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Abstract

Purpose Herein, we assessed the accuracy of large language models (LLMs) in generating responses to questions in clinical
radiology practice. We compared the performance of ChatGPT, GPT-4, and Google Bard using questions from the Japan
Radiology Board Examination (JRBE).

Materials and methods In total, 103 questions from the JRBE 2022 were used with permission from the Japan Radiologi-
cal Society. These questions were categorized by pattern, required level of thinking, and topic. McNemar’s test was used to
compare the proportion of correct responses between the LLMs. Fisher’s exact test was used to assess the performance of
GPT-4 for each topic category.

Results ChatGPT, GPT-4, and Google Bard correctly answered 40.8% (42 of 103), 65.0% (67 of 103), and 38.8% (40 of
103) of the questions, respectively. GPT-4 significantly outperformed ChatGPT by 24.2% (p <0.001) and Google Bard
by 26.2% (p <0.001). In the categorical analysis by level of thinking, GPT-4 correctly answered 79.7% of the lower-order
questions, which was significantly higher than ChatGPT or Google Bard (p <0.001). The categorical analysis by question
pattern revealed GPT-4’s superiority over ChatGPT (67.4% vs. 46.5%, p=0.004) and Google Bard (39.5%, p<0.001) in
the single-answer questions. The categorical analysis by topic revealed that GPT-4 outperformed ChatGPT (40%, p =0.013)
and Google Bard (26.7%, p=0.004). No significant differences were observed between the LLMs in the categories not men-
tioned above. The performance of GPT-4 was significantly better in nuclear medicine (93.3%) than in diagnostic radiology
(55.8%; p<0.001). GPT-4 also performed better on lower-order questions than on higher-order questions (79.7% vs. 45.5%,
p<0.001).

Conclusion ChatGPTplus based on GPT-4 scored 65% when answering Japanese questions from the JRBE, outperforming
ChatGPT and Google Bard. This highlights the potential of using LLMs to address advanced clinical questions in the field
of radiology in Japan.
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Introduction
>4 Yoshitaka Toyama o ) )
ytoyama0818 @ gmail.com Artificial intelligence (AI) has witnessed unprecedented
1 ) ) ) o advancements, such as the emergence of large language mod-
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and the potential applications of LLMs in medicine lie within
the realm of research and education, as well as clinical prac-
tice, particularly as decision aids [23]. In clinical radiology
practice, LLMs may be used as tools to obtain, supplement,
and confirm relevant expert-level knowledge that could affect
the clinical decision-making processes of radiologists. With
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programming interfaces (APIs), this trend must grow in the
future when radiologists who perform keyword searches on
books and websites start asking questions directly to LLMs.

Two LLMs that have demonstrated exceptional perfor-
mance in the US Medical Licensing Examination (USMLE)-
style questions, surpassing the approximate passing threshold
of 60%, are GPT-4 and Med-PaLM 2 [13, 16, 17, 21]. GPT-4,
a successor to ChatGPT using GPT-3.5, was developed by
OpenAl and is currently accessible on ChatGPTplus [18,
19]. It offers prompt-based instant and informative responses
and is capable of generating creative texts, such as novels
and poems. The training data for both ChatGPT and GPT-4
exceeded 45 TB of text data until September 2021, although
neither was fine-tuned for medical data [11, 19, 23]. By con-
trast, PalLM 2, whose fine-tuned medical version is Med-PalLM
2, is used in Google Bard and is capable of utilizing up-to-date
data, extending its potential to maintain pace with the rapidly
changing landscape of medicine [7]. Because Med-PalLM 2
is yet to be publicly available, Google Bard based on PaLM 2
was used in this study.

