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Abstract

Agent-based modeling is a computational approach in which agents with a specified set of
characteristics interact with each other and with their environment according to predefined rules.
We review key areas in public health where agent-based modeling has been adopted, including
both communicable and noncommunicable disease, health behaviors, and social epidemiology. We
also describe the main strengths and limitations of this approach for questions with public health
relevance. Finally, we describe both methodologic and substantive future directions that we believe
will enhance the value of agent-based modeling for public health. In particular, advances in model
validation, comparisons with other causal modeling procedures, and the expansion of the models
to consider comorbidity and joint influences more systematically will improve the utility of this
approach to inform public health research, practice, and policy.
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INTRODUCTION

Agent-based modeling is an increasingly popular method for visualizing, analyzing, and
informing complex dynamic systems in public health. Although agent-based models
(ABMs) hold promise for providing insight into population-level health outcomes and
interventions, careful consideration of the limitations and challenges of these models is
required to realize their full potential. In this article, we provide an overview of: agent-based
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modeling in public health, including the central properties and assumptions of the models
and how they complement other complex systems approaches; key areas in public health
where this method has been adopted; the advantages of this method for questions with public
health relevance; the limitations and challenges of these models; and critical future
directions, both methodologic and substantive, that we believe will enhance the value of
ABMs for public health research, practice, and policy. For additional reading, we direct the
reader to commentaries (1, 24, 25, 27, 31, 41) and systematic reviews of agent-based
modeling in public health (84, 95) as well as tutorials on agent-based modeling (42, 72, 88).

PROPERTIES OF ABMs

Agent-based modeling is a computational approach in which agents with a specified set of
characteristics interact with each other and with their environment according to predefined
rules (1, 27, 67). Agents may represent individuals, households, governments, or any other
entities of interest. They may adapt their behavior in response to their experiences,
interactions with other agents, and interactions with their environment. A defining feature of
agent-based modeling is that it allows the emergence of population-level phenomena that are
greater than or different from what would be expected based only on the aggregate of
individual behaviors (7). Agent-based modeling is thus referred to as a bottom-up approach,
in which behaviors at the micro level give rise to dynamics at the macro level (32). As
illustrated in Figure 1, which presents a diagram of a hypothetical ABM of individuals
embedded in multiple contexts, ABMs may include a variety of individual-level
characteristics (ranging from endogenous factors to socioeconomic status) as well as
community-level characteristics and other social influences that work together to shape
individual health behaviors, health outcomes, and health service utilization. ABMs can also
explicitly incorporate the effects of ongoing processes like aging and movement between
communities. Together, these interactions and biologic, behavioral, and social processes
make up the system from which population health emerges.

Other distinct properties of ABMs include autonomy, heterogeneity, feedback, and
stochasticity. Autonomy implies that agents make decisions about how to act given their
current circumstances and programmed behavioral rules (72, 84). Heterogeneity is reflected
in the differences among agents and among parts of the environment, which may have
multiple static and time-varying characteristics in an ABM (1, 27). Changes in agent and
environmental characteristics may be amplified in unexpected ways over time through
feedback, whereby past experiences change the course of future responses (2, 24).
Stochasticity allows the model to unfold in a probabilistic (as opposed to deterministic)
fashion, with randomness influencing behaviors and changes in the model (1). As a result of
these properties, ABMs can be used to consider nonlinear relations influenced by multiple
levels and interpersonal interactions in ways that are often more flexible than those offered
by other approaches. As such, ABMs (and complex systems approaches more generally)
permit a broader array of research questions than traditional analytic approaches can answer,
with the potential to shed new light on population health problems.

Agent-based modeling shares objectives and capabilities with other complex systems
approaches, including system dynamics modeling and network analysis. System dynamics
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models use a series of differential equations to reflect stock variables (e.g., population
subgroups) and flows into and out of stocks, including bidirectional relationships (54). Such
models are particularly well suited to modeling high-level system behavior in large
populations (66, 67). However, typically system dynamics models do not finely specify the
micro-level behaviors of individuals, including interactions between individuals and
adaptations over time. By contrast, network models can accommodate complex network
structures, including the transfer of information, behaviors, and disease across connections
(27, 67). Network analysis can be used to examine how and why networks change over time
and to test hypotheses regarding their structural and social influences on the development of
health behaviors and outcomes. However, network analysis is not well suited to considering
higher-level system properties. ABMs complement and extend these approaches by
incorporating network dynamics while also accounting for multiscale interactions and
bidirectional feedback loops.

Systems science approaches like ABM have long been used in fields outside of public
health. ABM grew out of the computational and information processing advancements in
computer science, mathematics, physics, game theory, and evolutionary science that
occurred during the twentieth century, including Von Neumann’s cellular automata,
Conway’s Game of Life, and Holland’s genetic algorithms (67, 79). As evidence
accumulated that population health outcomes reflect more than the sum of individual risks,
emerging from interactions between individuals over time (56), ABMs began to be viewed
as a useful tool for public health problems as well. Applications of ABMs in ecology,
business, political science, and the social sciences (7, 8, 30, 69, 73, 88) have been influential
in the development of ABMs in public health, as well as in the formalization and
standardization of these approaches across disciplines (46-48).

APPLICATIONS OF ABMs IN PUBLIC HEALTH

In public health, agent-based modeling has historically been used almost exclusively to
model infectious disease transmission and control in populations. ABMs are a natural fit for
modeling infectious disease transmission because interactions between individuals, and
individual interactions with local environments, often give rise to population patterns of
infectious disease incidence and persistence. However, in the last 15 years, these methods
have been increasingly applied to noncommunicable diseases, health behaviors, social
epidemiology, and other issues relevant for population health that do not involve traditional
infectious processes (84). These ABMs fall along a wide continuum, from abstract
representations of a simplified system (43) to realistic simulations of a well-defined
population (6).

ABM Applications in Infectious Disease Epidemiology

Many ABMs of infectious disease transmission rely on the susceptible-infected-recovered
(SIR) framework proposed by Kermack and McKendrick in the 1920s (94), in which the
flows between susceptible, infected, and recovered states are governed by differential
equations (32). ABM extensions of SIR models have been used to introduce individual
heterogeneity and more complex network interactions into these traditionally aggregate,
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compartmental models, providing further insight into infectious processes in real-world
settings (15, 32). ABMs of infectious disease have also been widely used to evaluate
infection control policies and have thus informed the development of containment strategies
by the Centers for Disease Control and Prevention (CDC) and other government agencies
(87). Notable ABMs in infectious disease epidemiology include comparisons of vaccination
strategies to address a deliberate bioterrorist introduction of smallpox (33, 51), tuberculosis
control strategies (82), use of targeted antiviral prophylaxis and social distancing measures
to prevent an H5N1 influenza A (bird flu) pandemic (38), contact tracing and quarantine to
reduce measles transmission (28), treatment and hygiene procedures to reduce Clostridium
difficile infection transmission in health care settings (17), evacuation plans in the event of
airborne contamination (34), and vaccination strategies against influenza pandemics,
including their impact on health care personnel (19, 59). This work includes the Models of
Infectious Disease Agent Study (MIDAS), which has brought together a collaborative
network of researchers to inform national responses to outbreaks of existing and emerging
infectious diseases (101). Recent ABMs have also considered interventions to reduce human
immunodeficiency virus (HIV) incidence (35, 74, 76), including combination strategies
addressing both HIV transmission risks and underlying drug use behaviors. ABMs of
infectious disease have thus advanced to include increasingly sophisticated parameterization
of social networks and environmental influences to best inform public health policy and
planning. Furthermore, many of the modeling capabilities developed, extended, and refined
through infection-related ABM programs like MIDAS [e.g., census-based synthetic
populations, and the Framework for Reconstructing Epidemic Dynamics (FRED)] (45, 104)
can be applied to public health problems beyond infectious disease.

