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Abstract

Recent vision-enabled multimodal large language models (LLMs) have achieved
strong performance on high-stakes medical examinations, yet their capabilities in
pediatrics, particularly for image-based questions, remain underexplored. We
analyzed 498 unique questions with Korean-English terminologies, taken from 10
pediatric in-training examinations (ITEs) conducted by a single pediatric
department between 2016 and 2023. Approximately 22% of items contained
medical images. Three recent publicly accessible LLMs (GPT-4.1, Gemini-2.5-Pro,
Claude-4.1-Opus) and three prior models (GPT-40, Gemini-1.5-Pro, Claude-3.5-
Sonnet) were tested. Recent LLMs significantly outperformed fourth-year
residents (R4) (77.7-78.9% vs. 70.1%, all P < 0.008), while prior models showed
comparable results. For text-only items, three recent LLMs achieved a superior
proportion correct (PC) compared with R4 (80.1-81.0% vs. 69.6%). None of the
evaluated LLMs surpassed R4 performance on image-included questions; both
prior and recent models consistently exhibited inferior PC on image-included
items than text-only questions. Outputs demonstrated high repeatability
(intraclass correlation coefficient >0.98) across most models. In this study,
multimodal LLMs achieved high performance on the Pediatric ITE, with further
improvements observed over the past year and results exceeding those of senior
residents. Nonetheless, performance on image-included questions was inferior to

that of text-only questions and did not exceed that of senior residents.
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Introduction

Large language models (LLMs), a class of generative artificial intelligence (AI)
systems, are increasingly being integrated into the medical landscape [1]. Recent
studies have shown that these models can achieve accuracy on high-stakes
examinations that meets or even exceeds expert-level passing thresholds [2]. In
pediatrics, Generative Pre-trained Transformer-4 (GPT-4) scored 79.8% and 84.2%
on the 2021 and 2022 American Academy of Pediatrics (AAP) self-assessments,
exceeding the 75% average of pediatric trainees [3]. More recently, GPT-4 Omni
achieved 90.4% accuracy on pediatric United States Medical Licensing
Examination-style questions, outperforming GPT-3.5 and typical medical students

[4].

Since early 2024, the widespread release of vision-enabled LLMs such as GPT-4,
Claude, and Gemini has made large-scale multimodal, image-aware question
solving feasible and further improved performance on medical examinations,
sometimes matching or exceeding human test-takers [2, 4-8]. However, despite
this rapid progress, several gaps persist in the pediatric field. First, few studies
have compared multimodal LLMs with human clinicians on pediatric
examinations that include image-based dquestions [5, 9]. Second, because
multimodal capabilities are relatively recent, only a limited number of evaluations
have tracked performance longitudinally across different LLM versions [10, 11].
Third, it is unclear whether findings based largely on English-language
examinations generalize to non-English settings, where linguistic and contextual

differences may affect both text processing and image-text alignment [12].

Therefore, to address these gaps, this study directly compared the proportion
correct (PC) of state-of-the-art LLMs and pediatric residents on a single-
institution in-training examination (ITE). We analyzed performance across both
image-based and text-only items and quantified year-over-year performance
changes by contrasting the latest models with their immediate predecessors using

the same question bank.

Methods

This study was conducted in accordance with relevant guidelines and regulations.

The study protocol was reviewed and approved, with a waiver of informed consent,



by the Institutional Review Board of Asan Medical Center (IRB No. 2025-0722)
because this study involved secondary analysis of educational assessment data
and did not involve patient data or direct participant intervention. We included
pediatric residents enrolled in a 4-year training program at Asan Medical Center.
In this study, R1, R2, R3, and R4 refer to first-, second-, third-, and fourth-year
pediatric residents, respectively. The pediatric ITE items and resident scores are
proprietary to the Department of Pediatrics, Asan Medical Center, and their
secondary use for this research and publication was approved by the department
in accordance with institutional policies. This study was written according to the
Minimum Reporting Items for Clear Evaluation of Accuracy Reports of Large

Language Models in Healthcare [13].

