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Abstract

Background: Artificial intelligence continues to transform health care, offering promising applications in clinical practice and
medical education. While large language models (LLMs), as a form of generative artificial intelligence, have shown potential
to match or surpass medical students in licensing examinations, their performance varies across languages. Recent studies
highlight the complex influence and interdependency of factors such as language and model type on LLMs’ accuracy; yet,
cross-language comparisons remain underexplored.

Objective: This study evaluates the performance of LLMs in answering medical multiple-choice questions quantitatively and
qualitatively across 3 languages (German, French, and Italian), aiming to uncover model capabilities in a multilingual medical
education context.

Methods: For this mixed methods study, 114 publicly accessible multiple-choice questions in German, French, and Italian
from an online self-assessment tool were analyzed. A quantitative performance analysis of several LLMs developed by
OpenAl, Meta Al, Anthropic, and DeepSeek was conducted to evaluate their performance on answering the questions in
text-only format. For the comparative analysis, a variation of input question language (German, French, and Italian) and
prompt language (English vs language-matched) was used. The 2 best-performing LLMs were then prompted to provide
answer explanations for incorrectly answered questions. A subsequent qualitative analysis was conducted on these explanations
to identify the reasons leading to the incorrect answers.

Results: The performance of LLMs in answering medical multiple-choice questions varied by model and language, showing
substantial differences in accuracy (between 64% and 87%). The effect of input question language was significant (P<.01)
with models performing best on German questions. Across the analyzed LLMs, prompting in English generally led to better
performance in comparison to language-matched prompts, but the top-performing models exceptionally showed comparable
results for language-matched prompts. Qualitative analysis revealed that answer explanations of the analyzed models (GPT40
and Claude-Sonnet-3.7) showed different reasoning errors. In several explanations, this occurred despite factual accuracy on
the represented topic. Furthermore, this analysis revealed 3 questions to be insufficiently precise.

Conclusions: Our results underline the potential of LLMs in answering medical examination questions and highlight the
importance of careful consideration of model choice, prompt, and input languages, because of relevant performance variability
across these factors. Analysis of answer explanations demonstrates a valuable use case of LLMs for improving examination
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question quality in medical education, if data security regulations permit their use. Human oversight of language-sensitive
or clinically nuanced content remains essential to determine whether incorrect output stems from flaws in the questions
themselves or from errors generated by the LLMs. There is a need for ongoing evaluation as well as transparent reporting to
ensure reliable integration of LLMs into medical education contexts.

JMIR Med Educ 2026;12:e81399; doi: 10.2196/81399
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Introduction

Artificial intelligence (AI) in the form of large language
models (LLMs) is rapidly advancing, with multiple applica-
tions across the health care sector [1-3]. Despite promising
advances, the quality of developed systems remains variable,
and extensive evaluation is required for different applications.
When adequately implemented, LLMs exhibit substantial
potential for supporting clinical practice [4,5]. In the domain
of medical decision-making, Al has been shown to perform
equivalently to specialists for some tasks [6] and to per-
form effectively in multiple languages, although performance
varies across languages, with English being the predominant
training language of most LLMs [7-10].

In the context of medical education, multiple studies
have demonstrated that LLMs are able to perform at a
level comparable to or even exceeding that of medical
students in answering text-based medical licensing multiple-
choice questions [11-14]. A comprehensive meta-analysis
provided an integrative overview of 45 studies testing the
performance of different ChatGPT (OpenAl) models for the
task of answering medical licensing examination questions
[15]. The findings of this study revealed that the different
ChatGPT models exhibited varying levels of performance
depending on factors such as the language of the questions
(English vs non-English), the difficulty and length of the
questions, as well as the type of questions and whether
pictures were presented or not. However, the impact of
these factors was not consistent between the different models
(GPT-4 vs GPT-3.5), and the included studies did not use
the same question sets across different languages. Moreover,
interpreting model performance is limited by country-spe-
cific medical policies, unique local and cultural contexts,
and ethical considerations in medical situations [16,17]. A
few studies have isolated the effect of language on LLMs’
performance by using comparable examination content across
different languages. However, most existing comparisons rely
on different national examinations, which vary in struc-
ture, limiting the validity of cross-linguistic assessments [18,
19]. This study aims to address these gaps by comparing
language-dependent performance on identical examination
questions of a wide range of LLMs, including open models.

This study investigates how the performance of LLMs
varies across languages (German, French, and Italian)
in answering medical multiple-choice questions within
Switzerland’s unique multilingual context. Using a dataset of
example medical licensing examination questions, we explore
the performance of a range of different LLMs in answering
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these questions in German, French, and Italian and how the
input and prompt language affects the performance in these
different models. In addition, we qualitatively analyze and
categorize the types of errors observed in the explanations
given by LLMs.

Methods
Study Design and Data

We used publicly accessible example question sets on
the self-assessment platform from the Institute of Medical
Education of the Medical Faculty of Bern, which are provided
by the Swiss Federal Office of Public Health to enable
medical students to prepare for their examinations [20]. There
are 3 question sets, each with 50 questions, resulting in a total
of 150 questions. Each question is translated by professional
medical translators into the respective examination languages,
German, French, and Italian. The provided question sets are
comparable in the range of medical knowledge topics and in
difficulty level with the federal medical licensing examination
in Switzerland. The correct answers to these questions are
not publicly accessible. Only when the self-assessment test
is submitted does the system provide information about the
correctness of the answer given, but not about the answer
key. This makes it unlikely that LLMs have been trained with
these data. Of the 150 questions, 114 are text-only, while 35
include text and an image. One question included a computed
tomography scan video.

Questions containing images or videos were excluded
from analysis, as the focus of this study is on multilin-
gual language-processing abilities. Therefore, we restricted
the analysis to language-based (text-only) interactions and
did not include image-processing or multimodal capabilities.
Although recent work has shown substantial performance
gains in vision-enabled large multimodal models, incorporat-
ing visual items introduces additional variance unrelated to
linguistic processing [13,21-24].

The questions were further categorized into subcatego-
ries based on medical specialties, purpose of the question,
and urgency of the case. Medical specialties were subdi-
vided into general medicine (including internal medicine,
neurology, and other smaller subjects, eg, dermatology);
surgery and traumatology; pediatrics; gynecology; public
health; and other. To differentiate the purpose of the
question, questions were categorized into diagnosis (focusing
on differential diagnosis, test interpretation, clinical reason-
ing, physical examination, and diagnostic studies); treatment
(addressing therapeutic interventions, medication selection,
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surgical approaches, and management protocols); and other
(public health questions covering prevention, health care
systems, and epidemiology). To distinguish urgency within
the discussed cases, questions were classified as acute or
chronic. Acute conditions were defined as those involv-
ing same-day presentations, symptoms lasting less than 1
week, trauma, or infections, whereas chronic conditions
were defined as symptoms persisting for more than 1
week, the need for ongoing medication, chronic diseases, or
elective scenarios. Furthermore, we categorized the questions
based on the response format (single response or multiple
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responses). Each question was reviewed and categorized for
this study by 1 researcher, and categorizations were reviewed
and checked by the other researchers. Questions that could
potentially fit multiple categories were assigned based on
their primary focus or most immediate clinical relevance.

Table 1 shows the distribution of sample multiple-choice
questions categorized by specialty, response format, and
question modality (text-only, image, and video) across 3
different datasets: text-only (n=114), text and image (n=35),
and text and video (n=1).

Table 1. Distribution of multiple-choice questions by subcategories, response format, and question modality (text-only, image, and video).

Categories Text-only (n=114)

Text and image (n=35) Text and video (n=1)

Specialties, n (%)

General medicine 72 (63.16) 24 (68.57) 1 (100)
Surgery and traumatology 10 (8.77) 2(5.71) 0 (0)
Pediatrics 13 (11.40) 6(17.14) 0 (0)
Gynecology 8(7.02) 2(5.71) 0 ()
Public health and other 10 (8.77) 1(2.86) 0 (0)
Purpose, n (%)
Diagnosis 57 (50.00) 25(71.43) 1 (100)
Treatment 44 (38.60) 8 (22.86) 0 (0)
Other (eg, public health) 12 (10.53) 2(5.71) 0 (0)
Urgency, n (%)
Acute 49 (42.98) 20 (57.14) 1 (100)
Chronic 64 (56.14) 15 (42.86) 0 (0)
Response format, n (%)
Single response 105 (92.20) 32(91.50) 1 (100)
Multiple response 9 (7.80) 3 (8.50) 0(0)
Large Language Models set to 10, and no explicit seed set, to estimate the performance

Five different LLMs were applied, as shown in Table 2.

We executed each model 10 times, with the temperature
set to the default of 1, top-p to the default of 1, max_tokens

Table 2. List of LLMs® used in this study.

in a typical setting where a student is using the technology
to support their studying. All source code for the model
execution is available from the project’s GitHub repository
[25].

