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Large language models (LLMs) are artificial 
neural networks trained on vast textual data to 
generate human-like outputs. These models analyze 
linguistic patterns and perform well in tasks such 
as information generation, summarization, and 
question answering. Recent multimodal versions 
can also process data types such as images and 
audio.[1] Thanks to these capabilities, LLMs are 
increasingly used in clinical decision support, 
patient communication, radiological interpretation, 
and educational content creation in medicine.[2-5]

Anatomical knowledge is vital in both radiology 
education and practice. While conventional 
resources have long been standard in anatomy 
training, models like Chat Generative Pre-trained 
Transformer (ChatGPT) have recently emerged 
as educational tools and have been preliminarily 
applied in radiology.[1,6] However, questions remain 
regarding their accuracy, consistency, and reliability, 
particularly for clinical and educational use.[7]

Objectives: This study aims to evaluate the diagnostic 
performance of large language models (LLMs) in 
musculoskeletal radiological anatomy and to compare their 
accuracy with radiologists of varying experience levels.
Materials and methods: Between May 16, 2025 and 
June 12, 2025, a total of 175 multiple-choice questions (82 
image-based, 93 text-only) were retrieved from Radiopaedia’s 
open-access database. Questions were classified by anatomical 
region and imaging modality. Three LLMs, ChatGPT-4o 
(OpenAI), Claude 3.7 Sonnet (Anthropic), and Grok 3 (×AI), 
were assessed in a zero-shot setting. Their responses were 
compared to those of an attending musculoskeletal radiologist 
and two residents (senior and junior). Accuracy rates were 
calculated and statistically compared.
Results: The attending radiologist achieved the highest overall 
accuracy (79.4%), followed by the senior (72.6%) and junior 
resident (66.9%). Among LLMs, ChatGPT-4o performed best 
overall (69.7%), particularly in text-based questions (88.2%). 
All LLMs outperformed radiologists in text-based questions but 
underperformed in image-based ones. The attending radiologist 
significantly outperformed all LLMs in image interpretation 
(p<0.001). Variations in performance were also noted across 
anatomical regions and imaging modalities, with some LLMs 
exceeding radiologists in specific domains such as spinal or 
shoulder anatomy.
Conclusion: While LLMs, particularly ChatGPT-4o, show 
strong performance in text-based anatomical questions, their 
accuracy in image-based musculoskeletal radiology remains 
limited compared to human radiologists. These findings suggest 
that LLMs can serve as supplementary tools in education but 
require further optimization, particularly for visual interpretation 
tasks, before clinical implementation.
Keywords: Artificial intelligence, large language models, medical 
education, musculoskeletal radiology, radiological anatomy.
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The potential of LLMs to answer exam questions 
has been widely studied in contexts such as the 
United States Medical Licensing Examination 
(USMLE) and certification exams in orthopedics, 
plastic surgery, and neurology.[8-11] However, their 
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performance in knowledge-intensive domains such 
as anatomy still remains particularly important. 
Musculoskeletal anatomy, in particular, involves 
complex terminology and variations, requiring 
precise and detailed understanding.[12] 

To the best of our knowledge, no previous 
study in the English literature has evaluated 
the diagnostic performance of different LLMs in 
musculoskeletal radiological anatomy or compared 
their results with radiologists. In the present study, 
we aimed to assess the accuracy of three widely 
used LLMs, ChatGPT-4o, Claude 3.7 Sonnet, and 
Grok 3, in their latest versions on anatomy-based 
questions in musculoskeletal radiology, and to 
compare their performance with that of radiology 
residents and an attending radiologist.

MATERIALS AND METHODS

This methodological comparison study was 
conducted at the İzmir Atatürk Training and 
Research Hospital, Department of Radiology 
between May 16, 2025 and June 12, 2025. A 
written informed consent was obtained from each 
participant. The study protocol was approved by 
the İzmir Katip Çelebi University Health Research 
Ethics Committee (Date: 15.05.2025, No: 0314). 
The study was conducted in accordance with the 
principles of the Declaration of Helsinki.

