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Summary

What is already known on this topic?

Existing survey-based surveillance programs provide important informa-
tion on the epidemiology of chronic and infectious diseases. Electronic
health record (EHR) data can be used to supplement surveillance efforts.

What is added by this report?

In this study, we describe the attributes and challenges of using EHR data
for disease surveillance. We describe surveillance case studies and future
directions for enhancing opportunities to use EHR data for public health
surveillance.

What are the implications for public health practice?

EHR data have an important role for public health surveillance both for
chronic and infectious diseases, providing comprehensive information
available soon after data collection. Strategic funding and financing mod-
els need to be developed, and federal, state, and local support could help
establish EHRs as an important sustainable mechanism for surveillance.

Abstract

Introduction
PCORnet, the National Patient-Centered Clinical Research Net-
work, is a large research network of health systems that map clin-
ical data to a standardized data model. In 2018, we expanded ex-
isting infrastructure to facilitate use for public health surveillance.
We describe benefits and challenges of using PCORnet for sur-
veillance and describe case studies.

Methods
In 2018, infrastructure enhancements included addition of a table
to store patients’ residential zip codes and expansion of a modular
program to generate population health statistics across conditions.
Chronic disease surveillance case studies conducted in 2019 as-
sessed atrial fibrillation (AF) and cirrhosis. In April 2020, PCOR-
net established an infrastructure to support COVID-19 surveil-
lance with institutions frequently updating their electronic health
record data.

Results
By August 2023, 53 PCORnet sites (84%) had a 5-digit zip code
available on at least 95% of their patient populations. Among
148,223 newly diagnosed AF patients eligible for oral anticoagu-
lant (OAC) therapy, 43.3% were on any OAC (17.8% warfarin,
28.5% any novel oral anticoagulant) within a year of the AF dia-
gnosis. Among 60,268 patients with cirrhosis (2015–2019), com-
mon documented etiologies included unknown (48%), hepatitis C
infection (23%), and alcohol use (22%). During October 2022
through December 2023, across 34 institutions, the proportion of
COVID-19 patients who were cared for in the inpatient setting
was 9.1% among 887,051 adults aged 20 years or older and 6.0%
among 139,148 children younger than 20 years.

Conclusions
PCORnet provides important data that may augment traditional
public health surveillance programs across diverse conditions.
PCORnet affords longitudinal population health assessments
among large catchments of the population with clinical, treatment,
and geographic information, with capabilities to deliver rapid in-
formation needed during public health emergencies.

Introduction
Electronic health records (EHRs) contain extensive longitudinal
health information about patients and populations (1). Over the
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last decade, prompted by federal meaningful use guidelines and
incentives, EHRs have become ubiquitous in health care settings
(2). Because of their wide availability, EHRs are a viable option
for disease surveillance and have some advantages over tradition-
al survey-based surveillance methods, such as the National Health
and Nutrition Examination Survey and the Behavioral Risk Factor
Surveillance System (Table 1) (3,4).

Some of the most important attributes of EHRs for surveillance in-
clude timeliness of data and availability for large populations.
EHR data are collected daily through routine clinical care delivery
and can be made available quickly if resources are available for
processing and data curation. In contrast, large national surveil-
lance programs typically use surveys or field data collection, fol-
lowed by data processing that can lead to extensive lag times
between data collection and availability. The scope of EHR data
available also can provide important granular information about
subgroups. For example, although retrieving metro area and small
area modeling estimates via national surveillance surveys is pos-
sible, these data are often restricted for privacy reasons and, in
some cases, are imputed rather than directly measured (4–6). Fur-
thermore, the sample size of surveys limits the availability of data
on rare conditions or less common subgroups of individuals, such
as among racial and ethnic minority groups (4,6). Because of the
availability of data on vast populations that allow for numbers
large enough to stratify by even uncommon subgroups, EHRs can
provide data for specific geographic regions and populations
(3,6,7).

