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Abstract
Background  Public health surveillance requires timely access to actionable data at every level. Current approaches 
for accessing chronic disease surveillance data are not sufficient, and health departments are increasingly looking 
to augment surveillance efforts using electronic health records (EHRs). While proven effective for acute syndromic 
surveillance, the utilization of EHR systems and health data networks for monitoring chronic conditions remains 
sparse. This study tested the generalizability of a previously validated hypertension computable phenotype.

Methods  A previously developed phenotype was used to estimate prevalence of hypertension in a geographically 
and clinically distinct region from its development. To test validity, the results were compared to available, statewide 
Behavioral Risk Factor Surveillance System (BRFSS) data using the two one-sided t-test (TOST) of 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/ethnicity.

Results  Compared to statewide hypertension prevalence of 34.5% in the BRFSS, an EHR-based phenotype estimated 
an overall prevalence of 24.1%. Estimates were not equivalent overall or across most subpopulations. Like BRFSS, we 
observed higher prevalence among Black men and women as well as increasing prevalence with age.

Conclusion  With caveats, this study demonstrates that EHR-derived prevalence estimates may serve as a 
complement for population-based survey estimates. Utilizing available EHR data should increase timeliness of 
surveillance as well as enhance the ability of states and local health agencies to more readily address the burden of 
chronic disease in their respective jurisdictions.
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Background
While efforts to enhance the public health infrastruc-
ture have been underway for almost a decade, inadequa-
cies uncovered by the COVID-19 pandemic prompted 
targeted action. The Centers for Disease Control and 
Prevention (CDC) is facilitating a broad set of data mod-
ernization (DMI) activities at federal, state, and local lev-
els [1]. A major focus in these DMI efforts is leveraging 
clinical data already captured in electronic health record 
(EHR) systems and health information exchange (HIE) 
networks [2]. Use of EHR systems for public health sur-
veillance of infectious diseases, including SARS-CoV-2 
and sexually transmitted diseases, has become routine in 
many jurisdictions [3, 4]. 

While proven useful for infectious disease surveillance, 
the utilization of EHR and HIE technologies for moni-
toring chronic conditions remains sparse. Enhancing 
chronic disease surveillance systems and processes can 
improve disease surveillance by identifying populations 
at risk. Additionally, it can assist with effective imple-
mentation of public health interventions for primary and 
secondary prevention. However, identification of chronic 
conditions within EHR data requires a validated, disease-
specific phenotype to ensure accuracy [5]. Phenotypes 
for EHR-derived data have previously been developed 
and implemented for conditions including diabetes mel-
litus [6] and opioid use disorder [7]. Additional pheno-
types are needed for other critical chronic conditions.

Hypertension is a chronic condition that is a risk factor 
for heart disease and stroke, which are two of the leading 
causes of death in the United States [8, 9]. Accordingly, 
preventing and controlling hypertension would result 
in large public health benefits. Given the importance of 
hypertension surveillance, creating and validating an 
EHR-derived phenotype for hypertension is a priority. 
There are several initiatives underway to address this 
issue [10, 11] but testing the generalizability of these phe-
notypes remains an understudied area, partially given the 
difficulty related to sharing of clinical data.

One project has addressed the generalizaibility of phe-
notypes by creating a network focused on this important 
work. The Multi-State EHR-Based Network for Disease 
Surveillance (MENDS) pilot project is a national network 
focused on chronic disease surveillance [12, 13]. As part 
of these efforts, MENDS developed an EHR-derived phe-
notype for identification of patients with hypertension 
[14]. This phenotype leverages blood pressure values, 
hypertensive medications, and diagnosis codes to gener-
ate a prevalence estimate. The phenotype has previously 
been compared to clinical data derived from a single 
institution in Louisiana, but a larger generalizability 
study has not yet been conducted [14]. 

