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Abstract

In recent years, Large Language Models
(LLMs) have become widely used in medical
applications, such as clinical decision support,
medical education, and medical question an-
swering. Yet, these models are often English-
centric, limiting their robustness and reliabil-
ity for linguistically diverse communities. Re-
cent work has highlighted discrepancies in per-
formance in low-resource languages for vari-
ous medical tasks, but the underlying causes
remain poorly understood. In this study, we
conduct a cross-lingual empirical analysis of
LLM performance on Arabic & English medi-
cal question and answering. Our findings reveal
a persistent language-driven performance gap
that intensifies with increasing task complex-
ity. Tokenization analysis exposes structural
fragmentation in Arabic medical text, while re-
liability analysis suggests that model-reported
confidence and explanations exhibit limited cor-
relation with correctness. Together, these find-
ings underscore the need for language-aware
design and evaluation strategies in LLMs for
medical tasks.

1 Introduction

Large Language Models (LLMs) have shown re-
markable performance on a wide range of medical
tasks, including clinical question answering (Sing-
hal et al., 2025), medical reasoning (Chen et al.,
2025; Wu et al., 2025), and exam-style benchmarks
(Pal et al., 2022), positioning them as as powerful
capabilities for advancing healthcare applications.
However, these successes are largely demonstrated
in English due to limited availability of diverse
benchmarks (Singh et al., 2025).

As LLMs move closer to real-world healthcare
deployment, their ability to function reliably across
languages becomes a critical concern. Recent mul-
tilingual evaluations consistently report substantial
performance drops when medical LLMs are eval-
uated outside English, with Arabic as one of the

affected languages (Alonso et al., 2024). However,
reported results are typically limited to aggregate
performance scores (Daoud et al., 2025), providing
limited insight into the underlying causes of model
underperformance.

Despite growing recognition of performance
gaps between Arabic and English, existing explana-
tions remain largely underexplored, often attribut-
ing failures to limited pretraining data or domain
mismatch (Jin et al., 2024; Qiu et al., 2024). As
a result, it remains unclear whether poor Arabic
performance stems primarily from linguistic prop-
erties of the language, insufficient medical domain
adaptation, architectural design choices, or inter-
actions between these factors. This hinders princi-
pled adaptation: without knowing which factors
dominate model failure, it is difficult to design
effective multilingual training strategies, align-
ment procedures, or evaluation protocols. To
this end, we present the first systematic study de-
signed to disentangle linguistic, domain-specific,
and architectural contributors to LLM performance
on Arabic medical tasks. We make the following
contributions:

• We design a cross-lingual diagnostic evalua-
tion framework for general-purpose and med-
ical LLMs that enables controlled analysis
across languages, output formats, tokeniza-
tion behavior, and reliability signals.

• We conduct an empirical study on
MedAraBench, an Arabic medical question
answering dataset, and its English-translated
counterpart to isolate language effects while
controlling for medical content.

• Our findings show that Arabic performance
degradation is driven by interacting represen-
tational, alignment, and evaluation factors
rather than medical knowledge alone, with
gaps amplifying under increased task com-
plexity and free-form generation.
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2 Related Work

2.1 Medical LLMs and Evaluation
Benchmarks

LLMs have driven recent progress in clinical NLP,
supporting applications including decision support,
diagnostic assistance, and clinical text generation.
To assess medical reasoning capabilities, several
evaluation benchmarks, primarily formulated as
question-answering tasks based on medical exam-
inations or curated clinical sources, have been in-
troduced (Zhang et al., 2018; Jin et al., 2019; Pal
et al., 2022). Benchmarks such as MedQA and
PubMedQA (Jin et al., 2021, 2019) are now widely
used to evaluate medical knowledge and reasoning
in LLMs.

General-purpose LLMs have achieved strong
performance on English medical benchmarks. No-
tably, GPT-4 exceeded the passing threshold on
USMLE-style questions in MedQA, achieving an
accuracy of 86.1% (Nori et al., 2023a). This suc-
cess motivated the development of medical-domain
LLMs through domain-specific adaptation. Propri-
etary models such as Med-PaLM and Med-PaLM
2 (Singhal et al., 2025), as well as GPT-4 Med-
Prompt (Nori et al., 2023b), reported substantial
gains, with GPT-4 MedPrompt surpassing 90% ac-
curacy on MedQA and achieving significant error
reduction.