Another area of potential benefit of EHRs for surveillance is the
availability of longitudinal objective, measured data, such as vital
signs and laboratory values. These data allow for more accurate
definitions (ie, phenotypes) of disease, such as using a combina-
tion of medication prescriptions, laboratory values, and vital signs
to define chronic disease (4). Measured data can also enable an ob-
jective determination of disease severity and disease control over
time, such as defining whether patients are meeting guideline con-
trol targets for diabetes or hypertension by using glycosylated
hemoglobin or measured blood pressure values. These data can
provide information both cross-sectionally and longitudinally in
cohorts that receive care over time. National surveillance surveys
typically rely on self-reported information or single vital sign or
laboratory values to define disease prevalence and incidence.
Lastly, EHRs can offer longitudinal information with short
latency, allowing for capture of information on changing health
status, in contrast to that collected through the lengthy process of
repeated survey administration (7).

EHR data present some challenges, including with data quality
and representativeness. Missing data also are common for myriad
reasons. The fragmented health care system in the US precludes

comprehensive data integration across care settings, and patients
often receive care in multiple institutions with different data sys-
tems (8,9). Even when information from other health care institu-
tions can be viewed within the health care system that serves as
the medical home for a patient (eg, Care Everywhere in Epic), that
information may not be captured in clinical data warehouses that
can be used for surveillance. Clinical notes written in free text may
not be easily translated to structured data fields, resulting in miss-
ing information on symptoms and exposures (10). Furthermore,
clinical data available in EHRs do not typically include informa-
tion on social determinants, quality-of-life measures, and other
health behavior information that could be more readily collected
through national surveys. Some social determinants data can be in-
tegrated when available geographic information can be linked to
community-level data from the US Census and other data re-
sources (11,12). Another drawback of EHR surveillance is that
data may not be representative, and clinical practice patterns may
differ between sites, leading to heterogeneity in data available due
solely to the differential ascertainment of diagnoses, for example.
Exploration of the epidemiology of disease by geography also is
heavily dependent on the number of institutions per geographic
area providing data. EHR data have information on patients who
are seeking care, likely biasing inferences toward certain demo-
graphic groups receiving more medical care and patients who have
chronic conditions, have health insurance coverage, or live in urb-
an areas (12). However, unlike claims data that are typically lim-
ited to commercial insurance, Medicaid, or Medicare separately,
EHR data are typically agnostic to payer source and have informa-
tion on patients with a diverse array of insurance sources, includ-
ing those who are uninsured (13) (Table 1).

In this article, we discuss the use of EHR data for public health
surveillance in a large national research network and present case
studies of its use for chronic disease and its later adaptation for
COVID-19 surveillance during a public health emergency.

Methods
PCORnet as a data source for public health
surveillance

PCORnet, the National Patient-Centered Clinical Research Net-
work, is a research infrastructure program that was established to
support use of health care data for comparative effectiveness re-
search (14). This network-of-networks includes more than 60
health care systems embedded in 8 Clinical Research Networks
(https://pcornet.org/network/), with a regulatory infrastructure that
prioritizes data sharing while protecting patient privacy. Data from
millions of patients from different source EHR systems are har-
monized locally into a standard data set, called a Common Data
Model (CDM). This CDM is updated over time to incorporate new
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and evolving data elements and is nearly identical across all parti-
cipating institutions, allowing for centralized querying and inter-
operability of data across sites (15). The data elements include
comprehensive clinical information, including prescriptions, dia-
gnoses, procedures, vital measures, laboratory values, and geo-
graphic information, among other data elements, from all care set-
tings relevant for a specific health care system (eg, ambulatory,
emergency department, inpatient).

Quarterly data quality reviews allow for a comprehensive assess-
ment of conformance, completeness, plausibility, and persistence,
with feedback provided on issues discovered. Data sharing across
the network is accommodated by a Master Data Sharing Agree-
ment, with further regulatory processes outlined to accommodate
varied circumstances required for research and operations (14,16).
PCORnet also has a “front door” mechanism for investigators to
request data queries or study collaborators (17).