The purpose of this study was to test the general-
izability of the MENDS hypertension phenotype by 

implementing it at another geographically and clinically 
distinct [12] region. This region represents two multi-
hospital health systems and a larger patient population. 
The overall goal of this study is to test generalizability of 
EHR-derived hypertension phenotypes as a step towards 
adoption of more-timely chronic disease surveillance.

Methods
Data sources
Indiana University and Regenstrief Institute joined the 
MENDS network in 2020, which enabled sharing of clini-
cal data and enhanced research capabilities. The data 
shared with MENDS is extracted via a regional health 
information exchange (HIE). Through participation in 
MENDS [12], the Regenstrief Institute shares data from 
two of the larger health systems in Indiana. Together, 
these health systems represent 1.5  million patients, 
approximately 22% of the population of the state, and 
multiple counties within the State. Between the two sys-
tems, millions of outpatient visits are recorded annually.

Available data are derived from EHR systems con-
nected to the Indiana Network for Patient Care (INPC), 
a statewide HIE network in Indiana.(15) Shared EHR 
data cover emergency department visits, hospital admis-
sions, and large outpatient healthcare clinics. Data were 
extracted from the two health systems for adults (at least 
18 years of age) with a home address in the state. For this 
analysis, the population represents those individuals who 
sought care at either of the two health systems between 
January 1, 2020 and December 31, 2021.

The MENDS phenotype(14) utilizes two years of 
EHR data to capture a representative number of clinical 
encounters, since individual healthcare utilization may 
not occur annually. This is especially true for individu-
als who consider themselves to be healthy. The MENDS 
hypertension algorithm was run against the Indiana 
EHR-derived dataset. This data is made available in the 
form of population-level statistics via the MENDS Risk-
Scape data visualization portal(16) which is provided to 
all MENDS sites. This portal serves as a method to dis-
play and interact with calculated population-level esti-
mates. Accordingly, the analysis for this study is done 
utilizing aggregated data retrieved from RiskScape on 
October 2, 2023 and covering the time period specified 
above.

We sought to compare publically available demograph-
ics to the EHR-derived demographics. To establish com-
parisons across other data categories, demographic data 
was procured from the Behavioral Risk Factor Surveil-
lance System (BRFSS), which is a nationally implemented 
survey of health-related behaviors, chronic health condi-
tions, and use of preventive services in the U.S. For this 
study, demographic variables from BRFSS included: pop-
ulation size, age groups, and race/ethnicity data.
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For comparison of hypertension results, we leveraged 
BRFSS. The prevalence estimates produced by BRFSS are 
carefully developed, validated, and are weighted to mini-
mize biases in response or coverage.(17) BRFSS collects 
data in all 50 states, the District of Columbia, and terri-
tories. However, for small geographics (e.g., county) or 
population subgroups, the large confidence intervals of 
BRFSS estimates may suggest imprecision.(18) For this 
study, we utilized statewide, Indiana data related to 2021 
prevalence estimates for hypertension.

Measures
Demographic prevalence measures included the cat-
egories of: gender, race/ethnicity, and age groupings 
(18–24, 25–29, 30–39, 40–49, 50–59, 60–69, 70–79, 
80+). For EHR-derived data, age at the time of index was 
utilized for age group classification. The age groupings 
were selected as they were the shared groupings across 
BRFSS and MENDS data, facilitating comarison. Race 
and ethnicity are presented as a single combined variable, 
reflecting limitations in comparable data capture across 
MENDS and BRFSS. MENDS prevalence measures 
were retrieved from the RiskScape portal, which gener-
ates pre-calculated, population-level measurements. The 
MENDS hypertension algorithm utilizes a combination 
of diagnosis codes, antihyprtensive medications, and 
blood pressure measurements. Blood pressure was con-
sidered elevated if ≥ 2 blood pressure values of ≥ 140/90 
were present on separate days [14]. 

