
 

 

PAMUKKALE ÜNİVERSİTESİ 

Mühendislik Bilimleri Dergisi |  PAMUKKALE UNIVERSITY 

 Journal of Engineering Sciences 

 Araştırma makalesi | Research paper    Cilt | Vol: XX • Sayı | No: X • ss | pp: XXXX-XXXX • Yıl | Year: 20XX  

 
 

1 
This article published under the Creative Commons Attribution-NonCommercial-ShareAlike 4.0 (CC BY-NC-SA) licence. 

Sex determination from cephalometric radiography using data mining 
 

Gizemnur Erol Doğan  1, Betül Uzbaş 2, Hatice Kök 3 

 
 

A R T I C L E   I N F O  A B S T R A C T 

Dates: 
Received: 07.04.2026 
Accepted: 21.07.2026 
 
doi: 
10.65206/pajes.1924886 
 
Corresponding author: 
Gizemnur Erol Doğan 
(gerol@ktun.edu.tr) 
 
Author addresses: 
1 Software Engineering 
Department, Faculty of 
Computer and Information 
Sciences, Konya Technical 
University, Konya, 42250, 
Türkiye (gerol@ktun.edu.tr) 
 
2 Computer Engineering 
Department, Faculty of 
Computer and Information 
Sciences, Konya Technical 
University, Konya, 42250, 
Türkiye (buzbas@ktun.edu.tr) 
 
3 Orthodontics Department, 
Faculty of Dentistry, Selçuk 
University, Konya, 42130, 
Türkiye 
(hatice.kok@selcuk.edu.tr) 

 Context—The skull is a crucial reference structure in skeletal analysis due to its hard and durable nature, 
which enables it to resist environmental degradation and preserve its morphological characteristics 
over extended periods. Because of these properties, craniofacial structures are widely used in forensic 
science, anthropology, and medical studies for identification purposes, including sex determination. 
Objective—This study aims to perform sex determination using cephalometric radiography (CR) and to 
evaluate the effectiveness of statistical and correlation-based feature selection methods in improving 
classification performance. Additionally, the study investigates whether a reduced set of informative 
cephalometric features (CFs) can achieve comparable accuracy to the full feature set, thereby increasing 
model efficiency and interpretability. 
Method—A dataset was 
created by extracting the 𝑥 
and 𝑦 coordinates of 19 
cephalometric landmarks 
(CLs) from CR images of 300 
patients (150 females and 150 
males). Based on these 
landmarks, 8 Euclidean 
distance (8-ED), 3 angular (3-
A), and 3 frontal sinus (3-FS) 
measurements were 
calculated, resulting in a total 
of 14 CFs. Initially, statistical 
analyses were conducted to 
determine the relationship 
between each feature and the 
sex variable, identifying the 
most discriminative 
parameters. Following this, 
correlation analysis was 
performed to examine inter-
feature relationships and to 
detect redundant information. 
Feature combinations with 
high correlation and strong  
association with the target variable were generated using predefined threshold values. To evaluate the 
effectiveness of these feature sets, comparative classification experiments were carried out using 
machine learning (ML) algorithms, with a particular focus on performance differences between full and 
reduced feature subsets. 
Results—The experimental results showed that using the Support Vector Machine (SVM) classifier with 
4 CFs yielded an accuracy of 89.33%. Notably, a comparable level of classification performance was 
achieved using only 4 CFs selected based on strong statistical significance and high correlation with the 
sex class. This finding suggests that many of the original CFs contain redundant or less informative data, 
and that careful feature selection can simplify the model without compromising its predictive capability. 
Conclusion—The results demonstrate that effective feature selection based on statistical and 
correlation analyses can significantly reduce the number of CFs required while maintaining high 
classification performance in sex determination from cephalometric radiographs. This reduction not 
only improves computational efficiency but also enhances model interpretability and applicability in 
real-world scenarios. The proposed approach provides a robust framework for optimizing feature sets 
in similar biomedical classification problems. 

Key Words—Cephalometric analysis, Correlation analysis, Data mining, Machine learning, Statistical 
analysis. 
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I. INTRODUCTION 

he analysis of human skeletal remains plays a crucial role in 
both forensic applications and archaeological investigations. 

A primary objective of this process is to determine biological 
profile parameters, particularly sex and age. Among skeletal 
structures, the skull is frequently available for examination due 
to its resistance to postmortem degradation and its relatively 
high preservation rate [1]. In forensic anthropology, although the 
pelvis provides the highest accuracy for sex estimation, the skull 
is widely accepted as the next most informative structure [2]. 
Accordingly, numerous studies have focused on cranial 
characteristics for this purpose. CR has become a preferred 
imaging modality in such analyses, as it allows simultaneous 
observation of multiple anatomical landmarks on a single image, 
facilitating detailed cranial evaluation. 

CR originates from anthropometry, which focuses on the 
measurement of human body structures. Within this discipline, 
craniometry is widely applied to examine the structural features 
of the skull and facial region. This approach is based on the 
quantitative evaluation of craniofacial dimensions as well as 
angular relationships between anatomical points. Such 
measurements can be obtained either directly from individuals 
or indirectly using facial models, photographs, or radiographic 
data; however, radiographic methods are generally favored, as 
they provide a more comprehensive representation of both hard 
and soft tissues [3]. As a dental imaging modality, CR allows 
detailed observation of craniofacial structures from different 
perspectives, including anterior, posterior, and lateral views. Due 
to these capabilities, it has become a standard tool in orthodontic 
practice, particularly for diagnosis and treatment planning [4], 
[5]. The systematic evaluation of these radiographic images is 
defined as CA. 