PCORnet has a distributed query infrastructure, and users can sub-
mit a query and obtain a coordinated response that combines data
across participating health systems (16). PCORnet also is an en-
gaged network in which investigators, informatics specialists,
clinicians, patients, and other partners from sites can provide con-
text and information regarding the data available from that site.

Reusable SAS-based tools that have been developed for PCORnet
are available for querying data, with regular updates for CDM
changes and to enhance functionality for new data needs. These
tools are modular descriptive programs that can be quickly adap-
ted to create and characterize cohorts with aggregate data, using
tables and variables defined in the PCORnet CDM. While PCOR-
net has protocols allowing for the transfer of patient-level data to
requestors, the availability of a reusable process for obtaining ag-
gregate data from partners allows for assessments that can often be
completed quickly. While less flexible than centralized, pooled
data available for analysis, aggregate data are typically sufficient
for surveillance.

PCORnet has several capabilities that foster successful public
health surveillance. As a national EHR surveillance program with
multiple contributing entities, PCORnet contains data on more
than 30 million patients annually (16). PCORnet has broad geo-
graphic representation with most sites providing data from both in-
patient and outpatient settings (https://pcornet.org/data/). The net-
work provides access to patients with longitudinal follow-up, of-
ten over many years; populations large enough to allow for exam-
ination of subgroups, such as by race and ethnicity, geography,
and multimorbidity; and opportunities to capture adequate num-
bers of patients with rare diseases to make important inferences
about prevalence. Data captured on race are considerably more
complete than those found in some other commonly used clinical

data sets (18). For example, among all patients with encounters in
34 PCORnet sites during October 2022 through December 2023,
race and ethnicity information was missing for 9.5% of those
younger than 20 years and 8.7% of those aged 20 years or older
(Table 2). Race and ethnicity missingness was lower for patients
with diagnostic codes for COVID-19, positive laboratory tests for
SARS-CoV-2, or recent prescriptions for COVID-19 medications:
7.6% for patients younger than 20 years and 5.1% for patients
aged 20 years or older (data not shown).

In 2018, PCORnet began to expand capabilities of the network to
conduct EHR-based surveillance, specifically focused on chronic
disease. The program was initially used for pilot projects that built
capacity for geographic data capture. In March 2020, the network
began exploring whether its resources, including the newly estab-
lished capabilities for chronic disease surveillance, could be adap-
ted for COVID-19 surveillance. This shift required some changes,
especially to provide more timely data. PCORnet expanded its in-
frastructure to include the ability to frequently, up to twice
monthly, refresh data. With regularly refreshed data and modular
programs, data can now be available for public health profession-
als and researchers in a matter of weeks. Simple analyses that only
require basic counts and frequencies can be provided even more
quickly.

Expanded data and tools for surveillance and case
studies in PCORnet

Starting in 2019 with CDM version 5.0, PCORnet incorporated a
new, optional CDM table containing patient-level geographic in-
formation. This table allowed sites to include patient information
on 9- and 5-digit zip code, city, state, and the start and end date for
that address information. To accommodate surveillance queries in
PCORnet, we developed a geographic assessment module to query
this address data (16). The module allows for the characterization
of a cohort based on the most recent address stratified by zip code,
city, state, or Census region. Queries also can pull patient-level
data with zip-code or mapped US Census Bureau’s data elements.
The geographic module was piloted at several PCORnet health
systems for chronic disease surveillance case studies, including at-
rial fibrillation (AF) and liver cirrhosis.

