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ABSTRACT

Accurate age classification using mandibular third molar
radiographs is crucial for legal and forensic applications. This
study evaluated different methods for classifying age as under
or over 18 years in a Thai population. We compared three
approaches: (i) a traditional human-based method using a
modified Demirjian classification adapted for mandibular third
molars, (i) an end-to-end deep learning model in which a
convolutional neural network (CNN) directly predicts age
group, and (iii) a human-defined feature extraction approach,
where a CNN estimates tooth developmental stages that are
subsequently used for age classification. The dataset included
3,407 images of individuals aged 14—23 years. The results
indicated that the traditional human-based method achieved
high specificity (0.99) and a strong Bayes’ post-test probability
(0.99), but it exhibited low sensitivity (0.45). In comparison,
the end-to-end deep learning models showed higher sensitivity
(0.65 to 0.74) than the traditional method, along with a
specificity of 0.91 to 0.95 and Bayes’ post-test probability of
0.93 to 0.95. The human-defined feature extraction approach,
which used developmental stages for age determination,
achieved an accuracy of 0.88 to 0.92 in developmental stage
classification. For age classification, the models demonstrated
higher specificity (0.95 to 0.97) and Bayes’ post-test probability
(0.95 to 0.97) than the end-to-end deep learning method, along
with sensitivity ranging from o0.51 to 0.56. Our results indicate
that although traditional methods excel in specificity, the
human-defined feature extraction approach provides a
balanced solution with high specificity and interpretability,
suggesting its potential value in clinical practice for age
estimation.

INTRODUCTION

Age estimation is crucial in legal contexts, with 18 years widely
recognised as the threshold for adulthood, as defined by
international standards such as the United Nations Convention
on the Rights of the Child.r Dental age estimation is an
integral part of forensic odontology, providing a reliable
method for determining an individual’s age by evaluating dental
development.z Unlike skeletal age estimation, dental age
estimation is less affected by environmental factors, enhancing
its reliability:

Dental radiographs are a non-invasive, straightforward, and
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cost-effective method, providing valuable insights
into the maturation process of teeth.4 By the age
of 15 years, human teeth, except the third molars,
are fully developed,s making third molars crucial
indicators for age estimation beyond this age.
The Demirjian method is a commonly accepted
technique for dental age estimation. This involves
the analysis of the tooth development patterns
using panoramic radiographs to predict an
individual’s age.® Despite its reliability, this
method can suffer from observer errors,
necessitating rigorous training to minimise
inaccuracies.’

Deep learning is increasingly used in biomedical
imaging, including widespread applications in
dental age estimation.® Using artificial
intelligence (AI) for mandibular third molar
classification in legal contexts, previous studies
have investigated the application of AI in
assessing developmental stages of the mandibular
third molar,» as well as performing binary age
classification at legal thresholds of 14, 16, and 18
years.’> Although developmental stage
classification offers valuable insights, it does not
directly provide a dental age. In contrast, end-to-
end binary classifiers often function as “black
boxes,” limiting interpretability and clinical
acceptance.” Given the legal implications of age
estimation, enhancing automation, accuracy, and
interpretability is essential for forensic use. A
commonly used architecture is the convolutional
neural network (CNN), a core component of
deep learning. CNNs operate through a
hierarchical cascade of layers that automatically
extract and refine important features from raw
image data. This makes them well-suited for
efficient and accurate classification tasks in
medical imaging, including radiographic
analysis.r

This study thus aimed to explore and compare
various deep learning approaches for predicting
whether individuals are under or over 18 years of
age, using mandibular third molar radiographs.
We evaluated three approaches: (i) a traditional
method using expert assessment of mandibular
third molar development based on a modified
Demirjian classification, (i) an end-to-end deep
learning model where a CNN directly predicts
age group from the radiograph, and (iii) a human-
defined feature extraction approach, where a
CNN first predicts the tooth’s developmental
stage, which is then used to classify the age

group.
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MATERIALS AND METHOD

Data collection

The study was approved by the Faculty of
Dentistry Human Experimentation Committee
of the Faculty of Dentistry, Chiang Mai
University (approval no. 60/2022) and the Faculty
of Medicine Human Research Ethics, Prince of
Songkla  University (approval no.
REC.66-235-38-2). It was registered with the Thai
Clinical Trial Registry (TCTR identification
number: TCTR20230519002).

