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Abstract

Background The accuracy of the latest reasoning-enhanced large language models on national medical licensing
examinations remains unknown, which is crucial for determining how close they are to serving as effective
knowledge sources for medical education. This study aimed to evaluate the performance of four reasoning-enhanced
large language models (LLMs)—GPT-5, Grok-4, Claude Opus 4.1, and Gemini 2.5 Pro—on the Japanese National
Medical Examination (JNME), providing insights into their potential as educational resources and their future
applicability in medical practice.

Methods \We evaluated LLM performance using the 2019 and 2025 JNME (n=793). Questions were entered into
each model with chain-of-thought prompting enabled. Accuracy was assessed overall and by question type. Incorrect
responses were qualitatively reviewed by a licensed physician and a medical student.

Results From highest to lowest, the overall accuracies of the four LLMs were 97.2% for Gemini 2.5 Pro, 96.3% for
GPT-5, 96.1% for Claude Opus 4.1, and 95.6% for Grok-4, with no significant pairwise differences. For image-based
and non-image-based items, Gemini 2.5 Pro achieved the highest accuracy of 96.1% and 97.6%, with no significant
difference, whereas accuracy was significantly lower on image-based items for the other three LLMs. Across difficulty
levels, Gemini 2.5 Pro again achieved the highest accuracy (98.4% for easy, 97.3% for moderate, and 93.2% for difficult
items). Within each LLM, accuracy on difficult questions was significantly lower than on easy questions. Common
error patterns included providing unnecessary additional options in single-choice questions, misdiagnosis of X-ray
or computed tomography images (primarily due to confusion regarding left-right laterality), and difficulties in
prioritizing appropriate actions in clinical questions with complex contextual information.

Conclusions Four LLMs released in 2025 surpassed the 95% benchmark on the JNME, and their near-perfect
(approximately 99%) performance on basic medical knowledge questions highlights substantial potential for use as
learning resources in foundational medical education. Gemini 2.5 Pro demonstrated the most consistent performance
across question types, while Grok-4 showed greater variability. The concentration of incorrectness in clinical questions
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indicates that LLMs still require substantial refinement and validation before their use can be extended to clinical

reasoning or patient care.

Keywords Large language models, Medical education, Medical licensing examination, Artificial intelligence, ChatGPT

Introduction

Background

Since OpenAl introduced ChatGPT in November 2022,
the first widely adopted artificial intelligence (AI) chatbot
powered by a large language model (LLM), these systems
have rapidly attracted worldwide interest because of their
ability to generate elaborate responses to sophisticated
questions [1]. Within the medical domain, LLMs are
increasingly recognized for their potential contributions
to both clinical decision-making and medical education
[2-7]. Many LLMs incorporate image interpretation
capabilities, enabling applications in areas such as der-
matology and radiology, where they can assist in analyz-
ing skin lesions or X-ray images [2, 3]. Moreover, unlike
conventional search engines, which return a list of hyper-
links, LLM-based chatbots are designed to deliver direct
and practical answers, thereby functioning as accessible
knowledge resources [2].

Despite these advances, the reliability of medical
knowledge embedded in LLMs remains a critical hurdle
for their integration into education and clinical work-
flows. Previous research has emphasized that, to serve
as dependable medical-education tools, their response
accuracy should consistently surpass 95% [8]. Several
studies from different countries have used national medi-
cal licensing examinations to benchmark LLM perfor-
mance [9-19]. A systematic review reported that GPT-4
achieved an average accuracy of approximately 81%
across multiple national licensing exams, sufficient to
pass many of them but remained insufficient to be con-
sidered a reliable knowledge source [4].

Building on this body of work, our 2024 study dem-
onstrated that GPT-40 reached an accuracy of 89.2%
on the Japanese National Medical Licensing Examina-
tion (J]NME) [19]. A study evaluating LLM performance
on histological questions from the United States Medi-
cal Licensing Examination (USMLE) similarly reported
that all five tested models—GPT-4.1, Claude 3.7 Sonnet,
Gemini 2.0 Flash, Copilot, and DeepSeek R1—achieved
accuracies exceeding 90%, with Gemini 2.0 Flash reach-
ing the highest accuracy of 92% [20]. Moreover, in disci-
pline-specific USMLE assessments, such as embryology,
GPT-40 achieved an accuracy as high as 89.7% [21]. Simi-
larly, a recent Chinese investigation revealed that Deep-
Seek-R1 achieved 92% accuracy on the China National
Medical Licensing Examination [22]. Notably, the study
also highlighted the effectiveness of chain-of-thought
(CoT) prompting, in which the model was instructed to
articulate intermediate reasoning steps before providing

a final answer, leading to significant performance
improvements [22]. Collectively, these findings suggest
that the most advanced LLMs are approaching, although
not yet achieving, the critical 95% accuracy threshold
required for reliable educational and clinical applications.