Model provider Model name Implementation
OpenAl GPT4o OpenAl APIP
Meta Al Llama 3.1-405b-Instruct Deeplnfra API
Meta Al Llama 3.3-70b-Instruct Deeplnfra API
Anthropic Claude-Sonnet-3.7-20250219 Anthropic API
DeepSeek DeepSeek V3 Deeplnfra API

4LLM: large language model.
YAPI: application programming interface.

Prompts

In this study, user prompts were structured multilingually.
Medical questions were presented to the model in Ger-
man, French, and Italian while maintaining identical system-
level instructions. The LLMs’ responses to these equivalent
prompts in different languages of identical examination
questions enabled direct cross-lingual performance compari-
son under controlled conditions.

https://mededu.jmir.org/2026/1/e81399

Two different system and user instruction prompt
scenarios were explored: English language system and user
instruction prompts while specifying the questions in the
different languages in which the examination questions were
available (named “English prompts”), and system and user
instruction prompts in the same language as the questions
were specified (named ‘“language-matched prompts”). This
allowed us to contrastively evaluate the impact of designing
an interactive medical question answering system based on
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the target language of the user (language-matched) or the
language that the model has the most expertise in (English),
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with implications for the application of such models in
international contexts (Textbox 1).

Textbox 1. System and user prompts for English and language-matched versions in German, French, and Italian.

English

German

French

Italian

» System prompt: “You are a helpful medical question answering assistant. Please carefully follow the exact instruc-
tions, return only the answer letter or letters, and do not provide explanations.”

* User prompt: “Please answer the following multiple-choice question by selecting the correct response option or
options. Question: { }. Response options: A -{}, B-{}, C-{}, D -{}, E - {}. Return only the letter or letters (A, B,
C, D, E) corresponding to the correct answer or answers. The correct answer to the question is:” where the specific
question and answer options are inserted from the question dataset.

e System prompt: “Du bist ein hilfreicher Assistent bei der Beantwortung medizinischer Fragen. Befolge sorgfiltig die
genauen Anweisungen, gib nur den/die Antwortbuchstaben an und fiige keine Erkldrungen hinzu.”

» User prompt: “Bitte beantworte die folgende Multiple-Choice-Frage, indem du die richtige/n Antwortoption/en
auswdhlst. Frage: {}. Antwortoptionen: A -{}, B-{}, C-{}, D -{}, E - {}. Gib nur den/die Buchstaben (A, B,
C, D, E) an, der/die der/den richtigen Antwort/en entspricht/entsprechen. Die richtige Antwort auf die Frage lautet:

o System prompt: “Tu es un assistant utile qui répond a des questions médicales. Suis attentivement les instructions
exactes, renvoie uniquement la ou les lettre/s de réponse et ne donne aucune explication.”

» User prompt: “Réponds a la question a choix multiples suivante en sélectionnant la ou les réponse/s correctels.
Question: {}. Options de réponse: A -{}, B-{}, C-{}, D -{}, E - {}. Ne renvoie que la ou les lettre/s (A,B,C,D,E)
correspondant/es a la/les réponsels correctels. La réponse correcte a la question est:”

» System prompt: “Sei un assistente utile per rispondere a domande mediche. Segui attentamente le istruzioni esatte,
riporta solo la lettera o le lettere di risposta e non aggiungere spiegazioni.”

» User prompt: “Rispondi alla seguente domanda a scelta multipla selezionando la o le opzioni di risposta corrette.
Domanda: {}. Opzioni di risposta: A -{}, B-{}, C-{}, D -{}, E - {}. Riporta solo la lettera o le lettere (A, B, C, D,
E) corrispondentel/i alla risposta corretta o alle risposte corrette. La risposta corretta alla domanda é:”

(L)

Quantitative Analysis of Model
Performance

Model responses were scored in binary as correct or
incorrect. For multiple-response items, an all-or-nothing
scoring approach was applied: a response was considered
correct only if all correct options were selected and no
incorrect options were included; ordering of answer options
was not considered relevant.

All quantitative data analyses were performed in Python
(version 3.12; Python Software Foundation) within a Jupyter
notebook running on a MacBook Pro M2 with 32 GB
of RAM, while LLMs were executed via online applica-
tion programming interfaces (APIs). Notable libraries used
in the analysis are the Transformers library for language
model execution (version 4.45.2; Hugging Face), the OpenAl
API for cloud-based model execution (version 1.14.0), the
DeeplInfra API for executed hosted open models (version
1, via Deeplnfra’s OpenAl API), the Anthropic API for
executing Anthropic models (version 0.42.0), and the pandas
(version 2.2.1; pandas Development Team), and seaborn
(version 0.13.2; seaborn Development Team) libraries for
data analysis and visualization, respectively. We analyzed
the data using generalized estimating equations, as imple-
mented in the statsmodels.genmod library (version 0.14.4;
statsmodels Development Team), with a logistic link function
and exchangeable correlation structure, to account for the
clustering of repeated observations within items. We fit
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separate generalized estimating equation models to exam-
ine the effects of categorical variables, including model,
language, and prompt language, on accuracy, each accounting
for clustering within items. We fitted separate models due
to convergence considerations. However, the fully crossed
design ensures effects are not confounded. Effect sizes are
reported as odds ratios (OR) with 95% Cls. Differences were
deemed significant at a P value of <.05. Benjamini-Hochberg
correction was applied to control the false discovery rate in
subgroup analyses. All source code for the quantitative data
analysis is available from the project’s GitHub repository
[25].

Qualitative Analysis of Reasons for Errors

For the qualitative evaluation, the 2 best-performing LLMs
from the quantitative analysis, OpenAl’'s GPT4o0 and
Anthropic’s Claude-Sonnet-3.7, were selected. Questions
answered incorrectly during this quantitative analysis were
reentered via the web interfaces (OpenAl WebUI for GPT4o0
on January 14, 2025; Anthropic WebUI for Claude Son-
net-3.7 on March 17, 2025), each in a new chat session within
a single browser (Google Chrome) to minimize potential bias
from prior interactions. Questions that were again answered
incorrectly during this process were subsequently analyzed
qualitatively by a panel of 3 reviewers, 2 medical doctors
(WA and FD) and 1 final-year medical student (LMS).

As the quantitative analysis only extracted answers and not
explanations, the prompts were revised to explicitly require
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the LLMs to justify their answer choices, with the goal of
gaining deeper insights into the reasons for the observed
errors. The questions were entered in German, once with
the matched-language prompt in German and once with the
English prompt. To better mirror realistic conditions, the
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model was not given a system prompt. This study aimed
to reflect how medical students ordinarily interact with such
tools, entering only the multiple-choice question itself with a
brief prompt rather than using a form of prompt engineering
(Textbox 2).

Textbox 2. Modified prompts for qualitative analysis in English and German.

* English prompt: “Please answer the following multiple-choice question by selecting the correct response option or
options. Question: {}. Response options: A -{}, B-{}, C-{}, D - {}, E - {}. Return only the letter or letters (A, B, C,
D, E) corresponding to the correct answer or answers and give an explanation to the solution.”

e German prompt: “Bitte beantworte die folgende Multiple-Choice-Frage, indem du die richtige/n Antwortoption/en
auswdhlst. Frage: { }. Antwortoptionen: A -{}, B-{}, C-{}, D -{}, E - {}. Gib den/die Buchstaben (A, B, C, D, E) an,
der/die der/den richtigen Antwort/en entspricht/entsprechen und gib eine Erkldrung zur Losung.”

The qualitative analysis was conducted in German or English,
depending on the output language of the respective model.
The study group consisted of 3 native German speakers and
1 native English speaker. Their respective second and third
languages are English, German, and French. The reviewers
evaluated and coded all questions with 4 sets of LLM-gener-
ated explanations (2 models and 2 prompt languages). For
this publication, all presented questions and LLM explana-
tions were translated from German into English with an
online translation tool (DeepL; DeepL SE) and professionally
proofread.

The qualitative evaluation of the LLMs was conducted
using the Framework Method, as described by Gale et al [26].
In recent years, various frameworks have been developed to
examine the reasoning processes of physicians and LLMs
when responding to medical questions. Our framework was
developed with reference to existing studies that have used
similar methodologies [27-30]. While other frameworks may
differ in structure or focus, our approach was specifically
designed to identify the underlying causes of incorrect
answers within the explanations given by the respective LLM.
The framework was developed through an iterative review
process in which multiple reviewers individually examined

the LLM explanations and derived preliminary categories
and subcategories. These were then discussed collectively,
refined through consensus, and cross-validated in subsequent
rounds of reanalysis of the LLM explanations. It enabled
the investigation of both the basis of the errors and patterns
leading to inaccuracies. The framework designed during this
process with the distinct error typology is shown in Fig-
ure 1. Three main error domains were categorized: reason-
ing, factual, and context. Reasoning errors involve logical
missteps such as ignoring information within the question,
reaching incorrect conclusions despite factual accuracy of
underlying context information, or misweighing the given
information, when complex information is given but the LLM
fails to identify the relevant aspects. Factual errors are split
into medical and nonmedical, depending on the domain of
the incorrect fact. Context errors stem from misunderstand-
ings of the cultural or social background in the context
given, such as misinterpreting the cultural status quo or
processes in inpatient and outpatient settings or public health
matters in Switzerland. This classification aids in systemati-
cally identifying and addressing different sources of error.
Examples of error types are shown in Textbox 3.

