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REVIEW

ABSTRACT
Artificial intelligence is transforming dentistry, but its adoption raises ethical, bias-related, and regulatory questions that the accuracy-fo-
cused literature has left largely unexamined. This narrative review synthesizes the ethical dimensions of dental artificial intelligence across 
five axes: algorithmic bias and fairness, ethical principles, regulation and governance, data privacy and consent, and accountability and 
liability. The review draws on sources published up to 2025 and on the broader medical artificial intelligence literature. Dental models 
inherit demographic and acquisition biases from their training data, and fairness metrics are rarely reported. The principles of autonomy, 
beneficence, non-maleficence, and justice apply directly, and trustworthy use requires explainability and transparency. Regulatory fra-
meworks are emerging but heterogeneous, and dental tools sit uneasily between medical device and general software regulation. Data 
governance, informed consent, and the allocation of responsibility for model errors remain unresolved. The review concludes that the 
clinical value of dental artificial intelligence will depend as much on resolving these dimensions as on further gains in accuracy.
Keywords: artificial intelligence; dentistry; ethics; bias; government regulation; machine learning.

RESUMEN
La inteligencia artificial está transformando la odontología, pero su adopción plantea interrogantes éticos, de sesgo y regulatorios que la 
literatura centrada en la precisión ha dejado en gran medida sin examinar. Esta revisión narrativa sintetiza las dimensiones éticas de la 
inteligencia artificial odontológica en cinco ejes: sesgo algorítmico y equidad, principios éticos, regulación y gobernanza, privacidad de 
datos y consentimiento, y responsabilidad. La revisión se apoya en fuentes publicadas hasta 2025 y en la literatura más amplia de inteli-
gencia artificial médica. Los modelos odontológicos heredan sesgos demográficos y de adquisición de sus datos de entrenamiento, y las 
métricas de equidad rara vez se reportan. Los principios de autonomía, beneficencia, no maleficencia y justicia se aplican directamente, 
y un uso confiable requiere explicabilidad y transparencia. Los marcos regulatorios son emergentes y heterogéneos. La gobernanza de 
los datos, el consentimiento informado y la asignación de responsabilidad por los errores del modelo siguen sin resolverse. La revisión 
concluye que el valor clínico de la inteligencia artificial odontológica dependerá tanto de resolver estas dimensiones como de nuevas 
ganancias de precisión.
Palabras clave: inteligencia artificial; odontología; ética; sesgo; regulación gubernamental; aprendizaje automático.

https://orcid.org/0000-0001-9143-9884
mailto:martacapote@infomed.sld.cu
http://www.southam.pub
https://crossmark.crossref.org/dialog/?doi=10.62486/aid202528&domain=pdf
https://doi.org/10.62486/aid202528


Samón Mayan et al. SAP Artificial Intelligence in Dentistry. 2025;1:28

https://doi.org/10.62486/aid202528 2

INTRODUCTION

Artificial intelligence has moved rapidly from a research curiosity to a clinical tool across 
dentistry, with models now proposed or deployed for caries detection, periodontal assessment, 
cephalometric analysis, tooth segmentation, and treatment planning.(1,2) The literature on these 
applications is dominated by accuracy metrics, and the question that drives most studies is whe-
ther a model performs as well as or better than a clinician. The ethical, bias-related, and regulatory 
dimensions of the same technologies have received far less attention, even though they determine 
whether the tools can be used safely and equitably in practice.(3)This imbalance is itself a finding 
worth noting: the field has invested heavily in making the models accurate and comparatively little 
in making them fair, lawful, and accountable. The imbalance is not surprising, because accuracy 
is easy to measure and fairness is not, but it is consequential, because a model is only as useful as 
it is trustworthy.

The three dimensions are connected rather than independent. Algorithmic bias determines 
whether a model performs equitably across the populations it serves, ethics determines whether 
its use respects patient autonomy and promotes benefit, and regulation determines whether its 
deployment is lawful and accountable. A model that is accurate on average but biased against a 
subgroup is a clinical hazard, and a model that is accurate and fair but deployed without a regu-
latory basis is a legal and institutional hazard.(4,5) These dimensions therefore cannot be separa-
ted from the accuracy literature, and a complete assessment of dental artificial intelligence must 
address all of them. The present review is organized so that each dimension is treated in its own 
right and then brought together, because the whole point is that they are not separable in practice.

