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In its 2012 report on measures for population
health, the Institute of Medicine prioritized
understanding local population health to im-
prove health care for populations with the
highest need.! Generally, health care providers
have used the term “population health” when
referring to patients linked to a specific health
care provider or insurance group.? However,
the discipline of public health more broadly
defines population health as the health of all
individuals living in specific geographic regions.

To estimate disease burden, traditional
methods include performing population-based
telephone health surveys.* Unless large num-
bers of individuals are surveyed, it is difficult to
determine prevalence in small geographic
areas such as census tracts, and yearly esti-
mates have significant noise because of small
sample sizes.” Low response rates can lead to
errors in estimating disease prevalence, and
larger surveys can be costly and difficult to
perform.®

With increasing use of big data in the form
of large administrative data sets with clinical
data,” there is an opportunity to create more
precise measures of population health by re-
ducing the variance associated with small
sample sizes.>'° These methods may be biased
as they only track individuals who register
a medical claim, which makes for a type of
convenience sample. Nevertheless, a significant
proportion of all individuals, regardless of in-
surance type, interact with the health care
system, especially through emergency services.
Nearly 1 in 5 individuals report having gone to
an emergency department (ED) in the past
year.!! Previous studies have demonstrated the
promise of using emergency claims data for
tracking acute illnesses; however, there is po-
tential to extend these methods to the surveil-
lance of chronic disease.'*'* One of the
advantages of using administrative claims data
is the achievement of large sample sizes with-

out the need to conduct large surveys.'**?
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Objectives. We sought to improve public health surveillance by using a geo-
graphic analysis of emergency department (ED) visits to determine local chronic
disease prevalence.

Methods. Using an all-payer administrative database, we determined the
proportion of unique ED patients with diabetes, hypertension, or asthma. We
compared these rates to those determined by the New York City Community Health
Survey. For diabetes prevalence, we also analyzed the fidelity of longitudinal
estimates using logistic regression and determined disease burden within census
tracts using geocoded addresses.

Results. We identified 4.4 million unique New York City adults visiting an ED
between 2009 and 2012. When we compared our emergency sample to survey data,
rates of neighborhood diabetes, hypertension, and asthma prevalence were similar
(correlation coefficient=0.86, 0.88, and 0.77, respectively). In addition, our method
demonstrated less year-to-year scatter and identified significant variation of disease
burden within neighborhoods among census tracts.

Conclusions. Our method for determining chronic disease prevalence corre-
lates with a validated health survey and may have higher reliability over time and
greater granularity at a local level. Our findings can improve public health surveillance
by identifying local variation of disease prevalence. (Am J Public Health. 2015;105:

e67-e74. doi:10.2105/AJPH.2015.302679)

In this study, we have introduced a novel
geographic method of public health surveil-
lance and determined whether we could use
ED administrative claims to estimate chronic
disease prevalence at a local level over time.
As the ED is generally a place where all
individuals can access care regardless of so-
cioeconomic or insurance status, it offers an
ideal environment for public health surveil-
lance among all types of individuals within
a heterogeneous population.'®

METHODS

To determine whether we could use ED data
for chronic disease surveillance, we identified
the proportion of unique ED patients who
had a diagnosis of diabetes, hypertension, or
asthma coded within an administrative claims
database in New York City from 2009 to
2012. We then compared these rates of
chronic disease prevalence with estimates from
the New York City Community Health Survey

(CHS), which is used by the city’s Department
of Health and Mental Hygiene (DOHMH) to
estimate citywide and neighborhood-level dis-
ease prevalence.'” For diabetes prevalence,
we also compared the performance of our
surveillance method over time and determined
whether it could be used to identify prevalence
at the census tract level.

Data Sources

New York City Community Health Survey.
The New York City CHS has been conducted
annually by the city’s DOHMH since 2002.
The CHS uses a telephone-based stratified
random sample to track chronic diseases and
health behaviors.'® Previous studies have
shown that the rates of self-reported disease
prevalence from the CHS compare within
reason with estimates obtained by methods
also employing physical examinations and
laboratory testing; however, self-report can
underestimate prevalence because of undiag-
nosed disease burden.'®?° To estimate
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diabetes, hypertension, and asthma prevalence,
the survey asks whether respondents have ever
been told by a doctor, nurse, or other health
professional that they had these conditions.
The survey samples New York City residents
from each of the United Hospital Fund’s (UHF)
34 neighborhoods, which are groupings of zip
codes that match local communities with a dis-
tinct identity and mirror New York City com-
munity planning districts.?' For the New York
City CHS, we used both multiyear and single-
year survey sampling weights provided by the
city’s DOHMH to determine chronic disease
prevalence by UHF neighborhood for the overall
study period and for longitudinal estimates.

