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ABSTRACT

We describe Isis, a high-performance-computing-based appli-
cation to support computational epidemiology of infectious
diseases. Isis has been developed over the last seven years
in close coordination with public health and policy experts.
It has been used in a number of important federal planning
and response exercises. Isis grew out of years of experience
in developing and using HPC-oriented models of complex
socially coupled systems. This identified the guiding princi-
ple that complex models will be used by domain experts only
if they can do realistic analysis without becoming computing
experts.

Using Isis, one can carry out detailed computational exper-
iments as they pertain to planning and response in the event
of a pandemic. Isis is designed to support networked epi-
demiology – study of epidemic processes over social contact
networks. The current system can handle airborne infec-
tious diseases such as influenza, pertussis, and smallpox. Isis

is comprised of the following basic components: (i) a web
app that serves as the user-interface, (ii) a middleware that
coordinates user interaction via the web app with backend
models and databases, (iii) a backend computational model-
ing framework that is comprised of highly resolved epidemic
simulations combined with highly realistic control strategies
that include pharmaceutical as well as non-pharmaceutical in-
terventions and (iv) a backend data management framework
that manages complex unstructured and semi-structured
data.

Isis has been used in over a dozen case studies defined by
the DoD, DHHS, NIH, BARDA and NSC. We describe three
recent studies illustrating the use of Isis in real-world settings:
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(i) uses of Isis during the H1N1 pandemic, (ii) supporting
a US military planning exercise, and (iii) distribution of
limited stockpile of pharmaceuticals using public and private
outlets.

Categories and Subject Descriptors

H.3.5 [Information Storage and Retrieval]: Online In-
formation Services —Web-based services; I.6.3 [Simulation
and Modeling]: Applications; I.6.7 [Simulation and Mod-
eling]: Simulation Support Systems

Keywords

web app; computational epidemiology; simulation; HPC;
public health

1. INTRODUCTION
A pandemic is an infectious disease outbreak affecting a

large population across the entire globe, for example, the
re-emergence of H1N1 influenza in 2009. Certain modern
trends exacerbate the speed and severity of pandemics. This
includes: (i) increased global population, (ii) increased mo-
bility, both on locally and internationally, and (iii) increased
populations of older and immunocompromised individuals.
In spite of these factors, over the last 50 years, public health
agencies across the world have made remarkable strides in
reducing the social, economic and health impacts of such
pandemics. Computational epidemiology is the development
and use of computer models for understanding the spatio-
temporal diffusion of disease through populations. Controlled
experiments used to understand scientific phenomenon are
much harder and often impossible to do when studying epi-
demiology, due to ethical, and often practical reasons. As
a result, computational models play an important role in
elucidating the space-time dynamics of epidemics. They also
serve an important role in evaluating various intervention
strategies, including pharmaceutical and non-pharmaceutical
interventions [20, 14, 19, 18]. The role of individual behavior
and public policies is critical in understanding and controlling
epidemics.

Traditional mathematical models for studying epidemics
focused on rate-based differential equation models [15]. In
this approach, one partitions the population into subgroups
based on various criteria (e.g., demographic characteristics
and disease states), and use differential equation models to
describe the disease dynamics across these groups. Although
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useful, the approach fails to capture the complexity of human
interactions and behaviors. The diversity of human behavior
makes planning and response complicated and motivates a
measure-project-intervene modeling cycle. This naturally
motivates an interaction based approach. It involves accurate
modeling of the social interaction network and the disease
dynamics. It uses an endogenous representations of individu-
als together with explicit interactions between these agents
to generate and capture the disease spread across the social
interaction network; see [23, 24]. In this sense, the approach
goes beyond the mathematical modeling techniques discussed
earlier, which assume homogeneous interactions within each
segment of the population. It raises new technical difficulties
though, including (i) synthesis of city and national scale
social contact networks, (ii) high performance computing
models to study disease spread and interventions over these
networks and (iii) bigdata challenges spanning the ability
to carry out complex computational experiments, data man-
agement and analytics. Nevertheless, recent advances in
computing technology, machine learning, data mining and
network science have made this approach a reality [10, 12,
22, 21, 11].

