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Abstract
This study aimed to conduct a multidimensional evaluation of artificial intelligence (AI) chatbot–generated patient infor-
mation regarding cone beam–computed tomography (CBCT) in dentistry, with specific focus on readability, informational 
quality, reliability, and patient-centered suitability. Twenty frequently asked, patient-oriented questions related to CBCT 
were systematically identified from a public online forum. Each question was submitted to four large language model–based 
chatbots (ChatGPT-4o, Gemini Advanced, Claude Sonnet 4, and Microsoft Copilot) under standardized conditions. Gener-
ated responses were evaluated using validated instruments, including the DISCERN tool and Global Quality Scale (GQS) 
for information quality and reliability, as well as Flesch Reading Ease, Flesch–Kincaid Grade Level, and Gunning Fog 
Index for readability. Patient-centeredness was further assessed using PEMAT-Understandability and PEMAT-Actionability 
scores. Comparative analyses were performed using linear mixed-effects models. Significant differences were observed 
among chatbots across all evaluated domains (p < 0.05). While advanced models demonstrated higher informational quality 
and reliability, their responses frequently exceeded recommended health literacy thresholds. Readability, transparency, and 
actionability varied substantially between platforms. No chatbot consistently met all criteria for optimal patient-directed com-
munication. AI chatbots can provide generally accurate information on CBCT; however, variability in readability, reliability, 
and educational suitability limits their standalone use for patient education. Careful integration with professional oversight 
is essential to ensure safe and accessible AI-supported communication in dentomaxillofacial radiology. This study provides 
the first multidimensional, comparative evaluation of leading AI chatbots in delivering patient-oriented information about 
cone beam–computed tomography. It shows critical gaps between informational accuracy and health literacy suitability. 
This study reveals the need for professional oversight when using AI for patient education in dentomaxillofacial radiology.
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Introductıon

Large language models (LLMs), a form of generative arti-
ficial intelligence (Gen-AI), are trained on vast volumes 
of textual data and are capable of producing human-like 
responses, answering questions, and generating contextual 
recommendations based on user input [1, 2]. AI chatbots 
practical applications of LLMs are now widely accessible, 
with platforms such as ChatGPT-4o, Gemini Advanced, 
and Microsoft Copilot increasingly integrated into eve-
ryday life [2]. In parallel, industry-specific, task-oriented 
LLMs have been developed to improve workflow efficiency 
in specialized domains. Healthcare has emerged as a major 
area of interest, and the potential use of LLMs in patient 
guidance, diagnostics, education, and clinical reporting has 
been explored across multiple medical specialties, including 
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radiology [1–7]. Notably, LLM-based systems have shown 
the ability to triage symptoms, generate draft radiology 
reports, and even perform at near-clinician levels on cer-
tain standardized examinations [4–8]. More recently, mul-
timodal vision–language models have emerged, combining 
image and text interpretation to strengthen diagnostic deci-
sion-making, improve the detection of conditions such as 
impacted teeth, and deliver clearer, patient-centered expla-
nations of radiological findings and oral diseases, including 
oral cancer [9–12].

As the popularity and visibility of AI chatbots grow, 
patients increasingly rely on these tools to obtain medi-
cal information before, after, or even instead of consulting 
healthcare professionals. This trend is particularly relevant 
in fields where imaging plays a key role in diagnosis and 
treatment planning. In dentistry, CBCT has become a fun-
damental three-dimensional imaging modality, providing 
high-resolution visualization for implant planning, endo-
dontics, orthodontics, temporomandibular joint evaluation, 
and dentoalveolar pathology assessment [5]. Because CBCT 
involves ionizing radiation, patients frequently seek reliable 
information about indications, risks, advantages, radiation 
dose levels, and comparisons with conventional imaging 
modalities [1, 2, 12].

However, despite the rapid adoption of LLMs and the 
increasing availability of AI-generated medical responses, 
there is limited evidence regarding the reliability, readabil-
ity, and educational suitability of chatbot-provided informa-
tion in dentomaxillofacial radiology [2, 4, 12]. While previ-
ous studies have compared chatbot responses to professional 
sources in Oral and Maxillofacial Radiology and found 
generally acceptable scientific adequacy, concerns remain 
regarding readability, and interpretability. Ensuring that 
patient-directed content is both accurate and understandable 
is critical for informed consent, radiation safety awareness, 
and patient–clinician communication.

