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Abstract

Objective: This study aimed to compare the readability, content quality, and reliability of responses generated by five widely
used large language models (LLMs), namely ChatGPT, Claude, Gemini, DeepSeek, and Copilot, to original questions in dental
radiology.

Methods: A total of 20 expert-developed and reviewed questions covering four thematic categories, namely the biological
effects of radiation, protective measures, imaging techniques, and clinical protocols and standards, were submitted to each
LLM under standardized conditions without prior conversational context. The generated responses were evaluated using the
Flesch Reading Ease (FRE) and Flesch-Kincaid Grade Level (FKGL) indices for readability and an adapted version of the
DISCERN instrument for content quality and reliability. Statistical comparisons were performed using the Friedman test with
Bonferroni-adjusted pairwise comparisons.

Results: Overall differences among the models were statistically significant for FRE (p = .024), FKGL (p <.001), and DISCERN
(p <.001) scores. DeepSeek had the highest mean FRE score, ChatGPT had the highest mean FKGL score, and Claude had the
highest mean DISCERN score. Topic-specific differences were not significant for FRE, were limited to the Protective Measures
category for FKGL (p = .030), and were significant across all four domains for DISCERN (p < .003). All models generated
responses that exceeded the recommended readability levels for patient-oriented materials.

Conclusion: LLM-generated responses in dental radiology demonstrated high linguistic complexity, while their content
quality and reliability varied considerably across models. None of the models consistently produced responses that were both
sufficiently readable and of high quality across all evaluated domains. These findings highlight the importance of carefully
reviewing LLM-generated dental radiology content before its use for educational or communication purposes.

Keywords: Artificial intelligence, dental radiology, large language models, quality, readability.

Ozet

Amag: Bu ¢alismada, yaygin olarak kullanilan bes biiyiik dil modelinin (LLM), ChatGPT, Claude, Gemini, DeepSeek ve
Copilot'un, dental radyolojiye iligkin 6zgiin sorulara verdikleri yamitlarin okunabilirlik, igerik kalitesi ve giivenilirlik agisindan
kargilagtirmali olarak degerlendirilmesi amaglanmugtir.

Yontem: Radyasyonun biyolojik etkileri, koruyucu onlemler, goriintilleme teknikleri ile klinik protokoller ve standartlar
olmak tizere dort tematik kategoriyi kapsayan, uzmanlar tarafindan gelistirilen ve degerlendirilen toplam 20 soru, 6nceden
herhangi bir konugma baglami olmaksizin standartlastirilmig kosullar altinda her bir LLM’ye yéneltilmistir. Olusturulan
yanitlar, okunabilirligin degerlendirilmesi amaciyla Flesch Okuma Kolaylig1 (FRE) ve Flesch-Kincaid Sinif Diizeyi (FKGL)
indeksleri, igerik kalitesi ve givenilirligin degerlendirilmesi amaciyla ise uyarlanmus bir DISCERN araci kullanilarak
incelenmistir. Istatistiksel kargilagtirmalar, Bonferroni diizeltmeli ikili karsilastirmalarla birlikte Friedman testi kullanilarak
gerceklestirilmistir.

Bulgular: Modeller arasindaki genel farkliliklar FRE (p = 0,024), FKGL (p < 0,001) ve DISCERN (p < 0,001) skorlar1 agisindan
istatistiksel olarak anlamli bulunmustur. DeepSeek en yiiksek ortalama FRE skoruna, ChatGPT en yiiksek ortalama FKGL
skoruna ve Claude en yiiksek ortalama DISCERN skoruna sahip olmustur. Konuya 6zgii farkhiliklar FRE agisindan anlamli
bulunmazken, FKGL agisindan yalnizca Koruyucu Onlemler kategorisiyle sinrlt kalmis (p = 0,030) ve DISCERN agisindan
dort alanin tamaminda anlamli bulunmustur (p < 0,003). Tim modeller, hasta odakli materyaller igin 6nerilen okunabilirlik
diizeylerini agan yanitlar Giretmistir.

