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Aim: The aim of this study is to compare three large language models (LLMs) (ChatGPT-5,
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Gemini 2.5 Flash, and DeepSeek-V3.1) in terms of accuracy, understandability, and readability,
based on the answers provided to frequently asked endodontic questions.

Methodology: Thirty open-ended frequently asked questions were generated using the
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E-mail: (SMOG), and Coleman-Liau Index (CLI). Group comparisons were performed using the

ANOVA/Kruskal-Wallis test, followed by post-hoc Dunn-Bonferroni tests.

Results: Inter-rater agreement was excellent (accuracy ICC: 0.908-0.917; reliability ICC:
0.992-0.995; all p<0.001). A significant difference was found between the models in terms of
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[=] & [m] accuracy (p<0.001): DeepSeek-V3.1 (4.63+0.81) scored the highest and performed significantly

: ""‘-&5.!-‘. better than ChatGPT-5 (3.93+0.79) and Gemini 2.5 Flash (3.67+0.76). No significant difference
o .k,"f".q:?m:,”’ between ChatGPT-5 and Gemini 2.5 Flash (p>0.05). The understandability (PEMAT-P) scores
Esw?.':ﬁg were similar (p=0.683), and all models scored above 70% (ChatGPT-5, 77.46%; Gemini, 76.04%;

DeepSeek-V3.1, 77.57%). Differences were found in readability metrics: DeepSeek-V3.1 scored
higher than ChatGPT-5 in FRES (p=0.044); Gemini scored higher than DeepSeek-V3.1 in FKGL
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readability and understandability (p>0.05).

Gemini 2.5 Flash, and DeepSeek- accuracy. While all models produced similar scores above the PEMAT-P understandability
V3.1 chatbots to patient inquiries threshold (70%), there were significant differences in readability metrics; furthermore, no
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Introduction

In the context of modern healthcare, the era in which
patients were solely dependent on the medical
information and advice they received from their dentists
has ended. With the widespread use of the Internet,
individuals can now access comprehensive information
about symptoms, diseases, and treatment methods
through a simple online search; thus, they are becoming
more informed, engaged, and proactive in their
healthcare decision-making processes (1).

The Internet has fundamentally changed the way
patients access their health information, leading to the
empowerment of patients and reshaping the dynamics of
doctor-patient communication (2). However, the
unreliability of all information available online poses a
significant problem. Encountering content that lacks a
scientific basis or is inaccurate can cause confusion
among patients and lead to misdiagnosis (3). Therefore,
the spread of incorrect or harmful information about
endodontic treatment online can be a significant cause
for concern. Moreover, this situation can further increase
patients’ fear of the dentist, negatively affect the
process, make it difficult for them to access accurate
information, and hinder their ability to develop a
positive attitude toward treatment.

Large language models (LLMs) are advanced
artificial intelligence systems designed to generate
human-like text. They are trained on massive amounts of
data and can understand and generate natural language
for various tasks, such as translation, summarization, and
conversation. Users provide keywords or lists of
questions, and the LLMs generate content on these
topics. The wuser interface typically follows a
conversational structure that iterates between user
questions or inputs and system responses or outputs. This
design considers previous interactions to effectively
mimic human conversations (4).

Chat Generative Pre-Trained Transformer
(ChatGPT; OpenAl, San Francisco, CA, USA) is a
generative artificial intelligence chatbot developed by
OpenAl and released on November 30, 2022 (5).
ChatGPT-5, introduced and made available on August 7,
2025, was described by its developers as an intelligent
and efficient foundational model. According to the
manufacturer's statement, ChatGPT-5 is positioned as
the most advanced model developed in the field of
healthcare and provides strong support for raising users'
health awareness. Demonstrating clear superiority over
previous versions in HealthBench performance
evaluations, ChatGPT-5 stands out because of its ability
to flag potential risks in advance. It also stands out for
its ability to ask users additional questions to generate
more qualified and useful responses. Although it is not
intended to replace a medical professional, ChatGPT-5
was designed to assist in interpreting results, asking the
right questions, and making informed decisions. It has
been reported that ChatGPT-5 significantly reduces the
hallucination rate compared to previous models,
particularly in evaluation frameworks (such as LongFact

and FactScore) that involve complex, multidimensional,
and open-ended questions where factual accuracy is
critical (6).

ChatGPT-5, which advances from previous
ChatGPT models, presents a unified model architecture
that incorporates real-time routing, improved reasoning,
and significant enhancements in factual accuracy
and multimodal functionality. ChatGPT-5 demonstrates
enhanced instruction-following, increased reliability,
and reduced hallucination rates across domains,
including coding, healthcare, and writing. In the health
domain, ChatGPT-5 scored 46.2% on HealthBench Hard,
significantly outperforming previous models (6).

ChatGPT has significant potential to address the
healthcare needs of disadvantaged communities. First,
its multilingual communication capabilities can reduce
structural barriers to accessing health information by
overcoming language barriers to access. This makes it
easier for individuals, especially in areas with limited
access to healthcare services, to obtain accurate and
reliable information about their health status.
Furthermore, considering the complexity of healthcare
systems in developing countries, ChatGPT can increase
the rate of healthcare utilization by facilitating the
understanding of processes, such as insurance
registration, appointment scheduling, and medication
use. Overall, the Al-based support offered by ChatGPT
can contribute to the democratization of health
information (7, 8).