In light of the increasing reliance on artificial intelli-
gence–based chatbots by patients seeking information about 
CBCT, a critical evaluation of the reliability and educational 
adequacy of such content has become necessary. Although 
AI chatbots offer rapid and accessible explanations, the 
accuracy, readability, and clinical appropriateness of their 
responses—particularly in relation to radiation exposure, 
diagnostic indications, and patient risk perception—remain 
insufficiently explored within dental imaging contexts.

Accordingly, the present study aimed to evaluate the 
reliability, accuracy, readability, and educational quality 
of responses generated by large language model–based AI 
chatbots to patient-oriented questions concerning CBCT in 
dentistry. In doing so, the study compared chatbot perfor-
mance under standardized query conditions, with specific 
attention to informational quality, reference transparency, 
and linguistic accessibility in clinically sensitive domains. 

Based on this framework, it was hypothesized that no sta-
tistically significant differences would be observed among 
AI chatbots with respect to (i) the readability of responses 
to CBCT-related patient questions, (ii) the educational qual-
ity and reliability of the information provided, and (iii) the 
patient-centered suitability of the responses.

Methodology

Study Design

This cross-sectional analytical study investigated the quality, 
and readability of responses generated by four widely used 
LLM-based chatbots to patients questions related to CBCT. 
Data collection was conducted between 12 and 15 October 
2025, and all chatbot outputs were obtained under controlled 
and standardized conditions.

Selection of Frequently Asked Questions

Frequently asked questions (FAQs) related to CBCT in den-
tistry were systematically collected from the r/askdentists 
subreddit on Reddit (https://​www.​reddit.​com/r/​askde​ntists/), 
a publicly accessible platform widely used by patients seek-
ing dental advice and explanations regarding diagnostic and 
treatment-related procedures. This platform was selected due 
to its high user engagement, open access structure, and fre-
quent patient-oriented discussions on dental imaging.

To minimize algorithmic personalization, user-specific 
content filtering, and platform-driven bias, data collection 
was conducted using a newly created Reddit account. This 
account had no prior browsing or interaction history, was not 
subscribed to any subreddits, and did not engage in posting, 
commenting, upvoting, or other user activities. All searches 
were performed using a standard web browser under default 
settings, with cookies, cache, and browsing history cleared 
before each search session.

A structured and predefined keyword-based search strat-
egy was applied using terms including “CBCT dental,” 
“cone beam CT risks,” “CBCT radiation dose,” “CBCT 
vs panoramic,” and “CBCT for implant planning.” Search 
results were screened manually in a stepwise manner. Dupli-
cate posts, commercially motivated content, off-topic dis-
cussions, and posts not reflecting patient-centered CBCT-
related questions were excluded. Only text-based questions 
were included, while posts containing images, radiographs, 
videos, or external diagnostic material were excluded to 
ensure that chatbot-generated responses relied exclusively 
on textual input, thereby standardizing the information pro-
vided to the chatbots.

Eligibility screening was guided by explicit inclusion cri-
teria. Questions were included if they:

https://www.reddit.com/r/askdentists/
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•	 explicitly addressed patient concerns regarding the clini-
cal use of CBCT,

•	 contained sufficient contextual detail to permit unam-
biguous interpretation,

•	 were written in English, and
•	 focused on diagnostic indications, radiation exposure, 

image quality or accuracy, potential risks, or compari-
sons with conventional dental radiographic techniques.

For all eligible questions, Reddit post identifiers, publica-
tion dates, and associated search keywords were recorded 
to support methodological transparency and reproducibil-
ity. All usernames, hyperlinks, and any potentially identifi-
able information were removed prior to analysis to ensure 
full anonymization and compliance with ethical research 
standards.

From the final dataset, 20 representative questions were 
selected. This sample size was chosen to ensure comprehen-
sive thematic coverage of the principal domains of patient 
concern while maintaining methodological consistency and 
analytical feasibility for detailed comparative evaluation 
across multiple chatbot platforms and assessment instru-
ments. The selected questions collectively represented 
key aspects of patient-oriented CBCT information needs, 
including radiation safety, diagnostic justification, com-
parative imaging performance, and perceived clinical risks. 
This approach is consistent with prior AI chatbot studies in 
healthcare, where the use of 10–20 representative patient-
oriented questions has been considered sufficient to ensure 
thematic coverage and analytical feasibility [13, 14].