However, the costs, opacity, and privacy con-
straints associated with proprietary systems have
limited their adoption in real-world clinical set-
tings. In response, several open-access medical
LLMs have been proposed, yet their performance
on established benchmarks remains limited. Un-
like proprietary models, BioMistral only achieves
44.4% accuracy on MedQA, while MedAlpaca and
PMC-LLaMA attain 35.4% and 27.6%, respec-
tively (Labrak et al., 2024). These results highlight
a persistent performance gap between proprietary
and open-source medical LLMs.

2.2 Multilingual Medical Benchmarks and
Cross-lingual Generalization

Despite the widespread evaluation of LLMs on En-
glish medical benchmarks, their reliability across
languages remains limited. Prior work has shown
that both general-purpose and medical LLMs are
prone to hallucinations (Xiong et al., 2024) and
may produce answers based on outdated clinical
knowledge (Vladika et al., 2025). Moreover, most
medical benchmarks are predominantly English-

centric in both their construction and evaluation
(Qiu et al., 2024).

Recent multilingual evaluations consistently re-
port substantial performance drops outside En-
glish. For instance, significant degradation has
been observed on Italian medical QA tasks (Kembu
et al., 2025), as well as across a broader range of
non-English healthcare queries (Jin et al., 2024).
Alonso et al. (2024) further show that both general-
purpose and medical LLMs perform markedly
worse in Arabic and Hindi than in English. No-
tably, medical LLMs often underperform the base
models from which they are adapted in non-English
settings, suggesting that domain adaptation may re-
duce cross-lingual generalization.

Alonso et al. (2024) further show that medical
LLMs often underperform their base models in
non-English settings such as Arabic and Hindi, sug-
gesting that domain adaptation may hinder cross-
lingual generalization. Complementarily, Jeong
et al. (2024) demonstrate that this effect already oc-
curs in English, indicating that specialization alone
does not guarantee performance gains even without
language mismatch.

To mitigate these disparities, some efforts have
focused on developing language-specific medical
models. HuatuoGPT (Zhang et al., 2023) is a no-
table example of a Chinese medical LLM trained
on native-language biomedical resources. However,
systematic analyses of how domain adaptation in-
teracts with multilingual performance remain lim-
ited, particularly for underrepresented languages.

2.3 Challenges in Arabic Medical Language
Models

Arabic poses distinct challenges for medical
language modeling, including rich morphology,
complex tokenization, dialectal variation, and a
scarcity of high-quality, domain-specific resources
(Farghaly and Shaalan, 2009; Habash, 2010). Al-
though general-purpose Arabic LLMs such as Jais
(Sengupta et al., 2023), Fanar (Team et al., 2025)
and ALLAM (Bari et al., 2025) have been intro-
duced, the development and evaluation of Arabic
medical LLMs remain underexplored.

Existing evaluations report poor performance on
Arabic medical tasks (Daoud et al., 2025). How-
ever, the underlying causes of these failures are
not well understood. It remains unclear whether
performance degradation primarily arises from lin-
guistic representation issues, limitations of domain-
adaptive training, or their interaction, particularly
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for medical LLMs adapted from English-centric
base models. Moreover, the lack of publicly avail-
able Arabic medical benchmarks limits systematic
diagnostic analyses comparable to those in English
(Alasmari et al., 2024), motivating our investigation
into the mechanisms underlying Arabic medical
LLM failures beyond aggregate performance.

3 Methodology

To investigate sources of performance degradation
in Arabic medical MCQs, we design a targeted
evaluation framework probing LLM behavior on
several aspects. Rather than introducing a new
model, we focus on a set of research questions,
which we detail below.

