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Abstract

Background/Objectives: This scoping review aims to map existing Al applications in dental
education, in student learning, assessment, and diagnostic training, identifying key limitations and
challenges. Methods: Following the Arksey and O’Malley framework and PRISMA-ScR guidelines,
six databases were searched in March 2025 using combinations of the following search words: “dental

7 v

education,” “artificial intelligence,” “machine learning,” and “student assessment”. Inclusion was
limited to English-language empirical studies focused on dental student education. Of 547 identified
studies, 17 met the inclusion criteria. They were categorized into four domains: (1) Preclinical
Training, (2) Al in Clinical, Diagnostic Training, and Radiographic Interpretation, (3) Al as an
Assessment Tool and Feedback System, and (4) Al in Content Generation for Dental Education.
Results: Al has positively influenced various domains, enhancing procedural accuracy, diagnostic
confidence, assessment efficiency, and content delivery. However, it struggles to assess nuanced
competencies like dexterity and clinical judgment. The challenges faced include disparate definitions
of Al ethical and privacy concerns, model variability, and a deficiency of dental leadership in Al
development. At present, most tools are engineered by computer scientists and may not align
effectively with the priorities of dental education. Conclusion: Al holds significant potential to
enhance dental education outcomes. However, to guarantee its relevance and reliability, it requires
standard frameworks, ethical oversight, and clinician-led development. Future research should
concentrate on implementing real-time Al-driven feedback systems during preclinical training and
advocate for more precise definitions to support consistent Al application and evaluation in dental

education.

Keywords: artificial intelligence; dental education; machine learning; simulation;
assessment; Al-assisted learning

1. Introduction

Dental education is rapidly evolving to include new technologies that prepare students for
modern clinical practice. Artificial intelligence (AI) has emerged as a transformative tool in health
professions education, offering new approaches to teaching and decision-making. Al is broadly
defined as the simulation of human intelligence by systems capable of perception, reasoning,
learning, planning, and prediction.[1,2] In medical and dental education, Al applications such as
radiographic analysis, diagnostic simulations, and automated assessments have demonstrated early
promise. However, the systematic integration of Al into dental curricula remains underdeveloped.
(3]

The adoption of Al in dental can enhance learning through personalized feedback and objective
assessments. Al-powered systems may increase procedural accuracy, strengthen radiographic
interpretation, and streamline grading processes. These innovations align with the shift toward
competency-based, student-centred education.[3-5]
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Despite its potential, Al implementation in dental education faces challenges including concerns
about reliability, faculty readiness, and lack of standardized frameworks. [6,7] Furthermore, ethical
concerns around data privacy, bias, and responsible Al use require attention within the educational
context.[8-10] Many faculty members report limited Al knowledge and insufficient training, despite
expressing positive attitudes toward Al integration. [7,11]

This scoping review aims to identify, summarize, and categorize existing applications of Al in
dental education, with a focus on student learning, assessment, and diagnostic training. Additionally,
it seeks to explore current limitations and challenges, providing insights to guide future research and
support the responsible integration of Al into dental curricula.

To ensure consistency and clarity, this review adopts a standardized definition of Al as the
simulation of human intelligence by machines capable of perception, reasoning, learning, planning,
and prediction [2]. This definition aligns with established technological frameworks and
distinguishes AI from other educational tools. Al research revived in 2006 with Hinton's deep
learning model, enabling machines to learn autonomously[2]. This definition guided the review’s
evaluation of Al in dental education.

Virtual reality (VR) is an example of misclassification of Al in dental education research due to
the lack of a standardized definition. While VR supports simulation, it lacks adaptive learning and
autonomous decision-making key features of true Al [12]. Clearer definitions are needed to avoid
such inaccuracies and ensure consistency in Al-focused studies.

2. Materials and Methods

This review followed the five-stage scoping framework proposed by Arksey and O’Malley[13],
further refined by Peters et al[14], and This scoping review was conducted and reported in
accordance with the PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses extension for Scoping Reviews) 2020 guidelines [15]. The review protocol was not
registered. In line with standard scoping review methodology, no formal critical appraisal of
included studies was performed, as the aim was to map the breadth of available literature rather than
assess study quality.

