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ABSTRACT

Objective: The aim of this study was to compare the accuracy, completeness,
and readability of information related to whitening in dentistry provided by the
large language models (LLM) ChatGPT-5, Gemini 2.5 Pro, DeepSeek v3.2, and
Claude Sonnet 4.5.

Methods: A total of 25 open-ended questions covering various aspects of dental
whitening were prepared and presented to four different LLMs. The responses
were recorded and evaluated independently by two restorative dental
treatment specialists who were blinded to the source of the responses. Accuracy
and completeness were evaluated using 5-point and 3-point Likert scales
respectively. Readability was evaluated using the Flesch Reading Ease Score
(FRES), the Flesch—Kincaid Grade Level (FKGL), and the Simple Measure of
Gobbledygook (SMOG) index. In the statistical analyses, the Intraclass
Correlation Coefficient (ICC), Shapiro-Wilk test, Kruskal-Wallis test, Dunn-
Bonferroni test, and Spearman correlation analysis were used.

Results: A statistically significant difference was identified among the artificial
intelligence models regarding the accuracy of their responses to open-ended
questions related to dental whitening (p<0.05). The accuracy score of DeepSeek
v.3.2 (4.5240.77) was determined to be statistically significntly higher than that
of ChatGPT-5 (3.88+1.01). The FRES points for readability were found to be
statistically significantly higher for DeepSeek v3.2 (42.0217.63) compared to the
mean points obtained for ChatGPT-5 (29.0949.07), Gemini 2.5 Pro (33.92+9.24),
and Claude Sonnet 4.5 (21.6549.29).

Conclusion: DeepSeek v3.2 exhibited better performance than ChatGPT-5 in
terms of accuracy. No statistically significant differences were identified among
the models regarding the completeness scores of responses to open-ended
questions. However, the FRES results indicated that DeepSeek v3.2 generated
texts with higher readability compared to the other chatbots. Overall, these
findings suggest that DeepSeek v3.2 demonstrated superior performance in
terms of both accuracy and readability.

Keywords: Artificial intelligence, large language models, teeth whitening,

Qentistry

0z \
Amag: Bu galismanin amaci, biyuk dil modelleri (LLM) olan ChatGPT-5, Gemini 2.5
Pro, DeepSeek v3.2 ve Claude Sonnet 4.5 tarafindan dis hekimliginde beyazlatma
ile ilgili sunulan Dbilgilerin dogruluk, tamlik ve okunabilirlik agisindan
karsilastiriimasidir.

Yontem: Dis beyazlatmasinin gesitli yonlerini kapsayan toplam 25 agik uglu soru
hazirlanmig ve dort farkli buylk dil modeline yoneltilmistir. Elde edilen yanitlar
kaydedilmis ve kaynaklari gizlenmis sekilde iki restoratif dis tedavisi uzmani
tarafindan bagimsiz olarak degerlendirilmistir. Dogruluk ve kapsamlilik sirasiyla 5’li
ve 3'li Likert olgekleri kullanilarak degerlendirilmistir. Okunabilirlik ise Flesch
Reading Ease Score (FRES), Flesch—Kincaid Grade Level (FKGL) ve Simple Measure
of Gobbledygook (SMOG) indeksleri kullanilarak analiz edilmistir. istatistiksel
analizlerde Sinif igi Korelasyon Katsayisi (ICC), Shapiro—Wilk testi, Kruskal-Wallis
testi, Dunn—Bonferroni testi ve Spearman korelasyon analizi kullaniimistir.
Bulgular: Dis beyazlatmaya iliskin agik uglu sorulara verilen yanitlarin dogruluk
puanlari agisindan yapay zeka modelleri arasinda istatistiksel olarak anlamli farklihk
saptanmistir (p<0,05). DeepSeek v3.2’'nin dogruluk puani (4,52+0,77), ChatGPT-
5’in dogruluk puanindan (3,88+1,01) istatistiksel olarak anlamli derecede daha
yuksek bulunmustur. Okunabilirlik agisindan degerlendirilen FRES puanlarinin ise
DeepSeek v3.2’de (42,02+7,63), ChatGPT-5 (29,09+9,07), Gemini 2.5 Pro
(33,92+9,24) ve Claude Sonnet 4.5’e (21,65%9,29) kiyasla istatistiksel olarak anlamli
derecede daha yuksek oldugu belirlenmistir.

Sonug: DeepSeek v3.2, dogruluk agisindan ChatGPT-5’e kiyasla daha iyi performans
gostermistir. Yanitlarin tamlik puanlar bakimindan modeller arasinda istatistiksel
olarak anlamli bir farklihk bulunmamistir. Bununla birlikte, FRES sonuglari
DeepSeek v3.2'nin diger sohbet botlarina gére daha yuksek okunabilirlige sahip
metinler Urettigini gostermistir. Genel olarak, bu bulgular DeepSeek v3.2'nin hem
dogruluk hem de okunabilirlik agisindan Ustiin performans sergiledigini ortaya
koymaktadir.
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Introduction

Artificial intelligence (Al) is a term that defines machine
or software systems that have been developed to
perform tasks that require human cognitive skills, such as
decision-making, problem-solving, and learning from
experience.»? Al is based on large language models
(LLM), usually trained with the deep learning technique,
and these models form the basis of the Natural Language
Processing (NLP) approach, a sub-field of Al that allows
machines to understand, analyze, and create texts in the
same way as a human. LLMs are neural network-based
models that have been intensely trained on Wikipedia,
digitized books and articles, and other web pages on the
Internet. The main aim of these models is to create
consistent, human-like responses to questions or
requests.3

