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ABSTRACT

Artificial intelligence is entering dental education through simulation, image-based tutoring, and, most recently, large language models,
but the evidence for its educational effect and the framework for its curricular integration have not been synthesized. This narrative
review traces the evolution of artificial intelligence in dental education in four stages: simulation and e-learning, image-based artificial
intelligence in radiology teaching, large language models and generative artificial intelligence, and assessment integrity and curricular
integration. The review draws on sources published up to 2025 and on the broader medical education literature. The evidence shows
that artificial intelligence can support learning and provide feedback, but that the studies are small, heterogeneous, and mostly short-
term, and that the validity of large language models for assessment is uneven. The main challenges are curricular: deciding what to
teach, how to teach it, and how to preserve assessment integrity in the presence of generative tools. The review concludes that artificial
intelligence should be integrated into dental curricula as a tool to be used critically rather than either embraced uncritically or excluded.

Keywords: artificial intelligence; education dental; curriculum; large language models; educational technology; students dental.

RESUMEN

La inteligencia artificial estéd entrando en la educaciéon odontolégica a través de la simulacién, la tutoria basada en imagenes y, mas
recientemente, los modelos de lenguaje, pero la evidencia de su efecto educativo y el marco para su integracién curricular no se han
sintetizado. Esta revision narrativa traza la evolucion de la inteligencia artificial en la educacién odontolégica en cuatro etapas: simulacion
y aprendizaje en linea, inteligencia artificial basada en imagenes en la ensefianza de radiologia, modelos de lenguaje y generacion de
contenido, e integridad de la evaluacion e integracion curricular. La revision se apoya en fuentes publicadas hasta 2025y en la literatura
mas amplia de educacion médica. La evidencia muestra que la inteligencia artificial puede apoyar el aprendizaje y dar retroalimentacion,
pero los estudios son pequenos, heterogéneos y mayormente de corto plazo, y la validez de los modelos de lenguaje para la evaluacion es
irregular. Los principales desafios son curriculares: decidir qué ensefar, como ensefarlo y cémo preservar la integridad de la evaluacion
ante las herramientas generativas. La revision concluye que la inteligencia artificial debe integrarse en los curriculos odontolégicos como
una herramienta de uso critico, sin abrazarla acriticamente ni excluirla.

Palabras clave: inteligencia artificial; educacion en odontologia; curriculo; modelos de lenguaje; tecnologia educativa; estudiantes de
odontologia.
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INTRODUCTION

Dental education is a long, structured process in which a student moves from basic scien-
ce to preclinical simulation to patient care, and at every stage the student depends on feedback
that is scarce, expensive, and unevenly distributed. Artificial intelligence has begun to enter this
process, first as simulation and e-learning, then as image-based tutoring in radiology, and most
recently as large language models that can answer questions, generate cases, and draft text. The
technology has the potential to address the central scarcity in dental education, which is indivi-
dualized feedback, but it also introduces new problems for assessment and for the definition of
competence.(1,2) The scarcity of feedback is not incidental but structural: a single instructor cannot
observe every student’s every attempt, and the consequence is that students practice with less
correction than the task requires, which is exactly the gap that a feedback-giving machine is suited
to fill. The question that frames this review is therefore not whether the technology should enter
dental education, which is already answered, but what it should be made to do there and how its
presence should change the teaching and the assessment that surround it.

The question of what artificial intelligence means for dental education is distinct from what
it means for dental practice. In practice, the question is whether a model can diagnose or plan
correctly; in education, the question is whether a model can help a student learn to diagnose and
plan, and whether the presence of the model changes what it means to have learned. These are
different questions, and the education literature has addressed them unevenly, with more atten-
tion to the novelty of the tools than to the learning they produce.(3,4) A model that is excellent in
practice can still be a poor teacher, if it produces answers without explanations or explanations
without the errors from which a student learns, and a model that is imperfect in practice can still
be a good teacher, if its errors are the occasion for the student’'s own reasoning. The literature has
not yet internalized this asymmetry, and the result is that the educational value of the tools is ju-
dged by the standards of the practice literature, which is the wrong standard.(4)

The rapid arrival of large language models has sharpened the question. A student can now
ask a model to answer an examination question, draft a treatment plan, or write a reflective essay,
and the educator must decide whether this is cheating, assistance, or something in between. The
distinction is not semantic, because it determines whether the curriculum treats the tool as a threat
to be policed or a resource to be taught.(5,6) The arrival was sudden enough that the institutions
did not have time to decide before the students had begun to use the tools, and the policies have
been, in many places, a response to a practice that had already spread rather than a framework
for it.(5)The question of what counts as cheating is also shifting, because the boundary between
the tool as an aid and the tool as a substitute is drawn differently for a grammar check than for a
diagnosis, and the same act can be legitimate in one context and illegitimate in another.(7)

