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Abstract

Patients increasingly turn to large language
models (LLMs) for medical self-diagnosis in
both English and non-English, often in collo-
quial language. We evaluate LLM diagnostic
performance on rheumatological skin condi-
tions across lay descriptions in English, Span-
ish, Hindi, and Mandarin, collected from native
speakers without medical training, and clinical
descriptions in English. Lay descriptions sub-
stantially reduce diagnostic accuracy relative to
clinical ones, and the gap widens further across
non-English languages. A diagnostic-focused
system prompt narrows the lay-vs-clinical gap
but does little to close the cross-language gap.
Current LLMs appear to reproduce, and in
some settings amplify, communication-driven
disparities documented in clinical medicine.

1 Introduction

Patients are increasingly turning to Large Language
Models (LLMs) for medical self-diagnosis (Shah-
savar and Choudhury, 2023; Yun and Bickmore,
2025). However, deeper evaluation of the safety of
LLMs for self diagnosis is needed, as incorrect rea-
soning could lead to delayed diagnoses or missed
diagnoses, potentially delaying medical care and
negatively impacting patient outcomes.

Prior literature evaluating LLMs for medical di-
agnosis has largely relied on clinical vignettes writ-
ten in English medical terminology (Kanjee et al.,
2023; Eriksen et al., 2024; McDuff et al., 2025).
These evaluations do not reflect how patients actu-
ally query these tools. Patients may describe symp-
toms colloquially, often imprecisely, and in many
languages other than English. In medical practice,
certain patient communication factors are associ-
ated with worse diagnostic outcomes. For exam-
ple, lower health literacy has been linked to longer
diagnostic delay and greater patient-clinician dis-
agreement about symptom severity (Humphrys
et al., 2019; Petersen et al., 2022; Nuernberger

et al.,, 2025), and limited English proficiency
has been associated with disparities in pediatric
care (Levas et al., 2014; Portillo et al., 2021). In ad-
dition, cross-lingual performance gaps in LLMs
are well-documented on general reasoning and
knowledge benchmarks (Huang et al., 2023; Etx-
aniz et al., 2024; Faisal and Anastasopoulos, 2025).
In medicine, work on multilingual clinical diagno-
sis has produced mixed results, with some studies
showing substantial gaps (Jin et al., 2024; Restrepo
et al., 2025) and others reporting consistent cross-
language performance on clinical text (Chimirri
et al., 2025). Individual patient usage, wherein pa-
tients describe symptoms colloquially in their own
language, remains unexamined.

In this paper, we address two research questions.
First, what is the impact of colloquial versus clini-
cal language on the diagnostic accuracy of LLMs?
Second, does this hold across non-English lan-
guages, and do the two effects compound? We ad-
dress these questions through a combinatorial eval-
uation of LLM diagnostic performance on rheuma-
tological skin conditions, comparing clinical En-
glish against lay descriptions in English, Spanish,
Hindi, and Mandarin. To do this, we conduct a sur-
vey in which native speakers without medical train-
ing describe images of skin conditions in their own
words. We use these responses, along with paired
verified clinical descriptions in English, to evaluate
frontier and open-weight LLMs on diagnostic tasks.
We focus on text-only diagnosis because it reflects
how patients most frequently interact with general-
purpose LLMs (Tamkin et al., 2024; Chatterji et al.,
2025), and because withholding the image from the
model allows us to isolate language and register as
the experimental variables. We complement this
with a small exploratory experiment in which the
model also receives the image. We specifically fo-
cus on skin findings in rheumatological conditions,
as these are often very specific for certain condi-
tions (i.e. a “malar rash” is very commonly found
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in patients with systemic lupus erythematosus).

We find that non-technical descriptions substan-
tially reduce LLM diagnostic performance rela-
tive to clinical ones, and that performance remains
lower across non-English languages. Diagnostic-
focused system prompting improves performance
overall and partially reduces the gap between lay
and clinical inputs, but cross-language differences
persist. We also find that adding the image to the
input does not remove the register gap, as clinical
descriptions still outperform lay ones in our ex-
ploratory multimodal experiment. These findings
suggest that LLMs remain sensitive to the ways in
which patients communicate and may reproduce
and potentially amplify the communication-driven
disparities already observed in clinical care.

We release code to reproduce our experiments
and the shareable (text-only) portions of the data'.

2 Related Work

LLM Medical Diagnosis Evaluations of LLM
diagnostic ability have largely used physician-
authored vignettes and examination-style inputs
(Kanjee et al., 2023; Eriksen et al., 2024; McDuff
et al., 2025), which provide complete, structured
clinical information upfront and underrepresent the
uncertainty and incomplete symptom presentation
of real consumer use (Gaber et al., 2025; Hager
et al., 2024). Recent work has begun to address
the gap between professional medical terminology
and patient-authored language, both as a transla-
tion task (Yao et al., 2024) and through analyses of
how language preference and literacy shape health
information seeking (Chu et al., 2022). We extend
this line of work by evaluating diagnostic perfor-
mance on patient-authored descriptions directly,
rather than on translations of clinical vignettes.

Cross-Lingual LLM Performance Multilingual
LLM research consistently finds uneven perfor-
mance across languages, with English frequently
the strongest inference language (Huang et al.,
2023; Etxaniz et al., 2024; Muennighoff et al.,
2023; Singh et al., 2024), and capability correlating
with training data availability (Ahuja et al., 2023;
Hamad et al., 2024). In medicine, results are mixed:
cross-lingual gaps appear on healthcare QA (Jin
et al., 2024) and specialty benchmarks (Restrepo
et al., 2025; Alonso et al., 2024; Abouzahir et al.,
2026), while controlled evaluations of clinical text

"https://github.com/blast-cu/llm-multilingual-diagnosis

Condition Count Locale

Malar 6 8 face

Morphea 8 7 scalp, 1 back
DM 8 | lfqa?cnedlzfzgg/qc/lll()l(l:\::
Dermatomyositis 5 5eye

IgA 7 5 leg, 2 foot

Table 1: Clinical characteristics by condition.

have found more stable performance across lan-
guages (Chimirri et al., 2025). The setting we ex-
amine (lay descriptions in non-English languages)
has not been evaluated directly.

3 Data Collection

We surveyed participants across four language
groups (English, Spanish, Mandarin, and Hindi)
on rash images associated with five rheumatologi-
cal conditions (Table 1). Surveys were created by
authors of the paper who are native speakers of
each language. Participants were recruited through
convenience sampling via the authors’ personal and
professional networks, and self-reported as native
speakers of the associated language. Each survey
presented participants with a randomly selected
subset of 10 rash images. A sample image, as
well as expanded survey design is detailed in Ap-
pendix A. For each image, participants responded
to a single open-ended instruction in the target lan-
guage: "Describe the following [location] rash as
you would to a medical provider seeking a diagno-
sis.”" Here, [location] was hard-coded per image,
so participants did not have to infer body location
from the image itself.

