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Abstract

Large language models (LLMs) are increas-
ingly explored for patient-facing medical ad-
vice and symptom triage, yet their responses
may shift when identical clinical evidence is
paired with culturally marked patient descrip-
tors. We present a counterfactual audit frame-
work for evaluating cross-cultural variation in
LLM-generated medical advice by isolating
identity-related cues while holding clinical evi-
dence constant. Our evaluation uses matched
clinical vignettes, cross-regional and culturally
marked prompt variants, repeated sampling,
and structured comparison of urgency framing,
safety recommendations, empathy, and escala-
tion advice. Across multiple commercial and
open-weight LLMs, we observe measurable
identity-conditioned variation in both triage
decisions and interactional framing. In sev-
eral cases, culturally marked descriptors shift
urgency assessments or escalation recommen-
dations despite unchanged clinical evidence.
While the magnitude and direction of these
effects differ across models, the results sug-
gest that LLM-generated medical advice re-
mains sensitive to culturally linked identity
cues in ways that may affect safety-critical
guidance. Our results demonstrate how cul-
turally grounded counterfactual auditing can
help identify clinically unsupported variation
while distinguishing potentially harmful shifts
from appropriate communication adaptation in
patient-facing medical advice.

1 Introduction

Large language models (LLMs) are increasingly ex-
plored for patient-facing medical advice and symp-
tom triage, but safety-critical settings require more
than factual correctness alone. In clinical guidance
contexts, small differences in wording can affect
perceived urgency or willingness to seek care, par-
ticularly when identical symptom descriptions are
paired with culturally marked patient descriptors.
Prior work on medical LLMs has highlighted harm,

bias, and scientific grounding as distinct evaluation
concerns (Singhal et al., 2023; Tam et al., 2024;
Wang and Zhang, 2024). Related counterfactual
audits further show that when demographic cues
are varied while clinical evidence is held constant,
models can produce different diagnoses, recom-
mendations, or interactional framing (Omiye et al.,
2023; Yang et al., 2024; Hanna et al., 2025).

This paper presents a counterfactual audit frame-
work for analyzing cross-cultural variation in LLM-
generated medical advice. Our focus is not to argue
for culturally blind healthcare interactions: cultural
competence, language access, and communication
style can all matter in real clinical settings. Instead,
we ask whether matched symptom scenarios, in
which core clinical evidence remains fixed, lead
to unjustified changes when prompts vary only in
culturally marked self-identification, language, or
locale. We study whether these cues shift urgency
assessments, safety framing, empathy, or escala-
tion advice in ways that are not supported by the
underlying clinical facts.

We consider patient-facing medical advice and
symptom-triage generation. Given a fixed vi-
gnette describing symptoms and context, a model
is asked to provide recommendations about next
steps, urgency, and safety precautions. We vary
only identity-related prompt elements. For exam-
ple, the same chest-pain vignette may be paired
with different culturally marked names, regional
identities, language varieties, or explicitly stated
backgrounds, while the clinical evidence itself re-
mains unchanged. We evaluate outputs along di-
mensions relevant to clinical safety and interaction
quality, including urgency framing, escalation ad-
vice, empathy, and interactional variation or unsup-
ported identity-related inferences. These dimen-
sions are motivated by prior healthcare evaluation
frameworks that distinguish information quality,
safety, interaction style (Tam et al., 2024). Our
contributions are as follows:
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Component Operationalization Purpose

Clinical matching Hold symptoms, duration, red flags, and history
constant across conditions.

Isolates identity cues from medical evi-
dence.

Identity cues Introduce culturally marked self-identification,
language-access, or healthcare-access cues
while preserving clinical evidence.

Tests whether culture-linked cues trigger
unjustified shifts.

Cross-regional localization Translate or localize matched cases while pre-
serving clinical meaning.

Probes language-gap effects and safety
consistency.

Repeated sampling Query each vignette–condition pair multiple
times.

Separates stable patterns from stochastic
variation.

Structured comparison Compare urgency labels, red-flag mentions,
empathy markers, access guidance, language
simplification, and length differences across
matched outputs.

Goes beyond surface text similarity
while remaining reproducible.

Table 1: Counterfactual audit framework for evaluating stereotype leakage in medical advice LLMs.

• We introduce a culturally grounded counter-
factual audit framework for LLM-generated
medical advice.

• We construct matched culturally marked and
cross-regional prompt variants that isolate
identity-related cues while preserving clini-
cal evidence.

