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Abstract

Background: Multiple-choice questions (MCQs) are essential in medical education for assessing knowledge and clinical
reasoning. Traditional MCQ development involves expert reviews and revisions, which can be time-consuming and subject to
bias. Large language models (LLMs) have emerged as potential tools for evaluating MCQ accuracy and efficiency. However,
direct comparisons of these models in orthopedic MCQ assessments are limited.

Objective: This study compared the performance of ChatGPT and DeepSeek in terms of correctness, response time, and
reliability when answering MCQs from an orthopedic examination for medical students.

Methods: This cross-sectional study included 209 orthopedic MCQs from summative assessments during the 2023-2024
academic year. ChatGPT (including the “Reason” function) and DeepSeek (including the “DeepThink” function) were used to
identify the correct answers. Correctness and response times were recorded and compared using a y2 test and Mann-Whitney U
test where appropriate. The two LLMs’ reliability was assessed using the Cohen % coefficient. The MCQs incorrectly answered
by both models were reviewed by orthopedic faculty to identify ambiguities or content issues.

Results: ChatGPT achieved a correctness rate of 80.38% (168/209), while DeepSeek achieved 74.2% (155/209; P=.04).
ChatGPT’s Reason function also outperformed DeepSeek’s DeepThink function (177/209, 84.7% vs 168/209, 80.4%; P=.12).
The average response time for ChatGPT was 10.40 (SD 13.29) seconds, significantly shorter than DeepSeek’s 34.42 (SD
25.48) seconds (P<.001). Regarding reliability, ChatGPT demonstrated an almost perfect agreement (x=0.81), whereas
DeepSeek showed substantial agreement (#=0.78). A completely false response was recorded in 7.7% (16/209) of responses
for both models.

Conclusions: ChatGPT outperformed DeepSeek in correctness and response time, demonstrating its efficiency in evaluating
orthopedic MCQs. This high reliability suggests its potential for integration into medical assessments. However, our results
indicate that some MCQs will require revisions by instructors to improve their clarity. Further studies are needed to evaluate
the role of artificial intelligence in other disciplines and to validate other LLMs.
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Introduction

Multiple-choice questions (MCQs) are a cornerstone of
medical education, particularly for assessing knowledge
acquisition and clinical reasoning in specialized fields such as
orthopedic medicine. Traditionally, MCQs have been refined
through expert reviews and iterative revisions, a process
that can be time-consuming and prone to human bias [1,2].
MCQs are widely used in medical education because of their
efficiency, objectivity, and ability to assess a broad range of
knowledge in a standardized manner [2,3].

Large language models (LLMs), such as ChatGPT and
DeepSeek, have emerged as potential tools for evaluating
MCQ accuracy and efficiency. These artificial intelligence
(Al)—driven approaches can systematically assess question
clarity, difficulty, and alignment with learning objectives [4].
However, research comparing the performance of different
LLMs in answering orthopedic MCQs remains limited.

Recent studies have highlighted the capabilities of LLMs
in medical education [5-7]. These studies explored the use of
GPT-4 for formative and summative assessments in medicine,
demonstrating its potential in evaluating medical knowledge
and providing feedback to students. Additionally, ChatGPT
has shown notable accuracy in medical education, particularly
in answering MCQs for licensing exams [8]. Prior studies
have shown its ability to perform well in both basic and
clinical sciences, with accuracy rates ranging from 70%
to 74% [9]. Despite its potential, the reliability of LLMs
in MCQ assessment, particularly in disciplines requiring
complex clinical reasoning, remains an area of ongoing
investigation [8.,9].

DeepSeek V3, a recent advancement in LLMs, has shown
promise in various domains in health care. Research has
explored its use in the medical context, including patient
education on asthma, ocular oncology, and laparoscopic
cholecystectomy [10-12]. However, no study has evaluated
the performance of DeepSeek V3 as an assessment tool for
the quality of MCQs in medical education.

This study compared the performance of ChatGPT and
DeepSeek in answering orthopedic MCQs by evaluating their
correctness, response time, and reliability. These findings
provide insights into the feasibility of integrating LLMs into
medical student assessments and highlight areas where MCQs
may require refinement.

Methods
Study Design

This cross-sectional study was conducted at the Department
of Orthopedics, Faculty of Medicine, Prince of Songkla
University, Thailand. It focused on MCQs used in the
summative assessment of orthopedic rotations during the
2023-2024 academic year. All MCQs from the question pool
during this period were included. As this was an educational
study, there were no criteria for participant withdrawal or
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study termination. Instead, all available MCQs from the study
period were analyzed.