However, two reviewers independently assessed each study for potential bias based on study
design, sample size, outcome measures, and presence of control groups. Bias was categorized as low,
moderate, or high to aid interpretation. Discrepancies were resolved by consensus, and ratings are
presented in Table 1.

2.1. Research Question

Using the Population, Concept, and Context (PCC) framework[16], the guiding scoping question
was: What are the applications, limitations, and challenges of artificial intelligence in dental
education?

2.2. Search Strategy

PubMed, Web of Science, Cochrane Library, Google Scholar, Dentistry & Oral Sciences Source,
and Embase, were searched in March 2025 using combinations of the following search words: “dental

i i

education,” “artificial intelligence,” “machine learning,” and “student assessment”. Included studies

applied Al empirically in preclinical, clinical, or assessment-based dental education.

2.3. Eligibility Criteria
Inclusion:

e  English-language empirical studies
e  Direct evaluation of Al in teaching, feedback, or dental student assessments

Exclusion:
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e  Opinion pieces or perception-based surveys

e  Studies unrelated to Al or dental education

e  Reports on Al solving exams or general curriculum reform

e  Studies not directly related to the education of dental students or their teaching

A total of 547 records were identified through database searches. After removing 50 duplicates,
497 records were screened. Following the application of inclusion and exclusion criteria, 17 empirical
studies were selected for inclusion in the review. Two reviewers assessed the full texts of all 497
articles. They reached agreement on excluding 480 studies due to reasons such as lack of empirical
data, absence of focus on dental students, or classification as commentary or editorial pieces. The
complete study selection process is illustrated in the PRISMA flow diagram (Figure 1).All studies that
met the eligibility criteria during full-text assessment were included in the final synthesis.

2.4. Data Charting and Synthesis

Data were extracted from the included studies using a structured Excel-based data charting form
developed by the review team. The author extracted that data and presented it to the review team
with key information from each study, including author, year, country, aim, design, sample size, Al
domain classification, key findings, limitations, and bias risk. Discrepancies between reviewers were
resolved through discussion and consensus. all necessary information was available in the published
reports. No data transformations or conversions were required. All data were extracted as reported
in the original studies and summarized descriptively. Missing numerical details were not imputed,
and all synthesis was based on the available published information. Results of individual studies
were tabulated in a structured summary table (Table 1), organized by domain, with key information
including study aim, design, strengths, limitations, findings, conclusions, and bias risk rating. This
table was developed to support thematic synthesis and comparison across domains. A descriptive,
narrative synthesis was used to summarize and categorize findings across the included studies. This
approach was chosen due to the heterogeneity of study designs, Al applications, and outcome
measures, which precluded quantitative synthesis. Thematic grouping by domain allowed for
structured comparison and identification of trends, challenges, and research gaps. No statistical
meta-analysis was performed. No statistical methods were used to explore heterogeneity among
study results, such as subgroup analysis or meta-regression, as this scoping review aimed to map the
scope of evidence rather than quantify effects across comparable studies. No sensitivity analyses were
conducted, as the aim of this scoping review was to map the breadth of existing literature rather than
evaluate the robustness of effect estimates through quantitative synthesis. Risk of bias due to missing
results or selective reporting was not formally assessed, as this scoping review did not involve
outcome-level synthesis or effect estimation. Certainty in the body of evidence was not assessed, as
this review aimed to map the scope and characteristics of existing literature rather than evaluate the
strength of evidence for specific outcomes.

Extracted data were categorized into four domains based on thematic analysis of the included
studies. As no standardized classification framework existed for Al in dental education, we
developed our own domain structure Two reviewers independently reviewed each study’s
objectives, methods, and outcomes, and allocated them to the most relevant domain through
consensus. Where studies overlapped multiple domains, classification was based on the dominant
theme. This ensured consistency in synthesis and interpretation across domains.
1-Preclinical training[18,19]
2-Alin Clinical, Diagnostic Training, and Radiographic Interpretation.[20-29]
3-Al as an Assessment Tool and Feedback System[30-32]
4-Al in Content Generation for Dental Education[33,34]
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Figure 1. PRISMA flow diagram[17] for the scoping review process performed.