Question preparation

Between 2016 and 2023, a total of 12 ITEs were conducted, excluding periods
when examinations were not held due to the COVID-19 pandemic. Of these, one
ITE was excluded because it was reserved for prompt optimization, and another
was excluded due to the loss of answer sheets. Consequently, 546 questions from
the remaining 10 ITEs were available for analysis. After removing 48 duplicated
items, a total of 498 unique questions were included. The questions were written
in Korean sentence structures; however, medical terminologies were
predominantly presented in English. Approximately 20-30% of the items
incorporated medical images. The original examination sheets were used without
any modification to their content, preserving the format in which they had been

distributed to the residents.

Each test set (comprising 45-55 questions) was submitted as a whole sheet to the
LLM, rather than processing each question as an individual application
programming interface (API) call. The models were required to autonomously
distinguish between context, choices, and images, and then generate answers. To
maintain the independence of each question and to minimize recognition errors
by the LLM, the following measures were implemented: 1) To clearly separate the
context from the answer choices, the beginning and end of each context were
explicitly marked with “##”. 2) To prevent image distortion or resolution
degradation, the original image files were stored separately and made available

for direct retrieval by the model. 3) To minimize recognition errors related to the



use of Korean text, the answer and explanation for each question were
accompanied by a complete English translation of the question. These translations
were independently reviewed by pediatricians (BLINDED). All constructed-
response items were short-answer rather than essay-type and were handled as
follows. A single investigator (BLINDED) graded responses from both the LLMs
and the residents. Answers were marked as correct if they matched the reference
answer, an accepted synonym, or a commonly used abbreviation (e.g., “GAS,”
“group A streptococcus,” and “Streptococcus pyogenes” were all considered
correct); all other responses were classified as incorrect. No items were judged

to be ambiguous

LLM Applications

To analyze temporal changes in LLM performance, we selected models based on
their release dates relative to the study design time point (August 2025). Among
the three major, publicly accessible LLM families (GFT, Gemini, and Claude), we
included one “recent” model (released within the 12 months preceding August
2025) and one “prior” model (released 12-24 months before August 2025) from
each family. We restricted our sample to general-purpose LLMs that were directly
accessible to end users as web-based chatbots, without requiring API calls, local
deployment, or fine-tuning, and that were publicly available at the time of the
study. The final set of models consisted of GPT-40, GPT-4.1, Gemini-1.5-Pro,
Gemini-2.5-Pro, Claude-3.5-Sonnet, and Claude-4.1-Opus. All LLM model
inferences, including prompt optimization and question solving, were performed
programmatically via each company’s business API rather than through a web
interface. All model inferences were performed between August 5 and August 15,
2025, using the versions of each LLM that were publicly available during this
period. API calls, question set retrievals, and prompt submissions were performed
using Python 3.9.13 (Python Software Foundation, USA). Test questions were
retrieved from a secure repository and inserted into a standardized prompt
template; no test content was entered into an interactive chatbot user interface.
The API workspaces had enterprise data protection enabled by default (no

training on business data, memory disabled, and no fine-tuning).

The prompt was constructed as follows. First, within each examination set, the
context, choices, and images were extracted, and the question type was classified



accordingly: multiple-choice questions with or without image, and constructed-
response questions with image. Representative examples of multiple-choice and
constructed-response questions, with and without images, are provided in
Supplementary Table 1. Second, task-specific instructions were added to guide
the reasoning process, including the expected knowledge level and the method of
question solving according to the type. Finally, the prompt incorporated critical
instructions for decision-making and output generation. Prompt refinement was
conducted between August 5 and August 15, 2025. The finalized prompt is
provided in Supplementary Table 2. Using this finalized prompt, the LLMs
performed the assigned tasks between August 15 and August 20, 2025.

Evaluation

Given that all questions were medical decision-making tasks, the temperature
parameter was set to 0 in order to minimize response variability and diverse
output generation. Each examination set was processed five times to assess the
robustness of outputs against randomness, and the first output generated was

adopted as the final LLM response.