Public health epidemiology provides an important societal
application to apply computational thinking and exploit big
data. The big data challenges come in numerous forms: (i) a
large number of diverse data streams pertaining to social,
health, economic, policy and infrastructure realms that need
to be synthesized to develop realistic social contact networks;
(ii) the size of data sets; (iii) modeling the epidemics spread,
and the impact of interventions, requires substantial comput-
ing resources; furthermore this produces data that is several
orders of magnitude larger than the input data; (iv) the
measure-model-analyze-act-measure loop implies that the
input data and data generated by models has to be analyzed
in near-real time.

2. OUR CONTRIBUTIONS
Here we describe Isis (Interface to Synthetic Information

Systems): a web-browser based modeling and decision sup-
port environment for public health epidemiologists. Isis can
be used for planning, situation assessment, counter-factual
analysis and response as it pertains to infectious disease
epidemiology. The current system can handle airborne infec-
tious diseases such as influenza, pertussis, smallpox, etc. Isis

is a part of a larger integrated cyber-environment and is com-
prised of the following basic components: (i) a web-browser
based user-interface (i.e., a web app), (ii) a middleware that
coordinates user interaction with the UI and with the back-
end models and databases, (iii) a backend computational
modeling framework that is comprised of highly resolved
epidemic simulations combined with highly realistic con-
trol strategies that include both pharmaceutical as well as
non-pharmaceutical interventions and (iv) a backend data
management framework that manages complex unstructured
as and semi-structured data. Isis can support interaction
based computational epidemiology discussed earlier.

Isis is designed specifically so that public health analysts
can focus on design and analysis of complex computer exper-
iments to support planning and control of epidemics rather
than becoming computer scientists. Nevertheless, the back-
end is comprised of powerful high performance computing
based modeling and data management methods. The group
has been developing models for large complex social systems

for over a decade. The motivation to develop such pervasive
computing web apps providing seamless access was derived
from our earlier experience, wherein we realized that complex
models although scientifically interesting are of little use if
they cannot be made accessible to a domain expert who is
usually not a computer scientist.

The supporting underlying mathematical models have been
reported in our earlier work – our focus here is on computa-
tional and data infrastructure that enables the development
and deployment of the pervasive and scalable web app so
that it can be used by public health analysts. The focus of
this paper is on problem description, design decisions, and
deployment challenges.

Isis has been used to support a number of federal plan-
ning and decision support exercises. We describe three such
studies: (i) use of the tool during the H1N1 pandemic out-
break, (ii) supporting a DOD planning exercise for military
preparedness, and (iii) socio-economic analysis of anti-viral
distribution. We have chosen these examples for three rea-
sons. First, they demonstrate the range of computational
experiments that can be carried out using the tool. Second,
they demonstrate the use of Isis in important real-world set-
tings as opposed to an academic exercise. Finally, each of the
studies identified new challenges that served as requirements
for further development of the tool.

3. THE WEB APP
The web app is an interactive, easy to use, graphical

user interface and is designed to support the running of
experiments consisting of numerous simulations that generate
distributions of outcomes to gain an appreciation of the time-
varying state (the dynamics) of an epidemiological event.
The tool specifically supports exploration of the variability
of outcomes in this highly stochastic process. Experimental
outcomes are used in analysis reports, which are a kind of
distribution of numerous replicates of an experiment and
are generally viewable as plotted graphs. The Isis tool is
intended primarily to facilitate both the planning and course
of action of analysis activities for analysts.