In recent years, LLMs have attracted the interest of
healthcare professionals because of their NLP
capabilities. Having become a focus of research in the
field of medicine, LLMs present opportunities for
significant development. In clinical applications, LLMs
can help doctors determine clinical diagnoses and
treatments and interpret the results of laboratory tests.
In scientific research, LLMs can contribute to the
productivity of research by assisting in data analysis and
article writing. In addition, LLMs can simulate real
patients in medical education and function as virtual
teaching assistants by preparing learning programs.*>
Currently, there are different language models with
various characteristics.? The first ChatGPT model, which
was introduced by Open Al in 2022, attracted great
attention in both academic and practical areas, and its
popularity increased rapidly in a short time.® ChatGPT-5
was presented for use on August 7, 2025, and was
described by the developers as an Al model characterized
by intelligence and processing efficiency. According to
the manufacturing firm, ChatGPT-5 is one of the most
advanced Al models developed for healthcare. Although
positive results have been obtained in studies evaluating
the use of ChatGPT-5 in clinical practice, potential
negative effects, such as confidentiality, ethics, and
discrimination, must not be ignored. The text produced
by the model may sometimes contain information that is
incorrect or not based on reality. This is known as
“hallucination” which means that the model produces
fictional or incorrect content that is not based on reality.
For ChatGPT to be safely used, a thorough control
process and human participation in the workflow are
required. It is also of great importance for ChatGPT to
conform to standards such as accuracy, reliability,
interpretability and explainability.5® Google Gemini,
developed by Google DeepMind, is a multimodal LLM
that can simultaneously process different data forms,
such as text, images, audio, and code.®% Google Gemini
contains different LLM models, formed from the three
main versions of Gemini Nano, Gemini Pro, and Gemini
Ultra. These three versions were developed to
accommodate diverse user requirements and usage
contexts. Nano was designed to enhance accessible and

enable efficient processing on smartphones, whereas
Ultra represents the most advanced version,
incorporating the full spectrum of Google’s artificial
intelligence capabilities. However, as Pro is a combined
version of the other two, it is the most balanced version
in terms of use and Al capabilities.112

DeepSeek v3.2, developed by DeepSeek Al in 2025, is an
advanced LLM built on the previous V3.13 Owing to its
high performance in advanced reasoning abilities and
various complex tasks, DeepSeek has attracted great
interest. As it can compete with the ChatGPT-40 and GPT-
0l models and shows better performance than these
models in some areas, DeepSeek has become a
significant turning point, not only in terms of LLM
capabilities but also in the race for global Al
development. In areas such as logical reasoning,
mathematical problem solving, and coding, DeepSeek
shows significant advances, leaving many competitors
lagging behind in cognitive tasks.'#> Claude 3.5 Sonnet,
represents the initial release within the Claude 3.5 model
series, was launched on the market on June 21, 2024.
Surpassing GPT-4, Gemini 1.5, and Claude 3 Opus, this
model has shown a significant advance in terms of
presenting more rapid responses.’® Using the
Reinforcement Learning Based on Human Feedback
(RLHF) approach, Claude Sonnet 3.5 was developed as an
Al model based on adaptation to structural reasoning and
human values. On September 29, 2025, Claude Sonnet
4.5 was presented for use by Anthropic. This version is
distinguished from previous Claude models by significant
improvements, especially in coding performance, long-
term autonomous task management capacity, and
security. The model was also designed to preserve
connective consistency, provide continuity in dialogues,
and optimize adaptability specific to the field. Owing to
these characteristics, it is evaluated as an Al system
suitable for medical guidance applications that require
high accuracy.'’1°

Tooth whitening is a procedure frequently requested by
the public in current aesthetic dentistry. In accordance
with the increasing demand for whiter teeth and an
aesthetically perfect smile, various tooth-whitening
methods have been developed. These include products
that can be applied at home, such as toothpastes and
gels, and office-type applications of high-concentration
whitening agents used under professional supervision.?°
The success of these different methods shows variability
depending on the etiology and type of dental
discoloration being treated. Tooth discoloration
occurring in teeth can be classified into two groups:
internal and external staining. Internal staining may be
associated with factors such as genetics, age, antibiotics,
and developmental disorders and can start before the
teeth erupt. External discoloration may be caused by
smoking, pigments in food and drinks, and environmental
factors such as iron or copper. Pigments or chromogenic
components originating from these sources can cause
tooth discoloration by penetrating the tooth surface or
enamel layer.?%?2 The elimination of chromophores is
performed by the oxidation of organic components using
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oxidizing substances such as hydrogen peroxide, which is
actively found in many bleaching agents. This agent has a
high level of solubility in water, and the solution formed
has an acidic pH value. Due to the low molecular weight,
it also has the property of penetration of enamel and
dentin tissues at a high level. It is generally used at a
concentration of 35-38% in clinical applications and—1.5-
7.5% in home-type whitening procedures.?*?* Carbamide
peroxide is another agent used in whitening treatment. It
is the most frequently used bleaching agent in home-type
whitening applications, generally at a concentration in
the range of 10%-22%, but can be used at a concentration
of up to 35% in office-type whitening procedures.?

No study of LLMs on dental whitening treatments could
have been found in the dentistry literature. The aim of
this study was to evaluate and compare the responses of
ChatGPT-5, Gemini 2.5 Pro, DeepSeek v3.2, and Claude
Sonnet 4.5 models to open-ended questions related to
the diagnosis, etiology, and treatment approaches for
dental discoloration, and thereby reveal the evidence-
based accuracy, completeness, and readability of the
responses of these models. The null hypothesis of this
study proposed that there would be no statistically
significant differences among ChatGPT-5, Gemini 2.5 Pro,
DeepSeek v3.2, and Claude Sonnet 4.5 regarding the
accuracy, completeness, and readability of their
responses to dentistry-related whitening questions.

