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ABSTRACT

Background: Accurate age estimation in adolescents and adults remains challenging 
in�forensic�practice�once�dental�development�is�complete.�Cone-beam�computed�
tomography� (CBCT)�enables� three-dimensional� evaluation�of� skeletal� structures�
and�may�improve�age�estimation�without�additional�radiation�exposure.
Aim: To�develop� and� internally� validate� a�CBCT-based�multivariate� regression�
model for chronological age estimation using mandibular morphometrics and to 
compare its performance with a machine-learning approach.
Materials and Methods: This� retrospective� study� analyzed� 150� CBCT� scans� of�
individuals� aged� 10–70� years.� Mandibles� were� segmented� using� ITK-SNAP�
software, and standardized three-dimensional morphometric measurements were 
obtained.�The�dataset�was�randomly�divided� into�a� training�set� (n�=�105)�and�a�
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INTRODUCTION 
Accurate and reliable estimation of 
chronological age is essential in forensic 
anthropology, clinical forensic medicine, 
orthodontics, paediatric endocrinology, and 
legal� proceedings� involving� unaccompanied�
minors� or� unidenti𿿿ed� human� remains,�
particularly when birth records are missing, 
unreliable,� or� deliberately� falsi𿿿ed.1 In 
adolescents and adults, age estimation 
becomes increasingly challenging once dental 
development�is�complete,�as�most�odontogenic�
indicators� lose� their� discriminatory� value.�
Conventional� radiographic� approaches� such�
as�hand–wrist� analysis� and� cervical�vertebral�
maturation staging remain widely used but 
are limited by additional radiation exposure, 
moderate� inter-observer� reproducibility,� and�
susceptibility to systemic factors including 
nutrition and hormonal status.2

Cone-beam computed tomography (CBCT) 
has become an integral imaging modality 
in orthodontic, maxillofacial, and forensic 
practice, offering high-resolution three-
dimensional� visualization� of� craniofacial�
structures at radiation doses substantially 
lower� than� those� of� conventional� medical�
CT.3 The mandible, owing to its dense cortical 
structure, biomechanical loading patterns, 
and resistance to post-mortem degradation, 
frequently�preserves�identi𿿿able�morphological�
characteristics�even�in�advanced�decomposition�
or thermal damage, making it particularly 
valuable�for�forensic�age�estimation.4

Previous� investigations� have� explored�
age-related changes in mandibular 
morphometrics, including bicondylar width, 
bigonial width, ramus height, gonial angle, 
and condylar dimensions, reporting moderate 
to strong correlations across different 

testing�set�(n�=�45).�Pearson’s�correlation�analysis�and�stepwise�multivariate�linear�
regression�were�used�to�develop�the�regression�model.�A�Random�Forest�regression�
model was trained for comparison. Model performance was assessed using the 
coef𿿿cient�of�determination�(R²),�root�mean�square�error�(RMSE),�mean�absolute�
error (MAE), and mean absolute percentage error (MAPE). Agreement between 
predicted�and�chronological�age�was�evaluated�using�Bland–Altman�analysis�and�
intraclass�correlation�coef𿿿cient�(ICC).
Results:�Chronological�age�showed�a�strong�positive�correlation�with�the�gonial�
angle�and�a�strong�negative�correlation�with�the�ramus�height–to–body�length�ratio.�
The� 𿿿nal� regression�model� retained�gonial� angle,�bicondylar�width,� and� ramus�
height–to–body� length� ratio� as� signi𿿿cant�predictors.� In� the� testing� dataset,� the�
regression�model�demonstrated�excellent�predictive�accuracy�(R²�=�0.881;�RMSE�=�
6.09�years;�MAE�=�5.89�years),�minimal�bias�(−0.49�years),�and�excellent�agreement�
(ICC = 0.90). The Random Forest model showed reasonable performance but did 
not outperform the regression model.
Conclusion: CBCT-derived� mandibular� morphometrics� enable� accurate,� non-
invasive� forensic� age� estimation.� The� regression� model� demonstrated� superior�
reliability and interpretability compared with machine-learning, supporting its 
clinical and medico-legal applicability.
Key�𿿿ndings
1. A� regression-based� model� using� CBCT-derived� mandibular� morphometrics�

achieved�high�predictive�accuracy�and�agreement�for�forensic�age�estimation,�
outperforming�the�machine-learning�approach�in�internal�validation.

