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Abstract

Recent progress in large language models
(LLMs) has showcased impressive proficiency
in numerous Arabic natural language process-
ing (NLP) applications. Nevertheless, their ef-
fectiveness in Arabic medical NLP domains has
received limited investigation. This research
examines the degree to which state-of-the-art
LLMs demonstrate and articulate healthcare
knowledge in Arabic, assessing their capabil-
ities across a varied array of Arabic medical
tasks. We benchmark several LLMs using a
medical dataset proposed in the Arabic NLP
AraHealthQA challenge in MedArabiQ2025
track. Various base LLMs were assessed on
their ability to accurately provide correct an-
swers from existing choices in multiple-choice
questions (MCQs) and fill-in-the-blank scenar-
ios. Additionally, we evaluated the capacity
of LLMs in answering open-ended questions
aligned with expert answers. Our results reveal
significant variations in correct answer predic-
tion accuracy and low variations in semantic
alignment of generated answers, highlighting
both the potential and limitations of current
LLMs in Arabic clinical contexts. Our anal-
ysis shows that for MCQs task, the proposed
majority voting solution, leveraging three base
models (Gemini Flash 2.5, Gemini Pro 2.5, and
GPT o3), outperforms others, achieving up to
77% accuracy and securing first place overall
in the challenge1 (Alhuzali et al., 2025). More-
over, for the open-ended questions task, several
LLMs were able to demonstrate excellent per-
formance in terms of semantic alignment and
achieve a maximum BERTScore of 86.44%.

1 Introduction

Medicine relies heavily on complex reasoning,
spanning tasks from diagnostic decision-making
to treatment planning, especially when patient out-
comes depend on understanding multi-factorial

1https://www.codabench.org/competitions/8967/
#/results-tab

conditions (Qiu et al., 2024; Huang et al., 2025).
Differential diagnosis involves generating and nar-
rowing down possible diagnoses using clinical evi-
dence, requiring both extensive medical knowledge
and logical reasoning to evaluate multiple hypothe-
ses.

LLMs have demonstrated superior performance
across various domains and applications, such as
article debiasing (Kuo et al., 2025), content moder-
ation (AlDahoul et al., 2024b), and political leaning
detection (AlDahoul et al., 2024a). In the health-
care domain, LLMs are reshaping the landscape of
healthcare by transforming the way consultations,
diagnoses, and treatment plans are delivered (Yang
et al., 2023). They offer new avenues for improving
patient education through dynamic, conversational
interactions, thereby enhancing both accessibility
and patient autonomy. Beyond direct patient care,
LLMs also show promise in supporting medical
training and streamlining administrative responsi-
bilities, including the generation of clinical notes,
referral letters, and discharge summaries (Yang
et al., 2023).

Most existing benchmarks focus on English,
leaving a gap in evaluating Arabic LLMs for health-
care due to the lack of high-quality clinical datasets,
Arabic’s linguistic diversity, and the limited perfor-
mance of multilingual models in domain-specific
tasks (Daoud et al., 2025). To fill these gaps,
there is an increasing demand for frameworks that
evaluate LLM performance in clinical tasks for
Arabic-speaking communities. Our analyses and
experiments center around the following research
questions: RQ1: Do state-of-the-art proprietary
base LLMs perform well in Arabic medical tasks?
RQ2: To what extent do state-of-the-art proprietary
base LLMs with reasoning capacity excel in Arabic
medical tasks? RQ3: Do open-source-based Ara-
bic LLMs perform well in Arabic medical tasks?
and RQ4: How does majority voting among sev-
eral LLMs enhance performance in Arabic medical
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tasks?
We address RQ1 by running the APIs of several

LLMs, such as Claude Opus, Grok 3, Deepseek v3,
Llama 4 Maverick, GPT-4o-mini, and GPT-4o. To
answer RQ2, we utilized APIs of state-of-the-art
LLMs with reasoning capabilities such as GPT-o3,
Gemini Flash 2.5, and Gemini Pro 2.5. Moreover,
to address RQ3, we ran Falcon 3, Fanar, and Al-
lam. Additionally, to answer RQ4, we calculated
the majority vote among the predictions of three
LLMs.