3.1 Research Questions

We compare model accuracy on original Arabic
questions and their English-translated counterparts
to isolate the role of linguistic representation from
medical reasoning.
RQ1: To what extent is performance degrada-
tion driven by language rather than medical
reasoning? We compare model accuracy on origi-
nal Arabic questions and their English-translated
counterparts to isolate the role of linguistic repre-
sentation from medical reasoning.
RQ2: How do question-level properties affect
model performance? We analyze accuracy as a
function of input length, question difficulty, and
medical specialty to determine whether linguistic
complexity, cognitive demand, or domain-specific
content disproportionately affects model outcomes.
RQ3: How do alignment constraints and output
formats influence model behavior across lan-
guages? We compare soft matching (letter-based
option selection) and hard matching (exact answer
text generation) to evaluate how instruction follow-
ing and surface-form generation influence accuracy
across languages.
RQ4: Does tokenization behavior contribute to
Arabic performance gaps? We examine tokenizer
efficiency and fragmentation patterns to understand
whether Arabic morphology and segmentation lead
to less effective input representations.
RQ5: Are model confidence estimates and gener-
ated explanations reliable indicators of correct-
ness? We analyze model-reported confidence and
accompanying rationales to assess whether they
correlate with accuracy and can be used to diag-
nose systematic failure modes.

3.2 Dataset

All experiments are conducted on MedAraBench
(Abu-Daoud et al., 2026), an Arabic medical ques-
tion answering benchmark. The questions are
originally authored in Modern Standard Arabic
(MSA), collected from medical exams, digitized
from scanned paper sources, and manually curated
to exclude incomplete or ambiguous items. Each
question is annotated with the number of answer
options (4–6), a difficulty level corresponding to
years of medical study (Y1–Y5), and a medical
specialty. The dataset covers 19 specialties (e.g.,
Anatomy, Pathology, Surgery, Pharmacology) and
is split into training and test sets using an 80/20
split with matched specialty distributions (19,894
train / 4,989 test). A data sample is shown in Ap-
pendix A1.

Models are evaluated on a medical MCQ task in
both Arabic and English. English versions are ob-
tained via automatic translation of the original Ara-
bic questions using the Google Translate API and
are used solely for controlled cross-lingual analy-
sis. Models are evaluated using accuracy, with a
prediction counted as correct if the selected option
matches the gold label.

3.3 Evaluated Models

We evaluate several recent open-source large lan-
guage models as baselines for Arabic medical
MCQs. We include recent, large-scale general-
purpose LLMs like DeepSeek-V3.2 and LLaMA
3.3 70B as representative contemporary baselines
in our evaluation. To examine differences between
general language ability and domain-specific mod-
eling, we compare two categories of models:

• General-purpose LLMs: DeepSeek-V3.2
(DeepSeek-AI et al., 2025), LLaMA 3.3 70B
(Meta AI, 2024), and Mistral-Small-3.2-24B-
Instruct-2506 (Mistral AI, 2025), all trained
on broad multilingual or mixed-domain cor-
pora.

• Medical-domain LLMs: Meditron 3 70B
(OpenMeditron Initiative, 2024), Med42-70B
(Christophe et al., 2024), and MedGemma-
27B-text-it (Sellergren et al., 2025), which in-
corporate domain-adaptive pretraining or fine-
tuning on medical data. None explicitly report
multilingual medical pretraining, and avail-
able documentation indicates predominantly
English medical data.
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Moreover, our evaluation focuses exclusively on
open-source models for both methodological and
practical reasons. From a methodological stand-
point, open-source models offer full access to em-
beddings, tokenizers, and intermediate represen-
tations, which are essential for both our analysis
and our planned cross-lingual adaptation method.
For practical concerns, deploying black-box propri-
etary systems in medical settings poses significant
privacy and auditability concerns, underscoring the
need for transparent, open-source alternatives.

3.4 Experimental Settings

All models were evaluated using a unified multiple-
choice prompting setup implemented via the Hug-
gingFace Transformers API. Inference used greedy
decoding (temperature = 0, no sampling, top-p =
1.0, top-k disabled). We fix task-specific maxi-
mum generation lengths across languages to ensure
comparable inference conditions across models, al-
lowing up to 4 tokens for letter matching, 15 for
text matching, and 70 for explanation generation.
These limits were chosen to accommodate the re-
quired output formats rather than language-specific
tokenization characteristics.