In 2025, a new wave of LLMs equipped with reason-
ing-enhancement features was introduced. In July 2025,
Google and xAI released Gemini 2.5 Pro and Grok-4,
respectively, and in August, Anthropic and OpenAl
released Claude Opus 4.1 and GPT-5, respectively [23—
26]. These models, which incorporate CoT techniques,
have drawn considerable attention regarding whether
they can achieve sufficiently high accuracy to be regarded
as reliable knowledge sources. Thus, this study aimed
to evaluate the performance of GPT-5, Grok-4, Claude
Opus 4.1, and Gemini 2.5 Pro on the JNME to further
examine both their overall applicability to medical educa-
tion in Japan and the differences among the latest LLMs.

Study aims and objectives

In this study, we employed the JNME to assess the capa-
bilities of the four latest LLMs: GPT-5, Grok-4, Claude
Opus 4.1, and Gemini 2.5 Pro. Our evaluation was
designed to address the following key questions.

1. What levels of accuracy can these LLMs achieve on
the JNME, and can any of them pass the exam or
meet the 95% threshold?

2. How does performance differ between image-based
and text-only questions?

3. Do the LLMs show varying accuracy on general
versus clinical questions?

4. Is their performance influenced by the publication
year of the exam questions?

5. To what extent does question difficulty affect
accuracy?

6. What characteristics are present in the questions
that the LLMs answer incorrectly?

By systematically investigating these aspects, we aim to
clarify the strengths and limitations of the latest LLMs
in solving medical examination problems. Furthermore,
we highlight persistent challenges and propose directions
for future model refinement, thereby contributing to the
integration of LLMs into medical education and clinical
practice.
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Methods

Tested LLMs

As of August 2025, four LLMs represent the most
advanced publicly available systems: GPT-5, Grok-4,
Claude Opus 4.1, and Gemini 2.5 Pro. These models were
selected for evaluation in this study [23-26].

Japanese National medical licensing examination (JNME)
The JNME was first introduced in 1946 as a national
licensing test for medical school graduates who com-
pleted six years of advanced training. Over time, the
exam has undergone several revisions, and its current
structure has remained unchanged since 2018. The JNME
consists of 400 questions divided into six sections (A-F).
Sections A, C, D, and F are designated as non-essential,
each containing 75 questions, whereas sections B and
E are considered essential, each including 50 questions.
The scoring systems differ by section. In the essential sec-
tions (B and E), general knowledge questions are worth
one point each, and clinical questions carry three points,
with a minimum of 160 points required to pass. In the
non-essential sections (A, C, D, and F), all questions are
assigned one point, and the cutoff score is not predeter-
mined but generally falls around 220 points. Addition-
ally, the exam includes approximately 10 multiple-choice
questions (MCQs) with “taboo” choices, where selecting
more than three of these prohibited options automati-
cally results in failure.

The average annual pass rate for Japanese medical
students is approximately 90%. The question formats
includes both MCQs and calculation-based items. MCQs
appear in several formats: five-option single-answer, five-
option multiple-answer (requiring two or three selec-
tions), and extended-option types with more than six
options. For multiple-answer items, the number of cor-
rect responses is explicitly stated. The exam also inte-
grates image-based questions to assess visual diagnostic
skills [27].

Questions utilized in this study

As our previous studies had already employed the 2018
and 2024 versions of the JNME, we avoided reusing them
to minimize potential data contamination. For this analy-
sis, we utilized the entire set of questions from the 2019
and 2025 JNME. This choice served two purposes: first,
to ensure independence from previous work, and sec-
ond, to allow a clear comparison of LLM performance on
exam items created before and after the models’ training
cutoff dates. Specifically, the Ministry of Health, Labour,
and Welfare of Japan released the official questions and
answers to the 2025 JNME on April 28, 2025 [28]. The
knowledge cutoft dates for the four evaluated models
were September 2024 for GPT-5 [29], November 2024
for Grok-4 [30], January 2025 for Gemini 2.5 Pro [31],
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and March 2025 for Claude Opus 4.1 [32]. Consequently,
none of the LLMs had prior access to the content of the
2025 JNME.

To facilitate a more detailed evaluation, we classified
the exam questions based on the following criteria:

1. Question type: image-based versus non-image-based.

2. Content domain: general versus clinical questions.

3. Difficulty level: based on the answer statistics
published by Medu4, a preparatory school for the
JNME, items were categorized into three groups—
easy (=290% of medical students answered correctly),
moderate (70—-89%), and difficult (<70%).

Representative examples of each category are provided in
Supplementary materials 1.

Inputting questions to LLMs

We input these questions into the LLMs between August
8 and August 20, 2025. Both the textual content and
images from the exam were entered directly into each
LLM'’s chat interface. The text and images input to the
four LLMs were identical, with each image having a reso-
lution of 800 x 600 or higher. To ensure that each model
operated under its best reasoning settings, we activated
reasoning enhancement where available: GPT-5 was
tested using its “thinking mode” and Claude Opus 4.1
using the “extended thinking” option. Grok-4 and Gemini
2.5 Pro were evaluated in their default configurations,
which incorporated internal reasoning enhancements.
Internet search functions were disabled to minimize
the risk of data contamination. For Grok-4, which does
not provide a direct option to disable web search, we
applied the following explicit instruction: “Disable Grok
from performing any network searches when generating
responses.’

