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Abstract

Background: The aim of this study is to evaluate the ability of generative artificial intelligence (AI) models to handle spe-
cialized medical knowledge and problem-solving in a formal examination context.

Methods: This research utilized internal medicine exam questions provided by the Taiwan Internal Medicine Society from
2020 to 2023, testing three AI models: GPT-4o, Claude_3.5 Sonnet, and Gemini Advanced models. Rejected queries for
Gemini Advanced were translated into French for resubmission. Performance was assessed using IBM SPSS Statistics 26,
with accuracy percentages calculated and statistical analyses such as Pearson correlation and analysis of variance
(ANOVA) performed to gauge AI efficacy.

Results: GPT-4o’s top annual score was 86.25 in 2022, with an average of 81.97. Claude_3.5 Sonnet reached a peak score of
88.13 in 2021 and 2022, averaging 84.85, while Gemini Advanced lagged with an average score of 69.84. In specific special-
ties, Claude_3.5 Sonnet scored highest in Psychiatry (100%) and Nephrology (97.26%), with GPT-4o performing similarly well
in Hematology & oncology (97.10%) and Nephrology (94.52%). Gemini’s best scores were in Psychiatry (86.96%) and
Hematology & Oncology (82.76%). Gemini Advanced models struggled with Neurology, scoring below 60%. Additionally,
all models performed better on text-based questions than on image-based ones, without significant differences. Claude 3
Opus scored highest on COVID-19-related questions at 89.29%, followed by GPT-4o at 75.00% and Gemini Advanced at
67.86%.

Conclusions: AI models showed varied proficiency across medical specialties and question types. GPT-4o demonstrated
higher image-based correction rates. Claude_3.5 Sonnet generally and consistently outperformed others, highlighting sig-
nificant potential for AI in assisting medical education.
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Introduction
Since the development of generative artificial intelligence
(AI) in 2020,1 it has played an increasingly significant
role in medical education, training, and advanced medical
practice.2 There is growing confidence that generative AI
will revolutionize the field of medicine.3 Previous studies
have explored the use of generative AI for interpreting data
and medical images.4,5 Additionally, some research has
employed medical licensing exams from various countries to
assess whether generative AI could potentially meet the quali-
fications required of a doctor.6–10 However, few studies have
specificallyexaminedAIperformance inmedical specialtycer-
tification exams to assess its ability to independently manage
patient care in subspecialty fields and determine if generative
AI could potentially pass these examinations, thereby poten-
tially qualifying as a knowledgeable subspecialist.11

Internal medicine encompasses a wide range of subspe-
cialties, each with its distinct scientific considerations,
therefore, when discussing a patient’s condition, a practi-
tioner must actively apply a diverse set of knowledge.12

Consequently, using internal medicine exam questions to
evaluate generative AI goes beyond merely determining
pass/fail outcomes or scores. We could identify the cogni-
tive limitations of generative AI through such questions.
By understanding these limitations, it would be more effect-
ive and better to integrate generative AI into our clinical
practice in the future.

The COVID-19 pandemic emerged in 2019, and with
its outbreak, numerous internal medicine challenges
arose, including issues related to immunology,13 infections,
pharmacology, chronic diseases, and cardiovascular care.
We also aim to use topical questions from the internal medi-
cine specialty exams to evaluate whether generative AI can
handle such emerging knowledge and novel diseases.
Additionally, this approach helps us discern which genera-
tive AI systems are better equipped to address these con-
temporary and emergent issues.

In 2024, the landscape of generative AI expanded
beyond ChatGPT-4 to include competitors such as Claude
3 Opus,14 and Gemini.15 Evaluating these products using
medical exams can provide valuable insights into their cap-
abilities regarding data bias and quality, transparency and
explainability, ethical considerations, and adaptability to
new medical challenges like COVID-19. Given that the
Internal Medicine Exam questions in Taiwan from 2020
to 2023 encompassed COVID-19-related content—aligning
with the advent of generative AI—we employed these three
AI models to attempt the exam. Our goal was to assess their
effectiveness in addressing internal medicine-related ques-
tions, current medical issues such as COVID-19, and situ-
ational problem-solving. This study aims to assess the
current capabilities of generative AI models in handling spe-
cialized medical knowledge and problem-solving within the
context of a formal examination setting.