The questions were obtained from the open-access 
"Questions" section of the Radiopaedia website 
(https://radiopaedia.org/search?scope=mcqs).[13] 
Radiopaedia was chosen as it is a widely used, freely 
accessible, and expert-curated radiology resource 
that offers a comprehensive set of standardized 
multiple-choice questions in musculoskeletal 
radiology, with confirmed answers provided by 
experienced contributors. The "Musculoskeletal" 
option under the “Systems” filter and the 
"Anatomy" option under the “Sections” filter were 
applied. Following this filtering process, a total 
of 230 questions were identified, including 103 
with visual content and 127 text-only questions. 
The study questions were independently evaluated 
by the researchers in terms of content relevance, 
redundancy, and question integrity, followed by 
a consensus agreement. During this process, one 
question lacking visual content was excluded from 
the study. In addition, duplicate questions resulting 
from repeated uploads of the same item (n=3), as 
well as questions unrelated to the musculoskeletal 
system (e.g., gastrointestinal or neuroradiology 
topics; n=51), were also excluded. As a result, a total 
of 175 questions (82 with images and 93 text-only) 

were included in the study. All questions were in 
multiple-choice format (4 to 6 options), and each 
question contained a single correct answer. In the 
study, the questions were categorized into two 
main groups based on their content: questions with 
images and text-only questions.

In addition, all questions were further 
classified into seven subgroups based on the 
anatomical localization referenced in the question 
content: (i) foot-ankle, (ii) elbow, (iii) knee-thigh, 
(iv) hand-wrist, (v) hip, (vi) shoulder, and (vii) spine.

The questions with images were also classified 
according to the imaging modality used: (i) computed 
tomography (CT), (ii) radiography, (iii) magnetic 
resonance imaging (MRI), and (iv) anatomical 
illustration.

The visual content in the image-based questions 
was obtained from the original materials on 
the Radiopaedia platform using the screenshot 
method. All images were in JPEG format with a 
minimum resolution of 1000×900 pixels and 96 DPI 
(dots per inch). The images were captured at high 
screen resolution and with adequate zoom level. 
No image processing (e.g., cropping, filtering, or 
resizing) was applied; the images were shared with 
the models in their original form. Three LLMs were 
evaluated in this study: ChatGPT-4o (OpenAI), 
Claude 3.7 Sonnet (Anthropic), and Grok 3 (xAI). 
All LLMs were accessed and utilized via their 
official web-based browser platforms.[14-16] The 
questions and, if available, the associated images 
were uploaded to the models using the standardized 
zero-shot prompt provided below:[17]

Note: This question is for educational purposes 
only. Your answer will not be used for any clinical 
decision-making, and no medical responsibility is implied. 
You should not leave any question blank and choose the 
most likely correct answer instead of open-ended answers.

To prevent the LLMs from altering their response 
strategies based on previous answers within the 
same session (in-context adaptation), the chat history 
was reset and a new session was initiated for each 
question.[18,19] All LLM evaluations were conducted 
using the most up-to-date versions available between 
May 16 and May 22, 2025.

The evaluating radiologists were as follows:

•	 An attending radiologist with nine years 
of professional experience, board certified, 
and actively practicing musculoskeletal 
radiology.
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•	 A senior resident who had completed four 
years of radiology training and a six-month 
musculoskeletal radiology rotation.

•	 A junior resident who had completed 
2.5 years of radiology training and a 
three-month musculoskeletal radiology 
rotation.

The attending radiologist and residents 
answered the questions individually, in a silent 
environment under exam-like conditions, at the 
same time and location, using separate computers 
and without interacting with one another. All 
participants completed the task using laptop 
computers equipped with 14.5-inch screens and 
a resolution of 3072×1920 pixels. All questions 
were presented in their original form in English. 
The participating radiologist and residents had 
a C1 level of English proficiency according to 
the Common European Framework of Reference 
for Languages (CEFR), sufficient to comprehend 
and respond to academic radiological content. 
All participants were given 3 h to complete the 
questions. No time restriction was applied to the 
LLMs; the models responded to each question 
within a flexible time frame. The selected answers 
were recorded electronically. For each question, 
the correct answer was determined based on the 
official answers published on the Radiopaedia 
website (https://radiopaedia.org) and accepted as 
the gold standard. The responses provided by 
both the LLMs and the radiologist participants, 
along with the correctness of each response, were 
recorded separately.

