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Abstract

As the US health care system moves to expand access to and quality of medical care, the importance of
addressing patient-level social needs and community-level social determinants of health (SDOH) is increasingly
being recognized. This study evaluates individual- and community-level needs of housing (one of the SDOH
domains) across the patient population of an academic medical center and explores how the level of housing
needs impacts health care utilization. The authors performed a descriptive analysis of housing issues identified
in both structured and unstructured (eg, clinical notes) data extracted from the electronic health record (EHR)
and compared this to community-level characteristics of patients’ neighborhood as measured by the Area
Deprivation Index. Multivariate analyses were performed to assess the association between these and other
factors on the frequency of service encounters. Among the 1,034,683 study participants, 59,703 (5.8%) had at
least 1 housing issue identified in their EHR from structured or unstructured data combined. After adjusting for
other factors, patients with housing instability and homelessness had 49% and 34% more encounters with the
health care system compared to patients without housing issues (P < 0.00001). Patients living in the most
disadvantaged neighborhoods had 55% more encounters with the health care system compared to those living in
the most advantaged neighborhoods (P < 0.00001). This data collection approach and findings can inform health
care systems aiming to make use of their EHRs and community-level SDOH information to provide a full
assessment of patients’ social needs and challenges.

Keywords: electronic health records, health care utilization, patient-level social data, community-level social
data, social determinants of health, social needs

Introduction

As the US health care system moves to expand access
to and quality of medical care, health care providers are

increasingly recognizing the importance of addressing
patient-level social needs and community-level social de-
terminants of health (SDOH).1–5 Increasing health care
costs and worsening life expectancy in the United States are
in part the direct results of these unmet needs.1 Although
these needs affect patients’ health and life expectancy long

before medical providers and health plans get involved,
American health care organizations are increasingly ac-
knowledging that they have ethical and fiscal responsibili-
ties to address these social issues.1

The Department of Health and Human Services has
highlighted the distinction between individual-level ‘‘so-
cial needs’’ and community-level ‘‘social determinants’’
(ie, SDOH).6 At the individual level, social needs play a
significant role in a person’s health care use and overall
health.7–13 At the community level, a neighborhood’s
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socioeconomic composition and context are associated
with self-rated health and risk of diseases14,15 as well as
health care utilization.16,17

Currently, clinical providers’ efforts, if any, are focused
mostly on meeting individual patients’ social needs. Such
efforts can be beneficial,2,3 but 1-off social need interven-
tions are generally limited to a small segment of the pro-
viders’ patient population and often target the ‘‘sickest and
most expensive’’ patients.1 Health care delivery systems
often do not comprehensively address the community-level
social conditions of the neighborhoods they serve. Rather,
providers usually rely on local, state, or national government
policies to address population-level SDOH challenges.4,5

Evidence from other countries has proven that a higher ratio
of spending on social services to spending on health care has
the best population health impact.7

Linking and analyzing available information on both
individual-level social needs and community-level SDOH
will enable health care systems, working in close consort
with public health and social services agencies, to under-
stand and address community-level policy actions in tandem
with services targeted directly at both the social and medical
needs of individual patients. To achieve these goals, it is
critical to identify patient-level social needs in association
with community-level SDOH and to assess their combined
impact on health care utilization and health outcomes.

This study attempted to accomplish this for a large pop-
ulation of patients from across Johns Hopkins Health Sys-
tem ( JHHS), an intersectional academic health care system
with a large affiliated ambulatory provider network across
Maryland. The study focused on housing issues as a proxy
for individual-level social needs. The study team chose a
composite measure of SDOH risk factors at the community
level to assess the characteristics of the neighborhoods
where the patients reside. The team measured the degree to
which social needs and neighborhood SDOH impact some
measure of health care utilization within JHHS. The team
also applied geographic information system-based map vi-
sualization to identify neighborhoods with high social needs
in support of community-level interventions.

Methods

Data sources

To assess patient-level housing needs and representative
measures of health care utilization, the study team extracted
both structured and unstructured data (providers’ free-text
notes) from the electronic health record (EHR) of all pro-
viders practicing at JHHS. The EHR data contained infor-
mation collected from 1,187,956 unique patients captured
between July 2016 and May 2018. For community-level
SDOH the team used data from the US Census American
Community Survey (ACS) 5-Year Estimates from 2017.18

Variable selection

The study team assessed patients’ housing issues as an
important social need and defined 3 related domains:
homelessness, housing instability, and structural challenges
associated with patients’ residence (eg, characteristics of a
building such as existing lead paint or structural damage).