The aim of this narrative review is to synthesize the applications, evidence, and curricular
challenges of artificial intelligence in dental education, organized chronologically by the stage of
adoption, and to identify what the evidence supports and what remains open. The review is wri-
tten for educators and curriculum planners who must decide how to respond to a tool that their
students are already using.(8)The chronological organization is chosen deliberately, because the
field's history is short and its trajectory is the clearest evidence of where it is going, and because
the stages map onto a progression from tools that fit the existing curriculum to tools that force the
curriculum to change. The review does not attempt to rank or recommend specific tools, which
would be obsolete before it was printed, but instead to identify the stable questions that any tool,
present or future, raises for teaching and assessment.

METHODS

This review followed the principles of the Scale for the Assessment of Narrative Review Arti-
cles, and it did not follow a systematic review protocol.(9)The sources were bibliographic databases
searched, using queries that combined terms for artificial intelligence, large language models, and
ChatGPT with dental education, students, curriculum, and assessment, with a publication window
of 2018 to 2025 for the dental studies and no lower limit for the conceptual and methodological
literature. Selection was by relevance to one of the four stages of adoption, and the synthesis is
narrative and organized chronologically. The searches returned a large body of work on artificial
intelligence in dental practice, from which the subset addressing education was retained, and the
medical education literature was searched separately to supply the conceptual and methodological
references that the dental literature does not yet provide.
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The four stages were defined before the synthesis: simulation and e-learning, image-based
artificial intelligence in radiology teaching, large language models and generative artificial inte-
lligence, and assessment integrity and curricular integration. These stages overlap rather than
succeed one another, and a study is assigned to the stage in which its contribution lies, but the
chronological frame is useful because it tracks how the field has moved from the tools it already
understood to the tools it is still learning to understand. The stages and their challenges are sum-
marized in a single table (Table 1).

Table 1. Stages of artificial intelligence in dental education, with their applications and challenges.

Stage Applications Evidence Main challenge
Simulation and Automated feedback on - . .
. . ) . Small positive studies Transfer to clinical competence
e-learning preparations, virtual patients

Image-k_)ased Alin Automated interpretation feedback Small heter_ogeneous Whether the model teaches or
radiology studies answers
Large language Tutoring, question answering, case Uneven accuracy A useful tutor and a misleading
models generation across tasks authority
Assessment and . . More proposals than Measuring competence with and
; Integrity, competency definition - :
curriculum evidence without the model

Note: The stages overlap and are presented in the chronological order in which they entered the field.

The chronological frame should not be read too rigidly, because the stages coexist in the pre-
sent curriculum, and a contemporary dental school may have all four at once, in different courses
and at different levels of maturity.

DEVELOPMENT

Simulation and e-learning

The earliest and least controversial use of artificial intelligence in dental education is in si-
mulation and e-learning, where it extends techniques that predate the current wave of interest.
Automated assessment of preclinical preparations, virtual patients, and adaptive e-learning systems
have all been explored, and their commmon feature is that they provide feedback at a scale that a
human instructor cannot.(10,11) The continuity with earlier educational technology is worth em-
phasizing, because it means this stage does not raise the new questions that the later stages do;
it simply does the old things better and at greater scale, and it can therefore be adopted without
reopening the fundamental questions of the curriculum that the later stages will force, and this
is precisely why it is, and should properly remain, the least controversial part of the field, and the
part whose adoption the currently available empirical evidence supports most clearly. The value
of these systems is established in principle, and the dental literature has begun to report their use
in specific skills, such as cavity preparation and crown preparation, where an automated system
can measure the dimensions of the student’'s work and return a score.(12)The measurement is the
key: a preparation has objective dimensions, and an automated system can compare the student'’s
work against a standard with a precision and a consistency that a human eye, however experien-
ced, cannot match.

