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Abstract

Large Language Models (LLMs) have achieved remarkable performance on a wide range of Natural Language
Processing (NLP) benchmarks, often surpassing human-level accuracy. However, their reliability in high-stakes do-
mains such as medicine, particularly in low-resource languages, remains underexplored. In this work, we introduce
PersianMedQA, a large-scale dataset of 20,785 expert-validated multiple-choice Persian medical questions from 14
years of Iranian national medical exams, spanning 23 medical specialties and designed to evaluate LLMs in both
Persian and English. We benchmark 41 state-of-the-art models, including general-purpose, Persian, and medical
LLMs, in zero-shot and chain-of-thought (CoT) settings. Our results show that closed-weight general models (e.g.,
GPT-4.1) consistently outperform all other categories, achieving 83.09% accuracy in Persian and 80.7% in English,
while Persian LLMs such as Dorna underperform significantly (e.g., 34.9% in Persian), often struggling with both
instruction-following and domain reasoning. We also analyze the impact of translation, showing that while English
performance is generally higher, 3-10% of questions can only be answered correctly in Persian due to cultural and
clinical contextual cues that are lost in translation. Finally, we demonstrate that model size alone is insufficient
for robust performance without strong domain or language adaptation. PersianMedQA provides a foundation for
evaluating bilingual and culturally grounded medical reasoning in LLMs. The dataset, along with a bilingual medical
dictionary, is publicly available at PersianMedQA.

Keywords: Medical Question Answering, Persian Language Models, Low-Resource Languages, Multilingual

Evaluation, Clinical NLP

Clinical:

1. Introduction

Large Language Models (LLMs) have become the
go-to solution for many tasks, showcasing promis-
ing results on standard benchmarks, potentially re-
placing humans across various domains (Brown
et al., 2020; Team, 2023). However, their reliability
in tasks that require real attention to detail, such
as those directly impacting human life, remains
concerning (Bommasani et al.,, 2022). Medical
tasks, such as clinical decision-making, represent
a critical domain where experts must possess com-
prehensive knowledge in cultural contexts, med-
ical principles, pharmaceutical information, and
numerous other specialized areas within health-
care. In other words, clinical excellence requires
more than just biomedical knowledge (Campinha-
Bacote, 2002).

Although recent works have demonstrated that
LLMs may achieve high accuracy on English medi-
cal question-answering tasks (Singhal et al., 2022;
Saab et al., 2024), their performance drops signifi-
cantly in other languages (Qin et al., 2025; Alonso
et al., 2024). This gap is particularly pronounced
in medicine, where high-quality corpora are cen-
tered on English, restricting the models’ applicabil-
ity in global healthcare settings. Importantly, sim-

A 48-year-old man presents with chest pain (4h), anterior ST-
elevation, sweating, BP 90/60 mmHg, distended neck veins, and
basal rales. Most effective treatment?

1. Fibrinolytic + emergency angioplasty if needed

2. Fibrinolytic only

3. Emergency angioplasty

4. Fibrinolytic + angioplasty after 48h

Answer: 3

Non-Clinical:

All of the following can cause acute retinal necrosis, except:
1. Cytomegalovirus

2. Herpes simplex type 1

3. Toxoplasmosis

4. Varicella Zoster

Answer: 3

- J

Figure 1: A translated medical question example
from the dataset.

ply translating questions is inadequate, as such
pipelines can strip away critical terminology, subtle
cultural cues, and localized standards of care, po-
tentially leading to life-threatening consequences
in clinical practice (Mehandru et al., 2022).

Medical practice is inherently shaped by con-
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https://huggingface.co/datasets/MohammadJRanjbar/PersianMedQA
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Figure 2: Overview of the PersianMedQA dataset construction process, including data collection, clean-

ing, annotation, and partitioning steps.

textual factors, including sociocultural, socioeco-
nomic, regional, and healthcare system variables
that extend beyond language translation (Klein-
man, 1978; Betancourt et al., 2003). Clinical
decision-making protocols and symptom interpre-
tation vary significantly across healthcare systems
and populations due to genetic variations, dietary
patterns, climate-related health risks, and socioe-
conomic determinants, with the same clinical pre-
sentation potentially indicating different underlying
pathologies across ethnic groups (Kirmayer, 2001;
Wennberg, 2002; Risch et al., 2002; Zborowski,
1952). Additionally, vaccination schedules, drug
availability, and standard-of-care protocols differ
markedly between regions, making direct transla-
tion of medical guidelines inefficient. These con-
siderations highlight why medical Al systems can-
not rely solely on linguistic translation but must
incorporate an understanding of regional medical
practices and population-specific health patterns.

These contextual complexities are particularly
pronounced in low-resource language settings,
where the intersection of linguistic barriers and dis-
tinct medical practices creates compounded chal-
lenges for Al evaluation. Limited research has in-
vestigated the specific factors that mislead LLMs
in medical contexts, particularly in multilingual and
low-resource language settings like Persian. A
deeper investigation into the medical sub-fields in
which LLMs excel or underperform is essential for
identifying suitable use cases and implementing
necessary safeguards.

To fill this gap, we introduce PersianMedQA, a
large-scale, expert-annotated dataset covering 23
medical specialties. Given the scarcity of standard-
ized Persian medical terminology resources, the
dataset includes a comprehensive bilingual dictio-
nary of Persian medical terms for consistent termi-

nology usage during evaluation and model adapta-
tion. As a benchmark, we evaluate state-of-the-art
models, including general-purpose models, Per-
sian LLMs, and medical LLMs on both original
Persian questions and their English translations.
Throughout this work, we use medical LLMs to re-
fer to models that have undergone domain adapta-
tion for medicine, either via domain-adaptive pre-
training on biomedical corpora or supervised in-
struction fine-tuning on medical tasks. Similarly,
Persian LLMs refers to models domain-adapted
for Persian, via continued pre-training or Persian
instruction fine-tuning. Our experiments uncover
a substantial language gap: closed-weight mod-
els such as GPT-4.1 significantly outperform open-
weight counterparts. Notably, Persian LLMs exhib-
ited minimal understanding of the Persian medical
field and performed the worst, while medical LLMs
showed only modest improvements and failed to
generalize effectively to Persian clinical data. Fig-
ure 2 illustrates the overall workflow of our study.