The connection runs in both directions. A biased model is not merely an ethical problem; it 
is also an accuracy problem, because the bias means the accuracy is unequally distributed. And 
an unregulated model is not merely a legal problem; it is also a trust problem, because a clini-
cian cannot responsibly rely on a tool whose provenance and validation are unknown. The three 
dimensions are therefore best understood as three lenses on a single question: whether a dental 
artificial intelligence tool can be trusted to do what it claims, for every patient, within a lawful and 
accountable framework.

The aim of this narrative review is to synthesize the ethics, bias, and regulatory dimensions of 
artificial intelligence in dentistry across five thematic axes, and to identify the tensions and gaps that 
remain. The review is organized as a synthesis rather than a systematic enumeration, and it draws 
on the dental literature where it exists and on the broader medical artificial intelligence literature 
where the dental evidence is thin.(6)The intended audience is the clinician and the researcher who 
must decide whether and how to adopt these tools, and the review is written so that the technical, 
the ethical, and the regulatory considerations can be weighed together rather than in isolation. 
The five axes are not intended to be exhaustive of the subject, but they capture the questions that 
arise most consistently when the technology moves from the laboratory into the clinic.

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.(7)The sources were bibliographic databases 
searched using queries that combined terms for artificial intelligence with dentistry and with ethics, 
bias, fairness, and regulation, with a publication window of 2018 to 2025 for the dental studies 
and no lower limit for the conceptual and methodological literature. Institutional and regulatory 
documents were included where they established the framework against which the studies were 
read. Selection was by relevance to one of the five thematic axes, and the synthesis is narrative 
and organized by axis rather than by study. The searches returned a substantial body of work on 
artificial intelligence in dentistry in general, from which the subset addressing ethics, bias, and 
regulation was retained, and the broader medical artificial intelligence literature was searched 
separately to supply the conceptual and methodological references that the dental literature does 
not yet provide.

The five axes were defined before the synthesis: algorithmic bias and fairness, ethical princi-
ples, regulation and governance, data privacy and consent, and accountability and liability. For each 
axis, the review synthesizes the state of the evidence, the points of agreement and disagreement, 
and the remaining gaps. The review does not aim to be exhaustive, and it does not quantify the 
frequency of any finding; it aims instead to organize a dispersed literature into a coherent account. 
The five axes and their central claims are summarized in a single table (Table 1).
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Table 1. Synthesis of the thematic axes of ethics, bias and regulation of artificial intelligence in dentistry.

Axis Central claim Main unresolved question

Algorithmic bias and fairness Models inherit demographic and acquisition 
bias and are rarely audited How to make subgroup reporting standard

Ethical principles Autonomy, beneficence, non-maleficence and 
justice apply directly How to operationalize explainability and oversight

Regulation and governance Regulatory status is unsettled and 
heterogeneous

Which dental tools are devices and how to 
monitor updates

Data, privacy and consent Training data governance and consent 
predate machine learning A consent model specific to machine learning

Accountability and liability Responsibility for errors is distributed and 
unclear Who is accountable when a model errs

Note: The table summarizes the central claim and the main unresolved question of each axis.

DEVELOPMENT

Algorithmic bias and fairness
The central risk in this axis is that a dental model trained on a non-representative dataset 

will perform unevenly across the populations it serves, and that the unevenness will reproduce or 
amplify existing inequities.(4)The medical literature provides the clearest warning: a widely used 
algorithm in health management systematically under-rated the disease burden of Black patients 
because it used health spending as a proxy for need, and the bias arose not from the model but 
from a biased choice of outcome.(4)The same mechanism applies in dentistry, where models are 
trained on radiographs and images drawn predominantly from the institutions and populations 
that produce the most research, and where demographic and acquisition characteristics are rarely 
balanced.(8,9) The lesson of the landmark case is that the bias is usually not in the model’s code 
but in the data and in the choices that define the task, which means that auditing the model in 
isolation, without auditing the data and the outcome, will miss the problem.

