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Abstract

Given the inequalities in the distribution of disease burden, geographically detailed methods of disease
surveillance are needed to identify local hot spots of chronic disease. However, few data sources include the
patient-level addresses needed to perform these studies. Given that individual hospitals would have access to
this geographically granular data, this study assessed the reliability of estimating chronic disease prevalence
using emergency department surveillance at specific hospitals. Neighborhood-level diabetes, hypertension, and
asthma prevalence were estimated using emergency claims data from each individual hospital in New York City
from 2009–2012. Estimates were compared to prevalence obtained from a traditional health survey. A multi-
variable analysis also was performed to identify which individual hospitals were more accurate at estimating
citywide disease prevalence. Among 52 hospitals, variation was found in the accuracy of disease prevalence
estimates using emergency department surveillance. Estimates at some hospitals, such as NYU Langone
Medical Center, had strong correlations for all diseases studied (diabetes: 0.81, hypertension: 0.84, and asthma:
0.84). Hospitals with patient populations geographically distributed throughout New York City had better
accuracy in estimating citywide disease prevalence. For diabetes and hypertension, hospitals with racial/ethnic
patient distributions similar to Census estimates and higher fidelity of diagnosis coding also had more accurate
prevalence estimates. This study demonstrated how citywide chronic disease surveillance can be performed
using emergency data from specific sentinel hospitals. The findings may provide an alternative means of
mapping chronic disease burden by using existing data, which may be critical in regions without resources for
geographically detailed health surveillance.

Keywords: chronic disease prevalence, emergency department surveillance, geographic information systems,
administrative claims data

Introduction

The concept of using individual hospitals for popula-
tion health surveillance, also known as sentinel hospital

surveillance, dates back to the 1990s with the HIV epidemic.1

The Centers for Disease Control and Prevention selected specific
hospitals in major US cities to track emerging infectious diseases
in the general population.2 Now that chronic diseases such as
diabetes are reaching epidemic levels, more geographically de-
tailed health surveillance is needed to identify the communities
that are local hot spots of chronic disease. However, traditional
health surveys such as the Behavioral Risk Factor Surveillance

System and the National Health and Nutrition Examination
Survey require intensive data collection, and the sample sizes
yielded are unable to identify neighborhood-level geographic
variation in health.3,4

It is critical to identify the exact geographic areas with a high
burden of chronic disease and target these local neighborhoods
with interventions tailored to the specific needs of these com-
munities.5 The study team recently demonstrated that emer-
gency department (ED) claims data could be used to identify the
local geographic distribution of chronic diseases such as di-
abetes, hypertension, and asthma.6 Nearly 1 in 5 Americans
visits an ED in a given year, and the team’s method of
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emergency department surveillance was effective at identi-
fying neighborhood-level chronic disease prevalence when
compared to a traditional health survey.7 Using patient-level
addresses and unique patient identifiers to account for repeat
ED use, the study team identified local hot spots of chronic
disease with extremely high geographic resolution.

Unfortunately, patient-level address data is not available
in most federal and statewide claims databases.8 In addition,
regional health information exchanges rarely include this
geographically detailed data when consolidating records
across different health care institutions.9 Though now elec-
tronically available, health records remain organized in a
manner that does not facilitate data analyses of multiple
health care institutions in an easy or efficient manner.10 The
present study’s main objective was to assess whether ED
data from individual hospitals could be used to track chronic
disease prevalence at a neighborhood level in New York City
(NYC). The secondary objective was to assess what factors
would make for an ideal sentinel hospital to perform this
citywide surveillance.

Methods

Study design and setting

To assess the reliability of using administrative claims data
from specific hospitals to perform chronic disease surveil-
lance, a recently validated method was used that analyzed ED
data to identify neighborhood-level chronic disease prevalence
in NYC. The method of ED surveillance demonstrated strong
correlations with the NYC Community Health Survey (CHS),
a traditional, telephone-based health survey. The present study
assessed how accurately neighborhood-level chronic disease
prevalence could be estimated throughout NYC when using
retrospective ED claims data from each hospital in NYC.