• We show across multiple commercial and
open-weight LLMs that culturally marked de-
scriptors can shift triage framing and escala-
tion recommendations under matched clinical
conditions.

2 Related Work

Prior work on medical LLMs, counterfactual bias
auditing safety provides the basis for our evaluation,
but these strands have rarely been connected in
patient-facing, culturally marked medical advice
settings.

Medical LLM work has shown that clinically
useful knowledge does not guarantee safe or unbi-
ased long-form advice. Singhal et al. (2023) evalu-
ate medical QA and long-form responses with clin-
ician ratings that include harm and bias, motivating
audits that go beyond benchmark accuracy. More
broadly, Wang and Zhang (2024) identify fairness
and bias as major open challenges in medical LLM
deployment.

The closest methodological precedents are coun-
terfactual audits in which clinical evidence is held
constant while demographic cues are changed.
Omiye et al. (2023) show that commercial med-
ical LLMs can propagate race-based misconcep-
tions, while Yang et al. (2024) quantify racial bias
in medical report generation under matched clini-

cal conditions. Similarly, Hanna et al. (2025) vary
race/ethnicity in discharge-instruction generation
and find mostly stable proxy metrics, while still ar-
guing for stronger standards. Together, these stud-
ies suggest that even when the main medical facts
remain fixed, identity cues may alter the model’s
language or recommendations.

Cross-cultural work motivates extending this
logic beyond one language or one demographic
axis. Survey and review work emphasize that
safety behavior may vary across languages and
locales, and that non-Western or intersectional set-
tings remain underexplored (Yong et al., 2025;
Omar et al., 2025; Nimo et al., 2025). Related
cross-cultural studies indicate that cultural align-
ment can change model judgments (Jinnai, 2024),
and multilingual stereotype work suggests that bias
may persist rather than disappear in multilingual
systems (Nie et al., 2024; Perez-Toro et al., 2025).
Outside medicine, analyses of culturally marked
language and identity cues show that models can
reproduce stereotypes or alter style in response to
identity signals (Jiang et al., 2025; Lee et al., 2025;
Sommerauer et al., 2025; Pawar et al., 2025b).

Healthcare context also matters. Clinical guid-
ance warns against rigid, one-size-fits-all applica-
tion of recommendations and documents disparities
in pain care and related treatment decisions (Dow-
ell et al., 2022). This is an important reminder
that our audit does not argue for culturally blind
medicine; rather, it isolates cases where culture-
linked descriptors should not independently change
the quality or safety of advice.
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Model Condition Change (%) Mean shift Escalation (%) De-escalation (%)

GPT-4o-mini Arab (recognition) 33.3 +0.25 29.2 4.2
GPT-4o-mini Korean (language) 25.0 +0.17 20.8 4.2
GPT-4o-mini Nigerian (access) 25.0 +0.25 25.0 0.0

Gemini 2.5 Flash Arab (recognition) 15.8 -0.05 5.3 10.5
Gemini 2.5 Flash Korean (language) 16.7 +0.17 11.1 5.6
Gemini 2.5 Flash Nigerian (access) 22.2 -0.22 5.6 16.7

Qwen3-30B-A3B-Thinking-2507 Arab (recognition) 29.4 +0.18 23.5 5.9
Qwen3-30B-A3B-Thinking-2507 Korean (language) 31.3 +0.25 25.0 6.3
Qwen3-30B-A3B-Thinking-2507 Nigerian (access) 10.0 +0.10 10.0 0.0

Table 2: Cross-model comparison of identity-conditioned urgency shifts relative to matched base prompts. Change
indicates the proportion of matched comparisons in which the urgency category differs from the base condition.
Escalation and De-escalation indicate shifts toward more or less urgent recommendations, respectively. (Condition
labels denote experimental focus on specific clinical or access barriers, not inherent group traits.)

3 Culturally Grounded Audit Protocol

Our audit protocol is designed to make counter-
factual evaluation explicit and reproducible across
llm-generated medical advice settings. Table 1
summarizes the main components of the proposed
counterfactual audit framework.

Counterfactual evaluation framing. The au-
dit is intentionally counterfactual in structure:
each perturbation condition is compared against a
matched base prompt in which the clinical evidence
remains unchanged. This design does not assume
that all culturally adaptive behavior is harmful (Liu
et al., 2025). Instead, it aims to distinguish po-
tentially justified communication adaptation from
clinically unsupported shifts in triage urgency or
escalation framing (Tal, 2023).

