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ABSTRACT
This paper describes the state of the art in computational
epidemiology and makes the case that the multiagent sys-
tems field can both contribute much to, and gain much from,
applications in this area. We discuss some of the major prob-
lems in epidemiology that can be addressed using multiagent
techniques, and the challenges therein.
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1. INTRODUCTION
Epidemics place a huge burden upon society. For example,

the annual economic burden of influenza in the United States
alone has been estimated to be $87.1 billion (in 2003 USD)
[18]. This includes the estimated cost of lost productivity
and lost lives in addition to hospitalization costs.

Health-adverse behaviors such as tobacco use have also
been shown to be contagious [12], and the “epidemic” of to-
bacco use places an even bigger cost upon society. The Cen-
ters for Disease Control and Prevention (CDC) have esti-
mated that the health-related economic losses in the United
States due to cigarette smoking in the years 2000-2004 were
$193 billion annually [4]. Other social contagions, like al-
cohol abuse, drug abuse, and the spread of obesity take a
similar toll.

In today’s world of increasing urbanization and increasing
global interconnectedness, pandemic-preparedness has taken
on a growing urgency. However, epidemics are complex so-
cial phenomena, and choosing appropriate policies to mini-
mize their spread is tricky, because policies can backfire or
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have side effects that are worse than the problems they fix.
This has led these problems to be termed “policy-resistant”
[27].

The complex “ecology” of epidemics is illustrated in Fig-
ure 1. Beyond physical aspects of the disease such as trans-
mission modes, incubation periods, infectious periods, etc.,
we have individual, social, logistical, and structural factors
that affect the size of the outbreak, the rate of its progres-
sion, which populations are vulnerable, which populations
are able to get treatment, and so on.

Many of the factors listed are interrelated. For example,
individual behavior depends on social norms, which in turn
constrain the policy-making process. Similarly demograph-
ics and socioeconomics are correlated, and are in turn related
to neighborhood effects and vaccine distribution methods
and policies.

In addition to the spread of the disease itself, there is
typically an associated contagion of information (and mis-
information), which affects individual decision-making about
whether to get vaccinations, whether to alter travel plans,
etc. [1, 7, 13].

Addressing these complexities requires careful and sophis-
ticated modeling, and computational approaches are increas-
ingly being used in this domain. We believe that multiagent
techniques have a lot to offer in surmounting some of the
major problems that still stand in the way. In turn, com-
putational epidemiology has the potential to drive a lot of
interesting multiagent systems research by offering a very
concrete domain with complex problems and much available
data.
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Figure 1: The complex ecology of epidemics.



2. WHAT IS COMPUTATIONAL EPIDEMI-
OLOGY?

Computational epidemiology consists of a collection of
mathematical and computational techniques used for mod-
eling the spread of epidemics and the effects of interventions
to counter this spread.

These techniques can be divided into a few main cate-
gories. Luke and Stamatakis [16] provide a good overview.

System dynamics methods use differential equations to
model the interactions between susceptible and infectious
people. The population can be divided into a number of
subpopulations of interest, which can lead to complex sets of
equations which are then solved numerically. This approach
is also referred to as the meta-population approach.

Network-based methods extend the system dynamics ap-
proach to graphs. Different classes of graphs can lead to
very different epidemic behaviors. For example, the epi-
demic threshold goes to zero on infinite scale-free networks,
which means that even diseases with very low transmissibil-
ity will result in large outbreaks on such networks. Network-
based interventions are also a very active area of research.

Agent-based models are becoming increasingly popular in
this domain. They offer the benefit of being able to model
dynamically changing interactions between people (as op-
posed to static networks), and of modeling more complex
phenomena like neighborhood effects, markets, social capi-
tal, etc.

Synthetic information methods are sophisticated agent-
based models which build very detailed and realistic rep-
resentations of populations and interactions by combining
multiple data sources [8, 23]. This approach has the benefit
of providing very realistic approximations to actual popula-
tions where data on that scale cannot be gathered through
surveys or other methods.

Despite the long history and increasing sophistication of
all these approaches, there are several fundamental problems
which remain to be solved.

3. PROBLEMS TO BE SOLVED
Here we present a selection of the conundrums pertaining

to the social ecology of epidemics that might benefit from
multiagent modeling.

