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ABSTRACT
Aims: This study aimed to identify the clinically relevant patient questions about apical root-end resection based on international 
consensus guidelines, and to systematically evaluate the accuracy, quality, usefulness, and readability of generated responses by 
four Artificial Intelligence (AI)-powered conversational agents, ChatGPT-4, DeepSeek V3.1, Gemini 3, and Copilot.
Methods: A standardized set of 20 clinical questions was developed from the American Association of Endodontists guidelines 
and international consensus reports. A priori, an evidence-based answer key was established as the reference standard. Queries 
were submitted to ChatGPT-4, DeepSeek V3.1, Gemini 3, and Copilot, following a standardized interaction protocol designed to 
minimize personalization and carryover effects, such as incognito mode, newly created accounts, and no response regeneration. 
The outputs were independently assessed by three experts in periodontics and oral radiology, using validated tools, such as 
CLEAR criteria, modified Global Quality Score (mGQS), accuracy ratings, DISCERN, readability indices (Flesch reading ease, 
FRE and Flesch-Kincaid grade level, FKGL) and the patient education materials assessment tool (PEMAT).
Results: ChatGPT-4 and Copilot achieved significantly higher CLEAR scores than Gemini 3. Copilot achieved significantly 
higher mGQS and accuracy than DeepSeek V3.1 and Gemini 3 and received significantly lower, and therefore more favorable, 
usefulness scores. Gemini 3 scored higher on the FKGL test and lower on the understandability test compared to DeepSeek V3.1. 
Relationships between evaluation metrics were different between models.
Conclusion: The AI models evaluated demonstrated significant variability in clinical accuracy, quality, readability, and patient-
centered usability. Copilot had the best overall mGQS and Accuracy scores and the best Usefulness scores, while the models 
varied in their strengths in readability, understandability, and actionability. 
Keywords: Artificial Intelligence, chatbots, ChatGPT, patient education, readability

INTRODUCTION
Microbial infection is a key factor in the development of 
pulpal and periapical diseases.1 The main goals of endodontic 
therapy are to eliminate or greatly reduce the number of 
microorganisms within the root canal system and to place a 
proper seal to prevent re-infection of the periapical tissues.2 
Conventional root canal therapy has an approximate 90% 
success rate, but failure may require nonsurgical retreatment. 
Where this is not possible, surgical endodontic therapy is 
indicated.3 Apical root-end resection is mainly indicated in 
the surgical treatment of teeth with advanced endodontic-
periodontal involvement among surgical approaches, but it 
is also indicated in some special cases of surgical endodontic 

management as described by the American Association of 
Endodontists (AAE) and Cohen’s Pathways of the Pulp.4,5

Patients are increasingly supplementing the professional 
advice they receive from dentists with digital sources. 
Patients want to know the risks of procedures, how long 
recovery will take, and what the expected results are. The 
transition to Artificial Intelligence (AI)-powered platforms 
emphasizes the importance of delivering not just accurate 
but also patient-centered and accessible information.6,7 The 
most complex part of the internal root canal anatomy is the 
apical root canal anatomy, in which irregularities such as 
isthmuses and accessory canals are often present.8,9 These 
anatomical variations of the apical third may pose a challenge 
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for endodontic procedures and are considered important risk 
factors for treatment failure.10,11 When orthograde root canal 
therapy fails, apical root-end resection often is advocated 
to remove persistent microbial reservoirs in the complex 
apical anatomy. It has been reported that removal of the 
apical 3 mm of the root removes approximately 92% of such 
irregularities.10 However, apical root-end resection may lead 
to thermal changes and procedural alterations in the root 
dentin, which may harm the periodontal ligament cells and 
adjacent alveolar bone.12 Thus, careful control of temperature 
elevation and minimally invasive surgical techniques during 
apical root-end resection are essential to minimize the risk of 
damage to surrounding vital soft and hard tissues. Therefore, 
patients may seek information about indications, risks, 
success rates, and postoperative course in online resources 
such as AI chatbots.

