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Comparative Evaluation of Large Language Models in Prosthodontic Complication Scenarios

Protetik Komplikasyon Senaryolarinda Blyuk Dil Modellerinin Karsilagtirmali Degerlendirilmesi
Riistii Ersoy SAKARYA', Nuran YANIKOGLU", Osayd ALAWAWDA!

Atatiirk Universitesi, Dis Hekimligi Fakultesi, Protetik Dis Tedavisi Anabilim Dali, Erzurum, Turkiye

Abstract

Aim: This study aims to evaluate and compare the performance of 4 LLMs in responding to common prosthodontic complication
scenarios.

Methods: An expert panel design was employed to assess the quality of responses generated by the four LLMs across five
clinically relevant prosthodontic scenarios. Each scenario was entered 15 times into each model, yielding 300 responses in total.
Seven prosthodontists independently evaluated the anonymized responses using four criteria, clinical accuracy, applicability,
clarity, and comprehensiveness, on a 5-point Likert scale. Descriptive statistics, one-way ANOVA, and post-hoc pairwise
comparisons were performed to detect inter-model differences. The internal consistency (reliability) of evaluators’ ratings for
each model was assessed using Cronbach’s alpha.

Results: The models differed significantly on all evaluation criteria (p<.05). ChatGPT achieved the highest mean scores for
clinical accuracy (3.89), clarity (3.90), and comprehensiveness (4.09), while Gemini showed the highest applicability (3.88).
Cronbach’s alpha coefficients indicated strong reliability across all domains (0.776—0.880), with ChatGPT showing the highest
single-domain coefficient (a=0.820—0.880).

Conclusion: Among the evaluated models, ChatGPT and Gemini generally received higher ratings on specific criteria in
pairwise comparisons; however, the four models should not be interpreted as forming a definitive overall ranking. While
LLMs show potential as supportive tools in prosthodontic education and clinical decision-making, their outputs should not
replace expert judgment.
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Ozet

Amacg: Bu ¢alisma, yaygin protez komplikasyon senaryolarina yanit vermede 4 Biiyiik Dil Modeli’nin (BDM) performansini
degerlendirmeyi ve karsilastirmay1 amaglamaktadir.

Yontem: Dort BDM tarafindan tiretilen yanitlarin kalitesini bes klinik agidan 6nemli protez senaryosunda degerlendirmek
icin bir uzman panel tasarimi kullanildi. Her senaryo her modele 15 kez girildi ve toplamda 300 yanit elde edildi. 7 protez
uzmani, anonimlestirilmis yanitlar1 5 puanlik Likert 6lgegi kullanarak dort kritere gore bagimsiz olarak degerlendirmistir:
klinik dogruluk, uygulanabilirlik, agiklik ve kapsamlilik. Modeller arasi farkliliklari tespit etmek igin tanimlayici istatistikler,
tek yonli ANOVA ve post-hoc ikili karsilastirmalar yapilmistir. Her bir model igin degerlendiricilerin verdigi puanlarin i¢
tutarlilig: (giivenilirligi), Cronbach alfa katsayisi kullanilarak degerlendirildi.

Bulgular: Tiim degerlendirme kriterleri icin modeller arasinda anlamli farkliliklar bulundu (p<0,05). ChatGPT, klinik dogruluk
(3,89), acgiklik (3,90) ve kapsamlilik (4,09) i¢in en yiiksek ortalama puanlari elde ederken, Gemini en yiiksek uygulanabilirligi
(3,88) gosterdi. Cronbach alfa katsayilari, tiim alanlarda giiclii glivenilirligi (0,776—0,880) gosterirken, ChatGPT en yiiksek i¢
tutarliligr (0=0,820-0,880) sergiledi.

