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occlusion during mixed dentition. When this tooth is severely compromised
by deep caries, structural weakness, or developmental enamel defects,
extraction may be required. However, the decision to extract M1 is influenced

Available online 28 February 2026 by multiple prognostic factors, including the child’s age, dental development

stage, second molar (M2) angulation, and the presence of third molars. In this
context, artificial intelligence (Al)-based conversational systems can support
clinical judgment and patient education by offering quicker access to relevant
information. This descriptive-analytical study evaluated the performance of
two Al-powered language models (ChatGPT-3.5 and ChatGPT-4) in providing
clinical guidance on M1 extraction. Ten standardized questions were
formulated based on established prognostic parameters associated with
spontaneous space closure. Both Al systems produced coherent and clinically
relevant content. However, ChatGPT-4 tended to produce longer responses
with greater sentence complexity, resulting in lower readability and higher
academic demand. By comparison, ChatGPT-3.5 produced shorter, more
straightforward responses that may be more appropriate for communication
with parents or patients. Future research incorporating varied question
structures, such as case-based scenarios, radiographic-based questions, and
real-user feedback, may help define how conversational Al can be safely and
effectively integrated into pediatric dental workflows. Until then, Al-based
tools should be used as supportive resources rather than as independent
clinical decision-makers, and their outputs should be reviewed by qualified
professionals to ensure patient safety.
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1. Introduction

The first permanent molar (M1), often referred to as the six-year molar, plays an important role
in the development of a stable occlusal relationship[1]. It is also considered one of the permanent
teeth most susceptible to caries [2]. Because it erupts early, the tooth is exposed to the oral
environment for a longer period. This prolonged exposure increases the risk of demineralization,
particularly in the presence of complex occlusal anatomy [3]. This risk may be further increased in
teeth affected by developmental disturbances, such as molar—incisor hypomineralization (MIH). In
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these cases, enamel weakness can lead to more rapid structural breakdown [4]. In severely
compromised M1s, extraction may be considered when repeated restorative attempts fail or
endodontic treatment is not successful [5]. Unplanned loss of the M1 during the mixed dentition
period has been associated with several adverse clinical outcomes. These include displacement or
overeruption of adjacent teeth, loss of arch integrity, midline deviation, temporomandibular joint
problems, and altered craniofacial growth [6].

Because the M1 plays an important role in arch integrity and functional occlusal stability, the
timing of its extraction warrants careful clinical consideration. Spontaneous space closure is more
commonly observed when M1 extraction is carried out between approximately 8 and 11.5 years of
age and occurs prior to the eruption of the second permanent molar (M2) [7]. Higher success rates
of spontaneous mesial drift are reported when the M2 is at Demirjian stages E and F[4], [5], [6].
Additionally, extraction performed between 8 and 9 years of age facilitates contact between the
erupting M2 and the second premolar. In patients predisposed to crowding, this timing may reduce
the risk of anterior crowding and help maintain arch form [8].

Beyond age and root development, several other factors influence the success of space closure.
Mesial or upright angulation of the M2 is associated with higher rates of space closure [9], [10]. The
presence of third molar (M3) may also contribute to more favorable closure outcomes [11]. Tooth
movement tends to occur more readily in the maxillary arch than in the mandible, which may be
related to differences in bone density [12], [13]. Although M3 can be helpful during treatment
planning, their radiographic identification at younger ages is often limited. In the mandible,
calcification typically begins between 7 and 10 years of age and commonly remains insufficient for
reliable radiographic detection until adolescence [14]. When M3s are not yet radiographically visible,
extraction may be deferred after evaluation of other clinical factors [15]. At the same time, early loss
of the M1 has been reported to be associated with accelerated M3 development on the extraction
side compared with the contralateral side [16]. Space closure generally occurs through mesial
movement of the M2, while distal movement of the second premolar may also contribute to this
process. [17]. Considering these factors, dental development and occlusal relationships should be
evaluated in a careful and comprehensive manner before planning M1 extraction.

Compensating extraction of the opposing maxillary molar may be considered after mandibular
M1 extraction to support inter-arch alignment. However, extraction of a sound mandibular M1 solely
because the maxillary M1 has been extracted is usually avoided. Balancing extraction of the
contralateral M1 in the same arch has been considered for arch symmetry, but it is rarely supported
when midline preservation is the only objective. In patients with Class Ill malocclusion, where
treatment planning is more complex, both balancing and compensating extractions are usually
avoided [15].

