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Abstract
Background: Systematic collection of social determinants of health (SDoH) data remains inconsistent across health care
settings, despite its critical impact on patient outcomes. Large language model–powered chatbots offer promise for scalable
SDoH data collection, but rigorous, feasible evaluation methods for patient-facing applications are lacking.
Objective: This study aimed to describe an efficient, iterative, multidisciplinary approach for developing and evaluating a
patient-facing SDoH chatbot using synthetic data and case simulation, with the goal of optimizing both chatbot performance
and the evaluation rubric prior to clinical deployment.
Methods: A 10-criterion evaluation rubric was adapted from established health care AI frameworks and applied to 27
synthetic clinical scenarios representing diverse SDoH profiles. Scenarios were role-played by a licensed clinical social
worker, and chatbot-patient interactions were rated by 3 members of the research team that were multidisciplinary experts: a
social worker, a nurse practitioner, and a physician. Quantitative analysis used percent agreement and Fleiss κ to characterize
chatbot performance and rater consensus, with percent agreement selected due to the high prevalence of ceiling effects in
several domains. Qualitative analysis synthesized rater feedback to guide iterative refinement of both chatbot prompts and
rubric domains.
Results: Across 27 simulated cases, the chatbot received high proportions of positive ratings for accurate interpretation
(agreement=0.98%, 95% CI 0.91‐0.99), communication quality, and cultural sensitivity (agreement=0.99%, 95% CI 0.93‐
1.00), and appropriately adaptive questioning (agreement=0.99%, 95% CI 0.93‐1.00). Lower performance was observed in
domain focus and completeness (agreement=0.51%, 95% CI 0.40‐0.61), completeness of data capture (agreement=0.59%,
95% CI 0.48‐0.69; Fleiss κ=0.18), and safety (agreement=0.69%, 95% CI 0.58‐0.78; Fleiss κ=−0.04), prompting targeted
adaptations. Qualitative feedback highlighted the importance of distinguishing screening from clinical interviewing capabilities
and informed the refinement of the rubric, including clarifying the definition of safety to focus on recognition of physical and
mental health emergencies.
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Conclusions: This study describes a formative feasibility approach for iterative refinement of a patient-facing SDoH chatbot
and its evaluation rubric using synthetic case simulation. Future work will include independent external raters, patient
stakeholders, repeated scenario testing, and prospective clinical evaluation.
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Introduction
Social determinants of health (SDoH) account for 80%
of health outcomes; yet, systematic collection of SDoH
data remains inconsistent across health care settings [1,2].
Emergency departments, primary care clinics, and other
health care environments frequently encounter patients with
unmet social needs, including housing instability, food
insecurity, transportation barriers, and financial hardship [3].
However, time constraints and workflow pressures create
significant barriers to comprehensive SDoH data collection
[4].

Development of a chatbot to capture social needs in the
clinical environment has not been described. This use case
involves collecting inherently sensitive information, often
from vulnerable populations [5,6], which presents unique
challenges requiring innovative methods of development
and evaluation. Patients who disclose housing instability,
substance use, intimate partner violence, or financial hardship
may be experiencing trauma, stigma, or fear of consequen-
ces [7]. Therefore, effective SDoH chatbots must demon-
strate cultural humility, recognize signs of distress, maintain
appropriate boundaries between data collection and clinical
care, and avoid perpetuating health care disparities through
biased responses [8]. Accordingly, the present work offers
a formative feasibility evaluation process using synthetic
scenarios to refine the tool and rubric before any real-patient
implementation; it does not establish effectiveness or safety
under real-world conditions such as time pressure, low trust,
low literacy, or emotional distress.

Given the sensitive nature of SDoH conversations and the
vulnerability of many patients with social needs, it is essential
that patient-facing chatbots designed for this purpose undergo
rigorous evaluation before deployment in real-world clinical
environments. Deploying untested chatbots with patients
risks unintended harm and can undermine patient trust and
engagement with health care providers. However, methods of
evaluation for this purpose must also be sufficiently feasible
for health systems to incorporate into routine operations and
clinical workflows.

While the emergence of large language models (LLMs)
has accelerated the development of conversational AI systems
in health care, evaluation methods have not kept pace
with deployment [9,10]. Earlier frameworks, like Bilin-
gual Evaluation Understudy (BLEU) and Recall-Oriented
Understudy for Gisting Evaluation (ROUGE), provide limited
insight into the safety and trustworthiness of patient inter-
actions [11]. More recent evaluation frameworks such as
the framework proposed by Abbasian et al [5], the Health
Care AI Chatbot Evaluation Framework (HAICEF) [12], and

HealthBench (OpenAI) [6] offer important foundations but
require adaptation for patient-facing applications.

