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Abstract

Purpose To assess and compare the accuracy and legitimacy of multimodal large language models (LLMs) on the Japan
Diagnostic Radiology Board Examination (JDRBE).

Materials and methods The dataset comprised questions from JDRBE 2021, 2023, and 2024, with ground-truth answers
established through consensus among multiple board-certified diagnostic radiologists. Questions without associated images
and those lacking unanimous agreement on answers were excluded. Eight LLMs were evaluated: GPT-4 Turbo, GPT-40,
GPT-4.5, GPT-4.1, 03, 04-mini, Claude 3.7 Sonnet, and Gemini 2.5 Pro. Each model was evaluated under two conditions:
with inputting images (vision) and without (text-only). Performance differences between the conditions were assessed using
McNemar’s exact test. Two diagnostic radiologists (with 2 and 18 years of experience) independently rated the legitimacy
of responses from four models (GPT-4 Turbo, Claude 3.7 Sonnet, 03, and Gemini 2.5 Pro) using a five-point Likert scale,
blinded to model identity. Legitimacy scores were analyzed using Friedman’s test, followed by pairwise Wilcoxon signed-
rank tests with Holm correction.

Results The dataset included 233 questions. Under the vision condition, 03 achieved the highest accuracy at 72%, followed
by 04-mini (70%) and Gemini 2.5 Pro (70%). Under the text-only condition, 03 topped the list with an accuracy of 67%.
Addition of image input significantly improved the accuracy of two models (Gemini 2.5 Pro and GPT-4.5), but not the oth-
ers. Both 03 and Gemini 2.5 Pro received significantly higher legitimacy scores than GPT-4 Turbo and Claude 3.7 Sonnet
from both raters.

Conclusion Recent multimodal LLMs, particularly 03 and Gemini 2.5 Pro, have demonstrated remarkable progress on
JDRBE questions, reflecting their rapid evolution in diagnostic radiology.

Secondary abstract Eight multimodal large language models were evaluated on the Japan Diagnostic Radiology Board
Examination. OpenAl’s 03 and Google DeepMind’s Gemini 2.5 Pro achieved high accuracy rates (72% and 70%) and received
good legitimacy scores from human raters, demonstrating steady progress.

Keywords Artificial Intelligence (Al) - Large Language Model (LLM) - ChatGPT - Multimodal - Vision-language Model
(VLM) - Reasoning Model
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So far, the image interpretation capabilities of pub-
licly available multimodal LLMs have not proven very
impressive in the field of diagnostic radiology. Our previ-
ous research showed that GPT-4 Turbo with Vision, one
of the earliest multimodal LLMs, did not outperform its
text-only counterpart on the Japan Diagnostic Radiology
Board Examination (JDRBE) [4]. Furthermore, due to the
model’s poor image interpretation capability, the addition
of images resulted in significantly worse scores in subjec-
tive rating by radiologists.

Likewise, GPT-40, Gemini Flash 1.5, Gemini Pro 1.5,
and Claude 3 Opus failed to benefit from the addition of
images [5, 6]. Similar findings have been reported for the
Japanese Nuclear Medicine Board Examination [7]. Mean-
while, Kurokawa et al. found that diagnostic performance
of Claude 3 Opus and Claude 3.5 Sonnet significantly
improved when images were provided, using cases from
Radiology’s “Diagnosis Please” [8]. Others have investi-
gated the performance of multimodal LLMs on Japanese
[9], European [10], and Australian [11] board certifica-
tion examinations for diagnostic radiology, although they
did not directly compare performance with and without
images.

For now, the strength of “multimodal” LLMs appears
to lie largely in their robust text-based knowledge rather
than their ability to directly interpret medical images. Even
if their scores are high in an image-rich examination like
JDRBE, it cannot be definitively concluded that they have
exceeded the image interpretation abilities of human radi-
ologists. Furthermore, the ability of multimodal LLMs to
provide diagnostic reasoning based on image interpreta-
tion has been insufficiently evaluated and remains unde-
monstrated in prior studies.

