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REVIEW

ABSTRACT
Generative artificial intelligence has moved from producing plausible but imperfect dental images to a serious instrument for augmen-
ting scarce datasets, and its trajectory in dentistry can be read in three stages. In the first stage, generative adversarial networks entered 
dental imaging as a tool for artifact correction and denoising, where the images were a means to a cleaner input rather than an end in 
themselves. In the second stage, the models turned to synthesis, producing synthetic panoramic, intraoral, and cephalometric images 
that augmented small datasets and addressed class imbalance, and the dental literature began to evaluate whether synthetic images 
improve downstream models. In the third, present stage, diffusion models raised the fidelity of synthetic radiographs, and the discussion 
shifted from whether images can be generated to whether they are private and whether they are valid, two questions the earlier literature 
largely ignored. The opportunities, augmentation, imbalance correction, rare pathology, and privacy-preserving data sharing, are real, but 
the privacy of synthetic dental data is not automatic, because generative models can memorize training examples, and the validation 
of synthetic data, that it is faithful, useful, and safe, is still in its infancy. The review concludes that generative dental data is a promising 
and rapidly maturing tool whose clinical and regulatory value now depends less on generating better images than on demonstrating 
that the images are safe to share and trustworthy to train on.
Keywords: artificial intelligence; generative models; synthetic data; dental imaging; privacy; validation.

RESUMEN
La inteligencia artificial generativa ha pasado de producir imágenes dentales plausibles pero imperfectas a convertirse en un instrumento 
serio para aumentar conjuntos de datos escasos, y su trayectoria en odontología puede leerse en tres etapas. En la primera, las redes 
generativas antagónicas entraron en la imagen dental como herramienta de corrección de artefactos y reducción de ruido, donde las 
imágenes eran un medio para una entrada más limpia. En la segunda, los modelos se orientaron a la síntesis, produciendo imágenes 
panorámicas, intraorales y cefalométricas sintéticas que aumentaron conjuntos pequeños y corrigieron el desequilibrio de clases. En 
la tercera, actual, los modelos de difusión elevaron la fidelidad de las radiografías sintéticas y el debate pasó de si se pueden generar 
imágenes a si son privadas y si son válidas. Las oportunidades son reales, pero la privacidad de los datos dentales sintéticos no es auto-
mática, porque los modelos generativos pueden memorizar ejemplos de entrenamiento, y su validación, que sean fieles, útiles y seguros, 
está aún en su infancia. La revisión concluye que los datos dentales generativos son una herramienta prometedora cuyo valor clínico y 
regulatorio depende hoy menos de generar mejores imágenes que de demostrar que son seguras para compartir y fiables para entrenar.
Palabras clave: inteligencia artificial; modelos generativos; datos sintéticos; imagen dental; privacidad; validación.
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INTRODUCTION

The shortage of labeled data is the quiet constraint on nearly every deep-learning advance in 
dental imaging. A model that detects caries, segments the mandibular canal, or classifies a lesion 
is only as good as the annotated images it was trained on, and dental datasets are small, private, 
and skewed toward common conditions, while the rare pathologies and the atypical presentations 
that a diagnostic model most needs to learn are exactly the ones least represented.(1)

The standard remedies, data augmentation, transfer learning, and multi-institution colla-
boration, help but do not remove the underlying scarcity, and the sharing of dental images is 
constrained by privacy, because radiographs and intraoral photographs are, or can be made to be, 
personally identifiable.(2)

The two constraints, scarcity and privacy, pull in opposite directions: the field needs more 
data to train better models, and it needs to share less data to protect patients, and this tension 
is what makes synthetic data so attractive, because it appears to dissolve the conflict by produ-
cing data that is both abundant and, in principle, non-personal. Generative artificial intelligence 
entered this problem with that specific promise: instead of collecting more data, synthesize it. A 
generative model trained on a small set of dental images can, in principle, produce new images 
that carry the statistical structure of the originals without copying any individual patient, and the 
resulting synthetic data can augment training, correct class imbalance, and be shared where the 
real data cannot.(3)

This promise has driven a decade of work whose trajectory, read chronologically, reveals as 
much about the field’s changing priorities as about its technical progress, and it is that trajectory, 
rather than any single model or paper, that this review sets out to read, because a trajectory read 
as a whole shows the field what it has learned and what it has, so far, only assumed.

