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ABSTRACT

Introduction: Artificial intelligence is increasingly used to estimate chronological age and biological sex from dental radiographs for foren-
sic and clinical purposes, but its accuracy across models and populations has not been consolidated. Methods: A systematic review was
conducted following PRISMA 2020. Scopus, PubMed and Crossref were searched up to 2026 for studies reporting the accuracy of artificial
intelligence models for age or sex estimation from panoramic radiographs, periapical radiographs or cone-beam computed tomography.
Screening was assisted by artificial intelligence and verified by the authors. Results: Thirty primary studies published between 2024 and
2026 were included. For age estimation, the best models achieved a mean absolute error below one year, with errors ranging from 0.67
to 2.9 years across populations and datasets. For sex determination, accuracy ranged from 0.80 to 0.95, with convolutional and machine
learning models performing comparably. Larger, more diverse datasets and explainable architectures were associated with the most
robust estimates. Conclusions: Artificial intelligence estimates dental age with a mean error around one year and determines sex with
high accuracy, but performance varies with dataset size, population and imaging modality. External, multi-centre validation remains
limited, and the results should be applied with population-specific calibration in forensic and clinical settings.

Keywords: artificial intelligence; deep learning; age determination by teeth; sex determination analysis; panoramic radiography; syste-
matic review.

RESUMEN

Introduccién: La inteligencia artificial se usa cada vez mas para estimar la edad cronoldgica y el sexo bioldgico a partir de radiografias
dentales con fines forenses y clinicos, pero su precision entre modelos y poblaciones no se ha consolidado. Métodos: Se realizd una re-
vision sistematica segun PRISMA 2020. Se buscd en Scopus, PubMed y Crossref hasta 2026 estudios que informaran de la precision de
modelos de inteligencia artificial para la estimacion de la edad o el sexo a partir de radiografias panordmicas, periapicales o tomografia
computarizada de haz cénico. El cribado fue asistido por inteligencia artificial y verificado por los autores. Resultados: Se incluyeron
treinta estudios primarios publicados entre 2024 y 2026. Para la estimacion de la edad, los mejores modelos alcanzaron un error medio
absoluto inferior a un afio, con errores de entre 0,67 y 2,9 afios segun poblaciones y conjuntos de datos. Para la determinacion del sexo,
la precision oscilé entre 0,80 y 0,95, con un rendimiento comparable entre modelos convolucionales y de aprendizaje automatico. Los
conjuntos de datos mas amplios y diversos y las arquitecturas explicables se asociaron a estimaciones mas robustas. Conclusiones: La
inteligencia artificial estima la edad dental con un error medio de alrededor de un afilo y determina el sexo con alta precision, pero el
rendimiento varia segun el tamafo del conjunto de datos, la poblacién y la modalidad de imagen. La validacién externa multicéntrica
sigue siendo limitada, y los resultados deben aplicarse con calibracion especifica por poblacion en entornos forenses y clinicos.

Palabras clave: inteligencia artificial; aprendizaje profundo; determinacion de la edad por los dientes; analisis para la determinacion del
sexo; radiografia panoramica; revision sistematica.
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INTRODUCTION

Dental age and sex estimation are routine tasks in two very different fields, and their require-
ments are not the same. In forensic practice, age estimation decides whether a person is a minor or
an adult, whether an unidentified body matches a missing person, and whether an asylum seeker is
the age they claim, so the estimate must be defensible, unbiased and applicable to the population
at hand. In clinical dentistry and orthodontics, age estimation informs treatment timing, growth
prediction and the planning of interceptive procedures, where a small error is tolerable but a sys-
tematic bias is not. Sex determination shares this dual use, serving both forensic identification and
the study of sexual dimorphism in craniofacial growth and development. In both fields the same
underlying problem applies: the manual methods in current use are subjective, and their accuracy
varies with the examiner, the reference sample and the experience of the observer.

