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Abstract

We present PerMed-MM, the first multimodal
benchmark for Persian medical question an-
swering. The dataset comprises 733 expert-
authored multiple-choice questions from Ira-
nian National Medical Board Exams, each
paired with one to five clinically relevant im-
ages, spanning 46 medical specialties and di-
verse visual modalities. We evaluate five open-
source and five proprietary vision language
models, and find that reasoning supervision
and domain-specific fine-tuning yield perfor-
mance gains. Our cross-lingual analysis re-
veals significant unpredictability in translation-
based pipelines, motivating the need for bench-
marks that support direct, native-language eval-
uation. Additionally, domain- and modality-
level analysis uncovers meaningful variation
in model behavior often masked by aggregate
metrics. PerMed-MM is publicly available on
Hugging Face1.

1 Introduction

Large language models (LLMs) have demonstrated
unprecedented capabilities across a range of nat-
ural language processing (NLP) tasks. Yet, their
unimodal nature has posed a fundamental limita-
tion—restricting their ability to perceive and rea-
son about the visual world. Recent advances in
multimodal AI have addressed this gap through
vision-language models (VLMs) and multimodal
large language models (MLLMs), which enable
joint processing of text and images within a uni-
fied architecture (Wu et al., 2023; Yin et al., 2024;
Zhang et al., 2024).

These developments have sparked growing in-
terest in applying VLMs to high-impact domains
such as healthcare, where the ability to interpret
both clinical text and medical images can support

1https://huggingface.co/datasets/
universitytehran/PerMed-MM

diagnostic reasoning, enhance medical education,
and improve decision-making processes (Hartsock
and Rasool, 2024; Meskó, 2023).

Standardized multiple-choice questions (MCQs)
from official medical exams offer a valuable bench-
mark for objectively assessing the capabilities of
LLMs, with recent studies demonstrating that ad-
vanced models can match and even surpass human
performance thresholds (Liu et al., 2024).

With the emergence of VLMs, robust and inter-
pretable evaluation frameworks have become im-
portant—particularly in clinical applications where
in many real-world scenarios, effective decision-
making depends on synthesizing multimodal inputs
(Yan et al., 2023; Bazi et al., 2023). MCQs that are
authored by medical experts and emphasize clinical
reasoning over rote memorization provide a stan-
dardized, reliable means to track improvements in
the performance of multimodal models.

Although several datasets for medical question
answering (QA) have been introduced, current eval-
uation efforts remain limited in several key as-
pects. Most existing benchmarks focus on English
(Alonso et al., 2024). Low-resource languages such
as Persian remain largely overlooked, despite the
pressing need for more equitable development in
medical AI.

This underrepresentation is further compounded
by the linguistic and resource-related challenges
specific to Persian. The Persian language presents
persistent challenges for LLMs due to its rich
morphology, limited annotated data, and overall
scarcity of resources—often resulting in lower per-
formance compared to English (Arnett and Bergen,
2025; Abaskohi et al., 2024; Ryan et al., 2024).

To the best of our knowledge, there is currently
no publicly available multimodal medical dataset in
Persian. Existing resources have primarily centered
on textual data, excluding visual modalities and
thus constraining the development and assessment
of VLMs in Persian clinical contexts.

232

https://huggingface.co/datasets/universitytehran/PerMed-MM
https://huggingface.co/datasets/universitytehran/PerMed-MM


1. Raw Data Collection 2. Curation & Multimodal Extraction

3. PerMed-MM Benchmark 4. Evaluation & Analysis

Source: Iranian National Medical Board Exams

Initial pool: Over 15,000 multiple-choice questions

Focus: Questions with visual content

Extracted text and visual content from documents

Digitized text from questions and options using OCR

Aligned images with questions and proofread text

A Publicly available multimodal benchmark

733 Persian medical multiple-choice questions

944 Relevant images across 46 medical specialties

Proprietary ModelsOpen-Source Models

Gemma-3-4B-it
Gemma-3-27B-it
MedGemma-4B-it
LLaMA-4-Maverick
Qwen2.5-VL-72B

Gemini-2.5-Pro
Gemini-2.5-Flash
Gemini-2.0-Flash
GPT-4o-mini
o4-mini

Arabic
Simplified Chinese

English
French
German
Spanish

Multilingual Evaluation

Figure 1: Overview of the workflow used to construct the PerMed-MM benchmark.