Chatbot Query Process

Each of the 20 selected patient-oriented questions was sub-
mitted to four LLM–based chatbots: ChatGPT-4o, Gem-
ini Advanced, Claude Sonnet 4, and Microsoft Copilot, 
using a standardized input protocol (Table 1). All interac-
tions were conducted through the official web interfaces 
of the respective platforms, and the most recent publicly 

accessible versions of each chatbot available during the 
study period were used.

To reduce potential variability associated with dynamic 
model updates, server load fluctuations, or temporal 
instability, chatbot responses were collected over three 
consecutive days, during the same daily time window 
(09:00–12:00, GMT + 3). This repeated collection strat-
egy enabled controlled assessment of response consist-
ency while limiting the influence of transient system-level 
variations.

Prior to each data collection session, browser histories, 
caches, and cookies were cleared to minimize personaliza-
tion and tracking effects. ChatGPT-4o, Gemini Advanced, 
and Claude Sonnet 4 were accessed without logging into 
user accounts. Microsoft Copilot was accessed via a neu-
tral browser profile without prior activity. No browser 
extensions, plug-ins, or third-party tools were installed or 
used throughout the data collection process.

All questions were entered verbatim, without additional 
contextual information or follow-up prompts, in order to 
reflect how patients typically formulate questions in real-
world online environments. Each chatbot was instructed 
to “provide a clear and concise explanation for a patient,” 
thereby establishing a consistent communication frame-
work across all models. Responses were recorded imme-
diately upon generation, without regeneration, repetition, 
or manual modification.

For each chatbot, the three responses generated for 
each question across the three collection sessions were 
stored as independent entries to preserve temporal vari-
ability. All outputs were exported in plain-text format and 
archived in a secure, time-stamped database. Associated 
metadata (including chatbot model, version, date and time 
of response generation, and session order) were systemati-
cally documented.

This structured response-collection protocol ensured 
consistency across models, minimized external influ-
ences on output variability, and enabled the generation of 
a repeated-measures dataset suitable for later quality, and 
readability analyses.

Table 1   Comparison of GQS 
scores according to AI chatbots

* Pearson chi-square test was applied to the overall distribution
a–b Different superscript letters indicate statistically significant differences between AI chatbots after post 
hoc analysis

GQS score ChatGPT-4o n (%) Gemini 
Advanced n 
(%)

Microsoft 
Copilot n (%)

Claude Son-
net 4 n (%)

Test statistic p-value

1 0 (0.0) 1 (2.3) 1 (2.3) 1 (2.3)
2 0 (0.0) 2 (4.7) 2 (4.7) 3 (7.0)
3 0 (0.0) 2 (4.7) 4 (9.3) 5 (11.6)
4 10 (23.3)a 19 (44.2)b 24 (55.8)b 22 (51.2)b χ2 = 22.42 0.004
5 33 (76.7)a 19 (44.2)b 13 (30.2)b 12 (27.9)b
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Evaluation Criteria

Evaluation of chatbot-generated responses was performed 
across two main domains: content quality, and readability. 
Each domain was assessed using validated and standardized 
instruments to ensure methodological rigor and minimize 
subjective bias.

Quality Assessment

The overall informational quality and educational value of 
chatbot responses were assessed using two validated instru-
ments: the DISCERN tool and the Global Quality Scale 
(GQS).

The DISCERN instrument consists of 16 items that evalu-
ate the reliability, transparency, and completeness of health 
information, including clarity of aims, citation of sources, 
and balanced presentation of management options. The 
GQS, a 5-point Likert scale (1 = poor quality, 5 = excellent 
quality), was employed to assess the clarity, coherence, and 
perceived usefulness of responses for patient education.

Prior to formal evaluation, inter-rater calibration sessions 
were conducted to ensure standardized interpretation and 
minimize subjective variability among examiners [15]. Both 
tools were independently applied by two calibrated review-
ers. Prior to evaluation, calibration sessions were conducted 
to standardize scoring criteria. Disagreements were resolved 
through structured discussion, and when necessary, a third 
senior reviewer was consulted to reach consensus.