In early 2025, multiple new multimodal LLMs were
released by major vendors. Some of these are reasoning
models designed to solve complex tasks by decomposing
them into smaller steps and applying logical reasoning.
In April, OpenAl released 03 and 04-mini, describing 03
as their most powerful reasoning model and o4-mini as a
smaller, cost-efficient alternative. They also released non-
reasoning models: GPT-4.5 in February and GPT-4.1 in
April. Anthropic released Claude 3.7 Sonnet in Febru-
ary, and Google DeepMind introduced Gemini 2.5 Pro in
May, both of which are reasoning models. To date, their
performance in diagnostic radiology, especially in image
interpretation, remains largely unexplored.

This study aimed to evaluate the performance of recent
vision-enabled LLMs on the JDRBE, an exam requir-
ing comprehensive expertise in diagnostic radiology. In
addition to measuring accuracy, we also assessed the
legitimacy of responses based on subjective ratings by
radiologists.
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Materials and methods
Study design

This retrospective study did not directly involve human
subjects. All data are devoid of any information that can
identify individuals, and are available online to mem-
bers of Japan Radiological Society (JRS). Model inputs
were submitted via application programming interfaces
(APIs) of OpenAl, Anthropic, Google Cloud, or Azure
Al Foundry, as detailed in later sections. Their privacy
policies guarantee that data submitted via their APIs are
securely handled and not used for model training. There-
fore, Institutional Review Board approval was waived.

Question dataset

The questions included in our study were entirely derived
from the JDRBE, which evaluates comprehensive knowl-
edge of diagnostic radiology. Candidates must complete
at least five years of training of radiology to be eligible
for the JDRBE.

For the JDRBE 2021 and 2023, we used the same data-
set as in our previous report [9]. We additionally prepared
the dataset for the 2024 examination following the same
method. Briefly, we downloaded the examination papers in
the Portable Document Format (PDF) from the member-
only section of the JRS website, and extracted text and
images using Adobe Acrobat (Adobe, San Jose, CA), pre-
serving the original image resolutions and file formats.
For most questions, the extracted images were used as-is.
For some questions with inappropriate extracted images
(such as those with multiple images superimposed), we
used screenshots captured from the PDF files in PNG for-
mat instead. The images were either in PNG or JPEG for-
mat, with heights ranging from 134 to 1,708 pixels (mean,
456) and widths from 143 to 1,255 pixels (mean, 482).
Figure 1 shows an example of a question processed using
this method. Questions from the 2022 examination were
excluded because we failed to extract relevant data from
the PDF file.

Questions without images were excluded; the remaining
questions contained one to four images each. All ques-
tions had five answer choices. Approximately 90% were
single-answer questions, while the remaining 10% were
two-answer questions that required choosing both correct
answers. The required number of choices was specified in
each question statement.

Since there were no officially published answers to
the examinations, ground-truth answers were determined
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Fig. 1 Example of text and :
in?age extrac{)ion from a ques- 18 i 70 MIADKE. BEHHF B LORRL o IMORESF S 2. CT DEMA KRN K E t- t- f
tion. The main text and input (Brdft) 81 BEHLANLOHRNR (RBRHE) 277, nure ques 101 101
images were extracted and BIBRECOCTROZASNIOLEND, 1 DR human part1c1pants
provided to the model, while -
the question number (“18”) and : .
. . it
image captions (“reconstructed l: %2‘: Main text
sagittal slice” and “axial slice P
at Fhe level of th&? first lumt?ar o SRR
spine”) were omitted. In this
example, the main text states,
“A reconstructed sagittal slice
and an axial slice at the level
of the first lumbar spine are Input image #1
shown”
— Input image #2
M SR % 15 1 BAE L~V OB %

Questions from Japan Diagnostic
Radiology Board Examination
2021, 2023, and 2024
(N =260)

!

Questions including images
(N =246)

Questions without
unanimous agreement
on answers
(N=13)

Agreement on
answers obtained
by board-certified
radiologists

Targeted questions
(N =233)

Fig.2 Summary of questions included in this study

through consensus by three or more board-certified diag-
nostic radiologists. The answers for the 2024 examina-
tion were determined by S.M., S.H., and T.Y., with 18,
23, and 30 years of experience in diagnostic radiology,
respectively. Questions without unanimous agreement
on answers were excluded from the study. Figure 2 illus-
trates a flow chart detailing the inclusion and exclusion
processes for questions.