Modeling human decision-making in social systems:
Ofri, a practicing clinician, describes how many people (es-
pecially parents) vacillated between wanting and not want-
ing to take the vaccination (for themselves and for their
children) for the H1N1 influenza in 2009 [21]. She writes
that during the early stages of the pandemic, many par-
ents would call her anxiously about whether the vaccine was
available yet, though these very people would often refuse
the seasonal influenza vaccination. Further, when the H1N1
vaccine did become available, they also grew reluctant to
take that. There had been no new medical data or news
that had appeared in the interim that would seem to have
influenced their change of heart. Ofri attributes this seem-
ing irrationality to, “a psychological contagion of myth and
suspicion.” More generally, the problem here is to under-
stand how people make decisions in a social context, and
how these decisions affect epidemics [9].

Forecasting: The complexity of large-scale social systems
makes point prediction infeasible. It is impossible to pre-
dict exactly how many people will become sick, or exactly

when the epidemic will peak. Instead the focus has to be on
forecasting trends, possible-worlds reasoning, and bounding
variance. This requires sophisticated statistical experiment
design because the parameter space is generally too big to be
covered completely. Advances at the interface of statistics
(experiment design, analytics) and simulations are needed.

Modeling interventions and policy-making : The sever-
ity of an outbreak depends on how quickly and effectively we
are able to respond to it. Computational modeling can be
invaluable in rapid forecasting of outcomes of different poli-
cies and interventions [10]. However, policy decisions often
have to be made when the information available is uncertain,
and interventions have costs [15]. For example, large-scale
prophylactic use of anti-virals carries a risk of rare adverse
health effects, closing schools and other venues of high pop-
ulation mixing has an economic cost, and so on. Further,
policy decisions (such as vaccination policy) are faced with
other pressures (political, social, logistical). Altogether, epi-
demic response is a complex process involving many stake-
holders. Computational modeling of this process itself can
shed valuable light on epidemic outcomes.

Disease surveillance: When the symptoms of an illness
are relatively mild, as in the case of influenza, people of-
ten do not go to hospitals. In such cases, data available
through the healthcare system represent a biased underesti-
mate of the true extent of the epidemic. Monitoring social
epidemics, like smoking behavior, is even more difficult. Re-
cently, the use of web and social media data has become
popular for disease surveillance [3, 19, 24, 25]. However,
these methods can be difficult to validate. New techniques
for disease surveillance, e.g. by combining predictive models
with targeted surveys, are needed to get better estimates.

Inferring causality : Identifying causes of epidemics, both
biological and behavioral, has always been one of the central
concerns of epidemiology. However, causes can be multi-
level and feedback-driven [11]. The problem is complicated
by the fact that standard methodologies like randomized
controlled trials (RCTs) cannot be applied to epidemics. In
such cases, computational modeling might offer new insights
to the complex causality underlying epidemic processes. In
silico RCTs, done carefully, can provide a replacement for
real-world experimentation.

4. APPLICABILITY OF MULTIAGENT SYS-
TEMS TECHNIQUES

A great deal of technology that has been developed in
the MAS domain can be applied to the above (and other)
problems in epidemiology. We give just a brief sampling.

Work on norms: Vaccination, and vaccine refusal, are
classic examples of social norms and norm violation. Inter-
actions between individuals can lead to large-scale pattern-
ing of behavior (emergent phenomena), e.g., due to spread
of misinformation about vaccine side-effects. If even small
groups of people choose not to vaccinate, it establishes a
reservoir for a disease, and complexities of network dynam-
ics often lead to outbreaks from this reservoir. In social
contagions as well, how norms emerge, and under what cir-
cumstances people choose to violate them are key issues to
understand in modeling epidemics. These are well-studied
topics in the MAS community (e.g., [14]) and can be fruit-
fully applied in the public health domain.



BDI modeling : Belief-desire-intention modeling has a long
history in MAS research. It has been used in modeling emo-
tional behavior (e.g., [2]) as well as normative behavior (e.g.,
[17]), both of which are important in understanding the
seeming irrationality of some human decision-making, for
example as discussed earlier in the context of H1N1 vacci-
nation refusal. Cognitive and behavioral agent modeling, es-
pecially in the context of decision-making under uncertainty,
is a central concern for understanding epidemic dynamics.

MDP-style modeling : Since epidemics take place over
a network, there is the possibility of influencing decision-
making and exploiting cascading behavior to set up posi-
tive norms. Recent work in applying MDP-style modeling
to influence-maximization problems [5] is very promising in
this regard. This approach may also be useful for finding op-
timal vaccine allocation policies or for finding optimal non-
pharmaceutical intervention strategies. A simple example
would be where the state of the system corresponds to the
vector of states of the nodes (S,E, I,R), the actions are to
vaccinate some subset of nodes, and the reward is the num-
ber of people in state S at time T .