Although the outstanding performance of GPT-4 in radiol-
ogy has already been established through benchmarking on the
board-style examination of diagnostic radiology in Canada and
the United States [8, 9], the capabilities of LLMs in predicting
responses to specific questions in Japanese radiology clinical
practice remain unclear. To address this gap, we focused on
the Japan Radiology Board Examination (JRBE), a meticu-
lously designed test renowned for its comprehensive coverage
of clinical knowledge and applications, encompassing not only
diagnostic imaging but also nuclear medicine and radiation
oncology. This examination also included questions pertain-
ing to the domestic healthcare landscape, including approved
medications and medical procedures. Given that LLMs lev-
erage transformer-based architectures to generate contextual
responses by predicting upcoming words and phrases based
on the preceding text [23], the use of Japanese prompts was
chosen, with the expectation that this might facilitate more
effective response alignment with Japan’s distinct healthcare
context. The possible disadvantage of using Japanese prompts
may be attributed to the typological distance between Japa-
nese and English [15, 22], as well as the significantly lesser
volume of available Japanese training data compared to the
English counterpart [1]. In this study, we compared the overall
and category-specific performance of ChatGPT, GPT-4, and
Google Bard on the JRBE.

Materials and methods
Questions dataset

The questions used in this study were multiple-choice ques-
tions from the 2022 JRBE, which are accessible to Japan
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Radiological Society (JRS) members [2]. The JRS granted
permission to utilize these questions. The JRBE is a cross-
disciplinary radiology knowledge exam created for senior
residents who have completed a three-year radiology resi-
dency program in Japan. In 2022, 232 out of 247 candidates
passed the exam (93.9% of pass rate); however, the exact
passing score was not disclosed. Of the 105 questions, one
table question and one image question were excluded from
the study as ChatGPT, GPT-4, and Google Bard did not rec-
ognize these styles. In total, 103 questions were included.

Because the official JRBE answers were unavailable, two
board-certified radiologists (Y.T., a diagnostic radiologist
with 12 years of experience; M.K., a diagnostic radiologist
with 7 years of experience) and a radiology senior resident
(Y.S., with 2 years of experience) independently reviewed
and answered the questions, citing books and websites as
needed. The answers were deemed correct when there was
agreement. For disagreements, a single correct answer was
selected by consensus.

Question classification

In the study, the questions were classified by question
patterns (i.e., the number of correct answers out of five
choices), required level of thinking (lower or higher order),
and topics. Of the 103 questions, 17 had two correct answers
and three distractors (i.e., two-answer questions), whereas
the remaining 86 had one correct answer and four distractors
(i.e., single-answer questions). The principles of Bloom’s
Taxonomy for Learning and Assessment [6, 10] were used
to classify the questions by the required level of thinking.
Among the 103 questions, 59 required lower-order thinking,
necessitating recall and basic understanding. The remain-
ing 44 questions required higher-order thinking skills, such
as application, analysis, or evaluation. The questions were
classified into the following five topics: diagnostic radiology
(52), interventional radiology (3), nuclear medicine (15),
radiation oncology (23), and general radiological knowledge
(10).

Data collection and assessment

The responses from ChatGPT, GPT-4, and Google Bard
were collected between May and July 2023. The ques-
tions were manually entered into the text input area, which
appears on the publicly accessible website of these models,
one at a time in the order of examination using a single
chat [3, 12]. No specific prompts were used. Each response
was assessed by a radiologist (Y.T.), and only responses that
stated the correct answers were scored as correct. For the
two-answer questions, only cases in which ChatGPT, GPT-4,
or Google Bard correctly chose both correct answers were
scored as correct.
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Statistical analyses

The performance of ChatGPTplus based on ChatGPT,
GPT-4, and Google Bard was analyzed using basic stand-
ard descriptive statistics, such as numbers, proportions,
and 95% confidence intervals. McNemar’s test was used
to compare the proportion of correct responses between
two LLMs. To assess the performance of GPT-4 in each
category, Fisher’s exact test was implemented for each
classification category (lower- vs. higher-order thinking,
two-answer vs. single-answer, diagnostic radiology vs.
nuclear medicine, nuclear medicine vs. radiation oncology,
and radiation oncology vs. diagnostic radiology). All tests
were two-tailed, and p-values less than 0.05 were consid-
ered significant. All p-values were nominal, and correc-
tions for multiple comparisons were not performed. All
statistical analyses were performed using R version 3.5.1
(R Foundation for Statistical Computing, Vienna, Austria).

Ethical considerations

This study did not involve human subjects or patient data.
All data used in this study are publicly available on the
Internet. Therefore, the study was excluded from the con-
sideration of the Institutional Review Board of Tohoku
University.

