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Abstract

Background: Hypertension is the most prevalent risk factor for mortality globally. Uncontrolled hypertension is associated
with excess morbidity and mortality, and nearly one-half of individuals with hypertension do not have the condition under control.
Data from electronic health record (EHR) systems may be useful for community hypertension surveillance, filling a gap in local
public health departments’community health assessments and supporting the public health data modernization initiatives currently
underway. To identify patients with hypertension, computable phenotypes are required. These phenotypes leverage available data
elements—such as vitals measurements and medications—to identify patients diagnosed with hypertension. However, there are
multiple methodologies for creating a phenotype, and the identification of which method most accurately reflects real-world
prevalence rates is needed to support data modernization initiatives.

Objective: This study sought to assess the comparability of 6 different EHR-based hypertension prevalence estimates with
estimates from a national survey. Each of the prevalence estimates was created using a different computable phenotype. The
overarching goal is to identify which phenotypes most closely align with nationally accepted estimations.

Methods: Using the 6 different EHR-based computable phenotypes, we calculated hypertension prevalence estimates for Marion
County, Indiana, for the period from 2014 to 2015. We extracted hypertension rates from the Behavioral Risk Factor Surveillance
System (BRFSS) for the same period. We used the two 1-sided t test (TOST) to test equivalence between BRFSS- and EHR-based
prevalence estimates. The TOST was performed at the overall level as well as stratified by age, gender, and race.

Results: Using both 80% and 90% CIs, the TOST analysis resulted in 2 computable phenotypes demonstrating rough equivalence
to BRFSS estimates. Variation in performance was noted across phenotypes as well as demographics. TOST with 80% CIs
demonstrated that the phenotypes had less variance compared to BRFSS estimates within subpopulations, particularly those
related to racial categories. Overall, less variance occurred on phenotypes that included vitals measurements.

Conclusions: This study demonstrates that certain EHR-derived prevalence estimates may serve as rough substitutes for
population-based survey estimates. These outcomes demonstrate the importance of critically assessing which data elements to
include in EHR-based computer phenotypes. Using comprehensive data sources, containing complete clinical data as well as data
representative of the population, are crucial to producing robust estimates of chronic disease. As public health departments look
toward data modernization activities, the EHR may serve to assist in more timely, locally representative estimates for chronic
disease prevalence.
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Introduction

Hypertension is the most prevalent risk factor for mortality
throughout the world [1]. The condition is characterized by
elevated systolic blood pressure (>140 mm Hg) or diastolic
blood pressure (>90 mm Hg) [2]. An estimated 1 out of 3 adults
in the United States has been diagnosed with hypertension,
which translates to almost 75 million Americans [2]. This results
in substantial use of health care services and medications, as
well as lost wages [3,4]. The estimated direct and indirect costs
of hypertension exceed US $48 billion each year in the United
States [5]. In concurrence with economic loss, uncontrolled
hypertension is associated with excess morbidity and mortality,
and nearly one-half of individuals with hypertension do not
have the condition under control [2].

Uncontrolled hypertension is associated with an increased risk
of coronary heart disease, stroke, and kidney disease, which are
the 3 leading causes of death in the United States [5].
Hypertension is a comorbid condition for nearly 70% of
individuals who have their first myocardial infarction and almost
80% of those who have their first stroke [6]. Additionally,
hypertension is associated with an excess risk of severe
COVID-19 illness with a risk of hospitalization more than
double that of nonhypertensive individuals [7]. The association
with increased morbidity and mortality is a critical public health
concern given the high prevalence of the condition. To address
this increasing public health concern, public health programs
and policies aimed at reducing morbidity, mortality, and costs
associated with hypertension are required. To create these
policies, public health departments are reliant on timely,
accurate, stable estimates of disease prevalence. This is required
both for timely detection and effective evaluation.