ABM Applications in Noncommunicable Disease Control

The increasing recognition that dependence between individuals and feedback over time are
also important to noncommunicable diseases (16, 83) has led to increased applications of
ABM:s in this area. Obesity and its correlates have been the subject of a plurality of these
investigations (84), given the urgency of obesity as a public health problem and the complex
influences of biological, behavioral, social, and environmental factors on the risk of obesity
over the life course (44, 67). Some of this work was developed by the National Collaborative
on Childhood Obesity Research through the Envision project, which aimed to apply systems
science methods to identify potential points of intervention to reduce population levels of
obesity (70). ABMs of obesity have emphasized the importance of accounting for the
clustering of obesity in social networks and neighborhoods, including simulations of social
network influences on body weight (52) and joint neighborhood and individual influences on
Black/White disparities in body mass index (86). ABMs have also been utilized to study
diabetes, illuminating the progression of diabetic retinopathy and the influence of screening
on vision loss among diabetic patients (22, 23), as well as the influence of patient-provider
interactions on the adoption of continuous glucose monitoring (102). These models have
thus made inroads into the understanding of noncommunicable disease development,
progression, and treatment, including the role of communities, peers, and providers.
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ABM Applications to Health Behaviors

In addition to assessing disease endpoints in the population, ABMs have also been used to
gain insight into health behaviors that increase the risk of disease, as well as potential
interventions to reduce risky behaviors like smoking, alcohol consumption, physical
inactivity, and unhealthy eating.

ABMs have highlighted the role of social influences on tobacco control policies and
smoking behaviors in the population. ABMs of smoking have explored the effects of
transitions to electronic cigarette use on population smoking prevalence (14) and the roles of
socioeconomic status and social influence on smoking behaviors (13, 90). By explicitly
incorporating interactions between individuals, this work has extended conclusions from
previous system dynamics models of smoking (61, 62). A recent Institute of Medicine report
summarized the usefulness of ABMs for studying the complex, dynamic influences on
smoking initiation, cessation, and relapse, and it included recommendations for developing
and evaluating ABMs for tobacco control (18). One advantage of these methods over more
traditional analytic approaches is their ability to identify the potential unintended
consequences of alternative tobacco control strategies. This is important given the tobacco
industry’s history of successfully adapting its marketing and lobbying plans to address
control policies like increased taxation and restrictions on advertising, thereby undermining
efforts to reduce smoking in the population (100).

ABMs have also considered the unintended consequences of policies aimed at alcohol
consumption and related harms. The SimDrink ABM simulated the behaviors of young
people (aged 18-25 years) during a night out, including the types of venues (e.g., private
versus public) visited by groups of friends and the decisions they made about when to go
home (93). Population experiences of alcohol-related harms (e.g., verbal aggression and
ejection from outlets because of intoxication) were compared under different simulated
policies, including extending public transportation hours and instituting “lockout” times
after which no one could be admitted to a venue (e.g., two hours before closing). The
authors explicitly addressed the possibility that these policies may increase alcohol-related
harms by keeping drinkers out later or may merely displace harms from public to private
settings. Gorman and colleagues used a more abstract ABM to explore social and
environmental influences on drinking behavior (43). Agents could move left or right on a
one-dimensional lattice, with movements and transitions between drinking states (e.g.,
nondrinker, current drinker, former drinker) influenced by the drinking behaviors of other
agents they encountered on the lattice. The authors also introduced an on-premise alcohol
outlet (i.e., a bar) onto the lattice that attracted current drinkers. ABM results indicated that
contact between nondrinkers and drinkers would eventually eliminate nondrinkers from the
population, though the amount of time required for that to occur varied according to the
frequency of agent movement and contact between agents and to whether there was a bar on
the lattice around which current drinkers clustered, thus limiting their interaction with
nondrinkers and former drinkers. These findings highlight how contacts between individuals
and between individuals and alcohol outlets shape population levels of drinking behavior.
This supports theoretical work by Gruenewald (49) on “assortative drinking,” whereby
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individuals with similar preferences and behaviors cluster together at particular drinking
venues, reinforcing potentially hazardous drinking norms.

ABMs have been used to demonstrate the importance of environmental influences on
physical activity, independent of individual and peer preferences. For example, Yang and
colleagues (107) developed an ABM that modeled individual walking behaviors in a
simulated city. Walking ability was a function of age, whereas walking preferences were
influenced by previous walking experiences, by seeing others walking, and by the walking
attitudes of friends and family members, thereby incorporating learning and adaptation.
Population patterns, including inequalities in walking across socioeconomic status, were
observed under different distributions of land use and safety, thereby accounting for
environmental influences. This model was extended to also consider the influence of
different interventions (e.g., improving the safety level of certain areas, increasing positive
attitudes towards walking) on walking behaviors (108). Yang and colleagues also developed
other ABM s to investigate influences on children’s active travel to school (106), including
optimizing the so-called walking school bus, in which students walk to school in groups led
by adults, following a planned route with designated “bus stops” (109). These studies all
highlighted the importance of land-use distributions and equity of environmental resources
on walking behaviors and on the effectiveness of interventions aimed at increasing physical
activity. Other scholars have developed additional ABMs to examine changes in
transportation infrastructure on walking behaviors (60) and to implement a customizable
tool aimed at enhancing walkability around designated areas (5), further capitalizing on the
ability of these models to incorporate feedback between individuals and their environment.

ABMs of diet have also highlighted the importance of feedback between individuals and the
environment. Auchincloss and colleagues used an ABM to explore determinants of income
inequalities in diet (3). Households could decide to patronize specific stores based on food
prices, store distance, and preferences for healthy foods, whereas stores could decide to
relocate or change their offerings based on customer preferences. Model results indicated
that income differentials in diet emerged as a result of the segregation of healthy food
sources and high-income households from less healthy food sources and low-income
households. The authors proceeded to show that changing food preferences among low-
income households in combination with reducing the prices of healthy foods could eliminate
income differentials in diet. Blok and colleagues developed a related model simulating
household food consumption and food outlet distribution and changes in a city in the
Netherlands (6). Income inequalities in healthy food consumption were reduced by
eliminating residential segregation, lowering the prices of healthy foods, and increasing
preferences for healthy food consumption through mass media education campaigns. Li and
colleagues (63) also explored the potential effect of education campaigns on healthy food
consumption by using an ABM to simulate individuals, social networks, and food outlets in
New York City (NYC) neighborhoods. Individuals’ daily dietary choices were influenced by
demographic characteristics, food access, price sensitivity, taste preferences, and health
beliefs, with taste preferences and health beliefs in turn influenced by the individuals’
friends in the model. A mass media marketing campaign and community nutrition education
program was assumed to increase the influence of healthy peers on food consumption
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choices by 10%, resulting in a substantial increase in fruit and vegetable consumption and
thus highlighting the positive influence of social norms.