Weighted BRFSS prevalence measures were compared 
to EHR-based weighted measures extracted from the 
Indiana MENDS dataset. The 2021 BRFSS facilitated an 
overall hypertension prevalence as well as rates by age, 
race/ethnicity, and gender. Hypertension prevalence was 
calculated utilizing the variable which asks the respon-
dent “Have you even been told by a doctor, nurse or other 
health professional that you have high blood pressure?” 
Respondents indicating “Yes” but not noting gestation-
ally related were considered to have hypertension. All 
other responses were considered negative. Given the 
uncertainly related to hypertension status, those who 
declined to answer the question (unknown or refused) 
were dropped from the analysis (n = 972, 9.9% of BRFSS 
cohort). Weighting was applied leveraging BRFSS’s 
weighting data and suggested methodologies, which 
accounts for population demographics and non-response 
[19]. 

Analysis
Descriptive statistics of demographics (age, gender, race/
ethnicity) were created for both the BRFSS and clinical 
cohorts. They were compared utilizing abosolute dif-
ferences. The primary analysis consisted of an equiva-
lency test between the MENDS-derived prevalence 

and the BRFSS-derived prevalence. Equivalence testing 
examines whether two independent statistics are simi-
lar 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 < 0.05, 
then the null hypothesis is rejected with a conclusion 
that the two statistics differ by less than the specified 
amount. We employed the two one-sided t-test (TOST) 
to test equivalence between BRFSS- and MENDS-based 
prevalence estimates. The TOST has been utilized suc-
cessfully in similar studies [20, 21] and is increasingly a 
tool for understanding equivalency in prevalence for 
public health data. Additionally, TOST methodology 
assists to address concerns related to large sample sizes, 
such as those obtained from EHR data [22]. The TOST 
was performed at the overall level as well as stratified by 
age, gender, race/ethnicity, age-gender, and gender-race/
ethnicity. Analyses were conducted at the 95% confidence 
interval and at the 90% confidence interval, which has 
been determined to be a suitable interval for comparing 
population based estimates [20]. 

All analyses were conducted in R (4.2.1), with package 
“dplyr” and Microsoft Excel [15]. Institutional Review 
Board (IRB) approval for the MENDS network was 
approved by Indiana University. IRB approval for this 
specific study was not required analysis given the utiliza-
tion of publicly available (BRFSS) and de-identified data.

Results
Descriptive statistics of demographics for the hyperten-
sive group within each cohort (BRFSS and Clinical) are 
presented in Table 1. Overall, there are small differences 
between the two populations. The clinical data had more 
females compared to the BRFSS data (54.4% vs. 51.4% 
respectively). The age group distribution varied. Clini-
cal data had slightly higher proportions of younger age, 
whereas BRFSS had slightly higher proportions for older 
populations. Black patients represented a greater propo-
tion of patients in the clinical data compared to BRFSS 
(13.9% compared to 10.18%). The BRFSS cohort had 
more unknown/other race/ethnicity (3.78% compared to 
1.38%).

The primary analysis, consisting of equivalency testing 
for prevalence for BRFSS compared those obtained from 
the MENDS RiskScape visualization portal, are presented 
in Table  2. The overall hypertension rates were 34.5% 
(BRFSS) and 24.1% (EHR) respectively. Both cohorts 
identified a higher prevalence of hypertension for males 
(BRFSS 35%, MENDS 24.5%) and increasing prevalence 
with age. TOST results showed wide absolute differ-
ences observed across many categories. No results were 
statistically significant at the 95% confidence interval 
level. At the 90% confidence interval, Hispanic ethnicity, 
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aged 18–24, and female aged 18–24 were equivalent. The 
remaining were not statistically significant.

Discussion
Chronic diseases are major sources of morbidity and 
mortality and effective public health intervention to 
address these health burdens is critical [23]. In order to 
properly conduct sureveillance and intervention activi-
ties, population health management requires timely 
access to data. Under the CDCs data modernization 
activities [1], clinically-derived data sources are a prior-
ity. Clincal data sets being collected through routine, 
real-time health care, could strengthen the ability of pub-
lic health to monitor chronic conditions [24, 25]. Previ-
ous work by MENDS has advanced the ability to identify 
patients with chronic conditions, including hyperten-
sion, from within clinical data [14]. This study sought to 
advance these efforts by testing the generalizability of a 
previously proven phenotype.