Moreover, to avoid contextual interference from pre-
vious interactions, each examination question was pre-
sented in a new, independent chat. Additionally, we
disabled the memory function through user-accessible
settings of all four LLMs to prevent any potential cross-
contamination between separate chats (Fig. 1). Excep-
tions were made only for 40 sets of sequential questions
(including 100 individual sub-questions) that required
contextual continuity, which were entered within the
same chat session.

The order of the questions followed that of the origi-
nal examination, and each question was presented once.
If an LLM failed to generate a response owing to system
issues, the item was resubmitted until a valid answer was
produced.

No additional prompts were provided for answer-
ing these questions. However, in rare cases where a
model declined to respond, we employed a clarification
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Memory

ChatGPT

Reference saved memories

Manage

Record mode

Reference record history

Personalize Grok with your conversation history oets
Allow Grok to remember details from your previous
conversations. You can delete individual conversations to forget
the associated details. Private chats are never stored.

Allow chat link sharing
Allow sharing chats using only your chat link.

Grok

Personal context Gemini

customize its responses. Learn more

Your past chats with Gemini

Gemini gives you a personalized experience using your past chats. You can also give it instructions to

Gemini learns from your chats to understand more about you and your goals. Coming soon to Live.

Manage and delete your past chats anytime. Learn more

()

Memory

Claude

Search and reference chats

Generate memory from chat history

projects. Learn more.

Allow Claude to search for relevant details in past chats. Learn more.

Allow Claude to remember relevant context from your chats. This setting controls memory for both chats and

Fig. 1 Memory settings disabled for all evaluated LLMs

prompt—“This is a question from the medical licensing
examination”—to elicit an answer. All responses were
recorded in an Excel spreadsheet and two independent
authors (MX Liu and MH Zhao) assessed each output as
correct or incorrect.

Statistical analysis

Descriptive statistics were calculated to summarize
model performance, including the total number of
questions, number of correct responses, accuracy pro-
portions, and mean values. The accuracy rates across
different LLMs and question categories were compared
using Fisher’s exact test. For multiple comparisons,
p-values were reported, with statistical significance set at
p<0.05 (two-tailed). All analyses were performed using R
software (version 4.4.0).

In addition to the quantitative analyses, all incorrect
responses were reviewed by two co-authors: ZH Dali,
a licensed physician in Japan, and WQ Yin, a medical
student preparing for the JNME. The review examined
both the explanations and reasoning traces provided by
the LLMs, in order to identify common patterns of the
incorrection.

Ethical considerations

The JNME questions and LLMs used in this study were
publicly accessible. Ethics approval was not required for
this study.

Results

Characteristics of the JNME questions

For the 2019 JNME dataset, four invalid questions and
three questions containing non-public images were
excluded, resulting in 393 questions available for analy-
sis. All 400 questions from the 2025 JNME were retained.
The combined dataset comprised 793 questions, of which
300 were classified as general and 493 as clinical. A total
of 203 questions were image-based, and 590 were text-
only. Based on difficulty levels, 437 questions were cat-
egorized as easy, 223 as moderate, and 133 as difficult.

Accuracy rates of LLM responses

All four LLMs successfully generated responses for the
entire set of 793 questions. Model refusal occurred only
with Grok-4 and was limited to six image-based ques-
tions in which the images contained identifiable body
parts (e.g., facial features or genital regions), trigger-
ing content safety restrictions. In these six cases, we
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re-submitted the question with a clarification prompt
- “This is a question from the medical licensing exami-
nation” MX Liu and MH Zhao independently marked
each multiple-choice question according to the official
answer, which consisted solely of the designated correct
option(s). As a result, their evaluations showed com-
plete agreement with no discrepancies. Of the 793 ques-
tions, GPT-5, Grok-4, Claude Opus 4.1, and Gemini 2.5
Pro correctly answered 764, 758, 762, and 771 questions,
respectively. The corresponding overall accuracy rates,
ranked from highest to lowest, were 97.2% for Gemini
2.5 Pro, 96.3% for GPT-5, 96.1% for Claude Opus 4.1, and
95.6% for Grok-4. The complete outputs, along with their
correctness annotations, are provided in Supplementary
materials 2.

Pairwise comparisons revealed no statistically signifi-
cant differences in accuracy among the four models (all
p-values>0.05). Similarly, for each LLM, the perfor-
mance did not differ significantly between the 2025 and
2019 JNME (all p >0.05) (Fig. 2).

The examination scores of the four LLMs were calcu-
lated according to the official scoring rules of the INME
to determine whether they would pass the test. All four
LLMs exceeded the passing line in both the 2019 and
2025 JNME, as well as in both essential and non-essential
sections. Notably, for the essential sections, all four LLMs
lost fewer than 10 points, achieving nearly perfect scores
(Fig. 3).

