individual Autonomous, Between other ~ Agents change Healthcare model in which agents change their

ABMS heterogeneous dynamic;t agents and the  behaviours during behaviours according to the state of their health
agents* environment the simulation'

*Agents in the population have diverse set characteristics.

ngent behaviour is exogenously provided and not based on endogenous events during the simulation.

*Agent behaviour is endogenous based on the current agent state.

TAgent behaviours are based on the observed states and behaviours of other agents and the state of the environment.
HAgents change behaviours during the simulation, agents learn, and/or populations adjust their composition.

Definition 3: An interactive ABMS is one in which autono-
mous agents interact with other agents and with the
environment.

The primary motivation for social simulation as described
in Section 2 is to model the social interactions as well as
behaviours of agents to understand how various social
structures, institutions, and patterns emerge as a result. The
vast majority of agent-based models have some form of
dynamic interaction among agents and the environment.
Examples include models in which information diffuses
through a population, or an infection spreads through a
population, because of agent contact. Including agent inter-
actions in such a model introduces another degree of compu-
tational complexity related to agent coordination. Specialized
algorithms are required for efficient implementation of large-
scale interactive ABMS.

Definition 4: An adaptive ABMS is one in which the interact-
ing, autonomous agents change their behaviors during the
simulation, as agents learn, encounter novel situations, or as
populations adjust their composition to include larger pro-
portions of agents who have successfully adapted.

Others would say that the fundamental feature of an agent is its
capability to adapt and change its behaviours. Adaptation may be
a result of learning in which the agent ‘remembers’ previous
encounters with various situations and remembers what the
outcomes of its behaviours were in these situations. An agent
does this by including that information into its internal agent
state. Adaptation might also result as an agent creates a new
behaviour when faced with a novel situation. An agent does this
through behaviours that act on behaviours, or by an abstract
behaviour model. Agent behaviours can reflect adaptive

behaviour beyond simple rules that change rules, by representing
agent behaviour using advanced algorithms, such as machine
learning and genetic programing. Another form of adaptation can
be implemented in ABMS at the population level, whereby
individuals do not change their behaviours, but the composition
of agents in the population adjusts over time to include larger
proportions of agents that have successfully adapted.

In all of the four definitions above, an agent-based model is
characterized by the properties of the agents in the model. Table 2
summarizes the definitions for ABMS based on these properties.

The distinctions between ABMS facilitated by the definitions
above are useful in communicating about and understanding
what a particular agent-based model is, what it does, how it
works, and what it possibly could do. When encountering an
agent-based model, one would want to ask how the agents in the
model are treated in terms of the key notions of individuality,
autonomy, interactivity, and adaptability.

The ABMS definitions above, although not mathematically
precise, are useful in distinguishing ABMS from other modelling
and analytical approaches. Agent-based modelling is attractive
because it offers the capability to model a population of hetero-
geneous agents. For if agents were all assumed to be the same and
a ‘representative’ agent could stand in for the population as a
whole (as in the perfectly rational agent in economics), one could
work with greatly simplified models, some possibly simple
enough that they would be amenable to analytical treatment, and
obviate the need to resort to resource-intense computations.

An example is distinguishing ABMS (as defined above) from
SD modelling. SD models tend to aggregate agents with similar
characteristics into homogeneous population compartments,
which in practice tend to be few in number compared with the
number of agents in the entire population, whereas ABMS
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emphasizes individuality and heterogeneity (Definition 1). It is
also important to understand the distinction between ABMS and
swarm optimization algorithms, such as ant colony optimization
and particle swarm optimization. Swarm optimization, from the
field of bio-inspired evolutionary algorithms (Olariu and
Zomaya, 2006), has been used to solve practical, large-scale
optimization problems (Bonabeau et al, 1999; Barbati et al,
2011). The basic idea is that multiple agents search a landscape
and interact by sharing information directly with other agents, or
indirectly by using the environment as a medium in a process
called stigmergy. The agents are continually acting on that
information and executing behaviours in such a way that flocks
or herds of agents emerge and converge on, at least locally,
optimal solutions. Agents can recall past search paths from their
memories to avoid repeating previous paths and even convey this
information to other agents as well so that a collective picture of
the landscape emerges.

