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Abstract

Using Electronic Health Record Data for Public Health Surveillance of Diabetes among Young
Adults

Sarah Conderino

There is growing interest in using electronic health records (EHRs) for the surveillance of
chronic diseases because these data contain a wealth of timely, clinical information on large
samples of individuals. However, as these data are collected for clinical purposes, they may be
prone to a number of biases that could affect their utility for public health practitioners or
researchers. First, these data represent convenience samples of individuals who are in-care.
These samples may not be representative of target populations for public health surveillance
activities (e.g., the general population within a city or jurisdiction) by factors like demographics
or health status, which could affect the generalizability of results. Second, key variables,
including demographics or disease status, are often susceptible to missing data or
misclassification, which could affect estimation of disease prevalence or risk factor associations.
The goal of this integrated learning experience (ILE) was to assess the application of EHR data
for chronic disease surveillance, focusing on the potential impact of selection and information

biases for the case study of diabetes.



The first aim characterized the existing literature on defining diabetes status and type
using EHRs from a population health perspective. The second aim externally validated diabetes
prevalence estimates generated using EHR data from a large academic medical center in New
York City (NYC) compared to traditional surveillance estimates from a local health survey.
Various statistical methods, including raking, post-stratification, and multilevel regression with
post-stratification, were applied to these real-world data and to simulated data to assess the
ability to mitigate selection biases. Finally, the third aim externally validated EHR-based
associations with potential diabetes risk factors (i.e., race/ethnicity and asthma) compared to
estimates from national surveillance systems, including the Behavioral Risk Factor Surveillance
System and National Health and Nutrition Examination Survey. Methods from the missing data
and causal inference literature were then applied to assess the ability to control for
misclassification of health outcomes in the EHR data.

Results from the literature review demonstrated that while there was no gold standard for
defining diabetes using EHR data, definitions that prioritized sensitivity over specificity may be
preferable for population health purposes. Based on this review, a flexible definition that
searched for evidence of diabetes across diagnoses, medications, and lab results was used for the
second and third aims. In the second aim, using statistical methods to account for demographic
differences between the EHR sample and general population helped to remediate biases observed
in the crude diabetes prevalence estimates. However, simulation results demonstrated that these
methods may be insufficient when data are lacking for variables that are strong predictors of
selection into the EHR sample. In the third aim, applying missing data or causal inference

methods to control for misclassification of health outcomes greatly reduced the strength of the



association between asthma and diabetes status compared to naive associations observed within
the EHR sample, in alignment with observations from national health survey data.

Overall, the findings of this ILE suggest that naive EHR analyses may yield biased
estimates of diabetes prevalence or measures of association, driven in part by differences in
healthcare utilization patterns across the population. However, applying epidemiologic
frameworks can help control for and, importantly, characterize residual biases in these estimates.
Future research is needed to assess the potential for selection and information biases across a
variety of health outcomes, geographies, and EHR data sources to further inform the utility of

these data for population health surveillance.
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Chapter 1: Introduction

Population health surveillance is an essential function of public health practice.
Comparing disease burden across places, demographic groups, and time periods helps
governments and public health organizations understand trends and clusters, evaluate the
effectiveness of interventions, measure health equity, and distribute resources to the populations
of highest risk. Yet many jurisdictions rely on outdated surveillance data sources, such as health
surveys or administrative claims, which can be resource-intensive and have limited internal or
external validity.!® The widespread adoption of electronic health records (EHRs) poses a
strategic opportunity to advance surveillance and epidemiologic practices due to their large
sample sizes, near real-time availability, and wealth of longitudinal clinical data.””

While EHR data have strengths that could benefit public health practices, there are a
number of challenges inherent to these data. First, EHRs represent convenience samples that are
restricted to individuals who are in-care. These data are therefore susceptible to selection
biases.!%!! Patient populations, particularly those from private or academic medical centers, may
be non-representative of the general population by demographic factors such as age,
race/ethnicity, socioeconomic status (SES), immigration status, and sex,'? which are key
determinants of health. Patients within healthcare systems are also typically sicker than the
general population, which could contribute to overestimation of disease burden when using
conventional statistical methods.!?

Second, classification of key variables, including demographics or disease status, may be
susceptible to information biases.!!"'* Since EHRs are designed for medical purposes, variables
that are not perceived to be clinically relevant, such as race/ethnicity, may have high levels of

1



missing data or poor quality.!® For the classification of disease status, non-differential
misclassification could occur from simple data entry errors, while differential misclassification
could occur if certain diagnosis codes are preferentially used based on differences in
reimbursement rates.!! A diagnostic suspicion or surveillance bias could occur if certain at-risk
subgroups have increased screening for health factors.!! For example, patients who are obese
may be more likely to be screened for diabetes with hemoglobin Alc testing, or patients who
visit the health system more frequently may have more opportunities to receive a diagnosis. In
addition, when analyzing EHR data from a single healthcare system, pertinent information may
be missing due to patients receiving care across multiple distinct healthcare systems.

The overarching goal of this integrated learning experience (ILE) is to explore biases in
EHR data and methods for addressing these biases in order to increase the utility of EHR data for
public health surveillance of chronic conditions. This ILE will focus on the case study of

16,17 and

diabetes, a serious, chronic condition that is increasingly prevalent in the United States,
thus would benefit from innovations to provide timely, longitudinal surveillance and
epidemiologic data to allow public health and healthcare agencies to respond to the rapidly
changing landscape of burden and treatment. Specifically, the aims of this ILE are (1) to
summarize the current literature, including gaps and opportunities, on using EHRs for the
classification of diabetes status and type, (2) to explore the impact of selection bias on diabetes
prevalence estimation, and (3) to explore the impact of information bias on the estimation of risk
factor associations with diabetes.

Chapter 2 reviews the existing literature on defining diabetes status and type using EHRs

from a population health perspective. Chapter 3 explores the impact of selection biases on the

estimation of diabetes prevalence using real-world EHR data from NYU Langone Health.



Various statistical methods are applied to both these real-world data and to simulated data to
assess the ability to correct for selection biases. Chapter 4 explores the impact of information
biases on the estimation of risk factor associations with diabetes using the NYU Langone EHR
data. Methods from the missing data and causal inference literature are applied to assess the
ability to correct for information biases. Finally, chapter 5 provides the overall conclusions of the
ILE and recommendations for future public health research on chronic disease surveillance using

EHRs.



Chapter 2: Using Electronic Health Records for Population Health
Surveillance of Diabetes: A Review of Computable Phenotype
Definitions

2.1 Introduction

Diabetes is a serious, chronic condition that affects an estimated 37 million children and
adults within the United States (US) and is increasing in both prevalence and incidence. '8
Evidence also suggests that disparities in diabetes burden by socioeconomic status,
race/ethnicity, and geography are widening over time.'*!?> Timely and accurate surveillance
data on trends and patterns in diabetes prevalence, including both Type 1 and Type 2, are
essential for routine public health practice activities, such as evaluating the effectiveness of
interventions, measuring health equity, and distributing resources to populations of highest risk.
However, surveillance data for chronic diseases like diabetes are typically informed by
telephone- or address-based health surveys (e.g., the Behavioral Risk Factor Surveillance System
(BRFSS), National Health and Nutrition Examination Survey (NHANES), or National Health
Interview Survey (NHIS)), which have a number of limitations — financial expense is high,’

validity of self-reported disease classification is low,>?*?4

and delays between data collection
and dissemination can be long.! Exacerbating this, response rates to health surveys have
decreased over time, threatening the generalizability of the survey results,? and many surveys are
limited to national or state estimation, limiting their transportability to smaller geographic scales
or underrepresented populations.

The widespread adoption of electronic health records (EHRs) among US hospitals and

office-based practices since 2014 poses a strategic opportunity to advance surveillance and



epidemiologic practices. Benefits of these data are numerous. Data can be available in near real-
time, allowing for more timely monitoring of trends and patterns in disease burden. Large sample
sizes can also provide precise estimates for small geographic areas. In addition, EHRs provide a
rich source of longitudinal, clinical data, such as physical measurements and lab results, which
are otherwise costly and challenging to obtain.”” Recently, there has been increasing interest
among researchers and public health practitioners on how EHR data can be leveraged for
population health purposes.?®?® Moreover, large, national research networks including the
Centers for Disease Control and Prevention-funded Multi-state EHR-based Network for Disease
Surveillance (MENDS) and Diabetes in Children and Young Adults (DiCAY A) networks, have
been established to explore how EHRs can be used for chronic disease, and specifically diabetes,
surveillance.?%°

Historically, efforts to define or classify patients with diabetes from EHR data come from
comparative effectiveness or epidemiologic research studies.>!** While these studies have
generally defined diabetes status within patient-based study populations, their definitions and
findings could help inform appropriate definitions for population health surveillance purposes. A
smaller subset of EHR-based studies have defined diabetes explicitly for surveillance
purposes.*-*” However, definitions may vary based on target populations or the type of EHR
data used, such as data from a single healthcare institution versus data from multiple health care
institutions that have been linked through a health information exchange (HIE) or clinical
research network (CRN). The goal of this review is to evaluate how EHR data can be used to
define diabetes status and type among both children and adults from a population health
surveillance perspective. In this paper, we summarize methods used, internal validity, and

transportability of various EHR-based diabetes definitions from the literature. We then assess



how these definitions would translate for population health purposes and provide

recommendations for future EHR-based diabetes surveillance research.

2.2 Methods

This review included studies from 2012-2021 from the US or Canada that defined
diabetes status among children or adults using “computable phenotypes”, which are models or
algorithms that define a condition using data that is solely processed by a computer (n=18).*

There is no established gold standard for classifying diabetes status or type using EHRs.*
2.3 Results

2.3.1 Methods to Define Diabetes Computable Phenotypes

Almost all studies identified in this review included “rule-based” definitions, or
computable phenotypes based on pre-specified logic-based inclusion and exclusion criteria
(Appendix A Table 1) (n=17).%° Rule-based computable phenotypes are often informed by
clinical guidelines or expertise, such as the American Diabetes Association’s guidelines for
diagnosing and classifying diabetes (Table 1).3'*!**> For example, many studies (n=14) classified
individuals’ diabetes status based on some combination of the following criteria that could be
.39,44,45

pulled from lab results, diagnosis codes, and medications:

e Elevated hemoglobin A1C > 6.5%

e Elevated random blood glucose > 200 mg/dL

e Elevated fasting blood glucose > 126 mg/dL

e Inpatient or outpatient diabetes diagnosis codes
e Anti-diabetic medications

While most studies allowed these criteria to occur at any point within a given time window (e.g.,
past two years), few studies had specific temporal guidelines between certain criteria (e.g., anti-

diabetic medication within 90 days of an elevated Alc lab result) (n=2).



Studies commonly defined rule-based criteria using structured data elements, such as
International Classification of Disease (ICD) diagnosis codes, Logical Observation Identifiers
Names and Codes (LOINCs), RxNorm codes, and National Drug Codes (NDCs).>!** While most
studies explicitly specified the lists of ICD diagnosis codes underlying their definitions,?”-**4¢
methods documenting how researchers identified the diabetes-related labs or medications were
frequently lacking. Publishing these lists of codes or methods in online repositories, such as the
National Library of Medicine’s Value Set Authority Center (VSAC) or the Phenotype
KnowledgeBase (PheKB), could facilitate replication of computable phenotypes across
studies.*748
Some of the identified studies (n=3) also incorporated natural language processing (NLP)
to pull information from text-based variables, such as through keyword searches of semi-
structured medication or lab test names (Appendix A Table 1).*34° NLP methods were also used
on free-text fields, such as consult notes, discharge summaries, or admission notes. These studies
identified diabetes using keyword searches while incorporating more advanced logic to exclude
negations (e.g. “no diabetes”) or family history of diabetes (e.g., “mother has diabetes”).3>>°
NLP methods could improve upon the flexibility and transportability of computable phenotypes
as compared to using lists of diagnosis, lab, or medication codes, which can be institution-
specific or change over time. However, since these methods are also susceptible to the
uniformity, accuracy, and completeness of text-based fields, NLP may best serve to augment,
rather than replace, more traditional queries of structured data elements, as used in the studies in
this review. 324950

Data-driven approaches, including machine learning or regression-based methods, to

automatically classify diabetes status or type without pre-specification of the inclusion or



exclusion criteria were less commonly used (Appendix A Table 1) (n=3). When these methods
have been used, they have yielded mixed results as compared to more traditional rule-based
approaches. Researchers who have tested classification and regression tree (CART) or
multinomial logistic regression to predict diabetes status and diabetes type among children
observed that these methods did not outperform traditional rule-based approaches.”!
Limitations of these approaches include decreased interpretability of findings, increased
complexity in implementation, and increased potential of overfitting algorithms to the data,

leading to poor generalizability or transportability to other external populations of interest.

Table 1: American Diabetes Association’s Criteria for the Diagnosis of Diabetes.

Fasting plasma glucose (FPG) > 126 mg/dL (7.0 mmol/L). Fasting is defined as no caloric intake for

at least 8 hours®

2-hour plasma glucose (PG) > 200 mg/dL (11.1 mmol/L) during oral glucose tolerance test (OGTT)
A1C >6.5% (48 mmol/mol)

In a patient with classic symptoms of hyperglycemia or hyperglycemic crisis, a random plasma
glucose >200 mg/dL (11.1 mmol/L)

In the absence of unequivocal hyperglycemia, diagnosis requires two abnormal test results from the same sample
or in two separate test samples.*

Note: Reprinted from Committee ADAPP. 2. Classification and Diagnosis of Diabetes: Standards of Medical Care
in Diabetes—2022. Diabetes care. 2021;45(Supplement 1):S17-S38.

2.3.2 Internal Validity of Computable Phenotype Definitions

The internal validity or performance of computable phenotype definitions was often
contrasted to gold standard findings from manual medical chart review (Appendix A Table 1)
(n=15). Common performance measures included sensitivity (the proportion of true diabetes
cases who were classified as diabetic through the computable phenotype), specificity (the
proportion of true non-diabetes cases who were classified as non-diabetic), or positive predictive
value (PPV — the proportion of those classified as diabetic who truly had diabetes). These
performance measures are dependent on one another; as specificity increases, sensitivity

decreases and PPV increases.’? Since researchers have to balance these performance measures,



the ultimate choice or recommendation for a computable phenotype definition may depend upon
the purpose of the study.

Traditional epidemiologic or comparative effectiveness research studies rely on correctly
identifying samples of cases and controls or cohorts of disease-free individuals at baseline.
Therefore, these types of studies may prioritize computable phenotype definitions with higher
specificity or PPV when creating their study samples. Definitions that require evidence of
diabetes within multiple sources of clinical elements (e.g., ICD codes and laboratory
results)*!**3 are more likely to limit the number of individuals who are falsely classified as
diabetic, thus improving specificity or PPV. Researchers using EHR data from Vanderbilt
University Medical Center, for example, found that definitions for type 1 and type 2 diabetes
using ICD codes alone produced PPVs of 59% and 65% respectively. Definitions that required
evidence within at least two clinical sources (including ICD codes, primary notes, or
medications) had PPVs of 91% and 81% for type 1 and type 2 diabetes respectively.’® While
highly specific definitions may be required for rigorous epidemiologic or comparative
effectiveness research, they may lack the sensitivity desired for population health surveillance.