Since its birth in 1956, AI, loosely defined as computer 
systems that mimic human thought processes, has become a 
revolutionary technology field.13 While AI has the potential 
to revolutionize clinical dentistry, a major concern for patient 
safety is the risk of ‘hallucinations’, where models generate 
information that sounds convincing but is clinically wrong 
or out of date. Hence, a thorough assessment of AI-produced 
content is highly desirable to guarantee the correctness and 
understandability of information about complicated surgical 
interventions like apical root-end resection.14,15 AI, which 
is the ability to accomplish tasks normally associated with 
human intelligence including learning, reasoning, problem-
solving and decision-making, has made great strides in 
recent years due to improvements in computational power, 
algorithmic structures and big data analysis. These advances 
have paved the way for widespread use of AI in many areas, 
including the health sciences. The use of AI is gaining more 
acknowledgement in dentistry as a way to increase diagnostic 
accuracy, improve treatment planning, and advance 
education.6,7,16

While the performance of AI has been investigated in many 
dental fields including prosthetics, hypersensitivity and 
implantology, there are relatively fewer studies concerning 
the reliability of AI agents in endodontic surgery.16-18 The 
present study provides a multidimensional evaluation of four 
prominent AI models to bridge this gap. A key component 
of this work is to assess the language difficulty of the AI 
outputs, as health information materials should be written 
at or below an eighth-grade reading level to optimize public 
understanding.19,20  With the increasing use of AI chatbots 
by patients to seek oral health information, the objective of 
this study is to assess the clinical utility of AI chatbots as 
adjunctive educational tools in current endodontic practice 
using a comprehensive set of validated tools, namely, CLEAR, 
mGQS, DISCERN, and PEMAT.

METHODS
Ethics
No ethics committee approval was necessary, as the study 
did not involve human participants, identifiable patient data, 
or biological materials. All procedures were carried out in 
accordance with the ethical rules and the principles.

Study Design and Question Development
The standard question set was developed using authoritative 
clinical and anatomical references, including international 
guidelines, consensus-based references and relevant peer-
reviewed studies on surgical endodontics. The core clinical 
themes and patient concerns were based on the AAE Glossary 
and Clinical Guidelines and Cohen’s Pathways of the Pulp4,5,10 
and well-established anatomic success criteria, which 
demonstrate that a 3 mm apical root-end resection removes 
around 92% of the apical ramifications. Finally, a set of 20 
questions was developed to cover clinical indications, success 
rates, procedural risks and postoperative protocols. Two 
authors (TP and SCŞ, periodontology specialists) reviewed the 
items for linguistic and clinical accuracy and they eliminated 
duplicates and semantically equivalent questions and refined 
the items to ensure grammatical clarity.

AI Interaction and Data Collection
A primary account was created for each of the four platforms 
(ChatGPT-4, Gemini 3, DeepSeek V3.1 and Copilot) with 
unique credentials and accessed in incognito mode to 
remove any interference from previous user data or search 
history. Each query was posed as a ‘new chat’ by a member 
of the research team (SG, specialist in oral and maxillofacial 
surgery) to ensure independence between responses. Only the 
first output was collected and the regeneration feature was 
avoided strictly for the sake of consistency of the data. All 
interactions occurred on 20th November, 2025 between 09:00 
and 16:00.

Reference Standard and Outcome Assessment
To facilitate an objective evaluation of the AI-generated 
responses, a standardized “answer key” (reference standard) 
was created prior to the evaluation phase grounded on clinical 
consensus statements.4,5,10 The answers were evaluated by three 
independent specialists, who were unaware of the question 
formulation team: OSA and GUS (periodontology specialists) 
and SÖ (specialist in oral and maxillofacial radiology). 
The multidisciplinary panel graded the AI agents using 
the evidence-based reference key and the CLEAR criteria, 
modified Global Quality Score (mGQS), accuracy ratings, the 
DISCERN instrument, standard readability indices (Flesch 
Reading Ease, FRE and Flesch-Kincaid Grade Level, FKGL), 
and the patient education materials assessment tool (PEMAT). 
To reduce subjective inter-observer variability and guarantee 
a thorough comparison with existing clinical evidence, the 
validation and data curation process was overseen by another 
periodontology expert (ŞÇB).