Repeated sampling. Medical-advice generation
can exhibit substantial stochastic variation even un-
der identical prompts. By comparing multiple gen-
erations per vignette-condition pair, the audit aims
to reduce overinterpretation of isolated outputs and
to identify more stable directional tendencies.

Interactional dimensions. Interactional dimen-
sions are included because patient-facing medical
advice involves more than factual correctness alone.
Differences in empathy, cautionary framing, or es-
calation wording may influence perceived urgency,
reassurance, and willingness to seek care even
when the underlying recommendation remains un-
changed.

Identity perturbation rationale. The three per-
turbation conditions were selected to reflect em-
pirically documented barriers in healthcare access
and communication, rather than assumed group

characteristics. Each condition operationalizes a
specific type of barrier independently documented
in the clinical and health services literature, and is
intended to probe whether LLMs respond to these
contextual cues in clinically unjustified ways.

The Arab (recognition) condition is motivated
by a well-documented body of evidence show-
ing that patients from racialized minority back-
grounds are systematically more likely to have their
pain underestimated or undertreated in clinical set-
tings (Campbell and Edwards, 2012). The pertur-
bation cue—a patient statement asking that their
symptoms be taken seriously—is drawn from docu-
mented communication strategies used by minority
patients to counter anticipated dismissal, and is
intended to test whether this recognition-seeking
framing alters model outputs under otherwise iden-
tical clinical evidence.

The Korean (language) condition reflects doc-
umented language-access barriers among Korean
immigrant populations. Jang (2016) report that
over half of first-generation Korean immigrants in
the US identify language as the primary barrier to
healthcare. Jang et al. (2016) further find that Ko-
rean is the fourth most common language among
individuals with limited English proficiency in the
United States, and that Korean Americans report
healthcare communication problems at higher rates
than any other immigrant group surveyed by the
National Healthcare Quality Survey. English profi-
ciency has additionally been identified as a signifi-
cant mediator of health insurance coverage and care
utilization among this population (Li et al., 2016).
The perturbation cue introduces communication
difficulty to test whether models adjust their med-
ical recommendations—rather than merely their
communication style—in response to stated lan-

52



0 10 20 30 40
Matched comparisons (%)

GPT-4o-mini

Gemini 2.5 Flash

Qwen3

28%

18%

26%

Rate of identity-conditioned triage changes

(a) Overall rate of urgency-category changes.

0 20 40 60 80 100
Changed comparisons (%)

GPT-4o-mini

Gemini 2.5 Flash

Qwen3

90% 10%

40% 60%

82% 18%

Direction of identity-conditioned triage shifts

Escalated De-escalated

(b) Direction of urgency shifts among changed comparisons.

Figure 1: Identity-conditioned variation in medical triage recommendations across models. Left: proportion of
matched comparisons in which the urgency category differs from the matched base prompt. Right: distribution of
escalation versus de-escalation among comparisons in which urgency changed.

guage constraints.
The Nigerian (access) condition is grounded in

documented structural inequities in healthcare ac-
cess in rural sub-Saharan Africa. Nigeria’s Univer-
sal Health Coverage index stands at 38—among
the lowest in the region—and only one in eight
rural households achieves adequate access to es-
sential services, with out-of-pocket financing and
workforce shortages as primary structural barriers
(Yaqoob and Salman, 2026). Qualitative evidence
further documents systemic EMS barriers across
accessibility, affordability, and appropriateness di-
mensions, with rural areas facing compounded
constraints including geographic isolation and lim-
ited ambulance coverage (Oreh et al., 2026). The
perturbation cue introduces geographic and finan-
cial access constraints to examine whether mod-
els inappropriately de-escalate medically necessary
care recommendations when such barriers are men-
tioned.

We acknowledge that grounding perturbation
conditions in group-level epidemiological patterns
carries an inherent methodological tension: any em-
pirically motivated cue risks reinforcing the very
associations it seeks to probe. We address this in
two ways. First, all three perturbation cues are
framed as patient-stated contextual information
rather than model-inferred group characteristics,
consistent with counterfactual audit design prin-
ciples (Ribeiro et al., 2020; Omiye et al., 2023).
Second, we interpret output differences only rela-
tive to matched base prompts with identical clinical
evidence, not as evidence about group differences
in clinical presentation or need.

Cross-regional localization. To evaluate robust-
ness across diverse cultural identities and regional
contexts, matched clinical vignettes can be trans-

lated or localized across language varieties while
preserving the underlying clinical evidence (Pawar
et al., 2025a). This allows the audit to examine
whether regional framing, language accessibility,
or culturally situated wording alters triage recom-
mendations, escalation behavior, or safety commu-
nication under otherwise equivalent conditions.

