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Abstract
Background  The skull is highly durable and plays a significant role in sex determination as one of the most 
dimorphic bones. The facial canal (FC), a clinically significant canal within the temporal bone, houses the facial nerve. 
This study aims to estimate sex using morphometric measurements from the FC through machine learning (ML) and 
artificial neural networks (ANNs).

Materials and methods  The study utilized Computed Tomography (CT) images of 200 individuals (100 females, 100 
males) aged 19–65 years. These images were retrospectively retrieved from the Picture Archiving and Communication 
Systems (PACS) at Düzce University Faculty of Medicine, Department of Radiology, covering 2021–2024. Bilateral 
measurements of nine temporal bone parameters were performed in axial, coronal, and sagittal planes. ML algorithms 
including Quadratic Discriminant Analysis (QDA), Linear Discriminant Analysis (LDA), Decision Tree (DT), Extra Tree 
Classifier (ETC), Random Forest (RF), Logistic Regression (LR), Gaussian Naive Bayes (GaussianNB), and k-Nearest 
Neighbors (k-NN) were used, alongside a multilayer perceptron classifier (MLPC) from ANN algorithms.

Results  Except for QDA (Acc 0.93), all algorithms achieved an accuracy rate of 0.97. SHapley Additive exPlanations 
(SHAP) analysis revealed the five most impactful parameters: right SGAs, left SGAs, right TSWs, left TSWs and, the inner 
mouth width of the left FN, respectively.

Conclusions  FN-centered morphometric measurements show high accuracy in sex determination and may aid 
in understanding FN positioning across sexes and populations. These findings may support rapid and reliable sex 
estimation in forensic investigations—especially in cases with fragmented craniofacial remains—and provide auxiliary 
diagnostic data for preoperative planning in otologic and skull base surgeries. They are thus relevant for surgeons, 
anthropologists, and forensic experts.

Clinical trial number  Not applicable.
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Introduction
Identification is crucial for forensic anthropology and 
forensic medicine, and accounts for a significant propor-
tion of the workload in these fields. In adults, factors such 
as sex, age, height, and weight form the first step in iden-
tifying an individual [1]. Sex determination is the key bio-
logical characteristic that plays the most important and 
pivotal role in forensic and medical identification. This is 
because, in situations where rapid action is required, sex 
reduces the potential identification possibilities by half 
and facilitates correct decisions regarding other identi-
fication characteristics. Sex determination is therefore 
crucial for the rapid and accurate resolution of forensic 
cases [2, 3]. DNA analysis is reliable for estimating sex. 
However, due to the high cost of DNA analysis, its lim-
ited availability, and the need for expertise to perform the 
analysis, more applicable methods such as osteometry 
and odontometry are preferred. Morphometric analyses 
are used to determine sex based on bones [4].

The facial nerve is the seventh cranial nerve and runs 
within the facial canal (FC-Fallopian canal). The facial 
nerve, which contains somatomotor, parasympathetic 
and sensory fibers, follows a complex course along the 
base of the skull. Understanding the anatomy of the FC 
and the facial nerve within it is critical during surgeries 
such as resection of skull base tumors that are closely 
associated with the nerve, particularly tumors in the cer-
ebellopontine angle [5]. The FC, which extends from the 
internal acoustic meatus to the stylomastoid foramen, is 
divided into three segments: the labyrinthine segment, 
the tympanic segment, and the mastoid segment. The 
angle formed between the labyrinthine and tympanic 
segments is referred to as the first genu angle (FGA), 
while the angle between the tympanic and mastoid seg-
ments is referred to as the second genu angle (SGA) [6]. 
The study of the FC and the identification of its divisions 
contribute to the differential diagnosis of middle ear 
pathology. Furthermore, the study of the diameter, course 
and opening of the canal facilitates the identification of 
lesions in this area and helps to reduce facial nerve dam-
age during surgical procedures [5].

Data mining is the process of discovering new data 
from previously known data sets [7]. The algorithms and 
methodologies used in this field facilitate the application 
of machine learning (ML) in healthcare fields such as 
medicine, forensic anthropology, and forensic medicine 
[8]. ML algorithms are a subset of artificial intelligence. 
By using ML techniques, sex estimation and identifica-
tion can be done in a short time in the healthcare field 
through data processing [9]. Python, the most popular 
and general-purpose programming language in ML, is 
often used to write ML algorithms. The availability of var-
ious modules and libraries makes Python even more pop-
ular among data scientists [10]. One of the most common 

applications of ML in medicine is sex estimation [11–13]. 
Studies have shown that different ML algorithms are used 
for sex estimation and that these algorithms produce dif-
ferent results [11]. It is important to determine which 
algorithm has a higher estimation rate for sex estimation 
in medicine and forensic anthropology. Diagnostic tech-
niques that use human-machine collaboration allow for 
more accurate results by leveraging the strengths of both 
humans and machines [14].

