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SUMMARY: The study aims to demonstrate the success of deep learning methods in sex prediction using hyoid bone. The
images of people aged 15-94 years who underwent neck Computed Tomography (CT) were retrospectively scanned in the study. The
neck CT images of the individuals were cleaned using the RadiAnt DICOM Viewer (version 2023.1) program, leaving only the hyoid
bone. Atotal of 7 images in the anterior, posterior, superior, inferior, right, left, and right-anterior-upward direcéaistaveed from
a patient's cut hyoid bone image. 2170 images were obtained from 310 hyoid bones of males, and 1820 images from 260diyoid bones
females. 3990 images were completed to 5000 images by data enrichment. The dataset was divided into 80 % for training, 10 % for
testing, and another 10 % for validation. It was compared with deep learning models DenseNet121, ResNet152, and VGGa®yAn accur
rate of 87 % was achieved in the ResNet152 model and 80.2 % in the VGG19 model. The highest rate among the classifiezsl models wa
89 % in the DenseNet121 model. This model had a specificity of 0.87, a sensitivity of 0.90, an F1 score of 0.89 in warifaitya spe
of 0.90, a sensitivity of 0.87, and an F1 score of 0.88 in men. It was observed that sex could be predicted from the hyivig deep
learning methods DenseNet121, ResNet152, and VGG19. Thus, a method that had not been tried on this bone before was used. This
study also brings us one step closer to strengthening and perfecting the use of technologies, which will reduce thg sdilbfectivit
methods and support the expert in the decision-making process of sex prediction.
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INTRODUCTION

The hyoid bone is a horseshoe-shaped, solitary bo814). It is crucial to collect as much information as possible
that connects with the cranium, mandible, and pharynx afidm sexually dimorphic elements. For such cases, the hyoid
has no joints with any other bone (Kiet al, 2006). It is bone showing sexual dimorphism offers an alternative
crucial in airway function in cases of swallowing, speech, aniindschuhet al, 2010; D’Anastasiet al, 2014).
prevention of regurgitation. It also stabilises and supports the
audio path. The hyoid bone changes its position relative tothe  Deep learning (DL) is a specialized method of
vertebrae during normal growth and development. While it &rtificial intelligence that can process information and learn
at the level of the 2nd-3rd cervical vertebra in infancy, iby adjusting the weights at each synapse, it is based on multi-
descends to the 4th-5th cervical vertebra in adults (Liebermiayered structures (algorithms) of artificial neurons and
et al, 2001; Cotteet al, 2015; Fisheet al, 2016). enables an intelligent task to be performed with high precision

(Papadakiset al, 2019). DL is a specialized artificial

In palaeoarchaeology, archaeology, anthropology, anttelligence method that can process information, learn by
forensic medicine, it is necessary to determine sex froadjusting the weights at each synapse, is based on multi-
burnt, deficient, or severely mutilated corpses or skeleti@yered structures (algorithms) of artificial neurons and
remains (Balseven-Odabasial, 2013; D’Anastasiet al, enables an intelligent task to be performed with high precision.
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This approach has improved object detection and recognitiMATERIAL AND METHOD
significantly. Thus, multi-model deep learning architectures
can substantially contribute to the advancement of medicineage Population: The study included images of individuals
DL has been used and improved the speed and efficiencyagfed 15-94 years who underwent CT angiography between
analyzing many medical imaging techniques such as X-ra&3020 and 2023. Any trauma or disinformation in the hyoid
computed tomography (CT), and magnetic resonance imagingne was not excluded from the study. These included 570
(MRI). In particular, Convolutional Neural Network (CNN) CT images in which the os hyoideum was wholly visualized.
has recently shown superior performance over other machifbe study was approved by the Non-Interventional Local
learning methods in object detection and recognitioBthics Committee (Decision No: 1224/2023).
applications from medical images, revealing clinical
information and individual characteristics (Papadekial., RadiAnt DICOM Viewer (2023.1) program was used
2019; Hassamt al,, 2021; Kimet al, 2021b). to open all images. It was made in 3D with the 3D Volume
Rendering button. Using the Scalpel tool in the opened
This study aimed to compare sex prediction froowindow, the image was cleaned by cutting the other
hyoid bone with DenseNet121, ResNet152, and VGG ructures until only the hyoid bone remained (Fig. 1). The
CNN architectural models. Since it is a study that predicishages were then exported using the Snipping Tool in image
sex using deep learning, a new window will be opened {fjpeg) format. The images were first filed by sex and then
fields such as forensic medicine, archaeology, ary direction. The names and ages of the patients were entered
anthropology. into Microsoft Excel.