Section 2 reviews prior work on medical QA
benchmarks and Persian language models. Sec-
tion 3 describes the PersianMedQA dataset con-
struction. Section 4 presents our experimental
setup and evaluations. Section 5 concludes with
key findings and future research directions.

2. Related Work

2.1. Medical Question Answering
Datasets and Multilingual
Challenges

Medical question answering has emerged as a
critical benchmark for evaluating machine rea-
soning capabilities in high-stakes healthcare do-
mains. The field has evolved from early in-
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formation retrieval benchmarks (Athenikos and
Han, 2010; Cao et al.,, 2011) to standardized
datasets such as PuBMeDQA (Jin et al., 2019),
MepQA (Jin et al., 2020), and MepMCQA (Pal
et al., 2022), driving domain-specific model de-
velopment like BIoBERT (Lee et al., 2019) and
PueMebBERT (Gu et al., 2021). However, most
benchmarks focus exclusively on English, creating
significant evaluation gaps. While native-language
datasets have emerged—including CMB (Wang
et al, 2024), Huatuo-26M (Li et al.,, 2023),
MedQA-SWE (Hertzberg and Lokrantz, 2024),
FrenchMedMCQA (Labrak et al, 2022), and
HeadQA (Vilares and Gédmez-Rodriguez, 2019)—
many frameworks rely on problematic “translate-
test” methodologies (Jin et al., 2023; Liu et al.,
2025) (the practice of machine-translating non-
English inputs into English before evaluation,
rather than evaluating in the source language)
that distort clinical terminology and miss culturally-
specific practices (Jin et al.,, 2023; Liu et al,
2025). Recent multilingual efforts like MeDEXx-
PQA (Alonso et al., 2024) show around 10% accu-
racy drops for non-English languages, with critical
gaps remaining for low-resource languages requir-
ing native evaluation approaches.

2.2. LLMs in Medical Practice

LLMs have transformed medical Al applications,
with specialized models demonstrating remark-
able capabilities on standardized medical exam-
inations. Meb-PALM 2 (Singhal et al., 2023)
achieved groundbreaking performance on the
USMLE, while general-purpose models like GPT-
4 (Team, 2023) showed impressive zero-shot per-
formance across medical QA benchmarks (Nori
et al,, 2023). Recent advances include open-
weight models such as MEDITRON-70B (Chen
et al., 2023), multilingual approaches like MMEeD-
LLamA 3 (Qiu et al., 2024) covering six languages,
and specialized Chinese models such as TCM-
CHaT (Dai et al., 2024) and BianCanG (Wei et al.,
2024). However, systematic evaluation across di-
verse languages and clinical settings remains lim-
ited, particularly for morphologically rich and low-
resource languages such as Persian.

2.3. Persian Language Models and
Medical Applications

Persian natural language processing has wit-
nessed significant progress with the development
of robust monolingual models. PArRsBERT (Fara-
hani et al., 2021) established strong baselines for
various Persian NLP tasks, consistently outper-
forming multilingual alternatives on sentiment anal-
ysis and text classification benchmarks. Recent

Field Distribution (2011-2024)

Total Fields:
23

2011-2024

atology
Hematology and Oncology

m= Ophthalmology

== Gastroenterology

m= Medical Ethics

Figure 3: Distribution of medical fields in the
dataset.

advances include DorNA (Team, 2024), a large-
scale Persian language model. In the medical do-
main, SINA-BERT (Taghizadeh et al., 2021) repre-
sents an early attempt at Persian medical NLP, uti-
lizing pre-training on large-scale medical corpora
including both formal and informal medical texts
from diverse online resources. Furthermore, ex-
isting Persian medical NLP efforts lack the expert
validation and standardized evaluation protocols
necessary for reliable clinical assessment, high-
lighting the need for comprehensive Persian medi-
cal QA benchmarks with rigorous validation proce-
dures.

3. PersianMedQA Construction

The PersianMedQA dataset was developed by
collecting 14 years of multiple-choice questions
from the official Iranian medical residency and pre-
residency examinations administered by the Med-
ical Education Assessment Center (Sanjeshp) un-
der the Iranian Ministry of Health, the governmen-
tal body responsible for national standardized ex-
aminations in the medical domain, analogous to or-
ganizations such as the National Board of Medical
Examiners (NBME) in the United States. These
exams serve as the mandatory licensing gateway
for medical graduates seeking specialist training in
Iran, ensuring that all questions reflect real-world,
high-stakes clinical evaluation standards at the na-
tional level. Each exam was created by the offi-
cial Iranian medical board and reflects real-world,
high-stakes evaluation standards. Each item in-
cludes the question text, four answer options, the
correct answer key, and the medical field to which
the question belongs. Figure 1 presents represen-
tative examples of clinical and non-clinical ques-
tions. The raw dataset underwent a rigorous pre-
processing pipeline to ensure quality, consistency,
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and relevance for multilingual medical QA evalua-
tion.

3.1. Data Cleaning and Filtering

In order to eliminate noise and redundancy, we ran
a three-step cleaning pipeline:

* Duplicate Removal: Automatically prune ex-
act and near-duplicate questions using string
matching and sentence-embedding similarity
from the Language-agnostic BERT Sentence
Embedding (LaBSE) model (Feng et al., 2020)
to maintain diversity.

