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ABSTRACT

Driven by factors such as healthcare cost burden, poor mental health has been on the rise among aging
adults for over a decade. Shortages in mental health services have heightened reliance on primary care
physicians, underscoring the need for scalable, cost-effective mental health training. While generative Al
(GenAl) can produce realistic images and videos for low-cost, scalable medical training, most GenAl tools
are trained on non-curated internet data rather than clinically grounded portrayals. Governance mechanisms
are needed to ensure GenAl systems produce clinically faithful mental health simulation content. We
propose a governance-oriented, platform-agnostic framework to align Al-generated mental health content
with clinically faithful portrayals and an educational study protocol to examine how governance influences
interpretation, confidence, and proposed clinical actions.

1 INTRODUCTION

Poor mental health affects approximately one-quarter of adults over age 65 and more than one-third of
adults aged 50-64, with both groups exhibiting gradual but persistent increases nationally since 2011
(Wright et al. 2025). Among risk factors, healthcare cost burden (particularly among low-income older
adults with chronic conditions) can result in late-life symptoms of anxiety and depression such as excessive
worry and reduced ability to feel pleasure (i.e., anhedonia) (Choi et al. 2024). Primary care physicians are
often the front line of care for patients with mental health conditions, providing 45% of visits for patients
with depression and/or anxiety (Robert Graham Center for Policy Studies in Family Medicine and Primary
Care 2022). In Hampton Roads (served by Old Dominion University), drivers of anxiety and depression
(e.g., socioeconomic vulnerability) co-occur with barriers to access mental health services (Faruque et al.
2025; Hodgkinson et al. 2017), increasing reliance on primary care physicians. The severe shortage of
mental health professionals has led to an increased emphasis on primary care provider education in our
region (Virginia Mental Health Access Program 2024). Clinical decision-making relies heavily on the
ability to recognize affective cues, interpret psychological distress, and determine appropriate follow-up
actions. Such demands raise questions about training clinical judgment and interpersonal skills at scale.

Training clinicians to recognize affective cues and respond appropriately to psychological distress
requires repeated, structured practice with feedback over time (Schwartzkopf et al. 2025; Paulus and
Meinken 2022). In medical education, this role is often filled by standardized patients (i.e., trained
individuals portraying clinical scenarios), which have been shown to improve communication skills and
empathic engagement. However, standardized patient programs are resource-intensive (Hamilton et al.
2024; Papanagnou et al. 2021), difficult to scale, and costly to sustain, particularly when training requires
repeated interactions or longitudinal portrayals across multiple encounters. Consistency also presents a
challenge, as maintaining stable affective portrayals across sessions and learners is difficult in practice.
These limitations constrain the ability of training programs to provide scalable, standardized preparation
for mental health care as demand continues to grow.
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Recent advances in generative artificial intelligence (GenAl) enable the creation of photorealistic im-
ages, videos, and interactive simulations that are increasingly used in medical and nursing education (Ren
et al. 2026; Jo et al. 2025). These tools support scalable exposure to diverse clinical scenarios, including
communication-intensive and mental health—-related encounters, at low marginal cost and with high repro-
ducibility. Recent systems incorporate large language models and multimodal generation to simulate patient
dialogue, affective responses, and longitudinal interactions, and have been deployed to support training
in communication skills, clinical reasoning, and deliberate practice (Lee et al. 2025; Hicke et al. 2026).
Al-based simulations are particularly attractive for educational contexts that require repeated practice and
consistent portrayals, which are difficult to sustain using human actors alone. Conversely, these generative
Al models are trained on large, non-curated collections of online data (Bianchi et al. 2023), which reflect
popular representations rather than clinically grounded portrayals. As a result, Al-generated mental health
content may systematically diverge from the affective patterns observed in clinical practice (Papazova
et al. 2025a; Flathers et al. 2024), thus giving future physicians inaccurate expectations about symptom
presentation and preventing them from learning appropriate judgments about follow-up and referral. For
example, future practitioners may equate anxiety with panic attacks if GenAl outputs only popular images
associated with conditions rather than covering the full (and sometimes) subtle spectrum of expressions. In
sum, neither of the two options currently available is fully satisfactory: standardized patients offer tightly
governed but costly and difficult-to-scale portrayals, while GenAl offers inexpensive and more consistent
outputs that, without explicit governance, risk reproducing biased or clinically unfaithful representations.

To benefit from the scalability and consistency of GenAl systems in training future primary care
physicians, we thus need governance: mechanisms that ensure generative Al systems produce clinically
faithful portrayals of mental health conditions. In the context of mental health training for aging populations,
governance entails the ability to steer Al-generated images and videos toward representations of stress,
anxiety, and related affective states that align with clinical understanding rather than popular or stigmatized
depictions. In principle, governance could be achieved by modifying individual GenAl systems through
fine-tuning (i.e., retraining a model on specialized data) or through model-specific adapters (i.e., add-on
components that alter how a given system generates outputs). However, these approaches must be repeated
for each model and revisited as GenAl models are very frequently updated, making governance costly
and potentially inconsistent. A lighter-weight alternative is prompt engineering, in which carefully crafted
instructions guide model outputs toward more clinically appropriate depictions; however, prompt engineering
remains model-dependent, its effects are difficult to standardize across platforms, and it provides no formal
guarantee that outputs will meet clinical fidelity thresholds. In contrast, governance applied at the level of
Al-generated outputs (i.e., as post-procesing) enables consistent oversight across heterogeneous and rapidly
evolving GenAl platforms for clinically faithful portrayals of stress and anxiety among older adults. This
output-focused approach aligns with the practical reality that healthcare and educational institutions may
rely on multiple Al systems while requiring uniform standards for clinical fidelity.