New York State SPARCS database. Within the
New York State Department of Health, the
Statewide Planning and Research Cooperative
System (SPARCS) was established as a compre-
hensive all-payer data reporting system to
collect data on patients’ characteristics, diag-
noses, treatment and services for all hospital
discharges, ambulatory surgery procedures,
and ED visits in New York State.? Hospitals
are required to report 95% of all data within
60 days of a patient’s discharge or visit, or they
can be subjected to reimbursement penalties.
SPARCS ensures that nearly all hospital facili-
ties meet these standards before releasing data
to researchers. The database also contains
encrypted unique identifiers for tracking spe-
cific individuals and patient-level address in-
formation, which can be used to locate the
exact residence of an individual.

American Community Survey. To compare
study populations from SPARCS emergency
department data and the New York City CHS,
we used census data from the American Com-
munity Survey (ACS). We used a mean of
annual data over the study period to determine
the distribution of age, gender, race, ethnicity,
and insurance status of city residents.

The CHS includes noninstitutionalized
adults aged 18 years and older living in New
York City households reachable by a landline
telephone; since 20009, it has also included
households with only cell phone access.'® The
survey excludes the approximately 3% of city
residents living in nonresidential group quar-
ters (i.e., nursing homes, college dormitories,
and correctional facilities).'® To match these
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criteria, we analyzed data from ED patients
aged 18 years and older, excluding those whose
claims were paid by a correctional facility and
those transferred from a nursing home or other
health care facility.

The primary outcome of our study was
the correlation of neighborhood, age-adjusted
chronic disease prevalence between our method,
which used ED surveillance, and the New York
City CHS. We used the unique identifiers
within SPARCS to identify visits by the same
individual throughout the study period. We
then determined what proportion of these
unique ED patients had ever received a diag-
nosis of diabetes, hypertension, or asthma
during any ED visit, including ED admissions.'®
We identified these diagnoses as a primary or
any secondary International Classification of
Diseases, Ninth Revision (ICD-9)%° code starting
with 250, 401 through 405, or 493. We then
divided the number of unique ED patients who
carried each of these diagnoses by the total
number of unique ED patients.

Previous studies have suggested that, to
specify cases of chronic disease when outpa-
tient administrative data are used, a repeat
diagnosis at a separate visit is necessary>*;
however, other studies have suggested that this
requirement is unnecessary.'> We chose not to
include this limitation since requiring a repeat
diagnosis in 2 separate ED visits would effec-
tively exclude individuals who had only 1 ED
visit during the study period. We also chose to
include individuals with a single identification
of chronic disease within administrative data
since the New York City CHS had asked re-
spondents whether they had ever been told
that they had these conditions. To match the
CHS design, we also determined chronic dis-
ease prevalence by UHF neighborhood using
zip codes and age-adjusted crude rates of
chronic disease, using the direct method pre-
viously described by the Centers for Disease

Control and Prevention.?®

To determine similarity of prevalence esti-
mates between the 2 methods, we analyzed the
correlation between age-adjusted diabetes,
hypertension, and asthma rates by UHF
neighborhoods. We calculated the correlation
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coefficient between estimates using CHS and
ED surveillance for each disease.

For diabetes, we also analyzed year-to-year
trends among UHF neighborhoods based on
the CHS and ED surveillance. Using previously
described methods, we analyzed data at the
patient-level using logistic regression to deter-
mine whether there were significant increases
in the age-adjusted prevalence of diabetes over
time.?% In this logistic regression, we regressed
diabetes status against the year of ED visit
or CHS after adjusting the frequency of
observations by age strata (logit [diabetes
status] =P0 + B1 x year). We performed this
regression separately for each UHF neigh-
borhood. To account for multiple compari-
sons among 34 UHF neighborhoods, we
report only P values of .0015 or less as
statistically significant.

As SPARCS has patient-level address infor-
mation, we also studied diabetes prevalence at
the census tract level. To do this, we geocoded
patient addresses to determine the census
tract in which patients resided. We excluded
census tracts with a total population count of
zero (e.g., nonresidential areas). We mapped
overall diabetes prevalence for the 4-year
study period and then analyzed year-to-year
trends in prevalence again using logistic re-
gression separately for each census tract.