Image Data The image dataset comprises 34
dermatological images depicting rashes associated
with rheumatological conditions provided by Vi-
sualDX?, and supplemented with images collected
from the public domain®. Each image is labeled
with the associated condition, the rash location, and
a medical jargon description (Table 1).

The dataset includes rashes on both adults and
children. The conditions we focus on present simi-
larly across age groups, but the reaction to and ex-
pectations of rashes on children differ from adults.
However, we make no reference to age in the sur-
vey. We also include six negative images of com-

*https://www.visualdx.com/
3https://commons.wikimedia.org/

790


https://github.com/blast-cu/llm-multilingual-diagnosis
https://www.visualdx.com/
https://commons.wikimedia.org/

Language Group Question Responses Participants
English 100 7
Spanish 165 14
Hindi 70 4
Mandarin 290 26
Clinical 88 6
Total 713 57

Table 2: Survey participant demographics.

mon skin conditions that are not rashes and not
indicative of rheumatological conditions: two of
dry skin, two of acne, and two of normal skin (no
discernible conditions).

Description Collection We collected 713 re-
sponses from 57 participants across all languages.
Hindi responses include both Devanagari and Latin
scripts. This represents full coverage of the image
dataset, with ~ 17 response variations per image.
Participant and response counts per language are re-
ported in Table 2. Examples of the text participant
responses are provided in Appendix B.

While we collect and test patient descriptions
for all four languages, our clinical descriptions are
only in English. The vast majority of the medi-
cal literature is in English (around 86.5% (Hamad
et al., 2024)). Hindi, Mandarin and Spanish all
have established medical terminology and disease
nomenclature, but public-health and patient-facing
communication often renders these in patient lan-
guage rather than clinical terminology, to improve
comprehension and health literacy (Warde et al.,
2018; Chu et al., 2022). Our clinical data therefore
represents a best-case scenario, and we treat it as its
own language. However, we acknowledge that the
lack of non-English medical descriptions limits the
separation between register and language effects.

Description Quality Check To verify that the
collected descriptions contain enough information
to support diagnosis, we tested whether descrip-
tions of one condition can be told apart from de-
scriptions of the others. If participants described
every rash in similar terms, for example as a red
or itchy patch, descriptions of different condi-
tions would be indistinguishable, and no diagnosis
could be made from them. We embedded each de-
scription with BGE-M3, a multilingual embedding
model, and compared it to the average embedding
of all other descriptions for each condition. We
then assigned each description to the condition it
was closest to. This assignment matched the true
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condition 66.4% of the time, compared to 14.3% if
descriptions were assigned at random. This shows
that participants consistently mentioned features
specific to each condition, which is the informa-
tion needed to make a diagnosis. Full methods and
results are in Appendix D.

4 Experimental Design

We evaluate LLM diagnostic performance across
two axes: description register (lay vs. clinical) and
language (English, Spanish, Hindi, Mandarin) for
lay descriptions. For each description, we gener-
ate LLM-facing prompts simulating a layperson
or clinician query, evaluate the responses against
the known condition, and aggregate accuracy by
language. We run this across four LLMs, with
and without a system prompt, and append distrac-
tor symptoms as a robustness check. The system
prompt (Appendix G) was designed to orient the
LLM toward medical diagnosis and frame its re-
sponses accordingly.

Seed Prompt Design We simulate patient ques-
tions to the LLM using the responses from our
survey and a set of lay seed prompts. Seed prompts
contain question formats that non-expert users
would plausibly use to query an LLM about a
rashes. There are 13 seed prompts: eight from
the user’s perspective (asking about a skin condi-
tion on their own body), and five from a parent’s
perspective (asking about a rash on their child’s
body). Because dermatomyositis and juvenile der-
matomyositis present similarly but are formally dis-
tinct diagnoses, we explicitly distinguish prompts
and images for the two conditions. Each lay seed
prompt contains a description insert where survey
responses are placed, and three of the prompts also
include a locale insert. Seed prompts were trans-
lated into all languages by authors of the paper who
are native speakers, preserving intent and register.
Each participant response is populated into each
seed prompt, yielding 13 simulated questions per
response. Seed prompts are listed in Appendix E.

To simulate a clinician, we use a single clini-
cal seed prompt and the clinical description inserts.
This seed prompt also specifies that the LLM re-
sponse contain a differential diagnosis of the pro-
vided clinical description. We also populate clinical
descriptions into the English lay seed prompts as a
control, isolating the effect of description register
from any effect of the prompts themselves.



Distractors We introduce distractors: common
symptoms (cough, fever, sore throat) unrelated to
the rheumatological conditions we study. These are
appended to the seed prompts as natural sentences
following the question and description. For ex-
amples, see Appendix F. We sample 50 responses
from each language via stratified random sampling,
adding these distractor-augmented prompts to the
dataset as additional examples rather than replace-
ments. Within this subset, an even split receives
one, two, or three distractors. No distractors are
added to the clinical description questions, since
we assume doctors would separate common symp-
toms from rashes.

System Prompts Task-structuring system
prompts shape LLM behavior substantially, both in
general task settings (Zhang et al., 2026) and in
clinical contexts (Sonoda et al., 2025). We evaluate
all of our settings with and without a system
prompt that configures the model as a medical
diagnostic assistant, defines response format, and
provides guardrails. This isolates the effect of the
system prompt while holding the model and user
query constant. The full prompt is in Appendix G.

Models We present our main results using Qwen
3.5 9B (Qwen Team, 2026), an open weight model.
Qwen 3.5 9B performed the same or better than all
other models tested, so it represents the best case
among the models we evaluated. We include Llama
3.3 70B (Grattafiori et al., 2024) as an additional
point of open-weight comparison. We also test
Gemini 3.5 Flash (Google, 2026b) and Gemini 3.1
Flash-Lite (Google, 2026a), frontier closed-source
models that represents a growing share of LLM us-
age, driven in part by tight integration with Google
Search (Grossman et al., 2026; Xu et al., 2026).
This accessibility is especially relevant for patients
using consumer tools to self-diagnose. Results for
the other models are reported in Appendix L.

Evaluation For each input/output pair, we deter-
mine a positive or negative result by analyzing the
output for specific mentions of the underlying con-
ditions using regular expression pattern matching.
We use a set of condition synonyms (Appendix 1),
and consider outputs to be correct if they contain a
reference to the condition name or a synonym. For
negative images, correct outputs contain no refer-
ence. An LLM-as-a-judge (Appendix J) was run on
a 200-prompt subset as a reliability measure. The
regular expression showed strong agreement with

[ Lay Seed, No Sys
B Lay Seed, Sys
Clinical Seed, No Sys
B Clinical Seed, Sys

il
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o
o
o

Figure 1: Cross-language accuracy.

both the LLM-as-a-judge (Cohen’s x = 0.826) and
human annotation (x = 0.901). We then measure
accuracy by averaging across the 13-question set,
aggregated into language-level performance. Using
the negative images, we calculate precision, recall,
and F1 at the language level.