Lateral cephalometric images, which are standardized cranial 
radiographs used in CA, offer a wide range of anatomical 
landmarks that can support sex estimation. Numerous CLs and 
measurement strategies have been introduced in the literature 
over time for this purpose [6]. However, the large number of 
proposed landmarks and analytical methods has led to increased 
methodological complexity. To overcome this limitation, several 
studies have focused on a reduced set of 19 CLs that enable the 
extraction of essential clinical information while limiting the 
number of required measurements in CA [4], [7], [8]. The use of 
this predefined set of landmarks has been reported to yield more 
consistent and accurate results in sex determination compared to 
conventional morphological and metric approaches based on 
linear, angular, and proportional evaluations [9]. 

Numerous studies have explored the effectiveness of CR in sex 
estimation using various cephalometric variables and analytical 
approaches. In an early study [1], ten variables extracted from 
lateral CR images were analyzed using discriminant function 
analysis, achieving a classification accuracy of 99%. Similarly, in 
[10], sex estimation in a pediatric population was investigated 
using lateral CR images of 50 males and 50 females. Twenty-two 
cephalometric measurements exhibited significant sexual 
dimorphism, and a stepwise discriminant analysis identified 
seven key variables, yielding an overall accuracy of 95%. In 
another study [11], nine cephalometric parameters derived from 
lateral CR images of 100 individuals achieved classification 
accuracies of 88% for males and 84% for females. Furthermore, 
in [12], both sex and stature estimation were investigated using 
ten cephalometric measurements, resulting in an overall 
accuracy of 73.10%. Mastoid height (Ma-Ht) showed the highest 
discriminatory ability for sex estimation (71.80%), whereas the 
Glabella–Opisthocranium (G–Op) distance was the most 
informative parameter for stature estimation. Similarly, in [13], 
eight linear and two angular cephalometric measurements 
obtained from 111 subjects revealed that effective maxillary 
length, effective mandibular length, and lower anterior facial 

height were significantly greater in males. Likewise, in [14], 
eleven cephalometric variables extracted from lateral CR images 
of 60 young adults achieved an overall classification accuracy of 
93%, with four variables identified as the most reliable 
predictors of sex. Moreover, in [15], analysis of twenty-four 
anatomical landmarks demonstrated significantly higher linear 
and angular measurements in males than in females. In addition, 
in [2], sex estimation using CR-based skull images achieved 100% 
classification accuracy on 80 cases, highlighting Frontal Bone 
Prominence (G–Sg–M), Supraorbital Ridges (G–Sg–N), and the 
GPI index as highly reliable indicators. Using a different 
methodology, in [16], nine anatomical landmarks were used to 
derive twenty-two linear, angular, and areal measurements from 
uncalibrated lateral CR images, achieving an overall accuracy of 
82.40%. The angular parameters DN–S–V, DN–S–G, and DG–N–S, 
together with selected areal ratios, exhibited the greatest 
discriminatory power. Similarly, in [17], fourteen anatomical 
landmarks were analyzed to calculate eleven linear and one 
angular cephalometric parameter. Facial height (N–Me), 
mandibular ramus height (AR–Go), mandibular plane length 
(Me–Go), and frontal sinus width (FsWd) were identified as the 
most discriminative features, resulting in an overall accuracy of 
87.60%, with higher performance in females (91.10%) than 
males (84.20%). Linear measurements were consistently greater 
in males, whereas the angular parameter showed no significant 
sex-related difference. More recently, in [18], 190 CBCT images 
from individuals aged 18–70 years were analyzed using nine 
anatomical landmarks. Most variables demonstrated significant 
sex-related differences, except for several mastoid-related 
measurements, including the lowest point of the mastoid triangle, 
mastoid, and the mastoid–mastoid connecting angle. A Random 
Forest (RF) classifier achieved a classification accuracy of 97%. 

FSs are commonly utilized in sex estimation research due to their 
marked variations between males and females in terms of size, 
shape, and structural characteristics. In this regard, lateral CR 
images are evaluated by incorporating parameters such as FS 
area, maximum height, maximum width, and the FS index into an 
ANN-based model, achieving an accuracy rate of 73.3% [19]. In a 
similar vein, it is reported that FS index values derived from 
lateral cephalometric radiographs differed significantly between 
male and female groups [20]. Moreover, it is highlighted in [21] 
that integrating FS morphology with cephalometric 
measurements improves the robustness of sex estimation. Their 
results indicated that the combined use of FS area and FS index 
offers a reliable framework for distinguishing sex. The main 
contributions of the present study are outlined below: 

• In the literature, sex determination studies based on CR are 
largely focused on dentistry and forensic medicine and 
predominantly rely on statistical methods, while data mining 
(DM)-based approaches remain limited. In this study, 
alternative methodologies for CA were explored, a topic of 
long-standing interest in dentistry. Measurement features 
were derived through detailed calculations using CLs 
identified by specialist dentists from patient CR images. These 
extracted features (CFs) were then used to classify sex using 
various DM techniques. 

• Statistical analyses were first conducted to assess the 
significance of the extracted measurement features with 
respect to the sex class, and the most effective feature 
combination with strong discriminative power was 
identified. Subsequently, correlation analysis was applied 
between these selected strong features and the sex class. 
Based on the correlation results, highly correlated feature 
subsets were identified using predefined thresholds. 
Classification experiments were then performed using these 
feature combinations, enabling sex estimation with an 
optimal number of features that exhibited both statistical 
significance and strong correlation with the target 
class.Based on the DM analyses conducted, an optimal subset 
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of effective CFs was identified for use preliminary analytical 
studies in dentistry and orthodontics. 

• It was demonstrated that 4 CFs derived from six CLs for CA 
are sufficient to achieve successful sex determination. 

• An explainable artificial intelligence (AI) analysis based on 
SHapley Additive exPlanations (SHAP) was incorporated to 
improve model transparency and identify the most influential 
cranial measurements contributing to sex classification. The 
SHAP analysis demonstrated that larger values of the selected 
cranial measurements generally increased the likelihood of 
male classification, providing additional insight into the 
biological relevance of the model predictions. 