We used a subset of the dataset from the
previous study?9 Digital panoramic radiographs of
1,872 patients (831 male and 1,041 female) were
randomly collected from the database of the
Dental Hospital of the Faculty of Dentistry,
Chiang Mai University, between 2012 and 2019.
Patients aged 14—23 years who underwent
radiographic examination and had available data
on their birth date and date of radiographic
examination were included in the study. Patients
were excluded whose radiographic images were of
poor quality, who had missing or malaligned
mandibular third molars (severe buccoversion or
linguoversion), or who had developmental
anomalies, jawbone pathology, or syndromes
affecting the dental development.

Mandibular third molar images were obtained
from radiographic examinations, cropped, and
rotated to align along the tooth axis at 224 x 336
pixels. Age was calculated by subtracting the
birth date from the examination date and used as
ground truth. Images were categorised into two
groups: patients aged under 18 years and those
aged 18 years or older. The data were randomly
split into training, validation, and test sets
(70:15:15). The training set was used to develop
deep learning and human-based prediction
models, the validation set to identify the optimal
deep learning models and the test set to evaluate
both methods. The study workflow and sample
distribution are presented in Figure 1 and Table 1.

Traditional human-based approach

The mandibular third molars’ developmental
stage was assessed by an expert who reported
almost perfect intra- and inter-observer
agreement in previous studies.” The assessment
followed a modified version of the Demirjian
method,¢ in which the eight developmental
stages (Stages A to H), originally proposed for the
mandibular first and second molars, were applied
to the mandibular third molar, as previously
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implemented by Duangto et al. (2017) in a Thai
population.’s However, since the patients in our
study were aged 14 to 23 and the development of
mandibular third molars begin at 7 to 8 years, we
observed only the later stages (Stages D to H)

Figure 1. Overall workflow of the study (A) data collection workflow (B) research workflow

(A) Data Collection

Radiographs of Thai patients,
aged from 14 to 23 years, taken

Collect (1) panoramic radiograph,

panoramic radiographs (obtained
from radiographic request lists)

(2) date of birth, (3) date of
radiograph taken

o Improper image quality

o Missing or malaligned
mandibular third molars

o Patients with development
related disease

(B) Research Workflow

Dataset
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Table 1. Number of mandibular third molar images in the training, validation, and test set

Mandibular third molar
Left

Right

Age group

Less than 18 years old
More than 18 years old
Developmental stage
Pre-H Stages

Stage H

Training (n=2,385)

n (%)

1,180 (49.48)
1,205 (50.52)

1,259 (52.79)
1,126 (47.21)

1819 (76.27)
566 (23.73)

Validation (n=511)
n (%)

267 (52.25)
244 (47.75)

294 (57.53)
217 (42.47)

384 (75.15)
127 (24.85)

Test (n=511)

n (%)

251 (49.12)
260 (50.88)

279 (54.60)
232 (45.40)

404 (79.06)
107 (20.94)
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(Figure 2). Individuals with mandibular third
molars at Stage H were considered 18 years or
older, while those at lower stages were considered
younger.’4 We evaluated the method's
performance using the test set.
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Fig

Stage E

End-to-end feature extraction approach

For the end-to-end approach, deep learning
models were trained to classify individuals as
either under or over 18 years of age directly from
mandibular third molar radiographs. Several
CNN architectures were evaluated for this task:
ResNet (ResNet-50 and ResNet-101),5 DenseNet
(DenseNet-121 and DenseNet-169),6 and
EfficientNet (EfficientNet-Bo and EfficientNet
B2),”7 were used for end-to-end age group
classification. Age groups were labelled as o for
individuals under 18 years and 1 for individuals 18
years or older. Training included data
augmentation (random rotation, horizontal
flipping, zooming and translation), with cross-
entropy loss and the ADAM optimiser. Training
parameters were initial learning rate 0.00005,
weight decay o0.0001, 100 epochs, and batch size
of six. In forensic age estimation, avoiding
misclassification of minors as adults is critical.’8
Thus, precision was prioritised. The best model
was selected based on the highest precision score
on the validation set.