Game-theoretic modeling : Similar problems of interven-
ing in networks have been studied using game-theoretic anal-
ysis in the MAS community, for example in the context of
security [29]. Behavioral game theory (e.g., [30]) can also
be applied to understanding policy-making as well as indi-
vidual and organizational decision-making during epidemics.
This approach could be applied to modeling the intentional
spread of misinformation, e.g., against the HPV vaccine, or
the controversy over the supposed link between the MMR
vaccine and autism.

Learning and adaptation : The behavior of individuals
and organizations also changes over time due to learning,
forgetting, and the choices of other agents. Rigorous models
of these adaptations can help explain and model changes in
organizational and population response to epidemics [6, 28].

Simulation-based modeling : Large-scale MAS simulations
offer the opportunity to tie together many of the previous
approaches and to rigorously investigate the effects of inter-
vention strategies under varying initial conditions, varying
levels of vaccine efficacy, varying levels of compliance with
policy directives, etc. Sophisticated simulation technology
is needed to manage the scale of epidemics [20, 22].

5. CHALLENGES
While the previous section discusses how existing MAS

technologies can be used, the epidemiology domain also of-
fers a set of unique challenges that can drive MAS research.

Scalability : Epidemics are large-scale social phenomena,
involving populations of hundreds of millions of people, big
geographical areas, and complex networks. These “big data”
scales are challenging for many computational techniques
and new algorithms may prove to be necessary, including
parallel methods and sampling-based methods. Simulations
at this scale need high-performance computing support. In
order to be useful to decision-makers, computational meth-
ods must run fast enough to provide results at a rate that
can be incorporated into the decision cycle, e.g., epidemiol-
ogists often need to make policy decisions every day during
an epidemic outbreak, based on new information that comes
in daily from healthcare systems and other sources.

Emergent phenomena : It is important to be able to pre-
dict emergent outcomes of interventions. For example, in-
creasing taxes on cigarettes can lead to the emergence of
informal economies of single-cigarette sales [26]. While this
may appear to reduce overall smoking rates, it has the ad-
verse long-term effect of keeping adolescents and young adults
addicted, so that when they get older and have more dispos-
able income, they also start smoking more heavily.

Spatio-temporal complexity : More broadly, an epidemic
is a very complex spatial and temporal process. Nearby
regions can have very different outcomes, and these can vary
considerably over time. Modeling and understanding these
variations requires analytic tools that can make sense of the
outcomes of complex multiagent simulations. The problem
of inferring causality applies equally to simulation models.

Fidelity, precision, adequacy : A general problem faced
by models (especially simulation models) consists of under-
standing what information needs to be included in the model
in order to be able to answer a particular query. In this con-
text, we use the term fidelity to refer to the set of properties
represented: for example, do we need to represent age and
gender, or age, gender, and race, or some other properties?
Precision refers to the accuracy with which these proper-
ties correspond to the actual population. Adequacy refers
to the set of outcomes of the model which are reflective of
real-world outcomes. For example, a model with a given fi-
delity and precision may be adequate for modeling baseline
epidemic progression, but not modeling particular interven-
tions like school closures. Rigorous methods are needed to
be able to quantify these properties.

Incorporating real-time data into models/simulations:
Epidemics are temporally extended phenomena, and as the
state of the epidemic changes in responses to interventions
and contingencies, it is necessary to be able to incorporate
new information into models on the fly. How to incorpo-
rate streaming data, e.g., from social media, into simula-
tions and other models represents an exciting direction for
research. New methods for gathering data relevant to inter-
actions within a population, activity patterns, and mobility
patterns are also needed. The use of digital data sources has
led to a stream of work known as digital epidemiology [24].

6. DATA AVAILABILITY
To spur research in this domain in the MAS community,

we are making some synthetic population data available.
Populations, activities, contact graphs, and sample dendro-
grams for simulated epidemic outbreaks are available online.
A contact network for Montgomery County in Virginia is
also available. The URL for the data is
http://ndssl.vbi.vt.edu/synthetic-data/

The populations contain demographics and home loca-
tions. Combining these with activity sequences for each
person and activity locations leads to a social contact graph,
which is a network of people coming into contact with each
other over the course of a typical day. This is essentially the
network over which an epidemic spread happens. These so-
cial contact graphs can be used for network-based analyses
and simulations. The data are freely available for research.

7. CONCLUSION
We have tried to make the case that computational epi-

demiology offers a rich set of problems that can drive mul-



tiagent systems research, and that MAS techniques in turn
can make a big contribution to solving some of the most
challenging problems in epidemiology and public health.
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