* Image Dependent Exclusion: Discard any
question that relies on medical images (e.g.,
radiographs, histology slides) so the bench-
mark remains purely text-based.

+ Answer Key Verification: All reference an-
swers were provided by the official Iranian
Medical Board and underwent a rigorous
three-level verification process by the National
Center for Medical Education Assessment
(Sanjesh): (1) Initial review by board-certified
medical professionals, (2) Public comment pe-
riod where students and practitioners could re-
port concerns or discrepancies, and (3) Final
review and correction incorporating commu-
nity feedback. In addition to this official vali-
dation, we manually removed questions with
incorrect answer formatting (e.g., missing or
mismatched option numbers) and those with
multiple plausible correct answers to ensure
evaluation reliability.

3.2. Annotation and Categorization

To enhance interpretability and analysis, the
cleaned dataset was annotated as follows:

» Subject Verification: Most questions al-
ready contained subject tags (i.e., the medi-
cal specialty labels shown in Figure 3, such
as cardiology, surgery, or pediatrics) from
the original examination. For questions lack-
ing subject tags, both medical specialists
and Gemini 2.5-Flash independently classi-
fied them, achieving over 90% agreement. Fi-
nal subject labels were determined through
expert medical review to ensure high accu-
racy.

+ Domain Classification: Questions were la-
beled as clinical (patient cases and diagno-
sis) or non-clinical (basic sciences and theo-
retical concepts). This classification was per-
formed using Gemini 2.5-Flash and validated
by a medical specialist.

+ Demographic Extraction: We utilized Gem-
ini 2.5-Flash to automatically extract patient at-
tributes (e.g., age, gender) for every question,
motivated by the need to analyze data distribu-
tion to ensure comprehensive representation
across patient demographics and enable fu-
ture research on potential LLM performance
gaps in specific demographic subgroups.

All medical annotations and validations were
performed by a board-certified internal medicine
specialist with 5 years of clinical practice (see Ap-
pendix 8 for full details).

3.3. Dataset Overview

The PersianMedQA dataset comprises 20,785
unique, expert-validated multiple-choice medical
questions, collected over 14 years from lIranian
national residency and pre-residency exams. Ap-
proximately 70% of the questions are classified as
clinical, with the remaining 30% labeled as non-
clinical. The items span 23 medical specialties,
covering a broad range of topics relevant to medi-
cal education and practice.

We partitioned PersianMedQA into training
(14,549), validation (1,000), and test (5,236) splits
using stratified sampling based on year and field
to facilitate future research, including potential fine-
tuning studies, and to establish standardized eval-
uation protocols. Figure 3 summarizes the distri-
bution of questions across medical domains.

Demographic Coverage: To ensure compre-
hensive representation and enable future bias
analysis, we systematically extracted patient de-
mographics using LLM-based extraction validated
by medical experts. Table 1 presents the distribu-
tion across gender, age categories, and question
types. The dataset demonstrates balanced repre-
sentation across demographics, with substantial
coverage of both male and female patients, di-
verse age groups from infants to adults, and a
clinically-relevant mix of case-based and theoret-
ical questions.

Table 1: Demographic distribution in Persian-
MedQA dataset.
Category Subcategory Count
Male 5,590
Gender Female 5,831
Unspecified 9,361
Infant (0-1) 1,101
Child (2-17) 2,675
Age Adult (18+) 10,241
Unspecified 6,765
) Clinical 14,724
Question Type 150 Glinical 6.061
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Large Language Model Performance: Persian vs.
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Figure 4: Overall accuracy of models on Persian and English test sets.

3.4. Data Contamination and Evaluation
Integrity

To ensure the reliability of our medical evaluation,
we implemented multiple safeguards against data
contamination and memorization artifacts:

Secure Sourcing: The dataset is not from eas-
ily crawlable, free public websites. Questions
come from official Iranian medical residency ex-
ams administered by Sanjeshp in PDF format,
providing an additional layer of protection against
training data leakage.

Exact Search: We conducted exact match
searches on a randomly sampled subset of under
50 questions, querying both full question stems
and isolated key medical terms across publicly ac-
cessible web sources. The analysis revealed min-
imal overlap, with the vast majority of sampled
questions returning no verbatim matches on any
publicly accessible platform, indicating limited or
no data leakage into LLM training corpora.

Temporal Analysis: To empirically verify the
absence of data leakage, we performed a year-
by-year accuracy analysis across examinations
from 2011-2024 (Figure 5). Model performance re-
mained consistent even on 2023-2024 questions
that post-date training cutoffs for most evaluated
models, strongly suggesting our dataset was not
present in training corpora. The observed per-
formance decrease in 2020-2021 likely reflects in-
creased exam difficulty during the COVID-19 pan-
demic period rather than data inconsistencies, as
students had extended study time and examin-
ers reportedly created more challenging assess-
ments.

3.5. English Translation

To enable bilingual evaluation, we generated En-
glish translations of the dataset using three meth-
ods: Google Translate, the GPT-4.1 API, and the
Gemini-2.5-Flash API. All translations were as-
sessed by our board-certified medical expert for
accuracy of medical terminology and preservation
of clinical meaning. Both GPT-4.1 and Gemini-
2.5-Flash produced more accurate, natural trans-
lations than Google Translate, with expert valida-
tion confirming superior preservation of medical
concepts and terminology. Due to its combination
of quality, accessibility, and expert-validated accu-
racy, we use Gemini-2.5-Flash translations as our
default in all subsequent experiments.

Model Accuracy Trends by Examination Year
(Selected Models)
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Figure 5: LLM performance across exam years
(2011-2024).
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4. Experiments

4.1.