Methods

This study was conducted in accordance with the ethical
principles of the Helsinki Declaration and did not require
Ethics Committee approval. An overview of the study
design is presented in Figure 1.
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25 dental whitening questions were obtained from 3
different sources.

Two restorative dentistry specialists evaluated the accuracy
and completeness of the information using the Likert scale,
and its readability using the FRES, FKGL, and SMOG indices.

STATISTICAL ANALYSIS

Figure 1. Overview of the research design

A total of 45 open-ended questions related to dental
whitening procedures were prepared. The scope and
applicability of the questions, which were designed to
guide specialists providing whitening treatments, were
developed through consultation with two restorative
dental treatment specialists. The specialists shared their
opinions to provide guidance appropriate to the aim of
the study. In accordance with the feedback obtained,
some statements were simplified or removed to increase
the comprehensibility of the questions. Of the 45 open-
ended questions, 25 were selected for the study (Table
1).

Table 1. 25 open-ended questions selected for the study

Questions

1. What is the etiology of external and internal tooth
discoloration?

2. What are the vital bleaching techniques used in
dentistry, and how are they performed?

3. Is vital bleaching of teeth safe and appropriate for
children and pregnant women?

4.  Which tooth bleaching method is the most cost-effective
and easiest to apply for patients?

5. What is the appointment frequency for in-office vital
bleaching in dentistry, and how long does the procedure
take?

6. What is the effect of laser use during non-vital tooth
bleaching in dentistry?

7. How are individual whitening trays used in home
bleaching applications prepared in terms of clinical
stages and laboratory procedures?

8.  When should treatment be performed on teeth that
require restoration after bleaching?

9. How long does it take for teeth to return to their original
color after vital tooth bleaching?

10. Which tooth color responds best to vital bleaching?

11. What is the daily application time and total treatment
time for at-home vital tooth bleaching?

12. How should we treat a chemical burn on the gums during
dental bleaching?

13. What precautions should be taken to protect against the
adverse effects of the at-home bleaching technique in
dentistry?

14. What are the side effects of the materials used in home
bleaching techniques in dentistry?

15. What is the most effective treatment for tetracycline
staining in teeth resistant to dental bleaching?

16. What should be considered during the restoration phase
of a tooth that has undergone non-vital bleaching?

17. How is the Walking Bleaching technique applied in
dentistry?

18. What factors determine the prognosis of the Walking
Bleach technique in dentistry?

19. What are the therapeutic effects of carbamide peroxide
on oral tissues?

20. What is the function of the urea component in a 10%
carbamide peroxide formulation used in dentistry?

21. What are the differences between bleaching agents
containing 10% hydrogen peroxide and agents
containing 10% carbamide peroxide used in dentistry?
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22. What materials can be placed in the pulp chamber when
bleaching endodontically treated teeth, and what is the
most effective mixture?

23. What can be done to prevent cervical resorption of teeth
during nonvital bleaching?

24. What is calcific metamorphosis and how is it treated?

25. How is sensitivity in teeth after bleaching treated?

Total 25 Questions

All questions were developed in accordance with the
principles of scientific validity and clinical significance.
When determining the content of the questions,
guidance was taken from “Ultraconservative Treatment
Options” (chapter 3) of Biomimetic Restorative Dentistry
QUINTESSENCE PUBLISHING (1st edition), “Additional
Conservative Esthetic Procedures” (chapter 9) of
Sturdevant’s Art and Science of Operative Dentistry
ELSEVIER (7t edition), and “Bleaching Procedures”
(Chapter 26) of Cohen’s Pathway of the Pulp (12th
edition).?*282 The questions were presented to the
ChatGPT-5, Gemini 2.5Pro, DeepSeek v.3.2, and Claude

Table 2. Likert scales used for accuracy and completeness evaluation

Sonnet 4.5 Al models by a volunteer using newly created
accounts. To minimize the potential effects of previous
responses, a new chat session was started for each
question, and only the first responses were analyzed. This
approach was adopted because the probabilistic
characteristics of large language models may lead to
variability in outputs when the same prompt is repeated.
Consequently, the “regenerate response” function was
not utilized in this study. The responses were recorded in
a Microsoft Word file (Microsoft, Redmond, WA, USA) for
later analysis. Before presentation to the researchers, the
responses of each chatbot were color-coded for
differentiation. Thus, the examinations of the responses
by the researchers were made blinded with respect to
which chatbot they belonged.

The accuracy and completeness of all responses were
evaluated separately by two restorative dental treatment
specialists. For the evaluation of accuracy, a 5-point
Likert scale was used,?® and for completeness, a 3-point
Likert scale was used (Table 2).

Scale Score Level Definition
The answers are inaccurate or inconsistent with established facts, and important
1 Very Poor . .
details are missing.
5 Poor Some information is accurate; however, fundamental content deficiencies are
present.
Accuracy (5-point 3 Fair The content contains generally accurate elements but has notable shortcomings
Likert scale) and lacks sufficient clarity in some aspects.
4 Good The content is largely accurate and consistent, with only minor shortcomings.
5 Excellent The content demonstrates a high level of accuracy, comprehensive coverage, and
a well-structured presentation.
Completeness (3- 1 Incomplete The content fails to address the basic components of the topic.
point Likert scale) 2 Adequate The content addresses all essential elements of the topic.
3 Comprehensive  All essential elements are covered, and additional relevant information is provided.

Accurate and complete responses encompassing all the
information related to the subject were evaluated as 5
points, and responses that were incompatible with the
literature, contained severe errors, or could be
potentially harmful to a patient were evaluated as 1
point. Readability was measured using the Flesch
Reading Ease Score (FRES) and the Flesch-Kinkaid Grade
Level (FKGL) indexes, which have often been used for this
purpose in the literature (Table 3).