The Isis web app allows a user to set up detailed facto-
rial experiments. Using a simple interface to an underlying
digital library, a user can specify the following for their exper-
iment: (i) a social contact network; (ii) a within-host disease
progression model; and (iii) a set of interventions. Each
intervention requires additional details such as compliance
level, sub-populations to which the interventions are applied
and intervention triggers. An experiment consists of sweep-
ing one or more parameters across a user-specified range of
values. See Figure 1 for an illustration of Isis experiments.
After setting up the experiment, the user is provided access
to the results of the simulations. A set of basic analyses are
performed automatically and the results are displayed. See
Figure 2 for an illustration of Isis analyses. The standard
plots and epidemic curves provide very detailed information
about the epidemic. Additional information such as the
spatio-temporal dynamics and disease dendrogram (how the
disease moved over the social network) is also available. A
key aspect of Isis is its simplicity – we can train public health
analysts to make effective use of the system in about three
hours. Somewhat counter-intuitively, by hiding the computa-
tional models from the end user, Isis makes them much more
accessible. See http://ndssl.vbi.vt.edu/apps/isis/ for
further details.
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Interventions implemented in our HPC simulations can be
described with the combination of a set of trigger conditions,
a set of subpopulations, and a set of actions. They are usually
in the form of: “when trigger conditions are satisfied, apply
actions to subpopulations”. Table 1 describes how an inter-
vention can be represented. There may be multiple trigger
conditions, subpopulations, and actions in an intervention.
There may be multiple different interventions in a simulation.

Representing and analyzing disease dynamics over large
unstructured and time-varying social contact networks re-
quires new work in high performance computing as well.
Table 2 shows the data sizes of a few examples of synthetic
populations and networks and simulation results supported
by Isis. In an effort to address the scaling problem typical in
algorithms implemented for high performance computing, our
group has developed three different parallel algorithms and
their implementations over the last ten years: EpiSimdemics,
EpiFast, and Indemics [3, 31, 7]. These differ in the tradeoff
they provide between computation speed, model realism and
sophistication, and ease of introducing new behavior and
interventions. A comparison between the simulations can be
found in [5]. We briefly describe them below.

4.1 EpiSimdemics
EpiSimdemics [3], and its predecessor EpiSims [13], is an

interaction-based, highly resolved modeling and simulation
system for representing and reasoning about contagion dif-
fusion across large networks. The EpiSimdemics algorithm
is based on contagion diffusion across a social network. The
network is represented as a bipartite graph, with people and
locations as the nodes, and edges between them representing
a person’s presence at a location. We refer to this as a person-
location graph. This representation allows location based
interventions such as school closure to remove some contacts
(e.g., contacts at a specific school) and replace them with
contacts at a replacement location (e.g., home). EpiSim-

demics can represent virtually all the existing models of
between-host disease propagation. It supports fully dynamic
social networks (nodes and edges can be added and removed
in response to disease propagation). Through the use of
its scenario scripting language [9], it also has the ability to
represent a large collection of behavioral and public policy
specifications, including the use of pharmaceuticals (e.g., vac-
cines or antivirals) and change of planned activities (e.g.,
school closure, quarantine). Contagion and behavior are
modeled as coupled Probabilistic Timed Transition Systems
(PTTS). Written in C++, EpiSimdemics initially used MPI
but has recently been modified to use the Charm++ parallel
framework [17, 4], which has led to improved scaling and
execution time [31]. It can simulate the entire population
of the United States, a person-location network with 300
million people and 1.5 billion edges. On the 352,000 core
NCSA BlueWaters system, 120 days of an epidemic on this
scale can be simulated in 12 seconds, as shown in Figure 7.
To the best our of knowledge, this is the largest agent-based
epidemic simulation, in terms of scaling.

4.2 EpiFast
EpiFast [7] differs from EpiSimdemics in the following

ways: (i) The underlying person-person social network is
explicitly given, whereas EpiSimdemics builds it implicitly
using the people-location network [13]; (ii) EpiFast imple-
ments a simple linear multi-stage within host disease progres-
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Figure 7: Execution time of EpiSimdemics on Blue-
waters for United States population ( 300 million
people) for 120 simulated days.

sion model, e.g., Susceptible Exposed Infectious Recovered
(SEIR) disease model for epidemic simulations; (iii) EpiFast

runs in bulk-synchronous mode; (iv) Interventions in Epi-

Fast are coded as structural changes in the network (e.g.,
non-pharmaceutical interventions) or nodes’ properties (e.g.,
infectivities and vulnerabilities). EpiFast is implemented in
C++, using MPI for communication. It is similar to EpiSim-

demics in that it can run on any distributed memory system,
so long as the total of all available memory can hold the
whole network and modeling parameters. The computing
architecture is comprised of one master process and multiple
worker processes. The system runs in a bulk synchronous
parallel mode.