ABM Applications in Social Epidemiology

As demonstrated by the ABMs exploring social network and place effects on health, agent-
based modeling is particularly well suited to examining questions of interest in social
epidemiology, which often involve collective behaviors, distributions of resources, and other
social conditions that serve as fundamental causes of disease (39, 65). In line with this work,
a recent ABM by our group has explored the social production and propagation of violence
and tested alternate strategies for reducing violence and its consequences (10-12).
Specifically, we created a virtual representation of the adult population of NYC, distributed
across NYC neighborhoods. Violent experiences among individuals in the model were
governed by interactions with other agents, sociodemographic characteristics, mental health
symptoms, past histories of violence, and neighborhood characteristics, in addition to the
actions of police officers and, in some model specifications, “violence interrupters” (i.e.,
community members trained to mitigate occurrences of violence and retaliation). The model
compared universal and targeted experiments increasing neighborhood collective efficacy to
reduce violence. The universal experiment was characterized by a small increase in
collective efficacy across the whole city, whereas the targeted experiment intensified efforts
to increase collective efficacy but only in high-violence neighborhoods (10). The results of
these experimental conditions were contrasted under different hypothetical scenarios,
including complete racial and economic residential segregation versus complete random
mixing. We found that the universal experiment led to greater reductions in violent
victimization across all groups, but racial/ethnic inequalities in violence persisted in the
presence of racial and economic segregation. Only by reducing segregation through artificial
random mixing across the environment were racial/ethnic inequalities in violence eliminated
through increased neighborhood collective efficacy. In a subsequent iteration of the model,
we investigated whether a population-level violence prevention intervention (i.e., hot-spots
policing) versus an individual-level treatment intervention (i.e., increased access to cognitive
behavioral therapy) could lead to a greater reduction in violence-related posttraumatic stress
disorder (PTSD) in the population (12). Each approach resulted in only a modest reduction
in violent victimization and violence-related PTSD, with the joint implementation of both
approaches resulting in similar reductions in a shorter time frame. We then compared hot-
spots policing with Cure Violence (9, 11), a community-based approach to violence
prevention in which violence interrupters and outreach workers engage with high-risk
individuals in the community to reduce the risk of violence. We found that combining the
criminal justice approach of hot-spots policing with the public health approach of Cure
Violence produced greater reductions in population levels of violence than either approach
alone, reiterating the advantages of investing in multiple synergistic strategies.

Yonas and colleagues (110) also explored universal versus targeted approaches to crime in
an ABM in which juvenile agents committed offenses according to their individually
perceived risk and reward of doing so, which was influenced by the levels of adult criminal
reporting near their location. Community-wide and spatially focused interventions aimed at
increasing reporting by adults reduced offenses, with community-wide interventions
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affording greater reductions but also requiring greater resources. Lum and colleagues
extended this work on the individual interactions that give rise to violence and other criminal
offenses in an ABM that investigated the transmission of incarceration (68). The authors
used a susceptible-infected-susceptible (SIS) model, in which individuals move between
susceptible and infected states, to simulate incarceration transmission in a social network
consisting of friends and family across multiple generations. The model reproduced
observed racial inequalities in incarceration by applying differential Black and White
sentences for drug possession, but it also showed that the transmission of incarceration
between connected individuals was necessary to produce the incarceration and recidivism
patterns observed in reality. The authors concluded that harsher sentences may increase,
rather than deter, criminal behavior within social networks, and they recommended efforts to
reduce the transmission of incarceration within networks, echoing other recent calls for
further work aimed at understanding the transmission of violence within social networks
(98).

These examples illustrate the wide applicability of agent-based modeling to public health
problems, from infectious disease to violence. Scholars have also developed ABMs to
inform the provision of health care services, including access to primary care services after a
disaster (50), care coordination among patients with serious mental health problems (55),
and participation in community-based oral health programs (78). Together, this body of work
illustrates the ability of agent-based modeling to test competing theories and evaluate
interventions in the presence of complex nonlinear influences.

STRENGTHS OF ABMs APPLIED TO PUBLIC HEALTH PROBLEMS

Fundamentally, the two primary objectives of ABMs in public health are to explain and to
predict population health outcomes, accounting for aspects of the complex system in which
population health arises. These objectives also lead to the primary strengths of ABMs for
public health research, practice, and policy: These models provide insight into the
underlying mechanisms that give rise to health behaviors and outcomes (as well as
inequalities in those behaviors and outcomes), and they can be used to conduct virtual
experiments of interventions and policies to reduce the population burden of disease.

Insight into Causal Mechanisms

Given their bottom-up nature, ABMs have been touted as one way to gain further insight
into the mechanisms through which population patterns arise. In the words of Joshua Epstein
(29, p. 43), “if you didn’t grow it, you didn’t explain its emergence,” which highlights the
importance of generating a pattern to understand how that pattern came about (32). In a now
classic example of using an ABM to generate an observed pattern, Schelling (91, 92) used a
simple checkerboard model in which households preferred that a certain proportion of their
neighbors be their own color to demonstrate the generation of population patterns of racial
segregation that were much starker than individual preferences seemed to imply. Other
ABMs mentioned above also exemplify this generation approach: Racial disparities in
violence and income disparities in diet resulted from residential segregation in the ABMs
developed by Cerda and colleagues (10) and Auchincloss and colleagues (3), respectively,
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and patterns of incarceration and weight change were driven by social network influences in
the ABMs developed by Lum and colleagues (68) and Hammond & Ornstein (52),
respectively. In an example from infectious disease epidemiology, Kumar and colleagues
(57) used an ABM to test whether differential exposure to influenza in areas with larger
household size, higher population density, and younger age distributions was sufficient to
generate area-level inequalities in influenza rates, finding that differential susceptibility was
also necessary. ABMs are well suited to the exploration of causal mechanisms given their
ability to incorporate multiple interacting causes and to test competing theories about
causation, thus further elucidating what we do and do not know about how a given outcome
arises (41, 83, 99). One challenge to the use of ABMs for identifying causal mechanisms is
the fact that several model configurations may successfully generate the expected population
patterns, so scholars cannot always be certain that they have hit on the right explanation (1,
27). However, with appropriate attention to the plausibility of model assumptions, ABMs
have great potential for providing causal insights that are intractable using other approaches.

Insight into Public Health Policy

In addition to providing clues into causal mechanisms, ABMs can be used to implement
counterfactual simulations that may be infeasible in the real world, allowing what-if
scenarios and virtual policy experiments. In particular, multiple simulations of the model can
be run, observing population outcomes under different treatment conditions and thereby
enabling counterfactual contrasts in which all other aspects of the population remain the
same (27, 75). Not only can multiple policies or interventions be compared, but ABMs can
also be used to identify the minimum “dose” of an intervention or the optimal combination
of interventions needed to achieve a desired effect. For example, in Cerda and colleagues’
(11) ABM of violence, a combined intervention approach led to an 11% reduction in the
annual prevalence of violent victimization. Implementing each intervention alone would
have required far greater resources and time to achieve the same result. Because ABMs are
simplified versions of reality, researchers, policy makers, and other stakeholders are
cautioned to interpret results of these in silico experiments qualitatively, as indicating what
approaches may be maximally effective, rather than quantitatively, as providing precise
numbers of health crises that will be averted or lives that will be saved (25, 27, 97). Recent
methodological work in this area has attempted to explicate the conditions under which
ABMs may best be interpreted as counterfactual simulations, including when multiple
causal effects interact, when interference (i.e., the situation in which one individual’s
exposure affects other individuals’ outcomes) is of explicit interest, and when system
behavior is well defined and not overly sensitive to initial conditions (75).