Table 3. The FRES and FKGL points obtained by the Al models
(30)

Reading Estimated Reading
FRES Level FKGL Graduate Level
90-100 Very Easy 5 5th Grade
80-89 Easy 6 6th Grade
70-79 Quite Easy 7 7th Grade
60-69 Standard 8-9 8th—9th Grade
50-59 Quite Difficult  10-12 High school
30-49 Difficult 13-16 University Level
0-29 Very Difficult >16 University Graduate

The FRES, FKGL, and SMOG indices were selected
because they are among the most widely used and
validated readability measures for English-language
health information. These indices estimate reading
difficulty based on sentence length, word length, and
syllable structure and have been extensively applied in
studies evaluating patient education materials and Al-
generated health information. Since all study questions
were submitted in English and readability analyses were
performed directly on the original English responses
generated by the Al models without translation or
modification, the use of these readability formulas was
considered appropriate for the present study. In the FRES
index, scores are distributed on a scale from 0 to 100,
where lower values represent greater linguistic
complexity. For example, a text with a FRES score in the
range of 0-10 points has extremely low readability, and
only individuals with an advanced educational level
would be able to understand the text. In contrast, a text
with a score of 90-100 points can be read extremely
easily and can even be comfortably understood by
readers with only a primary school education level. The
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FKGL is another scale used in the evaluation of text
readability, with scores ranging from 0 to 18 points,
where each score shows the duration of education
required to understand the text.30-32 All the readability
calculations were performed using an online tool,
defined in the web address
https://goodcalculators.com/flesch-kincaid-calculator.
The FRES points were evaluated using the following
formula:

Flesch Reading Ease Score = 206.835 - 1.015 x (Total
Words / Total Sentences) — 84.6 x (Total Syllables / Total
Words)

The SMOG index is a scale that estimates the
approximate education level required to understand a
text and focuses especially on the frequency of words of
three or more syllables in a standard sample of 30
sentences. High SMOG points indicate that the text is
more complex and contains terms at a more technical or
specialist level. The evaluation of each response is
reported as both the number and percentage of complex
words.3® The calculations were performed using an
online tool, defined in the web address
https://www.webfx.com/tools/read-able/ using the
following formula.

Formula:

1.0430 x sqrt (30 x complexWords/sentences) + 3.1291

Statistical Analysis

Inter-rater reliability was assessed using the intraclass
correlation coefficient (ICC). Data normality was
evaluated with the Shapiro-Wilk test. Normally
distributed variables were expressed as mean * standard
deviation, whereas non-normally distributed data were
reported as median (minimum—maximum). Group
comparisons were con-ducted using one-way ANOVA or
the Kruskal-Wallis test, as appropriate. When overall
significance was observed, post hoc analyses were
performed using Bonferroni or Dunn—Bonferroni
corrections. Correlations between scores were examined
using Spearman’s correlation coefficient. All statistical
analyses were performed using IBM SPSS Statistics
(Version 25.0; IBM Corp., Armonk, NY, USA), with a
significance level set at p<0.05.

Results

Consistency between the two evaluators in respect of
accuracy scores was evaluated using the two-way
consistency type single measurement Intraclass
Correlation Coefficient (ICC) [ICC (2,1)]. In the ICC
analyses of the evaluators’ agreement of the four
models, the agreement level for all models was found to
be statistically significant. The ICC value was calculated to
be 0.864 (95% Cl: 0.716-0.938, p<0.001) for DeepSeek
v3.2,0.801 (95% Cl:0.322-0.929, p=0.002) for ChatGPT-5,
0.892 (95% Cl: 0.756-0.952, p<0.001) for Gemini 2.5Pro,
and 0.891 (95% Cl:0.772-0.950, p<0.001) for Claude
Sonnet 4.5. The highest agreement was obtained for
Gemini 2.5 Pro and Claude Sonnet 4.5 (ICC: 0.892 and

0.891, respectively), and the lowest was for the ChatGPT-
5 model (ICC: 0.801) (Table 4).

Table 4. Inter-rater agreement for accuracy scores assessed
using ICC (2,1)

Model 1CC (2,1) 95%Cl p-value
DeepSeek v3.2 0.864 0.716-0.938 <0.001
ChatGPT-5 0.801 0.322-0.929 0.002

Gemini 2.5 Pro 0.892 0.756-0.952 <0.001

Claude Sonnet 4.5 0.891 0.772-0.950 <0.001

The consistency between the two evaluators with
respect to the completeness scores was evaluated using
the two-way consistency type single measurement
Intraclass Correlation Coefficient (ICC) [ICC (2,1)]. In the
ICC analyses of the evaluators’ agreement of the four
models, the agreement level for all the models
demonstrated statistically significant (p<0.001). The ICC
value was calculated to be 1.000 (95% Cl: 1.000-1.000
p<0.001) for DeepSeek v3.2, 0.733 (95% CI:0.396-0.884,
p<0.001) for ChatGPT-5, 0.749 (95% Cl: 0.495-0.883,
p<0.001) for Gemini 2.5Pro, and 0.871 (95% Cl:0.724-
0.941, p<0.001) for Claude Sonnet 4.5. The highest
agreement was obtained for DeepSeek v3.2 (ICC: 1.000)
and the lowest for ChatGPT-5 (ICC: 0.733) (Tablo 5).