Currently, public health surveillance for chronic dis-
ease is largely handled through the use of self-report data, 
such as the BRFSS. However, these large, manually inten-
sive surveys require considerable resources and are often 
delayed due to the time required to field the survey and 
analyze results. Moreover, federal datasets are vulnerable 
to political influence, exampled by BRFSS datasets taken 
offline on January 31, 2025 [26], and not yet online as of 
submission of this manuscript. Our study demonstrates 
that EHR-data may be a suitable complement to the cur-
rently utilized self-report data, especially if these data are 
captured and retained by local and state jurisdictions. 
For demographics, there are no meaningful differences, 
except for two categories: age group 40–49 and the Black 

racial group, which were 4.18% and 3.74% higher in the 
EHR-derived data. For the Indiana Black community, the 
EHR-derived hypertension prevalence rate better aligns 
with known prevalence of the condition within the State. 
This suggests that EHR-derived estimates may be helpful 
for addressing minority populations within a community, 
which are often not well-represented in national surveys 
[27]. 

EHR-derived estimates may be complementary [28] to 
clinical data in several ways. First, clinical data estimates 
may be timelier than the national surveys (i.e., BRFSS). 
Locally representative, weighted surveys require time to 
administer and analyze the data, which result in delays 
that which may not reflect the current community trends. 
Adding to the delay concerns is that certain questions are 
frequently not asked each year, as is the case with BRFSS 
and hypertension. Instead, the hypertension question is 
asked every other year to maximize the number of sur-
veillance items without overburdening the participant. 
The result is that these conditions cannot be tracked on 
a year-to-year basis. Additionally, the questions lack the 
specificity that is possible in clinically-derived data. As 
an example, BRFSS asks whether an individual “has ever 
been diagnosed” which reflects a lifetime, not necessarily 
current. EHR-based data can also include medications, 
which can allow for treatment prevalence or ascertaining 
controlled versus uncontrolled hypertension.

In addition to being more timely than national surveys, 
utilizing hypertension measurements which rely on EHR 
data may be more accurate in two ways. Calculations 
generated on localized, clinical data produce smaller 
confidence intervals, which may ensure stability and 
precision in the estimates over time. Moreover, national 

Table 1  Demographics and comparison of the clinically derived cohort and the hypertensive BRFSS cohort, state of Indiana, 2021
BRFSS Cohort (n = 4,124) Clinical Cohort 

(n = 301,124)
Difference

Gender
Male 2,003 (48.57%) 137,435 (45.64%) 2.93%
Female 2,121 (51.43%) 163,689 (54.36%) -2.93%
Age
18–24 32 (0.78%) 3,525 (1.17%) -0.39%
25–29 55 (1.33%) 7,378 (2.45%) -1.12%
30–39 209 (5.07%) 24,296 (8.07%) -3.00%
40–49 342 (8.29%) 37,569 (12.48%) -4.18%
50–59 719 (17.43%) 59,972 (19.92%) 2.39%
60–69 1,135 (27.52%) 75,669 (25.13%) 4.94%
70–79 1,032 (25.02%) 60,485 (20.09%) 1.35%
80+ 497 (12.05%) 32,230 (10.70%) 2.66%
Race
White 3,417 (82.86%) 241,495 (80.20%) 2.66%
Black 29 (10.18%) 41,925 (13.92%) -3.74%
Asian 420 (0.70%) 3,363 (1.12%) -0.41%
Hispanic 102 (2.47%) 9,987 (3.32%) -0.84%
Other 156 (3.78%) 4,153 (1.38%) 2.40%
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surveys, like BRFSS, target representation at national and 
state levels and are, therefore, not always locally repre-
sentative [29]. Additionally, the BRFSS also suffers from 
poor response rates [27], which may influence selection 
bias. This is particularly important for jurisdictions with 
subpopulations that may not be represented in national 
surveys (e.g., American Indians, refugees from a certain 

region). This is of critical importance, especially given 
the imperative for improving health outcomes across all 
populations. Clinical data represent patients being seen 
locally for care, enabling the highly localized estimates 
and therefore more actionable by local jurisdictions. 
Previous work [30] demonstrates that EHR-based data 
can be used to estimate prevalence at the neighborhood 