Gemini is an LLM developed by Google DeepMind
(Mountain View, CA, USA) and was released on December
19, 2024. It combines language understanding with
advanced reasoning and is designed for tasks such as
answering questions, explaining concepts, and solving
problems across various subjects (9). Gemini 2.5,
introduced on March 26, 2025, is described by its
manufacturer as an enhanced “thinking model” designed
to solve increasingly complex problems. This model
family has a structure that can evaluate information by
first passing it through a cognitive logic filter, rather
than directly transferring it during the response
generation process. Thus, Gemini 2.5 not only provides
performance gains but also significantly increases the
level of accuracy and reliability (10).

DeepSeek (Hangzhou DeepSeek Al Basic Tech. Res.
Co., Ltd.; Beijing, China) is a new LLM developed by a
Chinese research team. It focuses specifically on
academic and professional use cases, namely, science,
technology, engineering, and mathematics (STEM) fields.
DeepSeek can solve mathematical problems, generate
codes, and provide support for research-related
questions. It also excels in tasks requiring professional
knowledge and logical reasoning, such as those in
science, mathematics, and programming (11). According
to the manufacturer's statement, DeepSeek-V3.1 is a
significant innovation symbolizing the transition to the
“agent era” in artificial intelligence. The model
combines the ‘Think’ and “Non-Think” modes into a
single structure owing to its hybrid inference
architecture, which adapts to flexible usage scenarios.
The new “Think” mode offers higher speed and
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efficiency compared with the previous version,

DeepSeek-R1-0528, making it particularly suitable for

time-critical applications. Post-training improvements

significantly enhanced the vehicle-handling capabilities
of the model and its ability to perform multi-step tasks.

In this context, the manufacturer emphasizes that

DeepSeek-V3.1 not only offers increased performance

but also sets a new standard in Al research with its

advanced agent capabilities (12).

Endodontics is a specialized field of dentistry that
focuses on the prevention, diagnosis, and treatment of
diseases of the dental pulp and its surrounding tissues
(13). This discipline involves complex clinical procedures
that often require advanced knowledge and skill. The
symptoms of endodontic diseases can significantly affect
not only oral and dental health but also the overall
quality of life of individuals. Therefore, endodontics
plays a critical role in protecting patients' health, both
functionally and aesthetically (14).

The adequacy of LLMs in making definitive diagnoses
or recommending treatments in the field of endodontics
is debatable. This is because making the right decision in
this field relies not only on theoretical knowledge but
also on clinical examination findings, imaging results,
and the dentist's experience. However, LLMs can play a
valuable guiding role in making the process more
understandable for patients, ensuring that they ask the
right questions, and strengthening communication with
dentists.

The aim of this study is to compare three different
LLMs (ChatGPT-5, Gemini 2.5 Flash, and DeepSeek-V3.1)
in terms of accuracy, understandability (PEMAT-P), and
readability for frequently asked questions by patients
regarding endodontic treatment. The findings aim to
identify the current limitations of using LLMs for patient
education and guide users in employing emerging Al-
based chatbots from a more informed and critical
perspective. The evaluation was based on three key
criteria: accuracy, understandability (PEMAT-P), and
readability. Accordingly, the following null hypotheses
were proposed:

e Ho1 (Accuracy): There is no statistically significant
difference among ChatGPT-5, Gemini 2.5 Flash,
and DeepSeek-V3.1 chatbots in terms of the
accuracy of their responses.

e Hoz (Understandability [PEMAT-P]): There is no
statistically significant difference among the
models in terms of the understandability (PEMAT-
P) of the provided information.

e Hos (Readability): There is no statistically
significant difference among the models regarding
the readability of their responses.

Materials And Methods

Ethical committee approval was not required for this
research because the study did not involve any patient
information or data; it only aimed to analyze freely
accessible online information sources.
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To learn what questions patients might ask about
endodontic treatment, we used popular question-answer
sites, including Also Asked (alsoasked.com) in our online
research (15) and Answer the Public
(answerthepublic.com) (16). We used these tools. These
tools are commonly used to identify the most frequently
asked questions and topics that attract users’ interest.
Keywords used in the search include “root canal
treatment and pain” and “root canal treatment and
tooth abscess.”

Thirty open-ended questions generated by online
tools were compiled by one of the authors into a
Microsoft Word document (Microsoft Corp., Microsoft
Office 365, V 16.74, Redmond, WA, USA) (Table 1) and
subsequently reviewed by two authors to identify and
remove duplicate or semantically identical questions.
Furthermore, all included questions were examined for
grammatical accuracy, and those containing linguistic or
stylistic errors were revised to ensure clarity.

Table 1. List of questions asked of the chatbots.

1. How long does root canal treatment take?

2. How many sessions does root canal treatment require?
3. Can root canal treatment be performed in a single

session?