We conducted zero-shot evaluations on the Per-
sianMedQA dataset using a wide range of state-
of-the-art open-weight and closed-weight LLMs in
both Persian and English. All models were eval-
uated with temperature set to 0 and allowed to
generate up to their maximum generation length.
We employed identical prompts and evaluation
protocols across all models to ensure fair com-
parison. Figure 6 shows the complete prompt
template used for all zero-shot evaluations. We
used English prompts across both Persian and En-
glish evaluation settings, as most models demon-
strated superior instruction-following capabilities in
English compared to Persian. All results reported
in this study are based on the 5,236-question test
set to facilitate reproducible evaluation and reduce
computational costs. We validated this approach
by running experiments on multiple models using
the full dataset, confirming that results were con-
sistent with the smaller test set.

Zero-shot Prompt

You are a medical expert tasked with answering multiple-choice
medical questions.

Zero-shot Scenario

Question Format:

Question: [Medical question text]
1: [Option 1]
2: [Option 2]
3: [Option 3]
4: [Option 4]

Important Notes:

+ Select the best answer from the provided choices.

* Your output must be only the option number (1, 2, 3, or 4).
» Do not add explanations or extra text.

+ Base your answers on authoritative medical knowledge.

J

Figure 6: The zero-shot prompt used for evalua-
tion

Figure 4 presents the overall accuracy of the
evaluated models on both Persian and English
test sets. Among all models, the closed-weight
GPT-4.1 achieved the highest zero-shot accuracy
in both languages, scoring 83.09% in Persian and
80.71% in English. Notably, the best-performing
open-weight model, DeepSeek-Chat-V3, achieved
a strong 68.05% in Persian and 73.30% in English,
followed closely by LLaMA-3.1-405B-Instruct with
67.02% in Persian and 73.49% in English. Interms
of medical-tuned models, Meditron3-8B scored
only 38.67% in Persian and 50.00% in English,
revealing substantial room for improvement in do-
main adaptation for Persian.

Persian LLMs significantly underperformed
across the board; some of them suffered

greatly from poor instruction-following ability.
PersianMind-1.0 achieved only 24.22% in Per-
sian (roughly equivalent to random guessing)
and 25.17% in English, suggesting limited med-
ical knowledge and inadequate generalization
capability in clinical domains. Similarly, Dorna2-
LLaMA-3.1-8B-Instruct, another Persian LLM,
scored just 34.87% in Persian and 51.24% in En-
glish, indicating slightly better instruction following
but still poor domain alignment in the Persian
medical setting.

Overall, closed-weight models consistently out-
performed both open-weight and medical LLMs,
particularly in Persian. While most models ex-
hibited performance degradation when evaluated
in Persian compared to English, some top-tier
models — such as GPT-4.1 (83.09% Persian vs.
80.71% English) and Gemini-2.5-Flash-Preview
(82.37% Persian vs. 79.09% English) — actually
scored higher on the original Persian questions.
This is consistent with our translation analysis: the
English set is machine-translated from Persian,
and even high-quality translation introduces subtle
semantic drift and loss of clinical context that can
slightly disadvantage models on the translated ver-
sion.

We further analyzed model performance across
different medical specialties. Figure 7 presents
a heatmap of accuracy scores for each model
across all medical fields in the PersianMedQA
dataset.

Several factors shaped model performance
across medical subfields. For example, pharma-
cology questions, which hinge on factual recall
rather than complex clinical reasoning, yielded the
highest accuracies for most models. Likewise,
non-clinical items (theoretical or basic-science
questions) tended to be answered more accurately
than clinical case scenarios, reflecting their rela-
tively straightforward nature.

In contrast, performance dropped sharply in
subfields such as surgery and medical statis-
tics, which require complex reasoning, quantita-
tive interpretation, and a deeper understanding of
language-specific clinical guidelines and protocols.
These findings show that factual recall alone is in-
sufficient: robust medical QA calls for deeper rea-
soning and cultural grounding across subfields.

4.2. Translation Impact

English dominates both the web-scale corpora that
power modern LLMs and the medical literature
on which they are trained. This bilingual evalua-
tion is crucial for understanding a key trade-off in
multilingual medical Al: while translating questions
into English may align them better with a model’s
core knowledge base, it risks erasing subtle clin-
ical guidelines and cultural contexts unique to lo-
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Figure 7: Heatmap showing the accuracy of each model across all medical specialties in the Persian-
MedQA dataset. Each cell represents the accuracy for a particular model-field pair. The full model list is

available in Appendix 15.

cal practice. To quantify this effect, we translated
the PersianMedQA dataset into English and com-
pared model performance on the original Persian
versus the translated English questions.

To better understand model behavior across
languages, we analyzed performance based on
whether questions were answered correctly in only
Persian, only English, or both. As expected,
most models performed better on the English
translations—even Persian LLMs—reflecting their
predominant exposure to English medical data dur-
ing training. However, a substantial subset of
questions (ranging from 3-10% across models)
was answered correctly only in the original Per-
sian.

Manual analysis showed these cases often in-
volved crucial local context that is lost in transla-
tion. These included healthcare system-specific
protocols where Iranian clinical guidelines differ
from Western standards, population-specific clin-
ical considerations like regional disease preva-
lence, and semantic drift where the precise mean-
ing of Persian medical terms is altered. Figure 8 il-
lustrates a representative case where Iran-specific
antibiotic protocols lead to correct answers only
when questions are presented in Persian, as trans-
lation obscures regional resistance patterns and
drug availability that differ from Western guidelines.

Such translation errors were most damaging in
fields like surgery, where imprecise terminology

led to incorrect answers even when the underlying
reasoning was sound (see Appendix 16 for further
examples).