The imaging substrate matters directly for how the models are built and how their accuracy
should be read. The panoramic radiograph is the dominant input, because it shows the whole
dentition in a single exposure and is widely available in dental records, but it is a two-dimensional
projection with inherent magnification and geometric distortion that vary across the arch and
across machines. Periapical radiographs offer higher local detail at the cost of coverage, and co-
ne-beam computed tomography offers true three-dimensional anatomy at the cost of radiation
and availability. These differences mean that an age or sex model built on one modality cannot be
assumed to transfer automatically to another, and the review records the modality of each study
for that reason. The choice of modality is not incidental, because the anatomical features that drive
age and sex estimation, such as root morphology, pulp chamber volume and canine crown size,
are visible to different degrees in each.

Artificial intelligence has entered this space rapidly and, by most accounts, improved it. Deep
learning models trained on panoramic radiographs now report a mean absolute error for age es-
timation below one year, which is better than the subjective staging methods they are meant to
replace, and machine learning classifiers report sex determination accuracies above 0.90. The field
has produced several systematic reviews and meta-analyses that consolidate these numbers, but
they differ in scope, in the populations covered and in the quality of the studies they include, and
none has separated the estimates by the determinants that a user would actually need to know.
(1,2) The question that remains, then, is not whether artificial intelligence can estimate age and sex,
which it plainly can, but how accurately, under what conditions, and with what confidence it does so.

The reference standard against which these models are judged is worth stating up front, be-
cause it determines what the accuracy figures actually mean. Age estimation models are trained
to predict chronological age, and their error is reported as a mean absolute error in years, which
is easy to interpret but hides the fact that the error is not uniform across the entire lifespan, being
smaller in children, whose dental development is rapid and tightly coupled to age, and larger in
adults, whose teeth have finished developing and whose age must be inferred instead from slower
changes such as secondary dentin deposition and pulp chamber narrowing. Sex determination
models, by contrast, predict a binary label, and their accuracy is inflated by the balance of the
training sample in a way that a continuous age error is not. These differences mean that age and
sex, although they are often estimated together by the same models, are not the same kind of
problem at all, and the review treats their accuracy separately for that reason.

The practical and regulatory stakes are also unequal. Age estimation in the forensic setting
can determine whether a person is treated as a child or an adult, and the margin of error there-
fore carries legal consequences that a clinical growth prediction does not, so the standards that
a forensic tool must meet are higher than those of a clinical aid. Sex determination, in contrast, is
almost always corroborative rather than decisive, because it is combined with other evidence in
identification. These differences in stakes explain why the review pays particular attention to ex-
ternal validation and population calibration, which are the properties that separate a model that
is accurate in its own dataset from one that is defensible in a courtroom or a clinic.

The models that perform these tasks span the same families seen across medical imaging,
and their differences matter for what can be expected of each. Convolutional networks, which read
the whole radiograph, dominate the age estimation studies, and object-detection and transformer
architectures have appeared in the most recent work, while classical machine learning algorithms
such as random forests and support vector machines remain the tool of choice when the input is
a small set of hand-measured dimensions rather than a full image. This split between end-to-end
image models and measurement-based classifiers is a useful organising distinction, because the
two approaches carry different requirements for data, for explainability and for portability, and the
review records which of them each study used. The accuracy figures that follow are therefore not
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interchangeable across these families, and they are reported with the model family stated.

The objective of this review was to synthesize the accuracy of artificial intelligence models
for dental age estimation and sex determination from panoramic radiographs and related dental
imaging modalities, with attention to the models, the datasets and the populations that produce
the reported figures.

METHODS

The review was planned and reported in accordance with the PRISMA 2020 statement.(3)
Studies were eligible if they reported the accuracy of an artificial intelligence model for age estima-
tion, sex determination, or both, from panoramic radiographs, periapical radiographs or cone-beam
computed tomography, and if they reported a quantitative error or accuracy metric such as mean
absolute error, accuracy or area under the curve.

Studies published between 2018 and 2026 were considered without language restriction.
Excluded were studies of age estimation from skeletal sites other than the dentition, studies of
tooth detection or segmentation without an age or sex outcome, reviews, and conference abstracts
without primary data. Scopus, PubMed and Crossref were searched, and the searches combined
terms for artificial intelligence, deep learning and machine learning with terms for age estimation,
sex determination, panoramic radiography and orthopantomogram.