2 Related Work

BioBERT (Lee et al., 2020), SCIBERT (Belt-
agy et al., 2019), and PubMedBERT (Gu et al.,
2021) improved biomedical NLP by training on
domain-specific corpora, thereby outperforming
the general BERT model (Yang et al., 2023).
Building on this, ClinicalBERT (Alsentzer et al.,
2019) enhanced performance on medical tasks
by fine-tuning BERT and BioBERT using the
MIMIC-III clinical dataset. Expanding further,
GatorTrona (Yang et al., 2022). significantly larger
model trained from scratch on extensive clinical
and biomedical text—demonstrated strong results
across a wide range of clinical NLP tasks (Yang
et al., 2023).

Various benchmarks have been developed to
evaluate LLMs’ proficiency in medical reasoning
and knowledge (Huang et al., 2025; Zuo et al.,
2025). However, significant challenges persist,
ranging from ethical and safety concerns to the
risk of biased outputs and inconsistent perfor-
mance across different languages and cultural set-
tings (Yang et al., 2023; Nazi and Peng, 2024;
Daoud et al., 2025).

To advance medical LLMs, researchers have in-
creasingly focused on creating multilingual med-
ical datasets (Qiu et al., 2024). They introduced
MMedC, a 25.5-billion-token multilingual medi-
cal corpus, and MMedBench, a multilingual QA
benchmark with rationales. By fine-tuning Llama
3 (8B), they found it outperformed all other open-
source models and approached GPT-4 performance.
However, Arabic was not one of the languages in-
cluded (Qiu et al., 2024).

Arabic medical benchmarks are limited and
mostly focused on question-answering tasks.
While resources like MMLU (Hendrycks et al.,
2020), AraSTEM (Mustapha et al., 2024), and
AraMed (Alasmari et al., 2024) offer valuable con-

tributions, they do not fully cover the breadth of
Arabic medical tasks, highlighting the need for
more comprehensive benchmarking efforts. The
previous issue was addressed by the MedArabiQ
benchmark (Daoud et al., 2025).

3 Materials and Methods

3.1 Dataset Overview
The medical data used in this work is the main
dataset utilized in the AraHealthQA shared task in
the MedArabiQ2025 track (Alhuzali et al., 2025)
under one of the Arabic NLP challenges. It fo-
cuses on modern standard Arabic (MSA) and con-
sists of 700 diverse clinical samples, covering
both structured medical knowledge assessments
and real-world patient-doctor interactions (Daoud
et al., 2025; Alhuzali et al., 2025). The dataset has
multiple-choice and open-ended questions that are
distributed as follows:

• a random set of 100 multiple-choice questions
to evaluate the models’ medical understand-
ing.

• a set of 100 multiple-choice questions with
bias injected to evaluate how LLMs handle
ethical or culturally sensitive scenarios.

• a set of 100 fill-in-the-blank questions with
choices to evaluate the model’s ability to rec-
ognize correct answers, reducing the reliance
on generative capabilities.

• a set of 100 fill-in-the-blank questions with-
out choices to assess LLMs’ reasoning and
generation capabilities.

• a set of 100 patient-doctor Q&As selected
from AraMed (Alasmari et al., 2024) to eval-
uate LLMs with online real-world scenarios
from medical discussion forums.

• a 100 Q&As with grammatical error correc-
tion to handle inflectional patterns and prepare
the dataset for grammatical correction.

• a 100 Q&As with LLM Modifications to mit-
igate potential model memorization and to
assess the model’s reasoning and adaptability.

The previous 700 examples were used for evalu-
ation of LLMs. Later, another set of 200 examples
(100 MCQs and 100 open-ended questions) was
released for testing the LLMs’ reasoning and un-
derstanding.
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3.2 Methods
We have evaluated state-of-the-art base LLMs to
identify the best in terms of correct answer match
accuracy in MCQs task and alignment score of gen-
erated answers in open-ended questions task. This
LLM can understand the questions, identify the
correct answers utilizing its embedded knowledge
and reasoning capability, and generate the answers
that align with those of experts.

We started assessing several proprietary base
LLMs for the MCQs task to evaluate the accuracy
of the match between real and predicted answers.
We used LLMs’ APIs in the inference mode utiliz-
ing two different zero-shot prompts specialized for
the MCQs task (Prompt 1 and Prompt 2) shown
in the Appendix. The evaluated LLMs are: Gem-
ini Flash 2.5, Gemini Pro 2.52 (Team et al., 2023),
GPT-4o-mini3, GPT-4o (Hurst et al., 2024), GPT
o34, Grok 35, Claude 3 Opus6, Deepseek v3 (Liu
et al., 2024), and Llama 4 Maverick7.