Our objective was to describe a highly feasible, low-
resource formative process for the iterative predeployment
refinement of a patient-facing SDoH chatbot and its evalu-
ation rubric, using synthetic case simulation with multidis-
ciplinary expert raters. Rather than providing a definitive
evaluation of the chatbot’s accuracy, performance, or safety
for clinical deployment, this study demonstrates a reprodu-
cible process and a reusable formative evaluation rubric,
the Patient-Facing Healthcare Chatbot Evaluation Rubric
(PF-HCER), that may be adapted by other health systems
engaged in the early-stage development of patient-facing AI
for sensitive populations. By leveraging simulated clinical
scenarios and synthetic data, critical aspects of chatbot
responses that can impact patients’ trust and attitudes toward
the health system can be identified and addressed before
engaging with real patients, thereby minimizing risk and
optimizing chatbot readiness for deployment in health care
settings and among vulnerable patient populations.

Our approach allows for evaluation and iterative improve-
ment of both chatbot performance and the rubric used to
evaluate it in the early stages of development. This efficient
strategy can be implemented prior to chatbot deployment in
clinical settings that help ensure patient trust and rapport are
not eroded with this technology and that the evaluation rubric
is optimized for this purpose. This predeployment evaluation
is particularly important for the SDoH chatbot use case in
which patients are often vulnerable and baseline trust is
frequently low [13-15].

Methods
Study Design
We conducted a formative mixed methods feasibility study
using (1) synthetic case simulations to generate chatbot-
patient interactions, (2) multidisciplinary expert ratings using
a 10-domain binary rubric, and (3) rapid qualitative analysis
of rater feedback to guide iterative refinement of prompts and
rubric items (Figure 1). Primary outcomes were (1) propor-
tion of rubric criteria met by interaction and domain and (2)
interrater reliability metrics. Secondary outcomes included
thematic categories of improvement opportunities informing
subsequent iterations. A convergent mixed methods design
was selected because quantitative ratings identified domains
of agreement and divergence in chatbot performance, while
qualitative comments supplied the context needed to interpret
those domains and guide iterative refinement of both the
chatbot and the rubric. Reporting was informed by the Good
Reporting of A Mixed Methods Study (GRAMMS) [16]
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recommendations, the Standards for Reporting Qualitative
Research (SRQR) [17], and Developmental and Exploratory
Clinical Investigations of Decision Support Systems Driven

by AI (DECIDE-AI) guidance [18] for early-stage clinical
evaluation of AI systems (Checklist 1).

Figure 1. Iterative improvement process of patient-facing health chatbot and rubric prior to clinical deployment.

Rubric Development Framework
We developed a 10-criterion evaluation rubric, called
PF-HCER, by systematically adapting the 4D health care
AI evaluation framework described by Abbasian et al [5]
and drawing on rubric-development principles described in
HealthBench. The framework described by Abbasian et al
[5] evaluates health care chatbots across the dimensions
of accuracy, trustworthiness, empathy, and performance
dimensions, while HealthBench [6] demonstrates rubric-based
evaluation that achieves physician-level agreement. Our
adaptation process involved mapping 3 of the dimensions—

accuracy, trustworthiness, and empathy—to 10 rubric items
tailored to the SDoH-specific use case (Table 1). Each rubric
item used binary scoring (met/not met), as used by Health-
Bench, with a free text box for which the rater could offer a
justification for their response. The rubric and rater instruc-
tions can be found in Multimedia Appendix 1. The PF-HCER
was developed as a formative evaluation instrument for this
study and should not be considered a validated measure.
Establishing its reliability, validity, and broader applicability
will require external testing.

Table 1. Domains and criteria of the Patient-Facing Healthcare Chatbot Evaluation Rubric (PF-HCER).
Rubric domain Description
Accuracy dimensions
  Domain focus and completeness Systematic exploration of SDoHa domains while allowing patient-led prioritization
  Accuracy and clinical understanding Preventing misclassification of social circumstances and avoiding AI hallucinations
  Completeness of data capture Gathering actionable information for care coordination
Trustworthiness dimensions
  Safety and harm prevention Recognizing crisis situations and trauma-informed approaches
  Privacy and confidentiality awareness Appropriate handling of sensitive disclosures
  Bias and equity considerations avoiding discriminatory assumptions
  Role adherence Maintaining appropriate boundaries as a data collection tool
Empathy dimensions
  Communication quality and cultural sensitivity Accessible language with cultural awareness
  Patient engagement and experience Creating psychologically safe disclosure environments
  Context responsiveness Dynamic adaptation to patient responses
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aSDoH: social determinants of health.

Clinical Scenario Development
Twenty-seven synthetic clinical scenarios were developed by
an emergency medicine physician (AL) and a social worker
(RJ-K) to represent the spectrum of SDoH presentations
encountered in health care settings. Scenarios were syntheti-
cally authored based on common emergency department case
archetypes and social work referral patterns drawn from the
extensive clinical experience of the research team working
within US acute care settings. They were not derived from
identifiable patient records. Scenarios were designed to vary
systematically across multiple dimensions, including patient
age, gender, literacy, health literacy, domain of social need
and complexity, and urgency of the need (Table 1).

To promote operational alignment with the emergency
department environment, we used the Centers for Medicare
and Medicaid Services (CMS) accountable health commun-
ities framework, which focuses on housing instability,
food insecurity, transportation, and interpersonal safety as
our primary taxonomy, as it maps identified social needs
to International Classification of Diseases, 10th Revision,
Clinical Modification (ICD-10-CM) Z-codes, facilitating
billing and supporting health system sustainability [19].