4.3 Indemics
Indemics [6] is an interactive, database driven HPC frame-

work for epidemic simulations. It consists of (i) a simulation
engine for computing epidemic dynamics, (ii) a situation
assessment and intervention simulation engine supported
by a relational database, (iii) a client (Indemics client) for
user interactions, and (iv) a middleware platform (Indemics

server) that connects the above components to provide on-
line epidemic dynamics to the user for making decisions on
interventions and to provide adaptive interventions to the
simulation engine. Indemics uses EpiFast or EpiSimdemics

as its underlying diffusion engine but is specifically designed
to be interactive: a user can stop the simulation at any
point, measure system state, and then proceed based on this
information. The simulation is also allowed to roll-back to
a previous time point if needed. Another notable feature
of Indemics is its rich intervention set. In addition to a
number of pre-defined interventions, a user can use SQL-
based scripting language to define complex interventions [6].
The interventions can be based on the state of the disease
and the dynamic, labeled people-location network (including
individual attributes). Designing Isis to expose this rich set
of interventions is a part of ongoing research.

5. ARCHITECTURE
Isis is hosted on the Simfrastructure service oriented

middleware system [8], as shown in Figure 8. Simfrastruc-

ture serves as a multiplexer for four types of components
that make up the integrated pandemic preparedness platform:
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and visual and data analytics that include methods for
integrating heterogeneous databases to support multi-
view visualization (e.g., disease spread in a geographic
region and epidemic curves).

Simfrastructure is designed to address many of these
challenges. For example, disease diffusion models have been
optimized so that they can be used to undertake studies
over large urban regions. Multiple concurrent users are also
currently supported but further scaling is required.

5.1 Synthetic Information Library
The Synthetic Information Library (SIL) contains all of

the information needed to create, run, and analyze exper-
iments in Isis, and well as the results of past experiments.
SIL enables structured and efficient management of data
sources which may be located on a collection of hardware
and stored in multiple formats. A registry maintains an
index of all the data sources as well as the specifications of
the data. Computational methods can map existing data
sets to new data sets, and the registry records these processes
to track data dependencies and also to support reproducible
science. The registry may be compared to a library index
providing central access all methods, data sets and their full
specifications along with metadata.

SIL also provides services, from very generic to application
specific, that allows high level operations on the data. Some
examples of these services include provenance tracking, data
curation, browsing and searching. One particularly inter-
esting service is called memoization. When a request for
computation arrives, it is looked up to see if that computa-
tion has already been performed. If so, the stored result is
returned immediately. If the request has not previously been
seen, it is run and the results stored for further use.

6. CASE STUDIES
Isis has been deployed and used in dozens of user defined

studies, all mainly focused on specific pandemic planning
studies and exercises. Specifically users from DHS, DoD and
DHHS have used Isis to study the impacts of a variety of
interventions in response to outbreaks of influenza or other
respiratory diseases, assess the characteristics of emerging
epidemics, and to optimize the allocation of existing medical
resources. The studies have guided the continued evolution of
Isis both in terms of its usability for the design and execution
of simulations as well the delivery and consumption of the
simulation results themselves. The studies also helped us
identify new research questions at the interface of multi-
agent modeling, data mining, network science, and high
performance computing. Notable studies include:

1. Emergence of H1N1 Influenza. Supported model-
ing efforts during H1N1 pandemic. One of the only
three groups nationwide that was able to provide near
real time support (2009 DHHS and DTRA).

2. Unified Combatant Command Pandemic Study.
Combined national spread of influenza with high reso-
lution local spread for several military installations to
support decision making and planning (2010 Depart-
ment of Defense).

3. Socio-Economic Impact of Pharmaceutical and
Non-Pharmaceutical Interventions. Studied im-
pact of economic and social influence on public health

mitigation strategies during epidemics (2009 NIH Mod-
eling of Infectious Disease Agent Study).