Results

Overall performance of ChatGPT, GPT-4, and Google
Bard

In the experiment, 103 questions from the JRBE 2022 were
used. ChatGPT, GPT-4, and Google Bard correctly answered
40.8% [95% confidence interval (CI): 31.2%-50.9%], 65.0%
(95% CI: 55.0%—-74.2%), and 38.8% (95% CI: 29.4%—48.9%)
of the questions, respectively. While previous studies have
reported that LLMs may occasionally respond to multiple-
choice questions without selecting an alternative, in this
study, we chose at least one or two options for each ques-
tion [5]. GPT-4 significantly outperformed ChatGPT by
24.2% (p<0.001). GPT-4 also outperformed Google Bard
by 26.2% (p <0.001). No significant difference was observed
between ChatGPT and Google Bard (p =0.86).

Figure 1 depicts how GPT-4 correctly responded to a
question regarding ectopic thyroid. Figure 2 depicts how
GPT-4 replied incorrectly to a question concerning the ana-
tomical structure of the brain, where physiological calcifica-
tion is common. Although the explanation provided in the
response is incorrect, the tone of the sentences is confident

without a doubt, which represents an adverse phenomenon
known as “hallucination” in LLMs (p =0.86).

Comparison of model performance on questions
categorized by level of thinking

GPT-4 correctly answered 79.7% of the lower-order ques-
tions (n=159), which was significantly higher than Chat-
GPT or Google Bard (p <0.001). The proportion of correct
responses to higher-order questions was not significantly
different among the three LLMs.

Comparison of model performance on questions
categorized by question pattern

GPT-4 outperformed ChatGPT on the two-answer ques-
tions (52.9% vs. 11.8%, p=0.023). A comparison between
GPT-4 and Google Bard revealed no evidence of a differ-
ence between the two responses. When compared to the
single-answer questions (n=86), GPT-4 presented signifi-
cantly better performance than ChatGPT (67.4% vs. 46.5%,
p=0.004) and Google Bard (67.4% vs. 39.5%, p <0.001).

Comparison of model performance on questions
categorized by topic

GPT-4 correctly answered 93.3% of the questions in nuclear
medicine (n=15), outperforming ChatGPT (40%, p=0.013)
and Google Bard (26.7%, p=0.004). GPT-4 also outper-
formed ChatGPT in terms of questions on radiological gen-
eral knowledge (90% vs. 30%, p=0.041). No significant
differences were noted between the models for questions in
diagnostic radiology and radiation oncology. Performance
in interventional radiology could not be compared because
of the limited number of questions (Table 1).

GPT-4 performance comparison between categories

GPT-4 performed better on lower-order questions compared
to higher-order questions (79.7% vs 45.5%, p <0.001).
GPT-4 performed slightly better on single-answer questions
than on two-answer questions (67.4% vs. 52.9%, p=0.275).
A comparison of the performance of GPT-4 between topics
with an adequate number of questions (i.e., diagnostic radi-
ology, nuclear medicine, and radiation oncology) revealed
that GPT-4 performed significantly better in nuclear medi-
cine than in diagnostic radiology (p <0.001), but no differ-
ence was observed between nuclear medicine and radiation
oncology (p=0.0562) or diagnostic radiology and radiation
oncology (p=0.802).
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e. Behind the sternum
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Fig. 1 Response samples of correct answers generated by each LLM
on a JRBE question. A Manually typed question into a prompt and
response generated by GPT-4; Al: English version of (A). B Chat-
GPT response. C Google Bard response. The models’ responses
varied in structure; most include an overview of the topic relevant