The system prompts used follow standardized
MCQ templates as shown in Appendix B and are
provided in English for all inputs, including Ara-
bic inputs. This is based on preliminary prompt-
engineering experiments showing more stable and
higher-performing outputs than Arabic prompts.
This choice reflects the English-centric instruction-
following capabilities of the evaluated models and
results in mixed-language inputs for Arabic evalua-
tions.

Due to hardware constraints, all 70B-parameter
models were evaluated using 4-bit NF4 quantiza-
tion with bfloat16 compute (BitsAndBytes) across
two 32 GB V100 GPUs. Smaller models, includ-
ing Medgemma-27B-text-it and Mistral-Small-3.2-
24B-Instruct-2506, were evaluated without quanti-
zation in full bfloat16 precision on the same hard-
ware. DeepSeek-V3.2 could not be evaluated lo-
cally due to its size and was instead accessed via the
official DeepSeek API. For cross-lingual analysis,
models were additionally evaluated on an English-
translated version of the dataset. This setup enables
direct comparison between Arabic and English un-
der identical task structures, isolating the effect of
language from content.

Models Acc (Ar) Acc (En) ∆ (En–Ar)

General-purpose LLMs
DeepSeek-V3.2 62.39 62.85 0.46
Llama 3.3 70B 42.10 57.61 15.51
Mistral-Small-3.2-24B 50.25 57.75 7.5

Medical-domain LLMs
Meditron 3 70B 50.51 58.80 8.92
Med42-70B 33.59 53.21 19.62
medgemma-27b-text-it 49.22 52.30 3.08

Table 1: Results of general-purpose and medical-
domain LLMs’ Acc(uracy) on the Arabic (Ar) and
English (En) datasets. Bold values indicate the highest
accuracy within each column. Mistral-Small-3.2-24B
refers to Mistral-Small-3.2-24B-Instruct-250.

4 Empirical Studies and Analyses

4.1 Assessing the Role of Language in LLM
Performance

We compare model accuracy on parallel English
and Arabic medical benchmarks using a controlled
prompting setup (Appendix B2) to isolate the effect
of linguistic representation from medical reason-
ing. As shown in Table 1, accuracy is consistently
lower in Arabic than in English across nearly all
evaluated models, indicating a systematic language-
associated performance gap. DeepSeek-V3.2 is the
only model that exhibits comparable performance
across languages. Notably, this behavior is not
observed uniformly in larger models, indicating
that reduced cross-lingual degradation cannot be
attributed to model size alone.

For models with comparable parameter sizes
(≤ 70B), English consistently outperforms Arabic,
indicating that language remains a key factor even
under similar capacity constraints. This trend holds
for both general-purpose and medical-domain mod-
els, suggesting that domain specialization alone
does not resolve Arabic performance gaps.

4.2 Effects of Question Length, Difficulty and
Medical Specialty

We investigate whether question-level character-
istics influence model accuracy by analyzing per-
formance trends with respect to input length, edu-
cational difficulty, and medical specialty. We fo-
cus our analysis on the best- and worst-performing
models overall, DeepSeek-V3.2 and Med42-70B,
respectively, and restrict the following experiments
to these two models.

Figures 1 (a,b) show accuracy trends as a
function of question length for DeepSeek-V3.2
and Med42-70B. Accuracy is relatively stable for
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Figure 1: Effect of question length on accuracy across Arabic and English. (a–b) Rolling accuracy versus
question length for DeepSeek-V3.2 and Med42-70B, respectively. (c) Distribution of question lengths in both
languages. (d) Arabic–English length correspondence for aligned question pairs.

shorter inputs but degrades as question length in-
creases for Arabic, while English performance re-
mains comparatively stable at longer lengths. Ques-
tion lengths are strongly correlated across paired
Arabic–English items and exhibit overlapping dis-
tributions (Figures 1 c,d), indicating that the ob-
served degradation reflects increased sensitivity to
input length rather than artifacts of translation or
systematic length mismatches.

Figure 2 reports accuracy by educational diffi-
culty level. For both models and languages, ac-
curacy decreases for later years’ questions (Y3+)
compared to early years’ questions (Y1–Y2). The
performance drop is consistently larger for Arabic,
particularly for Med42-70B.

