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CHAPTER |

Impact Of Data Balancing Methods On Classifier
Performance: Classification Of MetaverseRelated X
(Twitter) Data

G¢el Ciharid HAB

Introduction

X, formerly known as Twitter, is a social media platform that
serves as a significant source of data for popular topics and trends.
Millions of X users share rediime thoughts and feelings, as well as
text, photos, and videos related to current evergadtr, societal
issues, or commercial products in what are known as "tweets." These
shared tweets create large datasets on any giver(lttghek, 2022)

Users can indicate the topics of their shared tweets using hashtags,
enabling the data to be quickly categorized. The shared tweets are
frequently used in marketing strategy, campaign analysis, or
sentiment analysis studies.

1Res. Asc., Karamanoglu Mehmetbey University, Faculty of Engineering, Department of
Computer Engineering, Karaman/Turkey, Orcid: 0000317483486,
gulhabekmu@gmail.com
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The Metaverse is a concept where people can interact in a
virtual world independently of their physical location, using the
internet and physical equipmefWang et al., 2022)This concept,
representing a virtual universe, is composed of a combination of
various technologies such as social media, Augmented Reality (AR),
Virtual Reality (VR), cryptocurrencies, and online gam{@ipeng,
2023) In this study, sentiment analysis is aimed to be conducted on
tweets related to the Metaverse shared on the X platform, where
users can come together, interact, play games, explore virtual
worlds, and acquire virtual properties within the Metaverse world

Usergenerated content related to the Metaverse tends to
carry a predominantly positive sentiment, with negative tweets being
in the minority. In studies like this, datasets where one class has
significantly more instances than other classes are referred t
imbalanced datasets. Machine learning models built on imbalanced
datasets often struggle to adequately learn from the minority class
data while better learning from the majority class, leading to
challenges in predicting data from the minority clgdse & Garcia,
2009) In many cases, the high number of correct predictions in the
majority class can lead to a seemingly high model accuracy, but this
success may be far from true accuracy. This situation often hinders
reaching solutions in reaorld problems where a balat
distribution is lacking. For example, in tasks such as detecting rare
diseases in medical diagnoses, fraud detection, customer churn
analysis, identifying rare attacks in cybersecurity, or detecting faulty
products in quality control, accurate prediotmf the minority class
is crucial. Even though the results obtained in these studies may
appear successful, they can be far from reality.

Many classification models, unlike reabrld data, operate
under the assumption that the dataset is balanced, and there are
various data balancing methods in the literature to address this issue.
These methods are divided into three classes: oversamigling
increase the number of examples in the minority class, under
sampling to reduce the number of examples in the majority class, and
applying hybrid methods to achieve a more balanced data
distribution.



In a study conducted by Stando et @tando, Cavus, &
Biecek, 2024)n the literature, they aimed to investigate the effects
of data balancing methods on model performance. In the study,
simulated and real datasets were balanced using various data
balancing methods, and their performances were compared. The
study conclude that the greatest performance improvement was
achieved when using the Random Undersampling (RUS) method.

In another study, Dina et §Dina, Siddique, & Manivannan,
2022)aimed to classify two different intrusion detection datasets,
NSL-KDD and UNSWNB15, using Decision Tree (DT), Support
Vector Machine (SVM), Naupuve Baye
Feedforward Neural Network (FNN), Long Shdgrm Memory
(LSTM), and Convoltional Neural Network (CNN) classifiers.
Both datasets used in the study were imbalanced, so the data was
balanced using Random Over Sampling (ROS) and Conditional
Generative Adversarial Network (CTGAN) data balancing methods,
and the performance changes the classifiers were examined.
According to the results of the study, the prediction accuracy of
various machine learning classifiers trained on the balanced datasets
with synthetic samples generated by CTGAN increased by up to 8%
compared to the sameaskifiers trained on imbalanced data.
However, when trained on data balanced with ROS, the accuracy
decreased.

Ebrahimy et al. (Ebrahimy, Mirbagheri, Matkan, &
Azadbakht, 2022ronducted a study addressing the issue of class
imbalance that occurs when the number of correctly classified pixels
is greater than the number of incorrectly classified pixels. In their
study, they compared the performance of three ensemble machine
learring algorithm® Random Forest (RF), Rotation Forest (RoF),
and Stochastic Gradient Boosting (S@B)sing three different data
balancing methods on a remote sensing image dataset: Random Over
Sampling (ROS), Synthetic Minority Oversampling Technique
(SMOTE), and Adaptive Synthetic Sampling (ADASYN). The
experimental results showed that the combination of the SMOTE
data balancing method and the RF classifier significantly improved
the performance.



In their study, Jadhav et glJadhav, Samih, ElImannai, &
Karim, 2022)aimed to evaluate the performance of six different data
balancing methods Under Sampling, Over Sampling, Hybrid
Sampling, Random Over Sampling (ROS), Synthetic Minority
Oversampling Technique (SMOTE), and ClusteiBagsed Under
Sampling (CBUS). The studytilized twentyfive different datasets.
The results obtained using Decision Tree (C4.5)}Ndarest
Neighbors (KNN), Logistic Regression (LR), Naive Bayes (NB),
Random Forest (RF), and Support Vector Machine (SVM)
classifiers indicated that data balancingethods improved the
classification performance.

Tolba et al(Tolba, Ouadfel, & Meshoul, 202tpnducted a
study to automatically detect harassing tweets sent from X. The
imbalanced dataset used in the study was balanced using various
methods including SMOTE, NearMiss (NM), C&nsitive
Learning, KMeans SMOTE, TextGan, LoRAS, SDS, and Cluster
Based Under Sampling, and the performances were compared.

Duan et al(Duan, Wei, Liu, & Yin, 2020proposed a new
ensemble classifier model based on KMeans and a resampling
technique (EKR) to reduce the imbalance ratio in datasets and
improve performance. The proposed model was applied to 16
imbalanced datasets, yielding effective and feasible results.

In their study, Halimu et al(Halimu & Kasem, 2021)
proposed a new data balancing method called sBal to address the
imbalance issue in binary imbalanced datasets. When applied to 50
different datasets and compared with SMOTEBagging,
SMOTEBoost, RUSBoost, and RAMOBoost methods, the proposed
sBal method wa®bserved to significantly improve classification
performance.

In their study, Potharaju et §Potharaju, Sreedevi, Ande, &
Tirandasu, 2019ttempted to classify the health status of fetuses in
the womb using six different classification algorithms: Jrip, Ridor,
J48, NBStar, InstaneBased kNearest Neighbors (IBk), and Kstar.
The study utilized the Cardiotocography dataset, which contains
measurements classified by expert obstetricians. The class
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imbalance in the dataset was addressed using the SMOTE data
balancing method. When comparing the experimental results

obtained from the imbalanced and balanced datasets, it was
concluded that better performance values were achieved with the
balanced datate

Domingues et al(Domingues, Amorim, Abreu, Duarte, &
Santos, 2018addressed the issue of sequential data imbalance by
using four different norsequential data balancing techniques: ROS,
SMOTE, CBO, and DEAGO. They proposed four different methods:
Two become three (2to3), Feature by feature, Centroid based, and
PCA basedThese methods were applied to two different datasets
for experimental comparison.