Methods
This study utilized the internal medicine specialty exam
questions and standard answers provided by the Taiwan
Internal Medicine Society from 2020 to 2023. The official
answers served as the reference standard.16 The Taiwan
Internal Medicine Specialty Examination comprised 200
questions in 2020, while from 2021 to 2023, each annual
examinationconsistedof160questions.Researchersconducted
the experiment using three AI models: GPT-4o, Claude_3.5
Sonnet, and Gemini Advanced models. The research on three
generative AI models—GPT-4o, Claude_3.5 Sonnet, and
Gemini Advanced—was conducted during the period from
11 to 15August 2024 in Taichung, Taiwan.

The written exam format involves multiple-choice ques-
tions presented in Chinese, with specialized terms accom-
panied by English translations. The duration of the exam
ranges from two to three hours. The subject areas examined
included cardiovascular, respiratory, gastrointestinal,
metabolic and endocrine, renal, rheumatological, immuno-
logical, and allergic disorders, as well as hematological,
oncological, infectious, neurological, psychiatric, and
dermatological diseases pertinent to internal medicine.
The question distribution in the annual Taiwan Internal
Medicine Specialty Exams mainly emphasized Cardiovascular,
Chest,Gastroenterology, andNephrology.Thiswas followed
by Endocrinology, Infectious Diseases, Hematology &
Oncology, and Rheumatology, with Neurology, Psychiatry,
and Dermatology receiving fewer questions. A comprehen-
sive breakdown of question distribution by specialty from
2020 to 2023 is detailed in Supplemental Appendix
Table 1. The passing criterion of Taiwan Internal Medicine
Specialty written Examination was a score of 60 points or
above out of 100.

Due to usage restrictions associated with the GPT-4o
and Claude_3.5 Sonnet models, questions were alternately
posed to each system. Additionally, the Gemini Advanced
model was programed to decline questions pertaining to
medical images. For queries rejected by Gemini Advanced,
the questions were translated into French using Google
Translate and then successfully resubmitted for responses.

Each model was asked to answer the exam questions,
and their responses were compared with the official
answers to verify accuracy. The input method for GPT-4o,
Claude_3.5 Sonnet, and Gemini Advanced was consistent
to maintain fairness in the evaluation.

The method of data input varied depending on the type
of question, which was categorized into two main types:
text-based and image-based. For text-based questions, all
models employed a standardized input system where each
batch consisted of 20 questions. In instances where the
total number of questions did not divide evenly by 20, as
observed in the 2020 dataset which included 185 text-based
questions, the final batch was comprised of the remaining
questions (e.g. 5 questions) along with 15 previously
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answered questions to complete the batch of 20. The
responses for these reintegrated questions were based on
their original inputs.

In contrast, for image-based questions, each question
was processed individually.

The input process was conducted by the same researcher
to ensure consistency throughout the study. This study was
conducted to test AI models’ performance on Taiwan
internal medicine exams. As the study involved no human
participants or personal data collection, it did not require
approval from the Institutional Review Board (IRB).

Statistical analysis

The statistical analysis in this study employed IBM SPSS
Statistics 26, leveraging a comprehensive approach to
evaluate the performance of three AI models across
medical subject questions from 2020 to 2023. The study
examined distributions of question types, particularly
focusing on “Knowledge” and “Context” categories as well
as COVID-19-related questions (Supplemental Appendix
Table 2). By calculating the percentage of correctly answered
questions for eachmodel, the analysis provided a quantitative
measure of each model’s accuracy within specific medical
subjects. This score, derived by dividing the number of
correct responses by the total questions, allows for a direct
comparison of model performance, offering insight into
their respective capabilities in diverse domains of medical
knowledge.