Identifying the prevalence of hypertension as well as measuring
hypertension control at the community level remains a challenge
for local health departments. While clinical guidelines from the
National Quality Forum and others (eg, Centers for Disease
Control and Prevention and Healthcare Effectiveness Data and
Information Set) exist [8], measurement happens at the level of
a provider or health system as opposed to the community. Public
health departments typically rely on surveys for measuring
community-level estimates of hypertension. However, surveys
have known limitations including cost and timeliness due to
long gaps between data collection and when results are available.
Additionally, the local samples are insufficiently small for
precise estimates within communities and subpopulations (ie,
wide CIs). Therefore, local health departments seek alternative
methods for obtaining timely, complete, accurate, and precise
information about the prevalence of chronic conditions such as
hypertension and measures of control for individuals with
chronic illness.

Since the passing of the Health Information Technology for
Economic and Clinical Health Act of 2009, electronic health
record (EHR) systems have become more common, representing
a potential data source for chronic disease surveillance. As of
2016, over 70% of ambulatory providers use EHR systems [9].
As health care organizations increasingly capture data from
routine health care visits in EHR systems, national initiatives,

including the digital Learning Health System of the National
Academy of Medicine [10] and the Robert Wood Johnson
Foundation’s data for health [11], aim to leverage such data to
improve the delivery of health care and community health
outcomes. The hope is that by leveraging existing digital data
sources, public health agencies may access more timely and
precise information to assess and improve health in their
communities.

While there exists much optimism about EHR systems’ ability
to provide timely, complete, and accurate estimates for
hypertension and other chronic diseases, evidence to date has
been mixed. In a systematic review of the quality of data used
for quality-of-care measurement, the completeness of data varied
“substantially across studies,” ranging from 0.1% to 51% for
blood pressure and from 10% to 38% for smoking status [12].
Missing data ranged between 24% and 38% for cholesterol; 3%
and 31% for blood pressure; and 5% and 23% for blood glucose
(hemoglobin A1C) [12].

Despite these challenges, EHR data may be useful for
community health surveillance. More recent work by the New
York City (NYC) Department of Mental Health and Hygiene
shows promising results in using EHR data for measuring the
prevalence and control of chronic diseases [13,14]. By querying
EHR systems in primary care practices representing 15% of the
city’s population, the health department found prevalence rates
were in line with community-based surveys for diabetes, obesity,
hypertension, and smoking even when the survey respondents
were limited to those who had received primary care in the prior
year (NYC Health and Nutrition Examination Survey and the
NYC Community Health Survey [15]). More recent studies give
hope that EHR data could be used by health departments to
improve the timeliness and precision of their community health
assessments [16-18].

Given limited prior evidence, we sought to validate computable
phenotypes for hypertension using EHR data available through
a community-based health information exchange (HIE) network.
The use of HIE data was selected to examine data representing
a geographic community rather than the population of a single
health system. Our goal is to identify methods that can be
leveraged by health departments for the surveillance of chronic
illnesses and the calculation of control measures.

Accordingly, the objective of this analysis was to analyze the
equivalence of EHR-based methods for deriving the prevalence
of hypertension compared to an established community survey.
To facilitate this analysis, 6 distinct EHR-based phenotypes for
hypertension were used to establish prevalence rates in 1 county.
These rates were then tested for equivalency with the prevalence
calculated by a national survey. We hypothesized that at least
1 of the selected phenotypes would produce equivalent
estimates.
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Methods

Data Sources

Indiana Network for Patient Care
The primary data source was the Indiana Network for Patient
Care (INPC), a regional HIE with data covering emergency
department visits, hospital admissions, and large outpatient
health care clinics from across the state. Data were supplemented
with direct extracts from 1 health system to provide additional
vital measurements and medication data that were not currently
shared with the INPC. For this study, the focus was Marion
County, Indiana, which is the county containing the largest city,
Indianapolis, and we leveraged 3 of the 5 major health systems.
Using the 3 health systems ensures that approximately 780,000
(80%) of the population of Marion County was captured for
this study. According to the 2010 census, Marion County had
a resident population of 977,203 with a racial composition of
30% Black or African American, 11.6% Hispanic, and 61.9%
White.