2. Mandibular shape and angular parameters, particularly gonial angle and ramus 
height–to–body�length�ratio,�were�more�reliable�indicators�of�chronological�age�
than isolated linear mandibular measurements.
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populations.5,6� However,� many� of� these�
studies relied on two-dimensional imaging 
or isolated linear measurements, which may 
inadequately capture complex age-related 
shape remodeling. Geometric morphometric 
approaches� have� demonstrated� improved�
discriminatory potential by emphasizing 
shape rather than size alone. Puspa Larasati  
et al.7,�using�panoramic�radiographs,�identi𿿿ed�
signi𿿿cant� age-related� mandibular� shape�
variations� involving� the� gonial� region� and�
ramus, but their methodology was constrained 
by the inherent limitations of two-dimensional 
projection.
Despite� the� growing� availability� of� CBCT�

datasets in orthodontic and forensic practice, 
there� is� still� a� lack� of� rigorously� validated�
multivariate� models� that� integrate� three-
dimensional mandibular morphometric 
parameters for chronological age estimation 
across adolescence and adulthood. 
Furthermore, although machine-learning 
approaches are increasingly explored in 
forensic age assessment, direct comparisons 
with� conventional� regression-based� models,�
particularly� in� terms� of� predictive� accuracy,�
bias, and agreement with chronological age, 
remain limited. Therefore, the aim of the present 
study�was�to�develop�and�internally�validate�a�
population-speci𿿿c,�CBCT-based�multivariate�
regression model for chronological age 
estimation using mandibular morphometrics 
and�to�compare�its�predictive�performance�with�
that�of�a�machine-learning�model.�The�speci𿿿c�
objectives� were� (i)� to� evaluate� associations�
between�chronological�age�and�CBCT-derived�
linear, angular, and ratio-based mandibular 
parameters,� (ii)� to� derive� a� parsimonious�
regression�equation�using� the�most�signi𿿿cant�
mandibular predictors, (iii) to assess and 
compare model performance using error 
metrics,�and�(iv)�to�evaluate�agreement�between�
predicted�and�chronological� age�using�Bland–
Altman analysis and intraclass correlation 
coef𿿿cient� (ICC),� thereby� determining� the�
forensic reliability and clinical applicability 
of� CBCT-derived� mandibular� morphometrics�
without additional radiation exposure.

MATERIALS AND METHODS
Study design and ethical approval
This� retrospective� observational� study�
was conducted in August 2025 using cone-
beam computed tomography (CBCT) scans 

retrieved� from� the� institutional� radiology�
database from January 2019 to July 2025. The 
study followed the ethical principles outlined 
in� the� Declaration� of�Helsinki,� and� approval�
was obtained from the Institutional Ethical 
Committee prior to data collection. All images 
were anonymized before analysis to ensure 
participant� con𿿿dentiality.� Since� this� study�
utilized pre-existing radiographic data, the 
requirement� for� individual� informed� consent�
was�waived.

Sample and eligibility criteria
CBCT� scans� of� individuals� aged� 10–70� years�
were screened to ensure a broad representation 
of�mandibular�morphological�variation�across�
adolescence to late adulthood. Only high-
quality� scans� with� complete� visualization� of�
both mandibular rami and the body were 
included. Scans showing pathology, fractures, 
craniofacial� syndromes,�previous�mandibular�
surgery,�or�signi𿿿cant�artefacts�were�excluded.�
A single, continuous sample was obtained 
without� subgroup� strati𿿿cation;� all� eligible�
scans�were�retained�to�avoid�selection�bias.�

The sample size was determined to obtain 
stable� estimates� for� a� multivariable� linear�
regression model predicting chronological 
age�from�mandibular�morphometric�variables.�
Based on Green’s rule of thumb for multiple 
regression�(N�≥�50�+�8m,�where�m is the number 
of�predictors�in�the�𿿿nal�model)8, a minimum 
of 74 subjects would be required for a model 
including three predictors. To further enhance 
precision� and� allow� internal� validation,� we�
included a total of 150 CBCT scans, which were 
randomly split into a training set (n = 105) and 
a testing set (n = 45).

A total of 150 eligible CBCT scans were 
included. The entire dataset was randomly 
divided� into�a� training�set� (70%,�n�=�105)� for�
development� of� the� regression� model� and�
a� testing� set� (30%,� n� =� 45)� for� independent�
internal�validation.�This�split-sample�approach�
minimized� over𿿿tting� and� allowed� objective�
evaluation�of�predictive�performance.

CBCT acquisition parameters
All CBCT scans were acquired using a 
standardized institutional imaging protocol on 
a single CBCT system. Acquisition parameters 
ranged within routine diagnostic limits, with 
a�𿿿eld�of�view�of�12–17�cm,�voxel�size�of�0.2–
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0.3�mm,�tube�voltage�of�90–120�kVp,�and�tube�
current�of�5–10�mA.�All� scans�met�diagnostic�
image quality requirements for three-
dimensional morphometric analysis. 