Starting in April 2020, select PCORnet institutions collaborated on
a response to the COVID-19 pandemic that would allow for more
frequent querying of data. Institutions developed a CDM that con-
tained data for a subset of their total patient population, including
only patients who had a diagnostic code for a respiratory virus or
infection or a viral laboratory test for SARS-CoV-2. The inclu-
sion criteria for this subset CDM were later expanded to include
COVID-19 therapeutics and vaccines. Filtering the broader popu-
lation using these criteria allowed for quicker refreshes of data, fa-
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cilitating reports on data with a latency of a few weeks, in contrast
to the regular quarterly updates. This process also was a more
practical approach for sites, given that frequent refreshes of their
complete patient population data would take extensive effort and
data storage. Sites initially updated their filtered CDM biweekly
and then later monthly or on request.

The PCORnet team leading this surveillance effort also changed
the modular statistical programs to allow for characterization of
cohorts using results of qualitative viral testing information, avail-
able mortality information (ie, typically deaths reported to the
health care system or in-hospital deaths) and records of vaccina-
tions given in the health care system or populated in EHRs from
state registry linkages, when available. The statistical programs
also were updated to allow for distributed advanced analytics, in-
cluding the use of multiple regression models that execute behind
institutions’ firewalls and return only summary model output;
these results can be combined across sites using meta-analytic
techniques (19). Since October 2020, PCORnet has participated in
a cooperative agreement funded by the Centers for Disease Con-
trol and Prevention (CDC) to provide COVID-19 information
from up to 43 PCORnet institutions on a biweekly basis.

Results
The geographic query module was released for use in PCORnet in
July 2019. Geographic data returned from queries were well dis-
tributed but contained many sparsely populated zip codes. Zip
code data typically were not available retrospectively; many sites
only began capturing the geographic information prospectively at
the time of its CDM release. County information was added to the
CDM during the release of CDM 6.1 in April 2023.

By August 2023, 62 of 63 (98%) PCORnet institutions had popu-
lated geographic information. Among sites, 59 (94%) had at least
some information on 5-digit zip code, with 53 (84%) having 5-
digit zip available on at least 95% of their patient population. For
9-digit zip codes, 42 (67%) sites had some information on pa-
tients, with 10 (16%) having this information populated for at least
75% of their population. The pilot projects on AF and liver cir-
rhosis tested the implementation of this geographic data table and
use of the geographic query module.

Oral anticoagulant use

Oral anticoagulant (OAC) therapy is proven to reduce the risk of
stroke and is the standard treatment for stroke risk reduction in pa-
tients with AF (20,21). Some local studies have found that about
half of patients with AF at risk of stroke do not get OAC prescrip-
tions (22–25). However, little information exists on the rate of pre-
scriptions of OACs across US states. We used data from 4 PCOR-
net Clinical Research Networks (CAPriCORN, STAR, REACH-

net, and ADVANCE) and investigated the OAC prescription rate
in 22 states. Patients newly diagnosed with AF between January
2014 and December 2019, with a CHADSVASC score of 2 or
more, no history of stroke, and known zip code were included in
our analysis. The CHADSVASC score includes information on
risk factors for stroke among patients with AF and is used to cal-
culate a predicted probability of stroke; a score of 2 or more is
considered high risk for stroke (26). Among 148,223 newly diag-
nosed AF patients eligible for an OAC, 43.3% were on any OAC,
17.8% received any warfarin, and 28.5% received any novel oral
anticoagulant (NOAC) in the year following AF diagnosis. OAC
prescription rates varied greatly across states, ranging from 28.4%
in Virginia to 54.0% in Indiana.

OAC prescriptions continue to be low in patients with AF and
vary across health systems and geographic regions. These results
are consistent with findings from previous studies (22–25). Our
findings provided comprehensive information on OAC use across
regions but were not nationally representative. The study only ex-
amined health systems that were part of the CRNs involved in the
study: 6 from CAPriCORN, 2 from REACHnet, and 1 each from
STAR and ADVANCE.