Human-defined feature extraction approach

This approach used the same deep learning
models and training parameters as the end-to-end
method. Data augmentation techniques, the loss
function, and the optimiser were similarly
applied. However, in contrast to direct age
classification, these models were trained to
predict the developmental stage of the
mandibular third molar. In this approach, labels
were assigned based on human evaluation: o for
“pre-H stages” and 1 for “Stage H.” Unlike the
end-to-end method, the models’ primary
objective was accurate classification of
mandibular third molar developmental stages.
The predicted stage was subsequently used to
determine age group, with Stage H indicating

e 2. Examples of mandibular third molars in Sta

Stage F
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ges D—H according to Demirjian’s classification

Stage G

individuals 18 years or older, and pre-H stages
indicating individuals under 18 years. Model
selection on the validation set was based on the
highest Fi-score. An overview of the age
classification approaches is presented in Figure 3.

Experimental setup

The deep learning—based models were developed
using Python 3.8.10, PyTorch 1.12.0 and MONAI
o.10.dev2229 with CUDA 11.7 and CuDNN 8.6.0.
All experiments were performed on a
workstation equipped with a 4-core processor,
with 16 GB of RAM and an NVIDIA RTX 2080
8GB graphics card.

Performance evaluation

The models estimated age groups at the 18-year
threshold on the test set. Predictions were
classified as true positives (TP) for correctly
identified individuals older than 18 years, true
negatives (TN) for those correctly identified as
younger than 18 years, false positives (FP) for
individuals under 18 incorrectly predicted as older
and false negatives (FN) for those over 18
incorrectly predicted as younger.

These matrices were used to calculate the
performance matrices of the validation and
testing procedures in terms of accuracy,
sensitivity, specificity, precision, and Fi-score.
These metrics were calculated as follows
(Equations 1-5):

TP + TN
Accuracy =
TP + TN + FP + FN

L TP
Sensitivity = ———————
TP + FN

TN
Specificity = ————
pectielty = TN + Fp
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. TP
Precision = ——
TP + FP
Precision x Recall
F1-score = 2 X

Precision + Recall

We also calculated the Bayes’ post-test
probability. This measures the likelihood of a
condition after testing, considering pre-test

Vol 43 n. 3 - Dec - 2025

probability and test performance. In legal age
classification, a high Bayes’ post-test probability
ensures reliable predictions for individuals being
18 years or older, which is crucial for legal
accuracy.™ Minimising false positives is essential
to avoid wrongful adult classification, ensuring
correct legal responsibilities and protections. The
calculation of Bayes’ post-test probability is as
follows (Equation 6):

Sensitivity X po

Bayes' post-test probability =

When calculating the Bayes post-test probability;
po represents the likelihood that an individual
belongs to the age range of 18 to 23 years, given
that their age falls between 14 and 23 years. To
determine this probability, we computed po by
assessing the proportion of individuals aged 18 to
23 years among those within the 14 to 23 years age
bracket in the Thai population. Our investigation,
based on data sourced from the Thai National
Statistical Office (http://statbbi.nso.go.th),

Sensitivity x po + (1-Specificity)(-po)

unveiled that the calculated po for this specific
demographic subgroup stands at 0.61.

In the human-defined feature extraction approach,
models classified individuals into developmental
stages. True positives were those correctly
identified as Stage H, true negatives as pre-H
stages, false positives as pre-H stages misclassified
as Stage H, and false negatives as Stage H
misclassified as pre-H stages. Performance metrics
were calculated using the same criteria as before.

Figure 3. Overview of different approaches to age classification including traditional human-based
approach, end-to-end deep learning models, and human-defined feature extraction approaches

Traditional human-based approach
i »| Stage H »| Age = 18 years
> (O) Human nent
»| Pre-H Stage »| Age < 18 years

End-to-end feature extraction approach

> Kg{é} Deep learning model

| Age = 18 years

| Age < 18 years

Human-defined feature extraction approach

Y

Mandibular third molars images

> K€ Deep learning model

Stage H »| Age = 18 years

»| Pre-H Stage »| Age < 18 years

RESULTS

The results of all approaches to classify age
groups at the 18-year threshold are shown in
Table 2. The traditional human-based approach
achieved a specificity score of 0.99, indicating
that nearly all individuals identified as 18 years or
older were correctly classified. However, the
sensitivity was low at 0.45, indicating that only
45% of individuals aged 18 or older were correctly
identified as adults, and the remaining 55% were

misclassified as minors. Considering Bayes’ post-
test probability, this method achieved a value of
0.99, indicating a high probability that individuals
predicted to be 18 years or older are so.

