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Abstract
Objective: Measurement of health-related social needs (HRSNs) is complex. We sought to develop and validate computable phenotypes (CPs) 
using structured electronic health record (EHR) data for food insecurity, housing instability, financial insecurity, transportation barriers, and a 
composite-type measure of these, using human-defined rule-based and machine learning (ML) classifier approaches.
Materials and Methods: We collected HRSN surveys as the reference standard and obtained EHR data from 1550 patients in 3 health systems 
from 2 states. We followed a Delphi-like approach to develop the human-defined rule-based CP. For the ML classifier approach, we trained 
supervised ML (XGBoost) models using 78 features. Using surveys as the reference standard, we calculated sensitivity, specificity, positive pre
dictive values, and area under the curve (AUC). We compared AUCs using the Delong test and other performance measures using McNemar's 
test, and checked for differential performance.
Results: Most patients (63%) reported at least one HRSN on the reference standard survey. Human-defined rule-based CPs exhibited poor per
formance (AUCs¼.52 to .68). ML classifier CPs performed significantly better, but still poor-to-fair (AUCs ¼ .68 to .75). Significant differences 
for race/ethnicity were found for ML classifier CPs (higher AUCs for White non-Hispanic patients). Important features included number of 
encounters and Medicaid insurance.
Discussion: Using a supervised ML classifier approach, HRSN CPs approached thresholds of fair performance, but exhibited differential per
formance by race/ethnicity.
Conclusion: CPs may help to identify patients who may benefit from additional social needs screening. Future work should explore the use of 
area-level features via geospatial data and natural language processing to improve model performance.

Lay Summary
Health-related social needs (HRSNs), such as food insecurity and housing instability, can impact patients’ health. For health systems to address these 
needs, they need an effective way to measure them. The standard approach to measurement of HRSNs, surveying patients, is challenging due to 
the time and resources needed to survey each patient. Toward an alternative approach, we sought to determine if patient information from their elec
tronic health records (EHRs) could serve as a “computable phenotype” (a representation of patient characteristics using data that is combined into a 
set of features and logical expressions) to identify patients with HRSNs. Using 2 different approaches to developing potential computable pheno
types for HRSNs (a human-defined rule-based approach and a machine learning approach), we found that the computable phenotypes in the current 
study were poor-to-fair at accurately identifying patients with HRSNs and that the phenotype performance was poorer for patients who were non- 
White and/or Hispanic. Future work could seek to improve the computable phenotypes by including additional data, such as clinical notes.
Key words: social determinants of health; electronic health records; machine learning. 

Background and significance 
Health-related social needs (HRSNs) encompass the host of 
patients’ nonclinical, economic, and contextual characteristics1

and are important drivers of morbidity, mortality, unnecessary 
utilization, health disparities, and increased costs.2 Organiza
tions use HRSN information to improve risk prediction mod
els,3–6 to identify patients in need of a referral to community 
partners for services,7,8 or to increase clinician awareness of rel
evant patient issues.9 However, the measurement of HRSNs is 
complex.

HRSN questionnaires have the benefit of facilitating the 
attainment of HRSN information from the arguably best 
source—the patient themself, but this method places time bur
dens on patients and providers,10,11 impedes typical clinical 
workflows,12 and requires dedicated financial resources for 
collection.13 Moreover, HRSNs questionnaires are inconsis
tently applied: for example, questionnaires are sometimes dif
ferentially administered by clinicians or staff due to subjective 
judgments (eg, based on a patient’s appearance14). Further
more, there can be high intra-organizational variability in 

Received: February 13, 2024; Revised: September 9, 2024; Editorial Decision: December 10, 2024; Accepted: December 18, 2024 
© The Author(s) 2025. Published by Oxford University Press on behalf of the American Medical Informatics Association.   
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (https://creativecommons.org/licenses/ 
by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial 
re-use, please contact journals.permissions@oup.com 

JAMIA Open, 2025, 8(1), ooae150 
https://doi.org/10.1093/jamiaopen/ooae150 
Research and Applications 

https://orcid.org/0000-0001-8213-2266
https://orcid.org/0009-0006-4991-0613
https://orcid.org/0000-0002-4803-3632
https://orcid.org/0000-0002-7226-9688


HRSN screening, (eg, different screening questionnaires are 
used in a single organization concurrently,15 screening rates 
can vary widely between different departments in the same 
organization,16 etc). Additionally, patients’ response rates dif
fer if screening requires verbal responses as opposed to self- 
completed instruments.17 Altogether, these findings indicate 
that there are major challenges to consistently implementing 
screening questionnaires for HRSNs, putting the measurement 
of these concepts at risk of low reliability and validity.

