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ABSTRACT

Aims: This study compared the performance of the ChatGPT, Gemini, Copilot, and DeepSeek large language model-based
chatbots in answering prosthodontic questions from the Turkish Dental Specialty Exam (DUS).

Methods: A total of 126 prosthodontic questions from DUS examinations conducted between 2012 and 2021 were included
in the study after excluding visually based and canceled questions. The questions were classified as knowledge-based and case-
based. Additionally, they were categorized according to topic areas as fixed prosthodontics, removable prosthodontics and
implant-supported prosthodontics. The data were analyzed using the generalized estimating equations model, which accounts
for repeated measurements, and differences between models were evaluated using Bonferroni-corrected post hoc tests.
Results: All chatbot models included in this study achieved an overall accuracy rate above 80% (ChatGPT-40: 85.71%; Copilot:
83.33%; Gemini 3 Flash: 81.75%; DeepSeek-V3.2: 80.16%). No statistically significant difference was observed among the
models in terms of overall performance (p=0.619). All models demonstrated significantly higher performance on knowledge-
based questions than on case-based questions (p<0.05). Topic-based analysis showed numerically lower accuracy for implant-
supported prosthodontic questions than for fixed and removable prosthodontic questions. However, this finding should be
interpreted cautiously because the implant-supported subgroup included only four questions. No significant relationship was
found between examination years and the accuracy rates of the models (x’=7.1; p=0.62).

Conclusion: The examined Artificial Intelligence models demonstrated a high level of accuracy in answering prosthodontic
specialty questions. These systems have the potential to serve as supportive tools in dental education and examination preparation
processes. However, owing to their limitations in questions requiring clinical reasoning, particularly case-based questions, their
use should be approached cautiously and critically.
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“This study was presented orally at the ‘4" National Istanbul Aydin University Faculty of Dentistry Young Dentists and Student Congress’.

INTRODUCTION

Artificial Intelligence (AI) refers to a field of technology
aimed at developing computer systems and algorithms
capable of performing tasks that typically require human
intelligence.! AI applications based on methods such as
deep learning and neural networks have led to substantial
transformations in numerous fields, including healthcare.” In
recent years, these technologies have enabled major advances
in healthcare services by facilitating rapid data analysis, early
error detection, and support for clinical decision-making
processes, thereby contributing to improved workflow
efficiency, increased productivity, and reduced error rates in
the healthcare sector.”*

The rapid advancement of Al in the fields of health sciences
and education has also significantly transformed access
to information and academic learning methods.” One
of the most notable outcomes of this transformation has
been the emergence of large language models (LLMs),
advanced AT systems capable of mimicking human language
comprehension, interpretation, and generation.® These models
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are trained on large and heterogeneous text corpora using
deep learning algorithms and are capable of producing highly
human-like, contextually relevant outputs.”*

LLM-based conversational systems such as ChatGPT, Gemini,
Copilot, and DeepSeek, which represent some of the most
widely accessible applications of this technology today, are
capable of successfully performing complex tasks including
text generation, summarization, translation, and question
answering.” Nevertheless, LLMs may differ in terms of
architecture, training data sources, updating mechanisms,
and multimodal capabilities, which can lead to variations in
accuracy and response quality across disciplines and question
types.” Therefore, particularly in fields requiring specialized
expertise such as medicine and dentistry, the accuracy and
contextual reliability of the content generated by these models
should be evaluated carefully and systematically.'"'?

The integration of Al-powered chatbots into dental education
and clinical practice may only be feasible to the extent
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that these systems can generate sufficiently accurate and
reliable responses within relevant areas of expertise.? In this
context, standardized examinations requiring high levels of
cognitive competence provide an important benchmark for
evaluating the performance of AI systems. In Turkiye, the
Dental Specialty Exam (DUS) is a nationally administered,
high-stakes examination used as the primary criterion
for admission to postgraduate dental specialty training
programs. The examination consists of multiple-choice
questions designed to assess dentists’ professional knowledge
in both clinical dentistry and basic sciences.>"* Evaluating the
performance of Al-based chatbots on this examination may
provide valuable insight into the potential applications of
these systems in dentistry."*

In recent years, the number of studies evaluating the
performance of Al-based LLMs through the DUS and
similar examinations has increased considerably. However,
a substantial proportion of these studies have focused on
specific specialty fields, limited question sets, or selected model
comparisons. Therefore, further comparative evaluations of
different models within specific dental disciplines are needed.