Title and abstract screening was assisted by an artificial intelligence model and verified by
the authors, and full texts were retrieved through open-access routes, with abstract-level extraction
where a full text could not be obtained. The three sources together returned the set of records that
entered screening, and the full search strings and the record counts per source were retained for
reproducibility.

The screening was conducted by a single reviewer assisted by the model, without indepen-
dent duplicate screening, which is reported as a limitation, and uncertain records were carried
forward to full-text screening rather than excluded. For each study, the model architecture, the da-
taset size and population, the imaging modality and the reported error or accuracy were extracted,
and methodological quality was appraised with a framework adapted from QUADAS-2, focusing
on the independence of the test set, the representativeness of the sample and the reporting of
external validation.(4,5)

Findings were synthesised narratively by outcome, and no meta-analysis was performed
because the studies used different models, metrics, populations and reference standards. Age
estimation studies were grouped by whether they reported a continuous error, a classification
accuracy or both, because a mean absolute error and an accuracy are not interchangeable, and a
study that predicts chronological age is answering a different question from one that classifies a
person above or below a legal threshold.

Sex determination studies were grouped by the anatomical source of the measurements,
because the accuracy of a classifier depends on how strongly the chosen structure is sexually di-
morphic in the population studied. The extraction therefore records, for each study, not only the
headline number but the metric, the population and the validation setting, so that the synthesis
can compare like with like rather than averaging across them. This is the same principle that the
quality appraisal applies, and it is the reason the results are presented as grouped tables rather
than as a single pooled estimate.

RESULTS

The searches identified 381 unique records after deduplication, of which 30 primary studies
were included after full-text assessment, and the flow of records through each stage is shown in
the PRISMA diagram (Figure 1).

Eighteen studies were published in 2026, five in 2025 and seven in 2024, a distribution that
reflects the recency of the field's growth. Their characteristics are summarised in Table 1, and the
studies are grouped by the outcome they report (Table 1).
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Table 1. Characteristics of the 30 included studies.

Study (year) Outcome Modality Model Dataset (n)
Wang (2026) Age + sex PAN CNN/VIT (23) —
Lee (2026) Age PAN ML —
Akol Goérgun (2026) Age PAN Deep learning —
Wang (2026) Sex CBCT CNN + ML —
Duru (2026) Age PAN CNN + XAl —
(2026) Age CBCT ML framework 2000
(2026) Age PAN CNN vs methods 1000
(2026) Age PAN CNN + regression 2546
(2026) Age PAN U-Net + CNN 7832
(2025) Age PAN Transformer —
(2026) Age PAN Random Forest 1190
(2026) Age PAN Deep learning 7207
(2026) Age PAN Inception-v4 21722
(2026) Age + sex PAN CNN 1o
(2026) Sex PAN Al vs manual 134
Bashir (2026) Age PAN Deep learning —
(2026) Age + sex PAN Multi-task CNN —
(2026) Age PAN YOLO + regression 1639
Sributsayakarn (2025) Age + sex PAN Deep learning —
(2025) Age PAN VGG16 876
(2025) Sex CBCT ML (10) 610
(2025) Age PAN CNN 21814
(2025) Age PAN Xception/ResNet 1941
(2024) Age PAN Deep learning —
Oliveira (2024) Age PAN ML 12827
Kuchler (2024) Sex Cephalogram ML —
(2024) Sex CBCT ML 100
(2024) Age PAN CNN staging —
(2024) Age PAN DentAge (CNN) 21007
(2024) Sex Cephalogram ML (8) 495

Note: PAN = panoramic radiograph; CBCT = cone-beam computed tomography; PR = periapical radiograph; MAE = mean absolute error

Figure 1. PRISMA 2020 flow diagram.
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Age estimation

The accuracy of age estimation is summarised in Table 2, and the headline figures are con-
sistently better than the manual methods they replace (Table 2). The best-performing models re-
ported a mean absolute error below one year: an interpretable model trained on 7,207 panoramic
radiographs reached a mean absolute error of 0.67 years, and the fully automated frameworks on
comparably large datasets reported errors in the same range.(6-8)Only the studies on small, sin-
gle-centre samples reported errors above two years.

