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Forensic age assessment plays a crucial role in medico-legal contexts where an individual’s chronological age
cannot be reliably documented, such as immigration procedures. In recent years, artificial intelligence (AI) has
increasingly been applied to automate and improve the accuracy of age estimation methods. However, the
forensic applicability of these approaches, particularly in relation to legally relevant age thresholds, remains
incompletely characterized.

A systematic review was conducted in accordance with the PRISMA 2020 guidelines. MEDLINE (via PubMed)
and Scopus were searched from database inception to 1 March 2026. Studies were included if they applied Al
techniques to age estimation in a forensic or medico-legal context and reported quantitative performance
metrics.

The search identified 1,197 records, of which 48 studies met the inclusion criteria. Most studies investigated
imaging-based approaches, particularly panoramic dental radiographs, while others explored skeletal imaging,
DNA methylation markers, or emerging molecular biomarkers. Convolutional neural networks were the most
frequently used modelling approach. Al models applied to dental radiographs commonly reported mean absolute
errors between approximately 0.5 and 1.5 years, whereas DNA methylation-based models showed errors be-
tween 3 and 5 years. MRI-based skeletal models often achieved prediction errors close to one year. However,
relatively few studies specifically evaluated classification performance around legally relevant thresholds such as
18 years.

Al shows considerable potential for improving the automation and reproducibility of forensic age estimation.
Further research with larger and more diverse datasets, external validation, and standardized reporting is needed
to ensure reliable implementation in medico-legal practice.

1. Introduction

Age assessment plays a critical role in forensic and medico-legal
practice, particularly in contexts where the chronological age of an in-
dividual cannot be reliably documented. Determining whether a person
has reached the age of legal majority is essential in several legal settings,
including immigration procedures, asylum applications, criminal re-
sponsibility, and child protection systems. In such situations, forensic

age estimation is used to support judicial authorities when documentary
evidence is unavailable, unreliable, or disputed [1,2].

Traditional forensic age assessment relies primarily on the evalua-
tion of biological maturation through medical imaging or dental ex-
amination. Commonly used methods include the analysis of dental
development on orthopantomography, skeletal maturation of the hand
and wrist, clavicular ossification on radiographs or computed tomog-
raphy, and magnetic resonance imaging of growth plates. Molecular
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approaches, such as DNA methylation analysis, have also been explored
as potential biomarkers of biological age. However, these methods may
be affected by interobserver variability, population-specific develop-
mental differences, and uncertainties when applied near critical legal
age thresholds, particularly around the age of 18 years [3-6].

In recent years, artificial intelligence (AI), including machine
learning and deep learning techniques, has been increasingly applied to
age estimation tasks. Al-based systems can analyse complex imaging or
molecular datasets and automatically extract patterns associated with
biological maturation. Several studies have reported promising perfor-
mance in predicting chronological age using radiological images, dental
radiographs, magnetic resonance imaging, or epigenetic data. In addi-
tion to regression-based age prediction, some AI models have been
specifically designed to classify individuals according to legal age
thresholds, which is particularly relevant in forensic and immigration
contexts [7-9].

Importantly, many studies in this field were originally designed for
chronological age prediction or biological maturation assessment rather
than for direct medico-legal threshold classification. This distinction is
highly relevant in forensic practice because medico-legal decision-
making often focuses on whether an individual has reached a legally
relevant age threshold, particularly 18 years of age, rather than on
regression-based prediction accuracy alone.

Despite the growing number of studies in this field, the forensic
applicability, methodological quality, and real-world reliability of Al-
based age estimation systems remain incompletely characterized. The
heterogeneity of datasets, imaging modalities, model architectures, and
validation strategies makes it difficult to draw clear conclusions
regarding their diagnostic performance and practical implementation
[2,7].

The aim of this systematic review is therefore to evaluate the current
evidence on the use of artificial intelligence for forensic age assessment.
In particular, the review focuses on the accuracy of Al-based models for
age estimation and their applicability in determining legal age thresh-
olds, including the distinction between individuals below and above the
age of majority.