Prompt design. Following counterfactual audit
logic used in prior medical bias studies (Omiye
et al., 2023; Yang et al., 2024; Hanna et al.,
2025), we construct prompt pairs or triplets that
differ only in identity cues. A baseline prompt
contains the clinical vignette and the output re-
quest. Perturbed prompts add culturally marked
self-identification, alternate language varieties, or
locale-specific markers. We recommend keeping
the answer format fixed, for example: “Provide
triage advice, explain your reasoning briefly, and
state whether urgent care is needed.” Representa-
tive prompt templates and example vignette for-
mats are provided in Appendix Figure 2 and Ap-
pendix C.

Scenario selection. Our evaluation includes
common but safety-relevant cases: chest pain,
fever/cough, abdominal pain, headache, rash, di-
abetes follow-up, or pain-management questions.
These are suitable because they can trigger advice
about urgency and escalation, but the underlying
evidence can still be held constant. The goal is not
to assess real-world cultural differences in disease
prevalence or access; rather, it is to test whether
the model adds unsupported differences when the
symptom evidence itself does not change.

Evaluation procedure. We analyze matched
prompt pairs using structured comparison metrics
and illustrative qualitative examples. Repeated
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Model Condition Red-flag (%) Empathy (%) Language simplification (%) Any interactional change (%)

GPT-4o-mini Arab (recognition) 25.0 4.2 12.5 83.3
GPT-4o-mini Korean (language) 37.5 4.2 8.3 91.7
GPT-4o-mini Nigerian (access) 37.5 4.2 12.5 91.7

Gemini 2.5 Flash Arab (recognition) 15.8 42.1 36.8 100.0
Gemini 2.5 Flash Korean (language) 27.8 50.0 38.9 100.0
Gemini 2.5 Flash Nigerian (access) 16.7 44.4 11.1 100.0

Qwen3-30B-A3B-Thinking-2507 Arab (recognition) 29.4 11.8 0.0 100.0
Qwen3-30B-A3B-Thinking-2507 Korean (language) 6.3 6.3 18.8 93.8
Qwen3-30B-A3B-Thinking-2507 Nigerian (access) 10.0 0.0 0.0 90.0

Table 3: Interactional variation rates under identity-conditioned perturbations relative to matched base prompts.
Metrics capture changes in safety framing, empathy expression, language simplification, and broader interactional
behavior beyond urgency shifts. (Condition labels refer to the modeled clinical/access focus as defined in Section 3.)

sampling is used to reduce overinterpretation of iso-
lated generations and to identify more stable direc-
tional tendencies across matched conditions. In line
with healthcare evaluation guidance, we treat read-
ability or sentiment as secondary signals rather than
stand-alone fairness evidence (Tam et al., 2024;
Singhal et al., 2023).

4 Experimental Setup

Models. We evaluated three instruction-
following LLMs spanning both proprietary and
open-weight model families: GPT-4o-mini (Ope-
nAI, 2023), Gemini 2.5 Flash (Gemini Team,
Google, 2023), and Qwen3-30B-A3B-Thinking-
2507 (Yang et al., 2025). GPT-4o-mini and Gemini
2.5 Flash were accessed through their respective
API interfaces, while Qwen3-30B-A3B-Thinking-
2507 was evaluated locally using the Hugging Face
transformers framework with autoregressive
generation. The inclusion of both proprietary and
open-weight systems allows the audit to assess
whether identity-conditioned variation generalizes
across different deployment settings and model
families.

Generation settings. The evaluation used 8 clini-
cally ambiguous but safety-relevant vignettes and 4
identity conditions (one matched base condition
and three culturally marked perturbation condi-
tions). Each vignette-condition pair was sampled
three times using stochastic decoding with tem-
perature set to 0.8. The perturbation conditions
introduced culturally marked identity cues related
to language accessibility, concern about symptom
dismissal, or healthcare-access constraints while
preserving the underlying clinical evidence. All
models received the same core triage instructions
and were asked to produce structured patient-facing
medical advice.

Structured outputs and comparison. Models
were instructed to return JSON-formatted outputs
containing triage advice, urgency level, safety red
flags, empathy text, and brief reasoning. Urgency
labels were normalized into four ordered categories:
self_care, routine_followup, urgent_same_day, and
emergency_now. Pairwise comparisons were then
performed between each identity-conditioned out-
put and the matched base output generated from
the same vignette and sampling index. We com-
puted urgency shifts, escalation and de-escalation
rates, and interactional variation metrics including
changes in safety framing, empathy wording, ac-
cess accommodation, language simplification, and
response length.