Statistical analysis

Statistical analysis was performed using the 
IBM SPSS version 26.0 software (IBM Corp., 
Armonk, NY, USA). Descriptive data were 
expressed in number and frequency, where 

applicable. Cochran’s Q test was used to compare 
the accuracy rates between the dependent groups. 
To reduce the risk of Type 1 error in multiple 
comparisons, Bonferroni correction was applied, 
and the adjusted significance threshold was used 
for pairwise group comparisons, which were 
performed using the McNemar test. A p value of 
<0.05 was considered statistically significant.

RESULTS

The study included a total of 175 questions, of which 
46.9% (n=82) were image-based and 53.1% (n=93) were 
text-only. The overall accuracy rates were calculated 
as 79.4% for the attending radiologist, 72.6% for the 
senior resident, and 66.9% for the junior resident 
(Table I). Among the LLMs, the highest overall 
accuracy rate was observed in the ChatGPT-4o 
model at 69.7%. The Grok 3 model achieved an 
accuracy rate of 65.7%, while the Claude 3.7 Sonnet 
model reached 58.3%. In image-based questions, the 
highest accuracy rate was achieved by the attending 
radiologist at 85.4%, whereas in text-only questions, 
the ChatGPT-4o model reached the highest accuracy 
with a rate of 88.2% (Figure 1). In text-based 
questions, the accuracy rates of all three LLMs were 
higher than those of all radiologist participants, 
whereas in image-based questions, their accuracy 
rates were lower (Table I). A statistically significant 
difference was observed in the overall accuracy 
rates among the participants (p<0.001). In pairwise 
comparisons, the overall accuracy rates of the 
attending radiologist and the senior resident were 
found to be statistically significantly higher than 
that of the Claude 3.7 Sonnet model (p<0.001 and 
p<0.001, respectively). No statistically significant 
differences were observed in any of the other 
pairwise comparisons (p>0.05).

In image-based questions, all radiologists 
had higher accuracy rates compared to the LLMs 

TABLE I
Performance of radiologists and large language models by question type

Overall accuracy Image-based questions Text-based questions

% % %

Attending radiologist 79.4 85.4 74.2

Senior resident 72.6 81.7 64.5

Junior resident 66.9 79.3 55.9

ChatGPT-4o 69.7 48.8 88.2

Claude 3.7 Sonnet 58.3 39.0 75.3

Grok 3 65.7 42.7 86.0

Percentages represent accuracy rates for each participant or model across overall, image-based, and text-based question subsets.
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(Table I, Figure 1). This difference was found to be 
statistically significant (p<0.001 for all pairwise 
comparisons). No statistically significant differences 
were found among the LLMs in terms of accuracy 
on image-based questions (ChatGPT-4o vs. Claude 
3.7 Sonnet: p=0.170; ChatGPT-4o vs. Grok 3: p=0.533; 
Claude 3.7 Sonnet vs. Grok 3: p=0.502).

In text-based questions, all three LLMs achieved 
higher accuracy rates compared to the radiologist 
participants (Table I, Figure 1). The pairwise 
comparisons that reached statistical significance 
were as follows: both ChatGPT-4o and Grok 3 had 
significantly higher accuracy rates than the senior 
and junior residents (p<0.001 for all comparisons).

The questions were analyzed based on the seven 
anatomical localization groups, and the highest 
accuracy rates among the radiologist participants 
were observed in the knee-thigh (92.6%) and 
hand-wrist (83.3%) categories, both achieved by 
the attending radiologist (Table II). In the spinal 
region, ChatGPT-4o (85.7%) and Grok 3 (71.4%) 
achieved higher accuracy rates than all radiologists. 
In the shoulder region, Grok 3 also outperformed 
all radiologists with an accuracy rate of 81.2%. 
Additionally, in the shoulder category, ChatGPT-4o 
demonstrated a lower accuracy rate than the 
attending radiologist but a higher rate than both 
residents (Table II, Figure 2). In the remaining 
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TABLE II
Performance of radiologists and large language models in correctly answering questions by anatomical region

