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Abstract

Background: The use of artificial intelligence (Al)-based large language models
(LLMs) for accessing health information is rapidly increasing; however, limited research
has evaluated their efficacy in pediatric dentistry, particularly regarding the accuracy
of oral health information. This study aimed to assess the accuracy, readability, and
similarity of four Al-based LLMs; ChatGPT 4.0, Google Gemini, Microsoft Copilot,
and DeepSeek-R1 in responding to parental questions about children’s oral and dental
health. Methods: Twenty frequently asked questions, developed by experienced
pediatric dentists, were presented to each LLM over a seven-day period, from 27
January 2025 to 03 February 2025. Responses were independently assessed for accuracy,
readability, and similarity. Statistical analyses used IBM SPSS 27.0. Normality
was checked by Kolmogorov-Smirnov. T-tests/Analysis of Variance (ANOVA) with
Tukey’s Honestly Significant Difference (HSD) were applied for normal data; Mann-
Whitney U/Kruskal-Wallis with Dunn’s post hoc and Bonferroni correction for non-
normal data. Fisher’s Exact test examined categorical variables; binary accuracy after
Likert dichotomization. Inter/intra-rater reliability employed two-way random effects
Intraclass Correlation Coefficients (ICC). p < 0.05 indicated significance. Results:
The study demonstrated that ChatGPT 4.0 and DeepSeek-R1 achieved significantly
higher accuracy scores compared to Google Gemini and Microsoft Copilot (p < 0.001).
ChatGPT 4.0 also produced the most readable content, reflected by the lowest Average
Reading Level Consensus (ARLC) score of 8.05, whereas DeepSeek-R1 generated
the shortest responses (p < 0.001). Regarding originality, ChatGPT 4.0 and Google
Gemini exhibited the lowest similarity indices, indicating a greater degree of response
diversity (p = 0.02). Conclusions: These findings underscore the potential role of Al-
based LLMs in facilitating parental access to evidence-based pediatric dental health
information. Based on accuracy, readability, and similarity results, ChatGPT 4.0 appears
the most reliable platform for delivering oral health information to parents. Furthermore,
the newly introduced DeepSeek-R1 showed comparable accuracy and originality to
ChatGPT 4.0, highlighting its promise as an efficient tool for user-friendly dental health
guidance.
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1. Introduction

Early childhood dental care is widely recognized as a critical
determinant for establishing lifelong oral health and preventing
future dental diseases. Regular dental visits, optimal oral
hygiene practices, and a balanced diet play an important role
in ensuring healthy oral development [1, 2].

Despite the well-documented benefits of early dental care,
many parents face significant barriers in accessing accurate
and timely information regarding their children’s oral and

dental health. Limited access to dental professionals, frag-
mented healthcare infrastructure, and financial constraints of-
ten drive parents to rely on inconsistent or inaccurate informa-
tion sources. This lack of reliable guidance impedes informed
decision-making, frequently leading to delays in preventive
care and worsening oral health outcomes. Addressing this
information gap through clear, evidence-based, and accessible
educational resources is therefore essential to support parents
in safeguarding their children’s oral health [3-5].

Parents frequently encounter multiple, overlapping chal-
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lenges when seeking reliable oral and dental health infor-
mation, including uncertainty about appropriate fluoride use,
optimal timing of the first dental visit, dietary recommen-
dations, and oral hygiene practices, as well as conflicting
advice about non-nutritive habits, such as thumb-sucking or
pacifier use. Prior studies have shown that parents often
depend on informal or inconsistent sources, which may delay
preventive care or result in suboptimal oral and dental health
practices [1, 6]. To overcome these real-world challenges,
parents require accurate, comprehensible, and evidence-based
resources tailored to their needs, ensuring informed decision-
making and early preventive interventions.

In recent years, technological advances have transformed
the way health information is disseminated, with artificial
intelligence (AI) particularly large language models (LLMs)
emerging as a promising tool for real-time, interactive health
communication. LLMs can overcome geographic, economic,
and structural barriers, offering parents accessible guidance
on their children’s oral and dental health. By integrating Al
into healthcare communication, essential medical knowledge
can be delivered more broadly, consistently, and efficiently,
thereby ensuring that accurate, evidence-based information
reaches diverse populations [7, §].