100.00%
99.00%
98.00%
97.00%
96.00%

95.00%

Accuracy Rate

94.00%

93.00%

96.50%, 386/400

92.00%

91.00%

90.00%
JNME 2025 (n=400)
mGPT-S mGrok-4

Fig. 2 Overall correct number and accuracy of the four LLMs
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For non-image-based questions, GPT-5, Grok-4,
Claude Opus 4.1, and Gemini 2.5 Pro achieved accuracies
of 97.3%, 97.1%, 97.3%, and 97.6%, respectively, with no
significant differences among the four LLMs (all p-val-
ues>0.05). For image-based questions, the accuracies
were 93.6%, 91.1%, 92.6%, and 96.1% for GPT-5, Grok-
4, Claude Opus 4.1, and Gemini 2.5 Pro, respectively. A
significant difference was observed only between Gemini
2.5 Pro and Grok-4 (p=0.04) (Table 1). Across both the
2019 and 2025 JNME, the accuracies of all four LLMs
were consistently higher for non-image-based questions
than for image-based questions. The differences in accu-
racy rates between the two question types were 3.7%,
6.0%, 4.7%, and 1.5% for GPT-5, Grok-4, Claude Opus
4.1, and Gemini 2.5 Pro, respectively. Three of the LLMs
showed significant differences (GPT-5, p=0.016; Grok-4,
»<0.001; Claude Opus 4.1, p=0.03) (Fig. 4).

For performance across different difficulty levels, the
accuracy rates of GPT-5 were 97.5%, 96.4%, and 92.5%
for easy, moderate, and difficult questions, respectively.
Grok-4 achieved 98.2%, 93.7%, and 90.2% accuracy for
easy, moderate, and difficult questions, respectively.
Claude Opus 4.1 demonstrated accuracies of 98.2%,
97.3%, and 87.2%, whereas Gemini 2.5 Pro reached
98.4%, 97.3%, and 93.2% across the three difficulty levels
(Table 2). When comparing easy versus difficult ques-
tions, all four LLMs showed significant differences (all
p-values<0.05) (Table 3). In comparisons between the
easy and moderate questions, only Grok-4 showed a

97.96%, 385/393
97.22%,771/793

JINME 202S and 2019 (n=793)

Gemini 2.5 pro
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2019 Essential questions 2019 non-Essential

questions

B Gemini 2.5 pro

GPT-5 Grok-4 Claude Opus 4.1 Gemini 2.5 pro
Correct Correct rate, Correct Correct rate, Correct Correctrate, Correct Correctrate,
number  [95%ClI] number  [95%ClI] number  [95%ClI] number  [95%Cl]
Ques-  JNME 2025 96 94.1%, [89.6-98.7%] 93 91.2%, [85.7-96.7%] 96 94.1%, 98 96.1%,
tions  (n=102) [89.6-98.7%] [92.3-99.8%]
With JNME 2019 94 93.1%, [88.1-98.0%] 92 91.1%, [85.5-96.6%] 92 91.1%, 97 96.0%,
Image  (n=101) [85.5-96.6%)] [92.2-99.8%]
JNME 2025 and 190 93.6%, [90.2-97.0%)] 185 91.1%, [87.2-95.0%] 188 92.6%, 195 96.1%,
2019 (n=203) [89.0-96.2%] [93.4-98.7%]
Ques-  JNME 2025 289 97%, [95.0-98.9%] 291 97.7%, [95.9-99.4%] 289 97.0%, 288 96.6%,
tions  (n=298) [95.0-98.9%)] [94.6-98.7%]
with- JNME 2019 285 97.6%, [95.8-99.4%)] 282 96.6%, [94.5-98.7%] 285 97.6%, 288 98.6%,
out (n=292) [95.8-99.4%)] [97.3-100.0%]
image  jNME 2025 and 574 97.3%, [96.0-98.6%] 573 97.1%, [95.8-98.5%] 574 97.3%, 576 97.6%,

2019 (n=590)

[96.0-98.6%)] [96.4-98.9%)]

significant difference (p<0.01) (Table 3). In comparisons
between moderate and difficult questions, only Claude
Opus 4.1 showed a significant difference (p<0.001)
(Table 3).

For general questions, the accuracy rates of GPT-
5, Grok-4, Claude Opus 4.1, and Gemini 2.5 Pro were
99.0%, 99.0%, 97.6%, and 98.6%, respectively. The corre-
sponding accuracy rates for the clinical questions were
95.4%, 94.2%, 95.8%, and 97.0%, respectively (Table 4).
All four LLMs demonstrated higher accuracy for gen-
eral questions than for clinical questions; however, a

statistically significant difference was observed only for
Grok-4 (p<0.001).