Besides facilitating the comparison of population health outcomes under alternate
intervention or policy scenarios, ABMs also allow exploration of the conditions under which
these interventions may achieve their best results as well as their unintended consequences.
As described above, we showed that racial disparities in violence remained intractable when
residential racial and economic segregation was high, despite substantial increases in
neighborhood collective efficacy under simulated interventions (10). Similarly, in Yang and
colleagues’ (108) model of walking behavior, changes in attitudes towards walking or
improvements in safety levels were not sufficient to induce changes in walking behaviors if
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other features of the environment (e.g., land-use mix) were not conducive to walking. The
ability of ABMs to incorporate feedback and adaptation is particularly important in
evaluating hypothetical interventions, especially when interventions may change behaviors,
social networks, or environments in ways that may negate the desired positive intervention
effects (96). ABMs can also provide insight into the net effect of an intervention that may
positively influence one outcome (e.g., increased use of active transport modalities to reduce
obesity) but negatively influence another outcome (e.g., increased risk of injuries through
active transport) (77, 97).

The process of developing an ABM is often presented as a major strength of this approach
(1, 2, 25, 26). Creating a conceptual framework for an ABM (like that pictured in Figure 1)
brings together diverse stakeholders and lays bare assumptions about the aspects of a
particular system and how they work together to produce population health outcomes. Model
development and calibration highlight gaps in knowledge and empiric data about the
underlying system. As a whole, this process generates new hypotheses and allows more
expansive research questions to be considered.

LIMITATIONS OF ABMs APPLIED TO PUBLIC HEALTH PROBLEMS

Despite the insights made possible by these methods, ABMs also have several important
limitations and challenges that derive from the nature of ABM development and
parameterization and warrant careful consideration when interpreting model results.

One of the foremost challenges in designing and implementing an ABM is the palpable
tension between model simplicity and model realism. Modelers are repeatedly cautioned to
follow the KISS principle (keep it simple, stupid), championed by Robert Axelrod (4), but
they are also encouraged to take advantage of the complexity permitted in ABMs to capture
critical elements of the system in well-defined populations in order to generate meaningful
results for potential interventions and public health planning (53, 58). Finding a balance
between the desire for simplified representations of reality and the need to include enough
complex elements to provide new insights, then, becomes a true art (53), which is developed
through trial and error and openness to adaptation in the face of mistakes. We must not be
too wedded to the idea of our model that we fail to recognize when its complexity limits its
meaningful interpretation, thereby defeating the purpose of modeling. Rather, we must take
a sensible approach to building our models, gradually adding in complexity when warranted
and working with diverse stakeholders to identify the essential elements needed for our
model to be credible and useful (2, 25, 95). We can also consider including random effects in
our model to capture other unspecified influences, as in Gorman and colleagues’ (43) and
traditional statistical approaches, with the potential of further parsing out these effects in
subsequent iterations of the model.

Compounding the uncertainties of model resolution are the challenges of model
parameterization in the absence of empiric data. When empiric data are available, they often
come from observational studies conducted in specific populations that may have different
distributions of causal partners than the intended target population of the ABM (54, 103). As
such, we may base our model specification on data that are subject to confounding as well as
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questionable transportability. There is a fundamental conundrum here: We want to use these
models to gain insight into causal mechanisms and counterfactual contrasts, but we often
rely on observational data from studies that were incapable of exploring causal mechanisms
and counterfactual contrasts (26). Furthermore, we are often left with little to no empiric
data on the very elements of the model that represent its greatest advantage over more
traditional approaches: social network influences and the strength of interactions between
units. These situations highlight the need for creativity in developing our models to reflect
both quantitative and qualitative knowledge (85), for transparency about model assumptions
and their implications (83), and for refined validation techniques to bolster confidence in our
model results (53). Validation itself is challenging when empiric data are scarce because,
ideally, data used for validation purposes should be independent of those used to build and
calibrate the model.

In addition to the difficulties in defining the appropriate scope of the model and in
parameterizing and validating it, simulating interventions and policies often proves
challenging, though it is a key objective of this work. Many public health-related ABMs
estimate population health outcomes assuming that interventions had a certain level of effect
(for example, reduced unhealthy eating by 10% or 20%), but do not as of yet have sufficient
data to simulate the steps of the intervention that would lead to such a reduction. Although
these modeling exercises may be useful in making qualitative comparisons between
interventions theorized or observed in randomized trials to have different magnitudes of
effects, they do not advance the desired outcome of ABMs, which is to understand how and
why different interventions are successful at improving population health (89).

Finally, as others have noted (2, 27), there are many logistical hurdles to successful
implementation of ABMs in public health. Such hurdles include lack of training in these
modeling techniques among public health students, researchers, and professionals (67, 71,
88), as well as the significant burden of time and computing resources needed to develop,
run, and validate these models.

FUTURE DIRECTIONS FOR AGENT-BASED MODELING IN PUBLIC HEALTH

Despite these limitations and challenges, ABMs remain a promising tool for informing
public health research, practice, and policy. We now discuss future methodologic and
substantive directions in agent-based modeling that we believe will move this field forward
and address some of the challenges noted above.

Improving the Methodology of ABMs in Public Health

Given the need for reproducibility as agent-based modeling becomes more widely used in
public health, we echo others in calling for the widespread adoption of systematic protocols
for calibration, verification, validation, and model reporting (2, 33, 95). Many ABM studies
in public health follow the ODD (overview, design concepts, and details) protocol in
describing the methods used (45, 46; for examples, see the supplementary materials of
References 10 and 12), and we agree that this aids in understanding what was done in a
particular simulation and how it could be replicated or extended. Given that the ODD
protocol was developed by modelers in disciplines other than public health (primarily
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ecology) (46, 47), we note that the public health modeling community has much to learn
about best practices in ABM methodology from other disciplines that have been involved in
this work far longer. This is particularly true with respect to validation, which has been
rather underdeveloped in public health ABM applications, contributing to skepticism and a
perceived lack of robustness of these methods (100). Extensive reviews of ABM validation
have been offered in other disciplines, including ecology and economics (36, 40, 64, 105).
Besides increasing confidence in model results, validation techniques like uncertainty
analysis and global sensitivity analysis have the potential to at least partially resolve the
tension of model resolution discussed earlier, by elucidating whether particular parameters
contribute to the explanatory power of the model or a simpler model would be just as
informative (64). As others have noted (2, 75), ABMs in public health would benefit from
the adoption of systematic protocols for ABM validation, including best practices identified
in other disciplines such as observing model behavior when parameters are set to extreme
values and behavioral rules are modified (20). Alternative approaches to empirical
validation, including consideration of face validity and companion modeling [in which
subject matter experts are involved in the modeling process and assessment of model
credibility (20, 80)] may be particularly relevant for public health questions for which
empiric data are lacking. To this end, academic-public partnerships may be critical in
bringing together both the modeling and the substantive expertise necessary to develop a
credible ABM for a particular public health problem (37). Creating accessible, user-friendly
interfaces through which public health practitioners and policy makers could tailor ABM
specifications to their particular settings would also promote further adoption of these
methods, greater usefulness of the model results, and more opportunities for independent
assessments of their credibility (5).