Figure 3 shows accuracy by medical specialty,
revealing substantial variation across domains: per-
formance is higher in clinically oriented fields
(e.g., Emergency Medicine, Internal Medicine) and
lower in foundational or detail-intensive specialties
such as Microbiology and Embryology. English
consistently outperforms Arabic across most spe-
cialties. This gap is particularly pronounced for
Med42-70B, where Arabic performance lags be-
hind English across nearly all specialties, suggest-
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Figure 2: Accuracy by educational difficulty level
(early vs. later years) for DeepSeek-V3.2 and Med42-
70B on Arabic and English medical MCQs.

ing that language-related performance disparities
persist even when controlling for domain.

Overall, these results indicate that input length,
difficulty, and domain content systematically affect
model performance, and that these effects dispro-
portionately impact Arabic compared to English.

4.3 Alignment Behavior Analysis

To analyze how output format influences model
behavior across languages, we evaluate model per-
formance under free-form answer generation using
the prompt in Appendix B3. We use token-level
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Figure 3: Accuracy by medical specialty for
DeepSeek-V3.2 (top) and Med42-70B (bottom) on
Arabic and English medical MCQs.
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Figure 4: Token-level sequence-match accuracy (%)
for text-matching evaluation in Arabic and English
across two models.

sequence similarity between predicted and ground-
truth answer texts computed with the Sequence-
Matcher algorithm (Munk and Feitelson, 2022).
Figure 4 shows that across both models, surface-
form similarity is consistently lower for Arabic
than for English, with a larger gap of 10.92 percent-
age points for Med42-70B compared to 6.15 pp for
DeepSeek-V3.2. These discrepancies indicate that,
when models are required to generate answer text
explicitly, Arabic outputs diverge more substan-
tially from reference answers at the surface-form
level. The magnitude of these gaps is also larger
than that observed under letter-based option selec-
tion reported in Table 1, suggesting that free-form
generation amplifies language-specific difficulties
beyond those captured by standard MCQ accuracy.

Tokenizer Tok/Word Char/Tok Single Char

Model-native tokenizers
DeepSeek-V3.2 2.39 2.33 32%
Llama 3.3 70B 2.42 2.27 32%
Meditron 3 70B 2.45 2.27 32%
Mistral-Small-3.2-24B 2.06 2.72 0%
Med42-70B 2.42 2.27 32%

Multilingual-efficient tokenizer
Gemma-3-4B-it 2.30 2.43 35%

Arabic-focused tokenizer
CAMeLBERT-MSA 1.76 3.21 36%

(a) Arabic dataset.

Tokenizer Tok/Word Char/Tok Single Char

Model-native tokenizers
DeepSeek-V3.2 1.52 4.01 28%
Llama 3.3 70B 1.60 3.82 27%
Meditron 3 70B 1.60 3.82 27%
Mistral-Small-3.2-24B 1.56 3.93 0%
Med42-70B 1.60 3.82 27%

Multilingual-efficient tokenizer
Gemma-3-4B-it 1.57 3.90 35%

Arabic-focused tokenizer
CAMeLBERT-MSA 2.82 2.13 44%

(b) English dataset.

Table 2: Tokenization fragmentation statistics for
Arabic and English inputs. We report average tokens
per word (subword splitting), average characters per
token (compactness), and single-character tokens (re-
flecting extreme fragmentation).

4.4 Tokenization Efficiency Analysis

We analyze tokenization efficiency and fragmenta-
tion to assess whether language-specific tokeniza-
tion patterns are associated with downstream per-
formance gaps. We report average tokens per
word, characters per token, and the proportion of
single-character tokens in Table 2. For Arabic,
word counts are computed using a linguistically in-
formed tokenizer from CAMeL Tools (Obeid et al.,
2020), while English uses whitespace-based word
segmentation. Higher tokens per word and single
character rates, together with lower characters per
token, indicate more fragmented representations.