As extraction-related decisions can be complex, Artificial intelligence (Al) based chatbots may
support clinical decision-making and patient education. Al refers to a field of computer science
focused on enabling machines to carry out tasks that typically require human cognitive abilities,
including learning, reasoning, and language processing [18]. Within this domain, chatbots are Al-
based tools used to process natural language and generate context-appropriate responses [19].

Early chatbot development began with ELIZA, a rule-based program created by Joseph
Weizenbaum in 1966 to model basic conversational interaction [20]. Over the years, companies such
as Apple, Google, IBM, and Microsoft have contributed significantly to the development of this
concept through ongoing technological work. Today, systems such as ChatGPT (OpenAl)[21] use
advanced natural language processing (NLP) methods to interpret user input and generate relevant
responses, with growing applications in education and healthcare. Within educational settings,
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chatbots contribute to interactive and personalized learning experiences by responding to questions,
supporting assignment evaluation, and tracking student progress[21]. In healthcare settings,
chatbots support patients by providing tailored health information, offering preliminary guidance on
possible diagnoses or treatment options, and directing them to appropriate services. More broadly,
disciplines including cardiology, radiology, and urology have begun to consider chatbots as
complementary tools for diagnostic reasoning and clinical decision-making. Nevertheless, limitations
related to accuracy, possible algorithmic bias, and the need for human oversight remain important
barriers to their use without clinical supervision [22].

Dentistry has similarly undergone a rapid phase of digital transformation, shaped by advances in
robotics, machine learning, and Al technologies. In pediatric dentistry, these tools have been applied
across a range of tasks, including the detection of dental plaque and caries, the identification of
fissure sealants, mesiodens, and supernumerary teeth, as well as the classification of primary and
young permanent dentition, chronological age estimation, and the recognition of anatomical
landmarks [23]. Building on these developments, structured consultation systems, including
chatbots, are now being explored within clinical dentistry. In complex clinical situations like M1
extraction, these systems can assist decision-making by offering quick access to relevant, guideline-
based information. For clinicians, students, and parents, chatbots offer a practical way to obtain
essential information aligned with current evidence and clinical protocols. Therefore, this study
examined responses generated by ChatGPT-3.5 and ChatGPT-4 to ten standardized questions related
to first permanent molar (M1) extraction, in order to explore potential differences between the two
model versions with respect to information quality, reliability, readability, and linguistic features.

2. Methodology
2.1 Study Design

This cross-sectional analytical study examined how two Al-based language models, ChatGPT-3.5
and ChatGPT-4, respond to educational and clinical questions related to first permanent molar (M1)
extraction. Ten standardized questions were developed using two previously published systematic
reviews [24], [25] that identified the main prognostic factors influencing spontaneous space closure
after M1 extraction (Table 1). The questions focused on major clinical considerations such as
extraction indications, potential complications, optimal timing, arch-related differences, M2
angulation, M3 presence, and the need for space maintenance or orthodontic treatment. Each
guestion was entered independently in a separate session for both models to minimize cross-context
influence. All responses were collected in English for analysis. Readability indices (FRES, FKGL) and
linguistic metrics such as word count, average sentence length, lexical diversity, and medical
terminology density were calculated programmatically. The outcomes were further compared using
publication-quality plots generated at 300 dpi with serif typography for enhanced visibility. As no
human or animal participants were involved, ethical approval was not required.

Table 1
Standardized clinical questions and associated prognostic factors used for chatbot evaluation
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No.

10

Original Question

What are the most common
reasons for M1 extraction in

children?

What possible complications

may occur after M1
extraction?

At which Demirjian

developmental stage does M1

extraction most favorably
increase the rate of

spontaneous space closure?

Does the child’s chronological

age affect the outcome?

Is there a difference between

the maxilla and mandible in

spontaneous space closure?

How does the angulation of
the second molar (M2)
influence the result?

Does the presence of the third

molar (M3) influence the

extraction decision or closure

outcome?

What are the reported
spontaneous space-closure
rates after M1 extraction?

