
Surveillance as Our Sextant
AJPH is inaugurating a new

section on public health sur-
veillance and surveymethods, no
doubt in part to showcase the
different ways surveillance is
breaking methodological
ground and advancing frontiers
of public health knowledge with
the recent explosive growth in
data availability and computa-
tional tools. The not-implausible
vision for tomorrow’s pop-
ulation health surveillance is
one in which jurisdictions large
and small can harness a lattice of
highly sensitive information
systems that provide near-real-
time information on wide
ranges of health conditions—
from novel influenza detection
to politically induced stress—to
guide health programs, policies,
and research.

Yet, important challenges in
the field of population health
surveillance still remain despite
the tantalizing array of new data
streams and technologies. Efforts
to address stubborn time lags,
inaccuracies, oppressive costs, and
data incompleteness are as rele-
vant today as they were 20 to
50 years ago. For both exciting
innovations and persistent limi-
tations, the new AJPH section
is a greatly welcome addition.
The science of advancing designs
and approaches in monitoring
disease requires dialogue, peer
scrutiny, and replication. As
a population health surveillance
methodologist of more than 20
years, I would flag two important
priorities to catalyze population
health surveillance functionality:
(1) realizing the promise of big
data from health care and (2)
improving small area estimation.

REALIZING PROMISES
OF BIG HEALTH CARE
DATA

One great hope for surveil-
lance is to harness big data gen-
erated routinely by today’s health
care system, including electronic
health records (EHRs) and claims
databases. The speed atwhich this
field is evolving is both lightning
fast—particularly with respect
to infrastructure and computing
capacity—and glacially slow.The
drag is mostly attributable to the
lack of governance models, in-
sufficient funding, and a dearth of
validation studies to guide system
improvement.

On the rapid advancement
front, the infrastructure for tap-
ping big health care data has been
spurred by dramatic EHRuptake
since 2004, financial incentives to
achieve meaningful-use report-
ing standards, and federally
funded initiatives to build na-
tionwide data networks between
health care systems. These, to-
gether with high-performance
computing tools such as auto-
mated rapid-cycle queries, nat-
ural language processing, and
machine learning, have stimu-
lated exciting new surveillance
initiatives.

Take the US Food and Drug
Administration’s (FDA’s) Sentinel
Initiative, for example. Sentinel
is as an active drug safety moni-
toring surveillance system that
provides the FDAwith near-real-
time access to claims data on
more than 200 million patients
and 5.5 billion patient encounters
across the country.1 The vast
size and speed of the system al-
lows the FDA to quickly identify
drug or device safety concerns.
The FDA contracts with an ac-
ademic partner to collate re-
sponses from 18 major health

insurers working from a stan-
dardized data model, bypassing
need for competitors to share
protected information.

A second innovative big data
surveillance system is the
Durkheim Project,2 designed to
tap into Veterans Affairs medical
records and opt-in social media
by using natural language process
andmachine learning techniques.
The goal is to allow clinicians to
evaluate risk of suicide during
patient encounters through pre-
dictive models.

A third innovative surveil-
lance example is the NYC
Macroscope, a municipal sur-
veillance system designed to
query primary care practices in
a large distributed EHR net-
work,3 which is described by
Perlman et al. in this issue of
AJPH (p. 853). Practice-level
count information on common
chronic conditions is tabulated
and statistically weighted to
represent the sociodemographic
profile of New York City adults,
and prevalence estimates of
conditions such as hypertension,
diabetes, high cholesterol, obe-
sity, and smoking are generated at
lower cost, some of which rival
survey methods in accuracy.
These and other examples
demonstrate the potential of
large-scale health care data for
surveillance while still accom-
modating privacy considerations
by using aggregated queries at
the practice or payer level or
modeling.

Yet, despite tremendous
innovations, each of these sys-
tems is still undergoing testing,
and tangible yields for public
health remain limited. Al-
though the Sentinel Initiative
was first piloted in 2008, the
system still serves as a secondary
data source to traditional pro-
vider reporting methods, and
queries have only produced
a handful of minor FDA ac-
tions.4 Part of the delay in up-
take has been insufficient
validation and refinement to
identify what aspects are accu-
rate and reliable for prime-time
use. It would be exciting to
see such studies presented in
these pages. The Durkheim
Project, despite promising re-
sults in its demonstration
project, is stalled from lack of
funding. NYC Macroscope is
operational after 5 years of
planning and validation, yet
additional work is needed to
determine its accuracy in
analyzing trends over time, es-
pecially in the face of rapidly
changing EHR use. Overall,
however, the pace of progress in
harnessing big data for surveil-
lance is on a decidedly upward
trajectory, and AJPH is poised
to accelerate that rapid learning
by widening the audience.