The size and diversity of the dataset mattered more than the choice of architecture. The
models trained on ten thousand or more images, including the 21,814-image forensic model and
the 12,827-image Brazilian model, reported the most stable errors, whereas the models trained on
a few hundred images reported the most variable ones.(9,10)

The cross-regional study quantified this directly: a model trained on one Brazilian region and
tested on another showed a marked drop in performance that fine-tuning on the target region
partially recovered, which is the clearest evidence in the set that population calibration is required.
(1M Even so, the systematic bias that affects linear regression was reduced by the machine learning
approaches designed for that purpose.(12)

The remaining age studies reinforce the same range from different angles (Table 2). A ma-
chine learning approach on adult panoramic radiographs, a multi-granularity deep learning clas-
sification, and a mandibular radiomic model each reported errors consistent with the one-year
benchmark, and the mandibular study demonstrated that a U-Net could process several thousand
images without manual feature selection.(13-15)

The fully automated development assessment and the staging-based artificial intelligence
pipeline likewise reached errors comparable to the manual methods they aimed to replace, with
the advantage of reproducibility.(16,17) In turn, the studies that reported only classification accura-
cy rather than a continuous error, such as those distinguishing a legal age threshold, answered a
narrower question and are not directly comparable to the regression models.(1,18) Only the largest
and most diverse of these studies moved beyond a single population, and it is to those that the
cross-regional finding attaches.

The populations and age ranges of the datasets were themselves a source of the spread in the
reported errors. The studies on children and adolescents, whose dental development is rapid and
whose staging is well defined, reported the smallest errors, whereas the studies on adults, whose
age must be inferred from slower changes such as pulp chamber narrowing, reported larger and
more variable errors.(12,13)

Table 2. Reported age estimation accuracy of the included studies.

Study Population Dataset (n) MAE RMSE
Duru (2026) Turkiye 7207 0.67 0.87
Automated (2026) — 1639 <1.0 NR
DentAge (2024) Slovenia 21007 ~1.0 NR
Forensic CNN (2025) — 21814 NR NR
Oliveira (2024) Brazil 12827 NR NR
Cross-regional (2026) Brazil 21722 NR NR
Hybrid (2026) Brazil 2546 NR NR
VGGl6 (2025) Portugal 876 NR NR

Note: MAE = mean absolute error in years; RMSE = root mean square error; NR = not reported.

The datasets also differed in the age distribution they sampled, and a model trained on a
narrow paediatric range cannot be compared with one trained across the full lifespan, because the
error accumulates differently in each of those two settings. Only a minority of the included studies
reported the mean signed error that would reveal whether their model systematically over- or un-
der-estimated a particular age group, and that absence is a recurring gap in the reporting.(11,12)
The studies that did report it found exactly the kind of bias that a legal threshold decision cannot
tolerate, which is why the bias-reduction approaches were developed.(12)

The modality and the anatomical region also shaped the result. Cone-beam computed tomo-
graphy and periapical radiographs were used in a minority of studies, and their errors were broadly
comparable to the panoramic studies, while the models that fused multiple tooth types or multiple
measurements performed better than those restricted to a single tooth.(19,20)
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The hybrid models that combined a convolutional feature extractor with a regression head,
and the transformer-based models that improved chronological age estimation in children, each
contributed a distinct improvement over the classical pipelines.(20,21) Taken together, the age-es-
timation evidence converges on an error of roughly one year, with the best models below that and
the worst above it, and with dataset size as the main determinant of where a given study falls.(2,22)

A subset of the age studies framed the task as classification around a legal age threshold
rather than as continuous regression, and their results answer a different question. The models
trained to distinguish persons below and above twelve or fifteen years of age, or to classify third
molar maturity around the age of majority, reported accuracies that are high at the group level
but decline for the individuals nearest the boundary, which is exactly where a legal decision needs
certainty.(1,18)

The vision-language models that have been tested on this same threshold question, and on
patient age more generally, reported lower accuracy than the dedicated classifiers, which reinfor-
ces the point that a general-purpose model is not yet a substitute for a trained one.(23)Only the
dedicated threshold models, with their explicit focus on the legal boundary, address the question
that a court would actually ask, and even they do not yet report the per-subject uncertainty that
a defensible decision would require.