In the most recent literature study, Zhongbin efSn et al.,

2015) addressed the problem of binary class imbalance. They
proposed a method that transforms imbalanced binary class datasets
into balanced mukclass datasets. The performance of the proposed
method was evaluated on 46 highly imbalanced datasets using six
different classifiers: NB, C4.5, RIPPER, RF, SMO, and IBk. When
compared with traditional methods such as RUS, ROS, SMOTE,
MetaCost, Bagging, Boosting, EasyEnsemble, SMOTEBOoost,
RUSBoost, and UnderBagging, the proposed method demonstrated
superior performare

Various studies have been conducted in the literature using
data balancing methods. However, it has been observed that there
are relatively few studies evaluating the performance of these
methods. In this study, the impact of different data balancing
methals on the performance of traditional machine learning
algorithms was compared using a specially created imbalanced
dataset. During the sentiment analysis phase, the performance of
traditional machine learning algorithms NB, LR, SVM, DT, and RF
trained with 12 balanced datasets was measured using accuracy,
precision, recall, fiscore, gmean, and ROC metrics. The
experimental results showed that data balancing methods improve
the performance of classification models, with the best results
obtained using NB lassifier with SMOTE, BorderlinsMOTE,
KMeansSMOTE oversampling methods, and the SMOTE+Tomek
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Links hybrid method. Subsequently, results obtained from accuracy,
precision, recall, and f&core metrics were subjected to Friedman

and Nemenyi poghoc tests for statistical analysis, examining the
relationship between the methods. The statistical aaslyndicate a
relationship between the performances of the used data balancing
methods. Additionally, two different imbalanced datasets shared on

t he Kaggle platform, the binary
eightc | as s AEmoti on D a tusirg) ethie, same we r ¢
methods, and results were obtained for six performance metrics
using the same traditional machine learning algorithms.

In the subsequent sections of the study, under the "Materials
and Methods" heading, detailed information was provided about the
datasets used, the data balancing methods employed, the traditional
machine learning algorithms utilized, and the performancdeicae
evaluated. The study's findings and comparative analysis were
presented in the "Results and Discussion" section, while conclusions
drawn from the results and suggestions for future improvements
were discussed in the "Conclusion and Suggestions'bgecti

Material and Method

This section briefly explains the imbalanced datasets used in
the study, the data balancing methods employed to address the
imbalance between classes, traditional machine learning algorithms,
and evaluation metrics.

1.1.Metaverse dataset

During the data collection and labeling phase, data is
typically collected for a specific purpose and labeled manually or
using automated methods. In this study, a sentiment analysis was
conducted on the topic of the Metaverse, and all tweets extracted
from platform X were manually labeled. To create the dataset, the
snscrape library, commonly used in data scraping projects, was
employed to extract Turkish tweets posted with the #metaverse
hashtag from platform X between 10.06.2022 and 10.01.2023,
resultingin a dataset of 5000 twedtdabek, 2023)To enhance the
performance and generalization capability of the sentiment analysis

-10-



models, the dataset underwent the following preprocessing steps
before being fed into the models.

1 Words starting with # and @ symbols were removed from

the data.

All letters were converted to lowercase.

Multiple spaces were cleaned up, and punctuation marks

were removed.

91 Duplicate data entries were deleted to avoid negatively
impacting learning.

1 Spelling errors were corrected, and words in foreign
languages were translated into Turkish.

T Commonly wused Turkish stopwor
Al akino, and the 2000 | east f
reduce noise in the dataset.

T
T

After the cleaning step, 2365 unique tweets were obtained.
These tweets were classified into five different categories based on
their content: positive, negative, neutral, advertisement, and to be
deleted, as shown in Table 1. Table 1 also includes exanople
tweets from different categories.
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Tablel: Tweetcountsandexamplesn eachclass

Classes Tweet counts Tweet examples
Apek kikinin g°zg¢g
positive 1321 teknoIOJlller[ bi
ol arak ilerliyor
Kirketl eri yat

Auyudum uy anyda&kmn &k
negative 662 haf_tadér ayné_ yer
aye sezonlarenen

téer b €ér ma h
Akripton ir za
kategori ndirip
met averse koinler
yeékseli ki webiotp
def i projeler Kk
stratejilerine
Akripto ticaretin
advertisement 382 hale getirmek yapay zeka otomatik
ticaret botuyl
¢l kenin g¢ndemi
cidden yazeéek ins
ger -eklexktirdi é
hastal ékl ardan a
bahsediyorl ar met
hayateée ejiti mi S
bunl aré konukuyo
g¢ndneemibak yaz

—clo
me
o T

neutral 64

deleted 479

The criteria used for classifying the tweets into different
categories are as follows:

1 positive: Includes positive thoughts and expectations about
Metaverse, comments on investments made by individuals
and companies, and future expectations.

1 negative Includes negative statements about Metaverse,
comments from those who do not believe in Metaverse
technology, and remarks stating that it is not supported from
a religious perspective.

1 neutral: I ncludes usersod current
shares, and terminological explanations.

i advertisement Includes promotional content for making
money through Metaverse.

—-12--



1 deleted Includes tweets on different topics, which are

planned to be removed from the dataset.

After the
class, as well as the neutral and advertisement classes (due to

containing very little data), were removed from the dataset as
previously planned. The study continued with the remaining positive

and negative classes.

| abeling process

1.2. Amazon product reviews dataset

The Amazon Product Reviews Dataset consists of 19,966
customer reviews written in English, divided into two classes:

wa

positive and negative sentiment. During the text preprocessing stage,

all letters were converted to lowercase, and common English

stopwordss uc h as
the 2000 least frequent words from the dataset, completing the text
preprocessing step.

fiao, fifano, it heo,

The classes have an imbalanced distribution, and examples
of data within each class after the text preprocessing step are
provided in Table 2.

Table 2: Data counts and examples in each class

Classes

Tweet counts

Tweet examples

positive

15230

ifibest apps acor
agree bombs eggs pigs tnt king pig
real ustic s

negative

4766

Afangry people b
waste time playing azimuth slingsh
call cultural phenomenon word oh
yes moron 5 minutes played thing

still scar

2.3. Emotion dataset

Another dataset used is the Emotion dataset obtained from
the Kaggle platform. This dataset consists of eight different emotion

classes in English: anger, disgust, fear, joy, neutral, sadness, shame,

and surprise. The reason for selecting this datasetasmpare the
performance of data balancing methods on ruldtss datasets in
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addition to binary datasets. The same text preprocessing steps
applied to the Amazon Product Reviews dataset were applied to
obtain clean data from this dataset as well.

Table 3 includes the number of data samples in each class of
the final dataset under consideration, along with examples of data
after the text preprocessing step.