4. What is done during the second session of root canal
treatment?

5. Can |l undergo root canal treatment if | have a tooth
abscess?

6. Can infection occur again after root canal treatment?

7. Will | feel pain when the nerves in my tooth are
removed during the root canal treatment?

8. Should | take antibiotics before undergoing root canal
treatment?

9. What should | do if the temporary filling falls out during
the root canal treatment?

10. Are antibiotics used after root canal treatment?

11. Can a tooth with root canal treatment decay?

12. Can root canal treatment be performed while taking
antibiotics?

13. What happens to my tooth if | do not undergo root canal
treatment?

14. What helps with toothache caused by an abscess?

15. Can an abscess form in a tooth that has undergone root
canal treatment?

16. How many hours after receiving root canal treatment
should | eat?

17. Can | smoke after having root canal treatment?

18. How long does the numbness last after root canal
treatment?

19. How many years will a tooth that has undergone root
canal treatment remain healthy?

20. Should I undergo root canal treatment or have the tooth
extracted?

21. Should | undergo root canal treatment or an implant?

22. Why does a tooth that has had root canal treatment
hurt later on?

23. What happens if the root canal treatment fails?

24. Should you brush your teeth after root canal treatment?

25. Does root canal treatment darken the color of teeth?

26. Is root canal treatment harmful during pregnancy?
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27. Can root canal treatment be performed twice on the
same tooth?

28. What are the disadvantages of root canal treatment?

29. Is there pain during the second session of root canal
treatment?

30. What is placed inside a tooth that has undergone root
canal treatment?

Total 30 Questions

The questions were posed by an independent
volunteer who did not participate in the study on
September 2, 2025, using newly created accounts on the
same computer as the original study. All chatbots
(ChatGPT-5 [Thinking mode], Gemini 2.5 Flash [Deep
Research mode], and DeepSeek-V3.1 [Deep Think mode])
were asked questions in the specified order via their
official web addresses. To prevent the LLMs from being
influenced by previous questions and answers, each
question was asked in a separate chat session. At the
beginning of each session, the system memory was reset,
deleting past conversations to ensure that the model
focused only on the current input. This method aims to
minimize the possibility of contextual bias and prejudice
arising from sequential interactions. Furthermore, the
models were only allowed to provide a single response,
and it was not possible to modify or regenerate the initial
responses. The responses were recorded in a Microsoft
Word document.

To ensure that the researchers remained impartial
when evaluating the responses, each chatbot response
was marked with a different color code. This allowed
researchers to evaluate responses without knowing
which response belonged to which chatbot. After

theevaluation process was completed, the color codes
were revealed to indicate which chatbots they
represented.

The LLM responses were independently evaluated by
two experienced endodontists. They were given time to
assess the quality of their responses. To create a
consistent and systematic scoring process, all evaluators
were provided with a standardized Microsoft Excel
scoring form (Microsoft Corp., Microsoft 365, Version
16.74, Redmond, WA, USA).

In the evaluation conducted by experts, a five-point
Likert scale was used to examine the accuracy of the LLM
responses. The evaluation process was conducted using a
double-blind design to minimize the risk of bias.

e 1= Very poor: Responses were not factual or
consistent; key details were missing.

e 2= Poor: Some correct elements are present,
but important content is missing or unclear.

e 3= Average: Partially correct, containing both
correct and missing or unclear information.

e 4= Good: Mostly correct and consistent, with
only minor omissions.

e 5=Excellent: Extremely accurate,
comprehensive, and well-organized response.

The readability of each LLMs responses was
examined using an online tool called Readable software
(https://readable.com). The readability assessment was
based on five different established criteria, and scores
were determined according to these metrics. Schematic
representation of the study is graphically illustrated in
Figure 1.

The 30 most frequently asked questions by patients regarding root canal
treatment, pain, and dental abscess were compiled from online sources.
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Figure 1. Schematic representation of the study.
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Flesch-Kincaid Readability Score (FRES): Calculated
using the average number of words per sentence and the
average number of syllables per word, FRES provides a
score between 0 and 100, with higher values indicating
easier-to-read text (Table 2) (17, 18).

Flesch-Kincaid Grade Level (FKGL): Estimates the grade
level in the United States required to understand the text
based on the number of syllables per word and sentence
length (Table 2) (19).

Table 2. Interpretation of the Flesch Reading Ease Score (FRES)
and Flesch-Kincaid Grade Level (FKGL).

Estimated Reading

FRES Reading Level FKGL Graduate Level
90-100 Very Easy 5 5th Grade

80-89 Easy 6 6th Grade

70-79 Fairly Easy 7 7th Grade

60-69 Standard 8-9 8th-9th Grade
50-59 Fairly Difficult 10-12  High School
30-49 Difficult 13-16  College Level
0-29 Very Difficult >16 College Graduate

Table 3. Readability indexes and calculation formulas.

Gunning Fog Index (GFI): Typically scores between 6 and
17; 6 corresponds to the reading level of an 11-12-year-
old child, 12 to a high school graduate, and 17 to a
college graduate (17).

Simple Measure of Gobbledygook (SMOG): It is
considered the gold standard for evaluating health
materials because it estimates the reading level required
for 100% comprehension (18).

Coleman-Liau Index (CLI): Calculates readability based
on the average number of characters per 100 words and
the average sentence length, and assigns a score
according to the grade level in the United States; lower
values indicate easier readability (19).

The main readability indexes frequently used in health
communication research and their calculation formulas
are presented in Table 3 (20). These formulas estimate
the grade level or complexity of a text based on sentence
length, word structure, and counts of syllables or letters.

The clinical readability guidelines published by the
National Institutes of Health (NIH) and the American
Medical Association (AMA) recommend that patient-
facing materials be written at a 6" to 8" grade level. The
following threshold values were used to determine the
readability rate of chatbot responses that met these
standards (17-19) (Table 4).

