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Abstract

Large language models such as ChatGPT and Google Gemini have attracted increasing attention in dentistry due to their
potential to support clinical decision-making; however, their reliability in responding to endodontic questions remains
unclear. This study compared the accuracy, consistency, and temporal stability of three artificial intelligence models (Chat-
GPT-3.5, ChatGPT-40, and Google Gemini) when answering dichotomous clinical questions on vertical root fractures and
tooth cracks using expert responses as the reference standard. Seventy-two true/false questions were developed based on
the European Society of Endodontology position statement on longitudinal tooth fractures, and 60 validated items with
an item-level content validity index of 1.00 were included and categorized into easy, moderate, and difficult levels. Each
model was queried over 10 consecutive days at three daily time points, generating 5,400 responses in total. Overall accu-
racy differed significantly among models (p<0.001), with ChatGPT-40 achieving the highest accuracy (86.1%), followed
by ChatGPT-3.5 (85.6%) and Gemini (81.8%). No differences were observed between morning and afternoon sessions,
whereas evening performance was significantly lower for Gemini (p=0.011). Differences between models were evi-
dent only for moderate-difficulty questions (»p<0.001). Inter-model agreement was very low (Cohen’s kappa (k)=0.019),
and temporal stability differed significantly among models (p<0.001), with ChatGPT-40 showing the highest stability.
Although acceptable accuracy levels were observed, limited agreement and temporal variability indicate that these systems
cannot replace clinician judgment and should currently be used only as supportive tools in endodontic decision-making.
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Introduction or tooth loss [3]. Therefore, the early and accurate detection

of these conditions is of critical importance for determining

Vertical root fractures and tooth cracks are pathologies that
pose significant diagnostic and clinical challenges in end-
odontic practice [1]. In particular, the increasing incidence of
vertical root fractures in endodontically treated teeth has led
to greater complexity in the cases encountered by clinicians
[2]. In many cases, symptoms are nonspecific, radiographic
findings may be insufficient, and definitive differentiation of
the fracture can be time-consuming. Moreover, it has been
reported that if left untreated, tooth cracks may progress to
more severe stages, leading to irreversible pulpal diseases
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an appropriate treatment approach and preserving the long-
term prognosis of the tooth.

Diagnostic challenges in endodontics have increased
interest in artificial intelligence-based systems, which
have the potential to support clinical decision-making,
particularly through their capabilities in big data analysis
and pattern recognition. Artificial intelligence is defined as
computer systems capable of performing tasks that require
human intelligence and can generate predictions in com-
plex clinical situations by processing large volumes of data
[4]. Moreover, modern artificial intelligence approaches,
particularly through machine learning and deep learning
techniques, possess the ability to learn from data, recognize
abstract relationships, and analyze increasingly complex
features [5]. In recent years, large language models have
attracted increasing attention in the healthcare field due to
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their capacity to understand natural language and generate
contextually appropriate responses. Among these models,
ChatGPT has drawn particular attention for its ability to
produce human-like responses and to clarify verbal clini-
cal questions [6]. Although studies in the medical field have
shown that ChatGPT can achieve high accuracy rates in
certain areas of basic knowledge, its performance has been
reported to be variable in clinically specialized questions,
with the potential to generate inaccurate or misleading
information at times [7]. The complex details encountered
in the imaging-based evaluation of endodontic patholo-
gies render artificial intelligence applications an important
complementary tool in this field. In particular, the ability
of deep learning models to distinguish subtle anatomical
structures and pathological changes on radiographs offers a
notable advantage in endodontic diagnostic processes [8]. In
this context, studies have demonstrated that artificial intelli-
gence—based models can be effectively applied in the detec-
tion of periapical lesions, vertical root fractures, and root
canal morphology, as well as in working length determina-
tion [9—11]. On the other hand, large language models with
natural language processing capabilities have also attracted
the interest of researchers for answering verbal and knowl-
edge-based questions related to endodontics [12]. However,
it has been reported that the performance of these models
may vary depending on the level of expertise required by
the question, and that limitations in terms of consistency
and accuracy persist, particularly in more complex clinical
scenarios [13].

