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Abstract

Objective: To improve the performance of a social risk score (a predictive risk model) using electronic health record (EHR) structured and
unstructured data.

Materials and Methods: \We used EPIC-based EHR data from July 2016 to June 2021 and linked it to community-level data from the US Cen-
sus American Community Survey. We identified predictors of interest within the EHR structured data and applied natural language processing
(NLP) techniques to identify patients’ social needs in the EHR unstructured data. We performed logistic regression models with and without
information from the unstructured data (Models | and Il) and compared their performance with generalized estimating equation (GEE) models
with and without the unstructured data (Models Il and IV).

Results: The logistic model (Model I) performed well (Area Under the Curve [AUC] 0.703, 95% confidence interval [CI] 0.701:0.705) and the
addition of EHR unstructured data (Model Il) resulted in a slight change in the AUC (0.701, 95% CI 0.699:0.703). In the logistic models, the addi-
tion of EHR unstructured data resulted in an increase in the area under the precision-recall curve (PRC 0.255, 95% CI 0.254:0.256 in Model | ver-
sus 0.378, 95% CI 0.375:0.38 in Model Il). The GEE models performed similarly to the logistic models and the addition of EHR unstructured
data resulted in a slight change in the AUC (0.702, 95% CI 0.699:0.705 in Model Il versus 0.699, 95% Cl 0.698:0.702 in Model IV).

Discussion: Our work presents the enhancement of a novel social risk score that integrates community-level data with patient-level data to sys-
tematically identify patients at increased risk of having future social needs for in-depth assessment of their social needs and potential referral to
community-based organizations to address these needs.

Conclusion: The addition of information on social needs extracted from unstructured EHR resulted in an improved prediction of positive cases
presented by the improvement in the PRC.

Lay Summary

We developed statistical models to systematically identify patients at increased risk of having future social needs for in-depth assessment of
their social needs and potential referral to community-based organizations to address those needs. Thus, we used data from electronic health
records including provider notes, and applied natural language processing techniques to extract information on social needs from those notes.
Our models performed well for the identification of at-risk patients and the addition of information on social needs from provider notes resulted
in a better performance of the model with the enhanced models returning accurate results.

Key words: social needs; social risk score; electronic health record; structured data; free text notes.

Introduction providing equitable healthcare.'” Since the release of the
Background and significance National Academy of Medicine Framework in 2019 as the first
Systematic integration of social care into healthcare delivery national effort to articulate medical and social care integration
and the expansion of social risk screening and navigation serv- strategies many healthcare systems have invested in innovative
ices is an essential approach to addressing health disparities and care models to holistically consider the context of people’s lives
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and living conditions to significantly improve health, especially
among populations disproportionately impacted by unmet
social needs and adverse social determinants of health
(SDOH).1%-11

Moreover, in recent years the availability of real-world data
through the now-ubiquitous electronic health records (EHRs)
and the rapid advancements in data science and health informa-
tion technology (IT) techniques including natural language
processing (NLP) and automated clinical enterprise platforms
has made it feasible to inter-operably capture, standardize, ana-
lyze, and apply reliable social needs information within EHR-
based clinical decision support systems.'*~'¢

These advancements have resulted in an increase in differ-
ent sources of social data in the EHRs (eg, notes, diagnoses,
and a wide range of surveys/questionnaires). Some EHR ven-
dors have also added specific data fields for collecting infor-
mation on social risks and needs (eg, the EPIC “SDOH
Wheel”). Through these technology advancements, novel
tools and predictive models of poly-social risk scores are now
available to address health equity by considering the context
of people’s lives and living conditions including their social
needs and SDOH challenges.'®>° However, despite these
advancements most of the available data in EHRs on social
needs and SDOH challenges are still documented as unstruc-
tured medical notes as opposed to structured data,'* and
such data is rarely implemented in the social risk scores and
predictive analytical platforms.*’

In an ongoing effort, our team has applied scalable tools
and advanced methods to collate social needs information
within the EHR. We have also developed a social risk score
(a predictive risk model) using the EHR structured data of a
multilevel academic healthcare system that provides both
inpatient and outpatient care to patients with varying social
needs and SDOH challenges across Maryland."*™'® The
social risk score has helped providers to systematically iden-
tify patients at risk of having social needs based on their dem-
ographic characteristics, clinical comorbidities, previous
social needs and SDOH challenges, and clinical outcomes
such as hospitalization and emergency department visits.'®
To improve the performance of this model we applied NLP
techniques and text mining to identify patients’ social needs
in the EHR free-text notes.'> This article presents the
enhancement in the social risk score through the addition of
EHR unstructured data to the base model using only EHR
structured data.