Data sources

NYC CHS. Since 2002, the NYC Department of Health
and Mental Hygiene has conducted the NYC CHS for ap-
proximately 9000 adults each year.11 The survey tracks
chronic disease and health behaviors using a telephone-
based stratified random sample of the NYC population
among areas identified by the United Hospital Fund’s (UHF)
neighborhoods.12 These geographic units are collections of
zip codes that roughly correspond to the NYC community
planning districts, which are used by city agencies to ad-
dress needs in specific NYC neighborhoods. Data are
weighted to be representative of the adult noninstitutional-
ized NYC population. To estimate chronic disease preva-
lence, the survey assessed whether respondents have ever
been told by a doctor, nurse or other health professional that
they had conditions such as diabetes, hypertension and
asthma. Multiyear survey weights were used to determine
chronic disease period prevalence estimates by UHF
neighborhood from 2009 to 2012.

New York State (NYS) SPARCS database. The State-
wide Planning and Research Cooperative System (SPARCS)
was established by the NYS Department of Health as a
comprehensive data reporting system that collects data on
patient characteristics, diagnoses, treatment, and hospital
services for all inpatient discharges, ED visits, and other

select data from NYS hospitals.13 Encrypted unique identi-
fiers within the database use a combination of social security
numbers, sex, names, and date of birth to track specific
individuals who make visits at different health care insti-
tutions. SPARCS is one of the few statewide claims data-
bases that offer patient-level address data, which can be
geocoded to identify an exact location of residence.

The American Community Survey (ACS). To determine
the underlying age, sex, race/ethnicity, insurance, and geo-
graphic distribution of the NYC population, Census data
from the ACS from 2009 to 2012 were used.14 These esti-
mates were used to determine how the population of unique
ED patients at each hospital compared to the overall dis-
tribution of adult residents in NYC.

Participants

To match inclusion criteria of the ED surveillance method
to survey respondents in the NYC CHS, all noninstitution-
alized NYC adults were included. The study team analyzed
patients aged 18 years and older who visited a NYS ED
between 2009 and 2012, excluding those whose health care
claims were paid by correctional facilities and any patient
transferred from a nursing home or other health care facil-
ity.12 Also excluded were any EDs not located at a general
acute care hospital or that care for specific patient popula-
tions (eg, surgical subspecialty, oncology, Veterans Affairs
hospitals).

Main outcome

The primary outcome was the correlation of age-adjusted
chronic disease prevalence by neighborhood using the study
team’s method of ED surveillance versus NYC CHS estimates.
Using the unique identifiers from the SPARCS database, the
team accounted for repeat ED visits by the same individuals
and only analyzed prevalence among unique ED patients. This
process allowed accounting for patients who had multiple ED
visits across several hospitals. The study team calculated what
proportion of these unique individuals had ever received a
primary or secondary diagnosis of diabetes, hypertension, or
asthma during any ED visit between 2009 and 2012.6 Diag-
nosis codes were based on an International Classification of
Diseases, Ninth Revision code starting with the prefix of 250
for diabetes, 401–405 for hypertension, and 493 for asthma. To
obtain the chronic disease prevalence among the ED popula-
tion, the team divided the number of unique ED patients with
each of these diagnoses by the overall number of unique ED
patients by UHF neighborhood. Age adjustment was per-
formed using the direct method and 4 age groups. Correlations
were then performed by neighborhood to compare prevalence
estimates made using ED surveillance versus the NYC CHS.

Statistical analysis

The hypothesis was that the accuracy of using data from a
single hospital would depend on 2 factors: (1) how closely
the patient population at each hospital matched the overall
NYC population, and (2) how accurately each hospital
identified individuals with chronic disease based on diag-
nosis codes. To determine how closely the patient popula-
tion at each hospital matched the overall NYC population,
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the study team analyzed the proportion of patients by age
subgroups, sex, race/ethnicity, health insurance status, and
geography based on county. For each of these categories, the
average absolute difference was calculated across subgroups
between the hospital’s patient population and ACS Census
estimates. To determine the accuracy of each hospital’s
ability to identify individuals with chronic disease based on
diagnosis codes, the diagnosis code capture rate was as-
certained. This study defined this metric as how frequently
each hospital identified a given patient as having diabetes,
hypertension, or asthma when compared to using diagnosis
code data available from all NYS hospitals in the entire
SPARCS database.

