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Abstract

Objective: Artificial Intelligence (Al)-based approaches for extracting Social Drivers of Health (SDoH) from clinical notes offer healthcare sys-
tems an efficient way to identify patients’ social needs, yet we know little about the acceptability of this approach to patients and clinicians. We
investigated patient and clinician acceptability through interviews.

Materials and Methods: \We interviewed primary care patients experiencing social needs (n=19) and clinicians (n=14) about their acceptabil-
ity of “SDoH autosuggest,” an Al-based approach for extracting SDoH from clinical notes. We presented storyboards depicting the approach
and asked participants to rate their acceptability and discuss their rationale.

Results: Participants rated SDoH autosuggest moderately acceptable (mean =3.9/5 patients; mean = 3.6/5 clinicians). Patients’ ratings varied
across domains, with substance use rated most and employment rated least acceptable. Both groups raised concern about information integ-
rity, actionability, impact on clinical interactions and relationships, and privacy. In addition, patients raised concern about transparency,
autonomy, and potential harm, whereas clinicians raised concern about usability.

Discussion: Despite reporting moderate acceptability of the envisioned approach, patients and clinicians expressed multiple concerns about Al
systems that extract SDoH. Participants emphasized the need for high-quality data, non-intrusive presentation methods, and clear communica-
tion strategies regarding sensitive social needs. Findings underscore the importance of engaging patients and clinicians to mitigate unintended
consequences when integrating Al approaches into care.

Conclusion: Although Al approaches like SDoH autosuggest hold promise for efficiently identifying SDoH from clinical notes, they must also
account for concerns of patients and clinicians to ensure these systems are acceptable and do not undermine trust.

Key words: social determinants of health; electronic health records; artificial intelligence; interview; stakeholder participation.

or clinician-led interviews, plays a key role in identifying
patients’ social needs.”® However, significant barriers hinder
the effective integration of SDoH screening into clinical
workflow, including lack of screening technology, challenges

Background and significance

Despite being historically regarded as non-medical, social
drivers of health (SDoH)' influence health outcomes and
equity.'™ The Center for Medicare & Medicaid Services

(CMS) has identified standardized SDoH collection, report,
and analysis as a priority for health equity.* Starting in 2024,
CMS began requiring healthcare organizations to report on
SDoH screening under the Hospital Inpatient Prospective
Payment System final rule.’ The Office of the National Coor-
dinator for Health Information Technology also emphasized
using standardized SDoH elements in clinical decision sup-
port tools to improve health equity and outcomes.® Tradi-
tional SDoH screening, conducted via patient questionnaires

related to training and availability of resources to support
screening, resistance from clinicians and staff, and reluctance
from patients.”'® As national SDoH requirements grow,
healthcare systems need methods to capture SDoH data more
efficiently in electronic health records (EHRs) and clinical
workflow.”'! Beyond capturing SDoH, presenting SDoH
information in the EHR to clinicians has been shown to
enhance clinical decision-making and improve communica-
tion.'” Artificial intelligence (AI) systems that leverage
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natural language processing (NLP) present a promising solu-
tion to automate the extraction and presentation of SDoH
information from unstructured clinical notes. However, we
know little about the perspective of patients and clinicians
about this approach. In this study, we address this gap
through the use of a design concept of an Al-based approach
that extracts SDoH from clinical notes and presents that data
to clinicians—an envisioned approach we call “SDoH
autosuggest.” Such Al-based systems have the potential to
augment active SDoH screening by providing additional con-
text from historical clinical notes—but will clinicians and
patients welcome the use of such systems?

The application of Al to extract information from clinical
notes'® has been studied in a wide range of use-cases, such as
recognizing medical entities,'*'* acquiring sleep information,®
and identifying SDoH from clinical notes.'"”** Previous
research has also demonstrate high accuracy of identifying
SDoH using large language models (LLMs).'®!%2%2% For
instance, a fine-tuned LLM was able to identify 93.8% of
patients with SDoH.”> Another study reported an averaged F1
scores, a metric that balances precision and recall to measure a
model’s accuracy in identifying relevance instances, over 0.9
using LLM."” Al-based systems, by culling previously docu-
mented social needs in patient narratives, could reduce barriers
to documenting SDoH,* could reduce the fragmented view of
patients and scattered SDoH data in EHRs, and potentially
improve outcomes and reduced costs.?® EHR tools, such as
EPIC’s “wheel,” facilitate the documentation and presentation
of social risks but rely on manual data entry or patient self-
reporting. These methods face limitations such as time con-
straints and reliance on clinicians’ initiative.'* Studies have
shown limited clinician engagement with structured SDoH
data.”” Al systems that automatically suggest SDoH to clini-
cians have the potential to prompt conversations based on a
patient’s SDoH history documented in clinical notes. These sys-
tems can complement existing social needs screening tools,
addressing gaps in clinical workflows, and have the potential to
help healthcare organizations meet CMS reporting require-
ments,’ fostering more informed patient interactions'? and
improving clinical care by taking more of a patient’s life cir-
cumstances into consideration.?®