We performed statistical analyses with Stata
version 12.1 (StataCorp LP, College Station,
TX). We performed geographic analysis using
ArcGIS Desktop 10.1 (ESRI, Redlands, CA).
We geocoded addresses using the ArcGIS 10
style North American Address Locator with a de-
fault spelling sensitivity of 80% and minimum
match score of 75% (TomTom, Amsterdam,
Netherlands).

We identified nearly 4.4 million unique
adults who visited an ED at least once in New
York State between 2009 and 2012 and who
had an address located in New York City.
This was a substantial proportion of the esti-
mated 6.5 million adults in New York City.
Overall, the population characteristics of both
the survey-weighted New York City CHS
data and the unweighted SPARCS emergency
department data were generally similar to
characteristics found in the ACS data (Table 1).
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However, the SPARCS emergency department
population had fewer individuals with their
race coded as White (25.6% in SPARCS, vs
35.6% in CHS and 33.6% in ACS) and a higher
proportion of individuals with race coded as
other (15.0% in SPARCS, vs 2.1% in CHS and
2.5% in ACS). In addition, the SPARCS emer-
gency department population had a higher
proportion of individuals who were uninsured
(25.0% in SPARCS, vs 18.8% in CHS and
16.4% in ACS) or had public health insurance
(44.0% in SPARCS, vs 32.2% in CHS and
33.5% in ACS).

The overall, citywide, age-adjusted preva-
lences of diabetes, hypertension, and asthma
were 10.0% (95% confidence interval [CI] = 9.6%,
10.5%), 27.9% (95% CI=27.3%, 28.5%),
and 11.7% (95% CI=11.2%, 12.2%),
respectively, based on the CHS and 11.0%
(95% CI=11.0%, 11.1%), 23.5% (95%
CI=23.5%, 23.5%), and 7.6% (95%

CI=7.5%, 7.6%) based on SPARCS emer-
gency department data. Rates based on ED
data were highly correlated by neighborhood
to those estimated using the CHS, with corre-
lation coefficients of 0.86 for diabetes, 0.88 for
hypertension, and 0.77 asthma (Figure 1).
‘When we mapped the results of the 2 methods,
age-adjusted diabetes rates were similarly dis-
tributed among New York City neighborhoods
(Figure A, available as a supplement to the
online version of this article at http://www.

ajph.org).

Comparing year-to-year diabetes preva-
lence, we found large swings in estimates based
on the CHS. Annual prevalence by UHF
neighborhood changed on average by 3.5
percentage points and up to 10.1 percentage
points a year (Figure 2a). Ninety-five-percent
confidence intervals around annual neighbor-
hood diabetes prevalence based on the CHS
ranged from 2.5% to 21.4% in width

TABLE 1—Characteristics of Study Populations: New York City, 2009-2012

Population ACS Population Estimates® Community Health Survey” SPARCS Emergency Data
Characteristics (n=16485488), % (n=36188), % (n=4392152), %
Age, y

18-24 129 13.0 16.5
25-44 40.0 39.6 39.6
45-64 314 30.7 27.6
>65 15.7 16.7 16.3
Gender
Male 46.7 46.3 444
Female 53.3 53.7 55.6
Race/ethnicity
White 33.6 35.6 25.6
Black 22.8 22.0 29.6
Hispanic 28.5 26.8 234
Asian 12.6 135 6.4
Other 25 21 15.0
Insurance
Private 50.1 49.0 31.0
Public 335 322 44.0
Uninsured 16.4 18.8 25.0

Source. American Community Survey (ACS), New York City Community Health Survey, and New York Statewide Planning and

Research Cooperative System (SPARCS).

®Race/ethnicity distributions for the ACS were calculated on entire population as full breakdown for adults only was not

available.

"We weighted the study population from the New York City Community Health Survey using survey weights supplied by the New

York City Department of Health and Mental Hygiene.
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(mean = 9.3%). By contrast, we found that the
year-to-year estimates of diabetes prevalence
based on SPARCS emergency department data
were more stable and exhibited less variation
(Figure 2b). Ninety-five-percent confidence in-
tervals around annual neighborhood diabetes
prevalence based on SPARCS emergency de-
partment data ranged from 0.3% to 1.0% in
width (mean=0.6%). Using SPARCS emer-
gency department data, we also observed
statistically significant increases in diabetes
prevalence in 27 of the 34 UHF neighbor-
hoods, which ranged from an absolute increase
of 0.2 to 1.1 percentage points a year (Table A,
available as a supplement to the online version
of this article at http://www.ajph.org).