Indexes Formulas

FRES 206.835 - 1.015 x (total words / total sentences) - 84.6 x (total syllables / total words)
FKGL 0.39 x (total words / total sentences) + 11.8 x (total syllables / total words) - 15.59
SMOG 1.0430 x / [ Number of polysyllabic words x (30 / Number of sentences)] + 3.1291
GFI 0.4 x [ (total words / total sentences) + 100 x (complex words / total words)]
CLI (0.0588 x L) - (0.296 x S) - 15.8

L=average number of letters per 100 words; S = average number of sentences per 100 words

Table 4. Criteria and threshold values used to evaluate the
readability of chatbot responses.

Criterion Threshold Value
Flesch Reading Ease (FRES) > 60
Flesch-Kincaid Grade Level (FKGL) <8
Simple Measure of Gobbledygook o
(SMOG)

Gunning Fog Index (GFI) <8
Coleman-Liau Index (CLI) <8

International Dental Research

To assess the suitability of the responses generated
by ChatGPT-5, Gemini 2.5 Flash, and DeepSeek-V3.1 as
educational materials for all patients in terms of
understandability and applicability, the Patient
Education Materials Assessment Tool for Printed
Materials (PEMAT-P), a validated measurement tool, was
used (21).

The PEMAT-P consists of 24 questions divided into
two subsections that measure understandability and
applicability. Since the evaluation was conducted
without visual aids and chatbots cannot generate visual
content, questions related to visual elements were
marked as “inapplicable” and excluded from the
analysis. Two independent authors scored all responses
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provided by each chatbot according to the PEMAT-P
user’s guide. Each question's answer was scored using a
rating system based on the items specified in the guide:
0 for “disagree,” 1 for “agree,” and N/A for
“inapplicable.’’ (22).

PEMAT Understandability Score Calculation Method
Understandability Score (%) = (Total Score / Total Valid
Iltems) x 100 (23)

- Total Score: The number of items marked “Agree.”
Each ‘Agree’ response is worth 1 point (23).

- Total Valid Items: The number of items remaining after
excluding all items marked “Not Applicable (N/A).” (23).

Table 5 presents the score distributions of the
understandability items. Accordingly, 12 items were
marked as “Agree,” each valued at 1 point, resulting in
a total score of 12 points. Three items were marked as
“Disagree” and calculated as 0 points. One item was
considered “Not Applicable (N/A)” and was therefore
excluded from the assessment. Based on these results,
the total score was determined as 12. Table 6 shows the
steps for calculating the PEMAT understandability score.
In the first step, the total score was found to be 12. In
the second step, the number of valid items was
calculated as 15 by subtracting 1 N/A from the 16 items.
In the final step, the total score (12) was divided by the
number of valid items (15) and multiplied by 100,
resulting in an understandability score of 80% (23).

Table 5. Score distribution of the understandability items.

: Number of o Points
Article Type Articles Coefficient Calculation
| agree 12 1 12x1=12
| disagree 3 0 3x0=0
Not
applicable 1 Excluded
(N/A)

TOPLAM 12

Table 6. Steps for calculating the PEMAT understandability
score.

Step Explanation Calculation Result
12 items x 1 12
Step 1 Find the total score ) )
point points
Calculate the
16 items - 1 15
Step 2 number of valid
) N/A =15 items items
items
Step 3 Calculate the score (12 + 15) x 100 %80

The scores provided by the two evaluators were
transferred to the table, resulting in two separate scores
for each question. The consistency between these scores
was then examined, and once consistency was

established, the final result was determined based on
the score of a single evaluator. Importantly, the authors
who performed this evaluation were different individuals
from the researcher who directed the questions to the
chatbots. This ensured an unbiased and independent
evaluation of the results. Ultimately, the
understandability = scores were calculated as
percentages, with higher percentages indicating better
levels of understandability.

Statistical analysis

SPSS 25.0 software (IBM Corp., IBM SPSS Statistics for
Windows, Armonk, NY, USA) was used for statistical
analyses, and the type | error rate was set at 5%.

The Intraclass Correlation Coefficient (ICC) was
calculated to assess the agreement between the two
evaluators' scores.

The normality of the continuous variables was
examined using the Shapiro-Wilk test. According to the
normality test results, variables that showed normality
were expressed as mean * standard deviation, while
variables that did not show normality were expressed as
median (minimum: maximum) values. According to the
normality test results, the Kruskal-Wallis test was used
when there were more than two groups and normality
was not observed. Spearman’s correlation analysis was
performed to assess the relationships among accuracy,
PEMAT-P, and readability scores.

Following the Kruskal-Wallis test, subgroup analyses
were performed using the Dunn-Bonferroni test in cases
of overall significance.

Results

The consistency between the two evaluators in terms of
accuracy scores was assessed using a single-measure
two-way consistency type coefficient [ICC(2,1), two-way
random-effects, absolute agreement, single measures]
for all artificial intelligence models. The inter-evaluator
reliability was excellent for all models. For ChatGPT-5,
ICC(2,1) = 0.917 (95% Cl: 0.833-0.959, p < 0.001), for
Gemini 2.5 Flash, 1CC(2,1) = 0.908 (95% Cl: 0.817-0.955,
p <0.001) and ICC(2,1) = 0.910 (95% CI: 0.820-0.956, p <
0.001) for DeepSeek-V3.1 (Table 7).

Table 7. Consistency between the two evaluators in terms of
accuracy scores.