Prosthodontics is a complex dental specialty that encompasses
biomechanical principles, materials science, occlusion, esthetic
planning, and clinical decision-making processes.”” Owing
to its multidimensional nature, prosthodontics provides an
appropriate testing domain for assessing the ability of LLMs
to integrate theoretical knowledge with clinical reasoning.
In particular, the limited number of studies investigating
the comparative performance of different AI models in
prosthodontics according to examination years, question
types, and subtopic categories highlights the need for more
comprehensive evaluations in this field.

Accordingly, this study aimed to evaluate and compare the
performance of Al-powered chatbots, including ChatGPT,
Gemini, Copilot, and DeepSeek, in answering prosthodontic
questions from previously administered DUS examinations.
The null hypotheses tested were as follows: no significant
difference among the models in terms of overall accuracy
rates (Ho1), no performance difference between knowledge-
based and case-based questions (Ho.), and similar accuracy
rates across removable, fixed, and implant-supported
prosthodontic questions (Hos).

METHODS
Ethics

Ethical approval was not required for this study because all
data were obtained from publicly available examination
questions published on the official website of the Measurement,
Selection and Placement Center (OSYM). Informed consent
was also not required, because the study did not involve
human participants, personal data, or clinical records. All
procedures were carried out in accordance with the ethical
rules and the principles.

Data Source and Eligibility Criteria

The DUS is a nationwide centralized examination consisting
of 120 multiple-choice questions, including 40 basic
sciences and 80 clinical sciences questions, 10 of which are
related to prosthodontics. First administered in 2012, the
DUS was conducted twice annually until 2014 and once
annually between 2015 and 2021. Accordingly, a total of 13

examinations containing prosthodontic questions were
included in the present study. Examinations conducted after
OSYM discontinued the public release of DUS questions in
2021 were excluded.

The exclusion criteria comprised questions officially canceled
by OSYM because of issues such as the presence of multiple
correct answers or the absence of a valid correct answer, as
well as questions containing figures, images, or graphical
content. Questions with visual content were excluded
because current AI models are predominantly based on
text-processing architectures and still exhibit limitations in
effectively interpreting complex visual information.'

Initially, 130 prosthodontic questions were identified during
the study period. After excluding questions that met the
exclusion criteria, 126 questions were included in the analysis.

Question Classification

To ensure analytical consistency, the included questions were
independently evaluated by two prosthodontists and classified
according to three criteria; the examination year, question
type, and topic area. Based on the question type, the questions
were categorized as either knowledge-based or case-based.
Knowledge-based questions were defined as those requiring
direct factual knowledge related to basic concepts, material
properties, or theoretical information, whereas case-based
questions were defined as those involving clinical scenarios
requiring diagnosis, treatment planning, or clinical decision-
making.

Of the 126 questions included in the overall analysis, 97 were
assigned to one of the three predefined topic categories: fixed
prosthodontics (n=48), removable prosthodontics (n=45),
and implant-supported prosthodontics (n=4) (Table 1). The
remaining 29 questions were excluded from the topic-based
subgroup analysis because they addressed cross-cutting
subjects, including impression materials, occlusion, and
temporomandibular joint-related topics, that could not be
assigned exclusively to a single prosthodontic treatment
category. These questions were retained in the overall accuracy
and question-type analyses.