Figure 1. Error typology framework categorizes errors into 3 main types and their subtypes: reasoning errors (despite factual accuracy, ignoring
statement in question, and misweighing information given), factual errors (medical and nonmedical), and context errors (misunderstanding cultural

Error types

status quo).

Reasoning error

Despite facutal
accuracy

Ignoring statement
in question

Misweighing

information given
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Factual error

Medical

Nonmedical

Context error

Misunderstanding
cultural status quo
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Textbox 3. Selection of multiple-choice questions and corresponding responses generated by large language models in the
English prompt scenario. Each example shows the original question translated into English, the answer options, and the
ground-truth label (in brackets) and the qualitative analysis derived from the reviewers’ assessments. For each question, the
explanations produced by the large language models are presented (some shortened for readability).

Example question 1 reflecting ‘“Reasoning error: ignoring statement in question”:

“A Rh-negative, 34-year-old woman in the 16th week of pregnancy is diagnosed with an anti-D titre of 1:128 (positive from
1:16). In her previous first marriage, after two spontaneous abortions, she gave birth to a child at term who required two
exchange transfusions due to hyperbilirubinemia. Which measure is indicated? (A) Termination of pregnancy, (B) Doppler
of the fetal cerebral artery, (C) Clarification of the Rh blood group status of the father of the child, (D) Administration of
anti-D, (E) n/a” (Ground Truth: C)

Explanation of large language model (GPT4o0) in English prompt scenario:

“Answer: B, Explanation: An anti-D titre of 1:128 in a Rh-negative pregnant woman indicates significant sensitisation to
the Rh-D antigen. (...) The best measure to assess the severity of possible fetal anaemiaanemia is Doppler ultrasound of the
fetal arteria cerebri media (A.cerebri media). (...) Why the other options are not correct:”

“A: This is not justified at this stage and with this diagnosis. C: This information is no longer relevant in this case, as
sensitisation is already present. D: Anti-D prophylaxis is ineffective in the case of existing sensitisation. It is only used to
prevent initial sensitisation. Conclusion: The correct answer is B: Doppler of the fetal cerebral artery to monitor for fetal
anaemia.”

Qualitative analysis of error type made:

Reasoning error ignoring the statement in question, that the previous child was from another relationship, therefore
indicating that this child has another biological father and could be Rh-negative.

Example question 2 reflecting ‘“Reasoning error: despite factual accuracy”:

“A 12-year-old boy cuts the palmar side of the proximal phalanx of his index finger while cutting a branch with a
pocketknife. The surgeon consulted found that the sensitivity of the fingertip was intact. Although active flexion of the
proximal phalanx is possible, the patient is unable to flex either the seconds or third phalanx. This is a severing of the (A)
tendons of the interosseous muscles, (B) tendons of the lumbrical muscles, (C) superficial flexor tendon, (D) deep flexor
tendon, (E) superficial and deep flexor tendon” (Ground Truth: E)

Explanation of large language model (Claude-Sonnet-3.7) in English prompt scenario:

“Answer D, The description in the case indicates a severing of the deep flexor tendon (flexor digitorum profundus). Analysis
of the clinical findings: Cut on the palmar side of the proximal phalanx of the index finger, intact sensitivity of the fingertip
(nerve function preserved), active flexion of the proximal phalanx possible, inability to flex the seconds (middle) and third
(end) phalanx. It is important to know the anatomy of the finger flexors: The superficial flexor tendon (...) attaches to the
middle phalanx and enables flexion of the middle joint (PIP - proximal interphalangeal joint), the deep flexor tendon (flexor
digitorum profundus) attaches to the distal phalanx and enables flexion of the distal interphalangeal joint (DIP).

In the event of an injury at the level of the proximal phalanx, the deep flexor tendon can be severed while the superficial
flexor tendon may still be intact. Since the patient cannot flex either the seconds or third phalanx, the function of both the
superficial and deep flexor tendon must be impaired. However, the description indicates that active flexion is still possible
in the metacarpophalangeal joint (MCP), which is mediated by the lumbrical and interosseous muscles.

Answer D (deep flexor tendon) is correct, as an isolated transection of the deep flexor tendon would not fully explain the
functional deficit described.”

Qualitative analysis of error type made:

The conclusion does not follow logic and is contradictory, as the whole explanation favors the correct answer E. The large
language model states the correct solution during explanation of the anatomy of the muscles that perform flexion in the
fingers but fails to give the correct ground truth.

Example question 3 reflecting ‘“Reasoning error: due to misweighing of information’’:

“A 20-year-old, previously healthy man falls ill with fever a few weeks after travelling to the tropics. His general condition
is reduced; clinically there are palpable lymph nodes at several sites and splenomegaly. There is pancytopenia with
haemoglobin 100 g/l (norm 140-170 g/L), leucocytes 2.0 G/l (norm 4.5-11 G/l) (granulocytes approx. 75 %, lymphocytes
approx. 10 %), and thrombocytes of 65 G/l (norm 150-350 G/1). What is the most likely diagnosis?

(A) Acute leukaemia, (B) side effect of mefloquine, (C) acute HIV infection, (D) malignant indolent B-cell non-Hodgkin’s
lymphoma with bone marrow involvement, (E) Dengue fever” (Ground Truth: C)

Explanation of large language model (GPT4o0) in English prompt scenario:

“Answer: E, Explanation: The clinical picture of the 20-year-old patient with fever, reduced general condition, palpable
lymph nodes, splenomegaly and pancytopenia (...) after a trip to the tropics is typical of an infection with the dengue

virus. (...) Why the other options do not fit: A (acute leukaemia): Acute leukaemia could cause pancytopenia but does

not explain the travel history and typical course after tropical travel B (side effect of mefloquine): Mefloquine (malaria
prophylaxis) is more likely to cause neuropsychiatric side effects, but not pancytopenia and splenomegaly. C (acute HIV
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infection): Acute HIV infection can cause flu-like symptoms, but not typically pancytopenia with splenomegaly to this extent.
D (malignant indolent B-cell non-Hodgkin’s lymphoma): This disease usually progresses insidiously and is unlikely in a
young, previously healthy man with no other risk factors. Conclusion: The clinical presentation is best suited to dengue
fever (E).”

Qualitative analysis:

The “trip to the tropics” and its association to dengue seems to be overemphasized even though clinical symptoms and the
dynamic as well as the onset of the disease are not specific to dengue fever.

Example question 4 reflecting “Medical Factual error”:

“A 6-year-old child has hematomas on various parts of the body. Which location/s is/are suspicious of physical abuse? (A)
on the shins, (B) on the back of the hand, (C) on the back, (D) behind the ears, (E) n/a” (Ground Truth: B/C/D)
Explanation of large language model (GPT4o) in English prompt scenario:

“Answer: C, D, Explanation: Hematomas in children are not uncommon, especially on parts of the body that are frequently
injured during normal play or falls. However, there are certain areas of the body where bruising (haematomas) are
particularly suspicious for physical abuse. Suspicious localisations:

C: Hematomas on the back are unusual as this area is rarely injured during falls or everyday activities. Injuries in this area
are often associated with violence.

D: Bruising behind the ears is also highly suspicious as this area is not usually affected by accidents. Such injuries may
indicate blows or pulling to the head.

Why the other options are less suspicious: A: Hematomas on the shins are normal in active children and can often be
explained by playing or falls. B: Hematomas on the back of the hand can also be caused by everyday activities and are less
obvious for maltreatment. E: (....) Conclusion: The hematomas on the back (C) and behind the ears (D) are suspicious for
physical abuse in this case.”

Qualitative analysis:

Bruises on the back of the hand are considered suspicious for physical abuse in a 6-year-old child.

Example question 5 reflecting ‘“Context error: misunderstanding cultural status quo’’:

“Young parents call your practice in an emergency at 5 pm in the evening. Their 2-year-old son has suddenly lost
consciousness while playing, has tilted backward from a sitting position and has his eyes fixed upwards. He then began

to twitch rhythmically with all 4 extremities. The parents poured cold water on his face, after which he slowly regained
consciousness a few minutes later. The whole episode lasted 3 minutes. Now he is reduced, tired and seems to have a high
temperature. The parents have never experienced anything like this with their son. What is the most appropriate next step
in management? (A) The boy must be taken to the nearest emergency centre immediately, (B) You ask the parents to take
the boy to your consultation the next day for a check-up, (C) You refer the boy to a neurologist for an EEG scan, (D) You
ask the parents to come to your consultation with the boy on the same day to check for a fever focus, (E) No further action
necessary” (Ground truth: D)

Explanation of large language model (Claude-Sonnet-3.7) in English prompt scenario:

“Answer: A, The description indicates a febrile convulsion in a 2-year-old child with the following features: Sudden loss
of consciousness followed by rhythmic twitching of all extremities, staring of the eyes upward, short duration (3 minutes),
high fever, first episode (parents have never experienced anything similar), postictal state (reduced, tired). Although it is
probably a simple febrile convulsion, which is not uncommon in children between 6 months and 5 years of age, the child

in this situation should be taken to an emergency centre immediately for the following reasons:1. it is the first episode of a
seizure, which requires a thorough work-up to rule out other causes such as meningitis, encephalitis or other neurological
conditions, 2. the child is in a reduced state following the seizure, which requires immediate assessment, 3. the level of fever
and its cause must be clarified, 4. the young age of the child (2 years) increases the risk of more serious causes.