3990 images were obtained from 7
directions: anterior, posterior, superior, inferior,
right, left, and right-anterior-upward. In the
image folder of males, 310 images were taken
from 7 directions, and 2170 images were
obtained. In women, 260 images were taken
from 7 directions, and 1820 images were
obtained. The images taken from seven
directions were completed to 2500 with the
data enrichment method (Figs. 2 and 3).
Horizontal flip, 20 % rotation, 20 % width shift,
20 % height shift, 20 % height shift, and zoom
were performed for data enrichment. 80 % of

; . n : . — ’ — the data set was divided into training set, 10 %
Fig. 1. Opening the image in the RadiAnt program, making it 3-dimensional, CUttiNGiidation. and 10 %est set (Table 1)
the other structures with a scalpel, and leaving only the hyoid bone. ' '

Fig. 2. Original images.
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Table 1. Division of images into training, validation, and test sets.

Total data Training set Validation set  Test sk
(80 % (10 % (10 %
Original data set 2170+1820=3390 - - -
Augmented data set 5000 4000 500 500
female male nal male female

Fig. 3. Augmented images.

Statistical Methods:Minitab 17 program was used for ageloss and bursting are solved by increasing the number of
analysis of the population included in the study. Complianceetworklayers (Hanist al, 2023).
with normal distribution was evaluated by the Anderson-
Darling test. Since age was not normally distributed, thg VGG19: Image classification is one of the most widely
Mann-Whitney U test was used. p<0.05 was considereded deep CNN models. It is designed to consist of augmented
statistically significant. CNN layers with a few cores to achieve more accurate results
for image processing tasks (Kathamu#tal, 2023). It is a
Deep Learning Methods:In the study, DL models were 19-layer version of the VGG network with 3 fully connected,
trained using a GPU-assisted system in the Google Clolid convolutional, 1 softmax, and 5 max pool layers (Mohbey
environment. The training was performed on a 2.20 GH al, 2022). This version is among the most powerful of the
Intel Xeon CPU with a Tesla T4 GPU and 16 GB of RAMVGG architecture (Subast al, 2022).
The study used Keras 2.3.1 and TensorFlow 1.4 libraries
and Phyton 3 programming language. Sex prediction rateESULTS
from images of the hyoid bone were calculated using
DenseNet121, ResNet152, and VGG19 methods. Atotal of 570 people, 260 women and 310 men, were
included in the study. The mean age of women was
a) DenseNet121The DenseNet design is a pre-trained6.2117.92 years, and that of men was 42B239. Men's
transfer learning method that builds on ResNet bgnd women's ages were not normally distributed (p<0.05).
introducing dense connections where each layer The median age was 46 (16-94) for women and 40 (15-87)
connected to all layers (Kathamutéual,, 2023; Pillaiet for men, and the difference was statistically significant
al., 2023). In DenseNet, each layer is fully connected favoring women.
the previous one (Hasaat al, 2023). A feed-forward
network provides the highest data flow by establishing sh@enseNet121DenseNet121, out of 500 data in the test set, an
connections between network levels (Papptie, 2023).  accuracy of 89 % was achieved for sex prediction with 55 errors
It is a feed-forward network that provides the highest dafdable II). The accuracy rate, missing data, and confusion
flow by establishing short connections between networRatrix in the test and training sets are shown in Figure 4.
levels.
ResNet152:When the ResNet152 architectural model was
b) ResNet152:ResNet, short for Residual Network, isused for sex prediction, an 87 % accuracy rate was found,
designed to enable the activation of hundreds of thousandth 65 errors out of 500 data in the test set (Table II). The
of convolutional layers (Rogt al, 2021). It has the property accuracy rate and missing data in the test set are shown in
of residual connections and carries information at markygure 5.
resolutions simultaneously. It is a neural network consisting
of 152 layers. It can learn the characteristics of low-qualityGG19: The VGG19 architecture model showed 80.2 %
images at multiple levels of detail by projecting informatiomccuracy in sex prediction with 99 errors out of 500 data in
from numerous resolutions over the network (Dhodapkéine test set (Table II). The accuracy rate and missing data in
et al, 2022). When ResNet is used, the problems of slofiee test set are shown in Figure 6.
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Fig. 4. A) DenseNet121 architecture model missing data and accuracy rate in training and validation set. B) Confusiothesgsk in
set in the DenseNet121 architectural model.
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Fig. 5. A) Missing data and accuracy rate in training and validation set in the ResNet152 architecture model. B) Confxsiothmatr
test set of the ResNet152 architectural model.
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Fig. 6. A) VGG19 architecture model missing data and accuracy rates in training and validation sets. B) Confusion madsx sethe
of the VGG19 architectural model.