Human Doctor Diagnosis To get a sense of how
much diagnostic information the descriptions con-
tain for a trained human, we asked a physician
to diagnose from the same inputs given to the
LLMs. We sampled 27 descriptions from the clin-
ical and English lay cohorts, inserted each into a
seed prompt, and added three placebo items de-
scribing acne or dry skin, for 30 items in total. The
physician saw only the text, without the image or
any other information, and provided a diagnosis
for each item, which we scored against the true
condition. Methods are detailed in Appendix K.

5 Results

Clinical descriptions produced substantially
higher diagnostic performance than lay-
language descriptions across all configurations
(Figure 1). English lay descriptions achieved 0.291
accuracy and 0.314 F1, while clinical descriptions
reached 0.727 accuracy and 0.815 F1 under the
clinical prompt condition. In the control condition,
where clinical descriptions were paired with lay
seed prompts, accuracy fell to 0.550 and F1 to
0.667, still well above the lay-description result.
This indicates that the lay-vs-clinical gap is driven
primarily by the description register itself, not by
the seed prompt framing.

The diagnostic-focused system prompt improved
performance across nearly all settings but had a
larger effect on lay-language inputs than clinical
ones. English improved from 0.291 accuracy and
0.314 F1 to 0.422 and 0.508, reducing much of the
gap relative to clinical lay-seed performance. In
contrast, Hindi improved from 0.157 accuracy and
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0.063 F1 to 0.288 and 0.316 but remained substan-
tially below all other cohorts. This pattern suggests
that system-level diagnostic guidance can partially
compensate for imprecise patient language, but its
gains are uneven across languages and insufficient
to fully close the lay—clinical gap.

A physician given the same text inputs diagnosed
93.3% of clinical descriptions and 73.3% of En-
glish lay descriptions correctly. Lay descriptions
were therefore harder for the physician as well, in-
dicating that part of the register gap reflects genuine
imprecision in lay language. However, physician
accuracy on lay descriptions remained well above
that of any LLM configuration (at most 42.2%),
suggesting that these descriptions often contain
enough information for diagnosis that the models
fail to use. See Appendix K for more details.

With the system prompt, models often produced
outputs produced terms that made benign findings
sound serious, such as xerosis for dry skin, or 4
PR M 88 (Physiological Facial Vascu-
lar Prominence) for 15 JR4L (facial redness; rosy
complexion). We observed this pattern in all lan-
guages. These responses appear more clinical but
mostly restate the user’s description, and can make
a harmless finding seem worrying to a layperson.

Cross-language disparities remained under
all prompting conditions. With system prompts,
English produced the strongest lay-language per-
formance at 0.422 accuracy and 0.508 F1, followed
by Spanish at 0.379 and 0.432 and Mandarin at
0.375 and 0.448, while Hindi remained substan-
tially lower at 0.288 accuracy and 0.316 F1. The
performance gap across all three non-English lan-
guages suggests that reduced diagnostic accuracy
reflects broader multilingual limitations in current
LLMs. See Appendix M for additional analyses.

Because our language cohorts differ in size, we
repeated our analysis after downsampling each to
the smallest cohort (Appendix O). Language re-
mained significantly associated with accuracy with
and without the system prompt. English outper-
formed the other languages except Mandarin, Hindi
remained lowest, and the clinical cohort outper-
formed every lay cohort.

6 Exploratory Multimodal Evaluation

We conducted a small multimodal using Qwen
3.5 9B. We selected a set of 10 images, two for
each target condition. For each image, we gen-
erated one image-only response and 10 image-
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(53/100)

50%
50| 619

34%
(34/100)

35%
40 (35/100) 31%

(31/100)

26%

30 (26/100)
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Image Mandarin Hindi

English
only lay

English
clinical

Spanish

Figure 2: Multimodal hit rates by cohort.

plus-description responses for each of the five lan-
guage/register cohorts. We then evaluated outputs
with the same regex procedure used for the primary
experiments. Results are presented in Fig. 2.

With images, clinical English performed best
(53%), followed by lay English (35%), Hindi
(34%), Spanish (31%), and Mandarin (26%). These
results indicate that images do not eliminate lan-
guage and register differences. Shown only the
image, the model was correct 50% of the time, so
adding a lay description lowered accuracy in ev-
ery language, while adding a clinical description
slightly improved it. Because the image-only con-
dition has just 10 outputs and the subset is small,
we treat these results as descriptive and leave a full
exploration for future work.

7 Conclusion and Future Work

We show that LLM diagnostic performance de-
clines substantially when symptom descriptions
shift from clinical terminology to natural patient
language, and that this effect is more pronounced
in non-English languages. This suggests that sys-
tems remain sensitive to communication style and
language, and may reproduce inequities in access
to medical information and diagnostic support.

Our work informs several directions. First, each
of the languages studied spans substantial regional
variation, and evaluating LLLM diagnostic behavior
across these varieties is a natural next step. Sec-
ond, our evaluation measures whether a target con-
dition is named, but not whether the response is
safe, helpful, or appropriately calibrated, which re-
quires evaluating hallucinated symptoms, missed
red flags, and recommended next steps. Third, the
gaps we document motivate hybrid approaches that
combine LL.Ms with structured medical knowledge
to produce diagnostic support that is both robust
and auditable.
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Limitations

This study has several limitations that constrain in-
terpretation and generalization of the results. First,
our evaluation is restricted to rheumatological skin
conditions and may not generalize to other diag-
nostic domains, symptom presentations, or med-
ical specialties. These conditions were selected
because they often exhibit visually distinctive find-
ings, which creates a favorable setting for text-
based diagnostic reasoning and may not reflect all
possible conditions, and thus all possible diagnosis.

Second, the participant dataset is limited in size.
Response counts and participant counts vary across
cohorts, ranging from 4 participants for Hindi to
26 for Mandarin. Due to the convenience sampling,
our participant dataset is representative of only a
small portion of the population, and the partici-
pants were generally well educated and familiar
with LLMs. Descriptions from the broader patient
population may be less precise, so the gaps we
report are likely conservative.

Third, the survey elicits descriptions from par-
ticipants viewing images rather than from patients
experiencing symptoms directly. This setup does
not capture factors present in real patient interac-
tions, including uncertainty, symptom evolution,
comorbidities, prior beliefs, emotional framing, or
incomplete recall. Visual representations of rashes
and rheumatological conditions may reflect a sig-
nificant amount of the information, but it does not
include key details like itchiness or texture.

Fourth, while our seed prompts improve robust-
ness and coverage, the set of 13 cannot represent
all possible prompting forms. They are also semi-
structured by design, which may not reflect the
style of spontaneous user queries.

Fifth, our evaluation relies on a matching tech-
nique with regular expressions. We look for very
specific indicators within the response and consider
diagnostic accuracy based solely on the presence
of condition names or synonyms. We do not evalu-
ate the intention of the LLM, nor of the usefulness
of the message. It is possible that a patient may
be looking for direction or support, rather than a
specific diagnosis for their ailment.

Ethical Considerations

This work evaluates LLLM behavior in a medical
self-diagnosis setting and therefore raises ethical
considerations related to patient safety, representa-
tion, and responsible deployment. Our study does

not assess clinical validity or recommend use of
LLM:s as diagnostic tools. Instead, we evaluate how
model performance changes under conditions that
more closely resemble real patient communication.