3. Results

Seventeen peer-reviewed studies met the inclusion criteria. They were published between 2022
and 2025. Findings are summarized by domain:

3.1. Al in Preclinical Training

Al simulation platforms improved procedural accuracy, student confidence, and feedback
quality. However, no study included real-time feedback on operative procedures such as cavity
preparation, highlighting a current research gap. The two included studies in this domain used quasi-
experimental and observational designs with moderate risk of bias. Both relied on self-reported student
perceptions and had relatively small sample sizes. Despite positive findings, limited generalizability and lack
of objective outcome measures reduce certainty.

3.2. Al in Clinical, Diagnostic Training, and Radiographic Interpretation

Al has shown strong potential in dental education by improving diagnostic accuracy and
supporting clinical decision-making. Tools like chatbots and image analysis systems enhance pattern
recognition and often outperform student assessments. However, limitations in context, ethics, and
the need for human oversight mean Al should support not replace clinical judgment. This domain
included the largest group of studies, with varied designs including randomized trials and comparative analyses.
Risk of bias ranged from moderate to low. Studies with expert benchmarks and objective diagnostic outcomes
showed stronger methodology, while those using perception-only data or small samples had higher bias risk.

3.3. Al as an Assessment Tool and Feedback System

Al is used in dental education for automated grading and real-time feedback, enhancing
efficiency and reducing bias. It supports personalized learning by identifying student weaknesses
and offering adaptive guidance. However, Al struggles with evaluating complex, subjective
responses and lacks the depth needed for holistic clinical judgment. Ethical concerns, lack of
standardization, and student over-reliance highlight the need for faculty oversight and careful
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integration. Studies in this domain explored Al-generated feedback and grading but primarily relied on small
samples and student self-reporting. They were judged to have moderate risk of bias due to limited outcome
validation, short study duration, and potential novelty bias.

3.4. Al in Content Generation

Al is being used to generate educational content in dental education, including case studies,
quizzes, and interactive modules, enhancing efficiency and accessibility. Studies show Al tools can
support self-directed learning and improve information retrieval compared to general models.
However, faculty oversight is needed to validate accuracy and ensure content meets accreditation
standards. Key challenges include potential bias, limited nuance in complex cases, and ensuring
student engagement. Both studies in this domain were early-stage or pilot evaluations of Al-generated
educational content. Risk of bias was rated as moderate due to limited external validation, absence of student
outcome assessment, and potential inconsistencies in Al-generated material.

3.5. Key Findings

Al plays a significant role in enhancing various aspects of dental education. In preclinical
training, Al has been shown to improve learning outcomes by supporting decision-making and
boosting student confidence. It also enhances diagnostic training, particularly in radiographic
interpretation, by supporting more accurate and consistent image analysis. automated grading to
improve efficiency, though it often lacks human-like feedback for deeper learning.

3.6. Identified Gaps

Several key gaps remain in the integration of Al within dental education. There is a lack of
research on Al's role in real-time procedural assessment, such as evaluating restorative cavity
preparation or restoration accuracy, leaving its potential in preclinical feedback, interactive clinical
training and preclinical student assessments underexplored. Additionally, AI models designed for
interactive, case-based diagnostic reasoning are still underdeveloped. Current Al grading systems
also fall short in providing contextual, human-like feedback, which is essential for supporting
meaningful learning and reflective practice.

3.7. Challenges

Across the reviewed studies, several key challenges to integrating Al into dental education were
identified. A major concern is the inconsistent application of Al definitions, highlighting the need for
clearer terminology and guidelines. over-reliance on Al poses risks, as it cannot replace the critical
thinking and clinical judgment fundamental to dentistry. Ethical and privacy issues arise from patient
data use, demanding strong governance frameworks. Successful integration further depends on
faculty training and institutional support. Progress is additionally limited by the lack of dental
leadership in Al development, as most models are created by computer scientists, reducing alignment
with dental education priorities such as preclinical skills training.

Table 1. Summary of Included Studies Categorized by AI Domain in Dental Education.