Despite the policy incentives, potential benefits, and techni-
cal feasibility, the design and implementation of Al systems
for SDoH require careful consideration to prevent unintended
consequences that could negatively impact patient care,
patient-provider relationships, and patient trust in healthcare
systems.”” Previous studies discuss the impact of Al on patient
privacy and data sharing,?° decision support,®'-** and health-
care.’>3* Researchers have examined social impacts of Al sys-
tems, such as the ethics of NLP from a data and model
standpoint.>® Use of LLMs for SDoH raises new challenges
for equitable AL including bias in algorithms and privacy con-
cerns.”* For instance, clinical notes may contain implicit
biases, such as stigmatizing language,®® which Al models can
inadvertently learn and perpetuate, and adversely affect model
performance.’” Engaging people from groups who may be
impacted by the technology is critical to identifying concerns
and potential unintended consequences.*®

To date, research on the perspectives of patients and clini-
cians on Al systems for SDoH remains limited, despite the
potential for considerable concerns.**™3 Challenges surface
when integrating SDoH into healthcare, including time and

resources required, inadequate training, lack of actionable
information, and uncertainties about how the information
should be used.**** Clinicians and staff also face organiza-
tional and administrative hurdles when incorporating SDoH
screening and referral into clinical workflows.*” A systematic
review found that while patients understand the reasons for
SDoH screening, their opinions on its implementation in
EHRs vary.*® Additionally, a survey revealed that 20% of
primary care patients expressed discomfort with the inclusion
of social needs information in their EHR, with discomfort
increasing proportionally to the number of social needs expe-
rienced.*” These findings warrant further investigation of
patient perspectives, particularly those with social needs, in
the context of Al systems. Although prior research has exam-
ined patient and clinician views on SDoH screening and on
use of Al in healthcare separately, we know very little about
how acceptable patients and clinicians find Al systems for
SDoH in clinical settings.

Objective

The purpose of this study was to investigate the acceptability of
an envisioned Al-based approach we call “SDoH autosuggest”
(Figure 1). We used SDoH autosuggest as a design concept to
probe patients and clinicians about potential benefits and con-
cerns of using Al to extract and present SDoH in EHRs. We
address the following research questions in the context of
primary care:

RQ1. How acceptable do patients and clinicians find the
SDoH autosuggest approach?

RQ2. What benefits and concerns do patients and clini-
cians express regarding this approach?

Materials and methods

Study design

We conducted semi-structured interviews in two phases with (1)
primary care patients who experience social needs and (2) pri-
mary care clinicians to compare their perceptions of the SDoH
autosuggest approach. A team of clinical experts and a com-
munity advisory board helped design and pilot study proce-
dures,”” which were reviewed by the Institutional Review Board
at the University of Washington (UW) (#STUDY00015691).

Recruitment

Patients

From October 2022 to August 2023, we recruited patients
from UW Medicine primary care clinics in Seattle, Washing-
ton. Recruitment methods include flyers in clinics that serve a
high proportion of patients with social needs and direct out-
reach by clinic staff. Interested patients completed a screening
survey (Supplement S1) for determining eligibility (>18 years
of age, English-speaking, with one or more self-reported
social needs*!) and purposive sampling (digital health care lit-
eracy,’’ number of social needs). We recruited a balance of
participants with lower (<6) and higher (>6) digital literacy
and with a lower (<3) and higher (>3) number of social
needs. The cutoff for socials needs was chosen empirically.
We offered in-person or Zoom interviews.
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Figure 1. The “SDoH autosuggest” approach is a design concept the envisions an Al-based system that uses NLP to automatically extract SDoH from
clinical notes (“auto-") in the EHR and presents this information to healthcare providers for review (“-suggest”). We used this design concept as a probe
to investigate patient and provider acceptability and perceived benefits and concerns of future EHR systems that use Al to extract and present SDoH

from clinical notes.

Clinicians

From August 2023 to November 2023, three co-authors
(BRW, APS, JWK) recruited clinicians from UW Medicine
primary care clinics using emails through listservs and profes-
sional networks. We employed convenience sampling and
conducted interviews via Zoom.