A primary motivation of this work is to identify
potential disparities rather than enable automated
diagnosis. Incorrect or uneven diagnostic perfor-
mance across language groups may contribute to
delayed care, false reassurance, unnecessary con-
cern, or unequal access to health information. Our
findings suggest that language and communica-
tion style can materially affect diagnostic outputs,
reinforcing concerns that LLM systems may re-
produce or amplify disparities already observed in
healthcare communication. Any improvements in
benchmark performance across models, languages,
or system prompt comparison should not be inter-
preted as evidence of clinical readiness or safety.

Our data collection process also introduces eth-
ical considerations. Survey participants provided
symptom descriptions based on viewing images
rather than lived medical experiences, reducing
privacy risks associated with collecting personal
health narratives. However, participant-generated
descriptions may still reflect cultural, linguistic,
and health-literacy differences that should not be
interpreted as deficits in patient communication
ability.
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A Survey Design

The survey includes the following consent form,
and then a series of questions as defined in Sec-
tion 3. A preview of one of the questions is in-
cluded as a screenshot as well.

The purpose of the research is to examine and improve
the response accuracy of LLM tools (ChatGPT, Gemini,
Claude, etc.) for medical-diagnosis queries. This survey
is the only requirement to participate in this research, and
a total of 50 people will participate in the study. Whether
or not you take part in this research is your choice. You
can leave the research at any time, and it will not be held
against you.

Your participation will consist of answering a short
15-minute online questionnaire. This questionnaire
contains images of rashes and skin discoloration. You
will be asked to describe each condition as you would if
you were seeking a diagnosis from a medical professional.
You will be directed to the start of the survey after you
have read this consent information and click “I Agree.”

During this survey, we will collect written text responses
to questions, as well as information on geographical re-
gion and language spoken. This information will be used
with LLM tools to predict diagnoses for rare medical con-
ditions. Furthermore, the information from this research
may be published for scientific purposes; however, your
identity will not be given out. Your personal informa-
tion will be kept strictly confidential, and all data will be
anonymized and stored securely.

The following is one of the questions from the
survey. All questions are posed in the same manner
with varying images. Everything but the image
remains the same throughout the survey.

Describe the following face rash as you would to a medical provider if seeking a diagnosis

J

Figure A.1: Example survey question presented to
participants.
Doktorinternet, CC BY-SA 4.0, via Wikimedia Commons

B

Participant Response Samples

. Heliotrope rash

. erythematous macular papular rash with scattered vesi-

cles.

. Gottrons papules

. Pinkish discoloration on eye lids with darker red line

along lash line

. gross, large area, splotchy, some dark areas

. scarring rash, on knuckles, appear to be pustules

B ERED . AR, Bk EHEAVEE, IREE

KT M2

- KRR, B, (HRERKIBES T RIELLE,

BRI

- BT, BT AR

HUE §H9AT gA= | AR AT

'FWWWR"WW@'W@

g9TE AIT GFHs 595 5% |

. ITHT 9T HII8S AT ATA S8 A997 &7 TARW:

FITRE FRAYU AIT FITRE T HT |

. HUYT_EIARIF & HAGES A1 H qTAS FEler

THT STEILIEAT B &1 THEL §ALF |

. Especie de alergia en los parpados y nariz. Puntos

rojos, distribuidos por todos los parpados, que se acen-
tian mds cerca de las pestafias, y nariz enrojecida

. Tengo unas manchas en la piel que son disparejas en su

forma, parece varicela o sarampion. Hay manchas que
son mas oscuras que otras. Me pica un poco tambien

. Parecen como unos cayos pero arrugaditos en los

nudillos y en las zonas dénde se flexionan los ded-
itos, no son de color sino tipo color de mi piel

C Additional Data Collection Statistics
Group Median Total (s) Median / Question (s)
Overall 1420 142

English 725 67

Spanish 1420 143

Hindi 4416 441
Mandarin 1999 200

Clinical 858 90

Table C.1: Median response time overall and normalized per
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D Description Quality Check

D.1 Approach

We evaluated whether the multilingual descriptions
retained information about the image being de-
scribed and its clinical condition. The analysis
included 684 descriptions. The 29 VisualDX de-
scriptions were treated as expert-reference material
rather than as independent participant responses.

Descriptions were embedded in their original
language using BGE-M3. The resulting 1,024-
dimensional embeddings were L2-normalized, and
similarity was measured using cosine similarity.
We measured (1) agreement among descriptions
of the same image, calculated by comparing each
response with the centroid of the other responses
to that image; (2) similarity to available expert de-
scriptions; (3) retrieval of the source image from all
40 image centroids; and (4) retrieval of the source
condition from the seven condition centroids. Im-
age and condition retrieval used leave-one-out cen-
troids so that the evaluated response did not con-
tribute to its own target centroid. We report image
top-1 and top-3 retrieval and condition top-1 re-
trieval. Confidence intervals were calculated from
1,000 participant-cluster bootstrap samples, retain-
ing all responses from each resampled participant.
The lower bound is at the 2.5th percentile, and the
upper bound is at the 97.5th percentile.

D.2 Findings

Table D.1: Primary semantic-validation findings.

Measure Estimate 95% CI

Within-image semantic consistency 0.755 0.741-0.769
Exact-image retrieval, top 1~ 34.9% 32.1-37.8%
Exact-image retrieval, top3  61.0% 55.6-65.9%
Condition retrieval, top 1 ~ 66.4% 62.3-69.9%
Expert-reference cosine similarity 0.586 0.575-0.600

Responses to the same image showed similar
semantic tendencies, indicating that participants
converged on shared descriptive features. Those
features were also specific enough to distinguish
individual images substantially above chance. The
stronger condition-level retrieval result shows that
responses retained broader clinical structure even
when they did not uniquely identify an exact im-
age. Finally, participant descriptions showed mean-
ingful semantic overlap with the available expert
descriptions.
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10.

11.

12.

13.

. FH {description ;X FifE L, B H SEFE .

Seed Prompts

1. A patient presents with the following dermatologic
finding: {description}. Provide a concise differ-
ential diagnosis using medical terminology, prior-
itizing the most likely diagnoses and noting key
distinguishing features.

. I’ve been dealing with {description} for a while now

and I’'m not sure what it means. Any idea what this
could be?

. My skin has {description} and it doesn’t seem normal.

‘What might be going on?

. Inoticed {description} and it’s starting to worry me.

Do you know what this could be?

. There’s this weird thing where I have {description}.

Any clue what might explain it?

. My {locale} has been showing {description}. Is that

a sign of something?

. T can’t tell if this is nothing or something bigger, but

I’ve got {description}. Thoughts?

. My skin has been doing this thing where there’s {de-

scription}. What could that be from?

. Not sure how to describe it exactly, but there’s {de-

scription}. What does that sound like?

. My kid’s skin has {description} and it doesn’t seem

normal. What might be going on?