The evidence for these systems is positive but thin. Studies report that automated feedback
improves performance on the specific task and that students value the immediate feedback, but
the studies are small, single-institution, and short-term, and few of them measure whether the
improvement transfers to later clinical performance.(12,13) The gap between task-level improvement
and clinical transfer is the recurring limitation of this literature, and it applies equally to the later
stages. The reason the gap matters is that the goal of the preclinical stage is not the preparation it-
self but the skill that the preparation exercises, and a system that improves the preparation without
improving the skill has not achieved the educational purpose, however well it scores the task.(13)

The design of these systems also carries an implicit pedagogical choice. A system that scores
only the final preparation teaches the student to optimize the outcome, whereas a system that
scores the process, the sequence and the technique, teaches the student to optimize the approach,
and the two are not the same. The literature has attended more to the measurement of the out-
come than to the pedagogy of the process, and this is a direction in which the simulation stage
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could mature.(14) The distinction between outcome and process scoring is not academic, because
the clinical skill is a process, and a student who has learned to produce a good preparation by a
bad process has not learned the skill that will transfer to a patient, even though the preparation
itself is acceptable.(13)

The simulation stage is nonetheless the most mature part of the field, because the tools are
well understood, the outcomes are measurable, and the risks are low. The remaining question is
not whether artificial intelligence can support simulation but whether the dental schools will invest
in it, and the answer is shaped by cost and infrastructure as much as by evidence.(15)The applica-
tions described in this stage are the ones least disrupted by the later arrival of generative models,
because a feedback system that measures a preparation is not replaced by a conversational mo-
del, and the two coexist as complementary tools rather than as competitors.(14,16) The distinction
between the two is worth keeping clear: the simulation system gives feedback on a motor and
spatial skill that it can measure, while the conversational model gives feedback on knowledge and
reasoning that it can only approximate, and the confidence of the former is earned in a way that
the confidence of the latter is not.

Image-based artificial intelligence in radiology education

The second stage is the use of image-based artificial intelligence in the teaching of dental
and maxillofacial radiology, which is the part of the curriculum where the models are closest to
their clinical use. Students are taught to interpret radiographs, and the models that assist this in-
terpretation are the same models that the students will encounter in practice, so the educational
guestion is how to use them to teach rather than merely to answer.(17,18) This stage has a natural
advantage over the first, because the educational object, the radiograph, and the clinical object are
the same, and a model trained for diagnosis can be repurposed for teaching with comparatively
little additional work.(17)The stage also has a natural urgency, because radiograph interpretation
is a skill in which the consequences of error are immediate and serious, and the pressure to teach
it well is correspondingly high.(18)

The models in this stage vary in their suitability for teaching. A model that localizes a finding
and returns a confidence is well suited to teaching, because the student can compare the finding
and the confidence against their own reading, whereas a model that returns only a classification
is less suited, because it offers the answer without the evidence for it.(17)The best educational uses
of these models are therefore the ones in which the model's reasoning is visible, and the worst are
the ones in which the model is a black box that the student is told to trust, which is the same dis-
tinction that governs the clinical use of the same models. The radiology classroom is also where the
student first meets the model as a colleague rather than as a textbook, and the habits formed there,
of trusting, questioning, or verifying the model, are the habits the student will carry into practice,
which makes this stage a formative one beyond the specific skill of radiograph interpretation.(19)
The radiology course is therefore the natural place to begin the critical digital literacy that the later
stages will demand, and the educators in this stage are, whether they intend it or not, teaching
the student what it means to work with a machine that also reads the image.

The applications include automated feedback on radiograph interpretation, systems that
flag findings for the student to confirm, and comparisons between the student’s reading and the
model’s reading. The evidence suggests that such systems can support learning and can help stu-
dents calibrate their own interpretation, but the studies are again small and heterogeneous, and
the comparison between the model and the student is complicated by the fact that the model isin
several of the studies the reference against which the student is measured.(20,21) The comparison
between the student and the model is itself pedagogically useful, because it makes the student's
own reading an object of reflection rather than a final answer, and a student who must justify a
reading that disagrees with the model is practicing the very reasoning that the curriculum aims
to teach.(19,21)

The deeper question in this stage is whether the model should be visible to the student
during learning or hidden. A model that flags findings before the student has attempted the inter-
pretation may teach the student to rely on the flag rather than to see the finding, whereas a model
that confirms the student's interpretation afterwards may teach the student to see.(3)The pedagogy
of this distinction is not yet worked out, and it is a question that the clinical and the educational
uses of the same model raise in parallel. The distinction between scaffolding and dependence is
old in education, but the speed and confidence of the model give it a new sharpness, because a
student can come to rely on the flag so quickly that the underlying skill never forms.(19,22)
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Large language models and generative artificial intelligence

The third and most disruptive stage is the arrival of large language models, which differ
from the earlier tools in being general-purpose, conversational, and capable of producing text
and reasoning on demand. A dental student can now ask a model to explain a concept, answer
a multiple-choice question, generate a differential diagnosis, or draft a treatment plan, and the
model will produce a plausible answer for all of these.(6,23) The generality is what makes the stage
disruptive, because the earlier tools were each built for a single task and stayed within it, whereas
the language model crosses every boundary and appears wherever text or reasoning is produced,
which in a dental curriculum is nearly everywhere.