Data collection

Participants completed semi-structured interviews and sur-
veys. Both patient and clinician interviews lasted 45-60 min
and were recorded and transcribed for qualitative analysis.
We conducted interviews until reaching thematic saturation.

Patients

Interviews collected ratings of acceptability, perceived bene-
fits, and concerns regarding the SDoH autosuggest approach.
During interviews, we used storyboards®' (Supplement S3),
which were designed to engage participants in provocative
scenarios to test the boundaries of what is and is not accept-
able. The storyboards depict four scenarios of how SDoH
autosuggest could be implemented in clinical care for four
SDoH domains: food security, employment, housing stability,
and substance use. We selected the four domains based on
varied levels of stigma,’*™° prevalence in primary care’®®’
and feasibility of NLP extraction from EHRs.?"*%%%:5? For
each scenario, we asked participants to share their general
impression of the approach, rate their acceptability using the
5-point Likert Scale Acceptability of Intervention Measure
(AIM),®° and provide rationale for their ratings, including any
benefits or concerns regarding the approach (Supplement S4).
The patient survey included questions on demographics, self-
rated health,®" and healthcare utilization®* (Supplement S2).

Clinicians

During interviews, clinician participants were shown one
storyboard that referenced the same four SDoH domains
shown to patients and asked to put themselves in the shoes of
the fictitious “health care provider” caring for a new patient
(Supplement S6). Clinicians were asked questions similar to
patients about their general impressions and to rate the
acceptability, feasibility, and appropriateness of the approach
using the 5-point Likert Scale AIM, Feasibility of Intervention
Measure (FIM), and Intervention Appropriateness Measure
(IAM),® and describe the rationale for their ratings, includ-
ing any benefits and concerns (Supplement S7). The clinician

survey collected demographics and clinical experience (Sup-
plement S5).

Data analysis

We summarized survey and rating data using descriptive sta-
tistics. We performed Friedman Test (X?) with post-hoc pair-
wise comparisons using Wilcoxon Signed-Rank Tests (W)
with Bonferroni corrections to compare patient AIM ratings
among the scenarios, and Mann-Whitney U test (U) to com-
pare AIM ratings between patients and clinicians between
various groups: patients versus clinicians, patients with
higher versus lower social needs, patients with higher versus
lower digital literacy, and clinicians with a higher versus
lower proportion of patients with social needs on their panel.

We analyzed interview transcripts in two phrases. During
phase 1, inductive content analysis®® to patient interview
transcripts was conducted in parallel with data collection to
ensure that thematic saturation was achieved. After the first
five interviews, four co-authors (SJX, CS, PW, AH) independ-
ently reviewed four transcripts and discussed emerging pat-
terns. Two coders (SJX, CS) then coded these transcripts in
ATLAS.ti and developed an initial codebook, which was
refined iteratively through coding of five additional tran-
scripts and weekly consensus meetings to evaluate whether
thematic saturation had been reached. One coder (SJX)
applied the final codebook to all patient interview
transcripts.

In the second phase, we used directed content analysis to
deductively analyze clinician transcripts. The two coders
independently coded half of clinician interview transcripts
using the codebook developed in phase 1, discussing and
incorporating extensions to capture new emerging codes.
Five co-authors (SJX, CS, ALH, PW, RL) participated in
weekly meetings to achieve consensus on these additional
codes. The final codebook, capturing both clinician and
patient perspectives, was collaboratively refined to delineate
themes and subthemes supported by quotes from multiple
participants. Finally, one coder (SJX) applied the finalized
codebook to all clinician interview transcripts.

Results
Characteristics of participants

Thirty-three participants completed interviews, including 19
patients (P1-P19) and 14 clinicians (C1-C14) (Table 1). Seven
patients participated in interviews in-person and 12 partici-
pated via Zoom. Patient participants were majority White
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Table 1. Participant characteristics.

Characteristics

Patient participants (7 =19) Provider participants (1 = 14)

Age group 1 (%)

30-39

40-49

50-59

>60

Number of years practicing clinically (mean (SD), range)
Gender 1 (%)

‘Woman

Man

Race n (%)

American Indian or Alaska Native
Asian

Black/African American

White

Some other race

Ethnicity 7 (%)