At the census tract level, we found marked
variability within UHF neighborhoods (Figures
3 and 4). Each UHF neighborhood contained
anywhere from 31 to 145 census tracts. In
some cases, only a few census tracts were
responsible for very high diabetes prevalence
within a neighborhood. On an annual basis,
there was a mean of 585 unique ED patients
per census tract, and only 1% of estimates
were based on fewer than 100 observations.
From the logistic regression analysis, we
found that annual diabetes prevalence
increased by a mean of 0.5 percentage points
a year among the census tracts. Ninety-five
percent of changes in prevalence ranged from
—0.6 to 1.7 percentage points a year.
Twenty-two percent of census tracts demon-
strated significant changes in prevalence, which
was a higher percentage than would be
expected by chance assuming a P value of .05.

Based on surveillance of administrative
emergency claims data, our novel geographic
method for determining chronic disease prev-
alence correlated well to an established stan-
dard for measuring population health. By using
ED data, we analyzed the segment of the health
care system that, for the most part, can be
accessed by all individuals regardless of socio-
economic or health insurance status.'® In this
way, the ED offers a means for surveying the
health of heterogeneous populations with var-
ied types of health insurance and differential
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access to care.?”*® Comparing our method
with the New York City CHS, we found that
rates of diabetes, hypertension, and asthma
were generally similar when analyzed by New
York City neighborhood and citywide.
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FIGURE 1—Correlation of age-adjusted chronic disease prevalence, by neighborhood: New

Previous studies have demonstrated the
validity of using outpatient and inpatient ad-
ministrative claims data to identify chronic
disease for specific individuals within a given
insurance group (Medicare patients'®) or in
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single-payer countries (Canada®*). However,
in regions where there are marked differences
in health care accessibility or limitations in data
availability, using ED surveillance may better
match disease prevalence at a population level.
In addition to disease prevalence, ED data may
also be useful in analyzing severity of disease
(i.e., frequency of high-acuity emergency ad-
missions), which may help further characterize
disease burden in specific geographic regions.
Although we only analyzed the data of in-
dividuals who registered an ED claim, nearly 1
in 5 individuals report visiting an ED in a given
year! In our 4-year study period, we found
that our analysis captured a significant pro-
portion of all estimated adults living in New
York City.

Examining the demographics of our study
population, we found that data for our ED
population was surprisingly close to available
census data in terms of age and gender. In
general, ED patients are thought of as critically
ill patients who are older and have a higher
prevalence of chronic disease; however, these
individuals may represent the minority of
patients who visit the ED more frequently. Our
study actually adjusted for frequent ED use
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FIGURE 2—Comparison of age-adjusted diabetes prevalence over time and by neighborhood based on (a) the New York City Community Health
Survey (NYC CHS) and (b) SPARCS emergency department (ED) surveillance: New York City, 2009-2012.
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Diabetes Prevalence: NYC CHS Data

B 149%0-16%
I 12%-14%
I 10%-12%
I 5%-10%
[ 6%-8%
[ 4%-8%
[ 2%-4%

| 0%-2%

Staten|

Island

RESEARCH AND PRACTICE

by evaluating only unique ED users, which
may be why our sample population was closer
to census data than expected. In addition, we
also used secondary diagnoses to identify
patients with diabetes, hypertension, or
asthma; thus, a patient could have reported
having 1 of these chronic conditions during an
unrelated low-acuity visit, which are also com-
mon among the ED population.

However, a known limitation of SPARCS
emergency department data is systematic error
in racial classifications.”® Some hospitals are
not consistent in coding variables, and their
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FIGURE 3—Age-adjusted diabetes prevalence based on the New York City Community Health
Survey (NYC CHS) by United Hospital Fund neighborhood: New York City 2009-2012.

rate of coding race as “other” is erroneously
high.%® Well-validated health surveys, such as
the New York City CHS, have advantages over
administrative claims surveillance because they
can be more reliable at coding these demo-
graphic variables. They can also collect more
specific information on socioeconomic and
health information, especially behavioral data,
which would not be available in large admin-
istrative claims databases.’

Because we used an existing large adminis-
trative database of ED claims, we determined
chronic disease prevalence based on a larger

sample of individuals than traditional
telephone-based health surveys.® Thus, our
method may create more stable longitudinal
estimates of chronic disease burden compared
with traditional methods, which demonstrated
significant year-to-year variation in our analysis
of diabetes prevalence.>® We confirmed these
findings with longitudinal analyses of hyperten-
sion and asthma rates as well (data not shown).
Thus, our method may represent a better esti-
mate of the true underlying disease prevalence
in local populations and provide a more reliable
indicator of changes over time.