Discussion

Our study is the first to investigate the performance of
ChatGPT, GPT-4, and Google Bard in the context of
extensive expert-level knowledge and their application in
Japanese clinical settings in radiology. The thoughtfully
balanced question set honed by the JRBE committee ena-
bled us to conduct overall and categorical assessments of
the capabilities of the LLMs. GPT-4 outperformed Chat-
GPT and Google Bard in terms of overall performance,
which is consistent with the findings of earlier research
[4, 8,9, 13, 15, 20, 22]. This finding, however, contradicts
our initial hypothesis that Google Bard, using up-to-date
data, would outperform GPTs, which do not utilize data
beyond 2021, in addressing questions originating from the
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to the question (A2), a representation of the alternatives (A3), and
the answer and its justification (A4). Sometimes, the response sim-
ply states the answer (B); sometimes, the answer is generated with an
explanation (C)

fast-growing field of medicine. This suggests that the use
of the most recent two years of training data by Google
Bard may not provide a significant advantage over GPTs.
Because the questions in board examinations are suppos-
edly based on medical knowledge that is well established
from research and clinical practice, the latest data avail-
able for Google Bard may not necessarily aid in solving
the questions. The overall performance of GPT-4 was 65%,
slightly above the passing line, which was set at 65% as
a point of reference. Although this accuracy seems lower
than the reported accuracy of 80.7% for four-choice ques-
tions mimicking the diagnostic radiology board examina-
tions in the United States and in Canada [8, 9], the JRBE
questions may be more difficult because of the five-choice
format with occasional two correct answers and its broader
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calcification least frequently observed? Choose
one."

a. Pineal gland

b. Globus pallidum

c. Habenular commissure

d. Posterior pituitary

e. Dentate nucleus of the cerebellum

(*Answer. d)

B Overview of physiological
calcification of the brain

D Of these alternatives, the one showing the
least amount of physiologic calcification is

“c. Habenular commissure”. The habenula is a
part of the cerebrum white matter that usually
shows no or very little physiologic calcification.
("hallucination™)

In contrast, in the pineal gland and globus
pallidus, physiologic calcification increases
with age and is frequent in adults.
Calcification may also be seen in the posterior
pituitary and cerebellopontine dentate nuclei,
although their frequency is higher than the
habenula. (incorrect content)

Fig.2 Response samples presenting ‘“hallucination” generated
by GPT-4 on a JRBE 2022 question. A Manually typed question
into prompt and response; A English version of the question. The
response is structured in the same way as that in Fig. 1. B Overview

coverage of clinical areas, including diagnostic radiology,
nuclear medicine, and radiation oncology.

GPT-4 outperformed the other models in terms of cate-
gory-specific performance, particularly for lower-order or
single-answer questions or questions in nuclear medicine
(Table 2). Notably, in research using radiology board-style
examinations in Canada and the United States, the superi-
ority of GPT-4 over ChatGPT on lower-order questions has
not yet been reported [9]. This could be attributed to the
relatively small amount of medical training data in Japa-
nese compared to that in English, as the majority of medi-
cal research and guideline databases, such as PubMed, Web
of Science, and Scopus, are predominantly in English. In
terms of topic differences, GPT-4’s superior performance
in nuclear medicine may be attributed to the highest lower-
question proportion of 100% in nuclear medicine, while the
corresponding metrics were 84.25%, 69.69%, and 71.4% in
diagnostic radiology, radiation oncology, and general radiol-
ogy, respectively.

Consistent with earlier research, the three models pre-
sented answers in confident language for both correct

of the topic related to the question. C Representation of the provided
alternatives; and D answer and its justification. In this response, a
wrong answer and its justification are presented in a confident, con-
vincing tone, which is called “hallucination”

(Fig. 1) and incorrect responses (Fig. 2). Surprisingly, they
behaved confidently although their responses differed from
their previous choices for the same question (examples not
shown). Such unfavorable responses entirely grounded in
incorrect evidence or factual inaccuracies are commonly
labeled as “hallucinations;” however, some advocate using
“confabulations” as a neutral designation without implying
malicious intent [5, 14]. Regardless of nomenclature, our
findings support the idea that when using LLMs in clinical
contexts, users must evaluate whether the model’s response
is factually accurate and relevant to the topic, irrespective of
the level of confidence.