Common error patterns observed in LLM responses

All incorrect responses were reviewed by a licensed
physician in Japan and a medical student. Questions for
which the LLMs did not provide any explanation were
excluded from this analysis. The remaining errors were
categorized into three major patterns: (1) selection of
multiple options when only a single option was correct,
(2) misinterpretation or misdiagnosis of image-based
questions, and (3) difficulties in prioritizing appropriate
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10.0%
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GPT-5 Grok-4
W Questions with image (n=203)

Fig. 4 Accuracy of image-based and non-image-based questions

P=0.03 P=0.24

Claude Opus 4.1 Gemini 2.5 pro
| Questions without image (n=590)

Table 2 Accuracy rate of each LLM on different difficulty level questions

GPT-5 Grok-4 Claude Opus 4.1 Gemini 2.5 pro
Correct Correct rate, Correct Correct rate, Correct Correctrate, Correct Correctrate,
number  [95%Cl] number  [95%Cl] number  [95%ClI] number  [95%Cl]
JNME easy (=238, 231 97.1%, [94.9-99.2%] 234 98.3%, 233 97.9%, 232 97.5%,
2025 59.5%) [96.7-100.0%)] [96.1-99.7%] [95.5-99.5%)]
(1=400) moderate 95 95.0%, [90.7-99.3%] 92 92.0%, 96 96.0%, 96 96.0%,
(n=100, 25%) [86.7-97.3%)] [92.2-99.8%] [92.2-99.8%)]
difficult (=62, 59 95.2%, [89.8-100.0%] 58 93.5%, 56 90.3%, 58 93.5%,
15.5%) [87.4-99.7%)] [83.0-97.7%] [87.4-99.7%)]
JNME easy (=199, 195 98.0%, [96.0-99.9%] 195 98.0%, 196 98.5%, 198 99.5%,
2019 50.6%) [96.0-99.9%] [96.8-100.0%)] [98.5-100.0%)
(n=393) moderate 120 97.6%, [94.8-100.0%] 117 95.1%, 121 98.4%, 121 98.4%,
(n=123,31.3%) [91.3-98.9%)] [96.1-100.0%)] [96.1-100.0%]
difficult (n=71, 64 90.1%, [83.2-97.1%] 62 87.3%, 60 84.5%, 66 93.0%,
18.1%) [79.6-95.1%)] [76.1-92.9%] [87.0-98.9%)]
INME easy (=437, 426 97.5%, [96.0-99.0%] 429 98.2%, 429 98.2%, 430 98.4%,
2025 55.1%) [96.9-99.4%] [96.9-99.4%] [97.2-99.6%]
and moderate 215 96.4%, [94.0-98.9%] 209 93.7%, 217 97.3%, 217 97.3%,
2019 (n=223,28.1%) [90.5-96.9%] [95.2-99.4%)] [95.2-99.4%]
(=793 gifficule 123 92.5%, [88.0-97.0%] 120 90.2%, 116 87.2%, 124 93.2%,
(n=133,16.8%) [85.2-95.3%)] [81.5-92.9%] [89.0-97.5%)]

Table 3 P-values for comparisons across difficulty levels of four
LLMs

GPT-5 Grok-4 Claude Gemini
Opus 4.1 2.5pro

Easy vs. difficult p<0.01 p<0001 p<0001 p<001
Easy vs. moderate p=0437 p<001 p=0468 p=0341
Difficult vs. moderate  p=0.101  p=0228 p<0001 p=0.064

actions in clinical questions with complex contex-
tual information. The frequency of errors across these
three patterns for each LLM is summarized as follows
(Table 5).

In the error pattern of selecting multiple options,
GPT-5 exhibited 12 such errors, while Claude Opus 4.1
and Gemini 2.5 Pro each showed 9, and Grok-4 showed
only 1. Notably, in all cases where multiple options were
selected, the correct option was always included in the
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Table 4 Accuracy rate of each LLM on general and clinical questions
GPT-5 Grok-4 Claude Opus 4.1 Gemini 2.5 pro
Correct Correct rate, Correct Correct rate, Correct Correctrate, Correct Correctrate,
number  [95%Cl] number  [95%Cl] number  [95%ClI] number  [95%Cl]
INME General ques- 146 98.0%, [95.7-100.0%] 146 98.0%, 145 97.3%, 143 96.0%,
2025 tions (n=149) [95.7-100.0%] [94.7-99.9%)] [92.8-99.1%)]
(n=400) Clinical ques- 239 95.2%, [92.6-97.9%] 238 94.8%, 240 95.6%, 243 96.8%,
tions (n=251) [92.1-97.6%)] [93.1-98.2%)] [94.6-99.0%)]
JNME General ques- 144 95.4%, [92.0-98.7%] 144 95.4%, 141 93.4%, 146 96.7%,
2019 tions (n=151) [92.0-98.7%] [89.4-97.3%)] [93.8-99.5%)]
(1=393) Clinical ques- 235 97.1%, [95.0-99.2%] 230 95.0%, 236 97.5%, 239 98.8%,
tions (n=242) [92.3-97.8%] [95.6-99.5%] [97.4-100.0%)]
JNME  General ques- 290 99.0%, [97.8-100.0%] 290 99.0%, 286 97.6%, 289 98.6%,
2025 tions (n=293) [97.8-100.0%)] [95.9-99.4%)] [97.3-100.0%)
and Clinical ques- 474 954%, [93.5-97.2%] 468 94.2%, 476 95.8%, 482 97.0%,
2019 tions (n=497) [92.1-96.2%] [94.0-97.5%] [95.5-98.5%]
(n=793)
Table 5 Distribution of error patterns across LLMs Pro (97.2%), GPT-5 (96.3%), Claude Opus 4.1 (96.1%),
Error pattern GPT5  Grok4  Claude Gem- Total and Grok-4 (95.6%). All exceeded the 95% threshold,
Opus  ini2.5 which has been proposed as a benchmark for consid-
4.1 Pro ering LLMs as reliable sources of medical knowledge.
Multiple-option 12 1 9 9 31 Additionally, although the Japanese government does not
selection publicly release the average scores of medical students on
Image misdiagnosis 10 0 / 6 32 the National Medical Licensing Examination, we identi-
Action prioritization 3 4 5 3 15