Methods
Data sources and study population

In a retrospective study, we used the Johns Hopkins Health
System (JHHS) Corporation’s EPIC-based EHR data from
July 2016 to June 2021. Based on the patient’s home address,
we linked community-level data (at the census tract level)
from the US Census American Community Survey, 2018 5-
year cohort.”! We developed prospective models (using cur-
rent year-1 risk factors to predict future year-2 outcomes)
within 4 such 2-year cohorts (ie, 2016-2017, 2017-2018,
2018-2019, and 2019-2020) and randomly split the overall
data into training and validation data sets (80% of the data
were used for model development while the remaining 20%
were used for validation). We included adult patients aged 18
years or older at the time of entering the observation period
who were alive at the end of the observation, had at least 1
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eligible encounter in the first and second years of each study
cohort, and had a valid address for linkage to population-
level data.

Variable selection

We identified a comprehensive list of predictors of interest
available within the EHR structured data, including various
patient- and community-level characteristics as well as
healthcare use measures (Table S1). To select variables with
the highest potential impact on the health and social well-
being of minority populations we sought input from minority
health, population health, and social needs and SDOH
experts, primary care providers, and frontline workers, such
as social workers and care managers at JHHS, representatives
of community-based organizations, and patients and their
caregivers.

To identify previous social needs, we used EHR structured
data and extracted any ICD-10 codes presenting social needs
using the “Compendium of Medical Terminology Codes for
Social Risk Factors” developed by the Social Interventions
Research and Evaluation Network®? or any information on
social needs available in the JHHS-EHR Wellness Registry, a
data mart table in EPIC storing information related to general
patient health, consolidated from many subject areas includ-
ing social history and risk scores. We generated a binary vari-
able (“yes” or “no” indicator), suggesting the presence or
absence of any ICD-10 codes or any social needs identified in
the EPIC Wellness Registry.

Moreover, we applied NLP techniques and text mining to
identify patients’ social needs in the EHR unstructured data
(ie, provider free-text notes). Thus, we developed and tested a
scalable, performant, and rule-based model for the identifica-
tion of 3 major domains of social needs namely residential
instability (ie, homelessness and housing insecurity), food
insecurity, and transportation issues (refer to Table S2 for the
definitions of the selected social needs and examples of how
these needs were documented in the EHR). The development
and validation of the NLP model are elaborated elsewhere
(refer to Table S3 and Figures S1 and S2 for details of the
NLP pipeline and its performance).'® Using the model we
generated a binary variable (“yes” or “no” indicator), sug-
gesting the presence or absence of at least one provider note
indicating an existing social need identified during the
encounter.

Lastly, we defined the outcome as a binary indicator of
having a social need in the second year of each cohort docu-
mented in the EHR structured or unstructured data, using the
same logic as for the development of the predictors of social
needs explained above.

Statistical analysis

To predict prospective social needs, we used concurrent dem-
ographic and clinical features and variously encoded indica-
tors for present social needs in the EHR structured and
unstructured data. We used a multi-year approach and mod-
eling techniques to accommodate the effect of multiple visits
for each patient, along with grouping characteristics for geog-
raphy (the records were clustered at the patient and US Cen-
sus tract level).

We performed logistic regression models with and without
binary variables of social needs from the unstructured data
(Models I and II) and compared their performance with gen-
eralized estimating equation (GEE) models with and without
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binary variables of social needs from the unstructured data
(Models IIT and IV). We performed these models in the gen-
eral population and for different subpopulations of interest
including individuals aged 65 years or older, racial and ethnic
minority populations, and those living in neighborhoods with
socioeconomic challenges, using Area Deprivation Index
(ADI) national rank?® to compare the 10% most affluent to
90% least affluent neighborhoods.

