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Abstract
Aim: To evaluate the reliability characteristics of a standalone Gemini chat workflow and a document-
grounded NotebookLM workflow when answering multiple-choice pediatric dentistry questions derived
from the 2024 American Academy of Pediatric Dentistry (AAPD) guideline on vital pulp therapies in
primary teeth, with particular emphasis on the effects of retrieval-augmented generation (RAG) on
evidence-mapping stability, error structure, and potential translational risk.

Methodology: This cross-sectional simulation study included 90 single-best-answer pediatric dentistry
multiple-choice questions derived from the AAPD guideline. Each item contained four options (A-D) and
a predefined gold-standard answer. Gemini and NotebookLM were each tested using three independent
accounts; each account answered all 90 questions, yielding 540 responses in total. The standardized
prompt was, "You are an experienced physician," and a new conversation was initiated for each query.
For NotebookLM, the 2024 AAPD vital pulp therapy guideline PDF was uploaded as a fixed document
source. The primary outcome was majority-vote accuracy, and the secondary outcome was inter-account
consistency. In addition to Wald and Wilson 95% confidence intervals, Fleiss' kappa, Pearson chi-squared
tests, and Fisher's exact tests, an error-structure framework was developed to classify errors as stable or
fluctuating and to examine evidence-to-option mapping failures.

Results: Gemini achieved a majority-vote accuracy of 92.22% (83/90; Wald 95% CI: 86.69%-97.76%;
Wilson 95% CI: 84.81%-96.18%) and an inter-account consistency of 83.33% (75/90; Wilson 95% CI:
74.31%-89.63%; Fleiss' kappa = 0.829). NotebookLM achieved a majority-vote accuracy of 98.89%
(89/90; Wald 95% CI: 96.72%-100.00%; Wilson 95% CI: 93.97%-99.80%) and an inter-account consistency
of 100.00% (90/90; Wilson 95% CI: 95.91%-100.00%; Fleiss' kappa = 1.000). For accuracy, Pearson's chi-
squared test indicated a statistically significant difference (p = 0.030), whereas Fisher's exact test did
not reach the 0.05 threshold (p = 0.064), suggesting that the apparent accuracy advantage should be
interpreted cautiously. For consistency, NotebookLM was significantly higher in both tests (both p <
0.001). Gemini produced seven majority-vote errors, including one stable error and six fluctuating errors.
NotebookLM produced only one error (Q37), which was stable. Errors were concentrated in items
requiring precise evidence mapping, including comparisons of caries removal techniques, quantitative
outcomes, treatment success rates, Hall technique effects, and diagnostic differentiation.

Conclusions: In this pediatric dentistry guideline-based multiple-choice benchmark, the clearest
advantage of RAG was not simply an increase in the number of correct answers, but rather improved
cross-account stability and reduced random drift. Nevertheless, document grounding did not fully
eliminate evidence-to-option mapping failures. Because stable errors are consistent and may appear
evidence-based, they may pose more concealed educational and clinical translational risks. Future
evaluations of AI systems in dentistry should move beyond accuracy alone toward an integrated
reliability framework encompassing correctness, consistency, error architecture, evidence-mapping
behavior, and potential risk.
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1 Introduction
Clinical decision-making in pediatric dentistry depends heavily on detailed conditional reasoning. The
selection of treatment for deep caries and pulp therapy in primary teeth often requires integration of pain
history, pulp status, radiographic findings, risk of pulp exposure, material characteristics, restorative
approach, treatment success rate, and follow-up interval. (1)The 2024 AAPD guideline, "Use of Vital Pulp
Therapies in Primary Teeth," focuses on vital pulp therapies for deeply carious primary teeth with normal
pulp or reversible pulpitis, and addresses key issues such as indirect pulp treatment, direct pulp capping,
pulpotomy, the Hall technique, caries removal strategies, and material selection.(2) Rapid, accurate, and
stable translation of guideline evidence into actionable answers is therefore a practical need in pediatric
dentistry education, examination training, and clinical knowledge retrieval.(3)

Large language models (LLMs), owing to their natural language understanding and rapid text-generation
capabilities, are increasingly being applied to medical knowledge question answering, case
interpretation, educational support, and clinical guideline retrieval. (4, 5)However, in specialized medical
settings, general-purpose LLMs continue to face challenges related to outdated knowledge, limited
source traceability, hallucinated content, and insufficient response stability.(6, 7) Retrieval-augmented
generation (RAG), by introducing external authoritative knowledge sources before answer generation,
provides an important pathway for improving specialty alignment, evidence traceability, and output
stability. (8)Prior dental studies have shown that document-grounded or RAG workflows can achieve high
accuracy and consistency in guideline-oriented tasks such as dental trauma and external cervical
resorption, although their advantages do not always manifest as statistically significant improvements in
accuracy.(9, 10)