2. Materials and methods
2.1. Study design and research question

This study was conducted as a systematic review evaluating the use
of artificial intelligence for forensic age assessment. The review was
conducted and reported in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA 2020)
guidelines [10].

The study protocol was prospectively registered on the Open Science
Framework (OSF) to promote methodological transparency and repro-
ducibility. A publicly accessible view-only version of the protocol is
available at:

https://osf.io/pukaw/overview?view only = 2b8def26d0f44610b
1272da8172a6610.

The review aimed to assess the performance and forensic applica-
bility of Al-based models for age estimation, with particular emphasis on
methods used for determining legal age thresholds, including the
distinction between individuals below and above the age of majority.

2.2. Eligibility criteria and search strategy

Studies were included if they met the following criteria: original
research applying artificial intelligence, machine learning, or deep
learning techniques to age estimation; conducted in a forensic or
medico-legal context, or explicitly applicable to forensic age assessment;
use of imaging data (e.g., dental radiographs, X-rays, MRI) or molecu-
lar/epigenetic data (e.g., DNA methylation); reporting quantitative
performance metrics, such as mean absolute error (MAE), root mean
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square error (RMSE), sensitivity, specificity, or area under the receiver
operating characteristic curve (AUC); full-text articles published in
English.

Exclusion criteria were: studies focused exclusively on pediatric
clinical growth assessment without forensic relevance; reviews, edito-
rials, letters, or conference abstracts lacking full methodological details;
studies without objective performance evaluation; studies primarily
addressing personal identification rather than age estimation, as this
topic is addressed in a dedicated companion review (Part I) within the
same three-part systematic review series on artificial intelligence in
forensic science.

Conference proceedings and abstracts were excluded due to limited
methodological detail and the absence of full peer-reviewed publication.

MEDLINE (via PubMed) and Scopus were searched from database
inception to the final search date (1 March 2026). The search was sup-
plemented by backward and forward citation tracking. Database-
specific search strategies are reported in Supplementary Appendix 1.

Additionally, manual screening of reference lists from included
studies was performed to identify potentially relevant articles not
captured in the initial database search.

2.3. Study selection and data extraction

All retrieved references were screened independently by two re-
viewers. After duplicate removal, studies were evaluated through the
following stages: title and abstract screening; full-text eligibility
assessment. Discrepancies between reviewers were resolved through
consensus discussion.

A predefined standardized extraction form was used. The following
variables were extracted: bibliographic information; study objective;
sample characteristics and age range; imaging modality or biological
material used; Al model architecture and training approach; validation
method (internal or external); reference standard for chronological age;
performance metrics (MAE, RMSE, classification accuracy, sensitivity/
specificity); performance around legal age thresholds, when reported;
reported limitations and potential sources of bias. Data extraction was
conducted independently by two reviewers.

2.4. Risk of bias, quality assessment, and data synthesis

Risk of bias was assessed using: QUADAS-2, particularly for studies
addressing classification of legal age status; PROBAST (Al-adapted) for
predictive age estimation models.

Special attention was given to: dataset representativeness, potential
data leakage, validation strategy (internal vs external), transparency
and completeness of reporting. Given the anticipated heterogeneity in
imaging modalities, age ranges, and evaluation metrics, results were
synthesized narratively.

Studies were grouped into the following categories: dental age esti-
mation (orthopantomography and third molar analysis); skeletal age
estimation (hand, pelvis, and other radiographic methods); MRI-based
age estimation; DNA methylation and molecular approaches; alterna-
tive or exploratory methods. Where methodological comparability
allowed, quantitative comparison of error metrics across studies was
considered.

Where studies reported comparable quantitative performance met-
rics, descriptive pooled estimates of mean absolute error (MAE) were
calculated to provide an approximate summary of predictive accuracy
across different methodological categories (e.g., dental imaging, MRI-
based skeletal imaging, and DNA methylation approaches). Given the
heterogeneity of study designs, datasets, and evaluation protocols,
pooled values were interpreted as descriptive summary estimates rather
than formal meta-analytic effect sizes.
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3. Results
3.1. Study selection

The database search identified 1,197 records (PubMed/MEDLINE:
608; Scopus: 589). After removal of 274 duplicate records, 923 records
remained and were screened based on titles and abstracts. Of these, 863
records were excluded.