Sonug: Dental radyolojide LLM’ler tarafindan olusturulan yanitlar yiiksek diizeyde dilsel karmagiklik gosterirken, igerik kalitesi
ve giivenilirlik modeller arasinda belirgin farklilik géstermigtir. Modellerin higbiri, degerlendirilen tiim alanlarda hem yeterli
okunabilirlige hem de yiiksek igerik kalitesine sahip yanitlari tutarli bigimde tiretememistir. Bu bulgular, LLM’ler tarafindan
olusturulan dental radyoloji igeriklerinin egitim veya iletisim amaciyla kullanilmadan 6nce dikkatle gézden gegirilmesinin
6nemini gostermektedir.

Anahtar Kelimeler: Biiyiik dil modelleri, dental radyoloji, kalite, okunabilirlik, yapay zeka.
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INTRODUCTION

Radiation is the emission of energy in the form of
electromagnetic waves or particles [1]. Ionizing radiation,
a high-energy form frequently used in both medicine and
dentistry, has the capacity to ionize atoms. This characteristic
makes it suitable for both diagnostic and therapeutic
applications [2]. In dentistry, radiographic imaging plays an
essential role in diagnosis, treatment planning, and disease
monitoring. Techniques such as intraoral radiographs,
panoramic imaging, and cone-beam computed tomography
(CBCT) provide detailed anatomical information about the
oral and maxillofacial region, supporting clinical decision-

making processes [3].

Although radiation doses used in dental imaging are generally
low and are not expected to cause deterministic effects,
repeated or unnecessary exposures increase the cumulative
radiation dose and may theoretically increase the risk of
stochastic effects. Radiation effects are broadly classified as
tissue reactions, formerly termed deterministic effects, which
occur above a threshold dose, and stochastic effects, such as
cancer, for which the probability of occurrence is assumed
to increase with dose without a threshold [4]. Therefore,
understanding the biological effects of radiation and applying
appropriate protective measures is crucial for the safety of
both patients and healthcare providers. Principles such as
ALARA (As Low As Reasonably Achievable) and ALADA
(As Low As Diagnostically Acceptable) aim to minimize
radiation exposure while maintaining diagnostic quality, and
are fundamental responsibilities for dental practitioners [5].

In recent years, advancements in artificial intelligence (AI)
technologies, particularly in natural language processing
(NLP), have led to the emergence of large language models
(LLMSs) as important tools for information access and content
generation. These models are developed using deep learning
architectures, contain billions of parameters, and are trained
on large-scale datasets. Examples include ChatGPT, Gemini,
Claude, DeepSeek, and Copilot [6-8]. LLMs hold notable
potential in healthcare applications, particularly in responding
to information-based queries and generating personalized
learning materials [9, 10].

In this context, the quality of health information depends
not only on its content but also on how clearly and readably
it is presented. Readability reflects the linguistic complexity
of written content and may influence how easily health-
related information can be processed. This consideration
is particularly important in fields such as dentistry, where
specialized terminology is frequently used. Therefore, the
readability of Al-generated health information has become an
important evaluation criterion [11]. As a general benchmark
for accessible health communication, organizations such as

the American Medical Association (AMA) and the National
Institutes of Health (NIH) recommend that patient education
materials should not exceed a sixth-grade reading level [12].

Moreover, the quality and reliability of health information
are also of paramount importance. The original DISCERN
instrument, a validated tool for assessing the quality of
written health information, enables the systematic evaluation
of reliability, balance, transparency, and the overall quality
of the information provided [13]. This dual perspective,
encompassing readability and content quality, forms the core
of the present study’s analytical framework.

While several studies have assessed the readability of Al-
generated responses in general medical domains, systematic
comparisons of the readability and content quality of multiple
LLMs in dental radiology remain limited [14-16]. This
represents an important knowledge gap, given the increasing
use of LLMs for accessing and generating health-related
information.