Data were extracted for all adults (at least aged 18 years as of
January 1, 2014) living in Marion County who sought care
(outpatient, inpatient, or emergency department encounters) at
1 of the 3 large integrated delivery networks that connect to the
INPC between January 1, 2014, and December 31, 2015. We
used 2 years of data to capture a representative number of
clinical encounters since individual health care use may not
occur annually. This period was used due to the availability of
comprehensive data from 3 of the 5 major health systems in the
area. Given the period covered in this data set, the data do not
establish current prevalence rates for Marion County but rather
serve as an example for the surveillance methodology deployed.
The algorithms to detect hypertension in the community were
implemented on the data set, which contained diagnosis codes,
vital measurements, and medications.

Behavioral Risk Factor Surveillance System
For the gold standard comparison, we used the Behavioral Risk
Factor Surveillance System (BRFSS)—the US national survey
related to health-related behaviors, chronic health conditions,
and the use of preventive services. The prevalence estimates
produced by the BRFSS are carefully developed, validated, and
weighted to minimize biases in response or coverage [19]. The
BRFSS collects data in all 50 states, the District of Columbia,
and territories. However, for small geographics (eg, county) or
population subgroups, the BRFSS is imprecise with large CIs.
For this study, the data related to the 2015 prevalence of
hypertension in Marion County, Indiana, was used.

Measures
To facilitate analysis, BRFSS prevalence measures were
compared to EHR-based measures extracted from the HIE. The
2015 BRFSS results include an overall hypertension prevalence
rate as well as rates by age, race, and gender for Marion County.
These measures were extracted from the US Centers for Disease
Control and Prevention website [20].

The computable phenotypes used for this study were previously
developed and reported separately [21]. Briefly, 6 phenotypes

for hypertension were developed using algorithms (or rules)
executed using 1 or more types of structured EHR data. These
rules were validated using chart review to calculate sensitivity,
specificity, and positive predictive value [21]. Defining multiple
permutations allowed for evaluating the best-performing
phenotype. The phenotypes are as follows:

• P1: clinical diagnostic codes only (in which an individual
has either 1 inpatient or 1 outpatient encounter documenting
a hypertension diagnosis)

• P2: vital statistics only (in which an individual has at least
1 blood pressure reading above the hypertension threshold)

• P3: vital statistics only (in which an individual has at least
2 blood pressure readings above the hypertension threshold)

• P4: clinical diagnosis and vital statistics (P1 and P2)
• P5: clinical diagnosis and vital statistics (P1 and P3)
• P6: Inclusive of P1-P5 and medications (P1, P2, or the use

of hypertension medication)

Using the 6 different EHR-based computable phenotypes, we
calculated hypertension prevalence estimates from data for
residents of Marion County, Indiana, from the years 2014 and
2015. Prevalence was calculated as the number of persons with
data satisfying the given phenotype divided by the number of
persons with any HIE record for a health care encounter.

Ethical Considerations
Exempt approval for this study was received by the Indiana
University Institutional Review Board (1701925087).

Statistical Analysis
Demographics for the INPC-derived cohort were calculated
using P6, which is the broadest and most sensitive phenotype
[21]. Using the estimates for Marion County outlined above,
equivalency testing was performed. Equivalence testing
examines whether 2 independent statistics are similar enough
to be treated as though they are equivalent. The null hypothesis
is that the statistics differ by at least a specified amount. If the
test results in a P value <.05, then the null hypothesis is rejected
with a conclusion that the 2 statistics differ by less than the
specified amount. We used the two 1-sided t test (TOST) to test
equivalence between BRFSS- and INPC-based prevalence
estimates. The TOST was performed at the overall level as well
as stratified by age, gender, and race. The TOST was performed
with 80% and 90% CI. As with other large national surveys,
BRFSS estimates have wide CIs. Accordingly, widening the
TOST analysis threshold was considered to account for the wide
CIs within the BRFSS data set compared to the small CIs
associated with the larger INPC data set. The 95% CI of the
BRFSS overall hypertension estimates for Marion County is
7-7.5 percentage points wide. The stratified BRFSS hypertension
rates are slightly wider. Accordingly, our specified amounts
align with the CIs for the BRFSS. This study used SAS (version
9.4; SAS Institute Inc) and Excel 365 (Microsoft) for analyses.