In the structured EHR, the study team defined the 3
housing variables as follows: the team counted patients with
a homeless shelter as their personal address, those with a pos-
itive response to the homelessness question in the avail-
able EHR screening questionnaires, and patients with the
International Classification of Diseases, Tenth Revision
(ICD-10) code of Z590 as homeless. Patients with ICD-10
codes of Z591 and/or Z598 were counted as those with
housing instability. The team was unable to identify any
ICD-10 codes related to the structural challenges associated
with patients’ residence in the JHHS-EHR.

In order to identify housing issues in the unstructured
EHR data, the team applied statistical natural language
processing (NLP) and other text mining techniques (eg,
Regular Expression pattern matching) to determine different
domains of housing problems identifiable within the EHR
unstructured data. The technical details of unstructured EHR
information extraction and assessment of the accuracy of
information retrieval is fully described in a separate paper.19

In brief, to identify notes containing selected domains of
housing issues, the team used handcrafted linguistic patterns
that a team of experts developed using ICD-10 and other
coding systems20,21 and the description of those domains in
common public health surveys and instruments.18,22 The
team also reviewed phrases derived from a literature review
and the results of a manual annotation process from a pre-
vious study.23 A patient was defined as having housing is-
sues if there was at least 1 provider’s note in her/his EHR
containing any of the phrases developed.

The community-level SDOH measure was the Area De-
privation Index (ADI) constructed for neighborhoods in
Maryland and Baltimore City. ADI is a composite measure,
allowing for ranking of neighborhoods by their socioeco-
nomic disadvantage.24 The ADI construction in this study
was based on ACS 5-Year Estimates in 201718 and the
method introduced by Singh et al.24 The study team selected
ADI percentiles as the national ranks for different neigh-
borhoods in Maryland, comparing them to other neighbor-
hoods across the country. A higher ADI percentile
represented more disadvantaged neighborhoods. The team
defined 3 levels of neighborhood disadvantage as £10th

percentile, 11th to 89th percentile, ‡90th percentile, following
the order from low to high for further analyses.

To assess utilization of health care services, the study
team identified the number of face-to-face encounters within
JHHS for each patient during the study period (2016–2018).
Each patient encounter was categorized as follows: 0–5, 6–
10, 11–20, ‡21. Charlson comorbidity score25 was applied
to group patients’ multimorbidity into one of 4 categories: 0,
1, 2, ‡3. The team also extracted EHR data on patients’ age,
sex, race, and insurance type.

Statistical analysis and spatial-based analysis

The team performed a descriptive analysis exploring the
association between housing issues in structured and un-
structured EHR data in relation to other patient-level and
community-level characteristics. Logistic regression was used
to assess the impact of community-level characteristics on uti-
lization of health care services in the entire population and for
Medicaid patients while adjusting for patient-level character-
istics. The team defined the utilization of health care services as
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the number of encounters with the health care system, com-
paring those at the 95th percentile (number of encounters ‡31)
with the rest of the sample. The Akaike Information Criterion is
reported for each model to show the model fitness.

Community-level SDOH issues were spatially explored
by displaying the distribution of each domain of housing
issues in Baltimore City in association with characteristics
of the neighborhoods arranged by ADI strata. The number of
patients residing in each neighborhood area represented the
denominator population in the geoanalyses. The team
identified the number of patients with housing issues in each
of the 3 domains by block groups and presented adjusted
counts on maps. All analyses were conducted and map vi-
sualizations generated using R version 3.3.1 (R Foundation
for Statistical Computing, Vienna, Austria).26 The Institu-
tional Review Board of Johns Hopkins Bloomberg School of
Public Health approved this study.

Results

Of 1,187,956 unique patients in the cohort 1,034,683
(87.1%) had complete data on their demographic character-
istics, clinical comorbidities, health care utilization, and res-
idence location. This population was used to link JHHS-EHR
data to community-level ACS data18 for ADI calculation. Of
1,034,683 patients, 59,703 (5.8%) had at least 1 housing issue
identified in their EHR from structured or unstructured data
combined. Table 1 presents the characteristics of the study
population and those with housing issues.