Sonug¢: Degerlendirilen modeller arasinda ChatGPT ve Gemini, ikili karsilagtirmalarda belirli kriterler bakimindan genellikle
daha yiiksek puanlar aldi; ancak bu dért modelin kesin bir genel siralama olusturdugu seklinde yorumlanmamalidir. Biiyiik Dil
Modelleri, protez dis hekimligi egitiminde ve klinik karar verme siireglerinde destekleyici araglar olarak potansiyel gosterseler
de, bu araglarin sundugu sonuglar uzman goriistiniin yerini almamalidir.

Anahtar Kelimeler: Prostodonti, yapay zeka, klinik karar verme destek sistemleri, komplikasyonlar, dis protezi

Sorumlu Yazar / Corresponding Author: Rusti Ersoy SAKARYA
E posta:ersysakarya@gmail.com

Received/ Gelis Tarihi: 15.08.2026 Accepted/ Kabul Tarihi: 27.10.2026 Published/ Yayim Tarihi: 31.10.2026

How to cite this article / Atif igin: Sakarya, R. E., Yanikoglu, N. ve Alawawda, O. (2026). Comparative Evaluation of Large Language Models in Prosthodontic Complication
Scenarios . Journal of Medical Science, 7(4),173-180. DOI: https://doi.org/10.46629/JMS.2026.197

This work is licensed under Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International License 173


https://orcid.org/0000-0002-2289-3896
https://orcid.org/0000-0001-7677-1248
mailto:ersysakarya%40gmail.com?subject=
https://doi.org/10.46629/JMS.2026.195
https://orcid.org/0009-0008-3954-6373

] Journal of Medical Sciences

Sakarya, R. E., Yanikoglu, N., & Alawawda, O. (2026). Large Language Models in
Prosthodontic Complication. Journal of Medical Science, 7(4),173-180

1. Giris / Introduction

Large Language Models (LLMs) are a form of artificial
intelligence (Al) designed to replicate human language
processing capabilities. These models leverage deep
learning algorithms and are trained on vast datasets
to understand and generate coherent, human-like
text across diverse applications such as machine
translation, summarization, and interactive dialogue
systems (1). As they become more sophisticated,
LLMs can produce highly contextually relevant and
linguistically fluent outputs, making them valuable
tools in professional domains, including healthcare

(D).

LLM-powered chatbots have emerged as innovative
tools that deliver information and facilitate dialogue
on a wide range of subjects, including medical and
dental care (2). These systems can enhance patient
understanding by providing information on treatment
options,  potential  complications,  prognoses,
and expected outcomes (2). As Al technologies
evolve, their integration into healthcare systems
has accelerated, offering support in areas such as
diagnostic decision-making, clinical risk assessment,
and workflow efficiency (3). Notably, while many Al
chat models operate using pretrained datasets, others
offer real-time internet access to generate responses.
However, despite their growing use, questions remain
about the clinical relevance, accuracy, and readability
of the medical content these systems produce,
particularly when patients access it (4). Qualified
professionals must verify such Al-generated health-
related content, as it can influence treatment adherence,
patient satisfaction, and the quality of doctor—patient
communication (5).

The progression of LLM-based chatbots—marked
by self-supervised learning and training on extensive
textual corpora—has enabled them to closely mimic
natural human interaction (6,7). Their capacity
to deliver detailed and domain-specific responses
renders them increasingly beneficial in clinical and
educational contexts. Moreover, many of these models
can be fine-tuned with human feedback to optimize
performance for specialized applications, enhancing
reliability and clinical utility (8).

In recent years, Al-driven chat interfaces have surged
in adoption, especially among patients seeking

immediate, user-friendly access to healthcare
information (9). However, the uncontrolled use
of such tools without clinical validation presents
risks that necessitate systematic evaluation. This is
particularly relevant in fields such as prosthodontics,
where accurate diagnosis and treatment planning
require expert-level decision-making.

This study aimed to assess and compare the
performance and reliability of 4 widely used LLMs
in responding to common prosthodontic complication
scenarios. The null hypothesis was that there would
be no statistically significant differences in expert
evaluation scores among the four LLMs on any
assessed criterion.