ICC(2,1) 95% Cl p-
value

Model

ChatGPT-5 0.917 0.833-0.959  <0.001

I 22 0.908 0.817-0.955  <0.001

Flash

DeepSeek-V3.1 0.910 0.820-0.956  <0.001

Cl: Confidence Interval
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The consistency between the two evaluators in
terms of the understandability scores was assessed using
a single-measure two-way consistency coefficient
[ICC(2,1), two-way random effects, absolute agreement,
single measures] for all Al models. The inter-rater
reliability was found to be excellent for all models. For
ChatGPT-5, ICC (2,1) = 0.995 (95% Cl: 0.990-0.998, p <
0.001), for Gemini 2.5 Flash, 1CC(2,1) = 0.992 (95% CI:
0.983-0.996, p < 0.001) and ICC(2,1) = 0.993 (95% Cl:
0.986-0.997, p < 0.001) for DeepSeek-V3.1 (Table 8).

Table 8. Consistency between the two evaluators in terms of
the understandability scores.

ICC (2,1) 95% ClI p-value
Model
ChatGPT-5 0.995 0.990-0.998 <0.001
Gemini 2.5 Flash 0.992 0.983-0.996 <0.001
DeepSeek-V3.1 0.993 0.986-0.997 <0.001

Accuracy

In the analysis conducted to guide the use of LLMs with a
more informed and critical perspective regarding
patients’ frequently asked questions about endodontic
treatment, the accuracy scores of responses to open-
ended questions directed at three different LLMs were
compared, and significant differences were found
between these scores (p<0.001) (Table 9) (Fig. 2).

Within the subgroup analyses, it was determined
that the average accuracy score of DeepSeek-V3.1
(4.63+0.81) responses to open-ended questions was
significantly higher than the average scores of ChatGPT-
5 (3.93+0.79) and Gemini 2.5 Flash (3.67+0.76) responses
(p<0.001 and p<0.001, respectively). No significant
differences were found between the other two groups
(p>0.05) (Table 9) (Fig. 2).

Understandability

In the analysis conducted to guide the use of LLMs with a
more conscious and critical perspective regarding
patients’ frequently asked questions about endodontic
treatment, the understandability (PEMAT-P) scores of
the responses to open-ended questions directed at three
different LLMs were compared, and no significant
difference was found between these scores (p=0.683)
(Table 7) (Fig. 3).

Readability

It was found that the FRES, FKGL, GFI, SMOG, and CLI
scores for the readability of the responses to open-ended
questions directed at the three different LLMs showed
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significant differences (p=0.024, p=0.001, p<0.001,
p=0.004, respectively) (Table 7).

In the subgroup analysis of FRES scores, it was found
that the average FRES score of DeepSeek-V3.1
(58.21+6.74) responses to open-ended questions was
significantly higher than the average score of ChatGPT-5
(52.64+£10.99) responses (p=0.044). No significant
differences were found between the other two groups
(p>0.05) (Table 7) (Fig. 4).

6

p=0.001
5 3.93+0.79 3.67+0.76 4,63+0.81
5 .
-
4 -
35
3 .

25
2
15

1 a a -

H ChatGPT-5 M Gemini 2.5 Flash [l DeepSeek-V3.1

Figure 2. Mean accuracy scores of ChatGPT-5, Gemini 2.5 Flash,
and DeepSeek-V3.1 in responding to patient questions
regarding endodontic treatment.

120 p=0.683
110 77.46213.04 76.04+11.05
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B ChatGPT-5 Ml Gemini 2.5 Flash [l DeepSeek-V3.1

Figure 3. Mean understandability scores (PEMAT-P) of ChatGPT-
5, Gemini 2.5 Flash and DeepSeek-V3.1 in responding to
questions related patient questions on endodontic treatment.
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Figure 4. Mean Readability-FRES scores of ChatGPT-5, Gemini

2.5 Flash, and DeepSeek-V3.1 in responding to patient
questions on endodontic treatment.
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In the subgroup analysis of FKGL scores, it was
determined that the average FKGL score of Gemini 2.5
Flash (10.15+2.14) responses to open-ended questions
was significantly higher than the average score of
DeepSeek-V3.1 (8.48+1.17) responses (p=0.001). No
significant differences were found between the other
pairs (p>0.05) (Table 7) (Fig. 5).

20 p=0.001

18 9.35+1.88 10.15+2.14 8.48+1.17

L]
16 °
14 .
12

10

M ChatGPT-5 Ml Gemini 2.5 Flash [l DeepSeek-V3.1

Figure 5. Mean Readability-FKGL scores of ChatGPT-5, Gemini
2.5 Flash and DeepSeek-V3.1 in responding to questions related
patient questions on endodontic treatment.

In the subgroup analysis of GFI scores, it was found
that the average GFl score of Gemini 2.5 Flash
(12.14+2.02) responses to open-ended questions was
significantly higher than the average scores of ChatGPT-
5 (11.04+2.03) and DeepSeek-V3.1 (10.21+£1.15) model's
responses (p=0.036 and p<0.001, respectively). No
significant differences were found between the other
pairs of groups (p>0.05) (Table 9) (Fig. 6).

20 p<0.001
11.0442.03 12.1442.02 10.211.15

18 .

16 -1

14

L ]
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6

M ChatGPT-5 B Gemini 2.5 Flash M DeepSeek-V3.1

Figure 6. Mean Readability-GFl scores of ChatGPT-5, Gemini 2.5
Flash, and DeepSeek-V3.1 in responding to patient questions on
endodontic treatment.