To address these gaps, we introduce
PerMed-MM, a publicly available multimodal
benchmark for Persian medical QA. Our main
contributions are:

• Multimodal coverage in a low-resource lan-
guage: PerMed-MM contains 733 Persian
medical MCQs, each accompanied by one to
five images, totaling 944 images, enabling
multimodal evaluation in an underrepresented
language.

• Multi-specialty and modality diversity: The
dataset spans 46 medical specialties, encom-
passing a wide range of visual modalities, in-
cluding radiographic images, histopathology
slides, dermatologic photographs, ECG wave-
forms, and clinical charts or plots.

• Baseline evaluation across diverse models:
We evaluate diverse open-source and propri-
etary models on the original Persian questions
and their translations into multiple languages.

The rest of this paper is organized as follows.
Section 2 reviews related work, Section 3 outlines
our dataset and experimental setup, and Section 4
and Section 5 present our results and conclusions,
respectively.

2 Related Work

Several benchmarks have been introduced to as-
sess clinical reasoning in language models using
MCQs from standardized medical exams. Early
datasets such as MedQA (in English and Chinese)
and MedMCQA (in English) introduced large-scale
corpora targeting complex diagnostic tasks (Jin
et al., 2021; Pal et al., 2022), while follow-up ef-
forts like KorMedMCQA and MedQA-SWE ex-

tended this approach to less commonly represented
languages such as Korean and Swedish (Kweon
et al., 2024; Hertzberg and Lokrantz, 2024).

Multilingual and multimodal benchmarks have
also been introduced for evaluating VLMs across
domains. MMMU and EXAMS-V include image-
text QA in multiple languages, covering a range of
subjects with varied reasoning demands (Yue et al.,
2024; Das et al., 2024).

In medicine, WorldMedQA-V provides clinical
questions fully paired with diagnostic images in
four languages (Matos et al., 2025), while HEAD-
QA and MLEC-QA include medical questions in
Spanish and Chinese, with a subset of questions
linked to images (Vilares and Gómez-Rodríguez,
2019; Li et al., 2021).

Recent studies have assessed language models
using questions from Persian national medical ex-
ams (Ebrahimian et al., 2023; Khorshidi et al.,
2023; Zare et al., 2024). While these efforts provide
insight into the role of language in model behav-
ior, their evaluations have been limited to textual
inputs, excluding visual information and offering
no assessment of multimodal reasoning.

Several recent Persian medical QA resources pro-
vide complementary perspectives. PersianMedQA
(Kalahroodi et al., 2025) offers 20,785 multiple-
choice questions from national exams across 23
specialties, while PerMedCQA (Jamali et al., 2025)
contains roughly 68,138 real-world, consumer-
generated medical QAs from Persian medical fo-
rums—both limited to text. In contrast, PerMed-
MM pairs 733 Persian MCQs with 944 relevant im-
ages spanning 46 specialties, enabling multimodal
evaluation of vision–language reasoning in Persian
medical context.
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3 Methodology

Figure 1 provides an overview of our methodology,
including data collection, multimodal extraction,
benchmark construction, and model evaluation. We
describe each component in detail below.

3.1 Data Collection

We compiled our dataset using publicly available
data from the Iranian National Medical Specialty
and Subspecialty Board exams held in 2021 and
2023. Initially, over 15,000 MCQs across 100 ex-
ams were manually reviewed to identify items con-
taining visual content. For each selected item, im-
ages were extracted from the exam documents.

The exam PDFs were heterogeneous; some in-
cluded extractable text, while others were scanned
or produced errors when Persian text was parsed.
To ensure consistent quality for PDFs with ex-
tractable text that still exhibited parsing issues, we
applied both direct PDF text extraction and optical
character recognition (OCR) using the Gemini-2.0-
Flash model. The two outputs were cross-checked
to detect and correct discrepancies, which substan-
tially reduced noise and improved textual accuracy.