2. Yontem / Method

Study Design and LLM Query Protocol

This study used an expert panel design to assess the
quality of clinical responses generated by 4 publicly
available LLMs when presented with prosthodontic
complication scenarios. To mitigate evaluator bias,
the evaluation process was conducted under blinded
conditions. The LLMs selected for this study were
ChatGPT (GPT-40, OpenAl), Gemini (Gemini 2.5,
Google), Bing Copilot (GPT-4, Microsoft), and
DeepSeek (DeepSeek-V3, DeepSeek Al).

All queries were conducted between 03 March 2026
and 10 March 2026. On each day, every scenario
was queried three times (morning, afternoon, and
evening), so that in five days, each scenario had
been entered 15 times into each model, yielding 300
responses in total. Each query was entered as the first
message of a new, separate conversation (no prior
conversation history) using the standard consumer
web interface for each platform (ChatGPT: chat.
openai.com; Gemini: gemini.google.com; Copilot:
copilot.microsoft.com; DeepSeek: chat.deepseek.
com), with default settings and, where applicable,
real-time internet browsing/search features disabled.
The five scenarios were presented in a fixed, identical
order across all repetitions and models, using the
exact prompts reproduced verbatim in Table 1,
with no follow-up or clarifying questions. Five
realistic prosthodontic complication scenarios were
developed based on current scientific literature and
clinical relevance (10,11). These scenarios were
designed to reflect frequently encountered challenges
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in prosthodontic practice, such as denture stomatitis and implant-related complications. Three independent
prosthodontic specialists (R.E.S., N.Y., and O.A.) reviewed and approved the scenarios for content validity.
Table 1 presents the clinical scenarios and corresponding prompts.

Table 1. Clinical prosthodontic scenarios and corresponding
questions used in the evaluation

Each of the five scenarios was entered into the four
LLMs, generating a total of 300 responses (5 scenarios
x 4 models x 15 repetitions). All generated responses
were anonymized and randomly coded as Model A,
B, C, or D to maintain evaluator blinding. Seven
experienced prosthodontists served as independent
evaluators.

Each evaluator assessed the Al-generated responses
according to four predefined criteria: clinical
accuracy, applicability in clinical practice, clarity
and comprehensibility, and comprehensiveness.
Each criterion was scored using a S-point Likert
scale, adapted from the Global Quality Score (GQS)
(12,13). A score of 5 indicated a fully correct and
comprehensive answer; 4 represented a correct
response with minor inaccuracies or missing details;
3 denoted a partially correct answer with substantial
missing or irrelevant information; 2 indicated a
mostly incorrect response containing limited correct
elements; and 1 corresponded to a completely
incorrect or irrelevant answer. The four domains were
operationally defined as follows: clinical accuracy
referred to the factual and diagnostic correctness
of the response relative to current prosthodontic
evidence and guidelines; applicability referred to the
extent to which the recommended management could

be feasibly implemented in routine clinical practice;
clarity and comprehensibility referred to how clearly
and unambiguously the response was expressed for
the intended reader; and comprehensiveness referred
to the degree to which the response addressed all
clinically relevant aspects of the scenario (diagnosis,
etiology, and management) rather than a partial subset.

Descriptive statistics, including mean and standard
deviation, were calculated for each evaluation
criterion across all responses. One-way analysis
of variance (ANOVA) was used to compare scores
among the models. For each of the four LLMs,
Cronbach’s alpha was calculated across the four
evaluation domains (clinical accuracy, applicability,
clarity, and comprehensiveness) to assess the internal
consistency of evaluators’ ratings — that is, the
extent to which the seven evaluators rated a given
model’s responses in a consistent manner across
domains. The resulting coefficients were interpreted
according to Gwet’s benchmark classification. In
this classification, alpha values below 0.0 indicated
poor reliability; values between 0.0 and 0.2 indicated
slight reliability; values between 0.2 and 0.4 indicated
fair reliability; values between 0.4 and 0.6 indicated
moderate reliability; values between 0.6 and 0.8 were
considered substantial; and values between 0.8 and
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1.0 reflected almost perfect reliability. All statistical
analyses were performed using IBM SPSS Statistics
(version 27; IBM Corp., Armonk, NY, USA).