Category of
Al domain Author, year, Scoping revi
classified by O YL Aim Design Strengths Limitations  Findings COPINg review
this scoping location conclusions
review
To develop and Observational Development Onlv 44 out of Students found The Al-based
) Choi et al evaluate an study; 79 and 79n y i ,Ou Ot the Al feedback feedback system
Al m. ) @ Og;)e @ interactive Al fourth-year implementation pali 1:15&1; s system helpful was positively
Preclinical - system for dental of a novel Al comprieted ;e gor identifying received and
Training Australia[18] . post-survey .
assessing students assessment (55.7%) and correcting promoted
student participated, system e €rrors student
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performance in but only 44

Real-time,

Subjective self- High

engagement in

endodontic ~ completed theindividualized reported satisfaction was access cavity
access cavity  post- feedback for skill feedback, no  reported for ~ preparation.
preparation  intervention refinement objective skill ~system usabilityHowever,
and provide evaluation Useofa performance  and self- further
immediate survey. structured measure directed validation is
feedback. Likert-scale Single-center  learning required using
survey to gather study limits  support objective
student feedback generalizability Most students outcome
preferred measures and
combining Al control groups.
feedback with Bias Risk:
instructor Moderate due to
feedback reliance on self-
reported
outcomes, and
incomplete
survey
responses.
The integration
of Al and game-
. based learning
The AiDental
improved short-
group
To compare term
outperformed .
student performance in
. the control .
performance in . . RPD design and
. Sample size: 73 group in RPD
removable Quasi- . was well-
. . . students (n = 36 design accuracy .
partial denture experimental Blinded . . received by
. intervention, n and
(RPD) design  study; two-  assessment of students.
. . =37 control)  completeness
using group practical exam . However, the
o . . Short (statistically .
. traditional comparison Integration of Al , . . short duration
Alin Mahrous et oo intervention  significant .
.. methods versus(Al-game and gamified . . and reliance on a
Preclinical  al., 2023 . > period (2 weeksimprovement). . e
.. the AiDental  group vs. learning . single institution
Training USA[18] . . _before testing) Survey results .
Al and game- control Direct evaluation . limit
. Survey-based indicated L
based learning group); n =56 of student . . generalizability.
. perception data positive student?. .
software, and (28 students perception . . Bias Risk:
without long- perception,
to assess per group). S Moderate due to
term follow-up with high
student . the short
. ratings for X .
perceptions of engagement intervention
the AI tool. 538 period, absence
and usefulness.
of long-term
outcomes, and
reliance on self-
reported
perceptions.
Students The chatbot was
reported positively
. increased received and
High .
engagement  showed promise
. engagement: .
Pilot Small sample and perceived asa
. 100% student . . .
observational e size (n=13 improvement insupplementary
. participation
To evaluate the study usinga * , students) competence  tool for dental
. s . with the chatbot . .
Alin feasibility and single cohort No control after using the education.
.. . . compared to 2/13
Clinical, effectiveness of of third-year o group or pre- chatbot However, due to
. . in traditional
Diagnostic an Al-powered dental . post Staff supported the small sample
o Oretal, tutorials ; .
Training, and 024 chatbot for students Realistic performance  the tool's size and lack of
Radiographic Lo improving interacting ) . . __measures educational control group,
. Australia[20] . . . simulation using L. L.
Interpretatio patient history- with an Al Subjective value and findings must be
. . GPT-3.5-based .
n taking skills  chatbot for . outcome future use interpreted
. patient responses . . .
among dental simulated e assessment via potential cautiously.
R Scalability and . . . . .
students. history- o perceived Highlighted  Bias Risk: High,
. accessibility for - L
taking. . usefulness potential for ~ due to subjective
repetitive .
. expanding to  measures, small
practice