Should a space maintainer be

used, or can spontaneous
closure be expected?

Is orthodontic treatment
always required after
extraction?

Associated Clinical /
Prognostic Factor

Extraction indication

Post-extraction
consequences

M2 developmental stage /
Extraction timing

Chronological age

Arch-related differences

M2 angulation

M3 presence

Clinical outcome rates

Space-maintenance
requirement

Orthodontic need

Purpose of Evaluation

To assess whether the chatbot
identifies main etiological causes such
as dental caries and molar—incisor
hypomineralization (MIH).

To evaluate whether the chatbot
mentions potential problems such as
drifting or overeruption of adjacent
teeth, midline shift, or TMJ
dysfunction.

To assess whether the chatbot
identifies Demirjian stages E and F as
optimal for extraction, associated
with the highest spontaneous closure
rates, and recognizes that stage H is
linked to poor outcomes.

To determine if the chatbot indicates
8—10 years as the ideal age range for
successful spontaneous closure.

To check whether the chatbot
distinguishes between arches, noting
higher success in the maxilla.

To assess if the chatbot explains that
mesial inclination of M2 enhances
closure rates.

To evaluate whether the chatbot
recognizes that M3 presence may
improve closure, though evidence is
inconsistent.

To test if the chatbot provides
realistic closure percentages (= 52-94
% maxilla; 39—89 % mandible).

To assess whether the chatbot
integrates developmental factors
when recommending use of a space
maintainer.

To assess whether the chatbot relates
ideal clinical conditions, including
Demirjian stage, age, and arch
characteristics, to a reduced need for
orthodontic intervention.
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2.2 Statistical Analysis

Statistical analyses were performed using IBM SPSS Statistics (Version 28.0; IBM Corp., Armonk,
NY, USA) and GraphPad Prism software (Version 9.0). Quantitative variables, including word count,
sentence length, lexical diversity, and medical terminology density, were summarized with
descriptive statistics and expressed as mean * standard deviation (SD). Before comparing the
ChatGPT-3.5 and ChatGPT-4 models, the normality of each linguistic parameter was tested with the
Shapiro—Wilk test. Parameters that followed a normal distribution were analyzed with the paired-
sample t-test, while those that did not meet normality assumptions were tested with the Wilcoxon
signed-rank test. Differences in readability indices (FRES and FKGL) between models were examined
using one-way repeated-measures analysis of variance (ANOVA). Post-hoc pairwise comparisons
were adjusted with the Bonferroni correction to control for type | error. Correlations between word
count, sentence length, and FKGL scores were analyzed using Pearson’s correlation coefficient (r)
for parametric data and Spearman’s rho (p) for non-parametric data. The strength of these
correlations was interpreted based on Cohen’s criteria (0.10—0.29 weak, 0.30—0.49 moderate, 20.50
strong). Effect sizes were calculated as Cohen’s d for t-tests and eta squared (n?) for ANOVA models
to estimate practical significance. For all analyses, statistical significance was defined as p < 0.05.

3. Results

Across all ten questions, ChatGPT-4 showed consistently lower FRES scores than ChatGPT-3.5,
indicating lower readability. This pattern is associated with a higher clause density and more frequent
use of technical vocabulary in ChatGPT-4 responses. For several items, negative FRES values indicated
a highly academic style that would require simplification for parent-facing informational materials.
These differences are shown in Figure 1. Differences in FRES scores between ChatGPT-3.5 and
ChatGPT-4 were statistically significant (ANOVA, p < 0.05).
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Readability Comparison (FRES Index)
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Fig. 1. Readability Comparison (FRES Index)

Higher FKGL scores were observed for ChatGPT-4 compared with ChatGPT-3.5, indicating a higher
required reading level. The largest differences between models were observed for items Q2 and Q10,
in which ChatGPT-4 responses exhibited greater contextual scope and multi-clause constructions,
corresponding to higher grade-level estimates. This supports the view that ChatGPT-4 is better suited
for clinician-to-clinician communication while ChatGPT-3.5 is more accessible for lay audiences.These
differences are shown in Fig. 2. The difference in FKGL scores between the two models was

statistically significant (ANOVA, p < 0.05).
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Readability Comparison (FKGL Index)
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Fig. 2. Readability Comparison (FKGL Index)