This study aims to compare the readability and content
quality of responses generated by five widely used LLMs,
namely ChatGPT, Claude, Gemini, DeepSeek, and Copilot,
to 20 original questions in dental radiology. Readability was
evaluated using the Flesch Reading Ease (FRE) and Flesch-
Kincaid Grade Level (FKGL) scores, while content quality
and reliability were assessed using an adapted version of the
DISCERN instrument.

MATERIALS AND METHODS
Ethical Approval

This study does not require approval from an institutional
ethics committee, as it does not involve human participants,
biological samples, personal data, or any form of clinical
intervention. All LLMs evaluated in this study are publicly
accessible, and data were obtained exclusively through digital
content analysis.

Study Design and Question Development

This study was designed as a comparative observational
content analysis to evaluate the readability and content
quality of responses generated by different LLMs. Four key
topics related to radiation safety and radiology education
were determined based on curriculum relevance and expert

consensus:
. Biological effects of radiation

. Protective measures

. Imaging techniques

. Clinical protocols and standards

Five open-ended questions were developed for each subject
area, resulting in a total of 20 questions. The questions were
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prepared and reviewed by two academic oral and maxillofacial
radiologists with 13 and 5 years of academic and clinical
experience, respectively.

The experts independently evaluated the questions in terms
of relevance, clarity, scientific accuracy, and coverage of the
selected subject areas. Disagreements were resolved through
discussion and consensus. The question set was revised until
both experts agreed that each question was clear, evidence-
based,
informational needs in dental radiology.

and representative of commonly encountered

Selection and Technical Characteristics of the LLMs

Five widely used LLM platforms were evaluated between
May 15 and 17, 2025, using their official web interfaces. The
models included ChatGPT with GPT-40 (OpenAlI), Gemini
with Gemini 2.5 Pro (Google), Claude with Claude 3.7
Sonnet (Anthropic), Microsoft Copilot in standard chat mode
(Microsoft), and DeepSeek-V3-0324 in non-thinking mode
(DeepSeek). All platforms were accessed through their publicly
available free web interfaces without a paid subscription. Web
search, deep research, extended-thinking modes, file analysis,
plugins, memory, personalization, and other auxiliary tools
were disabled or not used during data collection. Because all
models were accessed through their web interfaces, generation
parameters such as temperature, top-p, and maximum token
length were not user-adjustable; therefore, the default settings
of each platform were retained.

Response Generation and Data Collection

Data collection was conducted between May 15 and 17,
2025. All questions were submitted in English. Each question
was entered exactly as written, without an additional system
prompt, explanatory instruction, readability request, or follow-
up question.

Each question was submitted in a new and independent
conversation session to prevent the preceding questions and
responses from influencing subsequent outputs. No prior
conversation context was provided to any model.

The models were evaluated in the following order: ChatGPT,
Gemini, Claude, Copilot, and DeepSeek. The 20 questions were
presented to all models in the same predetermined order to
ensure consistency and comparability across platforms. Data
collection was conducted during the morning hours under
comparable access conditions. Only the first complete response
generated by each model was included. Responses were not
regenerated, edited, shortened, expanded, or clarified through
follow-up prompts. The use of the first response was intended
to represent the output that a typical user would receive after
an initial query.

A single response was obtained for each question-model
combination. Therefore, the study represents a single-run

evaluation of first-response performance rather than an
assessment of within-model response variability. All responses
were copied and stored verbatim in plain-text format. The
date, time, model name, model version, and question code
associated with each response were recorded in a standardized
data collection form.

Readability Assessment

The readability of each response was evaluated using the FRE
and FKGL indices.

The FRE score was calculated using the following formula [17]:

FRE = 206.835 - (1.015 x average sentence length) - (84.6 x
average number of syllables per word)

FRE scores range from 0 to 100, with higher scores indicating
greater readability and lower linguistic complexity.