The arrival also changed the relationship between the student and the tool. The earlier tools
required the student to learn an interface and to operate within a defined task, which itself taught
something about the task, whereas the language model requires nothing of the student but a
guestion, and the effort that the interface once demanded is gone. This ease is both the model's
attraction and its danger, because the effort that the student does not make is the effort that the
learning depends on.(6)The educator’s task is therefore to reintroduce the effort, by asking the
student to verify, to justify, and to extend the model’s output, rather than to accept it.(22)The effort
is not reintroduced for its own sake but because it is the mechanism of learning, and a tool that
removes the effort removes the learning along with it, unless the educator deliberately puts the
effort back.

The evidence on the accuracy of these models in the dental domain is mixed and uneven
across tasks. Studies of large language models on dental examination questions report accuracy
that varies with the subject, the question format, and the model, with stronger performance on
recall and weaker performance on reasoning and on questions that require integration across
a clinical scenario.(24-26)The subject-level variation is consistent enough to be informative: the
models do well on the basic sciences, where the answer is a single fact, and worse on the clinical
subjects, where the answer depends on weighing several findings, which is the same pattern ob-
served across medical education more broadly.(24)The same unevenness appears in the medical
literature, where the models perform well on some licensing questions and poorly on others, and
where the accuracy is sensitive to prompting and to the specific model.(27,28) The dental-specific
evaluations add a further layer, because the dental examination includes both knowledge ques-
tions and case-based questions, and the models handle the former better than the latter.(29,30)

The educational significance of this unevenness is that a model can be a useful tutor and a
misleading authority at the same time. A student who asks the model to explain a concept may
receive an accurate explanation, while a student who asks the model to confirm a diagnosis may
receive a confident but wrong answer, and the model does not distinguish these cases for the
student.(11,19) The task of the educator is therefore to teach the student to use the model as a tool
whose output must be verified, which is a new form of digital literacy that the curriculum does not
yet contain.(22)The confidence of the model is the central hazard, because a wrong answer delivered
with confidence is more dangerous to a learner than a wrong answer delivered with uncertainty,
and the model's default is confidence regardless of correctness.(19)The student must therefore be
taught a habit that runs against the model’s design, namely to treat every output as a claim to be
checked rather than a fact to be accepted, and this habit is the core of the digital literacy that the
curriculum needs to build.

The potential of the model as a tutor is nonetheless real. The model is always available, never
impatient, and able to explain the same concept in as many ways as the student asks for, which
are properties that no human tutor possesses in combination.(23)The pedagogical literature dis-
tinguishes the model’s use as a source of explanations, where its unevenness is tolerable because
the student can compare and verify, from its use as a source of answers, where its unevenness is
not tolerable because the student cannot tell the difference.(23,26) The curriculum should therefore
teach the former use and caution against the latter. The distinction is teachable, and a student who
is trained to ask the model for explanations rather than answers, and to verify each explanation
against the course material, has acquired a durable skill that will outlast the specific model.(22)

Assessment integrity and curricular integration

The fourth stage is the most difficult, because it concerns what the presence of these tools
means for assessment and for the curriculum as a whole. The immediate problem is integrity: a
student who submits a model-generated answer or essay has not demonstrated the competence
that the assessment was meant to measure, and the distinction between legitimate assistance
and illegitimate delegation is hard to draw and harder to enforce.(5,7)
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The difficulty is that the same tool can be used in both ways, as an aid to thinking and as a
substitute for it, and the difference lies in the student’s intent, which an assessment cannot see.
(7)The technical tools that claim to detect model-generated text are unreliable, and the reliance
on them is a losing strategy, because they produce both false accusations and false reassurance
and because the models that evade them improve faster than the detectors do.(7)The sustainable
response is therefore not detection but design, in which the assessment is structured so that the
model’'s contribution, whether present or not, does not undermine what the assessment measures.