However, we expanded the evaluation beyond these
CMS domains to include behavioral health and interactional
determinants (English proficiency and health literacy) as
critical safety and equity “stress tests” for patient-facing
AI. Behavioral health domains were included because they
frequently function as proximal drivers of social instability,
while interactional determinants were included to evaluate the
chatbot’s ability to adapt communication at lower levels of
literacy and health literacy. This comprehensive approach to
scenario development was designed to better simulate a broad
spectrum of real-world cases in which the chatbot would need
to collect data necessary for appropriate clinical care, health
services referrals, and accurate billing. Because scenarios
were designed to reflect US emergency care workflows
and billing-relevant SDoH domains (eg, Z-code mapping),
transferability to other payment systems or care settings may
require scenario adaptation.
Chatbot Development and Refinement
We iteratively refined a prompt using common prompt
engineering techniques [20] to obtain our desired respon-
ses from our SDoH chatbot across 3 model providers,
including OpenAI, Anthropic, and Google Gemini. Prompts
were created by an emergency medicine physician (AL)
in collaboration with the multidisciplinary research team
consisting of a social worker, nurse practitioner, emergency
medicine and internal medicine physicians, clinical informati-
cists, and software developers. Prompts emphasized trauma-
informed communication principles, cultural sensitivity, and
appropriate boundary maintenance between data collection
and clinical care. In this study, we operationalized screening
as standardized identification and documentation of social
needs using domain-appropriate questions and structured

closure (handoff to the care team). We operationalized
clinical interviewing as dynamic risk assessment requiring
interpretation of severity, escalation decisions, and exten-
ded probing during crises. The prompt explicitly instructed
the chatbot to function as a screener and to initiate an
escalation/termination protocol when emergent medical or
safety concerns were detected. The model was instructed
to systematically explore SDoH domains while adapting
communication style to patient responses and recognizing
situations requiring immediate clinical attention. The full
system prompt and example templates are provided in
Multimedia Appendix 2.
Intended Clinical Role of the Chatbot
The chatbot was designed as a screening support tool, not
an autonomous clinical decision-making system. Its intended
role was to elicit and structure SDoH information and to
communicate findings to the care team; it was not designed to
independently diagnose, triage, or manage clinical condi-
tions. Human oversight remained integral to the envisioned
workflow, with collected information intended to support
subsequent clinician review and action. Within this workflow,
the system inputs were simulated-patient utterances during
the encounter and its outputs were structured SDoH informa-
tion, and a handoff or escalation signal to the care team; the
underlying foundation model’s training data and preclinical
performance are proprietary and were not independently
characterized, which is itself a limitation of this evaluation.
Simulation Protocol
The final prompt designed in the chatbot development and
refinement phase was provided as the system message to
“gpt-4o-realtime-preview-2025-06-03.” A licensed clinical
social worker (RJ) with >20 years of clinical experi-
ence role-played patients across all 27 scenarios, simulat-
ing real patient encounters with the SDoH chatbot. The
social worker was provided with detailed scenario back-
grounds, including patient demographics, social circumstan-
ces, emotional state, and presentation style. Role-playing
sessions were conducted to generate authentic patient-chat-
bot interactions that reflected realistic disclosure patterns,
emotional responses, and communication styles typical of
patients experiencing social needs. Each interaction contin-
ued until the chatbot completed its SDoH assessment or
reached a natural conclusion point. The social worker was not
provided with the rubric criteria while performing the case
role-play simulations. We selected clinician role-play rather
than programmatic batch generation to preserve naturalistic
disclosure patterns, emotional nuance, and conversational
variability typical of real SDoH discussions. However,
because LLM outputs are stochastic, our approach captures
only a single interaction per scenario in this iteration; future
work will repeat each scenario across multiple runs and
parameter settings to quantify within-scenario variability.
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Ethical Considerations
This study used synthetic clinical scenarios and role-play
simulation and did not involve real patients, patient data, or
identifiable human-subject information. The licensed clinical
social worker role-played fictitious cases that were created
for the purposes of tool development and evaluation. This
project was part of a larger study that was approved by the
University of Colorado Institutional Review Board (COMIRB
#22‐1944).

Multidisciplinary Evaluation Process
Three internal evaluators from the research team with relevant
but diverse professional expertise—a social worker (RJ-K), a
nurse practitioner (HC), and an internal medicine physician
(AMM)—all with more than a decade of clinical experience,
independently evaluated all 27 patient-chatbot interactions
using the rubric. The evaluators were masked to each other's
rubric responses until the rating was complete. In addition
to completing the rubric questions, they offered comments to
justify their rubric responses. They also offered comments on
the performance of the rubric and how it should be improved.
Safeguards Against Bias in the
Evaluation Process
To minimize potential bias during this formative evaluation,
we structurally separated the roles of prompt engineering and
rating. The author with a commercial interest in the chatbot
(AL, a co-founder of the entity that intends to deploy the
tool) was responsible for designing and iterating the system
prompt but did not participate as a rater on any of the
27 interactions. All ratings were produced by 3 raters—a
licensed clinical social worker (RJ-K), a nurse practitioner
(HC), and an internal medicine physician (AMM)—none of
whom have a commercial interest in the chatbot. Raters were
masked to each other’s ratings during the rating process,
and scenario orderings were not disclosed in a manner that
would identify prompt iterations under evaluation. Consistent
with the formative purpose of this manuscript, the aim of
this evaluation was to demonstrate a feasible, low-resource
predeployment iteration process and to refine a reusable
rubric, rather than to provide a definitive external valida-
tion of the chatbot’s accuracy. Independent validation with
external raters drawn from outside the study team and patient
evaluators is planned as a distinct, subsequent phase of work
(see Future Directions).