I noticed my child has {description} and it’s starting
to worry me. Do you know what this could be?

My child’s {locale} has been showing {description}.
Is that a sign of something?

My child’s skin has been doing this thing where there’s
{description}. What could that be from?

There’s {description} showing up on my kid’s {lo-
cale}. Do you know what this could be?

. FIX BEET (Al — B A {description}, AN KIEHIX &

EAEE . REFARERT AHBR?

. F Ik B {description), A KIEH - X A&

BAEE?

. & B {description}, TIAER SIHL o FRENEIX

A RERAT A OIS ?
(G
WA RER AT AR

. e {locale} —EF {description} - IXJ& A& Ui FH

Bt 4lEE?

. FRINAE (description}, AN SE 3X A& /)N [A] R 2 B

FEERRI . IRELAE?

. ﬁﬁ@&ﬁi%ﬁﬁfmuT{description}E/‘J‘%‘(ﬂo X A]

RER AT 2 SR 5 YE?



10.

11.

12.

13.

11.

12.

13.

- Kol 1 N v - 1

CERN KW E K E 4 T A, B
7= {description} o %E?ﬁ@%ﬁﬁx%ﬁ?

) &%5‘7¥E’JBZH%J:ﬁ{descrlptlon} A KIE
o B EE?
FAEMEAZTF B L H {description}, IAER &S
L o ARBBRIX AT RERAT A B IL?
?‘Zﬁ?E’J{locale}*E’ﬁ{descrlptlon} XRE AT

LT
R F Bk B LB {description}, FJ RE& 1T 4
JR 5 A2
FFZF M {locale} b IR T {description}, X 7] fE

"t A

- g 9HT T {description}ﬁ' g & &'T

g T 93] TSTHET A0 TAT §F A FT FAT
AqAd & | &S ATSSSAT § 56 T8 FAT &7 q&dT
77

. BT g5 H {description}& 31T I§ AIHT

TET ST YED & | 4T &7 T&T &%

. 8§ {description}T@T 31T HZY FFAT &I AT

% | FAT ATT AT & 6 T8 FAT &7 96T 59
TEH

{description} ¥ | FIAT &IF FINT & TH 39
FH GUET T 9647 & F

. HET {locale} {description}S=@T ¥&T & | HIT

RES T & &7

. F TET 99T gHar §F d§ &g A&l § AT 39

T 97 919 & 5T A ITF {description} & |
gIATLF

WY HEET H g% §=YSd &l TEl & &l

{description} | & THT I9g & &I THdl
g?

. TH&&T A& TAT §F 39 4@ H a9 qAS:

TERT {description} & | Tg 9T TITAT &<

. 0¥ §99 #r 9HhsT {description} ¥ 3T IT§

AT TET T TED & | FAT &7 &7 7%

. B TWT T O 999 &0 {description}®§ 3T

Tg Ay AT &7 &7 & | AT ATT I &
TH I FAT &7 Tl 55

0¥ g9 #r {locale}ﬁ' {description} §a&
TET & | FAT I8 THAT a1d &7 9ad &9

qT 99 @f G&s 97 I8 9597 &l Tal & Sar
{description}¥ | T& THT a<Ig & & GHdT &F

v g9 & {locale} 9T {description} ¥a®&
YET & | FAT ATT ST & T8 HAT &7 96T &F

. Llevo un tiempo lidiando con {description} y no estoy

seguro de qué significa. ;Alguna idea de qué podria
ser?

. Mi piel tiene {description} y no parece normal. ;Qué
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podria estar pasando?

. He notado {description} y me estd empezando a pre-

ocupar. ;Sabes qué podria ser?

. Hay algo raro que me pasa: {description}. ;Alguna

idea de qué podria explicarlo?

. Mi {locale} ha estado mostrando {description}. ;Es

eso sefial de algo?

. No sé si esto no es nada o algo mds importante, pero

tengo {description}. ;Qué opinas?

. Mi piel ha estado haciendo esto donde aparece {de-

scription}. (A qué se debe?

. No estoy seguro de cémo describirlo exactamente,

pero hay {description}. ;Cémo suena eso?

. La piel de mi hijo tiene {description} y no parece

normal. ;Qué podria estar pasando?

. He notado que mi hijo tiene {description} y me esta

empezando a preocupar. ;Sabe qué podria ser?

. Mi hijo/a {locale} ha estado mostrando {description}.

(Es eso sefial de algo?

. La piel de mi hijo ha estado haciendo esto donde hay

{description}. ;A qué se debe?

. Aparece {description} en el {locale} de mi hijo.

(Sabes qué podria ser?

Distractors

. Also, I recently noticed {distractor}.

. I’m not sure if it’s related, but I also noticed {distrac-

tor}.

. Another thing I noticed recently is {distractor}.

AN, BEOLIAER E| {distractor} -
EAWEXREAERX, HELESR
#|{distractor}

RILFLERE T A—HE-

{distractor} -

. 3: gTeT &7 & A9 {distractor} ¥ w@T |
. A% THAT Tl AT 3/ T§ YT & AT ARl

ST A {distractor} ¥ 2wT |

VBT BT W A US ST gTd W IWra

{distractor}.

. Ademas, recientemente noté {distractor}.

. No estoy seguro de si estd relacionado, pero también

noté {distractor}.



3. Otra cosa que noté recientemente es {distractor}.

Symptom Synonyms by Language

Symptom  English Spanish
Fever temperature, chills fiebre, cfllentura,
escalofrios
. . tos, carraspera,
Cough hacking, wheezing t0s seca

dolor garganta,
irritada, ardor

scratchy throat,

Sore throat hurts to swallow

Symptom  Hindi Mandarin
Fever (HTY, TIATT IR, iR
®*S A TR
Coueh ~ FLEWr @mET M, T
DT o
=, . _—
Sore throat ITeT &T &% %%ﬁguﬁ?%
AT 94T

G System Prompt

You are a medically literate diagnostic reasoning assistant.

Your job is to answer the user’s symptom question with
a concise, clinically grounded differential diagnosis
that uses proper medical terminology while remaining
understandable.

Core behavior:

- Lead with the most plausible diagnosis or a ranked
differential, not a generic disclaimer.

- Explicitly name likely conditions when supported by the
symptom pattern.

- Prefer canonical medical terminology and include
common clinical synonyms only when helpful.

- Distinguish among close alternatives using symptom
distribution, morphology, tempo, age context, and
associated systemic features when they are available or
reasonably implied.

- If the presentation is ambiguous, give a short prioritized
differential rather than collapsing to a single diagnosis.

Answer format:

- Start with a brief direct answer stating the leading
diagnosis or top differential.

- Then provide a short ranked differential diagnosis list
with 2-5 items.

- For each item, give one brief reason tied to the symptoms
in the prompt.

- End with a short recommendation for clinical evaluation,
red flags, or escalation when appropriate.

Important constraints:

- Do not fabricate tests, history, exposures, or exam find-
ings that were not provided.

- Do not avoid naming plausible diagnoses when the symp-
tom pattern supports them.