4. Pandemic Tabletop Exercise Support. Modeling
support for Asst. Cabinet Secretary level exercise for
response to emerging pandemic (2013 National Security
Council).

5. National Planning Scenario 1. The role of indi-
vidual behavior and communications in response and
recovery in the aftermath of an improvised nuclear de-
vice explosion: health effect were studied using Isis

technology (2012 Department of Defense, DTRA).

6. Military Response to Novel Virus. Modeling sup-
port for fervent virus two day command tabletop exer-
cise (2011 US NORTHCOM & DTRA).

7. Military Pandemic Preparedness. Modeling sup-
port for military and guard preparedness in the event
of an epidemic outbreak (2007, 2008 Alabama National
Guard, US MEDCOM and DTRA).

8. Non-Pharmaceutical Targeted Layered Contain-
ment Strategy. Evaluating sensitivity to timing
and compliance level of non-pharmaceutical mitigation
strategies (2005, 2006 National Security Council).

See http://ndssl.vbi.vt.edu/apps/ and http://ndssl.vbi.

vt.edu/supplementary-info/vskumar/cacm2012/ for addi-
tional examples. In the subsections below we elaborate on
three of the studies.

6.1 Emergence of H1N1 Influenza
This effort was in direct response to the initial reports of the

emergence of the H1N1 influenza virus in April 2009, which
eventually caused a global pandemic. In the early days of
the outbreak, infections were confined to Mexico, California,
and Texas and then spread to New York. The rapid spread
combined with initial overestimates of its mortality rate
raised serious concerns of a repeat of the 1918 influenza
pandemic.

Initial reports about the disease characteristics were un-
reliable, with wide variations placed on important disease
parameters like the proportion of symptomatic individuals
and the duration of infectious periods. Having developed the
Isis tool for just this purpose, we were able to quickly run
a series of studies exploring the impact of the variation in
these parameters in a large US population. A quick report
was drafted about the impact of disease characteristics on
the size and shape of the expected epidemic curve. Several
variants of disease models were added to the Isis tool.

As H1N1 influenza continued to spread in the US, the
Department of Health and Human Services teamed up with
the Defense Threat Reduction Agency to place the Isis tool
in the hands of US government analysts to provide day to
day modeling results. This integration inside the 24-hour
decision cycle running the federal government’s response to
this emerging crisis would not have been possible without the
development of highly optimized modeling software as well
as the web-enabled interface [16]. The analysts were able
to perform course-of-action analyses to estimate the impact
of closing schools and shutting down workplaces. Better
situational awareness was also enabled by calibrating the
model to newly available data from the real world about
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to the New River Valley area of Virginia to address this
critical problem. The economic costs included not only the
loss in productivity due to sickness but also the indirect cost
incurred through disease avoidance and caring for depen-
dents.

People with different socio-economic constraints follow dif-
ferent behavioral strategies to avoid getting infected. These
strategies are based on how individuals perceive both the
state of the larger society around them and the partially
observable actions taken by their immediate peer group or
demographic class. The general principle being that high
income individuals, young children and seniors have a lower
tolerance of risk as compared to the rest of the population.
Once the number of infected people in the population or in
a person’s class reaches the personal threshold value, the
individual is triggered to modify his behavior. For members
of affluent households, the modified behavior is reflected
through the purchase of antivirals. The members of the
middle income class eliminate non-essential activities such
as shopping trips and recreational activities. Those in the
poorest income class people find it too expensive to pur-
chase antivirals, or reduce contacts and hence take no direct
actions.

Public strategies include the distribution of antiviral kits
and school closures. The trigger threshold for the public
intervention is set at 1% of the total population becoming
infected. The public stockpile of the antiviral kits is limited
to 10,000. These kits are distributed to the individuals
based on one of four selection criteria: randomly selected
individuals, poorest individuals, first sick individuals, and
the most vulnerable individuals. Each time the “close school”
strategy is used, the schools are closed for a period of two
weeks.