A review of the available literature revealed that sex 
estimation has not been previously performed using 
measurements taken from the FC. The aim of this study 
is to estimate sex using ML by utilizing clinically signifi-
cant morphometric features of the FC, such as internal 
and external opening widths, segment widths, and genu 
angles. This study aims to address a gap in the current 
literature by exploring the potential of FC-based mor-
phometry for sex estimation through ML methods.

Method
Study design, ethical clearance, and image processing
The present study was conducted retrospectively on the 
basis of a series of Computed Tomography (CT) scans 
obtained from 100 male and 100 female subjects aged 
between 19 and 65 years. Before the study started, ethical 
approval was obtained from Düzce University Non-inter-
ventional Health Research Ethics Committee (DU-HR-
IRB) with protocol number 2024/237. Informed consent 
was waived due to lack of direct patient contact during 
data collection. The study was also conducted in accor-
dance with the relevant guidelines and regulations as per 
the Declaration of Helsinki. CT images were obtained 
from Picture Archiving and Communication Systems 
(PACS) at Düzce University Faculty of Medicine, Depart-
ment of Radiology, by retrospectively scanning between 
2021 and 2024. The study was a retrospective study based 
on the hospital image archive. Therefore, informed con-
sent is not required. The exclusion criteria encompassed 
the presence of pathology in the temporal bone and inva-
sive intervention. Images that met the exclusion criteria 
in the archive system were selected using simple random 
sampling between 2021 and 2024. The minimum sam-
ple size was also determined by Power power analysis. 
Since the studies used as a guide for the analysis did not 
include algorithms, the number was partially increased 
and divided into equal sex ratios for the reliability of the 
study.

The radiologic images utilized in the study were 
acquired using a Siemens (model Somatom Defini-
tion AS) 128-slice CT device. The following values were 
scanned: kV (kilovoltage): 100, mAs (milliamperseconds): 
49, scan time: 2  s, FOV (field of view): 163 millimeters, 
and slice thickness: 0.6 millimeters. A total of 18 param-
eters were measured in the axial, coronal, and sagittal 
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planes on the right and left sides of the image. The mea-
surement parameters are as follows;

1.	 Inner opening width of the FC (IFC): The width of 
the initial level of the FC was measured bilaterally on 
axial sections (Fig. 1).

2.	 Length of the labyrinthine segment (LSL): The length 
from the internal acoustic meatus to the fossa of the 
geniculate ganglion was measured bilaterally on axial 
sections (Fig. 1).

3.	 Width of the labyrinthine segment (LSW): The width 
at the midpoint of the labyrinthine segment was 
measured bilaterally on axial sections (Fig. 1).

4.	 Length of the tympanic segment (TSL): The distance 
between the fossa of the geniculate ganglion and the 
pyramidal eminence was measured bilaterally on 
axial sections (Fig. 2).

5.	 Width of the tympanic segment (TSW): The width 
at the midpoint of the TSL on the right side was 
measured bilaterally on axial sections (Fig. 2).

6.	 Length of the mastoid segment (MSL): The 
distance between the pyramidal eminence and the 
stylomastoid foramen was measured bilaterally on 
coronal sections (Fig. 2).

7.	 Width of the mastoid segment (MSW): The width at 
the midpoint of the MSL was measured bilaterally on 
coronal sections (Fig. 2).

8.	 First genu angle (FGA): The angle between the 
labyrinthine segment and the tympanic segment was 
measured bilaterally on axial sections (Fig. 3).

9.	 Second genu angle (SGA): The angle between the 
tympanic segment and the mastoid segment was 
measured bilaterally on sagittal sections (Fig. 3).

Data processing using machine learning algorithms and 
artificial neural networks
The implementation of machine learning (ML) algo-
rithms and artificial neural networks (ANNs) was con-
ducted using a Monster Abra A7 V12.5 model computer 
with an i5 operating system. The analysis was performed 
using the Python 3.9 programming language and the 
scikit-learn 1.1.1 (for ML algorithms) and TensorFlow 
(for ANN algorithms) framework. The 18 measurement 
parameters obtained from CT images were utilized in the 
input layer of the ML and ANN algorithms, while sex was 
designated as the output layer. The following machine 
learning algorithms were employed:

Linear Discriminant Analysis (LDA) performs classifi-
cation by projecting high-dimensional data onto a lower-
dimensional subspace to achieve maximum separation 
between classes [15]. Quadratic Discriminant Analysis 
(QDA) works similarly to LDA but assumes that different 
classes may have different covariance structures. It allows 
for more accurate drawing of nonlinear boundaries [15]. 