Robustness and parsing. To reduce malformed-
output effects, all models were prompted to return
structured JSON outputs only. Gemini generations
used retry-based decoding with lightweight JSON
extraction, while Qwen3 generations additionally
used post-processing to recover structured outputs
from partially formatted generations. Comparisons
for Gemini and Qwen3 were computed only on
successfully parsed matched outputs because some
generations failed or produced incomplete struc-
tured responses.

5 Results

5.1 Identity-conditioned triage instability

Across all three models, culturally marked prompt
perturbations produced measurable changes in
triage recommendations under matched clinical
conditions. Figure 1a summarizes the overall
rate of urgency-category changes relative to the
matched base prompts. GPT-4o-mini showed the
highest overall instability, with urgency changes oc-
curring in approximately 28% of matched compar-
isons, followed closely by Qwen3 at 26%. Gemini
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2.5 Flash showed lower but still non-trivial insta-
bility, with urgency changes occurring in 18% of
comparisons.

The direction of these changes differed substan-
tially across models (Figure 1b). Among compar-
isons in which the urgency category changed, GPT-
4o-mini overwhelmingly shifted toward more ur-
gent recommendations, with approximately 90% of
changed comparisons corresponding to escalation
rather than de-escalation. Qwen3 showed a simi-
lar but slightly weaker directional tendency, with
approximately 82% of changed comparisons cor-
responding to escalation. In contrast, Gemini 2.5
Flash exhibited substantially more heterogeneous
behavior: around 60% of changed comparisons cor-
responded to de-escalation rather than escalation.

Table 2 provides condition-level detail for these
directional effects. GPT-4o-mini consistently pro-
duced positive mean urgency shifts across all per-
turbation conditions (+0.17 to +0.25), with esca-
lation rates substantially exceeding de-escalation
rates. The strongest directional effect appeared
in the Arab identity condition, where urgency
changed in 33.3% of comparisons and 29.2% of all
matched pairs escalated relative to the base prompt.
Qwen3 showed similar upward directional tenden-
cies, particularly in the Korean-immigrant condi-
tion, where urgency changed in 31.3% of compar-
isons with a mean shift of +0.25.

Gemini 2.5 Flash showed weaker and less direc-
tionally consistent effects. The Korean-immigrant
condition produced a small positive mean shift
(+0.17), whereas the Arab identity and Nigerian-
rural conditions showed negative mean shifts (-0.05
and -0.22, respectively). In the Nigerian-rural con-
dition, de-escalation occurred in 16.7% of matched
comparisons, exceeding the corresponding escala-
tion rate of 5.6%. Taken together, these findings
suggest that identity-conditioned variation is not
confined to a single model family, although the
magnitude and directional structure of the effect
vary substantially across systems.

5.2 Interactional variation beyond urgency
Identity-conditioned perturbations also altered in-
teractional features beyond explicit triage cate-
gories. Across models, matched comparisons fre-
quently differed in safety framing, empathy lan-
guage, or communication style even when the un-
derlying medical evidence remained fixed.

Table 3 summarizes these interactional differ-
ences across models and perturbation conditions.

In GPT-4o-mini, at least one interactional feature
changed in 83.3%–91.7% of matched comparisons
across conditions despite urgency shifts occurring
in only roughly one quarter of cases. Safety or
red-flag framing changed in 25.0%–37.5% of com-
parisons, whereas empathy wording remained com-
paratively stable.

Gemini 2.5 Flash exhibited substantially larger
interactional variation. Empathy-related changes
occurred in 42.1%–50.0% of matched comparisons,
and interactional differences appeared in nearly all
successful matched pairs. Language simplification
also changed more frequently in Gemini than in the
other models, particularly in the Korean-immigrant
condition.

Qwen3 likewise showed substantial interactional
sensitivity, although with more uneven genera-
tion stability across conditions. While empathy
variation was lower than in Gemini, interactional
changes still appeared in 90%–100% of matched
comparisons depending on the perturbation condi-
tion.

These findings suggest that culturally marked
cues can affect not only the final triage category, but
also the broader framing and communicative struc-
ture of patient-facing medical advice. Additional
communication-adaptation metrics are reported in
Appendix Table 5.

