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Several population health big data projects have been
initiated in the USA recently. These include the County
Health Rankings & Roadmaps (CHR) initiated in 2010,
the 500 Cities Project initiated in 2016, and the City
HealthDashboard project initiated in 2017. Suchprojects
provide data on a range of factors that determine
health—such as socioeconomic factors, behavioral fac-
tors , heal th care access, and environmental
factors—either at the county or city level. They provided
state-of-the-art data visualization and interaction tools so
that clinicians, public health practitioners, and
policymakers can easily understand population health
data at the local level. However, these recent initiatives
were all built from data collected using long-standing and
extant public health surveillance systems from organiza-
tions such as the Centers for Disease Control and Preven-
tion and the U.S. Census Bureau. This resulted in a large
extent of similarity among different datasets and a poten-
tial waste of resources. This perspective article aims to
elaborate on the diminishing returns of creating more
population health datasets and propose potential ways
to integrate with clinical care and research, driving in-
sights bidirectionally, and utilizing advanced analytical
tools to improve value in population health big data.
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H ealth is being increasingly recognized as a function of
social determinants and environmental factors1—common

metrics that are aggregated and tracked through population health
big data. Similarly, health care is integral to promoting and
maintaining health and wellness. We propose that the vast troves
of available public health big data can be better positioned,
analyzed, and integrated with clinical data to improve health,
both at the population and the individual patient levels. In recent
years, various large, well-funded data projects have been initiated
in the USA. These include the County Health Rankings &
Roadmaps (CHR), which ranked counties based on various

health factors in 2010, the 500 Cities Project, which examined
the burden of unhealthy behaviors in 500USA cities in 2016, and
the City Health Dashboard, another visualization of behavioral
and health outcomes data for different US cities in 2017. These
recent initiatives were built from data collected using long-
standing and extant public health surveillance systems from the
Centers for Disease Control and Prevention (CDC) and U.S.
Census.However, with the advent ofmajor advances in analytics,
computational power, and insight-generating methods, it is also
important to evaluate how to best attain value with these large
data sets.

Are We Getting Diminished Returns?. Considerable resources
have been expended in building data visualizations like
interactive maps and zoomable regional statistics. The putative
goal of these projects is to communicate complicated and often
messy data into clear signals, thereby offering researchers,
policymakers, community workers, and physicians a better
understanding of complex problems and health resource
allocation. However, these visualization tools are built using the
same base data. Thus, the redundancy between projects may be
contributing to diminishing returns. Often the biggest difference
lies in the geographic area of analysis: city, country, or state.2

Relying on the same or similar data sources, the result is a
visually different, but substantively similar representation, of
the same data. As an illustration, for cities ranging from
Mobile, AL, to Jonesboro, AR, to Philadelphia, PA, the City
Health Dashboard, CHR, and 500 Cities initiatives all visualize
prevalence of cardiovascular disease, medication adherence, and
binge drinking levels among many other factors identical across
the three databases. Yet the expenditure of human capital and
resources remains high. For example, data sets need to be
manually integrated across thousands of geographic tracts. Such
endeavors require many person-hours for potentially diminishing
returns. It is important to recognize these efforts have opportunity
costs.

How Do We Take Advantage of the Currently Available Big
Data?. In the context of limited public health resources, we
suggest a shift away from merely data aggregation and
visualization and toward data hypothesis and insight. Such
initiatives can help design, implement, and evaluate effective
practices and policies at the local, state, and federal levels to
improve outcomes. For example, we should mine data to
derive insights to guide interventions by clinicians on the
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frontlines—e.g., focusing clinical care to specifically
underserved patients, or partnering with local-level welfare
workers and other professionals to change some of the under-
lying determinants of health.3–5 To date, efforts on knowledge
discovery from data mining, including the use of dynamic
activity paths, have yielded novel findings but have been
limited in scope and applicability to the clinic.6 New data
science tools can reveal powerful and hidden associations
between social determinants across large datasets. For exam-
ple, machine learning is onemethod that enables researchers to
harness data repositories, such as those available from Behav-
ioral Risk Factor Surveillance System (BRFSS) and American
Community Survey (ACS), to forecast future trends.7 Using
machine learning techniques, researchers have found relation-
ships between the built environment and obesity, and
reordered predictors of cardiovascular disease across US cit-
ies.8, 9 With convolutional neural networks, a type of deep
learning, Maharana et al. showed that information of the built
environment extracted from high-resolution satellite images
could predict adult obesity prevalence in multiple cities. Al-
though these investigators used the same base data from the
aforementioned CDC datasets, they focus on providing new
insights instead of generating additional visualizations of
existing data. We should increase similar efforts to capitalize
on the availability of population health big data.
Big data, in conjunction with both novel and traditional

techniques, can also be used to reexamine and reweight
existing associations—e.g., cardiovascular (CVD) risk
factors and outcomes).9–11 Using machine learning, recent
analyses combine neighborhood-level factors like binge
drinking and obesity, with individual-level clinical indica-
tors of blood pressure and medication adherence to add
nuance to patient risk profiles for CVD and heart failure.9,
10 The rise of population-level big data also allows for
new uses of traditional statistical analysis tools. Even as
machine learning allows us to drive insight with novel risk
scores for prediction, traditional methods using linear and
logistic regression models allow for the use of more
hypothesis-driven analysis.7, 12 This in turn may be ad-
vantageous in evaluating specific effects of individual
predictors. Taken together, these different tools for data
analysis demonstrate multiple paths exist to achieving
further value with big data in population health.
Nevertheless, the integration of population health big data