Mandibular segmentation and 3D 
reconstruction
The anonymized Digital Imaging and 
Communications in Medicine (DICOM) 
datasets were imported into ITK-SNAP software 
(version� 3.8.0;� Penn� Image� Computing� and�
Science�Laboratory,�University�of�Pennsylvania,�
Philadelphia, PA, USA) for three-dimensional 
segmentation and analysis using the built-
in� semi-automated� active� contour� (region-
growing) module. The mandible was segmented 
semi-automatically using a threshold-based 
active� contour� region-growing�algorithm.�An�
initial global intensity threshold was applied 
to isolate mineralized structures, following 
which region growing was restricted to the 
mandibular�compartment.�Manual�re𿿿nement�

was subsequently performed in the axial, 
coronal,�and�sagittal�planes�to�remove�residual�
maxillary structures, cranial base components, 
and artefacts, ensuring complete isolation of 
the mandibular condyles, coronoid processes, 
rami, body, and symphysis. Segmentation 
accuracy� was� visually� veri𿿿ed� in� all� three�
orthogonal planes prior to surface mesh 
generation.
The� segmented� volumes� were� converted�

into three-dimensional surface renderings. 
Each mandible was re-oriented so that the 
Frankfort horizontal plane was aligned parallel 
to the horizontal axis and the midsagittal plane 
was perpendicular to it. This standardization 
minimized� positional� variability� across�
scans and ensured uniform measurement 
orientation.� Representative� examples� of� the�
ITK-SNAP–based� mandibular� segmentation,�
landmark� identi𿿿cation,� and� morphometric�
measurements are shown in Figure 1.

Figure 1:� ITK-SNAP–based� mandibular� segmentation� and� morphometric� measurements� derived� from� cone-beam�
computed tomography (CBCT); A: Three-dimensional mandibular surface model generated following semi-automated 
segmentation in ITK-SNAP, illustrating landmark identification and linear and angular measurements, including 
ramus�height�(Condylion–Gonion),�mandibular�body�length�(Menton–Gonion),�and�gonial�angle;�B:�Inferior�view�of�
the segmented mandibular surface model showing measurement of bigonial width between bilateral gonion points;  
C:�Posterior�view�of�the�segmented�mandible�demonstrating�bicondylar�width�measured�between�the�most�superior�
points�of�the�right�and�left�condyles�(Condylion–Condylion);�D: Sagittal CBCT slice used during ITK-SNAP segmentation 
depicting linear measurement of ramus height; E: Axial CBCT slice illustrating corpus thickness measurements at the 
premolar (Pm) and molar (M) regions; F: Coronal CBCT slice demonstrating bicondylar width measurement in the 
frontal plane.
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Landmark�identi𿿿cation
Anatomical landmarks were selected based 
on� reproducibility� and� previous� mandibular�
morphometric literature. The following 
landmarks�were� identi𿿿ed� on� the� 3D� surface�
models:

• Condylion (Co): most superior point on 
the mandibular condyle

• Gonion (Go): most posterior-inferior 
point at the mandibular angle

• Menton (Me): most inferior midline point 
of the mandibular symphysis

• Mandibular notch: deepest point of the 
sigmoid notch

• Inferior border reference points along the 
mandibular corpus

All landmarks were placed manually by 
a calibrated examiner using ITK-SNAP. 
Cartesian coordinates (x, y, z) of each landmark 
were exported for morphometric analysis.

Mandibular Morphometric Measurements
A set of linear, angular, and ratio-based 
morphometric� variables� was� generated� from�
the landmark coordinates. Linear parameters 
included ramus height, mandibular body 
length, bicondylar width, bigonial width, 
condylar width, and corpus thickness at 
standardized reference points. Angular 
parameters included gonial angle and 
mandibular plane angle. Shape-based metrics 
such as ramus height-body length ratio, and 
bigonial–bicondylar�proportions�were�derived�
to� minimize� variability� related� to� sex� or�
craniofacial size. Bilateral measurements were 
obtained� on� both� sides� and� averaged� where�
applicable. Ratios were computed to reduce 
the�inÁuence�of�absolute�craniofacial�size�and�
biological�sex.�The�complete�de𿿿nitions�of�all�
mandibular�variables�are�provided�in�Table�1.

Table 1:�Definitions�of�mandibular�morphometric�variables�and�derived�ratios
Variable Abbreviation Definition / Landmark Basis Side Unit Type

Ramus height RH Distance from condylion (Co) to 
gonion (Go)

Right�&�left�(mean) mm Linear

Mandibular body length BL Distance from gonion (Go) to 
menton (Me)

Right�&�left�(mean) mm Linear

Bicondylar width BCW Distance between right and left 
condylion�(Co–Co)

Bilateral mm Linear

Bigonial width BGW Distance between right and left 
gonion�(Go–Go)

Bilateral mm Linear

Condylar width CW Maximum mediolateral width of 
mandibular condyle

Right�&�left�(mean) mm Linear

Corpus thickness at first 
premolar region

CTPM Buccolingual thickness at first 
premolar�level

Single mm Linear

Corpus thickness at first 
molar region

CTM Buccolingual thickness at first 
molar�level

Single mm Linear

Gonial angle GA Angle between ramus plane and 
mandibular body plane

Right�&�left�(mean) ° Angular

Mandibular plane angle MPA Angle between mandibular plane 
and Frankfort plane

Global ° Angular

Ramus�height–to–body�length�
ratio

RH/BL Mean�RH�÷�mean�BL Global Unitless Ratio

Bigonial–to–bicondylar�ratio BGW/BCW BGW�÷�BCW Global Unitless Ratio

Values�are�measured�on�standardized�3D�CBCT�reconstructions�using�ITK-SNAP�software.