On average, ChatGPT-4 produced longer responses (Word Count: 14.30 + 5.78) with longer
sentences (14.60 + 5.49) than ChatGPT-3.5 (8.70 + 2.66; 8.90 t 2.41, respectivelyLexical diversity
values were near ceiling for both models, as expected given the short length of the responses;
however, term density was comparable between models (ChatGPT-3.5: 0.22 + 0.14 vs ChatGPT-4:
0.21 + 0.09). The higher difficulty observed for ChatGPT-4 was therefore associated with greater
syntactic expansion rather than increased jargon frequency. These results are summarized in Table
2. Paired comparisons showed statistically significant differences in word count and sentence length

between the two models (p < 0.05).

Table 2

Summary Statistics (Mean + SD) Across Al Models
Metric ChatGPT-3.5 ChatGPT-4
Word Count 8.70 £ 2.66 14.30+£5.78
Sentence Length 8.90+2.41 14.60 + 5.49
Lexical Diversity 1.00 £ 0.00 0.98 £0.04
Term Density 0.22+0.14 0.21+0.09

546



Journal of Intelligent Decision Making and Information Science
Volume 3, (2026) 540-553

The largest inter-model divergence in output length occurs at Q2 (WC: 10 vs 26) and Q10 (6 vs
14), where ChatGPT-4 expands on functional and multidisciplinary considerations (e.g., oclusal
balance, orthodontic referral). Term density was highest in questions focusing on anatomical or
developmental criteria (Q5—Q6, Q10), reflecting the greater informational demands of decision-
oriented content. Identical word counts observed for Q8 suggest the presence of a well-established
and narrowly defined fact set (reported spontaneous closure rates), resulting in similar response
lengths across models. These item-specific differences are presented in Table 3.

Table 3

Per-Question Linguistic Metrics

Question | WC_3.5 | WC_4 | SentLen_3.5 | SentLen_4 | LexDiv_3.5 | LexDiv_4 | TermDen_3.5 | TermDen_4
Q1 14 19 14.0 19.0 1.0 1.0 0.14 0.0
Q2 10 26 10.0 26.0 1.0 0.92 0.0 0.12
Q3 9 13 9.0 13.0 1.0 1.0 0.0 0.08
Q4 10 14 10.0 14.0 1.0 0.86 0.2 0.21
Q5 6 7 6.0 7.0 1.0 1.0 0.33 0.29
Q6 6 11 6.0 11.0 1.0 1.0 0.33 0.27
Q7 9 11 9.0 11.0 1.0 1.0 0.11 0.18
Q8 8 8 8.0 8.0 1.0 1.0 0.25 0.25
Q9o 9 10 9.0 10.0 1.0 1.0 0.11 0.1
Q10 6 14 6.0 14.0 1.0 0.93 0.5 0.29

ChatGPT-4 consistently produced longer responses than ChatGPT-3.5 across most items, with the
largest increases observed for Q2 and Q10. This corresponds to the higher FKGL scores and reflects
more extensive elaboration of risk—benefit context in clinically nuanced prompts. This pattern is
shown in Fig. 3.
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Word Count Comparison Across Models
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Fig.3. Word Count Comparison Across Models

Medical terminology density was similar across models, with peaks in items related to anatomical
planes and developmental stages, such as mesial inclination and Demirjian staging. Accordingly, the
observed readability differences were associated more with clause stacking, subordinate structures,
and connective framing in ChatGPT-4 outputs than with differences in jargon frequency. These

observations are shown in the heatmap provided in Fig. 4.
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Medical Terminology Density Heatma
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Fig. 4. Medical Terminology Density (Heatmap)