Table 3: Data counts and examples in each class

Classes | Tweet counts Tweet examples

fisomeone tried 1
anger 4297 claimed fault hassled claimed loos

t hreatened

i funder stand mo
disgust 856 entitled cal
fifamerica new nd
fear 5410 germany russia mlllyary control_led
selfspying censoring paranoid
antagoni st g
joy 11045 iseein folks ov
seeing dream c34q

neutral 2954 fidont irritabl
program t ha
sadness 6722 Aibrothers frienr
happens come |
shame 146 ijasper reddened
farraline | ook
surprise 4062 it hfrlelmdeffamlly going Ig|g near

utureo

2. Data balancing methods

Minority class refers to categories of data that are found in

very low proportiondditera rarely observed within a data@@agui,

Mink, Bagui, Subramaniam, & Wallace, 202Fxamples in the
minority class are significantly fewer compared to other classes, a
situation referred to as data i
balancing methods are used to address the problem of data
imbalance. These methods are classifietb three categories:
oversampling, undersampling, and hybrid methods that combine

-14--
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oversampling with undersamplin@Kotsiantis, Kanellopoulos, &
Pintelas, 2006)

Oversampling involves generating synthetic examples from
the minority class in a dataset to achieve a balanced distribution
among classes. By oversampling, the representation of the minority
class is increased, thus allowing the classifier model to beettan
a more balanced mann@fubat & Matwin, 1997) Five different
oversampling techniques, namely ROS, SMOTE, Borderline
SMOTE, Kmeans SMOTE, and ADASYN were used to balance the
dataset.

In the ROS (Random Ow&ampling) method, the balance
between classes is achieved by including copies of minority class
samples or synthetic examples with similar features in the minority
class. However, this method can lead to overfitting risks, where the
model may perform exceptionally well on the training data but fail
to generalize to new, unseen data.

SMOTE (Synthetic Minority Oversampling Technique) is a
method aimed at balancing classes by generating synthetic examples
from the minority clas{Chawla, Bowyer, Hall, & Kegelmeyer,
2002) In cases where the minority class is underrepresented, to
reduce overfitting and improve generalization ability, SMOTE
identifies the knearest neighbors for each example in the minority
class. A difference vector is then calculated between the example
and a randomly selected neighbor from these neighbors. A synthetic
example is created by adding a weight value between 0 and 1 to this
difference vector.

BorderlineSMOTE is a method developed to improve upon
the weaknesses of the SMOTE metliiddn, Wang, & Mao, 2005)
The main objective of BorderliRBMOTE is to focus on minority
class examples located at the borders (borderline) to help the model
better learn the decision boundaries of the minority class for more
accurate classification. In this method, for each miiypoclass
example, the KNN (KNearest Neighbors) algorithm is used to
identify its nearest neighbors. A random neighbor of the minority
class example is selected, and a synthetic example is generated by

-15-



adding a weight to the difference between these two examples. This
process continues until a specified threshold value is reached. The
threshold value is based on the probability of an example belonging
to the majority class. If this probability is lowenain a certain

threshold value, the example is augmented with synthetic examples.

Kmeans SMOTE is another type of the SMOTE algorithm.
It consists of three stages: clustering, filtering, and oversampling
(Douzas, Bacao, & Last, 2018 the clustering stage, the dataset is
divided into k clusters using the Kmeans clustering algorithm to
group together data points with similar features. In the filtering stage,
clusters with a high density of minority class examples are selected
to engire that synthetic examples represent the minority class. In the
oversampling stage, SMOTE is applied to increase the number of
minority class examples within the selected clusters. Unlike regular
SMOTE, which randomly generates new examples, Kmeans
SMOTE places synthetic examples close to cluster centers, creating
a more balanced and realistic dataset. This approach helps reduce
class imbalance while mitigating the risk of overfitting caused by
excessive oversampling.

ADASYN (Adaptive Synthetic) is an enhanced version of the
SMOTE method for data balancing. In ADASYN, while reducing
class imbalance, the classification decision boundary is adjusted
around difficult examples to improve learning performaiite Bai,
Garcia, & Li, 2008) In other words, in the ADASYN method,
synthetic examples better mimic the characteristics of the minority
class, making synthetic data more consistent with real data and
enhancing the distinction between classes.

Undersampling methods aim to rebalance the dataset by
reducing or removing data from the majority class to equalize class
distributions (Batista, Prati, & Monard, 2004; Tahir, Kittler,
Mikolajczyk, & Yan, 2009) Deleting data from the majority class
can lead to the loss of important information in the dataset and a
reduction in dataset size. When working with smaller datasets,
models may suffer from reduced generalization ability, producing
results that are lesspresentative of reaborld data. In the study, in
addition to oversampling methods, four types of undersampling

—-16--



methods RUS (Random Und8ampling), Tomek Links, Edited
Nearest Neighbors (ENN), and NM were used to balance the dataset,
aiming to compare their performances with different methods.

RUS (Random Under Sampling) aims to balance the dataset
by randomly removing examples from the majority class
(Saripuddin, Suliman, S.S., & Jorgensen, 202h) the RUS
(Random Under Sampling) method, a specified proportion of
randomly selected examples from the majority class are removed,
while all examples from the minority class are preserved.

In the CNN (Condensed Nearest Neighbor Rule) method, an
example from the minority class is compared with a randomly
selected example from the majority class. Examples with distances
below a specified threshold value are retained, while examples with
distarces above the threshold are removed. This process aims to
condense the dataset by preserving examples that are closer in
distance across clasggtart, 1968) This process continues until all
examples are classified and no changes are made. In CNN
undersampling, since initial da
higher probability that examples come from the larger majority class.

This could lead to unnecessamgxamples being stored and
inadequate representation of the minority class. Therefore, to address
this concern, two modifications were made to the CNN method,
leading to the development of the Tomek Links metfiboimek,

1976) The method used to determine boundaries between classes
states that i f two examples fror
nearest neighbors, they form a Tomek link. Tomek links help clarify
boundaries between classes by removing such examples thattonn
different classes.

The Edited Nearest Neighbors (ENN) algorithm is a method
that attempts to balance the dataset with minimal information loss
(Wilson, 1972) In the Edited Nearest Neighbors (ENN) algorithm,
each example in the minority class is reorganized by examining the
classes among its neighbors. The method progresses by removing
examples that are neighbors to the majority class majority, thereby
reducirg the influence of majority class examples on the minority
class(Brownlee, 202Q)

-17--



1 In the NearMiss (NM) method, data points are removed
based on their proximity to the minority class compared to
the majority clasgMqgadi, Naicker, & Adeliyi, 2021)The
NearMiss method has three versions:

1 NearMissl aims to select examples from the minority class
thatare closest to the k nearest neighbors within the majority
class.

1 NearMiss2 selects examples from the majority class that
have the shortest average distance to the farthest examples in
the minority class.

1 NearMiss3 first identifies and preserves the nearest
neighbors of examples in the minority class. Then, it selects
examples from the majority class based on the average
distance to their nearest neighbors.

The aim was to mitigate the adverse effects of imbalanced
datasets on classifier models by applying the described oversampling
methods, undersampling methods, and hybrid methods (SMOTE +
Tomek Links, SMOTE + ENN, and SMOTE + RUS) to three
specific datasetsa custorcreated imbalanced Metaverse dataset
and two imbalanced datasets downloaded from Kaggle. From each
of these three datasets, balanced datasets were created with 12
versions each. The performance of these methods was then
compared using variousassifiers.