For guideline-based tasks, therefore, reporting overall accuracy alone is insufficient. (11)Pediatric
dentistry multiple-choice questions are not merely factual recall tasks; rather, they constitute structured
evidence-mapping tasks. The model must first identify the clinical conditions embedded in the stem,
locate the relevant guideline evidence, interpret comparative or quantitative outcomes, and finally map
that evidence to the single best answer among options A-D. (12)Errors may occur at multiple stages,
including recognition of stem conditions, localization of guideline evidence, interpretation of evidence,
translation of quantitative outcomes, and exclusion of distractors. In other words, a model's familiarity
with a treatment term does not necessarily mean that it can consistently select the correct answer under
complex conditional constraints.(11)

The central question of this study was not simply whether Gemini or NotebookLM is "stronger," but
whether RAG changes the reliability structure of pediatric dentistry guideline-based question answering.
Specifically, RAG may reduce random outputs and cross-account variability, yet it may also generate low-
frequency, reproducible, and seemingly more credible stable errors.(13) In educational and clinical
support contexts, stable and fluctuating errors carry different risk implications: fluctuating errors reveal
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generative uncertainty and may be more readily detected through repeated querying, whereas stable
errors may be more easily mistaken for reliable answers because of their high consistency.(14, 15)

On this basis, the present study introduced an error-structure analysis framework in addition to
conventional accuracy and consistency metrics. By distinguishing stable from fluctuating errors and
integrating thematic domains and knowledge attributes of incorrectly answered items, this study
proposes a reliability-evaluation approach for AI question answering in pediatric dentistry guidelines.
This approach simultaneously addresses whether the model is correct, whether the answer is stable,
how errors arise, which types of knowledge are most affected, and what those errors may imply for
education or clinical translation.

2 Materials and Methods

2.1 Ethics Statement
This study analyzed AI-generated responses and guideline-derived questions and did not involve
patients, personally identifiable information, or clinical interventions.

2.2 Study Design
This was a cross-sectional simulation study using a pediatric dentistry multiple-choice question dataset
with predefined gold-standard answers. It compared the performance of a standalone Gemini chat
workflow with that of a document-grounded NotebookLM workflow on AAPD guideline-derived
questions. The study objects were AI-generated responses and did not involve patients, personally
identifiable information, or clinical interventions.

2.3 Question Selection, Thematic Domains, and Gold
Standard
The question bank comprised 90 single-best-answer pediatric dentistry multiple-choice questions, all
developed from knowledge points in the 2024 AAPD guideline "Use of Vital Pulp Therapies in Primary
Teeth." (2)Each item included four options (A-D) and one gold-standard answer. The questions were
developed by three clinicians according to the guideline and were presented in the format of a clinical
knowledge assessment. The stems did not explicitly include phrases such as "according to the
guideline" or "the guideline recommends," in order to approximate real examination and educational
retrieval settings. The three clinicians jointly determined the gold-standard answers based on the
guideline.

The 90 questions were divided into six thematic domains, with 15 items in each domain: diagnosis of
pulp status and treatment indications (Q1-Q15), pulpotomy materials and medicament selection (Q16-
Q30), indirect pulp treatment and caries removal techniques (Q31-Q45), direct pulp capping and
treatment of special tooth sites (Q46-Q60), the Hall technique and management of special
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circumstances (Q61-Q75), and operative details and prognosis (Q76-Q90). The complete questions,
options, and gold-standard answers are presented as supplementary material.

2.4 Platform Specifications
Gemini testing was performed using the Gemini 3.0 Flash model via the Google Gemini web platform.
NotebookLM was accessed using the same Gemini accounts, and the 2024 AAPD vital pulp therapy
guideline PDF was uploaded as a fixed document-grounding source. Therefore, NotebookLM results
should be interpreted as the performance of a document-grounded workflow rather than as a direct
assessment of the intrinsic capability of an independent foundation model.