The use of Pearson correlation coefficients to analyze the
interrelationships among the three models adds another
layer of complexity to the analysis. By assessing the
strength and direction of linear relationships between the
models’ performances across different subjects, the study
not only identified where model outputs aligned but also
highlighted areas where they diverged. A strong positive
correlation would suggest consistency in how the models
handle specific medical content, while weaker correlations
may indicate variability in their underlying processing

mechanisms. Understanding these correlations is critical
for interpreting how different AI models approach the
same set of clinical data, which has implications for their
potential integration into real-world medical settings.

Analysis of variance (ANOVA) was applied to assess
the statistical significance of differences in performance
between the models, providing a rigorous method to deter-
mine whether observed variations are due to chance or
represent meaningful discrepancies. The ANOVA results,
coupled with the Chi-square test—used to evaluate the dif-
ferences between observed and expected frequencies—
offer robust evidence regarding the models’ differential
capabilities. With a significance level set at 0.05, the statis-
tical tools employed in this study were designed not just to
confirm variability but to explore the underlying causes of
these differences. This multifaceted analysis moves
beyond mere description, offering insights into how each
AI model handles distinct types of medical data and provid-
ing a foundation for understanding how these systems may
be optimized for clinical use.

Results
Table 1 presents a comparative analysis of the performance
of GPT-4o, Claude_3.5 Sonnet, and Gemini Advanced over
the years 2020 to 2023, with distinct trends emerging.
GPT-4o achieved its peak performance in 2022 with a score
of 86.25, while maintaining a relatively stable average of
81.97 across the 4-year span. Claude_3.5 Sonnet, however,
reached its highest scores in 2021 and 2022, with a notable
average of 84.85, indicating superior consistency across the
years compared to the other models. In contrast, Gemini
Advanced consistently underperformed, achieving the
lowest scores across all years, with an average score of
69.84, suggesting a potential limitation in its ability to
handle the diverse question types and medical specialties
examined.

When dissecting performance by specialty, Claude_3.5
Sonnet stood out with the highest overall average score

Table 1. Comparative performance and scoring of GPT-4o, Claude 3 Opus, and Gemini from 2020 to 2023.

Year/model

GPT-4o
Claude_3.5 Sonnet Gemini Advanced

Passing rate Total questionsCorrect Score Correct Score Correct Score

2020 162 81.00 167 83.50 140 70.00 90.57% 200

2021 128 80.00 141 88.13 118 73.75 91.03% 160

2022 138 86.25 141 88.13 112 70.00 90.53% 160

2023 129 80.63 128 80.00 105 65.63 90.75% 160

Average 139.25 81.97 144.25 84.85 118.75 69.84 90.72% 170
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rate of 84.85%, followed by GPT-4o at 81.91%, while
Gemini Advanced lagged at 69.85%. Claude_3.5 Sonnet
demonstrated exceptional performance in Psychiatry, achiev-
ing a perfect score (100%), and excelled in Nephrology
(97.26%), underscoring its strength in specialties requiring
nuanced understanding. In comparison, GPT-4o’s strongest
area was Hematology & Oncology, with a score of 97.1%,
showing its competence in this domain. Despite its overall
lower scores, Gemini Advanced performed relatively better
in Psychiatry (86.96%) and Hematology & Oncology
(82.91%), suggesting its potential strength in specific areas.
Notably, Claude_3.5 Sonnet’s weakest performance was in
Gastroenterology, while Gemini Advanced exhibited signifi-
cant deficiencies in Neurology, with a concerning score of
47.83%, highlighting variability in model specialization
and effectiveness across different medical fields (Table 2).

The ANOVA further reinforces these observations,
revealing statistically significant differences in performance
among the three models across various specialties, with a
significance level of p < 0.01. The F-values (GPT-4o: 4.575,
Claude_3.5 Sonnet: 5.593, Gemini Advanced: 2.572)

suggest that the differences in mean scores between special-
ties are not due to random variation but rather reflect mean-
ingful distinctions in model performance. Claude_3.5
Sonnet exhibited the greatest variability between special-
ties, suggesting a higher degree of specialization in certain
fields, while Gemini Advanced showed the least variability,
though this may reflect its consistently lower performance.
Interestingly, despite its higher variability across special-
ties, Claude_3.5 Sonnet demonstrated the most consistent
performance within each specialty, as evidenced by its
low mean square value of 0.121, indicating smaller varia-
tions in performance across different items within a specific
specialty (Supplemental Appendix Table 3).