Overall, more patients had housing issues in the unstructured
data of the EHR than in the structured data (Figure 1). The team
also assessed the breakdown of the different domains of
housing issues, including homelessness, housing instability,
and characteristics of the building of patients’ residence, in
unstructured EHR data (Supplementary Table S1).

The team compared characteristics of patients with docu-
mented housing issues in their structured and unstructured
EHR. Compared to unstructured EHR data, patients identified
in structured EHR data were younger (eg, 17.5% aged 65–85
years in structured vs. 22.8% in unstructured EHR group),
and more likely to be African American (35.4% vs 27.8%), to
reside in the most disadvantaged neighborhoods with ADI at
the 90th percentile (9.2% vs 5.0%), more likely to be on
Medicaid (18.1% vs 7.7%), and to have a high health care
utilization rate (ie, more than 20 encounters during the study
period; 30.2% vs 10.0%), but to have fewer comorbidities
(Charlson Comorbidity Score ‡3: 4.9% vs 8.8%). All of these
differences were statistically significant (P < 0.00001).

The team assessed the number of encounters with the
JHHS network during the study period (2016–2018) among all
JHHS patients and those with housing issues. Overall, patients
with housing issues had more encounters with JHHS (Table 1)
and the differences were statistically significant (P < 0.00001).
After adjusting for other factors among all study patients, those
with homelessness and housing instability had 34% and 49%
more encounters with the health care system compared to pa-
tients without housing issues (P < 0.00001). Medicaid patients
with homelessness or housing instability had 92% and 47%
more encounters with JHHS compared to patients without
housing issues (P < 0.00001). Controlling for housing issues and
other factors among all study patients, those living in neigh-
borhoods at the 90th percentile ADI had 55% more encounters

with the health care system compared to those living in neigh-
borhoods at the 10th percentile ADI (P < 0.00001). Medicaid
patients living in neighborhoods at the 90th percentile ADI had
60% more encounters with the health care system compared
to those living in neighborhoods at the 10th percentile ADI
(P < 0.00001) (Table 2).

Table 1. Characteristics of the Overall Study

Population and Those with Housing Issues

at Johns Hopkins Health System between 2016
and 2018

Characteristics

Overall
(N = 1,034,683)

Housing
issues*

(N = 59,674)

n % n %

Age (years)
0–17 196,252 19.0% 11,388 19.1%
18–29 128,229 12.4% 8070 13.5%
30–49 254,088 24.6% 14,866 24.9%
50–64 220,109 21.3% 12,771 21.4%
65–85 236,005 22.8% 12,579 21.1%

Sex
Male 457,985 44.3% 26,468 44.4%
Female 576,607 55.7% 33,206 55.6%

Race
White 592,795 57.3% 32,197 54.0%
African American 279,802 27.0% 18,177 30.5%
Asian 53,471 5.2% 2704 4.5%
Other 108,615 10.5% 6596 11.1%

Neighborhood Characteristics (ADI National Rank){

Below the 10th

Percentile
268,001 25.9% 13,821 23.2%

Between 11th & 89th

Percentiles
717,002 69.3% 42,046 70.5%

Above the 90th

Percentile
49,680 4.8% 3807 6.4%

Insurance Type
Medicare 206,178 19.9% 11,960 20.0%
Medicaid 76,956 7.4% 6513 10.9%
Commercial 522,962 50.5% 27,051 45.3%
No Insurance 221,179 21.4% 13,739 23.0%
International Patients 787 0.1% 46 0.1%
Other 6621 0.6% 365 0.6%

Health Care Utilization{

0–5 656,755 63.5% 32,366 54.2%
6–10 159,432 15.4% 9498 15.9%
11–20 119,969 11.6% 8407 14.1%
‡21 98,527 9.5% 9403 15.8%

Charlson Comorbidity Score
0 806,173 77.9% 44,195 74.1%
1 177,552 17.2% 11,145 18.7%
2 34,983 3.4% 2772 4.6%
‡3 15,975 1.5% 1562 2.6%

*Patient-level housing issues (identified in EHR structured or
unstructured data) included homelessness, housing instability, and
building characteristics/structure of the patients’ residence.

{Using ADI national rank for patient’s place of residence. Higher
ADI national rank represents a more disadvantaged neighborhood.

{Number of encounters with the health care system during the
study period (2016–2018).

