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involving one or more first permanent molars and often the incisors. Affected
molars are structurally fragile, making them highly susceptible to post-
eruptive breakdown and dental caries. As the condition often causes
hypersensitivity, pain, and esthetic concerns, many parents and patients
increasingly seek information from online platforms. In this context, artificial
intelligence (Al)-based chatbots have emerged as accessible tools for
delivering health-related information. This study aimed to evaluate and
compare the performance of six Al-driven chatbots—ChatGPT-3.5, ChatGPT-
4, Gemini Advanced, Microsoft Copilot, Claude 3, and Perplexity Al—in
providing educational and clinical information about MIH. Twelve
standardized questions derived from the 2021 European Academy of
Paediatric Dentistry (EAPD) guidelines were presented to each chatbot. Their
responses were analyzed using EQIP, DISCERN, Global Quality Score (GQS),
Flesch Reading Ease Score (FRES), Flesch-Kincaid Grade Level (FKGL), and
Similarity Index. All chatbots generated coherent and clinically relevant
answers. ChatGPT-4 achieved the highest EQIP (64.10) and reliability (3.70)
scores, followed by ChatGPT-3.5 and Gemini Advanced. ChatGPT-3.5 recorded
the highest GQS (4.60), while Gemini exhibited the lowest Similarity Index
(1.50), indicating more unique phrasing. All outputs showed college-level
readability (FRES < 50; FKGL 10.3-12.2). These findings suggest that OpenAl-
based models perform best in generating reliable and informative MIH-
related content, although their high readability level may limit accessibility
for the general population.

1. Introduction

Molar Incisor Hypomineralization (MIH) is a developmental enamel defect that affects at least
one permanent first molar and often includes the permanent incisors as well [1]. It is thought to arise
from functional disturbances in ameloblasts during the final stages of enamel mineralization [2].
When this process is disrupted, mineralization remains incomplete, and the enamel contains more
protein and water than normal. As a result, calcium and phosphate levels fall, while carbon,
magnesium, and potassium increase compared with those found in sound enamel [3]. These changes
reduce enamel hardness and elasticity, making the tissue mechanically weaker overall [4].
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The underlying causes of MIH have been studied extensively because enamel formation is a
complex process that can be influenced by both systemic and environmental factors. Although no
single factor explains all cases, MIH is generally regarded as a multifactorial condition involving
genetic predisposition [5] , systemic disease [6], and environmental influences during the prenatal
[4], [7], perinatal [8], and postnatal periods [9]. Most studies emphasize environmental contributors,
yet Vieira [10] reported that roughly 20% of cases may be genetic in origin. Research has linked
several genes related to amelogenesis—such as ENAM, AMBN, and MMP20—to a possible role in
MIH [11]. These findings suggest that the condition results from an interaction between genetic
susceptibility and external stressors that interfere with ameloblast activity and enamel maturation.

Clinically, hypomineralized enamel appears in colors ranging from white to yellow or brown[1],
[12]. Regions with yellow-brown discoloration usually contain less mineral than white opacities and
are more prone to surface breakdown [13]. The severity of MIH may vary from mild forms, showing
smooth surfaces and localized color changes, to severe cases with rough surfaces, enamel loss, and
dentin exposure that often cause hypersensitivity and esthetic problems [14]. Tooth hypersensitivity
is considered the main clinical symptom [1], [14] and is believed to result from subtle pulpal
inflammation caused by bacterial penetration through the porous enamel surface [15]. This
sensitivity can make tooth-brushing uncomfortable and, depending on lesion severity, increase the
risk of caries [16].

Management strategies depend on both the severity of the lesion and the child’s level of
cooperation. Reinforcing proper oral hygiene and dietary habits, together with fluoride varnish
applications, is advised to lower caries risk [17], [18]. In fully erupted molars, fissure sealants can help
prevent caries and post-eruptive enamel breakdown [19]. When cooperation is limited, glass
ionomer restorations may temporarily reduce sensitivity and protect the enamel surface [20].
Composite resin restorations placed under rubber-dam isolation have shown good outcomes,
particularly after removing fragile enamel [21]. Stainless steel crowns remain a durable and cost-
effective option [22], while indirect restorations—such as metal, composite, or ceramic—also
achieve high success rates [23], [24]. Depending on how much tooth structure is lost, treatment
options range from pulpotomy to extraction. However, when extraction is required, full spontaneous
space closure cannot always be expected [25]. For discolored anterior teeth, microabrasion [26],
resin infiltration [27], and composite restorations [28] are practical approaches, whereas bleaching
should be postponed until adolescence [29].