As such, examination of an alternative, more feasible 
approach to measuring HSRNs is needed. Specifically, 
HRSNs may be amenable to representation by computable 
phenotypes, which are representations of patient characteris
tics or conditions that can be obtained from electronic health 
records (EHRs) and other data sources by combining a 
defined set of features and logical expressions.18,19 EHRs 
contain many data elements not directly related to clinical 
care that may be useful in predicting social needs. For exam
ple, demographics, insurance information, billing histories, 
appointment status, emergency contacts, and language pref
erences are reflective of characteristics of social and economic 
wellbeing. Also, many HRSNs can be captured as structured 
diagnosis codes.20 Structured data are also less resource- 
intensive than extracting information from text using natural 
language processing (NLP).21 Valid computable phenotypes 
for HRSNs using structured data elements would enable 
process automation and avoid biases and workflow burdens 
associated with questionnaires and are more feasible than 
using unstructured clinical notes data.

Objective
Given the aforementioned limitations of survey measures for 
HRSNs (burdens to time and workflow, need for financial 
resources to implement, and inconsistency and variability in 
rates of screening and response rates), the objective of this 
paper was to develop and validate a set of 5 HRSNs comput
able phenotypes as a potential alternative method of captur
ing HRSNs, toward a broader goal of increasing recognition 
of patients’ HRSNs. Specifically, we sought to develop com
putable phenotypes for food insecurity, housing instability, 
financial insecurity, transportation barriers, and a composite- 
type measure of these (“any HRSN”), as each of these factors 
are drivers of health, well-being, utilization, and costs. Nota
bly, computable phenotype algorithms may be constructed 
through human-defined rules, machine learning (ML) classifi
cation techniques, or a combination of the 2 methods.22,23

No consensus on the best approach yet exists,24 and each 
approach has advantages and potential limitations. Human- 
defined rule-based algorithms have the attractive qualities of 
greater transparency and more obvious interpretability, 
assuming rules are adequately described. Also, human- 
defined rule-based algorithms explicitly draw on the expertise 
of practitioners,25 which contributes to face validity. How
ever, human-defined rule-based algorithms may not perform 
well in the absence of well-defined and utilized diagnoses and 
procedure codes for the condition of interest.22 Furthermore, 
computable phenotypes based on human-defined rule-based 
algorithms may not generalize when applied to other institu
tions and data sources.26 In contrast, ML classifier based phe
notypes may be more time efficient, reduce provider burden, 
and may identify features that are not implicitly listed,25,27

particularly if developed using a common data model.28

Nevertheless, these advantages may come at the expense of 
transparency and complexity. Given these pros and cons, a 
secondary goal was to compare performance of the comput
able phenotypes using human-defined rule-based and super
vised ML classifier approaches.

Materials and methods
Overview
We developed and compared the predictive performance of 
HRSN phenotypes created using human-defined rules versus 
phenotypes created using the supervised ML classifier 
XGBoost. The presence of 4 HRSNs was measured via a 
reference standard HRSN survey comprised of instruments 
with known psychometric properties. (We use the term 
“reference standard” instead of “gold standard.”) We col
lected these measures of HRSN presence prospectively in this 
study, eg, the survey obtaining these responses was not other
wise in use by the participating organizations. Thus, 
responses to the reference standard survey served as the tar
gets for the ML classification prediction and the rule-based 
phenotype definitions. Linked EHR data provided the fea
tures for the phenotypes.

Setting and sample
We recruited adult (age ≥ 18 years) primary care patients in 
Indianapolis, IN and Gainesville, FL between January 2022 
and June 2023. Participants provided authorization to col
lect, use, and disclose their protected health information 
(PHI) and consented to completing a HRSNs survey (as the 
reference standard to validate the phenotype against). Partici
pants in Indiana completed surveys in person at 1 of 3 differ
ent sites operated by 2 different health systems. Participants 
in Florida were drawn from 3 clinics operated by a single 
health system. These participants completed surveys in per
son during visits or via phone or email. Data collection was 
offered in both English and Spanish. Participants received a 
$10 gift card as an incentive. The total number of subjects 
was 1550 (81% Indiana and 19% Florida).