The dental literature has begun to document this. Studies of facial and intraoral image analy-
sis have shown that performance varies with skin tone and with demographic characteristics, and 
that models trained on one population can degrade when applied to another.(8,10) Fairness has 
been proposed as an explicit evaluation criterion for dental models, with calls for the reporting of 
subgroup performance alongside the overall accuracy, but the criterion is rarely applied in practice.
(11)The fairness literature in medical imaging provides the tools, including subgroup analysis, cali-
bration by demographic, and algorithmic audits, and their translation to dentistry is overdue.(12,13) 
Recent work has begun to tackle the problem directly, proposing concrete steps to overcome bias 
in dental image analysis and arguing that the obstacles are institutional as much as technical.(14,15)

The consequences of ignoring this axis are not hypothetical. A model that is less accurate 
for a particular skin tone or a particular dental morphology will misdiagnose those patients at a 
higher rate, and because the affected groups are precisely those that already face barriers to care, 
the model converts a data artifact into a health disparity. The mitigation is to report subgroup 
performance, to audit for bias before deployment, and to correct the training data where it is unba-
lanced, but these steps require the dental community to treat fairness as a first-order requirement 
rather than an afterthought.(11,16)

The bias in dental models has several distinct sources, and distinguishing them matters for 
remediation. The first is representation bias, in which the training data under-represent a popula-
tion and the model therefore performs poorly on it; this is the most commonly discussed and the 
most tractable, because it can be addressed by collecting more diverse data.(9)The second is label 
bias, in which the reference standard itself is uneven, as when the expert annotation is less reliable 
for one group than another; this is harder to detect because it is embedded in the ground truth.
(10)The third is measurement bias, in which the image acquisition differs across settings and the 
model, trained on one setting, misreads another. All three can coexist, and an audit that finds only 
the first may miss the others, which is why a fairness evaluation needs to probe each source rather 
than rely on a single metric. The three sources also require different remedies: representation bias 
requires more diverse data, label bias requires a better reference, and measurement bias requires 
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calibration across acquisition settings, and a remedy aimed at one will not fix the others.

Ethical principles
The four classical principles of autonomy, beneficence, non-maleficence, and justice apply 

directly to dental artificial intelligence, and each raises questions that the accuracy literature does 
not answer.(17,18) Autonomy is engaged because a patient has a right to know that a machine 
contributed to their diagnosis and to decline it, which requires a process of consent that many 
dental practices do not yet have. Beneficence and non-maleficence are engaged because the tool 
must be shown to improve outcomes without introducing new harms, and the harms of a mis-
diagnosis are borne by the patient, not by the model.(19)The principle of non-maleficence is the 
most immediate of the four, because the harm of an incorrect model output is direct and clinical, 
and the burden of showing that the harm is outweighed by the benefit rests on those who deploy 
the tool, not on those who are subjected to it.

These principles are not new, but their application to artificial intelligence forces a re-exa-
mination of assumptions that the profession has long taken for granted. The assumption that the 
clinician alone is responsible for a diagnosis, for example, becomes harder to maintain when a 
model has contributed to it, and the assumption that a patient’s consent covers the use of their 
data becomes harder to maintain when the data are reused for training. The value of the classical 
principles is precisely that they are old enough and general enough to guide these new questions, 
and the task is to apply them with the specificity that the technology requires rather than to invent 
new principles.(17)

The principle of justice is the most structurally demanding, because it asks whether the 
benefits of the technology are distributed equitably and whether its errors fall on the already 
disadvantaged. The ethical frameworks proposed for dental artificial intelligence emphasize the 
need for transparency, explainability, and human oversight, and they converge on the view that the 
model should be a decision support rather than a decision maker.(20,21) The role of the clinician 
in this arrangement is central, because the ethical responsibility ultimately rests with the human 
who interprets the model, and the value of the tool depends on that human being equipped to 
exercise it.(22,23)