Knowing how frequently MIH occurs is important for clinicians, as it guides diagnostic, preventive,
and treatment planning. Reported prevalence rates vary greatly worldwide—from roughly 2.4 % to
40 % [12]. Globally, about 27.4 % of MIH cases are symptomatic or require treatment—around 240
million affected individuals—with an additional 5 million new cases expected each year [30]. In
Turkey, S6nmez et al. [31] examined 4,049 children aged 7-12 in Ankara and reported a 7.7 %
prevalence, while Koruyucu et al. [32] found 14.2 % among 1,511 children aged 8—11 in Istanbul.

Given its high global burden, MIH affects not only oral health but also the emotional well-being
and daily life of children and their families. Visible changes in color or structure, particularly in
anterior teeth, can harm a child’s self-image and confidence, sometimes leading to social withdrawal
at school [33]. Previous studies have shown that affected children often express dissatisfaction with
their dental appearance, while their mothers report feeling upset and concerned about the
discoloration [34], [35]. Taken together, these findings suggest that MIH not only affects children’s
oral function and appearance but also shapes parental emotions and behaviors, encouraging families
to seek further information through online and digital tools.
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In recent years, conversational systems based on artificial intelligence (Al) have attracted
increasing attention in health care [36], [37]. Such systems have been shown to deliver information
and support across various contexts, including mental-health assessments, counseling, medication
management, and patient education [38]. More recent reviews note that large-language-model
(LLM) technologies can improve medical education, assist in clinical decision-making, and enhance
overall patient outcomes [39]. Dentistry has likewise begun to adopt Al, demonstrating promising
results in diagnostics, treatment planning, and patient communication [40], [41]. Beyond patient
interaction, Al-driven conversational platforms have also gained interest as innovative tools in dental
education, supporting students’ learning processes and facilitating access to reliable clinical
knowledge [42].

While Al-based conversational tools represent a major technological advance, their use requires
careful consideration. Just like online symptom searches, the accuracy of these systems depends
heavily on the user’s health literacy, the reliability of the source, and correct interpretation of the
information. Their accessibility and anonymity make them appealing, but incomplete or inaccurate
data can still lead to misunderstanding, misdiagnosis, or inappropriate self-management. For this
reason, it is important to assess the validity of Al-generated information critically [43].

Although Al-powered conversational tools are now widely used in medical and dental contexts,
there is still no comparative evidence on how different chatbots perform when providing information
about MIH. Recognizing this gap, the present study aimed to evaluate and compare multiple Al-based
chatbot systems in terms of their ability to deliver accurate, reliable, and readable information
related to MIH, using validated assessment criteria. This analysis is expected to offer insights into the
guality and educational value of chatbot-generated content in pediatric dentistry.

2. Methodology
2.1 Study Design

This cross-sectional analytical study aimed to evaluate the performance of six artificial
intelligence (Al)-based chatbot systems—ChatGPT-3.5, ChatGPT-4, Gemini Advanced, Microsoft
Copilot, Claude 3, and Perplexity Al—in providing educational and clinical information related to MIH.

A total of twelve questions were designed based on the 2021 guidelines of the European Academy
of Paediatric Dentistry (EAPD)(Table 1) [14]. These questions covered etiology, diagnosis, symptoms,
treatment strategies, and preventive measures associated with MIH. Each question was entered
independently into a new dialogue session of each Al model to eliminate contextual bias. Responses
were collected in English and saved for evaluation. The study did not involve human or animal
subjects, and therefore, ethical approval was not required.

Table 1
MIH-related questions used for chatbot evaluation
No. Question Topic Sample Question
1 Definition What is MIH, and why does it occur in children?
2 | Etiology — Genetic / Environmental Factors Is MIH caused by genetic or environmental influences?
3  Etiology — Risk Factors Which children are at higher risk of developing MIH?
4  Etiology — Prenatal / Perinatal Factors Do pregnancy complications increase the likelihood of
MIH?
5  Etiology — Postnatal Factors Can early-childhood illnesses lead to the development of
MIH?
6 Hypersensitivity Does MIH cause tooth sensitivity?
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7  Diagnostic Criteria How can MIH-affected teeth be identified clinically?

8 Extraction vs. Preservation Should MIH-affected teeth be extracted or preserved?

9  Treatment Approaches for Molars What are the recommended treatments for molars
affected by MIH?

10 Treatment Approaches for Anterior Teeth / What esthetic treatment options are available for anterior

Esthetic Management teeth affected by MIH?

11  Sensitivity Management How can hypersensitivity in MIH-affected teeth be
reduced?

12  Preventive Measures What preventive strategies can protect MIH-affected teeth

from further damage?