Assessment Tools

In this study, MCQs were defined as structured assessment
tools consisting of a question stem and multiple answer
choices with one correct response. This study evaluated the
ability of two LLMs, ChatGPT and DeepSeek, to analyze
and process these questions. The versions used were GPT-40
for ChatGPT and and DeepSeek-V3 for DeepSeek, as both
represented the most stable and publicly accessible variants
during the data collection period. The two LLMs were
accessed between January 2025 and March 2025.

GPT-40 was developed by OpenAl and released in May
2024 [13]. This model was optimized for faster response
times and improved performance while maintaining high
accuracy in complex reasoning tasks. Additionally, ChatGPT
includes a “Reason” function that allows users to request
explanations for its responses, providing insights into the
logic behind its choices. This feature enhances transparency
and facilitates a deeper understanding of how the model
arrived at its conclusions, making it particularly useful for
educational and assessment purposes [14].

DeepSeek-V3, another advanced LLM used in medi-
cine, was initially released in December 2024 [13]. It
offers enhanced performance with improved accuracy, faster
processing, and a broad, up-to-date knowledge base [15].
It includes a “DeepThink” function designed to enhance
logical reasoning by breaking down complex problems step
by step. The AI model is designed to deliver high-quality,
reliable, and efficient assistance in various applications. It
excels in natural language processing, providing superior
contextual understanding and multilingual support, ensuring
more natural and coherent interactions.

Data Collection and Evaluation
Procedures

This study involved 3 main steps. First, a set of MCQs
from orthopedic assessments conducted in 2023-2024 was
collected and reviewed for quality. These MCQs were
created by orthopedic faculty members and approved by
the orthopedic committee to ensure content alignment with
curricular objectives, and they have been used in orthopedic
examinations for more than 5 years. Next, each MCQ was
input into both ChatGPT and DeepSeek. The Al responses,
along with the accuracy and consistency data, were recor-
ded. The Reason and DeepThink functions were tested,
and response times were documented. Finally, any MCQs
for which both LLMs failed to identify the correct answer
were reviewed by a panel of orthopedic faculty members.
These questions were refined to improve clarity and adjusted
to ensure an appropriate level of difficulty. To determine
reliability, all the MCQs and their answer keys were input
into both ChatGPT and DeepSeek by two orthopedic faculty
members, who both had experience in medical education at an
academic hospital, on separate days.

JMIR Form Res 2025 | vol. 9 1e75607 | p. 2
(page number not for citation purposes)


https://formative.jmir.org/2025/1/e75607

JMIR FORMATIVE RESEARCH

Data Analysis

Statistical methods were used to compare the performance of
the two LLMs. Correctness rates were expressed as percen-
tages and compared using the y? test. Processing times were
reported as means with SDs and analyzed using either a
2-sample, 2-tailed ¢ test or a Mann-Whitney U test, depending
on data distribution. The interrater reliability between the two
LLMs was evaluated using the Cohen % coefficient. Statistical
significance was set at P<.05.

Ethical Considerations

This study was conducted in accordance with the ethical
principles of the Declaration of Helsinki, and the protocol
was reviewed and approved by the Institutional Review Board
of the Faculty of Medicine at Prince of Songkla University
(REC. 68-097-11-1). This study involved only secondary
analysis of existing MCQs and contained no participant
identifiers; thus, individual informed consent was waived.
As this study did not involve direct participation by human
subjects, no compensation was provided. Finally, no images
or materials that could identify individual participants were
included in the manuscript or supplementary files.

Results

A total of 209 orthopedic MCQs were analyzed across 11
subspecialty categories to compare the accuracy of ChatGPT
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and DeepSeek (Table 1) and the Reason and DeepThink
functions (Table 2). Overall, ChatGPT achieved a signifi-
cantly higher total accuracy of 80.4% (168/209) compared
with 74.2% (155/209) for DeepSeek (P=.04). Although no
single subspecialty demonstrated a significant difference
after stratification, ChatGPT showed numerically superior
accuracy across most categories, with the largest gaps
observed in the tumor and infection (92.9% vs 71.4%) and
lower-1limb injury (68.8% vs 50.0%) domains. These findings
indicate that ChatGPT outperformed DeepSeek in overall
accuracy for orthopedic MCQs.

In the second comparison, the Reason function in
ChatGPT demonstrated an accuracy of 84.7% (177/209),
while the DeepThink function in DeepSeek achieved 80.4%
(168/209) accuracy. However, the difference was not
statistically significant (P=.12). Nevertheless, the Reason
function seems to have performed better in some domains,
such as the pediatric and anomalous category (80.0% vs
65.0%) and the tumor and infection category (92.9% vs
78.6%), whereas DeepThink showed slightly higher accuracy
in the complications in orthopedics category (90.9% vs
63.6%). However, these discrepancies did not appear to
correlate with any specific subspecialty or content category.

Table 1. Comparison of accuracy between ChatGPT and DeepSeck across orthopedic multiple choice question (MCQ) categories (n=209).