In the subgroup analysis of SMOG scores, the
average SMOG score of Gemini 2.5 Flash (12.28+1.50)
responses to open-ended questions was found to be
significantly higher than the average score of DeepSeek-
V3.1 (11.19£0.92) model responses (p=0.003). No
significant differences were found between the other
pairs (p>0.05) (Table 9) (Fig. 7).

20 p=0.003
11.55=1.35 12.28+1.50 11.19+0.92
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B ChatGPT-5 M Gemini 2.5 Flash [l DeepSeek-V3.1

Figure 7. Mean Readability-SMOG scores of ChatGPT-5, Gemini
2.5 Flash, and DeepSeek-V3.1 in responding to patient
questions related to endodontic treatment.

In the subgroup analysis of CLI scores, it was found
that the average CLI score of ChatGPT-5 (12.01£1.76)
responses to open-ended questions was significantly
higher than the average score of DeepSeek-V3.1
(10.7+1.15) model responses (p=0.004). No significant
differences were found between the other pairs of
groups (p>0.05) (Table 7) (Fig. 8)

18 p=0.004
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16
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12.01+1.76

11.09+1.60 10.7«1.15

Figure 8. Mean Readability-CLI scores of ChatGPT-5, Gemini 2.5
Flash, and DeepSeek-V3.1 in responding to patient questions on
endodontic treatment.
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Table 9. Comparison of accuracy, understandability (PEMAT-P), and readability scores for ChatGPT-5, Gemini 2.5 Flash, and
DeepSeek-V3.1.

Chatbot
ChatGPT-5 Gemini 2.5 Flash DeepSeek-V3.1
JO— Mean + SD 3.93:0.79 3.67+0.76 4.63:0.81 0.001¢
Median (min.-max.) 4(1-5) 4(1-5) 5 (1-5)
Understandability Mean + SD 77.46+13.04 76.04+11.65 77.57+12.42 .
PEMAT-P Median (min.-max.) 77.7 (33.3-100) 77.7 (33.3-90.9) 80 (33.3-100)
Readability
FRES Mean + SD 52.64+10.99 53.65+10.04 58.21+6.74 0,024
Median (min.-max.) 55 (23.4-70.1) 54.9 (23.6-69.9) 59.8 (41.8-67.3)
FreL Mean + SD 9.35+1.88 10.15+2.14 8.48+1.17 0,001
Median (min.-max.) 8.95 (5.7-13.8) 9.9 (6.3-16.7) 8.45 (6.1-11.2)
- Mean + SD 11.042.03 12.14+2.02 10.21+1.15 0.001¢
Median (min.-max.) 10.9 (8.2-16) 11.95 (7.6-17.8) 10.15 (8.1-13.4)
HOG Mean + SD 11.55+1.35 12.28+1.50 11.19:0.92 0,003
Median (min.-max.)  11.55 (9.1-15.2) 12.1 (8.8-16.8) 11.3 (9.5-13.8)
- Mean + SD 12.01+1.76 11.09+1.60 10.7+1.15 0,004
Median (min.-max.) 12 (9-16.6) 10.85 (8.5-15.2) 10.8 (8.6-13.4)

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

A positive and significant correlation was found
between accuracy and PEMAT-P scores (rs=0.26;
p=0.013). The findings indicate that an increase in
accuracy score is also associated with an increase in the
PEMAT-P score. A positive and significant correlation was
found between the accuracy score and FRES (rs=0.26;
p=0.014). Accordingly, it can be said that as text
readability increases (as the FRES value increases),
accuracy scores tend to increase. A negative and
significant correlation was found between the accuracy
and FKGL readability scores (rs=-0.27; p=0.011).
Accordingly, it can be said that as the readability level
of the text decreases (as the FKGL value increases), the
accuracy scores tend to decrease. A negative and
significant correlation was found between the accuracy
score and GFl readability score (rs=-0.25; p=0.020).
Based on this finding, it can be said that as the
readability level of the texts decreases (as the GFI value
increases), the accuracy scores tend to decrease. A
significant negative correlation was found between the
accuracy and SMOG readability scores (rs=-0.22;
p=0.036). Accordingly, it can be said that as the
readability level of the texts decreases (as the SMOG
value increases), the accuracy scores tend to decrease
(Table 10).

No significant difference was found between the
readability and PEMAT-P scores (p>0.05) (Table 11).
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Table 10. Spearman correlation analysis between accuracy,
PEMAT-P, and readability scores for ChatGPT-5, Gemini 2.5
Flash, and DeepSeek-V3.1.

Accuracy

PEMAT-P

o Is 0.26

e p-value 0.013
FRES

o s 0.26

e p-value 0.014
FKGL

e T -0.27

e p-value 0.011
GFI

o s -0.25

e p-value 0.020
SMOG

e Is -0.22

e p-value 0.036
CLI

e TIs -0.12

e p-value 0.244

FKGL: Flesch-Kincaid Grade Level, FRES: Flesch-Kincaid Reading Ease
Score, GFl: Gunning Fog Index, SMOG: Simple Measure of
Gobbledygook, CLI: Coleman-Liau Index, rs: Spearman's correlation
coefficient
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Table 11. Spearman correlation analysis between PEMAT-P and
the readability scores for ChatGPT-5, Gemini 2.5 Flash, and
DeepSeek-V3.1.