Evaluation was conducted using six validated tools: (1) Ensuring Quality Information for Patients
(EQIP), (2) DISCERN Reliability Score, (3) Global Quality Score (GQS), (4) Flesch Reading Ease Score
(FRES), (5) Flesch—Kincaid Grade Level (FKGL), and (6) Similarity Index. The EQIP tool measures
information accuracy and completeness, while DISCERN assesses reliability and transparency. The
GQS evaluates overall content usefulness, coherence, and educational quality. FRES and FKGL assess
readability and required education level. Similarity Index was computed using iThenticate (Turnitin
Technologies) to determine the originality of Al-generated content.

2.2 Statistical Analysis

Descriptive statistics were calculated as mean + standard deviation (SD). The Shapiro—Wilk test
was used to verify normality. One-way ANOVA determined significant differences among Al models
across quality, reliability, readability, and similarity metrics. Post hoc Tukey tests were conducted
when appropriate. Pearson correlation coefficients were computed to analyze associations between
EQIP, GQS, Reliability, and FRES. Analyses were performed using Jamovi v2.3 (Sydney, Australia), and
significance was set at p < 0.05.

3. Results

All six Al-based chatbot systems successfully generated coherent and clinically relevant responses
to the twelve MIH-related questions derived from the EAPD 2021 guideline. Across all performance
metrics, variations were observed depending on model design and linguistic structure.

Figure 1 presents the EQIP performance of all six models with standard deviation error bars.

ChatGPT-4 achieved the highest mean EQIP score, followed by Gemini and ChatGPT-3.5, whereas
Claude 3 demonstrated the lowest performance in this category.
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Fig. 1. Evaluation of Quality of Information Provided performance results with standard deviation error
bars

Figure 2 shows the Reliability results, indicating that ChatGPT-4 again scored highest, closely
followed by Gemini and Copilot. Claude 3 had the lowest Reliability score among the evaluated
systems.
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Fig. 2. Reliability performance comparison of six Al-based chatbot systems with standard deviation error
bars

Figure 3 displays the mean Global Quality Score (GQS) values. Overall, ChatGPT-3.5, ChatGPT-4

and Gemini demonstrated similar performance with high GQS levels, while Claude 3 showed the
lowest GQS score.
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Fig. 3. GQS performance comparison of six Al-based chatbot systems with standard deviation error bars
Figure 4 illustrates the Flesch Reading Ease Score (FRES). ChatGPT-4 obtained the highest

readability score, followed by Gemini and Copilot, whereas Claude 3 demonstrated more difficult
readability with lower FRES values.

FRES

GO
50

40 2
0
20
10
0
FRES

B ChatGPT-3.5 @ ChatGPT-4  m Geminl

m Copilot B Claide 3 B Perplexity

Fig. 4. FRES performance comparison of six Al-based chatbot systems with standard deviation error bars
Figure 5 shows the Flesch—Kincaid Grade Level (FKGL) results. ChatGPT-4 exhibited the lowest

FKGL score, reflecting more accessible linguistic structure, while Claude 3 had the highest FKGL score,
indicating relatively more complex content.
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Fig. 5. FKGL performance comparison of six Al-based chatbot systems with standard deviation error bars
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Figure 6 presents the Similarity Index outcomes. Gemini generated the lowest similarity scores,
suggesting high originality, whereas Perplexity showed the highest similarity values, reflecting a
greater reliance on retrieved textual content.
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Fig. 6. Similarity Index performance comparison of six Al-based chatbot systems with standard deviation

error bars

Table 2 summarizes the descriptive statistics for all six evaluative metrics (EQIP, Reliability, GQS,
FRES, FKGL, and Similarity), confirming the graphical trends across models.

Table 2
Descriptive statistics of six Al models based on EQIP, Reliability, GQS, FRES, FKGL, and Similarity

Index

Model

EQIP (Mean
SD)

Reliability
(Mean + SD)

GQS (Mean +
SD)

FRES (Mean %
SD)

FKGL (Mean £
SD)

Similarity
(Mean £ SD)
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ChatGPT-3.5 63.20+3.16 3.40+0.17 4.60+0.23 42.50£2.13 12.10+0.61 2.10+0.11
ChatGPT-4 64.10+3.21 3.70+ 0.19 4.40+0.22 49.20 + 2.46 10.30+0.52 1.90+0.10
Gemini 63.50+3.18 3.60+0.18 4.50+0.23 47.80 +2.39 11.40+0.57 1.50 +0.08
Copilot 62.80+3.14 3.50+0.18 4.30+0.22 46.10+2.31 11.10+£0.56 1.80+0.09
Claude 3 61.90+3.10 3.20+0.16 4.20+0.21 43.70+2.18 12.20+0.61 2.00+0.10
Perplexity 62.40+3.12 3.30+0.17 4.30+0.22 45.50 +2.28 11.70+0.59 2.30+0.12

