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Abstract
Medical AI systems increasingly rely on large
language models (LLMs), yet their deploy-
ment in linguistically diverse regions remains
unexplored. We address this gap by intro-
ducing U-MIRAGE, the first medical question-
answering benchmark for Urdu and Roman
Urdu. Urdu is the 11th most spoken language1

(with over 246 million speakers) worldwide.
Our systematic evaluation of six state-of-the-
art LLMs reveals three main findings. (1) 6% to
10% drop in performance when moving from
English to Urdu variants, even though med-
ical knowledge should theoretically transfer
across languages. (2) Chain-of-Thought (CoT)
prompting improves small models by 8% to
20%, while surprisingly the larger models’ per-
formance degraded by up to 3%. (3) Quan-
tized small models fail catastrophically in low-
resource languages, achieving near-random ac-
curacy regardless of various prompting strate-
gies. These findings challenge core assump-
tions about multilingual medical AI systems.
Roman Urdu consistently outperforms standard
Urdu script, suggesting orthographic alignment
with pre-training data matters more than lin-
guistic proximity. CoT prompting effectiveness
depends critically on model architecture rather
than task complexity alone. CoT prompting
effectiveness depends critically on model archi-
tecture rather than task complexity alone. Our
contributions are threefold: (1) U-MIRAGE, (2)
systematic benchmarking of LLMs for Urdu
and Roman Urdu medical reasoning, and (3)
empirical analysis of CoT prompting in low-
resource contexts. Our code and datasets are
publicly available2.

1 Introduction

Large language models have transformed natural
language processing, achieving human-level per-

*Both authors contributed equally to this work.
1https://www.ethnologue.com/insights/

ethnologue200/
2https://github.com/AliFaheem/U-Mirage

formance across diverse tasks from language under-
standing to complex reasoning (Brown et al., 2020;
Chowdhery et al., 2023). However, this progress
has been uneven across languages. While mod-
els perform well on English medical benchmarks
(Singhal et al., 2025; Thirunavukarasu et al., 2023),
their capabilities in other languages remain limited
(Joshi et al., 2020; Ahuja et al., 2023). This gap
creates hurdles for billions of people who commu-
nicate in languages with limited resources. The
challenge is critical in healthcare systems, where
accurate language understanding can be a matter
of life and death. Therefore, it is essential to under-
stand the reasons behind this gap.

Medical AI systems also face challenges in high-
resource languages such as English (Lee et al.,
2024). Factual recalls alone are not sufficient
for medical reasoning. It requires understanding
the medical terminologies, logical inference, and
the ability to capture clinical information (Singhal
et al., 2025; Nori et al., 2023; Thapa et al., 2024).
These challenges are severe in low-resource lan-
guages. Ideally, models should handle the same
reasoning capabilities while working with limited
training data, unfamiliar morphological structures,
and scripts that differ fundamentally from their pre-
training corpora. Each factor creates significant
barriers and threatens the reliability of medical AI
systems in underrepresented languages, including
Urdu.

Urdu is the 11th most spoken language with over
246 million speakers worldwide (Lewis, 2009).
The language exists in two forms: (1) standard
Urdu uses the Perso-Arabic script (written right-to-
left), and (2) Roman Urdu employs Latin characters
for the same vocabulary. In digital spaces, Roman
Urdu has become dominant (Ali et al., 2021; Ul-
lah et al., 2024) as people text about health con-
cerns, share medical information, and ask ques-
tions in this informal variant. To the best of our
knowledge, there is no standardized way to eval-

mailto:ali.faheem@lums.edu.pk
https://www.ethnologue.com/insights/ethnologue200/
https://www.ethnologue.com/insights/ethnologue200/
https://github.com/AliFaheem/U-Mirage
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uate whether medical AI systems work in either
form of Urdu. This absence of benchmarks pre-
vents us from understanding how existing models
perform and whether established techniques can
bridge the performance gap.