4.3. Impact of Model Size

Our analysis of model size versus performance
revealed that scale is not a universal solution.
While larger general-purpose models like GPT-4.1
(83% accuracy) clearly outperformed their smaller
counterparts, increased size offered no advan-
tage for specialized models. Both large medical-
specific (e.g., MedAlpaca-13B) and Persian-tuned
(e.g., Dorna2-LLaMA-3.1-8B) models struggled
significantly, often scoring below smaller general-
purpose models. These results underscore that
model scale must be paired with high-quality,
domain-relevant training data to achieve strong
performance.

4.4. Prompting Strategies and Few-shot
Learning

We experimented with various prompting strate-
gies and few-shot learning approaches; the results
are summarized below.

Role-based prompting, where the model was
instructed to act as a specialist based on the med-
ical field of the question (e.g., "You are a cardiolo-
gist...”), resulted in slightly improved performance,
but the gains were marginal.
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Regional Clinical Protocol Example

Persian Question:

English Translation:

o bgyyo SLoladl jy opdle il 03,51 ool s Sos (K28, 55 oy | sl Al VY lsgs
Ot sl s 0l 3 SealaS” a9 515 51 65ty Sz (65l 55Kty 5 05 Sedle
Sl p3¥ Lo

IS GlpslS ggel V.

SIS Sty Y
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ol 35 55 ol o L ¥

Persian Model: Option 3
Correct Answer: Option 3

A 13-year-old adolescent has been brought to the emergency de-
partment due to a dog bite. In addition to wound care and rabies
prevention measures, which of the following should be adminis-
tered for tetanus prevention?

1. Tetanus Immune Globulin (TIG)
2. Td vaccine (Tetanus-Diphtheria)
3. TIG + Td vaccine

4. Wound care alone is sufficient
English Model: Option 2 (Td only)
Correct Answer: Option 3 (TIG + Td vaccine)

Clinical Analysis:

Pattern: Regional Vaccination Schedule Differences

Key Insight: The Iranian national vaccination schedule’s timing differs from Western protocols. In Iran, the last routine DTP dose is typically
administered at age 6, meaning a 13-year-old is 7 years post-vaccination. For a contaminated wound (dog bite) in this context:

« lIranian Protocol: Both TIG and Td booster recommended for tetanus-prone wounds when >5 years since last dose

» Western Guidelines: Often recommend Td booster alone if <10 years and primary series complete

-

J

Figure 8: Example demonstrating regional vaccination protocol differences affecting tetanus post-

exposure prophylaxis decisions.

Few-shot learning: For every test question, we
drew the in-context examples exclusively from the
PersianMedQA training split (up to k = 5 per query).
We experimented with several retrieval schemes
for picking those training examples: LaBSE cosine
similarity, TF-IDF, and random selection, but none
of them produced consistent gains over the zero-
shot baseline. A plausible reason is the absence of
high-quality embedding models tailored to Persian
medical text, which makes it difficult to retrieve truly
helpful training examples.

We also experimented with augmenting each
question with a medical dictionary, extracted by
a larger, more capable model (Gemini-2.5-Flash),
that provided both translations and concise defi-
nitions of key terms. This dictionary is released
alongside the dataset to help smaller models in-
terpret domain-specific terminology. However, we
found that this augmentation had a negligible ef-
fect on overall performance, especially for weaker
or instruction-tuned models.

4.5. Answer-Only Evaluation of LLM
Medical Reasoning

To test whether LLMs genuinely understand med-
ical questions or merely exploit statistical pat-
terns in answer choices, we adopted the partial-
input protocol of (Balepur et al., 2024). Each
model received only the four answer options with-
out the question stem. Gemini-2.5-Flash-Preview

achieved 35.60% accuracy, substantially outper-
forming random guessing (25%).

Manual inspection revealed that models ex-
ploited recurrent answer-choice artifacts, partic-
ularly evident in medical ethics—the highest-
performing field at 46.8% accuracy. In ethics ques-
tions, models can infer correct answers through: (i)
hierarchical ethical principles, where options con-
taining phrases like "patient autonomy,” “informed
consent,” or "professional disclosure” signal stan-
dard bioethical frameworks; (ii) logically exclusive
options, where choices violating fundamental med-
ical ethics (e.g., "withhold information from pa-
tient”) can be discarded; and (iii) linguistic cues,
where options with formal ethical terminology indi-
cate textbook-correct responses. These patterns
suggest that high performance in ethics may re-
flect recognition of moral vocabularies rather than
genuine ethical reasoning, suggesting that medi-
cal MCQ benchmarks may overstate LLM capabili-
ties by permitting exploitation of answer-choice ar-
tifacts.

4.6. Model Ensembling

Different models exhibit varied strengths across
medical subjects, suggesting that ensembling di-
verse models can improve accuracy. Since top-
performing models like GPT and Gemini are not
open-weight, developing open-weight ensembles
remains highly valuable.
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Table 2: Majority-vote ensembles. “Apeqt” is the
gain over the best single model in the group.

Ensemble / Baseline Acc.

Avg. Acc. Apest

Top-3 Overall 0.834 0.808 +0.003
Top-5 Overall 0.831 0.790 -0.001
Top-3 GPT Family 0.803 0.704 -0.028
Top-3 Google Family 0.795 0.728 -0.029
Top-3 Claude Family 0.777 0.684 -0.001
Top-5 open-weights 0.737 0.679 +0.033
Human Baseline 0.75 —_ —_

As shown in Table 2, majority-vote ensembles of
diverse model families outperformed single mod-
els, whereas same-family ensembles offer little
benefit. Notably, an ensemble of five open-weight
models achieved 73.7% accuracy, a significant
gain over the best individual model in that group
(+0.033).