In this paper, we propose a governance-oriented approach for aligning Al-generated mental health
simulations with clinically faithful portrayals that can be applied across GenAl platforms. Our approach is
rooted in Al techniques for alignment of content generation, as explained in Section 2, and supplemented by
an evaluation plan with medical students at Eastern Virginia Medical School (now a part of Old Dominion
University), which has a demonstrated track-record in simulation/standardized patient education. As detailed
in Section 3, our protocol exposes participants to Al-generated mental health portrayals that either reflect
broad, non-curated training data or have been aligned with clinically faithful affective patterns, allowing us
to isolate the effects of representational quality on interpretation, confidence, and proposed clinical actions.
That is, our protocol is designed to provide evidence on how governed versus ungoverned Al-generated
content shapes judgments relevant to mental health care, without relying on patient-facing deployment.
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2 CONCEPTUAL FRAMEWORK: GOVERNED VS UNGOVERNED AI REPRESENTATIONS

Recent advances in GenAl have enabled rapid growth in Al-based simulations for medical and nursing
education, including applications to communication skills and mental health training (Ren et al. 2026;
Jo et al. 2025). For example, Al-generated images have been used for health professions training to
prompt reflection on stereotypes and professional roles (Stewart et al. 2025). Such systems have relied on
Al-generated portrayals that are produced directly from broad, non-curated training data and incorporated
into educational settings without systematic validation against clinical standards. We refer to such outputs
as ungoverned Al representations. A substantial body of work in computer vision has documented that
text-to-image generation systems systematically reflect and amplify biases present in their training data,
including biases related to gender, race, age, and health-related attributes (Wan et al. 2024). In mental
health contexts, these biases can manifest as exaggerated, stigmatized, or unrepresentative depictions of
psychological distress. Empirical evidence shows that Al-generated images prompted with psychiatric
conditions differ markedly from those associated with non-psychiatric conditions, reinforcing distorted
portrayals of mental illness (Papazova et al. 2025b). As Al simulations scale in education, ungoverned
representations risk standardizing mischaracterizations rather than clinically relevant understanding.

From a governance perspective, representational quality matters because repeated exposure to visual
and affective cues shapes clinical judgment, expectations, and thresholds for concern. Prior work shows that
Al-based simulations can influence learners’ confidence, empathy, and clinical reasoning, with outcomes
depending strongly on realism, consistency, and alignment with educational objectives (Hicke et al. 2026;
Lee et al. 2025). In mental health care, facial expressions and affective signals constitute part of the
clinical information used to assess severity, risk, and need for follow-up, particularly among older adults
where symptoms of anxiety and depression may present subtly. Systematic distortions in these cues may
therefore influence empathic orientation, interpretation of distress, and proposed clinical actions, even when
Al is used only for training rather than patient-facing care. These concerns are compounded by evidence
that Al-supported assessment of clinical performance varies substantially with representational choices
and scoring frameworks, emphasizing the need for standardization (Geathers et al. 2025). In this setting,
governance serves as a quality control mechanism preceding downstream deployment and decision support.

We define governed Al representations as Al-generated portrayals that are systematically evaluated and
aligned with clinically faithful standards prior to use in healthcare training. Building on prior bias mitigation
research in text-to-image generation, which has proposed model retraining, pipeline modifications, and
post-processing corrections as viable strategies (Prerak 2024; Fu et al. 2025), we focus on governance
at the level of outputs rather than individual models. Specifically, we propose to anchor governance in
a curated, expert-labeled reference dataset of facial expressions associated with anxiety and depression,
drawn from clinical video collections (e.g., Symptom Media (Mlakar et al. 2024; lammarino et al.
2020)). Under our proposed framework, inputs could be photorealistic facial expressions generated using
any text-to-image or text-to-video Al tool (e.g., Flux, Google Imagen/Veo, Kling, Wan). Then, standard
distribution-level measures such as Wasserstein distance (Dimitrakopoulos et al. 2020), precision, recall,
and F-scores (Kynkdidnniemi et al. 2019) quantitatively compare these Al-generated expressions to expert-
validated clinical examples to assess how closely the Al reflects clinically meaningful patterns. Based on
these assessments, an automated correction layer will adjust Al-generated outputs to match clinically faithful
affective portrayals, without requiring access to or modification of the underlying AI models. The proposed
framework will use Generative Adversarial Networks (Goodfellow et al. 2020) for domain adaptation,
which have shown success in aligning affective (Choi et al. 2018) and clinical content (Kirchhoff et al.
2025). In summary, we evaluate Al-generated images and videos against clinically meaningful affective
patterns, then we apply an automated correction to produce governed representations.