Chain-of-Thought (CoT) prompting offers a po-
tential solution (Wei et al., 2022; Kojima et al.,
2022). By asking models to show their reasoning
process step-by-step, CoT has improved perfor-
mance on English medical tasks (Singhal et al.,
2025; Thapa et al., 2024). But will this approach
transfer to low-resource languages? Urdu appears
infrequently in training data. Its morphological
structure differs from English. The Perso-Arabic
script bears little resemblance to the Latin text that
dominates pre-training corpora. These differences
raise fundamental questions about whether tech-
niques that work in English will help or even harm
performance in other languages.

Chain-of-Thought (CoT) prompting offers a po-
tential solution (Wei et al., 2022; Kojima et al.,
2022). By asking models to show their reasoning
process step-by-step, CoT has improved perfor-
mance on English medical tasks (Singhal et al.,
2025; Thapa et al., 2024). However, whether this
approach transfers to low-resource languages, in-
cluding Urdu, remains unexplored. Several factors
complicate this transfer, including (1) Urdu appears
infrequently in training data compared to high-
resource languages, (2) its morphological struc-
ture differs from English, and (3) the Perso-Arabic
script bears little resemblance to the Latin text that
dominates pre-training corpora. These limitations
raise questions about whether techniques that work
in English will help in other languages. Answer-
ing these questions requires creating an appropriate
benchmark for Urdu.

Evaluating medical LLMs in Urdu faces various
challenges. Most English medical terms lack stan-
dard Urdu translations, so speakers naturally incor-
porate English medical vocabulary into Urdu sen-
tences. Roman Urdu has no official spelling rules,
leading to variation even in how people write the
same word. The script difference between Perso-
Arabic Urdu and Latin-based training data may
fundamentally affect how models process the lan-
guage. These challenges create critical knowledge
gaps about cross-lingual performance degradation,
the effectiveness of prompting strategies in low-
resource settings, and the role of model character-
istics in multilingual medical reasoning.

We investigate three research questions:

RQ1: How do state-of-the-art LLMs perform on
medical reasoning tasks when transitioning from
English to Urdu and Roman Urdu?

RQ2: Can Chain-of-Thought prompting miti-
gate performance degradation in medical reasoning
for these underrepresented languages?

RQ3: How do model architecture, size, and
quantization affect cross-lingual medical reason-
ing capabilities?

To address these questions, we make three main
contributions:

1. We introduce U-MIRAGE, the first medical
question-answering benchmark for Urdu and
Roman Urdu.

2. We evaluate six LLMs for English, Urdu, and
Roman Urdu, using two strategies (1) zero-
shot and (2) Chain-of-Thought prompting.

3. We also provide a systematic analysis of how
model architecture, size, and quantization af-
fect cross-lingual medical reasoning.

Our findings reveal that medical knowledge does
not transfer uniformly across languages. This work
provides benchmarks for Urdu and Roman Urdu
medical QA, hence establishing the capacity re-
quirements for effective cross-lingual medical rea-
soning.

2 Related Work

Large Language Models (LLMs) have demon-
strated strong reasoning capabilities when guided
by CoT prompting, which encourages models to
decompose complex problems into interpretable
intermediate steps. (Wei et al., 2022) reported sub-
stantial gains on complex mathematical reasoning
tasks, while (Kojima et al., 2022) showed that even
zero-shot CoT prompting can create structured rea-
soning without manually curated exemplars. The
analysis revealed that CoT efficacy is highly sensi-
tive to model scale and architecture, with smaller
models exhibiting inconsistent or unstable improve-
ments.

Recent work has shown potential progress in
Medical AI for high-resource languages, where
LLMs such as Med-PaLM 2 have achieved medical
expert-level accuracy on medical queries (Singhal
et al., 2025; Nori et al., 2023). The standard bench-
mark datasets, including MedQA, PubMedQA, and
MedMCQA, have been widely used to evaluate En-
glish medical question answering tasks (Jin et al.,
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2019; Pal et al., 2022). However, models show un-
even performance across different question types.
(Thapa et al., 2024) reported a 16.8% gap between
factual recall and reasoning tasks, underscoring the
need for capabilities beyond memorization.