The other options are not appropriate:B: too long a delay in an acute condition. C: not urgent enough EEG is not the first
measure. D: important but the situation requires a more comprehensive emergency assessment. E: clearly inappropriate for
a first seizure.”

Qualitative analysis:

Context error or subject for discussion: In Switzerland, there is the possibility for urgent outpatient consultation at

the family doctor to avoid a consultation at the emergency center in comparable situations. This question cannot be
answered internationally due to different availabilities of same-day presentations for children. Further, this question might
be challenging for licensing examination candidates, whether an outpatient consultation on the same day (option D) or an
immediate emergency consultation (option A) is indicated and could also be discussed in terms of quality assurance.

It is important to note that the identification of reasoning thereof, within the LLMs’ responses, regardless of the process
errors does not imply that LLMs do or could possess human-  that generated the response.

like reasoning capabilities. Rather, the framework provides

a structured means to analyze the apparent logic, or lack
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Ethical Considerations

The study is out of scope for national ethical approval as
it does not collect any data from humans and is based on
publicly accessible datasets and models.

Results

Model Accuracy Performance at
Answering Questions

Figure 2 presents the model accuracy results, as averages
across the 10 runs per question, across 5 LLMs, for all
languages. Claude-Sonnet-3.7 demonstrated the highest mean
accuracy (87%, SD 0.34%) and lowest variability, indicating
consistent performance. GPT4o also showed strong perform-
ance (mean accuracy 84%, SD 0.36%) with slightly more
variability. In contrast, Llama3.3-70b, Llama3.1-405b, and

Figure 2. Accuracy of different large language models.
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DeepSeek V3 exhibited significantly less reliable perform-
ance across tasks (mean accuracies of 64%, 69%, and 73%;
SDs of 0.48%, 0.46%, and 0.44%; P<.001 in all 3 cases).
However, all models would be considered to have achieved
a passing grade, which can vary in specific threshold but
is usually set at around 60% accuracy in written medical
licensing examinations.

Figure 2A shows per-run accuracy of different LLMs
across all questions and conditions. Accuracy is shown as
the percentage of accurate responses per run across questions.
Figure 2B shows per-question accuracy of different LLMs
across all runs and conditions. Accuracy is shown as %
accuracy per question across runs and conditions. A gray
dotted line indicates the average across all models. Individual
responses per run and table data for the figure are given in
Multimedia Appendix 1.
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Performance Variation by Question
Language and Prompt Language

Figure 3 illustrates model accuracy across the 3 question
languages (German, French, and Italian) and 2 instruction
prompt scenarios. As with the overall model comparison,
Claude-Sonnet-3.7 consistently achieved the highest accuracy
across all languages, with the strongest performance in
French and Italian. The lowest performance was achieved
in Italian by all other models. Across all models, comparing
model performance across the 2 prompt scenarios, English
prompts generally led to better or comparable performance
relative to language-matched prompts (OR 1.81, 95% CI
1.60-2.05; P<.001). Notably, Claude-Sonnet-3.7 and GPT4o
showed the highest and most consistent accuracy across all
languages and prompt types. Accuracy values were slightly
lower for language-matched prompts with Claude-Sonnet-3.7,
particularly for German. In contrast, both Llama models
exhibited the poorest performance, especially in the language-
matched prompt condition for French and Italian.

Strasser et al

Figure 3A shows model accuracy per run across all
questions, separated by prompt and question language.
Accuracy is shown as the percentage of accurate responses
per run across questions and conditions. Figure 3B shows
model accuracy per question across all runs, separated by
prompt and question language (DE=German, FR=French,
IT=Italian). Accuracy is shown as % accuracy per question
across runs and conditions. The dotted gray line indicates the
average across all scenarios. Individual responses per run and
table data for the figure are given in Multimedia Appendix 1.

When comparing model performance across the 3
languages, accuracy was highest on average for German-lan-
guage questions. Therefore, German served as the reference
category for the question language statistical comparison.
Compared to German, accuracy was not significantly
different for French (OR 0.92, 95% CI 0.79-1.08; P=.29)
but was significantly lower for Italian (OR 0.64, 95% CI
0.54-0.75; P<.001).

Figure 3. Overall model accuracy across runs and questions by prompt and question language.
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Performance Variation by Question
Attributes

Regarding the response format, multiple-choice questions
with single responses were solved significantly better than
those with multiple responses across models (mean accuracy
77%, SD 42% vs mean accuracy 51%, SD 0.50%; OR 0.31;
95% CI1 0.12-0.78; P<.001). Average accuracies per language,
model, and response format (single vs multiple) are illustrated
in Figure S1 in Multimedia Appendix 2.

https://mededu.jmir.org/2026/1/e81399

3 llama31-405b

English Prompts

0 runs)

A
LA

i) il il P P N P P P
L L L PP S
& S e‘i e"z; «3’2* '9@2, 95; 91« 5‘§ 5"'““ 5\,0

o ) 03 8 FL L IR P P PP
S K" S & O GF OGS
(}b

% Accuracy per question (average across
o
o

5
&
S
&

Model

3 DE--German EZZ) FR--French ESS IT--ltalian

During the quantitative analysis of medical specialties,
there were no significant differences in accuracy across
clinical question categories (all comparisons not significant
after correction for multiple tests). Average accuracies per
language, model, and medical specialty are illustrated in
Figure S2 in Multimedia Appendix 2.

When looking at the purpose of the question with
diagnosis, treatment, and other-related questions as catego-
ries, diagnosis questions were used as the reference cate-
gory. Compared to diagnosis, treatment questions were solved
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significantly worse (mean accuracy 81%, SD 0.39% vs mean
accuracy 70%, SD 0.45%; OR 0.55, 95% CI 0.34-091;
P<.001) while the other-related question also appeared to
perform worse than diagnosis, but this difference was not
significant (mean accuracy 65%, SD 47% but P not signifi-
cant after correction for multiple tests). Average accuracies
per language, model, and purpose category are illustrated in
Figure S3 in Multimedia Appendix 2.

There were also no significant differences between
questions categorized for urgency, related to acute versus
chronic conditions. Average accuracies per language, model,
and urgency category are illustrated in Figure S4 in Multime-
dia Appendix 2.

Qualitative Analysis

In the qualitative analysis, 12 questions were still
solved incorrectly on the web interface with GPT4o and
13 with Claude-Sonnet-3.7, corresponding to those that
produced incorrect answers compared to the ground truth
in the aggregate quantitative evaluation. Six questions
were answered incorrectly by both models. In total,
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incorrect answers were observed in 20 distinct multi-
ple-choice questions. GPT4o provided incorrect answers
to 11 questions when prompted in both German and
English, with one additional error occurring exclusively
with the English prompt. Similarly, Claude-Sonnet-3.7
gave the same incorrect answers to 8 questions across both
languages, while the English prompt resulted in 5 further
incorrect responses.

Figure 4 shows comparative error analysis and reveals the
markedly higher frequency of reasoning errors despite factual
accuracy exhibited by Claude-Sonnet-3.7 relative to GPT4o.
This error type refers to instances where the model provides
information that is factually correct but draws conclusions
or inferences that do not appropriately address the questions'
requirements. In the English prompt condition, Claude-Son-
net-3.7 produced this type of error in 69% of the erroneous
cases (9/13), compared to 42% (5/12) for GPT4o. The pattern
persisted in the German prompt condition, with Claude-Son-
net-3.7 showing this error in 62% of the erroneous cases
(5/8), while GPT40’s rate was lower at 27% (3/11).

Figure 4. Error analysis of large language models (GPT40 and Claude-Sonnet-3.7) according to the framework with language-matched prompts in

German and English language prompt.
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Textbox 3 presents selected multiple-choice questions, their
corresponding LLM-generated answers (from GPT40 or
Claude-Sonnet-3.7), and an explanation of the error type and
reasoning issues identified. The table focuses on the types
and subtypes made by LLMs when responding to the clinical
scenarios and includes ground truth answers to the multiple-
choice question for comparison.

Additionally, during qualitative analysis, 3 questions’
ground truths were found to be ambiguous given the
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current state of medical knowledge. One example question
is presented in Textbox 4. This example shows the potential
risk for LLMs to hallucinate and assume knowledge if asked
for an answer, in cases when facts are ambiguous. The model
formulated arguments for the answer (C) as ground truth
even if the given explanation does not correspond to evidence
based on medical knowledge.
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Textbox 4. Example of an ambiguous question and explanation provided by GPT4o.

endemic areas.
additional vaccination is therefore not necessary.

of 4 years.

protects against possible severe courses and complications.”
Qualitative analysis:

Example question translated into English:“A 4-year-old boy with moderate atopic dermatitis is regularly vaccinated
according to the Swiss vaccination schedule. Which additional vaccination does he need?