Table 1. Classification of DUS prosthodontic questions according to topic

area

Topic Definition/scope

. Questions related to diagnosis, treatment
Fixed planning, tooth preparation principles,
prosthesis material selection, and occlusal considerations

for fixed prosthetic restorations

Questions concerning the planning, design,
biomechanics, and clinical application of
removable prosthetic treatments

Removable prosthesis

Questions related to prosthetic rehabilitation
using dental implants, including treatment
planning, prosthetic design, and implant-
supported restorations

DUS: Turkish Dental Specialty Exam

Implant-supported prosthesis

Query Protocol and Response Evaluation

All chatbot interactions were conducted on January 13,
2026, in a desktop environment using the Google Chrome
browser (version 124.0; Google LLC, Mountain View, CA,
USA) on the Windows 10 operating system (Microsoft Corp.,
Redmond, WA, USA). The final question set was presented
in Turkish under standardized conditions using the publicly
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accessible versions of ChatGPT-40 (OpenAl, San Francisco,
CA, USA; https://chat.openai.com/), Gemini 3 Flash (Google
LLC, Mountain View, CA, USA; https://gemini.google.com/),
Copilot (Microsoft Corp., Redmond, WA, USA; https://
copilot.microsoft.com/), and DeepSeek-V3.2 (DeepSeek Al,
Hangzhou, China; https://chat.deepseek.com/) available on
that date. All systems were accessed through their official
browser-based web platforms rather than application
programming interfaces (APIs).

New accounts were created for each of the chatbots. In
addition, a separate new session was initiated for each
question to prevent the previous conversational context from
influencing the AI system’s responses. Before each question,
the following standardized Turkish prompt was provided to
all models: “assume that you are a candidate taking the DUS
examination. Select the most appropriate answer from the
options provided in the following multiple-choice questions.
Each question contains five options, and only one option is
correct.”

Only the first response generated by each chatbot was
included in the evaluation, and no regeneration of responses
was performed. Responses were considered “correct” if they
matched the official answer key published by the OSYM. The
accuracy rate for each chatbot was calculated as the percentage
obtained by dividing the number of correctly answered
questions by the total number of questions answered.

Inter-rater reliability for the classification of question type,
topic area, and response accuracy was assessed using Cohen’s

3}
RESULTS

The distributions of correct and incorrect responses of the
chatbot models according to question type are presented in
Table 2. Across all models, the accuracy rates for knowledge-
based questions were higher than those for case-based
questions. Among the knowledge-based questions, ChatGPT
demonstrated the highest accuracy rate (90.48%), followed by
Copilot (87.62%), Gemini (86.67%), and DeepSeek (85.71%).
For case-based questions, ChatGPT and Copilot achieved
identical accuracy rates (61.90%). In contrast, Gemini (57.14%)
and DeepSeek (52.38%) demonstrated lower accuracy rates for
case-based questions.

Table 2. Accuracy rates of chatbot models according to question type

Knowledge (n=105) Case-based (n=21)

Model

True False True False p-value
ChatGPT  90.48% (95) 9.52% (10) 61.90% (13) 38.10% (8) 0.031*
Gemini 86.67% (91) 13.33% (14) 57.14% (12) 42.86% (9) 0.039*
Copilot 87.62% (92) 12.38% (13) 61.90% (13) 38.10% (8) 0.025*
DeepSeek  85.71% (90) 14.29% (15) 52.38% (11) 47.62% (10) 0.028*

*Statistically significant

When all questions were evaluated together, ChatGPT
achieved the highest overall accuracy rate (85.71%), followed
by Copilot (83.33%), Gemini (81.75%) and DeepSeek (80.16%).
However, no statistically significant differences were observed
among the models in terms of knowledge-based questions,
case-based questions, or overall accuracy rates (p=0.684,
p=0.892, and p=0.619, respectively) (Table 3).

Table 3. Comparison of chatbot models according to question type and overall accuracy

ChatGPT Gemini Copilot DeepSeek
Question type n True False True False True False True False p-value
Knowledge 105 90.48% (95) 9.52% (10) 86.67% (91) 13.33% (14) 87.62% (92) 12.38% (13) 85.71% (90) 14.29% (15)  0.684
Case-based 21 61.90% (13) 38.10% (8) 57.14% (12) 42.86% (9) 61.90% (13) 38.10% (8) 52.38% (11) 47.62% (10)  0.892
Total 126 85.71% (108) 14.29% (18) 81.75% (103) 18.25% (23) 83.33% (105) 16.67% (21) 80.16% (101) 19.84% (25) 0.619

kappa (k) coefficient. The Cohen’s kappa value was 0.91,
indicating a high level of agreement between evaluators. In
cases of disagreement, a consensus was reached between the
evaluators.