Table 2  Results of TOST equivalency testing between the clinically derived cohort and the hypertensive BRFSS cohort, state of 
Indiana, 2020–2021

BRFSS Clinical
% % Δ ∆95% CI ∆90% CI

Overall 34.50% 24.10% -10.4 (-11.5, 1.7) (-11.3, 1.7)
Male 37.20% 24.50% -12.7 (-14.4, 2.5) (-14.1, 2.3)
Female 32.00% 23.80% -8.2 (-9.7, 2.2) (-9.4, 2.0)
Caucasian 35.80% 26.30% -9.5 (-10.7, 1.9) (-10.5, 1.7)
Asian 14.00% 15.30% 1.3 (-4.8, 9.2) (-3.8, 8.2)
Black 42.80% 27.40% -15.4 (-19.8, 6.6) (-19.0, 5.9)
Hispanic 15.60% 15.30% -0.3 (-3.8, 5.3) (-3.2, 4.7)*
Other 28.00% 4.70% -23.3 (-28.8, 8.3) (-27.9, 7.4)
18–24 6.05% 4.70% -1.4 (-3.7, 3.5) (-3.3, 3.1)*
25–29 13.00% 6.50% -6.5 (-10.3, 5.7) (-9.7, 5.1)
30–39 18.00% 11.10% -6.9 (-9.4, 3.8) (-9.0, 3.4)
40–49 27.10% 18.90% -8.2 (-11.0, 4.2) (-10.5, 3.8)
50–59 42.20% 28.70% -13.5 (-16.2, 4.0) (-15.7, 3.6)
60–69 56.70% 36.70% -20.0 (-22.5, 3.8) (-22.1, 3.4)
70–79 66.00% 42.80% -23.2 (-26.0, 4.2) (-25.5, 3.7)
80+ 62.20% 37.80% -24.4 (-28.7, 6.5) (-28.0. 5.8)
Male Caucasian 38.61% 27.00% -11.6 (-13.5, 2.8) (-13.2, 2.5)
Male Asian 16.04% 17.20% 1.2 (-7.7, 13.3) (-6.2, 11.9)
Male Black 45.59% 24.80% -20.8 (-27.7, 10.4) (-26.6, 9.3)
Male Hispanic 17.17% 15.80% -1.4 (-6.5, 7.8) (-5.7, 6.9)
Male Other 31.09% 5.40% -25.7 (-33.4, 11.7) (-32.2, 10.4)
Female Caucasian 33.11% 25.70% -7.4 (-9.0, 2.5) (-8.8, 2.2)
Female Asian 11.95% 14.00% 2.1 (-6.2, 12.5) (-4.9, 11.2)
Female Black 40.31% 29.40% -10.9 (-16.3, 8.2) (-15.4, 7.3)
Female Hispanic 13.91% 14.80% 0.9 (-3.9, 7.2) (-3.1, 6.4)
Female Other 24.55% 4.10% -20.4 (-27.8, 11.2) (-26.6, 10.0)
Male 18–24 8.60% 4.20% -4.4 (-8.2, 5.8) (-7.6, 5.1)
Male 25–29 14.78% 5.70% -9.1 (-14.8, 8.7) (-13.9, 7.7)
Male 30–39 22.09% 10.60% -11.5 (-15.4, 5.9) (-14.8, 5.3)
Male 40–49 32.91% 19.30% -13.6 (-18.0, 6.6) (-17.3, 5.1)
Male 50–59 45.80% 29.60% -16.2 (-20.1, 5.9) (-19.5, 5.2)
Male 60–69 60.42% 37.20% -23.2 (-26.8, 5.4) (-26.2, 4.8)
Male 70–79 70.29% 42.30% -28.0 (-31.9, 5.8) (-31.2, 5.2)
Male 80+ 60.05% 37.60% -22.4 (-29.6, 10.8) (-28.4, 9.6)
Female 18–24 3.36% 5.00% 1.6 (-0.9, 3.8) (-0.5, 3.4)*
Female 25–29 11.18% 7.00% -4.2 (-9.1, 7.4) (-8.3, 6.6)
Female 30–39 13.93% 11.40% -2.5 (-5.6, 4.6) (-5.1, 4.1)
Female 40–49 21.64% 18.60% -3.0 (-6.5, 5.3) (-6.0, 4.7)
Female 50–59 38.58% 27.90% -10.7 (-14.3, 5.4) (-13.7, 4.8)
Female 60–69 53.18% 36.20% -17.0 (-20.5, 5.3) (-19.9, 4.7)
Female 70–79 62.40% 43.20% -19.2 (-23.1, 5.8) (-22.4, 5.2)
Female 80+ 63.53% 38.00% -25.5 (-31.0, 8.3) (-30.1, 7.4)
*Results statistically significant
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level, enabling better stewardship of local public health 
resources.