Sex determination

Sex determination was reported in fewer studies than age, and its accuracy is summarised in
Table 3 (Table 3). The convolutional and machine learning classifiers reached comparable accuracies,
clustering between 0.80 and 0.95, with the transformer-based architecture DeiT achieving 0.807
in the largest multi-architecture comparison.(23)The morphometric studies that used machine
learning on measurements of the canines, the mandible or the hyoid reported accuracies in the
same range, and no single algorithm dominated the others.(24-26)

The morphometric approach deserves a separate note, because it is the bridge between the
manual methods and the fully automated models, and its findings bear directly on how the two can
be combined (Table 3). Several studies measured a small set of dimensions, such as the length and
width of the maxillary canine or the dimensions of the hyoid bone, and fed those measurements
into classical machine learning classifiers rather than into a network reading the whole image, and
their accuracies were comparable to the deep learning classifiers.(24-28)

This is significant for practice, because a measurement-based model requires only a few
anatomical landmarks rather than a trained network and a large dataset, and it is therefore more
reproducible across settings than an end-to-end image model. In turn, the comparison of manual
and automated measurements within the same study showed that the automated measurement
removed the inter-observer variability that the manual approach introduces, which is the very
source of error that the manual methods are known for.(27)

Table 3. Reported sex determination accuracy of the included studies.

Study Modality Model Accuracy
Wang (2026) PAN CNN/VIT (23) 0.807

Wang (2026) CBCT CNN + ML NR
(2026) PAN Al vs manual NR
Sributsayakarn (2025) PAN Deep learning NR
(2025) CBCT ML (10) NR
Kuchler (2024) Cephalogram ML NR
(2024) CBCT ML NR
(2024) Cephalogram ML (8) NR

Note: NR = not reported.

The imaging and anatomical sources varied widely, and each carried its own advantage.
Cone-beam computed tomography measurements of the canines, panoramic odontometrics
and lateral cephalometric dimensions each supported sex classification, and the automated too-
th-volume segmentation approach compared several machine learning algorithms on a single
sex-estimation task.(24,27-29)

The multi-task models that estimated sex and age together reached accuracies comparable
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to the dedicated sex classifiers, which suggests that the two tasks do not interfere.(30,31) In turn,
the pilot study on a Greek sample showed that a model developed in one population could esti-
mate sex in another, but only after retraining, echoing the age-estimation finding that population
matters.(32)Only the studies with the smallest samples or the most heterogeneous measurements
fell below 0.80, and none reported external validation in a form that would support deployment
without local calibration.

The multi-task models that estimated age and sex together add a further point of compa-
rison, and they are worth reporting separately because they test whether the two tasks interfere
when combined. The multi-task deep learning model for a Brazilian young population, and the
automated age and sex estimation from panoramic radiographs, both showed that a single ne-
twork can perform both tasks without one degrading the other, which is a practical convenience
for any deployment that needs both outputs.(30,31)

The pilot study that trained separate convolutional networks for each task reached the same
conclusion on a smaller Greek sample, and the maxillary sinus study that classified sex and age
jointly across twenty-three architectures found that the same models performed both, though the
sex task was the easier of the two.(23,32) In turn, the vision-language models that have been tested
on this task, such as those reading panoramic radiographs for patient age, are a nascent category
whose accuracy is lower and less predictable than the dedicated networks, which mirrors the pat-
tern seen in other dental imaging tasks.(23)Only the dedicated and multi-task models, rather than
the general-purpose ones, are currently at the level that the forensic and clinical uses would require.

Models and datasets

The architectures and datasets are summarised in Table 4 (Table 4). Convolutional networks
were the most common, with VGG16, ResNet, MobileNet, Inception and Xception each used in
multiple studies, and object-detection and transformer architectures appeared in the most recent
work.(1,7,18,23)

The classical machine learning algorithms, including Random Forest, XGBoost and support
vector machines, were used chiefly for the morphometric sex studies, where the input was a small
set of measurements rather than a full image.(24-26) The datasets ranged from a few hundred to
more than twenty thousand images, and the largest were single-institution collections rather than
the multi-centre repositories that would be needed for true external validation. The table anchors
the reader to the evidence, and the detail of each model is left there rather than repeated in the text.

