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Abstract

Purpose: To quantify and characterize social determinants of health (SDoH) data coverage using
single-center electronic health records (EHRs) and the National Institutes of Health All of Us
research program.

Design: Retrospective cohort study from June 2014 through June 2021.

Participants: Adults 18 years of age or older with a diagnosis of diabetic retinopathy, glaucoma,
cataracts, or age-related macular degeneration.
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Methods: For All of Us, research participants completed online survey forms as part of a
nationwide prospective cohort study. In local EHRs, patients were selected based on diagnosis
codes.

Main Outcome Measures: Social determinants of health data coverage, characterized by the
proportion of each disease cohort with available data regarding demographics and socioeconomic
factors.

Results: In All of Us, we identified 23 806 unique adult patients, of whom 2246 had a diagnosis
of diabetic retinopathy, 13 448 had a diagnosis of glaucoma, 6634 had a diagnosis of cataracts,
and 1478 had a diagnosis of age-related macular degeneration. Survey completion rates were high
(99.5%-100%) across all cohorts for demographic information, overall health, income, education,
and lifestyle. However, health care access (12.7%—-29.4%), housing (0.7%-1.1%), social isolation
(0.2%-0.3%), and food security (0-0.1%) showed significantly lower response rates. In local
EHRs, we identified 80 548 adult patients, of whom 6616 had a diagnosis of diabetic retinopathy,
26 793 had a diagnosis of glaucoma, 40 427 had a diagnosis of cataracts, and 6712 had a diagnosis
of age-related macular degeneration. High data coverage was found across all cohorts for variables
related to tobacco use (82.84%-89.07%), alcohol use (77.45%-83.66%), and intravenous drug

use (84.76%-93.14%). However, low data coverage (< 50% completion) was found for all other
variables, including education, finances, social isolation, stress, physical activity, food insecurity,
and transportation. We used chi-square testing to assess whether the data coverage varied across
different disease cohorts and found that all fields varied significantly (P < 0.001).

Conclusions: The limited and highly variable data coverage in both local EHRs and All of Us
highlights the need for researchers and providers to develop SDoH data collection strategies and to
assemble complete datasets.

Keywords

Biomedical informatics; Clinical informatics; Data availability; Electronic health record; Social
determinants of health

At the beginning of the 21st century, the Institute of Medicine (IOM) identified gaps

in health care quality in the United States and called for systemic changes to eliminate
socioeconomic and racial or ethnic disparities.2:2 In response, the Centers for Medicare and
Medicaid Services (CMS) 2016 Quality Strategy emphasized the need for care providers to
identify and address social determinants of health (SDoH), broadly defined as conditions in
which people live, work, and grow, including social, political, economic, and environmental
factors.3 Specifically, the IOM recommended collection of 11 SDoH domains: race or ethnic
group, education, financial resource strain, stress, depression, physical activity, tobacco
use, alcohol use, social isolation, intimate partner violence, and residential address.* As

of January 7, 2021, CMS also issued new guidance to shift health care toward value-

based models to address these health disparities.> With recent major developments in

health information technology, substantial research has been carried out regarding how
health data could be used to bridge health care disparities. Gold et al® highlighted the
benefits of standardized SDoH data collection and presentation using electronic health
record (EHR) tools in improving patient and population health outcomes in various care
settings. However, other studies such as that by Zhang et al® also reported challenges such
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as training requirements and disproportionate data access that may worsen disparities in
clinical informatics.

In ophthalmology, interest in SDoH is growing. Recent studies have shown that several
ophthalmic conditions are associated with various socioeconomic or racial and ethnic
factors. Congdon’ prepared prevalence estimates stratified by race and found that the
leading cause of blindness differed by race. Similarly, studies in the United Kingdom and
Australia reported a higher prevalence of visual impairment in Blacks and South Asians
with diabetes and a higher rate of diabetic retinopathy in Indigenous Australian, Pacific
Islander, and Indian populations.8: Healthcare disparities may also contribute to worsened
postoperative care in patients who receive cataract surgery.19 The relationship between
SDoH and ophthalmic conditions also is bidirectional; Constantino et al® and Brezin et al'l
reported that low visual acuity could in fact be a risk factor for socioeconomic factors such
as adverse social outcomes, worsened mental health, and poverty.12