The FKGL score was calculated using the following formula
[18]:

FKGL = (0.39 x average sentence length) + (11.8 x average
number of syllables per word) - 15.59

FKGL scores correspond approximately to United States school
grade levels, with higher scores indicating that a more advanced
educational level is required to read the text.

Readability analyses were conducted using Microsoft Word,
Microsoft 365. The proofing and readability language was set to
English. The same software version and language settings were
used for all responses.

Readability scores were initially calculated by one researcher
and independently verified by a second researcher. Any
discrepancies were rechecked against the original response
and resolved through verification of the text preparation and
software settings. Because FRE and FKGL are automatically
calculated using predefined formulas, inter-rater reliability was
not calculated for these measurements.

Content Quality and Reliability Assessment Using DISCERN

Beyond syntactic readability, the content quality and reliability
of the responses were evaluated using an adapted version of the
DISCERN instrument. The original DISCERN is a validated
16-item instrument, with each item rated on a 5-point scale,
developed to assess the quality of written health information
intended to support informed treatment decisions [13]. For
the purposes of the present study, the instrument was adapted
by two oral and maxillofacial radiologists to improve its
applicability to LLM-generated responses in dental radiology.
Each item was reviewed and, where necessary, reworded to
reflect the informational and domain-specific nature of the
evaluated responses. The modifications were discussed and
finalized by consensus between the two radiologists, and the
adapted items are presented in Table 1.
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[Table 1. Adapted DISCERN Questions for Evaluating LLM Responses in Dental Radiology

No Adapted DISCERN Questions for Evaluating LLM Responses in Dental Radiology
1 Is the purpose of the response clearly stated?

2 Does the response achieve its intended purpose?

3 Is the response relevant to the domain of dental radiology?

4 Are sources or references mentioned or implied?

5 Is there any indication of the information’s currency or validity?

6

7

8

Is the response balanced and unbiased?
Are additional sources of information or consultation suggested?
Are uncertainties, limitations, or alternative interpretations addressed?

9 Are clinical mechanisms or justifications adequately explained?
10 Are the potential benefits of the suggested practices explained?
1 Are risks or limitations of the procedure mentioned?

12 Is it explained what may happen if no procedure is performed?
13 Does the response address patient safety or quality-of-life factors?

14 Is it indicated that multiple approaches or alternatives exist?
15 Is shared decision-making or collaboration implied?
16 Overall, is the response reliable, comprehensive, and satisfactory?

All 16 items were applied to every response using the same
scoring framework. A score of 1 indicated that the criterion
was not addressed or was not evident in the response, whereas
a score of 5 indicated that the criterion was fully and explicitly
satisfied; scores of 2 to 4 represented intermediate levels of
fulfillment. No items were excluded from scoring, resulting in
total scores ranging from 16 to 80.

Both oral and maxillofacial radiologists independently
evaluated all 100 model-question responses. Inter-rater
reliability for the total DISCERN scores was assessed using
the intraclass correlation coefficient based on a two-way
mixed-effects model with absolute agreement. The ICC for
single measures was 0.912 (95% CI, 0.875-0.939), and the
ICC for average measures was 0.954 (95% CI, 0.933-0.969),
indicating excellent inter-rater reliability. Following the
reliability analysis, scoring discrepancies were resolved
through discussion and consensus. The resulting consensus
scores were used as quantitative indicators of content quality
and reliability in the comparative analyses.

Statistical Analysis

All data were organized in Microsoft Excel and analyzed using
IBM SPSS Statistics for Windows, version 26.0 (IBM Corp.,
Armonk, NY, USA). The distributions of the FRE, FKGL,
and DISCERN scores were assessed using the Shapiro-Wilk
test. Descriptive data were presented as mean and standard
deviation.

Because the same 20 questions were submitted to all five
LLMs, the scores obtained from the models were treated as
related measurements at the question level. Differences among
the five models in overall FRE, FKGL, and DISCERN scores
were evaluated using the Friedman test. When a statistically
significant overall difference was identified, Bonferroni-
adjusted pairwise comparisons were performed to determine
which models differed from one another.