The ethical principles also have a temporal dimension. A model that is ethical at deployment 
may become less so as the population changes, as the acquisition equipment changes, or as the 
model is updated, and the ethics of the tool cannot be certified once and then forgotten.(20)The 
same is true of the clinician’s obligation: the duty to use the tool well is not discharged by a single 
training session but is an ongoing responsibility that must keep pace with the tool’s evolution. This 
temporal dimension, the fact that both the tool and the context are moving, is one reason the static 
frameworks inherited from medical device regulation fit artificial intelligence so poorly, and it is a 
recurring theme across all five axes. Explainability is not merely a technical convenience; it is the 
condition under which a clinician can responsibly accept or override a model’s recommendation, 
and its absence converts the clinician into a passive conduit for an opaque system.(21)

The ethical dimension also extends to the scholarly process itself. The use of artificial intelli-
gence in the authorship of scientific articles in dentistry has raised questions of attribution, integrity, 
and accountability, and the journals have begun to formulate policies that the individual author 
must navigate.(24)The same concern applies to the clinical record, where a model-generated in-
terpretation must be traceable to a responsible clinician, and where the provenance of the text or 
the measurement must be transparent to anyone who reads it later.(24,25)

The ethics of the scholarly use of artificial intelligence are a microcosm of the ethics of the 
clinical use. In both, the question is the same: what is the human responsible for, and what can be 
delegated to the machine without transferring the responsibility along with the work. An author 
who uses a model to draft a section of a manuscript remains responsible for the accuracy of the 
section, just as a clinician who uses a model to interpret a radiograph remains responsible for the 
diagnosis, and the failure to recognize this transfer of responsibility, rather than the use of the tool 
itself, is the ethical failure.(24,26) The principle generalizes: artificial intelligence changes the division 
of labor, but it does not change the locus of responsibility, and the ethical frameworks that govern 
the profession must be read in that light.

Regulation and governance
The regulatory status of dental artificial intelligence is unsettled, and the tools sit uneasily 

between the categories that regulators have established. Some dental models are marketed as 
medical devices and fall under the device frameworks of the Food and Drug Administration or 
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the European Medical Device Regulation, while others are marketed as general software and fall 
outside them, and the boundary between the two is not always clear.(5,27) The emerging artificial 
intelligence regulations, such as the European approach of risk-based classification, add a further 
layer that is only beginning to be applied to dentistry.(28,29) A diagnostic model that flags caries, a 
planning model that segments teeth, and a conversational model that answers patient questions 
each occupy a different position on this spectrum, and the same word, artificial intelligence, covers 
tools with very different regulatory implications.

The regulatory question is complicated by the pace of the technology. The frameworks assu-
me that a device is fixed and can be validated once, whereas a learning model that updates after 
deployment, or a generative model that produces new outputs for each input, does not fit that as-
sumption.(3)The regulatory gap is therefore not merely administrative; it is structural, and it means 
that a clinician may deploy a tool whose regulatory status is uncertain and whose post-market 
behavior is not monitored.(30)The gap is most acute for the generative models, whose outputs are 
not fixed even for a fixed input, and whose behavior cannot be characterized by a single validation 
study in the way that a diagnostic threshold can, which places them at the very edge of what the 
current frameworks were designed to govern.(3)The question of where responsibility should fall, 
and of how the regulatory burden should be shared between developers and clinicians, is the 
subject of active debate, with proposals ranging from stricter device classification to professional 
self-regulation.(31-35)

The governance of dental artificial intelligence is also distributed across institutions. The clinic, 
the hospital, the professional association, and the regulator each hold a piece of the responsibility, 
and the absence of a clear owner means that the responsibility can fall between them.(26,36) This 
distribution is both a weakness and an opportunity: a weakness because it allows the responsibility 
to dissipate, and an opportunity because it means the standards can be shaped by the profession 
itself rather than imposed from outside, and the profession is better placed than any regulator to 
know what a dental model actually does in practice. The proposals for governance emphasize a 
shared responsibility in which the developer certifies the model, the clinician maintains oversight, 
and the institution audits the outcomes, but these roles are aspirational rather than established.
(36)The distribution of responsibility is not merely a matter of assigning blame when something 
goes wrong; it is also a matter of who has the incentive and the authority to make the tool better, 
and a governance model that leaves no one clearly in charge also leaves no one clearly motivated 
to improve the tool.(31)