To compare the accuracy among hospitals in identifying
chronic disease prevalence using data from each hospital
alone, the study team analyzed the correlation between
age-adjusted diabetes, hypertension and asthma prevalence
using the 34 UHF Neighborhoods. Coefficients of corre-
lation were calculated between chronic disease prevalence
estimates from the NYC CHS and ED surveillance using
data from all of the NYS hospitals, only the NYC hospi-
tals, and for each of the NYC hospitals individually. For
each pairwise correlation, the associated P value was
calculated to determine the statistical significance of cor-
relations identified.

The multivariable regression analysis included the mea-
sures of the similarity of each hospital’s patient population
in age, sex, race/ethnicity, insurance status, and distribution
by county to the overall NYC population based on Census
data. The analysis also included the diagnosis code capture
rate that calculated how accurately each hospital was able to
identify individuals with chronic disease based on admin-
istrative claims diagnosis codes versus using claims data
from all NYS hospitals. These factors were assessed for
evidence of multicollinearity before inclusion in the final
model. Post-regression diagnostics included an analysis of
the normality of residuals and for influential observations to
test the robustness of the study results.

Statistical analyses were performed using Stata 12.1
(StataCorp LP, College Station, TX). Geographic analysis
was performed using ArcGIS Desktop 10.2 (ESRI, Red-
lands, CA).

Results

Study participants

Among the 52 EDs located at general acute care hospitals
in NYC, a total of 4.25 million unique adult NYC residents
were identified using ED surveillance using data from 2009
to 2012. This population sample accounts for two thirds of
the estimated 6.42 million NYC adults based on ACS
Census estimates. On average, the population distribution of
age, sex, and geography (ie, by county) were not substan-
tially different between the Census data and averages of the
ED populations among NYC hospitals. However, there were
proportionally more black or African American adults and
publicly insured and uninsured adults in the patient popu-
lation of an average ED. Notably, the average ED patient
population at a single NYC hospital had nearly 3 times the
number of unique individuals as the number sampled by the
NYC CHS. When analyzed individually, each hospital had
substantial differences in population characteristics based on

their own hospital location and patient mix. Table 1 presents
data for ACS Census estimates and ED patient population
data averaged among the 52 NYC hospitals and also for 3
specific hospitals affiliated with the study institution.

Primary outcome

The correlation of chronic disease prevalence estimates
were essentially the same or slightly better when using all
NYC hospitals versus all NYS hospitals (Table 2). When
using ED data at individual NYC hospitals, the average
diagnosis code capture rate was 81% for diabetes, 80% for
hypertension, and 70% for asthma when compared to data
from all NYS hospitals. However, there was substantial
variation in the accuracy of coding among the 52 NYC
hospitals as values ranged from 51% and 92% (see online
Supplementary Fig. S1; Supplementary Data are available in
the online article at www.liebertpub.com/pop).

Significant variation also was identified in the strength of
correlation between chronic disease estimates from the NYC
CHS and ED surveillance when using data only from a
single NYC hospital (Table 2). On average, the correlation
was 0.40 for diabetes (range of 0.01 to 0.88), 0.39 for hy-
pertension (range of 0.03 to 0.88), and 0.46 for asthma
(range of 0.12 to 0.84). The range of correlation outcomes
among all 52 NYC hospitals is shown by histograms in
online Supplementary Figure S2. In this analysis, the only
NYC hospital that had a correlation of 0.80 or higher for all
3 chronic diseases was NYU Langone Medical Center. The
strength of correlation for prevalence estimates with the
NYC CHS was much lower for the 2 other hospitals affili-
ated with the study institution–Bellevue Hospital Center and
NYU Lutheran Medical Center (graphically depicted in
Fig. 1). Given the strong correlations identified using ED
surveillance with data only from NYU Langone Medical
Center, the study team mapped the neighborhood-level
prevalence of diabetes, hypertension, and asthma throughout
NYC using ED data only from NYU Langone Medical
Center in Figure 2.

