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Background. Carefully calibrated large-scale computational models of epidemic spread represent a powerful tool to support the
decision-making process during epidemic emergencies. Epidemic models are being increasingly used for generating forecasts of the
spatial-temporal progression of epidemics at different spatial scales and for assessing the likely impact of different intervention strategies. However, the management and analysis of simulation ensembles stemming from large-scale computational models pose challenges, particularly when dealing with multiple interdependent parameters, spanning multiple layers and geospatial frames, affected
by complex dynamic processes operating at different resolutions.
Methods. We describe and illustrate with examples a novel epidemic simulation data management system, epiDMS, that was
developed to address the challenges that arise from the need to generate, search, visualize, and analyze, in a scalable manner,
large volumes of epidemic simulation ensembles and observations during the progression of an epidemic.
Results and conclusions. epiDMS is a publicly available system that facilitates management and analysis of large epidemic simulation ensembles. epiDMS aims to ﬁll an important hole in decision-making during healthcare emergencies by enabling critical
services with signiﬁcant economic and health impact.
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The potential for pandemics to rapidly generate morbidity and
mortality and inﬂuence economies around the world has highlighted the need to develop quantitative frameworks for supporting public health decision-making in near real time. For
instance, the 2003 SARS coronavirus emergency, which originated in China and spread to 29 countries, generated important
nosocomial outbreaks in several regions by August 2003 [1, 2].
More recently, the 2009 inﬂuenza A(H1N1) pandemic, originating in Mexico, rapidly spread around the globe via the airline
network and reached 20 countries, with the highest volume of
passengers arriving from Mexico within a few weeks of epidemic onset [3]. Importantly, the economic cost associated with a
pandemic similar to the 2009 inﬂuenza A(H1N1) pandemic
has been estimated to range from $360 billion to $4 trillion
[4] for the ﬁrst year of virus circulation.
Large-scale computational transmission models of infectious
disease spread are increasingly becoming part of the toolkit to
generate inferences about the spread and control of infectious
diseases. Examples of real-time analyses of epidemics supported
by large-scale transmission models include estimating the transmissibility of an epidemic disease, such as inﬂuenza [5–7]; forecasting the spatiotemporal evolution of pandemics at different

spatial scales [8, 9]; assessing the effect of travel controls during
the early epidemic phase [10–12]; predicting the effect of school
closures in mitigating disease spread [13–15]; and assessing the
impact of reactive vaccination strategies [16]. These analyses,
however, require access to, integration of, and analysis of models and large volumes of data, including data sets from diverse
sources, to parameterize demographic characteristics, contact
networks, age-speciﬁc contact rates, mobility networks, and
healthcare and control interventions.
In this article, we argue that, if effectively leveraged, existing
simulation analyses and real-time observations generated during
an outbreak can be collectively used for better understanding the
transmission dynamics and reﬁning existing models. At the
same time, these model simulations are useful for performing
exploratory, if-then types of hypothetical analyses of epidemic
scenarios to address critical questions, including whether we
can identify and classify key events (eg, epidemic peak timing
and likely epidemic duration) during an infectious disease outbreak from large simulation ensembles, compare and summarize
a large number of epidemic simulations and observations under
different epidemiological scenarios, and discover latent relationships and dependencies among disease dynamics and social
parameters.
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Global epidemic spread can be characterized via simulation
through networks of multiple (local and global) scales: individuals within a subpopulation may be infected through local contacts during a localized outbreak. These infected individuals
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then may seed the infection in other regions, starting a new outbreak. Thus, large-scale epidemic simulation systems (eg,
GLEaM [9] and STEM [17]) are required to leverage models
and data at different spatial scales. These include social contact
networks, local and global individual mobility patterns, location-speciﬁc control interventions, and epidemiological characteristics of the infectious disease in question.
The population model for a global epidemic simulation system can be based, for example, on the Gridded Population of
the World project by the Socioeconomic Data and Applications
Center [18], which has a resolution of 15 × 15 minutes of arc.
Mobility models can include long-range air travel mobility
data, such as those from the International Air Transport Association and the Ofﬁcial Airline Guide, and/or short-range
commuting patterns between adjacent subpopulations. Highresolution demographic and age-speciﬁc contact data have become available for a number of areas, including the United
States [19] and Southeast Asia [16], while age-speciﬁc contact
rates have been derived from population surveys for a number
of European countries [20]. Large-scale computational transmission models, parameterized with high-volume air trafﬁc
data and country-level seasonality factors, are being increasingly used to assess the global transmission patterns of emerging infectious diseases and the effectiveness of control measures
[21–23].
Epidemic models allow the user to specify epidemiological
parameters that are speciﬁc to the infectious disease (such as
transmissibility and seasonality), initial outbreak conditions
(eg, the seeding characteristics of the epidemic and the immunity proﬁle of the subpopulation), and the timing, type, and intensity of intervention measures. While the disease model can
be speciﬁc to the type of infectious disease, the parameters of
a typical model (eg, the modiﬁed susceptible-latent-infectiousrecovered model described in ref. [9]) include (1) the infection
rate of contracting illness when an individual interacts with an
infectious person, (2) infection rate scaling factors for asymptomatic infectors and treated infectors, (3) the average length
of the latency period (in which the individual is infected but
not infecting), (4) the probability of symptomatic versus asymptomatic infections, (5) the change in travelling behavior after the
onset of symptoms, (6) the average length of recovery, (7) the
percentage of infectious individuals who undergo pharmaceutical treatment, and (8) the impact (eg, on the length of the infectious period) of the treatment.
The output of a simulation is a multivariate time series,
which tracks for each spatial location (such as the US states)
the simulation values of each output parameter, such as the
number of infected individuals.
CHALLENGES