In contrast, broad definitions that search for any evidence of diabetes across multiple
sources of clinical elements (e.g., ICD codes or laboratory results) may improve upon the
sensitivity, or ability to detect patients with diabetes.****> In a study leveraging a network of
ambulatory practices in New York City, researchers could identify 87% of true diabetes cases
using ICD codes alone, but could identify 94% of true cases when they modified their definition
to also include elevated hemoglobin A1C (HbA 1c) results or diabetes-related medications.>
Studies that are focused on population health surveillance often hope to leverage EHR data to

estimate disease prevalence within in-care populations. These types of studies may prioritize



broader computable phenotype definitions with higher sensitivity, particularly since EHRs have
the known limitation of missing or incomplete data that will hinder the ability to correctly
identify all diseased individuals. However, within diabetes research, there is often the added
complexity of distinguishing diabetes types, and definitions that are too broad could result in the

misclassification of those with type 1 diabetes as type 2.3

2.3.3 Transportability of Computable Phenotypes

A number of factors can affect transportability of computable phenotypes definitions
across EHR data sources, time, or populations. As discussed previously, definitions may be built
using standardized codes that could change over time or be institution-specific, and providers
may have differential documentation practices that are influenced by billing or institutional
policies.>!%3¢ For example, a computable phenotype definition based on outpatient anti-diabetes
medications correctly identified 89% of true diabetic patients at the University of North Carolina
Health Care System (UNC) but only 13% of true diabetic patients at the Medical University of
South Carolina (MUSC).?” Only 8% of sampled MUSC patients were identified as meeting this
computable phenotype as compared to 49% of sampled UNC patients, perhaps suggesting the
use of distinct institutional methods for coding or storing medication data that were not
consistently captured by the algorithm. Similarly, researchers at Kaiser Permanente Colorado
(KPCO) recommended removing the urine acetone test strip criterion from the Klompas type 1
diabetes computable phenotype.*® This specific criterion originally performed with a PPV of
100% within the Atrius Health ambulatory practice network** but performed much worse within
the KPCO data, with researchers noting that the dispensing of these strips was low within their

system.®
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Moreover, the characteristics of the EHR data source can affect the transportability of
computable phenotype definitions. Diabetes computable phenotypes may have better
performance within healthcare systems that are more likely to serve as the primary source of
diabetes care, such as those that include large ambulatory networks or integrated care
organizations (e.g., Kaiser Permanente or the Veterans Health Administration). In addition, EHR
data from single healthcare institutions likely provide an incomplete record of patients’ care
received, particularly in dense urban areas where individuals have access to and may receive care
from a range of different institutions. In contrast, EHR data from integrated care organizations or
from EHR networks that link patient care across contributing institutions (e.g., PCORnet CRNs)
will provide a more accurate representation of patients’ medical histories. A commonly used
computable phenotype for distinguishing diabetes type in children was based on whether the
patient had a majority of type 1 versus type 2 diagnosis codes. When this definition was applied
at independent academic healthcare institutions, it achieved PPVs for type 2 diabetes ranging
from 55% to 72%.5!7 However, when this definition was applied to an integrated managed care
organization, it achieved a PPV of 89%.%¢ The more complete information afforded by this
managed care organization likely contributed the accuracy of the type 2 classification for this
computable phenotype.

Transportability of computable phenotypes is also dependent on the population under
study, and PPV generally increases as prevalence of the outcome increases.*®>? For diabetes
research, the age of the population of interest is particularly important, as type 1 diabetes is more
prevalent within children while type 2 diabetes is more prevalent within adults. A given
computable phenotype for distinguishing type 1 diabetes may therefore perform better within

younger populations, while a given computable phenotype for distinguishing type 2 diabetes may
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perform better within older populations. This was illustrated when researchers applied the
Klompas algorithm, originally designed within a target population of all ages,** to a patient
population of children aged 10 to 18 years.’® In the original study, the computable phenotype to
distinguish type 1 and type 2 diabetes performed with a sensitivity and PPV of 65% and 88%
respectively for type 1 diabetes and 100% and 95% respectively for type 2 diabetes.** When this
computable phenotype was applied to children, its performance improved for the classification of
type 1 diabetes (sensitivity of 99% and PPV of 91%) and worsened for the classification of type

2 diabetes (sensitivity of 77% and PPV of 87%).%

2.4 Discussion

Based on this review, computable phenotypes for population health surveillance purposes
should be appropriately broad, incorporating information from diagnosis codes, lab results, and
medications or dispensings. This will help improve sensitivity, or the ability to capture true
diabetes cases, within imperfect EHR data. Additionally, optional criteria that include evidence
of diabetes across multiple sources or time points (e.g., elevated Alc on two separate dates OR a
diabetes diagnosis code) may help to prevent the false classification of individuals with
prediabetes or single aberrant lab results. However, definitions should avoid requiring
documentation of evidence across multiple sources or time points (e.g., a clinically consistent
definition that requires two positive lab tests on separate dates, Table 1), as this may be too
restrictive for patients who do not receive regular healthcare. Characterizing patterns in diabetes
prevalence is a key function of population health surveillance, and these restrictive definitions
could result in systematic biases that distort our understanding of social determinants of health.

For example, lower-income individuals may have fewer interactions within a healthcare system,
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and definitions that require a level of consistent care could systematically underestimate diabetes
prevalence within these populations.

Computable phenotypes for population health surveillance purposes should also be
flexible enough to allow for transportability across populations, time, and organizations.
Researchers should allow for differences in definitions by age group, both because the relative
burden of type 1 diabetes differs among children and adults and because healthcare utilization
differs across the lifespan. Children or older adults have more regular and greater continuity of

5960 which could increase their likelihood of receiving a diabetes diagnosis as compared to

care,
younger adults.!! As trends and patterns in diabetes are changing, research is needed to continue
to monitor the performance of computable phenotypes over time. Since many definitions are also
institution-dependent, more effort is needed to streamline replicability across organizations, such
as through publishing codes in online repositories and moving towards EHR common data
models. Additional research is also needed to explore the impacts of and ability to address
misclassification due to factors like patient demographics (e.g., using uniform Alc criteria that
are insensitive to racial differences for glucose-defined diabetes)®"%2, provider non-adherence to
clinical screening guidelines, missing data, and duration of longitudinal records.’!-7:63.64

With any population health surveillance work using EHRs, researchers must
acknowledge key limitations with these data. Importantly, these data are collected on individuals
who are in-care and may only be generalizable to these populations. Almost one-quarter of adults
with diabetes are undiagnosed, with higher prevalence among communities of color.®> EHR data
may therefore fail to capture a considerable number of diabetes cases within populations who are

undiagnosed or do not receive adequate care. In addition, the proprietary and identifiable nature

of these data often translate to increased costs or inaccessibility for public health researchers.®
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Despite these limitations, EHR data offer a number of strengths, including timeliness, geographic
granularity, and clinically-based measurements, and when accessible, can complement data from

existing surveillance systems.

2.5 Conclusion

A robust literature base has emerged in the past decade to inform computable phenotype
definitions for defining diabetes status and type among children and adults, which includes
diverse purposes, ranging from epidemiologic and comparative effectiveness studies to
population health surveillance. In general, rule-based approaches for these definitions have many
advantages, including increased transportability and interpretability through their grounding in
clinical standards. However, augmenting these definitions to also include more advanced
methods, such as natural language processing, could improve computable phenotype flexibility
to handle changes across time or institutions. When selecting or developing a novel diabetes
computable phenotype, researchers should consider their study purpose, data sources, and target
population of inference. For population health surveillance purposes, broader definitions that
search for evidence of diabetes across multiple clinical sources may be preferable, particularly
when using EHR data from a single healthcare institution. In addition, surveillance will likely
require different computable phenotypes to detect and distinguish diabetes type within children

than within adults.
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Chapter 3: Addressing Selection Biases within Electronic Health
Record Data for Population Estimation of Diabetes Prevalence in
New York City Young Adults

3.1 Introduction

Increasingly, public health researchers and practitioners have explored how electronic
health records (EHRs), which offer near real-time clinical data on large patient populations, can
be leveraged for valid and reliable public health surveillance purposes.®’*® While EHRs offer a
compelling opportunity for surveillance, patient populations, particularly those from private or
academic medical centers, may be non-representative of the general population with respect to
demographic characteristics, such as age, sex, race/ethnicity, and socioeconomic status (SES).!?
From a health status perspective, patients represented within EHR data are typically sicker than
the general population.'® This can contribute to overestimation of disease prevalence and
incidence for public health surveillance purposes, where the target population for inference is
typically the general population, including those not in-care. Thus, differences between the EHR
sample and the general population introduces the potential for selection bias in EHR-based
surveillance.!!

Data collected in EHRs represent a nonprobability sample in which individuals do not
select into the health system at random. Moreover, the process by which individuals select into
the sample is unknown. The missing data lexicon has been applied to nonprobability samples to
characterize different mechanisms by which individuals may be included within these data.®’
Akin to missing at random, selection at random (SAR) describes scenarios whereby the

probability of selection depends on some observed characteristics of the individuals, but given

15



those characteristics, is independent of unobserved outcomes from individuals excluded from the
sample.”®’! In contrast, missing not a random, herein called selection not at random (SNAR),
represents nonignorable selection processes whereby the probability of selection is dependent on
unobserved outcomes, even after adjusting for observed covariates.’”®’!

In practice, statistical methods from the nonprobability literature, including raking, post-
stratification, and multilevel regression with post-stratification (MLRP), have previously been
applied to EHR samples to estimate prevalence of a variety of diseases, including diabetes,
within wider geographies or populations.’>’>7* These methods often rely on an assumption of
SAR, controlling for covariates that are measured in both the EHR sample and population, such
as basic demographics or neighborhood proxies of SES. These methods are appealing as they are
relatively easy to implement, have demonstrated effectiveness in the political science

literature,’+7¢

and given that the few statistical methods that allow SNAR rely on untestable
model assumptions without further data collection.”*”” However, the tendency for EHRs to over-
represent sicker individuals increases the plausibility of SNAR, suggesting that residual selection
biases may remain within prevalence estimates generated using these more common methods.
One approach used to assess for residual biases in EHR-derived surveillance estimates is
to compare to “gold standard” estimates, such as those derived from population representative
health surveys with known sampling weights.*>’>7* Although the comparison with gold
standards helps to externally validate EHR-derived estimates, this does not facilitate
understanding the conditions under which different methods will provide valid estimation. For
example, Chen et al., used data from MDPHnet, a network including EHR data from three large

health systems in Massachusetts (MA), to compare MLRP-adjusted prevalence estimates for five

health outcomes to estimates from the Behavioral Risk Factor Surveillance System 500 Cities
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project.”” Investigators found that the external validity of the EHR-based estimates was variable
by both the health outcome of interest and by the individual health system, consistent with other
research.®>’? These differences could arise from a variety of factors, such as unmeasured
confounders or selection processes that operate in specific populations or diseases. Moreover, not
all jurisdictions will have gold standard estimates available, and even if gold standard estimates
are available for a geographic area, they may not be readily available for subgroups defined by
demographics or neighborhoods. Data simulations provide the opportunity to test these methods
under controlled conditions, which may inform the transportability of these methods to other
such populations.

As part of wider efforts to estimate diabetes prevalence among young adults using EHR
data,?® we conducted a multi-step process to evaluate common bias adjustment methods (raking,
post-stratification, and MLRP), first in a “real-world” setting where we could evaluate validity
against “gold-standard” estimates, and second, in simulation settings where we could manipulate
selection processes and evaluate validity against the controlled truth. Real-world analyses were
conducted using EHR data from a medical center in New York City (NYC), a jurisdiction with
granular, high-quality gold standard data sources from external surveillance systems. NYC is
also home to several academic medical centers and a large system of 11 public hospitals; thus,
the likelihood of one private health system being representative of the general population is low.
Based on the results of this initial real-world analysis, we then ran a series of simulations
applying bias adjustment methods to data generated under various assumptions on the underlying
selection mechanisms (e.g., selection dependent on unmeasured factors or on diabetes status).
Simulations reflected our hypothesized factors that could have contributed to residual biases

observed within the initial real-world analyses. The overarching goal of the paper was to
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compare these bias adjustment methods under real-world and simulation settings to help inform
the broader discussion on how to effectively use EHRs for population-level surveillance

purposes.

3.2 Methods

3.2.1 Real-World Analysis Study Population

NYU Langone Health (NYU) is a large academic medical center that serves patients
throughout NYC but has primary service areas in the boroughs of Manhattan, Brooklyn, and
Queens. Longitudinal NYU EHR data were obtained for all NYC-resident patients aged 18-44
years who had an inpatient or outpatient encounter from 2017-2019. As some researchers limit
EHR samples to health system “catchment areas” to better reflect primary populations served by
their facilities and to potentially reduce selection biases,?” we conducted sensitivity analyses
varying the resident inclusion criteria to restrict to NYC neighborhoods within different
definitions of NYU “catchment areas” (Appendix B). Main analyses included all NYC residents
since prevalence estimation to the full jurisdiction is of greater public health relevance.

Patients were classified using five demographic variables: age group (18-29 and 30-44
years), sex (male or female), race/ethnicity (White, Black, Latino, and Asian/Other), Medicaid
insurance status (yes vs. no), and neighborhood of residence (Public Use Microdata Areas,
PUMAS, n = 55). Race/ethnicity was imputed for those with unknown race/ethnicity (19%) using
the Bayesian Improved Surname Geocoding (BISG) methods.”® All patients with an
unknown/other age or sex were excluded (<1%). Patients with diabetes were classified following
methods proposed by Avramovic, et al., as those with at least two diagnoses for diabetes during
clinical encounters, one diagnosis and at least two elevated A1C lab results >6.5%, or at least

one anti-diabetes prescription medication (not including metformin or acarbose).”
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3.2.2 Prevalence Estimation & Performance

We calculated diabetes prevalence for NYC overall and by neighborhood within the
crude EHR sample (i.e., the percentage of patients who were classified as having diabetes) and
adjusted to the general population of NYC adults aged 18-44 years. We defined equivalent
general population demographic variables using American Community Survey (ACS) 2019 5-
year data obtained through IPUMS USA, a line-level sample of ACS data.®® Adjusted prevalence
estimates were calculated using three approaches: raking, post-stratification, and MLRP.

Raking and post-stratification prevalence estimates and confidence intervals were
calculated using the “survey” R package,’! adjusting for the five demographic variables. MLRP
estimates were calculated following previously published methods.®? First, a multilevel logistic
regression model was fit including fixed effects for binary demographics and random effects for
all non-binary individual-level demographics. Full details on the final model specification and
sensitivity analyses of alternative model specifications that include neighborhood-level social
determinant of health (SDOH) and health outcomes are found in Appendix B. Model predicted
probabilities were applied to the post-stratification weights for the equivalent covariates within
the general population. Confidence intervals were calculated using parametric bootstrapping with
the “Ime4” R package.®

The gold standard prevalence estimates for comparison were calculated using pooled
2015-2020 data from the population-representative NYC Community Health Survey (CHS). The
NYC CHS is a cross-sectional telephone survey conducted by the NYC Department of Health
and Mental Hygiene. The survey includes a variety of health topics, including diabetes and other
chronic conditions, and is conducted annually on a stratified random sample of approximately

10,000 NYC adults.®* NYC CHS prevalence estimates and confidence intervals were calculated
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using the “survey” R package following published methods.** We compared EHR-derived crude
and adjusted prevalence estimates to diabetes prevalence estimates from external surveillance
systems using three measures: (1) the relative difference from the gold standard estimate; (2)
statistical equivalence to the gold standard estimate through the two one-sided test (TOST) test
using an alpha of 0.05 and equivalence bounds of 0.005; and (3) the Pearson correlation

coefficient between the neighborhood-level EHR and gold standard estimates.