MCQs in each category ChatGPT responses, n (%) DeepSeek responses, n (%) P value
Upper limb injury (n=28) 23 (82.1) 21 (75.0) A48
Upper limb disease (n=21) 21 (100.0) 20 (95.2) 32
Pelvic and spine injury (n=19) 15 (79.0) 14 (73.7) .56
Lower limb injury (n=16) 11 (68.8) 8 (50.0) 18
Lower limb disease (n=12) 11 (91.7) 10 (83.3) 32
Back and neck problems (n=26) 21 (80.8) 19 (73.1) 41
Sprain and strain (n=8) 6(75.0) 7(87.5) 32
Pediatric and anomalous (n=20) 12 (60.0) 12 (60.0) >99
Tumor and infection (n=14) 13 (92.9) 10 (71.4) 08
Complications in orthopedics (n=11) 7 (63.6) 9(81.8) .16
Rehabilitation and physical therapy (n=34) 28 (82.4) 25(73.5) 26
Total (n=209) 168 (80.4) 155 (74.2) 04

Table 2. Comparison of accuracy between “Reason” (ChatGPT) and “DeepThink” (DeepSpeek) functions across orthopedic multiple choice question

(MCQ) categories (n=209).

MCQs in each category Reason responses, n (%) DeepThink responses, n (%) P value
Upper limb injury (n=28) 25 (89.3) 25 (89.3) >.99
Upper limb disease (n=21) 21 (100.0) 20 (95.2) 32
Pelvic and spine injury (n=19) 16 (68.8) 14 (73.7) .16
Lower limb injury (n=16) 11 (68.8) 9 (56.3) 41
Lower limb disease (n=12) 11 (91.7) 10 (83.3) 31
Back and neck problems (n=26) 22 (84.6) 22 (84.6) >99
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MCQs in each category Reason responses, n (%) DeepThink responses, n (%) P value
Sprain and strain (n=8) 7(87.5) 7(87.5) >99
Pediatric and anomalous (n=20) 16 (80.0) 13 (65.0) 18
Tumor and infection (n=14) 13 (92.9) 11 (78.6) .16
Complications in orthopedics (n=11) 7 (63.6) 10 (90.9) 08
Rehabilitation and physical therapy (n=34) 28 (82.4) 27 (79.4) 56
Total (n=209) 177 (84.7) 168 (80.4) 12

The most incorrect responses for both ChatGPT and
DeepSeek occurred in the complications (2/11, 18.2%),
pediatric and anomalous (3/20, 15.0%), and pelvic and
spine injury (3/19, 15.8%) categories, reflecting areas where
clinical reasoning and management knowledge were more
heavily tested. The two lowest rates of mistakes were
observed in the tumor and infection and upper limb injury
categories. The overall rate of completely false responses
from the two LLMs was 7.7% (16/209). Examples of
questions that resulted in false responses from both LLMs
are provided in Multimedia Appendix 1.

ChatGPT demonstrated a significantly faster response
time, with an average processing time of 10.40 (SD 13.29)
seconds, compared to DeepSeek’s 34.42 (SD 25.48) seconds
(P<.001).

Finally, the interrater reliability for the two LLMs was
high. ChatGPT achieved a Cohen » value of 0.81, indicat-
ing good agreement, whereas DeepSeek showed substantial
agreement, with a % of 0.78. These findings underscore
both the consistency of the LLM-generated responses and a
residual variability that warrants continued human oversight
in educational and assessment settings.

Discussion

Principal Results

This study compared the performance of two advanced
LLMs, ChatGPT and DeepSeek, in the processing of
orthopedic MCQs regarding their correctness, response time,
and reliability. Our findings indicate that ChatGPT outper-
formed DeepSeek in terms of both accuracy and response
time. Additionally, the Reason function of ChatGPT, which
provides explanations for selected answers, appears to
contribute to its superior performance. Both ChatGPT and
DeepSeek exhibited high interrater reliability when generat-
ing responses to orthopedic MCQs.

Comparison With Previous Studies

The results of this study are consistent with a prior study
showing that advanced LLMs demonstrated a high level of
accuracy in answering orthopedics-related MCQs [16]. In our
study, the accuracy of ChatGPT without the Reason function
was 80.4%, while a previous study reported an accuracy rate
of 70.60%. When using the Reason function in ChatGPT, the
accuracy increased to 84.7%. This may imply that the Reason
function can promote deeper comprehension and facilitate
critical thinking in the medical education setting.
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The high accuracy observed for ChatGPT and DeepSeek
is particularly valuable in high-stakes environments like
medical education [17]. Efficient processing can facilitate
the development of high-quality, comprehensive MCQs,
minimizing ambiguities in both questions and answer choices
to enhance assessment reliability. Furthermore, the ability of
ChatGPT’s Reason function to provide detailed explanations
adds an educational dimension often missing in traditional
assessment tools, thereby facilitating a deeper understanding
of complex clinical contexts that mirror real-world practice
[18].