Despite the growing importance of SDoH in ophthalmology, no studies have reported on the
documentation of SDoH data in EHR for patients with eye conditions. One concern is that
despite available SDoH data fields in local EHRs, compliance is low in documenting that
data successfully. Cottrell et alt3 found that most SDoH screening of EHRS at community
health centers included responses for only 1 of the 11 domains recommended by the

IOM. Based on an extensive literature search of databases (e.g., PubMed, Google Scholar,
Web of Science), this is a novel investigation that specifically examines data coverage for
SDoH for patients with ophthalmic conditions. In this study, we used both local EHR data
and nationwide data from the National Institutes of Health All of Us research program.
Established in 2015, All of Us aims to build a nationally representative database with an
emphasis on enrolling diverse and underrepresented research participants.1415 All of Us
has enrolled more than 440 000 adults as of December 2021, with a projected goal of 1
million participants.16:17 All of Us collects data such as health questionnaire responses,
individual EHR, and physical measurements and allows research teams to have access via
their Researcher Workbench. By leveraging both local and nationwide data repositories, this
study reports on the availability of SDoH data in patients with eye conditions to inform

new strategies for care providers and health systems to improve and standardize SDoH data
collection.

Eligibility Criteria

This study identified patients with the 4 leading causes of blindness and vision impairment
as defined by the United States Centers for Disease Control and Prevention: diabetic
retinopathy (DR), glaucoma, cataracts, or age-related macular degeneration (AMD).18
Inclusion criteria were all adults (18 years of age or older) with discrete International
Classification of Disease or Systemized Nomenclature of Medicine—Clinical Terms
diagnosis codes for DR, glaucoma, cataracts, or AMD during the study period from

June 2014 through June 2021 to reflect the IOM’s statement in 2014 on capturing social
and behavioral domains in EHR. Both survey data and EHR data were extracted from

the nationwide National Institutes of Health All of Us data repository, and EHR data

Ophthalmol Sci. Author manuscript; available in PMC 2022 June 02.
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were extracted from the University of California, San Diego (UCSD) Health System. The
objective was to understand SDoH data coverage in a large nationwide research-oriented
database as well as in a local or institutional EHR system (Epic) used for routine clinical
practice. This study adhered to the tenets of the Declaration of Helsinki and was approved
by the UCSD Institutional Review Board.

Cohort Building and Data Extraction in All of Us

The recruitment methods and scientific rationale for All of Us have been described
previously.19 The data extraction was performed on EHR domains and survey results that
were available via the All of Us Researcher Workbench, a cloud-based platform that enables
researchers to cluster participants into cohorts, select certain health information within

each cohort, and perform direct analysis and query using R (R Foundation for Statistical
Computing) and Python 3.0 (Python Software Foundation) programming languages within
Jupyter Notebooks. The EHR data derived from captured data including billing codes and
encounter records were used to cluster participants into disease cohorts based on Systemized
Nomenclature of Medicine—Clinical Terms diagnosis codes (the standardized vocabulary
in All of Us sourced from corresponding International Classification of Diseases codes),
whereas SDoH data were derived from survey responses (Supplemental Table A). Examples
of the surveys can be found through the publicly available Data Browser.29 Some surveys
(e.g., basic demographics, overall health, income, education, and lifestyle) were mandatory,
whereas others (e.g., social isolation, housing, health care access, and food security) were
optional. Both survey data and EHR data are mapped to the Observational Health and
Medicines Outcomes Partnership common data model version 5.2. Individuals participating
in All of Us provided written informed consent, and study procedures were approved by the
All of Us Institutional Review Board.

To evaluate SDoH data coverage in All of Us, we identified demographic and social
variables that were included in the IOM’s recommended domains in addition to other
variables with high clinical value.?! These variables include basic demographics, social
isolation, overall health (e.g., health literacy, quality of life, activities of daily living, and
mental health), income, housing, health care access, food security, education, and lifestyle
(e.g., tobacco use, alcohol use, or other drug use) that were derived from survey data.
Because of All of Us data sharing policies, which prohibit displaying counts of fewer than
20, proportions and percentages were not specified when the numerator was less than 20.