Low-resource languages further increase the per-
formance gap due to their limited representation
in their training data. Multilingual models like
mT5 and BLOOM perform 15% to 40% worse on
low-resource reasoning tasks as compared to En-
glish (Qiu et al., 2024; Tahir et al., 2025). Research
shows that reasoning accuracy is consistently lower
than factual recall across almost all low-resource
conditions (Nazi and Peng, 2024), underscoring the
need for native-language examples, guided prompt-
ing strategies, and tailored evaluation methods.

Urdu, despite its global significance, is under-
represented in medical NLP (Arif et al., 2024). Al-
though there is work on transliteration and trans-
lation between standard Urdu and Roman Urdu
(Butt et al., 2025; Faheem et al., 2025), the medical
reasoning abilities in these variants remain unex-
plored.

Our study addresses these gaps by introducing
parallel medical QA datasets for Urdu and Roman
Urdu, evaluating six LLMs across both linguistic
variants, and analyzing how architectural factors,
quantization levels, and cross-lingual transfer influ-
ence performance in low-resource medical NLP.

3 U-MIRAGE

We introduce U-MIRAGE, a medical question-
answering dataset for Urdu and Roman Urdu
based on the English MIRAGE benchmark (Xiong
et al., 2024). The dataset contains 7,663 multiple-
choice questions translated into both Urdu and
Roman Urdu. We maintain alignment with the
original English questions while preserving med-
ical accuracy and naturalness. The MIRAGE ag-
gregates questions from five established medical
benchmarks (dataset: instances), i.e., (1) MedQA:
1,273, (2) MedMCQA: 4,183, (3) PubMedQA: 500,
(4) BioASQ: 618, and (5) the medical subset of
MMLU: 1,089. Each question presents four an-
swer options with one correct choice.

3.1 Translation Protocols

Translating medical content into low-resource lan-
guages presents two main challenges: (1) semantic
distortion and (2) terminology gaps. Direct word-
for-word translation often produces clinically incor-

rect phrases that diverge from how medical profes-
sionals and patients actually communicate in Urdu.
We address this challenge through code-mixing, re-
flecting how Indo-Pak healthcare practitioners nat-
urally combine English medical terms with Urdu
discourse. Our translation protocol retains English
medical terms when Urdu equivalents are ambigu-
ous or non-standard, therefore, prioritizing clinical
accuracy over literal translation. For instance, we
preserve “panic attack” and “allergy test” rather
than using literal translations like “ghabrahat ka
hamla” or “hassasiyat ka imtehan”, which sound
unnatural and may cause confusion. This approach
aligns with research on code-mixed NLP in spe-
cialized domains (Winata et al., 2023; Ahuja et al.,
2023). Table 1 provides a few examples of the
code-mixing approach.

English Term Literal Translation

Panic attack Ghabrahat ka hamla
Allergy test Hassasiyat ka imtehan
Heart disease Dil ki bemari
Blood pressure Khoon ka dabao

Table 1: Code-mixing approach: preserving English
medical terms rather than using literal Urdu translations.

We created two variants: MIRAGE_ru (Roman
Urdu, using Latin script) and MIRAGE_ur (stan-
dard Urdu, using Perso-Arabic script). Combined
with the original English MIRAGE dataset, this
yields U-MIRAGE, a trilingual benchmark contain-
ing 7, 663 parallel questions across all three lan-
guage variants.

3.2 Validation

To verify that translation preserved medical mean-
ing, we conducted backtranslation experiments on
500 randomly sampled questions. We translated
English questions into Roman Urdu, then back into
English, and measured ROUGE overlap between
the original and back-translated versions. High
ROUGE scores indicate successful semantic preser-
vation.