early-year sample, and lack
students and  of comparative
other case types analysis.
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Identified 10
domains where
Al may enhance
endod?ntlc Al holds
education: romise to
radiographic P ..
interpretation revolutionize
dia rlloosis " endodontic
treftment, education
th h
planming case (e
. Comprehensive . difficulty perso
Scoping . No quality learning,
. literature search . assessment, . .
review of 35 appraisal of . diagnostic
strategy . preclinical :
relevant . - included . assistance, and
. including grey . .. .. training, . -
studies, . studies, limiting simulation-
To explore how literature and s advanced ..
o conducted . . the ability to . . based training.
artificial ongoing trials. . simulation,
. . . through . weigh strength . However,
Alin intelligence . Categorized Al . real-time
.. electronic and > .. . ofevidence. . educators must
Clinical, (AI) can be . applications into . guidance, .
. . . . grey literature Possible acknowledge its
Diagnostic . . integrated into . . autonomous
e Aminosharia . search across . selection bias . current
Training, and endodontic educational robotics, L
. . eetal., 2024, K databases L. due to broad limitations and
Radiographic education and . . areas, providing . . progress .
Interpretatio USA1] identify both including structured inclusion tracking and  C e its
preta . fy . MEDLINE, et criteria and lack ,g' a responsible
n its potential thematic R educational K .
. Web of . of systematic . .. implementation.
benefits and . synthesis. ; standardization .~ .
limitations Science, and Inclusion of review Bias risk:
" Cochrane . methodology. Moderate due to
. multi- Al supports o\
Libraryupto . . . 4 . lack of critical
institutional and individualized .
December . . appraisal of
international feedback, . .
2023. . included studies
author expertise. structured s
simulation, and and variability
attomate d, in evidence
decision quality across
support reviewed
. ticles.
Emphasizes articles
that integration
of AT will shift
the traditional
pedagogy of
Endodontics.
Training with Al
significantly
enhanced
Useof a students’ ability
validated dee Small to detect enamel
learnin P participant Al training led and dentin
. & sample size (n =to statistically caries on
algorithm e .
To assess the (YOLO - You 40 dental significant radiographs.
diagnostic Randomized students). improvement in Although longer
. Only Look Once) .2
. performance of experimental . Only one accuracy, labeling time
Alin tailored for N e
. dental students study . . institution sensitivity, was observed
Clinical, inidentifying involving pre-— detection. involved specificity, and post-trainin
Diagnostic ~ Ayanetal, Sniymg &P Expert-labeled . = P Y, P Bt
i proximal caries and post- limiting F1 scores (p<  the educational
Training, and2024, K R dataset (1,200 L. .
. ) lesions before testing of two . generalizability.0.05). benefit suggests
RadiographicTurkey[22] radiographs) D
. and after student Increased post- No significant that Al can serve
Interpretatio .. . ensures strong . . .
training with ~ groups, one test labeling  differencein  as a valuable
n N ground truth .. .
an Al-based  receiving AI- © " time in Al- precision score. tool for
R reliability. . . . . .
deep learning based . trained group Labeling time radiographic
.. .. Comparative P B .
application.  training. re- and post- &Y indicate  increased in the interpretation
P P increased Al-trained training.
intervention . . .
complexity or group. Bias Risk:

design increases
internal validity.

cognitive load.