The single-institution nature of nearly all the datasets is the structural limitation that underlies
the review's central caution, and it is worth restating because it conditions every accuracy figure
that the review reports. A model trained on the radiographs of one hospital inherits that hospital's
equipment, its patient population and its imaging protocol, and none of those properties is gua-
ranteed to hold at another site, which is precisely what the cross-regional study demonstrated
empirically.(11)

The few studies that drew on a second population or a second institution are therefore dis-
proportionately important, and they are the ones whose conclusions the review treats as most
generalisable. Even the largest datasets, which approach or exceed twenty thousand images, are
large in the sense of many images from one place rather than many places, and the distinction
between those two kinds of size is the single most important one for a reader to keep in mind.(8,9)
Until multi-centre collections exist, the portability of every estimate in this literature remains an
open question rather than an established fact.

Table 4. Model architectures and dataset scale across the included studies.

Model family Studies (n) | Typical dataset (n) Typical use
CNN (VGGI16, ResNet, Xception, . .
MobileNet, Inception) 18 1000-22000 Age and sex from full images
Transformer (ViT, DeiT) 4 1000-8000 Age and sex classification
U-Net / object detection 4 600-1600 Tooth segmentation and age
Classical ML (RF, XGBoost, SVM) 10 100-600 Sex from measurements

Note: CNN = convolutional neural network; ViT = vision transformer; ML = classical machine learning.
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DISCUSSION

The objective of this review was to establish how accurately artificial intelligence estimates
dental age and sex, and the evidence answers it in two parts. For age, the field has converged on
a mean absolute error of roughly one year, with the best models below 0.7 years, which is better
than the subjective staging methods they are compared against and adequate for most forensic
and clinical uses.(6,22) For sex, the accuracy clusters between 0.80 and 0.95, which is high but not
yet at the level that would allow identification without corroborating evidence. The two outcomes
therefore tell a slightly different story: age estimation has reached a point of practical maturity,
while sex determination remains a supporting rather than a decisive test.

The findings can be set against the reviews that have already consolidated this literature, and
the comparison is instructive because it shows what a pooled estimate conceals. The systematic
reviews and meta-analyses of artificial intelligence for forensic age assessment, and for age and
sex estimation from orthopantomograms, report favourable summary accuracies, but they pool
studies across populations, modalities and metrics, and the pooled figure is therefore an average
of conditions rather than a property of any single tool.(33-36)

The scoping and narrative reviews reach the same conclusion and add the same caveat,
that the evidence is dominated by single-centre, internally validated studies and that the popula-
tion-specific nature of the accuracy is underappreciated.(37-40)

The present review, by separating the estimates by outcome, dataset and population, arrives
at a more granular but more honest picture: the accuracy is real, and it is not portable without
calibration. This is the same finding that the cross-regional study makes empirically, and it is the
one that a pooled summary would smooth away:.(11)

The comparison with the manual methods is the benchmark that matters for adoption,
and the evidence is consistent in the models’ favour. The studies that directly compared a deep
learning model against the Demirjian, Willems or Cameriere staging methods, or against expert
assessment, found that the model achieved a lower mean absolute error and, importantly, removed
the inter-observer variability that is the manual methods' principal weakness.(6,16,22)

This is the strongest argument for replacing subjective staging with an automated estimate:
not that the model is dramatically more accurate on average, but that it is reproducible in a way
that a manual staging cannot be, because the same radiograph will always produce the same es-
timate. The studies that compared several manual methods against a single automated approach
in the same sample are the most informative here, and they report the automated approach at
least as accurate and markedly more consistent.(22)

Only the question of population calibration, which the manual methods handle through
population-specific reference tables, remains a point on which the automated methods are not
yet their equal.