The data highlights the varying strengths of theAImodels
when categorized by question type and content. Claude_3.5
Sonnet demonstrated a clear advantage in knowledge-based
questions, leadingwith a score of 86.99, followedbyGPT-4o
at 81.89, and Gemini Advanced at 71.68. This suggests that
Claude_3.5 Sonnet is more adept at assimilating and recal-
ling factual medical information. For scenario-based ques-
tions, Claude_3.5 Sonnet and GPT-4o performed similarly,

Table 2. The correction rates and scores of three generative AI models—ChatGPT, Claude 3 Opus, and Gemini—across different medical
specialties for the Taiwanese internal medicine exams from 2020 to 2023.

Specialty /correct score Total

GPT-4o Claude_3.5 Sonnet Gemini Advanced

Questions Score (%) Questions Score (%) Questions Score (%)

Cardiovascular 82 61 74.39 64 78.05 51 62.20

Chest 81 63 77.78 65 80.25 54 66.67

Dermatology 22 68 80.95 71 84.52 54 64.29

Endocrinology 72 57 70.37 69 85.19 53 65.43

Gastroenterology 84 53 73.61 47 65.28 48 66.67

Hematology & oncology 73 67 97.10 67 97.10 57 82.61

Infection 70 64 91.43 65 92.86 54 77.14

Nephrology 81 69 94.52 71 97.26 59 80.82

Neurology 23 15 65.22 17 73.91 11 47.83

Psychiatry 23 20 86.96 23 100.00 20 86.96

Rheumatology 69 20 90.91 18 81.82 14 63.64

Total 680 557 81.91 577 84.85 475 69.85

Note. Data overview: This table presents the performance of three AI models (GPT-4o, Claude opus, and Gemini) across various medical subjects. Performance
is measured by the percentage of correctly answered questions out of the total questions presented in each subject.
Scoring method: The score (%) for each model in each subject is derived from the number of correctly answered questions divided by the total questions,
multiplied by 100. This provides a percentage score reflecting the accuracy of each model in the specific subject area.
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each achieving a score of 81.94, further emphasizing their
ability to analyze and interpret clinical scenarios effectively.
Conversely,GeminiAdvanced underperformed in scenario-
based questions with a score of 67.36, reflecting limitations
in applying knowledge to real-world clinical contexts.
These results suggest that while Claude_3.5 Sonnet and
GPT-4o are comparably strong in scenario-based reasoning,
Gemini Advancedmay struggle with the complexity of clin-
ical applications (Table 3).

The statistical analysis, including p-values, further
highlights differences in how these models handle various
question types. GPT-4o exhibited p-values well above
0.05 across all tests, indicating no significant differences
between its handling of knowledge-based questions and
contextual data. This suggests that GPT-4o maintains
stable performance without notable peaks or weaknesses
across different data types. In contrast, Claude_3.5 Sonnet
showed a p-value close to significance in a two-tailed test
(p= 0.070) and reached significance in a one-tailed test
(p= 0.045), indicating potentially stronger performance in
a specific direction. Similarly, Gemini Advanced displayed
no significant differences in performance across data types,
with p-values above 0.05, suggesting a consistent—though
generally lower—performance level (Supplemental Appendix
Table 4).

When evaluating text-based and image-based questions,
the results indicate that all three models performed better on
text-based questions than on image-based ones, although
the degree of difference varied. Claude_3.5 Sonnet achieved
a score of 86.52% on text-based questions and dropped to

66.67% on image-based questions, indicating a notable
decline in performance when dealing with visual data.
GPT-4o scored 82.34% on text-based questions and
77.19%on image-based questions, showing amore balanced
and consistent performance across both question types.
Meanwhile, Gemini Advanced scored 72.39% on text-based
questions but fell significantly to 42.11% on image-based
questions, reflecting a severe limitation in its ability to inter-
pret and process visual information. Interestingly, GPT-4o
demonstrated a relatively higher proficiency in handling
image-based questions, with 44 out of its 557 correct
responses being image-based, compared to Claude_3.5
Sonnet, which answered 38 image-based questions correctly
out of 577 correct responses (Table 4). This finding indicates
GPT-4o’s relative strength in processing visual data com-
pared to its counterparts.