II. METHOD 

An overview of the proposed workflow is presented in the 
graphical abstract. The framework consists of CL extraction, 
feature computation, statistical and correlation analyses, feature 
subset generation, ML-based classification. After, SHAP used to 
determine the relative importance of features and to explain how 
each feature contributes to the predictions generated by ML 
models, thus enhancing the transparency and interpretability of 
the proposed framework. 

In this study, CLs were manually identified by an expert dentist 
Hatice Kök with more than 20 years of clinical expertise, 
following standard CA procedures. All radiographs were 
evaluated under standardized conditions, and the coordinates of 
the identified landmarks were subsequently used to calculate 
cephalometric measurements. Since the proposed framework 
relies on quantitative measurements derived from landmark 
coordinates rather than directly processing raw radiographic 
images, image-based data augmentation techniques were not 
employed. 

A. Cephalometric analysis 

Cephalometry is a subdivision of anthropometry, that focuses on 
quantitative measurement of the human body, and it is strongly 
connected to craniometry, a method widely used in physical 
anthropology for analyzing craniofacial structures. This 
approach is based on the numerical evaluation of cranial and 
facial dimensions together with angular relationships among 
anatomical landmarks. These measurements may be collected 
directly from subjects or indirectly via facial casts, photographs, 
and radiographic records. Nevertheless, radiographic-based 
methods are generally preferred since they provide more 
detailed information on both hard and soft tissue structures. CR 
is a dental imaging modality that enables the visualization of 
cranial bones and adjacent soft tissues in multiple projections, 
such as anterior, posterior, and lateral views. Due to these 
advantages, it is extensively utilized in dentistry, especially in 
orthodontic practice, for diagnostic assessment and treatment 
planning [4], [5]. The interpretation of these radiographic data is 
defined as CA. In clinical settings, CA is applied for various 
purposes, including evaluation of mandibular and lower facial 
anatomy, support in the diagnosis and management of sleep-
related breathing disorders such as sleep apnea, and assessment 
of facial soft tissue characteristics [22]–[25]. 

Lateral CR play a key role in orthodontic diagnosis and treatment 
planning [26]. As early as 1921, several anthropological CLs such 
as Turcicon, Akousticon, Gonion, Pogonion, Nasion, and Spina 
Nasalis Anterior were introduced, with the idea that these points 
could be useful in evaluating human growth, developmental 
patterns, and related abnormalities [27]. Since that time, many 
additional CLs have been proposed for lateral CR analysis in 
orthodontics; however, around 30 of the landmarks defined by 
[6] are still commonly used in practice. The choice of specific 
landmarks in cephalometric studies is often influenced by 
clinician experience and preference, which has led to variability 
in methodology and encouraged efforts to standardize landmark 

selection procedures [28]–[30]. As a result, numerous CL sets and 
measurement strategies have been developed over time. These 
studies have helped identify the most informative parameters for 
CA and have supported the development of reduced landmark 
sets that preserve diagnostic information while reducing 
measurement complexity [4]. At present, 19 cephalometric 
landmarks are generally accepted as the most frequently used set 
in CA applications [7], [8]. 

In CA studies, there are 19 commonly used CLs [7], [8], [31] and 
the locations of these points on a lateral CR are shown in Fig. 1. 
These points are used in many diagnostic and treatment studies 
in orthodontics. 

B. Determination of cephalometric norms 

In anthropological research, failure to accurately establish sex 
can limit the effectiveness of identification procedures such as 
facial reconstruction. For this reason, the detection, evaluation, 
and quantification of sexually dimorphic traits constitute an 
important part of skeletal assessment and are considered 
fundamental in both forensic and anthropological contexts [2]. 
Biological sex is generally classified into two categories, female 
and male. Although distinct morphological and metric differences 
are present between the skeletal features of these groups, 
reliable differentiation requires detailed and systematic analysis 
of the relevant anatomical characteristics. 

CR play an important role in sex estimation by providing detailed 
morphological information of the cranial structure and enabling 
the assessment of multiple anatomical landmarks [32]. Previous 
research has shown that CR-based approaches for sex 
determination can achieve relatively high reliability, with 
reported accuracy values ranging between 80% and 100%, and 
have contributed to the formulation of cephalometric standards 
[10]. In this study, previously reported cephalometric standards 
used for sex differentiation in the literature were first 
systematically examined. These parameters were subsequently 
evaluated through statistical analysis in cooperation with an 
experienced dentist, and study-specific reference values were 
derived for the investigated sample. For comparison purposes, 
the cephalometric standards obtained from earlier studies 
together with their corresponding significance levels are 
presented in Table 1. 

C. Performing measurement calculations in cephalometric 
analysis 

In clinical CA, the first step consists of identifying CLs, and a 
standard set of 19 landmarks is commonly used in practice [7], 
[8], [31]. These landmarks serve as the basis for many 
orthodontic diagnostic evaluations and treatment planning 
procedures. In this study, 𝑥- and 𝑦-coordinates of the 19 CLs were 
manually annotated on CRs by an expert dentist with an expert 
dentist Hatice Kök with more than 20 years of clinical expertise. 

 

Fig. 1. Cephalometric landmarks [31]. 
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As a result, the dataset was constructed by collecting the 𝑥 and 𝑦 
coordinate values of the 19 predefined landmarks obtained from 
the CRs of orthodontic patients. 

Following the identification of CLs reported in the literature, 
distances and angles between connecting lines are calculated. 
Based on these measurements, qualitative and quantitative 
evaluations of craniofacial characteristics and potential 
anatomical variations are performed. Through these analyses, 
key linear, angular, and FS-related cephalometric parameters are 
obtained [33]. In this context, cephalometric norms for sex 
determination reported in previous studies were examined in 
detail, and population-specific reference values were defined in 
collaboration with an expert dentist. All required measurement 
computations for the identified cephalometric parameters were 
performed, and the resulting CFs were then extracted for use in 
the study. 