Model evaluations

The following eight models were evaluated: GPT-4 Turbo,
GPT-40, GPT-4.5, GPT-4.1, 03, and 04-mini (all devel-
oped by OpenAl, San Francisco, CA); Claude 3.7 Son-
net (Anthropic, San Francisco, CA); and Gemini 2.5 Pro
(Google DeepMind, London, UK). Details of the models are
described in Table 1. Some of these models are reasoning
models designed to solve complex tasks by employing logi-
cal reasoning [12—14]. GPT-4 Turbo and GPT-40 were cho-
sen as baselines for comparison with our previous reports;
the others are recent models released between February and
April 2025. Since the GPT-4 Turbo model used in our previ-
ous study was a preview version and has since become una-
vailable, we used the closest available version in the same
model family. All models were tested under two conditions:
one using both text and image inputs (hereafter, “vision”)
and one using only text inputs (“text-only”).

We used the official Anthropic API for Claude 3.7 Son-
net, the Google Cloud API for Gemini 2.5 Pro, and either
the OpenAl API or the Azure Al Foundry (Microsoft, Red-
mond, WA) API for OpenAl models. For Claude 3.7 Son-
net, the required max_tokens parameter was set to 4,096;
all other parameters for this model and all parameters for
the other models, including the temperature parameter (if
applicable), were left at their default values. All questions
from the examinations were in Japanese, and the textual data
were passed to the models without translation. We provided
a system prompt similar to the one used in our previous
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Table 1 Details of tested large language models

Model name Developer First release date Version Knowledge cutoff Rea-
soning
model

GPT-4 Turbo* OpenAl 6 Nov 2023 gpt-4-turbo-2024-04-09 Dec 2023 No

GPT-40 OpenAl 13 May 2024 gpt-40-2024-11-20 Oct 2023 No

GPT-4.5 OpenAl 27 Feb 2025 gpt-4.5-preview-2025-02-27 Oct 2023 No

GPT-4.1 OpenAl 14 Apr 2025 gpt-4.1-2025-04-14 Jun 2024 No

03%* OpenAl 16 Apr 2025 03-2025-04-16 Jun 2024 Yes

04-mini OpenAl 16 Apr 2025 04-mini-2025-01-31 Jun 2024 Yes

Claude 3.7 Sonnet” Anthropic 24 Feb 2025 claude-3-7-sonnet-20250219 Nov 2024 Yes

Gemini 2.5 Pro” Google DeepMind 28 Mar 2025 gemini-2.5-pro-preview-03-25 Jan 2025 Yes

* Included in legitimacy evaluation

Table 2 Prompts used in the experiments

Prompt in Japanese

English translation

Vision

Text-only

b7 fold T S HURARRES W P R AL & 28R 9 2

SHEERIETT .. LN cHMEABOME2 R 50
T, BZE B 3. 12, ECE- - EEE

FRLEBCHAL T Fsn, AEAZWEET LY

THRE#BINL TEZ2 2 eMATRBISN £ 3. REST

IZ"ANSWER: x" & /- & "ANSWER: x, y" D T L /- i
P EBHRL TS0,

b Izld TR 6 TURAR RIS W B P BB 2 B B
HEERETT. UTCHEMERBROBEZ2IRL £ 70
T, fREHZBHEHOL £, o, RECE - K EFERME
BBl TLFE& 0w, 20, METOA T, MH
Bz 5z ithA. HENZWIGET L BTHE£I%
WL TEZ2 B ENMBlEN F 3. REATIC"ANSWER:
X" & 7z 1 "ANSWER: x, y" D JE TR L 72 IR 2 7R L

You are a radiologist who is about to take the

Japan Diagnostic Radiology Board Exami-
nation. Below we present a question for the
examination and ask you to answer it. Please
also briefly explain the thought process that
led you to your answer. Even if you are not
confident, you will always be forced to select
and provide an answer. Please clearly indicate
your answer in the format of"ANSWER:
x"or"ANSWER: x, y"at the last line

You are a radiologist who is about to take the

Japan Diagnostic Radiology Board Exami-
nation. Below we present a question for the
examination and ask you to answer it. Please
also briefly explain the thought process that
led you to your answer. Note that you will be
given only the text of the questions, without

TL IS,

any images. Even if you are not confident, you
will always be forced to select and provide an
answer. Please clearly indicate your answer in
the format of "ANSWER: x"or"ANSWER: x,
y"at the last line

report, as shown in Table 2. All experiments were conducted
between April 18 and May 1, 2025.