The end-to-end deep learning approach, an AI-
based method with a straightforward idea,
achieved higher scores in accuracy and Fi-score
than the traditional method. This indicates that
this approach can successfully classify individuals
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as younger or older than 18 years. Among all
models, DenseNet-121 achieved the highest
accuracy score and F1-score of 0.85 and 0.82,
respectively. However, considering the legal
context where false positives are the most
serious cases to avoid, we further examined
the precision score, which represents the

Vol 43 n. 3 - Dec - 2025

accuracy of positive predictions. Although
this approach showed improved balance, its
lower precision (0.87-0.91) resulted in a
higher risk of misclassifying minors, as
reflected in slightly reduced Bayes’ post-test
probabilities (0.93-0.95) relative to the
traditional method.

Table 2. Number of mandibular third molar images in the training, validation, and test set

Approach Model Accuracy = Sensitivity Specificity = Precision sf(:-e P

Traditional 0.75 0.45 0.99 0.98 0.62 0.99
EfficientNet-Bo 0.84 0.72 0.93 0.89 0.8o 0.94
EfficientNet-B2 0.79 0.62 0.92 0.87 0.73 0.93

End-to-end  pepgeNet-rar 0.85 0.76 0.92 0.89 0.82  0.94

feature

extraction DenseNet169 0.83 0.74 0.91 0.88 0.80 0.93
ResNet-50 0.83 0.69 0.95 0.91 0.79 0.95
ResNet-101 0.80 0.65 0.92 0.87 0.74 0.93
EfficientNet-Bo 0.76 0.51 0.97 0.93 0.66 0.96
EfficientNet-B2 0.77 0.56 0.96 0.91 0.69 0.95

Human-

defined DenseNet-121 0.76 0.53 0.95 0.90 0.67 0.95

feature. DenseNet-169 0.78 0.55 0.97 0.93 0.69 | 0.96

extraction
ResNet-50 0.77 0.53 0.97 0.93 0.68 0.96
ResNet-101 0.76 0.51 0.97 0.94 0.66 0.97

p: Bayes post-test probability

The performance of the human-defined feature
extraction approach in classifying dental
development stages (pre-H stages vs Stage H) is
shown in Table 3. The accuracy scores for this
task ranged from 0.88 to 0.92 among all models,
with DenseNet-169 and ResNet-101 achieving the
highest accuracy at o0.92. However, considering
the Fi-score, which represents the balance of
false positives and false negatives, DenseNet-169
outperformed the other models with an Fr-score
of 0.84. When applying the classified
developmental stages from the deep learning
model for classifying age groups at the 18-year
threshold, all models achieved precision scores
ranging from 0.91 to 0.94, with the ResNet-101
model performing the best in this metric.
Considering a Bayes’ post-test probability,
ResNet-101, the best model in this approach,
achieved the probability score of 0.97. Although
this score was still lower than that of the
traditional approach, it was higher than those in

the end-to-end feature extraction approach. The
results of all approaches to classify age groups at
the 18-year threshold are shown in Table 2. The
traditional human-based approach achieved a
specificity score of 0.99, indicating that nearly all
individuals identified as 18 years or older were
correctly classified. However, the sensitivity was
low at o.45, indicating that only 45% of
individuals aged 18 or older were correctly
identified as adults, and the remaining 55% were
misclassified as minors. Considering Bayes’ post-
test probability, this method achieved a value of
0.99, indicating a high probability that
individuals predicted to be 18 years or older are
so.

The end-to-end deep learning approach, an Al-
based method with a straightforward idea,
achieved higher scores in accuracy and Fr-score
than the traditional method. This indicates that
this approach can successfully classify individuals
as younger or older than 18 years. Among all
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models, DenseNet-121 achieved the highest
accuracy score and Fi-score of 0.85 and 0.82,
respectively. However, considering the legal
context where false positives are the most serious
cases to avoid, we further examined the precision
score, which represents the accuracy of positive
predictions. Although this approach showed
improved balance, its lower precision (0.87-0.91)
resulted in a higher risk of misclassifying minors,
as reflected in slightly reduced Bayes’ post-test
probabilities (0.93-0.95) relative to the traditional
method.