Readability Assessment

The linguistic accessibility of chatbot-generated responses 
was analyzed using three widely recognized readability met-
rics: the Flesch Reading Ease (FRE), the Flesch–Kincaid 
Grade Level (FKGL), and the Gunning Fog Index (GFI). 
These indices quantify textual complexity by considering 
average sentence length, number of syllables per word, and 
proportion of polysyllabic terms.

FRE  The FRE score produces a value between 0 and 100, 
where higher scores indicate greater readability. A score 
above 60 represents text that is easily comprehensible for 
the general public [16]. The FRE score was calculated using 
the following formula:

FKGL  The FKGL index translates readability into the corre-
sponding U.S. school grade level [17]. For instance, a score 

FRE = 206.835 − (1.015 × total words∕total sentences)

− (84.6 × total syllables∕total words)

of 8 suggests that the text is understandable by an eighth-
grade student. The FKGL score was determined using the 
following equation:

GFI  The GFI estimates the years of formal education 
required for a reader to comprehend the text on the first read-
ing [18]. Values between 7 and 9 are considered appropriate 
for materials intended for general audiences. The GFI was 
computed using the following formula:

Collectively, these tools provide complementary and 
standardized assessments of text complexity. In accordance 
with the recommendations of the U.S. National Institutes 
of Health (NIH) and the American Medical Association 
(AMA), an eighth-grade reading level was adopted as the 
benchmark threshold for acceptable readability in patient-
directed health communication materials [19].

Understandability and Actionability Assessment

The understandability and actionability of chatbot-generated 
responses were evaluated using the Patient Education Mate-
rials Assessment Tool for Printed Materials (PEMAT-P), 
a validated instrument designed to assess the suitability of 
patient education materials. The PEMAT-P includes items 
evaluating both understandability and actionability [20].

As all responses were text-based and did not include vis-
ual components, items related to audiovisual content were 
marked as “not applicable” and excluded from the analysis. 
All responses were assessed by a single trained reviewer 
in accordance with the PEMAT-P user manual to ensure 
methodological consistency across evaluations. Scores were 
assigned as 0 (“disagree”), 1 (“agree”), or NA (“not appli-
cable”), and final scores were calculated as percentages, 
with higher values indicating greater understandability and 
actionability.

Statistical Analysis

Statistical analyses were performed using IBM SPSS 
Statistics (version 29.0) and R statistical software (ver-
sion 4.x). The normality of continuous variables (DIS-
CERN, GQS, and readability indices) was assessed using 
the Shapiro–Wilk test and Q–Q plots. Data are presented 
as mean ± standard deviation or median with interquartile 
range, as appropriate.

Given the repeated-measures design, linear mixed-effects 
models were used for all comparative analyses, with chatbot 

FKGL = 0.39 × (total words∕total sentences) + 11.8

× (total syllables∕total words) − 15.59

GFI = 0.4 ×
[

(total words∕total sentences) + 100 × (complex words∕total words)
]
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specified as a fixed effect and question and collection session 
included as random intercepts. Model assumptions, includ-
ing normality and homoscedasticity, were evaluated using 
Shapiro–Wilk tests and Q–Q plots. Tukey-adjusted post hoc 
tests were applied for pairwise comparisons when significant 
effects were detected. Effect sizes were expressed as partial 
eta-squared (η2), and 95% confidence intervals were reported 
where applicable.

Inter-rater reliability for DISCERN and GQS was 
assessed using the intraclass correlation coefficient (ICC, 
two-way random-effects model, absolute agreement). All 
tests were two-tailed, and a p-value < 0.05 was considered 
statistically significant. Exact p-values were reported where 
available.

Results

The readability, quality, reliability, and patient-centered 
characteristics of AI-generated responses to CBCT-related 
patient questions were evaluated using multiple validated 
assessment tools. Readability outcomes are presented in 
Fig. 1, which illustrates significant differences among AI 
chatbots across all three indices: Flesch Reading Ease 
(FRE), Flesch–Kincaid Grade Level (FKGL), and Gunning 
Fog Index (GFI). FRE scores demonstrated statistically sig-
nificant variation between chatbots, indicating differences in 
overall ease of reading (Fig. 1a). FKGL results showed that 
the required educational grade level of responses differed 
across models (Fig. 1b), while GFI scores revealed signifi-
cant variation in linguistic complexity among AI-generated 
texts (Fig. 1c). Post hoc analyses identified statistically sig-
nificant pairwise differences between specific chatbot out-
puts across these readability measures (p < 0.05).