Fig. 1  Measurements related to the labyrinthine segment of the facial canal. A: Inner opening width of the facial canal (IFC), B: Length of the labyrinthine 
segment (LSL), C: Width of the labyrinthine segment (LSW)
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Decision Tree (DT) classifies data by reaching a result 
through a branching structure in the form of a tree, based 
on decision rules [16]. Random Forest (RF) is based on 
the principle of creating many decision trees and com-
bining their predictions through majority voting. It is 
resistant to overfitting [17]. Extra Tree Classifier (ETC) 
applies more randomization by using all data in multi-
ple decision trees [17]. Logistic Regression (LR) is a lin-
ear model that calculates the probability of an instance 
belonging to a particular class [18]. Gaussian Naive Bayes 
(GaussianNB) tries to determine the class membership of 
a data point by referencing the probability distributions 
of the variables belonging to that class [19]. K-Nearest 
Neighbors (k-NN) classifies new data based on the class 
of its k nearest neighbors. There is no training phase [19]. 
Multilayer Perceptron (MLCP) is a type of artificial neu-
ral network (ANN) consisting of input, hidden, and out-
put layers. It can learn complex nonlinear relationships 
in the data using the backpropagation algorithm dur-
ing training [15]. Deep learning (DL), due to its layered 
architecture and automatic feature extraction capability, 
requires tens of thousands (or even hundreds of thou-
sands to millions) of samples. Traditional ML and ANNs, 
on the other hand, can yield satisfactory results with 
smaller datasets (ranging from hundreds to thousands of 
samples) [20]. Overall, the data requirements for the ML 

Fig. 3  The first (A) and second (B) genu angles of the facial canal

 

Fig. 2  Measurements related to the tympanic and mastoid segments of the facial canal. A: Length of the tympanic segment (TSL), B: Width of the tym-
panic segment (TSW), C: Length of the mastoid segment (MSL), D: Width of the mastoid segment (MSW)
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algorithms and ANNs used in this study are lower com-
pared to those of DL.

In DT algorithm, max-depth was set as 5, criterion 
gini, min_samples_leaf was set as 2, in ETC algorithm 
n_estimators was set as 100, min_samples_split was set 
as 2, criterion entropy was set as 2, k was set as 5 in k-NN 
algorithm. In addition, the SHapley Additive exPlana-
tions (SHAP) analyzer was employed to assess the effi-
cacy of the parameters.

The architecture of the MLCP comprised 18 neurons 
in the input layer, 2 neurons in the output layer, and 2 
hidden layers, with 5 neurons in the first layer and 10 
neurons in the second layer. To ensure that the topology 
reflects reality, the data was retrained 100, 500, and 1,000 
times. In the study, the dropout method was used to pre-
vent over-learning of the MLCP model and to ensure 
adaptation. The dropout value was determined as 0.05.

The dataset was divided into two, a training set that 
accounts for 80% of the total data and a test set that 
accounts for the remaining 20%. Additionally, 10-fold 
cross-validation results were also included in the ML 
algorithms for the reliability of our study. The perfor-
mance of the models was measured by various perfor-
mance metrics such as accuracy (Acc), specificity (Spe), 
sensitivity (Sen) and F1 score.

	
Acc = TP

TP + FN + FP + TN

	
Sen = TP

TP + FN

	
Spe = TN

TN + FP

	
F1 = 2Precision × Recall

Precision + Recall

Equation  1. (TP; True positive, TN; True negative, FP; 
Falsepositive, FN; Falsenegative).

Basic statistical analysis
Basic statistical analyses were performed using Minitab 
17 and SPSS 21 package programs. A p-value less than 
0.05 was considered to be significant. In instances of sex 
comparison, the Two Sample T test was employed for 
data that conformed to a normal distribution, while the 
Mann-Whitney U test was utilized for data that did not 
adhere to a normal distribution. ROC analysis was per-
formed to evaluate the effect of the parameters on the 
overall outcome. The measurements in our study were 
taken by an expert radiologist with at least 10 years of 
experience in the field. In addition, the measurements 
of 30 individuals for each parameter were measured by 
another investigator in the study to assess inter-rater reli-
ability and the Intraclass Correlation Coefficient (ICC) 
test was performed. Since the measurements were per-
formed by an expert radiologist and tested by applying 
the ICC test, no intra-observer assessment was deemed 
necessary. This does not constitute a limitation. The min-
imum sample size was also performed using the G*Power 
program (Version 3.1.9.4). The minimum sample size was 
found to be 188 with an alpha value of 0.05 and 95% con-
fidence interval.

Results
The right/left MSL and the right/left SGA, which exhib-
ited normal distribution, were evaluated in terms of sex, 
and all parameters were greater in males compared to 
females, with statistically significant differences (p < 0.05) 
(Table 1).

Among the parameters that did not show normal dis-
tribution, except for the right/left TSL, all other param-
eters were more common in males than females and all 
parameters had a significant difference in terms of sex 
(p < 0.05), (Table 2).

ROC analysis was performed to see the contribution of 
each parameter to the overall outcome, and it was found 
that the right TSL parameter had the highest contribu-
tion (p < 0.05), (Table 3), (Fig. 4).

In our study, 30 measurements of each parameter were 
measured by another investigator and ICC test was per-
formed and all parameter measurements were found to 
be reliable (p < 0.05).

In our study, in addition to the 20% test set, 10-fold 
cross validation results were also included in terms of the 
reliability of ML algorithms. Accordingly, the highest Acc 
rate was found to be 0.98 ± 0.026 with the LDA algorithm 
(Table 5).