Another way that clinical data may be preferable com-
pared to self-reported survey information relates to 
response and recall bias. The clinical phenotypes lever-
age variables (blood pressure measurements, diagnosis 
codes) that are collected at the point of care, rather than 
relying on the recall of survey respondents. Patient recall 
can be influenced by many phenomena, such as recency 
of the information being obtained, the respondents mood 
at the time of questioning, and their past experiences 
related to the condition [31]. Comparatively, clinical data 
are captured at a point in time by a health care provider 
and represent rates of hypertension during the period of 
interest. For example, BRFSS asks whether the individ-
ual has been told they are hypertensive in their lifetime, 
which may not reflect their current health status. How-
ever, the phenotypes for estimating clinical prevalence 
can cause variation and public health jurisdictions should 
seek to understand the data thoroughly and think about 
implications for interpretation. Results can vary depend-
ing on the phenotype utilized to identify hyperten-
sive patients [11], the availability of data elements (e.g., 
blood pressure measurements), or other elements such 
as geography or age-standardization [32]. In this study, 
the BRFSS data represented a statewide population ver-
sus the EHR data from two large providers representing 
less than a quarter of the state population. This difference 
likely accounts for the non-significance of findings, yet 
the estimates might still represent truth given they were 
measured from real patients presenting for care.

An additional benefit of leveraging clinical data is 
the ability to adjust to current clinical guidelines. Self-
reported survey data lacks the specificity to understand 
whether the diagnosis falls within current clinical guide-
lines. For example, self-report data is not sensitive to 
the recent shift to classifying an individual as hyperten-
sive at ≥ 130/80 compared to the previous standard of 
≥ 140/90. Self-reported data may lack nuance where clini-
cal phenotypes can be updated to address these evolving 
defintiions.

There are considerations to be aware of when pro-
ceeding with clinically derived data. As with any calcu-
lations of prevalence, there are particular features to pay 
close attention to. A prime example for represented in 
this study is that the timeframe overlaps the time period 
of COVID-19, where healthcare patterns varied, with 
delayed care being a primary concern [33]. Accordingly, 
the prevalence produced may not reflect the true rate 
of hypertension in the community for the time period. 
Additionally, the clinical population may differ from sur-
vey populations. For example, the clinical population are 
more likely to have chronic conditions, be experiencing 
acute symptoms (opposed to asymptomatic), be older, 

and insured [34–36]. Moreover, in this study, the clinical 
population represented around one-quarter of the popu-
lation and geography of the state compared with BRFSS 
which sampled individuals across the state (although we 
note many counties are under-represented in the BRFSS). 
When calculating prevalence it is important to under-
stand all parameters, including data collection param-
eters, that may have existed during the period of interest. 
Weighting and adjusting for sampling is critical to inci-
dence and prevalence estimates using any data source. 
Moreover, examining longitudinal data and trends across 
years should also be done in the future to better assess 
how EHR data can complement other data sources.