4.7. Chain-of-Thought Evaluation

We evaluated the impact of Chain-of-Thought
(CoT) prompting on four models: two large general-
purpose models (GPT-4.1, Gemini 2.5 Flash),
one medical model (Meditron3), and one Persian-
language model (Dorna).

Performance Gains: For large general-
purpose models, Col improved accuracy by
approximately 2%, with the greatest gains on clin-
ical questions, highlighting that clinical scenarios
particularly benefit from explicit reasoning steps.
Smaller models showed negligible improvement,
likely due to weaker language and reasoning
capabilities.

Expert Analysis of CoT Errors: A clinical ex-
pert reviewed GPT-4.1’s CoT responses and iden-
tified four primary error types:

» Contextual Mismatch: Applying reasoning
based on non-Iranian clinical protocols.

« Ambiguity in Options: Failing to distinguish
between very similar or misleading answer
choices.

» Reasoning Failures: Exhibiting illogical or
incomplete reasoning despite possessing the
required knowledge.

* Knowledge Gaps: Lacking the necessary
factual information to answer correctly.

Examples for each category are available in Ap-
pendix 10.

5. Conclusion

In this study, we present PersianMedQA, a dataset
of 20,785 expert-validated Persian medical ques-
tions from 14 years of Iranian national medical ex-
ams, designed to evaluate how well current lan-

guage models understand medical content across
Persian and English contexts.

QOur evaluation of 41 models revealed a signif-
icant performance hierarchy: closed-weight mod-
els like GPT-4.1 (83.1% Persian, 80.7% English)
substantially outperform open-weight alternatives,
with the best open-weight model (LLaMA-3.1-
405B) achieving 67.0% in Persian. Persian LLMs
performed poorly (Dorna: 34.9%), while medical
LLMs showed only modest improvements over
general models. Critically, our cross-linguistic
analysis revealed that 3-10% of questions require
Persian-specific cultural and clinical knowledge,
demonstrating that simple translation-based eval-
uation approaches are inadequate for medical Al
in non-English contexts.

Future work should focus on developing Per-
sian medical corpora for domain-specific training,
creating retrieval-augmented systems that can ac-
cess culturally appropriate medical guidelines, and
expanding evaluation to other low-resource lan-
guages and multimodal medical contexts. Ad-
ditionally, the training split of PersianMedQA re-
mains underutilized in this study; future work
should explore fine-tuning open-weight models di-
rectly on this split and compare against the prompt-
based baselines established here. This work es-
tablishes a foundation for culturally grounded med-
ical Al evaluation beyond English-centric bench-
marks.

6. Limitations

Several factors constrained this study. (i) AP/ re-
strictions and computational resources: Cost and
rate limits for commercial LLMs (e.g., GPT-4.1) re-
duced the number of evaluation runs and chain-of-
thought variants we could conduct. Additionally,
the lack of access to large-scale GPU infrastruc-
ture precluded fine-tuning experiments on the train-
ing split, which we leave for future work. (i) Li-
censing barriers: copyright restrictions prevented
us from using larger multilingual biomedical cor-
pora, limiting the scope of our experiments. As
a result, our reported scores should be consid-
ered conservative lower bounds; broader data ac-
cess and greater computational resources would
enable a more exhaustive evaluation. (iii) Gener-
alization scope: The exam-based format of Per-
sianMedQA is best suited for evaluating physician-
level clinical reasoning. Results may not gener-
alize to patient-focused question answering, such
as informal health queries collected from online fo-
rums or patient communities, which represent a
distinct and complementary evaluation setting.
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7. Ethics Statement

This study involved the analysis and evaluation of
LLMs on publicly available medical examination
data. The dataset consists exclusively of multiple-
choice examination questions from official Iranian
medical licensing exams and contains no patient
records, clinical notes, or any personally identifi-
able information. No anonymization was required,
as the data is entirely de-identified by nature — all
questions are impersonal exam items testing med-
ical knowledge, not individual cases.

Regarding intellectual property, the questions
are sourced from official Iranian national medi-
cal residency examinations administered by San-
jeshp (the Medical Education Assessment Cen-
ter), a governmental body under the Iranian Min-
istry of Health. These examination papers are
publicly released after each examination cycle and
have been widely circulated by medical education
institutions, test-preparation resources, and com-
mercial study materials for over a decade. The
dataset is used exclusively for non-commercial
academic research purposes, consistent with es-
tablished practices in the Persian NLP research
community.

PersianMedQA is publicly available to support
reproducible research and further development of
Persian medical NLP. The dataset and bilingual
medical dictionary are available at PersianMedQA.

Our findings aim to improve the responsible de-
ployment of language models in healthcare, espe-
cially for underrepresented languages. We empha-
size that the models tested are not certified for clin-
ical use and should not be deployed in real-world
healthcare settings without strict oversight. We
advocate for continued expert-in-the-loop develop-
ment and further inclusion of diverse linguistic and
cultural considerations in medical Al research.
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8. Medical Specialist Background

The medical specialist involved in this study is a
board-certified internal medicine physician. She
graduated from the University of Tehran with a de-
gree in general medicine and completed her spe-
cialty training in internal medicine at Shahid Be-
heshti University of Medical Sciences. She has
5 years of clinical practice and has successfully
passed the Iranian national medical licensing ex-
aminations. Her contributions to this work include
validating subject classification, checking transla-
tion accuracy, overseeing the dataset curation pro-
cess, and performing chain-of-thought (CoT) error
analysis.