Subsequent manual reviews verified im-
age–question alignment and confirmed answer
correctness against the official exam keys. After
cleaning, our final dataset comprises 733 multi-
modal MCQs, each paired with one to five images,
spanning 46 medical specialties.

3.2 Baseline Model Evaluation

To evaluate baseline performance on PerMed-
MM, we selected 10 leading models with di-
verse characteristics in terms of scale and rea-
soning capabilities. This set includes five open-
source models—Gemma-3-4B-it, Gemma-3-27B-
it (Team et al., 2025), MedGemma-4B-it (Sel-
lergren et al., 2025), LLaMA-4-Maverick, and
Qwen2.5-VL-72B-Instruct (Bai et al., 2025)—and
five proprietary models accessed via API: Gemini-
2.0-Flash, Gemini-2.5-Flash, Gemini-2.5-Pro (Co-
manici et al., 2025), GPT-4o-mini, and o4-mini.
We included both reasoning-enabled and general-
purpose models to assess how structured thinking
impacts performance on multimodal clinical tasks.

Additionally, we incorporated MedGemma-4B-
it, a domain-specialized variant of Gemma-3-4B-
it, to directly examine the effect of medical fine-
tuning on model behavior. Evaluations were con-
ducted using a temperature of 0, and to facilitate

Model Snapshot / Update Knowledge Cut-off

GPT-4o-mini Jul 2024 Oct 2023
o4-mini Apr 2025 Jun 2024
Gemini-2.0-Flash Feb 2025 Aug 2024
Gemini-2.5-Flash Jun 2025 Jan 2025
Gemini-2.5-Pro Jun 2025 Jan 2025

Table 1: Configuration details for proprietary models
accessed via commercial APIs.
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Figure 2: Baseline model accuracy on PerMed-MM.

a comparison of their problem-solving, we ex-
plicitly prompted all models—both reasoning and
general-purpose—to generate a step-by-step chain
of thought before arriving at a final answer.

To ensure consistent evaluation across commer-
cial APIs, all models were run under similar con-
figurations. Proprietary models were accessed
through their official API endpoints, with version-
ing details and knowledge cut-offs summarized in
Table 1. For the Gemini 2.5 series (Flash and Pro),
we additionally specified thinkingBudget = -1,
enabling adaptive reasoning depth that adjusts the
internal thought length based on task complexity.
Together, these settings helped maintain stable and
comparable evaluation conditions across models.

3.3 Cross-Lingual Evaluation Setup

To investigate whether performance differences
stemmed from language-related factors or medical
knowledge, we conducted additional evaluations
on questions translated into six languages: Ara-
bic, Simplified Chinese, English, French, German,
and Spanish. Translations were generated using
Google Translate to enable a standardized and scal-
able comparison across languages. We selected
three models—Gemma-3-4B-it, GPT-4o-mini, and
Gemini-2.5-Flash—to represent three distinct cate-
gories of models.

234



Language Gemini-2.5-Flash Gemma-3-4B GPT-4o-mini

Persian (Baseline) 62% 28% 39%

Arabic 56% 27% 36%
Chinese 58% 30% 38%
English 60% 31% 41%
French 59% 31% 42%
German 58% 29% 40%
Spanish 58% 29% 40%

Table 2: Accuracy of three models on MCQs translated
into six languages, compared to the baseline.