The distribution of Global Quality Scale (GQS) scores 
according to AI chatbot is summarized in Table 1. A statisti-
cally significant difference in GQS score distribution was 

observed among chatbots (χ2 = 22.42, p = 0.004). The propor-
tion of responses rated at the highest quality level (GQS = 5) 
varied significantly across models, as reflected by the fre-
quency-based comparison. Differences between chatbots 
were further supported by post hoc analyses, as indicated by 
distinct superscript groupings within score categories.

Reliability of information was assessed using DIS-
CERN scores, with comparative results presented in 
Table 2. Linear mixed-effects model analysis demonstrated 
a statistically significant effect of chatbot on DISCERN 
scores (p < 0.001). Mean DISCERN scores, accompanied 
by standard deviations and 95% confidence intervals, dif-
fered across AI chatbots, with effect size estimates indicat-
ing a moderate to large magnitude of difference (partial 
η2 = 0.28). Post hoc comparisons identified statistically 
significant differences between multiple chatbot pairs, as 
indicated by superscript lettering (Fig. 2).

Patient-centered quality outcomes assessed using 
PEMAT are presented in Tables 3 and 4. PEMAT-Under-
standability (PEMAT-U) scores differed significantly 
among AI chatbots (p < 0.001), with mean scores and cor-
responding confidence intervals demonstrating variability 

Fig. 1   Readability of AI chatbot responses to CBCT-related patient 
questions. a Flesch Reading Ease (FRE) scores. Higher values indi-
cate easier readability. b Flesch–Kincaid Grade Level (FKGL) scores. 
Lower values indicate lower educational grade levels required for 
comprehension. c Gunning Fog Index (GFI) scores. Lower values 

reflect reduced linguistic complexity. Violin plots show score dis-
tributions, with dots representing individual responses. Statistical 
comparisons were conducted using linear mixed-effects models with 
Tukey-adjusted post hoc tests (p < 0.05; p < 0.01; ns, not significant)

Table 2   Comparison of DISCERN scores according to AI chatbots

Values are presented as mean ± standard deviation with 95% con-
fidence intervals. Different superscript letters indicate statistically 
significant differences between AI chatbots based on linear mixed-
effects models with Tukey-adjusted post hoc comparisons. The effect 
size of the chatbot factor was quantified using partial eta-squared (η2)

AI Chatbot DISCERN score 
(mean ± SD)

95% CI Post 
hoc 
group

Gemini Advanced 72.08 ± 5.82 71.2–72.9 a

Microsoft Copilot 70.06 ± 4.76 69.4–70.7 a,b

ChatGPT-4o 68.88 ± 6.41 68.0–69.7 b

Claude Sonnet 4 64.64 ± 6.91 63.7–65.6 c
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in the comprehensibility of responses. Similarly, PEMAT-
Actionability (PEMAT-A) scores showed statistically signif-
icant differences between chatbots (p < 0.001), with moder-
ate effect sizes observed for both PEMAT-U (η2 = 0.22) and 
PEMAT-A (η2 = 0.19). Pairwise differences were identified 
through Tukey-adjusted post hoc analyses (Fig. 3).

Inter-rater reliability analysis is summarized in Table 5. 
Agreement between reviewers was moderate for DISCERN 
assessments (ICC = 0.45; 95% CI 0.35–0.54) and poor to fair 
for GQS assessments (ICC = 0.20; 95% CI 0.06–0.32), based 
on a two-way random-effects model with absolute agreement.

Discussion

The present study provides a comprehensive evaluation of 
the readability, quality, reliability, and accuracy of responses 
generated by contemporary AI chatbots to CBCT-related 

patient questions, with a particular focus on differences 
across platforms. Consistent with recent evidence, our find-
ings indicate that although large language models are capa-
ble of producing largely accurate and structured responses, 
substantial variability exists in their suitability for patient-
centered education, especially with regard to readability and 
transparency [12–14].