Statistical Analysis

All data analyses were performed using SPSS statistical
software version 27.0 (IBM Corp., Armonk, NY, USA).
Descriptive statistics were used to summarize the accuracy
rates of the AI models. The dependent variable was defined
as response accuracy (correct/incorrect). Because the
responses were binary and each question was answered
by all models, the generalized estimating equations (GEE)
approach was employed to account for the repeated-measures
structure of the data. A binomial distribution with a logit
link function was used in the analyses, and the correlation
structure was specified as exchangeable. The effects of
model type, examination year, question type, and topic area
on the probability of a correct response were evaluated.
Bonferroni-corrected pairwise comparisons were performed
for statistically significant findings. A p-value of <0.05 was
considered statistically significant.

In the Bonferroni-corrected pairwise comparison analyses,
no statistically significant differences were detected among
the chatbot models for either knowledge-based or case-based
questions (p>0.05). This finding indicates that the models
demonstrated comparable performance levels regardless of
the question type (Table 4).

Table 4. Pairwise comparisons of chatbot performance according to
question type

Chatbots Knowledge (p)  Case-based (p)
ChatGPT-Gemini 0.342 0.743
ChatGPT-Copilot 0.514 1.000
ChatGPT-DeepSeek 0.287 0.612
Gemini-Copilot 0.621 0.721
Gemini-DeepSeek 0.418 0.534
Copilot-DeepSeek 0.552 0.674

In the topic-based evaluation, all the chatbot models showed
similar accuracy rates for fixed and removable prosthodontic
questions, whereas lower accuracy rates were observed for
implant-supported prosthodontic questions. Within-model
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comparisons indicated a statistically significant effect of demonstrated no statistically significant differences among
topic area on accuracy rates (p<0.05). However, the implant-  the models in terms of overall accuracy. In addition, higher
supported prosthodontics subgroup comprised only four accuracy rates were observed for knowledge-based questions
questions; therefore, the corresponding percentage estimates  than for case-based questions. Topic-based evaluation
and subgroup comparisons should be regarded as unstable revealed similar performance in fixed and removable
and interpreted cautiously (Table 5). prosthodontics, whereas numerically lower accuracy was

Table 5. Accuracy rates of chatbot models according to prosthodontic topic categories

Fixed prosthesis (n=48) Removable prosthesis (n=45) Implant-supported prosthesis (n=4)

Model True False True False True False p-value
ChatGPT 87.50% (42) 12.50% (6) 86.67% (39) 13.33% (6) 50.00% (2) 50.00% (2) 0.021*
Gemini 85.42% (41) 14.58% (7) 84.44% (38) 15.56% (7) 50.00% (2) 50.00% (2) 0.027*
Copilot 83.33% (40) 16.67% (8) 82.22% (37) 17.78% (8) 25.00% (1) 75.00% (3) 0.018*
DeepSeek 81.25% (39)  18.75% (9)  80.00% (36) 20.00% (9) 25.00% (1) 75.00% (3) 0.015*

*Statistically significant

However, Bonferroni-corrected pairwise comparison analyses  observed in the implant-supported subgroup. Accordingly,
revealed no statistically significant differences among the  the null hypothesis regarding overall performance differences
chatbot models in any of the fixed, removable, or implant-  among the models (Ho;) was not rejected, whereas the null
supported prosthodontic categories (p>0.05) (Table 6). hypotheses concerning differences between knowledge-based

and case-based questions (Hy,) and differences according to
Table 6. Pairwise comparisons of chatbot performance according to topic area (Hos) were rejected.

prosthodontic topic categories

. The impact of AI has become increasingly prominent in

Fixed Removable Implant-supported . . .
Chatbots prosthesis (p) prosthesis (p)  prosthesis (p) healthcare fields such as medicine and dentistry, with
applications in numerous processes including diagnosis,