In addition to drawing on methodologic work from other disciplines, the field of public
health offers its own unique methodological contributions to agent-based modeling. This
includes efforts to formalize the role of these models in causal inference (75). In particular,
explicit comparisons of ABMs with other causal modeling approaches like marginal
structural models and the parametric g-formula would highlight the assumptions required by
each method and the particular insights made possible by an agent-based modeling
approach. Recently, Murray and colleagues (81) used a comparison of ABMs with g-
formula strategies to estimate the causal effect of antiretroviral therapy on 12-month
mortality among a simulated sample of persons with HIV. They demonstrated that ABMs
result in bias when assumptions are not met regarding time-dependent confounding,
mediation, and the transportability of causal estimates. Such limitations are not unique to
ABM:s, yet they highlight the methodological work that remains to be accomplished in
promoting ABMs that yield insights for public health.

Many ABMs in public health utilize abstract representations of the physical environment,
which may be perfectly appropriate if environmental influences are not of central
importance to the model objectives. Following the lead of the MIDAS group and others (21,
101), however, public health modelers may want to consider the potential for additional
insight through explicitly integrating in their models geographic information systems (GIS)
data, which can be accommodated in most ABM software packages. The availability of big
data from electronic medical records and mobile devices may also present opportunities for
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ABMs—for example, by including the use of cell phone data to simulate social network
connections and interactions between individuals (58)—especially given the limited
collection of network data in observational studies. One challenge in this area will be to
continue weighing the value of increased model complexity against the need to derive
meaningful inferences from the model output.

Model complexity in terms of multiscale interactions also presents unique challenges for
agent-based modeling in public health. In many cases, these interactions are of central
interest when modeling the system in which health arises: Are forces acting synergistically,
antagonistically, or additively? However, data on these joint effects are scarce. Just as
systems modeling may provide insight into the causal pathways leading to health outcomes
(83), the agent-based modeling process itself presents an opportunity to systematically test
alternative specifications of interaction effects in order to gain insight into plausible joint
effects.

Finally, despite the advantages of ABMs in terms of highlighting the data that are needed to
understand a particular public health system (1, 2), examples of data collection that have
resulted from ABM exercises (which could then be used in future ABM development) are
difficult to find. However, following the modeling cycle through its circular path (i.e., from
model development to model implementation to data collection and back to model
development) would present real opportunities to advance knowledge about public health
problems. Similarly, our understanding of many public health problems would benefit from
using complementary modeling approaches in an iterative fashion rather than relying too
heavily on one statistical or systems science approach (54, 85). Many of the current ABM
applications in public health end with tentative statements about their potential usefulness,
with the implicit caveat that the model assumptions may be questioned and that empirical
data grounding the model may be lacking. It is time we address these weaknesses through
improved validation efforts, targeted data collection, and complementary modeling
approaches in order to increase the payoffs from the modeling enterprise and to enable real
conclusions about public health practice and policy.

Broadening the Substantive Focus of ABMs in Public Health

In addition to methodological improvements, the substantive focus of current ABM
applications also needs attention. We suggest that ABMs in public health would benefit from
less of a focus on one particular health condition or behavior and more of a broader
consideration of interrelated health conditions and behaviors. This would allow for the
exploration of the net effects of given policies on population health (97) and lead to greater
understanding of comorbidity and other adaptive relations between health behaviors and
outcomes. We expect that formulating a life course approach within ABMs (e.g., evaluating
the influence of experiences and interventions at different developmental stages on
trajectories of disease) will be particularly fruitful in understanding the origin and
perpetuation of health disparities (24). Finally, we would encourage researchers to include
multiple types of risk factors in their models in order to identify linkages across scales; this
may include genetics, biology, behavior, environment, and networks. Although empiric data
may not be available to parameterize the joint effects of these multiple levels of influence
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and to model the interrelations between them, the process of modeling may provide insight
into how these factors work together to produce disease. At the same time, an appropriate
balance is needed in identifying the aspects of the system that are most relevant for a
particular problem, rather than trying to model the system as a whole (85). With this balance
in mind, expanding the application of ABMs in public health in these and other ways stands
to increase our ability to understand and intervene to improve population health.

Acknowledgments

This work was supported in part by a grant from the National Institute on Drug Abuse (R21 DA041154).

LITERATURE CITED

1. Auchincloss AH, Diez Roux AV. A new tool for epidemiology: the usefulness of dynamic-agent
models in understanding place effects on health. Am J Epidemiol. 2008; 168(1):1-8. [PubMed:
18480064]

2. Auchincloss AH, Garcia LMT. Brief introductory guide to agent-based modeling and an illustration
from urban health research. Cad Saude Publica. 2015; 31(Suppl 1):65-78. [PubMed: 26648364]

3. Auchincloss AH, Riolo RL, Brown DG, Cook J, Diez Roux AV. An agent-based model of income
inequalities in diet in the context of residential segregation. Am J Prev Med. 2011; 40(3):303-11.
[PubMed: 21335261]

4. Axelrod, R. Advancing the art of simulation in the social sciences. In: Conte, R.Hegselmann, R.,
Terna, P., editors. Simulating Social Phenomena. Berlin: Springer; 1997. p. 21-40.

5. Badland H, White M, Macaulay G, Eagleson S, Mavoa S, et al. Using simple agent-based modeling
to inform and enhance neighborhood walkability. Int J Health Geogr. 2013; 12:58. [PubMed:
24330721]

6. Blok DJ, de Vlas SJ, Bakker R, van Lenthe FJ. Reducing income inequalities in food consumption:
explorations with an agent-based model. Am J Prev Med. 2015; 49(4):605-13. [PubMed:
26232897]

7. Bonabeau E. Agent-based modeling: methods and techniques for simulating human systems. PNAS.
2002; 99(Suppl 3):7280-87. [PubMed: 12011407]

8. Bruch EE, Mare RD. Neighborhood choice and neighborhood change. Am J Sociol. 2006; 112(3):
667-709.

9. Butts JA, Roman CG, Bostwick L, Porter JR. Cure violence: a public health model to reduce gun
violence. Annu Rev Public Health. 2015; 36:39-53. [PubMed: 25581151]

10. Cerda M, Tracy M, Ahern J, Galea S. Addressing population health and health inequalities: the role

of fundamental causes. Am J Public Health. 2014; 104(Suppl 4):S609-19. [PubMed: 25100428]

11. Cerda M, Tracy M, Keyes KM. Reducing urban violence: a contrast of public health and criminal
justice approaches. Epidemiology. 2018; 29(1):142-50. [PubMed: 28926374]

12. Cerda M, Tracy M, Keyes KM, Galea S. To treat or to prevent? Reducing the population burden of
violence-related post-traumatic stress disorder. Epidemiology. 2015; 26(5):681-89. [PubMed:
26237744]

13. Chao D, Hashimoto H, Kondo N. Dynamic impact of social stratification and social influence on
smoking prevalence by gender: an agent-based model. Soc Sci Med. 2015; 147:280-87. [PubMed:
26610078]

14. Cherng ST, Tam J, Christine PJ, Meza R. Modeling the effects of e-cigarettes on smoking behavior:
implications for future adult smoking prevalence. Epidemiology. 2016; 27(6):819-26. [PubMed:
27093020]

15. Chowell G, Sattenspiel L, Bansal S, Viboud C. Mathematical models to characterize early
epidemic growth: a review. Phys Life Rev. 2016; 18:66-97. [PubMed: 27451336]

16. Christakis NA, Fowler JH. The spread of obesity in a large social network over 32 years. N Engl J
Med. 2007; 357(4):370-79. [PubMed: 17652652]

Annu Rev Public Health. Author manuscript; available in PMC 2019 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tracy et al.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.
32.