To examine whether the repeated values of the same variables 
are similar, intra-class correlation (two-way mixed and 
consistency approach) was used. The analyses showed that 
the inter-rater reliability level was above the minimum value 
of 0.700 and the inter-rater reliabilities were statistically 
significant and highly consistent (p<0.05).

The qualitative integrity of the AI outputs was assessed with the 
CLEAR tool, which divides reliability into five core domains: 
content completeness, no misinformation, evidence-based 
grounding, appropriate formatting, and topical relevance. The 
evaluators scored each category (1-5) and a total quality index 
was calculated; higher scores indicated better reliability of the 
information.21 
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The mGQS was used to assess overall contextual depth and 
accuracy of the answers. This 5-point scale ranges from 
‘strongly disagree’ (indicating entirely flawed content) to 
‘strongly agree’ (signifying a comprehensive and error-free 
response).22

Accuracy was measured using a five-point Likert scale. 
The scale is as follows; Score 1: responses are completely 
wrong; Score 2: responses contain more wrong than right 
information; Score 3: responses contain an equal amount 
of wrong and right information; Score 4: responses contain 
more right than wrong information; and Score 5: responses 
are completely right.23

The usefulness of the AI-generated responses was assessed 
using a structured 4-point rating scale. This scale characterizes 
the responses as follows: (score 1) very useful: the responses 
are complete and correct, like what a domain expert would 
provide. (Score 2) useful; the responses are mostly correct but 
may miss some important details. (Score 3) Partially useful: 
the responses contain both correct and incorrect/misleading 
information. (Score 4) Not useful: the responses contain only 
incorrect/misleading information, with no reliable content.24 
In this study, usefulness was defined as the extent to which 
a response provided practical information that was needed 
by the patient, and provided relevant, understandable and 
clinically applicable guidance. Lower scores indicated more 
usefulness. A negative correlation with positively oriented 
measures like CLEAR, mGQS and Accuracy was thus due to 
an opposite direction of scoring scales, and not to an opposite 
conceptual relationship.
The linguistic accessibility was quantified using the FRE and 
FKGL metrics. The FRE is a numerical representation of the 
difficulty of a text (100 being the most easily understood) and 
the FKGL transforms this into the American educational 
grade level required for complete comprehension. 
To systematically evaluate these two key aspects of patient 
education materials, a standardized and validated tool called 
the PEMAT was employed to assess the comprehensibility and 
actionability of the responses generated by AI. The generated 
advice was tested for understandability by lay people and 
actionability in a clinical setting using PEMAT.19,20  

Individuals with different cultural and educational 
backgrounds and varying levels of health literacy must be able 
to understand and correctly interpret the main messages of 
instructional materials for them to be considered intelligible. 
Understandability refers to the extent to which individuals 

with varying levels of health literacy can comprehend the 
principal messages of educational material. Actionability 
refers to the degree to which users are able to identify specific 
actions that can be taken based on the information. The 
understandability domain of the PEMAT contains 17 items 
that are rated 1 (agree), 0 (disagree), or NA (not applicable). 
The Actionability domain has 7 elements and they are all 
scored the same way. Total scores for both areas range from 
0% to 100%, with higher percentages indicating information 
that is more understandable and useful for guiding patient 
behavior.25

Statistical Analysis
Descriptive statistics were presented as means, standard 
deviations, medians and interquartile ranges. Data 
distribution was evaluated using the Shapiro-Wilk test. 
Overall differences among AI models were assessed using 
the Kruskal-Wallis H test. When significant, pairwise post 
hoc comparisons were performed with Bonferroni correction 
because the assumptions of normality were not met. The 
Spearman’s rank correlation coefficient was used to assess 
the associations between variables. Statistical analyses were 
performed using IBM SPSS Statistics version 27.