FRES
e TIs 0.07
e p-value 0.491
FKGL
e Is -0.06
e p-value 0.557
GFI
e TIs -0.03
e p-value 0.768
SMOG
e TIs -0.01
e p-value 0.961
CLi
. rs 0.05
e p-value 0.654

FKGL: Flesch-Kincaid Grade Level, FRES: Flesch-Kincaid Reading Ease
Score, GFl: Gunning Fog Index, SMOG: Simple Measure of
Gobbledygook, CLI: Coleman-Liau Index, rs: Spearman's correlation
coefficient

Discussion

The first null hypothesis (Ho1) was rejected because,
when patient questions about endodontic treatment
were presented to different LLM models, significant
differences were observed in the accuracy of the
responses provided by each model.

The second null hypothesis (Ho2) was also rejected;
the analysis revealed statistically significant differences
among the responses of different LLM models regarding
the understandability of their answers to patient
questions about endodontic treatment.

The third null hypothesis (Hos) was also rejected, as
the results showed significant differences among the
responses of the different LLM models in terms of
readability when answering patient questions related to
endodontic treatment.

Endodontics is considered one of the most
challenging branches of dentistry because of the micro-
level precision it requires and the wide variety of
methods and protocols involved. Endodontic treatment is
becoming increasingly popular because of the longer life
expectancy, people's desire to preserve their natural
teeth, and growing patient awareness of the benefits of
preserving teeth rather than extracting them (24).

A review has shown that root canal treatment is
psychologically more stressful for patients than routine
restorative or cleaning procedures (25). In recent years,
there has been a notable trend of patients turning to
LLMs to answer their health-related questions. The
increased prevalence of endodontic treatments, coupled
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with the higher level of anxiety they often induce, has
led patients to rely more frequently on these Al-based
information sources. Patients can thus obtain detailed
information about the treatment, attempt to resolve
their pre-procedure uncertainties, and seek reassuring
explanations to alleviate their anxiety. However, the
accuracy and currency of the information provided by
LLM-based systems cannot be guaranteed. Misleading or
context-disconnected responses can lead to false
expectations in patients and may cause undesirable
outcomes in clinical decision-making processes.

Artificial intelligence chatbots have the capacity to
process various query formats, including multiple-
choice, open-ended, and yes/no formats (26). In our
study, we deliberately avoided using multiple-choice and
yes/no question formats and designed our questions to
be completely open-ended. There are two main reasons
for choosing this dataset. First, we believe that these
closed-ended formats do not adequately represent the
way patients approach dentists with questions in real-
life settings. The second and more important reason is
that we anticipate that yes/no or multiple-choice
questions will be insufficient to capture the complex
structure inherent in the clinical decision-making
process, which involves uncertainties and
multidimensional assessments.

In a study by Kaygisiz et al., DeepSeek-V3 was
reported to score significantly higher on a 5-point Likert
scale compared to ChatGPT-40 in oral pathology patient
scenarios (27). In this study, which followed a similar
methodology, a 5-point Likert scale was used to evaluate
the accuracy of the responses. Our evaluations revealed
that the average accuracy score of the new version,
DeepSeek-V3.1, was statistically significantly higher
than the average of ChatGPT-5, another current model,
in the responses to open-ended questions frequently
asked by patients regarding endodontic treatment.
DeepSeek's accuracy superiority, which surpassed
ChatGPT-4o0 in oral pathology in the previous version (V3)
(27), has demonstrated the same success against
ChatGPT-5 in a different field, endodontics, with its new
version (V3.1). We believe that this demonstrates that
DeepSeek’s ability to understand and process medical
content is robust, regardless of the field.

In Huang et al.’s study, DeepSeek-V3 outperformed
ChatGPT-4 and Gemini in the initial accuracy scoring of
answering multiple-choice questions on Taiwan's
national dental technician licensing examination. The
initial overall accuracy for DeepSeek-V3 was 69.6%,
whereas the accuracy rates after one, two, and three
weeks were 72.7%, 72.2%, and 70.1%, respectively. The
initial overall accuracy rate for Gemini was 57.2%. The
overall accuracy rates after one, two, and three weeks
were 67.0%, 66.0%, and 67.0%, respectively. For
ChatGPT-4, the initial overall accuracy rate was 52%. The
accuracy rate slightly increased to 56.2% after one week
and remained at 56.2% after two weeks. However, after
three weeks, the accuracy rate dropped back to the
initial rate of 52.1% (11). Our study shows that
DeepSeek’s superior performance continues even under
varying conditions, such as three different LLM versions
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(DeepSeek-V3.1, ChatGPT-5, and Gemini 2.5), different
areas of expertise, and different types of questions.
DeepSeek achieved a significantly higher accuracy score,
even within this diversity.

Bashah et al., in their study evaluating DeepSeek,
Gemini, ChatGPT-40, and Perplexity in response to
salivary gland cancer, focused on diagnostic criteria,
treatment protocols, and follow-up strategies, with a
total of 30 questions, 26 Yes/No questions (binary
responses), and 4 open-ended questions. DeepSeek
achieved the highest accuracy rate at 86.9%, followed by
Gemini at 78.9%, ChatGPT-4o0 at 72.8%, and Perplexity at
71.6% (26). In our current study, the average accuracy
score of DeepSeek-V3.1's responses to frequently asked
open-ended questions about endodontic treatment was
found to be significantly higher than both Gemini 2.5
Flash and ChatGPT-5.