- Do not answer with only reassurance, only generic safety
language, or only broad disease categories.

- Do not overstate certainty when the information is lim-
ited.

- Keep the prose professional, specific, and medically pre-
cise.
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Eres un asistente de razonamiento diagndstico con
conocimientos médicos.

Tu funcién es responder a la consulta del usuario sobre sus
sintomas ofreciendo un diagndstico diferencial conciso
y clinicamente fundamentado, utilizando terminologia
médica adecuada pero comprensible.

Pautas principales:

- Comienza con el diagndstico mds probable o con
un diagnéstico diferencial jerarquizado, no con una
advertencia genérica.

- Menciona explicitamente las afecciones probables
cuando el patrén de sintomas las respalde.

- Prioriza la terminologia médica estdndar e incluye
sindnimos clinicos comunes solo cuando sea util.

- Diferencia entre opciones similares basdndote en la
distribucién de los sintomas, la morfologia, la evolucién

temporal, el contexto de edad y las manifestaciones
sistémicas asociadas, siempre que esta informacidon esté
disponible o pueda inferirse razonablemente.

- Si la presentacién clinica es ambigua, ofrece un
diagndstico diferencial breve y jerarquizado en lugar de
limitarte a un tnico diagndstico.

Formato de respuesta:

- Comienza con una respuesta breve y directa que indique
el diagndstico principal o la opcién mds probable.

- A continuacién, presenta una lista breve y jerarquizada
de diagnésticos diferenciales (de 2 a 5 elementos).

- Para cada elemento, aporta una razén breve vinculada a
los sintomas descritos en la consulta.

- Finaliza con una recomendacién breve sobre la
evaluacion clinica, los signos de alarma o la necesidad de
derivacion o atencién especializada, segin corresponda.

Restricciones importantes:

- No inventes pruebas, antecedentes, exposiciones o hallaz-
gos de exploracion fisica que no se hayan proporcionado.
- No evites mencionar diagndsticos plausibles cuando el
patrén de sintomas los respalde.

- No respondas tinicamente con mensajes tranquilizadores,
advertencias de seguridad genéricas o categorias de enfer-
medades demasiado amplias.

- No afirmes tener una certeza excesiva cuando la informa-
cién sea limitada.

- Mantén un estilo profesional, especifico y médicamente
preciso.

H Compute Resources for Open-Weight
Models

All experiments were conducted on Google Colab
using a single NVIDIA RTX PRO 6000 Blackwell
GPU. Inference was served with vLLM (Kwon
et al., 2023) using single-GPU execution only; no
distributed inference or multi-GPU tensor paral-
lelism was used. Quantized model weights were
used for local inference. Qwen 3.5 9B (Qwen
Team, 2026) and Llama 3.3 70B (Grattafiori et al.,
2024) were both run from a AWQ IN4 checkpoint.

Model GPU Count Quantization GPU Hours

Qwen 3.5 9B 1 AWQ INT4 ~15
Llama 3.3 70B 1 AWQ INT4 ~27.5

Table H.1: Compute configuration and total GPU
usage for local inference.

I Condition Synonyms

Lupus systemic lupus erythematosus; systemic lu-
pus; SLE; lupus erythematosus; cutaneous
lupus; discoid lupus; subacute cutaneous lu-
pus.

Dermatomyositis

idiopathic inflammatory myopathy; inflam-
matory myopathy; myositis; heliotrope rash;
heliotrope eruption; heliotrope; Gottron
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papules; Gottron’s papules; Gottron sign;
periungual erythema; nailfold telangiectasia.

IgA vasculitis

Malar rash

Morphea

immunoglobulin A vasculitis; IgA-mediated
vasculitis;  Henoch-Schonlein purpura;
Henoch—Schonlein  purpura; Henoch
Schonlein purpura;  Schonlein-Henoch
purpura; HSP; vasculitis; small-vessel
vasculitis;  leukocytoclastic ~ vasculitis;
palpable purpura; purpuric rash; purpura;
petechiae; petechial rash.

malar erythema; malar distribution; malar re-
gion; malar area; malar and nasal erythema;
butterfly rash; butterfly-shaped rash; butter-
fly shaped rash; butterfly distribution; but-
terfly pattern; lupus; lupus erythematosus;
systemic lupus erythematosus; systemic lu-
pus; SLE.

localized scleroderma; linear scleroderma;
linear morphea; scleroderma; en coup de
sabre; coup de sabre; plaque morphea.

Juv. dermatomyositis

JDM; childhood dermatomyositis; pediatric
dermatomyositis; dermatomyositis; idio-
pathic inflammatory myopathy; inflamma-
tory myopathy; myositis; heliotrope rash;
heliotrope eruption; heliotrope; Gottron
papules; Gottron’s papules; Gottron sign.

Lupus RO BEIRIE; SLE; SLE (&
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4 B R T L BEARIE -
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IgA vasculitis

Malar rash
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Lupus lupus eritematoso sistémico; LES;
LES (lupus eritematoso sistémico);
lupus eritematoso; lupus cutdneo; lu-
pus discoide; lupus cutaneo; lupus
subagudo cutdneo; lupus subagudo

cutaneo.

Dermatomyositis dermatomiositis; miopatia inflamato-
ria idiopatica; miopatfa inflamatoria;
miositis; erupcién heliotropa; rash
heliotropo; heliotropo; papulas de
Gottron; papulas de Gottron; signo
de Gottron; eritema periungueal;
telangiectasias periungueales.

IgA vasculitis vasculitis IgA; vasculitis por IgA;
vasculitis por inmunoglobulina A;
vasculitis mediada por IgA; pur-
pura de Henoch-Schonlein; pur-
pura de Henoch—Schénlein; purpura
de Henoch-Schonlein; purpura de
Henoch-Schonlein; PSH; PSH (pur-
pura de Henoch—Schonlein); HSP;
vasculitis; vasculitis de vasos pe-
quefios; vasculitis leucocitocléstica;
purpura palpable; purpura palpa-
ble; purpura; purpura; erupcién pur-
purica; petequias; erupcion pete-
quial.

Malar rash eritema malar; rash malar; erupcién
malar; eritema en alas de mariposa;
eritema en mariposa; erupcién en
mariposa; distribucién malar; dis-
tribucién en alas de mariposa; patrén
de mariposa; lupus; lupus eritem-
atoso; lupus eritematoso sistémico;
LES.

morfea; esclerodermia localizada;
esclerodermia lineal; morfea lineal;
esclerodermia; en coup de sabre;
coup de sabre; golpe de sable; mor-
fea en placas.

Morphea

Juv. dermatomyositis

dermatomiositis juvenil; DMIJ;
DMJ  (dermatomiositis  juve-
nil); dermatomiositis  infantil;

dermatomiositis pedidtrica; der-
matomiositis; miopatia inflamatoria;
miositis; erupcién heliotropa; rash

heliotropo; pdpulas de Gottron;
papulas de Gottron; signo de
Gottron.