Table II. Performance measurements of the architectural models used.

DISCUSSION
Architectural Models Specificity Sensitivity F1 Accuracy
(Spe) (Sen)  Scor Rate The estimation of the sex is the first
DenseNetl21 Female 0.876 0.908 0.891 0.890 step in the forensic investigation. Sex is
Male 0.904 0872 0888 estimated by taking samples from structures
Macro avg 0890 0890 0890 showing sexual dimorphism in
Weighted avg 0890 0890 0890 dismembered bodies (Bakiet al, 2021)
ResNet152 Female 0.865 0.876 0870 0870 . y Lo
Male 0874 0864 0869 It would be a convenience to use the hyoid
Macro avg 0870 0870 0870 bone for sex determination from the
Weighted avg 0870 0870 0870 remaining intact bones of the mutilated
VGG19 Female 0.805 0796 0800 0802  Ccorpses by providing an alternative
Male 0.798 0.808 0.803 (Balseven-Odabasit al, 2013). In this
Macro avg 0.802 0.802 0.802 study, with 5000 hyoid bone images (.jpeg),
Weighted avg 0.802 0.802 0.802 an accuracy rate of 87 % in the ResNet152
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model, 80.2 % in the VGG19 model and 89 % in the highest The accuracy rate was found to be between 75-88
DenseNet121 model were achieved. % in a sex estimation study using the discriminant function
analysis method using 64 adult hyoid bones from the

Using bone morphology to determine sex is observemedieval period (D’Anastasiet al, 2014). In a study of
dependent and thus may be affected by subjective bias. WBd® adult Iranian cadavers, it was reported that the sex
metric measurements are used, observer subjectivity is mymrkdiction rate was 97.4 % as a result of logistic regression
less and more objective than in morphological studiemalysis (Soltaret al, 2017). In the study of sex estimation
(Soltaniet al, 2017). DL can automate biological profilefrom 293 unfused hyoid bones belonging to the Indian
prediction methods in forensic sciences and redu@®pulation, stepwise discriminant analysis resulted in an
subjectivity (Logaret al, 2016; Venemat al, 2023). In accuracy rate of 75.1 %, and machine learning algorithms
addition, automation will make things even more accessibl@sulted in an accuracy rate of 80-83 % (Tagil, 2021).

A study comparing machine learning algorithms and deep

Generally, studies in the literature have onlyearning using 135 ilium bone photographs of infants
investigated morphometric (Mukhopadhyay, 2012reported that DL performed 10 % better sex prediction
D’Anastasicet al, 2014) and morphological features of thgOrtegaet al, 2021). This study observed that the VGG19
hyoid (Kindschutet al, 2010; Balseven-Odabagial, 2013; model correctly predicted sex at a rate of 80.2 %. We
Urbanovéet al, 2013; Lothet al, 2015). In this study, no believe that the differences in accuracy rates are due to the
morphological classification and morphometrianethod used.
measurements were performed. It is the first study to use
image-based DL methods to predict sex in the hyoid bone  Atas (2022) found a sex prediction rate of 97.25 %
using images from neck CT scans. using 24,000 panoramic X-ray images with the