The primary outcome was the PC of LLMs on individual questions, which was
compared with that of pediatric residents. To allow repeated participation without
attribution errors, a uniqgue identifier (year-exam-grade-sequence) was assigned
to each participant, and multiple appearances of the same individual across
examination sessions were treated as independent entries. In addition, we
compared the performance between recent LLMs (released within the past year:
GPT-4.1, Gemini-2.5-Pro, Claude-4.1-Opus) and prior LLMs (released more than 1
year earlier: GPT-40, Gemini-1.5-Pro, Claude-3.5-Sonnet), as well as with the most

senior resident group (fourth-year resident, R4).

Statistical analysis

PC and 95% confidence intervals were estimated using 10,000 nonparametric
bootstrap replicates at the question level. Comparisons between residents and
LLMs were conducted using a two-sided McNemar’s test, with resident group

responses dichotomized at the item level by majority vote (=50%), enabling direct



binary comparisons with LLM predictions. Two-sided P values < 0.05 were
considered statistically significant. To account for multiple comparisons, we
controlled the family-wise error rate for two prespecified families of hypotheses
using Bonferroni-adjusted thresholds, as described below. First, we tested six
pairwise comparisons between R4 and each of the six LLMs, applying a
Bonferroni-adjusted threshold of a« = 0.008 (0.05/6). Second, we tested three
comparisons involving R4, the prior LLMs, and the recent LLMs, using a
Bonferroni-adjusted threshold of a = 0.017 (0.05/3). We did not perform formal
pairwise hypothesis tests among LLMs themselves; instead, we report their

relative performance descriptively.

To compare performance on image-included versus text-only questions for each
LLM model, an independent-samples t-test was conducted on the mean PC values
obtained through bootstrapping. Repeatability across five times of LLM responses
was assessed using the ICC. Agreement levels were categorized as follows: poor
(ICC < 0.20), fair (0.21-0.40), moderate (0.41-0.60), good (0.61-0.80), and
excellent (> 0.80) [14]. Statistical analyses were performed using SPSS Statistics
for Windows, version 21.0 (IBM Corp., New York, USA) and MedCalc Statistical
Software version 23.3.5 (MedCalc Software Lid, Ostend, Belgium).

Results
Characteristics of participating residents and examination questions

During the study period, a total of 308 residents participated in the ITEs, with 73-
81 residents included per training year (Table 1). The distribution of participants
by training level (R1 to R4) was even (range, 23.7%-26.3%). The median number

of residents per training year per exam was 8.

Among the 498 included questions, 387 (77.7%) were text-only and 111 (22.3%)
contained one or more images. The most common image modality was X-ray
(42.3%), followed by clinical photographs (30.6%), magnetic resonance imaging
(24.3%), ultrasound (20.7%), and computed tomography (18.0%). The majority of
the questions were multiple-choice (492, 98.8%), while only 6 (1.2%) items were
constructed-response questions. The number of questions by topic was relatively
balanced, with 42-47 questions (8.4-9.4%) across most specialties, except for

emergency medicine (30, 6%), medical genetics (28, 5.6%),



endocrinology/metabolism (22, 4.4%), and critical care (13, 2.6%)

Comparison of LLM Performance Against R4 and Across Model Generations

Figure 1 shows the different LLMs and their performance. The PC scores of
residents from R1 to R4 were 56.5%, 61.7%, 65.0%, and 70.1%, respectively (Fig.
1). Recent LLMs (GPT-4.1, Gemini 2.5-Pro, and Claude-4.1-Opus) significantly
outperformed R4 (78.9%, 77.9%, and 77.7% vs. 70.1%, respectively; all < 0.008).
Among the LLMs, GPT-4.1 had the highest PC on the pediatric ITE (78.9%, Fig.
1). However, our statistical comparisons were prespecified to focus on R4 versus
each LLM and on R4 versus prior versus recent LLM groups; we did not perform
formal hypothesis testing for all pairwise differences among LLMs. When
performance was analyzed by question type, all LLMs’ performance was
comparable to that of R4 on image-included questions. For text-only questions,
recent LLMs (GPT-4.1, Gemini 2.5-Pro, and Claude-4.1-Opus) achieved
significantly higher PC compared to R4 (80.1%, 61.0%, and 80.1% vs. 69.6%,
respectively; all < 0.008).