To examine which image modalities led to greater perfor-
mance gains with input images, we categorized the images
into five modalities (CT, MRI, X-ray, nuclear medicine, and
others) and counted the number of correct responses for each
modality.

Legitimacy assessment
To assess the legitimacy of model responses, two diagnos-

tic radiologists with different levels of experience (Y.Y.,
2 years; S.M., 18 years, board-certified) independently

@ Springer

rated the responses to all 92 questions from the 2024
examination. For this evaluation, we included one rep-
resentative model from each LLM vendor—Claude 3.7
Sonnet from Anthropic, Gemini 2.5 Pro from Google
DeepMind, and the best-performing model from OpenAl.
GPT-4 Turbo was also included as a baseline model. A
five-point Likert scale (1 =very poor to 5 =excellent) was
used to rate each of the 368 responses based on a compre-
hensive assessment of response quality, including image
interpretation and explanation. The responses were pre-
sented in randomized order, and the raters were blinded
to the model identities.
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Statistical analysis

Differences in performance between the vision and text-only
results were analyzed using McNemar’s exact test. For the
legitimacy scores, we first applied Friedman’s test, followed
by Wilcoxon’s signed-rank test with Holm’s correction for
post-hoc pairwise comparisons. In addition, the quadratic
weighted kappa was calculated to assess agreement between
the two raters. Statistical significance was set at P <0.05. All
analyses were conducted using Python (version 3.12.6) with
the scipy (version 1.15.2) and statsmodels (version 0.14.4)
libraries.

Results

The dataset comprised 233 questions with 477 images
(including 184 CT, 159 MRI, 15 X-ray, and 90 nuclear
medicine images). Of these, 210 were single-answer and 23
were two-answer questions. Figure 3 provides an example
question, along with summarized responses from the four
models rated by the radiologists. The original full responses
for this question (translated into English) are available in
Online Resource 1.

Table 3 shows the number of correct answers for each
model under each condition. The best-performing model
was 03 under the vision condition, correctly answering 168
questions (72%). For GPT-4.5 and Gemini 2.5 Pro, signifi-
cantly higher accuracy was observed in the vision condition
compared to the text-only condition. For the other models,
no significant difference in accuracy was observed between
the two conditions.

Table 4 presents the number of correct responses from
all models for each imaging modality. We observed a trend
where the inclusion of input images improved the accuracy
of questions involving CT or MRI, particularly for high-
performing models such as 03, 04-mini, and Gemini 2.5 Pro.

Based on the quantitative results, we included the follow-
ing four models in the legitimacy assessment: GPT-4 Turbo
(baseline), Claude 3.7 Sonnet, 03, and Gemini 2.5 Pro. Fig-
ure 4 illustrates the distribution of the legitimacy scores for
each rater. The quadratic weighted kappa between the two
raters was (0.855, indicating a high level of agreement [15].
Gemini 2.5 Pro received the best scores from both raters
(medians, 4 and 5), followed by 03 (4 and 4.5), Claude 3.7
Sonnet (3 and 3), and GPT 4 Turbo (2 and 2). Friedman’s
test indicated significant differences among the four models
for both raters (P <0.001). For Rater #1, all six pairwise
comparisons showed significant differences after Holm cor-
rection: GPT-4 Turbo vs. all others (P <0.001), Claude 3.7
Sonnet vs. 03 (P=0.027), Claude 3.7 Sonnet vs. Gemini

2.5 Pro (P<0.001), and 03 vs. Gemini 2.5 Pro (P=0.027).
For Rater #2, five of the six comparisons were significant:
GPT-4 Turbo vs. all others (P <0.001), Claude 3.7 Sonnet
vs. 03 (P=0.006), and Claude 3.7 Sonnet vs. Gemini 2.5 Pro
(P=0.004). The difference was not significant between 03
and Gemini 2.5 Pro (P=0.196) for Rater #2.

Discussion

Since our last report in June 2024, LLMs have significantly
improved their accuracy and legitimacy on JDRBE. Both
GPT-4 Turbo and GPT-40 were outperformed by all the
other models. Particularly, OpenAl’s 03 and Google Deep-
Mind’s Gemini Pro 2.5 achieved a substantial leap in perfor-
mance, although these models were released no more than
18 months after the debut of GPT-4 Turbo with Vision. To
our knowledge, this is the first study that showed that the
addition of images achieved a statistically significant accu-
racy improvement in the JDRBE.