Observer reliability assessment

To�assess� intra-�and� inter-observer� reliability,�
20 CBCT scans were randomly selected 
and� re-measured� after� a� two-week� interval.�
Measurements were repeated by the primary 
examiner and independently by a second 
examiner�using�the�same�ITK-SNAP�workÁow.�

Intraclass� correlation� coef𿿿cients� (ICC)�
were calculated using a two-way random-
effects model with absolute agreement 
for� single� measures.� An� ICC� ≥� 0.80� was�
considered�indicative�of�acceptable�reliability.�
Measurements with poor reproducibility 
were excluded from subsequent analysis. The 
mandibular morphometric measurements 
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demonstrated good to excellent intra- and 
inter-observer� reliability� (ICC� ≥� 0.80),�
supporting the robustness of the landmarking 
and measurement protocol.

Statistical analysis and regression model 
development
Descriptive� statistics,� including� means,�
standard� deviations,� and� 95%� con𿿿dence�
intervals,�were�calculated�for�chronological�age�
and�all�mandibular�morphometric�variables�in�
both the training and testing datasets. In the 
training dataset, Pearson’s correlation analysis 
was performed to examine associations 
between� chronological� age� and� individual�
mandibular parameters.

Variables demonstrating statistically 
signi𿿿cant�correlations�and/or�strong�biological�
plausibility were entered into a stepwise 
multivariate� linear� regression� model,� with�
chronological age (in years) as the dependent 
variable.� The� stepwise� selection� procedure�
was used to identify the most parsimonious 
combination of predictors contributing to 
age estimation. Multicollinearity among 
independent� variables� was� assessed� using�
variance� inÁation� factors� (VIF),� with� values�
below 5 considered acceptable. Regression 
coef𿿿cients,� standard� errors,� and� con𿿿dence�
intervals� were� calculated,� and� the� 𿿿nal�
regression� equation� was� derived� from� the�
training dataset.

Model validation and comparative analysis
The�derived� regression�equation�was�applied�
to the independent testing dataset for internal 
validation.� Predictive� performance� was�
evaluated� in� both� the� training� and� testing�
datasets�using�the�coef𿿿cient�of�determination�
(R²),� root� mean� square� error� (RMSE),� mean�
absolute error (MAE), and mean absolute 
percentage error (MAPE).
For� comparative� analysis,� a� machine-

learning model based on the Random Forest 
regression� algorithm� was� developed� using�
the same training dataset. Random Forest was 
selected due to its ability to model complex 
non-linear�relationships�and�reduce�over𿿿tting�
through ensemble learning. The model was 
trained using default hyperparameters, 
with multiple decision trees generated from 
bootstrapped samples of the training data 
and random subsets of predictors selected at 
each split. The trained Random Forest model 

was then applied to the independent testing 
dataset.� Predictive� performance� metrics� for�
the regression-based and Random Forest 
models were calculated using identical criteria 
to allow direct comparison of accuracy and 
generalizability.

Agreement analysis
Agreement between predicted age and actual 
chronological� age�was�assessed�using�Bland–
Altman analysis. Mean difference (bias) and 
95%� limits� of� agreement� were� calculated�
to� evaluate� systematic� bias� and� dispersion�
between� predicted� and� observed� values�
for both the regression and Random Forest 
models.
Additionally,� intraclass�correlation�coef𿿿cient�
(ICC) analysis was performed to quantify the 
degree of agreement between predicted and 
actual�age�values.�A� two-way�random-effects�
model with absolute agreement was used, 
and�ICC�values�were�interpreted�according�to�
established reliability thresholds.

Data management and reporting standards
All cases were analyzed according to a pre-
registered protocol based on established 
radiomorphometric and CBCT reporting 
guidelines. Data handling followed STROBE 
recommendations� for� observational� research.�
Reporting�of�𿿿ndings�was�aligned�with�forensic�
age-estimation best-practice statements to 
ensure clinical applicability.