The deeper problem is curricular. If a model can answer the examination questions, then the
examination questions are testing what the model can do rather than what the clinician must be
able to do, and the assessment must change accordingly. The responses proposed in the literature
range from returning to proctored, in-person, and oral assessment, to redesigning the questions
so that they require what the model cannot do, to accepting the model as part of the assessment
and grading the student'’s use of it.(5,31,32)The integrity problem is made concrete by studies that
assess how well the models perform on the actual dental assessments, which shows that the
concern is not hypothetical but already realized.(33,34) Each of the proposed responses has a cost:
proctored and oral assessment is expensive and does not scale, redesigned questions are difficult
to write and to maintain, and accepting the model in the assessment requires a standard for what
constitutes good use of it, which is itself a new competency to define and to teach.

The curricular question is what to teach about artificial intelligence itself. Students will prac-
tice alongside these tools, and they need to understand what the tools do, where they fail, and
how to use them responsibly, and this understanding is a new competency that the curricula
are only beginning to define.(1,2) The surveys of students and educators show high awareness
and cautious attitudes, with students generally more enthusiastic and educators more guarded,
and the gap between the two is itself a curriculum problem.(2,35,36)The surveys also reveal that
knowledge about the tools is unevenly distributed, with many students reporting exposure to the
tools without a corresponding understanding of their limitations, which suggests that exposure
alone is not competence.(37,38) The proposals for a defined artificial intelligence literacy in dental
education, and for its assessment, are the concrete form of this new competency.(39,40)

The definition of this competency is itself a matter of debate. At a minimum it includes
knowing what the tools are, where they fail, and how to verify their output, and beyond that mini-
mum the proposals diverge, with some adding a technical understanding of how the models work
and others adding an ethical understanding of when they should be used.(39)The divergence is
healthy, because the competency is new and the field has not settled on its boundaries, but it also
means that two schools that both claim to teach artificial intelligence literacy may be teaching
quite different things, and a shared definition would make the curricula comparable.(1,40) The
shared definition, when it comes, will need to be specific enough to be taught and assessed but
general enough to survive the rapid change of the underlying tools, and finding that balance is a
task the field has only begun.

DISCUSSION

Across the four stages, a single trajectory is visible. The field has moved from tools that extend
existing educational methods, in simulation, to tools that challenge the methods themselves, in
generative models, and the pace of that movement has outpaced the evidence. The simulation
and image-based stages have a body of small positive studies, while the language model stage
has a body of accuracy studies that is growing faster than the studies of learning, and the assess-
ment stage has more proposals than evidence.(41,42) This trajectory mirrors the broader medical
education literature, where the same lag between tool availability and learning evidence has been
observed.(22,27) The lag is not a failure of the field but a property of the sequence in which any new
tool arrives: first it is demonstrated, then it is adopted, and only then is it studied, and the dental
field is still in the middle stage, where adoption outruns evidence. The lag has a consequence for
practice, which is that the curricular decisions are being made now, under uncertainty, and the
educators cannot wait for the evidence that would make the decisions easy, because the students
are using the tools now and the curriculum must respond now.

The central gap is the absence of evidence that connects the tool to the learning. The studies
measure whether a model is accurate or whether a student’s performance improves on a task, but
they rarely measure whether the student learns something that persists, transfers, and changes
their later clinical behavior. Until that link is established, the field cannot distinguish a tool that helps
students learn from a tool that merely helps them pass.(43,44) The distinction matters because a
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tool that helps a student pass without learning is, in an educational sense, worse than no tool at
all, since it defers the failure to the point where the patient is involved.(7,28)

The evidence that does exist is suggestive but not decisive. The studies that measure a lear-
ning outcome tend to report a benefit, and the studies that measure only the model's accuracy
tend to report the model's accuracy, and the two bodies of work do not yet meet in the middle,
where a model’s accuracy is linked to a student’s learning.(43)Bridging them requires studies that
are harder to design and slower to run, because learning is a slower and noisier outcome than ac-
curacy, and the field has preferred the faster and cleaner measurement, which is understandable
but leaves the central question unanswered.(41,44) The preference is also a consequence of the
incentives: an accuracy study is quick to publish and easy to review, while a learning study is slow
and methodologically demanding, and the field's incentives have therefore favored the measure-
ment that is least informative about education.(43)

The assessment question is the most urgent, because it is the one that the arrival of the tools
has already forced. The profession must decide, and is deciding, whether the model is a threat to
the integrity of assessment or an opportunity to make assessment more authentic, and the answer
determines the shape of the whole curriculum. The most coherent position in the literature is that
assessment should measure what a clinician must be able to do without the model, and separately
measure what the clinician can do with the model, because both are part of future practice, and
neither should be confused with the other.(5,31) This two-part assessment is the only position that
is honest about the future, in which the clinician will always have the model available, and about
the present, in which the student must still demonstrate the competence that the model cannot
supply.(31)The two-part assessment is not a compromise but a more complete account of com-
petence, because the clinician of the future will be judged on both the skill and the skill at using
the tools, and the assessment should mirror that reality rather than resist it.