4 Results

4.1 Model Comparisons

Figure 2 presents the overall accuracy of the
10 models evaluated on PerMed-MM. Rea-
soning models—trained to generate structured
chains of thought before producing final an-
swers—consistently outperformed their counter-
parts across all evaluation settings. For in-
stance, Gemini-2.5-Pro, explicitly trained for rea-
soning, achieved significantly higher accuracy
than Gemini-2.0-Flash, which lacks such supervi-
sion—highlighting the effectiveness of combining
advanced multimodal capabilities with structured
reasoning. A similar pattern was observed when
comparing o4-mini, a reasoning model, with GPT-
4o-mini. These comparisons emphasized the value
of models that are not only prompted to reason, but
are inherently optimized to think before answering,
leading to stronger performance on complex mul-
timodal medical tasks. LLaMA-4-Maverick, with
400 billion parameters and a mixture-of-experts
setup that activates about 17 billion per inference,
yielded results consistent with expectations for its
design. Meanwhile, Gemma-3-27B-it—despite be-
ing considerably smaller—achieved competitive
performance, closely approaching that of the much
larger Qwen2.5-VL-72B.

The performance difference between Gemma-
3-4B-it and its domain-adapted counterpart,
MedGemma-4B-it, underscores the value of spe-
cialized fine-tuning on medical data for enhancing
multimodal understanding.

4.2 Multilingual Evaluation

Table 2 shows three models’ accuracy on MCQs
translated into six languages. Our multilingual eval-
uation investigates the assumption that a translate-
then-inference pipeline improves performance for
low-resource languages. While models gener-
ally showed higher accuracy on high-resource lan-
guages such as English, we found this pipeline ap-
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Figure 3: Models show strong performance in one do-
main but consistently underperform in another.
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Figure 4: Models exhibit opposite performance trends
across two clinical domains.

proach could be detrimental. Specifically, Gemini-
2.5-Flash achieved a higher accuracy of 62% on
the original Persian questions compared to 60% on
their English translations.

A deeper, question-level analysis revealed that
this modest aggregate performance drop masked
significant underlying instability. We found that
116 questions (15.8% of the data) had their cor-
rectness reversed between the two language set-
tings. Crucially, in 64 of these cases, the model
succeeded on the Persian (baseline) but failed on
the English translation. To assess whether better
translations could reduce this gap, we retranslated
the questions using Gemini-2.5-Pro. With all other
conditions unchanged, the number of cases where
the model succeeded in Persian but failed in En-
glish dropped to 56. This finding underscores that
for high-stakes domains, reliance on machine trans-
lation introduces unacceptable unpredictability, re-
inforcing the need to develop and evaluate models
capable of direct reasoning in low-resource lan-
guages.
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Model With images Text-only

Gemma-3-4B 28% 28%
LLaMA-4-Maverick 56% 53%
Gemini-2.0-Flash 53% 49%
Gemini-2.5-Flash 62% 55%
Gemini-2.5-Pro 70% 60%
GPT-4o-mini 39% 37%

Table 3: Effect of visual input on model accuracy (%)
in PerMed-MM.

4.3 Domain-Specific Findings
Analysis of model performance across different
subsets of the dataset revealed consistent variation
in accuracy depending on the clinical domain. As il-
lustrated in Figure 3, most models performed better
on the knowledge-intensive questions of Internal
Medicine, while struggling with the specialized
visual reasoning required for Orthopedics. No-
tably, the domain-adapted MedGemma-4B-it expe-
rienced a significant performance drop in Orthope-
dics compared to its base model, Gemma-3-4B-it
(30% to 7%). This suggests that the fine-tuning
process may have inadvertently weakened its capa-
bilities on certain multimodal tasks, a phenomenon
that our benchmark can effectively identify.

Furthermore, a comparison between Emergency
Medicine and Pathology revealed a crossover in
model strengths. As shown in Figure 4, models like
Gemini-2.0-Flash excelled in Emergency Medicine,
while newer architectures like o4-mini showed a
clear advantage in Pathology. This domain-specific
evaluation enables comparison of model behavior
beyond aggregate scores, offering a valuable tool
to diagnose model-specific strengths, weaknesses,
and areas for improvement. Full per-specialty ac-
curacies for all models are reported in Table 7 in
the Appendix.

4.4 Impact of Visual Modality
While PerMed-MM is designed as a multimodal
benchmark, it is natural to ask whether models
can answer questions from text alone or images
provide any useful information. To investigate this,
we conducted an ablation study in which a subset of
models was evaluated in a text-only setting, where
all images were removed and only the question
text and multiple-choice options were provided.
As shown in Table 3, removing images reduces
accuracy for almost all models. This indicates that
PerMed-MM questions cannot be reliably solved
from textual cues alone.