Enforcing governance by post-processing of Al outputs is an established mitigation strategy for bias
in text-to-image generation, particularly for demographic imbalances or stereotyped associations (Wan
et al. 2024; Prerak 2024; Fu et al. 2025). Prior works have focused on improving representational
fairness with generic benchmarks and fairness-oriented metrics. Our approach to GenAl governance differs
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in several ways. First, we anchor governance to clinically validated reference standards, focusing on
affective patterns associated with anxiety and depression rather than demographic balance alone. Second,
we target affective meaning and clinical plausibility, which are central to mental health judgment. Third,
we design governance as a platform-agnostic, output-level process that can be applied consistently across
heterogeneous and frequently updated GenAl systems, addressing practical deployment constraints in
healthcare and education. Finally, our mechanism of Al governance is directly relevant to workforce
preparation and healthcare quality rather than merely as an isolated image correction technique.

3 EMPIRICAL DESIGN AND IMPLICATIONS FOR AI GOVERNANCE IN HEALTHCARE

Our protocol for pilot evaluation is to conduct a low-risk educational study with medical students across
all four years of training (n = 600) at Eastern Virginia Medical School. Based on comparable studies at
our institution (Berry et al. 2025), a conservative estimate of ~10% participation rate (n ~ 60 students)
provides adequate power to detect medium effect sizes (Cohen’s d < 0.40) at o = 0.05. Participants will
be randomly assigned to a governed condition, receiving Al-generated stimuli corrected by our framework,
or an ungoverned condition, receiving uncorrected Al-generated stimuli (i.e., based on non-curated online
training data that may lack clinical fidelity). This between-subjects design isolates the educational effect
of clinical alignment from mere exposure to affective content (Imbens and Rubin 2015). Both groups will
complete identical tasks using facial expression stimuli generated from the same prompts and demographic
specifications; the only difference is whether those stimuli have been processed through our correction layer
(governed condition) or are presented as originally generated by the Al model (ungoverned condition).

At baseline and post-intervention, participants will complete validated measures including the 20-item
Jefferson Scale of Empathy—Student Version (Hojat et al. 2001) (JSE-S) and Likert-scale items developed
for this study to assess students’ self-rated confidence in identifying facial expressions suggestive of
psychological distress, deciding when clinical follow-up is warranted, and initiating an empathic response.
Participants will complete two assessment tasks to evaluate complementary aspects of clinical competence.
The video task approximates real-world patient encounters. Students will view 15-second facial expression
clips depicting clinically concerning or unremarkable affect across diverse demographic profiles and respond
as they would in a clinical encounter. The 15-second time window reflects both the practical output limits
of current text-to-video GenAl models and the brief observational windows typical of initial clinical
assessments (Dhall et al. 2011). These clips will be created by text-to-video GenAl models and, for the
aligned condition, automatically corrected by our innovative approach. For each clip, students will rate the
degree to which the displayed affect suggests a need for mental health evaluation, select the most suitable
next clinical action, and select a verbal response to the patient, followed by a brief free-text justification.
In the image vignette task, students will view sequences of still images depicting the same individual
across multiple life contexts (e.g., home, work, clinical settings) and complete structured items to interpret
affective cues and propose clinical actions. To control for order effects, half of participants within each
condition will complete the video task first, and half will complete the image vignette task first. These
vignettes assess clinical reasoning based on affective information across situations, thus complementing
the video tasks which simulate direct clinical encounters.

Primary analyses will compare pre/post change scores between governed and ungoverned conditions
using appropriate between-group tests, assessing differences in empathic orientation, self-efficacy, and clin-
ical preparedness. Secondary analyses will examine between-group differences in task-based performance,
including affective cue recognition and appropriateness of proposed clinical actions. We acknowledge that
self-report and structured task responses provide preliminary evidence of educational impact. As noted in
recent reviews of Al-based virtual patient simulations (Jo et al. 2025), current studies in this area mostly rely
on self-report measures and lack validated performance metrics, limiting the ability to draw firm conclusions
about clinical competence. Future work building on this framework will incorporate objective performance
measures, such as Objective Structured Clinical Examination scores or standardized clinical assessments,
to more rigorously evaluate the effects of governed Al representations on clinical skill development.
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4 CONCLUSION

Although AI in healthcare and medical training has potential risks in amplifying biased or stigmatized
portrayals of mental health conditions, we assert that robust governance can effectively mitigate these
risks. We propose a governance framework that aligns Al-generated affective content with an expert-
labeled reference data set of clinically faithful depictions of anxiety and depression, independent of the
specific underlying GenAl model. Furthermore, we present a protocol for a low-risk educational study
with medical students to assess how governed versus ungoverned Al-generated content shapes judgments
relevant to clinical care. The proposed framework and study will support scalable, cost-effective mental
health education, targeting an unmet need in primary care physician training.
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