As shown in Table 2, the ROUGE-L F1 score of
0.75 confirms strong semantic preservation, demon-
strating that the translation process maintains med-
ical accuracy. We also measured lexical overlap
between the English and Roman Urdu versions to
quantify the extent to which medical terminology
was preserved versus translated. Since both use the
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Metric Precision Recall F1

ROUGE-1 0.82 0.80 0.81
ROUGE-2 0.61 0.60 0.60
ROUGE-L 0.76 0.74 0.75

Table 2: Backtranslation validation using English to
Roman Urdu to English (EN to RU to EN) with n=500.

Latin script, ROUGE can directly compare token
overlap. Table 3 shows results by source dataset.

Dataset ROUGE-
1

ROUGE-
2

ROUGE-
L

MedQA 0.27 0.13 0.24
MedMCQA 0.28 0.13 0.25
PubMedQA 0.34 0.18 0.28
BioASQ 0.39 0.17 0.36
MMLU 0.24 0.10 0.21

Table 3: Lexical overlap between English and Roman
Urdu by source dataset.

BioASQ shows the highest overlap (ROUGE-
L: 0.36), while MMLU shows the lowest (0.21),
reflecting differences in how technical terminology
appears across medical subdomains.

4 Methodology

In this section, we will discuss our methodology, in-
cluding model selection and prompting techniques.

4.1 Models

We evaluate six large language models spanning
different architectures, sizes, and accessibility lev-
els. Our selection includes three proprietary mod-
els, including GPT-5-Nano and Google Gemini 2.0
Flash Lite. Three open-source models (1) LLaMA
3.2, (2) Gemma 2, and (3) Qwen 2.5 are also used
in our work. This combination allows us to as-
sess state-of-the-art performance while examining
how architectural choices and model capacity affect
cross-lingual medical reasoning. The proprietary
models represent the current best performance on
medical QA tasks. The open-source models range
from 0.5B to 3B parameters, enabling us to analyze
the capacity requirements for multilingual medical
reasoning. For several models, we test both full-
precision and quantized variants to understand how
compression affects performance in low-resource
languages.

4.2 Prompting Strategies

We test two prompting approaches (zero-shot and
CoT) across all models and languages. Zero-shot
prompting provides only the question and answer
options, measuring how well medical knowledge
transfers across languages without additional guid-
ance. Chain-of-Thought prompting examines mod-
els to explain their reasoning step-by-step before
selecting an answer, testing whether explicit reason-
ing helps overcome linguistic barriers. Each model
processes the complete dataset in each language
variant with both prompting strategies. This yields
six evaluation conditions per model (3 languages ×
2 prompting strategies), allowing systematic com-
parison of how language choice and prompting ap-
proach interact with model characteristics. Figure 1
shows example prompts for both of our strategies.

We evaluate each model on U-MIRAGE across
three languages, i.e., English, Roman Urdu, and
Urdu. To ensure consistency, all experiments use a
low temperature setting (temperature=0.1) to pro-
duce near-deterministic outputs. We measure per-
formance using exact-match accuracy, where a
model receives credit only if it selects the correct
answer option.

5 Results and Discussion

Table 4 presents accuracy results for all models
across languages and prompting strategies. We
organize our findings around three main observa-
tions.

5.1 Cross-Lingual Performance

All models show substantial accuracy drops when
moving from English to Urdu variants. GPT-5-
Nano achieves 80.77% on English but falls to
74.61% on Roman Urdu and 73.00% on Urdu,
drops of 6.16% and 7.77%, respectively. Gem-
ini 2.0 Flash Lite shows even larger degradation:
from 71.78% in English to 65.83% in Roman Urdu
(5.95%) and 68.09% in Urdu (3.69%). This pat-
tern holds across all models in zero-shot settings,
with performance losses ranging from 6% to 11%.
The consistency of this degradation across differ-
ent architectures suggests fundamental challenges
in transferring medical knowledge to low-resource
languages, rather than model-specific limitations.