RESULTS
The cohorts are closely matched in age (40.14 
±� 15.48� vs.� 39.21� ±� 16.93� years)� and� across�
all measured mandibular dimensions. Key 
anatomical means, such as bicondylar width 
(117.54�±�10.10�mm�vs.�115.69�±�8.15�mm)�and�
bigonial� width� (93.50� ±� 7.99� mm� vs.� 94.02� ±�
8.78�mm),� show�negligible� variation.� Slightly�
greater� divergence� was� noted� in� angular�
measurements, particularly the gonial angle 
(122.23�±�5.56°�vs.�124.63�±�6.27°)�and�mandibular�
plane� angle� (27.25� ±� 4.74°� vs.� 28.83� ±� 5.56°).�
Crucially,�the�derived�ratios�for�ramus-to-body�
and bigonial-to-bicondylar proportions were 
nearly identical. This close alignment infers 
that the testing sample is demographically and 
morphologically�representative�of�the�training�
population. Therefore, the testing dataset is 
validated�as�a�suitable�and�reliable�subset�for�
externally� evaluating� any� predictive� models�
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developed�from�the�training�data,�minimizing�
the� risk� of� bias� due� to� sample� strati𿿿cation�

(Table 2).

Table 2:�Descriptive�statistics�of�demographic�and�mandibular�morphometric�variables�in�training�and�testing�datasets
Variables Unit Training data 

(n=105)
Mean at 95% 

Confidence Interval
Testing data 

(n=45)
Mean at 95% CI

Mean ± SD Lower 
limit

Upper 
limit Mean ± SD Lower 

limit
Upper 
limit 

Age Years 40.14�±�15.48 37.141 43.131 39.21�±�16.93 34.12 44.29

Ramus height mm 53.75�±�5.53 52.683 54.824 55.09 ± 5.21 53.53 56.66

Mandibular body length mm 78.33�±�7.36 76.904 79.753 78.98�±�7.34 76.77 81.18

Bicondylar width mm 117.54 ± 10.10 115.588 119.499 115.69�±�8.15 113.24 118.14

Bigonial width mm 93.50�±�7.99 91.956 95.048 94.02�±�8.78 91.38 96.65

Condylar width mm 19.45 ± 1.75 19.108 19.787 19.41 ± 1.92 18.83 19.98

Corpus thickness at premolar region mm 10.92�±�1.39 10.653 11.193 11.24 ± 1.44 10.8 11.67

Corpus thickness at molar region mm 12.43�±�1.64 12.114 12.748 12.21 ± 1.72 11.7 12.73

Gonial angle Degrees 122.23�±�5.56 121.155 123.306 124.63�±�6.27 122.74 126.51

Mandibular plane angle Degrees 27.25 ± 4.74 26.332 28.167 28.83�±�5.56 27.16 30.5

Ramus height-to-body length Ratio 0.69 ± 0.09 0.674 0.71 0.7 ± 0.1 0.67 0.73

Bigonial width-to-bicondylar width Ratio 0.80�±�0.09 0.783 0.819 0.82�±�0.09 0.79 0.84

Values�are�presented�as�mean�±�standard�deviation�(SD)�with�95%�confidence�intervals�(CI).

The� correlation� analysis� revealed� that,�
within the training sample, chronological age 
showed� signi𿿿cant� correlations� with� speci𿿿c�
mandibular� dimensions.� A� strong� positive�
correlation was found with the gonial angle 
(r=0.722, p=0.001), indicating this angle 
increases� markedly� with� age.� Conversely,�
signi𿿿cant�negative�correlations�were�observed�

for� bicondylar� width� (r=-0.369,� p=0.001)�
and, most strongly, for the ramus width-to-
body length ratio (r=-0.792, p=0.001). Corpus 
thickness at the molar region also showed a 
weak� positive� correlation� (r=0.242,� p=0.021).�
All� other� variables,� including� most� linear�
measurements, demonstrated no statistically 
signi𿿿cant�relationship�with�age�(Table�3).

Table 3:�Correlation�between�mandibular�variables�(training�data)�and�chronological�age

Variables
Chronological age (years)

r value p-value

Ramus height (mm) -0.015 0.881

Mandibular body length (mm) 0.123 0.211

Bicondylar width (mm) -0.369 0.001*

Bigonial width (mm) 0.075 0.45

Condylar width (mm) -0.033 0.739

Corpus thickness at premolar region (mm) -0.005 0.958

Corpus thickness at molar region (mm) 0.242 0.021*

Gonial angle (degrees) 0.722 0.001*

Mandibular plane angle (degrees) 0.041 0.681

Ramus height-to-body length ratio -0.792 0.001*

Bigonial width-to-bicondylar width ratio -0.006 0.956
r�=�Pearson�correlation�coefficient.,�Correlation�strength�was�interpreted�as�negligible�(|r|�<�0.20),�weak�(0.20–0.39),�
moderate�(0.40–0.59),�strong�(0.60–0.79),�and�very�strong�(≥�0.80).�
*p < 0.05 indicates statistical significance.