When discussing approaches to improve the accuracy
of LLM responses, ways to frame a prompt, often known
as “prompt engineering,” should also be considered. Previ-
ous research on ChatGPT performance on the United States
Medical License Examination, for instance, standardized
the structure of questions entered into ChatGPT’s prompts
[13]. According to Wang et al., on questions appearing in
pharmacy licensing tests in Taiwan, ChatGPT answered
more accurately for questions in English than in Chinese

@ Springer
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Table 1 Performance of ChatGPT, GPT-4, and Google Bard on Japan Radiology Board Examination, stratified by level of thinking, question

pattern, and topic

Question type No. of  Performance p value
e GPT-4 ChatGPT Bard GPT-4vs. Chat-  GPT-4 vs. Bard ChatGPT vs. Bard
GPT
All questions 103 67 (65.0, 42 (40.8, 40 (38.8, <0.001 <0.001 0.864
55.0-74.2) 31.2-50.9) 29.4-48.9)
Level of thinking
Higher-order 44 20 (45.5, 16 (36.4, 15 (34.1, 0.502 0.267 >0.99
30.4-61.2) 22.4-52.2) 20.5-49.9)
Lower-order 59 47 (79.7, 26 (44.1, 25 (42.3, <0.001 <0.001 >0.99
67.2-89.0) 31.2-57.6) 29.6-55.9)
Question pattern
Single-answer 86 58 (67.4, 40 (46.5, 34 (39.5, 0.004 <0.001 0.361
56.5-717.2) 35.7-57.6) 29.2-50.7)
Two-answer 17 9(52.9, 2(11.8,1.5-36.4) 6(35.3, 0.023 0.450 0.134
44.0-89.7) 14.2-61.7)
Topic
Diagnostic 52 29 (55,8, 22 (42.3, 22 (42.3, 0.169 0.121 >0.99
radiology 41.3-69.5) 28.7-56.8) 28.7-56.8)
Interventional 3 1(33.3,0.8-90.6) 0 (0, 0-70.8) 0 (0, 0-70.8) N/A N/A N/A
radiology
Nuclear medi- 15 14 (93.3, 6 (40, 16.3-67.7) 4 (26.7,7.8-55.1) 0.013 0.004 0.724
cine 68.1-99.8)
Radiation 23 14 (60.9, 11 (47.8, 8(34.8, 0.505 0.077 0.505
oncology 38.5-80.3) 26.8-69.4) 16.4-57.3)
General knowl- 10 9(90, 55.5-99.7) 3 (30,6.7-65.2) 6 (60, 26.2-87.8) 0.041 0.371 0.248

edge

Data were provided as a number of correct answers. The percentages and 95% confidence intervals are shown in parentheses

Table2 GPT-4 performance
comparison across questions

categories

Question category GPT-4’s performance p value

Higher-order vs lower-order 45.5% vs 719.7% <0.001
Single vs two-answer question 67.4% vs 52.9% 0.275
Diagnostic radiology vs nuclear medicine 55.8% vs 93.3% <0.001
Nuclear medicine vs radiation oncology 93.3% vs 60.9% 0.0562
Diagnostic radiology vs radiation oncology 55.8% vs 60.9% 0.802

Statistical significance was calculated using Fisher’s exact test

[24]. This may suggest that prompt engineering may include
selecting a language to “communicate” with LLMs. Inves-
tigating the effects and impacts of different types of prompt
engineering on the accuracy of LLMs is beyond the scope
of this study and is currently under investigation.

This study had several limitations. First, the num-
ber of questions used was relatively small, which may
have resulted in inadequate analysis, particularly for
category-specific performance. Second, we did not use
JRBE 2020/2021 but only JRBE 2022 because the train-
ing data used for ChatGPT/GPT-4 utilize data until Sep-
tember 2021, which may include JRBE 2020/2021. As
LLMs update their training datasets, their performance

@ Springer

on JRBE 2022 may also change quickly in the future.
Third, no prompt engineering was executed in our study,
which may have hindered the superior performance of
LLM. Fourth, Google Bard, used in this study, is based
on PaLM?2, which is not fine-tuned for medical purposes,
unlike Med-PalLLM 2. Thus, we may have underestimated
the potential of future LLMs trained using medical data.
Fifth, the answers used for LLM performance evaluations
were not official. The possibility of answer inaccuracies
was minimized through consensus among the three radi-
ologists. Finally, we used a provisional passing threshold
for the JRBE because it was not officially declared. To
evaluate the performance of LLMs, we need to compare
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their accuracies with those of radiology residents who had
just passed the JRBE.