The promise is worth stating carefully, because its three components, augmentation, imba-
lance correction, and privacy-preserving sharing, are distinct claims that require distinct evidence, 
and the field has not always kept them separate. Augmentation requires showing that a downs-
tream model trained with synthetic data performs better; imbalance correction requires showing 
that the rare class, in particular, is better learned; and privacy-preserving sharing requires showing 
that the synthetic data does not leak the real patients, and the third of these is, of the three, the 
one the imaging literature has least often attempted to demonstrate.

The story begins with the generative adversarial network, introduced in 2014 as a way to train 
a generator and a discriminator against one another, and its rapid adoption in medical imaging, 
where it was first used not to create data but to clean it, because the model’s ability to learn a data 
distribution was first turned, conservatively and understandably, toward restoring what noise and 
artifacts had degraded rather than toward inventing what had never existed.(4,5)

In dentistry, the early applications were artifact correction and denoising of computed tomo-
graphy, tasks in which the generative model was a means to a better input rather than a source 
of new examples.(6,7)

From there the field moved, in a second stage, to synthesis proper: generating panoramic, 
intraoral, and cephalometric radiographs that could augment small datasets, and the dental li-
terature began to ask the question that matters, whether synthetic images actually improve a 
downstream model.(8-10)

The present, third stage is defined by two shifts: the arrival of diffusion models, which produce 
more realistic images than their predecessors, and a turn toward the questions the earlier enthu-
siasm skipped, the privacy of synthetic data and the standards by which it should be validated.(11,12)

This review traces that trajectory and argues that the field’s center of gravity has moved from 
generation to governance, a move that is less glamorous than the technical progress that preceded 
it but is the more important of the two, because it is the move that will determine whether the 
generated images are ever used outside the laboratory, in the clinic, the classroom, or the shared 
dataset, where their value and their risk both become real.

The review is organized chronologically because the technology’s evolution is inseparable 
from its applications, and because the inflection points, the move from cleaning to synthesizing, 
and from synthesizing to validating, mark real changes in what the field is trying to accomplish, 
changes that a topical organization would flatten into a single undifferentiated body of work.

Three periods are delimited by explicit criteria: 2014 to 2018, the emergence of generative 
adversarial networks and their first medical and dental uses for correction; 2019 to 2022, the turn 
to synthesis and augmentation and its evaluation; and 2023 to 2025, the diffusion era and the turn 
to privacy and validation.

The periodization is not arbitrary: each boundary is marked by a concrete change in the lite-

https://doi.org/10.62486/aid202555


Hernández Bridon et al. SAP Artificial Intelligence in Dentistry. 2025;1:55

https://doi.org/10.62486/aid202555 3

rature, the first by the appearance of dental synthesis studies, the second by the arrival of diffusion 
models and of the privacy-and-validation framework, and the boundaries are therefore reproduci-
ble by a reader who examines the same sources. A periodization of this kind necessarily simplifies, 
and a study may straddle a boundary or anticipate a later development, but the simplification is 
useful precisely because it makes the trajectory legible, which is the first step toward judging it.

The purpose is to show not only what has been achieved but what has been overlooked, and 
to identify what the synthetic dental data of the future will need to demonstrate before it can be 
trusted in the clinic and before it can be shared where the real data cannot be.

DEVELOPMENT

2014-2018: the emergence of generative adversarial networks and their first dental uses
The generative adversarial network was introduced in 2014, and its defining feature, a gene-

rator and a discriminator trained adversarially, made it the first deep model capable of producing 
images that were visually plausible rather than merely statistically similar to their inputs, a capability 
that immediately attracted medical imaging.(4)

The early surveys of the field, and the first taxonomies of its variants, document a technology 
maturing rapidly in generality, and the broader medical-imaging surveys that followed show the 
adversarial network being taken up across ophthalmology, histopathology, and radiology within a 
few years of its introduction, which is the context in which the dental applications appeared.(4,13,14)