In a study comparing the artificial intelligence
platforms “Google Gemini 2.5 Flash, Google Gemini 2.0
Flash, DeepSeek V3, and ChatGPT-40” in solving
multiple-choice questions on different subtopics of
anatomy, the overall accuracy rate across all platforms
was reported to be 95.9% (28). Google Gemini 2.5 Flash
achieved the highest performance ranking; it was
followed by ChatGPT-40, DeepSeek V3, and Google
Gemini 2.0 Flash, respectively. In the current study,
Gemini 2.5 Flash was compared with the more recent
versions, DeepSeek-V3.1 and ChatGPT-5. According to
our findings, DeepSeek-V3.1 showed the best
performance, followed by ChatGPT-5 in second place and
Gemini 2.5 Flash in third place. Singal et al. (28) noted
that Gemini 2.5 Flash was not compared with DeepSeek-
V3.1 in their study. We believe that this difference stems
from the fact that DeepSeek-V3.1 is a more recent
version and potentially outperforms Gemini 2.5 Flash in
terms of its performance.

Readability refers to the degree to which a text can
be easily understood by the reader. Readability is
influenced by the reader’s intelligence, education level,
environment, interests, and purpose, as well as the
ideas, vocabulary, style, and formal structure of the
text. Chatbots used for patient information and guidance
should ideally have high FRE and low FKGL scores to
benefit the users (29). In our study, DeepSeek-V3.1
achieved the highest FRES score and the lowest median
FKGL score. This result demonstrates that the model
offers higher readability than other chatbots.

SMOG is one of the most preferred readability
criteria for evaluating the understandability of health
materials intended for consumers. The SMOG score
corresponds to the amount of education a person
typically requires to easily understand a text. Scores
between 6 and 7 were considered very easy, scores
between 8 and 9 were moderately easy, scores between
10 and 12 were moderately difficult, and scores of 13 or
higher were considered difficult to read (30). The results
show that Gemini 2.5 Flash has a higher SMOG median
score than the other models, whereas DeepSeek-V3.1
and ChatGPT-5 have texts that are moderately difficult
for readers to understand.
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Sezer et al. reported that DeepSeek achieved the
highest FRES and lowest SMOG Index scores in their
study, indicating relatively higher accessibility.
However, even DeepSeek’s responses were classified as
“difficult,” corresponding to a high school level. The
study also found that the majority of chatbot responses
did not meet the 6™-8" grade readability levels
commonly recommended for patient education materials
(31). Similarly, in our study, although we compared
different question contents and LLM versions, DeepSeek-
V3.1 yielded the highest FRES and lowest SMOG median
values. However, in our current study, no chatbot was
able to generate text at the recommended 6%"-8™ grade
reading level. Nevertheless, DeepSeek-V3.1 was
determined to be the model that provided results closest
to these threshold values. We believe that this result
may be due to DeepSeek-V3.1 being a free and publicly
available platform appealing to a wider user base and
therefore being trained on a much more diverse range of
question contents and narrative styles.

In patient education materials, comprehensibility
and applicability scores of at least 70% out of 100 are
generally considered sufficient (21). In a study
evaluating the performance of Glven et al. ’s artificial
intelligence chatbots in responding to patient questions
about traumatic dental injuries, the median PEMAT-P
comprehensibility score for all chatbots was above the
70% threshold level (32). Similarly, in our study, all
chatbots had a PEMAT-P comprehensibility median score
above 70%. This demonstrates that LLMs can provide a
similar level of comprehensibility across different
patient questions and subject areas. However, high
comprehensibility scores alone are not sufficient to
ensure the accuracy of the information provided or its
suitability for individual patient characteristics.
Therefore, the information provided by chatbots must be
evaluated under the supervision of clinicians and
corrected when necessary. Furthermore, testing such
tools in different languages and cultures is important for
accessibility and linguistic adaptation.

The PEMAT does not directly measure readability;
therefore, it is recommended that readability
assessments be conducted alongside the PEMAT.
Furthermore, it is known that the difficulty of reading
texts is consistently associated with lower
comprehension levels. Therefore, it is important to
analyze readability quickly and objectively (33).
Comparing PEMAT readability scores with readability
assessments obtained from an online platform is an
effective method for increasing the text validity.
Statistical analysis revealed no statistically significant
difference between the PEMAT readability scores and the
readability assessments obtained from the online
platform.

Conclusion

Our study comprehensively evaluated the accuracy,
comprehensibility, and readability of responses to
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patient questions regarding endodontic treatment using
three different LLMs (ChatGPT-5, Gemini 2.5 Flash, and
DeepSeek-V3.1).

The findings revealed that DeepSeek-V3.1
demonstrated superior performance compared with the
other models, particularly in terms of accuracy. In terms
of comprehensibility, all models achieved similar scores
above the threshold considered sufficient for patient
education. However, in terms of readability, significant
differences were observed across the models in terms of
various metrics. Nevertheless, none of the models
reached the recommended 6™-8%" grade level for patient
information materials.

The results obtained show that LLM-based systems
can be a valuable resource in patient communication.
However, responses must be evaluated under clinician
supervision in terms of accuracy and compatibility with
individual patient characteristics.

In this context, it was concluded that LLMs can be
used as complementary tools in clinical practice and
support patient education and communication, but
should not be used in a decision-making position on their
own.
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