2.5 Response Generation Protocol
Each question was submitted separately to Gemini and NotebookLM, generating three response sets (A,
B, and C). Both workflows were tested using three different Gemini accounts; each account answered all
90 questions. Thus, Gemini generated 270 responses and NotebookLM generated 270 responses, for a
total of 540 responses. The standardized prompt was, "You are an experienced physician." To reduce
contextual carry-over, chained memory, and influence from preceding questions, a new conversation was
created for each question.

2.6 Accuracy and Consistency Assessment
Majority-vote accuracy was defined as the proportion of items for which the option appearing most
frequently across the three responses from the same model matched the gold-standard answer. When
the three responses were not identical, the 2/3 majority answer was used as the representative answer
for that model on that item. Inter-account consistency was defined as the proportion of items for which
the A, B, and C responses from the same model were identical.

To further examine error mechanisms, majority-vote errors were classified into two categories. A stable
error was defined as an item for which all three responses were identical but inconsistent with the gold
standard, representing a reproducible systematic deviation. A fluctuating error was defined as an item
for which the three responses were not identical and the majority-vote answer was incorrect,
representing instability or option drift during generation. This classification was used to describe error
structure and did not replace expert clinical review of the question content itself.

2.7 Statistical Analysis
All data were analyzed in R.Accuracy and consistency were expressed as proportions, and Wald and
Wilson 95% confidence intervals were calculated for each. Inter-account agreement was quantified using
Fleiss' kappa. Differences in accuracy and consistency between the two workflows were assessed using
Pearson's chi-squared test, with Fisher's exact test used as a sensitivity analysis. Because NotebookLM
produced few errors, Fisher's exact test was particularly important for interpreting differences in
accuracy. The threshold for statistical significance was set at p < 0.05.
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3 Results

3.1 Gemini
Gemini answered 83 items correctly by majority vote, corresponding to an overall accuracy of 92.22%
(83/90), an inter-account consistency of 83.33% (75/90), and Fleiss' kappa of 0.829. Its majority-vote
error items were Q14, Q35, Q37, Q50, Q52, Q62, and Q73.

3.2 NotebookLM
NotebookLM answered 89 items correctly by majority vote, corresponding to an overall accuracy of
98.89% (89/90), an inter-account consistency of 100.00% (90/90), and Fleiss' kappa of 1.000. Its only
majority-vote error was Q37, for which all three responses were identical.

3.3 Comparison Between Workflows
A total of 90 pediatric dentistry multiple-choice questions and 540 model responses were analyzed.
Gemini answered 83 items correctly by majority vote, whereas NotebookLM answered 89 items
correctly. Gemini produced identical responses across the three accounts for 75 items, whereas
NotebookLM produced identical responses for all 90 items. Overall results are shown in Table 1.

Table 1
Overall performance of Gemini and NotebookLM on 90 AAPD

guideline-derived pediatric dentistry multiple-choice questions.
Metric Gemini NotebookLM

Majority-vote accuracy 92.22% (83/90) 98.89% (89/90)

Accuracy Wald 95% CI 86.69%-97.76% 96.72%-100.00%

Accuracy Wilson 95% CI 84.81%-96.18% 93.97%-99.80%

Inter-account consistency 83.33% (75/90) 100.00% (90/90)

Consistency Wald 95% CI 75.63%-91.03% 100.00%-100.00%

Consistency Wilson 95% CI 74.31%-89.63% 95.91%-100.00%

Fleiss' kappa 0.829 1.000

In the accuracy comparison, NotebookLM had a higher point estimate than Gemini (98.89% vs. 92.22%).
Pearson's chi-squared test suggested a statistically significant difference (p = 0.030), whereas Fisher's
exact test did not reach the conventional significance threshold (p = 0.064). Given that NotebookLM had
only one incorrect item and the number of events was small, the accuracy difference should be
interpreted cautiously and exploratorily. By contrast, the difference in consistency was more robust:
NotebookLM achieved 100.00% consistency compared with 83.33% for Gemini, with both Pearson's chi-
squared test and Fisher's exact test yielding p < 0.001.The difference in majority-vote accuracy between
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the two workflows is illustrated in Fig. 1.The comparison of inter-account consistency between the two
workflows is shown in Fig. 2.

3.4 Item-Level Analysis and Error Distribution
Gemini's majority-vote error items were Q14, Q35, Q37, Q50, Q52, Q62, and Q73. Among these, Q35 was a
stable error, whereas Q14, Q37, Q50, Q52, Q62, and Q73 were fluctuating errors. NotebookLM produced a
majority-vote error only on Q37, and all three responses were identical, making it a stable error. The error
structure is shown in Table 2.

Table 2
Majority-vote error items and error-structure classification.