The international dimension adds a further complication. A model developed and validated in 
one jurisdiction may be deployed in another with a different regulatory regime, and the cross-bor-
der flow of both models and data means that the governance question cannot be answered entirely 
within a single legal framework.(5,27) A clinician in one country may use a tool certified in another 
without any assurance that the certification translates, and the same is true of the data on which 
the tool was trained, whose provenance may span jurisdictions with different privacy laws. The 
professional associations, which operate across jurisdictions, are therefore well placed to establish 
norms that outpace the slower process of legislation, and the guidelines they have begun to issue 
are an early form of the coordination that the field needs.(33,35) The trajectory of the debate, from 
permissive enthusiasm to a more guarded and structured approach, is itself worth noting, and 
the proposals that once treated artificial intelligence as a general-purpose tool are giving way to 
a recognition that a diagnostic model and a conversational assistant require different standards 
of scrutiny.(28,34)

Data, privacy and consent
The training of dental models depends on large collections of radiographs, photographs, and 

clinical records, and the governance of that data is the least resolved of the axes. The sources of 
training data are often unclear, the consent under which the data were originally collected did not 
anticipate reuse for machine learning, and the linkage between a training image and the patient 
it came from is not always severed.(37,38) The privacy risk is concrete, because a dental radiogra-
ph can identify a patient and can reveal more about them than their dental status alone.(39)The 
shift from a model of clinical data use, in which a radiograph serves a single patient, to a model of 
training data use, in which the same radiograph serves a population of future patients, is a change 
in kind that the existing governance does not fully capture.(38)The dental practice, which is often 
a small and lightly regulated setting compared with a hospital, is a particularly weak point in this 
chain, because the records it holds are rich in exactly the imaging data that the models need, and 
the governance of those records is frequently informal.
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The tension between data sharing and privacy is structural. The models improve with more 
and more diverse data, which argues for sharing, while the privacy of the patients whose data are 
shared argues for restriction, and the reconciliation of the two is an open problem.(38,40) Techni-
ques such as federated learning and de-identification mitigate the tension but do not eliminate it, 
and the consent model under which patients authorize the use of their data for training is still being 
worked out.(40,41) Federated learning, in which the model is trained across institutions without the 
data leaving each institution, addresses the privacy concern at the cost of a more complex and less 
transparent training process, and its adoption in dentistry is at an early stage.(40) De-identification, 
in which the data are stripped of identifying information, is more widely used but is not a complete 
solution, because a dental image itself can be identifying and because the demographic variables 
that fairness auditing requires are exactly the ones that de-identification removes.

The consent question is the sharpest point of this axis. A patient who consents to a radiograph 
for a clinical purpose has not thereby consented to its use in training a model, and the retrospecti-
ve reuse of clinical data for training is governed by frameworks that were written before machine 
learning existed.(37)The dental community needs a consent model that is specific to machine 
learning, that distinguishes clinical use from training use, and that is honest about the fact that a 
model cannot be retracted from what it has learned.(37,41)

The provenance of the data is as important as the consent that governs it. A model is only 
as good as the data it was trained on, and if the provenance of that data is not documented, the 
model cannot be audited, cannot be held to a fairness standard, and cannot be reliably re-valida-
ted in a new setting.(37)The sources of training data, the criteria for inclusion and exclusion, and 
the demographic composition of the data are all part of the documentation that a responsible 
deployment requires, and their absence is itself a signal that the model has not been prepared 
for clinical use.(39,40)

Accountability and liability
The final axis is the allocation of responsibility when a model errs. When a clinician misreads 

a radiograph, the responsibility is clear; when a model misreads it and the clinician accepts the 
model’s reading, the responsibility is distributed between the developer, the clinician, and the 
institution, and the law has not settled how to divide it.(42,43) The distinction between a tool that 
advises and a tool that decides is central to this question, because the law has well-established 
doctrines for human error but not yet for the mixed human-machine error that a decision support 
tool produces, and the novelty of the situation is what makes the responsibility hard to allocate.
(42)The question is not academic, because a missed lesion or a wrong measurement that traces 
to a model will eventually reach a patient, and the question of who is accountable will then be liti-
gated rather than debated.(42)The dental context adds a specific complication: many of the tools 
are marketed directly to practices as productivity aids rather than as medical devices, which may 
shift the perceived responsibility away from the developer and onto the clinician, even though the 
clinician has no control over the model’s behavior.(43)