Confusion matrix table of the algorithms with the high-
est Acc values is given in Table 5. In the test set, 20 out 
of 21 male individuals and all 19 female individuals were 
correctly estimated (Table 6).

The impact of the parameters on the overall result was 
also evaluated using the SHAP analyzer, and it was found 

Table 1  Descriptive statistics and group comparisons for 
normally distributed parameters
Parameters Sex Mean ± standard deviation p*
Right MSL Male 12.491 ± 2.522 0.001

Female 10.627 ± 1.917
Left MSL Male 12.739 ± 2.571 0.001

Female 10.584 ± 1.866
Right SGA Male 143.636 ± 8.511 0.001

Female 121.347 ± 5.605
Left SGA Male 141.509 ± 8.697 0.001

Female 121.533 ± 5.504
*Two sample t test
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that the top 5 influential parameters were the right SGA, 
left SGA, right TSW, left TSW, and left IFC (Fig. 5).

According to the RF algorithm SHAP analyzer, it was 
found that the following parameters had minimal impact 
on the algorithm’s accuracy: left FGA, left LSL, left LSW, 
left MSL, right MSL, right FGA, right IFC, and right LSL 
(< 0.05). After these parameters were removed, the sex 
evaluation was re-conducted, and it was observed that 
the algorithms’ accuracy rate was affected by 0.02 (QDA: 
0.91, other algorithms: 0.95).

As a result of the ML algorithms, the accuracy rate of 
all other algorithms was 0.97 except for the QDA algo-
rithm (Acc 0.93) (Table 7).

As a result of the neural network analysis, a 0.97 sex 
estimation accuracy was obtained across all training sets. 
In the test set of all trainings, 20 out of 21 male individu-
als and all 19 female individuals were correctly estimated 
(Table 8).

Table 2  Descriptive statistics and group comparisons for non-
normally distributed parameters
Parameters Sex Median (Minimum-Maximum) p**
Right IFC Male 1.300 (0.800–2.700) 0.001

Female 1.100 (0.800–1.900)
Right LSL Male 4.900 (2.400-8.000) 0.001

Female 3.500 (2.200-7.000)
Right LSW Male 1.150 (0.800–2.300) 0.001

Female 0.950 (0.600–2.100)
Right TSL Male 9.500 (2.800–15.800) 0.009

Female 10.700 (6.600–13.800)
RightTSW Male 1.300 (0.700–3.100) 0.001

Female 0.800 (0.500–1.700)
Right FGA Male 71.150 (36.000–90.000) 0.001

Female 65.600 (48.300–88.400)
Right MSW Male 1.800 (0.700–3.800) 0.004

Female 1.600 (0.900–2.400)
Left IFC Male 1.600 (0.900–3.100) 0.001

Female 1.100 (0.800–2.100
Left LSL Male 4.900 (3.000-7.200) 0.001

Female 3.400 (2.300–5.900)
Left LSW Male 1.200 (0.700–2.900) 0.001

Female 0.900 (0.600–1.700)
Left TSL Male 10.050 (4.900–17.100) 0.044

Female 10.500 (6.500–24.000)
LeftTSW Male 1.200 (0.600–2.400) 0.001

Female 0.800 (0.600–2.200)
Left FGA Male 72.400 (25.000–90.000) 0.001

Female 63.200 (49.600–87.600)
Left MSW Male 2.000 (0.700–5.300) 0.001

Female 1.600 (1.100–2.300)
**Mann Whitney U test

Table 3  ROC curve performance results
Parameters AUC 

(95%)
Cutt off p Sensitivity% Speci-

ficity%
Right IFC 0.198 

(0.137–
0.259)

1.150 0.000 31.0 20.0

Right LSL 0.167 
(0.109–
0.225)

4.050 0.000 23.0 24.0

Right LSW 0.279 
(0.209–
0.350)

1.050 0.000 34.0 39.0

Right TSL 0.607 
(0.524–
0.690)

10.450 0.009 58.0 57.0

RightTSW 0.150 
(0.097–
0.202)

1.050 0.000 21.0 23.0

Right FGA 0.366 
(0.288–
0.444)

68.950 0.001 40.0 40.0

Right MSL 0.275 
(0.205–
0.345)

11.450 0.000 35.0 35.0

Right MSW 0.384 
(0.305–
0.463)

1.650 0.005 43.0 36.0

Right SGA 0.022 
(0.003–
0.041)

129.650 0.000 0.07 0.07

Left IFC 0.128 
(0.078–
0.177)

1.250 0.000 20.0 17.0

Left LSL 0.142 
(0.091–
0.194)

4.150 0.000 22.0 20.0

Left LSW 0.219 
(0.155–
0.283)

1.050 0.000 26.0 30.0

Left TSL 0.583 
(0.500-
0.665)

10.350 0.044 55.0 57.0

LeftTSW 0.167 
(0.110–
0.225)

1.050 0.000 21.0 29.0

Left FGA 0.350 
(0.272–
0.428)

67.950 0.000 38.0 38.0

Left MSL 0.237 
(0.170–
0.303)