Compared with prior LLMs, recent models exhibited significantly higher PC
across all questions, including image-included and text-only types (all < 0.017,
Fig. 2). Furthermore, compared with R4, recent LLMs showed significantly higher
PC on total and text-only questions (P = 0.01 and 0.03, respectively) but

demonstrated compearable performance on image-included questions.

For both Gemini 2.5-Pro and Claude 3.5-Sonnet, the PC was significantly lower
on image-included questions compared to text-only questions (71.9% vs. 81.0%, P
= 0.02 and 66.7% vs. 76.1%, P = 0.024, respectively; Fig. 3). This performance
trend was consistent across both generational groups, with significantly lower PC
on image-included questions than on text-only questions for both prior and recent
LLMs (66.3% vs. 73.6%, P= 0.038 and 73.9% vs. 80.4%, P = 0.032, respectively).

PC comparisons between R4 and LLMs across topics and image subcategories are
summarized in Table 2. Across all image types and topics, some pairwise
comparisons showed significantly higher PC for LLMs than for R4, whereas none
showed significantly higher PC for R4 than for any LLM (Bonferroni-adjusted a =
0.008).



Repeatability of LLM outputs

Repeatability assessments are summarized in Table 3. With the exception of
Gemini-2.5-Pro, all LLMs demonstrated excellent agreement (intraclass
correlation coefficient [ICC] range, 0.98-1.00), while Gemini-2.5-Pro showed good

agreement with an ICC of 0.73.

Discussion

In the study, we found that recent multimodal LLMs released within the past 2
years, both prior models and recent models, demonstrated performance that was
either superior to or comparable to that of senior pediatric residents on the
pediatric ITE. Prior models (released more than 1 year ago) showed performance
comparable to senior residents, whereas recent models (released within the past
year) exhibited improved accuracy compared tc thelr predecessors and
outperformed senior residents. These models aiso provided consistent responses
across repeated tasks. Furthermore, the high performance of multimodal LLMs
previously reported in English-based examinations was reproduced in a mixed
Korean-English setting. However, both recent and prior LLMs exhibited lower
performance on image-included questions compared to text-only questions, and

none surpassed senior residents on image-included items.

Consistent with recent reports on the high performance of commercially
accessible LLMs on ITEs [4-6, 9, 11, 15-17], our study confirms this trend and
demonstrates even further improved performance. Although this study was
conducted in ITE setting, the results suggest the potential for applying
commercially accessible LLMs in clinical practice. Several studies have
documented the real-world feasibility of LLMs as Clinical Decision Support
Systems (CDSS) across various disease categories and clinical scenarios [18, 19].
Although most studies still caution against LLM-driven decisions, emphasizing
their limited role as assistive tools [6, 20], our findings primarily show that
multimodal LLMs can perform comparably to senior pediatric residents on ITE-
style multiple-choice questions. However, recent work has highlighted important
limitations of multiple-choice exam benchmarks for evaluating LLMs in

healthcare and cautioned against interpreting such results as evidence of clinical



readiness [21, 22]. Moreover, even if LLM performance on ITE-style questions is
promising, multiple additional steps, including testing on real-world cases, and
external validation, are still required. Accordingly, our results should not be taken
as proof of readiness for autonomous pediatric CDSS, but rather as an initial
signal that may justify carefully staged future evaluations of LLM-assisted
decision support in pediatrics. Beyond clinical feasibility, the high accuracy of
LLMs on the ITE directly underscores their educational utility [6, 23]. As
adjunctive study tools, LLMs can provide trainees with rapid feedback, exposure
to a wide range of clinical scenarios, and opportunities to practice critical
appraisal of Al-generated answers [6]. While not a substitute for supervised
clinical training, their consistent performance on standardized questions suggests

a strong potential to complement traditional pediatric education.