ADI, Area Deprivation Index; EHR, electronic health record.
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Figures 2a–c present maps of housing issues across dif-
ferent neighborhoods in Baltimore City using structured and
unstructured EHR data for patient-level housing needs, and
census block group ADI for community-level SDOH. From
a to c, Figure 2 displays the density of homelessness,
housing instability, and characteristics of the buildings.
Overall, housing issues were more prevalent in disadvan-
taged neighborhoods (larger gray dots/circles in neighbor-
hoods with higher ADI presented in dark gray polygons of
block groups). East Baltimore, a disadvantaged neighbor-
hood with high ADI and in close proximity to JHHs’ main
hospital had the highest number of housing issues across the
3 housing domains.

Discussion

Health care providers are increasingly recognizing the
importance of addressing nonmedical challenges facing
their patients and the communities where they reside. To
achieve these goals, it is critical to identify social challenges
of patients and their communities and to assess their com-
bined impact on health care utilization and health outcomes.
This study attempted to accomplish this by using JHHS-
EHR data linked to ADI, a composite measure of SDOH risk
factors at the community level, and assessed how the
combination of these factors affected the number of en-
counters at JHHS.

Within the medical community, addressing social needs
and SDOH challenges has recently started and is gaining
significant momentum.27–30 A number of health care sys-

tems have already begun designing and implementing in-
terventions that target such needs and challenges.31 For
instance, Gold et al outlined the capability of EHRs to im-
prove care coordination,32 and to support referrals for the
social needs identified.33 In addition to using EHR data for
care coordination, Cincinnati Children’s Hospital Medical
Center established community partnerships to address legal
needs surrounding SDOH (eg, housing).34

To successfully accomplish the goals behind this mo-
mentum, health care systems must improve the identifica-
tion of social needs of their patients using EHR-embedded
questionnaires and screening tools and linking such data to
characteristics of patients’ neighborhoods. Integrating
patient-level EHR data with community-level data will
provide a more robust system for addressing social needs
and SDOH at the patient and community levels.28 Possible
uses of such data include risk prediction and identification,
care coordination, and contextualized medical care, as well
as community-based interventions.

For instance, including social needs and SDOH variables
in risk prediction models will help health care systems to
predict greater utilization of health care services (eg, hospi-
talizations, emergency department visits) in subsets of their
patient population experiencing such challenges. In addition,
using data on social needs and SDOH challenges helps to
prioritize patients with such risk factors for care coordination
interventions. An example would be a care manager or phy-
sician identifying patients with homelessness and housing
insecurity and referring them to a homeless shelter or avail-
able housing assistance programs.

FIG. 1. Percentage of patients with housing issues in their EHR at Johns Hopkins Health System between 2016 and 2018;
comparing structured* and unstructured data.
Notes:
* Patients with no entry in their address box, those with a positive response to the homelessness question in EHR
questionnaires, and patients with an ICD-10 code of Z590 were counted as homeless in the structured data. Patients with
ICD-10 codes of Z591 and/or Z598 were counted as patients with housing instability in the structured data.
Patients with at least 1 provider’s note containing any of the developed phrases referring to housing issues in their
unstructured EHR data were counted as those with housing issues.
EHR, electronic health record; ICD-10, International Classification of Diseases, Tenth Revision.
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Integrating patient-level EHR data with community-level
data will provide the opportunity for contextualized medical
care. For instance, a patient with uncontrolled asthma who
lives in a poor-quality building with structural damage
might need some intervention beyond medical management
of her/his disease. Identifying such environmental chal-
lenges will help the health care system to plan for a house
visit by a care manager or community health worker to
identify environmental risk factors that affect the disease
course and its medical management. Linkage of EHR data
and community-level data will help to prioritize community-
based interventions in neighborhoods with greater chal-
lenges. An example would be identification of communities
with greater numbers of buildings with existing lead paint
and then conducting selective lead poisoning screening
among children in such neighborhoods. A challenge in this
context would be to identify at-risk communities served by
multiple health care systems and the limitations related to
the separate EHRs of those health care systems. Using
community-level data from publicly available sources such
as ACS would help to identify such at-risk communities.