4. Discussion

Extraction of the M1 is often unavoidable when the tooth is severely compromised due to deep
caries, extensive restorations, endodontic or periodontal problems, apical pathology, or MIH [24].
However, the timing of extraction is a decisive factor influencing the likelihood of spontaneous space
closure. Previous studies have shown that extractions performed between approximately 8 and 11
years of age provide the most favorable outcomes, particularly when conducted before the eruption
of the M2 [11], [26]. At these ages, M2 is usually in Demirjian stages E or F, which are associated with
increased mesial drift and higher rates of spontaneous closure [27], [28]. In addition to chronological
age, factors such as dental developmental stage, tooth angulation, and the presence of the M2 and
M3 have been identified as important prognostic determinants of successful space closure. Studies
indicate that mesial angulation of M2 and the presence of M3 are linked to higher space closure rates
[11], [29]. These findings underscore that decisions regarding M1 extraction timing are multifactorial
and should be based on a comprehensive clinical and radiographic assessment. In the present study,
ten questions were developed to address key prognostic factors, including extraction indications,
timing, arch-related differences, M2 angulation, and M3 presence, to assess how Al-driven chatbots
respond to evidence-based clinical situations.

This study examined differences between ChatGPT-3.5 and ChatGPT-4 in delivering clinically
relevant information related to M1 extraction in pediatric dentistry, focusing on readability, linguistic
features, and medical terminology use. While both models produced largely accurate and coherent
answers, they differed clearly in their style of presentation. ChatGPT-4 used longer and syntactically
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more complex sentences, which resulted in lower FRES and higher FKGL scores. ChatGPT-4
communicates in a style that is more appropriate for dental professionals, whereas ChatGPT-3.5
tends to present information in a form that is easier for parents or students to understand.

The present results are consistent with previous studies that have examined the performance of
Al-driven conversational agents in medical settings. Studies have shown that ChatGPT-4 can achieve
diagnostic reasoning performance comparable to experts or exceed average scores in medical
examinations [30], [31]. On the other hand, reported variability in answer consistency and notable
error rates in case-based decision-making tasks [32] indicate that these systems are not yet reliable
enough to independently guide clinical care. The potential for misinformation has been emphasized
particularly in situations where chatbots are used directly by patients without professional
supervision [33].

Similar findings have also been reported in the field of dentistry. Although high levels of accuracy
have been reported in periodontology and oral and maxillofacial applications, performance
decreases substantially in multiple-choice formats and more complex clinical scenarios [34-36]. In
pediatric dentistry, chatbots have been shown to perform less effectively than expert clinicians,
despite offering an acceptable baseline of information [37]. Consistent with these findings, the
present study indicates that conversational Al tools can support basic education and preliminary
counseling. ChatGPT-4’s detailed and professional style may help clinicians quickly revisit core
principles of M1 extraction. However, its higher level of linguistic complexity may make it less suitable
for caregivers who require simplified explanations. Therefore, selecting a model that is appropriate
for the target audience may improve communication effectiveness. Nevertheless, clinical accuracy
should always be confirmed through expert review.

While these findings provide meaningful insight into the current use of conversational Al in
pediatric dentistry, several limitations should be noted. Only open-ended questions were included;
yes/no formats, multiple-choice items, and case-based scenarios were not used. As a result, the
findings may not be broadly generalizable and may not reflect the full diversity of decision-making
scenarios in pediatric dentistry. Future research may explore more diverse question formats, such as
X-ray—based questions or stepwise clinical cases, to better assess the performance of conversational
Al in complex clinical situations. Taken together, the results indicate that conversational Al systems
can support patient communication and provide faster access to information in pediatric dental
practice. At the same time, limitations related to accuracy consistency, source transparency, and
ethical responsibility remain important considerations. Controlled use supported by professional
oversight will be necessary to ensure the safe and responsible integration of these technologies into
clinical workflows.

5. Conclusion

Both ChatGPT-3.5 and ChatGPT-4 generated clinically coherent content in the context of M1
extraction. ChatGPT-4 tended to provide more detailed and professionally oriented responses
suitable for expert communication and documentation, while ChatGPT-3.5 offered simpler
explanations that may be more useful for parent-focused education.

However, the greater linguistic complexity observed in ChatGPT-4 indicates that readability
measures, such as limiting sentence length or providing brief glossaries, may be necessary when
adapting its output for patient-facing use. Therefore, Al-generated information should be considered
as a supportive tool rather than a standalone source of clinical decision-making, with content
reviewed and refined under professional oversight.
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Future studies including varied question structures, such as case-based scenarios or decision-
focused prompts, along with direct user assessments, will help better determine how conversational
Al systems can be safely and effectively incorporated into pediatric dental decision-making and
communication.
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