Cohort Building and Data Extraction in Local Electronic Health Records

In the UCSD EHR database, an EHR-based data exploration tool (Epic SlicerDicer; Epic)
was used to identify patients with DR, glaucoma, cataracts, or AMD based on a search query
using patients’ medical information found in the medical history, chief complaint, problem
list, and encounter diagnosis fields (Supplemental Table B). Discrete patient medical record
numbers then were paired with local EHR data elements to derive SDoH variables. Similar
to All of Us data extraction, variables were selected to include the IOM’s recommended
domains and other variables with high clinical value. These variables include demographics,
tobacco use, cigarette use, alcohol use, other drug use, education, financial strain, living
situation, daily stress, socialization, physical activity, food insecurity, and transportation.

Ophthalmol Sci. Author manuscript; available in PMC 2022 June 02.
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The cohorts and extracted variables then were compiled in an external dataset and exported
to an R notebook for subsequent analyses.

Synthesis and Analysis of Results

Results

For both All of Us and UCSD EHR data, descriptive statistics of each disease cohort were
generated for age, gender, and race. Data coverage was defined as the proportion of patients
within the cohort with any data available for that specific variable. The SDoH data coverage
also was compared across disease cohorts as well as across data sources. Categorical and
continuous variables were compared using Pearson’s chi-square test and Student’s #test,
respectively. For the latter, assumptions for parametric hypothesis testing were confirmed.
Statistical analysis was performed using R software version 4.0.3 with 2-sided Pvalues of
less than 0.05 considered statistically significant.

General Cohort Characteristics in All of Us

Of the 298 827 adults whose data were included in All of Us at the time of data extraction

in November 2020, we identified 2246 with DR, 13 448 with glaucoma, 6634 with

cataracts, and 1478 with AMD (Table 1). The mean ages of patients with DR, glaucoma,
cataracts, and AMD were 62.2 years, 67.0 years, 69.9 years, and 73.6 years, respectively.
Most patients (57.97%—-63.86%) across all cohorts were women. Across disease cohorts,
White participants (31.27%—74.25%), Black participants (10.0%-30.32%), and patients who
did not indicate a race (10.21%-33.17%) were more represented than Asian participants
(2.03%-3.12%). Hispanic or Latino/a patient representation ranged from 10.82% in the
AMD cohort to 34.84% in the DR cohort.

Social Determinants of Health Data Coverage in All of Us

In the All of Us database, survey completion rates were high (99.5%-100%) across all
cohorts for demographic information, overall health, income, education, and lifestyle (Table
2). However, health care access (12.7%-29.4%), housing (< 1.35%), social isolation (<
1.35%), and food security (< 1.35%) showed significantly lower response rates. The
variability between highly completed fields across disease cohorts was minimal and not
statistically significant. Of the variables with lower response rates, availability of data
regarding health care access varied significantly (P < 0.001) across different disease cohorts,
with the lowest in patients with DR at 12.7% compared with patients with AMD at 29.4%.

General Cohort Characteristics in Local Electronic Health Records

In the UCSD EHR database, we identified 6616 adults with DR, 26 793 adults with
glaucoma, 40 427 adults with cataracts, and 6712 adults with AMD (Table 3). The mean age
of patients with DR, glaucoma, cataracts, and AMD were 64.8 years, 69.8 years, 71.4 years,
and 80.5 years, respectively. Most patients (54.69%-59.51%) in the DR and AMD cohort
were men, whereas most patients (55.84%-56.03%) in the glaucoma and cataracts cohort
were women. Across disease cohorts, White patients (42.25%—71.34%), other or mixed-race
patients (11.57%-32.63%), and Asian patients (8.97%-12.57%) were more represented,
whereas Black patients (1.40%-6.70%) were the least represented.