Its first dental appearances were conspicuously narrow, however: the generative model was 
used not to create new dental images but to correct existing ones. The clearest example is low-dose 
dental computed tomography, where a Wasserstein generative adversarial network was trained to 
remove the artifacts of reduced radiation, improving image quality without increasing dose, and 
where a transfer-learning generative network denoised dental computed tomography by learning 
the noise distribution rather than the signal.(6,7)

The half-scan artifact correction work that followed pushed the same idea further, using the 
generative network to reconstruct a clean image from a partial acquisition, a task in which the 
model is asked to fill in structure it has never seen, which is, in retrospect, the seed of the synthesis 
that the next period would embrace.(7)

In these applications the generative model was a sophisticated filter, and the evaluation was 
appropriately modest, image quality, dose, and diagnostic readability, rather than any claim about 
synthetic data as such. The period’s narrowness is, in hindsight, its virtue: by asking the model 
only to correct an image rather than to invent one, the early studies could be evaluated against 
the original, uncorrupted image, a clean reference standard that the later, generative applications 
would lack.

The significance of this first period is that it established the generative model’s credibility in 
dental imaging while leaving its data-generating potential almost entirely untapped, and it set 
the stage for the shift that followed by showing that the models could learn the structure of dental 
images well enough to manipulate it.

2019-2022: the turn to synthesis and augmentation
The second period is defined by a change of purpose: the generative model ceased to be a 

filter and became a factory. The dental literature in these years began to produce synthetic images 
for their own sake, panoramic, intraoral, and cephalometric radiographs generated to augment 
small datasets, and the studies cluster around two motivations, class imbalance and privacy.

The intraoral image generation of Kokomoto and colleagues, using progressive growing of 
a generative adversarial network and evaluated by dentists, made the privacy motivation explicit, 
arguing that synthetic images could substitute for real patient photographs in teaching and tra-
ining.(8)

The cephalometric generation work of Kim and colleagues extended the same idea to a 
harder, higher-resolution target and evaluated the realism of the output, while the panoramic re-
finement work of Kim and colleagues used the model in a hybrid role, cleaning a real image rather 
than inventing a new one.(9,15)

The restoration and prosthesis literature took synthesis in a functional direction, with con-
ditional generative networks designing crowns, inlays, and occlusal surfaces directly, where the 
generated output is not an image for a human to read but a geometry for a machine to mill, and 
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the comparative studies of this line, which measured time efficiency, occlusal morphology, and 
internal fit, established that the generated restorations were not merely plausible but clinically 
usable.(16-19)

This functional line is worth distinguishing from the image-synthesis line, because it has a 
different and in some ways easier validation problem: a generated restoration either fits or it does 
not, and the fit can be measured, whereas a generated radiograph is judged by a reader or by a 
downstream model, and its value is harder to pin down. The two lines therefore matured at different 
speeds, with the restoration line reaching clinical usability earlier, and the distinction foreshadows 
the third period’s recognition that validation is task-specific and cannot be reduced to a single 
realism score, a recognition that is, in effect, the intellectual content of the field’s current turn.

The scope of synthesis widened further in the same years: cephalogram synthesis from co-
ne-beam computed tomography produced the two-dimensional views that three-dimensional 
imaging lacks, tooth segmentation of three-dimensional scans used a generative model to over-
come the scarcity of annotated meshes, and dental-based human identification used a generative 
network to address the small-sample problem in a forensic setting.(20-22)

The orthopantomogram augmentation pipeline of Waqas and colleagues, and the narrative 
review of generative design for restorations, round out the period by showing that synthesis had 
become a general-purpose tool across nearly every dental image and geometry type.(23,24) The 
unsupervised tooth-segmentation work of Arian and colleagues, which used synthetic data for 
domain adaptation rather than augmentation, foreshadows the privacy-motivated uses that the 
third period would make central.(25)

The augmentation question, whether synthetic images improve a downstream diagnostic 
model, was tested most directly in the periapical classification study of Yang and colleagues, which 
generated images to train a classifier for C-shaped canals and evaluated the gain, and in the pe-
riodontal inpainting work of Kearney and colleagues, which used a generative inpainting network 
to fill missing structure and improve clinical-attachment-level prediction.(10,26)