Ethical approval of the study was received from the

Committee for Ethics Research at the University of
Atatiirk (Date: 25/02/2026, Number: 15).

3. Bulgular/Results

Table 2 presents descriptive statistics for evaluator
ratings across the four LLMs. Overall, mean scores

for all evaluation criteria ranged from 3.70 to 4.09,
indicating moderate-to-high performance across
models. Among the models, ChatGPT (GPT-
40) generally achieved the highest mean scores
for clinical accuracy (3.89), clarity (3.90), and
comprehensiveness (4.09), whereas Gemini obtained
the highest mean score for applicability (3.88).
Across all criteria, Copilot and DeepSeek performed
similarly, with mean values slightly below ChatGPT
and Gemini; the pairwise comparisons below explore
these differences further.

Table 2. Descriptive statistics for evaluator
scores across the four LLMs

SD: Standard Deviation

One-way analysis of variance (ANOVA) revealed
significant differences among the four LLMs for
all evaluation criteria (p<.05). Post-hoc pairwise
comparisons (Table 3) identified specific differences
between models. For clinical accuracy, the comparison
indicated that ChatGPT produced significantly more
accurate responses than DeepSeek (p=.002). No other
pairwise differences were statistically significant. For
applicability, Gemini achieved significantly higher
scores than both DeepSeek (p=.013) and ChatGPT

(p=-008). Regarding clarity, multiple significant
differences were observed. DeepSeek produced
clearer responses than Gemini (p=.001) and Copilot
(p=.027), whereas ChatGPT outperformed both
Gemini (p<.001) and Copilot (p<.001). In terms of
comprehensiveness, ChatGPT provided significantly
more detailed and complete answers than DeepSeek
(p=.003) and Copilot (p=.001).
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Table 3. Post-hoc pairwise comparisons
(mean differences) among models for each

evaluation criterion

* Indicates significant difference between the groups (p<.05). Std. Err=

Standard Error, Sign= Significance

The internal consistency of the evaluation domains
was assessed using Cronbach’s alpha coefficients
for each artificial intelligence model (Table 4). All
models showed acceptable to excellent reliability,
with a values ranging between 0.776 and 0.880 across
the four domains (Table 4). ChatGPT’s coefficients
ranged from 0.820 to 0.880, Gemini’s from 0.795 to

0.860, Copilot’s from 0.800 to 0.864, and DeepSeek’s
from 0.776 to 0.842. Because these ranges overlap
considerably, the models should not be interpreted
as forming a strict overall ranking of reliability;
ChatGPT recorded the highest domain-level
coefficient (Applicability, 0=0.880), while DeepSeek
recorded the lowest (Clinical Accuracy, 0=0.776).

Table 4. Cronbach’s Alpha coefficients for each AI model across

the evaluation domains
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4. Tartisma/Discussion

The present study aimed to evaluate and compare the
performance of 4 LLMs in responding to common
prosthodontic complication scenarios. The analysis
focused on 4 key domains: clinical accuracy, practical
applicability, clarity, and comprehensiveness. Based
on the statistical outcomes, significant differences
were found among the models for all evaluation
criteria (p<.05); therefore, the null hypothesis was
rejected. ChatGPT achieved significantly higher
scores than DeepSeek in clinical accuracy and
comprehensiveness, and significantly higher scores
than both Gemini and Copilot in clarity, while
Gemini achieved significantly higher applicability
scores than both DeepSeek and ChatGPT. Because
several pairwise comparisons were not statistically
significant (Table 3), these findings do not support a
definitive overall ranking of the four models.

