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a  b  s  t  r  a  c  t

Infectious  disease  models  are both  concise  statements  of hypotheses  and  powerful  techniques  for  creating
tools  from  hypotheses  and  theories.  As  such,  they  have  tremendous  potential  for guiding data  collection  in
experimental  and  observational  studies,  leading  to more  efficient  testing  of  hypotheses  and  more  robust
study  designs.  In numerous  instances,  infectious  disease  models  have  played  a key  role in  informing  data
collection,  including  the Garki  project  studying  malaria,  the  response  to  the  2009  pandemic  of  H1N1
influenza  in the  United  Kingdom  and  studies  of  T-cell  immunodynamics  in  mammals.  However,  such
synergies  remain  the exception  rather  than  the rule;  and  a close  marriage  of  dynamic  modeling  and
empirical  data  collection  is  far  from  the  norm  in  infectious  disease  research.  Overcoming  the challenges
to  using  models  to  inform  data  collection  has  the  potential  to accelerate  innovation  and  to  improve
practice  in  how  we deal  with  infectious  disease  threats.

©  2014  The  Authors.  Published  by Elsevier  B.V.  This  is  an open  access  article  under  the  CC  BY-NC-SA
license  (http://creativecommons.org/licenses/by-nc-sa/3.0/).

Introduction: What is the role of models in data collection?

When people refer to “models” of infectious disease transmis-
sion, they usually mean something far more specific than the word
“model” indicates. The term is generally used to refer to a system
of equations or computer program that explicitly represents the
mechanisms of disease transmission and pathogenesis. This is in
contrast to models purely of statistical association that are common
throughout the medical literature. By setting forth a mechanis-
tic hypothesis in a mathematically precise form, models become
tools for generating (perhaps unexpected) predictions which can be
used to test the underlying hypotheses through confrontation with
data. Though this use of models has a long tradition throughout all
branches of science (including infectious disease epidemiology and
ecology), it often takes a back seat to other uses of infectious dis-
ease models. The highest profile infectious disease modeling work
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is often aimed at making predictions or filling in gaps in existing
data. These uses of models by definition presume that the hypoth-
esis captured in the model is close enough to the truth to capture the
dynamics of the system relevant to the task at hand, and provide
answers only conditional on the correctness of the model. While
many researchers put great effort into fitting both the structure and
parameters of models using existing data, data are rarely collected
with the explicit purpose of testing model hypotheses, and many
models go unchallenged and untested after they are first presented.

Models are powerful, in part, because they can turn a hypoth-
esis or theory into a tool for making precise predictions. Yet even
in this capacity infectious disease models are underutilized in the
data collection process. For example, sample size calculations and
power analyses are de rigueur for the design of observational stud-
ies and clinical trials. However, cases of transmissible infections
are non-independent, limiting the utility of standard theory. Using
mechanistic models that account for the transmission process can
allow robust estimation in the setting of these “dependent hap-
penings” and tell us not only how much data to collect but when to
collect it (Halloran et al., 2010).
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Model-driven data collection does occur, and a prime exam-
ple is the Garki project (Molineaux et al., 1980). This seminal
project studied the transmission of malaria under different con-
trol interventions and captured longitudinal data on both disease
and vector dynamics. Thirty years after its publication it remains
one of the most valuable datasets for parameterizing malaria mod-
els (e.g., Griffin et al., 2010), and has been cited over 650 times.
In part because input from models was used in the design of the
study, it provides an almost unique dataset on the dynamics of
malaria across a number of seasons and under different interven-
tions, providing an example for future studies which has rarely been
emulated.

Through sensitivity analysis and quantification of uncertainty,
models can be used to elucidate the parameters and processes
that contribute most to our inability to make predictions with a
high degree of confidence, and those which are less important.
They can thereby indicate where experimental effort would be best
directed to improve the predictive power of a model. An example of
where this is being attempted is HPTN 071 (PopART), a community
randomized trial of combination prevention packages including
early antiretroviral therapy initiation to control HIV transmission in
Africa. In the analysis of this trial, models are being used to estimate
endpoints (e.g., community incidence), improve study design, and
identify which processes are the main drivers of uncertainty (Cori
et al., 2014).

For the modeling of infectious disease to reach its full potential,
it must become more tightly integrated with the data collection
process. Despite successes such as those described above, signifi-
cant challenges to successful model-driven data collection remain.
Some stem from technical or cultural issues that are, in principle,
easily surmountable. However, others are inherent in the role that
models are often called on to play in public health response and sci-
entific research, hence may  be difficult or impossible to overcome.