The balance between Al efficiency and educational values
poses an issue. Although ChatGPT’s speed and accuracy are
advantageous, reliance on automated systems for assessment
must be balanced with human oversight to ensure that
the nuances of clinical reasoning and decision-making are
adequately taken into account. This is particularly important
in fields such as orthopedic surgery, where clinical decisions
can have significant implications for patient care [19].

We found that 7.7% of the MCQs yielded false respon-
ses from both LLMs, warranting further examination. This
finding suggests that there may be inherent issues in question
construction, leading to ambiguity and misinterpretation.
Poorly constructed questions can stem from several factors,
including unclear wording, imprecise phrasing of the question
stem, or answer choices that do not effectively discriminate
between correct and incorrect responses [20,21]. By revising
ambiguous or poorly constructed questions, educators can
improve the overall reliability and validity of assessments,
subsequently enhancing the fairness of the evaluation process
[22].

Both ChatGPT and DeepSeek exhibited high interrater
reliability when generating responses to orthopedic MCQs.
These results suggest that both AI models can consistently
answer the standardized questions, although some variability
remains. The differences in the » values may have resulted
from variations in the training data and model algorithms.
Despite their strong reliability, the models did not achieve
complete consistency, highlighting the importance of human
oversight.

Although AI tools provide notable benefits in terms of
efficiency and consistency, there are critical risks associ-
ated with overreliance on them for medical education and
assessment. Therefore, human supervision is necessary to
guarantee that Al functions as a helpful tool rather than a
substitute for professional judgment, particularly in situations
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involving high stakes in education or health care. Educa-
tors should carefully combine Al with conventional teaching
techniques and evaluation procedures to maintain academic
integrity and guarantee that students keep refining their
decision-making abilities.

Limitations

Despite the promising findings, this study had some
limitations. Our study focused solely on orthopedic MCQs,
which may limit the generalizability of our results to other
areas of medical education. Future studies should extend
these analyses to include diverse medical disciplines to better
understand the broader applicability of Al-assisted assess-
ments. Additional limitations include the study’s cross-sec-
tional design, which only captured the LLMs’ performance
at a single point in time. Given that LLMs such as ChatGPT
and DeepSeek are continually updated and improved, their
performance may vary over time. Furthermore, while the
LLMs provided explanations for selected answers, we did not
formally assess the quality of these explanations. Implement-
ing a structured evaluation of explanation quality in future
studies could offer valuable educational perspectives.

Implications of the Findings

The findings suggest that Al tools like ChatGPT and
DeepSeek can enhance the efficiency of medical assess-
ments in orthopedic rotation. ChatGPT demonstrated higher
accuracy and faster responses compared to DeepSeek.
Furthermore, both LLMs could help identify poorly construc-
ted MCQs. However, reevaluation by teachers or assessors
remains essential to ensure that responses are clinically
relevant and that results of summative assessments are
accurate.

For broader application in other medical specialties,
we propose the following practical steps. First, validated,
specialty-specific MCQs should be gathered from the target
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discipline to ensure content relevance and quality. Second,
these questions should be input into selected Al models and
their responses systematically recorded and evaluated for
accuracy. Third, to ensure reliability, at least two faculty
experts should independently assess the LLM-generated
answers, with any discrepancies resolved through consen-
sus review. Fourth, poorly performing or ambiguous MCQs
should be identified and refined for clarity.

Currently, there are a large number of advanced LLMs.
Future studies should systematically compare other Al tools
to determine which models perform best in MCQ assess-
ment. Additionally, future research should be conducted to
explore whether Al assistance could be used for other types
of assessments, including modified essay questions, objective
structured clinical examinations, or key-feature questions.

Conclusions

In the study, ChatGPT outperformed DeepSeek in answer-
ing orthopedic MCQs in terms of overall accuracy and
response time, although both models exhibited strong
interrater reliability. Specifically, ChatGPT achieved a
significantly higher accuracy rate compared with DeepSeek,
and its Reason function further enhanced performance. These
findings suggest that ChatGPT can serve as a valuable tool
in medical education and assessment, particularly when using
explanatory reasoning capabilities.

Despite these encouraging results, both AI models showed
areas of weakness, particularly in complex domains such as
complications, pediatrics and anomalies, and pelvic and spine
injuries. These errors highlight the importance of maintain-
ing human oversight when using LLMs for educational or
evaluative purposes. Thus, the integration of Al tools should
be viewed as complementary to, rather than a replacement
for, expert clinical judgment and expertise.
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