Previous studies have highlighted the inconsistent
accuracy of chatbot responses to frequently asked
questions in prosthodontics, emphasizing the
importance of cautious clinical application (12).
Some comparative studies have shown that Gemini
and Copilot are more readable than ChatGPT 3.5 and
ChatGPT 4, particularly in contexts such as refractive
surgery. Among these, Gemini provided the most
relevant and readable content (14). Similarly, despite
its widespread use, ChatGPT 3.5 occasionally
produced misleading or inaccurate answers in cases
involving traumatic dental injuries, whereas ChatGPT
4.0 and Google Gemini delivered more accurate and
comprehensive responses (15).

Beyond dentistry-specific findings, other studies
evaluating chatbot responses across various medical
domains have consistently reported challenges
in readability, with many responses requiring
comprehension levels equivalent to a high school
or college education (16-18). Furthermore,
current evidence indicates that ChatGPT still has
limited capability in addressing issues related to
removable partial dentures and tooth-supported
fixed dental prostheses, reaffirming that such tools
cannot substitute for professional dental expertise.
Accordingly, dental professionals utilizing these tools
must remain fully cognizant of their limitations (19).
Given the evolving nature of Al technologies,

continued research and iterative development are
essential to unlock their full potential within dental
healthcare. While LLMsofferconsiderableadvantages,
it is equally important to address the associated risks.
Implementing effective quality control frameworks
is crucial for monitoring and validating the accuracy
of Al-generated medical content. Furthermore, strict
ethical and regulatory standards must govern the
deployment of LLMs in dental settings to ensure
patient safety and uphold professional integrity (19).
To ensure reliable LLM outputs, training datasets must
be current, comprehensive, and scientifically vetted.
Only access to validated and up-to-date data enables
LLMs to provide balanced, evidence-based responses
while minimizing the risk of misinformation (20,21).
Additionally, clinical validation and continuous
model refinement are critical prerequisites for safely
and effectively integrating LLMs into dental practice.
Dental professionals should remain aware of these
tools’ capabilities and limitations when incorporating
them into clinical or educational workflows (22).

In general, LLMs continue to have several inherent
limitations, including issues related to accuracy,
information recency, coherence, transparency and
interpretability, and ethical considerations (23). This
study also presents certain limitations that should
be acknowledged. First, it was restricted to five
predefined prosthodontic scenarios, which may not
fully capture the breadth and complexity of real-world
clinical situations. Second, the evaluation focused
exclusively on textual responses and did not account
for interactive or iterative dialogue, which more
closely reflects typical user engagement with chatbot
systems. Third, only English-language outputs were
analyzed, potentially limiting the generalizability of
the findings to non-English-speaking populations.
Finally, the models were evaluated using standard
consumer web interfaces with real-time search
disabled; these interfaces do not permit direct control
of generation parameters such as temperature or top-p.
Accordingly, although repeated sampling across
15 iterations was used to mitigate and characterize
output variability, direct parameter-level control of
model randomness was not possible.

Future research should aim to broaden the scope of
evaluated clinical cases to encompass a wider variety
ofprosthodontic conditions. Moreover, assessing LLM
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performance in multilingual and interactive contexts,
and within authentic clinical or educational settings,
could yield more comprehensive insights into their
reliability, adaptability, and pedagogical value. Studies
conducted through API-based environments could
additionally incorporate controlled manipulation of
generation parameters, such as temperature and top-p,
to systematically investigate their effects on response
variability, consistency, and clinical performance.

5. Sonu¢/Conclusion

Based on the findings of this study, the following
conclusions were drawn:

1. This study demonstrated statistically significant
differences among LLMs in specific, pairwise-
compared aspects of their responses to prosthodontic
complication scenarios.

2. In the pairwise comparisons that reached
statistical significance, ChatGPT outperformed one
or more of the other models in accuracy, clarity, and
comprehensiveness, while Gemini outperformed
DeepSeek and ChatGPT in applicability; these results
should be interpreted as domain-specific pairwise
findings rather than a definitive overall ranking of the
four models.

3. Despite these encouraging results, none of the
models achieved perfect consistency or accuracy,
underscoring the continuing limitations of current Al
systems in specialized dental applications.
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