3.2.3 Simulation Analyses

Based on the results from the real-world analysis, we hypothesized that residual biases
could be present within the EHR-derived prevalence estimates due to our inclusion of patients
outside of the NYU catchment area or due to unaddressed selection dependencies, such a
selection not at random mechanism (i.e., dependent on diabetes status). Simulations were run to
probe the extent to which residual biases remain under three scenarios: (1) sample inclusion
criteria depends on the definition of the health system catchment area (e.g., excluding
neighborhoods that have a lower proportion of total residents captured within the sample); (2)
selection is dependent on an unmeasured factor, for which there is proxy/auxiliary information
measured in the sample and general population (e.g., those with high SES have higher odds of
being within the EHR sample but individual SES is measured with an imperfect proxy of
insurance type); and (3) selection is dependent on diabetes status, which is less likely to be
measured for those not within the sample (e.g., those with diabetes have higher odds of being
within the EHR sample).

Simulated populations were composed of 500,000 individuals equally distributed across
50 neighborhoods. The hypothetical health facility was defined to be located in a central

neighborhood with the remaining neighborhoods classified in a 7x7 matrix with one to three-unit
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distance measured from the facility. Individuals’ demographics were classified for age (18-29 or

30-44 years), race/ethnicity (White, Black, Latino, and Asian/Other), and sex (male or female).

Baseline Predictors of Selection: Baseline Predictors of DM:
ORyc= 0.68 OR, =2.00
Demo-
ORyge1520= 088 graphics OR. o= 0.61
ORgacenug = 0.55 ORygez0.44 = 3.76

ORpaceris = 0.71
ORgoce.orn = 0.58
ORpistance-1 = 0-95
ORpitance-2 = 0.55
ORpistances = 0-25

ORgocenne = 1.81
ORgaceris = 2.24
ORgace-omi = 1.69
OReemate ng = 1.50

Scenario 3:
DM -> Selection

@ Scenario 2
U->w

Figure 1: Data Simulation Directed Acyclic Graph with Baseline Odds Ratio (OR)
Associations.!

Simulations defined individuals’ diabetes status and selection into the EHR sample based
on assumed associations, as displayed in Figure 1, that were informed through real-world
analyses. Diabetes (“DM”) was defined using a probability function based on fixed effects with
demographic variables (as informed through CHS 2019-2020 data) and on random effects to
generate heterogeneity in diabetes prevalence across neighborhoods. Selection into the
hypothetical EHR sample was also defined using a probability function based on fixed effects
with demographics (as informed through an analysis of NYU Langone EHR data), neighborhood

distance from the facility, and on random effects to generate heterogeneity in selection for the

! Observed diabetes within those selected into the EHR sample; Scenario 2 (orange): modified the level of
misclassification of the auxiliary variable W compared to the unobserved variable U at levels equivalent to 10%,
30%, 50%, 70%, and 90% misclassification; Scenario 3 (purple): modified the association between diabetes and
selection at OR levels 0f 0.33, 0.67, 1.0, 1.5, and 3.0.
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interaction of sex and race/ethnicity. Baseline associations between all variables, as measured
using odds ratios (ORs), are displayed in Figure 1. Overall, the simulated populations had a true
mean diabetes prevalence of 3% and a mean probability of selection into the EHR sample of
10%.

Simulation scenario 1 tested five sample inclusion criteria to define catchment areas
based on incremental quantiles of the proportion of the total neighborhood population captured
in the sample (ranging from including all neighborhoods to only neighborhoods within the top
quantile of proportion of the population captured). Simulation scenario 2 introduced a binary
individual-level, unobserved variable “U” that was associated with DM (OR=2.0) and selection
(OR=0.7), which was modeled after observed patterns with household poverty level.** An
observed auxiliary variable “W” was defined based on a set association with U, which was
modified at levels equivalent to 10%, 30%, 50%, 70%, and 90% misclassification when using W
as a proxy for U. For scenario 2, U was not included in the adjustment procedures but W was
included. Finally, simulation scenario 3 introduced and modified an association between DM and
selection (ORpm) at OR levels of 0.33, 0.67, 1.0, 1.5, and 3.0. These OR levels were chosen to
assess moderate- and high-strength SNAR mechanisms operating in both directions (those with
DM have lower (OR<1) or higher (OR>1) odds of selection) compared to an SAR mechanism
(OR=1.0). For each scenario, 100 simulations were run.

The true diabetes prevalence within the general population, crude prevalence within the
EHR sample, and estimated prevalence adjusted to the general population using raking, post-
stratification, and MLRP were generated at the overall and neighborhood level for each
simulation. In scenario 1, raking and post-stratification did not include neighborhood in the

adjustment procedures since the sample did not include all neighborhoods,?’ and MLRP was
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performed both with and without a random effect for neighborhood. In scenarios 2 and 3, the
sample was not restricted based on neighborhood, therefore all adjustment procedures included
covariates for demographics and neighborhood.

We assessed performance of each adjustment method using two measures: (1) relative
bias, defined as the average percent difference between the true diabetes prevalence in the full
population and the estimated diabetes prevalence within the sample; and (2) coverage probability
of the 95% CI, defined as the percentage of simulations with a true diabetes prevalence falling

within the 95% CI. All analyses were performed using R version 4.1.2.

3.3 Results

3.3.1 Real-World Analyses

A total of 454,612 young adults were identified in the NYU EHR sample. Compared to
the NYC general population, the EHR sample had overrepresentation of White (1.6-fold), female
(1.2-fold), and older-aged (1.1-fold) individuals (Table 2). Representation varied more
substantially across the 55 NYC neighborhoods, reflecting increased capture of the general
population within neighborhoods surrounding the NYU hospitals in lower Manhattan and
Brooklyn (Figure 2A).

The gold standard diabetes prevalence among young adults was 3.33% (95% CI: 3.02-
3.67). A total of 3.09% of the young adult EHR sample were classified as having diabetes (95%
CI: 3.04-3.14), representing a significant 0.24 percentage point decrease or a -7.88% relative
difference from the gold standard estimate (Table 3). Adjusted prevalence estimates using raking
(3.55%), post-stratification (3.54%), and MLRP (3.55%) were all significantly higher than the

crude EHR-based prevalence estimate. Adjusted estimates were also higher than the gold
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standard, with positive relative differences of approximately 6%, but were statistically equivalent

at the equivalence bound of 0.005.

Table 2: Demographic Profile of the NYU Langone EHR Sample and NYC General
Population, Young Adults Aged 18-44 Years.

NYC General

NYU Langone EHR  Crude EHR-based

Population® Sample Diabetes Prevalence

Sex

Female 51.2% 62.2% 2.93%

Male 48.8% 37.8% 3.35%
Race

Black 20.3% 12.7% 4.23%

Latino 29.6% 19.1% 4.44%

Other 18.1% 16.1% 2.88%

White 32.0% 52.1% 2.38%
Age

18-29 43.6% 37.5% 1.88%

30-44 56.4% 62.5% 3.82%
Insurance

Non-Medicaid 74.2% 77.8% 2.78%

Medicaid 25.8% 22.2% 4.18%

“Defined using American Community Survey (ACS) 2019 5-year data obtained through IPUMS USA.%°

Table 3: Diabetes Prevalence among NYC Young Adults 18-44 Years, Estimated from
the NYU Langone Health Electronic Health Record vs. NYC Community Health Survey (NYC
CHS) Gold Standard.

Prevalence (%)

Relative Difference from

(95% CI) Gold Standard
(NYC CHS)?

Gold Standard

NYC CHS 3.33% (3.02-3.67) -
EHR-Based

Crude 3.09% (3.04-3.14) -7.88%

Raking 3.55% (3.46-3.63) 6.02%*

Post-stratification 3.54% (3.43-3.64) 5.75%%*

MLRP 3.55% (3.47-3.63) 6.16%*

*Statistically Equivalent to the gold standard through the TOST test alpha = 0.05, equivalence bounds = 0.005.
“Percent difference from the gold standard estimate, the New York City Community Health Survey.
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At the neighborhood-level, there was moderate, significant correlation (R = 0.5) between
EHR-based and gold standard prevalence estimates; though, as with the overall estimates,
neighborhood-level EHR estimates were generally higher than the neighborhood-level gold
standard estimates (Figure 2B). In addition, as the proportion of the general population captured
within the EHR sample increased, the relative difference from the gold standard estimates
increased (Figure 2D).

Sensitivity analyses varying the residential inclusion criteria to NYU catchment areas
found that the crude EHR-based prevalence estimate decreased when restricting to
neighborhoods where a greater proportion of the general population was captured in the sample
(Appendix B Table 2). When these restricted samples were adjusted and externally validated to
the full NYC general population, they produced estimates that were significantly equivalent and
closer to the gold standard. However, when these estimates were adjusted and externally
validated to the catchment area general population (e.g., NYC residents within the catchment
area neighborhoods), where differences in demographic representativeness were less
pronounced, they produced non-statistically equivalent estimates that were higher than the gold
standard. Sensitivity analyses including neighborhood-level SDOH and health outcomes in the
MLRP model did not meaningfully affect the overall or neighborhood-level prevalence

estimates.
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Figure 2: Characterization of the NYU Langone Patient Sample and Comparison of
NYU EHR-Based to Gold Standard Diabetes Prevalence Estimates for Young Adults Aged 18-
44 Years by New York City PUMA Neighborhood.?

2 Panel A: Proportion of general population captured within the EHR sample by NYC PUMA, calculated by
dividing NYU Langone patient counts by the total NYC PUMA population estimates from the American
Community Survey 2019 5-year data, obtained through IPUMS USA. Panel B: Comparison of NYU EHR-based to
gold standard diabetes prevalence estimates. Each point represents a PUMA neighborhood. EHR estimates are
defined using NYU Langone Health 2019 data. The gold standard estimate for is defined using NYC CHS 2015-
2020 data. Panel C: Comparison of absolute bias in NYU EHR-based prevalence estimates vs. proportion of the
general population captured within the EHR sample. Absolute bias calculated as the absolute percentage point
difference between the gold standard and EHR-based prevalence estimate for each NYC PUMA neighborhood.
Panel D: Comparison of relative bias in NYU EHR-based prevalence estimates vs. proportion of the general
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3.3.2 Simulation Analyses
Scenario 1

In scenario 1, crude diabetes prevalence within the simulated EHR sample had a negative
relative bias due to the decreased odds of selection within demographic subgroups with higher
odds of diabetes (Figure 3A). Relative biases increased slightly as the proportion of the total
neighborhood population captured in the sample increased, ranging from an average of -27.4%
(s.d.=14.0) when including all neighborhoods to an average of -39.4% (s.d.=21.8) when
including neighborhoods within the top quintile of proportion of the population captured in the
sample.

Raking, post-stratification, and the MLRP specification that did not include the
neighborhood random effect had average relative biases below 3% across all sample definitions.
Performance was more variable and coverage worsened (from ~40% to ~30%) as catchment
areas became more restrictive. While the MLRP specification that did include the neighborhood
random effect had better performance in the unrestricted sample (with a coverage of 92% and
average relative bias of 1.1%, Appendix B Table 5), performance worsened, as measured by both
average relative biases and coverage, as the catchment area definition became more restrictive
(Figure 3A, Appendix B Table 5).

Scenario 2

In scenario 2, crude diabetes prevalence within the simulated EHR sample had an average

relative bias of approximately -40% when the unobserved variable U was introduced into the

selection process (Figure 3B). Adjustment methods partially accounted for this bias, however

population captured within the EHR sample. Relative bias calculated as the percent change between the gold
standard and EHR-based prevalence estimate for each NYC PUMA neighborhood.
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substantial residual biases remained, with coverage below 70% for all adjusted estimates
(Appendix B Table 5). The level of residual biases depended on the strength of the association
between the auxiliary and unobserved variables but not on the direction. For both 10% and 90%
misclassification, average relative biases were approximately -10%, and for both 30% and 70%
misclassification, average relative biases were approximately -20%.
Scenario 3

In scenario 3, crude diabetes prevalence within the simulated EHR sample had an average
relative bias ranging from -94% when those with diabetes had strong decreased odds of selection
(ORpM=0.33) to +148% when those with diabetes had strong increased odds of selection
(ORpbm=3.0) (Figure 3C). Adjustment methods did not have a meaningful impact on the residual
biases when those with diabetes had decreased odds of selection (ORbm=0.33 or ORpbm=0.67),
with coverage at 0% for all methods. When those with diabetes had increased odds of selection
(ORpbm=1.5 or ORpm=3.0), adjustment methods increased the relative bias compared to crude
estimates (Figure 3C).

Simulation results displayed similar patterns for neighborhood-level estimates (Appendix

B Figure 1).
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Figure 3: Mean Relative Bias in the EHR-Based Estimates vs. True Diabetes
Prevalence by Simulation Scenario.?

3 Error bars represent standard deviation in mean relative bias across simulations. Panel A: Scenario 1 modified
inclusion criteria definition based on quantiles of the proportion of the neighborhood general population captured in
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3.4 Discussion

In this paper, bias adjustment methods were applied to real-world EHR data to explore
whether valid diabetes prevalence estimates could be generated for young adults within NYC.
Within the NYU Langone patient sample, crude diabetes prevalence was lower than the gold
standard health survey-based estimate of diabetes prevalence for NYC young adults. All
adjustment methods performed similarly and produced prevalence estimates that were
systematically higher, yet statistically equivalent to gold standard estimates. This minor positive
adjustment may have been partially driven by the relative down-weighting of individuals who
were female, White, or residing in the top quartile of overrepresented neighborhoods, all of
whom had lower diabetes prevalence within the EHR sample.

However, within neighborhood-level analyses, we observed that relative differences from
gold standard estimates increased as proportion of the general population captured in the sample
increased. This finding was counter-intuitive, as demographic representativeness increased with
increased relative capture, and we would assume that representativeness on unmeasured factors
would also increase, resulting in improved estimation in these neighborhoods. Differential
patterns in selection into the EHR by neighborhood and health status could help explain this
finding. For example, those with diabetes may have been more likely to be seen by the healthcare
system within neighborhoods in close proximity to outpatient facilities, which could have
resulted in unintended positive biases and contributed to a slight overestimation of diabetes
prevalence within these neighborhoods and the overall citywide estimates. Further, including
auxiliary PUMA-level SDOH and health outcomes had a minor impact on the results, increasing

positive adjustments by less than one percentage point overall. Within this analysis, these

the sample; Panel B: Scenario 2 modified the level of misclassification of the auxiliary variable W compared to the
unobserved variable U; Panel C: Scenario 3 modified the association between diabetes and selection (ORpwm).
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neighborhood-level covariates may not have been strong predictors of diabetes at this geographic
scale.3¢

Simulation analyses were then used to probe the potential for residual selection biases
within EHR-derived estimates. Importantly, simulations demonstrated that MLRP models with a
neighborhood random effect out-performed other adjustment procedures when samples did not
exclude neighborhoods with lower capture of the general population. However, these models
were highly sensitive and performance worsened as catchment areas became more restrictive.
This illustrates how MLRP’s partial pooling, or shrinkage towards the global mean, can improve
precision when there are sparse strata but may begin to over-smooth estimates when there are
large numbers of strata with no sampled individuals.®” This simulation result conflicted with
sensitivity analyses in the real-world analysis, where estimation to the NYC general population
improved as catchment areas became more restrictive, perhaps reflecting a chance balancing of
this shrinkage towards the global mean with unintended positive biases produced through the
adjustment procedures. These patterns likely vary across diseases or age groups, and
investigators should explore the impact of restricting EHR samples to health system catchment
areas when making inferences to larger geographic areas of public health importance.