If each agent in an agent-based model has an internal state and
interacts with other agents and the environment (per Definition 3,
is an interactive ABMS), it admits the possibility of models that
are agent-based but technically are not simulations in the usual
sense—no processes or set of activities corresponding to the real
world are being simulated. There is no time-stamping of events,
and there is no simulation clock. An event consists of an agent
executing its behaviours and interacting with other agents and the
environment. There is a sequence of events, but the scalar
ordering of events is, as time-stamping would provide, not
present, a priori. In this case the sequence of events (ie, agent
behaviours and interactions) can be dynamically generated, on
the basis of the conditions within the simulation at a particular
time. For example, agents needing or requesting more attention
when searching a landscape may execute their behaviours and
interactions more frequently. This is exactly how a swarm
optimization algorithm proceeds, and one can argue the case that
such swarm algorithms are fully agent-based models, if not
necessarily simulations in the usual sense of the term.

The definitions of ABMS above are incomplete and fall short
of being able to distinguish ABMS from other important
techniques, such as DES and continuous simulation. To do this
would require additional definitional machinery about event and
time-advance mechanisms, a more precise definition of state, and
so on, which are beyond the scope of the current paper.
Distinguishing ABMS from other techniques is important to
suggest not how ABMS can displace their use but more
importantly how ABMS can be used in conjunction with them.
This is one of the main future challenges for ABMS, as discussed
in the next section.

4. The promise and challenges for ABMS
4.1. The promise of ABMS

‘In the future virtually all computer simulations will be agent-
based because of the naturalness of the agent representation and
the close similarity of agent models to the predominant

computational paradigm of object-oriented programming’
(North and Macal, 2007). With the hindsight of the last 10 years,
it is becoming clearer as to what the barriers are to adoption of
ABMS if this potential is to become reality.

Bankes (2002) described the potential of ABMS early on when
he wrote that a clear consensus among the papers in the Sackler
Colloquium of the National Academy of Sciences (Sackler,
2001), which focussed on agent-based modelling, was that
ABMS ‘is a revolutionary development for social science’, and
suggested the challenges that needed to be met:

B1: Better treatment of uncertainty analysis.

B2: Calibration of models to data.

B3: Developing methodologies for using models to answer
specific questions or to solve problems.

B4: Demonstrating emergent phenomena beyond simple com-
puter graphics.

Heath et al (2009) considered ABMS practice by surveying
279 articles from 92 unique publication outlets. They identified
improvements for advancing ABMS as an analysis tool:

HI1: Development of specific tools that are independent of
software.

H2: Development of ABMS as an independent discipline with
a common language that extends across domains.

H3: Establishment of expectations for agent-based models that
match their intended purposes.

H4: Requirement of complete descriptions of the simulation so
others can independently replicate the results.

HS5: Requirement that all models be completely validated.

H6: Developing applications of statistical and non-statistical
validation techniques specifically for ABMS.

None of these challenges have been completely met at this
point, but progress is being made on all of them. Many of these
challenges (eg, B1, B2, B3, Hl, and H3) pertain to better
acceptance of simulation models and results in general, not only
ABMS. But meeting the challenges may require solutions
tailored to ABMS. For example, having agent-based models to
be accepted by policymakers may be more difficult because the
complexity of the models works against transparency and makes
explanations of model output more time-consuming and difficult.
Validation of agent-based models requires validating agent
behaviours and emergent phenomena, in addition to system-
level model outcomes (Hahn, 2013). Many early agent-based
models were conceptual in nature, meant for illustration and
theory construction. They were not calibrated to real-world data,
were deterministic in nature, largely ignoring stochastic elements,
and were not intended to provide results to policymakers or
decision-makers. On many of these points, the field is evolving
slowly, but steadily, with a trend to developing large-scale
applications intended to provide information supporting policy
analysis and decision-making. There is much promise for what
agent-based modelling can accomplish, with many reasons to
believe that it will realize its potential in addressing the tangible,
immediate questions that decision-makers are actually concerned
about (eg, Epstein, 2009; Farmer and Foley, 2009; Nature,
2009). Currently, there are few widely reported, documented
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cases of ABMS applications that have had direct policy impacts,
or that are used on a regular basis as part of decision-making. Yet,
even better ways for how ABMS could provide information to
policymakers has become an area of research itself (Hoad and
Watts, 2012).

To these suggestions, I would add the following challenges for
ABMS as a field:

1. Increase credibility and trust in agent-based models and their
results. A complex agent-based model can appear to be an
unknown quantity compared with simpler, but accepted and
established, modelling methods routinely used in a discipline.
This situation can exacerbate the problem of having agent-
based models and results published in mainstream journals.
Better arguments are needed that articulate the justifiable need
for, value of, and benefits gained from specific agent-based
model applications.