11.550 0.000 31.0 32.0

Left MSW 0.306 
(0.231–
0.381)

1.750 0.000 35.0 34.0

Left SGA 0.040 
(0.010–
0.069)

129.350 0.000 0.08 0.09
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Discussion
In this study, which evaluated the morphometric prop-
erties of the FC in the temporal bone, it was found that 
sex could be estimated with 97% accuracy using ML algo-
rithms and ANN from FC measurements It was found 

that all of the evaluated parameters had significant dif-
ferences between the sexes; in ML algorithms, the most 
effective parameter for sex estimation was the right SGA. 
Furthermore, both right and left SGAs and TSWs were 
found to exhibit more dimorphic characteristics com-
pared to other parameters. In the algorithms with the 
highest accuracy, the sex of all female individuals in the 
test set was estimated correctly, while the sex of 20 out of 
21 male individuals was estimated correctly.

Sex estimation based on the morphometric features of 
bone structures is widely practiced. In forensic medicine, 
it may be crucial to estimate sex from structures located 
in deeper positions due to the lower likelihood of damage 
[21]. Studies investigating the effectiveness and accuracy 
of sex estimation from structures in deeper regions have 
been conducted to contribute to forensic medicine and 
forensic anthropology [22–25]. However, in the avail-
able literature, no study has evaluated the accuracy and 
effectiveness of morphometric analyses of the FC in sex 
estimation.

The use of machine learning algorithms in health 
domains, such as disease prediction and sex estimation, 
is becoming increasingly widespread. The achievement of 
fast, reliable, and accurate results, as well as the usability 
of digitized health data, has led to an increase in stud-
ies evaluating the application areas and effectiveness of 

Table 4  Intraclass correlation coefficient test results
Parameters Intraclass Correlation p
Right IFC 0.827 0.001
Right LSL 0.883 0.001
Right LSW 0.811 0.001
Right TSL 0.879 0.001
RightTSW 0.801 0.003
Right FGA 0.833 0.001
Right MSL 0.823 0.001
Right MSW 0.812 0.001
Right SGA 0.888 0.001
Left IFC 0.805 0.003
Left LSL 0.886 0.001
Left LSW 0.875 0.001
Left TSL 0.801 0.003
LeftTSW 0.866 0.001
Left FGA 0.846 0.001
Left MSL 0.812 0.001
Left MSW 0.844 0.001
Left SGA 0.826 0.001

Fig. 4  ROC curve graph (Parameter 1: Right inner opening width of the facial canal (right IFC), 2: Right labyrinthine segment length (right LSL), 3: Right 
labyrinthine segment width (right LSW), 4: Right tympanic segment length (right TSL), 5: Right tympanic segment width (right TSW), 6: Right first genu 
angle (right FGA), 7: Right mastoid segment length (right MSL), 8: Right mastoid segment width (right MSW), 9: Right second genu angle (right SGA), 10: 
Left inner opening width of the facial canal (left IFC), 11: Left labyrinthine segment length (left LSL), 12: Left labyrinthine segment width (left LSW), 13: Left 
tympanic segment length (left TSL), 14: Left tympanic segment width (left TSW), 15: Left first genu angle (left FGA), 16: Left mastoid segment length (left 
MSL), 17: Left mastoid segment width (left MSW), 18: Left second genu angle (left SGA))
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ML algorithms [26]. In this study, the accuracy rates of 
sex estimation from measurements obtained from the 
segments and angles of the FC were evaluated using ML 
algorithms. Due to both the use of ML algorithms and 
the sex estimation from the FC, no similar study has been 
found for this unique research. There are studies in the 
literature where sex estimation is performed using data 
from different bone structures with ML algorithms. The 
studies show that different accuracy rates are obtained 
depending on the bone evaluated, the morphometric fea-
ture and the algorithm used. In a study where sex esti-
mation was made using morphometric measurements 
obtained from the mandible with machine learning (ML) 
algorithms, the lowest accuracy rate was achieved with 
linear regression (LR) (69%), while the highest accuracy 
rates were obtained with k-nearest neighbor (k-NN) and 
random forest (RF) (76%) algorithms [27]. In another 
study, where sex estimation was made with ML algo-
rithms using measurements obtained from the foramen 
incisivum, the lowest accuracy rates were attained with 

QDA and k-NN (76%) algorithms, while the highest accu-
racy rates were achieved with LR, LDA, and RF (82%) 
algorithms [23]. A further study utilized machine learn-
ing algorithms with measurements obtained from the 
first and fifth metatarsals and phalanges to estimate sex, 
with the DT algorithm demonstrating the highest accu-
racy rate of 85%. The ETC algorithm yielded the lowest 
accuracy rate of 74% [28]. In the present study, the lowest 
accuracy value of 93% was achieved with QDA, while an 
accuracy of 97% was obtained with all other algorithms. 
It was found that the morphometric properties of the FC 
exhibit sexual dimorphic characteristics, and high accu-
racy and reliability were obtained with all algorithms.