Simulations also demonstrated that adjustment methods were sensitive to selection biases
by unobserved predictors of diabetes. While auxiliary information could help to account for these
biases, the simulations demonstrate that residual biases will exist even when this auxiliary
information is a strong proxy variable. This scenario is likely to occur in real-world analyses.
Evidence supports that SDOH, such as income, language, culture, or education, are associated
with diabetes and healthcare utilization.'> However, these variables are notoriously difficult to

measure using EHR data. Consistent with prior research, the use of Medicaid status and
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neighborhood-level SDOH were imperfect proxies that may not have fully accounted for
potential selection biases by these factors.®®’ Continued efforts to incorporate and utilize SDOH
screening tools within EHRs, which can include detailed questions on food/housing insecurity,
social isolation, stress, or other factors that affect use of the healthcare system, may improve
estimation through these methods.”® The use of PUMAs likely contributed to the poor predictive
power of the neighborhood-level SDOH in this analysis. Neighborhood-level SDOH defined
using smaller geographic areas, such as Zip Code Tabulation Areas, have been shown to improve
estimation of diabetes prevalence through MLRP methods.”

More significantly, simulations demonstrated that biases could be exacerbated through
these methods when diabetes increased the odds of selection into the EHR sample. These SNAR
scenarios are also plausible within the real-world, as individuals with chronic conditions may be
more likely to receive regular care than individuals who are healthy.!%!!13 SNAR mechanisms
could be further complicated by neighborhood. For example, patients residing in neighborhoods
within close proximity, where capture of the general population within the EHR sample is high,
may be more likely to use the health system for routine care, including diabetes management.'°
The observed positive relative differences and positive trend between relative differences and
proportion of the general population captured in the real-world sample could be partially
attributed to such an SNAR mechanism. The tested adjustment methods are limited to including
variables that are observed in both the sample and general population, and it is therefore difficult
to account for SNAR mechanisms. Including neighborhood-level health outcomes in the MLRP
models did not have a large impact on prevalence estimates, consistent with prior research using

neighborhood hospitalization rates.”? As proposed in the missing data literature, additional
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granular data on variables that are strongly correlated with diabetes (e.g., obesity) within the
general population could improve these methods.”’

Based on the real-world and simulation analyses, we do not have confidence that these
methods, as implemented, would consistently produce valid estimates of diabetes prevalence
among young adults across jurisdictions or EHR data sources. The persistent positive relative
differences compared to gold standard estimates supports the hypothesized presence of an SNAR
mechanism, where those with diabetes are more likely to be users of healthcare systems, which
could result in the overestimation of diabetes prevalence. Of the methods tested in this work,
MLRP has the greatest potential for addressing the more complex selection biases that are likely
present within EHR data. This potential could be realized by using population-representative
clinical data sources (e.g., all-payer claims databases) to incorporate neighborhood-level
healthcare utilization patterns or health outcomes at more granular geographic scales.

This study has a number of strengths, including simulation assumptions based on real-
world analyses, use of large sample sizes, and external validation compared to gold standard
surveillance estimates. However, there are a number of limitations to the gold standard data
source. NYC CHS estimates are based on self-reported diabetes status, which could be under-
reported from undiagnosed individuals who not in-care. The NYC CHS data were also pooled
from 2015-2020 to produce reliable neighborhood-level prevalence estimates within the young
adult age group. As diabetes prevalence has increased over time, this pooling could also
contribute to lower prevalence within the gold standard estimates. This pooled time period also
includes the start of the COVID-19 pandemic, during which time many ambulatory services were
paused and access to telemedicine or eventual re-uptake of in-person care was differential across

populations.’!*? Self-reported disease status from this year could be susceptible to
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underestimation of disease burden from these disruptions to primary care services. These
limitations could contribute to the positive relative differences observed within the real-world
analyses.

Additionally, the computable phenotypes for diabetes status used in this analysis have not
been validated by chart review within the NYU EHR data. While misclassification of diabetes
status, including classifying those with prediabetes or undiagnosed diabetes as diabetic, could
have contributed to the positive relative differences observed within the adjusted EHR-based
estimates, studies elsewhere have shown that incorporating evidence across multiple sources
(e.g., diagnoses and medications) helps to improve sensitivity, or the ability to detect true
diabetes cases.!"**>* Misclassification of disease status is also dependent on healthcare utilization
patterns.!'! If patients within outlying neighborhoods that had a low proportion of the general
population captured within the sample were also less frequent users of outpatient NYU clinics,
they may have been less likely to receive A1C testing or diabetes diagnoses,'® which could also
contribute to the observed positive trend between relative differences and relative capture.
Additional work is needed to account for information biases within diabetes classification or
within other EHR derived variables.”* These results are also specific to diabetes within young
adults, and selection biases likely differ across diseases or age groups.

Limitations were also present within the simulation analyses. While assumptions
underlying the data generation process were based on real-world analyses, these likely represent
a simplification of true selection processes. The simulations were time consuming and resource

intensive, so scenarios that altered other pathways in the causal diagram were not explored.
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3.5 Conclusion

While EHRSs offer a rich source of clinical information, selection biases inherent in these
data could limit their utility for population surveillance purposes and researchers should clearly
communicate potential uncertainty or biases in their estimates. Statistical methods like MLRP
could help to account for these biases. However, these methods depend on the ability to measure
and adequately account for factors that affect selection into the EHR, which is likely to vary
across jurisdictions and EHR data sources. Further, an understanding of underlying selection
mechanisms is critical, as these methods have the potential to exacerbate biases. Additional
research is needed to assess how more advanced methods, such as Bayesian modeling, could

better handle SNAR mechanisms.
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Chapter 4: Addressing Information Biases within Electronic Health
Record Data for Examining Epidemiologic Associations with
Diabetes Prevalence among Young Adults

4.1 Introduction

Understanding patterns and risk factors of chronic disease burden is a key function of
public health practice. Recently, large, national research networks, including the Centers for
Disease Control and Prevention (CDC)-funded Multi-state EHR-based Network for Disease
Surveillance (MENDS) and Diabetes in Children and Young Adults (DiCAYA) networks, have
been established to explore how electronic health records (EHRs) can be used for chronic disease
surveillance.??° EHR data have numerous strengths that can be leveraged for this purpose. First,
EHR data are available on large patient populations and offer near real-time information,
allowing for improved precision and timeliness when estimating patterns or trends in disease
burden.®” Second, EHRs contain clinically-based diagnoses, lab results, and physical
measurements.®® Often, researchers use these clinical data to classify patients’ disease status
using rule-based computable phenotypes, or pre-specified logic-based criteria.”* Using EHR-
defined disease status would seemingly improve estimation of patterns or associations compared
to some traditional surveillance systems (e.g., health surveys), which can have poor validity from
self-reported disease status and limited reliability for small subgroups or geographies.®

However, while EHR data are clinically-based, the classification of disease status using
these data is susceptible to information biases. Information biases represent systematic errors
within estimates of epidemiologic associations arising from measurement error in key variables,

like disease status. Within EHR data, a diagnostic suspicion bias could occur if certain patients
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have increased screening for health outcomes (e.g., those who are obese may be more likely to
be screened for diabetes with Alc testing),!! and an informed presence bias could occur if, for
example, patients who visit the health system more frequently are sicker or have more
opportunities to receive a diagnosis.'? These biases could distort our understanding of patterns or
risk factors for disease burden, such as by underestimating relative burden among those with
decreased access or more fragmented care. Misclassification within EHR-based disease status
can be measured through sensitivity and specificity. Sensitivity refers to the proportion of truly
diseased individuals who are correctly identified as having the outcome, while specificity refers
to the proportion of truly non-diseased individuals who are correctly identified as not having the
outcome.”® Misclassification increases as the sensitivity or specificity of the EHR-based
computable phenotype decreases.

Methodological research has introduced a variety of statistical approaches and
frameworks to help correct for misclassification. Two compelling frameworks for EHR-based
research include treating misclassification as either a missing data problem or as a causal
inference problem.’® Under a missing data framework, the observed health outcome is assumed
to have some level of misclassification and the true health outcome is treated as missing for some
or all of the patients.”®” Traditional missing data methods, such as regression calibration,
multiple imputation, and inverse probability weighting (IPW), can then be used to correct for this
misclassification.”®*® When applying this framework to EHR data, algorithms to define rare
diseases generally have near-perfect specificity and misclassification can be hypothesized to
largely occur from missing data among diseased individuals who are falsely classified as non-
diseased.!” For example, pertinent evidence of the disease may be absent from a single EHR due

to patients receiving care across multiple distinct healthcare systems.!! For non-rare outcomes,
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researchers may rely on variables that are identifiably missing (e.g., absence of BMI
measurement or lab result) or on internal or external validation datasets that allow for the
estimation of sensitivity and specificity of the computable phenotype.”®*8

Under the causal inference framework, misclassification in disease status can be
conceptualized using directed acyclic graphs (DAGs).!’! Non-differential misclassification in the
exposure (E) or outcome (O) is characterized by independence between errors that arise in the
observed exposure (E*) and outcome (O*), visually displayed as no unblocked backdoor paths
between E and O (Figure 4A). Within this scenario, non-differential misclassification would
generally result in biases towards the null, or an underestimation of the association with the
health outcome.”® More problematically, differential misclassification is characterized by
dependence between these errors, or unblocked backdoor paths between E and O (Figure 4B-
C).”*!1%! Differential misclassification can result in biases towards or away from the null,
meaning that this has the potential to induce an association that otherwise does not exist.”®

Based on hypothesized DAGs, researchers can then use traditional epidemiologic
methods to control for variables (U) that act as confounders of E* and O*. Importantly,
controlling for common effects of E* and O* can inadvertently produce a collider or M bias.
Further, a Berkson’s bias can be produced when the sample is selected or restricted based on a
common effect of E* and O*.!* For example, researchers often hypothesize that the number of
healthcare encounters will affect misclassification of EHR-defined disease status through an
informed presence bias, with EHR samples further restricted to those with at least one
encounter.'? Prior studies have demonstrated that conditioning on the number of encounters

could reduce confounding from differential misclassification but has the potential to induce a
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smaller Berkson's or M bias if the number of encounters is a common effect of the exposure and
outcome (e.g., Figure 4C), particularly when computable phenotypes are highly sensitive.'?

In this paper, we explored the impact of information biases within EHR data on
epidemiologic research questions related to diabetes among young adults aged 18-44 years.
Diabetes is serious, chronic condition that is increasing in both prevalence and incidence?®%!9%103
but is still relatively rare within this age group, affecting an estimated 3% of those aged 18-44
years.® Our research aims were (1) to characterize age-and-sex adjusted odds of diabetes by
race/ethnicity, an established social determinant of health (SDOH) associated with this

65,104.105 and (2) to test for an association between asthma and diabetes, two chronic

condition,
conditions that have previously been observed to be associated but have an uncertain causal
relationship.!% We assessed the ability to correct for misclassification in diabetes status using the
missing data and causal inference frameworks and compared naive and corrected associations
observed within EHR data to associations estimated from national health surveys. The
overarching goal of this paper was to inform the broader discussion on how to address

misclassification of disease outcomes within EHR data in order to provide valid estimates of

diabetes prevalence for public health surveillance.

Figure 4: Directed Acyclic Graphs (DAGS) for Measurement Error in Exposure and
Outcome Variables*

“Panel A: Non-differential misclassification of exposure and outcome. Panel B: Differential misclassification where
E affects measurement of O through U (e.g., a diagnostic suspicion bias where those who are obese (E) are more
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4.2 Methods

4.2.1 Data Sources

The EHR sample was composed of patients from NYU Langone Health, a large academic
medical center with primary service areas in the New York City (NYC) boroughs of Manhattan,
Brooklyn, and Queens. EHR data were pulled from the Epic Clarity database for all NYC-
resident patients aged 18-44 years who had an inpatient or outpatient encounter from 2017-2019.
Patient addresses were geocoded using the NYC Department of City Planning’s N'Y Cgbat
Geosupport Desktop Edition software through the “rGBAT16AB” R package.'"’
Demographic variables of age, sex (male or female), race/ethnicity (White, Black, Latino, Asian,
and Other), insurance status (Medicaid vs. non-Medicaid), and neighborhood poverty level
(<10%, 10-<20%, 20-<30%, and >30% living in poverty within resident census tract) were
defined for each patient. Race/ethnicity was imputed for those with unknown race/ethnicity
(19%) using the Bayesian Improved Surname Geocoding (BISG) methods through the “wru” R
package.”® Neighborhood poverty level was assigned using zip code tabulation area (ZCTA)
poverty group when census tract level data was unavailable (1%). Those with an unknown/other
age or sex (<1%) were excluded from all analyses.

Healthcare utilization variables of total encounters, duration within the EHR system,
presence of at least one routine health exam (ICD-10-CM: Z00.*), presence of at least one
diabetes-related lab (fasting glucose, random glucose, or A1C), and presence of at least one

encounter with an endocrinology review of systems were also defined. Endocrinology review of

likely to be screened for diabetes with Alc testing (U)). Panel C: Differential misclassification where U affects
measurement of both E and O and is a common effect of E and O (e.g., an informed presence bias where diseases E
and O increase individuals’ number of healthcare encounters (U), which in turn increases the odds of receiving a
diagnosis for E or O).
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systems were identified using keyword text searches of History and Physical Examination (H&P)
notes and progress notes (Appendix C).

Patients were classified as having prevalent obesity, asthma, and diabetes if they had
evidence supporting these chronic conditions, using all historical EHR data through 2019, and
were classified as not having each respective health outcome without such evidence. In
alignment with diabetes definitions from national health surveys, EHR-defined diabetes included
all diabetes types (Type 1, Type 2, and other). Evidence of diabetes included at least two
encounter diagnoses for diabetes (ICD-10-CM: E08.*, E09.*, E10.*, E11.*, and E13.%*), one
encounter diagnosis and at least two elevated A1C lab results >6.5%, or at least one anti-

).” Evidence of asthma

diabetes prescription medication (not including metformin or acarbose
was defined as at least two encounter diagnoses for asthma (ICD-10-CM: J45*—J46%*) or at least
two prescriptions for asthma-related medications.”” To maintain consistency across chronic
disease classification methods, evidence of obesity was defined as a most recent BMI of at least
30 kg/m?2, with no naive corrections for those who were missing BMI, height, or weight
measurements (19%).