Multivariable analysis

The multivariable analysis identified factors that were
associated with strong correlations between chronic disease
prevalence estimates from the NYC CHS versus ED sur-
veillance using data from a single hospital. Factors included
comparing the average absolute difference across subgroups
in the distributions of age, sex, race/ethnicity, insurance, and
by county between the ED populations at each hospital
versus Census estimates. The diagnosis code capture rate
also was included for each of the chronic diseases for the
regressions performed for diabetes, hypertension, and asth-
ma, respectively (Table 3). For diabetes and hypertension,
hospitals with an ED population with a racial/ethnic distri-
bution more similar to NYC Census estimates were asso-
ciated with a higher correlation of prevalence (P values
0.041 for diabetes, and 0.017 for hypertension). Higher rates
of diagnosis code capture among hospitals also predicted
strong correlations for diabetes and hypertension estimates
(P values 0.023 and 0.003, respectively). However, the only
factor that was statistically significant for all 3 chronic
diseases was the similarity of geographic distribution be-
tween the ED population at a given hospital and Census
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estimates of NYC residents by county (P values 0.000,
0.000, and 0.003 for diabetes, hypertension, and asthma).

Discussion

Traditional health survey methods rely on intensive data
collection, which limits the sample size that can be ob-
tained.15 Recently, novel methods such as ED surveillance
have been developed to use existing large-scale data sources
to identify health patterns at a local geographic level.10 In
NYS, the SPARCS database is one of the few data sources
that provides access to patient-level address data that can be

used to identify the exact residence of patients and local
geographic patterns of health.16

The usefulness of geographically detailed health surveil-
lance is underscored by the fact that most health care pro-
viders are generally unaware of where their patients live,
and therefore are unaware of the contextual factors that may
make individuals more susceptible to higher disease burden
in specific geographic areas. On the other hand, community
members may be more aware of where general problem
areas are located, such as neighborhoods with high poverty
or high rates of crime. But they would not be focused on
specific health issues or be attuned to how the geographic

Table 2. Rates of Diagnosis Code Capture and Correlation of Neighborhood-Level

Chronic Disease Prevalence Estimates

Hospitals analyzed

Diabetes Hypertension Asthma

Diag. Code
Capt., %

Corr.
Coeff. P

Diag. Code
Capt., %

Corr.
Coeff. P

Diag. Code
Capt., %

Corr.
Coeff. P

All New York State Hospitals 100 0.86 0.000 100 0.88 0.000 100 0.77 0.000
All NYC hospitals 99 0.86 0.000 99 0.89 0.000 99 0.78 0.000
NYC hospital average 81 0.40 N/Aa 80 0.39 N/Aa 70 0.46 N/Aa

NYU Langone Medical Center 85 0.81 0.000 87 0.84 0.000 76 0.84 0.000
Bellevue Hospital Center 65 0.49 0.003 60 0.30 0.084 55 0.59 0.000
NYU Lutheran Medical Center 91 0.54 0.001 92 0.36 0.034 86 0.29 0.098

aNYC hospital averages do not have P values associated with the correlation coefficient because it is reported as the average value among
the 52 hospitals studied.

Corr. Coeff., correlation coefficient; Diag. Code Capt., diagnosis code capture rate; NYC, New York City.

Table 1. Study Population Demographic, Insurance, and Geographic Characteristics for 2009 to 2012

Study population

American
Community

Survey

NYC
Community

Health Survey

NYC
hospital
average

NYU Langone
Medical
Center

Bellevue
Hospital
Center

NYU Lutheran
Medical
Center

Unique adults 6,424,312 36,188 106,668 82,608 163,556 119,064

Age subgroups, %
18–24 13 13 16 13 15 16
25–44 40 39 39 40 45 44
45–64 31 31 28 25 31 24
65 and older 16 17 17 22 8 16

Sex, %
Male 47 46 44 45 56 45
Female 53 54 56 55 44 55

Race and ethnicity, %
White and other 36 38 37 77 38 49
Black or African American 23 22 34 10 24 7
Hispanic or Latino 28 27 24 8 31 34
Asian 13 13 5 5 7 10

Insurance, %
Private 50 49 30 64 10 29
Public 34 32 48 25 36 49
Uninsured 16 19 22 11 54 22

County, %
Bronx 16 16 21 5 9 1
Brooklyn 30 30 31 23 23 91
Manhattan 21 21 19 56 46 2
Queens 27 27 23 14 21 3
Staten Island 6 6 6 2 1 3

NYC, New York City.
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distribution of one disease may differ from another. Fur-
thermore, local hot spots of chronic disease also may be
found in areas that do not directly overlap with these types
of socioeconomic factors. Thus, a data-driven approach is
needed to delineate the exact areas that experience higher
disease burden.