In sex estimation studies conducted in the craniofacial 
region, Parlak et al. reported an accuracy rate of 84.2% 
using ML algorithms based on the morphometric char-
acteristics of the piriform aperture [29]. In another study 
that estimated sex based on measurements of the mas-
toid triangle and the volume of the mastoid air cells, an 
accuracy rate of 88.5% was achieved using ML algorithms 

Table 5  10-fold cross validation performance of machine learning algorithms (Training fold results)
Training folds QDA LDA DT ETC RF LR GaussianNB k-NN
1 0.90 1.00 0.90 0.95 1.00 0.89 0.95 0.90
2 1.00 1.00 0.95 0.95 1.00 0.89 1.00 0.95
3 0.90 0.95 1.00 1.00 0.88 0.89 0.90 0.85
4 0.90 0.95 0.95 0.95 0.94 0.96 0.85 0.90
5 0.90 0.95 0.95 0.95 1.00 0.81 0.90 0.90
6 0.95 1.00 1.00 1.00 1.00 0.92 0.95 1.00
7 0.95 0.95 0.95 1.00 0.94 0.92 0.95 1.00
8 0.90 1.00 0.90 0.95 0.88 0.92 0.90 0.95
9 0.95 1.00 1.00 0.95 1.00 0.85 1.00 1.00
10 0.90 1.00 0.70 0.95 1.00 0.81 0.95 1.00
Mean 0.92 0.98 0.93 0.97 0.96 0.89 0.94 0.95
Std 0.035 0.026 0.089 0.024 0.051 0.049 0.047 0.055
Std: Standard deviation

Table 6  Confusion matrix table for the highest accuracies
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[30]. In a study utilizing various morphometric variables 
such as orbital width, height, intraorbital, and extraor-
bital distances, an overall accuracy of approximately 68% 
was reported [31]. When these sex estimation studies in 
the craniofacial region using ML algorithms are consid-
ered, it is seen that lower accuracy rates were obtained 
compared to our study. In this context, morphometric 
data obtained from the FC may exhibit stronger anatomi-
cal sexual dimorphism.

In the sex estimation study by Baban and Moham-
med, the results of the ROC analysis indicated that the 
average mandibular canine width exhibited the most 
significant effect on sex estimation. However, the SHAP 
analysis revealed that the average mandibular canine 
width emerged as the second most significant param-
eter. According to the SHAP analysis, the mandibular 
right canine height had the most significant effect [32]. 
The results of our study, employing traditional ROC 

Fig. 5  SHapley Additive exPlanations (Feature 0: Right inner opening width of the facial canal (right IFC), 1: Right labyrinthine segment length (right LSL), 
2: Right labyrinthine segment width (right LSW), 3: Right tympanic segment length (right TSL), 4: Right tympanic segment width (right TSW), 5: Right first 
genu angle (right FGA), 6: Right mastoid segment length (right MSL), 7: Right mastoid segment width (right MSW), 8: Right second genu angle (right SGA), 
9: Left inner opening width of the facial canal (left IFC), 10: Left labyrinthine segment length (left LSL), 11: Left labyrinthine segment width (left LSW), 12: 
Left tympanic segment length (left TSL), 13: Left tympanic segment width (left TSW), 14: Left first genu angle (left FGA), 15: Left mastoid segment length 
(left MSL), 16: Left mastoid segment width (left MSW), 17: Left second genu angle (left SGA))
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analysis, indicated that the most effective parameter for 
sex estimation was the right TSL. However, the SHAP 
analysis identified the right SGA, left SGA, right TSW, 
left TSW, and the internal opening width of the left FC as 
the five most effective parameters. It is hypothesized that 
this discrepancy stems from the utilization of the entire 
dataset as a training set in ROC analysis, in contrast to 
the 80%/20% training/test set configuration employed 
in machine learning algorithms, which may indicate a 
higher reliability of the SHAP-based findings due to the 
separation of training and testing phases inherent to 
machine learning validation. Further studies are needed 
to test these differences and investigate their causes.

Celik et al. reported an average diameter of 1.22  mm 
for the labyrinthine segment of the FC, 1.39 mm for the 
tympanic segment, and 1.61  mm for the mastoid seg-
ment [33]. In a separate study by Yurdabakan et al., the 
mastoid segment diameter was measured as an average 
of 1.57 mm in females and 1.68 mm in males. According 
to the findings of Yurdabakan et al., a statistically signifi-
cant variation in diameter was observed according to sex. 
Specifically, males presented with higher measurements 
[34]. Shin et al. evaluated the diameters of FC segments 
by measuring them from different points. The values 
obtained from the measurement of the labyrinthine seg-
ment along the longest axis were found to be 1.5 mm on 
average, with the measurement taken close to the start 
and end points of the segment. The width measurement 
corresponding to the center of the tympanic segment was 
1.6  mm, and the diameter measurement corresponding 
to the center of the mastoid segment was 2.3  mm [35]. 
In another study that employed CT images, the labyrin-
thine segment diameter in axial images was determined 
to be 1.14 mm in females and 1.17 mm in males on the 