A total of 60 reports were sought for retrieval, of which 3 could not
be retrieved. Consequently, 57 full-text articles were assessed for eligi-
bility. Following full-text evaluation, 9 articles were excluded for the
following reasons: not related to age estimation (n = 2), no application
of artificial intelligence or machine learning to age estimation (n = 3), Al
used only for feature extraction with age estimation performed using
classical non-machine learning models (n = 1), not focused on forensic
age assessment (n = 1), and not reporting original data (n = 2).

Ultimately, 48 studies met the inclusion criteria and were included in
the qualitative synthesis [11-58]. The study selection process is sum-
marized in Fig. 1 (PRISMA flow diagram).
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3.2. Study characteristics

The 48 studies included in this systematic review investigated the
application of artificial intelligence techniques for forensic age estima-
tion using a variety of biological and imaging data sources. The main
characteristics of the included studies are summarized in Table 1, while
detailed information on study design, datasets, Al models, validation
strategies, and performance metrics is provided in Supplementary
Table S1.

Overall, the majority of studies focused on dental imaging, particu-
larly panoramic radiographs (orthopantomography), which represented
the most frequently used modality for Al-based age estimation (Table 1).
Other approaches investigated DNA methylation markers, magnetic
resonance imaging (MRI) of skeletal structures, hand radiographs, cone-
beam computed tomography (CBCT), and molecular biomarkers such as
microRNA.

The sample sizes of the included studies varied substantially, ranging
from fewer than 100 individuals to more than 20,000 participants,
reflecting the heterogeneity of available datasets. Similarly, the age
ranges investigated differed considerably across studies, with some
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Fig. 1. PRISMA Flow diagram of the systematic review.
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Table 1
Overview of the studies included in the systematic review (n = 48).

Number of
studies (%)

Characteristic Category

Data modality Panoramic radiographs (OPG) 28 (58%)
DNA methylation 9 (19%)
MRI 3 (6%)
CBCT 1(2%)
Hand radiographs 1(2%)
Blood miRNA 1 (2%)
Other / combined approaches 5 (11%)
Al model type Convolutional neural networks 24 (50%)
(CNN)
Machine learning regressors (RF, 13 (27%)
SVR, KNN, GBM etc.)
Neural networks (ANN / GRNN / 6 (13%)
MLP)
Support vector machine models 4 (8%)
Other models 1 (2%)
Validation strategy Train—test split 18 (38%)
Cross-validation 19 (40%)
Independent / external validation 6 (13%)
Other / mixed approaches 5 (9%)
Legal age threshold Yes 22 (46%)
analysis
No 26 (54%)
Abbreviations.

OPG - Orthopantomography (panoramic radiograph); CNN - Convolutional
Neural Network; RF — Random Forest; SVR - Support Vector Regression; KNN —
K-Nearest Neighbors; GBM - Gradient Boosting Machine; ANN - Artificial
Neural Network; GRNN - Generalized Regression Neural Network; MLP —
Multilayer Perceptron; SVM — Support Vector Machine; CBCT - Cone Beam
Computed Tomography.

focusing on children or adolescents, while others included adult pop-
ulations or wide lifespan cohorts (Supplementary Table S1).

3.3. Artificial intelligence models

A wide range of artificial intelligence approaches were applied across
the included studies (Table 1). Convolutional neural networks (CNNs)
represented the most frequently used models, particularly in studies
analyzing radiological images such as panoramic dental radiographs or
MRI scans.

In addition to deep learning architectures, several studies employed
traditional machine learning algorithms, including random forests,
support vector machines, k-nearest neighbors, gradient boosting
models, and other regression-based approaches. In some cases, multiple
algorithms were compared within the same study to identify the best-
performing model for age prediction (Supplementary Table S1). These
approaches enabled automated analysis of complex imaging or molec-
ular datasets and facilitated the identification of patterns associated
with biological maturation.

The main methodological workflow underlying Al-based forensic age
estimation approaches identified in the included studies is summarized
in Fig. 2.