To assess the performance of the models we calculated the
following performance metrics for the overall model and for
the models in different subpopulations of interest using 20%
of the total study sample (the validation dataset): precision
(positive predictive value), recall (sensitivity), area under the
receiver operating characteristic (ROC) curve (AUC), and
precision-recall curve (PRC), a measure of success of predic-
tion when the classes are very imbalanced.**** We reported
point precision and recall, based on the classification of the
outcome where the decision threshold was set to p(x)>0.5.
We reported PRCs since a social need was a rare event in our
data set, thus, the identification of such an event resulted in
an imbalance in our predicted quantity.

Ethical considerations

The institutional review board of the Johns Hopkins Bloom-
berg School of Public Health reviewed and approved this
study as exempt. The board approved the EHR data extrac-
tion for the secondary analysis of deidentified data.

Results
Participant characteristics

The study population included 1 852 228 patients across 4
study cohorts. The characteristics of patients across the study
cohorts were comparable. Study cohorts included mostly
middle-aged (mean age range 53.76-55.95 years across study
cohorts), White (range 324 279, 63.5% to 290 688, 64.8%),
and female (range 314 741, 61.6% to 278 488, 62.1%)
patients from neighborhoods with high socioeconomic status
(mean ADI percentile range 28.7-30.3).

Across the study cohorts between 8.3% (37 137) and
11.6% (52 037) of patients had at least one social need docu-
mented in the ICD-10 codes or EPIC Wellness Registry. Also,
between 7.6% (33 035) and 9.5% (46 917) of patients had at
least one provider note indicating an existing social need
identified during the encounter. Between 18.7% (95 350) and
21.1% (95 393) of patients had high or very high Resource
Utilization Band (RUB),?® indicative of having a high disease
burden, as reflected by many serious comorbidities (refer to
Table S4 on the characteristics of the overall study popula-
tion and by the study cohorts).

Statistical modeling

Details of the logistic regression and GEE models are pre-
sented in Table 1. Based on the logistic regression model
using EHR structured data (Model I) the strongest predictors
of future social needs in the whole population in descending

Table 1. Predicting prospective social needs for patients at Johns Hopkins health system using electronic health record data between 2016 and 2021:

logistic regression and generalized estimating equation models.?

Logistic regression

Generalized estimating equation

Model I Model I Model III Model IV
Using EHR Using EHR structured Using EHR Using EHR structured
Variable structured data and unstructured data structured data and unstructured data
Age—Years

Gender—Male (ref: female)

Race—Black (ref: White)

Preferred language—English (ref: missing, others or sign language)

0.994 (0.993-0.994)
0.987 (0.976:0.998)
1.116 (1.101:1.131)

1.068 (1.034:1.104)

Interpreter needed—Yes (ref: no or missing)

1.172 (1.116:1.231)

Area deprivation index national rank—Percentile”

Healthcare utilization

Any in-patient admission

Any emergency department visits
Previous social needs

Clinical characteristics
No. of chronic conditions
No. of medication active ingredients

1.005 (1.005:1.005)

1.020 (0.997:1.045)
1.667 (1.643:1.692)

3.299 (3.254:3.345)

1.066 (1.063:1.069
0.997 (0.996:0.998

(
Resource utilization bands—(ref: no or only invalid diagnosis)

Healthy users

Low resource utilization
Moderate resource utilization
High resource utilization
Very high resource utilization

)
)
0.843 (0.813:0.874)
0.861 (0.832:0.891)
0.971 (0.942:1.001)
1.256 (1.214:1.299)
1.382 (1.328:1.437)

0.998 (0.998:0.998)
1.019 (1.01:1.029)

1.198 (1.185:1.211)
1.636 (1.588:1.686)
1.830 (1.755:1.908)
1.006 (1.006:1.006)

0.895 (0.877:0.914)
1.525 (1.507:1.544)

2.672 (2.641:2.702)

1.083 (1.081:1.085)
0.999 (0.998:1)

0.767 (0.745:0.789)
0.786 (0.766:0.807)
0.917 (0.895:0.938)
1.209 (1.178:1.242)

( )

1.378 (1.335:1.422

0.994 (0.993:0.994)
0.989 (0.967:1.012)
1.121 (1.091:1.153)
1.069 (1.001:1.141)
1.200 (1.089:1.323)
1.005 (1.005:1.006)

1.016 (0.969:1.065)
1.674 (1.626:1.724)

3.279 (3.19:3.371)

1.067 (1.061:1.072)
0.997 (0.995:0.999)

0.832 (0.774:0.895)
0.848 (0.792:0.907)
0.957 (0.9:1.017)