Table 5. Inter-rater agreement for completeness scores
assessed using ICC (2,1)

Model ICC(2,1) 95%Cl p-value
DeepSeek v3.2 1.000 1.000-1000 <0.001
ChatGPT-5 0.733 0.396-0.884 <0.001
Gemini 2.5 Pro 0.749 0.495-0.883 <0.001

Claude Sonnet 4.5 0.871 0.724-0.941 <0.001

Cl: Confidence Interval

In the analysis performed to examine how the Al-based
chatbots could enable dentists to respond to questions
about tooth whitening from a more knowledgeable and
critical perspective, the accuracy points of the responses
of the four Al models were compared, and there were
determined to be statistically significant differences
between these scores (p=0.042). In the subgroup
analyses, the median accuracy points of the responses to
the questions about tooth whitening were determined to
be statistically significantly higher for DeepSeek v.3.2 (5;
min:2 -max:5) than for ChatGPT-5 (4; min:1-max:5)
(p=0.047). No statistically significant variances were
identified across the remaining paired group evaluations
(p>0.05) (Figure 2).

In the analysis performed to examine how the Al-based
chatbots could enable dentists to respond to the
questions about tooth whitening from a more
knowledgeable and  critical  perspective, the
completeness points of the responses of the four Al
models were compared, and there were determined to
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Figure 2. Mean accuracy scores of DeepSeek v3.2, ChatGPT-5,
Gemini 2.5 Pro, and Claude Sonnet 4.5

be no statistically significant variances among these data
points (p=0.165). In the analysis performed to examine
how the Al-based chatbots could enable dentists to
respond to the questions about tooth whitening from a
more knowledgeable and critical perspective, the FRES
points of the responses of the four Al models were
compared and there were determined to be statistically
significant differences between these scores (p<0.001).
In the subgroup analyses, the mean FRES points of
DeepSeek v3.2 (42.02+7.63) were determined to be
statistically significantly higher than those of ChatGPT-5
(29.09+9.07), Gemini 2.5 Pro (33.92+9.24), and Claude
Sonnet 4.5 (21.65+9.29) (p<0.001, p=0.010, p<0.001,
respectively). The mean FRES points of ChatGPT-5
(29.09+9.07) and Gemini 2.5 Pro (33.92+9.24) were
observed to be significantly greater than those of Claude
Sonnet 4.5 (21.65+9.29) (p=0.022, p<0.00, respectively).
No significant difference was determined in the other
paired group comparisons (p>0.05) (Figure 3).

0 p<0.001
& 42.02+7.63  29.09:9.07 33924924 21.65:9.29
50 TSO,&

5 T

39, 5

i 269
16,6

[l DeepSeek v3.2 [l ChatGPT-5 [I] Gemini 2.5 Pro || Claude Sonnet 4.5

Figure 3. Mean Readability-FRES scores of DeepSeek v3.2,
ChatGPT-5, Gemini 2.5 Pro, and Claude Sonnet 4.5.

In the analysis performed to examine how the Al-based
chatbots could enable dentists to respond to the
questions about tooth whitening from a more
knowledgeable and critical perspective, the FKGL points
of the responses of the four Al models were compared
and there were determined to be statistically significant
differences between these scores (p<0.001). In the
subgroup analyses, the mean FKGL points of DeepSeek
v3.2 (10.21+1.24) were determined to be statistically
significantly higher than those of the Gemini 2.5 Pro
(12.75+1.84) and Claude Sonnet 4.5 (12.49+1.49) models

(p<0.001, p<0.001, respectively). The mean FKGL points
of ChatGPT-5 (11.2+1.48) were observed to be
significantly higher than those of Gemini 2.5 Pro
(12.75+1.84) and Claude Sonnet 4.5 (12.49+1.49)
(p=0.003, p=0.021, respectively). No significant
difference was determined in the other paired group
comparisons (p>0.05) (Figure 4).

i p<0.001
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Figure 4. Mean Readability-FKGL scores of DeepSeek v3.2,
ChatGPT-5, Gemini 2.5 Pro, and Claude Sonnet 4.5

In the analysis performed to examine how the Al-based
chatbots could enable dentists to respond to the
questions about tooth whitening from a more
knowledgeable and critical perspective, the SMOG points
of the responses of the four Al models were compared
and there were determined to be statistically significant
differences between these scores (p<0.001). In the
subgroup analyses, the median SMOG points of Claude
Sonnet 4.5 (23.9; min: 12.8-max: 44.3) were determined
to be statistically significantly higher than those obtained
by DeepSeek-V3.2 (10.9; min: 7.9-max: 14.8), ChatGPT-5
(10.5; min: 8.4-max: 18.5), and Gemini 2.5 Pro (12.6; min:
9.5-max: 15.1) (p<0.001). No significant difference was
determined in the other paired group comparisons
(p>0.05) (Figure 5) (Table 6).

50 p=<0.001
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Figure 5. Mean Readability-SMOG scores of DeepSeek v3.2,
ChatGPT-5, Gemini 2.5 Pro, and Claude Sonnet 4.5.
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Table 6. Comparisons of the accuracy, completeness and readability scores for DeepSeek v3.2, ChatGPT-5, Gemini 2.5 Pro, and Claude

Sonnet 4.5
Chatbot
DeepSeek v3.2 ChatGPT-5 Gemini 2.5 Pro Claude Sonnet 4.5  p-value
Accuracy Mean + SD 4.52+0.77 3.88+1.01 4.2+0.76 3.92+1.15 0.042
Median (min-max) 5(2-5) 4(1-5) 4(2-5) 4(1-5)
Completeness Meant SD 2.88+0.44 2.64+0.64 2.84+0.47 2.64+0.64 0.165°
Median (min—max) 3(1-3) 3(1-3) 3(1-3) 3(1-3)
Readability
ERES Mean + SD 42.02+7.63 29.09+9.07 33.9249.24 21.65+9.29 <0.001®
Median (min-max)  42.2(26.9-59.6)  29.8 (8.9-45.2)  32.3(16.6-50.8) 22.6 (0-35.7)
FKGL l\'/Ieani.SD 10.21+1.24 11.2+1.48 12.75+1.84 12.49+1.49 <0.001°
Median (min-max) 10.3 (7.6-12.4) 11(9.2-14.9) 13.4(9.2-16.1) 12.3 (10.4-16.3)
SMOG Mean i SD 10.86+1.54 11.47+2.42 12.62+1.52 24.32+9.02 <0.001°
Median (min —max ) 10.9(7.9-14.8)  10.5(8.4-18.5)  12.6(9.5-15.1) 23.9 (12.8-44.3)