In conclusion, GPT-4 scored 65% when answering Japa-
nese questions from JRBE, outperforming ChatGPT and
Google Bard. This highlights the potential of using LLMs
to address advanced clinical questions in radiology in Japan.
Nevertheless, checking the generated responses is crucial to
prevent potential harm to patients and radiologists.

Acknowledgements We would like to thank the Japan Radiology Soci-
ety for granting permission to use the official Japan Radiology Board
Examination for our study. We also extend our sincere gratitude to
the Japanese Board-Certified Radiologist Examination Committee for
thoughtfully crafting high-quality examination questions that uphold
the standards of board-certified radiologists in Japan.

Declarations
Conflict of interest The authors declare no conflicts of interest.

Information concerning grants This research was carried out without
any funding support.

Ethical statement This study did not involve human subjects or patient
data. All data used in this study are publicly available on the Inter-
net. Therefore, it was excluded from the Institutional Review Board
of Tohoku University.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Usage statistics of content languages for websites. https://w3tec
hs.com/technologies/overview/content_language

2. Japan Radiological Society. http://www.radiology.jp

3. Bard-Chat based Al tool from Google, powered by PaLM 2.
https://bard.google.com

4. Ali R, Tang OY, Connolly ID, Fridley JS, Shin JH, Zadnik Sulli-
van PL, et al. Performance of ChatGPT, GPT-4, and Google Bard
on a neurosurgery oral boards preparation question bank. Neuro-
surgery. 2023. https://doi.org/10.1227/neu.0000000000002551.

5. Alkaissi H, McFarlane SI. Artificial hallucinations in ChatGPT:
implications in scientific writing. Cureus. 2023;15:¢35179. https://
doi.org/10.7759/cureus.35179.

6. Anderson LW, Krathwohl DR, Airasian PW, Cruikshank KA,
Mayer RE, Pintrich PR, et al. C. A taxonomy for learning, teach-
ing, and assessing: a revision of bloom’s taxonomy of educational
objectives. London: Pearson; 2000.

7. Anil R, Dai AM, Firat O, Johnson M, Lepikhin D, Passos A, et al.
PalLM 2 Technical Report. 2023.

8. Bhayana R, Krishna S, Bleakney RR. Performance of ChatGPT
on a radiology board-style examination: insights into current
strengths and limitations. Radiology. 2023;307:€230582. https://
doi.org/10.1148/radiol.230582.

9. Bhayana R, Bleakney RR, Krishna S. GPT-4 in radiol-
ogy: improvements in advanced reasoning. Radiology.
2023;307:€230987. https://doi.org/10.1148/radiol.230987.

10. Bloom BS. Taxonomy of educational objectives: The classification
of educational goals. Longman; 1956

11. Brown T, Mann B, Ryder N, Subbiah M, Kaplan JD, Dhariwal P,
et al. Language models are few-shot learners. NIPS’20: Proceed-
ings of the 34th International Conference on Neural Information
Processing Systems. 2020;159:1877-1901. https://proceedings.
neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418b
fb8ac142f64a-Paper.pdf

12. ChatGPT. https://chat.openai.com/auth/login.

13. Gilson A, Safranek CW, Huang T, Socrates V, Chi L, Taylor RA,
et al. How does ChatGPT perform on the United States medical
licensing examination? The implications of large language mod-
els for medical education and knowledge assessment. JMIR Med
Educ. 2023;9:e45312. https://doi.org/10.2196/45312.

14. Hatem R, Simmons B, Thornton JE. Chatbot confabulations are
not hallucinations. JAMA Intern Med. 2023. https://doi.org/10.
1001/jamainternmed.2023.4231.

15. Kasai J, Kasai Y, Sakaguchi K, Yamada Y, Radev D. Evaluating
GPT-4 and ChatGPT on Japanese medical licensing examinations.
2023. https://doi.org/10.48550/arXiv.2303.18027

16. Kung TH, Cheatham M, Medenilla A, Sillos C, De Leon L,
Elepaiio C, et al. Performance of ChatGPT on USMLE: potential
for Al-assisted medical education using large language models.
PLoS Digit Health. 2023;2:¢0000198. https://doi.org/10.1371/
journal.pdig.0000198.