Nevertheless, despite the increasing adoption of Al-based
platforms in various sectors, research on their applications
in dentistry remains limited. Current dental implementations
primarily focus on administrative tasks, such as appointment
scheduling, with minimal exploration into their potential for
delivering accurate, evidence-based clinical guidance, partic-
ularly in pediatric dentistry [6, 9]. Given the critical role
of parental knowledge in preventive pediatric oral and dental
health, understanding the ability of LLMs to provide accurate
and reliable responses to parental inquiries represents an im-
portant yet underexplored area of investigation.

Several preliminary studies have examined LLM
applications within dentistry, though with limited scope
and focus. While early applications of LLMs in dentistry
were predominantly administrative, recent studies have
demonstrated their integration across multiple disciplines,
including dental public health, oral and maxillofacial surgery,
periodontology, orthodontics, endodontics, prosthodontics,
preventive dentistry, and dental radiology for tasks such as
diagnostic support, post-operative patient queries, radiology
report generation, and clinical decision-making [10-12].
Mustuloglu et al. [13] evaluated ChatGPT 4.0 in the
emergency management of avulsed teeth, reporting higher
accuracy compared to earlier Al models. Similarly, Guven et
al. [14] assessed ChatGPT and Google Gemini in responding
to traumatic dental injury queries, demonstrating variability
in both accuracy and readability. Additional investigations
have explored LLMs in dental education and special needs
dentistry, yielding promising but inconsistent results [15, 16].
However, no study to date has systematically evaluated the
ability of LLMs to address parental questions in pediatric
dentistry, highlighting a critical gap in the literature.

To the best of our knowledge, this is the first study to
rigorously evaluate multiple LLMs, including the recently
introduced DeepSeek-R1, for their capacity to generate ac-
curate, reliable, and readable responses to parental inquiries
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in pediatric dentistry. Using standardized scoring metrics
for accuracy, readability, and similarity across twenty expert-
validated questions, this research advances beyond adminis-
trative or narrowly clinical applications, thereby providing
novel insights into how Al-based tools can empower parents
with evidence-based oral health information and support early
preventive care.

Therefore, this study aimed to systematically compare the
accuracy, readability, and similarity of four Al-based LLMs in
responding to parental pediatric oral and dental health ques-
tions, thereby addressing a critical gap in current research and
highlighting the transformative potential of LLMs in preven-
tive pediatric dentistry.

2. Materials and methods

2.1 Study design

The aim of this study was to assess the effectiveness of
responses generated by four different Al-based LLMs;
ChatGPT 4.0 (OpenAl, San Francisco, CA, USA), Google
Gemini (Gemini 1.5, Google, DeepMind, Mountain View,
CA, USA), Microsoft Copilot (Copilot powered by GPT-4,
Microsoft, Redmond, WA, USA), and DeepSeek-1 (v1.0,
DeepSeek, Hangzhou DS Al, Hangzhou, Zhejiang, China) in
providing information to address parental inquiries regarding
children’s oral and dental health. This study did not involve
human participants, access to medical records, or identifiable
personal data. All analyses were performed exclusively on
Al-based responses to pre-defined, expert-validated pediatric
dentistry questions. In accordance with institutional and
international research ethics standards for studies involving
no human subjects, no ethical approval or informed consent
was required.

The twenty standardized questions were prepared by three
expert pediatric dentists (NE, AAY, DC), each with over 20
years of clinical and academic experience in pediatric den-
tistry, following the American Academy of Pediatric Dentistry
(AAPD) guidelines [17-21]. The responses were indepen-
dently evaluated by four pediatric dentists who completed their
undergraduate dental education at the same dental faculty,
undertook five years of doctoral training in Pediatric Dentistry
within the same department, and have since served as academic
staff members at different university dental faculties. Data
collection was conducted over seven consecutive days, from
27 January to 03 February 2025. In total, 20 standardized
questions were presented to each of the four LLMs over seven
consecutive days by four independent evaluators, yielding a
dataset of 2240 responses (20 questions x 4 LLMs x 7 days x
4 examiners), all of which were included in the final analysis.