3. Machine learning algorithms

In the classification stage of the studrgditional machine
learning algorithms including NB (Naive Bayes), LR (Logistic
Regression), SVM (Support Vector Machine), DT (Decision Tree),
and RF (Random Forest) algorithms were utilized.

Napve Bayes (NB) algorithm t e
Bayes. This method, which is simple and easy to understand, is
commonly preferred for classification problems. It is a supervised
learning method based on probabilistic calculations to determine the
class of examples in the datas@@ewi, Chen, Christanto, &
Cauteruccio, 2023)

18-



Logistic Regression (LR) is alassification algorithm,
despite its name. It can be used for binary or nuldiss problems.
This algorithm is a probabilistic model based on the logistic
function.

Support Vector Machine (SVM) is a supervised learning
algorithm that performs well on small and medisiped datasets
(Nurkholis, Alita, & Munandar, 2022)t uses a maximusmargin
line or hyperplane to separate two classes. The boundary of the line
is called the "margin,” and a wider margin leads to higher
classification accuracy.

Decision Tree (DT) is a supervised learning algorithm that
works with a rooinodetree structure. It is used for both
classification and regression problems.

Random Forest (RF) is a supervised learning algorithm that
obtains results using multiple decision trees. The decision made by
the majority is considered the final outcome. It is used for
classification and regression problems.

4. Evaluation Metrics

The performance of machine learning algorithms is
evaluated using a confusion matrix. In telass classification
problems, the confusion matrix is presented in Table 4. Columns in
Table 4 represent the actual class labels, while rows represent the
prediced class labels.

Table 4: Confusion matrix

Actual
Positive Negative
_*g Positive TP FP
? Negative FN TN

TP (True Positives) and TN (True Negatives) in the error
matrix indicate the number of correctly classified positive and

—-19-



negative examples; FP (False Positives) and FN (False Negatives)
give the number of misclassified positive and negative samples.

In the study, three different data sets balanced with various
data balancing methods were classified with traditional machine
learning algorithms and their performances were evaluated using
accuracy, precision, recall, fstore, ROC AUC, and -@ean
metrics Brief descriptions and formulas of the metrics used are
given below.

1 Accuracy: The metric that gives the rate of correct classification
of examples. It is calculated by the ratio of the total number of
correct predictions of the model to the total number of examples.

DO OYD "YOTYE O Ga (1)
1 Precision: This metric gives the ratio of how many of the

examples predicted as positive were correctly predicted as
positive.

A QO EYIYE 00 @)

1 Recall: This metric gives the rate of correctly predicting true
positives.

I QafXYaraYd "Oo (3)

1 F1-score: The harmonic means of sensitivity and recall metrics,
which are considered rival metrics in literature, gives thedéte
value.

@ i O CRAT QORI QDB B Q0 Qil @ECE (4)

1 ROC curve and AUC: ROC (Receiver Operating Characteristic)
curve is a frequently used metric to measure the performance of a
classification model. Equation 5 illustrates the relationship
between TPR (True Positive Rate) and FPR (False Positive Rate)
(Muschelli, 2020) The area under the curve (AUC) is a measure
of how well models can distinguish between classes. As
performance improves, the ROC curve approaches the point (0,1)
and AUC approaches 1.

--20--



YO 'Y 'YX YD "00 N0 'Y O "00 "Y{ (5)

6°Y6 B "O0'Y "O0YZ YO'Y YO 'Y  (B)

1 G-mean:G-mean (Geometric Mean) is a metric particularly used
to evaluate the performance of imbalanced datasets. As seen in
Equation 7, it gives the geometric mean of the classification
successes of the minority and majority clags€s- r a & Sk o wi
2023)

O AQOEN YX YD "O0 "YOF YO "OU (7)

Results and Discussion

The experimental results from the study are categorized
under two maimeadings: Data Balancing Results and Classification
Results.

1. Data Balancing Results

The study addressed three separate datasets with different
distributions and numbers of instances, attempting to balance them
using various data balancing methods. Effective methods for each
dataset were analyzed. The study specifically calculated the
coeficient of variance by taking the ratio of the standard deviation
of class sample numbers to their mean and calculated the imbalance
ratio by taking the ratio of the maximum number of samples in a
class to the minimum number. Class distributions, coefficod
variance, and imbalance ratios are shown in Figures 1, 2, and 3
respectively, both in their imbalanced states and after applying
various balancing methods.
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Dataset-1 Data Distribution Graph
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Figure 2: Dataset2 data distributions

As seen in Figures 1 and 2, the imbalance ratio for Dataset
was calculated as 2.00 with a coefficient of variance of 0.71, while
for Datase®2, the imbalance ratio was 3.19 with a coefficient of
variance of 0.56. For both datasets, the ROS, SMOTE, Bioreler
SMOTE, KMeansSMOTE, ADASYN, SMOTE+Tomek Links, and
SMOTE+RUS methods increased the number of positive examples,
thus approaching or equalizing the imbalance ratio and coefficient
of variance to around 1.00 by either increasing or balancing the
positive examples. Conversely, RUS and NM methods reduced the
number of positive examples. Tomek Links, ENN, and
SMOTE+ENN methods did not achieve a balance between classes.
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Dataset-3 Data Distribution Graph

w
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Figure 3: Dataset3 data distributions

As seen in Figure 3, for the muttiass Datase3, the initial
imbalance ratio was calculated as 77.94 and the coefficient of
variance as 0.76. Methods such as ROS, SMOTE, Borderline
SMOTE, KMeansSMOTE, ADASYN, SMOTE+Tomek Links, and
SMOTE+RUS increaséné number of examples in classes. On the
other hand, RUS and NM methods reduce the number of samples in
classes, thereby equalizing the imbalance ratio and variance
coefficient to 1.00 or very close to it. Tomek Links, ENN, and
SMOTE+ENN methods, unlike ¢hother two datasets, could not
achieve a balanced distribution between classes.

In conclusion, across all three datasets, ROS, SMOTE,
BorderlineSMOTE, KMeansSMOTE, ADASYN, RUS, NM,
SMOTE+Tomek Links, and SMOTE+RU®ethods successfully
address the imbalance problem in datasets and balance the
coefficient of variance. However, Tomek Links, ENN, and
SMOTE+ENN methods were insufficient in achieving int&rss
balance in the datasets.

2. Classification Results
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In the study, imbalanced datasets and balanced datasets using
various methods were provided to NB, LR, SVM, DT, and RF
classifiers. Their performances were compared using metrics such as
accuracy, precision, recall,-Ecore, and gnean. Tables 5a, 5b, 6a,
6b, 7a and 7b respectively present the classification performances
obtained from Datasdt, Datase®, and Datase3.