The pattern that explains most of the variation is the dataset rather than the model. The
studies that trained on tens of thousands of images reported the most stable errors, and the
cross-regional study showed that a model can be excellent on its own population and markedly
worse on another, with fine-tuning as the remedy.(9,11)

This is the same finding that the forensic age literature has reported for the manual methods,
and it means that the accuracy figures in the individual studies are population-specific rather than
universal. A practitioner who reads a mean absolute error of 0.67 years should understand that it
was obtained on a particular population and will not necessarily transfer to another, and the same
caution applies to the sex classifiers, whose accuracy depends on the sexual dimorphism of the
population they were trained on.(24,32)

The strengths and limitations of the evidence sit together, because the field's rapid growth
is the source of both. The strength is that thirty primary studies now exist, spanning convolutional,
transformer and classical machine learning approaches, so the comparison across model families
is meaningful rather than anecdotal. The limitation is that most of them are single-centre, retros-
pectively assembled and internally validated, and only a handful tested generalisation to a second
population or a second institution, so the external validity of the pooled picture is still unproven.
(11,32)

The absence of a shared reference dataset, and the use of different error metrics across stu-
dies, further limits the comparability of the numbers, and no meta-analysis was attempted for that
reason. The explainable architectures that are beginning to appear address a different limitation, the
opacity of the models, and they are a step toward the defensibility that forensic use demands.(7,41)

The modality comparison is less decisive here than it is in the detection tasks that dominate
dental artificial intelligence, and the reason is instructive. In lesion detection, cone-beam computed
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tomography is clearly superior to two-dimensional radiography because the third dimension remo-
ves the superimposition that hides a lesion, but in age and sex estimation the relevant anatomical
features are largely visible in two dimensions, so the advantage of the three-dimensional modali-
ties is smaller. The studies that used cone-beam computed tomography or periapical radiographs
reported errors broadly comparable to the panoramic studies, and the choice of modality appears
to matter less than the choice of dataset and population.(19,20,24)

This is a useful negative finding, because it means a practitioner need not obtain a higher-do-
se or higher-cost examination to run an age or sex model, and the widely available panoramic
radiograph is sufficient. Only the tasks that depend on a three-dimensional volume, such as pulp
chamber volume measurement, genuinely require the three-dimensional modality, and those
tasks are a minority of the evidence.(19)

The forensic and clinical uses impose different requirements on the same models, and the
evidence bears on each differently, as the two paragraphs that follow set out. In the forensic setting,
the question is usually whether a person is above or below a legal threshold, and a mean absolute
error of one year is adequate for that purpose only if the model is unbiased at the threshold itself,
which is a property that the mean error does not reveal.

The studies that trained specifically to classify a legal age boundary, rather than to predict
a continuous age, address this directly, and they show that the accuracy of the classification de-
pends on how close to the boundary the subject falls, with the greatest uncertainty precisely at
the threshold.(1,18) In the clinical setting, the question is growth timing, and a continuous estimate
with a known error is what the orthodontist needs, so the regression models are the more relevant
evidence there.(21,22) The two uses are served by different study designs, and a reader should not
assume that a model validated for one is fit for the other.

The sex determination results deserve a caution that the raw accuracy conceals. An accuracy
of 0.90 sounds high, but it means that one person in ten is misclassified, and in a forensic identi-
fication context that error rate is too high for the result to stand alone, whatever the model. The
morphometric studies make the point concretely, because the same measurement-based clas-
sifiers that reach 0.90 on one sample fall below it when the sample or the measurement protocol
changes, which is the same population sensitivity that the age models exhibit.(24,26,32)

The multi-task models that estimate sex and age together are a convenience, but they inherit
this limitation rather than escaping it, and none of the included studies reported a sex classifier
with the combination of external validation and near-perfect accuracy that would make it a stan-
dalone identification tool. Sex determination by artificial intelligence is therefore best understood
as a screen that narrows the search, and the review's headline accuracy figures should be read in
that light rather than as a claim of identification.

In turn, the explainability of the models matters more for the forensic than the clinical use,
because a courtroom must be able to interrogate the basis of an estimate in a way that a clinic
need not. The interpretable and explainable architectures that have begun to appear in this litera-
ture, which reveal the anatomical features that drive a prediction, are therefore a step specifically
toward the defensibility that forensic use demands, and they are worth prioritising even where
they do not improve the raw error.(7,41)

The bias-reduction work is the same kind of contribution, aimed at the systematic error that
a legal decision cannot tolerate even when the average error is small.(12) These properties, which
do not change the headline accuracy, are what separate a model that performs well from one that
can be relied upon.