Hispanic/Latino

Not Hispanic/Latino
Education 7 (%)
High school or GED
Some college
Associate’s degree
Bachelor’s degree
Health insurance 7 (%)
Medicaid
Medicare
Unknown
Clinical role
Physician
Physician Assistant
Advanced Registered Nurse Practitioner/Doctor of Nursing Practice
Clinical setting
Academic medical center
Community clinic
Both
Frequency of health care visits in the past 6 months (mean (SD), range)
Digital health care literacy score (mean, SD, range)
Lower digital literacy (<6)
Higher digital literacy (>6)
Number of social needs (Mean (SD), range)
Lower number of social needs (<3)
Higher number of social needs (>3)
Panel size (number of patients cared for each week) (mean (SD), range)
Proportion of patients with social needs (mean (SD), range)
Lower proportion of patients with social needs (< 50%)
Higher proportion of patients with social needs (>50%)
Level of comfort with using EHR (mean (SD), range)

3(15.8%) —
5(26.3%) —

10 (52.6%) —

1(5.3%) —

— 11.2 (7.5), 2-24
4(21.1%) 9 (64.3%)

15 (78.9%) 5(35.7%)
1(5.3%) 0 (0%)
2(10.5%) 8(57.1%)
3(15.8%) 1(5.3%)

12 (63.2%) 5(35.8%)
1(5.3%) 0(0%)
3(15.8%) 0(0%)

16 (84.2%) 14 (100%)

7 (36.8%) —
6(31.6%) —
5(26.3%) —
1(5.3%) —

12 (63.2%) —
3(15.8%) —
4(21.1%) —

— 12 (85.8%)
— 1(7.1%)
— 1(7.1%)
— 9 (64.3%)
— 3(21.4%)
— 2 (14.3%)
4.7 (3.9), 1-15 —

6.7 (4.6),0-12 —
7 (37%)

12 (63%)

4.3 (2.5),1 —
8(42%) —

(58%)
(18 6), 10-70

— 671%(30 7%), 15%-100%
— 7(50.0%)
— 7(50.0%)
— 8.8 (0.8), 8-10

non-Hispanic men, publicly insured, diverse in age and digital
literacy, and over half experienced more than three social
needs. Clinician participants were majority White non-
Hispanic women physicians with more than 10 years of clini-
cal experience. They practiced in ten different primary care
clinics, had diverse panel sizes, and reported a high level of
comfort with using EHR.

RQ1. How acceptable do patients and clinicians find
the SDoH autosuggest approach?

On average across the 4 scenarios, patient participants rated
SDoH autosuggest as moderately acceptable (mean=3.9,
SD =0.7, range =2.3-5). Their acceptability ratings differed
significantly by SDoH domain (y*(3) = 13.8, P <.01) with
substance use rated most acceptable, followed by food secur-
ity, housing stability, and employment (Figure 2).

Acceptability ratings for employment were significantly lower
than substance use (W=62, P=.03) and food security
(W=36, P=.04). When asked about the reason behind the
varying acceptability across SDoH domains, the perceived
relevance of each domain to healthcare was viewed as a pri-
ority. Employment was perceived as least relevant while sub-
stance use was perceived as most relevant. Ratings did not
differ between participants with high and low social needs or
high and low digital literacy.

On average, clinician participants rated SDoH autosuggest
slightly less acceptable than patient participants (mean = 3.6,
SD =1.0, range =2-5) and somewhat feasible (mean= 3.6,
SD=0.6, range=2.8-4.5) and appropriate (mean=3.4,
SD=1.1, range=2-5). Although clinician participants’
acceptability ratings were lower than patient participants’
(averaged across four scenarios), this difference was not sig-
nificant (Figure 3). Clinician participants reported that they
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Substance use 5% 11% - 84%
1

Food insecurity | 11% 11% - 79%
1

Housing instability | 16% 21% - 63%
1

Employment ;| 26% 11% 63%
|

100 50 0 50 100
Percentage
Strongly disagree Disagree Neutral Agree . Strongly agree

Figure 2. Distribution of patient participants’ acceptability ratings across the four social need scenarios.

Patients 5% 16% 79%
1
Providers ;| 14% 29% 57%
|
100 50 0 50 100
Percentage
Strongly disagree Disagree Neutral Agree . Strongly agree

Figure 3. Distribution of acceptability ratings of patient participants and clinician participants.

would not rate acceptability, feasibility, or appropriateness
of the approach differently across the four SDoH domains.
Ratings did not differ between participants who had a higher
and lower proportion of patients with social needs on their
panel.

RQ2. What benefits and concerns do patients and
clinicians express regarding the SDoH autosuggest
approach?

We identified five themes from the interviews with patients
and clinicians: (1) Perceived benefits, and concerns about (2)
information integrity, (3) usability and actionability, (4)
impact on clinical interactions and relationships, and (35)
ethics (Table 2). Although participants rated SDoH autosug-
gest somewhat highly, potential benefits and concerns
emerged in the rationale they provided for those ratings. Rep-
resentative quotes for each theme mentioned in the text are
included in Supplement Table (Supplement S8). The quotes
are labeled with participant numbers (eg, P9, C4), which cor-
respond to the participants who provided these responses.
These numbers are used solely for referencing and do not
indicate that specific subthemes are ascribed to individual
participants.