Results

The demographics for the BRFSS and INPC cohorts are
presented in Table 1. The EHR-based phenotypes were
calculated from INPC data for 548,232 patients, which was the
number of adult patients with at least 1 clinical encounter during
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the period. Overall, the cohort was 61.2% (n=335,548) women
and 27% (n=148,117) Black or African American. Of the total
INPC-derived cohort, 210,764 (38.4%) patients were identified
as hypertensive by phenotype P6, which is the broadest—and
most sensitive—definition of hypertension according to Valvi
et al [21]. The INPC-derived hypertension cohort was 57.6%
(121,307/210,764) women and 33.2% (70,060/210,764) Black

or African American. The BRFSS-derived hypertensive cohort
was 55.2% (197/357) women and 17.6% (63/357) Black or
African American. The INPC cohort was more racially diverse
than the BRFSS cohort overall. The BRFSS cohort had less
representation of the younger population and overrepresentation
of those aged 65 years and older.

Table 1. Cohort demographicsa.

Hypertensive populationOverall populationDemographics

INPC (n=210,764), n (%)BRFSS (n=357), n (%)INPCc (n=548,232), n (%)BRFSSb (n=934), n (%)

Gender

121,307 (57.6)197 (55.2)335,548 (61.2)524 (56.1)Women

89,457 (42.4)160 (44.8)212,684 (38.8)410 (43.9)Men

Race

70,060 (33.2)63 (17.6)148,117 (27)152 (16.7)Black

120,832 (57.3)273 (76.6)308,213 (56.2)702 (75.2)White

19,872 (9.4)21 (5.9)91,902 (16.8)80 (8.6)Other

Age group (y)

52,777 (25)24 (6.7)214,655 (39.2)197 (21.1)18-39

101,416 (48.1)136 (38.1)240,064 (43.8)406 (43.5)40-64

56,571 (26.8)197 (55.2)93,513 (17)331 (35.4)65+

aTable 1 contains gender, race, and age counts and percentages for each of the cohorts. The cohorts include the overall population for both BRFSS and
INPC as well as the hypertensive population.
bBRFSS: Behavioral Risk Factor Surveillance System.
cINPC: Indiana Network for Patient Care.

The TOST analysis was undertaken at both the 90% and 80%
CIs. The TOST analysis at the 90% CI resulted in 2 phenotypes
(P2 and P5) having statistically significant results, indicating
their equivalency to BRFSS estimates, or, more specifically,
given the assumptions of this analysis, it is at least 90% likely
that hypertension prevalence estimates from the BRFSS and
phenotypes P2 and P5 will differ by no more than 5 percentage
points. However, performance in the stratified groups was much
poorer with statistical significance for women only in
phenotypes P1 and P4. By the nature of TOST, the wider an

estimate’s CI, the less chance that the null hypothesis will be
rejected; some stratified groups have CIs so wide that their
TOSTs had zero power. The analysis at the 80% CI yielded
statistically significant results across multiple phenotypes. At
the 80% CI, phenotypes P2, P3, and P5 showed equivalency
overall, with P2 and P5 also showing equivalence in 9 of the
demographic subsets and P3 showing equivalence in 7 of those
subsets. Tables 2-4 depict the full 80% CI analysis for P2, P3,
and P5. All remaining analyses are included in the Multimedia
Appendices 1 and 2.
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Table 2. Full 80% CI analysis for phenotype 2, with overall ≥1 vitals indicated. This table depicts all analytical results for P2 at the 80% CI.