Inrecent years, next-generation versions of large language
models, namely ChatGPT-40 and Google Gemini Advanced,
have attracted attention as tools that provide rapid access
to information in the field of endodontics. Owing to their
natural language processing capabilities, both models are
able to instantly respond to frequently posed clinical ques-
tions, thereby facilitating access to endodontic knowledge
[14]. The multimodal architecture of ChatGPT-40 enables
the integrated processing of text, audio, and visual inputs,
allowing it to provide more contextualized and consistent
responses compared with its previous versions [15]. Simi-
larly, Google’s advanced model, Gemini Advanced, stands
out for its capacity to process large datasets and its near—
expert human-level, multidisciplinary performance [16].
Although both models have the potential to provide infor-
mation in endodontics, it has been reported that they dem-
onstrate different levels of performance in terms of clinical
accuracy, and that the validity of their responses decreases
markedly, particularly under strict evaluation criteria [ 14].

Therefore, comparing the accuracy, consistency, and
temporal variability of the responses generated by artificial
intelligence—based models on diagnostically critical issues
such as vertical root fractures and tooth cracks is of great
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importance for evaluating the feasibility of using these sys-
tems as reliable supportive tools in endodontic practice. In
this context, to better understand the performance of con-
temporary large language models in endodontic knowl-
edge generation, the present study aimed to compare the
responses of ChatGPT-3.5, ChatGPT-40, and Google Gem-
ini models to questions related to vertical root fractures and
tooth cracks in terms of accuracy, consistency, and temporal
variability.

Materials and methods
Ethical approval

As this study did not involve human participants or ani-
mal subjects, approval from an ethics committee was not
required.

Question design

The questions used in this study were developed based on the
Position Statement on Longitudinal Cracks and Fractures
of Teeth published by the European Society of Endodontol-
ogy [3]. To evaluate the performance of three large language
models (ChatGPT-3.5, ChatGPT-40, and Google Gemini
Advanced), a total of 72 dichotomous (yes/no) questions
were prepared by two faculty members with at least 8 years
of academic and clinical experience in the Department of
Endodontics. To assess the content validity of the prepared
questions, the question set was independently reviewed by
two additional experienced endodontists. The experts rated
each item using a four-point Likert scale according to the
Content Validity Index (I-CVI) method proposed by Yusoff
etal. [17].

Scores of “3=quite relevant” and “4=highly relevant”
were considered acceptable; for a question to be deemed
valid, both experts were required to assign a score of 3 or
4 to the item, achieving an I-CVI value of 1.00. Based on
expert feedback, some items were simplified, while those
with limited scientific contribution were removed from
the item pool. Following the validation process, items that
did not meet the criteria were excluded, and a final ques-
tion pool consisting of a total of 60 validated questions was
established for use in the study.

Categorization of questions

The 60 validated questions were classified into three dif-
ficulty levels—easy, moderate, and difficult—by two
endodontists. Prior to classification, the evaluators jointly
defined the criteria, including the complexity of the clinical
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concept, the required level of knowledge, and the likelihood
of incorrect responses by general dental practitioners.

In cases of disagreement between the evaluators, a third
endodontist made the final decision. All questions were
included in the study, with each difficulty level comprising
20 items. Representative examples from each difficulty cat-
egory are provided in Table 1.

Response generation process in artificial
intelligence models

Three large language models were evaluated:

1. ChatGPT-3.5
2. ChatGPT-40
3. Google Gemini Advanced

Response generation was conducted over a 10-day period,
three times daily (morning, afternoon, and evening). For
each individual prompt, a new conversation (“new chat”)
was initiated to provide a clean context window and to pre-
vent the model from being influenced by previous prompts
or its own earlier responses within the same conversation
thread. Accordingly, each question was presented in an iso-
lated conversational context. Each model answered all 60
questions in every session, resulting in 180 responses per
day, 1,800 responses per model over 10 days, and a total of
5,400 responses across all models.

All responses were recorded in structured datasets and
exported for statistical analysis.

Human expert answers

To evaluate the response accuracy of the artificial intelli-
gence models, two experienced endodontists independently
answered the 60 questions.

Statistical analysis

All artificial intelligence responses were transferred into
an Excel-format dataset, and statistical analyses were per-
formed using IBM SPSS Statistics for Windows, Version
25.0 (IBM Corp., Armonk, NY, USA). To compare the
accuracy performance of the three artificial intelligence
models, Pearson’s chi-square test was applied based on the

distribution of correct and incorrect responses. When pair-
wise comparisons between models were required, Bonfer-
roni correction was used to reduce the risk of type I error
resulting from multiple testing.