All raters were internal members of the research team who
also contributed to development discussions, and one author
(AL) holds a commercial interest in the chatbot. These roles
may have shaped scenario design, scoring, and interpreta-
tion. The formative framing of this work and the planned
involvement of external raters and patient stakeholders are
intended to mitigate, but do not eliminate, this influence.
Analysis

Quantitative Analysis
To characterize interrater reliability for binary rubric items,
we report Fleiss κ with 95% CIs for each rubric item and

domain (calculation details provided in Multimedia Appendix
3). Because several items exhibited high prevalence (ceiling
effects), we additionally report percent agreement with 95%
CIs computed using the Wilson score method [21,22], which
is bounded by construction within (0-1) and is appropriate for
small samples. Intervals are reported as descriptive uncer-
tainty consistent with pilot and feasibility study guidance [23-
25] rather than as inferential tests. Because several domains
showed high prevalence (ceiling effects), low κ values reflect
limited agreement beyond chance rather than a statistical
artifact [26,27], and κ is therefore reported alongside percent
agreement only as a descriptive indicator of rater divergence,
not as evidence of chatbot performance; domains with low
agreement were treated as signals prioritizing chatbot and
rubric refinement. Because the same raters evaluated all
interactions, ratings are clustered by rater; we therefore
treat these reliability estimates as descriptive and exploratory
and interpret them alongside interaction-level performance
summaries. For the safety domain, a criterion was scored as
not met when an evaluator judged that the chatbot failed to
recognize or appropriately respond to a physical or mental
health emergency, for example, by not acknowledging or
escalating a disclosed crisis.

Qualitative Analysis
We used a rapid qualitative analysis approach consistent
with applied health research methods [28] to synthesize
rater feedback and did not use a codebook. Qualitative
comments were organized into a matrix across rubric domains
and raters, consistent with matrix-based analytic techniques
used in rapid qualitative inquiry [29,30]. Analytic decisions,
emergent themes, and team discussion notes were kept in
an audit trail saved within the matrix. Three multidiscipli-
nary raters (AMM, RJ-K, and HC) with expertise in internal
medicine, social work, and nursing independently reviewed
all comments and grouped them by domain. The team then
engaged in structured, iterative discussions to reach consensus
on a synthesized summary of qualitative findings for each
rubric item. Any discrepancies were resolved through team
discussion until full consensus was achieved. Trustworthiness
was supported through investigator triangulation across the
3 clinical disciplines, maintenance of an audit trail within
the analytic matrix, and iterative team consensus; member
checking was not feasible in this phase because no patients
were involved and is planned for the subsequent patient-rater
phase.

Mixed Methods Analysis
Quantitative and qualitative findings were integrated at the
interpretation stage using a convergent approach. Quantita-
tive ratings identified domains requiring further examination,
while qualitative comments explained the patterns observed
in those scores and surfaced opportunities for refinement. The
multidisciplinary research team jointly reviewed both data
sources to reach consensus on chatbot prompt modifications
and rubric revisions.
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Results
Overview
The scenarios represented a broad demographic range, with
participants aged 15-80 years, including 7 adolescents (aged

≤18 years) and 8 older adults (aged ≥65 years). Gender
distribution included 13 males, 13 females, and 1 nonbinary
individual. Four cases involved urgent social needs that
required immediate intervention, including suicidal ideation
and interpersonal violence (Table 2).

Table 2. Characteristics of social determinants of health (SDoH) case scenarios.

Case number Case scenario
Age
(years) Gender

Urgent
social need

Substance use
  1 Patient with relapse after prior treatment and hesitant to seek help 35 Male No
  2 Patient seeking assistance for opioid dependence, motivated for recovery 28 Male No
  3 Patient denies alcohol misuse despite clinical signs 45 Male No
  4 Patient with substance use linked to social stressors and social isolation 30 Female No
  5 Teenage patient with limited social and family support experimenting with illicit

substances
16 Male No

Transportation
  6 Older adult patients living in a rural area missing medical appointments due to lack of