The same analytical approach was applied separately to
each of the four question domains. Because each domain
consisted of five questions, domain-specific comparisons were
considered exploratory. All statistical tests were two-sided.
The significance level for the overall Friedman tests was set

at p < 0.05, and Bonferroni-adjusted p values below 0.05 were
considered statistically significant in pairwise comparisons. P
values below 0.001 were reported as p < 0.001.

RESULTS

Table 2. Overall comparison of LLMs based on FRE, FKGL, and DISCERN scores

LLM FRE Score FKGL Score DISCERN Score
Mean +£SD Mean +SD Mean £SD
ChatGPT 16.53 = 19.99: 14.95+3.07* 34.60 =5.72
Gemini 25.57 £22.18%® 13.81 £3.77= 31.65 +5.59=
Claude 19.20 = 10.40 12.57 = 1.54 57.40=13.01%
Copilot 14.44 + 14.63¢ 10.71 £ 1.97° 33.30+3.77=
DeepSeek 29.32=21.31° 13.18+3.392 2745 =4.06
P* 024 <.001 <.001

* Friedman test; significant results were followed by Bonferroni-adjusted pairwise
comparisons. Different superscript letters within a column indicate adjusted p <.05.

Table 2 summarizes the overall FRE, FKGL, and DISCERN
scores of the five LLMs. Statistically significant differences
were observed among the models for FRE (p = .024), FKGL
(p < .001), and DISCERN (p < .001) scores. DeepSeek had
the highest mean FRE score (29.32 + 21.31), whereas Copilot
had the lowest (14.44 + 14.63). Bonferroni-adjusted pairwise
comparisons showed that the FRE score of DeepSeek was
significantly higher than that of Copilot; no other pairwise

differences were significant.

For FKGL, ChatGPT had the highest mean score (14.95 + 3.07),
whereas Copilot had the lowest (10.71 + 1.97). Copilot had
significantly lower FKGL scores than ChatGPT and DeepSeek.
No statistically significant differences were observed among

the remaining model pairs.

Claude had the highest mean DISCERN score (57.40 + 13.01),
whereas DeepSeek had the lowest (27.45 + 4.06). Claude had
significantly higher DISCERN scores than all other models.
DeepSeek had significantly lower scores than ChatGPT,
Claude, and Copilot, but did not differ significantly from

Gemini.
Table 3. FRE scores of LLMs according to topic

Topics ChatGPT Gemini Claude Copilot DeepSeek p*
Mean+SD  Mean=SD  Mean=SD Mean=SD  Mean +SD
Biological  Effects of 13.90£24.46 34.88+£11.29 27.09+4.07 30.49+10.96 21.83+20.10 .265

Radiation

Protective Measures 10.94+14.70 18.86+26.97 18.51+8.02 16.60+10.67 36.16+15.90 217

Tmaging Techniques 21.01+25.02 28.64+22.33 22.17+9.52 11.38+8.82  20.02+28.47 .600

Clinical Protocols and 20.23+19.17 19.86+27.66 9.05£11.15 5.71+8.79
Standards

39.26+18.15 055

* P values were obtained using the Friedman test.

Table 3 presents the FRE scores of the LLMs according to
topic. Although the highest mean FRE scores were observed
for Gemini in the Biological Effects of Radiation and Imaging
Techniques domains and for DeepSeek in the Protective
Measures and Clinical Protocols and Standards domains, no
statistically significant differences were observed among the
models in any of the four domains (p = .055-.600).
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Table 4. FKGL scores of LLMs according to topic

Topics ChatGPT Gemini Claude Copilot DeepSeek n*
Mean £SD Mean £SD Mean =SD Mean £SD Mean £SD

Biological Effects 14.89+3.09 11.89+0.92 11.41+0.34 12.07£1.55 1191+246 119

of Radiation

Protective 16.44+2.482 15.82+5.14a0 12.60+1.1230 14.18+2.63a0 9.68+2.47° .030

Measures

Imaging 14.54+4.23 13.24+3.86 12.20=1.13 13.98+1.08 12.314.06  .569

Techniques

Clinical Protocols 13.91+2.62 14.28+3.88 14.07+2.00 15.17£1.29 8.92+3.96 060

and Standards

* Friedman test; significant results were followed by Bonferroni-adjusted pairwise comparisons.