Later, we selected the two LLMs that have
shown high performance in the MCQs task: Gem-
ini Flash 2.5 and Gemini Pro 2.5 and utilized them
in the open-ended question task. We also demon-
strated the performance of small-sized LLMs such
as GPT-4o-mini in this task. We utilized three dif-
ferent prompts specialized for open-ended tasks
(Prompt 1, Prompt 2, and Prompt 3) which are also
shown in the Appendix.

Additionally, open-source-based Arabic LLMs
such as Falcon3 (Almazrouei et al., 2023)
(“tiiuae/Falcon3-7B-Instruct”)8,9, Fanar (Team
et al., 2025) (“QCRI/Fanar-1-9B-Instruct”)10, and
Allam (Bari et al., 2024)(“ALLaM-AI/ALLaM-7B-
Instruct-preview”)11 were assessed for both tasks.

2https://blog.google/
technology/google-deepmind/
gemini-model-thinking-updates-march-2025/
#gemini-2-5-thinking

3https://openai.com/index/
gpt-4o-mini-advancing-cost-efficient-intelligence/

4https://cdn.openai.com/pdf/
2221c875-02dc-4789-800b-e7758f3722c1/
o3-and-o4-mini-system-card.pdf

5https://x.ai/news/grok-3
6https://www-cdn.anthropic.com/

de8ba9b01c9ab7cbabf5c33b80b7bbc618857627/Model_
Card_Claude_3.pdf

7https://ai.meta.com/blog/
llama-4-multimodal-intelligence/

8https://huggingface.co/blog/falcon3
9https://huggingface.co/tiiuae/

Falcon3-7B-Instruct
10https://huggingface.co/QCRI/

Fanar-1-9B-Instruct
11https://huggingface.co/ALLaM-AI/

We applied zero-shot prompting across all mod-
els and tasks, setting the temperature to 0 and top_p
to 1 for all tasks to ensure deterministic responses.
For the open-ended question task, BERTScore was
used as an evaluation metric to measure align-
ment between generated and expert answers. For
this purpose, we used the "XLM-RoBERTa-Large
model" (Daoud et al., 2025), which was trained on
multiple languages, including Arabic.

We also evaluated Arabic Falcon12. Since there
is no API available for Arabic Falcon, we used the
web interface to manually input questions into the
chat version. We retained the history of previous
questions to avoid clearing the context before each
new query.

3.3 Results and Discussion
The results of the MCQs task using the proprietary
LLMs are shown in Table 1. The dataset has MCQs
related to understanding and reasoning. While un-
derstanding involves factual knowledge, reasoning
mimics how doctors make decisions.

The medical reasoning capacity of GPT-o3,
Gemini Flash 2.5, and Gemini Pro 2.5 makes
them have superior performance compared to other
LLMs. These simulate diagnostic thinking by com-
bining multiple facts and using step-by-step reason-
ing to eliminate plausible but incorrect distractors
in medical MCQs, which answers RQ2.

Model Prompt Accuracy%
GPT-4o-mini 1 49
GPT-4o 1 57
GPT-O3 1 72
Gemini Flash 2.5 1 73
Gemini Pro 2.5 1 75
GPT-O3 2 74
Gemini Flash 2.5 2 74
Gemini Pro 2.5 2 76
Majority voting 2 77
Grok 3 2 60
Claude 3 Opus 2 49
Falcon Arabic 2 38
Deepseek v3 2 56
Llama 4 Maverick 2 63

Table 1: Accuracy of different proprietary base LLMs
using different prompts.

Even though Claude 3, Deepseek 3, Grok 3, and

ALLaM-7B-Instruct-preview
12https://falcon-lm.github.io/blog/

falcon-arabic/
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Llama 4 Maverick possess strong reasoning capa-
bilities, they exhibit modest performance on this
task, likely due to limited medical knowledge or
insufficient proficiency in Arabic, which addresses
RQ1 and RQ2. However, Llama 4 Maverick was
the best among them in terms of accuracy (63%).

For sensitivity of prompt construction, we found
that Prompt 2, which includes step-by-step or chain-
of-thought reasoning, is generally better than sim-
ple Prompt 1 when it comes to answering medical
MCQs.

The significant finding in this work is that cur-
rent state-of-the-art proprietary LLMs exhibit lim-
itations in their embedded medical knowledge of
various Arabic medical tasks (maximum accuracy
is 76% in Gemini Pro 2.5). The source of errors in
the MCQ task may stem from misunderstanding of
questions, lack of medical knowledge, or lack of
medical reasoning capabilities.