transportation
78 Female No

  7 Urban single parent unable to access care for child with chronic illness 32 Female No
  8 Mobility-impaired patient struggling to reach dialysis center 68 Male No
  9 Young adult missing mental health visits due to transportation barriers 22 Female No
Financial
  10 Older adult on fixed income, cannot afford multiple medications 72 Male No
  11 Underinsured young adult unable to pay for health care needs 24 Female No
  12 Older adult with COPDa experiencing delays in obtaining medication due to expense 74 Female No
  13 Undocumented young adult avoiding care because of cost and insurance gaps 23 Male No
Language barrier/health literacy
  14 Older adult patient with limited English proficiency on dialysis falls at home 72 Male No
  15 Older adult with limited health literacy presents with heart failure symptoms 76 Male No
Housing
  16 Teen without housing and insurance 16 Female No
  17 Teen who ran away from foster care, now with unstable housing 16 Female No
  18 Young nonbinary person seeking gender-affirming care without housing 21 Nonbinary No
Mental health
  19 Older woman with PTSDb who is hypervigilant and socially withdrawn 70 Female No
  20 Older adult expressing passive suicidality 80 Female Yes
Interpersonal safety
  21 Teen experiencing intimate partner violence in dating relationship 16 Female Yes
  22 Isolated teen who discovered a gun 15 Male Yes
  23 Teen pressured to engage in gang activity and violence 17 Male No
Multiple domain cases
  24 Uninsured adult with unstable housing and asthma unable to afford inhaler replacement

after it is stolen
27 Female No

  25 Veteran with unstable housing and substance use disorder 55 Male No
  26 Teen with unstable housing and severe depression 17 Female Yes
  27 Middle-aged adult with intravenous drug use, housing and food insecurity presents with

infection
45 Male No

aCOPD: chronic obstructive pulmonary disease.
bPTSD: posttraumatic stress disorder.
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The chatbot received high proportions of positive ratings
across several domains, whereas lower agreement was
observed for domain focus and completeness, safety, and
completeness of data capture (Multimedia Appendix 3).
Overall, the chatbot received high proportions of positive
ratings for accurate interpretation (agreement=0.98%, 95%
CI 0.91‐0.99), communication quality and cultural sensitiv-
ity (agreement=0.99%, 95% CI 0.93‐1.00), and adaptive
questioning (agreement=0.99%, 95% CI 0.93‐1.00) across
27 cases. For these high-prevalence items, Fleiss κ val-
ues were near zero (eg, κ=−0.03 to −0.01), indicating
that the near-uniform agreement carried little information
beyond chance. Safety performance was more variable overall
(agreement=0.69%, 95% CI 0.58‐0.78; Fleiss κ=−0.04), with
lower scores concentrated in urgent social needs scenar-
ios (agreement=0.42%, 95% CI 0.19‐0.68) and interperso-
nal safety scenarios (agreement=0.33%, 95% CI 0.12‐0.65).
These lower safety scores did not reflect unsafe, toxic, or
discriminatory chatbot language. Instead, they reflect by
design behavior, as the chatbot was prompted via a Manda-
tory Hardstop Protocol (Multimedia Appendix 2) to terminate
the interaction and escalate to the clinical team when physical
or mental health emergencies were detected, rather than
continue a more detailed clinical interview. Completeness of
data capture varied by scenario type (agreement=0.59%, 95%
CI 0.48‐0.69; Fleiss κ=0.18), with higher scores in transpor-
tation (agreement=0.83%, 95% CI 0.55‐0.95) and financial
scenarios (agreement=0.75%, 95% CI 0.47‐0.91) and lower
scores in substance use (agreement=0.20%, 95% CI 0.07‐
0.45) and multidomain scenarios (agreement=0.50%, 95%
CI 0.25‐0.75). Across all simulated scenarios, raters did not
identify overt privacy violations or discriminatory language
and observed generally consistent role adherence.

However, algorithmic bias is difficult to assess compre-
hensively and is highly context-dependent; the absence of
observed bias-related failures in a limited scenario set should
not be interpreted as a definitive assessment of fairness [31].

Interrater Reliability
Across all scenarios, simulated interactions ranged from 10
to 35 conversational turns and 300‐1200 words. Based on
timestamps, scenarios ranged from 2 to 7 minutes. Across
rubric items, percent agreement for overall performance
ranged from 51% to 100%, with 95% CIs reflecting uncer-
tainty due to the limited sample. Item-level percent agreement
and Fleiss kappa are reported in Multimedia Appendix 3.
Rater Agreement Across Domains

Overview
Analysis of the quantitative rubric scores and qualitative
feedback revealed strong agreement among the 3 raters
in several key domains of chatbot performance (Table
3). Quantitatively, domains such as accurate interpretation,
communication quality and cultural sensitivity, adaptive
questioning, and role adherence showed high consensus with
minimal variation in scores across reviewers. Qualitative
data supported these findings, with all raters consistently
noting strengths in respectful language, clear boundaries,

and dynamic adjustment to patient input. Privacy and bias
domains also demonstrated strong agreement, with review-
ers uniformly recognizing appropriate handling of sensitive
information and the absence of discriminatory assumptions.
However, lower consensus was observed in domains of
SDoH domain focus and completeness, completeness of data
collection, and safety. Qualitative comments in these domains
highlighted missed opportunities for probing, incomplete
closure, and inconsistent crisis response. While the rubric
scores had higher variability for these domains, the qualita-
tive data supported that all raters identified gaps. Professio-
nal perspectives varied, with the social worker emphasizing
the need for better data collection of the patient’s emo-
tional experience and details related to their social needs,
the physician focused on recognizing health emergencies,
and the nurse practitioner prioritized actionable data for the
care team. These differing expectations were reflected in
rater comments. The physician noted, regarding a high-risk
scenario, that “when someone says they can’t breathe they
should ask about severity and duration and depending on
those answers it should be a hard stop,” while the nurse
practitioner observed that “there could have been more robust
data gathering re: other SDoH domains to provide to the
health care team, especially related to... safety and social
support.”