Data
The reference standard survey was comprised of 4 instru
ments to measure HRSNs: the US Department of 
Agriculture’s Six-Item Short Form of the Food Security Sur
vey,29 the Housing Instability Index,30 the Consumer Finan
cial Protection Bureau’s Financial Well-Being Scale (financial 
strain),31 and a previously validated measure of transporta
tion barriers.32 We used these instruments because of their 
prior validation work and because multi-domain health- 
related screening surveys have unknown or poor psychomet
ric performance.33,34 Using identifiers, survey responses were 
linked to each participant’s EHR data. For each participant, 
we abstracted the past 12 months of encounter types, proce
dure codes, orders, diagnoses, payer history, address history, 
contact information, and demographics. Each subject self- 
reported race and ethnicity, and we obtained gender and age 
from the EHR data. These demographic factors were not 
used in modeling because of a lack of conceptual justification, 
and a concomitant potential for propagating inequities.35

Prediction target
Following the instructions of the developers of each of the 4 
HRSNs instruments used in the reference standard survey, we 
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created binary indicators for the presence for each HRSN. 
These binary measures served as the prediction targets. We 
also created an overall summary measure of any HRSN as 
defined by any positive screen on any of the survey 
instruments.

Human-defined rule-based phenotype development
Our team followed a Delphi-like process to develop candi
date human-defined rule-based computable phenotypes. In 
preparation for developing the human-defined rules, we set 
consistent definitions of each HRSN under consideration 
based on the reference standard survey instruments (see Table 
S1). We also created a listing of 89 features suggested and 
rated by an expert panel as indicators of different HRSNs36

along with the estimated prevalence and predictive value of 
International Classification of Diseases (ICD)-10 Z codes and 
HRSN screening questionnaires from prior studies.34,37 We 
circulated these resources prior to meeting to help support 
decision making on the potential utility of different data ele
ments in rule formulation. We also established 2 guidelines 
consistent with prior approaches to phenotype develop
ment22: (1) definitions were limited to structured data ele
ments and (2) definitions must emphasize implementability, 
ie, engineered features and data elements should not reflect 
nuances of our local institution’s EHR instances or require 
access to novel datasets, but instead reflect data readily 
extractable from EHR installations. Local codes were 
allowed, as long as the codes reflected commonly available 
EHR elements or fields. For example, referrals to a food pan
try may require a local code but would be documented along 
with other orders in the EHR. Feature engineering steps 
included creating counts of encounter types, counting of dis
tinct addresses,38 identifying addresses that were known indi
cators of homelessness,39,40 mapping ICD codes to HRSNs,41

or creating binary indicators from the health system’s own 
HRSN screening tools completed in prior visits. We excluded 
elements that would require the application of NLP methods 
for feature classification.

Next, over a series of workshops, 6 team members with 
expertise in HRSNs, EHR data, and ML developed human- 
defined rule-based computable phenotypes. Focusing on one 
HRSN at a time, each team member suggested a candidate 
feature or data element in round robin style. Suggestions con
tinued one at a time, until all team members agreed no new 
features or elements were identified. Through group discus
sion, we assessed each suggestion for consistency with our 
inclusion guidelines and for potential usefulness in rules in 
light of the expert panel ratings, reported prevalence, and 
knowledge of our respective EHR systems. Through consen
sus, we excluded any suggested data elements that did not 
meet our guidelines or those which group decided would not 
be useful.

To combine the disparate data elements and engineered 
features into computable phenotypes, we opted for a simple 
Boolean logic (“OR”) approach: the phenotype would be 
positive if any of the respective individual elements or fea
tures was positive. We opted for this approach (over more 
complicated logics) because: (1) structured elements measur
ing HRSNs are often under-documented (limiting the infor
mation available)42; (2) structured data such as diagnosis 
codes or referrals only reflect presence of conditions, charac
teristics, and events limiting our ability to have negative find
ings; and (3) HRSNs status can fluctuate over time,43 so 

counting any positive indicators was more inclusive. The 
resulting human-defined rule-based computable phenotypes 
are summarized in Table S1.