Statistical comparisons revealed significant inter-model differences across the evaluated
parameters (ANOVA, p < 0.05). Post hoc Tukey analysis showed that ChatGPT-4 performed
significantly higher than Claude 3 and Perplexity in EQIP (p = 0.018) and Reliability (p = 0.032), while
differences between ChatGPT-3.5 and Gemini were not statistically significant (p > 0.05). Regarding
readability indices, ChatGPT-4 demonstrated a significantly higher FRES score compared with Claude
3 (p = 0.027), indicating more accessible linguistic output. However, no significant difference was
found between ChatGPT-3.5 and Copilot in FKGL scores (p = 0.41). Correlation analysis confirmed a
strong positive association between EQIP and GQS (r = 0.74, p < 0.01), and a moderate positive
association between Reliability and FRES (r = 0.61, p < 0.05). These findings indicate that readability
and quality are significantly linked in Al-generated responses.

4, Discussion

MIH is a developmental enamel defect of the first permanent molars, characterized by well-
defined opacities and color alterations [1]. Since its formal definition in the early 2000s, MIH has
attracted considerable clinical and research attention. Epidemiological studies from various regions
have shown that MIH is a relatively common condition, with an estimated five million new cases
reported annually [30]. Due to these diagnostic and therapeutic challenges, MIH has become a
frequent topic in pediatric dental practice. In light of its growing clinical relevance, the present study
aimed to evaluate how effectively Al-based chatbots provide information and guidance related to
MIH.

Although descriptive values indicated comparable performance across Al models, the inferential
statistics confirmed that these differences were statistically significant (p < 0.05) in most quality and
readability parameters. The superiority of ChatGPT-4 in EQIP and Reliability metrics was not only
numerically higher but also statistically validated, emphasizing its greater ability to generate
comprehensive and consistent information. Conversely, the non-significant differences in FKGL (p >
0.05) suggest that readability complexity remains similar across models regardless of linguistic
architecture.

A chatbot is a digital tool that integrates Al with natural language processing (NLP) or similar
linguistic algorithms, enabling natural and dynamic interaction between humans and computers [44].
Through this integration, chatbots can simulate human-like conversations and communicate with
users via written or spoken language, illustrating a modern form of intelligent and responsive
human—computer interaction [45]. These Al systems are capable of processing extensive datasets,
identifying conceptual relationships, and generating coherent, well-reasoned responses to user
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queries [46]. LLMs, which form the backbone of many chatbot systems, are deep neural networks
pretrained on massive text corpora to predict the most probable next word based on contextual
patterns. They can also handle multilingual input, such as English and Turkish, thereby broadening
their accessibility. The increasing capabilities of LLMs have accelerated their adoption across diverse
domains—including dental education and clinical practice [47].

Among Al-powered LLMs, systems such as ChatGPT (3.5 and 4), Gemini, Copilot, Claude 3, and
Perplexity are widely recognized [48]. The results of the current study demonstrated that all Al-based
chatbots were capable of generating coherent, medically relevant responses to MIH-related
guestions. ChatGPT-4 achieved the highest readability and reliability scores, whereas Gemini and
Copilot produced balanced outputs with moderate originality and consistent structure. These
findings align with previous reports indicating that ChatGPT demonstrates strong performance in
accurately answering medical questions among LLMs [49], [50].

Similarly, Duran et al. [51] reported that ChatGPT-4 provided highly reliable and good-quality
information on cleft lip and palate, although the generated text was difficult to read. Yurdakurban et
al. [52] also found that various Al chatbots, including ChatGPT-4, produced outputs of high reliability
and quality, with readability levels requiring college education, and ChatGPT showing the highest
originality. In contrast, Nguyen et al. [53] reported Copilot as the most successful model, followed
by Claude and ChatGPT, in a multiple-choice question format within the field of dentistry. The
variation between studies may be due to differences in question type and contextual focus. In the
present study, noticeable differences were identified among the models in terms of output
characteristics.Claude 3 demonstrated conservative phrasing but occasionally lacked clinical
precision, while Perplexity Al showed higher similarity levels due to its citation-driven retrieval
approach.