5 Conclusion

This study introduces the first multimodal bench-
mark for evaluating clinical reasoning in Persian,
built from 733 MCQs containing diverse visual
content extracted from Iranian National Medical
Board Exams. Unlike prior benchmarks that fo-
cused solely on text, our dataset enables assessment
of models’ reasoning across both textual and visual
modalities, covering a wide range of medical spe-
cialties. Our evaluations across 10 vision-language
models demonstrate that performance is signifi-
cantly enhanced by reasoning-centric architectures.
Crucially, our findings expose the unpredictabil-
ity of translation-based pipelines for high-stakes
tasks and uncover domain-specific weaknesses of-
ten masked by aggregate metrics.

Limitations

While PerMed-MM provides a new resource for
medical evaluation in Persian, it has several limita-
tions that should be considered.

First, our evaluation was shaped by the capabil-
ities of the current model landscape. A key chal-
lenge was the limited Persian language support
among most open-source medical models, which
restricted the number of domain-specialized mod-
els we could assess.

Second, for cross-lingual evaluation, we rely
on machine translations of the original Persian
questions into other languages. However, since
these translations have not been validated by native-
speaking medical experts, they cannot be published
as benchmarks for model evaluation.

Finally, the evaluation framework itself has in-
herent trade-offs. Although the multiple-choice
question format offers both objective and scalable
scoring, it inherently simplifies the nuanced and
often ambiguous nature of real-world clinical rea-
soning.

Ethical Considerations

All data used in this study were obtained from pub-
licly released Iranian National Medical Board Ex-
ams. The dataset does not contain any private,
sensitive, or personally identifiable patient informa-
tion, as the original questions and accompanying
images are anonymized by design.
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A Benchmark Overview

A.1 Sample Questions

Figure 5 and Figure 6 show a representative ques-
tion from the PerMed-MM benchmark, included
here to illustrate the structure and visual format of
our dataset. The original Persian version appears
first, followed by its English translation used in
cross-lingual evaluation.

  Question (Persian) 

Associated Image Multiple-Choice Options

 خانمــ ۲۵ ساــله باــ شکــایت درد شدــید هرــ دو هیــپ باــ انتشاــر
س مراجعهــ کرــده اســت. در ساــبقه  بهــ Уروگزیماــل ران بهــ اورژانــ
 مصرــف منظمــ Фوــدر چاــق کنندــه را کهــ از عطاــری دریافــت
 ӳی کرــده در یکساــل گذشҥهــ دارد. در معاینهــ حرــکات مفاصلــ
 هیــپ در همهــ جهاــت محدــود و دردناــک اســت. استــریا
نـ را یـ لگـ یـ Фهلوهاــ رویــت ӳی شوــد. گرافـ  در Фوســت نواحـ

 مشاهده ӳی کنید.کدام تشخیص محتمل تر است؟

    اسЩوندیلیت انکیلوزان  :1
 استئوآرتریت                :2
       نکروز آواسکولار            :3
نقرس کاذب                :4

Correct Answer: 3 

Figure 5: Original Persian multiple-choice question
from PerMed-MM.

  Question (translated to English) 

Associated Image Multiple-Choice Options

25-year-old woman presented to the emergency department 
with complaints of severe pain in both hips radiating to the 
proximal thigh. She has a history of regular use of fatten-
ing powder obtained from a herbalist for the past year. On 
examination, the hip joints are painful and limited in all 
directions. Striae are visible in the skin of the flanks. You 
can see the pelvic x-ray. Which diagnosis is most likely?

1: Ankylosing spondylitis
2: Osteoarthritis
3: Avascular necrosis
4: Pseudogout

Correct Answer: 3 

Figure 6: English translation of the same question for
cross-lingual evaluation.