In order to assess the social and economic impact of the
intervention strategies, we developed eleven distinctive sce-
narios based on individual and governmental actions. A base
case was included to determine the size of the epidemic in
the absence of interventions. The results show that the most
important factor responsible for preventing income loss is
the modification of individual behavior; it drops the total
income loss by 62% compared to the base case. The next
most important factor is the closure of schools, which reduces
the total income loss by another 40%. Studies showed that
the preventive behavior of private citizens is the most impor-
tant factor in controlling the epidemic. The most effective
interventions require school closures, public distribution of
antivirals to the most vulnerable, and behavior modification
by private citizens. The work appeared in [1] and was also
mentioned as a part of the CDC report on school closures.

The requirements to complete a study of this nature re-
quired the extension of one of the core simulation engines
used by Isis. Specifically the need to efficiently assess the
state of disease and actions across several scales, as well as
delivering fine control of thresholds for different classes of
individuals. This extension brings the expressive power of
SQL queries to the specification of both triggering conditions
and targeted populations of interventions, greatly enhancing
the realism of the interventions Isis can represent.

7. DISCUSSIONS
Data challenges. The data involved in Isis and the backend
simulations are of very large scale, and dynamic, ambiguous,
and heterogeneous in nature. The experiments on Isis usu-

ally consist of dozens of simulations, each of which simulates
dynamics in synthetic contact networks of millions of nodes
and billions of edges, and produces dynamics of each of the
nodes during each of hundreds of simulations days. The size
of the input and output data files of each simulation are in
gigabytes. The output data is increasing as more experi-
ments are run; the input data also keeps increasing because
users are often interested in calibrating synthetic population,
disease model, initial conditions, and interventions to do
sensitivity analyses. It is impossible to consider all possible
configurations users could come up with and pre-load them
in Isis.

We addressed these challenges related to data volume,
velocity, variety, and veracity with the Synthetic Information
Library in Isis. This is different than the other systems, e.g.,
VecNet, EpiC and Gleamviz do not model person level details;
DiCon does not have a GUI; FRED navigator allows one to
access a database of previously computed scenarios. FRED

Mobile App is the most similar to Isis but works only at
a county level. Furthermore the current version of FRED

allows limited number of interventions [27].

Lessons learned. The use of Isis in real world studies
yielded important lessons and helped improve the system.
First, early versions of Isis (including the dynamical models)
were slow and somewhat cumbersome to use – the current
version is significantly faster and easy to use improving the
overall time it takes to design and analyze a case study.

Second, what we learned in designing and using Isis is
the tradeoff between functionality and usability. While the
backend HPC simulation tools (EpiSimdemics, EpiFast, and
Indemics) can handle very complicated scenarios, defined by
their scenario description languages, only limited features
can be accommodated in a web application. We have worked
with Isis users to include only the most useful features, while
allowing expert users to access a few more complex functions.

Third, we learned to distribute the computation on multi-
ple clusters. The use of cloud computing paradigm is quite
appropriate for this purpose. the Simfrastructure mid-
dleware achieves this goal by seamlessly mapping jobs on
various clusters available for the study.

Finally, as Isis becomes available to the broader commu-
nity, there is a need to develop a scalable data management
system including a digital library to support collaborative
decision making. While the current system has a basic data
management system, future versions will need to provide a
rich set of services to achieve this goal.

Future work. Currently in Isis, experimental data is man-
aged by an Oracle database server and output data is written
in disk files. We are exploring using parallel databases to
manage the simulation output data. We are also working
on integrating Isis with FluCaster, a web app we developed
for epidemic forecasting [26]. Finally, we are working on
integrating optimal intervention strategies that would allow
users to evaluate the efficacy of strategies that are currently
implemented.

8. ACKNOWLEDGMENTS
We thank our external collaborators and members of

the Network Dynamics and Simulation Science Laboratory
(NDSSL) for their suggestions and comments. This work
has been partially supported by DTRA Grant HDTRA1-11-
1-0016, DTRA CNIMS Contract HDTRA1-11-D-0016-0001,

1855



NIH MIDAS Grant 2U01GM070694-09, NSF NetSE Grant
CNS-1011769 and NSF SDCI Grant OCI-1032677.