These two studies are the period’s methodological high point, because they answer the 
question that the rest of the period’s literature merely posed, and their modest, mixed results are a 
more durable contribution than any demonstration of realism. The inflection point of this period is 
the appearance of the first systematic review of generative adversarial networks in dental imaging, 
which consolidated the scattered applications and made the field legible, and the appearance of a 
general survey of generative adversarial networks in medical imaging that placed dentistry within 
the broader medical trend.(27,28)

By the end of the period the technology had been applied to nearly every dental image type, 
but the evaluation had lagged the generation: most studies demonstrated that images could be 
made, and only a minority demonstrated that the images helped.

The distinction between these two demonstrations is the period’s lasting contribution, be-
cause it is the first appearance in the dental literature of the question, now central, of whether a 
synthetic image is useful rather than merely realistic, and the studies that answered it, by training 
a downstream classifier on synthetic data and measuring the change, established the template 
that the validation literature of the third period would formalize.(10,29)

2023-2025: diffusion models, privacy, and validation
The third period is defined by two changes that are related but distinct. The first is technical: 

diffusion models, which generate images by iteratively denoising from random noise, arrived in 
dental imaging and produced synthetic radiographs of a fidelity that the adversarial networks had 
not reached, including work showing that a diffusion model trained on a limited dataset of pano-
ramic radiographs can generate realistic images for augmentation, and coupled diffusion models 
for metal-artifact reduction in cone-beam computed tomography.(11,30)

The diffusion approach has a specific advantage that explains its rapid adoption: it is more 
stable to train than an adversarial network and less prone to the mode collapse that limited the 
earlier models, and these properties matter more in dental imaging, where the datasets are small 
and the cost of a failed training run is high, than they do in the large-scale domains where diffusion 
models were first demonstrated.

The tooth-generation and panoramic-generation systems of this period, with disentangled 
control over anatomy, mark a further step toward controllable, high-fidelity synthesis, and the 
Pano-GAN work showed that a generative model can produce entire panoramic radiographs of 
sufficient realism to be evaluated against clinical readers.(31,32)

The bitewing-segmentation work of Tolstaya and colleagues, which used synthetic data to 
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improve a segmentation model, and the synthetic-orthopantomogram augmentation of Waqas 
and colleagues, both belong to this period and both measure the downstream benefit rather 

than the visual quality, which is the sign that the utility question had taken hold.(23,29)
The second change is thematic: the field began to take its own premise seriously, and to 

ask whether synthetic dental data is actually private and actually valid, questions that the earlier 
literature had answered by assumption.(1,33)

The synthetic-panoramic study of Schoenhof and colleagues is the clearest marker of the 
shift, because it claims explicitly that generative networks can produce images “free from personal 
data” and then, in effect, invites the question of whether that claim has been demonstrated, and 
the more careful treatments that followed show that it has not been, at least not in general.(33)

The privacy question turns on a well-documented property of generative models, that they 
can memorize and reproduce their training examples, which means a synthetic image is not auto-
matically non-personal, and the dental literature’s early claim that synthetic images are “free from 
personal data” is, at best, an overstatement that the privacy literature corrects.(33,34)

The replica-detection and membership-inference methods that the neuroimaging and ge-
neral medical literatures have developed make the privacy question operational rather than rhe-
torical, by testing directly whether a generated image is a near-copy of a training example, and 
these methods are transferable to dental images without modification.(35)

The validation question is the mirror image: a synthetic image that is realistic but not faithful, 
or that is faithful but not useful, is of limited value, and the evaluation frameworks developed in 
the broader synthetic-data literature, which measure fidelity, utility, and privacy together, are only 
beginning to reach dental imaging.(12,36)

The systematic comparison of synthetic and real data across observational studies, which 
found that analyses on synthetic data can reproduce real-data findings but can also diverge, is 
the cautionary result that grounds the validation question in evidence rather than in principle.(36)

The systematic reviews of synthetic data across medical modalities that appeared in this pe-
riod converge on the same diagnosis, that generation has outpaced validation, and that the field’s 
next step is to close that gap.(37,38) The longitudinal and time-series synthetic-data reviews extend 
the same conclusion beyond imaging, and the fact that the diagnosis is shared across imaging and 
non-imaging modalities suggests it is a property of the field rather than of any single method.(38)

The inflection point of the present period is therefore not a new architecture but a new ques-
tion, and the remainder of the review addresses it directly. The three periods and their inflection 
points are summarized in (Table 1).