Attending 
radiologist

Senior resident Junior resident ChatGPT-4o Claude 3.7 
Sonnet

Grok 3

Region n % % % % % % p

Hip 28 75.0 64.3 67.9 60.7 42.9 53.6 0.224

Knee-thigh 27 92.6 81.5 77.8 66.7 63.0 74.1 0.105

Foot-ankle 22 81.8 77.3 63.6 68.2 59.1 68.2 0.302

Spine 28 67.9 64.3 64.3 85.7 60.7 71.4 0.122

Hand-wrist 24 83.3 79.2 66.7 62.5 62.5 54.2 0.303

Elbow 14 78.6 78.6 71.4 64.3 64.3 42.9 0.129

Shoulder 32 78.1 68.8 59.4 75.0 59.4 81.2 0.125

Percentages represent accuracy rates for each participant or model across the specified anatomical regions.



Jt Dis Relat Surg194

anatomical regions, the attending radiologist and 
residents usually achieved higher accuracy rates. 
Statistical analyses based on anatomical regions 
revealed no statistically significant differences 
in accuracy rates between the participants and 
the LLMs (p>0.05 for all comparisons across all 
anatomical regions) (Table II).

Considering the image-based questions 
classified according to imaging modality, the 
highest accuracy rates were achieved by the 
attending radiologist in radiography (88.0%) and 
CT (91.7%) questions. Similarly high accuracy 
rates were observed for the senior resident 
(radiography: 84.0%, CT: 83.3%) and the junior 

FIGURE 2. In this example question based on a sagittal PD-weighted MRI of the shoulder, participants were asked to identify the 
structure labeled “B”. The correct answer was the coracoacromial ligament (option B). Grok 3 (top right), ChatGPT-4o (bottom right), 
Claude 3.7 Sonnet, and the attending radiologist all answered correctly, whereas both the senior and junior resident selected option 
D (superior glenohumeral ligament), resulting in incorrect responses.
MRI: Magnetic resonance imaging. 
(Case courtesy of Dr Andrew Dixon, Radiopaedia.org, rID: 101779, [https://radiopaedia.org/questions/1223]).

TABLE III
Performance of participants and large language models by imaging modality

Attending 
radiologist

Senior resident Junior resident ChatGPT-4o Claude 3.7 
Sonnet

Grok 3

Modality n % % % % % % p

Radiography 25 88.0 84.0 80.0 40.0 52.0 48.0 <0.001

MRI 38 81.6 78.9 73.7 57.9 36.8 31.6 <0.001

CT 12 91.7 83.3 91.7 33.3 41.7 33.3 <0.001

Other 7 85.7 85.7 85.7 57.1 0.0 100.0 0.058

MRI: Magnetic resonance imaging; CT: Computed tomography; LLM: Large language model. Percentages represent accuracy rates for each participant group and 
LLM across radiography, MRI, CT, and other modalities; the “Other” category consists of anatomical illustrations and schematic images.
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resident (radiography: 80.0%, CT: 91.7%) in 
these two modalities (Table III). Among the 
LLMs, ChatGPT-4o demonstrated relatively 
better performance in the MRI category with an 
accuracy rate of 57.9%, while Grok 3 achieved 100% 
accuracy in the “Other” category, which included 
anatomical illustrations. The accuracy rates of 
Claude 3.7 Sonnet were usually lower across all 
modalities. Overall, the radiologist participants 
achieved higher accuracy rates than the LLMs 
across all imaging modalities in image-based 
questions (Table III).

In pairwise comparisons based on imaging 
modality, a statistically significant difference was 
observed among the six participants for radiography 
questions (p<0.001) (Table III). The pairwise 
comparisons that reached statistical significance 
were as follows: the attending radiologist 
demonstrated significantly higher accuracy 
compared to ChatGPT-4o, Claude 3.7 Sonnet, and 
Grok 3 (p<0.001; p<0.001; and p<0.001, respectively). 
The senior resident group demonstrated statistically 
significant superiority over both ChatGPT-4o and 
Grok 3, while the junior resident group showed 
a significant advantage only over ChatGPT-4o 
(p<0.001; p<0.001; and p<0.001, respectively).