To benefit from the capacity of each of three
LLMs (GPT-O3, Gemini Flash 2.5, and Gemini Pro
2.5) in MCQs task, we applied a majority voting
technique using the predictions from these LLMs,
resulting in a final accuracy of 77%, which secured
first place overall in the challenge, which answers
RQ4.

The results of the open-ended questions task us-
ing proprietary LLMs are shown in Table 2. The
dataset has questions labeled with answers. The
LLMs should generate answers that are semanti-
cally aligned with reference answers.

Our finding indicates that reasoning LLMs such
as Gemini Flash 2.5 and Gemini Pro 2.5 have struc-
tured answers that reduce hallucination and over-
confidence, as the models are less likely to guess
and more likely to justify their answers. As a re-
sult, their responses often align more closely with
reference answers and perform better on semantic
evaluation metrics like BERTScore, which answers
RQ2. Furthermore, GPT-4o-mini shows good per-
formance in terms of BERTScore.

Additionally, the three LLMs showed high sensi-
tivity to prompts with variances in BERTScores.
The maximum BERTScores were achieved by
Prompt 3 that asked the LLMs to have modern
standard Arabic in response, emphasized medically
correct answers, and asked for concise answers that
are not diluted with explanations, which usually
tend to align more closely with reference answers.

Table 3 shows the accuracy and BERTScore of
several open-source base Arabic LLMs. Among

Model Prompt BERTScore
Gemini Pro 2.5 1 0.8105

Gemini Flash 2.5 2 0.8364
GPT-4o-mini 2 0.8386
GPT-4o-mini 3 0.8581

Gemini Flash 2.5 3 0.8633
Gemini Pro 2.5 3 0.8644

Table 2: BERTScore of proprietary base LLMs us-
ing different prompts.

the models, Allam demonstrates relatively better
performance (39%) in MCQs task, while Falcon
3 gave the best BERTScore (0.8493). This experi-
ment indicates a lack of medical knowledge and/or
medical reasoning in the base open-source Ara-
bic LLMs compared to proprietary ones, which
addresses RQ3.

Model Task Accuracy %
Falcon 3 Task 1 36

Fanar Task 1 31
Allam Task 1 39
Model Task BERTScore

Falcon 3 Task 2 0.8493
Fanar Task 2 0.8403
Allam Task 2 0.8431

Table 3: Accuracy and BERTScore of different base
Arabic LLMs.

Limitations

The first limitation is that multiple-choice and fill-
in-the-blank with choice questions in the MedAra-
biQ2025 dataset are limited to only a few hundred
examples. There is a clear need for larger, high-
quality Arabic medical datasets to fine-tune LLMs
and enhance their performance. Alternatively, stor-
ing extensive medical data in a vector database and
employing retrieval-augmented generation (RAG)
techniques could help retrieve more accurate and
contextually relevant answers.

A second limitation of this work is the absence of
bias detection and mitigation techniques during the
preprocessing of questions before inputting them
to LLMs. Incorporating such techniques could play
a significant role in improving model performance
and ensuring more reliable outputs.

The third limitation is that for open-ended and
fill-in-the-blank questions without choices, we lack
a robust metric for capturing semantic similarity.
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In this work, we utilized BERTScore, which often
yields similar values across different responses and
fails to reflect subtle nuances in semantic alignment
with the correct answers.
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A Appendix

A.1 Prompts used

This work employed different prompts for the two
tasks: the orange-colored prompts were used for
Task 1 (MCQs), while the red, green, and blue
prompts were used for Task 2 (open-ended ques-
tions).

Open-ended questions’ Prompt 1

You are a knowledgeable and concise medi-
cal expert. Provide a high-quality answer to
the following open-ended medical question.
Your response should:
Begin with a direct, evidence-based answer.
Elaborate on the mechanisms, relevant
anatomy or physiology, and clinical signifi-
cance.
Use clear, professional medical language.
Question:
[Insert your medical question here]

Open-ended questions’ Prompt 2

You are a knowledgeable and concise medi-
cal expert. Provide a high-quality answer to
the following open-ended medical question.

124



Open-ended questions’ Prompt 3

You are a knowledgeable and concise medi-
cal expert.
Your task is to generate a concise, accu-
rate, and medically correct answer in Modern
Standard Arabic.
Do not include explanations—just provide
the best possible answer based on your
knowledge.
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