The concept of the human-in-the-loop is the prevailing answer, in which the clinician retains 
the final responsibility and the model is a decision support, but the concept presumes that the 
clinician can meaningfully override the model, which is not always the case when the model’s rea-
soning is opaque.(21,44) The stronger the model, the more deference the clinician tends to give it, 
and the more the responsibility shifts toward the model without a corresponding legal shift, which 
is the accountability gap in its sharpest form.(44)The automation bias, the tendency to defer to an 
automated system even when its output conflicts with one’s own observation, is well documented 
in other domains and is a foreseeable risk in dentistry, where the model’s apparent precision can 
mask its actual uncertainty.(42)

The proposals for closing the gap emphasize documentation, audit, and shared responsibi-
lity. The model should be documented with its training data, its limitations, and its validation, the 
clinician should document the role the model played in each decision, and the institution should 
audit the outcomes, so that when an error occurs, its source can be traced.(43,45) These practices 
are feasible but not yet standard, and their adoption is the clearest near-term step the profession 
can take.

The question of liability interacts with the question of trust. A clinician who does not trust 
the model will override it even when it is right, and a clinician who trusts it too much will accept 
it even when it is wrong, and the calibration of that trust is a clinical skill that the current training 
does not teach.(32,44) The calibration is made harder by the fact that the model’s confidence, 
where it is even reported, is not a reliable guide to its correctness, so the clinician cannot simply 
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defer to a high-confidence output or dismiss a low-confidence one.(44)The same concern applies 
to the patient, who may either reject a correct machine-assisted diagnosis out of distrust or accept 
an incorrect one out of deference to the machine. Building calibrated trust, in both clinicians and 
patients, is therefore as much a part of responsible deployment as the technical safeguards, and 
it is a task that the profession has only begun to consider.(22,32)

The relationship between trust and accountability is not a simple trade-off. A more transpa-
rent model may be easier to trust but harder to hold accountable, if the transparency exposes the 
complexity of the reasoning without exposing a clear locus of error, and a simpler model may be 
easier to hold accountable but less accurate. The choice between them is not purely technical but 
also ethical, because it weighs the value of an accurate answer against the value of an answer that 
a human can understand and answer for.(21)This is the deeper question beneath the accountability 
axis, and it is one the field has only begun to pose.

DISCUSSION

Across the five axes, a single pattern emerges. The accuracy literature has advanced far ahead 
of the ethical, bias-related, and regulatory infrastructure that a safe deployment requires, and the 
gap between the two is the defining characteristic of the field.(3,6) The models are good enough 
to be used, but the questions of whether they are fair, whether they are lawful, whether the data 
were consented, and whether anyone is accountable for their errors remain, for the most part, 
unanswered. This gap is not unique to dentistry; the broader medical field faces the same lag, 
and the dental community can learn from the responses that have been proposed there.(5,6,44)

The axes also interact. A biased model is an ethical failure, an unregulated model is a gover-
nance failure, and an undocumented model is an accountability failure, and the same tool can 
exhibit all three at once. The interaction means that the axes cannot be addressed one at a time; 
a tool that is made fair but remains unregulated is not yet safe, and a tool that is regulated but 
remains biased is not yet equitable.(5,20) The resolution must therefore be coordinated across the 
axes, and the institutions that can coordinate them are only beginning to form.(36)The concept 
of trustworthy artificial intelligence, which bundles fairness, transparency, and accountability into 
a single standard, is the most developed attempt at such coordination, and its adoption by the 
dental community would go a long way toward closing the gap.(20,21) The dental literature has 
begun to converge on this language, and the appearance of the term trustworthy in dental arti-
ficial intelligence publications is itself a sign that the field is moving from a purely technical to a 
more holistic frame.(20,26)