RESULTS
Kruskal-Wallis tests were used to compare differences in 
response characteristics by type of AI. There were significant 
differences between AI types for CLEAR, mGQS, accuracy, 
usefulness, FKGL and understandability% scores (p<0.05). 
Bonferroni post hoc tests showed that both Copilot and 
ChatGPT scored significantly higher on CLEAR than 
Gemini 3 (p=0.001 and p<0.001). For mGQS and Accuracy, 
Copilot was much higher than DeepSeek V3.1 and Gemini 
3 (p<0.001). Copilot scored significantly lower and therefore 
more favorable Usefulness scores than DeepSeek V3.1 and 
Gemini 3 (p<0.001). Gemini 3 had a significantly higher FKGL 
score than DeepSeek V3.1 (p=0.027) and DeepSeek V3.1 was 
significantly better than Gemini 3 for understandability% 
(p=0.040) (Table 1).

Then, Spearman correlation analyses were performed 
separately for each AI model. In the case of ChatGPT-4, the 
CLEAR score was highly and positively correlated with mGQS 
and Accuracy (r=0.856, p<0.05) but highly and negatively 
correlated with Usefulness (r=-0.856, p<0.05). mGQS was 
found to be perfectly and positively correlated with accuracy 

Table 1. Distribution and comparison of features of responses according to AI types

ChatGPT-4 Copilot DeepSeek V3.1 Gemini 3

Mean±SD
Median

(25%-75% q) Mean±SD
Median

(25%-75% q) Mean±SD
Median

(25%-75% q) Mean±SD
Median

(25%-75% q)
Test 

statistics p

CLEAR 24±0.86 24 (24-24.5) 24.2±0.89 24 (24-25) 23.25±1.77 24 (24-24) 23.05±0.51 23 (23-23) 24.299 <0.001*

mGQS 4.25±0.44 4 (4-4.5) 4.5±0.51 4.5 (4-5) 4±0 4 (4-4) 4±0 4 (4-4) 22.282 <0.001*

Accuracy 4.25±0.44 4 (4-4.5) 4.5±0.51 4.5 (4-5) 4±0 4 (4-4) 4±0 4 (4-4) 22.282 <0.001*

Usefulness 1.75±0.44 2 (1.5-2) 1.5±0.51 1.5 (1-2) 2±0 2 (2-2) 2±0 2 (2-2) 22.282 <0.001*

FRE 53.95±17.68 57.4 (44.55-66.4) 47.47±12.46 46.7 (37.75-59.1) 56.11±20.89 55.3 (39.75-62.85) 46.48±13.54 47.8 (37.25-56.35) 4.311 0.230

FKGL 8.48±2.8 8.35 (7.25-9.5) 9.81±2.24 10.25 (8.05-11.25) 7.32±3.43 7.4 (6.6-9.35) 10.82±2.23 10.7 (9.15-12.1) 16.868 <0.001*

DISCERN 27.7±0.98 28 (28-28) 28±2.15 28 (27.5-28) 27.5±1.54 28 (27.5-28) 27.35±1.87 28 (28-28) 0.404 0.939

U% 75.05±18.76 83 (67-87) 72.15±7.21 75 (67-79) 78.75±10.19 82.5 (76-85.5) 70.35±9.94 70 (66-77) 11.322 0.010*

A% 57±17.5 60 (40-70) 61±17.74 60 (60-70) 54.9±21.59 58.5 (40-73.5) 54±9.4 60 (40-60) 1.905 0.592
*p<0.05, AI: Artificial Intelligence, SD: Standard deviation, q: Quartile, mGQS: Modified Global Quality Score, FRE: Flesch reading ease, FKGL: Flesch-Kincaid grade level, U: Understandability,                                   
A: Actionability
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(r=1.000, p<0.05) and both were found to be perfectly and 
negatively correlated with usefulness (r=-1.000, p<0.05). FRE 
and FKGL were very strongly correlated (r=-0.967, p<0.05). 
There was a moderate negative correlation between FKGL 
and DISCERN (r=-0.456, p<0.05). Correlation between 
understandability% and actionability% was moderate 
(r=0.587, p<0.05) and DISCERN with understandability% 
and actionability% was moderate (r=0.585 and r=0.537, 
p<0.05) (Table 2).