(A) Hepatitis A, (B) Hepatitis B, (C) Influenza, (D) Rotavirus, (E) Varicella” (Ground truth: E)

Explanation given by large language model (GPT4o0) in English prompt scenario:

“Answer: C , Explanation: A 4-year-old boy with moderate atopic dermatitis has an increased risk of infection due to

the impaired skin barrier and possible inflammatory processes. The influenza vaccination (C) is particularly important as
children with atopic diseases are more susceptible to more severe courses of influenza infections. The vaccination not only
protects against the disease itself but also reduces the risk of secondary bacterial skin infections, which can occur more
frequently with atopic skin. Why the other options are less useful:

A: This vaccination is not routinely recommended in Switzerland, but only for certain risk groups or before travellingto

B: The hepatitis B vaccination is part of the Swiss vaccination schedule and should already have been carried out. An
D: The rotavirus vaccination is recommended in infancy (up to 6 months). This vaccination is no longer indicated at the age

E: The varicella vaccination is included in the Swiss vaccination schedule and should have already been given in infancy.
An additional vaccination is not necessary if the vaccination schedule has been adhered to.
Conclusion: The influenza vaccination (C) is particularly important for a 4-year-old boy with atopic dermatitis, as it

The large language model correctly states that “The varicella vaccination is included in the Swiss vaccination schedule
and should have already been given in infancy.” It is a correct statement that depicts the disagreement with the ground
truth (E) and reflects that the question was developed based on the old Swiss vaccination schedule (prior to 2023). This
highlights that the question can no longer be answered as none of the answers would be part of a recommendation.
However, the large language model selected answer (C) influenza and provided a rationale which combines the true fact
“A 4-year-old boy with moderate atopic dermatitis has an increased risk of infection due to the impaired skin barrier and
possible inflammatory processes” with the wrong conclusion that “The vaccination (....) also reduces the risk of secondary
bacterial skin infections” giving a further example for a reasoning error.

Discussion

Principal Findings

This study evaluated the performance of different LLMs
in answering multilingual medical licensing examination
questions. All models achieved passing-level accuracy, yet
performance varied considerably by model, language, and
question type. Overall, LLMs performed best on German
questions. Prompt language played a key role: while
prompting in English generally led to higher accuracy,
advanced LLMs such as GPT40 and Claude-Sonnet-3.7
achieved comparable results with language-matched prompts
in German and French. Qualitative analysis of answer
explanations revealed that both analyzed LLMs (GPT40 and
Claude-Sonnet-3.7) exhibited different reasoning error types
helping to interpret LLM’s output. The analysis of answer
explanations further led to the identification of questions
whose content was ambiguous, offering a valuable tool for
ensuring question quality.

Our findings are in line with previous findings that
LLMs generally exhibit high performance across a variety
of medical tasks and languages, reaffirming their potential
for supporting multilingual medical education and assessment
tasks. However, notable variation exists among models, with
some consistently outperforming others in both accuracy
and consistency [31,32]. Beyond openly accessible LLMs,

https://mededu.jmir.org/2026/1/e81399

state-of-the-art medical models are emerging that demonstrate
expert-level performance in real-world clinical tasks and can
be deployed locally. However, despite their strong poten-
tial, these models are currently better suited for specific
applications and ongoing evaluation rather than general
clinical use [33]. This highlights the critical importance of
model selection and reflection of information presented, as
the choice of LLM can substantially influence the quality
and reliability of the outputs [34]. Furthermore, the land-
scape of LLMs is rapidly evolving, with frequent updates
and architectural changes leading to substantial shifts in
model behavior over time [17]. This dynamic nature poses
a challenge for reproducibility and comparability across
studies, as the same model may refer to different versions
with varying performance profiles [35,36].

Our study showed that prompt language strongly influ-
enced model performance, in line with previous findings
[37]. Overall, LLMs tend to be better at following English-
language instruction prompts, which we also observed in our
study. This highlights persistent limitations in multilingual
generalization of LLMs, consistent with LLMs’ predominant
training in English, limiting non-English prompt processing
and pointing to a need for more robust multilingual train-
ing [38]. However, our results show that larger and more
advanced models (GPT40 and Claude-Sonnet-3.7) demon-
strate strong multilingual question-answering performance.
Our analysis indicates that prompt language had a stronger
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influence on performance than input language, suggesting that
the prompt design and model alignment with prompt intent
are critical for accuracy and an important skill for medical
professionals when using LLMs [39].

The observed performance differences between the smaller
models and the large proprietary LLMs have important
implications for practical deployment in medical and other
data-sensitive environments. In our study, the smaller
open-source models consistently produced lower-quality
outputs compared with the current closed-source models (eg,
GPT40). Nevertheless, their performance was substantially
better when prompted in English, underscoring the need to
carefully consider the prompt and context language when
such models are used in practice. While locally deployable
models offer greater control over data security, they require
careful handling of prompt design and a clear understanding
of their performance limitations. Thus, our findings highlight
the possible trade-off between model performance and data
governance requirements [40]. The findings of this study
may inform the use of LLMs in other multilingual medical
education settings, though factors such as regional terminol-
ogy, country-specific clinical guidelines, and institution-spe-
cific structures may lead to variation.

Moreover, models performed better in diagnostic tasks
than in treatment-related questions [41,42], consistent with
prior findings [43]. This may be related to a training bias,
where diagnostic reasoning is more prevalent in available
training data, a pattern that warrants further investigation. The
impact of the response format (single vs multiple response)
on the accuracy of the answer could be explained by the fact
that the multiple-choice questions used to train the models
probably consist mainly of single-choice questions as it is
the predominant question type in medical education [44]. On
the other hand, the exact formulation of the prompts for this
question type could also have an impact on the output.

Interestingly, we observed that reasoning errors occurred
more frequently when models were prompted in English
compared to language-matched prompts, although for the
small sample size in our qualitative study, it was not
possible to perform statistical tests for significance. A
possible explanation could be that, for questions originally
written in German, models receiving an English prompt
may have internally translated the question into English
before generating a response. This intermediate translation
step could have introduced subtle semantic inaccuracies,
leading to flawed reasoning despite overall factual correct-
ness. Similar translation-related effects have been reported
in previous studies, where internal translation processes in
multilingual LLMs were shown to increase the likelihood
of inconsistencies when prompt and question languages did
not align [45]. At the same time, our quantitative results
showed that model accuracy per run was comparable in the
language-matched scenario in GPT4o0 and Claude-Sonnet-3.7,
suggesting that these advanced LLMs already achieve strong
performance in non-English contexts, including German
and French. This observation possibly reflects advances in
multilingual training data diversity and model alignment,
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supporting the notion that recent LLMs are becoming more
proficient in multilingual reasoning.

As identified in the qualitative analysis, the error type
“reasoning error despite factual accuracy” refers to instan-
ces where the model presents factually accurate informa-
tion but draws incorrect or irrelevant conclusions that fail
to adequately address the question. These errors are par-
ticularly concerning, as their surface-level correctness can
obscure deeper reasoning flaws and mislead users [4647].
In high-stakes domains such as medical decision support
or medical education, where correct reasoning is critical,
these errors could lead to incorrect conclusions or mislead-
ing explanations despite an appearance of accuracy [48].
This finding underscores a key dimension of model reliabil-
ity that extends beyond factual correctness, highlighting the
importance of evaluating reasoning fidelity in addition to
factual accuracy when assessing LLM performance [28]. The
reasoning error types identified as “ignoring statement in
question” and “misweighing information” further demon-
strate that although LLMs can process substantial contextual
information, they remain vulnerable to subtle pitfalls that may
only be apparent to individuals with deep domain expertise.
These errors indicate persistent limitations in the models’
ability to appropriately weigh competing pieces of informa-
tion and to distinguish clinically relevant cues from those that
should be considered negligible or misleading. The clinical
relevance of these findings extends beyond the experimen-
tal setting, as vignette-based questions have the intention to
approximate authentic clinical scenarios and to mirror the
type of queries that physicians may realistically pose to LLMs
in practice. Consequently, the incorrect responses and, in
particular, the inaccurate explanations provided by the models
are of considerable concern. If such outputs were accepted
uncritically, they could mislead clinical decision-making and
potentially contribute to diagnostic or therapeutic errors.

The LLMs’ explanation during qualitative analysis helped
to recognize changes in medical recommendations or
inconsistencies in the question, demonstrating the LLMs’
potential for examination question validation and quality
assurance. Professional oversight of the question itself and
LLMs’ explanation revealed that the ground truth of the
question was based on outdated medical standards. Removal
from the examination or thorough revision must be the
consequence for such questions. Multiple-choice questions
represent an important tool across medical education but
are resource-intensive to develop and approve [49]. The
implementation of LLMs in question quality evaluation can
support flagging ambiguous or poorly formulated questions
before they are used in an examination, provided that their
use is permitted under local or institutional regulations [50,
51]. Future studies should be conducted to further evaluate
this potential use case.