ChatGPT-Gemini 0.79 0.82 1.00 _ .
i treatment planning, and patient follow-up.'”'® Parallel to the
ChatGPT-Copilot 0.56 0.59 0.50 . . C s .
growing adoption of Al-based applications in healthcare
Gl s s e — — services, new opportunities have emerged in education to
Gemini-Copilot 0.71 0.74 0.50 support teaching and learning processes for both students and
Gemini-DeepSeek 0.49 0.54 0.50 educators.” In a previous study evaluating the performance
Gl s 0.76 0.79 1.00 of Al-based LLMs in medical education, the system was

reported to achieve near-passing performance on the United
States Medical Licensing Examination (USMLE) without

The accuracy rates of the chatbot models according to the A ) . - i
specialized medical training or additional reinforcement.?

examination years are presented in Figure. Although some

fluctuations in accuracy rates were observed across the years,  All models achieved overall accuracy rates above 80%,

statistical analysis demonstrated that theaccuracyratesdidnot  indicating potential value for examination preparation and

differ significantly according to the examination year (x’=7.1;  information access. Nevertheless, these systems were not

p=0.62). This finding suggests that chatbot performance specifically developed for dental education or clinical decision-

remained consistent throughout the study period. making, and high-test accuracy should not be interpreted as
aeer  equivalent to domain-specific expertise.

Gemini
Copilot

wes Consistent with our findings, previous studies have shown
w00 that LLMs such as ChatGPT can achieve passing-level or
high accuracy rates on medical licensing examinations.”!
LS Recent investigations evaluating examination performance
in various dental disciplines have further demonstrated that
60p AT models can, in many cases, produce results comparable
to human performance and occasionally even outperform
o human participants. These findings indicate that AI models
may be effectively utilized to support educational materials
and examination preparation processes.>*

Accuracy (%)

20¢-

o N W . _ r . However, all chatbot models demonstrated higher accuracy
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 . .
Year for knowledge-based questions than for case-based questions,
Figure. Accuracy rates of chatbot models across DUS examination years indicating that the models performed better on theoretical
(2012-2021) o ; ) : :
DU Tyrkish Dental Speetalty Exarm content than on clinically oriented reasoning. This finding
is consistent with previous studies reporting that, although
LLMs canachieve highlevels of factual accuracy, they may have
DISCUSSION limitations in case interpretation and practice-based decision-
In the present study, the accuracy of the responses generated = making processes.”> No statistically significant differences
by different Al-based LLMs to prosthodontic questions were detected across examination years, suggesting generally
from the DUS was evaluated and compared. The findings stable performance across the evaluated periods.
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Ekici et al.” reported in their evaluation of DUS questions
that Al-based LLMs performed better on knowledge-based
questions, such as those in basic sciences, whereas their
performance was lower on questions requiring not only
factual knowledge but also clinical reasoning, discussion, and
interpretation, such as those in the clinical sciences.

Similarly, Haberal et al.** evaluated the performance of
different Al chatbots using restorative dentistry questions from
the DUS and reported that all models achieved high accuracy
levels. However, no statistically significant differences were
found among the models in terms of overall accuracy rates.
The study also noted a decrease in accuracy, particularly for
complex questions that require clinical interpretation. This
finding supports the view that LLMs may have limitations in
situations requiring clinical decision-making and advanced
reasoning.

The lower accuracy observed in case-based questions suggests
that LLMs may have limitations in multistep decision-making
processes that require clinical reasoning skills. Case-based
questions require not only the recall of factual knowledge
but also the integrated interpretation of clinical findings,
formulation of differential diagnoses, and development
of context-appropriate treatment plans. Previous studies
have reported that LLMs often generate responses through
probabilistic pattern matching based on training data rather
than genuine clinical reasoning, and may demonstrate
limited flexible reasoning, particularly in complex clinical
scenarios. Moreover, these models have been reported to
produce overconfident yet incorrect responses and to exhibit
a tendency toward hallucination during clinical problem-
solving. This may explain the reduced performance observed
in the case-based questions.*