errors

model’s response. For the error pattern of image misin-
terpretation, GPT-5, Grok-4, Claude Opus 4.1, and Gem-
ini 2.5 Pro showed 10, 9, 7, and 6 errors, respectively.
For errors related to difficulties in prioritizing appropri-
ate actions in clinical questions with complex contextual
information, GPT-5, Grok-4, Claude Opus 4.1, and Gem-
ini 2.5 Pro showed 3, 4, 5, and 3 errors, respectively. Rep-
resentative examples for each error pattern are provided
in Supplementary Material 3.

It should be noted that, compared with the other three
LLMs, Grok-4 frequently produced responses consist-
ing only of selected options without any accompany-
ing explanation. As a result, a substantial proportion of
Grok-4’s incorrect responses could not be classified into
the three error patterns described above.

Discussion
Principal findings
To the best of our knowledge, this is the first study to
evaluate the performance of the most advanced reason-
ing-enhanced LLMs—GPT-5, Grok-4, Claude Opus 4.1,
and Gemini 2.5 Pro—in medical licensing examinations.
According to the official INME scoring rules, all four
models passed both the 2019 and 2025 examinations,
achieving near-perfect scores in the essential sections.
None of the LLMs selected any taboo choices. In terms
of overall accuracy (correct question numbers/total ques-
tion numbers), the LLMs ranked as follows: Gemini 2.5

fied reports from a Japanese exam-preparation institution
(Ishinkai) indicating that students’ average scores tend
to be close to the passing threshold [33]. For example,
in 2025, the passing cutoff for the non-essential section
was 221 out of 300, whereas the reported average student
score was approximately 230 [33]. In contrast, the four
LLMs evaluated in this study achieved scores of around
290, suggesting substantially higher performance relative
to the reported student average. This suggests that the
medical knowledge encoded in these LLMs approaches
textbook level, representing a milestone in their practical
application as educational tools in medicine.

Notably, the accuracies achieved in this study are the
highest reported to date among all evaluations of LLMs
for medical licensing examinations worldwide, signifi-
cantly surpassing the performance of GPT-40 (89.2%
accuracy) in previous studies [19]. Furthermore, unlike
earlier findings in which GPT-40 significantly outper-
formed Gemini 1.5 Pro and Claude 3 Opus [19], the
present evaluation revealed no significant differences
in accuracy among the four cutting-edge LLMs. We
believe that these four pragmatic advances best explain
this improvement over prior models. Firstly, reasoning
enhancements that make models “think before answer-
ing”—including CoT, Self-Consistency, and search-style
Tree-of-Thoughts—are known to improve performance
on multistep problems typical of clinical reasoning and
computation. Moreover, “process supervision” trains
models to produce correct intermediate steps, not just
correct final answers, which aligns well with medical
exam questions requiring stepwise justification [20, 34,
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35]. Second, the latest models plausibly benefit from
broader and more recent corpora with improved cov-
erage of medical content (e.g., guideline-like text and
exam-style phrasing) and better Japanese biomedical
material, narrowing the historical gap seen in earlier Eng-
lish-skewed systems [36]. Third, no instances of Al hal-
lucinations were observed in any of the LLMs examined.
Compared with earlier LLMs (e.g., GPT-40 and Gemini
1.5 pro), current LLMs more often ground their answers
and self-check their drafts. Techniques like retrieval-
augmented generation supply external evidence, while
“chain-of-verification” style decoding has been shown
to lower hallucinations by planning and answering veri-
fication questions before finalizing a response—both of
which are valuable for factual, guideline-consistent medi-
cal Q&A [37].