1.236 (1.156:1.323)
1.352 (1.249:1.463)

0.998 (0.997:0.998)
1.019 (1:1.038)

1.205 (1.179:1.232)
1.627 (1.533:1.728)
1.843 (1.695:2.004)
1.006 (1.005:1.006)

0.898 (0.862:0.935)
1.523 (1.487:1.561)

2.661(2.601:2.723)

1.083 (1.079:1.088)
0.999 (0.997:1.001)

0.765 (0.723:0.809)
0.787 (0.746:0.83)

0.921 (0.878:0.965)
1.211 (1.148:1.277)
1.379 (1.295:1.469)

* Presenting odds ratios and 95% confidence intervals. The reference groups for binary and categorical variables are presented in parentheses. The odds
ratios for continuous variables are presented per one-unit change in the variable.
b Neighborhood characteristics for the person’s residence of longest duration reported as a percentile of national rank.?®
¢ These clinical measures are derived from the Johns Hopkins Adjusted Clinical Group (ACG) System Version 12.0. Resource Utilization Band represents
expected future utilization based on current morbidities.
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order were social needs documented in the EHR during the
previous year period (odds ratio [OR] 3.299, 95% confidence
interval [CI] 3.254:3.345), >1 emergency department visit in
the previous periods (OR 1.667, 95% CI 1.643:1.692), and a
very high RUB measure indicative of a significant morbidity
burden (OR 1.382, 95% CI 1.328:1.437). After adding the
information on social needs from EHR unstructured data
(Model II) social needs documented in the EHR during the
previous year period remained the strongest predictor of
future social needs (OR 2.672, 95% CI 2.641:2.702), fol-
lowed by needing an interpreter, an indication of immigra-
tion status (OR 1.83, 95% CI 1.755:1.908).

Based on the GEE model using EHR structured data
(Model III) the strongest predictors of future social needs in
the whole population remained social needs documented in
the EHR during the previous year period (OR 3.279, 95% CI
3.19:3.371), >1 emergency department visit in the previous
periods (OR 1.674, 95% CI 1.626:1.724), and a very high
RUB measure (OR 1.352, 95% CI 1.249:1.463). After add-
ing the information on social needs from EHR unstructured
data (Model IV) social needs documented in the EHR during
the previous year period remained the strongest predictor of
future social needs (OR 2.661, 95% CI 2.601:2.723), fol-
lowed by needing an interpreter (OR 1.843, 95% CI
1.695:2.004).

To assess the applicability of the models to various subpo-
pulations, we performed separate models for select subgroups
and found that the strongest predictor of future social needs
across different study subpopulations remained the social
needs documented in the EHR during the previous year
period for logistic models using EHR structured data (Model
I) and after adding the EHR unstructured data (Model II) and
GEE models using EHR structured data (Model III) and after
adding the EHR unstructured data (Model IV). Among indi-
viduals aged 65 years or older the addition of information on
social needs from the EHR unstructured data resulted in a
decrease in the ORs in both sets of models (OR 3.047, 95%
CI 2.971:3.125 in Model I versus OR 2.410, 95% CI
2.361:2.459 in Model Il and OR 3.027, 95% CI 2.878:3.184
in Model III versus OR 2.394, 95% CI 2.298:2.494 in Model
IV). We identified similar patterns in other subpopulations of
interest including racial and ethnic minority populations and
those living in neighborhoods with socioeconomic challenges
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(refer to Tables S5-S7 for details of the logistic regression and
GEE models in different subpopulations).

Model performance

Table 2 presents the performance metrics for the logistic
models in the overall population and different subpopula-
tions of interest (Models I and II). The logistic models per-
formed well for the general population (AUC 0.703, 95% CI
0.701:0.705 in Model I and 0.701, 95% CI 0.699:0.703 in
Model 1I) and across the subpopulations of interest (AUCs
ranging from 0.666, 95% CI 0.653:0.679 to 0.714, 95% CI
0.709:0.718 in Model I and 0.664, 95% CI 0.661:0.668 to
0.715, 95% CI 0.707:0.723 in Model II). These models per-
formed better among populations with socioeconomic chal-
lenges with the highest AUC for models among Black
patients (0.712, 95% CI 0.708:0.716 in Model I and 0.714,
95% CI 0.709:0.718 in Model II) and those living in more
disadvantaged neighborhoods (0.714, 95% CI 0.709:0.718
in Model I and 0.710, 95% CI 0.708:0.712 in Model II).