33.

34.

35.

36.

37.

38.

39.

Page 15

Codella J, Safdar N, Heffernan R, Alagoz O. An agent-based simulation model for Clostridium
difficile infection control. Med Decis Mak. 2015; 35(2):211-29.

Comm. Assess. Agent-Based Model. Inf. Tob. Prod. Regul., Board Popul. Health Public Health
Pract., Inst. Med. Assessing the Use of Agent-Based Models for Tobacco Regulation. Washington,
DC: Natl. Acad. Press; 2015.

Cooley P, Lee BY, Brown S, Cajka J, Chasteen B, et al. Protecting health care workers: a pandemic
simulation based on Allegheny County. Influenza Other Respir Viruses. 2010; 4(2):61-72.
[PubMed: 20167046]

Cooley, P., Solano, E. Agent-based model (ABM) validation considerations. Proc. SIMUL 2011:
Third Int. Conf. Adv. Syst. Simul; Barcelona, Spain. Oct. 23-29; 2011. p. 126-31.

Crooks AT. Constructing and implementing an agent-based model of residential segregation
through vector GIS. IntJ Geogr Inf Sci. 2010; 24(5):661-75.

Day TE, Ravi N, Xian H, Brugh A. An agent-based modeling template for a cohort of veterans
with diabetic retinopathy. PLOS ONE. 2013; 8(6):e66812. [PubMed: 23805280]

Day TE, Ravi N, Xian H, Brugh A. Sensitivity of diabetic retinopathy associated vision loss to
screening interval in an agent-based/discrete event simulation model. Comput Biol Med. 2014;
47:7-12. [PubMed: 24508563]

Diez Roux AV. Complex systems thinking and current impasses in health disparities research. AmJ
Public Health. 2011; 101(9):1627-34. [PubMed: 21778505]

Diez Roux AV. Health in cities: Is a systems approach needed? Cad Saude Publica. 2015; 31(Suppl
1):9-13. [PubMed: 26648353]

Diez Roux AV. Invited commentary: the virtual epidemiologist—promise and peril. AmJ
Epidemiol. 2015; 181(2):100-2. [PubMed: 25480822]

El-Sayed AM, Scarborough P, Seemann L, Galea S. Social network analysis and agent-based
modeling in social epidemiology. Epidemiol Perspect Innov. 2012; 9(1):1. [PubMed: 22296660]
Enanoria WTA, Liu F, Zipprich J, Harriman K, Ackley S, et al. The effect of contact investigations
and public health interventions in the control and prevention of measles transmission: a simulation
study. PLOS ONE. 2016; 11(12):e0167160. [PubMed: 27941976]

Epstein JM. Agent-based computational models and generative social science. Complexity. 1999;
4(5):41-60.

Epstein JM. Modeling civil violence: an agent-based computational approach. PNAS. 2002;
99(Suppl 3):7243-50. [PubMed: 11997450]

Epstein JM. Modelling to contain pandemics. Nature. 2009; 460(7256):687. [PubMed: 19661897]
Epstein, JM., Axtell, RL. Growing Artificial Societies: Social Science from the Bottom Up.
Washington, DC: Brookings Inst. Press; 1996.

Epstein, JM.Cummings, DAT.Chakravarty, S.Singha, RM., Burke, DS., editors. Toward a
Containment Strategy for Smallpox Bioterror: An Individual-Based Computational Approach.
Washington, DC: Brook. Inst. Press; 2004.

Epstein JM, Pankajakshan R, Hammond RA. Combining computational fluid dynamics and agent-
based modeling: a new approach to evacuation planning. PLOS ONE. 2011; 6(5):e20139.
[PubMed: 21687788]

Escudero DJ, Lurie MN, Mayer KH, Weinreb C, King M, et al. Acute HIV infection transmission
among people who inject drugs in a mature epidemic setting. AIDS. 2016; 30(16):2537-44.
[PubMed: 27490641]

Fagiolo G, Moneta A, Windrum P. A critical guide to empirical validation of agent-based models in
economics: methodologies, procedures, and open problems. Comput Econ. 2007; 30(3):195-226.
Ferencik R, Minyard K. Systems thinking in injury prevention: an innovative model for informing
state and local policies. West J Emerg Med. 2011; 12(3):273-74. [PubMed: 21731781]

Ferguson NM, Cummings DAT, Cauchemez S, Fraser C, Riley S, et al. Strategies for containing an
emerging influenza pandemic in Southeast Asia. Nature. 2005; 437(7056):209-14. [PubMed:
16079797]

Fink DS, Keyes KM, Cerda M. Social determinants of population health: a systems sciences
approach. Curr Epidemiol Rep. 2016; 3(1):98-105. [PubMed: 27642548]

Annu Rev Public Health. Author manuscript; available in PMC 2019 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tracy et al.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Page 16

Fonoberova M, Fonoberov VA, Mezi¢ |. Global sensitivity/uncertainty analysis for agent-based
models. Reliab Eng Syst Saf. 2013; 118:8-17.

Galea S, Riddle M, Kaplan GA. Causal thinking and complex system approaches in epidemiology.
Int J Epidemiol. 2010; 39(1):97-106. [PubMed: 19820105]

Gilbert, N. Agent-Based Models. 1. Los Angeles: SAGE; 2007.

Gorman DM, Mezic J, Mezic |, Gruenewald PJ. Agent-based modeling of drinking behavior: a
preliminary model and potential applications to theory and practice. Am J Public Health. 2006;
96(11):2055-60. [PubMed: 17018835]

Gov. Off. Sci. Reducing obesity: obesity system map. Gov. Off. Sci; London: 2007. https://
www.gov.uk/government/publications/reducing-obesity-obesity-system-map

Grefenstette JJ, Brown ST, Rosenfeld R, DePasse J, Stone NTB, et al. FRED (a Framework for
Reconstructing Epidemic Dynamics): an open-source software system for modeling infectious
diseases and control strategies using census-based populations. BMC Public Health. 2013; 13:940.
[PubMed: 24103508]

Grimm V, Berger U, Bastiansen F, Eliassen S, Ginot V, et al. A standard protocol for describing
individual-based and agent-based models. Ecol Model. 2006; 198:115-26.

Grimm V, Berger U, DeAngelis DL, Polhill JG, Giske J, Railsback SF. The ODD protocol: a
review and first update. Ecol Model. 2010; 221:2760-68.