Although multiple studies have investigated the performance of LLM on pediatric
medical questions, the majority excluded image-based questions due to
incomplete image recognition capabilities [4, 9, 15, 17]. Notably, Le et al.
conducted the only study utilizing GPT-4.0 Vision to analyze image-included
questions, but the model failed to interpret 15% of the items and achieved an
accuracy of only 68% [3]. In our study, prior vision-enabled LLMs demonstrated
lower accuracy (66.3%), whereas recent LLMs showed a meaningful improvement
(73.9%), with the top-performing model, Claude-4.1-Opus, achieving an accuracy
of 76.6%. Nevertheless, their performance remained inferior to that on text-only
questions and did not exceed that of clinicians.

Several studies have similarly reported that LLM-based models exhibit weaker
image analysis capabilities relative to their strong performance in text-based
analysis [2, 24, 25]. This limitation is particularly pronounced in pediatrics, where
studies have shown that LLMs demonstrate inadequate performance in image
interpretation [26, 27]. Unlike real-world clinical practice, where imaging studies
are variable and less standardized, ITE questions are carefully curated, which
would be expected to favor higher Al performance. This insufficient performance
raises concerns about the applicability of LLMs in pediatric settings, where
diagnostic reasoning often relies on imaging studies due to the inherent
limitations in history-taking and physical examination relative to adult populations.
Consistent with prior studies, our findings underscore the limitations of LLMs in

pediatric image interpretation and indicate the need for further improvements in



commercial models or the development of dedicated fine-tuned systems [5, 6, 11,
28].

Beyond insufficient image interpretation, several other barriers must be
addressed before LLMs can be reliably applied in real-world pediatric practice.
Clinical decision-making often requires nuanced contextual understanding,
longitudinal patient information, and integration of multimodal data—areas in
which current LLMs remain limited [29]. Al models also pose inherent challenges,
including hallucinations, bias, performance drift, and the black-box issue, all of
which require careful consideration [29, 30]. Given that errors may occur more
frequently in pediatric scenarios than in adult scenarios, particular caution is
warranted when applying LLMs in the pediatric field [11, 31, 32]. Given the
potentially severe consequences of Al malfunctions in clinical practice, advancing
toward a clinically applicable LLM-based CDSS will require rigorous validation
alongside improvements in prompt engineering, fine-tuning, on-premise
validation, and retrieval-augmented generation to ensure performance and

reliability.

This study has several limitations. First, because it was conducted at a single
center and included only residents who participated in one institutional ITE, the
generalizability of the findings may be limited. Second, our evaluation reflects
LLM performance during a specific time window. All experiments were conducted
in 2025 using model versions that were available at that time; given the rapid
pace of model updates, newer versions may already achieve higher accuracy than
reported here. Accordingly, our results should be interpreted as a snapshot of
contemporary performance rather than a definitive estimate of each model’s long-
term capabilities. Third, although two authors reviewed the English-translated
questions, the examination consisted of mixed Korean-English items; therefore,
the possibility that language recognition errors affected performance cannot be
entirely excluded. Nevertheless, the findings of this study were consistent with
the trends reported in prior publications and even reinforced some of the
previously suggested conclusions, supporting a reasonable degree of
reproducibility. Forth, we did not perform an in-depth analysis of the LLM error
patterns, which could have clarified how their mistakes differed from those of
residents and in what ways recent models may have overcome the shortcomings

of prior versions. In addition, unlike most previous studies, our dataset included



a small number of short-answer questions; however, this number was limited to
six, which was insufficient for meaningful statistical analysis and prevented a
direct comparison with multiple-choice questions. Fifth, we did not evaluate open-
source LLMs because our study was designed around vendor-hosted models that
are immediately deployable via managed APIs in real-world clinical and
educational settings. Sixth, because we did not conduct a detailed review of the
LLMs’ generated reasoning, we were unable to evaluate reasoning transparency,
hallucination risk, calibration, or error detectability. In addition, we did not
analyze why the models failed to arrive at the correct answers on image-based
items, nor did we assess the potential clinical severity or consequences of such
errors. These aspects are critical for evaluating the feasibility and safety of
clinical deployment of LLMs and should be addressed in future studies. Finally, it
should be noted that our results should be interpreted as a comparison of LLMs
and residents on a standardized written assessment, rather than as a direct
comparison of their overall clinical performance, and that performance on ITE-
style multiple-choice questions should not be overinterpreted as evidence of real-
world clinical problem-solving ability. These limitations warrant further

investigation in future studies.