9. Data Verification and Quality
Assurance

9.1. Answer Verification Process

As described in Section 3, all questions under-
went a rigorous three-level verification process by
the National Center for Medical Education Assess-
ment (Sanjesh): (1) Initial expert committee re-
view by board-certified medical professionals, (2)
Public comment period where medical students
and practitioners can report concerns or discrepan-
cies, and (3) Final review and correction process
incorporating community feedback. This estab-
lished process has ensured high accuracy across
14 years of national medical examinations, though
formal inter-annotator agreement scores in the tra-
ditional sense were not applicable given the insti-
tutional verification structure.

9.2. Subject Classification Validation

Subject classification was validated by the board-
certified medical specialist described in Ap-
pendix 8. The specialist reviewed ambiguous
cases using a custom Telegram-based annota-
tion interface (see Appendix 13), achieving greater
than 90% agreement with Gemini 2.5-Flash classi-
fications over a randomly selected sample of 200
questions. We acknowledge that the absence of
a second human annotator means formal inter-
annotator agreement scores could not be com-
puted; future work should include dual annota-
tion on a representative subset to formally assess
metadata quality.

9.3. Question Diversity Distribution

The National Center for Medical Education As-
sessment maintains natural diversity across medi-
cal specialties following standardized distributions
mandated by the Ministry of Health. Each exam

is dominated by the core clinical specialties: Pedi-
atrics (~26 questions), Surgery (~24 questions),
and Obstetrics/Gynecology (~18 questions), fol-
lowed by Infectious Disease (~10 questions)
and Pathology (~9 questions). The remaining
18 specialties—including Cardiology, Neurology,
Psychiatry, Orthopedics, Endocrinology, Derma-
tology, and others—each contribute between 2
and 8 questions per exam, following official Min-
istry of Health guidelines.

10. Examples of CoT Error Patterns

This section presents representative error patterns
identified in model-generated CoT outputs, as an-
notated by our clinical expert. For each example,
we highlight the clinical context, the correct answer,
the model’s response, and a summary of the ex-
pert’s evaluation.

1. Contextual Mismatch

Question: What is the next step in an immunocompromised pa-
tient with nasal congestion and suspected invasive fungal sinusi-
tis?

Correct Answer: Endoscopy and biopsy

Model Answer: Imaging (MRI) is needed before biopsy.

Expert Evaluation: The model follows a Western protocol; how-
ever, local clinical practice requires urgent biopsy due to high mor-
tality risk.

-~
-

2. Ambiguity in Options

Question: What is the most common malignant neoplasm of the
liver?

Correct Answer: Hepatocellular carcinoma (HCC)

Model Answer: Metastasis is more common overall, so we
choose that.

Expert Evaluation: The model selected a technically true but con-
textually incorrect answer; expert notes ambiguity in phrasing and
clinical intent.

| /
-

3. Reasoning Failure

Question: What is the correct order of action in a 25-year-old with
lymphoma and meningitis signs but no neurologic deficits?
Correct Answer: Blood culture — Lumbar puncture — Empiric
antibiotics

Model Answer: CT scan should be done first due to immunosup-
pression.

Expert Evaluation: The patient’s immunosuppression requires a
different clinical approach, which the model failed to identify.

-
-

4. Knowledge Gap

Question: Which drug works via motilin receptor stimulation for
gastroparesis?

Correct Answer: Erythromycin

Model Answer: Metoclopramide is commonly used for gastro-
paresis, so we chose that.

Expert Evaluation: Model lacks pharmacologic mechanism
knowledge and defaults to common treatments.
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11. Few-shot Evaluation Prompt

In-context examples are drawn from the Persian-
MedQA training split using LaBSE cosine similar-
ity, TF-IDF, and random selection (up to & = 5).

Few-shot Prompt

You are a medical expert tasked with answering multiple-choice
medical questions.

In-context Examples:

Question: [Example question 1]
1: [Option 1] 2: [Option 2]
3: [Option 3] 4: [Option 4]

Answer: [Correct option number]
Question: [Example question k]
1: [Option 1] 2: [Option 2]
3: [Option 3] 4: [Option 4]
Answer: [Correct option number]

Now answer this question:

Question: [Medical question text]
1: [Option 1] 2: [Option 2]
3: [Option 3] 4: [Option 4]

= J

Important Notes:

+ Your output must be only the option number (1, 2, 3, or 4).
» Do not add explanations or extra text.

\ » Base your answers on authoritative medical knowledge.

J

12. CoT Reasoning Prompt

CoT Prompt

You are a medical expert taking a medical board examination.

For each question, please:

Read and understand the question carefully.

Analyze the options (1-4) systematically.

Apply your medical knowledge step by step.

Show your chain-of-thought (CoT) reasoning clearly.

Explain why each incorrect option is wrong, and the chosen
one is correct.

Explicitly state which option (1, 2, 3, or 4) is your final answer.

apwp =

o

Response format (JSON):

{

"CoT": "your step-by-step reasoning",
"Final_Answer": 1 | 2 | 3 | 4,
"Reasoning": "concise justification"

}

Be methodical, precise, and thorough in your analysis. Your ex-
pertise as {english_specialty} is critical for answering these
specialized questions correctly.

J

13. User Interfaces

To facilitate expert interaction throughout vari-
ous phases of our study, we developed multiple
Telegram-based interfaces to streamline collabora-
tion with our medical specialist.

13.1. Subject Annotation Interface

We created a Telegram annotation bot to support
subject-level classification. The specialist could re-
view ambiguous or unclassified questions and se-
lect the most appropriate medical field from a pre-
defined list of 23 specialties.