Limitations

Our study has several strengths but also limitations, includ-
ing response variability of LLMs and the fast-evolving
nature of commercially available LLMs, which can affect
reproducibility across studies. The performance of the used
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web-based versions could differ from their API counterparts,
which might influence the qualitative findings. The open or
commercially accessible LLMs are not intended for med-
ical use but are frequently used by medical students in
the respective learning processes due to their seemingly
accurate performance [52]. As this study excluded questions
with images or videos, the comparison of whole examina-
tions with image-based questions is limited. The qualitative
framework is proposed as an exploratory basis for structur-
ing and interpreting the observed outputs and for assessing
their potential applicability in other analyses. However, its
reliance on human evaluators constitutes a relevant limitation
and necessitates further research and validation. Finally, the
dataset was derived from a single public Swiss question
bank, which may limit the representativeness of topics and
linguistic styles. Future studies should include additional data
in French, German and Italian to enhance diversity and reduce
potential bias.

Conclusion

In summary, our evaluation confirms that LLMs can
handle multilingual medical examination content with high
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accuracy. However, meaningful differences in performance
across models, languages, and clinical tasks underscore
the importance of careful model selection, prompt design,
and language. Although the overall results favor English
prompts, the specific findings from GPT4o0 and Claude-Son-
net-3.7 indicate that advanced models may perform compara-
bly with language-matched prompts, highlighting the need
for further exploration of this effect. In this study, LLM-
based qualitative analysis supported the understanding of
errors made by LLMs and the identification of ambiguous
questions, highlighting its potential for quality assurance in
medical assessments. Human oversight of language-sensitive
or clinically nuanced content remains essential to determine
whether incorrect answers stem from flaws in the question
itself or from errors generated by the LLM. Continued
evaluation and transparent reporting will be important as
models rapidly evolve and become further integrated into
educational and assessment settings.

Acknowledgments

ChatGPT (OpenAl, GPT40) and machine translator (DeepL) were used to support the translation of questions during the
publication of this work. All translations were reviewed and, where necessary, revised by the authors to ensure clarity and

correctness.

Funding

This study was supported by the School of Medicine at the University of St Gallen (HSG) in Switzerland.

Data Availability

The data generated during this study can be accessed on our lab's GitHub repository [25].

Authors’ Contributions

LMS contributed to data collection, conducted qualitative data analysis, and drafted, reviewed, and edited the original
manuscript. WA contributed to the qualitative data analysis, assisted in theme development, and reviewed and edited the
manuscript. FD contributed to the qualitative data analysis and reviewed and edited the manuscript. JH supervised the study,
contributed to the study design, conducted quantitative data analysis, assisted in theme development, and reviewed and edited
the manuscript. All authors read, edited, and approved the final manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1

Raw data to figures shown in the manuscript.
[XLSX File (Microsoft Excel File), 674 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Supplementary data with additional figures referenced in the manuscript.
[DOCX File (Microsoft Word File), 2868 KB-Multimedia Appendix 2]

References

1. Davenport T, Kalakota R. The potential for artificial intelligence in healthcare. Future Healthc J. Jun 2019;6(2):94-98.
[doi: 10.7861/futurehosp.6-2-94] [Medline: 31363513]

2. Singhal K, Tu T, Gottweis J, et al. Towards expert-level medical question answering with large language models.
Preprint posted online on 2023. [doi: 10.48550/arXiv.2305.09617]

https://mededu.jmir.org/2026/1/e81399 JMIR Med Educ 2026 | vol. 12 1e81399 | p. 13

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=mededu_v12i1e81399_app1.xlsx
https://jmir.org/api/download?alt_name=mededu_v12i1e81399_app1.xlsx
https://jmir.org/api/download?alt_name=mededu_v12i1e81399_app2.docx
https://jmir.org/api/download?alt_name=mededu_v12i1e81399_app2.docx
https://doi.org/10.7861/futurehosp.6-2-94
http://www.ncbi.nlm.nih.gov/pubmed/31363513
https://doi.org/10.48550/arXiv.2305.09617
https://mededu.jmir.org/2026/1/e81399

JMIR MEDICAL EDUCATION Strasser et al

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.
21.

22.

23.

Lotto C, Sheppard SC, Anschuetz W, et al. ChatGPT generated otorhinolaryngology multiple-choice questions: quality,
psychometric properties, and suitability for assessments. OTO Open. 2024;8(3):e70018. [doi: 10.1002/0t02.70018]
[Medline: 39328276]

Chen PHC, Liu Y, Peng L. How to develop machine learning models for healthcare. Nat Mater. May
2019;18(5):410-414. [doi: 10.1038/s41563-019-0345-0] [Medline: 31000806]

Alowais SA, Alghamdi SS, Alsuhebany N, et al. Revolutionizing healthcare: the role of artificial intelligence in clinical
practice. BMC Med Educ. Sep 22, 2023;23(1):689. [doi: 10.1186/512909-023-04698-z] [Medline: 37740191]

Goh E, Gallo R, Hom J, et al. Large language model influence on diagnostic reasoning: a randomized clinical trial.
JAMA Netw Open. Oct 1, 2024;7(10):e2440969. [doi: 10.1001/jamanetworkopen.2024.40969] [Medline: 39466245]
Yang LWY,Ng WY, Lei X, et al. Development and testing of a multi-lingual Natural Language Processing-based deep
learning system in 10 languages for COVID-19 pandemic crisis: a multi-center study. Front Public Health.
2023;11:1063466. [doi: 10.3389/fpubh.2023.1063466] [Medline: 36860378]

Omar M, Sorin V, Agbareia R, et al. Evaluating and addressing demographic disparities in medical large language
models: a systematic review. Int J Equity Health. Feb 26, 2025;24(1):57. [doi: 10.1186/s12939-025-02419-0] [Medline:
40011901]

Zong H, Wu R, Cha J, et al. Large language models in worldwide medical exams: platform development and
comprehensive analysis. J] Med Internet Res. Dec 27,2024;26(1):e66114. [doi: 10.2196/66114] [Medline: 39729356]
Tseng LW, Lu YC, Tseng LC, Chen YC, Chen HY . Performance of ChatGPT-4 on Taiwanese Traditional Chinese
medicine licensing examinations: cross-sectional study. JMIR Med Educ. Mar 19, 2025;11(1):e58897. [doi: 10.2196/
58897] [Medline: 40106227]

Gilson A, Safranek CW, Huang T, et al. How does ChatGPT perform on the United States Medical Licensing
Examination (USMLE)? The implications of large language models for medical education and knowledge assessment.
JMIR Med Educ. Feb 8,2023;9(1):e45312. [doi: 10.2196/45312] [Medline: 36753318]

Ishida K, Hanada E. Potential of ChatGPT to pass the Japanese medical and healthcare professional national licenses: a
literature review. Cureus. Aug 2024;16(8):e66324. [doi: 10.7759/cureus.66324] [Medline: 39247019]

Kung TH, Cheatham M, Medenilla A, et al. Performance of ChatGPT on USMLE: potential for Al-assisted medical
education using large language models. PLOS Digit Health. Feb 2023;2(2):e0000198. [doi: 10.1371/journal.pdig.
0000198] [Medline: 36812645]

Roos J, Kasapovic A, Jansen T, Kaczmarczyk R. Artificial intelligence in medical education: comparative analysis of
ChatGPT, Bing, and medical students in Germany. JMIR Med Educ. Sep 4, 2023;9(1):e46482. [doi: 10.2196/46482]
[Medline: 37665620]

Liu M, Okuhara T, Chang X, et al. Performance of ChatGPT across different versions in medical licensing examinations
worldwide: systematic review and meta-analysis. J Med Internet Res. Jul 25, 2024;26:e60807. [doi: 10.2196/60807]
[Medline: 39052324]

Guillen-Grima F, Guillen-Aguinaga S, Guillen-Aguinaga L, et al. Evaluating the efficacy of ChatGPT in navigating the
Spanish Medical Residency Entrance Examination (MIR): promising horizons for Al in clinical medicine. Clin Pract.
Nov 20, 2023;13(6):1460-1487. [doi: 10.3390/clinpract13060130] [Medline: 37987431]

Wang X, Gong Z, Wang G, et al. ChatGPT performs on the Chinese National Medical Licensing Examination. ] Med
Syst. Aug 15,2023;47(1):86. [doi: 10.1007/s10916-023-01961-0] [Medline: 37581690]

Alfertshofer M, Hoch CC, Funk PF, et al. Sailing the Seven Seas: a multinational comparison of ChatGPT’s performance
on medical licensing examinations. Ann Biomed Eng. Jun 2024;52(6):1542-1545. [doi: 10.1007/s10439-023-03338-3]
[Medline: 37553555]

Wang H, Wu W, Dou Z, He L, Yang L. Performance and exploration of ChatGPT in medical examination, records and
education in Chinese: pave the way for medical Al Int J] Med Inform. Sep 2023;177:105173. [doi: 10.1016/j.ijmedinf.
2023.105173] [Medline: 37549499]