The limitations of this review are those of its sources and of its method. The dental literatu-
re on these axes is thin, and the review therefore leans on the broader medical literature and on 
conceptual arguments, which may not translate perfectly to the specific context of dentistry. The 
selection was narrative and not systematic, so the account is shaped by what was accessible and 
relevant rather than by an exhaustive search. The review also could not assess the rate at which the 
proposed practices are actually adopted, because that evidence does not yet exist. The landmark 
demonstrations of bias in medical algorithms are drawn from settings outside dentistry, and their 
direct relevance to dental models is plausible but not yet demonstrated.(4)These limitations should 
be read not as weaknesses of the review but as features of the field it describes: the evidence that 
a thorough account of these dimensions requires does not yet exist in dental form, and the review 
is necessarily as much an agenda as a summary.

The agenda that follows is concrete. For research, the field needs studies that report subgroup 
performance and fairness metrics alongside accuracy, and that document the provenance and 
consent of the training data. For regulation, the field needs a clear determination of which dental 
tools are devices and which are not, and a post-market mechanism for the models that update. For 
practice, the field needs a consent model that is specific to machine learning and a documentation 
standard that makes the model’s role in each decision traceable.(3,27,43)

The agenda also has an educational component. Clinicians who will work alongside these 
tools need to understand what the tools can and cannot do, where their errors concentrate, and 
how to calibrate their trust, and this understanding is not yet part of the dental curriculum.(22,34) 
The same applies to patients, whose consent to a machine-assisted diagnosis is meaningful only 
if they understand what the machine contributed, and whose autonomy is served by an honest 
account of the tool’s role rather than by a technical one. Education, in this sense, is not separate 
from the ethical and regulatory agenda; it is the mechanism by which the other measures become 
effective in practice.
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The synthesis offered here is therefore a call for coordination rather than a set of isolated 
recommendations. The bias, ethics, regulation, data, and accountability axes each have their own 
literature and their own advocates, but a tool that satisfies one and neglects the others is not yet 
safe, and the patient is the one who bears the combined risk. The risk is not theoretical but perso-
nal, because it lands on a single patient at a single appointment, and the standards that protect 
that patient must be in place before the appointment, not discovered during it. The most useful 
single step the profession could take is to adopt a shared standard, modeled on the trustworthy 
artificial intelligence frameworks already proposed, that requires any dental model to demonstrate 
fairness, explainability, lawful status, data provenance, and a clear line of accountability before it 
is deployed.(20,27) Whether such a standard is enforced by the regulator, the profession, or the 
institution matters less than that it exists and is applied.

The review closes with a note on pace. The technology is advancing faster than the framewor-
ks that should govern it, and the distance between the two is widening rather than narrowing, 
because each new capability, from the first diagnostic models to the current generative systems, 
arrives before the previous one has been absorbed into practice.(3,5) This is not an argument for 
slowing the technology, which would be neither feasible nor desirable, but for accelerating the 
governance, so that the questions raised here are answered in time to guide the adoption they 
concern rather than after the fact. The questions are already answerable in principle; what is mis-
sing is the will and the institution to answer them at the pace the technology demands. Building 
that will, and that institution, is the task to which this review ultimately points, and it is a task for 
the whole dental community, for its clinicians and its researchers alike, working together.

CONCLUSIONS

Artificial intelligence in dentistry has advanced in accuracy faster than in fairness, ethics, and 
regulation, and the safe adoption of the technology depends on closing that gap. Algorithmic bias 
is inherited from non-representative training data and is rarely audited; the classical ethical princi-
ples apply directly and require transparency and human oversight; the regulatory status of dental 
tools is unsettled; the governance of training data and consent is unresolved; and the allocation 
of responsibility for model errors remains unclear. These dimensions are connected, and their 
resolution requires coordinated action by developers, clinicians, institutions, and regulators. The 
clinical value of dental artificial intelligence will therefore depend as much on this infrastructure 
as on further gains in accuracy, and the two must advance together rather than in sequence. A 
tool that is accurate but biased, or fair but unregulated, or lawful but unaccountable, has not yet 
earned its place in clinical practice, and the standard by which these tools should be judged is the 
whole of these dimensions, not the accuracy metric alone.
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