%Δe (Δ80% CI)INPCc,d, n/N (%)BRFSSa,b, n/N (%)Characteristic

0.7 (–1.8 to 3.1)f159,330/548,298 (29.1)235/934 (28.4)Overall

Gender

0.4 (–10.6 to 11.4)66,758/212,684 (31.4)127/410 (31)Men

1.5 (–6.6 to 9.6)f92,570/335,548 (27.6)137/524 (26.1)Women

Race

2.8 (–3.3 to 8.9)f57,026/148,120 (38.5)54/152 (35.7)Black or African American

2.3 (–0.3 to 5)f89,205/308,224 (28.9)187/702 (26.6)White

–8.4 (–15 to –1.7)13,099/91,954 (14.2)18/80 (22.6)Other

Age group (y)

12.3 (9.2 to 15.4)49,634/214,685 (23.1)21/197 (10.8)18-39

–0.8 (–4.5 to 2.9)f76,795/240,084 (32)133/406 (32.8)40-64

–26.3 (–30 to –22.6)31,238/88,569 (35.3)204/331 (61.6)65+

Men by race

–0.9 (–7.1 to 5.2)f22,226/56,004 (39.7)24/60 (40.6)Black or African American

3.1 (–1 to 7.2)f38,832/120,672 (32.2)91/314 (29.1)White

–8.3 (–18.1 to 1.6)5,700/36,008 (15.8)9/36 (24.1)Other

Women by race

2.5 (–0.9 to 5.8)f34,800/92,113 (37.8)30/92 (32.2)Black or African American

–7.6 (–16.3 to 1.1)50,373/187,541 (26.9)95/388 (24.4)White

5.6 (–2.4 to 13.5)7,379/55,894 (13.2)9/44 (20.8)Other

Men by age group (y)

7.8 (2.3 to 13.3)20,478/77,992 (26.3)18/99 (18.5)18-39

3.1 (–2.2 to 8.5)f33,928/98,778 (34.3)56/178 (31.2)40-64

–32.8 (–38.6 to –27.1)11,957/34,606 (34.6)90/133 (67.4)65+

Women by age group (y)

11.5 (15.6 to 20.2)29,155/136,663 (21.3)3/98 (3.4)18-39

–3.9 (–9.1 to 1.4)f42,866/141,286 (30.3)78/228 (34.2)40-64

–21.8 (–29.1 to –14.5)19,281/53,954 (35.7)114/198 (57.5)65+

aBRFSS: Behavioral Risk Factor Surveillance System.
bSample size=934.
cIndiana Network for Patient Care.
dSample size=548,298.
eΔ: mean difference.
fBehavioral Risk Factor Surveillance System and Indiana Network for Patient Care phenotypes were determined as statistically equivalent by the two
1-sided t test method.
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Table 3. Phenotype 3, overall ≥2 vitals indicated. This table depicts the full analytical results for P3 at the 80% CI.