Moderate due to
small sample
size, single-site
recruitment, and
lack of long-
term follow-up.
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While AT
. assistance
Al-assisted .
o improved
u .. .
group efficiency, it
completed negatively
Small sample radiograph
Real-world . p &rap impacted
.. size (n =40 mounting
clinical . accuracy,
To evaluate (1) . . .. dental significantly .~
- simulation with indicating that
the efficiency . . students). faster (p <0.05).
Randomized third-year . premature
and accuracy of Single However, the .
controlled  students. L . automation may
dental students . . institution Al-assisted . .
. experimental Inclusion of both hinder skill
performing study with  objective (time study. group development in
Alin full-mouth Y ) Al assistance ~ demonstrated eop
.. . two student and accuracy) . e novice learners.
Clinical, radiograph . led to reduced significantly
. . . ... groups: and subjective Students
Diagnostic mounting with accuracy, lower accuracy -
el Chang et al., K manual vs Al-(student ’ maintained
Training, and and without AI ", ) suggesting than the
. . 2024, . assisted perceptions) . . neutral
Radiographic assistance, and . issues with manual group .
. USA[23] radiograph  outcome . perceptions
Interpretatio (2) student . over-reliance on(p < 0.01).
. mounting.  measures. . toward Al,
n perceptions of automation.  Student a1
, Pre- and post-Random ) highlighting the
Al’s usefulness . No long-term  confidence and
. study surveysallocation of 40 . need for careful
in dental L assessment of perceptions of .
. were also participants . . integration of Al
education. . retention or Al did not .
administered. enhances . . tools in early
) .., skill transfer. differ
internal validity. . dental
significantly .
between education.
bef Bias Risk:
roups, before
grovp Moderate due to
or after the
. . small sample
intervention. .
size, lack of
blinding, and
single-site scope.
DentQA
provides a
promising Al-
DentQA based solution
outperformed for reliable and
. GPT3.5in efficient
Combines . .
To develop and .. Total of 4 accuracy (p= information
objective (BLEU . .
evaluate human 0.00004) and  retrieval in
Tool score) and D
DentQA, a development subiective evaluators only significantly ~ dental
GPT3.5-based P ) and 200 reduced education. Its
. a (human i L.
dental semantic .. . . . questions hallucinations reduced
. validation  evaluation) .
search engine . evaluated. (p =0.026). hallucination
. study using performance
. aimed at Lack of real-  Demonstrated rate and
Alin improvin both non- assessments. world consistent consistent
Clinical, . P ,g human (BLEUTailored
. . Prakashet information e classroom or  performance  performance
Diagnostic . score)and  specifically to . . .
e al., 2024, retrieval for . clinical across question across question
Training, and " human dental education , . .
. . India[24] dental implementation types (X?= types support its
Radiographic .. _performance content. .
K students, while . . 13.0378, p= potential as a
Interpretatio . metrics, Compared . . .
addressing . . . Evaluations  0.012). domain-specific
n . . including directly to . . .
issues like . limited to BLEU Unigram educational tool.
o accuracy, GPT3.5 baseline .
hallucination, L document- score of 0.85 Further testing
. hallucination for . . .
bias, and . based Q&A confirmed in real academic
.. . _rate, and user benchmarking. . .
misinformation . . rather than linguistic settings is
satisfaction. Evaluated on 200 e N
Lestions across broader clinical reliability. recommended.
?nulti le decision- High user Bias Risk:
P making tasks. satisfaction Moderate due to
categories.

with an average a limited

response time number of

of 3.5second  evaluators and
absence of
practical
deployment
data.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.0693.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 July 2025

d0i:10.20944/preprints202507.0693.v1

9 of 20

Al, specifically
ChatGPT-4,
demonstrated
superior
diagnostic
performance
compared to
dental students
in endodontic
assessments. The

findings
ChatGPT-4 highlight the
Included a large achieved 99.0% potential of Al
student sample
(n=109) accuracy, as an
To compare the L . outperforming educational
. . Included junior Scenarios .
diagnostic . senior students support tool,
. (n=54)and limited to seven o .
accuracy of ~ Comparative . ) (79.7%) and  particularly for
. senior (n=55)  predefined N . .
dental students observational juniors (77.0%). reinforcing
. . groups for cases may not . . .
(junior and study using . Median diagnostic
. subgroup generalize . .
senior cohorts) seven . diagnostic standards.
. . analysis. across broader
with thatof a  standardised . accuracy: However,
. .. Used gold- clinical o
Alin modified clinical standard expert complexit ChatGPT = caution is
o ChatGPT-4  scenarios. P PO 100%, Seniors = advised
Clinical, . . . assessments for No evaluation . .
. . model in Diagnostic 85.7%, Juniors = regarding
Diagnostic . . accuracy of long-term o .
o, Qutieshat et endodontic accuracy was ’ ¢ 82.1%. overreliance,
Training, and comparisons.  retention or . .
. . al., 2024, assessments ~ measured for . . Statistically which could
Radiographic L. Applied robust educational . .
. Oman[25] related to junior and . . significant hinder the
Interpretatio . statistical impact post-Al
pulpal and senior dental . difference development of
n . analysis exposure. S
apical students . between students’ critical
. (Kruskal-Wallis Does not assess .
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Al as an
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Tool and
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System

Alietal.,
2024,
Qatar[32]
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students’ tutors was  linsight. student overall scores. analysis. Student
histology assessed Standardized = preferences due Students preferences
assignments. using a rubric ensures  to familiarity =~ perceivedno leaned toward
standardized consistency withhuman  significant human feedback
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in-the-blank)
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platforms can across three Evaluation scored readability (p = cases efficiently,
develop high- de-identified performed by  significantly = 0.15) between but human
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. Katebzad et . . S

Generation Al 2024 standardized, to generate blinded, board- indicating AI  cases prompt

for the . ’ and clinically pediatric certified limitationsin  Investigator-  engineering are
. USA[34] . . .