9. REFERENCES
[1] C. Barrett, K. Bisset, J. Leidig, A. Marathe, and M. V.

Marathe. An integrated modeling environment to study
the coevolution of networks, individual behavior and
epidemics. AI Magazine, 31(1):75–87, 2010.

[2] C. Barrett, S. Eubank, and M. Marathe. Modeling and
simulation of large biological, information and
socio-technical systems: An interaction based approach.
In Interactive Computation, pages 353–392. 2006.

[3] C. L. Barrett, K. R. Bisset, S. G. Eubank, X. Feng,
and M. V. Marathe. EpiSimdemics: an efficient
algorithm for simulating the spread of infectious disease
over large realistic social networks. In Proceedings of
the ACM/IEEE conference on Supercomputing, pages
290–294, 2008.

[4] K. Bisset, A. Aji, T. Kamal, J.-S. Yeom, M. Marathe,
E. Bohm, and A. Gupta. Contagion diffusion with
EpiSimdemics. In Parallel Science and Engineering
Applications: The Charm++ Approach. 2013.

[5] K. Bisset, J. Chen, C. J. Kuhlman, V. S. A. Kumar,
and M. V. Marathe. Interaction-based HPC modeling
of social, biological, and economic contagions over large
networks. In Proceedings of the Winter Simulation
Conference, 2011.

[6] K. R. Bisset, J. Chen, S. Deodhar, X. Feng, Y. Ma, and
M. V. Marathe. Indemics: An interactive
high-performance computing framework for data
intensive epidemic modeling. ACM Transactions on
Modeling and Computer Simulation, 24(1), 2014.

[7] K. R. Bisset, J. Chen, X. Feng, V. Kumar, and M. V.
Marathe. EpiFast: A fast algorithm for large scale
realistic epidemic simulations on distributed memory
systems. In Proceedings of 23rd ACM International
Conference on Supercomputing, pages 430–439, 2009.

[8] K. R. Bisset, S. Deodhar, H. Makkapati, M. V.
Marathe, P. E. Stretz, and C. L. Barrett.
Simfrastructure: A flexible and adaptable middleware
platform for modeling and analysis of socially coupled
systems. In Proc. IEEE CCGRID, pages 506–513, 2013.

[9] K. R. Bisset, X. Feng, M. V. Marathe, and S. M. Yardi.
Modeling interaction between individuals, social
networks and public policy to support public health
epidemiology. In Proceedings of the Winter Simulation
Conference, pages 2020–2031, 2009.

[10] J. Brownstein, C. Freifeld, and L. Madoff. Digital
disease detection – harnessing the web for public health
surveillance. N. England J. Med., pages 2153–2157,
2009.

[11] P. Chakraborty, P. Khadivi, B. Lewis, A. Mahendiran,
J. Chen, P. Butler, E. O. Nsoesie, S. R. Mekaru, J. S.
Brownstein, M. Marathe, , and N. Ramakrishnan.
Forecasting a moving target: Ensemble models for ILI
case count predictions. In Proceedings of the 14th SIAM
International Conference on Data Mining, 2014.

[12] M. Dredze. How social media will change public health.
IEEE Intelligent Systems, Vol. 27(4):81–84, July–Aug
2012.

[13] S. Eubank, H. Guclu, V. S. A. Kumar, M. Marathe,
A. Srinivasan, Z. Toroczkai, and N. Wang. Modeling

disease outbreaks in realistic urban social networks.
Nature, 429:180–184, 2004.

[14] N. M. Ferguson, D. A. T. Cummings, C. Fraser, J. C.
Cajka, P. C. Cooley, and D. S. Burke. Strategies for
mitigating an influenza pandemic. Nature, 442:448–452,
2006.

[15] H. W. Hethcote. The mathematics of infectious
diseases. SIAM Review, 42(4):599–653, 2000.

[16] N. Hupert, J. Olsen, and A. Kircher. Personal
communication, 2010.
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