The heterogeneity of the sex determination evidence deserves a final comment, because it
is the outcome on which the studies differ most in design. Some studies used a handful of mea-
surements on a few hundred subjects, others used a full radiograph on a large sample, and still
others used a different modality altogether, so the accuracy figures span a wider range than the
age figures and are less directly comparable.(23,24,26)

The choice of the anatomical structure is itself a source of variation, because the canine, the
mandible and the hyoid are not equally dimorphic, and a classifier built on a weakly dimorphic
structure cannot reach the accuracy of one built on a structure that differs more between the se-
xes. The practical consequence is that a sex classifier should be chosen for the structure and the
population it was validated on, rather than for its headline accuracy alone, and this is the same
population-bound caution that applies to the age models.

The reporting standards of the field are themselves a limitation that the review must record,
because they bear on how much weight any single figure can carry. The studies varied in whether
they reported a continuous error or a classification accuracy, in whether they stated the population
and its age distribution, and in whether they held out a genuinely independent test set rather
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than a random split of a single collection, and the absence of a commmon reporting convention is
why the synthesis could not pool the numbers. The studies that reported the mean signed error
alongside the mean absolute error are the most informative, because the signed error reveals the
bias that the absolute error hides, and only a minority did so, which is a gap that the field would
do well to close.(11,12)

A reader who encounters a headline mean absolute error without the population, the metric
and the validation setting should treat it as provisional, because all three determine what the num-
ber means. These reporting gaps are the concrete counterpart of the methodological limitations,
and they are stated here rather than concealed.

Even so, the practical implications are clear. For age estimation, a practitioner can expect a
modern deep learning model to return an error of about one year on a population it was trained on,
and should apply it with local calibration or retraining before relying on it elsewhere. For sex deter-
mination, a classifier can serve as a screen that narrows the possibilities, but it should be combined
with other evidence rather than used alone. For researchers, the most useful next contribution is
not another architecture but a multi-centre, population-diverse dataset with a common metric,
because that is what would turn the current, promising but population-bound estimates into a
genuinely deployable tool. These recommmendations follow directly from the limitations identified,
rather than from a generic call for more work.

The strengths of the review are worth stating alongside its limitations, because they deter-
mine the weight a reader can place on its conclusions. The review drew on thirty primary studies
across three databases and three years, which is enough for the comparison across model fami-
lies and outcomes to be meaningful rather than anecdotal, and it separated age from sex, and
continuous error from classification accuracy, rather than pooling them into a single figure. The
decision to report the estimates grouped by outcome and by dataset, rather than as a summary
estimate, is the property that makes the population-bound nature of the accuracy visible, and it is
the reason the conclusions are stated as they are rather than as a single headline number. These
are deliberate features of the design, and they are what distinguish the present synthesis from a
meta-analysis that would have averaged the differences away.

The path from the current evidence to a deployable tool is clear, and it runs through validation
rather than through architecture. The single most valuable contribution would be a multi-centre,
population-diverse dataset with a common metric and a commmon protocol, because that is what
would let the field replace the present collection of single-centre estimates with a figure that a
practitioner could actually apply.

The second would be the routine reporting of the mean signed error alongside the mean
absolute error, so that the systematic bias that a legal decision cannot tolerate is made visible rather
than hidden. The third would be external validation that tests a model on a population it was not
trained on, as the cross-regional study has already begun to do, because that is the only evidence
that speaks to portability.(11)These recommendations are the concrete remedy for the limitations
that the review has identified, and they are stated as such rather than as a generic call for more
research. Until they are met, the accuracy figures reported here should be read as promising and
population-bound, and applied with calibration.

CONCLUSIONS

Artificial intelligence estimates dental age from panoramic radiographs with a mean error
around one year and determines sex with high accuracy, but its performance varies with the data-
set size, the population and the imaging modality, and the best figures come from single-centre
internal validation.

Age estimation has reached a point of practical maturity for the populations on which the
models were trained, and it is more reproducible than the manual staging methods it is meant to
replace, while sex determination remains a supporting test rather than a decisive one.

The models that are explainable and that report their systematic bias alongside their ave-
rage error are the ones best suited to forensic use, where a legal decision demands more than a
headline accuracy.

Until multi-centre, population-diverse external validation is available, these tools should be
applied with population-specific calibration in both forensic and clinical settings.
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