In this paper, we start by discussing some fundamental chal-
lenges in the relationship between models and data collection, and
end with specific challenges in current practice. Throughout we
highlight the potential role of “modelers” in the data collection pro-
cess. Though infectious disease modeling has grown into a distinct
specialty, here we refer to anyone who defines and implements a
mechanistic model of disease transmission as a “modeler”. In addi-
tion to our headline challenges, we have tried to identify specific
research avenues under each (mentioned at the end of key para-
graphs) that could result in significant progress in confronting the
challenge.

1. Ensuring a strong empirical basis for models used to fill
gaps in data and knowledge

One primary role of models is to use our mechanistic under-
standing of a system to fill gaps in available data. Gaps in knowledge
may  occur because data is difficult or expensive to collect, because
we are trying to understand past events which can no longer be
directly observed, or because we are confronting a novel disease
which is not yet well understood. In each of these contexts models
play a hugely important role because of the lack of information, but
are at the same time hamstrung by the lack of data with which to
test model assumptions or fit parameters. While data will always
be scarce in these situations, each presents an opportunity to use
mechanistic models to make more effective use of existing data and
guide ongoing data collection.

Data on disease incidence is difficult and expensive to collect on
a broad scale; and passive clinical surveillance may  include only the
most severe cases or be clouded by a non-specific clinical profile.
However, the burden of disease is one of the most fundamen-
tal pieces of epidemiologic information used in setting the public

health agenda. Hence, mechanistic models are often used to fill
the gap. For instance, transmission models have been used to help
estimate the global burden of measles (Simons et al., 2012), using
our knowledge of how susceptibility drives epidemic dynamics to
infer the true number of cases from what was observed. Likewise,
models have been used to help translate observed cases of acute
flaccid paralysis to polio incidence through our understanding of
transmission and the symptomatic attack rate (Eichner and Dietz,
1996). There are opportunities to test and improve models that
fill data gaps. Models can be used to identify efficient data col-
lection activities that validate the model but do not require the
effort and expense of collecting the data the model is meant to
infer. Innovative methods and systems for updating both the model
predictions and the model assumptions in real time as new surveil-
lance data becomes available could greatly increase their value in
public health practice.

Understanding disease dynamics is often dependent on mea-
suring disease incidence years or decades in the past, making the
design of suitable data collection particularly challenging. Past inci-
dence rates may  be unmeasured because a disease circulated before
it was  identified (e.g., HIV before the 1980s), because acute infec-
tion often occurs without identifiable symptoms (e.g., dengue, HIV),
or because of poor surveillance. In the latter two  cases, even recent
incidence patterns may  be unknown. Dynamic models can often
be used to infer past incidence with current cross sectional data
or historic samples. Age specific serologies can be used to esti-
mate the past force of infection, and have been used to measure
historic patterns of the force of infection for dengue and other
diseases (Rodríguez-Barraquer et al., 2013). Phylogenetic models
can be paired with simple epidemic models to infer past epidemic
dynamics, as has been done with HIV and hepatitis C (Stadler et al.,
2012). These techniques, particularly phylogenetic inference, have
become quite popular, but validation has been largely limited to
simulation studies (e.g., Robinson et al., 2013; Volz et al., 2012).
Studies aimed at collecting prospective data specifically to evalu-
ate serologic and phylogenetic approaches to inferring incidence
would help to place these inferences on firmer footing.

When responding to emerging epidemics, the problem of miss-
ing data is particularly acute. Here we are forced to forecast the
course of an epidemic with limited knowledge of the pathogen and
burden of disease. Critical data must be collected to carry out this
task, some of which can be measured most effectively early on in
the process of disease emergence. However, this data is not rou-
tinely collected early on, whether due to the difficulty of collection,
competing priorities or its value being unrecognized. In particu-
lar, the tendency is to focus almost exclusively on cases early in
an epidemic, whereas those who were at risk but did not become
infected may  carry the most information in terms of population sus-
ceptibility and disease transmissibility. A notable exception is the
2009 H1N1 influenza pandemic in the United Kingdom, where data
collection was  guided by the long-term involvement of modelers in
the design of control programs. Although not all the data requested
was collected, these efforts enabled policy-relevant modeling dur-
ing the early stages of the epidemic (Ghani et al., 2010; Baguelin
et al., 2010; Eames et al., 2012). This experience illustrates how inte-
gration with the public community can pay off in better inferences
to support policy. At the time of writing, modeling is playing an
important role in the response to the Ebola outbreak in West Africa,
making use of the detailed contact tracing data collected as part
of the response (though for purposes other than modeling) (WHO
Ebola Response Team, 2014). Researchers should challenge them-
selves to identify the most useful classes of models in an emerging
epidemic and the data needed to parameterize them. They should
then work with public health officials to integrate collecting this
data into epidemic response plans before such a response is
needed.
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