However, geographically detailed data of this nature is
not readily available in most regions.17 Patient-level address
data is generally absent in the federal- and state-level
sources that have already collected data across the frag-
mented health care system.18 Several other efforts initiated
by regional health information organizations have been fo-
cused on consolidating more detailed data from disparate
health care institutions, but few include the address data

needed to perform detailed local health surveillance using
geographic analysis.19

Use of a sentinel hospital also would allow for health
surveillance that only requires data from a single source,
thus obviating the need for complex data integration across
institutions.20 This single hospital could act as a sentinel
hospital that provides citywide health surveillance.21 This
study demonstrates what attributes would make for ideal
sentinel hospitals: those that have a broad geographic
catchment, a patient population more reflective of the pop-
ulation at large, and a higher accuracy of coding chronic
diseases. Because it may be difficult to generalize data ob-
tained from a single hospital for a large geographic area, this
type of health surveillance also might be improved by

FIG. 1. Neighborhood-level correlation of chronic disease prevalence estimates based on data from individual hospitals.
Correlation of diabetes, hypertension, and asthma prevalence estimates based on the NYC Community Health Survey versus
emergency department surveillance using claims data from a single hospital. Examples shown here include 3 hospitals
associated with the study academic institution. NYC, New York City.

FIG. 2. Mapping neighborhood-level chronic disease prevalence using data from NYULMC. Maps of chronic disease
prevalence for diabetes, hypertension, and asthma among NYC neighborhoods using emergency department claims data
from a single, sentinel hospital—NYU Langone Medical Center—which demonstrated strong correlation of prevalence
estimates compared with survey data. NYULMC, NYU Langone Medical Center.
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selecting a small group of hospitals with these characteris-
tics that would provide a larger population sample that is
also more representative of a given region.

The multivariable analysis helped to identify factors as-
sociated with stronger correlation of chronic disease prev-
alence estimated from claims data versus a traditional health
survey. Hospitals with stronger correlation of prevalence
estimates had a catchment that more similarly reflected the
geographic distribution of the NYC population. At NYU
Langone Medical Center, the average absolute difference in
the proportion of patients over the 5 NYC counties was
14.2% when compared to Census estimates, which was on
the low end of the range among NYC hospitals. For diabetes
and hypertension, a higher rate of diagnosis code capture
among hospitals also was associated with stronger correla-
tion of chronic disease prevalence estimates. This variation
in coding practices may be related to the resources available
at each hospital. Hospital-based health surveillance ideally
would take place at the sentinel hospital with high accuracy
of coding individuals with chronic disease.

This study found that Bellevue Hospital Center, a public
hospital, had a geographic distribution that most closely
matched the overall population of NYC. However, a low
diagnosis code capture rate, in addition to racial/ethnic
population differences, led to more moderate correlations in
chronic disease prevalence estimates. On the other end of
the spectrum, NYU Lutheran Medical Center had one of the
highest rates of diagnosis code capture rates, but correlation
strength was limited by the geographic catchment of the
hospital, which was overwhelmingly limited to Brooklyn.
For NYU Lutheran Medical Center, substantial scatter in
some correlations was caused by low observation counts in
certain neighborhoods, leading to substantial error in some
prevalence estimates.