Data are expressed as mean * standard deviation and median (minimum: maximum) values. a: Kruskal Wallis test, b: ANOVA test

A statistically significant positive correlation was
observed between accuracy and completeness scores
(rs=0.73; p<0.001), indicating that higher accuracy levels
were associated with greater completeness (Table 7).

A statistically significant negative correlation was found
between the FRES and FKGL readability scores (rs=-0.82;
p<0.001). As the FRES points increased, there was a
significant decrease in the FKGL values, showing that as
the readability of the text increased, the level of reading
difficulty decreased. A statistically significant negative
correlation was found between the FRES and SMOG
readability scores (rs=-0.67; p<0.001). As the readability
of the text increased (higher FRES scores), the SMOG
values, which refer to the grade-level requirement of the
text, decreased. A statistically significant positive
correlation was found between the FKGL and SMOG
readability scores (rs=0.68; p<0.001). An increase in the
FKGL and SMOG values together showed that a higher
education level was required to read the text and thus
the text had become more difficult to read (Table 8).

Table 7. Spearman correlation analysis between the accuracy,
completeness and readability scores for DeepSeek v3.2,
ChatGPT-5, Gemini 2.5 Pro, and Claude Sonnet 4.5

Accuracy Completeness

Completeness

rs 0.73 -

p value <0.001 -
FRES

rs 0.04 0.02

p value 0.664 0.884
FKGL

rs -0.14 -0.09

p value 0.174 0.369
SMOG

rs -0.16 -0.14

p value 0.106 0.180

FRES: Flesch—Kincaid Reading Ease Score, FKGL: Flesch—Kincaid
Grade Level, SMOG: Simple Measure of Gobbledygook.
rs: Spearman's correlation coefficient

Table 8. Spearman correlation analysis between readability
scores

FRES FKGL

FRES

rs - -

p value - -
FKGL

r -0.82 -

p value <0.001 -
SMOG

rs -0.67 0.68

p value <0.001 <0.001

FRES: Flesch—Kincaid Reading Ease Score, FKGL: Flesch—Kincaid
Grade Level, SMOG: Simple Measure of Gobbledygook.

r: Pearson correlation coefficient, rs: Spearman's correlation
coefficient

Discussion

The evaluation of Al-based chatbots that aim to provide
information about dental whitening treatments plays an
important role in the safe use of virtual assistants in

responding to questions about diagnosis and treatment.
The results of this study demonstrated no difference
between ChatGPT-5, Gemini 2.5 Pro, DeepSeek v3.2, and
Claude Sonnet 4.5 in terms of the accuracy,
completeness, and readability of the responses related to
whitening treatments in dentistry; thus, the null
hypothesis was partially rejected, because while
significant differences were observed between the
chatbots when accuracy and readability values were
compared, no difference was seen in respect of
completeness. Al is an advanced scientific branch that
enables computers to perform tasks that have
traditionally been performed by humans. Although still in
the initial stages of development, LLMs have become an
indispensable part of modern life and are used in almost
all sectors. Accordingly, LLM applications can benefit the
workflow of all specialist areas of dentistry in terms of
diagnosis confirmation, treatment planning, and
efficiency.3® Ozcivelek et al. asked four chatbots
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(DeepSeek-R1, ChatGPT-o01, ChatGPT-4, and Dental GPT)
35 questions about dental prostheses that were most
frequently asked by patients. The responses were
evaluated in  respect of accuracy, quality,
comprehensibility, and clinical applicability by two
prosthesis specialists using a 5-point Likert scale, Global
Quality points, and the Patient Education Materials
Evaluation Tool for Printed Materials. While ChatGPT-4
showed the lowest points, DeepSeek-R1 showed the best
performance in terms of readability.3* Freitas et al.
evaluated the performance of DeepSeek-R1 in
diagnosing oral diseases using text-based case
explanations in the “Image Challenge” of the New
England Journal of Medicine. It was seen that DeepSeek-
R1 reached diagnosis accuracy of 91.6%, slightly
exceeding the rate of 88.9% of ChatGPT-40.3° In another
study, three different LLM models were used, namely
ChatGPT-4, Gemini, and DeepSeek-V3, to respond to 194
multiple-choice questions. To evaluate the learning skills
of the three Al models over time, the first and last
responses were compared. While DeepSeek-V3 showed
the highest initial accuracy at 69.6%, the accuracy rates
for Gemini were 57.2% and 52.1% for ChatGPT-4. At the
end of the study, minimal changes were observed in the
responses provided by the chatbots.3® Although the more
recent versions of ChatGPT-5 and Gemini 2.5 Pro of these
models were used in the current study, the results were
seen to be similar with DeepSeek v.3.2 showing a better
accuracy performance than ChatGPT-5. The superior
accuracy performance of DeepSeek v3.2 may be
associated with its stronger reasoning capabilities and its
tendency to generate more focused and direct
responses. In contrast, some responses generated by
ChatGPT-5 included broader explanations that
occasionally contained clinically irrelevant information or
recommendations that were not fully aligned with
current bleaching protocols. Since the accuracy scoring
system prioritized factual correctness and clinical
appropriateness rather than response length, concise
and evidence-consistent answers may have contributed
to the higher scores obtained by DeepSeek v3.2.
Moreover, the relatively high performance of DeepSeek
v3.2 is also noteworthy from an accessibility perspective.
Since free or more easily accessible Al models may be
used not only by patients but also by clinicians seeking
rapid preliminary support in clinical decision-making, the
ability of these models to provide accurate, concise, and
evidence-consistent responses is of practical importance.
In a study by Zhang et al., the capabilities of four Al
models (GPT-40, Gemini 2.0 Flash, Copilot, and DeepSeek
V3) in interpreting periodontal case summaries were
evaluated by dentists using a 5-point Likert scale. A total
of 258 open-ended questions were used in the study, and
each model analyzed the case details and formed
responses. DeepSeek V3 obtained the highest accuracy
points (0.528), surpassing the other models.3’