Asheerbad Swain, Kamala K.A., Suraiya Khan, et al. Forensic�Age�Estimation�Using�CBCT-Derived�
Mandibular�Morphometrics:�A�Comparative�Study�of�Regression�and�Machine-Learning�Models.



140 Indian Journal of Forensic Medicine and Pathology

IJFMP/Volume 19 Number 2 April–June 2026

The stepwise regression analysis produced 
two� signi𿿿cant� models� for� predicting� age�
using� mandibular� variables.� The� 𿿿nal� and�
most parsimonious model (Model 2) retained 
three key predictors: Bicondylar width, gonial 
angle, and the ramus width-to-body length 
ratio,� all� with� high� statistical� signi𿿿cance�
(p=0.001).�This�inference�strongly�con𿿿rms�that�
speci𿿿c� mandibular� proportions� are� reliable�

indicators of chronological age. The exclusion 
of�other�variables,�such�as�corpus�thickness�at�
molar region, through the stepwise process 
indicates that the three retained measurements 
provide�a�statistically�suf𿿿cient�and�powerful�
combination for age estimation, highlighting 
their utility in anatomical and forensic 
applications (Table 4).

Table 4:�Multivariate�linear�regression�model�(stepwise)�applied�to�training�data
Model 1 B Standard Error T stats p-value Cl at 95% 

(lower limit)
Cl at 95% 

(upper limit)

Constant 32.29 20.70 1.56 0.122 -8.31 72.89

Bicondylar width -0.29 0.06 -4.51 0.001* -0.41 -0.17

Corpus thickness at molar region 0.73 0.47 1.53 0.128 -0.19 1.65

Gonial angle 0.61 0.11 5.40 0.001* 0.39 0.83

Ramus height-to-body length ratio -60.81 7.97 -7.63 0.001* -76.43 -45.19

Model 2

Constant 43.74 19.43 2.25 0.026 5.66 81.82

Bicondylar width -0.30 0.06 -4.66 0.001* -0.42 -0.18

Gonial angle 0.61 0.11 5.35 0.001* 0.39 0.83

Ramus height-to-body length ratio -62.81 7.95 -7.84 0.001* -78.39 -47.23
B�=�unstandardized�regression�coefficient;�CI�=�confidence�interval.�*p�<�0.05�indicates�statistical�significance.

The regression equation thus formed is 
shown in Table 5. Table 6 summarizes the 
predictive� performance� of� the� regression�
equation and machine-learning model across 
training and testing datasets. The regression 
model demonstrated good accuracy with 
lower error metrics and higher explained 
variance� in� both� datasets,� indicating� stable�
predictive�performance.�The�machine-learning�
model� showed� comparatively� higher� error�
values�and�lower�R²,�particularly�in�the�testing�
dataset, suggesting reduced generalizability 
when compared with the regression approach.
Table 5: Regression equation

Final age prediction equation

Age�(years)�=�43.74�−�(0.30�×�Bicondylar�width�[mm])�+�(0.61�
×�Gonial�angle�[°])�−�(62.81�×�Ramus�height–to–body�length�
ratio)

Table 6:� Regression�model� validation�and�performance�
metrics

 Training 
data (n=105)

Testing data 
(n=45)

Machine 
model

RMSE 7.81 6.09 8.75

MAE�/�MAD 5.58 5.89 7.72

MAPE 16.05% 22.23% 19.2%

R² 0.752 0.881 0.674

RMSE = root mean square error; MAE = mean absolute 
error;� MAPE� =� mean� absolute� percentage� error;� R²� =�
coefficient of determination.

Table� 7� presents� the� Bland–Altman�
agreement analysis between chronological age 
and predicted age. The regression equation 
showed a smaller mean difference (bias) and 
narrower�limits�of�agreement,�reÁecting�closer�
agreement with actual chronological age. In 
contrast, the machine-learning model exhibited 
a higher bias and wider limits of agreement, 
indicating�greater�variability�in�age�prediction.
Table 7:� Bland–Altman� analysis� showing� agreement�
between chronological age and age predicted using 
regression equation and machine-learning model
Parameter Equation Machine model

Mean difference (bias) -0.49 0.371

Upper limit of agreement 3.35 6.46

Lower limit of agreement -5.32 -7.75

Table� 8� shows� the� intraclass� correlation�
coef𿿿cient� (ICC)� analysis� for� agreement�
between predicted and actual chronological 
age. Both models demonstrated excellent 
agreement,� with� ICC� values� above� 0.85� and�
statistically� signi𿿿cant� results� (p� =� 0.001).�
However,� the�regression�equation�achieved�a�
slightly higher ICC than the machine-learning 
model, further supporting its superior 
reliability in age prediction.
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Table 8: Intraclass correlation coefficient (ICC) analysis demonstrating agreement between predicted and actual 
chronological age for regression and machine-learning models