2. Increase transparency in models, which is hindered by the
complexity of agent-based models that makes results difficult
to explain. Descriptions of models complete enough for others
to independently replicate model results (addressing H4
above) would bring validated agent-based models closer to
being instruments of scientific discovery. The Overview,
Design Concepts, and Details (ODD) protocol is a significant
step towards standardizing documentation and communica-
tions of agent-based models (Polhill ez al, 2008; Grimm et al,
2010). Simulation journals are exploring review processes that
include independent replication of models submitted for
publication.

3. Expand knowledge of agent-based modelling to include: how
agent-based models can be efficiently developed, how models
can be effectively used to generate relevant information, and
how to analyse and explain model results. Developing a well-
defined body of knowledge about ABMS, and having a
common language and definitions could help bridge disparate
domains (partly addressing H2 above). Formal theories of
ABMS will help define its capabilities and limitations (North,
2014). Lack of ABMS educational programmes for develop-
ing the next generation of researchers and facilitating research-
ers who want to immediately develop ABMS applications is
holding the field back.

4. Increase the ease-of-use of tools for developing agent-based
models. Agent-based modelling tools are continually being
developed and upgraded with new capabilities, including
making them easier to use. Lack of easy-to-use tools and
standardized user interfaces for ABMS model development is
a barrier to adoption of ABMS.

4.2. Some research challenges for ABMS

There are several research areas that show great promise for
advancing the capabilities of ABMS to solve problems. A few of
these research areas are described next.

Behavioural modelling. The behavioural modelling challenge
for ABMS is to develop better representations of agent beha-
viour and the methods that populate behavioural models with
the requisite data. One of the primary reasons that people are
interested in ABMS is because they would like to include truer
representations of human behaviour into their models or orga-
nizations and societies and see their collective effects.
Advancements in behavioural economics and behavioural
operations management have fuelled interest in better models of
behaviour. Better models of agents are needed that describe how
people actually behave in a variety of contexts. Agent-based
models have moved beyond the normative rational actor model
to include variations of the more descriptive bounded rationality
model, in which agents’ decisions and behaviours are tempered
by realistic constraints on time, effort, and attention, among
other approaches (Balke and Gilbert, 2014). Causative agent
behavioural models based on insights from behavioural eco-
nomics (Kahneman, 2011) and cognitive sciences (Sun, 2006)
that include social and emotional factors could be essential ele-
ments of more predictive, and useful, agent-based models. For
example, Epstein (2014) introduces a new theoretical entity,
Agent_Zero, a conceptual software individual endowed with
distinct emotional or affective, cognitive or deliberative, and
social aspects, grounded in contemporary neuroscience that
represents explicit causative factors underlying agent beha-
viours. New approaches using data analytics for inferring agent
behaviours from data streams (Kosinaki et al, 2013) demon-
strate how behavioural attributes can be identified from digital
records. Data streams from social media and sensor networks
offer the possibility of extracting agent behaviours in real time
(Bengtsson et al, 2011) and dynamically aligning agent states to
real populations. Robust behaviour models that can be con-
tinually calibrated and validated against real-world data would
increase ABMS credibility.

Simulation analytics. The simulation analytics challenge for
ABMS is to develop the methods and tools, such as data
analytics and statistical analysis techniques, for extracting
meaningful information from simulation results. ABMS’s
gain in complexity is at the loss of analytical tractability and
the ability to derive facts a priori about agent-based models,
such as relating micro-level agent behaviours to macro-level
system outcomes. Instead, agent-based models must be
simulated on a computer. Computational experiments must
be cleverly designed in advance to efficiently obtain the data
that can be used to understand model behaviours, sensitivities
to parameters, and how uncertainties in input data and struc-
tural relationships (eg, agent behaviours) are propagated to
model outputs. The problem is compounded in a stochastic
environment by uncertain parameters characterized by ranges
and distributions. A single run of a stochastic agent-based
simulation consisting of millions of agents moving through
an urban environment and updating their states hourly for a
period of 10 years produces a terabyte of data. Doing many
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runs of a stochastic simulation or doing parameter explora-
tions can require thousands of ensembles of simulations that
can only be done in distributed computing environments and
managed by specialized workflow software. In addition to the
challenge of efficiently storing the model outputs in such a
way that the data can be efficiently accessed, the challenge
for large-scale data analytics is to extract key relationships
embedded in the data. Data analytics approaches turned to
simulation output data such as simulation analytics (Nelson,
2016) will be needed. In addition, new statistical methods
and existing methods implemented for large-scale applica-
tion of data analytics are needed to support agent-based
modelling requirements (Thiele ef al, 2014; ten Broeke et al,
2016).