Suarez et al. investigated the accuracy and reliability of
the responses generated by ChatGPT-4 in the field of oral
and dental surgery. When evaluating the responses to 30
questions about oral surgery, inconsistencies were

determined, and an accuracy rate of 71.7% was obtained.
These findings show that ChatGPT-4 can play a
supportive role in clinical decision-making processes in
dentistry. However, it was emphasized that the model
cannot replace the accumulated knowledge and
experience of specialist clinicians or their clinical
intuition; therefore, it should be evaluated as an assistive
tool supporting the decision.3® Consistent with the
findings in the literature, it was determined in the current
study that the responses given by ChatGPT-5 to some
questions could have a negative effect on the diagnosis
and treatment process of clinicians, and this was
evaluated as 1 point on the Likert scale.

GUrbiz et al. evaluated the accuracy and completeness
of ChatGPT-40 responses related to the management of
non-carious cervical lesions. Accuracy was assessed using
a 6-point Likert scale, while completeness was measured
with a 3-point Likert scale. Their findings revealed a
statistically significant association between accuracy and
informational completeness in the domains of diagnostic
assessment and clinical decision-making.3® The current
study results showed no significant difference among the
four Al models with respect to the completeness scores
of the responses to the questions about tooth whitening.
This can be explained by the models having been trained
with similar basic dental knowledge areas and that they
were able to transfer basic knowledge, such as whitening
protocols, indications, and patient management, at a
similar level. The absence of significant differences in
completeness scores may indicate that contemporary
LLMs have access to a comparable core body of dental
knowledge. As a result, most models were able to
provide sufficient information regarding indications,
bleaching protocols, contraindications, and patient
management. This finding suggests that completeness
alone may not be sufficient to distinguish the clinical
utility of Al-generated responses and should be
interpreted together with accuracy and readability
measures.

One of the questions evaluated in the present study
addressed the safety and appropriateness of vital
bleaching in children and pregnant women. This topic is
particularly important because current pediatric
dentistry recommendations advocate a cautious and
conservative approach to bleaching procedures in young
patients. Factors such as larger pulp chambers, increased
pulpal permeability, and a higher risk of post-treatment
sensitivity should be considered when treatment
decisions are made. Furthermore, contemporary
pediatric dentistry emphasizes minimally invasive
management strategies, including preventive
approaches, monitoring, microabrasion, resin
infiltration, and restorative masking procedures before
bleaching is considered. Therefore, responses that
highlighted individualized  treatment planning,
professional supervision, and careful risk-benefit
assessment were more consistent with current clinical
recommendations.?>*° These findings suggest that the
evaluation of Al-generated responses should take into
account not only factual accuracy and completeness but
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also their consistency with age-specific clinical guidelines
and conservative treatment principles.

Many studies conducted using ChatGPT have reported
consistent ability to give correct responses about various
medical conditions and procedures. It has been shown
that the response content of ChatGPT can be adjusted
according to a technical or patient-focused approach.
Balel et al. analyzed the responses given by ChatGPT to
both patient and technical questions and found a higher
success rate in the responses to patient questions than
to technical questions.*42 Differences between the
current study results and findings reported in the
literature could be considered to be due to the fact that
technical and patient questions were not evaluated in
separate categories and differences between the
subjects and the Al models used.

High FRES points are accepted as an evidence-based
marker showing that texts containing shorter sentences
and less complex words can be more easily understood
by readers, and this has been confirmed in previous
studies.*3

Das et al. compared the responses of DeepSeek-V3,
ChatGPT-40, and Gemini 2.0 to questions about
ophthalmic oncology. The accuracy, completeness,
readability, and real-world utility of the chatbot
responses were compared. All three models obtained
similar accuracy points. DeepSeek V3 provided the most
detailed and readable responses (FRES points: 38.0),
while ChatGPT-40 produced shorter but more clinically
reliable responses.* In a study conducted by Tasyirek et
al., the performance of ChatGPT-5, Gemini 2.5 Flash, and
DeepSeek-V3.1 was assessed regarding their ability to
provide accurate, understandable, and readable
information on endodontic procedures. In terms of both
accuracy and FRES readability, DeepSeek V3.1 obtained
higher points than the other models.” The finding of the
current study results were comparable to those in
literature as the mean FRES and accuracy scores of the
responses given to questions about teeth whitening were
found to be higher for DeepSeek v.3.2 (42.02+7.63) than
for the other chatbots. The higher readability scores
achieved by DeepSeek v3.2 may be attributed to its
tendency to generate shorter sentences and use less
complex vocabulary. Such characteristics may facilitate
comprehension by patients and non-specialist readers.
From a clinical perspective, readable health information
is important because it may improve patient
understanding, treatment adherence, and informed
decision-making.