Theme 1. Perceived benefits
Allows for more informed care

Patients emphasized the benefit of providers being well-
informed about their SDoH, noting that they would approve
the SDoH autosuggest approach if the extracted information
could help improve their healthcare (P9). A few patients high-
lighted the importance of surfacing substance use informa-
tion to clinicians (P15). Some patients appreciated that SDoH
autosuggest could provide clinicians continuity of patients’
social histories without requiring them to repeatedly describe
and relive experiences (P12). Clinicians recognized the benefit
of making fewer assumptions about whom to ask or not ask
about social needs (C1). A few clinicians valued the system’s
ability to remind and prompt considerations of SDoH (C7),
fostering a more holistic approach to care (C2).

Enables clinicians to efficiently review charts

Clinicians appreciated how SDoH autosuggest could effi-
ciently synthesize social needs from clinical notes, reducing
the risk of overlooking crucial information that can impact
health outcomes (C3). Clinicians also recognized the poten-
tial benefit of leveraging previously collected information to
save time and increase thoroughness when learning about
patients’ dynamic lives (C4).
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Table 2. Themes and subthemes expressed by patient and clinician participants.

Expressed by
Theme Subtheme Patients Clinicians
Perceived benefits Allows for more informed care v v
Enables clinicians to efficiently review charts v
Facilitates data use beyond clinical care v
Concerns about information Derived from retrospective data v v
integrity Based on oversimplified algorithms v v
Concerns about usability and Adds more to already busy patient visits v
actionability Forces conversations about issues without actionable help v
Presents SDoH information in hard-to-find and disruptive v
ways
Concerns about impact on clinical Enables clinician overreliance on the extracted v v
interactions and relationships information
Leads patients to question the relevance of some SDoH v v
domains
Induces stigma toward patients v v
Introduces bias into encounters v
Concerns about ethics Surfaces information viewed as private v v
Lacks transparency and autonomy v
Creates susceptibility for patient harm v

Facilitates data use beyond clinical care

Some clinicians also noted benefits beyond the use for clinical
care, including being useful for billing (C11) and supporting
population health research (C14).

Theme 2. Concerns about information integrity

Derived from retrospective data

Both patients and clinicians raised concerns about the accu-
racy of extracted SDoH information documented in clinical
notes. Patients emphasized the concern about inaccurate
information documented by clinicians in the source clinical
notes, and the SDoH autosuggest approach then posed the
risks of perpetuating misinformation (P35, P8). This point was
echoed by some clinicians (C35). The majority of clinicians
also emphasized the false sense of objectivity while using
potentially incomplete or outdated data. If the patient was
never asked about their social needs (C1) or had not previ-
ously received care in the healthcare organization (C4), the
relevant SDoH information might not be accessible, leading
to clinicians potentially missing patients’ social needs. Even if
social needs were documented in clinical notes, SDoH infor-
mation from years ago may be outdated and no longer reflect
a patient’s current situation (C3). If clinicians regarded the
extracted SDoH as “factual” without further verification, it
could lead to misinterpretations and misguided decisions.

Based on oversimplified algorithms

Even when SDoH data is accurate, participants expressed
concerns about the design of algorithms used to extract this
information. Both groups felt algorithms could simplify
patients’ complex social needs into a binary “flag” (P6),
“box or category” (P7), or “label” (C8) that lacks sufficient
context for clinicians to understand nuance in patients’
underlying situations (P6). Moreover, clinicians questioned
whether an algorithm could precisely capture all relevant
social needs documented in the EHR (C4).

Theme 3. Concerns about usability and actionability

Adds more to already busy patient visits

Clinicians worried that SDoH autosuggest could further
reduce their limited time interacting with patients (C9),

adding to the existing burden of collecting extensive informa-
tion during visits (C12).

Forces conversations without actionable help

Patients expressed concern that SDoH autosuggest might
prompt more frequent conversations about social needs with-
out providing actionable resources, leading to frustration
(P16, P12). Clinicians also expressed concern about the emo-
tional toll of more frequent reminders about patients’ social
needs they are unable to adequately address, contributing to
burnout (C9). Notably, there was high heterogeneity in clin-
icians’ SDoH workflows across clinics. Some clinics had
more resources dedicated to screening and referral, while
others shared a single case manager or social worker among
multiple clinics. Clinicians in low-resource settings expressed
uncertainty about having the means to address identified
social needs, even if SDoH autosuggest could help in identify-
ing them.