%Δe (Δ80% CI)INPCc,d, n/N (%)BRFSSa,b, n/N (%)Characteristic

–6.1 (–8.6 to –3.7)f122,051/548,298 (22.3)235/934 (28.4)Overall

Gender

–7 (–18 to 4)50,997/212,684 (24)127/410 (31)Men

–4.9 (–13 to 3.1)71,053/335,548 (21.2)137/524 (26.1)Women

Race

–5 (–11.1 to 1.2)45,513/148,120 (30.7)54/152 (35.7)Black or African American

–4.7 (–7.4 to –2)f67,594/308,224 (21.9)187/702 (26.6)White

–12.9 (–19.5 to –6.2)8,944/91,954 (9.7)18/80 (22.6)Other

Age group

5.2 (2.1 to 8.2)f34,282/214,685 (16)21/197 (10.8)18-39

–7.5 (–11.2 to –3.8)60,657/240,084 (25.3)133/406 (32.8)40-64

–32.6 (–36.3 to –28.9)25,699/88,569 (29)204/331 (61.6)65+

Men by race

–9 (–15.2 to –2.9)17,678/56,004 (31.6)24/60 (40.6)Black or African American

–4.7 (–8.8 to –0.6)f29,448/120,672 (24.4)91/314 (29.1)White

–13.3 (–23.2 to –3.5)3,871/36,008 (10.8)9/36 (24.1)Other

Women by race

–4.1 (–7.4 to –0.7)f27,835/92,113 (20.3)30/92 (32.2)Black or African American

–11.7 (–20.4 to –3)38,146/187,541 (9.1)95/388 (24.4)White

–2 (–9.9 to 6)f5,072/55,894 (30.2)9/44 (20.8)Other

Men by age group

–0.7 (–6.2 to 4.8)f13,875/77,992 (17.8)18/99 (18.5)18-39

–3.8 (–9.1 to 1.6)f27,100/98,778 (27.4)56/178 (31.2)40-64

–39.4 (–45.1 to –33.6)9,694/34,606 (28)90/133 (67.4)65+

Women by age group

11.5 (9.2 to 13.8)20,407/136,663 (14.9)3/98 (3.4)18-39

–10.4 (–15.7 to –5.2)33,556/141,286 (23.8)78/228 (34.2)40-64

–27.8 (–35.1 to –20.5)16,005/53,954 (29.7)114/198 (57.5)65+

aBRFSS: Behavioral Risk Factor Surveillance System.
bSample size=934.
cIndiana Network for Patient Care.
dSample size=548,298.
eΔ: mean difference.
fBehavioral Risk Factor Surveillance System and Indiana Network for Patient Care phenotypes were determined as statistically equivalent by the two
1-sided t test method.
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Table 4. Phenotype 5, overall ≥1 clinical diagnosis or ≥1 vitals indicated. This table depicts the full analytical results for P5 at the 80% CI.

%Δe (Δ80% CI)INPCc,d, n/N (%)BRFSSa,b, n/N (%)Characteristic

–0.7 (–3.2 to 1.7)f151,645/548,298 (27.7)235/934 (28.4)Overall

Gender

–0.9 (–11.9 to 10.1)63,992/212,684 (30.1)127/410 (31)Men

0 (–8 to 8.1)f87,652/335,548 (26.1)137/524 (26.1)Women

Race

12.5 (6.4 to 18.7)71,464/148,120 (48.2)54/152 (35.7)Black or African American

18.1 (15.4 to 20.8)137,674/308,224 (44.7)187/702 (26.6)White

11.3 (4.6 to 17.9)31,158/91,954 (33.9)18/80 (22.6)Other

Age group (y)

6 (3 to 9.1)f36,157/214,685 (16.8)21/197 (10.8)18-39

–1.6 (–5.3 to 2.1)f74,864/240,084 (31.2)133/406 (32.8)40-64

–18.3 (–22 to –14.6)38,356/88,569 (43.3)204/331 (61.6)65+

Men by race

–2.9 (–9.1 to 3.2)f21,091/56,004 (37.7)24/60 (40.6)Black or African American

2.1 (–2 to 6.2)f37,622/120,672 (31.2)91/314 (29.1)White

–9.5 (–19.3 to 0.4)5,268/36,008 (14.6)9/36 (24.1)Other

Women by race

1.9 (–5.1 to 1.6)f30,285/88,868 (34.1)30/92 (32.2)Black or African American

–1.7 (–6.1 to 9.8)f41,094/181,412 (22.7)95/388 (24.4)White

–10 (–18.7 to –1.3)5,959/54,954 (10.8)9/44 (20.8)Other

Men by age group (y)

0.5 (–5 to 6)f14,819/77,992 (19)18/99 (18.5)18-39

2.8 (–2.6 to 8.2)f33,567/98,778 (34)56/178 (31.2)40-64

–24 (–29.8 to –18.3)15,011/34,606 (43.4)90/133 (67.4)65+

Women by age group (y)

12.2 (9.9 to 14.5)21,331/136,663 (15.6)3/98 (3.4)18-39

–5 (–10.2 to 0.3)41,296/141,286 (29.2)78/228 (34.2)40-64

–14.2 (–21.5 to –6.9)23,345/53,954 (43.3)114/198 (57.5)65+

aBRFSS: Behavioral Risk Factor Surveillance System.
bSample size=934.
cIndiana Network for Patient Care.
dSample size=548,298.
eΔ: mean difference.
fBehavioral Risk Factor Surveillance System and Indiana Network for Patient Care phenotypes were determined as statistically equivalent by the two
1-sided t test method.