left side, and 1.13 mm in females and 1.14 mm in males 
on the right side. The TSL was measured at 1.11 mm in 
females and 1.14  mm in males on the left side, while it 
was recorded as 1.06 mm for both sexes on the right side. 
The diameter of the mastoid segment, as determined 
from coronal images, was recorded as 1.49 mm in female 
subjects and 1.58  mm in male subjects on the left side. 
On the right side, the diameter was 1.51 mm in females 
and 1.56 mm in males. In the aforementioned study, no 
statistically significant sex disparities were observed in 
the diameters of the tympanic and labyrinthine segments 
measured from axial images. However, significant sex dif-
ferences were identified in the coronal images. While the 
mastoid segment diameter exhibited a significant varia-
tion between sexes in axial sections, a significant differ-
ence between sexes was only observed on the left side 
in coronal sections [5]. In our study, a statistically sig-
nificant difference was found between the labyrinthine 
segment and tympanic segment diameters measured on 
axial images, as well as the mastoid segment diameters 
measured on coronal images, between females and males. 
The measured values are consistent with literature.

In their study, Shin et al. found the LSL to be an aver-
age of 4.5 millimeters in both females and males. The TSL 
was measured at 12.2 millimeters in females and 12.7 
millimeters in males. The MSL was found to be 14 mm in 
females and 15 mm in males [35]. In a cadaver study, the 
average LSL was found to be 4.27 mm; TSL was 10.4 mm; 
and MSL was 12.34  mm [36]. In a separate study, Li et 
al. utilized statistical analysis to ascertain the MSL to be 
14 mm in females and 14.92 mm in males, thereby identi-
fying a statistically significant difference between the two 
groups [37]. The findings of the present study are consis-
tent with the extant literature on the subject.

In their study, Ishita et al. measured the FGA as 71.7 
degrees and the SGA as 103.5 degrees on 30 cadavers 
[36]. In a subsequent study, the SGA was found to be 
104.66 degrees on 30 adult cadavers [38]. Shin et al. mea-
sured the FGA at 60 degrees and the SGA at 112 degrees 
[35]. A further study by Li et al. revealed a statistically 
significant disparity in the SGA between sexes, with the 
angle measuring 116.14 degrees in female subjects and 
114.85 degrees in male subjects [37]. Concurrently, Zhao 
et al. documented an average FGA of 70.12 degrees in a 
sample of 100 healthy individuals [39]. In our study, the 
FGA showed similarity with the literature, while the SGA 
was found to have higher angle values, particularly in 
males.

In the present study, a comparative analysis of previ-
ously reported facial canal (FC) morphometric measure-
ments was conducted and summarized in Table  9. This 
table emphasizes how the reported values vary according 
to several factors, including the country of origin, sam-
ple size, and the measurement technique employed (e.g., 

Table 7  Machine learning algorithms analysis results (Test set 
results)
Algorithms Acc Spe Sen F1
QDA 0.93 0.93 0.92 0.92
LDA 0.97 0.97 0.98 0.97
DT 0.97 0.97 0.98 0.97
ETC 0.97 0.97 0.98 0.97
RF 0.97 0.97 0.98 0.97
LR 0.97 0.97 0.98 0.97
GaussianNB 0.97 0.97 0.98 0.97
k-NN (k = 5) 0.97 0.97 0.98 0.97
QDA: Quadratic Discriminant Analysis; LDA: Linear Discriminant Analysis; 
DT: Decision Tree; ETC: Extra Tree Classifier; RF: Random Forest; LR: Logistic 
Regression; GaussianNB: Gaussian Naive Bayes; k-NN: k-Nearest Neighbors

Table 8  Performance results of artificial neural networks
Number of Trainings Acc Spe Sen F1
100 0.97 0.97 0.98 0.97
500 0.97 0.97 0.98 0.97
1000 0.97 0.97 0.98 0.97
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direct dissection vs. radiological imaging with software-
based measurement). In our CT-based study, the second 
genu angle was found to be higher than those reported 
in earlier literature. Moreover, the TSL and MSL param-
eters were measured at lower values compared to data 
from Chinese and Korean populations [35, 40]. Despite 
methodological and demographic differences, the 
remaining morphometric parameters generally showed 
concordance with values previously reported in the 
literature.

Given that an increased sample size in machine learn-
ing algorithms will result in a greater quantity of train-
ing and test data, which in turn provides enhanced data 
diversity, it stands to reason that studies employing larger 
sample sizes may yield divergent results. In this context, 
it is our hope that our study will serve as a foundation 
for future research by increasing the number of samples, 
a deficiency that our study addresses. Although this 
study achieved high classification accuracy within a well-
defined population, the use of data from a single center 
and the relatively broad age range (19–65 years) without 
stratified analysis may limit the generalizability of the 
findings to other populations or age groups. Anatomical 
variations in FC morphology may exist across different 
racial, ethnic, and age groups due to genetic and envi-
ronmental factors. Previous craniofacial morphometric 
studies have demonstrated population-specific patterns 
that could influence the predictive performance [42, 
43]. Future studies incorporating multicenter data and 
stratified age analyses are recommended to enhance the 
robustness and applicability of the models developed in 
this study, and to validate and refine their performance 
across diverse demographic groups.