The performance of the human-defined feature
extraction approach in classifying dental
development stages (pre-H stages vs Stage H) is
shown in Table 3. The accuracy scores for this
task ranged from 0.88 to 0.92 among all models,

Vol 43 n. 3 - Dec - 2025

with DenseNet-169 and ResNet-101 achieving the
highest accuracy at o.92. However, considering
the Fi-score, which represents the balance of
false positives and false negatives, DenseNet-169
outperformed the other models with an Fr-score
of 0.84. When applying the classified
developmental stages from the deep learning
model for classifying age groups at the 18-year
threshold, all models achieved precision scores
ranging from 0.91 to 0.94, with the ResNet-101
model performing the best in this metric.
Considering a Bayes’ post-test probability,
ResNet-101, the best model in this approach,
achieved the probability score of 0.97. Although
this score was still lower than that of the
traditional approach, it was higher than those in
the end-to-end feature extraction approach.

Table 3. Performance of deep learning models in classifying developmental stages at the Stage H
threshold on the test set

Model Accuracy Sensitivity
EfficientNet-Bo 0.91 0.87
EfficientNet-B2 0.88 0.88

DenseNet-121 0.90 0.91

DenseNet-169 0.92 0.95

ResNet-50 0.91 0.92

ResNet-101 0.92 0.91
DISCUSSION

Accurate age estimation is greatly significant in
legal and forensic contexts, including criminal
proceedings, immigration processes, human
trafficking concerns, and the age-specific rights
and responsibilities of individuals.2c However, to
date, the only existing study in deep learning-
based dental age estimation in Thai populations
from panoramic radiographs has shown wide
prediction errors of up to five years.2* Given the
18-year legal threshold, using specific cut-oft
points for age groups may provide more precise
results. In recent years, Al has been increasingly
applied in forensic odontology, particularly for
age and sex estimation from maxillofacial
radiographs.22 Despite its potential, real-world
implementation remains challenging due to the
limited transparency and interpretability of Al
models. This is especially critical in forensic
contexts, where explainability is essential for
clinical acceptance and legal defensibility.2 To
address these challenges, we compared the

Specificity = Precision = Fi-score
0.92 0.73 0.79
0.88 0.67 0.76
0.90 0.71 0.80
0.92 0.75 0.84
0.91 0.74 0.82
0.93 0.77 0.83

performance of traditional, end-to-end deep
learning, and human-defined feature extraction
approaches for age classification using
mandibular third molars in a Thai population.
The inclusion of a stage-based model aimed to
enhance interpretability while maintaining high
precision, reflecting the need for Al systems that
are not only accurate but also aligned with
established forensic reasoning. Our results
demonstrate notable differences in performance
metrics across these methods, highlighting the
strengths and weaknesses of each approach in the
context of legal age classification.

A recent systematic review demonstrated that Al
methods for dental age estimation range from
expert-guided approaches to fully automated
deep learning models, targeting both numerical
and categorical age prediction, including legal age
thresholds.? Han et al. compared human-based,
stage-based, and end-to-end deep learning
methods for dental age estimation, finding that
the end-to-end model performed best with a
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mean absolute error of 0.83 years.2+ Similarly, Guo
et al. reported superior performance of deep
learning over manual methods in classifying ages
at 14-, 16- and 18-year thresholds.»s However, at
the 18-year cutoff, deep learning showed lower
specificity than Demirjian-based staging,
suggesting that end-to-end models may not
always be optimal for threshold-based
classification tasks.