OpenAl’s 03 was the best-performing model under both
conditions, achieving an accuracy of 72% with image input.
Notably, it correctly answered 67% of the questions even
without image input, suggesting its strong medical knowl-
edge and ability to reason the most likely answer based
solely on the question text and the provided options. The
addition of images did not significantly improve its accuracy,
which may indicate that 03 heavily relies on its text-based
reasoning capability when choosing an answer. OpenAl
explains that reasoning models “think before they answer,”
generating a long internal chain of thought before respond-
ing to the user [12]. Our results showed that models with
reasoning capabilities generally performed better, suggest-
ing that the reasoning ability may be one of the contributing
factors in the field of diagnostic radiology.

Gemini 2.5 Pro showed the greatest improvement in accu-
racy with the addition of images (from 59 to 70%). Further-
more, its legitimacy scores tended to be higher than those
of 03, with a statistically significant difference from one
of the raters. Although 03 was better in terms of accuracy,
these findings suggest that Gemini 2.5 Pro can perform more
reasonable medical image interpretation than 03. The sub-
analysis revealed that Gemini 2.5 Pro showed performance
gains across all image modalities with the addition of input
images, with the most substantial improvement observed for
MRI (from 49 to 67%). GPT-4.5 was another model that
showed significantly better accuracy with image input.

Figure 3 highlights the ability of 03 and Gemini 2.5 Pro
to accurately recognize and describe key image findings.
GPT-4 Turbo incorrectly identified the lesion as being
in the “right frontal lobe,” reflecting the same left-right
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RBELVEE T1 BRBKRETRT,
FREMPROBLDE END, 1 DEN,
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Summary of responses from four models

0 MADFM., —BMREEREZEFRICKKREL 2. AEFEM CT. I MRI O FLAIR

5 T1 &%

Model name GPT-4 Turbo Claude 3.7 Sonnet 03 Gemini 2.5 Pro
Image interpretation
. . Right frontal lobe Left frontal lobe Frontal lobe Left frontal lobe
Lesion location .
(incorrect) (correct) (correct) (correct)
Bt haicinait S'trong Houlogeneous Minimal Minimal
(incorrect) (incorrect) (correct) (correct)
Detected calcification No No Yes Yes
L T G— (?) PCNSL (t.e) PCNSL (d) Oligodendroglioma  (d) Oligodendroglioma
(incorrect) (incorrect) (correct) (correct)
Legitimacy scores 1/1 1/1 5/5 5/5

(Rater #1/#2)

Fig.3 Question 4 from the Japan Diagnostic Radiology Board Exam-
ination 2024, representing a clinical scenario of a man in his 30s
presented with transient dysphasia. The question asks to identify the
most probable diagnosis from the following options: a glioblastoma,
b hemangioblastoma, ¢ metastatic brain tumor, d oligodendroglioma,

confusion reported in our previous study [4]. It selected
an incorrect option (malignant lymphoma) and received
legitimacy scores of 1 (very poor) from both raters. Claude
3.7 Sonnet successfully identified the lesion location but

@ Springer

and e primary central nervous system lymphoma (PCNSL). The cor-
rect answer is d oligodendroglioma. The figure also includes a sum-
mary of responses from four large language models, along with their
legitimacy scores rated by diagnostic radiologists

inaccurately described the lesion as having “homogeneous
contrast enhancement,” selecting the same incorrect option
(malignant lymphoma) and receiving scores of 1 from both
raters. In contrast, both 03 and Gemini 2.5 Pro accurately
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Table3 Number of correct responses out of 233 questions, with
(vision) and without (text-only) input images

Model name Vision Text-only P-value (vision
vs. text-only)

GPT-4 Turbo 97 (42%) 102 (44%) 0.583
GPT-40 121 (52%) 113 (48%) 0.302
GPT-4.5 155 (67%) 138 (59%) 0.030°
GPT-4.1 141 (61%) 129 (55%) 0.134

03 168 (72%) 156 (67%) 0.126
04-mini 163 (70%) 151 (65%) 0.134
Claude 3.7 Sonnet 127 (55%) 132 (57%) 0.590
Gemini 2.5 Pro 162 (70%) 137 (59%) 0.001"
*P<0.05

described the contrast enhancement as minimal and identi-
fied small calcification, leading to the correct diagnosis of
oligodendroglioma. Both models received legitimacy scores
of 5 (excellent) from both raters.