Despite ongoing efforts to address the nonmedical needs
of patients, several challenges related to data on social
needs should be addressed. For instance, many sources of
data on social needs can be found in a typical EHR (eg,
notes, diagnoses, assessments) and some EHR vendors have
started adding specific data fields for collecting information
on social needs.32,33 However, no universally accepted or
standardized format exists for documenting social need
information35 and the majority of social need variables are
not discretely represented or captured in structured formats
such as ICD codes in EHRs.36 Also, extracting data from
EHR unstructured text (where most social needs and social
needs information now resides) requires time-consuming
and subjective methods (ie, manual chart review), which is
not a feasible approach when trying to screen large popu-
lations of patients.36,37

NLP and text mining have become increasingly ap-
pealing techniques to mine unstructured data for social
needs. Specifically, NLP techniques have been used to find
different domains of social needs such as social connection
and isolation.23 In spite of ongoing efforts to use NLP

Table 2. Logistic Regression Assessing Factors Associated with Health Care Utilization Among Johns

Hopkins Patients Between 2016–2018*

Variables

Overall population Medicaid population

OR{ 95% CI P OR{ 95% CI P

Housing Issues
Homelessness 1.336 1.261–1.416 <0.00001 1.902 1.576–2.296 <0.00001
Housing Instability 1.489 1.380–1.607 <0.00001 1.473 1.227–1.769 <0.00001
Characteristics of the Building 0.888 0.818–0.964 0.00469 0.847 0.640–1.121 0.24500

Age
1.001 1.001–1.002 <0.00001 1.010 1.008–1.011 <0.00001

Sex (Male as reference)
Female 1.437 1.409–1.467 <0.00001 1.563 1.458–1.675 <0.00001

Race (White as reference)
Asian 0.741 0.701–0.782 <0.00001 0.493 0.385–0.631 <0.00001
African American 0.959 0.937–0.981 0.00039 0.794 0.734–0.858 <0.00001
Others 0.646 0.620–0.674 <0.00001 0.553 0.488–0.627 <0.00001

Neighborhood Characteristics (ADI National Rank, neighborhoods below the 10th percentile as reference){

Between 11th & 89th Percentiles 1.442 1.404–1.481 <0.00001 1.466 1.239–1.734 <0.00001
Above the 90th Percentile 1.549 1.474–1.627 <0.00001 1.598 1.325–1.926 <0.00001

Insurance Type (commercial insurance as reference)
Medicare 1.489 1.447–1.532 <0.00001 - - -
Medicaid 2.078 1.997–2.162 <0.00001 - - -
No insurance 2.416 2.356–2.477 <0.00001 - - -
International 1.909 1.358–2.683 0.00020 - - -
Others 0.394 0.301–0.516 <0.00001 - - -

Charlson Comorbidity Score (score of 0 as reference)
1 5.636 5.503–5.771 <0.00001 4.219 3.912–4.550 <0.00001
2 18.674 18.100–19.267 <0.00001 16.357 14.518–18.427 <0.00001
‡3 55.444 53.333–57.639 <0.00001 38.497 32.447–45.675 <0.00001

AICx

312,925 27,005

*Health care utilization was defined as the number of encounters with the health care system during the study period (2016–2018).
Logistic regression compared those at the 95th percentile (number of encounters ‡31) with the rest of the sample. Total sample size for
overall the study population was 1,034,592 and for Medicaid patients was 76,946.

{Odds ratios associated with being a top 5% user among study patients between 2016–2018.
{Using ADI national rank for patient’s place of residence. Higher ADI national rank represents a more disadvantaged neighborhood.
xAn estimator of the relative quality of statistical models for a given set of data. Lower values of AIC present a model with a better fit.
ADI, Area Deprivation Index; AIC, Akaike information criterion; CI, confidence enterval; OR, odds ratio; -, not applicable.
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FIG. 2. Housing issues across different neighborhoods in Baltimore City using EHR structured and unstructured data on
patient-level and community-level ADI (Block Groups): (a) homelessness, (b) housing instability, and (c) characteristics of
the building. ADI, Area Deprivation Index; EHR, electronic health record.
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techniques for data extraction on social needs from un-
structured EHRs, off-the-shelf data extraction solutions
lack social needs data, in contrast to clinical diagnostic
codes and their standardized terminology.36