Ophthalmol Sci. Author manuscript; available in PMC 2022 June 02.
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Social Determinants of Health Data Coverage in Local Electronic Health Records

For most patients in the UCSD EHR database, data were available regarding whether they
used tobacco (82.84%-89.07%), cigarettes (84.76%—-93.14%), alcohol (77.45%-83.66%),
or intravenous drugs (84.76%—-93.14%; Table 4; Fig 1). However, low data coverage

(< 50%) was present for variables related to specific characteristics of tobacco use

(packs per day, number of years used) and alcohol use (ounces per week, frequency,

and self-characterization as a binge user). Moreover, data coverage was also low for the
following SDoH variables: education, finances, social isolation, stress, physical activity,
food insecurity, and transportation (all less than 7%). Data coverage for all variables differed
significantly across different disease cohorts (P< 0.001).

Discussion

Summary of Key Findings in All of Us

In reference to the most recent United States Census data, the demographic distribution

of All of Us reflected national demographics, with increased representation of Black and
Hispanic participants,22 demonstrating an encouraging trend toward the program’s aims of
building a diverse and nationally representative database. The local EHRs included larger
disease cohorts and increased representation of Asian patients, which was more reflective
of local San Diego County demographics.?? In both databases, an increased proportion

of Hispanic patients was found in the DR cohort and a higher mean age and increased
proportion of White patients was found in the AMD cohort, which follows the demographic
trends observed in prior studies.23:24

All of Us showed high coverage for survey responses that were required for participants to
register for the program. Data coverage for these variables exceeded 99%, indicating that
mandatory survey items were an effective measure for All of Us data collection. However,
other variables such as housing, social isolation, and food security were populated for less
than 2% of patients across all disease cohorts, highlighting the need for SDoH variables

to be grouped into mandatory surveys to ensure complete data collection. Also, significant
variability was found between disease cohorts for data concerning health care access, which
may be explained by varying demographic trends found among disease cohorts. Extensive
research in racial or ethnic disparities have found that Black and Hispanic patients have
lower odds of ambulatory visits and establishing care with specialists.?®> These findings

are consistent with the decreased proportion of data available for patients with DR, which
showed the highest Black and Hispanic representation among disease cohorts. Prior studies
also found that patients with DR underuse health care, possibly because of structural
barriers inclusive of issues with insurance, transportation, or poor referral patterns.26:27

In contrast, more data from the AMD cohort were available regarding health care access,
which is consistent with prior studies that have found increased health care use in aging
and White populations.28 Variability in health care access also may be the result of the
pathophysiologic features and social consequences of each disease: a metasynthesis of
patient experiences with AMD identified themes of functional limitations and frequent
interactions with health services.2® Similarly, patients with early-presenting or severe eye

Ophthalmol Sci. Author manuscript; available in PMC 2022 June 02.
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conditions may report more SDoH data if the disease causes profound disability or requires
regular follow-up.

Summary of Key Findings in Local Electronic Health Records

The local EHRs showed high coverage for certain variables (e.g., tobacco, alcohol, and other
drug use) likely driven by federal and state quality metrics such as the Merit-Based Incentive
Payment System,30 which indicates the success of these institutional quality measures in
motivating data collection. In addition, these lifestyle habits are of high interest for providers
to risk-stratify patients. However, the relative scarcity of other SDoH variables may stem
from known barriers to data collection faced by both patients and providers.3! For example,
education in local EHRs showed significantly fewer available data (P < 0.001) than in All

of Us, demonstrating the effectiveness of requiring certain fields that reflect clinical interest.
Patients may not readily offer a comprehensive social or behavioral history if not prompted
during clinic visits, and providers may lack awareness and ask only for social or behavioral
history if it is deemed clinically relevant.

Also significant variability was found across all SDoH variables between disease cohorts

in the local EHRs, which is consistent with a study by Wang et al3 that also revealed
substantial variation across SDoH data types. Because data in local EHRs are heavily reliant
on provider input, a need exists for increased EHR-user education and targeted workflow
integration; several studies have reported that adding dedicated SDoH fields and subsets

of standardized codes to EHRs are insufficient solutions for increasing documentation of
SDoH data.33 Although past works, including that of Gold et al,® developed SDoH-related
workflows to address this need, more research is needed to test these workflows empirically.