Grimm V, Revilla E, Berger U, Jeltsch F, Mooij WM, et al. Pattern-oriented modeling of agent-
based complex systems: lessons from ecology. Science. 2005; 310(5750):987-91. [PubMed:
16284171]

Gruenewald PJ. The spatial ecology of alcohol problems: niche theory and assortative drinking.
Addiction. 2007; 102(6):870-78. [PubMed: 17523980]

Guclu H, Kumar S, Galloway D, Krauland M, Sood R, et al. An agent-based model for addressing
the impact of a disaster on access to primary care services. Disaster Med Public Health Prep. 2016;
10(3):386-93. [PubMed: 27075561]

Halloran ME, Longini IM, Nizam A, Yang Y. Containing bioterrorist smallpox. Science. 2002;
298(5597):1428-32. [PubMed: 12434061]

Hammond RA, Ornstein JT. A model of social influence on body mass index. Ann N Y Acad Sci.
2014; 1331:34-42. [PubMed: 24528150]

Hupert N, Xiong W, Mushlin A. The virtue of virtuality: the promise of agent-based epidemic
modeling. Transl Res J Lab Clin Med. 2008; 151(6):273-74.

Ip EH, Rahmandad H, Shoham DA, Hammond R, Huang TT-K, et al. Reconciling statistical and
systems science approaches to public health. Health Educ Behav. 2013; 40(Suppl 1):S123-31.
Kalton A, Falconer E, Docherty J, Alevras D, Brann D, Johnson K. Multi-agent-based simulation
of a complex ecosystem of mental health care. J Med Syst. 2016; 40(2):39. [PubMed: 26590977]
Koopman JS, Lynch JW. Individual causal models and population system models in epidemiology.
Am J Public Health. 1999; 89(8):1170-74. [PubMed: 10432901]

Kumar S, Piper K, Galloway DD, Hadler JL, Grefenstette JJ. Is population structure sufficient to
generate area-level inequalities in influenza rates? An examination using agent-based models.
BMC Public Health. 2015; 15:947. [PubMed: 26400564]

Laskowski M, Demianyk BCP, Friesen MR, McLeod RD, Mukhi SN. Improving agent based
models and validation through data fusion. Online J Public Health Inform. 2011; 3(2) https://
doi.org/10.5210/0jphi.v3i2.3607.

Lee BY, Brown ST, Korch GW, Cooley PC, Zimmerman RK, et al. A computer simulation of
vaccine prioritization, allocation, and rationing during the 2009 H1N1 influenza pandemic.
Vaccine. 2010; 28(31):4875-79. [PubMed: 20483192]

Lemoine PD, Cordovez JM, Zambrano JM, Sarmiento OL, Meisel JD, et al. Using agent based
modeling to assess the effect of increased Bus Rapid Transit system infrastructure on walking for
transportation. Prev Med. 2016; 88:39-45. [PubMed: 27012602]

Levy DT, Bauer JE, Lee H-R. Simulation modeling and tobacco control: creating more robust
public health policies. Am J Public Health. 2006; 96(3):494-98. [PubMed: 16449585]

Annu Rev Public Health. Author manuscript; available in PMC 2019 April 01.


https://www.gov.uk/government/publications/reducing-obesity-obesity-system-map
https://www.gov.uk/government/publications/reducing-obesity-obesity-system-map
https://doi.org/10.5210/ojphi.v3i2.3607
https://doi.org/10.5210/ojphi.v3i2.3607

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tracy et al.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.
80.

81.

82.

83.

Page 17

Levy DT, Meza R, Zhang Y, Holford TR. Gauging the effect of U.S. tobacco control policies from
1965 through 2014 using SimSmoke. Am J Prev Med. 2016; 50(4):535-42. [PubMed: 26673484]
Li Y, Zhang D, Pagan JA. Social norms and the consumption of fruits and vegetables across New
York City neighborhoods. J Urban Health Bull N Y Acad Med. 2016; 93(2):244-55.
Ligmann-Zielinska A, Kramer DB, Spence Cheruvelil K, Soranno PA. Using uncertainty and
sensitivity analyses in socioecological agent-based models to improve their analytical performance
and policy relevance. PLOS ONE. 2014; 9(10):e109779. [PubMed: 25340764]

Link BG, Phelan J. Social conditions as fundamental causes of disease. J Health Soc Behav. 1995;
35:80-94.

Lofgren, E. Systems dynamics models. In: EI-Sayed, AM., Galea, S., editors. Systems Science and
Population Health. New York: Oxford Univ. Press; 2017. p. 77-85.

Luke DA, Stamatakis KA. Systems science methods in public health: dynamics, networks, and
agents. Annu Rev Public Health. 2012; 33:357-76. [PubMed: 22224885]

Lum K, Swarup S, Eubank S, Hawdon J. The contagious nature of imprisonment: an agent-based
model to explain racial disparities in incarceration rates. J R Soc Interface. 2014; 11(98):
20140409. [PubMed: 24966237]

Lustick 1. Agent-based modelling of collective identity: testing constructivist theory. J Artif Soc
Soc Simul. 2000; 3(1):1.

Mabry PL, Bures RM. Systems science for obesity-related research questions: an introduction to
the theme issue. Am J Public Health. 2014; 104(7):1157-59. [PubMed: 24832429]

Mabry PL, Milstein B, Abraido-Lanza AF, Livingood WC, Allegrante JP. Opening a window on
systems science research in health promotion and public health. Health Educ Behav. 2013;
40(Suppl 1):S5-8.

Macal CM, North MJ. Tutorial on agent-based modelling and simulation. J Simul. 2010; 4(3):151-
62.

Magliocca NR, Brown DG, Ellis EC. Exploring agricultural livelihood transitions with an agent-
based virtual laboratory: global forces to local decision-making. PLOS ONE. 2013; 8(9):e73241.
[PubMed: 24039892]

Marshall BDL, Friedman SR, Monteiro JFG, Paczkowski M, Tempalski B, et al. Prevention and
treatment produced large decreases in HIV incidence in a model of people who inject drugs.
Health Aff (Millwood). 2014; 33(3):401-9. [PubMed: 24590937]

Marshall BDL, Galea S. Formalizing the role of agent-based modeling in causal inference and
epidemiology. Am J Epidemiol. 2015; 181(2):92-99. [PubMed: 25480821]

Marshall BDL, Paczkowski MM, Seemann L, Tempalski B, Pouget ER, et al. A complex systems
approach to evaluate HIV prevention in metropolitan areas: preliminary implications for
combination intervention strategies. PLOS ONE. 2012; 7(9):e44833. [PubMed: 23028637]
McClure RJ, Adriazola-Steil C, Mulvihill C, Fitzharris M, Salmon P, et al. Simulating the dynamic
effect of land use and transport policies on the health of populations. Am J Public Health. 2015;
105(Suppl 2):S223-29. [PubMed: 25689177]

Metcalf SS, Northridge ME, Widener MJ, Chakraborty B, Marshall SE, Lamster 1B. Modeling
social dimensions of oral health among older adults in urban environments. Health Educ Behav.
2013; 40(Suppl 1):S63-73.

Mitchell, M. Complexity: A Guided Tour. 1. Oxford, UK: Oxford Univ. Press; 2011.

Moss S. Alternative approaches to the empirical validation of agent-based models. J Artif Soc Soc
Simul. 2008; 11(1):5.

Murray EJ, Robins JM, Seage GR, Freedberg KA, Hernan MA. A comparison of agent-based
models and the parametric g-formula for causal inference. Am J Epidemiol. 2017; 186(2):131-42.
[PubMed: 28838064]

Murray M. Determinants of cluster distribution in the molecular epidemiology of tuberculosis.
PNAS. 2002; 99(3):1538-43. [PubMed: 11818527]

Ness RB, Koopman JS, Roberts MS. Causal system modeling in chronic disease epidemiology: a
proposal. Ann Epidemiol. 2007; 17(7):564-68. [PubMed: 17329122]

Annu Rev Public Health. Author manuscript; available in PMC 2019 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tracy et al.