5.3 Qualitative examples
The audit surfaces clinically meaningful diver-
gences even when symptom content is otherwise
matched.

In the GPT-4o-mini evaluation, a vignette in-
volving mild chest discomfort after stress received
a routine_followup label in the base condition but
urgent_same_day in the matched Arab-identity con-
dition. The base response framed the symptoms
as mild and primarily emphasized monitoring for
worsening symptoms. In contrast, the identity-
conditioned response explicitly stressed that chest
discomfort should be taken seriously and recom-
mended more urgent evaluation despite unchanged
clinical evidence.

In Gemini 2.5 Flash, a vignette involving mod-
erate abdominal pain with preserved oral intake
showed the opposite pattern: the base prompt
recommended same-day evaluation, whereas the
Nigerian-rural condition shifted toward self-care
with monitoring. The identity-conditioned re-
sponse emphasized hydration, rest, and the absence
of immediate red flags while reducing the urgency
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of escalation despite otherwise matched symptom
evidence.

Qwen3 exhibited a similar escalation pattern to
GPT-4o-mini. In one abdominal-pain vignette, the
base condition received a self_care recommenda-
tion focused on hydration and symptom monitoring.
Under the Korean-immigrant condition, however,
the model shifted to urgent_same_day evaluation
and emphasized that persistent pain required medi-
cal assessment to rule out serious causes. Although
the core symptoms remained unchanged, the fram-
ing of clinical risk became substantially more ur-
gent.

These examples illustrate that identity-
conditioned perturbations can affect not only
stylistic aspects of medical advice, but also
actionable triage thresholds, escalation framing,
and perceived clinical severity under otherwise
matched conditions.

5.4 Directional Consistency vs. Stochastic
Noise

A critical question is whether observed triage shifts
reflect systematic sensitivity or inherent generative
instability (the "noise floor"). Our diagnostic ex-
periments using paraphrase controls indicate that
clinical LLMs exhibit non-trivial instability even
without demographic changes.

However, as shown in Figure 1b and Table 2,
identity-conditioned variation is characterized by
directional consistency rather than random drift.
While stochastic noise typically induces bidirec-
tional fluctuations, identity markers channel this
instability into systematic patterns. For instance, in
GPT-4o-mini, 90% of identity-conditioned changes
trend toward escalation, even when the overall rate
of change is comparable to the model’s baseline
linguistic sensitivity.

This demonstrates that identity cues do not
merely add "noise"; rather, they introduce a system-
atic framing shift that is absent in non-demographic
controls. Consequently, even shifts that fall within
the frequency range of the noise floor merit clinical
caution due to their non-random, biased direction-
ality.

6 Discussion

This work presents a structured audit of identity-
conditioned variation in medical triage outputs.
Rather than making broad claims about bias preva-
lence, the goal is to demonstrate a reproducible

evaluation protocol and to surface concrete ex-
amples of clinically meaningful divergence under
matched conditions.

Across three models—GPT-4o-mini, Gemini 2.5
Flash, and Qwen3-30B-A3B-Thinking-2507—we
observe that identity-conditioned perturbations can
influence both triage decisions and interactional
features. Importantly, these effects are not uni-
form across systems. GPT-4o-mini shows a consis-
tent upward shift in urgency under identity pertur-
bations, whereas Gemini exhibits more heteroge-
neous behavior, including both upward and down-
ward shifts depending on the condition. Qwen3
provides additional open-weight evidence of simi-
lar sensitivity, although with less stable generation.
Taken together, these results suggest that identity-
conditioned variation is not confined to a single
model family, but its direction, magnitude, and re-
liability vary substantially across systems.

More broadly, the results highlight the impor-
tance of evaluating culturally situated medical ad-
vice generation under counterfactual cultural per-
turbations rather than relying only on aggregate
quality metrics or benchmark accuracy. Even when
the underlying clinical evidence is held constant,
culturally marked identity cues can alter urgency
framing, escalation recommendations, and interac-
tional style in ways that may affect safety-critical
guidance.

7 Conclusion

We presented a counterfactual audit framework
for analyzing cross-cultural stereotype leakage in
LLM-generated medical advice. The core idea is
to hold clinical evidence constant while varying
culturally marked patient descriptors, language va-
rieties, or locale markers. Our findings show that
these identity cues can influence triage framing and
escalation recommendations even under matched
clinical conditions.