Across model-native tokenizers, Arabic is con-
sistently more fragmented than English, with ap-
proximately 2.4 tokens per word compared to
1.5–1.6 for English. Similar trends hold for the
multilingual tokenizer. This increased fragmenta-
tion leads to higher token usage for Arabic inputs,
which may plausibly contribute to sharper perfor-
mance degradation as input length and complexity
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Figure 5: Relationship between model-reported con-
fidence and accuracy for Arabic (top) and English
(bottom) medical MCQ.

increase. However, this effect is not uniform across
models: despite higher token counts for Arabic,
some models (e.g., DeepSeek-V3.2) exhibit more
stable performance, suggesting that tokenization
alone does not fully explain the observed degrada-
tion. In contrast, the Arabic-focused CAMeLBERT
tokenizer (Inoue et al., 2021) substantially reduces
fragmentation for Arabic while increasing fragmen-
tation for English, illustrating that tokenizer effi-
ciency is language-dependent.

4.5 The Role of Confidence Estimates and
Explanations

We analyze the relationship between model-
reported confidence (prompt in Appendix B4) and
accuracy in medical question answering (Figure 5).
We observe a moderate negative correlation be-
tween confidence and accuracy in both Arabic
(r = −0.56) and English (r = −0.50), indicat-
ing that higher confidence predictions are, on av-
erage, less accurate. This pattern is consistent
across model families and languages, suggesting
a general miscalibration of confidence in medi-
cal settings. Accordingly, model-reported confi-
dence should not be treated as a reliable proxy
for correctness. MedGemma-27B-text-it is ex-
cluded due to repeated noncompliance with the re-

Model BaseAr BaseEn ExpAr ExpEn

DeepSeek-V3.2 62.39 62.85 63.56 45.85
Llama-3.3-70B 42.10 57.61 46.27 57.91
Mistral-Small-3.2-24B 50.25 57.75 49.50 57.99
Meditron-3-70B 51.05 58.45 28.65 33.65
Med42-70B 33.59 53.21 28.99 33.41

Table 3: Accuracy with Explanation prompting (Exp)
compared to the baseline (Base, no explanation
prompt), for Arabic and English. Bold values de-
note the highest accuracy for each column.

quired confidence-reporting format under zero-shot
prompting, often producing free-form text without
a valid answer label. As this reflects instruction-
following issues rather than task performance, we
omit it from this analysis.

To examine whether explicit reasoning improves
performance, we prompt models to generate a nat-
ural language explanation before answer selection,
following a chain-of-thought–style prompting strat-
egy (Wei et al., 2022) using the prompt shown in
Appendix B5. MedGemma-27B-text-it is excluded
for severe instruction non-compliance, consistent
with the confidence-based analysis. As shown in
Table 3, explanation prompting yields mixed and
often detrimental effects across models. While
some models exhibit modest gains in Arabic accu-
racy (e.g., DeepSeek-V3.2: 62.39 → 63.56), expla-
nation prompting often leads to degraded perfor-
mance in English and, for several models, substan-
tial drops in both languages (e.g., Meditron-3-70B
and Med42-70B).

Upon qualitative inspection, we find that in many
cases, the model produces medically plausible or
partially correct explanations while selecting an
incorrect option label. Representative examples il-
lustrating these reasoning–label misalignments are
provided in Appendix C6. Requiring explanations
appears to encourage verbose reasoning and rein-
terpretation, which can decouple reasoning qual-
ity from discrete multiple-choice selection. While
explanation-conditioned prompting reduces accu-
racy for some models, this setting also surfaces
cases where letter-only evaluation may overesti-
mate performance by rewarding option matching
despite stem–option inconsistencies. In such cases,
explanation prompting exposes reasoning–label
misalignment rather than pure knowledge errors.
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5 Discussion

5.1 Language as a Source of Degradation

Across nearly all evaluated models, performance on
Arabic medical MCQs is consistently lower than
on their English-translated counterparts, despite
identical medical content, indicating a persistent
language-related performance gap beyond medical
knowledge alone. DeepSeek-V3.2 is a notable ex-
ception, achieving near-parity between Arabic and
English, demonstrating that strong cross-lingual
performance in Arabic medical QA is achievable
in open models.

This robustness cannot be explained by model
scale alone, as public estimates suggest that
DeepSeek-V3.2 and LLaMA 3.3 70B are trained
at comparable orders of magnitude in compute
and training tokens (Epoch AI, 2024), yet only
DeepSeek-V3.2 maintains high Arabic perfor-
mance. This suggests that language robustness
depends on specific design and training choices
beyond scale, including data curation, language
balance, and post-training procedures.