Regarding Copilot, CLEAR score was strongly and positively 
correlated with mGQS and accuracy (r=0.877, p<0.05), and 
strongly and negatively correlated with usefulness (r=-0.877, 
p<0.05). It also indicated a moderate positive correlation with 
understandability% (r=0.485, p<0.05). mGQS and accuracy 
were perfectly correlated (r=1.000, p<0.05) and both were 
perfectly negatively correlated with usefulness (r=-1.000, 
p<0.05). FRE was very strongly and negatively correlated to 
FKGL (r=-0.908, p<0.05). FKGL was moderately negatively 

correlated to DISCERN (r=-0.579, p<0.05). DISCERN had 
moderate positive correlations with understandability% 
and actionability% (r=0.600 and r=0.544, p<0.05), and 
understandability% and actionability% were also moderately 
positively correlated (r=0.455, p<0.05) (Table 3).

In DeepSeek V3.1, CLEAR score showed a moderate positive 
correlation with the actionability% (r=0.589, p<0.05). mGQS 
had perfect positive correlations with accuracy and usefulness 
(r=1.000, p<0.05). Accuracy and usefulness were perfectly 
correlated (r=1.000). FRE and FKGL were highly negatively 
correlated (r=-0.971, p<0.05). There was a moderate positive 
correlation between understandability% and DISCERN 
(r=0.499, p<0.05) and understandability% and actionability% 
(r=0.640, p<0.05) (Table 4).

For Gemini 3, mGQS was perfectly positively correlated with 
both accuracy and usefulness (r=1.000, p<0.05) and accuracy 
was also perfectly positively correlated with usefulness (r=1.000, 

Table 2. Relationships between metrics for ChatGPT-4

mGQS Accuracy Usefulness FRE FKGL DISCERN U% A%

CLEAR
r 0.856 0.856 -0.856 -0.161 0.248 0.094 0.248 0.360

p <0.001* <0.001* <0.001* 0.497 0.292 0.694 0.291 0.119

mGQS
r   1.000 -1.000 -0.250 0.351 -0.040 0.293 0.159

p   <0.001* <0.001* 0.287 0.130 0.868 0.210 0.504

Accuracy
r     -1.000 -0.250 0.351 -0.040 0.293 0.159

p     <0.001* 0.287 0.130 0.868 0.210 0.504

Usefulness
r       0.250 -0.351 0.040 -0.293 -0.159

p       0.287 0.130 0.868 0.210 0.504

FRE
r       1.000 -0.967 0.420 0.225 -0.138

p         <0.001* 0.065 0.341 0.561

FKGL
r         -0.456 -0.218 0.099

p           0.043* 0.357 0.677

DISCERN
r           0.585 0.537

p             0.007* 0.015*

Understandability%
r             0.587

p               0.007*
*p<0.05 and r: Correlation coefficient, mGQS: Modified Global Quality Score, FRE: Flesch reading ease, FKGL: Flesch-Kincaid grade level, U: Understandability, A: Actionability

Table 3. Relationships between metrics for Copilot

mGQS Accuracy Usefulness FRE FKGL DISCERN U% A%

CLEAR
r 0.877 0.877 -0.877 -0.309 0.051 0.322 0.485 0.268

p <0.001* <0.001* <0.001* 0.185 0.831 0.166 0.030* 0.253

mGQS
r   1.000 -1.000 -0.434 0.200 0.059 0.315 0.096

p   <0.001* <0.001* 0.056 0.399 0.805 0.176 0.689

Accuracy
r     -1.000 -0.434 0.200 0.059 0.315 0.096

p     <0.001* 0.056 0.399 0.805 0.176 0.689

Usefulness
r       0.434 -0.200 -0.059 -0.315 -0.096

p       0.056 0.399 0.805 0.176 0.689

FRE
r       1.000 -0.908 0.357 0.085 0.121

p         <0.001* 0.122 0.722 0.612

FKGL
r           -0.579 -0.310 -0.345

p           0.007* 0.183 0.137

DISCERN
r             0.600 0.544

p             0.005* 0.013*

Understandability%
r               0.455

p               0.044*
*p<0.05 and r: Correlation coefficient, mGQS: Modified Global Quality Score, FRE: Flesch reading ease, FKGL: Flesch-Kincaid grade level, U: Understandability, A: Actionability
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p<0.05). FRE was strongly and negatively correlated with 
FKGL (r=-0.964, p<0.05), and was moderately and positively 
correlated with understandability% (r=0.530, p<0.05). FKGL 
was moderately correlated with understandability% (r=-0.539, 
p<0.05). Finally, understandability% and actionability% were 
strongly positively correlated (r=0.778, p<0.05) (Table 5).