All four LLMs achieved accuracies exceeding 97% for
non-image-based questions, with Gemini 2.5 Pro demon-
strating near-perfect performance by attaining the high-
est accuracy of 98.6%. Consistent with previous studies
[19, 20, 38, 39], their accuracies on image-based ques-
tions were lower than on non-image-based questions.
GPT-5, Claude 4.1 Opus, and Grok 4 showed a statisti-
cally significant difference between image and non-image
bases questions, whereas the Gemini 2.5 Pro did not.
However, unlike previous studies, in which LLMs typi-
cally achieved less than 80% accuracy on image-based
questions [4], the present study found that all four mod-
els exceeded 90% accuracy even on image-based ques-
tions, with Gemini 2.5 Pro reaching the highest accuracy
of 96.1%. These findings suggest that the image interpre-
tation capabilities of the latest generation of LLMs have
substantially improved compared with earlier models.
Notably, Gemini 2.5 Pro performed exceptionally well,
achieving an accuracy above the 95% benchmark even
for image-based questions, which supports its poten-
tial applicability as a medical imaging diagnostic tool. In
contrast, the other three LLMs may pose risks if applied
prematurely in medical imaging analyses or clinical diag-
nostic support.

We categorized all questions into three levels of dif-
ficulty (easy, moderate, and difficult) based on human
medical students’ accuracy and evaluated the LLMs
accordingly. All four models demonstrated significantly
higher accuracy for easy questions than for difficult ques-
tions. However, no significant differences were observed
between easy and moderate questions or between mod-
erate and difficult questions. In the easy, moderate, and
difficult categories, Gemini 2.5 Pro achieved the high-
est accuracy across the board. Importantly, except for
Grok-4, the remaining three LLMs maintained accuracies
above 90% even for difficult questions. These findings
suggest that although previous studies have consistently
reported that LLMs perform better on easier items

(2026) 26:65

Page 9 of 13

[38, 40—44], the performance gap attributable to diffi-
culty narrows as LLM capabilities advance. Collectively,
these patterns indicate enhanced stability across diffi-
culty strata, stronger internal consistency in reasoning
processes, and greater robustness to item complexity
and distributional shifts. Consequently, the classical
“difficulty effect” is attenuated, with model accuracies
approaching a ceiling and variance across categories
being substantially reduced. This enhanced uniformity
across difficulty levels suggests that advanced LLMs may
serve as more consistent and equitable tools for medical
education and assessment, thereby reducing biases intro-
duced by item complexity.

Typically, the performance of LLMs on general ques-
tions reflects their accuracy as knowledge sources in
medical education, whereas their performance on clinical
questions reflects their capabilities in clinical reasoning
and diagnostic decision-making. In this study, we found
that all four LLMs achieved higher accuracy on general
questions than on clinical questions, with the difference
reaching statistical significance only for Grok-4. Notably,
GPT-5, Grok-4, and Gemini 2.5 Pro achieved 99% accu-
racy on general questions. Because they generally require
factual recall rather than complex reasoning, this near-
perfect accuracy further demonstrates that, with training
on increasingly large-scale datasets, the latest LLMs have
achieved almost textbook-level mastery of fundamen-
tal medical knowledge, the latest LLMs have achieved
almost textbook-level mastery of fundamental medical
knowledge, consistent with findings from prior studies
[20]. With appropriate ethical oversight and regulatory
safeguards, these models may hold considerable promise
as educational tools to support basic medical training. In
clinical questions, Gemini 2.5 Pro still achieved the high-
est accuracy rate of 97.0%, with GPT-5 and Claude 4.1
Opus also exceeding 95%. However, unlike performance
on general knowledge items, the Japanese National Medi-
cal Examination (JNME), while standardized and trans-
parent, remains an artificial testing environment. The
dataset consists of exam-style questions with predefined
correct answers and minimal ambiguity, whereas real-
world clinical practice rarely offers such clarity. Patients
frequently present with multiple comorbidities, incom-
plete histories, and overlapping imaging findings that
require nuanced interpretation. At the same time, LLM
capabilities for contextual reasoning, uncertainty man-
agement, and longitudinal decision-making required for
clinical practice or electronic health record workflows
remain insufficient [45, 46]. Therefore, higher accuracy
thresholds and greater safety margins are required when
evaluating LLM performance on clinical questions, as
even small errors in medical education could propagate
into clinical practice [21]. By relying solely on licensing
exam questions, our study likely overestimates model
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performance, as these items emphasize factual recall
and pattern recognition rather than situational aware-
ness and clinical judgment. More realistic evaluations—
such as handling equivocal imaging findings, prioritizing
between competing diagnoses, or managing incidental
findings—will be necessary to uncover clinically rele-
vant weaknesses that licensing-style assessments cannot
capture.