5.2 Interaction between Task Complexity and
Language

Performance across all evaluated models is system-
atically higher for shorter questions and for lower-
difficulty (early-year) items, regardless of language.
However, the rate of performance degradation dif-
fers substantially between Arabic and English. As
question length increases and as questions progress
from early to later years’ material, accuracy de-
clines more sharply for Arabic than for English, as
shown in Figures 1 (a-b) and 2.

The relatively strong performance on short and
early-year Arabic questions indicates that models
can successfully answer simpler medical queries
in Arabic, meaning that basic medical knowledge
is present. The decline observed for longer and
more advanced questions points to a reduced ro-
bustness of Arabic representations as task complex-
ity increases, rather than a lack of medical under-
standing. A similar pattern emerges across medical
specialties in Figure 3, where the gap between Ara-
bic and English is larger in specialties that involve
finer-grained distinctions, reinforcing the interac-
tion between language effects and task complexity.

5.3 Alignment Constraints and Evaluation
Sensitivity

The alignment analysis shows that output format
influences how language-specific performance dif-
ferences manifest. Because letter-based MCQ accu-
racy and token-level text similarity measure distinct
aspects of model behavior, we restrict our analy-
sis to within-format comparisons between Arabic
and English. Under free-form answer generation,
models consistently achieve lower token-level sim-
ilarity in Arabic than in English, yielding larger
cross-lingual gaps than those observed with con-
strained option selection. This suggests that re-
moving output constraints introduces additional
language-dependent variability not reflected by
letter-based evaluation. In particular, free-form gen-
eration places greater demands on lexical choice
and morphological realization, which are more
challenging in Arabic. Since token-level similar-
ity measures surface-form overlap, lower scores
primarily reflect increased variation in answer ex-
pression rather than incorrect medical reasoning.

5.4 Tokenization as a Structural Constraint

Compared to English, Arabic medical text is con-
sistently more fragmented under model-native tok-
enizers, with words split into more subword units
and a higher prevalence of single-character tokens.
This reflects a mismatch between subword tok-
enizers, optimized for frequent training forms, and
Arabic medical vocabulary, which combines rich
morphology with low-frequency, variable domain-
specific terms, leading to unstable subword repre-
sentations and finer-grained splits.

Multilingual tokenizers partially mitigate this
effect by covering broader lexical distributions,
while Arabic-focused tokenizers further reduce
fragmentation by explicitly modeling Arabic
morphology. This shows how tokenizer training
implicitly prioritizes certain linguistic distributions
in ways that disadvantage underrepresented lan-
guages. Such fragmentation imposes a structural
constraint on downstream processing: longer
effective input sequences reduce usable context
and increase sensitivity to question length, offering
a plausible explanation for the sharper performance
degradation observed for Arabic as task complexity
increases.
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5.5 Reliability of Confidence and
Explanations

The negative relationship between model-reported
confidence and correctness suggests that self-
assessed confidence reflects surface-level fluency
rather than medical correctness. In multiple-choice
settings, this can lead to confident selection of plau-
sible but incorrect options, limiting the usefulness
of confidence as an indicator of output reliability.
While this effect appears across languages, it is
particularly problematic in low-resource settings,
where lower baseline accuracy increases the risk of
over-trusting incorrect outputs.

Our explanation prompting results caution
against treating generated rationales as a reliable
remedy. Rather than improving outcomes, expla-
nations induce a model- and language-dependent
behavioral shift that reallocates generation toward
coherent justifications instead of answer selec-
tion. These findings show that self-reported confi-
dence and free-form explanations are insufficient as
stand-alone reliability signals for multilingual med-
ical QA, motivating evaluation and calibration ap-
proaches beyond model-internal self-assessments.

6 Conclusion and Future Work

Our findings underscore the need for language-
aware adaptation across the entire modeling
pipeline. At the representation level, tokenization
must better capture morphological and domain-
specific structure; at evaluation, alignment con-
straints should avoid conflating surface-form vari-
ation with reasoning errors; and at deployment,
stronger calibration is required, as model confi-
dence and explanations are unreliable in multilin-
gual medical settings. Overall, these results sug-
gest that improving medical LLM performance in
underrepresented languages requires coordinated
design choices rather than isolated model scaling
or domain specialization.