DISCUSSION
This study is among the first to systematically identify the 
clinically relevant patient questions about apical root-end 
resection and to evaluate the accuracy, content quality, 
readability, and patient-centered usability of responses 
generated by four AI-powered conversational agents 
(ChatGPT-4, DeepSeek V3.1, Copilot, and Gemini 3). Our 
findings revealed significant differences in response quality, 

accuracy, and readability across the evaluated platforms. 
Models differed overall in terms of readability. Some responses 
were suitable for patient education and some were beyond the 
recommended grade level. There were also limitations in the 
accuracy and depth of content. The results are consistent with 
the previous literature emphasizing the potential and limits of 
AI-based tools in dentistry. Compared to prior research that 
mainly assesses readability metrics,16,18,23,26 the application 
of the PEMAT and DISCERN tools in our study provides a 
more complex assessment of whether content produced by 
AI is both readable and actionable and of high quality from a 
patient education standpoint.

Bahadir et al.27 found that patients have a positive attitude 
towards AI-assisted dental diagnostics and trust their 
dentists. Similarly, Kosan et al.28 showed that patients tend 

Table 4. Relationships between metrics for DeepSeek V3.1

mGQS Accuracy Usefulness FRE FKGL DISCERN U% A%

CLEAR
r 0.427 0.427 0.427 0.228 -0.274 0.065 0.437 0.589

p 0.061 0.061 0.061 0.334 0.242 0.785 0.054 0.006*

mGQS
r 1.000 1.000 0.139 -0.338 0.442 0.342 0.183

p   <0.001* <0.001* 0.558 0.145 0.051 0.139 0.440

Accuracy
r     1.000 0.139 -0.338 0.442 0.342 0.183

p     <0.001* 0.558 0.145 0.051 0.139 0.440

Usefulness
r       0.139 -0.338 0.442 0.342 0.183

p       0.558 0.145 0.051 0.139 0.440

FRE
r         -0.971 0.161 0.042 0.243

p         <0.001* 0.499 0.861 0.301

FKGL
r           -0.242 -0.075 -0.183

p           0.303 0.752 0.440

DISCERN
r             0.499 0.227

p             0.025* 0.335

U%
r               0.640

p               0.002*
*p<0.05 and r: Correlation coefficient, mGQS: Modified Global Quality Score, FRE: Flesch reading ease, FKGL: Flesch-Kincaid grade level, U: Understandability, A: Actionability