Cirrhosis

Cirrhosis, irreversible damage to the liver, is a leading cause of ill-
ness and death in the US (27). Despite its importance as a major
medical condition, one of the most important challenges for de-
termining population prevalence and geographic distribution is the
lack of a unified repository of patients with cirrhosis. PCORnet
provided an opportunity to explore the epidemiology of cirrhosis
using diagnostic codes in EHRs. In this pilot study, we included
any patient aged 18 years or older with a qualifying International
Classification of Diseases (ICD) code for cirrhosis (ie, ICD-9 or
ICD-10) who received care at a participating center during the cal-
endar years 2015–2018. The study included 9 health systems from
3 Clinical Research Networks, with strong overlap with the AF pi-
lot: STAR, CAPriCORN, and REACHnet. Patient zip code was
assessed as zip code of residence both within 90 days of cohort in-
clusion and within any prior period before inclusion.

Overall, we identified 60,268 patients with ICD codes for cir-
rhosis. Patients were 58% (n = 34,908) male, 57% (n = 34,458)
White race, and 81% (n = 48,646) non-Hispanic ethnicity, with a
mean age of 58 years. The most common etiologies for cirrhosis
were hepatitis C (n = 13,882; 23%) and alcohol (n = 13,187;
22%); however, nearly half of patients (n = 29,177, 48%) did not
have a clear etiology of liver disease documented in the EHR.
When geographic data were restricted to a period that was within
90 days of diagnosis of cirrhosis, residential zip code was highly
missing (86% missing); missingness was much lower for records
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of any zip code documented in the EHR before study inclusion
(33% missing). This study was conducted relatively soon after the
geographic information was first provided in the CDM. Because
most sites populated their geographic information prospectively,
missingness will improve over time, allowing for PCORnet to be
effectively used for important public health surveillance of cir-
rhosis by geography.

COVID-19 surveillance

PCORnet was able to quickly transition to infectious disease sur-
veillance and began reporting COVID-19 national data in April
2020. Since October 1, 2020, working with CDC, 43 PCORnet in-
stitutions have been engaged in a broad surveillance effort in
which queries are conducted up to twice monthly on varied topics,
with aggregate data provided to CDC in support of pandemic re-
sponse. The surveillance effort has led to over 50 data queries. In a
recent query, focused on the period of October 1, 2022, to Decem-
ber 31, 2023, 34 of the participating PCORnet institutions recor-
ded 887,051 patients aged 20 years or older and 139,148 patients
younger than 20 years who tested positive for SARS-COV-2, re-
ceived a COVID-19 therapeutic, or had an ICD-10 code for
COVID-19, with geographic information available by state.
Among these patients, 80,712 (9%) of the patients aged 20 years
or older and 8,322 (6%) of the patients younger than 20 years were
cared for in the inpatient setting. We have mapped zip code data
available in this population to designated geographic variables, in-
cluding US Census Bureau variables for rurality and urbanicity
and area deprivation index. These variables were well populated
with missing data for 3%–4% of the population. Most patients
lived in urban settings (88%–89%). For area deprivation index
scores, 44% of patients aged 20 years or older and 51% of pa-
tients younger than 20 years were in the top 2 quartiles (ie, higher
area deprivation).

This COVID-19 surveillance program has generated important in-
formation on the prevalence of post-acute sequelae of SARS-CoV-
2 infection (28), disparities in uptake of COVID-19 therapeutics
(18,29), cardiac complications after COVID-19 mRNA vaccines
and SARS-CoV-2 infection (30), and association of uncontrolled
diabetes and hypertension and severe COVID-19 (19). Informa-
tion also was captured on trends in chronic and infectious disease
incidence and preventive care services before and during the pan-
demic and the incidence of and therapeutics for mpox to support
CDC’s response. The infrastructure developed for this CDC-
funded project also was leveraged for other large-scale research
programs, such as providing preliminary data for the National In-
stitutes of Health RECOVER Initiative (31).