Roman Urdu generally outperforms standard
Urdu script. Across the models, Roman Urdu
shows improvements of 0.9% to 1.6% over Urdu.
The one exception is Gemini 2.0 Flash Lite, where
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LLM
Large

Language
Model

A

B

C

D

Predicted 
Option

+

+

+

Urdu

Roman Urdu

English

ن کا عمل کا     کلی ٹراسائ ی کلورٹ

ہ ق ی طر

    

Chlortetracycline
ka amal ka
tareeqa

Mechanism of
action of
chlortetracycline

 A : ا   ن ی ل د ں دخ م می ولز اب ٹ ,می
 B : ھام  سز کی روک ت ھی ت سن


ن  ی ,پروٹ

 C : ھام   ے کی روک ت ن بن وار  ی ش کی د کوش

 D : ا   ن ی ل د ں دخ ن می کش ن ف

ی این اے کے  ڈ

Question Options Prompt Format

A:  Metabolism mein dakhal dena
B:  Protein synthesis ki roktham,
C:  Koshish ki deewar banne ki roktham,
D:  DNA ke function mein dakhal dena

A:  Interfere with metabolism
B:  Inhibition of protein synthesis
C:  Inhibition of cell wall formation
D:  Interfere with DNA function

This is a medical multiple-choice
question written in {language}
Question: {question}
Options: {options}
Let's think step-by-step to reason
about the correct answer based
on medical knowledge. After
reasoning, select the single best
option (A, B, C, or D). Return only
the final answer letter (A, B, C, or
D) without any explanation.

This is a medical multiple-choice
question written in {language}
Question: {question}
Options: {options}
Select the single correct option
(A, B, C, D). Only return the
letter corresponding to the
correct answer. No explanation.

Zero-Shot

Chain-of-Thought(CoT)

Figure 1: Example prompts for zero-shot and Chain-of-Thought strategies.

Model English Roman Urdu Urdu

Zero-Shot CoT Zero-Shot CoT Zero-Shot CoT

GPT-5-Nano 80.77 78.70 74.61 75.01 73.00 70.25
Gemini 2.0 Flash Lite 71.78 77.79 65.83 74.13 68.09 70.15
Qwen 2.5 0.5B (quantized) 25.92 30.31 23.78 28.69 23.04 27.55
Gemma 2 2B (quantized) 42.03 43.29 32.46 34.55 31.24 33.67
LLaMA 3.2 1B (quantized) 18.85 38.99 19.82 30.54 18.83 29.48
LLaMA 3.2 1B 45.55 45.19 34.53 38.52 33.66 32.66

Table 4: Accuracy (%) across models, languages, and prompting strategies on U-MIRAGE.

Urdu performs 2.26% better than Roman Urdu.
This advantage for Roman Urdu likely reflects its
orthographic similarity to the Latin-script text dom-
inating pre-training corpora.

5.2 Chain-of-Thought Effects

CoT prompting produces inconsistent effects
across model architectures. Gemini 2.0 Flash Lite
benefits substantially: CoT improves English per-
formance by 6.01% (from 71.78% to 77.79%), Ro-
man Urdu by 8.30% (from 65.83% to 74.13%), and
Urdu by 2.06% (from 68.09% to 70.15%). The
quantized LLaMA 3.2 1B shows even larger gains
with 20.14% in English and approximately 10.7%
in both Urdu and Roman Urdu variants. In contrast,
GPT-5-Nano performs worse with CoT prompting.
English accuracy drops 2.07% (from 80.77% to
78.70%), and Urdu drops 2.75 (from 73.00% to

70.25%). Only Roman Urdu shows a marginal
improvement of 0.40%.

Figure 2 visualizes these patterns through radar
charts comparing CoT and zero-shot performance
across languages for each model. Figure 3 shows
the magnitude of changes, where Gemini displays
predominantly positive shifts while GPT-5-Nano
shows mixed results.

These results contradict the assumption that CoT
prompting universally improves reasoning. Instead,
its effectiveness depends critically on model archi-
tecture.