Table 5. Relationships between metrics for Gemini 3

mGQS Accuracy Usefulness FRE FKGL DISCERN U% A%

CLEAR r 0.026 0.026 0.026 -0.211 0.298 -0.018 -0.404 -0.374

p 0.913 0.913 0.913 0.371 0.202 0.939 0.077 0.104

mGQS r   1.000 1.000 -0.060 -0.020 0.392 0.083 -0.150

p   <0.001* <0.001* 0.803 0.934 0.087 0.729 0.527

Accuracy r     1.000 -0.060 -0.020 0.392 0.083 -0.150

p     <0.001* 0.803 0.934 0.087 0.729 0.527

Usefulness r       -0.060 -0.020 0.392 0.083 -0.150

p       0.803 0.934 0.087 0.729 0.527

FRE
r         -0.964 0.225 0.530 0.435

p         0.001* 0.339 0.016* 0.055

FKGL
r           -0.233 -0.539 -0.388

p           0.322 0.014* 0.091

DISCERN r             0.309 0.298

p             0.186 0.201

U%
r               0.778

p               <0.001*
*p<0.05 and r: Correlation coefficient, mGQS: Modified Global Quality Score, FRE: Flesch reading ease, FKGL: Flesch-Kincaid grade level, U: Understandability, A: Actionability
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to have a positive attitude towards AI in dentistry and that 
AI-assisted diagnostics could enhance patients’ caries 
detection on radiographs without significantly affecting 
their trust in dental professionals. Previous studies27,28 have 
reported generally positive patient attitudes towards AI in 
dentistry, although they stress the continued importance of 
trust in dental professionals. The findings underscore the 
importance of AI-generated information being accurate and 
understandable, and used as a supplement, not a substitute, to 
professional consultation. Thus, AI-powered conversational 
agents seem to have increasing potential in both clinical 
education and patient information. In this context, we sought 
to evaluate the accuracy of AI responses on apical root-end 
resection, a procedure where patients, even with detailed in-
office explanations, frequently retain residual uncertainty.

Previous studies indicate that AI systems can achieve 
remarkable accuracy in areas such as dental implant 
prognosis, peri-implant bone loss detection, and apical 
surgery. For instance, Alqutaibi et al.29 described that AI 
algorithms predicting implant prognosis from radiographic 
data achieved up to 99.8% accuracy, while Mugri et al.30 
reported that AI models detecting peri-implant bone loss 
demonstrated 61-94.7% accuracy with high specificity. 
While the high performance of AI in image-based dental 
diagnostic tasks has been demonstrated, such findings are not 
directly comparable with the evaluation of generative chatbot 
responses. Generative models are evaluated separately, as they 
could generate linguistically plausible but clinically incorrect 
information. In endodontics, Durmazpınar et al.31 showed that 
the diagnostic accuracy of ChatGPT-4 was higher than that of 
3rd- and 5th-year dental students, suggesting the possibility of 
AI as a clinical education tool. Ekmekci et al.32 also reported 
that ChatGPT-4 with a PDF plugin achieved higher accuracy 
than ChatGPT-4o and Gemini in answering questions about 
regenerative endodontic treatment. The studies support 
the proposition of AI generating clinically relevant and 
accurate responses, consistent with our finding that all four 
chatbots scored high on the CLEAR, mGQS, and Accuracy 
scales. Our query set was created from established clinical 
consensus statements and the AAE and Cohen’s Pathways 
of the Pulp guidelines, thus establishing an evidence-based 
reference standard based on established clinical guidelines 
and consensus sources in evaluating the AI models, rather 
than arbitrary patient inquiries.4,5,10 We find more subtle 
differences across platforms as well. Esmailpour et al.14 found 
that Gemini is better in factual correctness and ChatGPT-4 
and Copilot showed more uniform overall performance in a 
broader set of questions. There was no difference in DISCERN 
scores between the four models. However, Copilot scored the 
highest for mGQS and Accuracy. These findings partly align 
with previous work33 that indicates AI-generated answers may 
offer high-quality patient information overall but are still not 
deep enough for clinical decision-making. Copilot scored the 
highest mean CLEAR score followed by ChatGPT-4, both 
significantly higher than Gemini 3, suggesting that readability 
and understandability may not fully align with factual 
accuracy, which is also noted in the evaluation of AI responses 
to emergency care questions by Yau et al.34 Gemini 3 had a 
higher FKGL and lower understandability than DeepSeek 
V3.1, suggesting that increased linguistic complexity may 
limit the accessibility of otherwise informative responses. 
The information in Gemini 3 was generally accurate, but the 

higher reading grade level appeared to compromise practical 
understandability. Importantly, the negative correlations 
between Usefulness and CLEAR, mGQS, or Accuracy 
should not be interpreted as indicating that more accurate 
or higher-quality responses were less useful. This pattern 
primarily resulted from the opposite scoring directions: 
lower Usefulness scores denoted greater usefulness, whereas 
higher CLEAR, mGQS, and Accuracy scores indicated better 
performance. Because the Usefulness scale was reverse-
coded, with lower scores indicating greater usefulness, 
negative correlations with positively oriented measures such 
as CLEAR, mGQS, and Accuracy represented concordant 
rather than contradictory performance.