Presents SDoH information in hard-to-find and disruptive
ways

All clinicians expressed concern regarding where the
extracted SDoH information would be presented and how
they would interact with it. Some clinicians worried that the
extracted SDoH might still be hard to locate, leading to
resistance in adopting the approach (C4). Others worried
that the extracted SDoH could be presented in a disruptive
way, such as alerts that contribute to fatigue (C6). Clinicians
preferred non-intrusive methods, allowing them to seek infor-
mation passively without it being forced upon them (C10).

Theme 4. Concerns about the impact on clinical interactions
and relationships
Enables clinician overreliance on the extracted information

Both clinicians and patients were concerned that clinicians
might overly rely on the extracted SDoH information. Some
patients worried that this reliance could lead clinicians to
skip asking them about their social needs, potentially missing
important details (P11) or the full context of their situation
(P15). Some patients worried that one clinician’s biased con-
clusions could perpetuate in the system, influencing future
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clinicians’ decisions (P18). Clinicians also expressed appre-
hension about accepting auto-suggested SDoH information
as fact without verification (C6) and no longer assessing
patients’ social needs on their own (C4).

Leads patients to question the relevance of some SDoH
domains

Some clinicians expressed concern, based on their experience,
that patients might question the relevance of certain SDoH
domains to healthcare visits, which could “annoy” (CS5) or
provoke (C14) some patients and negatively affect the
patient-provider relationship. This concern was echoed by
patients, with some expressed strong disapproval for specific
SDoH domains they perceived as irrelevant to healthcare,
particularly employment information (P4).

Induces stigma toward patients

Most patients expressed concerns about feeling embarrass-
ment, uncomfortable, vulnerability, or judged if extracted
information was shown to clinicians they hadn’t previously
seen (P6, P4). Some clinicians also recognized the potential
for stigma associated with SDOH autosuggest, which could
lead patients to feel “judged” (C1). Clinicians emphasized the
importance of building trust and rapport before using
extracted SDoH information in clinical care (C11).

Introduces bias into encounters

A few clinicians were concerned that SDoH autosuggest
could introduce bias into clinical encounters, as clinicians
may have their own stereotypes (C5) and inherent biases
(C2). Caring for patients with social needs often requires
more time and energy compared to patients without social
needs. Seeing the extracted SDoH information in advance
could affect a clinician’s approach and care decisions (C6).

Theme 5. Concerns about ethics
Surfaces information viewed as private

Some patients expressed strong disapproval of the SDoH
autosuggest approach for certain SDoH domains they viewed
as private (P8). Even if they shared certain social needs with a
trusted clinician, they may still consider that information
confidential and not want others who access the EHR to see
those “secrets” (P1, P5). When SDoH information patients
consider private is surfaced in discussions with new pro-
viders, it could result in a loss of trust in clinicians and the
healthcare system (P1). Clinicians also shared concerns about
“digging up” and perpetuating sensitive SDoH information,
which could frustrate patients (C13).

Lacks transparency and autonomy

Patients called for transparency, believing patients should be
informed about how their social needs are extracted and sur-
faced in the EHR. Lack of such transparency was seen to cre-
ate “problems” (P2). P12 suggested the option for patients to
limit access to their SDoH information and not feel forced to
share this information.

Creates susceptibility for patient harm

Patients expressed concern that the extracted SDoH data
could be misused, potentially affecting their healthcare insur-
ance coverage (P5, P7) or result in discrimination by health-
care facilities, potentially limiting patients’ access to care
(P3).

Discussion

Through interviews with storyboards depicting an Al-based
approach to extract SDoH, we found that patients and clini-
cians rate acceptability of the approach moderately high yet
voice more concerns than perceived benefits. Unlike clini-
cians, patient acceptability varied by SDoH domain based on
perceived relevance to healthcare. Both patients and clini-
cians raised concerns regarding extracted information integ-
rity, system usability and actionability, impact on clinical
interactions and relationships, and ethics. Although most
concerns were expressed by both groups, clinicians also
raised concerns about system usability and bias. Patients also
voiced ethical concerns about transparency, autonomy, and
potential future harm.