Dental Field relevant dental cases examiners clinical generated cases essential to
simulated on three Introduces a accuracy and  scored ensure clinical
pediatric dentalthemes. AI-  novel rubric (AI- OSCE significantly ~ accuracy and
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based on a pilot
education sample.

4. Discussion

This review confirms that Al holds promise in dental education, but highlights two major gaps
limiting progress: the absence of a standardized definition of Al and the lack of clinician-led model
development. Many studies misclassify tools like virtual reality as Al due to unclear definitions,
undermining consistency across the field. Additionally, most Al tools are developed by computer
scientists with minimal dental input, resulting in limited clinical relevance. By introducing a domain-
based classification, this review offers a structured foundation that can help guide future studies
toward more practical, targeted, and clinically meaningful Al applications in dental education.

4.1. Al in Preclinical Training

Al applications in this domain focus on skill development, simulation-based learning, and
automated feedback systems to support students before they engage in direct patient care. Several
studies have demonstrated Al's effectiveness in improving procedural accuracy, reinforcing learning
outcomes, and providing individualized feedback.[18,19] However, challenges remain in
standardizing Al-driven training, ensuring reliability, and integrating AI assessments into
competency-based education frameworks.

Al-driven simulation platforms have enhanced interactive preclinical training by providing
structured, self-directed learning. Mahrous et al.[19] found that students using Al-generated
feedback for prosthodontic design achieved higher accuracy than those with traditional instruction.
Choi et al.[18] found Al useful in evaluating endodontic access cavity preparations. However, Al still
struggles with assessing nuanced skills like hand dexterity, which require human oversight.

In the view of this scoping review’s authors, while Al offers measurable benefits in preclinical
training, several challenges merit attention. While effective at assessing objective metrics like cavity
depth, Al struggles with subjective skills such as dexterity and technique. Its accuracy depends on
the quality and diversity of training datasetsany bias or limitation reduces reliability. Integrating Al
into curricula also requires faculty training, infrastructure, and alignment. Moreover, excessive
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reliance on Al may hinder students' development of self-assessment and critical thinking skills
essential for clinical reasoning and growth.

4.2. Al in Clinical and Diagnostic Training and Radiographic Interpretation

Al s increasingly used in dental education to support clinical and diagnostic training, especially
in radiographic interpretation and case-based reasoning. Studies by Qutieshat et al.[25], Rampf et
al[26], and Schropp et al. [28] show that Al can improve diagnostic accuracy and standardize image
interpretation, often outperforming student assessments in detecting caries, pulp, and periodontal
pathologies. Similarly Or et al.[20] reported improved diagnostic confidence from students using an
Al chatbot for history-taking These tools support real-time decision-making and diagnostic
consistency, but over-reliance, ethical issues, and limited adaptability remain key barriers.

Al shows strong potential in radiographic interpretation, improving students’ ability to detect
caries and other pathologies. Studies by Rampf et al.[26] and Qutieshat et al.[25] found Al-enhanced
diagnostic tools outperformed or matched student performance, especially in early enamel caries and
endodontic cases. However, Schropp et al. [28] highlighted concerns about AI model generalizability
across systems, recommending Al as a supportive not stand-alone tool. Additionally, Suarez et al.
[29] found AI chatbots improve students’ diagnostic reasoning, though Qutieshat et al. [25]
emphasized Al's lack of clinical intuition, underscoring the continued need for human oversight.

In the view of the scoping review authors, while Al offers clear benefits in enhancing diagnostic
skills, key challenges remain. There is a risk of students becoming overly reliant on Al, potentially
diminishing their clinical reasoning and independent judgment. Ethical concerns around
accountability also arise if Al-generated errors impact patient safety. Moreover, variability across Al
models underscores the need for standardization and regulatory oversight in dental education.