The logistic models had a higher precision than recall and
the addition of EHR unstructured data resulted in a slight
increase in these measures (precision 0.508, 95% CI
0.499:0.518 versus recall 0.038, 95% CI 0.036:0.041 in
Model T and precision 0.580, 95% CI 0.574:0.586 versus
recall 0.124, 95% CI 0.124:0.124 in Model II for overall
population). While the addition of EHR unstructured data
resulted in slight changes in AUC it resulted in an increase in
PRC especially among subpopulations with socio-economic
challenges. For instance, among Black patients PRC increased
from 0.312, 95% CI 0.306:0.318 to 0.466, 95% CI
0.452:0.481, and among patients living in most disadvan-
taged neighborhoods PRC increased from 0.272, 95% CI
0.264:0.279 to 0.400, 95% CI 0.396:0.403.

The GEE models performed similarly to the logistic mod-
els. Also, the addition of EHR unstructured data resulted in
slight changes in the AUC from 0.702, 95% CI 0.699:0.705
in Model III to 0.699, 95% CI 0.698:0.702 in Model IV for
the overall population (refer to Table S8 for details of the
AUC:s for the GEE models in different subpopulations).

Discussion

Our work represents the enhancement in a predictive risk
model to identify patients at risk of having social needs based

Table 2. Performance metrics for predicting prospective social needs for patients at Johns Hopkins health system using electronic health record data

between 2016 and 2021: logistic regression models.

Neighborhood characteristics—Most disadvantaged ~ 0.509 (0.483:0.535

0.051 (0.048:0.054)  0.714 (0.709:0.718 0.272 (0.264:0.279

Precision Recall AUC PRC

Logistic regression model I—Using EHR structured data
Overall population 0.508 (0.499:0.518)  0.038 (0.036:0.041)  0.703 (0.701:0.705)  0.255 (0.254:0.256)
65+ years old patients 0.447 (0.412:0.482)  0.018 (0.017:0.020)  0.699 (0.694:0.705)  0.228 (0.223:0.232)
Racial group—White 0.491 (0.469:0.513)  0.024 (0.023:0.025)  0.690 (0.688:0.692)  0.228 (0.224:0.232)
Racial group—Black 0.524 (0.508:0.541)  0.067 (0.064:0.069)  0.712 (0.708:0.716)  0.312 (0.306:0.318)
( ) ( ) ( ) ( )
) ( ) ( ) ( )

Neighborhood characteristics—Least disadvantaged ~ 0.469 (0.402:0.536
Logistic regression model I—Using EHR structured and unstructured data

Neighborhood characteristics—Most disadvantaged ~ 0.582 (0.573:0.591
Neighborhood characteristics—Least disadvantaged ~ 0.500 (0.462:0.538

Overall population 0.580 (0.574:0.586)
65+ years old patients 0.558 (0.552:0.563)
Racial group—White 0.550 (0.539:0.560)
)
)
)

(
(
Racial group—Black 0.606 (0.588:0.624
(
(

0.003 (0.002:0.003)  0.666 (0.653:0.679)  0.180 (0.172:0.189
0.124 (0.124:0.124)  0.701 (0.699:0.703)  0.378 (0.375:0.38)
0.107 (0.104:0.111)  0.701 (0.696:0.705)  0.370 (0.364:0.375)
0.084 (0.082:0.087)  0.686 (0.685:0.688)  0.335 (0.330:0.341)
0.221(0.216:0.225)  0.715 (0.707:0.723)  0.466 (0.452:0.481)
0.149 (0.146:0.153)  0.710 (0.708:0.712)  0.400 (0.396:0.403)

( ) ( ) ( )

0.027(0.022:0.031 0.664 (0.661:0.668 0.271 (0.260:0.282

Abbreviations: AUC = area under the receiver operating characteristic (ROC) curve, PRC = precision-recall curve.
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on their demographic characteristics, clinical comorbidities,
previous social needs and SDOH challenges, and clinical out-
comes. Our original predictive model was based on the EPIC-
based EHR structured data of a multilevel academic health-
care system in Maryland. The use of structured EHR as the
sole source of information limited the dataset and impacted
the performance of the proposed model.'®