Hybrid modelling. The hybrid modelling challenge is to
understand how agent-based modelling can be effectively used
with other simulation and modelling techniques operating toge-
ther in the same ‘hybrid’ model in such a way that each techni-
que addresses the part of the problem that it does best. Agent-
based models need not be viewed as displacing other simulation
techniques (Siebers et al, 2010). The ABMS/SD and ABM/DES
combinations are the agent-related hybrid configurations that
have received the most attention (Heath et al, 2011). The hybrid
modelling challenge has both logical (how to link models toge-
ther in a way that makes sense) and mechanistic elements (how
to link two existing models together that use disparate model-
ling tools). An example of a hybrid model consists of an agent-
based model of a regional economy, in which agents generate
economic activity according to their detailed behavioural mod-
els, linked to a SD model that supplies the macroeconomic
variables at the national level; the hybrid model captures the
two-way linkages between the agent-based model and the SD
model. ABMS toolkits have begun to incorporate hybrid-
modelling capabilities.

Large-scale ABMS. The large-scale agent-based modelling
challenge is to efficiently and effectively simulate large-scale
agent-based models, consisting of millions of agents, at the
city scale, or even billions of agents, at the global scale. The
computing challenge is to develop algorithms and software
for distributing agent-based models, or their interacting
components, on high-performance computing, cloud com-
puting, and other platforms (Collier et al, 2015). Research
challenges include how to dynamically balance simulation
workloads, interact with running simulations, and efficiently
collect model outputs for further analysis. A large-scale
ABMS challenge is to engineer processes for efficiently
developing synthetic populations of agents, whether agents
represent actual people, which comes with the associated data
access and privacy issues, or only surrogate agents that cor-
respond to the population, but only in the aggregate to prop-
erly address anonymity requirements.

5. Summary and conclusions

This paper has examined the current state of ABMS, providing
background and links to the various disciplines and communities
that conduct ABMS research and develop applications. Four
definitions of ABMS were proposed based on the key features of
agents typically included in such models: individuality, auton-
omy, interactivity, and adaptivity. The definitions were a start in
establishing a footing for relating ABMS to other simulation and
modelling techniques. Finally, I have suggested some research
areas for ABMS in the next 10 years that will help this method
realize its full potential.

A question posed at the beginning of the paper was whether
there is anything new about ABMS: in considering that
question, one is struck by the many parallels between how
ABMS is advancing as a field and Kuhn’s (2012) view that the
shifting fundamental paradigms of a field are the hallmark of a
scientific revolution. Noting that Kuhn also states that scien-
tific revolutions occur at all scales, and a revolution in
simulation may be a minor one as scientific revolutions go,
the parallels are highly suggestive that ABMS represents a
fundamentally new simulation and modelling technique that
offers the potential to solve problems that are not robustly
addressed by other methods.

Challenges remain if ABMS is to achieve its promise and
realize its potential. One open challenge is whether the mechan-
isms can be developed and sustained for the various communities
engaged in ABMS research to continue to share their develop-
ments as these individual fields advance and become more
specialized in their use of ABMS. Positive developments towards
achieving this aim include the expanding open access to the
ABMS research literature, the indexing of the literature across its
widely disparate research communities, and the ongoing publica-
tion of novel ABMS applications.

And finally, as to whether ABMS is a fad, doomed to an early
extinction, the answer is that ABMS is alive and well, and the
future is bright. Humans appear to be naturally motivated to
model and simulate all of society, dating back to our earliest
history, and only now, with the advent of powerful computers, is
it possible to attempt to do so. Asimov (1988) provides a fanciful
vision of where such possibilities could lead, when in a universe
far into the future, scientist hero Hari Seldon invents the field of
‘psychohistory’, based on the recognition that society is com-
posed of millions of autonomous interacting individuals, each
making their own decisions. This enables him to precisely predict
the behaviours of the course of society, but only in the aggregate
and only if that information is kept highly secret. Undoubtedly,
researchers in the foreseeable future will be compelled to explore
and realize the possibilities for predicting the course of society
and all of its parts, or prove that it cannot be done.
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