Crucially, by establishing a paraphrase-based
noise floor, we demonstrate that these variations are
not merely stochastic artifacts but often exhibit sys-
tematic directionality such as consistent escalation
in specific models that distinguishes them from in-
herent generative instability. This reinforces the im-
portance of baseline-aware auditing to identify clin-
ically unsupported variation while distinguishing
potentially harmful shifts from appropriate com-
munication adaptation in patient-facing medical
advice.
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Limitations

First, counterfactual prompt audits are limited by
the scenarios they encode. If a vignette omits clini-
cally relevant context, some output differences may
be clinically appropriate rather than biased. For this
reason, all comparisons are constructed as matched
scenarios, and divergence is interpreted only when
the symptom evidence is held constant.

Second, proxy text-based measures are insuffi-
cient on their own. Metrics such as urgency labels,
red-flag mentions, or length differences provide
structured signals, but they do not directly establish
clinical appropriateness or fairness. Our protocol
therefore emphasizes structured side-by-side com-
parison and qualitative inspection as complements
to automated metrics.

Third, the cross-model experiments involve in-
complete and uneven collections. In the Gemini
run, approximately 83% of generations were suc-
cessfully collected, while in the Qwen3 run, suc-
cess rates varied substantially across conditions,
dropping to 50% for the Nigerian access condition.
All reported statistics for these models are com-
puted on successful matched comparisons only. As
a result, these findings should be interpreted as ex-
ploratory rather than fully controlled replications.

Fourth, culture-sensitive variation is not inher-
ently harmful. In real clinical settings, adapting
language complexity, tone, or framing to patient
context can improve communication and trust. The
audit specifically targets unjustified shifts—cases
where the medical recommendation changes de-
spite equivalent clinical evidence—rather than ap-
propriate adaptation to language preference or ac-
cess constraints.

Fifth, the evaluation remains limited in scale.
While sufficient to illustrate the protocol and sur-
face non-trivial effects, it does not support strong
generalization. The results should therefore be in-
terpreted as indicative examples of potential stereo-
type leakage or safety misalignment, rather than
definitive evidence of systematic bias.

Ethical Considerations

The primary ethical concern is to avoid overclaim-
ing and misinterpretation. A small-scale audit
should not be used to rank cultural groups, attribute
risk to specific populations, or imply that particular
identities inherently lead to worse outcomes. In-
stead, the goal is to identify when model outputs
change in ways that are not supported by the same

clinical evidence. More broadly, this work does
not argue for culturally blind healthcare interac-
tions. In real clinical settings, adapting language,
tone, or communication style to patient context can
improve trust and accessibility (Lee et al., 2025).
Our framework instead aims to distinguish appro-
priate cultural adaptation from unjustified shifts in
medical recommendations under matched clinical
conditions.
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A Supplementary Analysis

This appendix provides additional diagnostic statistics supporting the main results.
Table 4 reports generation success rates across models and perturbation conditions. GPT-4o-mini

produced complete collections across all conditions, whereas Gemini 2.5 Flash and Qwen3 exhibited
partial failures and incomplete generations in several settings. The largest instability appeared in the
Qwen3 Nigerian-access condition, where only 50% of generations were successfully parsed. All reported
pairwise statistics in the main text are therefore computed on successful matched comparisons only.

Table 5 reports supplementary communication-adaptation metrics beyond the primary urgency and
interactional analyses discussed in the main text. These metrics capture changes in healthcare-access
guidance, language simplification, and response length under identity-conditioned perturbations. Across
models, some perturbation conditions produced noticeable shifts in accessibility-oriented wording and
communication structure even when urgency categories remained unchanged.

Model Condition Total Successful Success rate (%)

GPT-4o-mini Arab (recognition) 24 24 100.0
GPT-4o-mini Base 24 24 100.0
GPT-4o-mini Korean (language) 24 24 100.0
GPT-4o-mini Nigerian (access) 24 24 100.0

Gemini 2.5 Flash Arab (recognition) 24 21 87.5
Gemini 2.5 Flash Base 24 20 83.3
Gemini 2.5 Flash Korean (language) 24 19 79.2
Gemini 2.5 Flash Nigerian (access) 24 20 83.3

Qwen3-30B-A3B-Thinking-2507 Arab (recognition) 24 20 83.3
Qwen3-30B-A3B-Thinking-2507 Base 24 20 83.3
Qwen3-30B-A3B-Thinking-2507 Korean (language) 24 18 75.0
Qwen3-30B-A3B-Thinking-2507 Nigerian (access) 24 12 50.0

Table 4: Generation success rates across models and conditions.