3.4. Validation strategies

The methodological strategies used to evaluate Al models varied
among the included studies (Table 1). The most common validation
approaches consisted of train-test split designs and cross-validation
procedures, particularly k-fold cross-validation.

A smaller number of studies reported the use of independent vali-
dation datasets, allowing for external testing of model performance
(Supplementary Table S1). However, external validation across inde-
pendent populations remained relatively limited, and many studies
relied on single-center or population-specific datasets, which may
restrict the generalizability of the proposed models.
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3.5. Model performance

3.5.1. Chronological age prediction performance

Across the included studies, reported performance metrics varied
depending on the data modality and modelling approach (Supplemen-
tary Table S1). Where comparable performance metrics were available,
pooled estimates of MAE suggested that AI models based on dental im-
aging achieved an average error of approximately 1.1 years, while MRI-
based skeletal models showed a pooled MAE of around 1.0 years. In
contrast, molecular approaches based on DNA methylation demon-
strated lower predictive accuracy, with a pooled MAE of approximately
3.7 years.

In studies based on dental radiographs, Al models frequently ach-
ieved mean absolute errors (MAE) in the range of approximately
0.5-1.5 years, particularly when deep learning architectures were
applied.

Studies based on DNA methylation markers generally reported
higher prediction errors, typically in the range of 3-5 years, although
these approaches offer the advantage of applicability to biological
samples rather than imaging data. MRI-based skeletal age estimation
models also demonstrated promising performance, often achieving
prediction errors close to 1 year.

3.5.2. Legal age threshold classification

A smaller but medico-legally important subgroup of studies specif-
ically evaluated AI performance in relation to legally relevant age
thresholds, particularly the distinction between individuals younger or
older than 18 years. In these studies, classification-oriented metrics such
as accuracy, sensitivity, specificity, and area under the receiver oper-
ating characteristic curve (AUC) were considered more informative for
forensic applicability than regression-based error metrics alone (Table 1,
Supplementary Table S1).

Several dental imaging studies reported high classification perfor-
mance for threshold-based age categorization. Where reported, classi-
fication accuracies generally ranged between approximately 85% and
96%, depending on the imaging modality, dataset composition, and
model architecture. For example, Guo et al. reported classification ac-
curacies up to 95.9% using deep convolutional neural networks applied
to orthopantomograms, while other studies evaluating third molar
development or dental maturity classification also demonstrated
promising performance around the 18-year threshold [14,20,45,51,53].

However, relatively few studies provided comprehensive reporting
of classification-oriented performance measures such as sensitivity,
specificity, calibration, or uncertainty around the decision boundary.
Consequently, direct comparison of forensic applicability across studies
remained limited.

3.6. Risk of bias assessment

Overall, several included studies demonstrated moderate methodo-
logical concerns or risk of bias, particularly regarding dataset repre-
sentativeness, limited external validation, and insufficient reporting
transparency. Many studies relied on single-center or population-
specific datasets and internal validation procedures only, which may
have resulted in optimistic estimates of model performance.

Additional concerns included potential risk of data leakage, incom-
plete reporting of preprocessing pipelines, and limited assessment of
model calibration or uncertainty around legal decision thresholds.
Studies specifically addressing legal age classification frequently
showed concerns regarding generalizability across different populations
and medico-legal contexts.

The overall risk-of-bias assessment based on QUADAS-2 and PRO-
BAST evaluations is summarized in Supplementary Fig. S1.
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Figure 2. Overview of Al-based workflow for forensic age estimation
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4. Discussion

This systematic review examined the current evidence on the use of
artificial intelligence (AI) for forensic age assessment. A total of 48
studies were included, reflecting the rapid expansion of research
exploring machine learning and deep learning approaches in medico-
legal age estimation. The included studies investigated a variety of
data sources, including dental radiographs, skeletal imaging, and mo-
lecular biomarkers, illustrating the multidisciplinary nature of Al-based
age estimation research [11-58].