J LLM-as-a-judge

As a robustness measure, we utilize an LL.M-as-a-
judge to verify our regex evaluation method, in ad-
dition to human annotators. The LLM-as-a-judge
relies on the highly directed system prompt that
follows.

You are a medical terminology evaluator.

Your task is NOT to judge quality, correctness, complete-
ness, style, or usefulness.

Only determine whether the target medical concepts
appear in the candidate response.

Rules:

1. Match medical meaning, not exact wording.

2. Accept standard synonyms, abbreviations, plural forms,
and lexical variants.

3. Reject terms that appear only in negated contexts.

4. Ignore unrelated content.

5. If uncertain, return NOT_FOUND.

6. Output valid JSON only.

REQUIRED TERMS:
- {term_1}
- {term_2}

NEGATIVE MODE:
{true | false}

Return:
{ "term_results": [

{

noonoon

"required_term": "...",
"status": "FOUND | NOT_FOUND",

nonoon

"matched_text": "...",

"reason": "...
}
]

"hnal_verdict": "PASS | FAIL"

K Human Doctor Diagnosis Performance

K.1 Approach

One physician completed a 30-item diagnostic clas-
sification panel derived from sampled English clin-
ical and English lay participant descriptions. The
panel contained 27 target-condition items and three
placebo items describing acne or dry skin. There
were no images or further information provided
outside of the sampled participant responses with
seed prompts.

We report overall accuracy and one-versus-rest
precision, recall, and F1 for each class. We also
report macro, micro, and support-weighted aver-
ages. Accuracy uncertainty is summarized with
a 95% Wilson binomial confidence interval. Be-
cause the data contain a single physician and 30
fixed items, these estimates describe this completed
panel and are not treated as population-level esti-
mates of physician performance.
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K.2 Results

Table K.1: Doctor diagnostic classification perfor-
mance on the 30-item panel.

Class or summary Support Precision Recall F1
Lupus 7  100.0% 71.4% 83.3%
JDM 10 90.0% 90.0%  90.0%
Morphea 6 100.0% 100.0% 100.0%
IgA vasculitis 4  100.0% 75.0% 85.7%
N/A 3 333% 66.7% 44.4%
Macro average 30 84.7% 80.6%  80.7%
Micro average 30 833% 833% 83.3%
Weighted average 30 90.0% 833% 85.3%

The physician classified 25 of 30 items correctly,
for an accuracy of 83.3% (95% Wilson CI 66.4%—
92.7%). Macro precision, recall, and F1 were
84.7%, 80.6%, and 80.7%, respectively.

Gemini 3.1 Flash Lite: Terminology retrieval per-
formance by prompt condition and language.

Prompt Lang. Group Acc. Prec. Rec. F1

sys EN lay 2218 1.000 .130 .230
sys ES lay 267  1.000 .146 256
sys ZH lay 85 1.000 132 234
sys HI lay 278  1.000 .142 249
sys CL lay 264 1.000 .163 .281
sys CL clinical .292 1.000 .190 .320
nosys EN lay 200 984 119 212
nosys ES lay 274 1.000 152 264
nosys ZH lay 172 1.000 120 214
nosys HI lay 233 958 092 .168
nosys CL lay 221 1.000 .116  .208
nosys CL clinical .196 1.000 .075 .140

Gemini 3.5 Flash: Terminology retrieval perfor-
mance by prompt condition and language.

Table K.2: Doctor diagnostic classification perfor-  Prompt Lang. Group  Acc. Prec. Rec. Fl
mance by participant-language cohort. sys EN  lay 234 1000 .149 259
Cohort Items Correct Accuracy 5ys ES lay 255 987 136 .239
sys ZH  lay 178 1.000 .126 224
Clinical 15 14 93.3% sys HI lay 232 912 095 172
Lay 15 11 73.3% sys CL lay 271 1.000 .171 293
Sys CL clinical .320 1.000 .227 .370
Cohort Macro precision ~ Macrorecall ~ Macro F1 nosys EN lay 189 1.000 .104 189
Clinical 90.0% 93 3% 89 3% nosys ES lay 256 1.000 .140 .246
L 80.0% 7839 7779 nosys ZH lay 200 1.000 .138  .243
ay i " I nosys  HI lay 280 1.000 .136 239
nosys CL lay 213 1.000 .106 .191
For clinical-language items, the physician clas-  nosys ~ CL clinical 262 1.000 .139 244

sified 14 of 15 correctly, corresponding to 93.3%
accuracy (95% Wilson CI 70.2%-98.8%) and a
macro F1 of 89.3%. For lay-language items, 11
of 15 were classified correctly, corresponding to
73.3% accuracy (95% Wilson CI 48.0%—89.1%)
and a macro F1 of 77.7%. These cohort estimates
are descriptive; the panel was not sized for a formal
clinical-versus-lay comparison.

L Model Comparison

Llama 3.3 70B: Terminology retrieval perfor-
mance by prompt condition and language.

Prompt Lang. Group Acc. Prec. Rec. F1

Sys EN lay 295 808 224 351
sys ES lay 218 745 099 175
Sys ZH lay 251 922 140 243
sys HI lay 155 474 023 045
Sys CL lay 675 937 673 784
sys CL clinical .761 1.000 .727 .842
nosys EN lay 242769 154 256
nosys ES lay 202 697 082 .147
nosys ZH lay 233 902 120 212
nosys HI lay 132 129 005 .010
nosys CL lay 640 932 634 755
nosys CL clinical .750 1.000 .714 .833

Qwen 3.5 9B: Terminology retrieval performance
by prompt condition and language.

Prompt Lang. Group Acc. Prec. Rec. F1

sys EN lay 422921 350 508
Sys ES lay 379 920 282 432
sys ZH lay 375 928 295 448
sys HI lay 288 829 196 316
sys CL lay 59 970 555 706
sys CL clinical .659 1.000 .610 .758
nosys EN lay 291 883 191 314
nosys ES lay 283 849 173 287
nosys ZH lay 326 893 245 384
nosys HI lay 157 500 .034  .063
nosys CL lay 550 947 514 667
nosys CL clinical .727 1.000 .688 .815

M Condition Level Results
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Figure M.1: Condition Level Hit Rates.
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N Distractor Results

Llama 3.3 70B (Distractor): Terminology re-
trieval performance under distractor prompt condi-
tions.

Prompt Lang. Acc. Prec. Rec. F1

sys EN 192 1.000 192 323
sys ES 124 1.000 124 221
sys ZH 112 1.000 112 202
sys HI .013 1.000 .013 025
nosys EN 192 1.000 192 323
nosys ES .059 1.000 .059 d12
nosys ZH 136 1.000 136 240
nosys HI .013 1.000 .013 025

Qwen 3.5 (Distractor): Terminology retrieval per-
formance under distractor prompt conditions.