Numerically lower accuracy was observed for implant-
supported prosthodontic questions. Implant dentistryinvolves
multidisciplinary considerations, including prosthetic design,
biomechanical assessment, anatomical risk analysis, and
long-term complication management.”**** However, this
finding should be interpreted cautiously because only four
implant-supported prosthodontic questions were included
in the present study. With such a small denominator, each
response changed the subgroup accuracy estimate by 25
percentage points. Therefore, the observed difference may
reflect sampling variability rather than a robust topic-specific
performance deficit. Larger and more balanced question
sets are required before firm conclusions can be drawn
regarding the performance of LLMs in implant-supported
prosthodontics.

Turan Gokduman et al.”’ evaluated DUS endodontic questions
and reported accuracy rates of 82.8%, 83.6%, and 77.9% for
ChatGPT, Gemini, and Copilot, respectively. No statistically
significant overall difference was found among the models.
In contrast to the present study, Copilot demonstrated a
significantly higher accuracy rate during 2012-2015 than
during the 2016-2021 period. These findings suggest that the
performance of Al models across different dental disciplines
within the DUS may be broadly similar in terms of overall
accuracy, although performance fluctuations may occur
in specific models depending on the examination year and
question structure.

A study evaluating oral radiology questions from the DUS in
Turkiye compared the performance of ChatGPT and Copilot

S

and reported that ChatGPT achieved a markedly higher
accuracy than Copilot. In that study, ChatGPT reached an
accuracy rate of 86.1%, whereas Copilot achieved 41.5%.
This finding suggests that ChatGPT may outperform Copilot
in answering multiple-choice examination questions in
dentistry.*

Diindar Sar1 found no significant difference between
ChatGPT and Gemini in terms of overall accuracy on DUS
questions; however, ChatGPT demonstrated significantly
superior performance in clinical dental sciences. Notably,
its higher accuracy in prosthodontics than that of Gemini
indicates that model performance may vary according to the
dental discipline evaluated.

When these studies are considered collectively, the
discrepancies among their findings may be attributable
to several factors. First, differences in question-set scope,
question type, and sample size used may directly influence
the performance of AI models. In addition, variations in the
dental disciplines examined, differences in model versions and
update timing may also contribute to differences in accuracy
rates. Collectively, these discrepancies may reflect differences
in dental discipline, question-set composition, sample size,
model version, training data, and evaluation timing.*

These findings suggest that LLMs may serve as supportive tools
in dental education, particularly for examination preparation,
rapid access to information, and self-directed learning
processes. The high accuracy rates observed especially in
theoretically oriented questions indicate that LLMs may
contribute to students’ knowledge reinforcement and revision
processes. However, several important limitations related
to reliability and patient safety remain in the clinical and
educational use of LLMs. Previous studies have reported that
LLMs may present non-existent or unverifiable information
in a fluent and convincing manner, which may lead to
erroneous diagnostic or therapeutic guidance, particularly
in clinical settings.*? Evidence from dental education further
indicates that LLMs may generate misinformation, provide
inaccurate or fabricated references, show a limited ability
to interpret visual content, and contribute to excessive
dependence among students.” Therefore, LLM-based systems
may be more appropriately used as complementary support
tools supervised by educators or clinicians rather than as
independent decision-making systems in dental education
and clinical practice.

Although LLM-based AI models can generate correct
answers, they often exhibit limitations in terms of explanatory
depth, reliability of reference support, and clinical reasoning.?
Similar concerns have been raised in studies focusing on
dentistry, reporting that although LLMs may provide some
correct answers to dental questions, their overall performance
may remain limited, their responses may be debatable,
and they may sometimes present incorrect answers with
seemingly convincing reasoning.** Therefore, evaluating Al
performance solely based on accuracy rates may not fully
reflect the educational and clinical reliability of these systems.

Only the first response generated by each model was analyzed,
although LLM outputs may vary across repeated queries. All
questions were presented in Turkish, which may limit cross-
language generalizability.”
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