Discussion

Principal Findings
Our study examined the prevalence estimates of 6 distinct
EHR-based phenotypes to ascertain whether EHR-derived
estimates are equivalent to estimates produced by survey
methods. The 2 clinical phenotypes (P2 and P5) relying

primarily on vital statistics data showed the closest equivalence
to BRFSS hypertension prevalence estimates. This suggests
that clinical variables, such as blood pressure readings, are
important in classifying hypertension cases when compared to
national survey data. However, clinical measurements are often
missing from national surveys (eg, BRFSS). When clinical
measurements are present (eg, the National Health and Nutrition
Examination Survey), the survey possesses an even smaller
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sample size and is frequently more costly. Establishing robust
local prevalence estimates may require local health departments
to capture blood pressure measurements, which is cost
prohibitive. EHR data may provide a more economical approach
to the collection of clinical measurements. Additionally, EHRs
can supply these measurements regularly forgoing the need for
additional, specific public health data collection efforts.

Interestingly, phenotypes that relied on diagnosis code data
performed less robustly. Previous studies have demonstrated
the underreporting of conditions when relying on diagnostic
codes alone [22-24]. Accordingly, it is possible that diagnostic
codes themselves are not sensitive enough for identification of
hypertension. Further, 1 possible reason for this is the type of
encounter for which an individual is seen. For example, if the
patient is being seen primarily in emergency or inpatient
settings, a diagnosis of hypertension may not be coded, but the
vital measurements would be available.

In our results, P6, which is the broadest and most sensitive
definition of hypertension [21], did not align with the BRFSS
at the overall population level. The hypertension BRFSS
instrument item asks “has a doctor told you that you have
hypertension?” [20]. This allows for variability in interpretation
and may include individuals with a single elevated blood
pressure incident or someone who is prehypertensive.
Accordingly, it is logical that a computable phenotype using a
combination of clinical data elements would be more sensitive
to a diagnosis of hypertension but not to the broad question
posed by the BRFSS. However, the phenotypes using a variety
of clinical measurements may be a more robust measurement
of hypertension for local health departments to deploy.

The results showcase the importance of the inclusion of vital
statistics, which proved more sensitive for overall comparison
and certain subpopulations when the CI threshold was lower.
The results of P6 being associated with lower CIs were not
surprising given the smaller sample sizes inherent in analyses
of subpopulations. Compared to estimates from survey data,
more numerous records available in the HIE or multiple EHR
systems would allow for smaller CIs in estimates about
subpopulations.

While not all algorithms demonstrated equivalency, 2 of the
phenotypes demonstrated the potential for EHR data to provide
prevalence estimates that are likely to be within 10 percentage
points of BRFSS estimates. Accordingly, the use of EHR data
may be a better option to estimate disease burden than costly
community health surveys. EHR data have several benefits.
First, EHR-derived prevalence estimates are timelier. This
methodology can be implemented regularly (eg, quarterly and
semiannually) to address the needs of the community compared
to national surveys. National surveys are typically conducted
annually and require time for postprocessing for data. These
conditions result in delayed estimates, making the data untimely
for certain population health questions. For certain conditions
and interventions, this may prove useful for the identification
of community needs as well as the timely assessment of
community-level interventions. For example, we are using these
methods to estimate changes in childhood obesity in multiple

urban neighborhoods that received community-level
interventions to address childhood obesity [25].

Second, the EHR-derived measures can be tailored to the
specific needs of local health departments. Working in
coordination with health care systems or HIE networks, local
health departments may arrange to receive the data most relevant
to their specific question rather than using proxy constructs
from national data. Additionally, the EHR-based measures were
manually validated and demonstrated to be of high quality,
showing strong specificity and positive predictive values [21].
As reported in the results, the computable phenotypes identified
a higher prevalence for the Black or African American
community. Some of this variation could be attributed to the
overrepresentation of inner-city health system patients within
the County. However, the demographic analysis supports the
premise that the BRFSS may be underrepresentative of the
Black or African American population. This argument may be
bolstered by the higher prevalence of subpopulations represented
within the INPC demographics, both the overall cohort and the
hypertension cohort. High-quality estimates, partnered with
customization to local needs, will ultimately provide more robust
measures for the local health departments.