In CA studies for sex estimation, three FS measurements are 
commonly used: FS length (FS-1), FS width (FS-2), and the FS 
index (FS-Index) [19]–[21]. As shown in Fig. 2, four anatomical 
reference points are defined for these measurements: point A 
represents the most superior point of the frontal sinus border, 
point B the most inferior point, point E the most posterior point, 
and point F the most anterior point. FS-1 is defined as the linear 
distance between points A and B, while FS-2 corresponds to the 
distance between points E and F. The FS-Index is calculated as the 
ratio of AB to EF. Based on these measurements, together with 
other cephalometric parameters, a total of 8-ED, 3-A, and 3-FS 
features were extracted, which together constitute the 
Cephalometric Norm Set (CNS). 

D. Dataset 

The dataset for this study was established following approval 
from the Ethics Committee of Selçuk University Faculty of 
Dentistry, Konya, Turkey (Approval No. 2023/22). The study 
cohort comprised 300 individuals from the Turkish population, 
including 150 females and 150 males aged 17–20 years. For each 

participant, 𝑥 and 𝑦 coordinates of 19 CLs were extracted from 
lateral cephalometric radiographs. These landmarks were 
subsequently used to calculate 8-ED, 3-A, and 3-FS CFs. A 
specialist dentist identified the precise coordinates of the points 
from which these features were derived. The resulting CNS 
developed in this study is summarized in Table 2. 

E. Data mining 

DM focuses on discovering hidden patterns and relationships in 
data using methods such as statistical analysis, association rule 
mining, regression, and correlation-based techniques [34]–[36]. 
By identifying these relationships, DM supports dimensionality 
reduction and improves the efficiency of predictive models. 
Within this context, two main approaches, feature selection and 
feature extraction, are used. Feature selection involves choosing 
the most informative variables while removing irrelevant or 
redundant ones [37]. Feature extraction, on the other hand, 

Table 1. Cephalometric norms and statistical significance values presented in the literature for sex detection. 

Ref. Number of patients 

Cephalometric norms p-value 

Linear Angle FS Linear Angle FS 
 
 

 
[10] 

 
 
 

100 
(50 Female-50 Male) 

G-Op 
Ba-Br 
Ba-O 

Ma Length 
Ma-SN 
Ma-FH 
Sg-GM 

GM-BaN 
GM-SN 
GM-FH 
Op-BaN 
Op-SN 

G-Sg- M 

FsHT 
FsWd 

<0.001* 
<0.001* 
<0.001* 
<0.001* 
<0.001* 
<0.001* 
<0.001* 

<0.001* 
<0.001* 
<0.001* 
<0.001* 

0.002 
0.010 

0.002 
<0.001* 

 
 

[14] 

 
60 

(30 Female -30 Male) 

N-S 
Me-Go 
N-ANS 

ANS-Me 
Co-Gn 

S-N-A 
S-N-B 
A-N-B 

Me-Go-Ar 
SN-Mand pl 

 
 

- 

<0.001* 
0.041 
0.003 
0.746 
0.003 

0.369 
0.71 
0.6 

0.017 
0.025 

 
 

- 

 
 
 
 

 
[16] 

 
 
 

 
135 

(67 Female -68 Male) 
 

G-Op 
V-Ba 
G-V 

V-Op 
Op-Ba 
Ba-G 
N-Ba 

S-ANS 
N-S 
S-Ba 

Ba-ANS 
ANS-N 

N-S-V 
V-S- Op 
Op-S-Ba 

Ba-S-ANS 
ANS-S-N 

N-S-G 
G-Ba-Op 

G-N-S 

 
 
 
 
 

- 

 
 
 
 
 

- 

0.001 
 
 

 
 

0.005 
0.507 

<0.001* 
 

 
 
 

 
 

- 

 
 
 

 
[17] 

 
 

 
202  

(101 Female -101 Male) 

N-ANS 
N-Me 

ANS-Me 
Id-Me  
Ar-Go 
Me-Go 

S-N 
Cond-Gn  
ANS- PNS 

S-N-Ar FsHT 
FsWd 

<0.001* 
<0.001* 
<0.001* 
<0.001* 
<0.001* 
<0.001* 
<0.001* 
<0.001* 
<0.001* 

0.187 <0.001* 
<0.001* 

 

 
[19] 

255 
(132 Female -123 Male) 

 
- 

 
- 

FsHT 
FsWd 

FS-Index 

 
- 

 
- 

0.01 
0.001* 
0.001* 

 

 

Fig. 2. 3-FS measurement on CR [19]. 
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transforms original variables into a smaller set of new features 
that preserve the essential information in the data [38]. 

1. Statistical analysis 

A key step in statistical analysis is selecting an appropriate test 
for the dataset, primarily determined by whether the data follow 
a normal distribution. The normal (Gaussian) distribution is 
symmetric and bell-shaped, with most observations clustered 
around the mean and fewer extreme values. Since many 
statistical methods assume normality, assessing this assumption 
is essential. Accordingly, normality tests are applied, and based 
on the results, parametric methods are used when normality is 
met, while non-parametric methods are preferred otherwise. 

2. Correlation analysis 

Correlation analysis is a statistical method used to evaluate the 
relationship between two or more variables in terms of direction 
and strength [39]. When a relationship exists between variables, 
changes in one variable are associated with changes in another. 
This relationship is measured using a correlation coefficient, 
which indicates both the strength and direction of the 
association. Correlation can be positive, negative, or zero. A 
positive correlation means both variables increase together, 
while a negative correlation indicates one increases as the other 
decreases. A zero correlation suggests no linear relationship. The 
correlation coefficient, 𝑟, ranges from −1 to 1, where 1 represents 
a perfect positive correlation, −1 a perfect negative correlation, 
and 0 no linear association. The value of the coefficient may also 
be influenced by the data’s distribution properties.  