DenseNet121 model. Xuet al (2018) reported 99 %

In a study in which 33 measurements were made @ccuracy in the cervical set and 98 % in the lumbar set in
hyoid bone photographs of 88 cadavers from the Turkisheir sex prediction study using DenseNet on 9667 cervical
population, 78.1 % of females and 92.5 % of males wespine and 7428 lumbar spine X-ray images. Kitral
correctly classified (Balseven-Odabasal, 2013). Kimet  (2021a) used the ResNet152 model to classify the sex of
al. (2006) reported an accuracy rate of 88.5 % for males apdtients with 4160 paranasal sinus X-ray images and
87.9 % for females in a sex estimation study performed bgported an accuracy rate of 98 %. In another sex prediction
removing the hyoid bones of 85 Korean cadavers using 8tudy, the accuracy rate was 92.11 % with the ResNet152
measurements from the photograph. This study convertethdel from 523,051 face photographs (@pal, 2018).
radiological images of the hyoid bone into 3D. The resultingsing 224,316 chest X-ray images in the VGG-19 model,
images were then placed on the appropriate plane and satrexy reported a sex prediction accuracy rate of 94 %t(Li
as an image. It was run on the models in the images. Tdlg 2022). In this study, using 5000 hyoid bone images, the
highest sex prediction rate was 89 % accuracy usifjghest sex prediction rate was 89 % with DenseNet121,
DenseNet121. We believe that the differences in the accura@® % with ResNet152, and 80.2 % with the VGG19 model.
rates obtained in the above-mentioned studies and the presiatbelieve, these accuracy rate differences are related to
study are due to geographical differences. the number of images used in the studies.

In another study, sex prediction rates of 82-85 % were In the case of overfitting, the DL model can not adapt
reported by measuring 398 hyoid bones in the Robert J. Tetoynew data because it is very well trained on the training
Anatomical Collection Washington (Kindschetal, 2010). data. Data replication is a common and powerful way to
In a study of the hyoid bone of 50 adult individuals from thevercome these situations (Gaa@l, 2022). Data replication
Indian Bengal population, 90 % were correctly classifiedias performed to allow for generalization and overcome
according to sex (Mukhopadhyay, 2012). The overathe overfitting risk (Agbo-Ajala & Viriri, 2020; Caet al.,
accuracy of the sex estimation results obtained ®022). In this study, data replication was performed for the
measurements on 134 hyoid bones of the white populatisame reasons.
was found to be between 89-93 % (Logaal, 2016). In
sex estimation from the hyoid bone in 280 CT images in the The present study was conducted with 5000 data.
Japanese population, the highest rates were 93.3-94.6Cmpared to the deep learning studies in the literature, this
(Torimitsu et al., 2018). In the present study, the sexamount of data can be considered a limitation of our study.
prediction rate of the ResNet152 model was 87 %. We thilwde believe that higher rates can be achieved by increasing
the reason for the different accuracy rates between the studiesnumber of data in future studies and that this study using
is the diverse populations. DL models with hyoid bone will contribute to the literature.
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CONCLUSION paso mas al fortalecimiento y perfeccionamiento del uso de
tecnologias, que reduciran la subjetividad de los métodos y

DenseNet121, ResNet152, and VGG19 CN@poyarép al experto en el proceso de toma de decisiones de
architectural models were used for sex prediction in hyoRjediccion del sexo.
bone. Among the classified models, the highest rate of 89 % PALABRAS CLAVE: Hueso hioides: Aprendizaje
was dgtected in the DenseNet121 arc_hnecture model. ThHﬁqundo; Estimacién del sexo; DenseNet121: ResNet152:
it provides the advantage of reaching the result of sgg1g.
estimation in a shorter time since only photography is taken
and no measurement is made. It is the first study in t
literature to predict sex in hyoid bone using DL architecture?sze.‘EFERE'\lCES

In this StUdy’ the models were run with 7 Images of ea%gbo-Ajala, O. & Viriri, S.Face-Based Age and Gender Classification

ind!vidual. Therefore, when a hyoid bone is fourjd, Welthink Using Deep Learning Modeh: Dabrowski, J., Rahman, A., Paul, M.
taking a photograph from one of the 7 angles is sufficient. (eds) Image and Video Technology. PSIVT 2019. Lecture Notes in
This work will bring us one step closer to strengthening and Computer Science, vol 11994. Cham, Springer, 2020. pp.125-37.
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