In the comparisons of the FKGL points, the mean 10.21
score of the DeepSeek v.3.2 model was determined to be
statistically significantly lower than the 12.75 points
obtained for Gemini 2.5 Pro and 12.49 points for Claude
Sonnet 4.5. The mean score of 11.2 obtained by ChatGPT-
5 was also observed to be lower than the mean scores of
Gemini 2.5 Pro (12.75) and Claude Sonnet 4.5 (12.49).
According to these results, more easily readable texts
were produced by DeepSeek v.3.2 with a required
reading level of approximately 10% grade and by
ChatGPT-5 at 11t grade. The responses produced by

Gemini 2.5 Pro and Claude Sonnet 4.5 were more
complex, requiring a high reading level equivalent to the
first year of university.

The SMOG points of the responses to the questions
about tooth whitening were determined to be higher for
Claude Sonnet 4.5 (23.9) than for the DeepSeek-V3.2
(10.9), ChatGPT-5 (10.5), and Gemini 2.5 Pro (12.6)
models. When considering that higher points indicate
lower readability, it can be seen that Claude Sonnet 4.5
produced texts that were more difficult to read, whereas
ChatGPT-5 had a better readability profile. The
substantially higher SMOG scores observed for Claude
Sonnet 4.5 suggest that the model frequently employed
multisyllabic and technically complex terminology. While
this may increase the perceived scientific sophistication
of the responses, excessive linguistic complexity may
reduce accessibility for patients and limit the
effectiveness of Al-generated educational content. For
clinicians, overly complex responses may increase the
cognitive effort required to rapidly interpret Al-
generated information, potentially reducing the model’s
practical utility as a clinical decision-support tool. In
clinical settings, where time-efficient and clearly
structured information is essential, responses containing
unnecessary technical complexity may hinder rapid
evaluation and integration into patient management. In
the study by Tasylrek et al., evaluating the readability,
accuracy, and completeness of LLM responses, ChatGPT-
5 was reported to have obtained lower SMOG points
than Gemini 2.5 Flash, Grok 4, and Claude Sonnet 4, and
thus to have produced more difficult to read texts.*>

Limitations

This study had some limitations, primarily that the
questions were asked only once, and there were no
follow-up questions to obtain details. Al models are
dynamically updated and developed with continuous
updates. Therefore, when evaluating the findings of this
study, it must be considered that the results are limited
to a certain time interval, and there may be differences
in performance in future versions of the models. The
study questions were only addressed in English, which
may limit the applicability of the findings to other
languages. Because the readability formulas used in this
study were originally developed and validated for
English-language texts, the readability findings may not
be directly generalizable to Al-generated responses
produced in other languages. This examination of the
performance of Al models was based on the evaluation
of a small specialist group, which may limit the
applicability of the results obtained. In addition, all
evaluations were performed by two specialists in
restorative dentistry. Although this expertise was
appropriate for the assessment of bleaching-related
content, one of the study questions specifically
addressed the safety and appropriateness of vital
bleaching in children and pregnant women. As this topic
involves pediatric dentistry-specific considerations and
clinical recommendations, the absence of a pediatric
dentistry  specialist may have limited the



Cangul et al., Are Al Models Ready for Clinical Decision?

comprehensiveness of the expert evaluation. Finally, it
should be taken into consideration that differences in
question structure or word selection could affect the
responses.

Recommendations for the Future

The clinical diagnosis process requires specialization and
experience at a level that cannot be met by LLMs alone.
Before the use of information obtained from LLMs in
clinical practice, there is a need for confirmation with
reliable research.?® According to a 2024 survey by the
American Medical Association (AMA), approximately
two-thirds (66%) of clinicians use Al models despite their
known drawbacks.*’” The most recent AMA data related
to Alin the healthcare sector emphasized the importance
of a detailed evaluation system for LLMs used for
educational and training purposes.*® In the framework of
this evaluation, there should be a systematic
examination of the accuracy level of the model, clinical
applicability, and potential effects on patients. For LLMs
to be used effectively, there must be multidisciplinary
collaboration  between healthcare professionals,
computer scientists, regulating institutions, and society.
For the clinical application of LLMs, some criteria must be
met:

e Comprehensive and detailed evaluations should be
performed.

® LLMs must be compatible with confirmed and reliable
medical knowledge.

¢ LLMs must consider all dimensions of complex medical
conditions and produce treatment approaches
appropriate for these clinical scenarios.

They must demonstrate generalizability or consistent
performance under different clinical conditions.*%-!

The responses provided by the Al models did not include
any references. This has been confirmed by other
studies. De Sousa et al. found that Al responses were
reliable and accurate at the rate of 90.63%, but no
references were given supporting the responses.>? Pan et
al. performed an analysis of 100 responses produced by
four Al models and reported that the models did not
state references.>?In similar study, Jacob et al. evaluated
the responses of chatbots to patient questions about
third molar extraction and reported that no references or
sources were stated in the responses.*! The absence of
citations and references creates a serious concern about
the reliability of studies because it is unknown from
which sources of information the LLMs benefit most
when providing responses. To increase the reliability of
future versions of LLMs, they should include references
together with responses for patients and physicians to be
able to access more sources.

In conclusion, taking the limitations of this study into
consideration, the results demonstrated that DeepSeek v
3.2 showed a better performance than the other LLMs in
responding to questions about tooth whitening.
However, despite advances and increasing capabilities, it
is important to be aware that Al models in their current
state should not be used indiscriminately. Although Al is
currently available in the healthcare sector, research
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should continue to ensure its safe and effective
application in restorative dentistry. Al models have the
potential to be an assistive smart virtual assistant in the
future with training according to confirmed reference
sources and supervision by specialists in restorative
dental treatments; however, they will never replace a
restorative dental treatment specialist.
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