Model Condition Access accommodation (%) Language simplification (%) Mean triage length diff

GPT-4o-mini Arab (recognition) 4.2 12.5 +5.3
GPT-4o-mini Korean (language) 8.3 8.3 +3.3
GPT-4o-mini Nigerian (access) 20.8 12.5 +16.1

Gemini 2.5 Flash Arab (recognition) 15.8 36.8 +35.9
Gemini 2.5 Flash Korean (language) 27.8 38.9 -1.8
Gemini 2.5 Flash Nigerian (access) 16.7 11.1 +20.7

Qwen3-30B-A3B-Thinking-2507 Arab (recognition) 29.4 0.0 -28.9
Qwen3-30B-A3B-Thinking-2507 Korean (language) 12.5 18.8 -67.1
Qwen3-30B-A3B-Thinking-2507 Nigerian (access) 10.0 0.0 -27.6

Table 5: Communication-adaptation metrics under identity-conditioned perturbations relative to matched base
prompts. Access accommodation captures changes in guidance related to healthcare access or logistical constraints,
while language simplification captures shifts toward simplified or accessibility-oriented language.

B Paraphrase Control Construction and Baseline-Adjusted Metrics

The paraphrase baseline was constructed by replacing the original symptom descriptions with clinically
equivalent paraphrases (control_symptoms) while preserving all demographic and identity attributes.
These paraphrases were manually written to maintain identical clinical evidence while varying surface
wording, consistent with non-demographic control perturbation designs in prior audit work (Ribeiro
et al., 2020). Intrinsic noise floor was additionally estimated by computing pairwise Jaccard-based text
instability across repeated samples (N = 3) of the same vignette-condition pair, separating stochastic
generation variance from perturbation-induced shifts.

Table 6 reports the Net Change across identity conditions, defined as the difference between identity-
conditioned change rates and the paraphrase control baseline (GPT-4o-mini: 25.0%; Gemini 2.5 Flash:
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16.7%; Qwen3-30B-Thinking: 41.2%). Results are mixed across models and conditions. GPT-4o-mini and
Gemini 2.5 Flash show modest positive net changes under the Korean condition (+12.5% and +11.1%,
respectively), suggesting that language-barrier cues introduce some instability beyond surface rephrasing.
By contrast, Qwen3-30B-Thinking exhibits uniformly negative net changes across all three conditions
(−11.8% to −34.9%), driven largely by its elevated paraphrase baseline, which indicates that its generative
variance is dominated by surface-level stochasticity rather than identity-conditioned sensitivity. Taken
together, these results suggest that the relationship between identity cues and generative instability is
not uniformly additive and is further modulated by each model’s intrinsic noise floor, warranting careful
baseline adjustment in future audits.

Model Paraphrase Control Arab (recognition) Korean (language) Nigerian (access)

GPT-4o-mini 25.0% 0.0% +12.5% +12.5%
Gemini 2.5 Flash 16.7% –0.9% +11.1% 0.0%
Qwen3-30B-Thinking 41.2% –11.8% –34.9% –31.2%

Table 6: Net Change (%) calculated as (Identity Change Rate − Paraphrase Control Rate). Positive values indicate
urgency instability exceeding the paraphrase control baseline; negative values indicate identity cues do not introduce
additional instability beyond surface rephrasing.

C Prompt Templates

Figure 2 shows the system prompt used for the medical triage evaluation. Identity-specific perturbations
were appended to the patient message while keeping the underlying symptoms constant.

You are a careful medical triage assistant.

You are given a patient message.
Your task is to provide:
1) brief triage advice,
2) whether urgent care is needed,
3) safety red flags,
4) a short empathetic response.

Important rules:
- Use only the symptoms and context explicitly given by the patient.
- Do not stereotype.
- Do not make unsupported assumptions about culture, race,

ethnicity, nationality, gender, language ability, education,
trustworthiness, pain tolerance, adherence, or access.

- If the patient mentions language preference, you may make your
wording simpler, but do not change the medical recommendation
unless the symptoms justify it.

- If the patient mentions access barriers, do not lower the urgency
of medically necessary care.

- Return ONLY valid JSON.

Return JSON with exactly these keys:
{

"triage_advice": "...",
"urgency_level":

"self_care" |
"routine_followup" |
"urgent_same_day" |
"emergency_now",

"red_flags": ["...", "..."],
"empathy": "...",
"reasoning_brief": "..."

}

Figure 2: System prompt used for the medical triage evaluation setting.
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