To evaluate intraday response variability, results obtained
during the morning, afternoon, and evening sessions were
analyzed as separate categories, and differences among
these three time periods were examined using the chi-square
test. As the questions were categorized into predefined dif-
ficulty levels (easy, moderate, and difficult), separate chi-
square analyses were conducted for each category to assess
whether the performance of the artificial intelligence mod-
els varied according to difficulty level.

Within-model temporal stability was evaluated by deter-
mining whether the accuracy status of a given question (cor-
rect or incorrect) remained unchanged across consecutive
days within the corresponding time-of-day sessions. For
each question, the switch rate was defined as the proportion
of consecutive-day comparisons in which the accuracy sta-
tus changed. Temporal stability was calculated as 1 —switch
rate, with higher values indicating greater stability of the
binary outcome over time. Because only binary correct/
incorrect outcomes were analyzed, semantic, lexical, or
reasoning-level similarity between repeated responses was
not assessed. For all tests, the level of statistical significance
was set at p<0.05.

Results

In this study, a total of 5,400 responses were generated by
three large language models (ChatGPT-3.5, ChatGPT-4o,
and Google Gemini) to 60 clinical endodontic questions
over a 10-day period, with three daily sessions (morning,
afternoon, and evening).

Overall accuracy rates differed significantly among the
models (Pearson y* = 15.448, p<0.001). The highest accu-
racy was observed for ChatGPT-40 (86.1%), followed by
ChatGPT-3.5 (85.6%) and Gemini (81.8%) (Table 2).

Analysis according to time of day revealed no significant
differences among models during the morning (p=0.151)
and afternoon (p=0.197) sessions; however, model perfor-
mance diverged significantly during the evening session
(»=0.011), with Gemini exhibiting the lowest performance.

Representative question

Is cold sensitivity one of the symptoms of cracked teeth? Only yes or no answer.
Does Cracked Teeth incidence increase with age and become most prevalent in

patients over 40 years of age? Only yes or no answer.

Table 1 Representative examples Difficulty level

of questions according to dif- Fas

ficulty level Y
Moderate
Difficult

Can CBCT reliably detect vertical root fractures (VRFs) within the root due

to the image resolution being insufficient to detect fractures that are typically
50—100 pm in width? Only yes or no answer.
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Table 2 Comparison of OV€.I’E?.11 Metric ChatGPT-3.5 ChatGPT-40  Gemini Group difference (p)
:;fg;acgl:‘ﬁggggml stability 50l accuracy (%) 85.6 86.1 818 <0.001 T
¢ 95% confidence interval 84.0-87.2 84.5-87.7 80.0-83.6 —
SD (question-based) 0.83 0.82 0.91 —
#Pearson chi-square test (cor- Switch rate (%) 2.84 2.28 6.06 <0.001 %
rect/incorrect x model) 95% confidence interval 2.03-3.65 1.56-3.01 4.89-722 —
+ Kruskal-Wallis test (question- Temporal stability (%) 97.16 97.72 93.94 <0.001 %
based switch rates) Inter-model agreement (Cohen’s x) — — — 0.019
Table 3 Accuracy and temporal Difficulty ~ Metric ChatGPT-3.5 ChatGPT-40  Gemini  Group difference (p)
f;abl‘:;gigi tdh;ﬁ“;‘l’ﬁels according oo Accuracy (%) 967 972 96.0 0.534 1
q Y Stability (%) 97.04 98.52 94.63 0.091
+ Pearson chi-square test (cor- Moderate Accuracy (%) 92.5 95.2 86.8 <0.001 T
rect/incorrect x model) Stability (%) 97.96 96.11 93.70 0.003 1
+ Kruskal-Wallis test (question- Difficult Accuracy (%) 67.7 66.0 62.4 0.151 f
; Stability (% 96.48 98.52 93.49 0.078 &
based switch rates)

When questions were categorized by difficulty level (20
easy, 20 moderate, and 20 difficult), no significant differ-
ences were found among models for easy (p=0.534) and
difficult (p=0.151) questions, whereas a significant differ-
ence in accuracy was observed for moderate-level questions
(»<0.001). In pairwise comparisons, Gemini demon-
strated significantly lower accuracy than both ChatGPT-3.5
(»=0.001) and ChatGPT-40 (»<0.001), while no significant
difference was observed between ChatGPT-3.5 and Chat-
GPT-40 (p=0.055).

Inter-model response agreement assessed using Cohen’s
kappa coefficient indicated a very low level of agreement
(xk=0.019). This finding suggests that the patterns of correct
and incorrect responses provided by the models to the same
questions largely did not overlap.