Conclusion
In this study, we found that all morphometric features 
of the FC exhibit sexual dimorphism, and sex estimation 
using ML algorithms achieved a high accuracy rate of 
97%. Among the measured parameters, the genu angles 
and transverse segment widths on both sides were iden-
tified as the most sexually dimorphic features. These 
morphometric data, which showed statistically signifi-
cant differences between males and females, may play a 
valuable role in clinical settings—particularly in otologic 
and skull base surgeries—by helping surgeons anticipate 
anatomical variations and reduce the risk of complica-
tions. They may also serve as auxiliary diagnostic data 
for more precise preoperative planning. In forensic prac-
tice, the application of ML-based sex estimation methods 
using FC measurements may facilitate rapid and reliable 
identification, especially in cases involving severely frag-
mented or decomposed remains where traditional meth-
ods are limited. These findings therefore hold promise for 

Ta
bl

e 
9 

Co
m

pa
ris

on
 o

f s
tu

di
es

 b
as

ed
 o

n 
sa

m
pl

e 
siz

e,
 g

eo
gr

ap
hi

c 
or

ig
in

, a
nd

 m
ea

su
re

m
en

t t
ec

hn
iq

ue
A

rt
ic

le
N

um
be

r
Co

un
tr

y
M

et
ho

d
IF

C
LS

L
LS

W
TS

L
TS

W
M

SL
M

SW
FG

A
SG

A
[3

3]
34

Tu
rk

ey
C

T
1.

23
 ±

 0
.2

2
1.

39
 ±

 0
.2

8
1.

61
 ±

 0
.3

1
[3

8]
30

 c
ad

av
er

In
di

a
M

ea
su

rin
g 

pr
ob

e
10

.4
4 

±
 1

.4
3

13
.3

3 
±

 2
.2

10
4.

66
 ±

 7
.7

6

[5
]

16
9

(8
5 

M
al

e;
 8

4 
Fe

m
al

e)

Tu
rk

ey
C

T
M

al
e:

 (r
ig

ht
:1

.1
4 

±
 1

.2
3;

 
le

ft:
1.

17
 ±

 0
.2

1)
Fe

m
al

e:
 

(ri
gh

t:1
.1

3 
±

 0
.2

7;
 

le
ft:

1.
14

 ±
 0

.2
7)

M
al

e:
 (r

ig
ht

:1
.0

6 
±

 0
.2

5;
 

le
ft:

1.
14

 ±
 0

.2
4)

Fe
m

al
e:

 
(ri

gh
t:1

.0
6 

±
 0

.2
5;

 
le

ft:
1.

11
 ±

 0
.2

5)

M
al

e:
 (r

:1
.8

9 
±

 0
.2

6;
 

l:1
.9

2 
±

 0
.2

8)
Fe

m
al

e:
 

(r:
1.

79
 ±

 0
.2

3;
 

l:1
.8

2 
±

 0
.2

2)
[3

6]
30

 c
ad

av
er

In
di

a
Ca

lip
er

10
.4

0 
±

 1
.4

2
12

.3
4 

±
 0

.9
2

71
.7

 ±
 9

.5
3

10
3.

50
 ±

 8
.3

2
[3

7]
23

4
(1

18
 M

al
e;

 
11

6 
Fe

m
al

e)

Ch
in

a
C

T
M

al
e:

 
11

4.
85

 ±
 6

.3
0

Fe
m

al
e:

 
11

6.
14

 ±
 6

.5
1

[4
1]

35
 c

ad
av

er
Ro

m
an

ıa
Ph

ot
og

ra
ph

-
ba

se
d 

so
ftw

ar
e 

m
ea

su
re

m
en

t

10
.2

5 
±

 0
.7

5
13

.7
8 

±
 1

.1
2

48
 to

 8
6

92
 to

 1
25

[4
0]

34
Ch

in
a

C
T

2.
88

 ±
 0

.4
5

12
.5

0 
±

 1
.0

4
16

.5
1 

±
 1

.4
4

80
.4

3 
±

 6
.4

3
11

4.
15

 ±
 8

.5
1

[3
4]

47
9

Tu
rk

ey
CB

C
T

1.
62

 ±
 0

.3
5

[3
5]

32
 c

ad
av

er
Ko

re
a

C
T

1.
5 

±
 0

.2
4.

5 
±

 0
.5

1.
5 

±
 0

.2
12

.5
 ±

 0
.9

1.
6 

±
 0

.2
14

.7
 ±

 1
.6

2.
3 

±
 0

.3
60

.2
 ±

 1
4.

7
11

2.
0 

±
 1

0.
2



Page 12 of 13Secgin et al. BMC Medical Imaging          (2025) 25:291 

supporting both surgical planning and postmortem iden-
tification workflows.
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