84.

85

86.

87.

88.

89.

90.

91.

92.
93.

94.

95.

96.

97.

98.

99.

100

101.

102.

103.

104.

105.

Page 18

Nianogo RA, Arah OA. Agent-based modeling of noncommunicable diseases: a systematic review.
Am J Public Health. 2015; 105(3):e20-31.

. Northridge ME, Metcalf SS. Enhancing implementation science by applying best principles of

systems science. Health Res Policy Syst. 2016; 14(1):74. [PubMed: 27716275]

Orr MG, Kaplan GA, Galea S. Neighbourhood food, physical activity, and educational
environments and black/white disparities in obesity: a complex systems simulation analysis. J
Epidemiol Community Health. 2016; 70(9):862—-67. [PubMed: 27083491]

Parker J, Epstein JM. A distributed platform for global-scale agent-based models of disease
transmission. ACM Trans Model Comput Simul. 2011; 22(1):2. [PubMed: 24465120]
Railsback, S., Grimm, V. Agent-Based and Individual-Based Modeling: A Practical Introduction.
Princeton, NJ: Princeton Univ. Press; 2012.

Resnicow K, Page SE. Embracing chaos and complexity: a quantum change for public health. Am
J Public Health. 2008; 98(8):1382-89. [PubMed: 18556599]

Schaefer DR, Adams J, Haas SA. Social networks and smoking: exploring the effects of peer
influence and smoker popularity through simulations. Health Educ Behav. 2013; 40(Suppl 1):S24—
32.

Schelling TC. Dynamic models of segregation. J Math Sociol. 1971; 1(2):143-86.
Schelling, TC. Micromotives and Macrobehavior. New York: W.W. Norton & Co; 2006. Rev. ed

Scott N, Hart A, Wilson J, Livingston M, Moore D, Dietze P. The effects of extended public
transport operating hours and venue lockout policies on drinking-related harms in Melbourne,
Auwstralia: results from SimDrink, an agent-based simulation model. Int J Drug Policy. 2016;
32:44-49. [PubMed: 27140432]

Siettos ClI, Russo L. Mathematical modeling of infectious disease dynamics. Virulence. 2013; 4(4):
295-306. [PubMed: 23552814]

Speybroeck N, Van Malderen C, Harper S, Miller B, Devleesschauwer B. Simulation models for
socioeconomic inequalities in health: a systematic review. Int J Environ Res Public Health. 2013;
10(11):5750-80. [PubMed: 24192788]

Sterman JD. Learning from evidence in a complex world. Am J Public Health. 2006; 96(3):505-
14. [PubMed: 16449579]

Tracy, M. Systems approaches to understanding how the environment influences population health
and population health interventions. In: El-Sayed, AM., Galea, S., editors. Systems Science and
Population Health. New York: Oxford Univ. Press; 2017. p. 151-65.

Tracy M, Braga AA, Papachristos AV. The transmission of gun and other weapon-involved
violence within social networks. Epidemiol Rev. 2016; 38(1):70-86. [PubMed: 26733492]
Tracy, M., Cerda, M., Galea, S. Causal thinking and complex systems approaches for
understanding the consequences of trauma. In: Widom, C., editor. Trauma, Psychopathology, and
Violence: Causes, Consequences, or Correlates?. New York: Oxford Univ. Press; 2012. p. 233-64.
. Trochim WM, Cabrera DA, Milstein B, Gallagher RS, Leischow SJ. Practical challenges of
systems thinking and modeling in public health. Am J Public Health. 2006; 96(3):538-46.
[PubMed: 16449581]

Univ. Pittsbg. MIDAS Natl. Cent. Excell. Models of infectious disease agent study. Univ.
Pittsburgh; Pittsburgh, Pa: 2017. https://www.midas.pitt.edu/

Verella JT, Patek SD. Toward an agent-based patient-physician model for the adoption of
continuous glucose monitoring technology. J Diabetes Sci Technol. 2009; 3(2):353-62.
[PubMed: 20144367]

Westreich D. From patients to policy: population intervention effects in epidemiology.
Epidemiology. 2017; 28(4):525-28. [PubMed: 28282339]

Wheaton, WD. RTI Int. US Synthetic Population 2010 Version 1.0: Quick Start Guide. Research
Triangle Park, NC: RTI Int; 2014. http://www.epimodels.org/10_Midas_Docs/SynthPop/
2010_synth_pop_verl_quickstart.pdf

Windrum P, Fagiolo G, Moneta A. Empirical validation of agent-based models: alternatives and
prospects. J Artif Soc Soc Simul. 10(2):8.

Annu Rev Public Health. Author manuscript; available in PMC 2019 April 01.


https://www.midas.pitt.edu/
http://www.epimodels.org/10_Midas_Docs/SynthPop/2010_synth_pop_ver1_quickstart.pdf
http://www.epimodels.org/10_Midas_Docs/SynthPop/2010_synth_pop_ver1_quickstart.pdf

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Tracy et al.

106.

107.

108.

109.

110.

Page 19

Yang Y, Diez-Roux AV. Using an agent-based model to simulate children’s active travel to school.
Int J Behav Nutr Phys Act. 2013; 10:67. [PubMed: 23705953]

Yang Y, Diez Roux AV, Auchincloss AH, Rodriguez DA, Brown DG. A spatial agent-based
model for the simulation of adults’ daily walking within a city. Am J Prev Med. 2011; 40(3):353-
61. [PubMed: 21335269]

Yang Y, Diez Roux AV, Auchincloss AH, Rodriguez DA, Brown DG. Exploring walking
differences by socioeconomic status using a spatial agent-based model. Health Place. 2012;
18(1):96-99. [PubMed: 22243911]

Yang Y, Diez-Roux AV, Evenson KR, Colabianchi N. Examining the impact of the walking school
bus with an agent-based model. Am J Public Health. 2014; 104(7):1196-203. [PubMed:
24832410]

Yonas MA, Burke JG, Brown ST, Borrebach JD, Garland R, et al. Dynamic simulation of crime
perpetration and reporting to examine community intervention strategies. Health Educ Behav.
2013; 40(Suppl 1):S87-97.

Annu Rev Public Health. Author manuscript; available in PMC 2019 April 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Tracy et al.

Page 20

Demographic : o Socioeconomic P
Built environment e Demographics

Socioeconomic || Social environment
status and norms

Personality Genetics

Prevalence of Prevalence of
health health
behaviors conditions

Biological
characteristics

Family history

Formation and

N ] Propensnty it Health behavior
2 Health behaviors Movement bftween b h status
e i among social ties commu ities it

dissolution of

Health conditions
among social ties

Symptom
Sequelae of health condition
Occurrence of Health behaviors Daily travel
contacts among contacts / \ 1

Health conditions
among contacts

5 Treatment
Flevenive for health
condition

*U v ¢

Population health

Figure 1.
An illustration of a hypothetical agent-based model. Individual characteristics such as

demographics, health behaviors, health conditions, and health service utilization (b/ue)
influence and are influenced by community characteristics ( green), social ties (brown), and
other contacts ( purple), as well as ongoing processes such as aging and movement through
the environment (orange). Taken together, these static and time-varying characteristics at
multiple levels and the often bidirectional processes that connect them create a system from
which population health emerges.
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