More broadly, we present a diagnostic evaluation
framework that combines controlled cross-lingual
comparisons, question-level analysis, and reliabil-
ity assessment to expose systematic weaknesses
obscured by aggregate accuracy metrics. Although
our study focuses on Arabic–English medical tasks,
the methodology is language-agnostic and applica-
ble to other low-resource or multilingual settings.
We hope this work encourages evaluation protocols
that explicitly account for linguistic structure, ro-
bustness, and reliability when developing medical

AI systems for diverse clinical populations.

Limitations

This study examines Arabic and English as a con-
trolled language pair, with Arabic representing a
widely spoken yet underrepresented language in
medical NLP. While Arabic presents distinct lin-
guistic and morphological challenges, it does not
reflect the full diversity of low-resource or typolog-
ically distant languages; therefore, the generaliz-
ability of our findings beyond this pairing remains
an open question.

Our analysis is diagnostic rather than causal. We
identify systematic performance patterns across
language, task complexity, tokenization behavior,
and reliability signals, but do not isolate the ef-
fects of specific architectural choices, pre-training
strategies, or data composition. This limitation is
exacerbated by limited transparency in recent LLM
training pipelines, which precludes controlled com-
parisons between adaptation paradigms such as
instruction fine-tuning and continued pre-training.

Several design choices may also influence the re-
sults. Large models (70B) are evaluated using 4-bit
quantization, which may introduce size-dependent
effects but is required for evaluation at scale. In
the explanation generation experiment, fixed gen-
eration budgets may disproportionately constrain
Arabic outputs due to higher tokenization fragmen-
tation; exploring language-adaptive generation lim-
its is left to future work.

Finally, Arabic evaluations involve mixed-
language prompts. While fully Arabic prompt-
ing was preliminarily tested and yielded lower
performance, a systematic comparison of prompt-
language strategies was out of scope. English ver-
sions of the dataset were obtained via automatic
translation and were not manually validated; al-
though the goal is cross-lingual comparison rather
than translation quality assessment, translation
noise may affect English performance.
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A Data Samples

Figure A1 shows representative examples from the
dataset, including the original Arabic question and
its corresponding English translation, to illustrate
the structure and content of the bilingual data used
in our experiments.

Figure A1: Example dataset entry showing an Arabic
MCQ (top) and its English translation (bottom).

B Prompts Used

B.1 Letter-Based Prompting

Figure B2 shows the exact prompt template used
for letter-based multiple-choice question answer-
ing, where the model is instructed to return only
a single answer option (A–F) without additional
explanation.

Figure B2: Prompt template used for letter-based
MCQ answering.

B.2 Text Generation Prompting

Figure B3 shows the prompt template used for ex-
act text generation matching, where the model is

instructed to return the exact text sequence cor-
responding to the correct answer option without
additional explanation.

Figure B3: Prompt template used for text generation
MCQ answering.

B.3 Confidence Generation Prompting

Figure B4 shows the exact prompt template used
for confidence-aware MCQ answering, where the
model is instructed to report an explicit confi-
dence estimate alongside its selected answer using
a strictly defined output format, without providing
any additional explanation.

Figure B4: Prompt template used for confidence gen-
eration MCQ answering.

B.4 Explanation Generation Prompting

Figure B5 shows the exact prompt template used
for explanation-based MCQ answering, where the
model is instructed to generate a brief medical ratio-
nale followed by a final answer selection, enabling
analysis of whether generated explanations corre-
late with answer correctness.
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Figure B5: Prompt template used for explanation-
based MCQ answering.

C Examples of Failure Modes Under
Explanation Prompting

Figure C6 shows representative examples of fail-
ure modes observed under explanation-conditioned
prompting. In these cases, models generate med-
ically plausible or partially correct explanations
but select an incorrect answer option, revealing
misalignment between reasoning and final answer
selection.

Figure C6: Examples of reasoning–label misalign-
ment under explanation prompting. Models may
produce correct or salient medical reasoning while se-
lecting an incorrect option due to option mismatch or
incomplete evaluation of alternatives.
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