ML classifier phenotype development
Candidate features for ML classification also began with the 
same set features suggested by an expert panel as well as fea
tures that we developed previously.36,38 From this set, we 
were able to create 78 different features potentially indicative 
of HRSNs that were common across our 3 health systems’ 
EHR data. Examples include counting the number of differ
ent addresses in the past 12 months to identify frequent mov
ing (as an indicator of housing instability), identifying 
referrals to social services, and creating binary indicators for 
presence of diagnosis codes (“Z codes”) that matched our 
target HRSNs.44 Table S4 contains a full list of features used 
in the ML model. Features were entered into the model as 
binary indicators, counts, or percentages. Missing data were 
coded as zero.

We built ML classifiers using XGBoost (eXtreme Gradient 
Boosting) decision tree classifiers,45 an ensemble-based classi
fication algorithm that employs gradient boosting to add 
decision trees to address errors in prior predictions, thereby 
resulting in a robust decision model. We fit separate models 
using the developed features for each HRSN. Models were 
developed in Python with a random 80% training and 20% 
testing split, 5-fold cross-validation, a grid search for hyper
parameter tuning, and balance adjustments for varying 
HRSN prevalence. To support interpretation, we extracted 
XGBoost’s feature importance scores (based on F scores) and 
used the SHAP (SHapley Additive exPlanations) method to 
summarize the contributions of features to the models.46

Analyses
We compared differences in the percent of patients with a 
positive screen for each HRSN. Using the presence of HRSN 
as measured on the prospectively-collected reference standard 
survey as the prediction target, we calculated sensitivity, spe
cificity, positive predictive values, and the area under the 
curve (AUC) values. We compared AUCs using the Delong 
test47 and the other performance measures using McNemar's 
test. Because of barriers to healthcare services48 and the fact 
prior ML models have been biased against underrepresented 
populations,49 we checked for potential differential perform
ance. We stratified AUCs by White non-Hispanic and all 
others as well as by gender. The study was approved by the 
Indiana University IRB.

Results
In general, the sample was consistent with an adult primary 
care population: predominately female (65.42%) and middle 
aged (mean 48.74 years old). The sample did vary signifi
cantly between the data collection areas. In particular, the 
Indiana sample was slightly younger and more diverse in 
terms of race, ethnicity, and language (Table 1). Both were 
similar in terms of comorbidity scores. In terms of utilization, 
the sample did not vary significantly in terms of prior inpa
tient admissions and emergency department (ED) visits; how
ever, the Florida sample had a higher average number of 
primary care visits in the prior 12 months.

HRSNs were common, with a majority of subjects 
(63.10%) self-reporting one of the examined needs on the 
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reference standard survey (Table 1). The most common 
HRSNs housing instability (40.97%) and food insecurity 
(40.77%), with higher rates in the Indiana sample than the 
Florida sample. More than 1 in 3 subjects reported financial 
strain (36.06%), and 3 in 10 reported transportation barriers 
(30.26%).

In general, the human-defined rule-based computable phe
notypes exhibited poor performance (Table 2). AUC values 
for the food insecurity (AUC¼0.544), housing instability 
(AUC¼0.521), and transportation barriers (AUC¼0.524) 
phenotypes were only slightly better than a coin-flip 
(AUC¼0.5). Even the best performing human-defined rule- 
based phenotype, financial strain, was still below the thresh
old for being considered clinically useful (AUC¼0.622). The 
same was true for the “any HRSN” human-defined rule- 
based phenotype: overall performance was higher, but insuf
ficient to be useful (AUC¼0.677). For housing instability, 
transportation barriers, and food insecurity, the human- 
defined rule-base phenotypes were all much more specific 
than sensitive. However, the financial strain phenotype had 
higher sensitivity than the other human-defined rule-based 
models (sensitivity¼61.7; 95%CI, 57.5-68.5). For financial 
strain, sensitivity and specificity were similar. The any HRSN 
human-defined rule-based phenotype also demonstrated 
higher sensitivity, relative to the other HRSNs 
(sensitivity¼60.1; 95%CI, 56.9-63.2). In terms of predictive 
values, the only the transportation barrier phenotype had 
strong performance: more than 9 times out of 10 
(PPV¼92.0) if an individual was classified as positive, then 
the patient had a reported transportation barriers. The over
all performance across race/ethnicity and gender was 

consistent for each human-defined rule-based phenotype 
(Table S2).