The Chi-square test further supports these observations,
indicating significant differences in correction rates for text-
based and image-based questions for Claude_3.5 Sonnet
and Gemini Advanced (p< 0.001). This suggests that these
two models exhibit substantial differences in performance
between these question types. GPT-4o, however, did not
show significant differences in its performance across text-
based and image-based questions (p= 0.368), suggesting a
more uniform ability to handle both types of data. This con-
sistent performance across different data types implies that
GPT-4o may be more versatile, while Claude_3.5 Sonnet
and Gemini Advanced are more specialized, particularly in
how they differentiate between text-based and image-based
questions (Supplemental Appendix Tables 5 and 6).

Table 4. Comparison of AI models’ performance on text-based and image-based questions.

Category/correct score Total

GPT-4o Claude_3.5 Sonnet Gemini Advanced

Questions Score (%) Questions Score (%) Questions Score (%)

Image-based questions 57 44 77.19 38 66.67 24 42.11

Text-based questions 623 513 82.34 539 86.52 451 72.39

Total 680 557 81.91 577 84.85 475 69.85

Table 3. Performance of Claude 3 Opus, ChatGPT-4, and Gemini on knowledge-based and scenario-based questions (2020–2023).

Integrated/correct score Total

GPT-4o Claude_3.5 Sonnet Gemini Advanced

Questions Score (%) Questions Score (%) Questions Score (%)

Knowledge-based questions 392 321 81.89 341 86.99 281 71.68

Scenario-based questions 288 236 81.94 236 81.94 194 67.36

Total 680 557 81.91 577 84.85 475 69.85
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When focusing on questions related to current events,
specifically COVID-19, the analysis reveals key insights
into the models’ adaptability. Between 2020 and 2023,
there were 27 COVID-19-related questions and 653 unre-
lated questions. Claude_3.5 Sonnet achieved the highest
score on COVID-19-related questions with 89.29%, outper-
forming GPT-4o, which scored 75.00%, and Gemini
Advanced, which scored 67.86%. This suggests that
Claude_3.5 Sonnet was better equipped to process and
incorporate rapidly evolving information related to the pan-
demic. Despite this, all three models performed better on
COVID-19-unrelated questions, indicating that while they
can handle pandemic-related content, their performance
may still be optimized in areas with more stable, established
knowledge bases (Table 5). Notably, no model demon-
strated strong statistical significance in their performance
differences between COVID-19-related and unrelated ques-
tions, indicating that the differences in handling these two
categories may not be substantial across all tests
(Supplemental Appendix Tables 7 and 8).

Discussion
This study evaluated the performance of three AI models—
GPT-4o, Claude_3.5 Sonnet, and Gemini Advanced—from
2020 to 2023 across various question formats and special-
ties. Claude_3.5 Sonnet consistently outperformed the
others, achieving high scores particularly in Psychiatry
and Nephrology, with its peak performance in 2021 and
2022. GPT-4o demonstrated variability but excelled in
scenario-based, though it underperformed in specialties
like Neurology and Endocrinology. Gemini Advanced, on
the other hand, generally scored lower, with some excep-
tions in Psychiatry. Additionally, variations in correction
rates between knowledge-based and scenario-based ques-
tions were significant for Claude_3.5 Sonnet, highlighting
different capabilities in question handling. Claude_3.5
Sonnet also showed superior performance in text-based
questions compared to image-based ones. Performance on
COVID-19-related questions was better of Claude_3.5
Sonnet models compared to COVID-19-unrelated topics,
though the differences were not statistically significant.

Overall, this analysis provides insights into each model’s
strengths and weaknesses, indicating Claude_3.5 Sonnet
as the most consistent and versatile performer.