Different superscript letters within a row indicate adjusted p <.03.

Table 4 presents the FKGL scores of the LLMs according to
topic. A statistically significant difference among the models
was observed only for Protective Measures (p = .030). No
statistically significant differences were found for Biological
Effects of Radiation (p =.119), Imaging Techniques (p = .569),
or Clinical Protocols and Standards (p = .060).

For Biological Effects of Radiation, ChatGPT had the highest
mean FKGL score (14.89 + 3.09), whereas Claude had the
lowest (11.41 + 0.34). For Imaging Techniques, ChatGPT had
the highest mean score (14.54 + 4.23), whereas Claude had the
lowest (12.20 + 1.13).

For Protective Measures, ChatGPT had the highest mean FKGL
score (16.44 + 2.48), whereas DeepSeek had the lowest (9.68 +
2.47). Bonferroni-adjusted pairwise comparisons showed that
the FKGL score of DeepSeek was significantly lower than that
of ChatGPT; no other pairwise differences were significant.

For Clinical Protocols and Standards, Copilot had the highest
mean FKGL score (15.17 + 1.29), whereas DeepSeek had the
lowest (8.92 + 3.96); however, the overall difference among the

models was not statistically significant (p = .060).

Table 5. DISCERN scores of LLMs according to topic

Topics ChatGPT Gemini Claude Copilot DeepSeek p*

Mean +SD Mean £SD Mean £SD Mean £SD Mean £SD

Biological Effects
of Radiation

30.20+3.34%  26.20+1.30% 36.40+2.60° 34.00+£2.54®  25.60+£5.50*  .002

Protective 37.40+6.58  38.80:4.91% 35.804£2.94  31.20£3.49 003

Measures

66.40=1.812

Imaging 33.20+4.326  29.80+1.92®  65.80+2.77= 33.20+3.56®  25.80=2.28* .00l

Techniques

Clinical Protocols 37.60+5.852
and Standards

31.80+3.702 61.00+5.43>  30.20=4.38> 27.20£2.28* 001

#* Friedman test; significant results were followed by Bonferromi-adjusted pairwise comparisons.
Different superscript letters within a row indicate adjusted p <.05.

Table 5 presents the DISCERN scores of the LLMs according
to topic. Statistically significant differences among the models
were observed for Biological Effects of Radiation (p = .002),
Protective Measures (p = .003), Imaging Techniques (p = .001),
and Clinical Protocols and Standards (p = .001).

For Biological Effects of Radiation, Claude had the highest
mean DISCERN score (36.40 + 2.60), whereas DeepSeek had
the lowest (25.60 + 5.50). Claude had significantly higher scores
than Gemini and DeepSeek. For Protective Measures, Claude
had the highest mean score (66.40 = 1.81), whereas DeepSeek

had the lowest (31.20 £ 3.49); the pairwise difference between
Claude and DeepSeek was statistically significant.

For Imaging Techniques, Claude had the highest mean
DISCERN score (65.80 + 2.77), whereas DeepSeek had the
lowest (25.80 + 2.28); the pairwise difference between Claude
and DeepSeek was statistically significant. For Clinical
Protocols and Standards, Claude had the highest mean score
(61.00 + 5.43), whereas DeepSeek had the lowest (27.20 + 2.28).
ChatGPT and Gemini had significantly higher scores than
Copilot and DeepSeek, while Claude did not differ significantly
from the other models in the pairwise comparisons.