In addition, our method allows for analyses
of disease prevalence in small geographic units
over time, which previously was virtually im-
possible because of the sample size needed.”>>!
As an example, we have analyzed diabetes
prevalence at the census tract level, demon-
strating that at a local level, there was a suffi-
cient number of observations to reliably
estimate diabetes prevalence in very small
geographic regions.> >3 We also found that
diabetes prevalence can differ markedly within
large neighborhoods and can be localized to
specific areas within them. Identifying disease
prevalence in smaller areas would also allow
public health researchers and institutions to use
more advanced geospatial models with
methods involving spatial autocorrelation that
take advantage of neighboring estimates to
improve local hot-spotting of disease burden.

With this patient-level address data and
analysis, we have greater granularity to identify
hyperlocal clusters of disease prevalence,
which can improve efforts to target and tailor
care for specific communities with poor
health.>* Although not all large administrative
claims databases carry this level of information,
even zip code analyses would be closer to local
populations than counties, large neighbor-
hoods, and traditionally studied hospital re-
ferral regions and hospital service areas.>*3°
For instance, in New York City, all of Manhat-
tan is considered its own hospital referral
region and hospital service area. Our analysis
characterizes geographic variation in popula-
tion health at a much lower level.

Limitations

Certain limitations to our methods exist.
First, administrative claims data can contain
coding errors by the institutions providing
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York City, 2009-2012.

data.®® These errors can lead to double
counting of individuals, counting nonresidents
as residents, and difficulty with mapping of
individuals by address. In fact, 8% of ED visits
were not geocodable to a specific census tract,
largely because of inaccuracies in address in-
formation. If patients with diabetes were more or
less likely to be geocoded than patients without
diabetes, these missing observations may have
introduced bias to the analysis of prevalence by
census tract. In addition, identification of
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FIGURE 4—Age-adjusted diabetes prevalence based on Statewide Planning and Research
Cooperative System (SPARCS) emergency department (ED) surveillance by census tract: New

individuals with chronic disease was based on
diagnosis codes, the accuracy of which depends
on the fidelity of recording these diagnoses.
Second, because we studied individuals who
registered an ED claim, there was sampling bias
that skewed observations toward patients more
likely to come to an ED for care, especially those
with public insurance.*® Because our study was
observational, there may have been unmeasured
trends that accounted for increases in diabetes
prevalence found among ED patients. Changes

may have been attributable to shifts in the mix of
patients presenting to EDs, rather than actual
changes in prevalence among the population.

Third, the standard by which we validated
our method for determining chronic disease
prevalence is a population-based health survey,
which relies on self-report and may not repre-
sent the actual disease burden in a given
population. Both methods of surveillance may
not adequately address the silent burden of
undiagnosed chronic disease, as nearly a quar-
ter of New York City residents may not be
aware that they have chronic diseases such as
diabetes or hypertension.

Fourth, our study was also limited to New
York City, a unique and dense urban environ-
ment. Access to ED care in New York City is
not greatly limited by distance compared with
more suburban and rural regions. As previous
studies have shown, farther distances can mean
markedly lower rates of ED use.3” Thus, we
caution that our method may be limited to
analyses of urban regions, and adjustments
may be needed when considering this meth-
odology for use in nonurban regions.>®

Conclusions

We present a novel geographic method for
determining the prevalence of chronic disease
in local populations based on ED surveillance.
Further research should be done to validate
these methods for regions outside of New York
City as other states and countries can provide
access to patient-level address data. Our ap-
proach could be especially useful in locales
where population-based health surveillance is
not regularly or systematically performed. Ad-
ditional studies should expand these methods
to other chronic diseases to further quantify
population health.? Expanding the range of
indications that could be tracked longitudinally
could be used to measure the impact of specific
health interventions with higher resolution
and greater frequency. It would also allow for
monitoring of other chronic diseases not usu-
ally included in health surveys. Also, poststra-
tification weighting may improve estimates of
disease prevalence by matching the distribu-
tion of ED patients to the general population
using available census data.>® In our own
attempts to poststratify this ED sample, we
found some evidence of improved correlation
with the New York City CHS (Table B, available
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as a supplement to the online version of this
article at http://www.ajph.org).

More importantly, now that variation in
chronic disease prevalence can be charac-
terized in small geographic areas,*® further
research should be done to determine
what factors drive high versus low rates
of disease in different communities.*' For
example, we must identify what is unique
about those regions that would be expected
to have high diabetes prevalence based on
socioeconomic factors,*? but that actually
have lower-than-expected rates of diabe-
tes.*>** Doing so may help us identify
protective and modifiable factors that can be
used to perform targeted interventions in
areas where chronic disease burden is over-

whelming.*>*° m
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