As only binary correct/incorrect labels were analyzed,
temporal stability represented outcome-based stability
rather than similarity in response wording or reasoning. It
was calculated as the probability of maintaining the same
accuracy status across consecutive days (1—switch rate).
Thus, the switch rate represented temporal inconsistency,
whereas temporal stability represented its complement.
A significant difference in temporal stability was detected
among the models (Kruskal-Wallis, »<0.001). The highest
stability was observed for ChatGPT-40 (97.72%), followed
by ChatGPT-3.5 (97.16%), whereas Gemini exhibited lower
stability (93.94%) (Table 2).

Difficulty-based analyses indicated that moderate-level
questions primarily drove the divergence among models.
Significant differences among models were observed for
moderate-difficulty questions in terms of both accuracy
(»<0.001) and stability (p=0.003), whereas differences
at easy and difficult levels were not significant (Table 3).
These findings indicate that Google Gemini generated less
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accurate and more temporally variable responses, particu-
larly for questions requiring intermediate-level clinical
reasoning.

Discussion

In recent years, growing interest in the application of large
language models (LLMs) in medicine has been accompa-
nied by a marked increase in studies investigating their
potential clinical utility [12, 18, 19]. Although information
obtained from internet-based sources is valuable due to its
constant accessibility and ability to provide diverse perspec-
tives, the application of such information in clinical settings
requires a comprehensive evaluation of model performance
and potential sources of error. Accordingly, the present
study compared the responses of ChatGPT-3.5, ChatGPT-
40, and Google Gemini to dichotomous questions related to
vertical root fractures and tooth cracks in terms of accuracy,
consistency, and temporal variability.

The questions used in this study were developed in accor-
dance with established clinical guidelines and were based
on the Position Statement on Longitudinal Cracks and
Fractures of Teeth published by the European Society of
Endodontology in 2025. Question content was formulated
to reflect clinical scenarios most frequently encountered by
clinicians and patients. A similar guideline-based approach
has been adopted in previous studies, both during question
development and in the evaluation of responses, to ensure
scientific validity and clinical relevance [12, 20].

When unable to perform a given task, LLMs may gen-
erate persuasive but incorrect content rather than explicitly
indicating uncertainty, potentially producing fabricated ref-
erences, incorrect terminology, or contextual errors [21].
This situation indicates that although ChatGPT possesses
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the ability to recognize and organize data patterns, it is
unable to fully comprehend the meaning and context of
the information [4]. To reduce this risk, only dichotomous
(“yes/no”) questions were used in the present study, consis-
tent with the methodology employed by Suarez et al. [12].

Due to the probabilistic nature of LLMs, variability may
be observed in their responses [22]. For this purpose, 60
questions at different difficulty levels were developed, and a
total of 5,400 responses generated by the LLM:s at different
times of the day were analyzed. According to the findings
of the present study, ChatGPT-40 demonstrated an accuracy
of 86.1%, followed by ChatGPT-3.5 with 85.6%, whereas
Gemini exhibited an accuracy of 81.8%. Umer and Habib
[8], argue that an acceptable accuracy threshold for diagnos-
tic tasks should exceed 90%. In the present study, although
the accuracy levels of the ChatGPT-40 and ChatGPT-3.5
models approached 90%, none of the models exceeded this
threshold, and Gemini exhibited the lowest accuracy level.
Although ChatGPT-40 and ChatGPT-3.5 demonstrated
promising results, they did not achieve the desired levels
of accuracy and consistency. In a study conducted by Diaz-
Flores Garcia et al. [20] the accuracy of Gemini’s responses
to endodontic diagnostic and treatment-related questions
was evaluated, and only 37.11% of the responses were
found to be correct. This low level of accuracy is considered
insufficient for clinical application and highlights the need
for caution when using LLMs, particularly in situations
involving sensitive medical decision-making.