While large-scale epidemic simulation systems such as GLEaM
[9] or STEM [17] represent very powerful and highly modular
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and ﬂexible epidemic spread simulation systems, their power for
real-time decision-making could be enhanced by addressing
two challenges. First, a sufﬁciently useful disease spreading simulation system requires complex models, including social contact networks, local and global mobility patterns of individuals,
and epidemiological parameters for the infectious disease (eg,
the infectious period). Epidemic simulations track tens or hundreds of interdependent parameters, spanning multiple layers
and geospatial frames, affected by complex dynamic processes
operating at different resolutions. Moreover, an ensemble of stochastic epidemic realizations may include hundreds or thousands of simulations, each with different parameters settings
corresponding to slightly different but plausible scenarios [24,
25]. As a consequence, running and interpreting simulation results (along with the real-world observations) to generate timely
actionable results pose challenges.
A second a major challenge in using data- and model-driven
computer simulations for predicting geotemporal evolution of
epidemics for managing health emergencies, such as the
2014–2015 Ebola epidemic in West Africa, is that the data,
models, and underlying model parameters dynamically evolve
over time. This necessitates continuous analyses and interpretations of the incoming data and adaptation of the networks and
models. Therefore, simulation ensembles may need to be continuously revised and reﬁned as the situation on the ground
changes. Revisions involve incorporating the real-world observations, as well as updated probability surfaces, into existing
simulations to alter their outcomes, whereas reﬁnements involve identifying new simulations to run based on the changing
situation on the ground to provide trustable recommendations.
As the situation on the ground and intervention mechanisms
evolve, the sampling strategies for the input parameter spaces
have to be varied (by eliminating irrelevant scenarios and considering new scenarios or varying the likelihood of old scenarios) in such a way that more-accurate simulation results are
obtained where it is more relevant.
To have a signiﬁcant impact on disease control and to devise
validated epidemic response strategies within a realistic time
frame, public health authorities need to adequately and systematically interpret observations, understand the processes driving
epidemic outbreaks, and assess the robustness of conclusions
driven from simulations. Because of the volume and complexity
of the data, the varying spatial and temporal scales at which the
key transmission processes operate and relevant observations
are made, public health experts could beneﬁt from novel decision support systems. Therefore, tools that help execute largescale simulation ensembles under a large number of diverse
hypotheses/scenarios and those that facilitate analysis, exploration, interpretation, and visualization of large simulation
ensembles (aligned with the real-world observations) to generate timely actionable results are critically needed for understanding the evolution patterns of the outbreaks (including
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estimating transmissibility, forecasting the spatiotemporal
spread at different spatial scales, and assessing the cost and impact of interventions, including travel controls, at various stages
of the epidemic) and supporting real-time decision-making and
hypothesis testing through large-scale simulations.
epiDMS OVERVIEW AND USE SCENARIO