A multidisciplinary panel, which included periodontists and 
an oral and maxillofacial radiologist, broadly assessed the 
AI-generated responses. This multidisciplinary approach 
enabled evaluation of the responses from the perspectives of 
the periodontist/surgeon and the radiologist relevant to apical 
root-end resection and follow-up.

In our study, the analysis of readability indicated that the 
responses from Gemini 3 and Copilot had higher FKGL 
scores, showing that generally, a higher educational reading 
level was required for responses. DeepSeek V3.1 had the 
lowest mean FKGL score. Büker and Mercan26 reported 
that none of the AI chatbots met the recommended level of 
readability for patient education materials, but Gemini was 
superior to the other models in terms of readability, accuracy 
and quality of response. Dursun and Geçer35 found that all AI 
chatbots provided generally accurate and moderate-to-good 
quality information on clear aligners, but the responses from 
Gemini were significantly more readable than ChatGPT-3.5, 
ChatGPT-4 and Copilot. Özcivelek and Özcan17 found that the 
readability of AI chatbots was different when patients asked 
questions about dental and maxillofacial prostheses. The best 
readability was DeepSeek-R1 and the worst readability was 
Dental GPT. Esmailpour et al.14 evaluated the performance 
of AI chatbots in responding to patients’ questions regarding 
dental prosthesis. They observed that Google Gemini scored 
the highest quality scores, whereas ChatGPT offered more 
complex and less readable responses. Variability in readability 
across studies may be attributed to differences in model 
architecture, training data, prompt design, domain-specific 
fine-tuning, and question complexity. The choice of the AI 
architecture, the training datasets, the prompt design and 
the domain-specific fine-tuning can impact the complexity 
of the sentence, the choice of words and the overall structure 
of the text. Also, the type of question asked, ranging from a 
technical clinical procedure to a general patient concern, will 
probably affect the language complexity required to give an 
accurate, yet comprehensible, answer. Together, these factors 
help to explain why some AI outputs have greater readability 
and others are above the recommended levels for patient 
education materials.

Limitations
This study has a few limitations. First, only four AI-powered 
chatbots were assessed (ChatGPT-4, DeepSeek V3.1, Copilot, 
and Gemini 3), which limits the generalizability of the 
findings to other AI models or future versions. Second, the 
responses were collected on one day and only the initial 
responses were considered. As AI models are constantly 
updating and improving their responses, the results might be 
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different if the same questions were asked at a different time 
or with different prompts. Third, although we systematically 
assessed the readability by established indices, the patient-
centered understandability and actionability were assessed by 
the PEMAT tool and not by testing on patients, which may 
not fully reflect the real-world comprehension. Finally, the 
complexity and wording of questions could have affected the 
quality and clarity of the AI-generated responses. Together, 
these limitations highlight the need for careful interpretation 
and the need for further studies to assess AI chatbots in 
other languages, clinical domains, patient populations, and 
longitudinal settings.

CONCLUSION
The tested models presented considerable potential for 
the delivery of generally accurate and clear information 
regarding apical root-end resection, demonstrating different 
performance profiles. Copilot had the highest overall mGQS 
and Accuracy scores, the most favorable usefulness scores, and 
the highest mean CLEAR score, with ChatGPT-4 close behind, 
both significantly outperforming Gemini 3 on CLEAR. 
There was no significant difference in the DISCERN scores 
between the four models, indicating comparable performance 
for this measure. Gemini 3 scored higher on FKGL and 
lower on understandability compared with DeepSeek V3.1, 
suggesting that clinically informative content may still be 
difficult to understand for patients when presented at a higher 
reading level. Because the usefulness scale was reverse-coded, 
negative correlations with positively oriented measures 
such as CLEAR, mGQS and Accuracy reflected concordant 
rather than contradictory performance. Overall, the findings 
suggest that technical accuracy, readability, understandability 
and actionability are related but distinct dimensions of 
patient information generated by AI. AI chatbots can be 
useful additions to answering patient questions, but clinician 
oversight is advised to make sure that the information 
provided is clinically accurate, understandable, and practically 
actionable. Future developments should therefore take into 
account the trade-off between technical accuracy and patient-
centered communication as well as existing health literacy 
standards.
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