This study has several limitations. First, we did not
assess the variability of responses across multiple API
calls for the same question. Some reasoning models,

namely 03 and 04-mini, do not provide a configurable
“temperature” parameter, making deterministic outputs
unattainable. In addition, while it has been reported that
different versions of the same model may exhibit sub-
stantial performance variation [16], we did not inves-
tigate such differences in this study. Second, although
reasoning models tended to perform better, we could not
conclusively determine whether this was truly owing to
their reasoning ability or simply due to increased knowl-
edge. Third, some of the examinations analyzed in this
study took place before the knowledge cutoffs of certain
LLMs. While access to the exam data is restricted to JRS
members, we could not fully exclude the possibility of
data leak. Fourth, we used only a single prompt through-
out the experiments; alternative prompt strategies might
have yielded better performance. Lastly, due to time con-
straints, we could not conduct legitimacy analysis for all
eight models.

In conclusion, this study assessed the performance of
multiple vision-enabled LLMs on the Japan Diagnostic
Radiology Board Examination. Recent LLMs, particularly
03 and Gemini 2.5 Pro, demonstrated improved accuracy

Table 4 Number of correct CT MRI X-ray Nuclear medicine Others
responses from all models by
modality. For each modality, we  No, of questions 107 79 13 51 23
counted que.stions that included GPT-4 Turbo
at least one image of the
corresponding modality. Note Vision 41 (38%) 32 (41%) 10 (77%) 25 (49%) 9 (39%)
that the total does not match the Text-only 46 (43%) 30 (38%) 8 (62%) 28 (55%) 11 (48%)
overall number of questions, GPT-40
fjos(;’;:‘;’i:;vo”ed multiple Vision 48 (45%) 39 (49%) 10 (77%) 32 (63%) 13 (57%)
Text-only 46 (43%) 36 (46%) 10 (77%) 30 (59%) 11 (48%)
GPT-4.5
Vision 69 (64%) 45 (57%) 10 (77%) 33 (65%) 19 (83%)
Text-only 60 (56%) 42 (53%) 8 (62%) 38 (75%) 14 (61%)
GPT-4.1
Vision 58 (54%) 49 (62%) 11 (85%) 32 (63%) 16 (70%)
Text-only 52 (49%) 44 (56%) 8 (62%) 32 (63%) 13 (57%)
o3
Vision 73 (68%) 58 (73%) 11 (85%) 37 (73%) 17 (74%)
Text-only 67 (63%) 51 (65%) 10 (77%) 39 (76%) 15 (65%)
o4-mini
Vision 65 (61%) 59 (75%) 10 (77%) 38 (75%) 15 (65%)
Text-only 64 (60%) 47 (59%) 11 (85%) 37 (73%) 15 (65%)
Claude 3.7 Sonnet
Vision 48 (45%) 47 (59%) 8 (62%) 31 (61%) 11 (48%)
Text-only 56 (52%) 41 (52%) 9 (69%) 35 (69%) 14 (61%)
Gemini 2.5 Pro
Vision 70 (65%) 53 (67%) 11 (85%) 37 (73%) 18 (78%)
Text-only 63 (59%) 39 (49%) 9 (69%) 34 (67%) 14 (61%)
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Rater #1 (Y.Y.)

Rater #2 (S.M.)

. — . . " . 1
r 1 T 1 [ ] 2
* *
1004 I "L 1004 " == s
I " L1 1 1 " 1 - 4
N 5
80 A 80
60 A 60
40 A 40 +
20 A 20 A
0 T T T T T T T T
GPT-4 Claude 03 Gemini GPT-4 Claude 03 Gemini
Turbo 3.7 2.5 Turbo 3.7 2.5
Sonnet Pro Sonnet Pro

Fig.4 Distribution of legitimacy scores from two raters. *P <0.05 (after Holm correction)

and legitimacy, reflecting notable advancements in their
abilities in diagnostic radiology.
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