Review of the low scores in the 3 domains prompted
conversation between the 3 raters and the larger research
team to understand if the chatbot was underperforming or
if the rubric needed to be revised or both. Ultimately, both
adaptations to the chatbot and rubric were planned based on
postdiscussion consensus of the team to be incorporated in the
next iteration of the chatbot and rubric, as described in Table
3. Integration of the 2 data sources produced insights that
neither yielded alone: quantitative ratings flagged lower-scor-
ing domains, indicating less agreement, while qualitative
comments revealed these often reflected differing expecta-
tions about the chatbot’s intended role as a screener versus
an interviewer. The screening-versus-interviewing distinction
and the renaming of the safety domain both emerged only
through this joint interpretation.

The qualitative and quantitative data were discussed with
the full multidisciplinary research team, which included
expertise in social work, nursing, implementation science,
software development, informatics, emergency, and internal
medicine. Through discussion, the team reached consensus
on aspects of the chatbot’s desired behavior. The desired
behavior was shaped in part by the fact that the chatbot had
not yet been deployed in a clinical setting.
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Refining the Goals of the Chatbot
Distinguishing “screening” from “clinical interviewing,” our
findings clarify the current “scope of practice” for patient-
facing LLMs in SDoH assessment. The chatbot demonstra-
ted high proficiency in screening functions, successfully
capturing concrete resource needs in domains like transporta-
tion and finance.

From its conception, the chatbot was intended to act as a
social needs screener. It was intended to end the conversation
when a high-risk situation was identified to avoid delay of
recognition of this risk by the clinical team. The prompt used
to create the output analyzed contains a “Mandatory Hardstop
Protocol” designed with this in mind (Multimedia Appendix
2). However, it was clear that the entire spectrum of clinicians
expected a more detailed interview performance when faced
with a potentially high-risk scenario, as seen in “urgent”
scenarios (safety agreement=0.42%, 95% CI 0.19‐0.68). This
highlights a key principle for patient-facing chatbot design
and implementation; there is a critical distinction between
data collector and clinical interviewer. In clinical practice,
screening is intended for standardized identification and
triage, whereas diagnostic interviewing/assessment involves
interpretive synthesis of context and severity to guide
immediate risk management [32]. Our chatbot was prompted
to screen for social needs (asking the right questions) but
was restricted from interviewing during crises (interpreting
the severity of the answer and responding dynamically). For
example, in substance use scenarios, the chatbot captured data
points but did not probe for the clinical severity required for
a handoff, resulting in a low completeness capture (agree-
ment=0.20%, 95% CI 0.07‐0.45). The full system prompt and
example templates are provided in Multimedia Appendix 2.

This distinction has implications for deployment. Our
prompt and scenario suggest that LLMs are viable as SDoH
screeners—automated tools to capture social needs as a first
step in a clinical workflow that includes drafting social work
notes, populating electronic health record (EHR) flowsheets
with structured SDoH data, and deploying Z-codes and
social needs referrals in the EHR—provided that there is a
human in the loop. However, the present work supports only
the feasibility of evaluation-driven refinement for screening-
level functionality and should not be interpreted as evidence
that autonomous interviewing is appropriate based on these
results.

Refining the Rubric Definition of Safety for a
Patient-Facing SDoH Chatbot
Prompted by review of the qualitative and quantitative data
and iterative consensus process, the research team identified
a critical conceptual distinction regarding what is meant by
“safety” in this context. Initially, the rubric included a single
domain titled “Safety,” intended to capture the chatbot’s
handling of risk. However, review of the current literature
revealed that the term “Safety” in the context of patient-fac-
ing AI is a broader construct that encompasses all domains of
the rubric, including privacy (protecting data), bias (prevent-

ing discrimination), and communication quality (preventing
emotional harm) [33-35].

Thus, the specific domain originally labeled “Safety”
proved to be a misnomer. Although the chatbot effectively
maintained “interactional safety” (avoiding toxicity, hate
speech, and judgment), it was restricted from performing
the distinct clinical task of verbally responding to physical
and mental health emergencies. For example, in scenarios
involving suicidal ideation or interpersonal violence, the
chatbot remained polite and nontoxic, technically “safe” by
standard LLM benchmarks, but was designed to terminate
the conversation rather than continue the conversation with a
potentially high-risk patient.

To address this, the team reached a consensus to
rename this specific domain from “Safety” to “Recognition
of Physical or Mental Health Emergencies.” This change
explicitly distinguishes general AI safety (which the chatbot
achieved) from the specific clinical capability of emergency
detection and response (which the chatbot was restricted from
doing), clarifying that a nontoxic interaction is not necessarily
a clinically safe one.