in clinical practice is still in its infancy. Current clinical prac-
tice could help bridge existing individual-level clinical data
with community data. For instance, the American Medical
Association and United Healthcare have recently proposed to
develop a set of ICD-10 codes to capture patients at risk of
non-medical issues such as food and housing. The develop-
ment and utilization of such codes to understand social deter-
minants of health could be used as connectors between the
clinical data available from individual patient visits and the
macro-level trends in public health big data. Further adoption

of this approach will also allow physicians to focus on patient-
centered care, including the needs of the whole person, and not
medical care alone. Clinicians can better track the social needs
of patients, thereby delivering more personalized care. Public
health practitioners can better aggregate data and build a
strategy based on social determinants. Additionally, such cod-
ing efforts may ultimately afford clinicians the chance to build
data from CHR, 500 Cities, and City Dashboard into their
practice. With these linkages, the patient-physician relation-
ship can be strengthened and informed by important, patient-
centered, contextual clues.

How Do We Maximize the Value of Big Data?. In order to
further optimize the value of public health data, we should
look beyond overlaying public health survey and census
data with each other and move toward vertical integration
of area-level data with clinical and individual-level data.
Public health research could identify sociodemographic
risk factors and combine them with data extracted from
patient-level clinical courses to form richer data streams.
At present, health measures have already been collected at
each census level. For example, we could improve policy
by integrating data vertically, combining electronic health
record data with existing public health data into a data
repository. Functionally, this allows us to fuse behavioral
factors, prevention measures, health care, and environmen-
tal factors. In contrast to large cardiometabolic and cancer
surveillance data, which often already span multiple health
systems, few initiatives attempt to combine broader clinical
data across separate health systems.13–15 One such venture,
the INSIGHT clinical research network (formerly NYC-
clinical data research network) funded by the Patient Cen-
tered Outcomes Research Institute (PCORI), has integrated
not only 2.5 million longitudinal individual-level clinical
and EHR data across health systems, but also building in
almost 200,000 different signals pertaining to social deter-
minants and public health signals.16 This has allowed for
patient-centered population health big data research, en-
abling clinicians and researchers alike to parse the effect
of public health interventions on patient-level factors for
diabetes care disparities, rare diseases, and cardiovascular
comparative effectiveness studies.13, 16 Future initiatives
will need to look at health care data as an integrated whole.
The momentum behind population health big data also

requires careful attention toward potential pitfalls. Models
fitted to big data carry some inherent assumptions. Even as
data repositories include more granularity and cover more
distinct unit areas like census tracts, methods, like small area
estimation, used to generate this level of detail have inherent
limitations. Subjecting these new streams of data to trend
interpolations can lead to logically incorrect conclusions ar-
rived at by circular logic. For instance, in some of the smaller
census tracts, where data (e.g., cardiovascular disease preva-
lence) is readily available, it is imputed based on linear
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regression models. If we use machine learning algorithms to
then extract a relationship, we may be simply using circular
logic to derive what we assume are new insights. Such con-
cerns can be mitigated with close inspection of data sources.
Combining data streams will also be challenging, with
thoughtful consideration required of how best to link public
health data with individualized data so that the result is func-
tional, accurate, and easy to use while bearing the responsibil-
ity for data privacy and patient autonomy in mind.17–19 Addi-
tionally, data science approaches such as machine learning are
certainly not a panacea. Although thesemodels are built based on
newmodes of analysis, they are strongly limited by the quality of
the data inputs, and the degree to which these inputs accurately
encompass the breadth and the depth of the problem.17, 20 Finally,
there is the all-important issue of data privacy. Interlinked sys-
tems of big data may increase the chances of triangulating the
identities of patients from deidentified datasets. To deal with such
concerns, we need strengthened guardrails that emphasize patient
consent and data security. Existing regulations, such as HIPAA,
predate not only the use of electronic health records, but also
widespread penetrance of the internet. Newmeasures are needed,
and likely require a combination of newer regulation, data use
committees, and more transparent authorization disclosure
forms.21, 22

This pursuit of value with population health big data will
ultimately come to benefit major stakeholders. For clinicians,
knowing the community and environment in which the patient
lives will contextualize the clinical relevance of how manage
patients. For public health stakeholders, big data platforms
will serve as a launching pad for new lines of investigation,
allowing for analysis of patient-level factors in the aggregate.
For policymakers, data insights can facilitate comprehensive
evaluations of the effects of policy from the census tract to the
patient bedside.
Operationally, better directed population health big data

will (1) drive insights that allow physicians to better track
the social needs most pressing for their patients, (2) aggre-
gate patient-level data to form a coherent strategy formed by
social determinants, and (3) help emphasize areas where
productive partnerships can be built within the broader
health care community. To achieve these goals, we should
encourage coordination between funders and researchers,
allowing them to move from data aggregation to data inte-
gration of clinical and public health measures. Finally, as
these efforts progress, it will be crucial not only to measure
the impact on, but also to seek the opinions of, patients
themselves. Preliminary evidence indicates that patients
recognize both the urgent need for and the importance of
such data.13 Similarly, it is important for researchers to
recognize both the responsibility and the insight that can
be gleaned from big data, along with the necessity of main-
taining data privacy. Only then, as a community, can re-
searchers utilize this patient-centered approach to achieve
the most value from population health big data.
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