Each platform used a pre-defined set of twenty questions
designed to address common parental concerns about chil-
dren’s dental care (Table 1). For clarity and consistency
with the subsequent analysis, the twenty standardized ques-
tions were categorized into three thematic domains: (i) Tooth
eruption, dental visits, and treatment needs (4 questions); (ii)
Oral health and hygiene practices (11 questions); and (iii)
Diet and nutrition (5 questions). This classification ensured
comprehensive coverage of common parental concerns while
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TABLE 1. The questions presented to the large language models.
Questions
1. When will my child’s first primary tooth erupt?
2. When should the first dental visit be?

3. When should I start tooth brushing in my child?
4. What type of toothbrush should I use for my child?
5. What type of toothpaste should I use for my child?
6. How often should I replace my child’s toothbrush?
7. How long should my child brush his/her teeth for?

8. Is using fluoride toothpaste safe for my child?

9. Until what age should I brush my child’s teeth for him/her?
10. Does my child need to use dental floss?

11. At what age should my child begin to use dental floss for himself/herself?
12. At what age should my child begin to use mouthwash for himself/herself?
13. What kind of diet should my child have to protect his/her teeth?

14. Are sugary snacks and drinks harmful to my child’s oral health?

15. Is it harmful to my child’s teeth if he/she sucks his/her thumb or uses a pacifier?

16. Is breastfeeding while sleeping harmful to my child’s teeth?

17. When should my child stop using a baby bottle or pacifier to prevent damage to his/her teeth?

18. Do primary teeth require dental treatment?
19. When will my child’s permanent tooth erupt?
20. How often should I take my child to the dentist for routine check-ups?

enabling domain-specific performance comparisons among the
LLMs. To ensure objective and standardized evaluation of
response accuracy, a set of gold-standard reference responses
were developed by expert pediatric dentists, based on pediatric
dentistry guideline.

2.2 Accuracy evaluation

Four independent pediatric dentists (CS, AA, EK, HC) initially
evaluated each response using a five-point Likert scale (1 =
completely inappropriate; 5 = fully appropriate) to capture
a full spectrum of accuracy levels. However, preliminary
analyses revealed that ratings were highly polarized toward
the two extremes, with minimal representation in intermedi-
ate categories. To improve statistical robustness, inter-rater
reliability, and interpretability, the Likert scores were subse-
quently collapsed into a binary classification (“Appropriate”
vs. “Inappropriate”). The full Likert-scale data remain avail-
able upon reasonable request for meta-analytic purposes or
sensitivity analyses. Specifically, for each LLM response,
examiners documented whether any additional explanatory
information or supporting references were included beyond the
direct response to the question. Both elements were coded as
either “present” or “absent”, and the proportion of responses
containing additional information or references was calculated
for each LLM and reported in the results as the percentage
of presence. The “delete our chat history” prompt was im-
plemented, and manual deletion of messages was carried out.
Browser history and temporary files were also cleared.

2.3 Readability analysis

Each response generated by the LLMs was assessed for
its reading difficulty using the Average Reading Level
Consensus (ARLC) Calculator. This online tool, accessible at
https://readabilityformulas.com/calculator-arlc-formula.php,

computes the average of eight widely recognized readability
formulas. These formulas include the Automated Readability
Index, Flesch-Kincaid Grade Level, Flesch Reading Ease,
Gunning Fog Index, Coleman-Liau Readability Index, Simple
Measure of Gobbledygook (SMOG) Index, FORCAST
Readability Formula, and Linsear Write Readability Index.
Based on these calculations, the tool generates a difficulty
score that corresponds to grade levels, ranging from very easy
(first grade, ages 6—7 years) to extremely difficult (college
graduate, age 23+ years) [22]. For each question, the mean
number of characters and word counts in the responses
generated by the LLMs were recorded and analyzed.
Although eight standard readability indices were computed
for methodological completeness, only three representative
metrics are presented in the results to enhance interpretability.