DISCUSSION

This study compared the readability and content quality
of responses generated by five LLMs to questions in dental
radiology. The expanding use of LLMs across medical specialties
has increased interest in their potential applications in
healthcare [19]. Overall, the evaluated responses demonstrated
high linguistic complexity, while content quality and reliability
varied significantly among the models. The radiology-
focused responses evaluated in this study demonstrated low
readability according to both FRE and FKGL measures. Mean
FRE scores ranged from 14.44 + 14.63 for Copilot to 29.32 +
21.31 for DeepSeek, indicating very low readability. Similarly,
mean FKGL scores ranged from 10.71 + 1.97 for Copilot to
14.95 + 3.07 for ChatGPT and were considerably above the
recommended sixth-grade or lower reading level for patient
education materials [12]. Although the questions in this
study were not limited to patient-oriented communication,
these thresholds provide a useful reference for evaluating
the linguistic accessibility of health-related information. The
findings indicate that the dental radiology responses generated
by the models generally contained a high level of linguistic
complexity.

In contrast, previous studies conducted on more general or
patient-oriented dental topics have reported more readable
outputs. Esmailpour et al. [20] reported FRE scores of 53.05
for ChatGPT and 64.94 for Gemini in responses to frequently
asked questions about dental prostheses. In the same study,
FKGL scores were 10.45 for ChatGPT, 7.82 for Gemini, and
8.38 for Copilot. Studies conducted by Giiven et al. [14] and
Bayraktar et al. [13] also demonstrated that responses related to
traumatic dental injuries and pediatric dentistry generally had
FRE scores ranging from 41 to 52 and lower FKGL scores than
those observed in the present study.

These differences among studies may partly reflect the
terminological and conceptual complexity of dental radiology.
Radiology-related questions include multisyllabic and
specialized terms involving the biological effects of ionizing

radiation, ALARA and ALADA principles, imaging modality
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selection, and technical imaging parameters. This may
contribute to longer sentences, lower FRE scores, and
higher FKGL values. However, direct comparisons should
be interpreted cautiously because question content, model
versions, prompting procedures, and assessment methods
differ among studies.

Some topic-dependent differences among the models were
observed in the topic-specific FRE and FKGL analyses (Tables
3 and 4). Gemini generated the highest mean FRE score in the
“Biological Effects of Radiation” domain, whereas DeepSeek
generated the lowest mean FKGL score in the “Protective
Measures” domain. In this domain, the FKGL score of DeepSeek
was significantly lower than that of ChatGPT, indicating lower
linguistic complexity. ChatGPT had the highest mean FKGL
scores in the “Biological Effects of Radiation” and “Imaging
Techniques” domains, whereas Copilot had the highest
mean FKGL score in the “Clinical Protocols and Standards”
domain. However, most topic-specific comparisons were not
statistically significant. This suggests that the models tended to
produce similar levels of linguistic complexity across different
subject areas and that their overall performance remained
largely consistent.

These findings indicate that although LLMs can be used to
generate health information and educational materials, the
readability of the resulting texts should be evaluated before
their direct use. Requesting responses at a specified educational
level and subsequently simplifying complex terminology may
improve the accessibility of the generated content. These
approaches may be particularly useful in fields such as dental
radiology, where technical language is used extensively.

In this study, mean DISCERN scores ranged from 27.45 +
4.06 for DeepSeek to 57.40 £ 13.01 for Claude. Claude scored
significantly higher than all other models, while DeepSeek
scored significantly lower than ChatGPT, Claude, and
Copilot, but did not differ significantly from Gemini. These
findings indicate statistically significant differences among the
evaluated models in terms of content quality and reliability.