F. Classification algorithms 

ML is a subfield of AI that enables systems to learn from data and 
improve performance over time without explicit programming 
after training. Its main objective is to identify patterns in data 
using knowledge gained during training, enabling automated 
prediction and decision-making [40]. In this study, several ML 
classifiers were used, including Naive Bayes (NB), Logistic 
Regression (LR), SVM, K-Nearest Neighbors (KNN), Bagging, 
AdaBoost, RF, and Artificial Neural Networks (ANN). 

1. Naive Bayes 

NB is a probabilistic classification method based on Bayes’ 
theorem, which assumes conditional independence among 
features given the class label [41]. Bayes’ theorem provides a way 
to calculate probabilities by combining prior knowledge with 
observed evidence. In the NB framework, class membership 
probabilities are computed using this theorem. The model then 
compares the resulting posterior probabilities for all classes and 
assigns the sample to the class with the highest probability. 

2. Logistic Regression 

LR is commonly used in binary classification problems in which 
the dependent variable is categorical. The method models the 
relationship between a binary outcome and a set of independent 

predictor variables [42]. These predictors are then used to 
estimate the probability of each outcome, where the target 
variable is typically encoded as 1 for the presence of a class and 0 
for its absence [43]. 

3. Support Vector Machine 

SVM, originally introduced in [44] within the framework of 
statistical learning theory, is widely recognized for its 
effectiveness in handling complex and nonlinear datasets. It 
constructs an optimal hyperplane by maximizing the margin 
between classes, ensuring robust data separation [44], [45]. For 
linearly separable data, this hyperplane is determined directly, 
whereas for nonlinearly separable data, SVM uses kernel 
functions to implicitly map the input space into a higher-
dimensional feature space, enabling a linear decision boundary 
[45]. 

4. K-Nearest Neighbors 

KNN is a distance-based classification method in which the class 
label of a new observation is determined according to the labels 
of its k nearest neighbors. Here, k represents the number of 
closest samples considered, and its appropriate selection is a 
critical factor affecting model performance [46]. In this approach, 
similarity between observations is typically measured using 
distance metrics, with Euclidean and Manhattan distances being 
the most commonly used criteria [47], [48]. 

5. Bagging 

Bagging, introduced by [49], is an ensemble learning technique 
that generates multiple bootstrap subsets from the original 
dataset. A selected base learner is then trained independently on 
each subset, and the resulting predictions are combined to obtain 
the final output. In regression problems, this combination is 
typically performed by averaging the individual predictions, 
whereas in classification tasks, majority voting is commonly used 
[50]. By aggregating multiple models in this way, bagging reduces 
variance and improves the stability and robustness of the overall 
predictive performance. 

6. AdaBoost 

AdaBoost, introduced by Yoav Freund and Robert Schapire, is an 
ensemble learning method that iteratively focuses on 
misclassified samples during training [51]. It initially assigns 
equal weights to all training instances [52], then increases the 
weights of misclassified samples while decreasing those of 
correctly classified ones. During prediction, the weighted outputs 
of multiple base learners are aggregated, improving predictive 
accuracy and robustness by reducing errors and emphasizing 
difficult instances [53]. 

7. Random Forest 

RF algorithm, proposed by [54], is an ensemble learning method 
composed of multiple decision trees. Instead of relying on a single 
model, RF builds a large number of trees using randomly selected 

Table 2. CNS dataset. 

CFs Explanation Related CLs Relevant Coordinate Values of CLs 

ED-1 Euclidean distance between 2 and 18 CL Nasion-ANS 2-𝑥, 2-𝑦 and 18-𝑥, 18-𝑦 

ED-2 Euclidean distance between 2 and 8 CL Nasion-Menton 2-𝑥, 2-𝑦 and 8-𝑥, 8-𝑦 

ED-3 Euclidean distance between 8 and 18 CL ANS-Menton 8-𝑥, 8-𝑦 and 18-𝑥, 18-𝑦 

ED-4 Euclidean distance between 10 and 19 CL Articular-Gonion 10-𝑥, 10-𝑦 and 19-𝑥, 19-𝑦 

ED-5 Euclidean distance between 8 and 10 CL Menton-Gonion 8-𝑥, 8-𝑦 and 10-𝑥, 10-𝑦 

ED-6 Euclidean distance between 1 and 2 CL Cella-Nasion 1-𝑥, 1-𝑦 and 2-𝑥, 2-𝑦 

ED-7 Euclidean distance between 17 and 18 CL ANS-PNS 17-𝑥, 17-𝑦 and 18-𝑥, 18-𝑦 

ED-8 Euclidean distance between 1 and 18 CL Cella-ANS 1-𝑥, 1-𝑦 and 18-𝑥, 18-𝑦 

A-1 Angle between 8, 10 and 18 CL Menton-Gonion- Articular 8-𝑥, 8-𝑦, 10-𝑥, 10-𝑦 and 19-𝑥, 19-𝑦 

A-2 Angle between 2, 1 and 19 CL Cella-Nasion- Articular 2-𝑥, 2-𝑦, 1-𝑥, 1-𝑦 and 19-𝑥, 19-𝑦 

A-3 Angle between 18, 1 and 2 CL ANS-Cella-Articular 18-𝑥, 18-𝑦, 1-𝑥, 1-𝑦 and 2-𝑥, 2-𝑦 

FS-1 Frontal Sinus Length FS-A and FS-B A-𝑥, A-𝑦 and B-𝑥, B-𝑦 

FS-2 Frontal Sinus Width FS-E and FS-F E-𝑥, E-𝑦 and F-𝑥, F-𝑦 

FS-Index Frontal Sinus Index FS-1 / FS-2 A-𝑥, A-𝑦, B-𝑥, B-𝑦, E-𝑥, E-𝑦 and F-𝑥, F-𝑦 
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subsets of the training data and combines their outputs to 
generate the final prediction. The method can be applied to both 
classification and regression problems. In classification tasks, the 
final class label is determined through majority voting across all 
trees in the ensemble [55]. RF has two key hyperparameters: the 
number of features considered at each split and the total number 
of trees in the forest [56], both of which influence model 
performance and computational efficiency. In general, increasing 
the number of trees improves the stability of the model’s 
generalization error and helps reduce the risk of overfitting. 