Readability remains a cornerstone of effective health 
communication, particularly in dentistry, where information 
must be accessible to a broad patient population. Interna-
tional health literacy guidelines recommend that patient edu-
cation materials be written at or below a sixth-grade reading 
level to ensure comprehension and appropriate decision-
making [21]. In the present study, FRE and FKGL analyses 
demonstrated that ChatGPT-4o generated significantly more 
complex responses compared with Gemini Advanced and 
Microsoft Copilot, frequently exceeding recommended read-
ability thresholds. This observation is in line with previous 

Fig. 2   Quality of AI chatbot responses to CBCT-related patient ques-
tions. a DISCERN scores assessing information reliability and qual-
ity. b Global Quality Scale (GQS) scores reflecting overall educa-

tional quality. Violin plots display score distributions with individual 
responses overlaid. Overall group differences were significant based 
on linear mixed-effects models (p < 0.001)

Table 3   Comparison of PEMAT-Understandability (PEMAT-U) 
scores according to AI chatbots

Values are presented as mean ± standard deviation with 95% con-
fidence intervals. Different superscript letters indicate statistically 
significant differences between AI chatbots based on linear mixed-
effects models with Tukey-adjusted post hoc comparisons. Effect size 
was expressed as partial eta-squared (η2)

AI Chatbot PEMAT-U score 
(mean ± SD)

95% CI Post 
hoc 
group

ChatGPT-4o 86.4 ± 6.8 85.5–87.3 a

Gemini Advanced 82.1 ± 7.4 81.1–83.1 b

Microsoft Copilot 80.3 ± 7.1 79.4–81.3 b

Claude Sonnet 4 76.8 ± 8.2 75.7–77.9 c

Table 4   Comparison of PEMAT-Actionability (PEMAT-A) scores 
according to AI chatbots

Values are presented as mean ± standard deviation with 95% con-
fidence intervals.. Different superscript letters indicate statistically 
significant differences between AI chatbots based on linear mixed-
effects models with Tukey-adjusted post hoc comparisons. Effect size 
was expressed as partial eta-squared (η2)

AI Chatbot PEMAT-A score 
(mean ± SD)

95% CI Post 
hoc 
group

ChatGPT-4o 71.2 ± 9.6 69.9–72.5 a

Microsoft Copilot 67.8 ± 10.1 66.4–69.2 a,b

Gemini Advanced 65.9 ± 9.8 64.6–67.2 b

Claude Sonnet 4 61.3 ± 11.2 59.8–62.8 c
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investigations reporting that newer GPT-based models, 
while more informative, tend to produce linguistically dense 
outputs that may limit accessibility [13]. Similar readability 
challenges have been reported across orthodontics, pediat-
ric dentistry, and oral radiology, suggesting that this limita-
tion is not topic-specific but rather inherent to current LLM 
architectures [22–25].

Despite its lower readability, ChatGPT-4o achieved 
higher Global Quality Scale scores, indicating superior 
informational completeness and clinical coherence. This 
pattern parallels findings reported by Güven et al., who dem-
onstrated that ChatGPT-4o outperformed earlier models and 
alternative platforms in terms of overall quality and accuracy 
when responding to dental trauma–related patient queries 
[20]. Comparable trends have also been observed in studies 
evaluating AI performance in endodontics and prosthodon-
tics, where depth of explanation and clinical relevance were 
prioritized over linguistic simplicity [24, 25]. Collectively, 

these findings suggest a trade-off between informational 
richness and readability, with more advanced models excel-
ling in the former but lagging in the latter.

An important dimension highlighted by our results con-
cerns transparency and source attribution. While ChatGPT-
4o produced highly accurate responses, its limited provision 
of explicit references negatively affected DISCERN scores. 
In contrast, Gemini Advanced consistently achieved higher 
DISCERN values, largely due to more frequent citation 
of external sources. This finding aligns with prior reports 
indicating that Gemini tends to prioritize reference inclu-
sion [20]. However, existing literature also cautions that 
AI-generated references may be incomplete, unverifiable, or 
inaccurately attributed, emphasizing that apparent transpar-
ency does not necessarily equate to reliability. As such, the 
inclusion of citations should be interpreted cautiously and 
does not obviate the need for expert validation.