Model Majority-vote
error items

Stable
error

Fluctuating error Error-structure
characteristics

Gemini Q14, Q35, Q37,
Q50, Q52, Q62,
Q73

Q35 Q14, Q37, Q50,
Q52, Q62, Q73

Predominantly cross-account
variability and option drift

NotebookLM Q37 Q37 None Low-frequency but
reproducible stable error

By thematic domain, Gemini's errors were not uniformly distributed. One error occurred in diagnosis of
pulp status and treatment indications (Q14), two in indirect pulp treatment and caries removal
techniques (Q35 and Q37), two in direct pulp capping and treatment of special tooth sites (Q50 and
Q52), and two in the Hall technique and management of special circumstances (Q62 and Q73). No
majority-vote errors occurred in the domains of pulpotomy materials and medicament selection or
operative details and prognosis. NotebookLM's only incorrect item, Q37, was in the domain of indirect
pulp treatment and caries removal techniques.The distribution of error items across the six thematic
domains is summarized in Table 3.The item-level distribution of majority-vote errors, including stable and
fluctuating errors, is presented in Fig. 3.

Page 7/17



Table 3
Distribution of error items across the six thematic domains.

Thematic domain Question
range

Gemini error
count

NotebookLM error
count

Error
items

Diagnosis of pulp status and
treatment indications

Q1-Q15 1/15 0/15 Q14

Pulpotomy materials and
medicament selection

Q16-Q30 0/15 0/15 None

Indirect pulp treatment and caries
removal techniques

Q31-Q45 2/15 1/15 Q35,
Q37

Direct pulp capping and treatment
of special tooth sites

Q46-Q60 2/15 0/15 Q50,
Q52

Hall technique and management of
special circumstances

Q61-Q75 2/15 0/15 Q62,
Q73

Operative details and prognosis Q76-Q90 0/15 0/15 None

In terms of knowledge attributes, the incorrect items mainly involved comparative or quantitative
information. Q35 concerned the incidence of pulp exposure associated with complete caries removal;
Q37 involved comparison of chemomechanical caries removal and rotary-bur caries removal; Q50
involved the number needed to treat (NNT); Q52 concerned the success rate of vital pulp therapy in
primary molars with proximal caries; Q62 addressed the effect of the Hall technique on maintaining pulp
vitality; and Q73 involved comparison of 24-month success rates between indirect pulp treatment with a
preformed crown and pulpotomy. Q14 was a diagnostic differentiation item requiring identification of
reliable criteria for distinguishing pulp necrosis from irreversible pulpitis in primary teeth. This
distribution suggests that models performed more stably on concept-recognition items, while errors
were more likely in items involving evidence comparison, conditional constraints, and quantitative
outcomes.

To further explain the reliability of model outputs, each item was placed into a two-dimensional
correctness-stability framework. This framework considers not only whether an answer is correct, but
also whether the model produces the same output consistently across accounts. Under this framework,
AI responses can be categorized as stable correct, fluctuating correct, fluctuating error, or stable
error.Under this framework, AI responses can be categorized as stable correct, fluctuating correct,
fluctuating error, or stable error. The definitions, risk interpretations, and meanings of these four
response types in the present study are summarized in Table 4.
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Table 4
Error-architecture framework for pediatric dentistry guideline-based AI question answering.

Type Definition Risk
interpretation

Meaning in this study

Stable
correct

Three account responses
are identical and the
majority-vote answer is
correct

Low risk Indicates that the model matches
the gold standard and has cross-
account stability

Fluctuating
correct

Three account responses
are not identical, but the
majority-vote answer is
correct

Moderate risk Indicates that the model may
answer correctly but shows
generative uncertainty

Fluctuating
error

Three account responses
are not identical and the
majority-vote answer is
incorrect

High risk Suggests drift among similar
options, so repeated use may
produce different
recommendations

Stable error Three account responses
are identical but
inconsistent with the gold
standard

Concealed
high risk

The error is consistent and
authoritative in appearance,
making it harder for users to
detect

4 Discussion
This study found that both Gemini and NotebookLM achieved high majority-vote accuracy on AAPD
guideline-derived pediatric dentistry multiple-choice questions.(2) If overall accuracy alone is considered,
both workflows could be described as performing well. However, when consistency and error structure
are incorporated, the two workflows show clearly distinct reliability profiles. Gemini's main limitation was
cross-account variability: six of its seven majority-vote errors were fluctuating errors. NotebookLM's
defining feature was high output stability, with complete inter-account consistency across all 90 items,
although it still produced one stable error.