17. Nori H, King N, McKinney SM, Carignan D, Horvitz E. Capabili-
ties of GPT-4 on medical challenge problems. 2023. Doi: https://
doi.org/10.48550/arXiv.2303.13375

18. Open Al. GPT-4. https://openai.com/research/gpt-4

19. OpenAl, GPT-4 technical report, 2023. https://arxiv.org/abs/2303.
08774v3

20. Rahsepar AA, Tavakoli N, Kim GHJ, Hassani C, Abtin F, Bedayat
A. How Al responds to common lung cancer questions: ChatGPT
vs Google Bard. Radiology. 2023;307:e230922. https://doi.org/10.
1148/radiol.230922.

21. Singhal K, Tu T, Gottweis J, Sayres R, Wulczyn E, Hou L, et al.
Towards expert-level medical question answering with large lan-
guage models 2023:1-30. https://doi.org/10.48550/arXiv.2305.
09617

22. Takagi S, Watari T, Erabi A, Sakaguchi K. Performance of GPT-
35 and GPT-4 on the Japanese medical licensing examination:
comparison study. JMIR Med Educ. 2023;9:e48002. https://doi.
org/10.2196/48002.

23. Thirunavukarasu AJ, Ting DSJ, Elangovan K, Gutierrez L, Tan
TF, Ting DSW. Large language models in medicine. Nat Med.
2023;29:1930-40. https://doi.org/10.1038/s41591-023-02448-8.

24. Wang YM, Shen HW, Chen TJ. Performance of ChatGPT on the
pharmacist licensing examination in Taiwan. J Chin Med Assoc.
2023;86(7):653-8. https://doi.org/10.1097/JCMA.0000000000
000942.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://w3techs.com/technologies/overview/content_language
https://w3techs.com/technologies/overview/content_language
http://www.radiology.jp
https://bard.google.com
https://doi.org/10.1227/neu.0000000000002551
https://doi.org/10.7759/cureus.35179
https://doi.org/10.7759/cureus.35179
https://doi.org/10.1148/radiol.230582
https://doi.org/10.1148/radiol.230582
https://doi.org/10.1148/radiol.230987
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://chat.openai.com/auth/login
https://doi.org/10.2196/45312
https://doi.org/10.1001/jamainternmed.2023.4231
https://doi.org/10.1001/jamainternmed.2023.4231
https://doi.org/10.48550/arXiv.2303.18027
https://doi.org/10.1371/journal.pdig.0000198
https://doi.org/10.1371/journal.pdig.0000198
https://doi.org/10.48550/arXiv.2303.13375
https://doi.org/10.48550/arXiv.2303.13375
https://openai.com/research/gpt-4
https://arxiv.org/abs/2303.08774v3
https://arxiv.org/abs/2303.08774v3
https://doi.org/10.1148/radiol.230922
https://doi.org/10.1148/radiol.230922
https://doi.org/10.48550/arXiv.2305.09617
https://doi.org/10.48550/arXiv.2305.09617
https://doi.org/10.2196/48002
https://doi.org/10.2196/48002
https://doi.org/10.1038/s41591-023-02448-8
https://doi.org/10.1097/JCMA.0000000000000942
https://doi.org/10.1097/JCMA.0000000000000942

	Performance evaluation of ChatGPT, GPT-4, and Bard on the official board examination of the Japan Radiology Society
	Abstract
	Purpose 
	Materials and methods 
	Results 
	Conclusion 

	Introduction
	Materials and methods
	Questions dataset
	Question classification
	Data collection and assessment
	Statistical analyses
	Ethical considerations

	Results
	Overall performance of ChatGPT, GPT-4, and Google Bard
	Comparison of model performance on questions categorized by level of thinking
	Comparison of model performance on questions categorized by question pattern
	Comparison of model performance on questions categorized by topic
	GPT-4 performance comparison between categories

	Discussion
	Acknowledgements 
	References