Table 1. Chronology of generative approaches for dental synthetic data.

Period Dominant method Dental application Inflection point

2014-2018 GAN CT artifact correction and denoising Generative model as filter

2019-2022 Conditional and progressive GAN Radiograph synthesis, augmentation, 
restoration design Generative model as factory

2023-2025 Diffusion models High-fidelity radiographs, privacy and 
validation From generation to governance

Note: GAN = generative adversarial network; the period boundaries mark the shift from correction to synthesis, and from synthesis to 
validation. Source: Summary of the reviewed literature.

DISCUSSION

The trajectory from cleaning to synthesizing to validating is the clearest finding of the review, 
and it is best read not as a sequence of technical upgrades but as a sequence of questions the 
field has learned to ask. In the first period the question was whether a generative model could 
clean a dental image, and the answer, demonstrated in the computed-tomography work, was yes. 
In the second period the question was whether it could create a dental image, and the answer, 
demonstrated across panoramic, intraoral, and cephalometric radiographs, was again yes. In the 
third period the question is whether the created image is private and valid, and here the answer 
is still, in the main, not yet, which is what makes this period the decisive one.(1,12)

The pattern is familiar from other fields: the technology arrives first, the applications follow, 
and the governance, privacy, and validation, arrives last, and the dental literature is not unusual in 
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this, but it is late, and the cost of the delay is that the early claims, that synthetic data is privacy-pre-
serving and that it improves models, were made before the evidence existed to support them.

That the claims were made early is understandable, because the promise was seductive and 
the alternative, waiting years for validation, was unattractive, but the record now shows that the 
field could have reached its current questions sooner if it had asked them sooner, and the lesson 
is general: a generative method’s output is only as trustworthy as the evaluation that follows it.

The three-stage reading also explains why the field’s current difficulty is not technical: the 
models now generate images that are hard to distinguish from real ones, and the difficulty is that 
this very success makes the privacy and fidelity questions harder, not easier, because a model that 
reproduces its training distribution faithfully is a model that is, by that very faithfulness, at risk of 
reproducing its training examples. The best generator is, in other words, the one that most needs 
to be checked, which is a reversal of the intuition, common in the first period, that a better model 
would resolve the field’s doubts.

What changed across the three periods is less the models than the attitude toward them. 
The technical difference between an adversarial network and a diffusion model is real, and the di-
ffusion models do produce more realistic radiographs, but the more consequential change is the 
recognition, now appearing in the dental and the medical literature alike, that realism is not the 
same as fidelity, and that a realistic synthetic image can be a misleading one.(11,12)

A synthetic radiograph that looks like a patient but contains no real patient is the best case; 
a synthetic radiograph that looks like a patient because it is, in substance, a memorized patient, 
is the worst, and distinguishing the two requires a privacy analysis that most dental studies still 
omit.(34,36)

The same distinction applies to utility: the handful of dental studies that tested whether 
synthetic images improve a downstream classifier found modest and mixed gains, which is a 
different and more honest result than the unqualified claim that synthetic data solves the data 
shortage.(10,29)

What persisted across the periods is the gap between generation and evaluation, and it is 
this gap, rather than any technical limitation, that now bounds the field’s progress. The persistence 
of that gap despite a decade of technical advance is itself worth reflecting on, because it suggests 
the gap is not a temporary immaturity but a structural feature of a field whose incentives reward 
the demonstration of a new capability more than the validation of an existing one, and the com-
mentary that frames generative artificial intelligence as raising questions of human oversight, of 
keeping the machine in the loop rather than trusting its output, speaks to the same concern from 
the governance side: the more convincing the generated image, the more necessary the human 
who checks it.(39)

The opportunities, for their part, are real and worth stating without the caution that the pri-
vacy discussion requires. The most immediate is augmentation: a synthetic image that is faithful 
to the real distribution can enlarge a small training set and, in the dental studies that tested it, can 
improve a downstream classifier, if modestly.(23,29)