Given these findings, the next steps are to explore the va-
lidity of performing citywide health surveillance for other
conditions using data from specific sentinel hospitals. Sources
such as the all-payer SPARCS database are limited to admin-
istrative claims data, which does not include important clinical
data such as medications used or laboratory values.22,23 Instead
of performing the difficult task of aggregating these data across
multiple institutions, data from a single sentinel hospital or a
few sentinel hospitals could be used instead to represent geo-
graphically detailed health patterns throughout the city.24 Aside
from being easier to perform and less costly, these health

surveillance methods would help capture data for a large pro-
portion of the population with address-level data, which would
enable identification of the exact geographic areas where dis-
ease burden is highest.

In addition, these methods may be extended across the
country–especially to areas where traditional population
health surveillance is infrequently or inadequately per-
formed.25 For instance, estimates of chronic disease prev-
alence in rural regions are limited to the county level.26

Data from a single, nearby ED or small group of EDs may
be helpful in identifying local health patterns in these re-
gions.20 Specific examples of how this approach can improve
health surveillance include identifying local environmental
pollutants that lead to higher rates of asthma in specific areas,
performing local dietary interventions for large clusters of
patients with diabetes who live near food swamps, or iden-
tifying specific neighborhoods with a high prevalence of
behavioral disorders among children for school-based inter-
ventions. By performing more geographically detailed stud-
ies of health, it may be possible to identify local communities
with a higher burden of chronic disease, which can be critical
for targeting interventions to areas where health outcomes are
particularly poor.27

Limitations

Administrative claims data can contain errors coded by
the institutions providing data and lead to the incorrect
categorization of patients into demographic categories.28

Also, the variable analyzing the fidelity of diagnosis coding
does not account for false positives in which patients are
tagged with a diagnosis code during an ED visit but do not
actually have the disease. However, prior studies of iden-
tifying ED patients with diagnosis codes have shown the
accuracy of this approach. For instance, a diagnosis code of
diabetes during an ED visit has been shown to be 95%
sensitive and 99% specific.29 In addition, the current best
practice for determining neighborhood-level chronic dis-
ease prevalence in NYC is the CHS, which is a population-
based health survey that relies on self-report and can miss
the substantial proportion of the population who have un-
diagnosed chronic disease.30 Finally, this study focused on
NYC, a unique urban environment. Though specific results
may differ in other populations or geographic regions,
these methods may be readily adopted elsewhere.

Table 3. Multivariable Regression Analysis of the Strength of Correlation

for Chronic Disease Prevalence Estimates

Multivariable factors

Among NYC hospitals Diabetes Hypertension Asthma

Hospital
average, %

Hospital
range, %

Beta
Coeff. P

Beta
Coeff. P

Beta
Coeff. P

Difference for age group distribution 3.7 1.7–8.4 +0.06 0.570 +0.03 0.720 -0.02 0.852
Difference for male/female distribution 4.6 0.0–12.9 +0.02 0.844 -0.01 0.914 -0.22 0.082
Difference for race/ethnicity distribution 14.4 4.8–31.7 -0.24 0.041 -0.24 0.017 -0.19 0.146
Difference for insurance distribution 15.4 1.5–29.1 -0.22 0.065 -0.12 0.244 -0.13 0.317
Difference for geographic distribution 24.8 10.5–36.2 -0.46 0.000 -0.63 0.000 -0.40 0.003
Diagnosis code capture rate See Table 1a +0.27 0.023 +0.31 0.003 -0.04 0.725

Bold values statistically significant with a P value < 0.05.
aDiagnosis code capture rates vary based on the chronic disease studied and are already summarized in Table 1.
Beta Coeff., beta coefficient; NYC, New York City.
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Conclusions

This study found that that it is possible to perform city-
wide surveillance using data from specific sentinel hospitals
in NYC with accuracy similar to using data from all hos-
pitals at the state or city level. Important factors that make
a given hospital more likely to have strong correlations
of prevalence estimates to traditional health surveillance
methods include a racial/ethnic and geographic distribution
of patients that more closely parallels the underlying city-
wide population based on Census estimates. In addition, the
accuracy of coding the diagnosis codes also is associated
with strong correlation in prevalence estimates with tradi-
tional surveillance methods. One of the hospitals affiliated
with the study institution, NYU Langone Medical Center,
matched many of these characteristics, and thus had one of
the strongest correlations of prevalence estimates for dia-
betes, hypertension, and asthma across NYC.
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