2.4 Similarity analysis

The similarity index was used to quantitatively assess the
degree of similarity between the responses provided by the
software and the texts contained in various databases. In
order to assess the potential plagiarism rate and the degree of
originality of the responses, all results generated by the Al
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model were entered into a plagiarism detection programme
(Turnitin, Oakland, CA, USA, http://www.turnitin.com). Sim-
ilarity rates were expressed as percentages and categorized
into five different ranges: 0%, 1-24%, 25-49%, 50-74% and
75-100%. Given that standard clinical guidelines frequently
employ similar phrasing across multiple sources, similarity
percentages were interpreted with caution to avoid overat-
tributing duplication to Al-based content.

2.5 Statistical analysis

All statistical analyses were performed using IBM SPSS Statis-
tics version 27.0 (IBM Corp., Armonk, NY, USA). Descrip-
tive statistics, including measures of central tendency (mean,
median) and dispersion (standard deviation, minimum, maxi-
mum), were calculated for all variables. Normality of contin-
uous variables was assessed using the Kolmogorov-Smirnov
test. For normally distributed data, independent samples ¢-
tests and one-way ANOVA with Tukey’s Honestly Significant
Difference (HSD) post hoc tests were applied; for non-normal
data, Mann-Whitney U and Kruskal-Wallis tests with Dunn’s
post hoc tests and Bonferroni correction were used. Binary
accuracy outcomes were analyzed following dichotomization
of the original five-point Likert scores. Categorical variables,
including similarity index categories, were compared using
Fisher’s Exact test. Inter- and intra-rater reliability were as-
sessed using two-way random effects Intraclass Correlation
Coefficients (ICC) with absolute agreement. All statistical
tests were two-tailed, with p-values < 0.05 considered statis-
tically significant.

3. Results

3.1 Dataset characteristics and reliability

The results of the study evaluating the performance of four
Al-based LLMs, ChatGPT 4.0, Google Gemini, Microsoft
Copilot, and DeepSeek-R1, in disseminating information re-
garding children’s oral and dental health are presented below.
Each of the 20 questions was presented to all 4 LLMs by 4
independent examiners over 7 consecutive days, generating
2240 responses to ensure reliability and reproducibility. The
study focused on the accuracy, readability, and similarity of
responses provided by these LLMs to a set of twenty frequently
asked questions about children’s oral health, as well as the
evaluation of additional text and cited references. The intra-
and inter-examiner reliability scores were given in Table 2.
The ICC values were calculated exclusively for the accuracy
scores to evaluate intra- and inter-rater reliability.

3.2 Accuracy of responses

Each LLM was assessed for the accuracy of its responses based
on pediatric dentistry guidelines provided by four paediatric
dentists. A total of 2240 LLM responses were evaluated
over seven days and scored on a binary scale (1: Appro-
priate, 2: Inappropriate). As detailed in the Materials and
Methods section, although initial scoring employed a five-
point Likert scale, data polarization toward the extremes ne-
cessitated dichotomization for statistical analyses. Accuracy
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percentages for all responses are summarized in Supplemen-
tary Table 1. For improved visual interpretation, Fig. |
presents a heatmap representation of these data, highlighting
the contrast in accuracy scores among the four LLMs across
the three major domains. As illustrated, ChatGPT 4.0 and
DeepSeck-R1 achieved consistently higher accuracy compared
to Google Gemini and Microsoft Copilot, particularly in the
oral health and diet domains (p < 0.001). Post-hoc analysis of
inaccurate responses revealed three main error categories: (i)
errors of omission, where essential details or recommendations
were missing; (ii) factual contradictions, where information
conflicted with AAPD or other pediatric dentistry guidelines;
and (iii) unreliable or unreferenced advice, where statements
lacked verifiable scientific support. Among all inaccuracies,
52% were omissions, 31% involved unreferenced advice, and
only 17% were factual contradictions, suggesting that most
errors reflected incomplete rather than clinically misleading
information.

3.3 Additional information and references

The presence and accuracy of both additional text and cited
references were recorded separately for each LLM and are
summarized in Table 3. Statistical analysis revealed significant
differences in both the presence and accuracy of additional
text (p = 0.002 and p < 0.001, respectively), with ChatGPT
4.0 and DeepSeek-R1 performing best and Microsoft Copilot
performing least.