Conclusion

Multimodal LLMs achieved high performance on the Pediatric ITE, with further
improvements observed over the past year and results exceeding those of senior
residents. Nonetheless, their performance on image-included questions remained
inferior to text-based analysis, highlighting both the educational potential of
LLMs and the persistent limitations of current models in pediatric image

interpretation, which require further refinement before clinical application.
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Figure Legends

Figure 1. Comparison of performance between pediatric residents and LLMs
*P<0.008 compared to R4
LLM, large language model; GPT, Generative Pre-trained Transformer

Point estimates indicate the mean bootstrap PC based on 10,000 bootstrap
resamples.

Figure 2. Comparison of the performance between recent LLMs (GPT-4.1,
Gemini-2.5-pro, and Claude-4.1-opus) and older LLMs (GPT-40, Gemini-1.5-pro,
and Claude-3.5-Sonnet)

*P<0.017
LLM, large language model; GPT, Generative Pre-trained Transformer

Point estimates indicate the mean bootstrap PC based on 10,000 bootstrap
resamples.

Figure 3. Performance of each LLM model on image-included versus text-only

questions
LLM, large langueage model; GPT, Generative Pre-trained Transformer
*P<0.05

Point estimates indicate the mean bootstrap PC based on 10,000 bootstrap
resamples.



Tables

Table 1. Distribution of Participating Residents and Composition of
Questions

Distribution of Residents by Training Year 308
1st grade 80 (26)
2nd grade 74 (24)
3rd grade 81 (26.3)

0 4th grade 73 (23.7)

Composition of Questions 498
Text-only 387 (77.7)
Image-included 111 (22.3)

X-ray 47 (42.3)
Clinical photograph 34 (30.6)
MRI 27 (24.3)
US except echocardiography 23 (20.7)
CT 20 (18)
Microscopy 19 (17.1)
IMustration 14 (12.6)
ECG 12 (10.8)
EEG 9(8.1)
Endoscopy 6 (5.4)
Echocardiography 4 (3.6)
Nuclear scan 3(2.7)
Fluoroscopy 1 (0.9)
0 Fundoscopy 1 (0.9)
Multiple-choice guestions 492 (98.8)
Constructed-response questions 6 (1.2)
Neonatology 47 (9.4)
Hemato-Oncology 47 (9.4)
Nephrology 45 (9)
Cardiology 44 (8.8)
Gastroenterology 44 (8.8)
Infectious disease 44 (8.8)
Neurology 43 (8.6)
Pulmonology 42 (8.4)
Emergency medicine 30 (6)
Medical genetics 28 (5.6)
Endocrinology/Metabolism 22 (4.4)
[] Critical care medicine 13 (2.6)

Values are presented as number (%) or median (interquartile range)

The percentage of image subcategories was calculated based on the total
number of image-included questions



MRI, magnetic resonance image; US, ultrasound; CT, computed tomography;
ECG, electrocardiography; EEG, electroencephalography