Intraclass correlation coefficient ICC Lower 95%-CI Upper 95%-CI F stats p-value

Regression equation 0.90 0.83 0.94 18.83 0.001

Machine model 0.88 0.83 0.92 18.12 0.001

P < 0.05: statistically significant

DISCUSSION
Accurate estimation of chronological age 
in adolescents and adults remains a major 
challenge in forensic sciences because most 
dental� development–based� methods� lose�
discriminatory power after completion of 
tooth mineralization.9 Consequently, skeletal 
approaches assume greater importance in this 
age�group,�particularly�in�scenarios�involving�
fragmentary remains or undocumented 
individuals.� Among� skeletal� elements,� the�
mandible� is� especially� valuable� for� forensic�
identi𿿿cation�and�age�estimation�owing�to�its�
dense cortical structure, resistance to post-
mortem degradation, and sustained exposure 
to functional and biomechanical remodeling 
throughout life.4 The present study reinforces 
this premise by demonstrating that three-
dimensional� CBCT-derived� mandibular�
morphometrics can be integrated into a robust 
multivariate� regression�model� with� excellent�
predictive� accuracy,� thereby� overcoming� key�
limitations associated with two-dimensional 
imaging and single-parameter approaches.6

One� of� the� most� inÁuential� 𿿿ndings� of�
the present study is the strong association 
observed� between� chronological� age� and� the�
gonial angle. Age-related changes in the gonial 
region� have� been� extensively� documented� in�
both anthropological and clinical radiology 
literature.10 Early panoramic radiographic 
studies� reported�progressive�widening�of� the�
gonial� angle� with� advancing� age,� attributed�
to� alveolar� bone� resorption,� muscular�
remodeling, and alterations in occlusal 
loading patterns.11,12 In contrast, Bakan et al.13, 
using� CBCT� images� of� dentate� individuals�
aged� 7–17� years,� reported� no� signi𿿿cant�
correlation between age and gonial angle. This 
discrepancy may be explained by differences 
in� age� range,� population-speci𿿿c� craniofacial�
morphology, and the limited manifestation 
of age-related mandibular remodeling in 
younger� individuals.� The� present� 𿿿ndings�
suggest that gonial angle becomes a more 
sensitive�indicator�of�age-related�change�when�
broader age ranges extending into adulthood 
are examined.

Equally� noteworthy� is� the� identi𿿿cation�
of� the� ramus� height–to–body� length� ratio�
as a superior predictor of chronological age 
compared with isolated linear mandibular 
measurements.� This� observation� aligns�
with geometric morphometric and forensic 
anthropological� evidence� indicating� that�
proportional� indices�more� effectively� capture�
age-related shape transformations than 
absolute dimensions.14 Puspa Larasati et 
al.7, using geometric morphometric analysis 
on panoramic radiographs, demonstrated 
signi𿿿cant� age-related� mandibular� shape�
variation,�particularly�in�the�gonial�and�ramal�
regions,� achieving� classi𿿿cation� accuracies�
of� 67%� in� adults� and� 65%� in� adolescents.�
However,�their�study�was�constrained�by�two-
dimensional projection errors. By employing 
three-dimensional CBCT data, the present 
study�extends�these�𿿿ndings�and�con𿿿rms�that�
mandibular shape ratios retain strong biological 
relevance�even�when�absolute�mandibular�size�
exhibits weak age dependence.

The inclusion of bicondylar width in the 
𿿿nal� regression�model� is�also� consistent�with�
existing� evidence� on� condylar� remodeling.�
The�mandibular�condyle� is�highly�responsive�
to� masticatory� forces,� adaptive� remodeling�
of the temporomandibular joint, and age-
related� degenerative� changes.15 Uzel et al.16 
demonstrated the utility of CBCT-based 
radiomic analysis of the mandibular condyle 
for age estimation, while Valladares Neto  
et al.17 reported age-related increases primarily 
in the frontal dimension of the condyle in 
individuals�aged�3–20�years.�The�present�study�
corroborates� these�observations�and�indicates�
that bicondylar width contributes meaningful 
discriminatory information when combined 
with angular and proportional mandibular 
variables.