In contrast, although additional references were frequently
provided, no statistically significant differences were observed
across LLMs for either the presence or accuracy of these
references (both p > 0.05). Moreover, the accuracy of cited
references was consistently lower than that of the explanatory
text, highlighting the persistent limitation of current LLMs in
providing reliable source citations despite generating generally
accurate explanatory content.

3.4 Readability analysis

ChatGPT 4.0 was identified as the most readable LLM in the
study, demonstrating the lowest Average Reading Level Con-
sensus (ARLC) score of 8.05, indicating ease of readability.
In contrast, DeepSeek-R1 received the highest ARLC score of
9.69, signifying it as the most challenging LLM to read (Fig. 2).

A Kruskal-Wallis test indicated that there were statistically
significant differences in the reading difficulty scores between
the four LLMs (p < 0.05). Representative readability indices
are shown in Table 4 and Fig. 3, while the full set of eight
indices is available in Supplementary Table 2.

3.5 Response length

Among the LLMs evaluated, DeepSeek-R1 provided the short-
est response, with 111.60 + 34.75 words (554.7 £ 173.98
characters), while Google Gemini produced the longest re-
sponse, containing 367.9 + 103.06 words (1897.85 + 543.31
characters). A statistically significant difference was found
between the groups (p < 0.001) (Table 5).
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TABLE 2. Intra- and inter-examiner reliability (intra-class correlation coefficients).

Intraclass correlation coefficient (95% CI)
The classification of the questions
ChatGPT 4.0

Google Gemini

Intra-examiner reliability
0.76 (0.65-0.82)
0.72 (0.65-0.82)
0.73 (0.61-0.80)
0.85 (0.72-0.97)

Microsoft Copilot
DeepSeck-R1

Inter-examiner reliability
0.77 (0.64-0.88)
0.70 (0.67-0.75)
0.71 (0.64-0.84)
0.82 (0.78-0.86)

Intraclass Correlation Coefficient (ICC) (Two-way random, absolute agreement). CI: Confidence Interval.

Accuracy Scores of Large Language Models Across

100
Tooth Eruption/Dental Visits/
Treatment Needs e A 99
98 g
= Oral Health >
E 97 . f
o >
- g
- 96
Diet
- 95
1 A
cret™

FIGURE 1. Heatmap illustrating the accuracy scores (%) of four LLMs. Kruskal-Wallis test + Dunn’s post hoc test
(Bonferroni correction), (ChatGPT 4.0, Google Gemini, Microsoft Copilot, and DeepSeek-R1) across three major domains: Tooth
eruption/Dental visits/Treatment needs (4 questions), Oral health (11 questions), and Diet (5 questions). Darker shades indicate

higher accuracy percentages. Full numerical data are provided in Supplementary Table 1.

TABLE 3. Presence and accuracy of additional text and cited references for each LLM.

LLM Presence of Accuracy of Presence of Additional

Additional Text (%)  Additional Text (%) References (%)
ChatGPT 4.0 (n = 560) 100 100 90
Google Gemini (n = 560) 95 95 80
Microsoft Copilot (n = 560) 70 65 80
DeepSeek-R1 (n=560) 100 100 85
p-value 0.002* <0.001* 0.062

Kruskal-Wallis test + Dunn's post hoc test (Bonferroni correction). LLM: large language models.
*n < 0.05 considered statistically significant.

Accuracy of Additional
References (%)

48
42
44
35

0.067
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Boxplot Comparison Across Models
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FIGURE 2. Comparison of the distribution of readability scores: Average Reading Level Consensus. Kruskal-Wallis test
+ Dunn’s post hoc test (Bonferroni correction).

TABLE 4. Comparison of the readability scores of large language models.