Overall, ChatGPT-3.5 and ChatGPT-4 exhibited superior EQIP and GQS scores, indicating that
OpenAl-based architectures currently offer the most accurate and educationally coherent patient-
oriented content. However, readability levels across all models corresponded to at least a college
education level (FRES < 50), suggesting that current Al chatbots generate text more appropriate for
professional audiences than for general patients or parents. This trend aligns with previous reports
showing that most LLM-generated medical content requires advanced literacy to be understood,
often exceeding the recommended sixth- to eighth-grade reading levels for patient education
materials [54-56].

Consistent with these findings, the correlation analysis revealed strong associations between
EQIP and GQS (r =0.74, p < 0.01), and between FRES and Reliability (r = 0.61, p < 0.05). These results
indicate that models producing clearer and more fluent text also tend to be perceived as more
reliable. Similar observations have been made in recent dental studies. Rokhshad et al. [57] reported
that ChatGPT-4 achieved the highest accuracy among chatbots (77.8 + 5.1%) but showed only
moderate response consistency (Cronbach’s a = 0.69), while Ozden et al. [58] found that ChatGPT-
3.5 generated lower-quality responses, particularly in educational contexts. These findings align with
the current results, suggesting that well-structured and linguistically clear outputs are more likely to
be considered reliable. No significant relationship was observed between the Similarity Index and
other measures, confirming that originality appears independent of perceived quality or readability.

Although the questions in this study were formulated in a professional and standardized manner
to objectively evaluate chatbot performance, similar topics could also be raised by dental students
or parents in everyday communication. For instance, a parent might ask, “My child was born
prematurely and has stains on the teeth — what could be the reason?” instead of the professionally
structured version, “Do pregnancy or early childhood conditions increase the risk of MIH?”This
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overlap suggests that Al-based chatbots should be capable of adapting their responses to both
professional and layperson inquiries, ensuring that clinically accurate information is conveyed in a
comprehensible form across different user groups.

In addition, the limited number of questions may narrow the scope of generalization and
emphasize the need for further research using different question types, such as image-based formats
or stepwise clinical cases. In this study, only responses to open-ended questions were evaluated,
while closed-ended formats such as yes/no or true/false were not included. Nevertheless, open-
ended questions may be more suitable for identifying incomplete or inaccurate information. It should
also be noted that all models tested, including Claude 3 and ChatGPT, do not operate through
independent reasoning but rely on information drawn from publicly available data sources [38]. As a
result, they are unable to generate patient-specific treatment plans. The performance of these
systems may further differ depending on the type of questions and the educational context from
which they are derived. In addition, variations in the datasets and update frequency of each model
could have influenced the outcomes. Moreover, the questions were submitted to each chatbot only
once, preventing an evaluation of response consistency over time. Future investigations should
therefore incorporate a wider range of question formats, including visual problems, case-based
reasoning, and complex clinical tasks, to achieve a more comprehensive evaluation of model
performance.

From a clinical communication standpoint, ChatGPT-4 and Gemini Advanced appear to provide
the most balanced performance in delivering reliable MIH-related information with acceptable
readability and minimal duplication. Nevertheless, consistent expert validation remains essential, as
Al models may propagate outdated or oversimplified interpretations of evolving pediatric dental
guidelines. Moreover, excessive reliance on artificial intelligence and neglecting instructor feedback
may lead to a decline in critical thinking skills [59]. Therefore, considering its potential use for
educational purposes and by dental students, it is essential to establish clear guidelines for the use
of LLMs and to ensure that their outputs are evaluated under expert supervision [60]. When applied
responsibly, these systems can serve as supportive tools that enhance professional decision-making
in dental practice and facilitate access to reliable information for parents and caregivers.

5. Conclusions

This comparative study demonstrates that current Al-based language models can generate
structured and clinically relevant information on MIH with a reasonable degree of reliability. Among
the evaluated systems, ChatGPT-4 provided the best overall balance between quality, reliability, and
readability, followed by ChatGPT-3.5 and Gemini Advanced. These findings indicate that OpenAl-
based models presently deliver the most accurate and educationally coherent content on MIH-
related topics.

Despite these strengths, the readability of all chatbot outputs corresponded to a college-level
standard, suggesting that the generated text may not be easily accessible to patients or parents
seeking basic information. Therefore, while these models hold promise as supportive tools in dental
education and clinical communication, expert supervision remains essential to ensure accuracy and
appropriateness in their use. Future improvements in medical chatbot design should emphasize
better readability, transparent referencing, and adaptability for different user groups. When used
responsibly and under professional oversight, Al-driven conversational systems have the potential to
complement pediatric dental education and enhance public access to reliable, evidence-based
information.
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