The second is imbalance correction: generative models can oversample the rare class, the 
atypical lesion, the uncommon anatomy, which is precisely where real datasets are thinnest and 
where a diagnostic model’s errors are most dangerous, and this is the use that the bias-mitigation 
work in other domains has begun to demonstrate.(40)

The third is privacy-preserving sharing: if synthetic images can be shown not to leak their 
sources, they can be shared across institutions and into teaching where real images cannot, which 
would address the collaboration bottleneck that currently fragments dental research.(2,33) A fourth 
opportunity, less discussed but no less real, is the generation of teaching and simulation material, 
where the privacy bar is lower and the realism bar is what matters, and where the intraoral-gene-
ration work of the second period already showed the value.(8)

Each of these opportunities is conditional on the same thing, that the synthetic data be 
faithful, useful, and private, and it is the conditionality, rather than the opportunity, that the next 
two sections take up.

The privacy implications deserve to be stated precisely, because they are the place where 
the field’s early enthusiasm is most likely to mislead. Synthetic dental data is not automatically 
private, and the property that matters is not whether an image was generated but whether it can 
be traced to a real patient, a question answered by the memorization and membership-inference 
literature rather than by the generative model’s own claims.(34,35)

The legal and regulatory framing is maturing in parallel, with arguments that synthetic data 
can substitute for real data in regulatory decisions only if its fidelity and its privacy are both de-
monstrated, and with evaluation frameworks that make those two properties, and utility, explicit 
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and measurable.(12,41)
The distinction that the legal literature draws, between synthetic data as a privacy-enhancing 

technology and synthetic data as a privacy risk, depends on how the data was generated and whe-
ther it was audited, and a dental institution that treats all synthetic data as equally safe is making 
exactly the category error the literature warns against.(34)

The dental field has not yet adopted such a framework, and its synthetic-data papers gene-
rally report visual quality and a downstream accuracy, leaving the privacy question unexamined, 
which is the single most important gap the review identifies. The gap is all the more consequential 
because the privacy claim is often the stated justification for the work: a study that generates syn-
thetic radiographs to enable sharing has, by that very aim, taken on the burden of showing that 
the sharing would be safe, and a study that omits that demonstration has left its own motivation 
unsupported.

The neighboring medical literatures have grappled with the same questions longer, and 
their answers are instructive: the ophthalmology surveys of generative adversarial networks, the 
cancer-imaging reviews of data synthesis, and the histopathology assessments of generative mo-
dels all converge on the same caution, that realism is not fidelity and that generated images can 
leak their sources, and the more recent synthetic-data reviews across medical modalities make 
the evaluation framework explicit.(14,37,42,43)

The breast-imaging discussion of synthetic data and the in-silico trial literature add the re-
gulatory dimension, arguing that synthetic data enters decision-making only when its provenan-
ce and its privacy are documented, and the bias-mitigation work in prostate grading shows the 
positive case, that synthetic data can correct a skew in the training distribution if it is validated to 
do so.(40,44,45)

A practical consequence is that a dental researcher or regulator considering synthetic data 
should treat “synthetic” as a property to be proven, not a guarantee to be assumed, and should 
require, at minimum, a statement of how fidelity, utility, and privacy were each measured.

The validation requirements follow from the same reasoning, and they can be stated as a 
short list that the current literature only occasionally satisfies. Fidelity, that the synthetic images 
resemble the real distribution, is the property most often and most superficially reported, because 
visual inspection and a small quality metric are easier than a distributional comparison.

Utility, that training on synthetic images improves a downstream model, is the property that 
matters clinically and is reported least, because it requires the expensive step of actually training a 
diagnostic model on the synthetic data, and the dental studies that did take that step found gains 
that were real but modest, which is a more useful result than an unreported one.(10,29)

Privacy, that the synthetic images do not leak their training examples, is the property that is 
almost never reported, because it requires a privacy analysis that the imaging literature does not 
habitually perform.(12,36)

The evaluation framework that the broader synthetic-data literature has converged on, me-
asuring fidelity, utility, and privacy together and reporting all three, is the standard the dental field 
should adopt, and the longitudinal and tabular synthetic-data reviews show that the framework 
is applicable well beyond imaging.(12,38)

The review’s position is that all three are necessary and none is sufficient, and that a synthetic 
dental dataset that fails any one of them should not be described as ready for clinical or regulatory 
use, however realistic its images appear.