ChatGPT 4.0 Google Gemini Microsoft Copilot DeepSeek-R1 p
Mean (SD) Mean (SD) Mean (SD) Mean (SD)
Flesch-Kincaid Grade Level 74.45 +10.58 64.75 + 6.62 69.40 + 6.49 63.95 £ 10.07 <0.001*
Gunning Fog Index 6.30 + 1.98 7.94 + 1.34 7.26 + 1.37 9.07 + 1.90 <0.001*
SMOG Index 7.11 £ 1.16 7.96 +0.79 6.97 + 1.50 8.58 +1.99 0.004*

Kruskal-Wallis test + Dunn's post hoc test (Bonferroni correction). *p < 0.05 considered statistically significant.
Comparison of the readability scores of large language models across three representative indices: Flesch-Kincaid Grade
Level, Gunning Fog Index, and SMOG Index. These indices were selected as the most widely used and methodologically

representative measures of text readability in health communication research. Full results for all eight readability indices are
provided in Supplementary Table 2.

SD: Standard Deviation; SMOG: Simple Measure of Gobbledygook.

Readability Comparison Across Language Models

Models
80 ChatGPT 4.0
Gemini
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l DeepSeek
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Mean = SD
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FIGURE 3. Comparison of the scores of readability scales. Kruskal-Wallis test + Dunn’s post hoc test (Bonferroni
correction). (R1: Flesch-Kincaid Grade Level, R2: Gunning Fog Index, R3: SMOG Index). SD: Standard Deviation, SMOG:
Simple Measure of Gobbledygook.
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TABLE 5. Overview of response length from LLMs to the questions.

LLM Response length (words)

Mean (SD) Minimum Maximum
ChatGPT 4.0 163.65 + 56.31 79 192
Google Gemini 367.90 £+ 103.06 198 512
Microsoft Copilot  197.90 + 89.65 83 241
DeepSeek-R1 111.60 4+ 34.75 56 138
)4 <0.001*

Response length (characters)

Mean (SD) Minimum Maximum
804.50 £+ 279.35 597 1316
1897.85 4+ 543.31 1625 2452
969.55 £+ 445.88 712 1249
554.70 £ 173.98 391 763

<0.001*

One-way ANOVA (if normally distributed) or Kruskal-Wallis test (if non-normal). LLM: large language models; SD: standard

deviation. *p < 0.05 considered statistically significant.

3.6 Similarity analysis

To evaluate the originality of chatbot responses, the Similarity
Index was assessed using Turnitin, a widely recognized and
reliable plagiarism detection software. The results for each
LLM are summarized in Table 6, with similarity percentages
categorized into five ranges. ChatGPT 4.0 and Google Gemini
had the lowest similarity rates, indicating a greater degree of
originality in their responses. Statistical analysis using Fisher’s
Exact Test revealed significant differences in the similarity
rates between the groups (p = 0.02).

4. Discussion

This study represents the first comprehensive evaluation of
multiple LLMs within pediatric dentistry, providing an inte-
grated analysis of accuracy, readability, and originality across
ChatGPT 4.0, DeepSeek-R1, Google Gemini, and Microsoft
Copilot. By using standardized parental inquiries, the present
work not only quantifies the current performance of these
platforms but also situates the findings within the broader land-
scape of Al adoption in healthcare communication, extending
recent work on the clinical utility of generative Al [6-9].

A key finding of this study was the superior accuracy of
ChatGPT 4.0 and DeepSeek-R1 compared with Google Gem-
ini and Microsoft Copilot, particularly in oral health and di-
etary domains. While initial scoring employed a five-point
Likert scale to capture nuanced differences in response quality,
pilot analyses revealed a highly polarized distribution, with
most ratings clustering at the extremes. To ensure method-
ological rigor and preserve statistical power, the scores were,
therefore, collapsed into a binary classification (“Appropriate”
vs. “Inappropriate”), following best practices in diagnostic
accuracy research when intermediate categories lack adequate
representation [13—15]. This analytic refinement does not
diminish interpretative granularity, as full Likert data remain
available for transparency and potential meta-analytic pur-
poses. Importantly, the observed accuracy advantage aligns
with previous studies demonstrating that recent LLMs bene-
fit from expanded training datasets, advanced reinforcement
learning, and larger parameter counts, yielding more precise
and contextually appropriate outputs [23, 24]. The inclusion of
DeepSeek-R1, a novel platform, further illustrates that emerg-
ing systems can achieve competitive accuracy, underscoring
both the rapid technological evolution of generative Al and its

potential relevance for pediatric dentistry applications [24, 25].