Further, 1 limitation in the broader use of this methodology is
most public health agencies’ lack of legal authority to require
reporting of data about chronic conditions. Currently, hospitals
are not required to report clinical measurements or metrics
related to chronic diseases, such as hypertension, to public health
authorities beyond discharge data. Discharge data primarily
consist of diagnostic codes, which may not reliably capture
chronic disease burden as discussed above. Currently, the
reporting of these data is voluntary and, therefore, unlikely to
occur given the resources, human, and technological
requirements to do so on the part of providers. However, HIE
networks (such as INPC) have existing infrastructures that can
be leveraged to address community surveillance needs. Data
are already aggregated across health care systems and providers
within the community, addressing a large amount of the work
required to implement surveillance of chronic conditions. This
analysis suggests support for leveraging HIE networks in the
community for chronic disease surveillance.

The widening use of the Fast Healthcare Interoperability
Resources standard and the Trusted Exchange Framework and
Common Agreement for health data exchange may also increase
public health agencies’opportunity to access EHR data [26,27].
There are still barriers to the full adoption of HIE networks into
the public health environment, such as infrastructure [28] and
data quality [29]. However, the COVID-19 pandemic revealed
the role HIE could play in support of public health needs [17].
This is increasingly becoming important given the burden of
post–COVID-19 conditions [30] and the potential increase in
chronic conditions after the pandemic. Surveillance of chronic
conditions is critical to public health practice. The efforts to
modernize the nation’s public health infrastructure, which are
currently underway, should consider the important role HIE
networks can play in support of chronic disease surveillance.
Admittedly, future work will involve the implementation of
HIE networks in those areas of the United States where they
are not currently present.
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A second limitation is the inconsistent and imprecise
equivalency we have demonstrated between the HIE and BRFSS
estimates. The BRFSS estimates themselves are fairly imprecise
even for a population of about 1 million, as in Marion County,
and so make a weak “gold standard,” especially for
subpopulations. Conversely, EHR data only reflect persons with
health care encounters, and persons with frequent visits are more
likely to have enough EHR data to satisfy some phenotype
definition. With health care use varying by health status, race,
age, employment, and other factors, EHR data would need
adjustment for systematic biases before being interpreted as
representative of the general community or subpopulations of
interest. Further research would reveal what adjustments can
improve how well EHR-based estimates approximate population
health statistics. This study is subject to limitations related to
the quantity and type of available data. Equivalence may be
improved by a more complete capture of an area’s health care
providers, especially in ambulatory and primary care settings.
Improved data capture would increase the EHR-based
prevalence estimates. Data might be weighted according to
patient characteristics, such as race, age, gender, or type of
health insurance, allowing estimates to be adjusted to be more
representative of the general population.

As noted above, this study is subject to limitations related to
data availability, namely the period for which comprehensive

data was available. There have been advancements in EHR
adoption and use in the period from 2014 to now. EHR and HIE
adoption will continue to be advanced by data modernization
activities, which have in turn been spurred by gaps identified
in the COVID-19 pandemic. The data availability of important
measurements such as vitals, medications, and diagnoses will
likely become routinely captured and shared as part of these
activities. This suggests, and more recent literature suggests,
that the accuracy of computable phenotypes may improve with
these advancements [31,32].

Conclusions
This study demonstrates the feasibility of using EHR-derived
prevalence estimates as rough substitutes for population-based
survey estimates at the community level. It highlights the
importance of critically assessing which data elements to include
when deriving the EHR-based estimates. Using comprehensive
data sources, containing complete clinical data as well as data
representative of the population, may enhance local estimates.
The number of people represented in EHR data versus survey
data may allow for locally accurate EHR-based measurements
of subpopulations. This is critical when considering health
disparities as more robust measurements for subpopulations
may enable targeted public health interventions.
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