A statistically significant difference was 
observed among the six participants in MRI-based 
questions (p<0.001) (Table III). The pairwise 
comparisons that reached statistical significance 
were as follows: the attending radiologist 
demonstrated significantly higher accuracy than 
ChatGPT-4o, Claude 3.7 Sonnet, and Grok 3 
(p=0.003; p<0.001; and p<0.001, respectively). The 
senior and junior resident groups had statistically 
significantly higher accuracy rates compared to 
both Claude 3.7 Sonnet and Grok 3 (p<0.001; p<0.001; 
p<0.001; and p<0.001, respectively). A statistically 
significant difference was observed among the six 
participants in the CT-based questions (p<0.001) 
(Table III). The pairwise comparisons that reached 
statistical significance were as follows: the accuracy 
rates of the attending radiologist and the junior 
resident were significantly higher than those of 
ChatGPT-4o and Grok 3 (p=0.019; p=0.019; p=0.019; 
and p=0.019, respectively).

Among the 175 questions included in the study, 
there were four questions which were correctly 
answered by all LLMs, but missed by both the 
attending radiologist and the two residents 
(Figure 3). Additionally, in 13 questions, all 
radiologist participants failed to answer correctly, 
while at least one LLM provided the correct answer. F
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Conversely, in 15 questions, all LLMs gave incorrect 
answers, whereas all radiologist participants 
answered correctly (Figure 4). Furthermore, there 
were four questions that none of the radiologist 
participants or LLMs answered correctly (Figure 4).

DISCUSSION

In the present study, we assessed the accuracy 
of three widely used LLMs, ChatGPT-4o, Claude 
3.7 Sonnet, and Grok 3, in their latest versions 
on anatomy-based questions in musculoskeletal 
radiology, and compared their performance with 
that of radiology residents and an attending 
radiologist. The diagnostic performance of 
LLMs on multiple-choice questions related 
to musculoskeletal radiological anatomy was 
compared with that of radiologists at different 
levels of experience. While LLMs achieved high 
accuracy in text-based questions, they showed a 
marked decline in performance on image-based 
questions.

In terms of overall accuracy rates, the attending 
radiologist and the senior resident outperformed 
all LLMs, while the junior resident and the LLMs 
demonstrated a similar level of performance. 
In a study by Horiuchi et al.[20] that focused on 
musculoskeletal radiology using 106 cases, 
ChatGPT-4 achieved a diagnostic accuracy of 43%, 
which was comparable to that of the radiology 
resident (41%), but did not reach the accuracy level 
of the attending radiologist.

Our study findings revealed that LLMs 
achieved high accuracy particularly in text-
based questions, whereas they lagged behind 
radiologists in image-based questions. All LLMs 
outperformed all radiologists in the text-based 
questions. Both ChatGPT-4o and Grok 3 
demonstrated statistically significant superiority 
over the senior and junior residents. Gotta et 
al.[18] reported that in a radiology exam designed 
for medical students, GPT-4 outperformed the 
students by achieving an accuracy rate of 88.1% 
on multiple-choice questions that did not include 
images. In another study, the GPT-4 model achieved 
an accuracy rate of 81% on 150 multiple-choice, 
text-based board exam questions designed to 
assess general radiological knowledge.[21] In a 
competency exam in the field of orthopedics, 
ChatGPT-4o outperformed the participating 
orthopedic surgeons, achieving an average score 
of 70 compared to their average score of 58. 
In the same study, GPT-4o demonstrated an 
accuracy rate of 62% on image-based questions 
and 70% on text-based questions.[11] In addition, 
a study involving anatomy questions reported 
that GPT-4 performed well on fundamental 
topics such as muscle origins and insertions 
and vascular branching, but failed to accurately 
describe detailed anatomical variations.[12] In a 
comparative study among LLMs, Claude 3.5 Sonnet 
was reported to outperform both ChatGPT-4V 
and Gemini 1.5 Pro in answering both text-
based and multimodal questions.[22] In contrast 

1 2 3

FIGURE 4. Panels 1 and 2 show questions that were correctly answered by all radiologist participants but missed by all large 
language models (correct answers: A and B, respectively). Panel 3 displays a difficult question that none of the participants or 
models answered correctly (correct answer: B).
(Cases courtesy of Andrew Murphy, Radiopaedia.org, rIDs: 101009. [https://radiopaedia.org/questions/359], 100862 [https://radiopaedia.org/questions/411], 100368 
[https://radiopaedia.org/questions/362]).