8. Artificial Neural Network 

Artificial Neural Networks (ANNs) are computational models 
inspired by the structure and function of the human brain. They 
are widely applied in areas such as image and speech recognition, 
signal processing, natural language processing, decision support 
systems, and biomedical applications [57]. ANNs consist of 
interconnected neurons that receive inputs, apply weights and a 
bias, and generate outputs through an activation function [58]. 
The Multilayer Perceptron (MLP) is a commonly used ANN 
architecture with input, hidden, and output layers. During 
training, the network compares predicted and actual outputs to 
compute an error, and iteratively adjusts weights to minimize 
this error until convergence is achieved [59]. 

G. Performance evaluation metrics 

The classification success of the ML algorithms was evaluated by 
calculating the accuracy, sensitivity, precision, and F-Score 
metrics, as expressed in (1)-(4), respectively, [60]: 

Accuracy =
TP+TN

TP+TN+FP+FN
, (1) 

Sensitivity =
TP

TP+FN
, (2) 

Precision =
TP

TP+FP
, (3) 

F − Score = 2 (
Precision×Sensitivity 

Precision+ Sensitivity
). (4) 

AUC used as a summary of the ROC curve was also used for 
performance evaluation. 

III. RESULTS and DISCUSSION 

In this study, effective cephalometric norms for sex 
determination using CR were first identified in collaboration with 
an expert dentist. Based on 19 CLs from 300 patients, 

measurements were computed and used to construct a dataset 
named CNS. Statistical analyses were then performed to evaluate 
the selected norms and their consistency with the data, 
identifying features strongly associated with sex. ML classifiers 
were applied to assess the predictive performance of the CNS 
dataset. Correlation analysis was subsequently conducted, and 
feature combinations with high correlation to the sex class were 
derived using predefined thresholds. Finally, classification 
experiments were repeated using these optimized feature sets, 
and sex determination was performed using the most 
informative CFs that were both strongly associated and highly 
correlated with the target class. 

A. Performing measurement calculations and creating CNS 

In clinical CA, 19 commonly used CLs are first identified [7], [8], 
[31]. In this study, an expert dentist extracted the 𝑥- and 𝑦-
coordinates of these CLs and 3-FS measurements from the CRs of 
300 orthodontic patients. Population-specific cephalometric 
norms for sex determination were then established based on the 
literature and expert consultation. Using these norms, 8-ED, 3-A, 
and 3-FS features were calculated and compiled to construct the 
CNS shown in Table 2. 

B. Statistical analysis of the CNS 

For each participant, the 𝑥- and 𝑦-coordinates of the 19 CLs were 
used to compute the 8-ED, 3-A, and 3-FS measurements 
constituting the CNS. The relevance of these features for sex 
classification was evaluated through statistical analysis. As the 
sample size exceeded 50, normality was assessed using the 
Kolmogorov–Smirnov test [61], [62], which indicated that none 
of the measurements were normally distributed. Therefore, 
group differences were analyzed using the non-parametric 
Mann–Whitney U test [63]. Statistical significance was set at p < 
0.05, with p < 0.001 indicating a strong association [64]. The 
results are summarized in Table 3. 

C. Classification with CNS and strongly associated features 

To evaluate the predictive performance of the models, eight 
classifiers—NB, LR, SVM, KNN, Bagging, AdaBoost, RF, and 
ANN—were employed without performing hyperparameter 
optimization, and the default hyperparameter values provided by 
the implementation library were retained. Model validation was 
conducted using a 10-fold cross-validation approach, ensuring 
that each subset of the data was utilized for both training and 
testing. The hyperparameters for all classifiers are presented in 
Table 4. 

Table 3. Significance levels of 8-ED, 3-A, and 3-FS measurements. 

CFs Explanation Relevant Coordinate Values of CLs Significance 

ED-1 Euclidean distance between 2 and 18 CL 2-𝑥, 2-𝑦 and 18-𝑥, 18-𝑦 Strong 
ED-2 Euclidean distance between 2 and 8 CL 2-𝑥, 2-𝑦 and 8-𝑥, 8-𝑦 Strong 
ED-3 Euclidean distance between 8 and 18 CL 8-𝑥, 8-𝑦 and 18-𝑥, 18-𝑦 Strong 
ED-4 Euclidean distance between 10 and 19 CL 10-𝑥, 10-𝑦 and 19-𝑥, 19-𝑦 Strong 
ED-5 Euclidean distance between 8 and 10 CL 8-𝑥, 8-𝑦 and 10-𝑥, 10-𝑦 Strong 
ED-6 Euclidean distance between 1 and 2 CL 1-𝑥, 1-𝑦 and 2-𝑥, 2-𝑦 Strong 
ED-7 Euclidean distance between 17 and 18 CL 17-𝑥, 17-𝑦 and 18-𝑥, 18-𝑦 Strong 
ED-8 Euclidean distance between 1 and 18 CL 1-𝑥, 1-𝑦 and 18-𝑥, 18-𝑦 Strong 
A-1 Angle between 8, 10 and 18 CL 8-𝑥, 8-𝑦, 10-𝑥, 10-𝑦 and 19-𝑥, 19-𝑦 Insignificant 
A-2 Angle between 2, 1 and 19 CL 2-𝑥, 2-𝑦, 1-𝑥, 1-𝑦 and 19-𝑥, 19-𝑦 Strong 
A-3 Angle between 18, 1 and 2 CL 18-𝑥, 18-𝑦, 1-𝑥, 1-𝑦 and 2-𝑥, 2-𝑦 Strong 
FS-1 Frontal Sinus Length A-𝑥, A-𝑦 and B-𝑥, B-𝑦 Strong 
FS-2 Frontal Sinus Width E-𝑥, E-𝑦 and F-𝑥, F-𝑦 Strong 

FS-Index Frontal Sinus Index A-𝑥, A-𝑦, B-𝑥, B-𝑦, E-𝑥, E-𝑦 and F-𝑥, F-𝑦 Strong 

 

Table 4. Hyperparameters for all classifiers. 