IMPROVING SMALL
AREA ESTIMATION

Small area estimation is cur-
rently one of the most exciting
growth areas in surveillance
methods. We frequently obtain
critical information on health
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behaviors and conditions from
carefully designed population-
based surveys. These surveys re-
main a bedrock in the arsenal of
chronic disease surveillance, yet,
because of high costs, most
survey-based surveillance sources
are insufficiently granular for de-
tailed analysis at the geographic
level (e.g., neighborhood, city)
where policy and programmatic
action may be most feasible and
have greatest impact. Small area
estimation typically involves com-
bining data from multiple sources
such as surveys, census, and ad-
ministrative records, sometimes
using statistical models to estimate
local-area outcomes with adequate
precision by “borrowing strength”
from the other sources. Results are
then synthetic, but they can pro-
vide new, important information
to local policymakers who pre-
viously lacked data.

A recent large-scale example of
such an effort is the 500 Cities
Project by the Centers for Disease
Control and Prevention and
Robert Wood Johnson Founda-
tion.5 By combining the Centers
for Disease Control and Pre-
vention’s Behavioral Risk Factor
Surveillance System results with
US Census and American

Community Survey data in
a multilevel logistic regression
model and applying demographic
poststratification weights at the
census tract level, the project
models city- and census tract–level
estimates for 27 chronic disease
measures for the 500 largest
American cities.

Keeping pace with these in-
novations in small area estimation is
the growing list of problems to be
resolved. Perhaps most pressing is
that small area estimation is still
time-intensive because of complex
model specification demands and
software limitations with respect to
run-time and convergence. As
a consequence, only a few initiatives
currently provide annual estimates
by using validated, cutting-edge
methods. A second problem is the
need to compare small area esti-
mation approaches and evaluate
inherentbiases.For example, studies
indicate that small area estimation
models perform better in areas
where population characteristics
align with “average” distributions
and are less accurate in “atypical”
areas, such as large, diverse cities.6,7

Finally, although modeled esti-
mates are an important new re-
source, local practitioners ultimately
desire actual estimates to allocate

resources andevaluateprograms.To
accompany advances in estimation,
the broader public health commu-
nity should support efforts to sustain
and expand access to federal
microdata through public use data
sets, and promote approaches to
analyze underlying microdata while
maintaining confidentiality, such as
through user-friendly, interactive
electronic dashboards.

The ultimate goal of population
health surveillance is to gain
actionable insight. As we face
widening health inequalities,
intransient disease management
improvements in health care
quality, and threats of new pan-
demics, we need accurate, reliable,
and timely data. I applaud AJPH
for embracing the need to focus on
surveillance methodology. Far
from being viewed as a simple and
unexciting function, surveillance is
our sextant, without which we are
unmoored.

Lorna E. Thorpe, PhD
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Evolution of Public Health
Surveillance: Status and
Recommendations

Public health institutions at
local, regional, and national levels
face evolving challenges with
limited resources. Multiple forms
of data are increasingly available,
ranging from streaming statistical
data to episodic reports of con-
firmed disease incidence. While
technological tools for collecting
and using these data proliferate,
economic pressures often

preclude growth of concomitant
staff with required expertise. The
intent here is to provide per-
spective on evolution of public
health surveillance since the late
1990s, suggest how methodo-
logical approaches can be im-
proved, and recommend areas
of growth given mandates for
evidence-based policy and
practice.

Remarks in this article stem
from my last 18 years’ work on
surveillance system development
at the Johns Hopkins University

Applied Physics Laboratory, as
consultant to the US Centers for
Disease Control and Prevention,
and as boardmember and research
committee chair of the In-
ternational Society for Disease
Surveillance. These efforts have
been enriched by collaborations
with US and international public
health partners, both civilian and
military.
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