At the time of developing the original model, social needs
screening and referral were not common practices at our
institutions. Thus, many patients with social needs did not
get a proper screening and documentation of such needs.
This and the possibility of ICD-10 codes being underused by
providers might have led to an underrepresentation of social
needs in the study population resulting in many instances of
false negatives related to the documentation of social needs in
structured EHR data. To improve the performance of the
model we applied NLP techniques and text mining to identify
patients’ social needs in the unstructured EHR." The NLP
pipelines have been expanded in recent years, including more
advanced techniques and extracting information on a wide
range of social needs domains. However, this project was a
proof of concept, aiming to assess whether the addition of
social needs information from unstructured EHR would
impact the performance of predictive models. Thus, we lim-
ited it to the NLP pipeline developed at our institution.

The addition of information on social needs from unstruc-
tured EHR resulted in a potentially dramatic expansion of
individuals determined to have social needs in the first or sec-
ond year of each study cohort. Thus, there was an increase in
the number of true positive instances and a decrease in the
number of false negative instances in the study population
which resulted in an improvement in the model precision and
recall (comparing precision and recall in Model I versus
Model II) with a larger improvement for the overall popula-
tion and those with older age and socioeconomic challenges
(ie, Blacks patients and those living in more disadvantaged
neighborhoods). This finding may represent lower rates of
social needs screening and a higher rate of underutilization of
ICD-10 codes for documentation of social needs in some sub-
populations of interest. It is important to note that we
reported the point-precision and recall, based on classifica-
tion of the outcome where the decision threshold was set to p
(x)>0.5. By setting up the decision threshold at this level, our
models were not especially sensitive but had reasonable preci-
sion. Challenges with calibrating performances on classifica-
tion tasks may involve changes in the selected threshold to
make the model more precise or sensitive.

Moreover, the addition of information on social needs
from unstructured EHR resulted in a higher PRC score for
the overall population and those with older age and socioeco-
nomic challenges (ie, Black patients and those living in more
disadvantaged neighborhoods). This finding shows that the
enhanced model was returning reasonably precise predic-
tions. However, the enhanced model still had a poor recall
which reflected the proportion of actual cases identified by
the model (our models did not identify a majority of actual
cases). While, the enhanced model presented promising
improvement in the performance measures, however, the lack
of systematic processes for social needs assessment and navi-
gation services impacted the documentation of those needs,
resulting in missed cases (ie, false negatives) in both struc-
tured and unstructured ERH, which ultimately resulted in the
modest ability of the models to identify actual cases.

The use of GEE modeling did not result in a change in the
performance of the models and the AUCs remained almost
the same for the overall population and subpopulations of
interest. This finding may be the result of the data set con-
taining few patients with multiple visits (the average of 4 vis-
its per patient) and the small number of patients in each
geographic unit (the records were clustered at the patient and
US Census tract level).

Comparison with previous studies

Our logistic regression (Models I and II) and GEE models
(Models IIT and IV) had satisfactory performance across the
overall populations and subpopulations of interest. For the
models using EHR structured data (Models I and III), the
model performance in our study was comparable with those
in the study by Holcomb et al,?” where they predicted health-
related social needs using EHR structured data and
community-level data and machine learning modeling for
Medicare and Medicaid beneficiaries participating in the
Accountable Health Communities project. Their models per-
formed relatively well, with AUCs ranging from 0.59 to 0.68
for patients with different domains of social needs. Similarly,
Byrne et al*® developed and tested predictive models of hous-
ing instability and homelessness using EHR data, including
responses to the Veterans Health Administration’s Homeless-
ness Screening Clinical Reminder Survey. All their models
performed well, with the random forest models performing
better than the logistic regression models for both the housing
instability (85.4 versus 78.3) and homeless (91.6 versus 87.1)
outcomes. In addition to the use of machine learning techni-
ques, access to a large data set of Veterans (5 852 791
patients) and a high response rate to the survey (99%) may
have contributed to better model performance.