Data and models relevant to data-intensive simulations are voluminous, multivariate, have multiple resolutions, multilayered,
geotemporal, interconnected and interdependent, and often incomplete/imprecise. Moreover, data and models dynamically
evolve over time, owing to control actions taken by individuals
and public health interventions, requiring continuous adaptation and repeat modeling.
epiDMS, a novel epidemic simulation data management system software framework [26], aims to address the key challenges
underlying large epidemic spread simulations, which, today,
hinder real-time and continuous analysis and decision-making
during ongoing outbreaks. Unlike other dynamic modeling
platforms, such as Berkeley Madonna [27], the services provided
by epiDMS include (a) storage and indexing of large-ensemble
simulation data sets and the corresponding models and (b)
search and analysis of ensemble simulation data sets to enable
ensemble-based decision support [28–30].
The target user group for epiDMS includes a range of public
health researchers and decision-makers. While creation of models for ensemble simulations and query formulation require
moderate infectious disease modeling experience, epiDMS
also provides parameterized queries and other interactive user
interfaces to enable decision-makers with minimal experience
to explore large-ensemble simulations.
System Overview

epiDMS [26] consists of three major components for managing
the data and models for data-driven real-time epidemic simulations (Figure 1). First, the epidemic ensemble execution engine
(epiRun) takes as input an epidemic model, mobility/connectivity models, interventions, and outbreak conditions (such as
ground zero) and creates an epidemic ensemble by sampling
the disease parameter space and executing simulations, using

an external simulation engine. Note that epiRun is not speciﬁc
to any disease model or simulation engine and that it can wrap,
as a black-box software component, any epidemic simulation
engine as long as it provides command line invocation. The epidemic model (formulated in the format speciﬁc to the simulation engine), the selected input parameter values, and the
simulation results (ie, the time series for each output variable)
then become inputs for the epidemic data and model store
(epiStore).
Second, epiStore stores and indexes the relevant data and
metadata sets. The data and models relevant for modeling
large-scale epidemics include the following: one or more network layers for epidemic simulation, from local and global mobility patterns to social contact networks; disease models, which
describe the epidemiological parameters relevant to a simulation and the parameter dependencies necessary in the computation of the disease spread; time series, from different
simulations, each corresponding to different sets of assumptions (disease parameters or models) or context (eg, spatiotemporal context, outbreak conditions, or interventions); and
disease observations, which include real-world observations
that arise in near real time relating to a particular epidemic, including the spread and severity of the disease and observations
about other relevant parameters, such as the average length of
recovery or percentage of infectious individuals that undergo
pharmaceutical treatment. epiStore captures simulation metadata (ie, simulation model, parameter values, and connectivity
graphs) and simulation outputs (ie, time series) and provides
data analysis (eg, clustering, classiﬁcation, and event extraction)
to support decision-making. Once again, epiStore is not speciﬁc
to any disease model or simulation ensembles generated by a
speciﬁc simulation engine—it can read and store models and
simulation results produced by any epidemic simulation engine
as long as data wrappers that convert data and metadata into
internal epiStore representation are available.
Third, the epidemic ensemble query, visualization, and exploration module (epiViz) provides a web-based query and result visualization interface to support user interaction and
exploratory decision-making through simulation ensembles
(Figure 2). Query speciﬁcation language is also model independent, in the sense that the system does not make any assumptions regarding what the input and output parameters of the
simulations are—once imported into epiStore, parameters of
any model can be queried, visualized, and explored.
epiDMS Use Scenario

Figure 1.

epiDMS overview.