Nonetheless, the inconsistent citation practices observed
across all evaluated LLMs remain a significant concern. Al-
though Al-generated responses often contained accurate clin-
ical content, the lack of verifiable, properly formatted refer-
ences undermines their scientific reliability. Previous inves-
tigations have similarly emphasized that, without integration
into validated medical databases, LLM outputs risk propagat-
ing information that is clinically reasonable but unsupported
by primary evidence [23, 25]. Addressing this limitation will
require not only technical advancements in real-time citation
generation, but also the establishment of professional oversight
frameworks to ensure compliance with evidence-based guide-
lines before Al systems can be responsibly deployed in patient
education or clinical decision-making.

The readability analysis revealed notable differences in lin-
guistic accessibility across platforms. ChatGPT 4.0 gener-
ated the most parent-friendly content, whereas DeepSeek-R1
produced responses with greater textual complexity. While
advanced linguistic sophistication may benefit professional
audiences, it could impede comprehension among caregivers
with limited health literacy, consistent with prior studies advo-
cating for tailored health communication strategies [25, 26].
To ensure methodological rigor without overwhelming the
reader, eight established readability indices were calculated,
but only the three most widely cited metrics; the Flesch-
Kincaid Grade Level, the Gunning Fog Index, and the SMOG
Index are presented in the main text for clarity, with the full
set reported in Supplementary Table 2 for transparency and
potential meta-analytic use. Given the pivotal role of health
literacy in shaping parental decision-making, optimizing Al-
generated content for diverse educational backgrounds remains
critical for maximizing clinical applicability.

Similarity analysis revealed that elevated similarity scores
were often attributable to the use of standardized clinical ter-
minology rather than genuine textual duplication, consistent
with previous research on Al text generation [16]. However,
occasional redundancy and unreferenced factual claims high-
light the necessity for Al-specific originality metrics capable of
distinguishing between clinically appropriate standardization
and unnecessary repetition. Until such tools are developed,
similarity indices derived from plagiarism detection systems
originally designed for human-authored texts should be in-
terpreted cautiously, as they may overestimate duplication or
overlook nuanced forms of redundancy [16]. It is important to
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TABLE 6. The similarity rates and percentages of different large language models.

LLM
ChatGPT 4.0

Google Gemini

0% Similarity
5 responses
6 responses

Microsoft Copilot

DeepSeck-R1

7 responses

8 responses

1-24% Similarity = 25-49% Similarity 50-74% Similarity

12 responses 2 responses 1 response
10 responses 3 responses 1 response
3 responses 9 responses 1 response
8 responses 3 responses 1 response

75-100% Similarity
0 response
0 response
0 response

0 response

Fishers Exact test.

recognize that plagiarism detection tools such as Turnitin were
designed for human-authored texts and have not been formally
validated for Al-generated content. As a result, their similarity
scores should be interpreted cautiously, since common clinical
terminology or widely accepted patient education phrases may
lead to false positives, while repetitive or semantically deriva-
tive Al text may escape detection. Consequently, these met-
rics should be regarded as approximate indicators rather than
definitive measures of originality, particularly in the context of
Al-generated outputs.

Another noteworthy observation was the variability in re-
sponse length and structure across platforms, suggesting a lack
of standardized output parameters. Previous work in clinical
informatics has similarly reported that LLMs often produce
content of inconsistent scope and depth, reflecting randomized
elements inherent in generative architectures [23—-25]. Our
qualitative error analysis indicated that most inaccuracies rep-
resented omissions rather than explicit factual contradictions,
reinforcing the notion that current LLMs, while capable of
producing generally accurate content, lack systematic mecha-
nisms to ensure completeness. Future research should explore
structured prompt engineering, context-aware summarization
algorithms, and human-in-the-loop validation to mitigate these
limitations and enhance output reliability.