For comparison to traditional surveillance systems, samples were obtained from two
publicly-available national health surveys, 2019 Behavioral Risk Factor Surveillance System
(BRFSS) and pooled 2013-March 2020 National Health and Nutrition Examination Survey
(NHANES). BRFSS is a cross-sectional telephone survey conducted by the CDC annually on a
sample of over 400,000 United States (US) adults.!®® Within BRFSS data, diabetes and asthma
were defined by self-reported prior diagnosis from a medical provider, and obesity was defined

by a BMI of at least 30 kg/m2 based on self-reported height and weight. Demographic variables

of 5-year age group, sex (male or female), race/ethnicity (White, Black, Latino, Asian, and
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Other), insurance status (uninsured vs. insured), and income level (<$50K, $50-<$75K, >$75K)
were defined for each respondent. To reduce the effects of undiagnosed diabetes on
misclassification of self-reported diabetes status, the BRFSS survey data were subset to those
aged 18-44 years who were in-care, as defined as those who reported having a personal
healthcare provider. Sensitivity analyses varied this definition to include those who were not in-
care.

NHANES is a cross-sectional survey involving interviews and physical examinations that
is conducted by the CDC annually on a sample of approximately 5,000 US children and
adults.!” Within NHANES data, diabetes was defined by self-reported prior diagnosis or
elevated lab results (Alc >6.5% or fasting glucose =126 mm/Hg).%>!'° Sensitivity analyses
varied this definition to be based solely on self-reported prior diagnosis. Asthma was defined by
self-reported prior diagnosis from a medical provider and obesity was defined by a measured
BMI of at least 30 kg/m2. Demographic variables of age, sex (male or female), race/ethnicity
(White, Black, Latino, Asian, and Other), insurance status (Medicaid vs. non-Medicaid), and
income level (<130%, 130-350%, >350% of the federal poverty level) were defined for each
respondent. NHANES data were subset to those aged 18-44 years. As lab results were used to
supplement self-reported diabetes status, no exclusions were made based on in-care status.

4.2.2 Statistical Analyses

We estimated odds ratios (OR) for diabetes by race/ethnicity and asthma status under
four frameworks that we describe herein. First, naive models were estimated by fitting a logistic
regression model for observed diabetes status (DM*) on the full patient sample. ORs for

race/ethnicity were adjusted for age and sex, and ORs for asthma were adjusted for age, sex,
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race/ethnicity, Medicaid insurance status, obesity, and neighborhood poverty level, as informed
by the literature.

Second, complete case models were estimated among the subset of patients who we
hypothesized to have complete data, defined as those with at least one encounter with an
endocrinology review of systems or those who were classified as diabetic through the above
definition. Since diabetes is a rare disease within the young adult population, we assumed that
specificity of the classification was near-perfect and all patients who were classified as diabetic
were complete cases. Sensitivity analyses tested this assumption and varied the definition of
complete case to incorporate information related to the other health outcomes (e.g., having a
BMI measurement or respiratory review of systems) (Appendix C). Complete case models were
estimated by fitting a logistic regression model for DM* using the same covariates as the naive
models.

Third, under the missing data framework, we hypothesized that missing health outcomes
would be predicted by demographics (e.g., differential screening by race/ethnicity), healthcare
utilization (e.g., informed presence bias), and neighborhood (e.g., degree of continuity of care
within the health system by catchment area). We estimated the probability of being a complete
case using a multilevel logistic regression model including all demographic and healthcare
utilization variables and a random intercept for neighborhood defined by Public Use Microdata
Areas. Stabilized IPW weights were then calculated as the inverse of the predicted probability of
being a complete case multiplied by the overall probability of being a complete case.”® The final
missing data models were estimated by fitting a logistic regression model for DM* on the subset
of patients defined as having complete data, weighted for the stabilized IPW weights and using

the same covariates as the naive models.
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Fourth, under the causal framework, we hypothesized that total encounters would be
associated with misclassification of health outcomes through an informed presence bias and
would be an effect of health outcomes, consistent with prior research.'®!* Hypothesized DAGs
underlying the causal framework are included in Appendix C. Causal framework models were
estimated by fitting a logistic regression model for DM* using the full patient sample,
controlling for total encounters and the covariates included in the naive model.

EHR-derived ORs were compared to ORs from the two health surveys, which were
obtained by fitting logistic regression models for diabetes accounting for the complex sample
designs. ORs for race/ethnicity were adjusted for age and sex, and ORs for asthma were adjusted
for age, sex, race/ethnicity, obesity, insurance status, and income level. Relative differences

between EHR-based and health survey-based ORs were calculated as percent differences.

4.3 Results

The EHR sample was composed of 454,612 patients seen within the NYU Langone
sample from 2017-2019, with mean age of 32 years (Table 4). A total of 37.8% of patients were
male and 22% had Medicaid insurance. The largest racial/ethnic group within the sample was
White, with 42% having a White race/ethnicity recorded within the EHR and 52% classified as
White through BISG imputation. Approximately one-quarter of patients had a routine medical
exam and one-half had a DM-related lab. Within the full sample, 3.1% of patients were classified
as having diabetes, 17.5% were classified as being obese, and 4.2% were classified as having
asthma.

A total of 40% of the patient population were classified as complete cases (Table 4).
Patients who were classified complete cases had greater healthcare utilization, measured by a

higher average number of total encounters, greater duration within the NYU system, and greater
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proportion having at least one BMI, routine health exam, or diabetes-related lab. Compared to

non-complete cases, a greater proportion also had a known race/ethnicity (87.4%) or were

classified as obese (22.5%) or asthmatic (7.2%).

Table 4. Descriptive Summary of NYU Patient Population by Complete Case Status.

Total Sample

Non-Complete Case

Complete Case®

Total
Age (mean (sd))
Sex (Male)
Medicaid Insurance (Yes)
Raw Race/Ethnicity
White
Black
Latino
Asian/PI
Other
Missing
Imputed Race/Ethnicity
White
Black
Latino
Asian/PI
Other
Any Recorded BMI (Yes)
All Encounters (mean (sd))
Duration (mean (sd))
> 1 Routine Medical Exam (Yes)*
> 1 DM-related Lab (Yes)®
PUMA Coverage
<10 %
10-<20%
20-<30%
30-<40%
Asthma (Yes)
Obese (Yes)

454,612
32.13 (7.11)

171968 (37.8)
100979 (22.2)

190225 (41.8)
45509 (10.0)
62989 (13.9)
35262 (7.8)
32525 (7.2)
88102 (19.4)

237057 (52.1)
57709 (12.7)
86679 (19.1)
49170 (10.8)
23997 (5.3)
367903 (80.9)
15.23 (23.51)
1.84 (1.93)
115249 (25.4)
205408 (45.2)

79563 (17.5)
143907 (31.7)
163076 (35.9)
68066 (15.0)
19240 (4.2)
79580 (17.5)

273,576 (60.4%)

32.02 (7.13)
100964 (36.9)
59001 (21.6)

111123 (40.6)
24442 (8.9)
32157 (11.8)
20947 (7.7)
19669 (7.2)
65238 (23.8)

144783 (52.9)
33439 (12.2)
49131 (18.0)
31288 (11.4)
14935 (5.5)
190916 (69.8)
9.41 (13.15)
1.53 (1.83)
32786 (12.0)
80728 (29.5)

48320 (17.7)
82148 (30.0)
101293 (37.0)
41815 (15.3)
6167 (2.3)
38819 (14.2)

181,036 (39.8%)

32.31(7.07)
71004 (39.2)
41978 (23.2)

79102 (43.7)
21067 (11.6)
30832 (17.0)
14315 (7.9)
12856 (7.1)
22864 (12.6)

92274 (51.0)
24270 (13.4)
37548 (20.7)
17882 (9.9)
9062 (5.0)
176987 (97.8)
24.03 (31.60)
2.31(1.98)
82463 (45.6)
124680 (68.9)

31243 (17.3)
61759 (34.1)
61783 (34.1)
26251 (14.5)
13073 (7.2)
40761 (22.5)

“Complete cases defined as those with at least one encounter with an endocrinology review of systems or those who
were classified as diabetic through the computable phenotype of having at least two encounter diagnoses for
diabetes, one encounter diagnosis and at least two elevated A1C lab results >6.5%, or at least one anti-diabetes

prescription medication.

b Including all Alc, random blood glucose, and fasting blood glucose lab results.

*Defined within the years of 2017-2019.

Within the full (naive) EHR sample, those who were classified as non-diabetic

consistently had lower healthcare utilization than those who were classified as diabetic (Table 5).
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This pattern was disrupted in the complete case sample, where a greater proportion of non-

diabetic patients had at least one routine medical exam (47% versus 32% of diabetic patients)

and almost all patients had a recorded BMI regardless of diabetes status. Within both the naive

and complete case samples, a lower proportion of those classified as non-diabetic were of Black

or Latino race/ethnicity and were classified as having asthma or obesity.

Table 5: Descriptive Summary of NYU Patient Population by Diabetes Status.

Naive
Diabetes Status

Complete Case
Diabetes Status?

Non-Diabetic Diabetic Non-Diabetic Diabetic
Total 440568 (96.9) 14044 (3.1) 166992 (92.2) 14044 (7.8)
Age (30-44 years) 273216 (62.0) 10843 (77.2) 104005 (62.3) 10843 (77.2)
Sex (Male) 166204 (37.7) 5764 (41.0) 65240 (39.1) 5764 (41.0)
Medicaid Insurance (Yes) 96760 (22.0) 4219 (30.0) 37759 (22.6) 4219 (30.0)
Raw Race/Ethnicity
White 185119 (42.0) 5106 (36.4) 73996 (44.3) 5106 (36.4)
Black 43289 (9.8) 2220 (15.8) 18847 (11.3) 2220 (15.8)
Latino 59636 (13.5) 3353 (23.9) 27479 (16.5) 3353 (23.9)
Asian/PI 34174 (7.8) 1088 (7.7) 13227 (7.9) 1088 (7.7)
Other 31378 (7.1) 1147 (8.2) 11709 (7.0) 1147 (8.2)
Missing 86972 (19.7) 1130 (8.0) 21734 (13.0) 1130 (8.0)
Imputed Race/Ethnicity
White 231412 (52.5) 5645 (40.2) 86629 (51.9) 5645 (40.2)
Black 55268 (12.5) 2441 (17.4) 21829 (13.1) 2441 (17.4)
Latino 82827 (18.8) 3852 (27.4) 33696 (20.2) 3852 (27.4)
Asian/PI 47887 (10.9) 1283 (9.1) 16599 (9.9) 1283 (9.1)
Other 23174 (5.3) 823 (5.9) 8239 (4.9) 823 (5.9)
Any Recorded BMI (Yes) 354043 (80.4) 13860 (98.7) 163127 (97.7) 13860 (98.7)
Obese (Yes) 73412 (16.7) 6168 (43.9) 34593 (20.7) 6168 (43.9)
All Encounters (mean (sd)) 14.29 (21.16)  44.90 (54.27) 22.27 (28.19)  44.90 (54.27)
Duration (mean (sd)) 1.81 (1.92) 2.87 (2.06) 2.26 (1.97) 2.87 (2.06)
>1 Routine Medical Exam 110713 (25.1) 4536 (32.3) 77927 (46.7) 4536 (32.3)
(Yes)*
> 1 DM-related Lab (Yes)® 193480 (43.9) 11928 (84.9) 112752 (67.5) 11928 (84.9)
PUMA Coverage
<10 % 76463 (17.4) 3100 (22.1) 28143 (16.9) 3100 (22.1)
10-<20% 139333 (31.6) 4574 (32.6) 57185 (34.2) 4574 (32.6)
20-<30% 158890 (36.1) 4186 (29.8) 57597 (34.5) 4186 (29.8)
30-<40% 65882 (15.0) 2184 (15.6) 24067 (14.4) 2184 (15.6)
Asthma (Yes) 17339 (3.9) 1901 (13.5) 11172 (6.7) 1901 (13.5)

“Complete cases defined as those with at least one encounter with an endocrinology review of systems or those who
were classified as diabetic through the computable phenotype of having at least two encounter diagnoses for
diabetes, one encounter diagnosis and at least two elevated A1C lab results >6.5%, or at least one anti-diabetes

prescription medication.

b Including all Alc, random blood glucose, and fasting blood glucose lab results.
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*Defined within the years of 2017-2019.

In both the survey and EHR-based analyses, respondents who were Black or Latino had
significantly higher odds of diabetes compared to White respondents, controlling for age and sex
(Figure 5). The naive EHR-based OR estimate for Latino patients was 26% higher than the
BRFSS point estimate (ORNiave=1.93, 95% CI: 1.85-2.01 vs. ORsrrss=1.53, 95% CI: 1.32-1.77).
All correction methods reduced this association, with point estimates falling within the 95%
confidence intervals and relative differences below 15% compared to both health survey
estimates. BRFSS and NHANES respondents who were Asian did not have significantly higher
odds of diabetes compared to White respondents, and confidence intervals were wide due to
small sample sizes of this subgroup. Within the EHR analyses, patients who were Asian had a
significant 11-26% increased odds of diabetes.

In the BRFSS and NHANES analyses, having asthma was associated with an
approximate 20-40% increased odds of diabetes after controlling for demographics and obesity
(ORsrrss = 1.23, 95% CI: 1.09-1.40; ORNHaNEs = 1.38, 95% CI: 1.01-1.91). In the naive EHR
analysis, asthma was strongly associated with diabetes, with those with asthma estimated to have
three times the odds of diabetes as those without asthma after controlling for demographics and
obesity (95% CI:2.86-3.18). This association was reduced in the complete case sample and the
[PW-weighted complete case sample, with corrected OR estimates falling within the 95% CI of
the NHANES estimate and having an approximate 30-50% relative difference from the health
survey point estimates. The association between asthma and diabetes was further reduced in the
causal model (OR = 1.42, 95% CI: 1.34-1.51), with a 3% relative difference from the NHANES
point estimate and a 15% relative difference from the BRFSS point estimate (Figure 5).

Sensitivity analyses varying the definition for complete cases, varying the BRFSS inclusion
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criteria, or varying the NHANES diabetes definition produced similar patterns in these results

(Appendix C).
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Figure 5: Odds Ratios for Diabetes by Race/Ethnicity and Asthma, EHR-Based
Estimates vs. Health Survey Estimates®

5 Associations with self-reported diabetes diagnosis observed among Behavioral Risk Factor Surveillance System
Survey 2019 respondents aged 18-44 years who report having a routine checkup within the past two years. ORs for
race/ethnicity were adjusted for age group and sex, and ORs for asthma were adjusted for age group, sex,
race/ethnicity, obesity, insurance status, and income level. Associations with self-reported diabetes diagnosis or
undiagnosed diabetes (A1C>6.5% or fasting glucose>126mm/Hg) observed among National Health and Nutrition
Examination Survey 2013-March 2020 respondents aged 18-44 years. ORs for race/ethnicity were adjusted for age
and sex, and ORs for asthma were adjusted for age, sex, race/ethnicity, obesity, insurance status, and income level.
Associations with EHR-defined diabetes status observed among NYC resident NYU patient population with an
inpatient or outpatient encounter from 2017-2019. ORs for race/ethnicity were adjusted for age and sex, and ORs for
asthma were adjusted for age, sex, race/ethnicity, obesity, insurance status, and neighborhood poverty level.
Associations with EHR-defined diabetes status observed among NYC resident NYU patient population with an
inpatient or outpatient encounter from 2017-2019 with complete records, as defined as those with a review of
systems for endocrinology. ORs for race/ethnicity were adjusted for age and sex, and ORs for asthma were adjusted
for age, sex, race/ethnicity, obesity, insurance status, and neighborhood poverty level. Associations with EHR-
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4.4 Discussion

Although EHRs offer clinically-based measurements that may improve disease
classification compared to self-report, these data have the potential for information biases arising
from situations like over-screening within select populations or an informed presence bias. Our
analysis explored the potential impact of information biases on observed associations of diabetes
risk factors within an EHR sample of young adults. We found that those who were observed to
have diabetes had greater healthcare utilization than those who were classified as non-diabetic,
which could contribute to such an information bias. For example, those with a greater number of
healthcare encounters may have been more likely to have documentation an underlying diabetes
or asthma diagnosis. Imposing complete case criteria to subset to those for whom we had greater
confidence in an accurate diabetes classification helped to reduce disparities in healthcare
utilization patterns by observed diabetes status. Additional methods based on missing data and
causal frameworks were also tested to help correct for these biases.