Giiven et al. [14] evaluated responses related to traumatic
dental injuries using a modified eight-item DISCERN scale
with a maximum score of 40. In that study, ChatGPT-3.5
received a score of approximately 29, whereas ChatGPT-4.0
and Gemini received scores of approximately 31 and 32,
respectively. Kiling and Mansiz [21] evaluated ChatGPT
responses to orthodontic questions using a five-point
adaptation of DISCERN and reported moderate reliability
scores of approximately 3.00 for general questions and 2.38
for treatment-related questions. These findings indicate that
the quality of dental information generated by LLMs may
vary according to the model used, the question domain, and
the assessment method [22]. However, direct comparisons
among studies are limited because DISCERN adaptations

and scoring methods differ. These findings suggest that LLM-
generated dental radiology content may benefit from expert
review and readability-focused refinement before being used
for educational or clinical communication purposes.

The FRE and FKGL results showed that although some models
generated detailed responses, the language used frequently
exceeded the recommended readability levels. Uranbey et al.
[23] reported that ChatGPT could generate diagnostic and
treatment-related recommendations for oral pathologies,
but discrepancies between artificial intelligence outputs and
expert decisions remained in complex scenarios. Giiven et
al. [14] also demonstrated that readability was an important
area of evaluation in responses related to traumatic dental
injuries. These results support the importance of professional
oversight, particularly for LLM-generated content intended
for patients or designed to support clinical communication.

From an educational perspective, the linguistic complexity
of the generated responses may limit the use of these texts
as independent educational resources. Bayraktar et al. [13]
reported that LLM responses to parental questions in pediatric
dentistry demonstrated higher readability. Helvacioglu-Yigit
et al. [15] showed that most educational content generated
by chatbots in oral and maxillofacial radiology exceeded the
recommended seventh-grade readinglevel [12]. These findings
demonstrate that the ability to generate detailed information
is not always accompanied by the ability to produce accessible
and easily readable content. Future studies may benefit from
evaluating the actual comprehension performance of users
at different educational levels, in addition to readability and
content quality.

One of the strengths of this study was its standardized data
collection procedure. The same 20 questions were presented
to all models in the same predetermined order, and each
question was submitted in a new and independent session
without prior conversational context. Thus, contextual
carryover between responses was minimized. In addition,
readability was evaluated using two established indices,
and the automatically generated scores were independently
verified by a second researcher. The evaluation of multiple
LLMs across four different dental radiology subject areas also
enabled comparisons among the models.

This study has several limitations. Only one response was
obtained for each question-model combination, and the
relatively small question set, particularly the five questions per
domain, limits the generalizability of the findings and makes
topic-specific analyses exploratory. The models were accessed
through free web interfaces, and generation parameters,
including response length, could not be controlled. FRE
and FKGL assess linguistic complexity rather than factual
accuracy or actual comprehension. The adapted DISCERN
instrument was developed through expert consensus and
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was not independently validated. Finally, because LLMs are
continuously updated, the findings are specific to the English-
language questions, model versions, platform conditions, and
data collection period evaluated in this study.

CONCLUSION

This study provides a comparative evaluation of LLM-generated
responses in terms of readability and content quality within
the specialized context of dental radiology. The outputs of all
evaluated models exceeded the recommended readability levels
for accessible health communication, while their content quality
and reliability varied considerably. Claude achieved the highest
DISCERN scores overall and across all four domains, and its
overall DISCERN score was significantly higher than those of
all other models. However, none of the models consistently
demonstrated favorable performance in both readability and
DISCERN scores across all evaluated domains. These findings
indicate that LLM-generated dental radiology content may
require readability-focused prompting, expert review, and post-
editing before being used for educational or communication
purposes. Future studies should evaluate larger question sets,
repeated model outputs, and actual user comprehension to
determine how effectively LLM-generated content can support

dental education and clinical communication.

Contribution to the Literature: This study provides a comparative
evaluation of five widely used large language models in dental
radiology by considering both readability and content quality.
Unlike evaluations based on a single performance dimension,
the study combines FRE and FKGL readability measures
with an adapted DISCERN assessment of content quality and
reliability across four dental radiology domains. The findings
demonstrate that higher content quality does not necessarily
coincide with greater readability and highlight the need to
consider both dimensions when evaluating LLM-generated
dental radiology content.
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