@ “d TELEGRAM
(1]

LTE &
Medicalbot

bot

£ Back

next 1.1
Item 31/31

Question: jo .uublue oS 70 (js L aJb 50 sl jlew
ayleo BP = 200/100 mmHg Oliaglojl jo .Cuwl @ Cr =
5, UA : RBC = 2-3/hpf, WBC = 2-3/hpf , broad
granular cast = 2 4 jlw oo plasil (31 8gigw j0 9
70 Cawlymm 75 az audS gmm Cuwo G813 GiyliS yo g
2 2)lee dom el ot UiliS Siamjarmd Cudiugl
o4l ojo aluyli (mhd lme o) (CKD) wilue

JENN
Please select a category:
Sigor
19:51..#
Labeled as: jglapds e
& o)
Olsogs Sisdeaol)
o3 sislely
s"')'-“.J-ISJ s.-.-H .
sigleSle L6 Sislayel
JLel Siglayed
Sagi)l @)

Figure 9: Telegram interface for expert subject
classification of ambiguous questions.

13.2. CoT Reasoning Interface

To analyze the reasoning behind model outputs,
we designed an interface that presented the ex-
pert with a curated 200-question subset. For each
question, the expert was asked to: (1) select
whether a predefined reasoning category applied
(e.g., domain knowledge, commonsense, causal
inference), (2) optionally assign a new category if
none fit, and (3) provide a brief explanation justify-
ing the correct answer.
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P i6:a3 e 15. Overall Performance Comparison
ol

¢ Back Error-analysis-bot Table 4 shows the zero-shot accuracy of all 41 eval-
s i uated models on the original Persian questions,
leuwuhuuj:;”;:fﬁii the translated English questions, and their aver-

age. Models are sorted by average performance.

Correct Answer: 2 The five lowest-performing models struggled sig-

nificantly with instruction-following, resulting in ac-

GPT-4.1 Final Answer: 3 .
curacy scores at or below random guessing.

Chain of Thought:
e 9 el piaun i hlo jlew wlgw ool o

b usmsisol liles 3 Cal il (BT (538,5 Table 4: Zero-shot accuracy of all evaluated mod-
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Figure 10: Telegram interface for expert annota- ng;gﬂﬁf&mmﬁ 2B Z:gg gg:g: g;g;
tion of reasoning categories and explanations. BioMistral-7B 2576 3138 2857
LLaMA-3.2-1B-Instruct® 26.44 25.48 25.96
Aya-23-8B° 27.77  23.47 25.62
PersianMind-1.0° 2422 2517 24.69
i i icti MedAlpaca-7B 15.18  20.38 17.78
14. Persian Medical Dictionary MedMipaca 55 204 P
Meditron3-Gemma2-9B 2.41 5.39 3.90
i i _ MedAlpaca-13B 1.41 2.16 1.79
Table 3 summarizes the number of unique med Persiant L aM At 3EP 000 500 0.00

ical terms extracted per category in the bilingual
Persian medical dictionary released alongside the

dataset.
16. Cross-Linguistic Performance
Table 3: Distribution of extracted Persian medical Analysis
terms. . L . .
Category Unique Terms Qur cross-linguistic analysis revealed three dis-
: - tinct performance patterns across models. Repre-
Medical Devices 866 ) .
Medical Specialties 273 sentative examples for each category are provided
Lab Tests 6,410 below.
Medical Abbreviations 2,596
Traditional Medicine Terms 64
Procedures 9,632 .
Anatomical Terms 8,120 Category 1: Correct in Both Languages
Symptoms 14,397
Medications 5,905 These questions involve standardized clinical pro-
Diseases 16,400

tocols and universal pathophysiological concepts
that transfer seamlessly across languages.
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Category 1: Emergency Management Protocol

English:

Persian:

An elderly male patient is hospitalized
due to acute biliary pancreatitis. After
24 hours, the patient is still ill. Symp-

5 e Sl (gl ol Sl oy e 5T Lo
g om Jb slzmen pleys el YF 3l ey el
3l 3y ol 332 (3l o] wBDle

toms of biliary obstruction are evident.
What is the best course of action?

Sl plas

Pattern: Universal Protocol — Emergency biliary obstruction management is consistent
across healthcare systems, transferring correctly in both languages.

Figure 11: category 1: correct in both languages.

Category 2: Correct Only After
Translation

These questions benefit from the model’s stronger
English medical training, particularly in specialized
terminology.

Category 2: Specialized Anatomical Pathology

English: Persian:

Which finger’s flexor tendon sheath in-
fection (infectious tenosynovitis) is at
risk of spreading to the forearm?

S 5SS 90 (Sighe Cugginmgd 27T b
€5 )5 3925 el & s 2K

Pattern: English Literature Dominance — Specialized anatomical terminology is
predominantly represented in English medical literature, improving performance post-
translation.

J

Figure 12: Category 2: correct only after translation.

Category 3: Correct Only in Persian

These questions involve Iran-specific medical
practices or clinical contexts that are altered or lost
during translation.

Category 3: Iran-Specific Clinical Protocols

Example A: Regional Antibiotic Protocols

A 30-year-old motorcyclist presents
with a ~10 cm wound over the right
tibia with a comminuted fracture. Which
antibiotic and for how long?

Gl 59y 7% Sl Ve 025 bl e el 5550
gl 4 L 00l 9,5 (SSh ol en 4 o 5L
Sote 4z sl 5 Sges o1 ASS 515 o Azl

J . J

B: inati Differences

A 17-year-old presents with a comam-\
inated wound. History indicates rou-
tine national vaccination has been per-
formed.

ol il 4 ST 4 035)] 035 b Ao VY lazrgs
ol 0315 planl (6,328 (3 gmmilinnSTy Al

Pattern: Regional Protocol Differences — Iranian antibiotic and vaccination protocols
differ from Western guidelines. Critical clinical context is lost in translation, leading to
incorrect answers on the English version.

Y,

-

Figure 13: category 3: correct only in Persian due to Iran-specific
protocols.
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