 

Discussion
With the availability of patient-level geographic information, large
populations, and comprehensive longitudinal clinical data, PCOR-
net and similar networks can fill in gaps for existing national sur-
veillance infrastructure. Pilot surveillance projects provided valu-
able lessons for use of PCORnet infrastructure that was leveraged
for the national COVID-19 public health response.

Streamlined regulatory processes are critical to accommodate effi-
cient surveillance work. For example, we pursued individual insti-
tutional review board (IRB) approvals for each chronic disease
surveillance pilot project; all IRB approvals required more than 6
months to complete. Lead sites faced difficulties in coordinating
single IRBs (eg, through SMART IRB) across participating sites
and ascertaining whether sites should be obtaining IRB determina-
tion for limited or nonlimited data sets. These processes were
streamlined during the COVID-19 pandemic. The collaborative
PCORnet CDC COVID-19 project was exempt from IRB review
because it constituted public health surveillance required or au-
thorized by a public health authority, as specified under the Com-
mon Rule. Our experience demonstrates that clear network guid-
ance on approvals necessary for varied types of data exchange
could help streamline surveillance projects. Fewer requirements
should be needed for projects using only aggregate data, even with
the inclusion of some geographic information (32). This guidance
will be most important for surveillance projects that are not direc-
ted by a public health authority and, thus, not exempt from IRB re-
view (33).

Implementation of the pilot projects also revealed both issues and
benefits that arose from using various organizing units for geo-
graphic data. The city variable was not useful due to varied
spellings. Zip code was well-populated at the 5-digit level, provid-
ing expanded geographic capabilities that go beyond other data
sources, such as insurance claims. Counties can be useful in some
cases, such as for states that use geographic divisions other than
standard ones (eg, Utah Small Area Codes); county was added as a
new geographic unit for the PCORnet CDM in 2023. Ultimately,
census tracts or block groups are likely most useful because these
geographic units are typically more uniform than larger zip code
areas. Regulatory processes could help ease the way for networks
to use this information more readily. Direct linkage to US Census
Bureau and other community-level data might also preclude the
need to share actual geographic identifiers.

Implications for practice

EHR-based networks have important potential for surveillance of
key priority areas that align with health and public health mis-
sions. When rapidly refreshed data with short latency are required,
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PCORnet has shown that it can be used for COVID-19 surveil-
lance and other infectious disease outbreaks or epidemics, with
data that are available with often very short latency from the time
of collection. These rapidly available data in PCORnet allowed for
timely reporting of infection trends, including information on pa-
tient demographics, comorbidities, and treatments used or pre-
scribed. Timely data can also be important for chronic disease sur-
veillance but may not require updates as frequently as for emer-
ging infectious diseases.

EHR data could be improved to address some of the challenges for
its use in surveillance. Developing and deploying population stat-
istical weighting schemes for data in EHRs, which have data only
on patients seeking care from designated health care institutions,
could help alleviate issues related to generalizability of popula-
tions (34,35). Strategic funding and financing models should be
developed, and federal, state, and local support could help estab-
lish EHRs as an important sustainable mechanism for surveillance
(36). The continued success of using PCORnet for large-scale sur-
veillance also can expand its engagement of partners to ensure that
data can be used most efficiently to support population health pri-
orities (36).
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Tables

Table 1. Surveillance System Attributes for Traditional Sources of Surveillance Information and Electronic Health Records (EHRs)

Surveillance system
attributes

Traditional national surveillance surveysa EHRsb

Strengths Weaknesses Strengths Weaknesses

Timeliness NA Can take years between data
collection and availability

Available soon after collected NA

Content and scope In-depth availability of patient-
reported data on behaviors;
extensive collection of social
determinants of health data

Limited sample sizes, especially
for less common
sociodemographic groups

Data on millions of patients
provides ability to estimate
disease prevalence for rare
diseases, less common
subgroups (Native Hawaiian/
Pacific Islander, American
Indian/Alaska Native), and small
area geographic units and
population-based cohorts