Within naive analyses, the observed age-and-sex adjusted odd ratios for diabetes among
Latino patients appeared slightly inflated compared to health survey estimates. Subsetting
analyses to complete cases, using IPW, or controlling for the number of healthcare encounters
produced odds ratios that were closer to health survey estimates. Prior research has demonstrated
that Latino and Black individuals may have increased screening for diabetes while Asian

individuals may have decreased screening compared to White.!!! These disparities in screening

defined diabetes status observed among NYC resident NYU patient population with an inpatient or outpatient
encounter from 2017-2019 with complete records, as defined as those with a review of systems for endocrinology,
using missing data framework weighting the complete case subset with stabilized IPW. ORs for race/ethnicity were
adjusted for age and sex, and ORs for asthma were adjusted for age, sex, race/ethnicity, obesity, insurance status,
and neighborhood poverty level. Associations with EHR-defined diabetes status observed among NYC resident
NYU patient population with an inpatient or outpatient encounter from 2017-2019, using the causal framework
controlling for total number of encounters. ORs for race/ethnicity were adjusted for age and sex, and ORs for asthma
were adjusted for age, sex, race/ethnicity, obesity, insurance status, and neighborhood poverty level.
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practices could explain the observed patterns within the EHR estimates. Increased likelihood of
screening would produce a positive bias while decreased likelihood of screening would produce
a negative bias in naive EHR associations since those who are not screened may have
undiagnosed diabetes. The tested methods may have helped correct for this bias by controlling or
restricting based on factors associated with likelihood of diabetes screening, resulting in
decreases to the Black and Latino ORs and increases to the Asian OR relative to naive estimates.
Overall, determining the accuracy of the EHR-based estimates was challenging due to the wide
confidence intervals for survey-based estimates, but EHR-based associations had greatly
improved precision compared to gold standard due to the diversity and larger sample size of
these data.

Consistent with prior research, the naive association between two EHR-observed
conditions, asthma and diabetes, was substantially positively biased relative to health survey
estimates and prior studies from the literature.!%!1-13:19 Al correction methods greatly reduced
the estimated association between these two chronic conditions, with the causal framework
having the largest impact on this estimate. Since the number of healthcare encounters may be a
common effect of these chronic conditions, it is possible that controlling for this variable in this
correction method induced a small M-bias, producing an estimate that was lower than the
complete case or missing framework estimates.'> However, all corrected EHR estimates were
still higher than the health survey point estimates, suggesting that the NYU patient population
may not be generalizable or that there are residual biases in these estimates. For example, those
interacting with the NYU hospital system may be sicker and more likely to have multiple chronic

conditions than those who receive care at independent primary care practices or those who are

50



not in care. This selection bias was not addressed in this work and is an important avenue for
future research.

This study applied multiple bias correction frameworks to a large, diverse patient
population and these findings can inform broader discussions on addressing misclassification of
disease outcomes within epidemiologic studies using EHR data. However, there are limitations
to these analyses. Methods focused on addressing misclassification of health outcomes, but there
is potential for misclassification within other covariates. The hypothesized DAG (Appendix C)
likely represents a simplified depiction of information biases within these data. In particular, a
large proportion of patients had an unknown race/ethnicity, and the BISG imputation methods
used may have differential performance by race/ethnicity or marital status.!'? Internal or external
validation samples were also not available to inform computable phenotype sensitivity or
specificity for the correction methods,”’® and the complete case and missing data frameworks
relied on the assumption that the specificity of the computable phenotype was near perfect.
Sensitivity analyses were used to test these assumptions, but it is possible that imposing
complete case determinations generated a selection bias for sicker individuals who were more
frequent users of the healthcare system,!' which could explain why these methods found higher
odds of diabetes among those with asthma compared to the causal framework methods. That
said, internal and external validation samples are often costly or time-intensive to obtain, so these
methods offer an imperfect, yet feasible, solution within resource-constrained environments.

Additionally, comparisons were made to estimates from two health surveys, which have
distinct biases that were not addressed in this analysis. The BRFSS is limited to self-reported
health outcomes, which can be prone to misclassification.*® Physical measurements from

NHANES may improve classification of diabetes status among those who are unaware or
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undiagnosed.®® However, the smaller sample size of this survey requires multi-year pooled
analyses, which can be biased from changes in screening or diagnostic criteria over time. For
example, in 2015, the American Diabetes Association lowered the recommended BMI screening
threshold for Asian Americans to better account for differential risk of diabetes at equivalent
BMI levels, which could change the burden of undetected diabetes within this subgroup across
time.!!> While the complementary strengths of these two data sources may help to remedy these
unaddressed biases, both data sources reflect national data, which may not be transportable to
this NYC patient population. Although local versions of these health surveys are available,
sample sizes were too small to produce reliable associations. Some covariate definitions also
varied across data sources. Importantly, individual-level income was available within the survey
data but was unavailable in the EHR data. The use of neighborhood-level poverty likely resulted
in residual confounding in all EHR-based ORs for asthma, which may have contributed to the
positive relative differences compared to survey-based estimates.

Achieving health equity is a core mission of public health practice. This study
demonstrated the potential advantage of EHR data to better understand differential patterns and
estimate absolute chronic disease burden among small racial/ethnic groups within local
jurisdictions. These data also offer the opportunity to better understand implicit biases in how
providers interact with patients or interface with EHR systems. Implicit biases, including
stigmatizing medical notes or differential care received,!!""!!* affect both the quality of data
within EHRs and, more importantly, the health and wellbeing of populations served by these
systems. Future research is needed to further explore and remedy these biases. Additionally, this

study assessed associations between prevalent asthma and diabetes due to uncertain temporality
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within the survey data. However, the longitudinal nature of EHR data could be leveraged to
estimate average causal effects between these chronic conditions.
4.2 Conclusion

EHRs offer a compelling data source for public health research, however,
misclassification of disease status has the potential to bias results of these studies. Methods to
treat misclassification as a missing data problem, to control for factors that affect
misclassification using a causal framework, or to simply subset analyses to patients with
complete data should be considered to help produce valid estimates of risk factor associations.
More largely, these methods may help mitigate biases in estimates of absolute disease prevalence
by demographics or other subpopulations of interest when using EHR data for chronic disease
surveillance. Additional methods are needed to account for selection biases within EHR data to

inform the transportability or generalizability of results.
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Chapter 5: Conclusion

Using electronic health record (EHR) data to supplement existing public health
surveillance systems could improve the timeliness, granularity, and validity of estimates of
patterns and trends in chronic disease burden. However, these data are susceptible to selection
biases from using a convenience sample of in-care patients and to information biases from using
health outcomes measured by data systems designed for documentation of clinical care rather
than research purposes. This integrated learning experience (ILE) explored such biases when
using EHR data to understand prevalence and risk factors of diabetes among young adults aged
18-44 years. Diabetes is a rare yet serious chronic disease that is fast-evolving within this age
group and could benefit from innovations to traditional surveillance systems.

The results of this ILE demonstrated the importance of applying an epidemiologic
perspective when using EHR data for diabetes surveillance. First, the literature review illustrated
how diabetes computable phenotypes, or case definitions, should be designed to reflect the
analytic purpose, data sources, and target population of inference. Highly specific definitions
were observed to have lower sensitivity compared to definitions that were more flexible or
inclusive of different source of information from the EHR. Such overly restrictive case
definitions have significant implications when EHR data are used to further health equity, a key
purpose of public health surveillance. For example, a clinically consistent definition of diabetes
requires two positive lab results. However, this definition would differentially misclassify
individuals with decreased access to care who only have a single lab conducted as non-diabetic,
leading to systematic underestimation of diabetes burden within populations with limited access

to care.
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Second, an exploration of selection biases from a convenience sample of patients from an
academic medical center in New York City and from data simulations demonstrated the
importance of understanding the underlying factors that affect which patients are included within
an EHR sample. When common statistical methods that adjust for variables that are measured in
both the EHR and general population were applied to these data, neighborhood-level proxies of
social determinants or health status could not fully account for corresponding individual-level
variables that affected selection processes. Hypothesized relationships between these factors can
help investigators predict the magnitude and direction of residual biases, which is essential when
communicating the uncertainty in estimated prevalence estimates, particularly when uncertainty
may be differential across subgroups.

Third, an exploration of information biases from health outcomes classified using EHR
data from the same academic medical center in New York City illustrated how missing data and
causal inference frameworks can be applied to mitigate biases in the measurement of health
outcomes with these data. Using inverse probability weighting or controlling for factors that
were hypothesized to be associated with misclassification of health outcomes greatly reduced the
strength of the association between asthma and diabetes status compared to naive associations
observed within the patient sample, in alignment with hypothesized directed acyclic graphs and
with associations observed with national health survey data and in the literature. Without these
adjustments, observed associations with EHR-defined diabetes could reflect differences in
healthcare utilization and provide a biased understanding of patterns and risk factors of disease
burden.

Limitations to this work include the lack of true gold standards for external validation.

EHR-based estimates of prevalence and measures of association were compared to estimates
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from local and national health surveys. These health surveys have known limitations, including
poor validity from self-reported disease status, selection biases from low participation rates, and
reduced reliability within underrepresented groups. These limitations likely contributed to the
observed differences between EHR and survey-based estimates, which made it challenging to
evaluate the extent of biases within the EHR-based estimates. In addition, this work was not an
exhaustive evaluation of all biases that may be present within these data. While these finding
may apply more broadly to the surveillance of chronic conditions, further research is needed to
understand how biases may operate differently across diseases, data sources, or jurisdictions.
Innovations in chronic disease surveillance systems are needed to provide more timely
and granular estimates of disease burden to better target public health resources to at-risk
populations and to achieve health equity. As seen through this work, EHR data offer the
opportunity to provide precise estimates of diabetes burden and risk factor associations for small
geographic areas or demographic groups. However, care is needed when analyzing and
interpreting these data to address inherent selection and information biases. Additional work is
needed to improve the collection of social determinants of health, such as income level or
education, within EHR data to better address these biases. Moreover, while these data offer great
promise as a supplement to existing surveillance systems, they do not replace the need for health
surveys or other forms of data collection that gather information on those who are not in-care.
Collaborations between academic medical centers and public health agencies should be

established to allow for the practical application of these data.
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Appendix A

Appendix Table 1: Literature Review Results for Diabetes Computable Phenotype

Definitions.
Authors Study EHR Data Methods Performa | Recommended/Optimal
Popula- | Source nce Computable Phenotype
tion Measures
Chi*® Aged < | Integrated Compared rule- Sensitivity, | T1: Not T2
20 years | managed care | based algorithms specificity, | T2: Ratio of T2 to total DM
organization | using different PPV, NPV, | codes > 0.5
(Kaiser thresholds in the Youden’s
Permanente ratio of ICD-10-CM | index,
Southern diagnosis codes by accuracy
California) DM type via manual
review
Ho* Adults | Large, Rule-based criteria | Accuracy, | Recognized DM: DM diagnosis
aged > independent (using ICD-10-CM | weighted- | code or any order for DM
18 years | academic diagnosis codes, Kappa medication
medical medications, and lab | statistic, Probable DM: Peak serum
center in results) sensitivity, | glucose >11.1 mmol/L, no DM
Ottawa, specificity | diagnosis or medication
Canada PPV via Possible DM: Peak serum
(Ottawa manual glucose > 7.8 & <11.1 mmol/L,
Hospital) chart no DM diagnosis or medication
review

Karlson® All ages | Mass General | Penalized logistic Sensitivity, | T2: Prediction model including
Brigham regression model specificity, | total number of encounters with

(LASSO) classifier | PPV, NPV | any diagnosis code, count of T2
using predictors via manual | diagnosis codes, count of T1
from the literature chart diagnosis codes, count of DM
(diagnosis codes, review medication prescriptions

NLP of medications,

sex, race, ethnicity,

birth year)

Kho?! All ages | Clinical Rule-based criteria PPV via T2: >1 T2 diagnosis code AND
research (using ICD-10-CM | manual >1 T1 medication AND >1 T2
network diagnosis codes, review medication AND earliest T2
(eMerge medications, and lab medication precedes earliest T1
Consortium) | results) medication; or >1 T2 diagnosis
composed of code AND no T1 medication
five health AND >1 T2 medication; or >1
systems in T2 diagnosis code AND no DM
Washington, medication AND >1 abnormal
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[linois, lab (Random glucose > 200
Minnesota, mg/dl, Fasting glucose > 125
Tennessee, mg/dl, or Hemoglobin Alc >
and 6.5%); or No T2 diagnosis code
Wisconsin AND >1 T2 medication AND
>1 abnormal lab; or >1 T2
diagnosis code AND no T2
medication AND >1 T1
medication AND >2 T2
physician diagnoses
Klompas* All ages | Ambulatory Compared expert- Sensitivity, | DM: Hemoglobin Alc > 6.5%
practice defined rule-based specificity, | or fasting glucose > 126 mg/dL
network in algorithms (using PPV via or
Massachusett | ICD-9-CM manual prescription for insulin outside
s (Atrius diagnosis codes, chart of pregnancy or > 2 DM
Health) medications, and lab | review diagnosis codes or > 1 DM
results) medication
T1: Ratio of T1 to T2 diagnosis
codes > 0.5 AND (prescription
for glucagon or no record of an
oral or hypoglycemic other than
metformin) or C-peptide
negative or diabetes
autoantibodies positive or
prescription for urine acetone
test strips
T2:not T1
Lawrence®® | Aged < | Integrated Compared rule- Sensitivity, | DM: > 1 outpatient DM
20 years | managed care | based algorithms specificity, | diagnosis code or prescription
organization | from the literature PPV, for insulin
(Kaiser (using ICD-9-CM AUC, T1:>1 outpatient T1 diagnosis
Permanente diagnosis codes, accuracy code
Southern prescriptions, lab via T2: Absence of an outpatient T1
California) results, age) SEARCH | diagnosis code
for
Diabetes in
Youth
Study
registry
Raebel® All ages | Mini-Sentinel | Compared rule- Sensitivity | DM: > 1 inpatient diagnosis
Distributed based algorithms & PPV via | code or >2 of the following
Database from the literature SUPREM | events (when the two events are
(using ICD-9-CM E-DM from the same source [e.g. two
diagnosis codes, diabetes outpatient diagnoses or two
prescriptions, lab registry for | elevated laboratory values],
results) DM only they must occur on separate

dates < 730 days apart): (1)
outpatient diagnosis code; (2)
antidiabetic medication; (3) Alc
> 6.5%; (4) Fasting plasma
glucose > 126 mg/dl; (5)
Random plasma glucose >
200mg/dl