Compared with prior work that describes concerns related
to SDoH screening more generally,””*” such as screening
burden,®® incorporating screening technology into the clinical
workflow,?’ workflow integration,®* and limited availability
of resources for screening and referral,*® our findings both
align with prior work and contribute new insights specific to
Al For example, our findings point to the potential benefit of
Al-based approaches in alleviating challenges regarding clin-
icians’ decision-making about whom to screen. Other find-
ings also identify specific risks Al can introduce, such as
oversimplified algorithms and missing context. Our findings
also align with the perceived burden providers report to
social needs screening in general, such as lack of time,*®®*
however, our findings uniquely pointed out the emotional
toll for healthcare providers seeing unmet needs of the
patients without actionable solutions. Our findings further
emphasize the risk of overreliance on Al-based approached
that could potentially bypassing direct patient-clinician com-
munication. This aligns with the unintended consequence
over trust in Al recommendations identified for Al-driven
clinical decision support®" and calls for greater clinician vigi-
lance.®® Our findings also strongly resonate with patient con-
cerns regarding fear of judgment, stigma, and potential harm
from sharing sensitive social information,'®¢”*® which could
be exacerbated by Al-based systems”’ that surface patient
narratives that some patients could regard as private. Our
findings contribute a deeper understanding of patients’
desires for autonomy, transparency, and control over sharing
SDoH information. Lastly, although the current study did
not evaluate an implemented system, our finding highlighted
the potential for usability concerns that could disrupt patient-
provider rapport and add burden. Using the 5 Rights of Clini-
cal Decision Support framework,®’ (ie, the right information,
to the right person, in the right format, through the right
channel, at the right time in the workflow), we discuss the
implications of our findings, including considerations for
designing Al systems for SDoH.

Many concerns participants raised revolve around present-
ing the “right information” to users. While prior research
demonstrates promising accuracy in SDoH extraction,'1%23
concerns raised by our study participants extend beyond
extraction accuracy to the comprehensiveness and complete-
ness of the underlying data used for extraction. To enhance
comprehensiveness, data used for extraction could integrate
multiple data sources, such as patient records across multiple
healthcare organizations using Care Everywhere’® or other
novel data integration methods, such as linking with public
surveys and environmental data.'’”! However, the potential
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benefit of multi-source integration must be weighed against
privacy concerns. To mitigate concerns about algorithms’
oversimplification and reliability, Al systems for SDoH could
employ strategies such as displaying timestamps and details
from the original source sentence, providing an explicit link
between the extracted information and its source. Moreover,
the Al-extracted information could be presented in familiar
EHR interfaces design for SDoH, such as EPIC’s “wheel”
and related interfaces. Presenting and suggesting extracted
structured data to clinicians can introduce pitfalls of consid-
ering imperfect structured data as high quality,”* such as fail-
ing to capture the nuances of contexts’> and creating a false
sense of objectivity.”* Moreover, algorithms trained on
biased or incomplete datasets risk could perpetuate dispar-
ities in care.””””” Addressing this requires not only diverse
training data and equity audits*>”® but also engaging stake-
holders during development and testing phases to help iden-
tify and mitigate potential sources of bias.>’ The “right
information” might also include supplementary information
for clinicians, such as suggestions on non-judgmental com-
munication strategies’® and quick-access links to resources.
These design considerations could enhance greater clinician
empathy and help them feel more adequately prepared.**

AT systems like SDoH autosuggest should also ensure that
the extracted information is directed to the “right person.”
Given clinicians’ concerns about limited time and resources
to address SDoH, careful consideration is needed for which
care team members, such as nurses, case managers, or social
workers, have the skills and capacity to take actionable next
steps. This design consideration aligns with previous research
in which clinicians were confused about their roles and
patient navigator responsibilities in a SDoH screening and
referral process.*” Al systems for SDoH should clearly define
user roles and present relevant information to care team
members based on those roles to streamline care coordina-
tion. A one-size-fits-all determination for who will review,
update, and act on the extracted information may not
account for the heterogeneity of clinic resources we observed,
particularly for clinics with limited resources for SDoH work-
flows.®® Moreover, patient privacy and stigma remain critical
ethical considerations closely related to directing the informa-
tion to the “right person” and are particularly acute for Al
systems for SDoH that deal with sensitive social informa-
tion.”” Given that patients viewed some SDoH information
as private, enabling restrictions on sharing certain SDoH has
merit. As Al becomes more prevalent in healthcare, data shar-
ing and consent will remain critical topics.>*** Stigma associ-
ated with SDoH data was a recurring theme, with
participants expressing fears of judgment or negative label-
ing. This aligns with broader research showing that individu-
als experiencing social needs often face stigmatization in
clinical encounters,*” which can deter them from seeking
care. The inclusion of SDoH information in EHRs, especially
if extracted without patient consent, risks amplifying these
issues. To address this, future systems must carefully consider
how and whether SDoH information is extracted and pre-
sented to EHR users. Non-judgmental language, contextual
explanations, and training for clinicians on equitable commu-
nication strategies are essential to mitigate stigma. Research
is needed to amplify voices of people from vulnerable com-
munities,”” ensuring that technological design incorporates
perspectives from groups likely to be most impacted.