The supervised ML classifier computable phenotypes 
tended to perform better (Table 2), although still falling short 
of the thresholds for being clinically useful. Compared to the 
respective human-defined rule-based phenotypes, AUCs were 
higher for financial strain (P¼ .0044), food insecurity (P ≤ 
.0001), housing instability (P ≤ .0001), transportation bar
riers (P ≤ .0001), and any HRSN (P ≤ .0001). As in the case 
of the human-defined rule-based phenotypes, these super
vised ML classifier versions tended to be more specific than 
sensitive. However, the gain in overall performance improve
ment in the food insecurity, housing instability, transporta
tion barrier, and any HRSN ML classifier versions tended to 
be due to markedly increased sensitivity. Sensitivity was high
est for the any HRSN supervised ML classifier computable 
phenotype (80.2%; 95%CI, 77.5-82.7). For financial strain, 
the supervised ML classifier had lower sensitivity than the 
human-defined rules.

For the ML classifier computable phenotypes, significant 
differences by race/ethnicity existed (Table S2). For all 4 
HRSNs and the measure of any HRSN, the ML classifier had 
statistically lower AUCs for non-White and/or Hispanic 
patients when compared to White non-Hispanic patients. 
Feature importance plots (Table S3) suggested counts of 
encounters (eg, total missed appointments, total specialist vis
its, total primary care encounters, total emergency depart
ment visits, etc) tended to be very important. SHAP scores 
not only confirmed the importance of encounter-based meas
ures but also consistently included Medicaid insurance cover
age and marital status as highly important features. For the 

Table 1. Demographics, utilization, and health-related social need presence (per reference standard measures) of adult primary care patients, Indiana and 
Florida.

Total Indiana Florida
n¼ 1550 n¼ 1252 n¼298 P

Characteristic Statistics Statistics Statistics
Demographics
Gender
Female, n (%) 1014 (65.42%) 821 (65.58%) 193 (64.77%) .7916
Race/ethnicity <.0001
White, non-Hispanic, n (%) 647 (41.74%) 442 (35.30%) 205 (68.79%)
Black, non-Hispanic, n (%) 647 (41.74%) 602 (48.08%) 45 (15.10%)
Hispanic, n (%) 121 (7.81%) 94 (7.51%) 27 (9.06%)
Asian, n (%) 32 (2.06%) 25 (2.00%) 7 (2.35%)
Multiple, n (%) 36 (2.32%) 29 (2.32%) 7 (2.35%)
Other/unknown, n (%) 67 (4.32%) 60 (4.79%) 7 (2.35%)
Age, mean (SD) 48.74 (16.93) 48.10 (16.89) 51.47 (16.84) .0020
Children (<18) in household, n (%) 595 (38.39%) 476 (38.02%) 119 (39.93%) .5415
Preferred language not English, n (%) 291 (18.77%) 291 (23.24%) 0 (0.00%) <.0001
Education < high school equivalent, n (%) 137 (8.84%) 124 (9.90%) 13 (4.36%) .0025
Utilizationa

Inpatient admissions, mean (SD) 0.17 (0.81) 0.15 (0.68) 0.28 (1.22) .0708
ED visits, mean (SD) 0.66 (1.85) 0.63 (1.43) 0.81 (3.04) .1196
Primary care visits, mean (SD) 5.51 (7.64) 4.98 (4.41) 7.73 (14.71) .0015
Elixhauser comorbidity index, mean (SD) 2.59 (2.62) 2.64 (2.60) 2.36 (2.65) .0850
Health-related social needsb

Financial strain, n (%) 559 (36.06%) 452 (36.10%) 107 (35.91%) .0677
Food insecurity, n (%) 632 (40.77%) 540 (43.13%) 92 (30.87%) .0001
Housing instability, n (%) 635 (40.97%) 533 (42.57%) 102 (34.23%) .0060
Transportation barrier, n (%) 469 (30.26%) 379 (30.27%) 90 (30.20%) .9811
Any health-related social needs, n (%) 978 (63.10%) 816 (65.18%) 162 (54.36%) .0001

a Prior 12 months.
b Self-reported per reference standard survey response.
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ML classifier computable phenotypes, performance was gen
erally similar by gender. Only in the case of financial strain 
did females have a statistically lower overall AUC (Table S2).

Discussion
Using a sample of adult primary care patients, we developed 
human-defined rule-based and supervised ML classifier com
putable phenotypes for the HRSNs of financial strain, food 
insecurity, housing instability, transportation barriers, and an 
aggregate of any HRSN. The ML classifier computable phe
notypes approached general thresholds of fair performance50; 
however, the models had differential performance between 
populations. As the role of HRSNs increases in care delivery 
and research, an improved set of computable phenotypes 
could be integrated into decision support, enable cohort iden
tification, and be applied in analytic models.