5.3 Quantization Impact

Quantized models with fewer than 2B parameters
fail catastrophically in medical QA, particularly
in low-resource languages. Qwen 2.5 0.5B (quan-
tized) achieves only 25.92% on English, which is
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Figure 2: Radar charts comparing zero-shot and CoT performance across languages for each model.

Figure 3: Heatmap showing percentage changes from zero-shot to CoT prompting across models and languages.

barely above random chance for four-option multi-
ple choice. Performance worsens in Urdu variants:
23.78% in Roman Urdu and 23.04% in Urdu. Even
with CoT prompting, accuracy remains below 31%
across all languages.

Comparing full-precision and quantized versions
of LLaMA 3.2 1B reveals the severity of quantiza-
tion penalties. The full-precision model achieves
45.55% on English, while the quantized version
achieves only 18.85%, resulting in a gap of 26.70%.
While CoT prompting recovers 20.14% for the
quantized model in English, performance still lags
far behind the full-precision baseline. These results
establish a practical threshold: models need at least
2B parameters in full precision to perform medical
reasoning in low-resource languages. Smaller quan-
tized models fail regardless of prompting strategy,
making them unsuitable for medical applications
in these contexts.

Our findings reveal critical limitations in cur-
rent approaches to multilingual medical AI. Medi-
cal knowledge does not transfer uniformly across
languages despite being theoretically language-

independent. The 6% to 11% drop in performance
when moving to Urdu variants suggests that cur-
rent models rely heavily on surface-level patterns in
English medical text rather than deeper conceptual
understanding. CoT prompting is not a universal so-
lution. While it helps some models substantially, it
harms others. This architecture dependence means
practitioners cannot simply apply CoT prompting
to any model and expect improvement; they must
validate its effectiveness for their chosen model.
Model compression through quantization creates
unacceptable trade-offs for medical reasoning in
low-resource languages. Quantized models with
fewer than 2B parameters perform at near-random
levels, making them dangerous for medical appli-
cations where accuracy matters.

The consistent advantage of Roman Urdu over
standard Urdu script points to a practical consider-
ation: orthographic similarity to pre-training data
may matter more than linguistic proximity. This
suggests that for languages with multiple scripts,
choosing the variant closer to Latin characters may
improve performance with current models. These
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results have direct implications for deploying med-
ical AI in linguistically diverse regions. Organiza-
tions cannot assume that models that perform well
in English will perform adequately in other lan-
guages. They must validate performance in target
languages, carefully select model architectures and
prompting strategies, and ensure sufficient model
capacity to avoid catastrophic failure.

6 Conclusion

We introduced U-MIRAGE, the first medical
question-answering benchmark. U-MIRAGE com-
prises 7,663 question-and-answer pairs across three
languages, including Urdu, Roman Urdu, and En-
glish. We evaluate six LLMs and reveal three key
findings. (1) All models show a 6% to 11% drop in
performance when moving from English to Urdu,
indicating that medical knowledge does not transfer
uniformly across languages. (2) Chain-of-Thought
prompting produces architecture-dependent effects;
therefore, some models improved by 8% to 20%
while some degraded by up to 3%. (3) Quantized
models (2B parameters) achieved near random ac-
curacy regardless of various prompting strategies.
Notably, Roman Urdu consistently outperforms
standard Urdu, suggesting that orthographic align-
ment with pre-training data matters more than lin-
guistic proximity. Future work should explore the
pre-training on domain-specific medical data and
investigate whether multilingual pre-training im-
proves the cross-lingual reasoning capabilities.

Limitations

U-MIRAGE relies on translated content from the En-
glish medical benchmark dataset, potentially limit-
ing its ability to capture native linguistic patterns
in Urdu. Our evaluation covers six LLMs due to
computational constraints, precluding broader ar-
chitectural comparisons. Additionally, our assess-
ment focuses on the precision of multiple-choice
responses, without examining the quality of the
explanation or clinical safety.
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