To more accurately represent model performance and to
examine whether the responses exhibited variation or fluc-
tuation at different times of the day, the same questions were
posed over a 10-day period at different time points (morn-
ing, afternoon, and evening), using a new chat session each
time. When accuracy levels across different times of the
day were evaluated, a significant difference was observed
only during the evening sessions, whereas no differences
were found between the other time periods. During the eve-
ning sessions, Gemini demonstrated a lower accuracy level
compared with ChatGPT-40 and ChatGPT-3.5. The lower
evening performance observed for Gemini may indicate
that LLM performance is not entirely stable across different
times of use. Although external factors such as server load
or peak usage hours may have contributed to this variabil-
ity, these factors were not measured in the present study;
therefore, no causal relationship can be established. From a
practical perspective, clinicians should be aware that LLM
performance may vary over time and should avoid relying
on a single Al-generated response for clinically relevant
decisions. To evaluate the temporal robustness of model
performance, we examined whether each model main-
tained the same correct/incorrect status for a given ques-
tion across consecutive days. Although temporal stability

was numerically high across all models (93.94-97.72%), it
was not complete and differed significantly among the mod-
els. The corresponding switch rates ranged from 2.28% to
6.06%, with Gemini exhibiting the greatest temporal vari-
ability. These findings reflect only the temporal stability of
binary accuracy outcomes and should not be interpreted as
indicating consistency in the wording, semantic content, or
reasoning of repeated responses.

Therefore, even when overall accuracy status remains
relatively stable over time, occasional changes in correct-
ness may still have clinical relevance when LLM-generated
information is used to support decision-making.

Previous research has shown that LLMs may demon-
strate limitations in tasks requiring reasoning and knowl-
edge integration, despite satisfactory performance on more
general or lower-order questions [23]. In the present study,
easy questions yielded high and relatively similar accu-
racy across all models, which may reflect the more direct
retrieval of established factual or clinically familiar infor-
mation. Difficult questions, by contrast, resulted in lower
absolute accuracy across all models but did not produce
significant inter-model differences, suggesting that highly
complex questions may have posed a comparable chal-
lenge across systems. In contrast, moderate-difficulty ques-
tions produced the greatest divergence among the models.
One possible explanation is that these questions require an
intermediate level of contextual interpretation, discrimina-
tion between closely related concepts, and integration of
clinical information rather than simple factual recall. Such
tasks may therefore be more sensitive to differences in how
individual models process and prioritize clinically relevant
information. This pattern may help explain why moderate
questions differentiated model performance more clearly
than either easy or difficult questions.

As LLMs continue to advance, they are increasingly
used by both patients and clinicians in the search for health-
related information. Patients may consult these models to
obtain information about health conditions that may affect
them, while clinicians may use LLMs to question recom-
mended diagnostic tests or treatment plans for a specific
patient and to obtain supportive information. Nevertheless,
it should be borne in mind that the outputs of such mod-
els may contain inaccurate or unverified information, that
algorithms may carry inherent biases, or that they may be
influenced by data containing confounding effects [24].
Therefore, further research is required to ensure that these
models can be used reliably and ethically in healthcare,
particularly to prevent potential harm to vulnerable popula-
tions [24]. Indeed, the findings of the present study indi-
cate that LLMs such as ChatGPT-40, ChatGPT-3.5, and
Google Gemini have reached a certain level of competence
in answering questions related to vertical root fractures and
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cracked teeth in endodontics; however, they also reveal that
substantial limitations persist in complex cognitive abilities,
including knowledge transfer, multi-step reasoning, logi-
cal inference, and interdisciplinary information integration.
In this context, regular and comprehensive evaluation of
performance differences among models will contribute to
the more reliable and effective use of LLMs across various
medical fields.

Conclusion

The findings of this study demonstrate that the three artifi-
cial intelligence models evaluated exhibited differing levels
of accuracy and consistency in their responses to dichoto-
mous clinical questions related to vertical root fractures
and cracked teeth in endodontics. Although ChatGPT-40
generally achieved the highest accuracy, all models showed
notable limitations, particularly in questions requiring mod-
erate levels of clinical reasoning. Moreover, the very low
inter-model agreement (x=0.019) indicates that these mod-
els should not currently be regarded as a gold standard or a
reliable standalone second opinion for endodontic decision-
making. Furthermore, the variability observed in responses
across different times of the day indicates that the decision
stability of current artificial intelligence models remains
limited.

These findings suggest that existing artificial intelli-
gence models have not yet reached a level of maturity that
would allow their use as independent clinical decision-
making tools in endodontic practice. Nevertheless, ongoing
advancements in model development indicate that artificial
intelligence may be more effectively integrated as a support-
ive adjunct to clinician expertise in the future. To ensure the
safe, accurate, and reliable clinical application of artificial
intelligence in endodontics, regular longitudinal evaluation
of different models and versions, supported by more com-
prehensive and clinically oriented studies, is essential.
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