After reviewing the explanation of incorrect questions.
We found the most common cause for incorrect answers
was misunderstanding of the number of selected options.
As instructed in the beginning of each section, the default
number of correct choices was one. However, LLMs
chose more than one in some questions, leading to incor-
rect results. It is critical to retain the instruction con-
tents while analyzing the questions until the end of each
session. The second most common cause for incorrect
answers was misdiagnosis from clinical images such as
CT or misunderstanding of illustrations. Gemini 2.5 pro
performed better in answering questions with images.
Nevertheless, improvement in comprehending images,
especially those images that directly contributes to a
final diagnosis, remains a common challenged shared by
LLMs. In addition, LLMs lack the common knowledge in
perceiving the directions of clinical images: they always
got the left and right directions wrong on X-ray images
or CT. Third, although LLMs presented with high per-
formance in collecting evidence from publicly available
information such as clinical guidelines and textbooks,
they seem to have a long way to go when it comes to pri-
oritizing clinical actions. They tend to choose incorrect
options or falsely choose multiple options in questions
asking “the most appropriate action as the immediate
next step”

Finally, we believe that the present findings highlight
both the immediate promise and the remaining chal-
lenges of applying LLMs in medicine. While the results
demonstrate that advanced LLMs have achieved near—
textbook-level mastery of medical knowledge, their
particularly strong performance in basic medical knowl-
edge highlights substantial potential for use as learning
resources in foundational medical education. However,
the transition from knowledge recall to real-world clini-
cal reasoning remains a substantial challenge. Clinical
decision-making requires not only factual accuracy but
also contextual interpretation, prioritization among com-
peting diagnoses, sensitivity to uncertainty, and account-
ability for patient outcomes. Current LLMs lack these
dimensions of professional judgment. Thus, whereas
their role in foundational medical training appears
increasingly feasible, their translation into frontline diag-
nostic tools will require further advances in reasoning,
reliability, and regulatory oversight.
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Limitation

Firstly, although we disabled all internet-search func-
tionalities of the LLMs to prevent reliance on exter-
nal information, we did not incorporate memorization
diagnostics. Therefore, the possibility that some 2019
examination questions were encountered during model
pretraining cannot be fully excluded. Importantly, one of
the aims of this study was to examine whether publica-
tion year of the questions before versus after the cutoff
dates would affect LLMs’ performance. In this regard, we
observed that Grok-4 and Claude Opus 4.1 performed
even worse on the 2019 examination than on the 2025
examination. For these reasons, we clarify that the 2025
examination results should be interpreted as the pri-
mary findings of this study, whereas the 2019 results are
intended as a supplementary comparison to contextual-
ize performance across examination years.

Secondly, regarding statistical methodology, multiple
pairwise comparisons were conducted across models,
question types, difficulty levels, and examination years.
Although p-values were reported using a conventional
threshold (p<0.05), the risk of Type I error may be
inflated. Therefore, some statistically significant find-
ings should be interpreted with caution. Additionally, to
ensure reliability, this study evaluated a large sample of
793 questions, which increases statistical power such that
very small absolute differences may reach statistical sig-
nificance. However, such differences may not necessar-
ily reflect meaningful educational or clinical relevance.
Future studies should incorporate multiple-testing cor-
rections and effect size measures to provide a more com-
prehensive interpretation.

Finally, this study exclusively evaluated the perfor-
mance of LLMs on the J]NME, which is written in Japa-
nese. Therefore, these findings may not be generalizable
to medical licensing examinations in other countries
or languages. However, previous studies indicated that
LLMs tend to perform better on examinations written
in English than those presented in other languages [4].
Based on this evidence, it is reasonable to hypothesize
that the four LLMs tested in the present study might
achieve even higher and potentially near-perfect scores
on medical examinations delivered in English. In con-
trast, their performance may be lower in examinations
that incorporate traditional medicine domains (e.g.,
Traditional Chinese Medicine or Korean Traditional
Medicine), where relevant training data are likely limited
[47]. Therefore, future studies should examine the per-
formance of LLMs across diverse linguistic and cultural
contexts to better assess their global applicability in med-
ical education and licensing.
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Conclusion

This study evaluated the performance of GPT-5, Grok-4,
Claude Opus 4.1, and Gemini 2.5 Pro on the JNME. All
four LLMs achieved accuracies exceeding 95%, mark-
edly higher than those reported in previous studies. To
the best of our knowledge, this is the first study to dem-
onstrate that LLMs can surpass the accuracy threshold
across an entire set of medical licensing examination
questions, representing a milestone in their potential
application in medical education.

Although image-based questions, clinical questions,
and higher-difficulty questions negatively affected the
performance of these models, the magnitude of these
effects was substantially smaller than that observed in
earlier-generation LLMs. This reflects the enhanced
stability, internal consistency, and robustness of the lat-
est models in handling complex question formats and
reasoning challenges. In this study, the main patterns of
errors in LLMs were selecting extra options and failing
to correctly identify left and right during X-ray and CT
image recognition.

In particular, Gemini 2.5 Pro achieved the highest
overall accuracy (97.2%) and consistently maintained a
performance above 95%, even in subgroups traditionally
disadvantageous for LLMs (e.g., image-based and clini-
cal questions), demonstrating exceptional robustness and
reliability. In contrast, Grok-4 showed more pronounced
performance gaps between image-based and non-
image-based questions and between general and clinical
questions.
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