Among the different modalities, dental imaging represented the most
frequently investigated approach. Numerous studies applied deep
learning models to panoramic radiographs for automated age estimation
or dental maturity assessment [14,15,19,23,26,39,42,52-54]. Other
investigations focused specifically on third molar development or
automated dental staging frameworks [20,30,55]. These findings
confirm the central role of dental development in forensic age estima-
tion and highlight how Al techniques are increasingly being used to
automate the interpretation of dental imaging data.

Across the included studies, convolutional neural networks (CNNs)
were the most commonly used modelling approach for image-based
datasets [14,19,39,52-54]. In addition to deep learning architectures,
several studies employed traditional machine learning algorithms such
as random forests, support vector machines, and gradient boosting
models, particularly in analyses involving structured data or molecular
biomarkers [37,41,49,56,57]. In some studies, multiple algorithms were
compared in order to identify the best-performing model for age

prediction [41,49].

Most CNN-based models relied on transfer learning from pretrained
architectures such as ResNet, DenseNet, or EfficientNet. Data augmen-
tation techniques were frequently used to improve generalization in
relatively small radiographic datasets. However, few studies reported
model explainability approaches such as Grad-CAM or saliency maps,
which may be important for medico-legal transparency.

Regarding predictive performance, several Al models applied to
dental radiographs reported mean absolute errors (MAE) between
approximately 0.5 and 1.5 years, indicating high predictive accuracy in
image-based age estimation tasks [26,41,53,58]. Comparable perfor-
mance was observed in studies using advanced deep learning architec-
tures trained on large radiographic datasets [52-54]. These findings
suggest that automated Al-based image analysis may achieve perfor-
mance comparable to, or in some cases exceeding, traditional manual
approaches to age estimation.

In contrast, DNA methylation-based models generally reported
prediction errors in the range of 3-5 years [34,40,47,56]. Although
these models are less precise than imaging-based approaches, they offer
important advantages in forensic scenarios where only biological ma-
terial is available. Several studies applied machine learning algorithms
to methylation markers in blood samples to develop epigenetic clocks
capable of predicting chronological age [18,34,40,47,56,57].

MRI-based skeletal age estimation showed potentially promising
results in the limited number of available studies [38,51], with some
models achieving prediction errors approaching approximately one
year. However, the currently available evidence remains constrained by



V. Bugelli et al.

the relatively small number of studies, limited dataset diversity, and
scarce external validation. Consequently, although MRI-based ap-
proaches may represent an attractive radiation-free alternative for
medico-legal evaluation of living individuals, further large-scale and
externally validated studies are required before their forensic applica-
bility can be more definitively established.

Another important aspect emerging from the included studies con-
cerns the evaluation of Al models in relation to legal age thresholds,
particularly the distinction between individuals younger or older than
18 years. Several investigations specifically addressed this issue using
dental radiographs or skeletal imaging datasets [14,20,38,45,51,53],
highlighting the relevance of Al-based classification models for forensic
decision-making in immigration and criminal justice contexts.

An important distinction emerging from this review is that many Al
studies were primarily designed for chronological age prediction rather
than for direct medico-legal threshold classification. Although
regression-based metrics such as MAE are useful for evaluating average
prediction accuracy, they may not fully capture forensic applicability in
real-world medico-legal scenarios, where the key question often con-
cerns whether an individual has reached a legally relevant threshold,
particularly 18 years of age.

In these contexts, classification-oriented measures such as sensi-
tivity, specificity, area under the receiver operating characteristic curve
(AUQ), predictive values, and uncertainty around the decision boundary
may provide more clinically and legally meaningful information than
regression error alone. However, relatively few studies comprehensively
reported these metrics, limiting direct comparison of forensic applica-
bility across different Al approaches.

This discrepancy highlights an important gap between the current
technical development of Al-based age estimation systems and the
practical requirements of medico-legal decision-making. Future
research should therefore prioritize threshold-oriented validation stra-
tegies, transparent uncertainty reporting, and forensically interpretable
classification frameworks specifically designed for forensic applications.

Although Al-based systems can achieve relatively low prediction
errors, forensic age estimation should not be interpreted as a precise
measurement of chronological age. In medico-legal practice, uncertainty
intervals remain crucial, particularly around legally relevant thresholds
such as 18 years. Al models should therefore be considered decision-
support tools rather than definitive age determination methods.