Additionally, ROC curves, which visualize the relationship
between TPR (True Positive Rate) and FPR (False Positive Rate) at
varying threshold values, and the AUC (Area Under the Curve)
value, which provides information about the overall performance of
themodel, are presented in Figures 4, 5, and 6.
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Table 5a: Classification Performance with Balancing Methods

on Datasetl (Part 1)

Acc Prec Rec F1 GM
kS - NB | 0,7406| 0,7235| 0,9848 | 0,8341| 0,5072
2o LR 0,7531| 0,7378| 0,9734 | 0,8393| 0,5589
‘—g % SVM | 0,7935| 0,8027| 0,9125| 0,8541 | 0,7147
-g'@ DT | 0,7305| 0,7826| 0,8213| 0,8015| 0,6735
"~ RF | 0,7733| 0,7582| 0,9658 | 0,8495| 0,6181
~T0n NB | 0,8212| 0,8780| 0,8479| 0,8627 | 0,8073
80 LR 0,8035| 0,8339| 0,8783 | 0,8556 | 0,7595
%Ecsg SVM | 0,8161| 0,8345| 0,9011| 0,8665| 0,7649
'0_8-‘; DT | 0,7078| 0,7976| 0,7490| 0,7725| 0,6852
RF | 0,7834| 0,8242| 0,8555| 0,8396 | 0,7410
o NB | 0,8237| 0,8697| 0,8631| 0,8664 | 0,8026
b 85 ‘,J_J LR 0,8161| 0,8417| 0,8897 | 0,8651| 0,7730
%Ecs-*g % SVM | 0,7960| 0,8273| 0,8745| 0,8503 | 0,7492
°8 ) DT | 0,7229| 0,7611| 0,8479| 0,8022 | 0,6364
RF | 0,7834| 0,7774| 0,9430| 0,8522 | 0,6658
T o NB | 0,8136| 0,8706| 0,8441| 0,8571| 0,7976
@ 85% |"'_J LR 0,8086| 0,8375| 0,8821 | 0,8593| 0,7654
%c_%-*gg g SVM | 0,8060| 0,8370| 0,8783| 0,8571| 0,7638
o8 Bq) DT | 0,7103| 0,7868| 0,7719| 0,7793| 0,6746
@ RF | 0,7758| 0,7736 | 0,9354 | 0,8468| 0,6579
e NB | 0,8186| 0,8631| 0,8631| 0,8631 | 0,7945
@ 8£ %'—,'_J LR 0,8086 | 0,8327| 0,8897 | 0,8603| 0,7600
%c_%-*g g g SVM | 0,8035| 0,8246| 0,8935| 0,8577 | 0,7484
S8°ZH | DT | 0,7003| 0,7517| 0,8175| 0,7832 | 0,6200
RF | 0,7708| 0,7606 | 0,9544 | 0,8465| 0,6259
_O NB | 0,8237| 0,8755| 0,8555| 0,8654 | 0,8070
@ 855 LR 0,8136| 0,8513| 0,8707 | 0,8609 | 0,7815
%c_cu-*g ZE SVM | 0,8086 | 0,8425| 0,8745| 0,8582 | 0,7706
= 9( DT | 0,7229| 0,7931| 0,7871| 0,7901 | 0,6855
RF | 0,7834| 0,7792| 0,9392| 0,8517| 0,6697
—T0 NB | 0,7985| 0,8765| 0,8099 | 0,8419| 0,7928
o8> LR 0,7809| 0,8697 | 0,7871| 0,8263| 0,7778
%C_Cdnc: SVM | 0,6322| 0,7970| 0,5970| 0,6826 | 0,6471
vg-*g DT | 0,6322| 0,7970| 0,5970| 0,6826| 0,6471
RF | 0,7229| 0,9091 | 0,6464 | 0,7556 | 0,7513
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Table 5b:Classification Performance with Balancing Methods

on Datasetl (Part 2)

Acc Prec Rec F1 GM

o NB | 0,7481| 0,7296 | 0,9848| 0,8382| 0,5285
28 _%¥¢ | LR [ 0,7582] 0,7449| 0,9658| 0,8411 [ 0,5820
SSEEC[SVYM | 08010 0,8172] 0,9011] 0,8571 0,7381
©8 +-| DT | 0,7355] 0,7821] 0,8327 | 0,8066 | 0,6735
RF | 0,7783] 0,7726| 0,9430| 0,8493| 0,6552

T NB | 0,8161] 0,8442| 0,8859 | 0,8646 | 0,7757
2LS LR | 0,8035| 0,8715| 0,8251| 0,8477| 0,7925
gg4 |svMm| 0,7834] 0,9078| 0,7490] 0,8208 | 0,7983
©8% DT [ 0,7305]| 0,8645| 0,7034| 0,7757 | 0,7424
RF | 0,7557| 0,9029| 0,7072] 0,7932][ 0,7757

o5 NB | 0,8060| 0,8523| 0,8555| 0,8539 | 0,7788
23 LR | 0,7935| 0,8724| 0,8061| 0,8379] 0,7871
882 |SVM] 0,7884] 0,8745| 0,7947| 0,8327 | 0,7853
T8E DT [ 0,5743]| 0,7176| 0,5894 | 0,6472 | 0,5666
= RF | 0,6499| 0,8229 | 0,6008 | 0,6945| 0,6696
I NB | 0,8262| 0,8674| 0,8707 | 0,8691| 0,8021
8 _w¥{ LR [0,7985] 0,8352| 0,8669 | 0,8507 | 0,7588
gc_%-*gggz SVM | 0,8060| 0,8345| 0,8821| 0,8577 | 0,7611
©§72+1 DT | 0,7204] 0,7923| 0,7833] 0,7878 | 0,6838
RF [ 0,7859] 0,7764| 0,9506 | 0,8547 | 0,6632

I NB | 0,4106| 1,0000| 0,1103[ 0,1986| 0,3321
8 _w- | LR [ 0,3778] 1,0000| 0,0608| 0,1147 | 0,2467
gc_%.ggz SVM | 0,4786| 1,0000] 0,2129| 0,3511 | 0,4614
°8 (%L“ DT [ 0,4912] 0,9178| 0,2548| 0,3988 | 0,4933
RF [ 0,4685] 0,9815| 0,2015| 0,3344 | 0,4472

T 4 NB | 0,8237] 0,8755| 0,8555]| 0,8654 | 0,8070
S8 Wy | LR | 07985] 0,8327] 08707 0,8513| 0,7562
%C_%EOE:) SVM | 0,8060| 0,8321] 0,8859 | 0,8582| 0,7584
©g87Z2 DT | 0,7481] 0,7690 | 0,8859| 0,8233| 0,6505
RF [ 0,7884] 0,7859| 0,9354| 0,8542 | 0,6839
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Table 6a: Classification Performance with Balancing Methods

on Dataset2 (Part 1)