Multi-image Question (translated to English) 

A 45-year-old man was referred to the emergency department 

with chest pain and shortness of breath. The pain had started 

2 hours earlier and had not improved despite taking two sub-

lingual nitroglycerin tablets. He first went to a clinic, where 

an ECG was obtained, and was then referred to the emergency 

department for further evaluation. The patient has a history of 

well-controlled hypertension. Currently, he reports no chest 

pain or other complaints. Vital signs and ECGs obtained at the 

clinic and the emergency department are as follows: 

BP = 135/85 mmHg, PR = 98/min, RR = 16/min, SpO₂ = 96% 

Clinic ECG:

Emergency department ECG: 

Aspirin, heparin, and atorvastatin have been initiated. What is the 

next appropriate step in management?

Multiple-Choice Options
1: Immediate administration of reteplase

2: Emergent PCI

3: Serial ECG monitoring and troponin testing

4: CABG

Figure 7: Example of a Multi-image Question.

Figure 7 further illustrates a multi-image ques-
tion where two complementary ECGs are provided
for joint interpretation.

A.2 Image Count per Question

Images per Question Count Percentage

1 603 82.3%
2 83 11.3%
3 15 2.0%
4 30 4.1%
5 2 0.3%

Table 4: Distribution of questions in PerMed-MM based
on the number of associated images.

Table 4 summarizes the number of images asso-
ciated with each question in PerMed-MM. While
most questions are paired with a single image, a
notable subset includes multiple clinically relevant
images—up to five in some cases—allowing evalu-
ation of multimodal reasoning across varying im-
age complexity.
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Figure 8: PerMed-MM question distribution across med-
ical specialties.

A.3 Specialty Distribution
Figure 8 shows the percentage of PerMed-MM
questions by specialty. Medical specialties with
at least 30 questions in the benchmark are shown
individually, while all others are grouped under the
“Others” category.

B Prompt Templates

This section provides the prompt templates used
in our experiments. The first prompt guided mod-
els to generate step-by-step clinical reasoning on
multimodal multiple-choice questions.

B.1 Chain-of-Thought-Based Prompt

Evaluation Prompt for English Questions

You are a medical expert serving as an exam
assistant. You will receive exactly one English
multiple-choice medical question, four options
numbered 1, 2, 3, and 4, and one to five images
tagged as <Image 1>, <Image 2>, . . . <Image
5>.
First, provide a clear, step-by-step reasoning in
English, referring explicitly to the question text
and any images. Then, on the very last line,
output ONLY the answer in this exact format:
### answer: N
where N is one of 1, 2, 3, or 4. Do NOT in-
clude any extra text, punctuation, or explanation
before or after this line.

While the structure was consistent across lan-
guages, the example shown here corresponds to the
English version. The second prompt was used in
the translation refinement experiment described at
the end of Section 4.2.

B.2 Translation Prompt

Prompt for Translation Refinement

You are a professional translator with expertise
in medical content. Your task is to translate a
multiple-choice medical question from Persian
to clear, natural English. The question includes
four answer choices and may refer to one or
more medical images. Ensure that all clinical
terminology, context, and reasoning cues are pre-
served precisely in the English version. Avoid
embellishment or paraphrasing.

This translation prompt was used in an auxil-
iary experiment discussed at the end of Section 4.2.
The goal was to assess whether regenerating En-
glish translations using Gemini-2.5-Pro could re-
duce instability observed in the original translate-
then-infer pipeline.

C Extended Analyses

Image Modality Count Percentage

Microscopic Pathology 175 18.5%
Charts, Diagrams & Tables 138 14.6%
X-ray 131 13.9%
CT 115 12.2%
Clinical / Gross Photography 97 10.3%
Ultrasound 76 8.1%
Electrophysiology (ECG / EEG) 73 7.7%
Nuclear Medicine 72 7.6%
MRI 46 4.9%
Endoscopy 21 2.2%

Table 5: Distribution of PerMed-MM images across
modalities. Percentages are computed over all images
in the benchmark.