Discussion
Principal Findings
This study addresses an urgent gap in health care AI
evaluation by providing, to our knowledge, a structured
approach to evaluation-driven development of a patient-fac-
ing chatbot for SDoH AI data collection. Importantly, this
evaluation was conducted exclusively in synthetic, role-
played simulations and should be interpreted as an early
feasibility exercise to guide iteration of prompts, rubric
items, and performance thresholds, rather than evidence that
the chatbot is ready for patient-facing deployment in real
clinical workflows. In the initial evaluation, it performed well
across the majority of rubric domains, achieving near-per-
fect agreement in accurate interpretation, communication
quality, privacy, bias prevention, context responsiveness, role
adherence, and patient engagement. However, a performance
gap was found for the domains of completeness of data
capture, completeness of data collection, and scores for
safety. These quantitative findings taken together with the
qualitative data clarify the tool’s current operational scope.
As intended, it functions effectively as a screening-oriented
SDoH tool, capable of accurately interpreting and record-
ing data for social needs, but does not yet meet the safety
threshold for the more complex task of autonomous clinical
interviewing during crises.

As a formative study, the primary contributions of this
work are methodological rather than a claim of deployment
readiness. Two contributions are particularly relevant for
other groups undertaking similar predeployment evaluation
of patient-facing clinical AI. First, we introduce a reusable
evaluation artifact, the PF-HCER, a 10-item, binary-scored
instrument adapted from established health care–AI evalua-
tion frameworks and purpose-built for patient-facing SDoH
use cases. The rubric, rater instructions, and full system
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prompt are provided in Multimedia Appendices 1 and 2
so the instrument can be adopted and extended by other
teams. Second, we describe a feasible, low-resource iteration
workflow combining synthetic scenario simulation, multidis-
ciplinary expert ratings, and rapid qualitative analysis into
an iteration loop suitable for health systems with limited
resources for more elaborate evaluation programs.

Our work makes several novel contributions to the
rapidly evolving landscape of health care chatbot evalua-
tion. While recent frameworks, such as the HAICEF [12],
provide comprehensive evaluation criteria (271 questions
across 60 constructs), our approach uniquely addresses
the specific challenges of patient-facing SDoH data col-
lection through a targeted, feasible rubric combined with
an iterative development model. Unlike general chatbot
evaluation frameworks, our method evaluates prospective
patient interactions with explicit attention to health equity and
trauma-informed communication. The distinction between
screening versus clinical interviewing capabilities—with
quantitative performance thresholds guiding deployment
decisions—directly addresses findings on chatbot limitations
and provides a practical framework for staged implementation
analogous to clinical trainee progression.

Our iterative, continuous evaluation-driven development
approach aligns with emerging calls for continuous monitor-
ing and adaptation of health care AI systems rather than
static, one-time validation [36]. This approach acknowledges
that the chatbot’s role will evolve over time as perform-
ance improves and clinical needs change. In this formative
evaluation, the chatbot showed evidence of screening-ori-
ented functionality, accurately interpreting and recording
patient responses while maintaining appropriate boundaries
and privacy protections. However, performance gaps in
crisis situations highlight the current limits of autonomous
operation. This staged approach to capability expansion—
analogous to graduated responsibility in clinical training—
represents a shift from traditional “deploy and monitor”
models toward continuous evaluation and refinement that
matches intervention scope to demonstrated competence.

The multidisciplinary approach appeared to be essential
for thorough evaluation. Differences in priorities among
physicians, social workers, and nurse practitioners revealed
that effective SDoH screening requires diverse professional
perspectives to evaluate both clinical accuracy and relevance
to social care. This finding aligns with recent evidence
on multistakeholder preferences for AI in health care and
addresses documented challenges with patient trust [37,38],
when chatbots are evaluated only from single professio-
nal viewpoints, critical safety or usability issues may be
overlooked. Including clinical team members in predeploy-
ment evaluation also facilitates early integration of end-
user perspectives, potentially improving both acceptance and
effectiveness when deployed in real-world settings. Future
iterations will incorporate patient evaluators, a critical step
given evidence that current chatbots often fail to understand
patient communication styles and concerns [39,40].