Acc Prec Rec F1 GM
2 - NB | 0,8633| 0,8553| 0,9882 | 0,9170| 0,6733
2o LR 0,8948 | 0,8984 | 0,9722| 0,9338 | 0,7913
‘—g % SVM | 0,9028 | 0,9171| 0,9594 | 0,9378| 0,8307
-g'@ DT | 0,8058| 0,8784| 0,8655| 0,8719| 0,7280
= RF | 0,8735| 0,8795| 0,9670| 0,9211| 0,7430
~T0 NB | 0,8713| 0,9488| 0,8789 | 0,9125| 0,8625
80 LR 0,8835| 0,9484 | 0,8963| 0,9216| 0,8688
%Ecse__: SVM | 0,8830| 0,9438 | 0,9005| 0,9216 | 0,8626
S8 § DT | 0,8108 | 0,8836| 0,8665| 0,8749 | 0,7390
RF | 0,8780| 0,9134| 0,9283| 0,9208 | 0,8147
e NB | 0,8733| 0,9499| 0,8806 | 0,9139| 0,8649
b 85 ‘,J_J LR 0,8858 | 0,9455| 0,9025| 0,9235| 0,8663
%c_%-*g % SVM | 0,8873 | 0,9381| 0,9126 | 0,9252 | 0,8572
=k ) DT | 0,7918 | 0,8696 | 0,8557 | 0,8626 | 0,7074
RF | 0,8708 | 0,8876 | 0,9512| 0,9183| 0,7619
T o NB | 0,8588 | 0,9524| 0,8580| 0,9027 | 0,8596
@ 85%}"3 LR 0,8708 | 0,9434 | 0,8838 | 0,9127 | 0,8557
%c_%-*ggg SVM | 0,8758 | 0,9383| 0,8963 | 0,9168 | 0,8517
o8 Bq) DT | 0,7988 | 0,8740| 0,8606 | 0,8673 | 0,7177
m RF | 0,8545| 0,8682 | 0,9545| 0,9093| 0,7117
e NB | 0,8750 | 0,9497| 0,8832 | 0,9152 | 0,8657
@ 8£ %'—,'_J LR 0,8870| 0,9474 | 0,9022| 0,9242 | 0,8694
%E-‘ggg SVM | 0,8863 | 0,9416 | 0,9074 | 0,9242 | 0,8614
S8"ZHl DT | 0,7985| 0,8748| 0,8593 | 0,8670 | 0,7190
RF | 0,8758 | 0,8982 | 0,9444 | 0,9207 | 0,7856
e NB | 0,8695| 0,9522| 0,8730| 0,9109 | 0,8655
@ 8£ E LR 0,8755| 0,9444 | 0,8894| 0,9161 | 0,8594
%c_%-*g ZE SVM | 0,8825| 0,9422| 0,9015| 0,9214| 0,8603
= 9( DT | 0,7973| 0,8706 | 0,8629 | 0,8667 | 0,7103
RF | 0,8668 | 0,8822 | 0,9529 | 0,9162| 0,7485
o0 NB | 0,8600| 0,9571| 0,8550| 0,9032 | 0,8655
o8> LR 0,8725| 0,9563 | 0,8730| 0,9128 | 0,8719
%c_%?__: SVM | 0,8663 | 0,9546 | 0,8662 | 0,9082 | 0,8663
S8 ‘g DT | 0,7570| 0,9161| 0,7507 | 0,8252 | 0,7640
RF | 0,8433| 0,9493| 0,8397 | 0,8911 | 0,8472
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Table 6b:Classification Performance with Balancing Methods

on Dataset2 (Part 2)

Acc Prec Rec F1 GM

o NB | 0,8633| 0,8551| 0,9885| 0,9170[ 0,6726
08 _$w LR | 08945] 0,8988| 0,9712] 0,9336 | 0,7922
SSEECS/ SYM | 0,9015] 0,9162 | 0,9588 | 0,9370 | 0,8286
o8~ +-| DT | 0,8088| 0,8784| 0,8701 | 0,8742 | 0,7286
RF | 0,8723] 0,8761| 0,9699 | 0,9206 | 0,7344

o | _NB | 02360 0,0000] 0,0000] 0,0000] 0,0000
%> | LR | 0,2360] 0,0000] 0,0000] 0,0000| 0,0000
gg4 |[svMm| 0,2415] 1,0000]| 0,0072| 0,0143 | 0,0848
S8E | DT [ 0,2456] 0,8958 | 0,0141 0,0277 | 0,1183
RF | 0,2388 | 1,0000 | 0,0036 | 0,0072 | 0,0600

o | NB | 08610] 09545 0,8590 | 0,9042 | 0,8633
%= | LR | 0,8760] 0,9581 | 0,8760| 0,9152| 0,8760
%L%i SVM | 0,8708 | 0,9549 | 0,8721| 0,9116 | 0,8693
= g§ DT [ 0,7520| 0,8994 | 0,7605| 0,8241| 0,7423
RF | 0,8425| 0,9499 | 0,8380| 0,8905 | 0,8475

_o + | NB | 08723] 0,9485] 0,8806 | 0,9133| 0,8628
©8 _w¥ LR [ 0,8850] 0,9430 | 0,9041] 0,9232| 0,8627
gc_%-*ggg SVM | 0,8910| 0,9417 | 0,9139| 0,9276 | 0,8640
S8 >+ DT | 0,7928| 0,8713| 0,8550 | 0,8631 | 0,7109
® |"RF [ 0,8685] 0,8852] 0,9512 0,9170| 0,7559
_o + | _NB | 0,2360| 0,0000] 0,0000| 0,0000 | 0,0000
©8 _w-| LR [ 0,2360] 0,0000| 0,0000 ]| 0,0000]| 0,0000
ggEEE SVM | 0,2365| 1,0000 | 0,0007 | 0,0013 | 0,0256
©87>"| DT | 0,2393| 0,8824 | 0,0049 | 0,0098 | 0,0700
® |"RF [ 0,2360 | 0,0000] 0,0000] 0,0000]| 0,0000
.o , |_NB |08723] 0,9479] 0,8812] 0,9133 | 0,8620
S8 Wy LR [ 08840] 0,9435] 0,9022| 0,9224| 0,8628
gc_%-goa SVM | 0,8878 | 0,9399 | 0,9113| 0,9254 | 0,8599
8§72 | DT | 0,7958 | 0,8740 | 0,8560 | 0,8649 | 0,7170
RF | 0,8650 | 0,8854 | 0,9457 | 0,9146 | 0,7557
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Table 7a: Classification Performance with Balancing Methods

on Dataset3 (Part 1)