In this study, Claude 3 Opus emerged as the top-
performing model among three generative AI models.
Additionally, Claude_3.5 Sonnet demonstrated consistent
excellence across various medical specialties. As of August
2024, Claude_3.5 Sonnet stands out as the most advanced
model developed by Anthropic (CA, USA). Despite having
fewer studies in the medical domain compared to Ched
GPT, Claude series has exhibited notable performance in
several research endeavors. For example, Mensah et al.17

demonstrated Claude’s superior performance in the applica-
tion of Emergency Medicine when used with appropriate
prompts. Uppalapati et al.18 reported that Claude AI per-
forms better than ChatGPT and Bard because it gives com-
plete responses. Similarly, Kurokawa et al.19 found that
Claude 3 Opus showcased significantly enhanced diagnostic
capabilities by incorporating key images alongside clinical
history, facilitating the listing of important differential diag-
noses. Additionally, Venerito et al.20 successfully integrated
Claude 2 into scoring systems for idiopathic inflammatory
myopathies.However, some studies have indicated instances
where Claude performed less effectively than GPT-4o in the
medical field.21 Wu et al.21 demonstrated that widely used
open-source language models (LLMs) exhibited poor zero-
shot reasoning abilities in nephrology compared to GPT-4o
and Claude 2, with Claude 2 scoring lower than GPT-4o.
Furthermore, Abbas et al.22 found that GPT-4o’s overall per-
formance surpassed that of Claude by 15.3% on the National
Board of Medical Examiners Sample Questions. A key
reason for the differing outcomes in the studies by Wu
et al.21 and Abbas et al.22 is that they utilized Claude 2,
whereas most other studies demonstrating superior perform-
ance employed Claude 3 Opus.19 This variation underscores
the distinct performance levels among AI models in the
medical field. It emphasizes the importance of careful com-
parison of study results, especially as these generative AI
models are rapidly evolving and revolutionizing the field.

It’s important to note that Gemini Advanced models—
demonstrated low performance in neurology, achieving an
average accuracy of <50%. Despite previous research

Table 5. Scoring rates of AI models on COVID-19-related versus unrelated questions.

Category/correct score Total

GPT-4o Claude_3.5 Sonnet Gemini Advanced

Questions Score (%) Questions Score (%) Questions Score (%)

COVID-19 related 27 21 75.00 25 89.29 19 67.86

COVID-19 unrelated 653 536 82.21 552 84.66 456 69.94

Total 680 557 81.91 577 84.85 475 69.85
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indicating the potential of AI in this field, such as studies
by Huang et al.23 on debunking Alzheimer’s disease
myths among caregivers, Inojosa et al.24 on assessing gen-
erative AI’s clinical decision making in multiple sclerosis,
and Kim et al.25 on employing AI for the differential
diagnosis of epilepsy, our latest findings reveal a noticeable
discrepancy in the AIs’ ability to handle neurology
exam questions. These prior studies focused on specific
neurological issues, testing the AI’s proficiency within
narrow topics.23–25 Our data suggest that a careful, compre-
hensive evaluation is required when deploying generative
AI across broader neurological applications, ensuring
the technology is adapted appropriately to meet diverse
clinical needs.

Another point to note is that models like GPT-4o,
Claude_3.5 Sonnet, and Gemini Advanced models, which
are LLMs, demonstrate a discrepancy in handling text-
based versus image-based questions.26 LLMs are primarily
trained using natural language processing (NLP) techniques
focused on predicting and completing text, and their data-
bases consist predominantly of textual data.27,28 This makes
them highly adept at understanding and generating context-
ually appropriate text responses, a capability enhanced by
their use of a deep learning architecture known as transfor-
mers, ideal for processing sequential data.26,29,30 However,
LLMs do not inherently process images; they can only
handle image-based questions through textual descriptions
of the images, not by analyzing the images directly.31 The
lack of direct image processing capabilities stems from the
models’ design, which does not incorporate the computa-
tional techniques—such as pattern recognition and object
identification—used in image analysis.32 This specialization
in text rather than images explains why LLMs have superior
capabilities in answering text-based questions over image-
based ones. The current advancement of multimodal LLMs
is set to enhance the capability of generativeAI in image inter-
pretation, complementing its existing proficiency in text
understanding.33,34