These findings indicate that the value of RAG should not be reduced to "improving accuracy." In this
dataset, NotebookLM had a higher point estimate for accuracy than Gemini, but Fisher's exact test did
not reach the 0.05 threshold, indicating that the accuracy advantage requires validation in larger
samples. By contrast, the consistency advantage was significant in both statistical tests, suggesting that
the more clearly demonstrable effect of the document-grounded workflow was to reduce random drift
and improve cross-account reproducibility. In other words, in this task, RAG primarily changed the
stability structure of model outputs rather than necessarily producing a statistically robust improvement
in accuracy.(16)

The content of the incorrect items suggests that model errors occurred mainly at the evidence-to-option
mapping stage rather than at the level of simple factual recall. (17)Pediatric dentistry guideline-based
multiple-choice questions commonly include several closely related options and require the model to
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select the single best answer after interpreting guideline evidence. For items involving treatment
success rates, NNT, risk of pulp exposure, Hall technique effects, and comparisons among treatment
strategies, the model must simultaneously process clinical conditions, comparators, outcome measures,
and time horizons. Inadequate interpretation at any of these stages may lead to an incorrect final option.
(18, 19)

Evidence-to-option mapping failure can therefore be regarded as a core error mechanism in guideline-
based AI question answering. (20, 21)It differs from hallucination in the conventional sense, because the
model may not be fabricating nonexistent information. It also differs from simple knowledge absence,
because the model may have access to or have internalized the relevant knowledge, yet still deviate at
the stages of evidence prioritization, applicability assessment, or option matching. (22)This finding
suggests that RAG can improve evidence availability but does not necessarily guarantee correct
evidence interpretation or option mapping.

Stable and fluctuating errors represent different risk patterns. Fluctuating errors reflect inconsistent
outputs for the same item across accounts or sessions, suggesting uncertainty in the model's internal
representation or generation process. In educational contexts, fluctuating errors may lead students to
receive different answers at different times, thereby reducing trust in learning support; however, such
inconsistency may also prompt users to perform secondary verification.(15)

Stable errors are more concealed. NotebookLM's only error, Q37, was identical across the three
accounts, indicating that document grounding did not prevent a systematic deviation for that item.
Stable errors often have a stronger appearance of credibility: the answer is consistent, the tone is
confident, and the document-grounded context may lead users to regard the output as evidence-based.
(23)If users do not actively check the original guideline, stable errors may be more likely to be accepted
as reliable. Safety evaluation of RAG systems should therefore consider not only the number of errors
but also whether errors are reproducible, whether they involve key treatment decisions, and whether they
carry a misleading appearance of authority.(21, 23)

Previous dental trauma research comparing a standalone Gemini chat workflow with document-
grounded NotebookLM found that NotebookLM achieved higher accuracy and complete consistency on
guideline-derived yes/no questions. A study on external cervical resorption also compared Gemini and
NotebookLM but found no significant differences in accuracy or consistency. (9, 10)Together, these
findings suggest that the benefits of RAG are task-dependent. When a task depends heavily on explicit
guideline statements and reproducible outputs, RAG is more likely to manifest as a consistency
advantage; when the foundation model already covers the task knowledge well, or when the items are
closed binary questions, the marginal gain in accuracy from RAG may be smaller.(24)

The present study extends this issue to pediatric dentistry multiple-choice questions. Compared with
yes/no questions, A-D multiple-choice questions introduce additional requirements for distractor
exclusion and option mapping, making them more likely to reveal model weaknesses in evidence
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interpretation, quantitative outcome processing, and comparative reasoning. (25)The present findings are
consistent with the broader trend in dental RAG research: document grounding can improve
reproducibility and task alignment, but it cannot fully eliminate evidence misinterpretation, conditional
mismatch, or systematic error.

For pediatric dentistry education, this study suggests that LLMs may serve as auxiliary tools for
guideline learning and knowledge self-assessment, but they should not be treated as answer arbiters
that require no verification.(26, 27) Educators may use fluctuating errors to identify knowledge boundaries
that are easily confused by both students and models, such as comparisons of caries removal
techniques, Hall technique effects, and treatment success rates. Stable errors should also be treated as
key discussion points, guiding students back to the original guideline to understand the relationships
among evidence, outcome measures, and applicability conditions.