It is crucial to consider the “right time” and “right format”
when integrating Al systems for SDoH into clinical work-
flows in ways that facilitate adoption. Some clinician partici-
pants favored non-intrusive information presentation but
wish to avoid extensive navigation, which present an oppor-
tunity to design Al systems for SDoH with flexibility. As
patients emphasized the importance of rapport-build-
ing,**8%81 gystems should also be designed to foster rapport-
building conversations, instead of inhibiting them, with the
inclusion of contextual details and limiting the use of labels.
Furthermore, utilizing the “right channel” could potentially
enhance transparency and autonomy.>’ For example, Al sys-
tems for SDoH could leverage patient portals to ask patients
to review and verify their extracted SDoH information just
like reviewing their laboratory test results.®? However, it is
important to recognize that patients with social needs may
have limited digital literacy and limited access to technology,
such as patient portals.?

Our findings suggest several policy implications at both
organizational and regulatory levels. At the organizational
level, healthcare systems implementing Al-driven SDoH tools
should establish clear guidelines and frameworks®* to miti-
gate concerns about information integrity, usability, and pri-
vacy. Policies should define roles and responsibilities among
care team members to ensure that extracted SDoH informa-
tion leads to actionable interventions rather than unad-
dressed documentation. Moreover, organizations should
allocate resources to support training initiatives that equip
clinicians and staff with skills needed to effectively utilize Al-
extracted information while recognizing its limitations. Poli-
cies should also prioritize community engagement, ensuring
that patient voices are heard and reflected in development
and implementation decisions, for instance, incorporating
mechanisms for patient consent to enhance autonomy and
transparency. Engaging patients, particularly those from vul-
nerable communities, into governance processes can help
identify potential risks and support equitable outcomes.”” At
the state and federal level, in addition to standardization of
Al-derived SDoH data, agencies could provide comprehen-
sive guidance on ethical use of Al-extracted SDoH informa-
tion. This includes requirements for bias auditing throughout
the Al development lifecycle, safeguards against potential
misuse, and governance frameworks that support health
equity.>®””

Our study has several strengths and limitations. By focus-
ing on patients with social needs, we elicited perspectives of
individuals who might be most impacted by Al systems like
SDoH autosuggest. Involving a panel of clinical and com-
munity champions in the creation of study materials enabled
us to effectively recruit and engage participants with varying
levels of digital literacy and social needs.”” However, asking
participants to imagine themselves in a theoretical scenario
they may not have personally experienced could have
impacted results. Future work should further explore views
of patients from diverse backgrounds about their experiences
with technology facilitated SDoH screening and referral.®
Another limitation is that our sample included only English-
speaking patients. Engaging non-English speaking individuals
in future research may reveal unique challenges, such as mis-
trust of healthcare systems.®®®” Future research should
engage a larger number of patients with diverse backgrounds.
While engaging a hard-to-reach patient population with
social needs was a strength of this study, some participants
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might hold biases about the acceptability of social needs
screening that do not translate to other groups. For example,
Rogers et al®® found that patients with recent social needs
were over three times as likely to agree that health systems
should inquire about and help address social needs. Future
research should also explore perspectives of patients without
social needs.

Our findings suggest several actionable steps to advance
the development and integration of Al systems like SDoH
autosuggest. First, there is a clear need for collaborative co-
design with diverse stakeholders, including patients, clini-
cians, healthcare administrators, and others involved in
SDoH, to align systems with user needs and clinical work-
flows. Additionally, future research should explore features
and methods that could address concerns and adoption bar-
riers to maximize the impact of Al system for SDoH on care
delivery and health outcomes. Key areas to explore include
incorporating features such as source linking and timestamps
to build trust in extracted information, developing mecha-
nisms for patient to have control over their sensitive SDoH
data, and equipping clinicians with tools and resources to
interpret SDoH information and facilitate discussion that
minimize stigma.”®

Conclusion

Although Al approaches like SDoH autosuggest hold promise
for efficiently identifying patient SDoH from clinical notes,
the perspectives of patients and clinicians are critical for
informing the design and implementation of systems that are
acceptable and mitigate concerns that could otherwise lead to
unintended consequences. Study findings highlight the impor-
tance of engaging patients and clinicians to surface concerns
that could undermine the acceptability, reliability, effective-
ness, and mitigate ethical concerns and unintended conse-
quences of these systems. Proactive, human-centered Al will
be essential.
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