Since the onset of the COVID-19 pandemic in late 2019,
all three generative AI models examined in this study have
shown the capability to effectively answer questions related
to COVID-19. This demonstrates that these AI systems
possess the ability to rapidly incorporate and update their
knowledge bases with current and emerging information,
even before 2021.35 The swift adaptation and knowledge
acquisition of these AI models are particularly significant
in addressing fast-evolving global health crises like the
COVID-19 pandemic. The capacity of AI to quickly inte-
grate new data and respond to novel situations underscores
its potential as a critical tool in medical education, espe-
cially in the context of advancing medical knowledge.
Claude_3.5 Sonnet, in particular, stands out as a model
that could play a pivotal role in helping medical profes-
sionals and students stay abreast of the latest developments
in the field. This feature of AI models—to capture, process,

and disseminate new and important information rapidly—
ensures that medical education can be conducted in a
timely and relevant manner. The implications extend
beyond merely answering pandemic-related questions;
they suggest that AI can serve as an essential adjunct in
the continuous education of healthcare professionals, par-
ticularly in areaswheremedical knowledge is rapidly evolv-
ing. As the landscape of medicine continually shifts with
new discoveries and treatments, the ability to incorporate
cutting-edge information quickly becomes a vital asset in
both clinical practice and education. Future studies should
explore how AI models like Claude_3.5 Sonnet can be
further optimized and systematically integrated into medical
curricula and ongoing professional development to maximize
their utility in an ever-changing medical environment.

The study’s findings open important discussions about
the implications for both clinical practice and medical
education. The demonstrated effectiveness of Claude_3.5
Sonnet suggests that integrating advanced AI tools into
medical training could significantly enhance learners’
diagnostic skills and understanding of complex medical
scenarios. In clinical practice, the AI’s ability to adeptly
handle diverse question types may support physicians in
making more informed decisions, ultimately leading to
improved patient care. If we consider an average score
above 90 as indicative of being qualified to assist in clinical
decision making, our data suggests that Claude_3.5 Sonnet
could be particularly valuable in addressing clinical problems
within the subspecialties of Psychiatry, Hematology &
Oncology, Infection, and Nephrology. This highlights the
potential for AI to not only support general medical practice
but also to provide specialized assistance in areas that require
nuanced expertise.

While this study primarily focused on evaluating the per-
formance metrics of AI models in the context of medical
performance, it is essential to acknowledge that ethical con-
siderations and potential biases could impact their real-
world applicability. AI models like GPT-4o, Claude_3.5
Sonnet, and Gemini Advanced may carry biases rooted in
their training data, which could affect their decision
making and outcomes across different contexts and demo-
graphics. Additionally, it’s important to note that the internal
medicine examsused in this study contain very fewquestions
related to ethics. Therefore, the AI models’ performance on
these exams may not translate to an accurate assessment of
their ability to handle ethical issues. Addressing ethical con-
siderations in AI is critical, but it exceeds the scope and data
available in this study.

Based on the findings of this study, we recommend
several specific avenues for future research. First, the inte-
gration of AI models into medical training should be
approached systematically, with controlled studies designed
tomeasure the impact of AI assistance on learning outcomes.
AI models like Claude_3.5 Sonnet, which showed particular
strengths in areas such as Psychiatry and Nephrology, could
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be piloted in specialty-specific education programs to assess
their effectiveness in enhancing diagnostic skills.

Second, AI models should be continuously evaluated for
their ability to handle evolving medical knowledge, such as
COVID-19-related content, to ensure they remain a valu-
able educational resource. Further studies could also inves-
tigate the potential for AI to support continuous medical
education, helping clinicians stay updated on the latest
advances in treatment and guidelines.