Limited availability of patient-
reported data; social
determinants data availability
increasing but limited to
insurance type and linked Census
data for many EHRs

Structured data; data
subjectivity;
longitudinal data

Objectively measured health
outcomes (vitals, laboratory
values) according to study
protocol

Cross-sectional or panel designs
limit longitudinal follow-up

Longitudinal follow-up on patients
allows tracking changes over
time; data available on disease
control over time

Many data are unstructured (eg,
patient notes) and less available
for use; structured data
standardization is variable;
identification of diseases often
depends on use of nonspecific
diagnostic codes; prescription
data typically available but
pharmacy dispensing may not be

Representativeness Nationally representative by
design; typically covers entire US
population with probability-based
sampling strategies

Certain populations can be
under-represented (eg, people
without a landline telephone, the
institutionalized population);
characteristics of respondents
may differ from nonrespondents
in measured or unmeasured
ways

Some research networks have
data available on people in all US
states and territories; patients
with multiple types of insurance
(commercial and government
insurance) are typically available

Representative of care-seeking
population, which may limit broad
surveillance questions at the
population level;
representativeness of urban
versus rural populations
dependent on institutions
contributing data

Data quality,
completeness

Data collected according to study
protocol; robust data
completeness and curation

Telephone surveys used in some
programs reliant on self-report;
all surveys subject to
nonresponse

Objective measures of some
disease (eg, diabetes, obesity)
and robust computable
phenotypes of others

Missing data are common; data
not collected according to a
standardized protocol

Resources required Infrastructure established by
federal agencies to collect data;
sampling and weighting
strategies well validated and
centrally applied by data
collectors; some flexibility on
adding new questions and data
elements

Requires substantial resources
and staff to facilitate

Data collected for routine clinical
activities and only additional
resources for collection required
for new data elements

Data processing requires
substantial resources, especially
to address data quality issues
that can arise; adding new data
elements challenging

Abbreviation: NA, not applicable.
a Examples: National Health and Nutrition Examination Survey (NHANES, www.cdc.gov/nchs/nhanes), Behavioral Risk Factor Surveillance System (BRFSS,
www.cdc.gov/brfss).
b Example: National Patient-Centered Clinical Research Network (PCORnet).
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Table 2. Racial and Ethnic Characteristics of Patients in 34 PCORnet Sites, October 2022 Through December 2023

Race and ethnicity

Children, adolescents, young adults (aged <20 y) Adults (aged ≥20 y)

N (%)

NH American Indian/Alaska Native 32,351 (0.4) 100,070 (0.5)

NH Asian 276,545 (3.4) 686,624 (3.2)

NH Black or African American 1,266,244 (15.7) 2,973,069 (13.8)

Hispanica 1,743,201 (21.6) 3,246,099 (15.1)

NH Multiple race 115,798 (1.4) 54,400 (0.3)

NH Native Hawaiian/Other Pacific Islander 23,348 (0.3) 40,290 (0.2)

NH Other race 233,508 (2.9) 436,754 (2.0)

NH White 3,746,223 (46.5) 12,430,453 (57.8)

Missing 768,425 (9.5) 1,869,061 (8.7)

Abbreviations: NH, Non-Hispanic; PCORnet, National Patient-Centered Clinical Research Network.
a Includes any patients with a designated ethnicity as Hispanic, regardless of race. All racial groups had ethnicity categories of non-Hispanic or missing/other His-
panic ethnicity.

PREVENTING CHRONIC DISEASE VOLUME 21, E51

PUBLIC HEALTH RESEARCH, PRACTICE, AND POLICY           JULY 2024

The opinions expressed by authors contributing to this journal do not necessarily reflect the opinions of the U.S. Department of Health and Human Services,
the Public Health Service, the Centers for Disease Control and Prevention, or the authors’ affiliated institutions.