Self-assessments. Measured Examinator. URL: https://self-assessment.measured.iml.unibe.ch/ [Accessed 2025-06-02]

Maruyama H, Toyama Y, Takanami K, Takase K, Kamei T. Role of artificial intelligence in surgical training by
assessing GPT-4 and GPT-40 on the Japan Surgical Board Examination with text-only and image-accompanied
questions: performance evaluation study. JMIR Med Educ. Jul 30, 2025;11(1):e69313. [doi: 10.2196/69313] [Medline:
40737609]

Yang Z, Yao Z, Tasmin M, et al. Unveiling GPT-4V’s hidden challenges behind high accuracy on USMLE questions:
observational study. J] Med Internet Res. Feb 7, 2025;27(1):e65146. [doi: 10.2196/65146] [Medline: 39919278]

Takagi S, Koda M, Watari T. The performance of ChatGPT-4V in interpreting images and tables in the Japanese Medical
Licensing Exam. JMIR Med Educ. May 23, 2024;10(1):e54283. [doi: 10.2196/54283] [Medline: 38787024]

https://mededu.jmir.org/2026/1/e81399 JMIR Med Educ 2026 | vol. 12 1e81399 | p. 14

(page number not for citation purposes)


https://doi.org/10.1002/oto2.70018
http://www.ncbi.nlm.nih.gov/pubmed/39328276
https://doi.org/10.1038/s41563-019-0345-0
http://www.ncbi.nlm.nih.gov/pubmed/31000806
https://doi.org/10.1186/s12909-023-04698-z
http://www.ncbi.nlm.nih.gov/pubmed/37740191
https://doi.org/10.1001/jamanetworkopen.2024.40969
http://www.ncbi.nlm.nih.gov/pubmed/39466245
https://doi.org/10.3389/fpubh.2023.1063466
http://www.ncbi.nlm.nih.gov/pubmed/36860378
https://doi.org/10.1186/s12939-025-02419-0
http://www.ncbi.nlm.nih.gov/pubmed/40011901
https://doi.org/10.2196/66114
http://www.ncbi.nlm.nih.gov/pubmed/39729356
https://doi.org/10.2196/58897
https://doi.org/10.2196/58897
http://www.ncbi.nlm.nih.gov/pubmed/40106227
https://doi.org/10.2196/45312
http://www.ncbi.nlm.nih.gov/pubmed/36753318
https://doi.org/10.7759/cureus.66324
http://www.ncbi.nlm.nih.gov/pubmed/39247019
https://doi.org/10.1371/journal.pdig.0000198
https://doi.org/10.1371/journal.pdig.0000198
http://www.ncbi.nlm.nih.gov/pubmed/36812645
https://doi.org/10.2196/46482
http://www.ncbi.nlm.nih.gov/pubmed/37665620
https://doi.org/10.2196/60807
http://www.ncbi.nlm.nih.gov/pubmed/39052324
https://doi.org/10.3390/clinpract13060130
http://www.ncbi.nlm.nih.gov/pubmed/37987431
https://doi.org/10.1007/s10916-023-01961-0
http://www.ncbi.nlm.nih.gov/pubmed/37581690
https://doi.org/10.1007/s10439-023-03338-3
http://www.ncbi.nlm.nih.gov/pubmed/37553555
https://doi.org/10.1016/j.ijmedinf.2023.105173
https://doi.org/10.1016/j.ijmedinf.2023.105173
http://www.ncbi.nlm.nih.gov/pubmed/37549499
https://self-assessment.measured.iml.unibe.ch/
https://doi.org/10.2196/69313
http://www.ncbi.nlm.nih.gov/pubmed/40737609
https://doi.org/10.2196/65146
http://www.ncbi.nlm.nih.gov/pubmed/39919278
https://doi.org/10.2196/54283
http://www.ncbi.nlm.nih.gov/pubmed/38787024
https://mededu.jmir.org/2026/1/e81399

JMIR MEDICAL EDUCATION Strasser et al

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Miyazaki Y, Hata M, Omori H, et al. Performance of ChatGPT-40 on the Japanese Medical Licensing Examination:
evalution of accuracy in text-only and image-based questions. JMIR Med Educ. Dec 24,2024;10(1):e63129. [doi: 10.
2196/63129] [Medline: 39718557]

Understanding LLM medical question answering in a swiss context. GitHUb. 2025. URL: https://github.com/
hastingslab-org/swiss-medqa [Accessed 2025-12-09]

Gale NK, Heath G, Cameron E, Rashid S, Redwood S. Using the framework method for the analysis of qualitative data
in multi-disciplinary health research. BMC Med Res Methodol. Sep 18,2013;13(1):117. [doi: 10.1186/1471-2288-13-
117] [Medline: 24047204]

Nendaz M, Perrier A. Diagnostic errors and flaws in clinical reasoning: mechanisms and prevention in practice. Swiss
Med Wkly. 2012;142:w13706. [doi: 10.4414/smw.2012.13706] [Medline: 23135902]

Maitland A, Fowkes R, Maitland S. Can ChatGPT pass the MRCP (UK) written examinations? Analysis of performance
and errors using a clinical decision-reasoning framework. BMJ Open. Mar 15, 2024;14(3):e080558. [doi: 10.1136/
bmjopen-2023-080558] [Medline: 38490655]

Herrmann-Werner A, Festl-Wietek T, Holderried F, et al. Assessing ChatGPT’s mastery of Bloom’s taxonomy using
psychosomatic medicine exam questions: mixed-methods study. J Med Internet Res. Jan 23, 2024;26:e52113. [doi: 10.
2196/52113] [Medline: 38261378]

Kanithi PK, Christophe C, Pimentel MA, et al. Towards a comprehensive framework for evaluating 1lms in clinical
applications. arXiv. Preprint posted online on 2024. [doi: 10.48550/arXiv.2409.07314] [Medline: 37852559]

Rosot M, Gasior JS, Laba J, Korzeniewski K, Miyficzak M. Evaluation of the performance of GPT-3.5 and GPT-4 on the
Polish Medical Final Examination. Sci Rep. Nov 22,2023;13(1):20512. [doi: 10.1038/s41598-023-46995-z] [Medline:
37993519]

Ali R, Tang OY, Connolly ID, et al. Performance of ChatGPT, GPT-4, and Google Bard on a neurosurgery oral boards
preparation question bank. Neurosurgery. Nov 1,2023;93(5):1090-1098. [doi: 10.1227/neu.0000000000002551]
[Medline: 37306460]

Dennstidt F, Schmerder M, Riggenbach E, et al. Comparative evaluation of a medical large language model in
answering real-world radiation oncology questions: multicenter observational study. J Med Internet Res. Sep 23,
2025;27(1):69752. [doi: 10.2196/69752] [Medline: 40986858]

Lucas HC, Upperman JS, Robinson JR. A systematic review of large language models and their implications in medical
education. Med Educ. Nov 2024;58(11):1276-1285. [doi: 10.1111/medu.15402] [Medline: 38639098]

Fisch U, Kliem P, Grzonka P, Sutter R. Performance of large language models on advocating the management of
meningitis: a comparative qualitative study. BMJ Health Care Inform. Feb 2, 2024;31(1):e100978. [doi: 10.1136/bmjhci-
2023-100978] [Medline: 38307617]

Lee P, Bubeck S, Petro J. Benefits, limits, and risks of GPT-4 as an Al chatbot for medicine. N Engl J Med. Mar 30,
2023;388(13):1233-1239. [doi: 10.1056/NEJMsr2214184] [Medline: 36988602]

Wang J, Shi E, Yu S, et al. Prompt engineering for healthcare: methodologies and applications. arXiv. Preprint posted
online on Mar 23, 2024. [doi: 10.48550/arXiv.2304.14670]

Qin L, Chen Q, Zhou Y, et al. A survey of multilingual large language models. Patterns (N Y). Jan 10,
2025;6(1):101118. [doi: 10.1016/].patter.2024.101118] [Medline: 39896256]

Meské B. Prompt engineering as an important emerging skill for medical professionals: tutorial. ] Med Internet Res. Oct
4,2023;25(1):e50638. [doi: 10.2196/50638] [Medline: 37792434]

Dennstddt F, Hastings J, Putora PM, Schmerder M, Cihoric N. Implementing large language models in healthcare while
balancing control, collaboration, costs and security. NPJ Digit Med. Mar 6, 2025;8(1):143. [doi: 10.1038/s41746-025-
01476-7] [Medline: 40050366]

Eoh KJ, Kwon GY, Lee EJ, et al. Efficacy of large language models and their potential in obstetrics and gynecology
education. Obstet Gynecol Sci. Nov 2024;67(6):550-556. [doi: 10.5468/0gs.24211] [Medline: 39355902]

Levine DM, Tuwani R, Kompa B, et al. The diagnostic and triage accuracy of the GPT-3 artificial intelligence model: an
observational study. Lancet Digit Health. Aug 2024;6(8):e555-e561. [doi: 10.1016/S2589-7500(24)00097-9] [Medline:
39059888