Third, improvements in AI’s handling of visual data are
necessary, as evidenced by Gemini Advanced’s relatively
poor performance on image-based questions. Research
should focus on enhancing AI’s image recognition capabil-
ities, particularly in specialties like radiology and dermatol-
ogy, where visual interpretation is crucial.

Finally, addressing ethical concerns and ensuring equit-
able AIdeployment in diverse clinical settingswill be critical.
Future research should investigate strategies for minimizing
algorithmic bias, particularly in subspecialties that involve
complex patient populations, such as Oncology and
Infectious Disease.

Limitations and potential biases

This study has several limitations, some of which may
introduce potential biases that could have impacted the
results. First, the definition of medical specialties was deter-
mined by the research team, which may differ from the offi-
cial classifications recognized by the Taiwan Society of
Internal Medicine. Although the distribution of questions
across subspecialties closely mirrors the annual distribution
in the Taiwan internal medicine exams, with discrepancies
in the number of questions per subspecialty not exceeding
two, this could still introduce a subtle bias. While we
attempted to minimize the impact, the subjective nature of
defining specialties could affect how well the AI models’
performance generalizes to real-world internal medicine
classifications.

A further limitation arises from the uneven distribution
of questions across specialties. Certain specialties, such as
Neurology and Psychiatry, had a very limited number of
questions, which may not provide a robust assessment of
the AI models’ performance in these areas. The small
sample size for these specialties could skew the models’
scores and make it difficult to draw reliable conclusions
about their true capabilities in such domains. This limitation
underscores the challenge of adequately evaluating AI per-
formance across a broad range of subspecialties, especially
when question representation is uneven.

Another significant source of potential bias lies in the
language processing of the threeAImodels.All the questions
were written in Chinese, but when Gemini Advanced could
not respond, the questions were translated into French
using Google Translate. This additional translation step
introduces the possibility of linguistic discrepancies,

misinterpretation of nuanced medical terminology, or even
cultural bias, which could have skewed the performance out-
comes. Translation inconsistencies may not only affect
accuracy but could also alter the context or meaning of clin-
ical scenarios, thereby affecting the AI’s ability to generate
appropriate responses.

Additionally, the limitations imposed by the AI systems
themselves must be considered. Due to constraints on the
number of questions generative AI models can process at
one time, it was not possible to test all questions in a single
session. This may introduce variability in the models’ per-
formance, as the different testing environments and potential
changes in model behavior over time could contribute to
inconsistencies in the results. Moreover, the limited capacity
of the internal medicine question bank and the finite number
of specialty-specific questions may not have fully captured
the complexity and breadth of knowledge required to com-
prehensively assess the models’ abilities across all medical
fields. Lastly, the rapid evolution of AI technology intro-
duces another layer of complexity. The models tested in
this study are part of a fast-changing field, where new
updates and improvements are frequently released. As this
study predominantly relies on studies published in 2024 for
comparison, the results may quickly become outdated as
AI models continue to advance. Furthermore, the rapidly
evolving capabilities of generative AI models could mean
that the performance observed in this study might not be
fully indicative of future versions, particularly as these
models improve in processing language, adapting to
medical terminology, and mitigating biases. In sum, while
this study provides valuable insights into the performance
of AI models in internal medicine exams, the inherent
biases related to specialty definitions, question distribution,
translation issues, and the evolving nature of AI technology
must be carefully considered when interpreting the results.
Future studies should address these limitations by ensuring
larger and more balanced question sets across specialties,
improving cross-linguistic accuracy in model evaluation,
and continually updating assessments to reflect advance-
ments in AI capabilities.

Conclusions
In conclusion, GPT-4o and Claude_3.5 Sonnet performed
better on the Taiwanese internal medicine specialty
exam questions compared to Gemini Advanced. Notably,
GPT-4o, Claude_3.5 Sonnet, and Gemini Advanced each
exhibited significant variations in performance across differ-
ent subspecialties of internal medicine, indicating inconsist-
encies in their proficiency in the areas of internal medicine.
These disparities may be attributed to the unique characteris-
tics of the exam questions themselves or inherent differences
in the generative AI models. It is hoped that the findings of
this study will further aid in the application of generative
AI in clinical settings.
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