The three properties are also not independent, and a dataset that maximizes one may sacri-
fice another, because a model trained to reproduce the real distribution faithfully is, by that fidelity, 
closer to memorizing it, and a model that is aggressively privacy-protected may generate images 
too degraded to be useful, so the validation problem is not three separate tests but one trade-off 
that must be navigated and reported. A synthetic-data paper that reports only fidelity is therefore 
not merely incomplete; it is uninterpretable, because the reader cannot know what was traded 
away to achieve the reported quality.

The research agenda that follows from these conclusions is short and specific. The first prio-
rity is to make the privacy question routine: every dental synthetic-data study should report how 
it tested for memorization or leakage, and the replica-detection methods already used in other 
imaging domains should be adopted unchanged.(35)

The second is to make the utility question routine: synthetic images should be evaluated by 
training a downstream diagnostic model on them and reporting the change, not by a visual-qua-
lity metric alone, and the dental studies that have done this are the template.(10,29) The third is to 
make the fidelity question measurable rather than aesthetic: a distributional comparison, or the 
three-part fidelity-utility-privacy framework, should replace the reader’s subjective judgment.(12)
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None of these requires new technology, only new reporting norms, and a field that adopts 
them would, within a few years, be able to say with evidence what it currently says by assumption, 
that its synthetic data is safe to share and worth training on.

This review has limitations that follow from its method. It is narrative rather than systematic, 
and its selection of sources is guided by relevance and by the chronological structure rather than 
by an exhaustive protocol, so it may omit relevant work, particularly work published outside the 
indexed English-language literature and work on the commercial systems whose details are not 
public, and the true extent of commercial synthetic-data generation in dental software is likely 
understated here.

It does not appraise the risk of bias of the individual studies, and its synthesis of utility and 
privacy is qualitative, so its statements should be read as indicative rather than as pooled estimates, 
and a reader seeking a quantitative answer to the question of how much synthetic data improves 
a given model will not find it here.

The chronological periods, though delimited by explicit criteria, are a simplification of a con-
tinuous development, and the assignment of a study to one period or another is a judgment that 
a different reviewer might draw slightly differently. The review also foregrounds imaging and says 
less about synthetic tabular and longitudinal dental data, which is a growing adjacent literature 
with its own validation challenges, and a future synthesis that treated both would be more com-
plete. These limitations bound the precision of the conclusions without changing their direction, 
which is that the field has matured technically and has only begun to mature methodologically.

CONCLUSIONS

Generative artificial intelligence for dental data has completed two of its three necessary 
steps. It has demonstrated, first in adversarial networks and then in diffusion models, that it can 
clean dental images and create new ones, and it has shown, in a smaller number of studies, that 
the created images can help downstream models.

What it has not yet demonstrated, at the standard the field itself is beginning to articulate, 
is that the synthetic images are private and that they are valid, and these two demonstrations are 
now the bottleneck.

The opportunities, augmentation, imbalance correction, rare pathology, and privacy-pre-
serving sharing, are real and increasingly well-motivated, but they are claims that require proof, 
and the proof requires measuring fidelity, utility, and privacy together rather than reporting visual 
quality alone.

The field’s next stage, and the one that will decide whether synthetic dental data becomes a 
clinical instrument or remains a research curiosity, is not a better generator but a better evaluation 
of the generators it already has.

The trajectory is nonetheless encouraging in its direction: the field has moved, in a decade, 
from using generative models as filters to using them as factories, and it is now learning to use 
them as instruments whose outputs must be audited, and that progression, from generation to 
governance, is the mark of a technology that is maturing rather than merely proliferating.

The next chapter of that progression is already visible in outline, and it will be written not by 
the generation of yet more convincing images but by the discipline of demonstrating, for each 
generated image, that it is faithful, that it is useful, and that it is safe.
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