Table 2. Accuracy by Image Modality and Topic

0 R4  GPT 4o GPT 4.1 Gemini 1.5 Gemini 2.5 Claude 3.5 Claude 4.1

pro pro sonnet opus
P P P p P P
[0 PC PC value PC value PC value PC value PC value PC value
Topic
46. 55. 67. 50, 73. 59. 65.
Neonatology 052 0332 87" 0.007 2" 0.167 73" 0.003 )" 0.118 % 0.013
Hemato-Oncology °]- 73 0607 B2 0.021 72 0581 % 0.035 "¢ 0.302 8% 0.013
80. 68. 74. 70. 78. 78. 76.
Nephrology 0o 0 0.146 0 0.607 0 0.227 0 1.000 0 1.000 0 0.774
. 77. 69. 77. 63. 87. 77. 81.
Cardiology ¢ % 04sa 7] 1000 & 0167 8] 0267 7] 1.000 8l 0.701
Gastroenterology o) % 1.000 "7 0388 > 0.263 °3 0.607 ) 0.454 8} 0.210
Infectious disease >3 0% 0.424 % 0.839 22 1.000 % 0.383 ©¥ 0.629 ) 1.000
75. 81. 93. 81. 79. 81. 87.
Neurology 0 3 0.581 8 0.012 3 0.607 > 0.774 3 0.581 5 0.109
80. 78. 83. 68. 78. 74. 72.
Pulmonology - 78 1000 %3 1.000 °% 0180 78 1.000 "3 0581 '3 0.424
Emergency medicine o1 %2 0.250 90" 0.375 8% 1.000 88 1.000 8% 1.000 8% 1.000
a
Medical genetics 05- 68 1.000 3 1.000 65" 1.000 "% 0549 2% 0581 79 1.000
Endocrinology/Metaboli 97. 91. 94. 77. 94, 94. 94.
e 791 0625 %% 1.000 77 0.016 % 1.000 % 1.000 % 1.000
. 92, 92, 92. 69. 69. 84. 92.
[Critical care medicine 3 3 1.000 3 1.0%) 5 0.250 > 0.375 6 1.000 3 1.000
Image Modality
74. 68. 72. 57, 63. 63. 76.
X-ray 288 0508 72 1.000 2/ 0.115 °3 0227 83 0227 "% 1.000
Clinical photograph %+ %2 0.424 7" 1.000 % 1.000 ®/ 1.000 °3* 0.581 %5 1.000
MRI 63 74 5.453 825' 0.109 85}' 0.125 72' 0.688 851' 0.125 825' 0.070
US except 60. 52. 78. 52. 69. 56. 60.
bohecarRiography g 22 0754 '8 0289 2 0754 82 0.754 % 1.000 % 1.000
70. 70. 80. 70. 80. 70. 75.
cT S 72 1.000 8 0625 'Y 1.000 80" 0.688 79" 1.000 7> 1.000
. 73. 78. 78. 84, 84, 73. 68.
Microscopy 278 1000 '3 1.000 & 0.625 % 0625 "> 1.000 % 1.000
. 64. 57. 71. 50. 85, 57. 57.
lllustration 437 1000 7} 1.000 20 0.688 %> 0375 /" 1.000 °/* 1.000
ECG 100 %3 0.500 % 0.500 %6 0.125 ) 1.000 7> 0250 %3 0500
EEG 787' 8§' 1.000 100 0.500 85' 1.000 83' 1.000 sg. 1.000 100 0.500
83. 66. 66. 83. 66. 50. 83.
Endoscopy 2 0% 1000 %% 1.000 8 1.000 °° 1.000 ) 0.500 5 1.000
Echocardiographyt 205. 0.0 NA 205' NA 23' NA 205' NA 0.0 NA 205' NA
Nuclear scant 100 %% NA 100 NA B8 Na 33 A 33 A 6 A
7 7 3 3 7
Fluoroscopyt 100100 NA 100 NA 0.0 NA 100 NA 100 NA 100 NA
[Fundoscopyt 100100 NA 100 NA 0.0 NA 100 NA 0.0 NA 100 NA

Abbreviations: R4, 4th grade resident; GPT, Generative Pre-trained
Transformer; MRI, magnetic resonance image; US, ultrasound; CT, computed



tomography; ECG, electrocardiography; EEG, electroencephalography, NA, not
applicable.

P values are calculated using R4 as the reference.

tStatistical analysis was not performed due to extremely low number of
questions.

Bold indicates statistical significance at the Bonferroni-adjusted threshold (a =
0.05/6 = 0.008) for the six R4-vs-model comparisons.

PC is the mean from 10,000 bootstrap resamples, expressed as a %.



Table 3. Summary of agreement between five repeated sessions in each
LLM

0 ICC 95% CI

GPT-40 0.98 0.98-0.99
GPT-4.1 0.99 0.99-0.99
Gemini-1.5-pro 1.00 1.00-1.00
Gemini-2.5-pro 0.73 0.68-0.76
Claude-3.5-sonnet 1.00 1.00-1.00
Claude-4.1-opus 1.00 1.00-1.00

LLM, large language model; GPT, Generative Pre-trained Transformer; ICC,

Intraclass correlation coefficient; CI, confidence interval
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