For clinical retrieval support, this study emphasizes that guideline concordance is not equivalent to
clinical competence. A multiple-choice benchmark can evaluate the extent to which a model aligns with
guideline answers under controlled conditions, but real clinical decision-making additionally requires
individualized risk assessment, uncertainty management, patient preferences, operative conditions,
follow-up feasibility, and other multidimensional considerations.(28) Especially when model outputs
involve treatment selection, prognostic judgment, NNT, success rates, or critical thresholds, traceable
evidence should be required and independent professional verification should be performed.

The methodological significance of this study lies in shifting AI evaluation from simple performance
comparison toward reliability diagnosis. Traditional benchmarks usually answer only how many items a
model answers correctly. In medical education and clinical support contexts, however, more important
questions include whether the model is stable on the same item, whether errors are reproducible, which
knowledge types are most error-prone, whether errors involve high-risk treatment decisions, and whether
users are likely to detect those errors.(29, 30)

The proposed framework of accuracy, consistency, error type, item-content characteristics, and
translational risk may therefore serve as a basis for future evaluations of guideline-based AI systems in
pediatric dentistry. This framework is applicable not only to the AAPD vital pulp therapy guideline but
may also be extended to other guideline-based tasks, including pediatric dental trauma, caries
management, sedation and analgesia, and preventive oral health care. Future studies may further
combine this framework with case-based vignettes, open-ended question answering, verification of
original-source citations, and error-severity grading to better approximate real clinical and educational
settings.

4.7 Limitations
This study has several limitations. First, although the 90-item question set allowed preliminary statistical
comparison, the study may still have been underpowered for low-frequency errors and small differences
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in accuracy. Second, the multiple-choice format ensured objective scoring and reproducibility, but it
could not fully simulate the openness, continuity, and individualized judgment involved in real clinical
reasoning. Third, NotebookLM was evaluated as a document-grounded workflow rather than as an
independent foundation model; therefore, the results should be interpreted as workflow-level
performance available to users and should not be directly extrapolated to differences in underlying
model capability. Fourth, the content analysis of incorrect items was based on the current question bank
and gold standard; future work should include further expert review of shared error items to distinguish
item discrimination, guideline evidence interpretation, and model mapping bias.

4.8 Future Research Directions
Future research should be deepened in three directions. First, the question bank should be expanded and
repeated testing across time points should be added to examine the effects of model updates, prompt
changes, and temporal drift on stability. Second, case-based vignettes and open-ended explanatory
questions should be introduced to evaluate conditional reasoning, evidence citation, and uncertainty
expression across realistic pediatric dentistry decision chains. Third, evidence-verification mechanisms
should be established to determine not only whether the model provides the correct answer, but also
whether the guideline evidence it cites genuinely supports the conclusion. For stable errors, error-item
tracking and mandatory expert review should be implemented; for fluctuating errors, prompt
optimization, structured output, and majority-vote strategies may be used to reduce random drift.

5 Conclusions
Based on testing with 90 AAPD guideline-derived pediatric dentistry multiple-choice questions, both
Gemini and NotebookLM demonstrated high majority-vote accuracy. NotebookLM had a higher point
estimate for accuracy, although Fisher's exact test indicated that this finding should be interpreted
cautiously. Its clearest advantage was an inter-account consistency of 100%, which was significantly
higher than that of Gemini.

More importantly, the two workflows exhibited different error architectures. Gemini's main limitation was
fluctuating error, reflecting unstable generation across accounts; NotebookLM's main risk was low-
frequency but stable error, indicating that document grounding cannot fully eliminate evidence-mapping
failure. Model errors were concentrated in items requiring precise evidence mapping, including
comparisons of treatment techniques, quantitative outcomes, success-rate judgments, Hall technique
effects, and diagnostic differentiation.

Therefore, this study should not be understood merely as a horizontal performance comparison between
Gemini and NotebookLM. Rather, it should be viewed as an exploration of a reliability-evaluation
paradigm for pediatric dentistry guideline-based AI systems. Future research and applications should
simultaneously consider whether a model is correct, whether it is stable, why it makes errors, what
knowledge categories those errors involve, and what risks such errors may pose in educational or
clinical translation.
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Figure 1

Majority-vote accuracy of Gemini and NotebookLM. Error bars indicate Wald 95% confidence intervals.

Figure 2
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Inter-account consistency of Gemini and NotebookLM. Error bars indicate Wald 95% confidence
intervals.

Figure 3

Item-level distribution of majority-vote error items. Circles indicate stable errors and diamonds indicate
fluctuating errors.
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