Microsoft Copilot demonstrated comparatively better 
readability but lower quality and reliability scores, reflect-
ing a tendency toward brevity and simplified language. 
Similar observations have been reported in studies assess-
ing AI-generated responses in breastfeeding counseling, 
refractive surgery, and dental education, where conversa-
tional tone improved readability but resulted in omission 
of clinically relevant details [26, 27]. In clinical practice, 
where individualized risk communication is essential, such 
omissions may reduce the practical value of AI-generated 
information.

The findings further highlight the relative robustness 
of advanced AI chatbots, particularly in terms of provid-
ing structured and generally accurate information. Never-
theless, minor inaccuracies and incomplete explanations 

Fig. 3   Patient-centered quality of AI chatbot responses to CBCT-
related patient questions. a PEMAT-Understandability (PEMAT-U) 
scores and b PEMAT-Actionability (PEMAT-A) scores. Violin plots 

depict score distributions with individual responses overlaid. Higher 
scores indicate greater understandability and actionability

Table 5   Inter-observer agreement between reviewers

Inter-observer agreement was assessed using the intraclass correla-
tion coefficient (ICC), applying a two-way random-effects model with 
absolute agreement (ICC [1, 2]). Ninety-five percent confidence inter-
vals were obtained using bootstrap resampling. PEMAT-Understand-
ability and PEMAT-Actionability scores were assessed by a single 
trained reviewer following standardized scoring guidelines.Therefore, 
inter-rater reliability or internal consistency analyses were not appli-
cable for PEMAT measures

ICC (2,1) 95% CI Interpretation

GQS 0.20 0.06–0.32 Poor to fair agreement
DISCERN 0.45 0.35–0.54 Moderate agreement
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were observed across all platforms, consistent with previ-
ous studies indicating that even high-performing AI sys-
tems may generate potentially misleading or insufficient 
guidance when clinical nuance is required [23, 28]. These 
observations underscore the importance of positioning AI 
chatbots as adjunctive tools rather than substitutes for pro-
fessional consultation.

A major strength of this study is the use of a compre-
hensive, multidimensional evaluation framework combin-
ing readability indices, quality and reliability scales, and 
patient-centered assessment tools. This approach allows a 
more nuanced appraisal of AI-generated health informa-
tion beyond accuracy-focused analyses alone. In addition, 
the repeated-measures design, in which each question was 
assessed across multiple sessions and platforms, enabled 
the use of linear mixed-effects modeling to account for 
within-question variability and enhance statistical robust-
ness. The assessment of inter-rater reliability further 
strengthens the objectivity of the findings.

Several limitations should be acknowledged. Only 
widely available, general-purpose AI chatbots were evalu-
ated, and domain-specific dental AI systems were not 
included. Moreover, chatbot responses were assessed at a 
single time period and in English only, which may limit 
generalizability given the dynamic nature of AI models 
and linguistic diversity. Additionally, the use of a single 
data source (Reddit) may introduce selection bias and limit 
external validity, as patient questions may differ from those 
presented in clinical FAQs, institutional websites, or other 
online platforms. The relatively low inter-rater agreement 
for GQS may be attributed to the subjective nature of 
global quality assessment; however, the use of multiple 
complementary evaluation tools supports the robustness 
of the findings. In addition, PEMAT scores were assessed 
by a single reviewer, which may introduce subjectivity and 
should be interpreted with caution. The absence of a struc-
tured misinformation assessment represents a limitation; 
inaccurate or incomplete information, particularly regard-
ing radiation exposure, may influence patient perceptions 
and decision-making. Finally, the behavioral impact of AI-
generated responses on patient decision-making was not 
assessed and warrants further investigation.

Conclusion

This study shows that contemporary AI chatbots are capa-
ble of providing largely accurate and structured informa-
tion in response to CBCT-related patient questions; how-
ever, marked differences persist in readability, reliability, 
and transparency across platforms. Although advanced 
models offer greater informational depth, their outputs 
frequently exceed recommended health literacy levels, 

limiting their suitability for routine patient education. 
These findings highlight the need for cautious integration 
of AI chatbots into oral health communication frame-
works. From a policy perspective, the development, regu-
lation, and clinical use of AI-based patient information 
tools should incorporate standardized readability thresh-
olds, transparent referencing practices, and clinically rel-
evant safeguards to ensure that CBCT-related information 
is both accurate and accessible.
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