Classifier Hyperparameters 
NB var_smoothing=1e−9 
LR C = 1.0, penalty = L2, solver = lbfgs, max_iter = 5000 
SVM Kernel = RBF, C = 1.0, gamma = scale, probability = True 
KNN k = 5, metric = Minkowski (p = 2) 

Bagging n_estimators = 10 
AdaBoost n_estimators = 50, learning_rate = 1.0 

RF n_estimators = 100, criterion = gini, max_features = sqrt 
ANN hidden_layer_sizes = (100), activation = relu, solver = adam, max_iter = 1000 
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The resulting mean accuracies obtained with the CNS dataset, 
which includes all 14 original features, are reported in Table 5. As 
shown in Table 5, the CNS features, consisting of 8-ED, 3-A, and 
3-FS measurements, were statistically analyzed to evaluate their 
relevance for sex classification. The measurements were 
classified as significant (p < 0.05), highly significant (p < 0.001), 
or non-significant based on the obtained p-values. According to 
the results, the relationship between each feature and sex 
determination was assessed. Among the evaluated variables, A-1 
did not show a meaningful association with sex, while the 
remaining thirteen features—ED-1 to ED-8, A-2, A-3, FS-1, FS-2, 
and FS-Index—exhibited strong statistical associations. The 
classification results for these statistically significant features are 
presented in Table 5. As shown in Table 5, excluding the non-
significant feature A-1 from the dataset improved performance 
across several classifiers using the remaining 13 strongly 
associated features. The highest classification accuracy obtained 
with the CNS dataset (Table 5) was 87.33%, achieved by LR. 
Similarly, LR also yielded the best performance with the strongly 
associated features, achieving an accuracy of 87.33%. Moreover, 
a slight decrease in performance was observed for some models. 
These findings suggest that the removed feature, although not 
statistically significant on its own, may still contribute 
complementary information when combined with other features. 
Therefore, further correlation analysis was conducted to 
investigate the relationships in more detail. 

D. Correlation analysis and classification according to 
certain correlation thresholds 

A correlation analysis was performed to investigate the 
relationships between the features previously identified as 
strongly associated with sex in the statistical analyses and the sex 
categories. The resulting correlation coefficients were visualized 

using a heat map, which illustrates both the strength and 
direction of the associations between each feature and sex 
classification, as shown in Fig. 3. According to this figure, the A-1 
feature, previously identified as statistically non-significant, also 
exhibited the weakest correlation with the sex class, further 
supporting the statistical findings. Based on the calculated 
correlation values, feature subsets were generated using 
predefined correlation thresholds, as summarized in Table 6. 
This table presents the feature combinations obtained using the 
defined correlation threshold values of 0.3, 0.4, and 0.5. Based on 
these thresholds, 11 features exhibited correlation values of 0.3 
and above with the sex class,while 7 features met the threshold 
of 0.4 and above, and 4 features satisfied the threshold of 0.5 and 
above. Separate classification experiments were conducted for 
each of these three feature sets, and the corresponding results are 
reported in Table 7. 

The comparison of results in Table 7 shows that using ED-2, ED-
4, ED-6, and ED-8 at a 0.5 correlation threshold improves the 
performance of several classifiers. Compared with the 14-feature 
CNS in Table 5, this four-feature subset achieved overall 
performance gains, with SVM reaching the highest accuracy of 
89.33%. These results demonstrate that statistical and 
correlation-based feature selection provides a more compact CNS 
representation while maintaining, or even improving, predictive 
performance.SHAP analysis was conducted to investigate the 
contribution of individual features to the SVM classifier. As 
shown in Fig. 4a, ED-8 was identified as the most influential 
feature, followed by ED-4, ED-2, and ED-6. As shown in Fig. 4b, 
higher values of ED-8 and ED-4 were generally associated with 
positive SHAP values, indicating that these features increased the 
likelihood of the positive class (male) prediction. In contrast, 
lower feature values tended to contribute negatively to the model 
output. The broader SHAP value distributions observed for ED-8 

Table 5. Classification results obtained with CNS and strongly associated features. 

Dataset Classifier Accuracy (%) Precision (%) Sensitivity (%) F-score (%) AUC (%) 

CNS NB 78.67 71.56 97.33 82.24 92.98 
LR 87.33 88.82 86.00 86.97 94.44 
SVM 85.67 86.88 84.67 85.12 95.02 
KNN 86.67 86.51 87.33 86.72 92.96 

Bagging 83.33 86.04 81.33 83.08 91.07 
AdaBoost 81.67 81.42 83.33 82.07 90.36 

RF 84.67 84.97 86.00 84.83 94.49 
ANN 86.67 87.11 86.67 86.75 93.42 

Strongly associated 
features 

NB 80.33 73.20 98.00 83.57 93.51 

LR 87.33 88.24 86.67 87.02 93.73 
SVM 85.67 86.94 84.67 85.21 94.80 

KNN 86.00 86.41 86.00 85.98 92.27 
Bagging 83.00 84.44 82.00 82.76 90.67 

AdaBoost 82.33 80.42 86.00 82.88 89.73 
RF 85.00 85.56 85.33 84.89 94.29 

ANN 86.33 87.19 85.33 86.09 91.82 

 

 

Fig. 3. Correlation heat map. 
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and ED-4 further suggest that these features exert a stronger 
influence on the classifier’s decisions than the remaining 
features. 