Despite the promising performance reported in many studies, several
methodological limitations were identified. One of the most important
issues concerns the limited use of external validation datasets. Many
studies relied exclusively on internal validation strategies such as
train—test splits or cross-validation [39,53], which may lead to opti-
mistic estimates of model performance.

Dataset representativeness also represents a significant limitation.
Several studies were based on relatively small sample sizes or datasets
derived from a single geographic population [37,41,50], which may
limit the generalizability of the proposed models to different de-
mographic or ethnic groups.

Another methodological concern relates to the potential risk of data
leakage in machine learning pipelines, particularly when preprocessing
or feature extraction steps are not clearly separated between training
and testing datasets. Transparent reporting of model development and
validation strategies is therefore essential to ensure reproducibility.

Another important limitation concerns the geographical concentra-
tion of available datasets. A large proportion of studies were conducted
in Asian populations, particularly in China and Southeast Asia. Since
dental and skeletal maturation patterns may vary between populations,
models trained on single-population datasets may show limited external
validity in forensic applications across different ethnic or geographic
groups.

The increasing application of artificial intelligence in forensic age
estimation also raises important ethical and medico-legal consider-
ations. Age assessment outcomes may have significant legal
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implications, particularly in contexts such as immigration procedures,
asylum applications, and criminal responsibility evaluations, where the
determination of whether an individual has reached the age of majority
may directly affect legal status and access to protection measures.

The use of Al-based systems should be approached with caution,
particularly when algorithmic models are used to support decisions with
potential legal consequences. Issues such as model transparency,
explainability, and accountability are particularly relevant, especially
for deep learning systems whose internal decision-making processes
may be difficult to interpret.

Recent discussions in the medico-legal literature have highlighted
the need for methodological frameworks capable of evaluating the role
of artificial intelligence in healthcare decision-making and potential li-
ability scenarios [59]. Although forensic age estimation represents a
specific application domain, similar principles apply, including the
importance of transparent model development, rigorous validation
procedures, and careful expert interpretation of Al-assisted results.

For these reasons, Al-based age estimation systems should be
considered decision-support tools rather than autonomous decision-
makers, and their results should always be interpreted within a
broader forensic and medico-legal framework.

Overall, the findings of this review indicate that Al-based methods
have considerable potential to improve the automation and reproduc-
ibility of forensic age estimation, particularly through automated anal-
ysis of radiological images [14,26,41,53]. However, further research is
required before these systems can be reliably implemented in forensic
practice.

Future studies should prioritize external validation across diverse
populations, the use of larger and more representative datasets, and the
development of transparent methodological and reporting standards for
Al-based forensic applications. Particular attention should also be given
to the evaluation of model performance around legally relevant age
thresholds, especially the distinction between individuals younger or
older than 18 years.

5. Conclusions

Artificial intelligence is rapidly emerging as a valuable tool for
forensic age estimation. The evidence reviewed in this study suggests
that Al-based approaches, particularly deep learning models applied to
dental radiographs and other imaging modalities, can achieve high
predictive accuracy and may improve the automation and reproduc-
ibility of age estimation procedures.

Despite these promising results, important methodological chal-
lenges remain. Many studies rely on population-specific datasets and
internal validation strategies, which may limit the generalizability of the
proposed models. Furthermore, the heterogeneity of datasets, imaging
modalities, and evaluation metrics highlights the need for standardized
methodological frameworks and transparent reporting practices.
Importantly, the currently available literature remains largely domi-
nated by studies focused on chronological age prediction, whereas
comparatively fewer investigations specifically address medico-legal
threshold classification around legally relevant age boundaries.”.

Future research should focus on large, diverse, and well-annotated
datasets, as well as rigorous external validation across different pop-
ulations. Particular attention should also be given to the performance of
Al models around legal age thresholds, especially the distinction be-
tween individuals younger or older than 18 years, which remains a
critical issue in forensic and medico-legal contexts.

Overall, while artificial intelligence offers promising opportunities to
support forensic age assessment, further research is required to ensure
that these systems are reliable, interpretable, and suitable for real-world
medico-legal decision-making.
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