The widespread use of EHR-based data for surveillance 
is not without limitations. Importantly, barriers currently 
exist related to data access. Many data desired by pub-
lic health are not currently part of mandatory reporting 
requirements at local or national levels, and governance 
barriers often exist for direct access by local or state 
health departments. To-date, mandatory reporting laws 
have focused on communicable diseases, making surev-
eillence of chronic conditions utilizing clinically-derived 
data challenging and buy-in difficult [2]. It is posited 
that addressing these barriers is critical to a modernized 
data infrastructure and it should be a priority to facili-
tate data-sharing activities at state and local levels [2]. 
There are several examples of successful data-sharing 
governance frameworks, including the one used by the 
MENDS network [12]. In addition, the U.S. Office of the 
National Coordinator for Health Information Technology 
has certified several Qualified Health Information Net-
works or QHINs that leverage a common framework [37] 
for trusted exchange of clinical data, which the U.S. gov-
ernment hopes can also be leveraged for public health use 
cases [38]. The public health community should leverage 
existing models and lessons learned, where possible, to 
enable data sharing for chronic disease surveillance.

While EHR-derived data has many benefits for surveil-
lance, it is important that the public health community 
understand its limitations. A major concern is data qual-
ity and accuracy [39]. Large, clinically-derived data sets 
can produce statistically significant results given the 
sheer number of observations [40]. However, data quality 
issues may influence the accuracy of these results. Under-
standing the data being utilized to generate the pheno-
type is critical. Additionally, careful considertation of the 
derived prevalence should be undertaken. While results 
may not be statistically different, the absolute numbers 
may be meaningful.

This observational study has limitations worth noting. 
First, observational studies leveraging real-world clini-
cal data are subject to bias and confounding factors that 
are not present in other research methods [41]. One such 
factor is that the population seeking clinical care may be 
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different from the general population in ways that are not 
fully understood. This study examined the demograph-
ics and found only minor differences in the representa-
tiveness of the two cohorts, but this may not account for 
variation based upon health status, akin to the limita-
tions of healthcare seeking behavior discussed above. The 
limited diversity of Indiana may limit the generalizabil-
ity to other areas and may have inhibited the detection 
of meaningful race/ethnicity differences. This study also 
has limitations related to geography and data collection. 
Patients come from multiple counties around the entire 
State, but this may not be representative of the state as 
a whole. This study is unable to analyze the prevelance 
changes with the updated clinical guidelines, which may 
affect the long-term equivalence of the phenotype. How-
ever, both data sets were gathered prior to this change 
being implemented. Additionally, this study leverages a 
comparison of a survey question (“have you ever in your 
lifetime…”) compared to clinical measurements, which 
may influence the findings of this study. Another limita-
tion is the analyses involving racial and ethnic data suffer 
from missing or poor data collection [42], which is a key 
concern critical to address as part of data modernization 
efforts.

Conclusion
Utilizing clinical data for chronic disease surveillance 
is a high-value opportunity for public health systems, 
yet it is currently infrequently leveraged or not lever-
aged at its full capability. The CDC’s data modernization 
efforts include leveraging data sources, such as clinical 
EHR data related to chronic diseases, to enable action at 
combating morbidity and mortality. The MENDS proj-
ect uniquely contributes to these activities by creating 
robust governance and methods for supporting surveil-
lance of chronic disease. Specifically, the development of 
validated, reusable phenotypes is a critical component 
towards scaling of chronic disease surveillance using 
EHR-derived data. This project has shown that pheno-
types developed and tested in other geographic locations 
are generalizable beyond their population borders and 
may be a complementary tool for chronic disease sur-
veillance. Sharing these phenotypes and lessons will sup-
port national surveillance efforts to better measure and 
address chronic disease.
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