Acc Prec Rec F1 GM
D NB | 0,5540| 0,5951| 0,5540| 0,5239| 0,2939
2o LR 0,6055| 0,6185| 0,6055| 0,5922 | 0,4073
‘—g % SVM | 0,6178| 0,6266 | 0,6178 | 0,6076| 0,5098
-gb DT | 0,5478 | 0,5449| 0,5478 | 0,5434 | 0,4561
= RF | 0,6191| 0,6420| 0,6191| 0,6057 | 0,5053
~Tn NB | 0,5492| 0,5905| 0,5492| 0,5632| 0,4129
80 LR 0,5942 | 0,6196| 0,5942 | 0,6010| 0,5287
%fu?__: SVM | 0,5964 | 0,6095| 0,5964 | 0,5994 | 0,5231
S8 § DT | 0,5360| 0,5399| 0,5360| 0,5358 | 0,4768
RF | 0,5985| 0,6091 | 0,5985| 0,5908 | 0,5109
e NB | 0,5522| 0,5888 | 0,5522 | 0,5646 | 0,4199
@ 8c ‘,J_J LR 0,5997 | 0,6185| 0,5997 | 0,6056 | 0,5316
%‘—%E O | SVM | 0,5949 | 0,6063 | 0,5949 | 0,5982 | 0,5225
=k (% DT | 0,5302| 0,5312| 0,5302 | 0,5289 | 0,4719
RF | 0,5890| 0,6058 | 0,5890| 0,5847 | 0,5029
.o NB | 0,5453| 0,5490| 0,5453| 0,5448 | 0,3739
@ 85% |"'_J LR 0,5897 | 0,5896 | 0,5897 | 0,5876 | 0,4724
%E-‘ggg SVM | 0,5919 | 0,5927| 0,5919| 0,5884 | 0,5001
o8 Bq) DT | 0,5298 | 0,5277 | 0,5298 | 0,5257 | 0,4337
m RF | 0,5823| 0,6079| 0,5823| 0,5743| 0,4719
e NB | 0,5465| 0,5680| 0,5465| 0,5544 | 0,3887
@ 8£ %'—,'_J LR 0,5800| 0,5912 | 0,5800| 0,5835| 0,4894
%:_%-‘g 00| SVM | 0,5744 | 0,5835| 0,5744| 0,5759 | 0,4875
= E% DT | 0,5405| 0,5403| 0,5405| 0,5389 | 0,4735
RF | 0,6153| 0,6215| 0,6153| 0,6073 | 0,5238
e NB | 0,5435| 0,5944 | 0,5435| 0,5590| 0,4158
@ 855 LR 0,5926 | 0,6147 | 0,5926 | 0,5997 | 0,5261
%:_%-‘g ZE SVM | 0,5915| 0,6070| 0,5915| 0,5962 | 0,5181
=k 9( DT | 0,5274| 0,5301| 0,5274 | 0,5259 | 0,4644
RF 0,5777| 0,6028 | 0,5777| 0,5771| 0,4977
—T0 NB | 0,3383| 0,4156| 0,3383| 0,3590 | 0,2584
o8> LR 0,3591| 0,4296 | 0,3591| 0,3745| 0,3564
%o_%% SVM | 0,3631| 0,4219| 0,3631| 0,3758 | 0,3627
S8 *g DT | 0,2737| 0,3932| 0,2737 | 0,2903| 0,2576
RF | 0,2677| 0,4727 | 0,2677 | 0,2954 | 0,2611
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Table 7b:Classification Performance with Balancing Methods

on Dataset3 (Part 2)

Acc Prec Rec F1 GM

o NB | 0,5553| 0,5998 | 0,5553| 0,5244 | 0,2930
88 %o LR | 06037] 06173] 0,6037 | 0,5901 | 0,4055
SSEEC/ SYM| 06199 0,6289 | 0,6199 | 0,6101 [ 05122
o8 +- DT | 0,5518]| 0,5499 | 0,5518 | 0,5479 | 0,4677
RF | 0,6192| 0,6423| 0,6192 | 0,6064 | 0,5057

T NB | 0,2413| 0,6988| 0,2413| 0,2555 | 0,1341
= LR | 0,2196| 0,7618| 0,2196 | 0,2504 | 0,1999
%L%L}__J SVM | 0,2595| 0,7196 | 0,2595 | 0,3072| 0,2639
vg§ DT | 0,3340| 0,5140| 0,3340| 0,3602 | 0,2825
RF | 0,3174| 0,6455| 0,3174| 0,3594 | 0,2922

o5 NB | 0,2644| 0,3810| 0,2644 | 0,2863 | 0,2196
L 8= LR | 0,1796| 0,4884| 0,1796 | 0,1982 | 0,2524
‘%E‘i SVM | 0,1328| 0,4875| 0,1328| 0,1308 | 0,2148
vg§ DT | 0,2065| 0,4062| 0,2065 | 0,2233 | 0,2153
RF | 0,2039 | 0,4819| 0,2039| 0,2244 | 0,2583

o+ NB | 0,5532| 0,5917 | 0,5532| 0,5663 | 0,4227
88w LR | 05994 | 0,6184| 05994 | 0,6054 | 0,5321
gc_%-*ggg SVM | 0,5939 | 0,6059 | 0,5939| 0,5972| 0,5202
S8~ >+| DT | 0,5302| 0,5305| 0,5302| 0,5285| 0,4706
“ I"RF | 0,5932| 0,6071| 0,5932| 0,5871 | 0,5064
o o+ NB | 0,2871] 0,6789| 0,2871| 0,2339 | 0,2641
88 _w-| LR | 0,3677 | 0,6628 | 0,3677 | 0,3160 | 0,4022
gc_%-ggﬁ SVM | 0,3763| 0,6115| 0,3763| 0,3326 | 0,4010
©S87>"| DT | 0,3545| 0,5424 | 0,3545| 0,3224 | 0,3823
? |"RF | 0,3617| 0,6209| 0,3617 | 0,3194 | 0,3849
LT . NB | 0,5481| 0,5871| 0,5481 | 0,5613 | 0,4176
ggclu_Jm LR | 0,5982| 0,6166 | 0,5982 | 0,6039 | 0,5315
gc_%-*goa SVM | 0,5926 | 0,6040 | 0,5926 | 0,5957 | 0,5218
= (% DT | 0,5341| 0,5355| 0,5341 | 0,5324| 0,4739
RF | 0,5920| 0,6098| 0,5920| 0,5872 | 0,5030
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e. RF

Figure 6. ROC curve and AUC valuekclassifiers for
Dataset3

When compared using the experimental results provided in
Tables 5&bb-6a6b-7a7b and Figures -%-6, the following
conclusions were obtained regarding the performance of various
balancing methods and classifier models used to enhance
classification performance:

1 Before applying balancing methods, SVM generally
outperformed other classifiers when the three datasets were
provided to the models.

1 After applying various balancing methods, the NB algorithm
generally achieved the best performance. There was not a
significant improvement observed in the performance of LR,
SVM, and DT algorithms with balancing methods.

1 Oversampling methods such as SMOTE, Bordetline
SMOTE, KMeansSMOTE, and the hybrid method
SMOTE+Tomek Links effectively balanced thmebalances
in the datasets and improved performance.
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T ENN and NMU methods generally did not improve
performance and in some cases led to a decrease in
performance.

Additionally, after applying balancing methods to Datdset
statistical analysis using Friedman and Nemenyi tests was conducted
to compare the performance values obtained from various classifiers.
Critical diagrams generated by the Nemenyi {ust test ér
accuracy, precision, recall, and-Bdore metrics are presented in
Figure 7.

| Critical Difference (CD) = 20.62

b 0 15 10 5 0
SMOTE+RUS [10.7)
ADASYN (10.7)
[SMOTE+Tomek Linksi9 7) | L [nM (38
SMOTE (9.7) [Unibalanced Data et (5.1)
Borderline-SMOTE (7.9) [Bmek Links (5.5)|
KMeans SMOTE (7.1)

a. accuracy
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Figure 7. Nemenyi critical diagram for Datasetl

First, the average order of the data balancing methods applied
in the Friedman and Nemenyi tests was calculated. Test statistics for
accuracy, precision, recall and f&core calculated using the
Friedman test were 37.64, 36.04, 45.56 and 40.88, respectively.
When the U value was taken as 0.
NB, LR, SVM, DT and RF, the critical test statistic was obtained as
21.026. In order to refute the null hypothesis test, the test statistics
values obtained by the Friedman test must be higher than the critical
test statistic. When the values were compared, the inequality of
37.64>21.026 for classification accuracy, 36.04826 for
sensitivity, 45.56>21.026 for recall and 40.88>21.026 for the f1
criterion was achieved, so the null hypothesis test was rejected and
the posthoc test was applied.