Consider a governmental agency charged with developing a preparedness plan for the next inﬂuenza pandemic. To account for
uncertainty in the epidemiology of the disease, characteristics of
surveillance systems, and actual ﬁeld conditions (eg, healthcare
capacity) including the availability and effectiveness of the interventions, public health experts execute a large number of
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Figure 2. A sample epiDMS screenshot, which includes scenario-based querying and exploration. The figure shows a query posed to epiDMS, the set of results (visualized in
the form of a navigable hierarchy of heat maps), and 2 simulations selected for detailed comparison. Please see the accompanying Supplementary Materials and the video
available at https://www.youtube.com/watch?v=9w-4nDhXv3k for more details.

simulations by using the epiRun simulation ensemble creation
engine to generate simulation instances. The conﬁguration ﬁle
for epiRun speciﬁes applicable disease models, parameter value
ranges and sampling granularities, connectivity and mobility
graph assumptions, simulation duration, and assumptions regarding when and what interventions are to be applied. Given
these, epiRun schedules the execution of these simulations. The
simulation metadata and results are then read and stored in
epiStore. Intuitively, each simulation result corresponds to a
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so-called possible world, and thus it is annotated and indexed
with the metadata describing the corresponding scenario.
Later, during hypothetical public health planning or pandemic
response, the simulation results stored in epiStore can be accessed through scenario-based or observational search.
Scenario-Based Querying and Exploration

A basic functionality of epiDMS is to retrieve epidemic simulations, stored in epiStore, based on a user-speciﬁed scenario
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description. For example, the user can formulate a query that
asks the system to identify all preexecuted simulations, based
on susceptible-exposed-infectious-removed and susceptibleinfectious-removed epidemic models, where the input transmission rate parameter is set between 0.3 and 0.6 per day,
the recovery rate parameter is set to 0.5 per day, and a vaccination-type trigger was used in the simulation. The query also
speciﬁes a particular mobility graph, describing expected
movements of the populations during the epidemic, as an underlying assumption. In addition, the query asks the system to
return daily (1-D) averages of infected, incidence, and deaths
simulation output parameters for Arizona, California, and
New Mexico for an epidemic simulation that lasts 8 months.
Details of this query, as well as a detailed description of the
query and visual exploration interface provided by epiDMS,
are available in the Supplementary Materials.
Once the query is executed and the relevant simulations are
identiﬁed, epiDMS then organizes the results in the form of a
navigable hierarchy, based on the temporal dynamics of the disease: scenarios that result in similar patterns are grouped under
the same branch, while simulations that show key differences in
disease development are placed under different branches of the
navigation hierarchy. The user can then navigate on this hierarchy using drill-down and roll-up operations and ﬁlter sets of
simulations for further analysis.
Observational Alignment Based Querying and Exploration

In addition to scenario-based ﬁltering, search, and exploration,
epiDMS also enables searching particular temporal patterns on
the epidemic ensembles. During an epidemic, this feature allows
the expert to identify a relevant subset of stored simulations that
match actual disease patterns or speciﬁc targets for intervention
measures. This facilitates public health decision-makers to identify the relevant parameters that characterize transmission patterns in near real time, forecast epidemic spread as the epidemic
evolves, and assess the potential impact of intervention scenarios. This platform also allows the user to perform simulation reﬁnements by narrowing the parameter space of possible worlds
on the basis of the current state of the epidemic. Hence, the user
can use epiDMS to run additional simulations within the constrained parameter space to obtain more-detailed simulations,
possibly with additional intervention assumptions, that are relevant to the current state of the epidemic.
CONCLUSIONS

In this article, we have described and illustrated with an example
epiDMS [26], a novel epidemic simulation data management
system that supports the generation, search, visualization, and
analysis, in a scalable manner, of large volumes of epidemic simulation ensembles for decision-making. The system aims to assist
experts and decision-makers in exploring large epidemic simulation ensemble data sets through efﬁcient metadata- and similarity-based querying, data analysis, and visual exploration.
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