The study team’s prior work evaluated the use of rule-
based text mining methods and explored the utility of
pattern-based techniques to extract selected domains of so-
cial needs from JHHS-EHR. The team investigated the
coverage and accuracy of these methods among various
clinical notes authored by different providers.19 In this
study, the same techniques were applied to extract infor-
mation on housing issues from JHHS-EHR. Study findings
were comparable with other studies and presented higher
number of patients with social issues documented in their
unstructured EHR data comparing to structured EHR data
(eg, 0.3% of homelessness in structured vs 0.8% in un-
structured EHR data).37

Social needs and SDOH challenges do not represent
isolated problems that randomly distribute across a patient
population or a community. Such needs and challenges are
interconnected and affect the health of individuals and
communities in aggregate. Hence, underserved populations
often experience a number of social needs and SDOH
challenges38 that are believed to be critical factors in ex-
plaining many health-related disparities, ultimately leading
to differences in mortality.38 In the present study, patients
with housing issues were more likely to be African
American (30.5% vs 27.0%), on Medicaid (10.9% vs
7.4%), or to have no insurance (23.0% vs 21.4%), and lived
in the most disadvantaged neighborhoods as measured by
high ADI (6.4% vs 4.8%) compared to overall study pop-
ulation (Table 1).

Linking patient-level EHR data to community-level data
using ADI helped the team to assess the impact of patients’
individual needs in association with characteristics of their
neighborhoods on health care utilization, at least within the
large system where this study took place. The literature
varies on how social needs and SDOH might affect out-
comes of care (eg, hospitalizations, emergency department
visits). Some studies have found that community-level
SDOH may not contribute much more to risk prediction
above and beyond what is already provided by EHR data,39

while others have found these data to be predictive of care
outcomes such as hospitalizations.28 The present study
showed that both patient-level social needs (ie, homeless-
ness, housing instability) and community-level SDOH (ie,
living in disadvantaged neighborhoods with high ADI) re-
sulted in more encounters with the health care system
among all study patients and those on Medicaid. The team
performed modeling using the Medicaid population because
they present similar socioeconomic challenges and poverty
level beyond what was able to be measured in the study.
Mapping housing issues and ADI also presented the same
results, with more housing issues identified in disadvantaged
neighborhoods (Figure 2a–c).

This study had some limitations. First, results were
driven by the underlying EHR data of a large integrated
academic health care system. Other health care organi-
zations may find data on social needs captured and col-
lected at different rates depending on the characteristics of
their patient population, workflow, EHR use, and other
system or policy factors. Second, ICD codes were used to

identify information stored as structured data (as other
coding terminologies were not found in JHHS-EHR);
however, other coding terminologies (eg, LOINC,
SNOMED) also have addressed various determinants of
health. Investigation of information captured in EHRs us-
ing different coding systems might help identify more in-
formation stored as structured data. Third, this study
focused on data captured before 2018; however, because of
the trends in value-based payment models and policy re-
quirements, an increase in collection of social needs in-
formation in EHR settings likely has already begun. And
fourth, the number of encounters with the JHHS network
during the study period was used to assess health care
utilization. Utilization rates only included encounters
documented in JHHS-EHR and not insurance claims or
other ancillary databases. Utilization rates did not include
encounters outside the JHHS network. In addition, this
study did not differentiate among encounter types. The
number of encounters at JHHS might not be a strong rep-
resentation of health care utilization. Encounters may have
varied and included a wide range of incidents with different
levels of severity or impact on health, such as receiving a
preventive service, or a primary care or emergency depart-
ment visit, as well as more serious incidents such as an
overnight hospitalization.

Conclusions

To the study team’s knowledge, this study is one of the
first attempts by a major academic health care system to
assess the impact of patient-level social needs in association
with community-level SDOH. The team assessed the rates
of housing issues collected in the structured and unstruc-
tured EHR data of approximately 1.2 million patients and in
association with their individual characteristics (ie, demo-
graphics and insurance type), clinical characteristics (ie,
Charlson comorbidity score), and characteristics of their
neighborhoods (ie, ADI). Data also were collected from a
variety of health care settings, which helped avoid the
possibility that physicians in one setting might have habit-
ually failed to collect social data.

This data collection approach can inform health care
systems aiming to use their EHRs to capture social needs
and integrate them into patient care and population health
management interventions. Findings of this study can serve
as a baseline for future studies using patient-level data from
EHRs linked to population-level data to assess the combi-
nation of social needs and SDOH impact on health outcomes
and health care utilization.
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