In the accompanying axial proton density image from an 
MRI of the distal tibia, the flexor digitorum longus muscle 
is indicated by which letter?

In the accompanying proton density weighted image from a 
hip MRI, the gluteus maximus muscle is indicated by which 
letter?

In the accompanying coronal proton density image from 
an MRI of the left ankle, the quadratus plantae muscle is 
indicated by which letter?
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to that study, our findings showed that the 
Claude 3.7 Sonnet model had a lower accuracy 
rate of 75.3% on text-based questions compared to 
the other LLMs (ChatGPT-4o: 88.2%, Grok 3: 86%). 
This discrepancy may be attributed to differences 
in the versions of the LLMs evaluated 
(e.g., Claude 3.7 instead of 3.5) as well as variations 
in the content of the questions used. While 
the aforementioned studies primarily utilized 
board-style questions aimed at assessing general 
radiological knowledge, our study exclusively 
focused on musculoskeletal anatomy using a more 
specialized and terminology-intensive question 
set. This distinction should be considered a 
significant variable influencing the performance 
of the LLMs.

However, the performance decline of LLMs 
on image-based questions is noteworthy, as the 
attending radiologist and both residents performed 
statistically significantly better than all models. In 
the study by Hayden et al.,[23] only the ChatGPT-4V 
version was evaluated; while it achieved an 
accuracy rate of 81.5% on text-based questions in 
general radiology, its performance declined markedly 
to 47.8% on image-based questions. In another study 
comparing different LLMs, image-based general 
radiology questions were answered correctly with 
an accuracy of 52% by ChatGPT-4V and 48% by 
Claude 3.5 Sonnet, indicating that neither model 
achieved the expected level of performance.[22] 
In line with these findings, the low accuracy 
rates observed in our study suggest that the 
visual interpretation capabilities of LLMs have 
not yet reached a level adequate for radiological 
practice. This may be due to the predominance 
of text-based data in the training of LLMs. While 
these models demonstrate strong performance 
in processing verbal information, they show 
limited success in tasks involving visual content. 
According to OpenAI, ChatGPT-4o is capable of 
performing basic visual interpretations; however, 
its reliability in high-precision fields such as 
medical imaging has not been clearly established 
yet.[19] In the future, the use of models specifically 
trained on radiological images may enhance 
diagnostic accuracy in this field. However, in the 
present study, we attempted to assess the current 
capabilities of general-purpose LLMs that have not 
been specifically optimized with medical imaging 
data. Therefore, the findings offer a realistic and 
valuable insight into the extent to which these 
models can perform without image-based training 
support.

In our study, some LLMs demonstrated 
higher accuracy than the radiologist 
participants on questions related to specific 
anatomical regions, particularly the shoulder 
and spine. To illustrate, ChatGPT-4o achieved 
an accuracy rate of 85.7% on spinal questions, 
outperforming all other participants. Similarly, the 
Grok 3 model outperformed human participants 
on shoulder-related questions with an accuracy 
rate of 81.2%. Although these differences were not 
statistically significant, the findings suggest that 
LLMs may exhibit relatively better performance in 
certain anatomical regions. In a study involving 
gross anatomy questions, the GPT-3.5 model 
achieved the highest accuracy in questions related 
to the “back” region, while demonstrating lower 
performance on questions pertaining to the upper 
extremities.[24] Therefore, it suggests that certain 
anatomical regions may be more easily processed 
by LLMs. On the other hand, in our study, the 
highest accuracy in areas such as the knee-thigh 
and hand-wrist was still achieved by the radiologist 
participants, indicating that LLMs have not yet 
reached a consistent level of performance across all 
anatomical regions.