Flores-Cohaila JA, Garcia-Vicente A, Vizcarra-Jiménez SF, et al. Performance of ChatGPT on the Peruvian National
Licensing Medical Examination: cross-sectional study. IMIR Med Educ. Sep 28, 2023;9(1):e48039. [doi: 10.2196/
48039] [Medline: 37768724]

Gasmalla HEE, Mohamed Tahir MEM. A-type MCQs. In: Gasmalla HEE, Ibrahim AAM, Wadi MM, Taha MH, editors.
Written Assessment in Medical Education. Springer International Publishing; 2023:73-89. [doi: 10.1007/978-3-031-
11752-7 6] ISBN: 978-23-031-1175-7

https://mededu.jmir.org/2026/1/e81399 JMIR Med Educ 2026 | vol. 12 1e81399 | p. 15

(page number not for citation purposes)


https://doi.org/10.2196/63129
https://doi.org/10.2196/63129
http://www.ncbi.nlm.nih.gov/pubmed/39718557
https://github.com/hastingslab-org/swiss-medqa
https://github.com/hastingslab-org/swiss-medqa
https://doi.org/10.1186/1471-2288-13-117
https://doi.org/10.1186/1471-2288-13-117
http://www.ncbi.nlm.nih.gov/pubmed/24047204
https://doi.org/10.4414/smw.2012.13706
http://www.ncbi.nlm.nih.gov/pubmed/23135902
https://doi.org/10.1136/bmjopen-2023-080558
https://doi.org/10.1136/bmjopen-2023-080558
http://www.ncbi.nlm.nih.gov/pubmed/38490655
https://doi.org/10.2196/52113
https://doi.org/10.2196/52113
http://www.ncbi.nlm.nih.gov/pubmed/38261378
https://doi.org/10.48550/arXiv.2409.07314
http://www.ncbi.nlm.nih.gov/pubmed/37852559
https://doi.org/10.1038/s41598-023-46995-z
http://www.ncbi.nlm.nih.gov/pubmed/37993519
https://doi.org/10.1227/neu.0000000000002551
http://www.ncbi.nlm.nih.gov/pubmed/37306460
https://doi.org/10.2196/69752
http://www.ncbi.nlm.nih.gov/pubmed/40986858
https://doi.org/10.1111/medu.15402
http://www.ncbi.nlm.nih.gov/pubmed/38639098
https://doi.org/10.1136/bmjhci-2023-100978
https://doi.org/10.1136/bmjhci-2023-100978
http://www.ncbi.nlm.nih.gov/pubmed/38307617
https://doi.org/10.1056/NEJMsr2214184
http://www.ncbi.nlm.nih.gov/pubmed/36988602
https://doi.org/10.48550/arXiv.2304.14670
https://doi.org/10.1016/j.patter.2024.101118
http://www.ncbi.nlm.nih.gov/pubmed/39896256
https://doi.org/10.2196/50638
http://www.ncbi.nlm.nih.gov/pubmed/37792434
https://doi.org/10.1038/s41746-025-01476-7
https://doi.org/10.1038/s41746-025-01476-7
http://www.ncbi.nlm.nih.gov/pubmed/40050366
https://doi.org/10.5468/ogs.24211
http://www.ncbi.nlm.nih.gov/pubmed/39355902
https://doi.org/10.1016/S2589-7500(24)00097-9
http://www.ncbi.nlm.nih.gov/pubmed/39059888
https://doi.org/10.2196/48039
https://doi.org/10.2196/48039
http://www.ncbi.nlm.nih.gov/pubmed/37768724
https://doi.org/10.1007/978-3-031-11752-7_6
https://doi.org/10.1007/978-3-031-11752-7_6
https://mededu.jmir.org/2026/1/e81399

JMIR MEDICAL EDUCATION Strasser et al

45.

46.

47.

48.

49.

50.

51.

52.

Nicholas G, Bhatia A. Lost in translation: large language models in non-English content analysis. arXiv. Preprint posted
online on Jun 12, 2023. [doi: 10.48550/arXiv.2306.07377]

Alonso I, Oronoz M, Agerri R. MedExpQA: multilingual benchmarking of large language models for medical question
answering. Artif Intell Med. Sep 2024;155:102938. [doi: 10.1016/j.artmed.2024.102938] [Medline: 39121544]

Gravel J, D’ Amours-Gravel M, Osmanlliu E. Learning to Fake It: limited responses and fabricated references provided
by ChatGPT for medical questions. Mayo Clin Proc Digit Health. Sep 2023;1(3):226-234. [doi: 10.1016/j.mcpdig.2023.
05.004] [Medline: 40206627]

Roy S, Khatua A, Ghoochani F, Hadler U, Nejdl W, Ganguly N. Beyond accuracy: investigating error types in GPT-4
responses to USMLE questions. Presented at: SIGIR 2024; Jul 14-18,2024:1073-1082; Washington, DC, USA. Jul 10,
2024 .URL: https://dl.acm.org/doi/proceedings/10.1145/3626772 [Accessed 2026-02-05] [doi: 10.1145/3626772.
3657882]

Gierl MJ, Lai H, Turner SR. Using automatic item generation to create multiple-choice test items. Med Educ. Aug
2012;46(8):757-765. [doi: 10.1111/j.1365-2923.2012.04289 x] [Medline: 22803753]

Artsi Y, Sorin V, Konen E, Glicksberg BS, Nadkarni G, Klang E. Large language models for generating medical
examinations: systematic review. BMC Med Educ. Mar 29, 2024;24(1):354. [doi: 10.1186/s12909-024-05239-y]
[Medline: 38553693]

Schuwirth LWT, van der Vleuten CPM. Different written assessment methods: what can be said about their strengths and
weaknesses? Med Educ. Sep 2004;38(9):974-979. [doi: 10.1111/j.1365-2929.2004.01916.x] [Medline: 15327679]
Singhal K, Azizi S, Tu T, et al. Large language models encode clinical knowledge. Nature New Biol. Aug 3,
2023;620(7972):172-180. [doi: 10.1038/s41586-023-06291-2]

Abbreviations

Al artificial intelligence

API: application programming interface
LLM: large language model

OR: odds ratio

Edited by David Chartash; peer-reviewed by Kota Sakaguchi, Mohammad Al-Agil, Stephanie Ewelu; submitted 28.Jul.2025;
final revised version received 08 .Jan.2026; accepted 09.Jan.2026; published 05.Mar.2026

Please cite as:

Strasser LM, Anschuetz W, Dennstddt F, Hastings J

Performance Evaluation of Large Language Models in Multilingual Medical Multiple-Choice Questions: Mixed Methods
Study

JMIR Med Educ 2026,12:e81399

URL: hitps://mededu.jmir.org/2026/1/e81399

doi: 10.2196/81399

© Livia Maria Strasser, Wilma Anschuetz, Fabio Dennstéddt, Janna Hastings. Originally published in JMIR Medical Education
(https://mededu.jmir.org), 05.Mar.2026. This is an open-access article distributed under the terms of the Creative Commons

Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduc-
tion in any medium, provided the original work, first published in JMIR Medical Education, is properly cited. The complete
bibliographic information, a link to the original publication on https://mededu.jmir.org/, as well as this copyright and license
information must be included.

https://mededu.jmir.org/2026/1/e81399 JMIR Med Educ 2026 | vol. 12 1e81399 | p. 16

(page number not for citation purposes)


https://doi.org/10.48550/arXiv.2306.07377
https://doi.org/10.1016/j.artmed.2024.102938
http://www.ncbi.nlm.nih.gov/pubmed/39121544
https://doi.org/10.1016/j.mcpdig.2023.05.004
https://doi.org/10.1016/j.mcpdig.2023.05.004
http://www.ncbi.nlm.nih.gov/pubmed/40206627
https://dl.acm.org/doi/proceedings/10.1145/3626772
https://doi.org/10.1145/3626772.3657882
https://doi.org/10.1145/3626772.3657882
https://doi.org/10.1111/j.1365-2923.2012.04289.x
http://www.ncbi.nlm.nih.gov/pubmed/22803753
https://doi.org/10.1186/s12909-024-05239-y
http://www.ncbi.nlm.nih.gov/pubmed/38553693
https://doi.org/10.1111/j.1365-2929.2004.01916.x
http://www.ncbi.nlm.nih.gov/pubmed/15327679
https://doi.org/10.1038/s41586-023-06291-2
https://mededu.jmir.org/2026/1/e81399
https://doi.org/10.2196/81399
https://mededu.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://mededu.jmir.org/
https://mededu.jmir.org/2026/1/e81399

	Performance Evaluation of Large Language Models in Multilingual Medical Multiple-Choice Questions: Mixed Methods Study
	Introduction
	Methods
	Study Design and Data
	Large Language Models
	Prompts
	Quantitative Analysis of Model Performance
	Qualitative Analysis of Reasons for Errors
	Ethical Considerations

	Results
	Model Accuracy Performance at Answering Questions
	Performance Variation by Question Language and Prompt Language
	Performance Variation by Question Attributes
	Qualitative Analysis

	Discussion
	Principal Findings
	Limitations
	Conclusion