In forensic contexts, where precise age
classification is crucial to avoid misclassifying
minors as adults, the precision of these methods
becomes particularly significant.”® Our study
aimed to develop a deep learning model
optimised for precision to minimise false adult
classifications. The traditional method
demonstrated excellent precision (0.98) and
Bayes’ post-test probability (0.99), effectively
ruling out false positives but with low sensitivity
(0.45), potentially missing some minors. Although
the end-to-end deep learning model achieved
higher accuracy and F1-scores, its lower precision
(0.87-0.91) and post-test probability (0.93-0.95)
reduce its reliability in forensic screening. In
contrast, the human-defined feature extraction
approach balanced performance and
interpretability, with improved precision (up to
0.94) and post-test probability (0.97), aided by
staging indicators such as Stage H. This approach
complements the other methods by enhancing

Vol 43 n. 3 - Dec - 2025

precision and clinical transparency, reflecting the
common trade-off between sensitivity and
specificity:26

To understand the areas of an image that are
most important for a model's classification
decision, we employed the gradient-weighted
class activation mapping (Grad-CAM)
technique?” and analysed the heatmap images of a
test group. The area with the greatest influence
on the classification was marked in red, whereas
the area with the least influence was mapped in
blue. Green and yellow represented other
portions of the intermediate region. Figure 4
illustrates examples of Grad-CAM of successfully
classified age-group cases from the ResNet-50
model, which achieved the highest precision
scores in the end-to-end approach. The Grad-
CAM revealed that for the under18 age group,
the model highly focuses on the apical structure
of the tooth. However, for the over18 age group,
the model's attention is more heterogeneous,
with some focusing on the apical region while
others pay attention to the mid-root or
periodontal ligament space at the cervical region,
which is not reasonably understandable by human
knowledge. These findings align with a previous
study by Gou et al., suggesting that the end-to-
end deep learning model might extract more
complex and comprehensive features to
effectively classify age groups.2

Figure 4. Grad-CAM visualisations of successfully classified age-group cases from the ResNet-50
model, which achieved the highest precision scores in the end-to-end approach

(A) Under 18 years

(B) Over 18 years
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Figure § conversely illustrates examples of
Grad-CAM of correctly classified age-group
cases from the ResNet-ror model, which
achieved the highest precision scores in the
human-defined feature extraction approach. In
both correctly classifying the pre-H stages and
the Stage H, the model focused on the apex of
the root, aligning with Demirjian’s dental
development classification concept that
emphasises root development. These results
suggested that the human-defined feature
extraction approach offered more interpretable
results that align with established dental
development knowledge.

This study has certain limitations. First is its
generalisation. Ethnicity plays a crucial role in
wisdom tooth mineralisation.28 A meta-analysis
reported that using the fully mature third
molar to predict adulthood at the 18-year

Vol 43 n. 3 - Dec - 2025

threshold yields an overall diagnostic accuracy
of 71%.29 In this study, the Demirjian method
for age group prediction in the Thai population
yielded an accuracy of 86.5%. Variations in
accuracy may be caused by genetic diversity
among ethnic groups, which affects dental
development. These findings emphasise the
need to use a population-specific method to
estimate the dental age. Therefore, the results
of this study should be interpreted cautiously
since the analysis was based solely on data from
a Thai population and may not be generalisable
to other populations. To address this
limitation, future studies should validate the
model across various ethnic groups to ensure
its accuracy and reliability for different
populations. This will enhance the model’s
applicability and effectiveness in universally
estimating dental age.

Figure 5. Grad-CAM visualisations of successfully classified age-group cases from the ResNet-1o1

ighest precisi

model, which achieved the h

(A) Pre-H Stages

Data imbalance is a key limitation, especially in
developmental stages. Although the age groups were
fairly balanced (53.25% under 18 years), pre-H stages
dominated the dataset (76.47%) compared to Stage
H (23.53%). This imbalance may bias the model
against accurately classifying Stage H.° Synthetic
data, such as that generated by generative adversarial
networks in brain tumour classification to improve

es in the human-defined feature extraction approach

(B) H Stage

balance and accuracy;* could be a solution. However,
no evidence supports this approach in dental
radiographs, making it currently unfeasible.
Collecting more real data to balance the stages
remains the most viable option to improve model
performance and reliable classification of Stage H.

Although this study introduced deep learning-based
methods for accurate age group classification, the
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process remained semi-automatic, requiring manual
tooth segmentation. Establishing automated
detection and segmentation of the tooth of interest
is essential for achieving full automation. However,
legal and ethical concerns must be addressed. In
forensic cases, misclassifying minors can have serious
consequences. Human oversight remains essential to
ensure that Al predictions are carefully interpreted,
with Al serving to support rather than replace expert
judgment in sensitive contexts.

CONCLUSION
The traditional method minimised false positives
with high precision and strong post-test probability
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