In general, computable phenotypes developed using a ML 
classifier approach outperformed the human-defined rule- 
based phenotypes. The ML classifier approach still retained 
expert judgment as the input features reflected data elements 
and engineering guided by expert opinion. Nevertheless, like 
other rule-based approaches, the rule-based phenotypes in 
this study were likely undermined by the absence of definitive 
diagnosis and procedure codes for HRSNs.22 For example, 
while referrals to relevant social services and providers were 
included in our definitions, we had to rely on local codes to 
identify these referrals. Additionally, because a proportion of 
patients that screen positive for HRSNs may refuse services,51

referrals and other procedure codes would not ever be 
recorded. In addition to unavailable data elements or data 
elements that are never generated, the inconsistent and varia
ble documentation of HRSNs within EHRs is a potential fur
ther challenge to rule-based approaches.52 The new Center 
for Medicare & Medicaid Services (CMS) HRSN screening 
requirements may increase the availability of data for pheno
typing, at least for inpatient populations.53 However, as 
CMS has not mandated a particular screening tool, there may 
still be variability in data across the healthcare system.

Importantly, we identified differential ML classifier per
formance between White non-Hispanic and other patient 
populations. Differential performance, or bias, is a 

significant, and growing, concern in advanced ML model
ing,54,55 and application of biased phenotypes would under
mine efforts at equitable population health. An identified 
source of bias in ML models in healthcare is the differential 
access to, and thus utilization of, healthcare services experi
enced by underrepresented populations.56,57 This is likely a 
source of bias in our supervised ML classifier phenotypes as 
feature importance metrics highlighted multiple encounter- 
based measures, namely missed appointments and outpatient 
encounter counts. The ML classifier phenotypes reliance on 
encounter-based measures may also explain why the pheno
types developed using our human-defined rules did not see 
such biased performance. In developing the rule-based phe
notypes, our team did not include measures like missed 
appointments or total encounters out of concerns of potential 
bias or alternative causes not related to HRSNs. Also, per 
SHAP analyses, Medicaid insurance status and marital status 
also appeared as important in the ML classifier phenotypes. 
Unfortunately, these features are also problematic as Medic
aid insurance status has been demonstrated to be less accu
rate for non-White populations in EHR data,58 and reporting 
rates of marital status within EHR data vary by race/ethnic
ity.59,60 Again, these features were not part of the human- 
defined rules. Nevertheless, future iterations of HRSN com
putable phenotypes will need to account for bias and ML 
classifier approaches may benefit from more human involve
ment in feature selection.

Outside of changes to the availability of structured data, 
the most obvious path to potential improved performance is 
the introduction of additional features using NLP on unstruc
tured EHR data. Unstructured data often contain substantial, 
rich, free-text information that allows for the determination 
of patient’s HRSNs.52,61 NLP or keyword searches to extract 
relevant features from within clinical notes has been effec
tively applied to a select set of HRSNs.62 While the combina
tion of structured and unstructured data in phenotyping has 
been limited, this method does promise to improve overall 
performance.22,63 However, developing or attempting to 
reuse existing NLP algorithms can be very resource-inten
sive.21 Also, reusable NLP pipelines is a developing area of 
research in the field.22 Furthermore, regardless of classifica
tion performance, NLP methods require HRSNs to be 

Table 2. Performance of a two-stage serial screening approach for health-related social needs using high need geographical areas in adult primary care 
patients.

Sensitivity (95%CI) Specificity (95%CI)
Positive predictive  

value (95%CI)
Negative predictive  

value (95%CI)
Area under the  
curve (95%CI)