Methodologically, the present study employed a standard-
ized set of expert-validated pediatric dentistry questions to
facilitate reproducibility and cross-model comparisons. How-
ever, practical parental inquiries exhibit far greater linguistic,
cultural, and contextual variability than controlled datasets
can capture. Prior studies in medical Al evaluation have
emphasized that model performance frequently declines when
exposed to heterogeneous, patient-generated inputs, highlight-
ing the importance of external validation under authentic usage
conditions [16, 25, 26]. Future work should therefore incorpo-
rate larger, multilingual, and demographically diverse datasets,
enabling the assessment of model robustness across variable
literacy levels, cultural contexts, and clinical scenarios.

Finally, while this study did not evaluate response latency
due to platform release variability, previous research has sug-
gested that promptness, accuracy, and readability collectively
determine the practical usability of Al systems in healthcare
communication [16, 25, 26]. As generative models continue to
evolve, benchmarking future systems on all three parameters
will provide a more comprehensive picture of their clinical
utility.

The limitations of this study encompass several critical
considerations. Firstly, although the twenty questions utilized
in this research reflect common parental concerns, they do not

comprehensively cover the full spectrum of dental issues that
children may encounter. Future investigations evaluating LLM
responses across a broader range of paediatric dentistry topics
would be beneficial. Secondly, the assessment process in this
study relied on the subjective judgments of four paediatric
dentists. While this approach ensured a thorough evaluation,
it inherently carries the potential for bias in determining the
appropriateness of responses. Future studies with larger and
more heterogeneous datasets may benefit from retaining full
Likert granularity to capture nuanced differences among LLM
outputs; however, dichotomization in the present study was
statistically justified to ensure robust reliability metrics and
clear interpretability. Future studies involving a larger panel
of pediatric dentistry specialists would improve the reliabil-
ity and validity of these assessments. Finally, the questions
posed to LLMs in this study were formulated by profession-
als, meaning that response accuracy largely depended on the
clarity and precision of the queries. It is essential that these
platforms demonstrate the ability to generate reliable responses
to inquiries from non-experts, including patients and parents.
Continued advancements are needed to address this critical
issue. It is important to note that the standardized set of
twenty questions used in this study, while expert-validated and
aligned with pediatric dentistry guidelines, does not capture the
full linguistic diversity or contextual variability of real-world
parental inquiries. As such, the present findings should be
interpreted as preliminary evidence obtained under controlled
conditions rather than as confirmation of real-world reliability.
Future research should incorporate larger, more heterogeneous
question sets derived from actual parental inputs to better
assess the robustness, adaptability, and clinical applicability
of LLM-generated responses.

Al-based LLMs hold promise for enhancing access to pae-
diatric dental health information; however, their reliability
hinges on alignment with established clinical guidelines. Fur-
ther research is necessary to enhance the accuracy, clarity, and
originality of Al-generated responses while minimizing depen-
dence on unverified sources. As Al technology advances, con-
tinuous refinement is crucial to improving the credibility and
readability of information while addressing concerns related
to plagiarism and the use of non-validated references. These
findings contribute to the growing body of research on Al’s role
in healthcare communication and provide valuable insights for
parents seeking trustworthy dental guidance for their children.

Taken together, these findings underscore the transformative
potential of LLMs for pediatric oral health education while
simultaneously revealing persistent challenges in reference re-
liability, linguistic accessibility, output consistency, and prac-
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tical generalizability. Addressing these limitations will require
technological refinement, integration with authoritative medi-
cal databases, professional oversight, and extensive external
validation across broader populations and clinical contexts.
As generative Al systems become increasingly sophisticated,
aligning their outputs with evidence-based pediatric dentistry
guidelines will be essential to ensure that they evolve from
experimental tools into trustworthy, clinically actionable re-
sources for parents, practitioners, and researchers alike [ 16, 25,
26].

5. Conclusions

Within the constraints of this study, ChatGPT 4.0 delivered the
strongest overall performance, while DeepSeek-R1, a newly
introduced platform matched its accuracy and originality in
several domains. This novel inclusion highlights DeepSeek’s
emerging potential for pediatric dentistry. These results pro-
vide initial evidence on how LLMs can address parental in-
quiries about children’s oral health, emphasizing the urgent
need for validation with larger, authentic datasets to guide their
responsible clinical integration.
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