The integration of the tools into the curriculum is not a single decision but a sequence of
them, each of which the institution must make for itself. Whether to teach the tools, in which cour-
ses, to what depth, and with what stance toward their use, are all open questions that the literature
can inform but not answer, because the answers depend on the institution’s mission, its students,
and its resources. The literature provides the options and the considerations, and the institutions
provide the decisions, and the result is that the curricula are diverging rather than converging,
which is both a risk and an experiment from which the field can learn.(8,32) The divergence is most
visible in the stance toward the tools, which ranges from permissive to restrictive, and the stance,
more than any specific course content, is what shapes the students’ eventual relationship with
the technology.(8)

The limitations of this review are those of a young and heterogeneous literature. The dental
studies are mostly small, single-institution, and short-term, and the review therefore leans on the
medical education literature for the conceptual frame. The selection was narrative rather than
systematic, and the rapid pace of publication means that the account is necessarily a snapshot.
The review also cannot assess the long-term outcomes of the curricula that are only now being
designed, because those outcomes do not yet exist. These limitations are themselves informative:
they show that the field is at the stage of early adoption, where the questions are being posed fas-
ter than the evidence can answer them, and where any synthesis is provisional by necessity rather
than by choice. The review should therefore be read as an organizing account of a moving field
rather than as a settled summary, and its conclusions are offered with the caution that a rapidly
changing technology deserves.

The agenda that follows is concrete. For research, the field needs studies that measure lear-
ning and transfer, not merely accuracy, and that compare the tool against the alternative rather
than against nothing. For the curriculum, the field needs a defined competency for artificial inte-
Iligence literacy, a pedagogy for using the tools critically, and an assessment framework that se-
parates competence without the tool from competence with it. For the profession, the field needs
a shared position on academic integrity that is principled rather than reactive.(8,45)

The agenda also has a temporal dimension. The tools will change, and a curriculum that
teaches a specific model or a specific interface will be obsolete quickly, whereas a curriculum that
teaches the underlying skill, of using an artificial intelligence critically and verifying its output, will
remain relevant as the tools evolve.(8)The competency to be taught is therefore not a knowledge
of the current tools but a habit of mind, and the institutions that teach the habit rather than the
tool will be the ones whose graduates are prepared for whatever the tools become.

The review closes with a note on responsibility. The decision to integrate or to exclude these
tools is not value-neutral, because the students will use them either way, and the choice is therefore
between teaching their use and leaving it untaught.(8)A curriculum that excludes the tools does
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not prevent their use; it merely ensures that the use happens without guidance, and a curriculum
that integrates them takes responsibility for a practice that is already occurring. The profession
should therefore choose integration, not because the tools are good, but because the alternative
is to abandon the students to them, and that abandonment is the one response that the evidence
does not support. The integration should be critical rather than celebratory, teaching the student
to use the tool and to doubt it at the same time, and the balance between those two teachings is
the substance of the curriculum that the field must now build.

CONCLUSIONS

Artificial intelligence has entered dental education in stages, from simulation to image-ba-
sed tutoring to large language models, and each stage has moved the field closer to a tool that
challenges the curriculum itself rather than merely serving it. The evidence supports the use of
these tools to provide feedback and to support learning, but it is small and short-term, and it does
not yet establish transfer to clinical competence. The accuracy of large language models is uneven
across dental tasks, which makes them useful tutors and unreliable authorities at once. The central
challenges are curricular and assessment-related: deciding what to teach about the tools, how to
preserve assessment integrity, and how to measure competence in a world where the model can
answer the questions. The field should integrate artificial intelligence as a tool to be used critically,
teaching students both what it can do and how to verify what it produces, rather than either em-
bracing it uncritically or excluding it. The students will use these tools regardless, and the choice
the profession actually faces is not whether they are used but whether their use is guided, which
is a choice that the curriculum, and not the technology, must make. The curriculum of the future
will be judged, in part, by how well it prepares its graduates to work alongside machines that are
themselves still learning, and that preparation is the task to which this review points.
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