Financial strain
Human-defined rule-based 61.7 (57.5-65.8)��� 62.6 (59.5-65.7)��� 48.8 (45.1-52.6)� 73.9 (70.8-76.9)� 0.622 (0.597-0.647)��
Supervised ML classifier 35.7 (31.7-39.9) 83.3 (80.8-85.6) 55.5 (49.9. 60.5) 69.2 (66.4-71.8) 0.682 (0.658-0.706)
Food insecurity
Human-defined rule-based 11.9 (9.5-14.6)��� 96.8 (95.5-97.9)��� 72.1 (62.5-80.5)� 61.5 (58.9-64.0)��� 0.544 (0.530-0.557)���
Supervised ML classifier 54.0 (49.9-58.0) 80.8 (78.1-83.8) 65.5 (61.1-69.6) 72.3 (69.4-75.0) 0.752 (0.730-0.774)
Housing instability
Human-defined rule-based 6.8 (4.9-9.0)��� 97.3 (96.1-98.3)��� 64.2 (51.5-75.5) 59.8 (57.2-62.3)� 0.521 (0.509-0.532)���
Supervised ML classifier 44.4 (40.4-48.4) 77.8 (74.9-80.5) 58.5 (53.9-63.0) 66.5 (63.5-69.4) 0.685 (0.661-0.709)
Transportation barriers
Human-defined rule-based 4.9 (3.3-7.3)�� 99.8 (99.3-100.0)��� 92.0 (74.0-99.0)��� 70.8 (68.4-73.0)�� 0.524 (0.514-0.533)���
Supervised ML classifier 35.3 (30.8-39.9) 90.4 (88.4-92.1) 61.2 (54.9-67.1) 76.5 (74.0-78.8) 0.741 (0.719-0.763)
Any HRSN
Human-defined rule-based 60.1 (56.9-63.2)��� 75.1 (71.3-78.6)��� 80.4 (77.3-83.2)�� 52.5 (49.0-55.9)� 0.677 (0.653-0.701)���
Supervised ML classifier 80.2 (77.5-82.7) 51.9 (47.6-56.1) 73.6 (70.8-75.3) 61.0 (56.5-65.4) 0.745 (0.723-0.767)

HRSN: health-related social need; ML: machine learning.
�

P< .05.
��

P< .001.
���

P< .0001.
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documented in clinical notes. Some patients may not disclose 
HRSNs to their providers; even if disclosed, providers may 
not document them in notes. This might limit the contribu
tion of NLP to future phenotypes.

Yet another approach to improve performance may be 
through data elements from geospatial repositories linked via 
EHRs' address records.64 The use of these data in research 
applications is widespread.65 As many of these data are 
widely, and publicly available, linkages would not be a signif
icant logistical challenge for many health systems. Also, the 
National Academies of Science and Medicine has suggested 
such data could inform parts of health systems’ HRSN meas
urement strategies.66,67 However, area-level measures are not 
without limitations. The actual correlation between area- 
level social determinants and individual level HRSNs may 
not be very strong.68

A growing body of research is exploring the potential of 
ML algorithms to classify patients’ HRSNs. These studies 
have used composite measures of service utilization,69,70 pos
itive responses to screening tools,71 or chart review as the 
prediction targets.72 This study relied on patient reported 
HRSN status on validated instruments as the reference stand
ard for the prediction target, which is a potential advantage 
over other targets. For example, patients at most risk (eg, 
with Medicaid, living in lower resourced areas) or who that 
are underserved by the healthcare system may be less likely to 
complete screening questionnaires.73 Direct comparison with 
these studies is difficult due to the use of different algorithms 
and inclusion of different HRSNs or even behavioral meas
ures as prediction target; however, the performance of our 
ML classifier computable phenotypes was consistent with the 
most recently reported effort, which reported AUCs ranging 
from 0.59 to 0.68.71

Limitations
These findings may be limited in terms of generalizability of 
patients, data, settings, and concepts. While the sample repre
sents 3 different health systems in 2 states, the distribution of 
HRSNs and health systems’ practices of documentation may 
be different in other areas. Additionally, this study was lim
ited to a primary care population. Importantly, this study 
used instruments designed to specifically measure financial 
strain, food insecurity, housing instability, and transportation 
barriers. The underlying constructs measured by other 
HRSNs screening questionnaires may be different. Lastly, 
both the ML classifier and the human-defined rule-based 
computable phenotypes represent single, point in time meas
urements. As HRSNs change over time,41 and algorithm per
formance can degrade over time (ie, drift),74 the stability of 
these phenotypes is unknown.

Conclusion
Using a ML classifier approach, computable phenotypes for 
HRSNs of primary care patients, including financial strain, 
food insecurity, housing instability, transportation barriers, 
and a composite measure of any HRSN, approached thresh
olds of fair performance. These computable phenotypes may 
help facilitate efforts aimed at targeting the subset of the pop
ulation who may benefit from additional social needs screen
ing. Future efforts to improve model performance may 
include the further assessment of differential performance 
and the addition of NLP-based and area-level features.
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