To provide a more meaningful evaluation of the proposed 
framework, a comparative analysis with previous studies is 

presented in Table 8. Unlike image-based approaches that 
perform sex classification directly from radiographic images 
using deep learning models, the studies included in this 
comparison employ CL information and measurements derived 
from landmark coordinates. Since the proposed method is also 
based on quantitative CFs extracted from CLs, comparing it with 
studies that utilize similar coordinate-derived measurements 
provides a more appropriate assessment of its effectiveness. 
Table 8 presents a comparison between the proposed framework 
and previous studies that performed sex determination using CFs 
derived from landmark coordinates. When Table 8 is examined, 
the reviewed studies primarily employed DFA and LR using 
between 7 and 21 CFs extracted from lateral cephalograms. 
Reported classification accuracies ranged from 74.70% to 
95.60%, depending on population characteristics, sample size, 
and the cephalometric measurements selected. Although some 
studies achieved higher accuracies, these investigations were 
generally conducted on relatively small datasets consisting of 
approximately 100–202 individuals. In contrast, the proposed 
study was evaluated on a larger and balanced dataset comprising 
300 Turkish individuals (150 females and 150 males). More 
importantly, the proposed framework achieved an accuracy of 
89.33% using only 4 CFs selected based on statistical significance 
and correlation analyses. This result demonstrates that a 
substantial reduction in feature dimensionality can be achieved 
without a considerable loss in classification performance. 
Therefore, the proposed approach offers a favorable balance 

Table 8. Comparison of the proposed method with previous studies on sex determination using CL-derived measurements. 

Ref. Method Dataset Result (Accuracy, %) 

[10] 7 CFs and DFA 100 Taiwanese children (50 female and 50 male) 95.00 
[11] 8 CFs and DFA 100 Indian individuals (50 female and 50 male) 86.00 
[16] 21 CFs and LR 135 Caucasian individuals (67 female and 68 male) 82.40 
[17] 12 CFs and DFA 202 Iranian individuals (101 female and 101 male) 87.60 
[65] 15 CFs and Discriminant Function Analysis (DFA) 100 Indian individuals (50 female and 50 male) 84.00 
[66] 18 CFs and DFA 114 European individuals (59 female and 55 male) 95.60 
[67] 12 CFs and LR 150 Greek individuals (75 female and 75 male) 74.70 

This Study 4 CFs and SVM 300 Turkish individuals (150 female and 150 male) 89.33 

 

Table 6. Correlation threshold values and feature combinations. 

Threshold Feature Combinations 

0.3 ED-1, ED-2, ED-3, ED-4, ED-5, ED-6, ED-7, ED-8, A-2, FS-1, FS-2 

0.4 ED-1, ED-2, ED-4, ED-6, ED-7, ED-8, FS-2 

0.5 ED-2, ED-4, ED-6, ED-8 

 
Table 7. Classification results with threshold values of {0.3, 0.4, 0.5} > correlated features. 

Threshold Classifier Accuracy (%) Precision (%) Sensitivity (%) F-score (%) AUC (%) 
 
 
 

0.3 

NB 84.33 79.28 94.00 85.79 93.38 
LR 86.33 86.52 86.67 86.19 93.60 
SVM 85.33 86.79 84.00 84.73 94.44 
KNN 84.00 83.18 86.00 84.29 92.60 

Bagging 80.67 82.54 79.33 80.35 90.24 
AdaBoost 85.00 85.14 86.00 85.10 89.96 

RF 85.67 86.24 86.00 85.68 93.93 
ANN 86.33 87.29 85.33 86.11 92.76 

 
 
 

0.4 

NB 86.33 86.67 86.67 86.16 94.27 
LR 86.67 87.84 86.00 86.40 93.42 
SVM 87.00 88.86 85.33 86.57 95.07 
KNN 86.67 86.62 87.33 86.72 93.49 

Bagging 81.67 82.62 82.00 81.61 90.11 
AdaBoost 84.00 84.83 84.00 83.93 91.60 

RF 84.67 84.85 86.00 84.85 93.96 
ANN 86.00 87.88 85.33 85.75 91.33 

 
 
 

0.5 

NB 87.00 87.30 87.33 86.66 94.80 
LR 86.67 88.14 86.00 86.50 93.78 
SVM 89.33 91.38 87.33 88.94 95.07 
KNN 84.33 84.89 84.00 84.08 92.04 

Bagging 85.00 87.39 82.67 84.47 92.60 
AdaBoost 84.33 83.56 87.33 84.95 90.84 

RF 84.33 85.80 83.33 84.12 93.78 
ANN 86.00 87.37 85.33 85.75 92.98 

 

(a) 

 

(b) 

 

Fig. 4. Plots of the four-feature CNS model using the SVM classifier: (a) SHAP 
summary plot, (b) SHAP bar plot. 
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between predictive accuracy, model simplicity, and 
interpretability, highlighting the effectiveness of selecting a small 
set of highly informative CFs for sex determination.  

IV. CONCLUSION 

Lateral CRs, as standardized cranial imaging modalities, enable 
the detection of multiple anatomical landmarks informative for 
sex classification. In this study, measurement features for CA 
were initially defined, and subsequent statistical and correlation 
analyses on the CNS dataset reduced the feature set from 14 to 4. 
Using these four selected features, effective classification 
performance was achieved even with a relatively limited sample 
of 300 patients. This result supports the suitability of the 
measurement features determined through literature review and 
expert dentist evaluation for sex estimation. Moreover, the 
findings indicate that these four features are sufficient to 
preserve classification accuracy, suggesting that instead of 
extracting all 19 CLs for CA, it is adequate to identify only six CLs 
corresponding to the selected features. Accordingly, the results 
demonstrate that semi-automatic systems can achieve 
comparable performance with lower complexity and reduced 
computational effort. 
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