Improvements in Data Coverage

Interest is growing in the ophthalmology community in understanding SDoH, as evidenced
by the American Academy of Ophthalmology including a chapter on SDoH in its
forthcoming Basic and Clinical Science Course.34 Improvements in data coverage must

be aimed at increasing provider awareness and facilitating ease of entry into EHR systems.
In the All of Us dataset, SDoH data primarily are collected via self-report survey responses,
and one barrier faced by participants to complete data collection is the length and time
burden of these surveys. In clinical settings, patients may have privacy concerns or have
inadequate time to complete intake forms. Online patient portals that allow data collection
before the visit, in addition to streamlined intake forms, are interventions that may improve
workflow and overall quality of care.3> In local EHRS, providers face significant time
constraints during clinic visits and may overlook SDoH variables if they are not clearly
connected to the presenting medical issue. Specialist providers also may defer SDoH
documentation to primary care providers; however, primary care clinics often face the
most time constraints; prior time-motion studies have highlighted the disproportionate time
burden of EHR use specifically in primary care settings.38 In modern-day collaborative
practices, providers thus would benefit from institutional guidelines that outline SDoH-
related workflows and delineate when (e.g., initial visit vs. follow-up visits), where (e.g.,
SDoH-specific data fields vs. free text), and by whom (e.g., primary care vs. specialty
clinics) SDoH data should be collected. Data collection also should be streamlined

Ophthalmol Sci. Author manuscript; available in PMC 2022 June 02.
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to include clinically relevant survey questions while minimizing irrelevant or repetitive
questions.

Electronic health records now are ubiquitous in health care systems, and as such, all
stakeholders will benefit from making the EHR database as comprehensive and complete
as possible. The time burden of EHR documentation has been a well-studied contributor
to physician burnout and decreased face-to-face communication with patients.3” However,
EHR tools and predictive models can be used to optimize documentation and practice
efficiency.38 Prior studies have shown that although predictive modeling of EHRs has
advanced rapidly, research describing actual implementation of these predictive models
in clinical settings is lacking.3° Finally, administrators may improve data collection by
modifying the existing payment system (e.g., offering new incentives or developing new
CMS evaluation and management coding guidelines) to reimburse providers for SDoH
documentation. In 2015, CMS developed SDoH-related Z-codes to document SDoH data;
however, recent studies have reported underuse of these codes and highlighted a need for
alternative solutions.33

Limitations and Opportunities for Future Investigations

One limitation is that SDoH variables in All of Us were divided between mandatory and
optional surveys, thus leading to a lack of data completeness. We mediated this limitation by
using chi-square testing to analyze differences between disease cohorts within each survey
response. Other limitations include enrollment bias in the All of Us patient cohort and the
lack of inclusion of unstructured data in the EHRs.

The data obtained from local EHRs similarly are limited to the fields available in the vendor
interface. One limitation is that providers document SDoH variables in unstructured or
free-narrative text format, rather than documenting within the provided fields, highlighting
the need for health care institutions to standardize SDoH documentation in EHRS and

for researchers to use natural language processing when assembling complete databases.
Future investigations should explore the relative impact of SDoH variables to stratify which
variables are the most pertinent to the patient’s clinical outcome, and therefore more likely
to lead to actionable interventions (e.g., food insecurity may be less clinically relevant

in glaucoma, but more relevant in DR). In addition, future studies using All of Us may
elucidate differences in data coverage among racial or ethnic cohorts as inclusive data
collection continues to evolve.

Conclusions

Social determinants of health data play a significant role in understanding the risk factors
and management for common eye conditions, yet data coverage is highly variable in both
the national All of Us data repository and local EHRs. The variability and paucity of
complete SDoH data in both All of Us and local EHRs highlights the need to approach data
collection from multiple stakeholder perspectives. For researchers, assembly of complete
SDoH datasets is necessary to develop predictive models and to risk-stratify patients based
on socioeconomic predictors. For providers, collection of SDoH data presents a significant
workflow consideration; however, it is necessary to input data into designated EHR fields

Ophthalmol Sci. Author manuscript; available in PMC 2022 June 02.
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so that this information can aid in future encounters. For patients, reporting SDoH variables
may impact directly their ability to access care and to adhere to clinical recommendations,
and it allows their providers to treat them holistically. Social determinants of health data
are pivotal in addressing the underpinning factors that contribute to health inequity, and
strategies to improve data collection should account for the role of EHRs in modern-day
clinical practice.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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