In contrast, most isolated linear mandibular 
dimensions, including ramus height and 
mandibular body length, exhibited weak 
independent�associations�with�age.�This�𿿿nding�
supports�previous�work�by�Singh�et al.18, who 
reported strong sexual dimorphism but limited 
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age� dependence� for� individual� mandibular�
dimensions�in�adults.�These�observations�help�
explain the modest performance of earlier 
linear-only mandibular age estimation models 
and�underscore�the�importance�of�multivariate�
frameworks that integrate size, shape, and 
angular parameters.
The� predictive� accuracy� achieved� in� the�

present� study� compares� favorably� with�
previously� reported� adult� age� estimation�
methods. Dental-based CBCT approaches, such 
as� pulp–tooth� ratio� analysis,� typically� report�
mean absolute errors ranging from ±7 to ±12 
years.19,20� Arti𿿿cial� intelligence–based� dental�
age� estimation� methods� have� demonstrated�
moderate correlations with chronological age 
(r = 0.65, p < 0.001) and a mean absolute error of 
approximately 4.7 years21, while deep learning 
approaches� using� orthopantomograms� have�
reported�prediction�accuracies�of�around�63%�
within one year of actual age.22 In comparison, 
the CBCT-based mandibular regression model 
developed�in�the�present�study�demonstrated�
lower error margins and stronger agreement 
with chronological age. Although the Random 
Forest machine-learning model incorporated 
in this study was able to model non-linear 
relationships� and� achieved� reasonable�
predictive�performance,�it�did�not�outperform�
the regression-based approach in terms of 
accuracy�or�agreement.�This�𿿿nding� suggests�
that, in anatomically interpretable datasets 
with� well-de𿿿ned� morphometric� predictors,�
parsimonious regression models may 
offer superior generalizability and forensic 
transparency compared with more complex 
machine-learning algorithms.
From� a� methodological� perspective,� this�

study� offers� several� strengths.� First,� CBCT�
imaging� eliminates� magni𿿿cation� and�
superimposition errors inherent to panoramic 
radiography, enabling true three-dimensional 
spatial assessment. Second, the use of 
standardized� ITK-SNAP–based� segmentation�
and reorientation protocols resulted in high 
intra� and� inter-observer� reliability,� consistent�
with� prior� validations� of� ITK-SNAP� in�
craniofacial morphometric research.22,23 
Third, the adoption of a split-sample internal 
validation� strategy� enhanced� the� statistical�
rigor of the analysis and reduced the risk 
of� over𿿿tting,� thereby� strengthening� the�
credibility and reproducibility of the proposed 
regression model.

Clinical and forensic implications
The� 𿿿ndings� of� this� study� have� important�
clinical and forensic implications. In forensic 
contexts, the CBCT-based mandibular 
regression� equation�may�be�applied� to� living�
age�estimation� in�undocumented�individuals,�
asylum seekers, and legal age disputes, as 
well� as� to� post-mortem� identi𿿿cation� in�
cases� involving� decomposed,� skeletonized,�
or� thermally� altered� remains.� Given� that�
the� mandible� frequently� survives� extreme�
environmental� conditions� and� is� often�
recoverable� even� when� teeth� or� long� bones�
are� unavailable,� this� approach� is� particularly�
valuable� in� mass� disaster� and� criminal�
investigation�settings.
From� a� clinical� perspective,� the� method�

enables opportunistic forensic inference using 
CBCT scans already acquired for orthodontic, 
implant, or maxillofacial diagnostic purposes, 
without additional radiation exposure. The 
reliance on only three robust and anatomically 
interpretable mandibular parameters further 
facilitates practical implementation in routine 
forensic�and�medico-legal�workÁows.

Limitations and future directions
Several� limitations� should� be� acknowledged.�
First, the regression model is population-
speci𿿿c,� and� variations� in� craniofacial�
morphology across ethnic groups may 
inÁuence� predictive� accuracy;� external�
validation� in�diverse�populations� is� therefore�
essential. Second, although a wide age range 
was� included,�uneven�age�distribution�across�
decades� may� affect� predictive� performance�
at the extremes of age. Third, the analysis 
was� restricted� to� mandibular� variables;�
future� studies� integrating� maxillary,� cervical�
vertebral,� or� dental� pulp� parameters� may�
further enhance accuracy. Finally, while 
semi-automated segmentation demonstrated 
excellent reliability, future incorporation of 
fully� automated� arti𿿿cial� intelligence–based�
landmarking�and�segmentation�could�improve�
ef𿿿ciency� and� scalability� in� high-throughput�
forensic applications.

CONCLUSIONS
This�study�developed�and�internally�validated�
a� population-speci𿿿c� multivariate� regression�
model for chronological age estimation using 
CBCT-derived� mandibular� morphometric�
parameters.� The� gonial� angle,� ramus� height–



143

IJFMP/Volume 19 Number 2 April–June 2026

to–body� length� ratio,� and� bicondylar� width�
emerged� as� the� most� inÁuential� predictors�
of age, underscoring the importance of 
mandibular shape and angular remodeling 
over�isolated�linear�measurements.�By�utilizing�
routinely acquired CBCT data, the proposed 
approach� enables� accurate� and� non-invasive�
age�estimation� in�both� living� individuals�and�
skeletal remains without additional radiation 
exposure. The regression model demonstrated 
strong�predictive�performance�and�agreement,�
offering� a� scienti𿿿cally� robust� and� clinically�
applicable adjunct for contemporary forensic 
odontology and medico-legal age assessment.
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