Another advantage of our approach is that our rubric
balances comprehensive evaluation with feasibility, a critical
consideration given that evaluation complexity can limit
real-world implementation and impact. While more exten-
sive frameworks exist, our focused approach enabled rapid
iteration using synthetic data and interdisciplinary team
expertise, reducing resource barriers that often prevent
thorough predeployment evaluation.
Strengths and Limitations
Our approach demonstrates both important strengths and
limitations that warrant careful consideration. The use of
synthetic data, while enabling efficient evaluation across
diverse scenarios without patient risk, represents a limi-
tation requiring validation with real patient interactions.
Additionally, each scenario was evaluated using a single
LLM interaction; this design does not estimate response
variability across repeated runs and may over- or underesti-
mate performance in any given domain. Our rubric, though
more focused than comprehensive frameworks like HAICEF,
was intentionally designed for feasibility and iterative use.
However, this trade-off may miss evaluation dimensions that
emerge only with broader assessment. The absence of patient
perspectives in the current evaluation phase is a significant
gap that must be addressed before large clinical deployment.
Because this study was formative and was designed to
describe and demonstrate a predeployment iteration process,
refine a reusable rubric, and identify conceptual refinements,
the reported proportions should be interpreted as descriptive
inputs to iterative refinement rather than as estimates of
the chatbot’s generalizable real-world performance. A single
naturalistic role-played interaction per scenario was selec-
ted for this phase because it preserved the conversational
variability, emotional nuance, and disclosure dynamics that
surface the prompt, rubric, and conceptual gaps that are the
actual outputs of formative work. Quantifying within-scenario
variability across repeated runs and parameter settings is one
of the objectives of the next evaluation phase (see Future
Directions). Additionally, all raters were drawn from a single
institutional context, and their expectations may reflect local
workflows and norms. Therefore, findings may not generalize
to other health systems, countries, or care settings without
further validation. In addition, our team-based evaluation,
while multidisciplinary, likely carries inherent bias because
the chatbot evaluators were internal to the project and
contributed to development discussions. Further, the prompt
engineer (AL) who refined the chatbot is co-founder of a
business that plans to use the chatbot. However, the purpose
of this manuscript is to describe an iterative development and
refinement process rather than to demonstrate the chatbot’s
fairness. Further evaluations will incorporate independent
external raters and patient stakeholders to improve objectivity
and generalizability. Finally, these results are bounded by the
scope of this formative phase, which included 27 synthetic,
role-played scenarios generated by a single role-player and
evaluated by 3 internal raters with a single interaction per
scenario. These findings should be interpreted as exploratory
rather than as evidence of the chatbot’s clinical effectiveness,
safety, trustworthiness, or readiness for deployment.

JMIR FORMATIVE RESEARCH Maw et al

https://formative.jmir.org/2026/1/e89837 JMIR Form Res 2026 | vol. 10 | e89837 | p. 12
(page number not for citation purposes)

https://formative.jmir.org/2026/1/e89837


Integration and interpretation of findings were performed
by team members who also developed the chatbot and rubric;
although this enabled rapid iteration, it may have biased
interpretation and the prioritization of changes. Notably,
one team member (RJ-K) contributed to scenario authoring,
performed the patient role-play, and served as a rater, further
concentrating the internal perspective.

Consistent with DECIDE-AI, several implementation
factors remain unevaluated. Because assessment relied
entirely on synthetic scenario simulation, this study could not
assess workflow integration, patient acceptability, clinician
adoption, usability, operational reliability, or effects on
clinical outcomes; these require prospective evaluation before
deployment.
Future Directions
The primary objective of the next phase is independent
external validation of both the chatbot and the PF-HCER
rubric, incorporating external raters from multiple institu-
tions, patient co-raters, repeated runs per scenario to quantify
response variability, and prospective assessment of usabil-
ity, workflow integration, and acceptability. Future work
will address these limitations through sequential valida-
tion steps. Immediate next steps include finalizing crisis
case analysis with clear safety protocols, recruiting diverse
patient evaluators to assess comprehensibility and trust,
and conducting a clinical pilot with real-time monitoring
and multiperspective evaluation. We will examine whether
rubric scores predict patient satisfaction and care outcomes
and explore automated scoring approaches for scalable
evaluation. The next evaluation phase will also recruit
independent external raters from multiple health systems,
drawn from outside the study team and without commer-
cial interest in the chatbot, to support unbiased validation;
repeat each scenario across multiple LLM runs and parameter
settings to quantify within-scenario response variability and
stability of rubric-level performance; and incorporate patient

evaluators as co-raters to capture the end-user perspective
that this predeployment phase intentionally defers. These
steps together constitute the independent validation that the
present formative study offers preparation for rather than
substitutes. These staged validation steps align with recent
calls for continuous, context-specific evaluation of health care
AI systems and regulatory emphasis on prospective monitor-
ing of generative AI in patient-facing applications [41,42].
Next-phase evaluation will recruit external independent raters
across multiple health systems and include patient evaluators
to assess trust, clarity, and acceptability.
Conclusions
This study provides a feasible approach for predeploy-
ment evaluation of patient-facing SDoH chatbots, address-
ing documented gaps in health care AI assessment. Our
evaluation-driven development model offers a replicable,
low-resource approach that balances rigor with feasibility,
highly relevant to health systems seeking to implement AI
interventions responsibly. By establishing explicit perform-
ance thresholds for role-based deployment (screening versus
clinical interviewing), incorporating diverse professional
perspectives, and using synthetic data for rapid evaluation
prior to clinical deployment, we demonstrate a pathway for
integrating AI into SDoH data collection that mitigates the
risk of unintended consequences, including erosion of patient
trust in the health system. Although further optimization
will require real-world validation and continuous adapta-
tion to achieve effectiveness in diverse patient populations,
this framework offers critical processes and milestones
for protecting patients from premature exposure to untes-
ted systems. As health care chatbots continue to prolifer-
ate rapidly, such systematic yet highly feasible approaches
to predeployment assessment are essential to realizing
AI’s potential for improving trust and health outcomes in
vulnerable populations.
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