4.3. Al as an Assessment Tool and Feedback System

Al is increasingly used in dental education for automated grading and real-time feedback,
improving efficiency, reducing bias, and enhancing learning through personalized responses [31].
However, challenges remain, including difficulty evaluating complex answers, risks of student over-
reliance, and concerns about transparency and bias.

Al-driven grading systems in dental education offer consistent and scalable assessment,
improving efficiency and reducing variability[31]. However, students found Al feedback lacking in
depth for open-ended and case-based tasks[32].

Al assessment tools provide real-time feedback that helps students self-correct and adapt. [31].
In clinical skill evaluations, Al has improved performance by analyzing procedural accuracy and
providing iterative feedback [18] However, proper calibration and faculty oversight are essential to
prevent reinforcement of incorrect techniques.

In the view of the scoping review authors, while Al enhances assessment efficiency and
consistency, key challenges persist. Students may become overly reliant on Al, potentially weakening
their critical thinking. Current models struggle with nuanced evaluations involving communication
and ethics. Additionally, privacy concerns and the lack of standardization across platforms limit
broader integration into dental education.

4.4. Al in Content Generation for the Dental Education

Al is increasingly used in dental education to generate case-based materials, automated
questions, and structured content. Tools like natural language processing and machine learning
support the creation of curricular resources and adaptive learning modules[32,33]. These tools
enhance efficiency and accessibility, but challenges persist around validating content, meeting
accreditation standards, and avoiding bias.
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Al has been used to create structured learning materials like case studies and assessments,
enhancing diagnostic training and self-directed learning [34]. Al-powered search tools also
outperform general models in retrieving accurate, relevant dental education resources[33].

Al has been used to automate the creation of MCQs and interactive assessments, helping
generate quizzes aligned with key learning objectives [34]. This reduces faculty workload while
supporting adaptive student practice.

In the view of the scoping review authors, despite its efficiency, Al-generated content in dental
education presents key challenges. It requires careful review for accuracy and relevance, as limited
training datasets may introduce bias. Content must also align with accreditation standards and
competency frameworks, while remaining engaging enough to promote meaningful student learning
and participation.

The advancement of this field is hindered by the absence of a standardized definition of Al
within dental research, coupled with a notable shortage of input from dentists with Al expertise in
the development of relevant platforms. Addressing these challenges through clinician-led Al
research and the formulation of clearer definitions will significantly enhance the quality and
relevance of future studies, paving the way for a more effective incorporation of Al in dental
education.

4.5. Limitations

This review followed a rigorous PRISMA-S5cR methodology; however, some relevant studies
may have been missed due to database restrictions or keyword limitations [15] Many included
studies had methodological constraints such as small sample sizes, unvalidated instruments, and
limited generalizability [18,19,31] Furthermore, a reliance on student self-reported data introduces
potential bias due to recall or social desirability factors [30]. Few studies explored faculty or
curriculum designer perspectives, revealing a gap in understanding institutional readiness for Al
integration [20,21,28]. Some methodological limitations should be acknowledged. The review was
not registered in a protocol registry, and although multiple databases were searched, the inclusion
was limited to English-language publications, which may have excluded relevant non-English
studies. Additionally, no formal critical appraisal tool was used, and data extraction and bias
assessment were conducted manually, which may introduce subjective interpretation despite
independent review by two authors.

5. Conclusions

Al holds significant potential to enhance dental education, particularly in preclinical
assessments where students develop foundational clinical skills. Its integration can support real-time
feedback, improve diagnostic training, and personalize learning. However, current research remains
limited, especially in evaluating core tasks such as restorative cavity preparation. To ensure Al's
relevance and reliability, future research should focus on developing clinically meaningful, real-time
assessment tools led by dental educators. Clear definitions of Al standardized classification
frameworks, and robust ethical oversight are essential to support consistent evaluation and safe
implementation. At the institutional and policy level, integration of validated Al systems should be
accompanied by clear governance structures, while educators should ensure that AI complements
rather than replaces human oversight and judgment in student learning.
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