T1: Ratio of T1 to T2 diagnosis
codes >0.5 and (no record of an
oral hypoglycemic other than
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insulin or metformin or
prescription for glucagon)
T2: Not Tl

Schroeder* | Adults | Integrated Compared Sensitivity | T1: Ratio of T1 to T2 diagnosis
aged > | managed care | combinations of & PPV via | codes > 0.5 AND (prescription
20 years | organization | rule-based criteria manual for glucagon or no record of an

(Kaiser from the Klompas chart oral or hypoglycemic other than
Permanente algorithm (using review metformin) or C-peptide
Colorado) ICD-9-CM and negative or diabetes
ICD-10-CM autoantibodies positive
diagnosis codes,
prescriptions, lab
results)

Spratt®* Adults | Large, Compared rule- Sensitivity | T2: T2 diagnosis code or DM
aged > independent based algorithms & medication from an ambulatory
18 years | academic (using ICD-9-CM specificity | encounter or > 2 abnormal lab

medical diagnosis codes, via manual | results in the past 365 days
center in medications, and lab | chart

North results) from the review

Carolina literature

(Duke Health

System)

Teltsch3® Aged United States | Compared rule- Sensitivity, | T1: No (oral glucose lowering
10 to 18 | Department based algorithms specificity, | drug (other than metformin or
years of Defense from the literature or | PPV, NPV | metformin but not insulin) or <

health system | clinical insight using | via manual | 2 DM diagnosis codes) or
variables from the chart (insulin and ratio of T2 to T1
EHR (lab results, review diagnosis codes <0.8) or insulin
BMI, and blood pump or continuous glucose
pressure) or medical monitor
claims (including T2: Oral glucose-lowering drug
diagnosis codes, other than metformin or
medication (metformin but not insulin) or
dispensings) (no (<2 T2 diagnosis codes or
(insulin and ratio of T2 to T1
diagnosis codes <0.8) or insulin
pump or continuous glucose
monitor) and (ratio of T2 to T1
diagnosis codes >0.8 or (long-
acting insulin and no
short/rapid-acting insulin))

Thorpe*> | Adults | Ambulatory | Compared rule- Sensitivity | T2: Last hemoglobin Alc value
aged > | practice based algorithm & > 6.5% in past two years; or
20 years | EHR-data using ICD-9-CM specificity | ever diagnosed with T2; or

network in diagnosis codes via manual | prescribed T2 medication in
New York alone to algorithm chart past year

(NYC augmented with review

Macroscope) | medications and lab

results
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Upadhyaya®? | All ages | Large, Compared proposed | Sensitivity, | DM: > 1 DM diagnosis code; or
independent | rule-based algorithm | specificity, | =1 DM medication during
academic (using ICD-9-CM PPV, NPV | outpatient medication
medical diagnosis codes, via manual | reconciliation; or metformin
center in medications, and chart AND abnormal lab result; or
Minnesota natural language review clinical note positive for DM
(Mayo processing of
Clinic) clinical notes) to

rule-based
algorithms from the
literature
Vanderloo'® | Aged < | Single-payer | Compared four Sensitivity, | T1: age <10 years on their index
20 years | health-system | expert-defined rule- | specificity, | date or Insulin and/or glucose
in Canada based algorithms PPV via monitoring strips (730 days
(National (using demographics | diabetes from index date)
Diabetes and medications) registry T2:not T1
Surveillance
System)

Wei? All ages | Large, Compared Sensitivity, | T1: Evidence of T1 in > 2 of the
independent combinations of PPV, F- following components of the
academic rule-based criteria score via EHR: (1) diagnosis codes; (2)
medical (using ICD-9-CM manual primary clinical notes; (3)
center in diagnosis codes, chart medications
Tennessee medications, and review T2: Evidence of T2 in > 2 of the
(Vanderbilt natural language following components of the
University processing of EHR: (1) diagnosis codes; (2)
Medical primary clinical primary clinical notes; (3)
Center) notes) medications

Wells®! Aged < | Three Compared rule- Sensitivity, | DM: HbAlc 26.5% or fasting

20 years | independent based (using ICD- specificity, | plasma glucose 2126 mg/dL or
childyen’s~ 10-CM diagnosis PPV, NPV | random plasma glucose 2200
hos.pltals in codes, medications, | via manual mg/dL or > 1 DM diagnosis
Oth,. and l.ab re§ults) gnq cha}'t code or prescription/
Washington, multlnqmlal l(?ngth review administration of a diabetes-
and Colorado | regression (using s
(Cincinnati demographics, related med|(?at|0n .

Children’s diagnosis codes, T_l 2 2 DM diagnosis codes
Hospital, medications, and lab with the mqst frequently

Seattle results) occurring diabetes type of T1 or
Children’s a tie between T1 and T2 or

and ’ other diabetes

Children’s T2: > 2 DM diagnosis codes
Hospital with the most frequently
Colorado) occurring diabetes type of T2 or

a tie between T2 and other
diabetes
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Wiese® Adults | PCORnet Rule-based criteria PPV via T2: Inpatient or outpatient T2
aged > clinical (using ICD-9-CM manual diagnosis code and DM
20 years | research and ICD-10-CM review medication within 90 days
network diagnosis codes, following the diagnosis date; or
(VUHS, medications, and lab T2 diagnosis code and
UNC, results) outpatient HbAlc >6.5% within
OneFlorida, 90 days before or after
Tulane) diagnosis date; or DM
medication within 90 days
before or after an outpatient
HbAlc >6.5%
Zhong?’ Aged < | Two large, Compared expert- Sensitivity, | DM: >1 billing DM diagnosis
20 years | independent defined rule-based specificity, | codes
academic (using ICD-9-CM PPV via T1: Ratio of T1 diagnosis codes
medical diagnosis codes, manual to the sum of T1 and T2
centers in medications, and lab | chart diagnosis codes >0.5 or 0.6
North and results) and review T2: No computable phenotype
South classification and met surveillance criteria,
Carolina regression tree recommended approach
(Medical (CART) algorithms incorporating manual review
University of | (using
South demographics,
Carolina & diagnosis codes,
University of | medications, and lab
North results)
Carolina
Health Care
System)
Zhong®’ Aged < | University of | Compared expert- Sensitivity, | DM: Meet >2 criteria:
20 years | North defined rule-based specificity, | 21Hemoglobin Alc > 6.0%;> 1
Carolina (using ICD-9-CM PPV via fasting glucose > 126 mg/dL; >
Health Care diagnosis codes, manual 2 random glucose > 200 mg/dL;
System medications, and lab | chart >1 problem list DM diagnosis
results) review codes; >1 billing data DM

diagnosis code; >1 DM-related
outpatient medication

T1: Ratio of T1 diagnosis codes
to the sum of T1 and T2
diagnosis codes >0.5

T2: Ratio of T2 diagnosis codes
to the sum of T1 and T2
diagnosis codes >0.4

Abbreviations: PPV: positive predictive value;, NPV: negative predictive value; DM: diabetes; T1: type I diabetes,
T2: type 2 diabetes;, HbAlc: hemoglobin AIC.
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Appendix B

Sensitivity Analyses for Model Specifications:

e Main multilevel logistic regression model specification (MLRP): including fixed effects
for sex, age category, and Medicaid insurance status and random effects for race/ethnicity
and PUMA.

e Alternate specification 1 (MLRP — ACS): including fixed effects for sex, age category,
and Medicaid insurance, random effects for race/ethnicity, race/ethnicity*sex interaction,
and PUMA, and neighborhood-level fixed effects for ACS variables (% living below the
federal poverty level, % with a bachelor’s degree or higher, % unemployed, % foreign-
born).

e Alternate specification 2 (MLRP — CHS): including fixed effects for sex, age category,
and Medicaid insurance, random effects for race/ethnicity, race/ethnicity*sex interaction,
and PUMA, and neighborhood-level fixed effects for ACS variables and NYC CHS
variables (adult diabetes prevalence, adult obesity prevalence, and % of adults with a

primary care physician).

Sensitivity Analyses for NYU Catchment Area Definitions:
e Geographic Definition (main text analyses): a public health-relevant approach including

all PUMASs within the New York City boundaries (n = 55).
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e Geographic & Penetrance Definition: a hybrid public health-relevant/data-driven
approach including all PUMAS within New York City Counties with >5% penetrance
(excluding Bronx County) (n = 45).

e Adjacent Neighborhood Definition: a data-driven approach including all PUMAS with
>10% penetrance and contiguous PUMASs (n = 37).

e Data Penetrance Definition: a data-driven approach including all PUMAS with >10%

penetrance (n = 29).
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Appendix Table 2: Demographic Profile of the NYU Sample and General Population
under Different Catchment Area Definitions, NYC Young Adults Aged 18-44 Years.

Geographic? Geographic & Adjacent EHR Penetrance!
Penetrance® Neighborhoods®
Pop. Samp. Pop. Samp. Pop. Samp. Pop. Samp.
Sex
Female 51.2% 62.2% 51.3% 62.1% 51.2% 62.2% 51.6% 62.1%
Male 48.8% 37.8% 48.7% 37.9% 48.8% 37.8% 48.4% 37.9%
Race
Black 20.3% 12.7% 18.7% 12.2% 17.7% 10.8% 14.3% 8.9%
Latino 29.6% 19.1% 23.9% 18.1% 22.3% 17.9% 17.6% 16.3%
Other 18.1% 16.1% 20.5% 16.4% 20.1% 16.3% 20.0% 15.9%
White 32.0% 52.1% 36.8% 53.4% 39.8% 55.0% 48.1% 58.9%
Age
18-29 43.6% 37.5% 42.9% 37.6% 42.4% 37.8% 41.6% 37.8%
30-44 56.4% 62.5% 57.1% 62.4% 57.6% 62.2% 58.4% 62.2%
Insurance
Non- 74.2% 77.8% 77.5% 77.8% 77.8% 77.5% 80.5% 78.2%
Medicaid

Medicaid 25.8% 22.2% 22.5% 22.2% 22.2% 22.5% 19.5% 21.8%

“ Geographic Definition: includes all PUMAs within the New York City boundaries (n = 55).

bGeographic & Penetrance Definition: includes all PUMAS within New York City Counties with >5% penetrance
(excludes Bronx County) (n = 45).

¢ Adjacent Neighborhood Definition: includes all PUMAS with >10% penetrance and contiguous PUMAs (n = 37).
4 Data Penetrance Definition: includes all PUMAS with >10% penetrance (n = 29).

Abbreviations: Pop. = general population; Samp. = EHR sample.

72



Appendix Table 3: Overall Diabetes Prevalence Estimates (and 95% CIs) under
Different Catchment Area Definitions, NYC Young Adults Aged 18-44 Years.

Geographic?

Geographic &
Penetrance®

Adjacent
Neighborhoods®

Data Penetrance®

Inference to the NYC General Population'

Gold Standard®
Crude

Raking
Poststratification
MLRP®

MLRP - ACS®
MLRP — CHS"

3.33% (3.02-3.67)
3.09% (3.04-3.14)
3.55% (3.46-3.63)
3.54% (3.43-3.64)
3.55% (3.47-3.63)
3.59% (3.51-3.67)
3.58% (3.50-3.66)

3.33% (3.02-3.67)
3.01% (2.96-3.07)
3.30% (3.24-3.37)
3.30% (3.24-3.36)
3.30% (3.24-3.36)
3.41% (3.34-3.49)
3.40% (3.33-3.48)

3.33% (3.02-3.67)
2.98% (2.93-3.04)
3.31% (3.24-3.37)
3.30% (3.24-3.37)
3.28% (3.21-3.35)
3.38% (3.31-3.47)
3.38% (3.30-3.45)

Inference to General Population from In-Sample Neighborhoods’

Gold Standard®
Crude

Raking
Poststratification
MLRP®

MLRP — ACS®
MLRP — CHS"

3.33% (3.02-3.67)
3.09% (3.04-3.14)
3.55% (3.46-3.63)
3.54% (3.43-3.64)
3.55% (3.47-3.63)
3.59% (3.51-3.67)
3.58% (3.50-3.66)

3.09% (2.76-3.46)
3.01% (2.96-3.07)
3.17% (3.11-3.23)
3.16% (3.09-3.23)
3.19% (3.13-3.25)
3.20% (3.13-3.26)
3.20% (3.14-3.25)

2.90% (2.56-3.29)
2.98% (2.93-3.04)
3.14% (3.07-3.20)
3.11% (3.04-3.18)
3.15% (3.08-3.22)
3.16% (3.09-3.22)
3.16% (3.09-3.22)

3.33% (3.02-3.67)
2.91% (2.86-2.96)
3.30% (3.23-3.38)
3.30% (3.23-3.38)
3.24% (3.17-3.32)
3.33% (3.26-3.41)
3.34% (3.25-3.42)

2.47% (2.13-2.88)
2.91% (2.86-2.96)
2.97% (2.91-3.03)
2.96% (2.89-3.03)
2.99% (2.92-3.04)
2.99% (2.93-3.05)
2.99% (2.92-3.04)

“ Geographic Definition: includes all PUMAs within the New York City boundaries (n = 55).

b Geographic & Penetrance Definition: includes all PUMAS within New York City Counties with >5% penetrance
(excludes Bronx County) (n = 45).
¢ Adjacent Neighborhood Definition: includes all PUMAS with >10% penetrance and contiguous PUMAs (n = 37).
4 Data Penetrance Definition: includes all PUMAS with >10% penetrance (n = 29).

¢Gold standard prevalence estimates from NYC Community Health Survey 2015-2020 data.