In the analysis based on imaging modalities, 
the accuracy rates of LLMs were found to 
vary depending on the modality. For instance, 
ChatGPT-4o outperformed the other LLMs 
in MRI-related questions with an accuracy 
rate of 57.9%, whereas Claude 3.7 Sonnet and 
Grok 3 achieved higher accuracy rates in 
radiography questions at 52.0% and 48.0%, 
respectively. In contrast, all models demonstrated 
relatively lower performance on CT images 
(ChatGPT-4o: 33.3%; Grok 3: 33.3%; Claude 3.7 
Sonnet: 41.7%). These findings suggest that 
different LLMs may exhibit comparative strengths 
across specific imaging modalities but have not 
yet reached the overall performance level of 
radiologists. Studies comparing the cross-modality 
performance of LLMs remain quite limited in 
the current literature. Strotzer et al.[25] reported 
that ChatGPT-4V performed better in detecting 
fractures on CT images compared to plain 
radiographs. In the same study, it was noted that 
the model showed higher accuracy in interpreting 
normal radiographs, whereas the rate of false 
positives increased on CT images. In a study 
comparing different versions of the GPT-4 and 
Claude models, it was reported that the models 
were able to accurately identify the anatomical 
region on CT images; however, their performance 
on MRI images was inadequate (accuracy ranging 
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between 42% and 74%).[26] In that study, unlike 
ours, the primary focus was on the ability of 
the models to identify basic imaging regions. 
Nonetheless, the findings support the presence of 
modality-specific performance differences among 
LLMs and suggest that certain models may be 
better adapted to specific imaging modalities.

In anatomically complex and terminology-
intensive fields such as musculoskeletal anatomy, 
the performance of LLMs remains inconsistent. 
The literature reports that these models can 
occasionally produce incomplete, misleading, or 
entirely fabricated information and may provide 
inconsistent answers to the same question at 
different times.[27-29] This limitation in reliability is 
particularly concerning in clinical domains that 
require high precision. Thus, instead of being used 
directly as educational or decision-support tools, 
LLMs should be considered as supplementary 
resources supported by validation mechanisms. 
Enhancing these models with up-to-date academic 
content and developing domain-specific fine-tuning 
approaches may represent a critical step toward 
overcoming current limitations in this field.

Nonetheless, this study has several limitations. 
First, the question set was exclusively selected 
from the open-access database of the Radiopaedia 
platform, which may limit the diversity and 
difficulty level of the questions. Second, each model 
was evaluated solely using zero-shot responses, 
without exposure to training examples or stepwise 
instruction, which may not reflect their maximum 
potential performance. Third, only single-slice static 
images were used for image-based questions. In 
real-world radiology practice, image interpretation 
is performed dynamically using multiplanar and 
series-based assessments, which provide richer 
anatomical and pathological information. Therefore, 
the single-slice format used in this study may 
have limited the ability of both radiologists and 
LLMs to accurately interpret spatial relationships 
and subtle findings, and the results may not fully 
reflect real-world performance. Furthermore, the 
accuracy of LLM responses was assessed solely 
based on the selection of the correct option, without 
analyzing the explanatory content or underlying 
reasoning. This lack of qualitative analysis is an 
important limitation, as real-world applications 
require evaluating not only the correctness of an 
answer but also the validity and consistency of 
the reasoning process. Finally, the models used 
in this study are continuously updated systems. 
Therefore, their architectures and training data 

may change over time, which could limit the long-
term generalizability and reproducibility of the 
findings. Such rapid evolution also highlights the 
importance of temporal benchmarking, in which 
model performance is periodically re-evaluated 
using consistent datasets to monitor changes 
over time. Future studies should address these 
limitations by incorporating qualitative assessments 
of LLM-generated explanations and conducting 
longitudinal evaluations to better understand 
performance variability across different model 
updates. Despite these limitations, this study 
represents one of the first systematic evaluations 
of LLMs focused on musculoskeletal radiological 
anatomy, providing concrete data on both the 
potential and shortcomings of current models.

In conclusion, this study systematically 
assessed the diagnostic performance of LLMs on 
knowledge-based questions in musculoskeletal 
radiological anatomy. Based on the study findings, 
LLMs can compete with human experts in 
text-based anatomical questions but remain limited 
in image interpretation. While LLMs achieved 
relatively high accuracy in text-based questions, their 
performance remained suboptimal in image-based 
ones. The variation in accuracy across anatomical 
regions and imaging modalities suggests that their 
performance is still heterogeneous and requires further 
optimization. Therefore, before being integrated into 
radiology education or clinical decision support 
systems, their content accuracy should be carefully 
validated, and training data adapted to ensure 
medical reliability. Future studies should focus on 
enhancing visual interpretation capabilities and 
developing domain-specific, medically enriched 
models for specialized fields such as radiology.
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