For the models using EHR unstructured data (Models 1
and III), the model performance in our study was also compa-
rable with those in the study by Kasthurirathne et al.?” Using
structured and unstructured clinical data from the EHR, the
out-of-network encounter data from health care facilities
across the state of Indiana, and population-level data on
SDOH challenges their random forest decision models pre-
dicted the need for social work referrals with an AUC ranging
from 0.713 for the model using both clinical and SDOH data
to 0.731 for the model using clinical data. Another notable
mention was the study by Huang et al,'® where they devel-
oped an EHR-based machine learning analytical pipeline to
address unmet social needs associated with hospitalization
risk in patients with type 2 diabetes. They used patient-level
social needs data extracted from the EHR unstructured data
through an NLP pipeline, insurance information from EHR
structured data, and population-level SDOH through spatio-
temporal linkage with the external data. The AUC for their
models including patient-level social needs data was 0.70-
0.71 and adding population-level SDOH modestly improved
the model performance (AUC 0.72), while population-level
SDOH by themselves had suboptimal predicting performance
(AUC 0.60-0.62).

Clinical impact

At the point of care, our social risk score could be integrated
directly with EHR-derived data warehouses. Thus, the pro-
posed risk score could be leveraged as an automated pre-
screening tool and assist the provider teams in systematically
identifying patients at risk of having social needs, who would



need a more in-depth assessment of the social needs and navi-
gation services such as referral to community-based organiza-
tions. This approach would help to avoid the burdensome
and potentially inefficient survey-based social needs screening
of every patient at every visit. The risk score would help the
providers to more efficiently address the required quality
measures such as the mandatory performance monitoring of
social care screening and navigation services by the National
Commission on Quality Assurance (NCQA),® the Centers for
Medicare and Medicaid Services (CMS),” and other future
performance reporting programs. The use of EHR unstruc-
tured data in the risk score could support better identification
of patients with social needs without substantially increasing
the documentation burden of clinicians or the need for man-
ual chart review. However, the poor recall of the models may
decrease their ability to identify actual cases and limit their
clinical impact.

Limitations

Our study had several limitations. The screening and docu-
mentation of social needs was not a common or standard
process in our healthcare system (or other healthcare systems)
at the time of performing this study. Thus, very few providers
would ask for or document the existence of a social need, and
documenting the absence of a social need was a rare practice.
This limitation is presented by the lack of data in the EPIC
Wellness Registry between the years 2016 and 2018, possible
underutilization of available ICD-10 codes for social needs,
and infrequent documentation of such needs in free-text
notes, leading to an underrepresentation of social needs in
this study population. The lack of complete and consistent
methods for the identification and documentation of social
needs in the EHR may have resulted in misclassification and
inconsistencies in our results and was by far the largest limi-
tation of the study. This limitation perhaps contributed more
to the poor recall across different models than the class
imbalance per se. Moreover, some subpopulations of interest
such as female individuals, ethnic and racial minority popula-
tions, those with higher disease burdens, and superusers of
health care services may have received more social needs
screening,’® leading to potentially biased results for these
individuals.

Another limitation was that our dataset included the first
one and a half years of the COVID-19 pandemic, where
social distancing protocols unprecedently limited transporta-
tion, and healthcare access, among other factors, which sig-
nificantly impacted the documentation of such information
in the EHRs. Also, we used the patient’s home address to link
the EHR data to the American Community Survey
community-level data. Thus, we did not include patients with
a missed or invalid home address. This may have resulted in
missing some patients with social needs, such as residential
instability.

Lastly, data on racial and ethnic minority groups such as
Latino and Hispanic patients, American Indian and Alaskan
Native, Native Hawaiian, other Pacific Islander, and multira-
cial individuals were limited in our data set, which may have
impacted the generalizability of the proposed model.

Conclusion

Our work presents the enhancement of a novel social risk
score that integrates community-level data with patient-level
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data to systematically identify patients at increased risk of
having future social needs for in-depth assessment of their
social needs and potential referral to community-based
organizations to address those needs.

The addition of information on social needs extracted by
NLP techniques from unstructured EHR resulted in an
improved prediction of positive cases presented by the
increase in the AUPRC.

Future research should address the class imbalance in the
social needs data by the application of advanced methods
such as class weight adjustment, bagging, and boosting to
mitigate it. Also, the application of more advanced machine
learning models beyond logistic regression and GEE could
help to address interactions among different variables. More-
over, future research should further investigate the generaliz-
ability of these models using larger and more diverse datasets
to ensure their effectiveness across different patient popula-
tions. External validation of the models, using data from dif-
ferent healthcare systems, would also enhance the reliability
of the models and their potential applicability in diverse
settings.
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