C.1 Image Modality Analysis

As discussed in Section 4.4, PerMed-MM was ex-
plicitly designed to capture a diverse set of imaging
modalities. Table 5 reports the distribution of im-
age types in the benchmark, confirming that the
dataset covers a broad spectrum of radiologic, en-
doscopic, microscopic, and clinically photographed
content.
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Image Modality Gemma-3
4B

Gemma-3
27B

MedGemma
4B

LLaMA-4
Maverick

Qwen2.5-
VL-72B

Gemini-2.0
Flash

Gemini-2.5
Flash

Gemini-2.5
Pro

GPT-4o
mini

o4
mini

X-ray 28% 44% 30% 51% 42% 59% 58% 75% 46% 64%
CT 31% 39% 36% 57% 39% 50% 59% 68% 34% 71%
MRI 32% 39% 27% 51% 31% 46% 57% 78% 36% 67%
Nuclear Medicine 18% 34% 31% 48% 37% 41% 50% 55% 39% 57%
Ultrasound 25% 40% 29% 56% 43% 51% 58% 65% 34% 62%
Microscopic Pathology 35% 41% 38% 67% 46% 59% 78% 79% 49% 74%
Electrophysiology (ECG / EEG) 33% 37% 29% 51% 46% 54% 61% 68% 40% 61%
Endoscopy 38% 38% 26% 65% 38% 68% 73% 84% 30% 73%
Clinical / Gross Photography 23% 39% 29% 54% 43% 51% 57% 68% 30% 61%
Charts, Diagrams & Tables 29% 48% 34% 59% 48% 51% 65% 69% 36% 68%

Table 6: Accuracy (%) across image modalities for each evaluated model.

Specialty Gemma-3
4B

Gemma-3
27B

MedGemma
4B

LLaMA-4
Maverick

Qwen2.5-
VL-72B

Gemini-2.0
Flash

Gemini-2.5
Flash

Gemini-2.5
Pro

GPT-4o
mini

o4
mini

Nuclear Medicine 22% 36% 30% 43% 34% 40% 52% 58% 34% 56%
Pathology 35% 44% 46% 67% 49% 58% 78% 78% 51% 77%
Emergency Medicine 26% 51% 32% 65% 51% 68% 72% 74% 46% 65%
Radiology 35% 39% 27% 37% 31% 51% 45% 59% 25% 59%
Pediatric Cardiology 19% 28% 37% 47% 35% 44% 58% 63% 37% 65%
Thoracic Surgery 35% 28% 37% 53% 42% 47% 56% 65% 35% 65%
Internal Medicine 44% 61% 31% 75% 58% 72% 81% 92% 58% 86%
Gastroenterology 34% 47% 31% 59% 44% 53% 72% 75% 34% 78%
Orthopedics 30% 30% 7% 33% 37% 33% 40% 77% 40% 47%

Table 7: Accuracy (%) by medical specialty and model for the nine most frequent specialties in PerMed-MM.

C.2 Accuracy by Image Modality × Model

Table 6 provides disaggregated model performance
across imaging modalities in PerMed-MM. The
results highlight that performance varies notably
by visual modality.

C.3 Specialty-Level Performance

Table 7 reports accuracies for the nine most fre-
quent specialties in PerMed-MM. These results
complement Figures 3 and 4, showing that models
can excel in certain domains while underperform-
ing in others, even when overall accuracy is similar.

C.4 Cross-Lingual Consistency

Model Persian English

Gemma-3-4B 28% 31%
Gemma-3-27B 40% 41%
LLaMA-4-Maverick 56% 58%
Gemini-2.0-Flash 53% 49%
Gemini-2.5-Flash 62% 60%
Gemini-2.5-Pro 70% 69%
GPT-4o-mini 39% 41%
o4-mini 66% 64%

Table 8: Accuracy (%) of eight models on the original
Persian questions and their English translations.

To verify the consistency of our findings, we
extended the English evaluation to a broader set
of models. As shown in Table 8, their accuracy
patterns remained consistent with the initial sub-

set, confirming that the overall cross-lingual trends
observed in Section 4.2 hold across models.
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