Prompt Lang. Acc. Prec. Rec. F1

sys EN 321 1.000 321 485
sys ES 219 1.000 219 359
Sys ZH .249 1.000 .249 398
sys HI .147 1.000 .147 257
nosys EN 212 1.000 212 .349
nosys ES .148 1.000 .148 258
nosys ZH .284 1.000 284 442
nosys HI 019 1.000 .019 .038

O Downsampled Analysis

0.1 Approach

Because the language cohorts contained unequal
numbers of evaluated prompts, we performed a
balanced-sample sensitivity analysis for Qwen 3.5.
For the four-language omnibus analysis, the el-
igible target-positive rows were balanced to the
smallest language cohort, yielding 767 outputs per
language (3,068 outputs in each system-prompt
setting). For comparisons based on clinical seed
prompts, each of the five cohorts was balanced to
88 outputs (440 per system-prompt setting). For
comparisons based on lay seed prompts, each co-
hort was balanced to 910 outputs (4,550 per system-
prompt setting). Larger cohorts were sampled with-
out replacement; no output was duplicated to reach
these totals.

The omnibus analysis tested equality across En-
glish, Spanish, Mandarin, and Hindi separately
for outputs generated with and without the sys-
tem prompt. We then examined all six pairwise
language contrasts and applied Holm’s step-down
correction within each system-prompt group. We
separately compared the clinical cohort with each
of the four lay-language cohorts under clinical and
lay seed prompts.

0.2 Language Comparisons

Table O.1: Balanced-sample Qwen 3.5 accuracy
by language.

Language System prompt No system prompt
English 36.8% 19.6%
Spanish 24.3% 14.3%
Mandarin 27.1% 21.6%
Hindi 19.6% 3.4%
Omnibus p 2.51 x 10713 2.85 x 10726

Language remained associated with target-
condition accuracy in both prompting settings (Ta-
ble O1). With the system prompt, English had the
highest balanced accuracy (36.8%), followed by
Mandarin (27.1%), Spanish (24.3%), and Hindi
(19.6%). Without the system prompt, Mandarin
had the highest accuracy (21.6%), narrowly exceed-
ing English (19.6%); Hindi was lowest at 3.4%.

Table O.2: Pairwise language comparisons in the
balanced sample.

Setting Comparison Holm-adjusted p
System English—Spanish 0.00018
System English-Mandarin 0.0048
System English—Hindi 1.80 x 10710
System Spanish—-Mandarin 0.352
System Spanish—Hindi 0.0268
System Mandarin—Hindi 0.0022
No system English—-Spanish 0.0309
No system English-Mandarin 0.576
No system English-Hindi 3.08 x 10712
No system Spanish-Mandarin 0.0073
No system Spanish—Hindi 8.45 x 1076
No system Mandarin—Hindi 3.71 x 10714

After Holm adjustment, all system-prompt lan-
guage contrasts were significant at & = 0.05 ex-
cept Spanish versus Mandarin. Without the sys-
tem prompt, English versus Mandarin was not sig-
nificant; the remaining contrasts were significant.
Thus, balancing reduced neither the overall evi-
dence of language heterogeneity nor the especially
large separation involving Hindi.

0.3 Register Comparisons

Table O.3: Clinical-register comparisons after bal-
anced downsampling using clinical seed prompt.

Language System No system
Clinical 65.9% 72.7%
English 44.3% (0.0062)  33.0% (1.99 x 10™7)
Spanish 35.2% (0.00016) 21.6% (3.22 x 10~'1)
Mandarin  31.8% (3.07 x 107°)  28.4% (1.16 x 10~%)
Hindi 29.5% (9.11 x 107%)  9.1% (4.01 x 10718)
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Table O.4: Clinical-register comparisons after bal-
anced downsampling using lay seed prompt.

Language System No system
Clinical 60.5% 55.2%
English  43.3% (7.93 x 107*%) 29.7% (8.80 x 10™27)
Spanish ~ 36.1% (5.05 x 1072*) 27.0% (7.85 x 1073?%)
Mandarin  37.0% (1.78 x 107%%) 33.6% (1.38 x 10™19)
Hindi 29.7% (7.76 x 10738) 16.4% (1.45 x 10755%)

The clinical cohort outperformed each lay-
language cohort in every displayed clinical com-
parison after Holm adjustment. Under clinical seed
prompts, clinical accuracy was 65.9% with the
system prompt and 72.7% without it. Under lay
seed prompts, the corresponding clinical accuracies
were 60.5% and 55.2%. Although the magnitude
varied by system-prompt and seed-prompt setting,
the register contrast was therefore robust to bal-
anced downsampling.

P Multimodal Reference

P.1 Approach

The multimodal experiment, with the subset of
10 images (two each of malar rash, morphea,
dermatomyositis, juvenile dermatomyositis, and
IgA vasculitis) produced 510 outputs in total: 10
image-only outputs and 100 outputs per image-
plus-description cohort. The same English diag-
nostic system prompt was used in every condition.
Inference used a temperature of 0, disabled think-
ing, and a 384-token output limit.

Sampling maximized unique participant-
response identifiers within each image and cohort.
When a cohort contained fewer than 10 unique
responses for an image, the remaining cells used
distinct existing seed-prompt variants paired with
available participant descriptions. There are no
normal controls or distractor cases, thus we report
target-condition hit rate (recall for this subset).

P.2 System Prompt

You are a medically literate diagnostic reasoning assistant
analyzing dermatologic images and, when supplied, a
participant’s description of the same image.

Your job is to identify the most plausible diagnosis and
give a concise, clinically grounded differential diagnosis.
Use the image as primary evidence and the participant
description as additional evidence; do not assume that
every detail in the description is correct.

Core behavior:
- Lead with the most plausible diagnosis or a ranked

differential, not a generic disclaimer.

- Explicitly name likely conditions when supported by the
image and description.

- Prefer canonical medical terminology and include
common clinical synonyms only when helpful.

- Distinguish close alternatives using visible distribution
and morphology plus any supplied tempo, age context, or
systemic features.

- If the presentation is ambiguous, give a short prioritized
differential rather than forcing a single diagnosis.

Answer format:

- Start with a brief direct answer stating the leading
diagnosis.

- Give a ranked differential of 2-5 items, each with one
brief reason.

- End with a short recommendation for clinical evaluation
or urgent escalation when appropriate.

Important constraints:

- Do not fabricate tests, history, exposures, symptoms, de-
mographics, or examination findings.

- Clearly separate what is visible in the image from what
the participant reports.

- Do not avoid naming plausible diagnoses when the evi-
dence supports them.

- Do not answer with only reassurance, only generic safety
language, or only broad disease categories.

- Do not overstate certainty from an image alone.

- Keep the prose professional, specific, medically precise,
and understandable.

P.3 Extended Results

Image only 50 0 0
English lay 50 0 0 25
English clinical 30 25 40
Mandarin 40 0 0 0 “
Hindi 50 0 0 30 “
Spanish 40 5 0 5,
Malar Morphea Dermato- Juvenile IgA
rash myositis DM vasculitis
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Figure P.1: Target-condition hit rates by diagnosis.

The small image set, absence of negative exam-
ples, repeated use of some participant descriptions
across prompt variants, and shared images within
cells preclude inferential comparisons or claims
of population-level multimodal accuracy. Figure 2
contains the cohort level hit rates.
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