T Multilevel logistic regression model including fixed effects for sex, age category, and Medicaid insurance status,

random effects for race/ethnicity and PUMA

& Multilevel logistic regression model including fixed effects for sex, age category, and Medicaid insurance, random
effects for race/ethnicity, race/ethnicity*sex interaction, and PUMA, and neighborhood-level fixed effects for ACS
variables (% living below the federal poverty level, % with a bachelor’s degree or higher, % unemployed, %

foreign-born).

h Multilevel logistic regression model including fixed effects for sex, age category, and Medicaid insurance, random
effects for race/ethnicity, race/ethnicity *sex interaction, and PUMA, and neighborhood-level fixed effects for ACS
variables and NYC CHS variables (adult diabetes prevalence, adult obesity prevalence, and % of adults with a
primary care physician).
! Inference to the citywide NYC general population. Raking and post-stratification “Geographic & Penetrance”,
“Adjacent Neighborhoods”, and “Data Penetrance” estimates do not include PUMA in the adjustment methods due
to missing strata of PUMAs in the restricted samples.
7 Inference to the general populations restricted to equivalent PUMASs as the sample definitions.
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Appendix Table 4: Relative Difference in EHR-Based Diabetes Prevalence Estimates
from Gold Standard under Different Catchment Area Definitions, NYC Young Adults Aged

18-44 Years.
Geographic? Geographic & Adjacent Data Penetrance!
Penetrance® Neighborhoods®
Inference to the NYC General Population®
Crude -7.88% -10.5% -11.70% -14.50%
Raking 6.02%* -0.86%* -0.82%* -0.87%*
Poststratification 5.75%* -1.05 %* -0.95%* -0.91%*
MLRP* 6.16%* -1.11%* -1.50%* -2.81%*
MLRP - ACSf 7.05% 2.25%* 1.51%* -0.01%*
MLRP — CHS® 6.96% 1.94%* 1.26%* 0.11%*
Inference to General Population from In-Sample Neighborhoods'
Crude -7.88% -2.58%* 2.69%* 14.9%
Raking 6.02%* 2.46%* 7.52% 16.6%
Poststratification 5.75%* 2.09%* 6.77% 16.3%
MLRP* 6.16%* 3.11%* 7.81% 17.1%
MLRP — ACS' 7.05% 3.40%* 8.02% 17.1%
MLRP — CHS® 6.96% 3.34%* 8.04% 17.1%

“ Geographic Definition: includes all PUMAs within the New York City boundaries (n = 55).
b Geographic & Penetrance Definition: includes all PUMAS within New York City Counties with >5% penetrance
(excludes Bronx County) (n = 45).
¢ Adjacent Neighborhood Definition: includes all PUMAS with >10% penetrance and contiguous PUMAs (n = 37).
4 Data Penetrance Definition: includes all PUMAS with >10% penetrance (n = 29).
¢ Multilevel logistic regression model including fixed effects for sex, age category, and Medicaid insurance status,
random effects for race/ethnicity and PUMA
T Multilevel logistic regression model including fixed effects for sex, age category, and Medicaid insurance, random
effects for race/ethnicity, race/ethnicity *sex interaction, and PUMA, and neighborhood-level fixed effects for ACS
variables (% living below the federal poverty level, % with a bachelor’s degree or higher, % unemployed, %
foreign-born).
& Multilevel logistic regression model including fixed effects for sex, age category, and Medicaid insurance, random
effects for race/ethnicity, race/ethnicity*sex interaction, and PUMA, and neighborhood-level fixed effects for ACS
variables and NYC CHS variables (adult diabetes prevalence, adult obesity prevalence, and % of adults with a
primary care physician).
h Inference to the citywide NYC general population. Raking and post-stratification “Geographic & Penetrance”,
“Adjacent Neighborhoods”, and “Data Penetrance” estimates do not include PUMA in the adjustment methods due
to missing strata of PUMASs in the restricted samples.
" Inference to the general populations restricted to equivalent PUMAs as the sample definitions.
*Statistically Equivalent through the TOST test alpha = 0.05, equivalence bounds = 0.005.
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Appendix Figure 1: Relative Bias in the Neighborhood-Level EHR-Based Estimates vs.
the True Diabetes Prevalence by Simulation Scenario.®

® Each point represents a neighborhood. Panel A: Scenario 1 modified definition of the catchment area based on
quantiles of penetrance; Panel B: Scenario 2 modified the level of misclassification of the auxiliary variable W
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Appendix Table 5: Coverage in Overall EHR-Based Estimates by Adjustment Method
and Simulation Scenario.

Sample Inclusion Crude Raking Post- MLRP MLRP —
Criteria Stratification Out of
Sample
Scenario 1*
Quantiles 1+ 5% 44% 46% 46% 92%
Quantiles 2+ 3% 44% 51% 48% 53%
Quantiles 3+ 3% 36% 44% 41% 19%
Quantiles 4+ 5% 33% 38% 37% 25%
Quantile 5 3% 32% 32% 32% 14%
Scenario 2
10% 2% 68% 53% 65% -
30% 1% 16% 3% 11% -
50% 0% 9% 6% 1% -
70% 0% 18% 0% 8% -
90% 0% 61% 39% 62% -
Scenario 3¢
0.33 0% 0% 0% 0% -
0.67 0% 0% 0% 0% -
1.00 1% 7% 4% 6% -
1.50 22% 0% 0% 0% -
3.00 0% 0% 0% 0% -

“Scenario 1 modified definition of the catchment area based on quantiles of penetrance.
b Scenario 2 modified the level of misclassification of the auxiliary variable W compared to the unobserved variable

U.
¢ Scenario 3 modified the association between diabetes and selection (ORpyy).

compared to the unobserved variable U; Panel C: Scenario 3 modified the association between diabetes and
selection (ORpwm).
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Appendix C

Appendix Table 6: Case-Insensitive Search Terms for Endocrinology Review of

Systems.
Endocrinology Key Terms Review of System Key Terms
endocrin ros
endo: review of system

endo-

Demographics

2N

Healthcare
Encounters

_______________________________

Appendix Figure 2: Hypothesized Directed Acyclic Graph for Information Bias and
Associations between Asthma and Diabetes.”

7 *Qbserved disease status
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Appendix Table 7: Odds Ratios for Diabetes by Race/Ethnicity and Asthma, Health

Survey Estimates.

BRFSS*

BRFSS — SAP

NHANES®

NHANES - SA‘

Race/Ethnicity®

(Ref = White)

Black

Latino

Asian

Other
Asthma’
(Ref=No)

1.51 (1.3-1.75)
1.53 (1.32-1.77)
1.08 (0.81-1.45)
1.62 (1.28-2.04)

1.23 (1.09-1.4)

1.49 (1.30-1.70)
1.51 (1.33-1.71)
1.18 (0.91-1.52)
1.64 (1.34-2.00)

1.34 (1.17-1.53)

1.59 (1.18-2.14)
1.54 (1.14-2.07)
1.04 (0.71-1.52)
1.47 (0.9-2.39)

1.38 (1.01-1.91)

1.32 (0.92-1.88)
1.41 (0.99-2.00)
0.68 (0.41-1.10)
1.16 (0.68-2.00)

1.32 (0.90-1.93)

? Associations with self-reported diabetes diagnosis observed among Behavioral Risk Factor Surveillance System
Survey 2019 respondents aged 18-44 years who report having a personal healthcare provider.

b BRFSS sensitivity analysis: associations with self-reported diabetes diagnosis observed among Behavioral Risk
Factor Surveillance System Survey 2019 respondents aged 18-44 years.

¢ Associations with self-reported diabetes diagnosis or undiagnosed diabetes (A1C>6.5% or fasting
glucose>126mm/Hg) observed among National Health and Nutrition Examination Survey 2013-March 2020
respondents aged 18-44 years.

4 NHANES Sensitivity analysis: with self-reported diabetes diagnosis observed among National Health and Nutrition
Examination Survey 2013-March 2020 respondents aged 18-44 years.

¢ ORs for race/ethnicity estimated in reference to non-Hispanic White controlling for age and sex.

T ORs for asthma estimated in reference to non-asthmatic controlling for age, sex, race/ethnicity, obesity, insurance
status, and poverty level.

Appendix Table 8: Odds Ratios for Diabetes by Race/Ethnicity and Asthma, EHR-
Based Estimates

Naive® Complete Case” Missing Data® Causal*
Race/Ethnicity®
(Ref = White)
Black 179 (1.7-1.88)  1.68(1.59-1.76)  1.73 (1.64-1.83)  1.75 (1.67-1.84)
Latino 193 (1.85-2.01)  1.76 (1.69-1.84)  1.75(1.67-1.84)  1.64 (1.57-1.71)
Asian 1.11 (1.04-1.18) 1.18 (1.11-1.26) 1.26 (1.18-1.34) 1.13 (1.06-1.2)
Other 141 (13-1.51) 146 (1.35-1.58)  1.57 (1.45-1.7) 1.4 (1.3-1.5)
Asthma'
(Ref = No) 3.01 (2.86-3.18)  1.87(1.77-1.97) 179 (1.67-1.92)  1.42 (1.34-1.51)

“ Associations with EHR-defined diabetes status observed among NYC resident NYU patient population with an
inpatient or outpatient encounter from 2017-2018.

b Associations with EHR-defined diabetes status observed among NYC resident NYU patient population with an
inpatient or outpatient encounter from 2017-2018 with complete records, as defined as those with a review of
systems for endocrinology.

¢ Associations with EHR-defined diabetes status observed among NYC resident NYU patient population with an
inpatient or outpatient encounter from 2017-2018 with complete records, as defined as those with a review of
systems for endocrinology, using missing data framework weighting the complete case subset with stabilized IPW.
4 Associations with EHR-defined diabetes status observed among NYC resident NYU patient population with an
inpatient or outpatient encounter from 2017-2018, using the causal framework controlling for total number of
encounters.

¢ ORs for race/ethnicity estimated in reference to non-Hispanic White controlling for age and sex.

T ORs for asthma estimated in reference to non-asthmatic controlling for age, sex, race/ethnicity, obesity, insurance
status, and poverty level.
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Appendix Table 9: Sensitivity Analyses of Complete Case Definitions: Descriptive
Summary of NYU Patient Population by Diabetes Status

> 1 Endocrinology Review of

> 1 Endocrinology &

>1 DM-related Lab & BMI

Systems Respiratory Review of Measurement
Systems
Non-Diabetic Diabetic Non-Diabetic Diabetic Non-Diabetic Diabetic
Total 166992 (94.5) 9698 (5.5) 289203 (95.9) 12366 (4.1) 190369 (94.1) 11898 (5.9)
Age (30-44) 104005 (62.3) 7519 (77.5) 177944 (61.5) 9622 (77.8) 122123 (64.2) 9248 (77.7)
Sex (Male) 65240 (39.1) 4017 (41.4) 112878 (39.0) 5112 (41.3) 71579 (37.6) 4982 (41.9)
Medicaid 37759 (22.6) 2902 (29.9) 64665 (22.4) 3754 (30.4) 46826 (24.6) 3796 (31.9)
Raw Race/
Ethnicity
White 73996 (44.3) 3412 (35.2) 126615 (43.8) 4452 (36.0) 83192 (43.7) 4248 (35.7)
Black 18847 (11.3) 1691 (17.4) 32195 (11.1) 2053 (16.6) 21453 (11.3) 1912 (16.1)
Latino 27479 (16.5) 2501 (25.8) 46955 (16.2) 3122 (25.2) 35439 (18.6) 3098 (26.0)
Asian/PI 13227 (7.9) 672 (6.9) 22359 (7.7) 888 (7.2) 16727 (8.8) 973 (8.2)
Other 11709 (7.0) 747 (7.7) 20925 (7.2) 980 (7.9) 14891 (7.8) 972 (8.2)
Missing 21734 (13.0) 675 (7.0) 40154 (13.9) 871 (7.0) 18667 (9.8) 695 (5.8)
Imputed Race/
Ethnicity
White 86629 (51.9) 3744 (38.6) 149693 (51.8) 4872 (39.4) 94025 (49.4) 4603 (38.7)
Black 21829 (13.1) 1832 (18.9) 37656 (13.0) 2233 (18.1) 24033 (12.6) 2046 (17.2)
Latino 33696 (20.2) 2821 (29.1) 58420 (20.2) 3534 (28.6) 41883 (22.0) 3460 (29.1)
Asian/PI 16599 (9.9) 787 (8.1) 28523 (9.9) 1037 (8.4) 19889 (10.4) 1096 (9.2)
Other 8239 (4.9) 514 (5.3) 14911 (5.2) 690 (5.6) 10539 (5.5) 693 (5.8)
Any BMI 163127 (97.7) 9651 (99.5)  281030(97.2) 12299 (99.5) 190369 (100) 11898 (100)
Obese 34593 (20.7) 4499 (46.4) 58389 (20.2) 5626 (45.5) 42429 (22.3) 5294 (44.5)
Encounters
(mean (sd))* 22.27(28.19)  55.41(60.49) 18.59 (24.36) 49.43 (56.13)  23.09 (27.53)  50.71 (56.68)
Duration (mean
(sd)) 2.26 (1.97) 3.09 (2.02) 2.03 (1.95) 2.96 (2.03) 2.50 (1.98) 3.05 (2.03)
Routine
Medical
Exam* 77927 (46.7) 3927 (40.5) 104336 (36.1) 4456 (36.0) 98508 (51.7) 4421 (37.2)
DM-related
Lab? 112752 (67.5) 8790 (90.6) 169914 (58.8) 10933 (88.4) 190369 (100) 11898 (100)
PUMA
Coverage
<10 % 28143 (16.9) 2215 (22.8) 49254 (17.0) 2718 (22.0) 30787 (16.2) 2543 (21.4)
10-<20% 57185 (34.2) 3244 (33.5) 96460 (33.4) 4074 (32.9) 62652 (32.9) 3813 (32.0)
20-<30% 57597 (34.5) 2808 (29.0) 101763 (35.2) 3612 (29.2) 66311 (34.8) 3564 (30.0)
30-<40% 24067 (14.4) 1431 (14.8) 41726 (14.4) 1962 (15.9) 30619 (16.1) 1978 (16.6)
Asthma (Yes) 11172 (6.7) 1563 (16.1) 15887 (5.5) 1819 (14.7) 14039 (7.4) 1854 (15.6)

? Including all Alc, random blood glucose, and fasting blood glucose lab results.
*Defined within the years of 2017-2019.
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Appendix Table 10: Sensitivity Analyses of Complete Case Definitions: Odds Ratios
for Diabetes by Race/Ethnicity and Asthma, EHR-Based Estimates Complete Case and
Missing Data Estimates

> 1 Endocrinology > 1 Endocrinology & > 1 DM-related Lab & BMI

Review of Systems Respiratory Review of Measurement
Systems
Complete Missing Complete Missing Complete Missing
Case® Data® Case® Data” Case® Data®
Race/Ethnicity®
(Ref = White)
Black 1.89 1.72 1.88 2.03 1.72 1.76
(1.78-2.01) (1.64-1.81) (1.78-2) (1.89-2.18) (1.63-1.82) (1.66-1.87)
Latino 1.97 1.74 1.95 2.07 1.73 1.74
(1.87-2.08) (1.67-1.82) (1.86-2.06) (1.94-2.2)  (1.65-1.81) (1.65-1.83)
Asian 1.11 0.97 1.09 1.13 1.14 1.3
(1.02-1.2)  (0.91-1.04) (1.01-1.19) (1.03-1.24) (1.06-1.22) (1.21-1.39)
Other 1.38 1.24 1.36 1.45 1.31 1.42
(1.25-1.52) (1.14-1.35) (1.24-1.5) (1.3-1.62) (1.2-1.42) (1.3-1.55)
Asthma* 1.83 1.73 2.23 2.28 2.06 1.98
(Ref=No) (1.71-1.96)  (1.66-1.81)  (2.1-2.37) (2.1-2.46)  (1.95-2.17) (1.85-2.12)

“ Associations with EHR-defined diabetes status observed among NYC resident NYU patient population with an
inpatient or outpatient encounter from 2017-2018 with complete records, as defined by column header.

b Associations with EHR-defined diabetes status observed among NYC resident NYU patient population with an
inpatient or outpatient encounter from 2017-2018 with complete records, as defined by column header.

¢ ORs for race/ethnicity estimated in reference to non-Hispanic White controlling for age and sex.

4 ORs for asthma estimated in reference to non-asthmatic controlling for age, sex, race/ethnicity, obesity, Medicaid
insurance status, and poverty level.
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