50 RZNE Q pTeszd (8)
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To determine the critical difference (CD) value for the
Nemenyi test, Equation 8 was used. In this formula, g represents a
specific critical value corresponding to a given confidence level,
calculated using the Studentized Range q tébéontz) Here, k
denotes the number of models evaluated in the system, and N
represents the number of data points within each group. For the study
conducted on Datasét k=13 and N=5 were used. The CD value
was computed as 20.62 using Equation 8.

According to the average results obtained from the Nemenyi
test, models created using datasets balanced with KN&QST E
for accuracy metric, BorderlinRSMOTE for precision and F&core
metrics, and ADASYN for recall metric have shown better
performance @mpared to models created using other balancing
methods. These models have demonstrated results closest to the
averages of models created with other balancing methods, indicating
a relationship among the established models overall.

Conclusion

In this study, a specific dataset was created by collecting
tweets tagged with "Metaverse" from the X platform; in addition,
sentiment analysis was conducted using two differenepising
datasets. The analysis investigated the performance effects of 12
different data balancing methods on traditional machine learning
classifiers.

The experimental results have shown that SVM classifier
achieved the highest performance on imbalanced datasets, while NB
classifier performed best on balanced datasets. Among the data
balancing methods used, techniques like SMOTE, Borderline
SMOTE, KMeansSMOTE oversampling methods, and the
SMOTE+Tomek Links hybrid method generally improved classifier
performance. Furthermore, the performance results from data
balancing methods were subjected to the Nemenyi statistical test,
revealing significant relatiolgs among the models built.

For future studies, comparisons are planned not only at the
data preprocessing level using data balancing methods but also at the
algorithmic level and with ensemble methods. Additionally,

—-42--



increasing the number of tweets in the dataset to work with a larger
dataset is also an objective.
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CHAPTER 11

An Approach to Enhancing Efficiency in Image
Classification with CNN Models

Mehmet Bil de Ha
Eyyeéeép Y LDI

1. Introduction

Artificial intelligence studies In the 1950s, Alan Turing's
"Can machines think?" started by seeking an answer to the question
(Turing & Haugeland, 1950). Later, in Cahit Arf's valuable work,
answers were sought to questions such as whether machineséhave t
ability to think and, if so, how can thinking machines be created (Arf,
1959). Artificial intelligence studies continued with this curiosity
and desire until the 1990s, but the acceleration of the studies
decreased due to insufficient processing powdriasufficient data.
Later, with the developing technology and the widespread use of the

1 Res. Asst., Erzincan Binali Yildirim University, Faculty of Engineering and
Architecture, Department of Computer Engineering, Erzincan, Turkey, ORCID: 0000
000161351849 bilgehantas@erzincan.edu.tr
2 Asst. Prof. Dr., Erzincan Binali Yildirim University, Faculty of Engineering and
Architecture, Department of Computer Engineering, Erzincan, Turkey, ORCID: 0000
000270513368 eyyup.yildiz@erzincan.edu.tr
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internet, the studies both accelerated and became easier to spread. As
a result of these, artificial intelligence and image processing studies
have increased rapidly and become popular. Thanks to the computers
with high processing power used today, a wideiety of neural
networks are used. Atrtificial intelligence has been showing its
presence in almost every field very frequently in recent years. In fact,
it is currently used in many industrial tools. This not only makes life
easier, but also brings neveltls of work. Artificial intelligence; It

is divided into many subranches such as machine learning, deep
learning, convolutional neural networks and divided into sections
that are deepened in their own way.

Machine learning has started to take place in all areas of life.
It has become widespread in many areas such as friend suggestions,
movie suggestions, music suggestions in social networks, as well as
phone applications and camera technologies. It has d&enious
help in the development and dissemination of deep learning
algorithms in areas such as translating speech into writing and
extracting meanings from texts (LeCun, Bengio, & Hinton, 2015).
With deep learning, operations such as image processifggstob
recognition and classification have gained a great momentum. It has
become a frequently preferred method due to its high performance
and the presence of subnets that deepen more than artificial neural
networks (Wu, Liu, & Liu, 2019). Due to its gooasults in
processing higldimensional data and solving complex problems, its
use has increased and is being used in many scientific fields and
sectors (Farabet, Couprie, Najman, LeCun, & intelligence, 2012;
Krizhevsky, Sutskever, & Hinton, 2012; Sutskewinyals, & Le,
2014). Deep learning methods are used even in increasing the
number of i mages and data augmen
Grochowski, 2018).

Convolutional neural networks are a deep learning
architecture that tries to make it possible for living things to work
similarly to their natural vision perceptions (Gu et al., 2018). CNN
studies dating back to earlier times were developed and LeCun et.al
It was introduced in 1989 in his work on the classification of
manuscripts (LeCun et al., 1989). It is frequently used because of the
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success of learning better by supporting deep learning structures
with convolutional neural networks and the success of artificial
intelligence in the classifier task in finding the best network path. It
has become frequently preferred in subjects suatiaasification,
object detection and recognition, especially thanks to its-high
successful results on image data. In a classical CNN model, there is
an input layer where the data is entered. Here, the data is provided to
the network. Then it enters the emtutional layer and the features
extracted from the images are scaled down by Max pooling. This is
useful for a more wdepth feature extraction. Then the data going to
Flatten and Fully Connected layers gives an output. This output
gives the classificatin process. The general architecture of the CNN
model is given in Figure 1.

-
]

[

N
- CE:@ 2 /;I (]

QOutput
Input layer Convolution Layer Pooling Layer
C ‘— )
Fully

Flatien Connected

v g
Feature Extraction Classification

Figure 1: General structure of CNN architecture
In the study;

A Image classification is done. Here, it is aimed to
classify images using a multlass data set. The images are 150x150
in size and contain 25 thousand images. Test and Train parts were
predetermined by the people who prepared the data set.

A The aim of the study is to conclude with the highest
performance and the highest accuracy. In order to do this, many
models have been tried and evaluated in an advisory context on how
to choose the best method. Although there are different methods to
find the best results, it is a recommendation made by the authors
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within the scope of the study. It is normal to have different
approaches.

2. Related Works

In (Wan, Zeiler, Zhang, Le Cun, & Fergus, 2013), the €ifar
10 dataset was studied using CNN. In the stdlifferent models
were tried and the parameters were optimized to get the best results.
For this purpose, it has been analyzed by testing different
optimization algorithms. Error rate was used as performance metrics
and compared in this way. The best resudis obtained with the
Regularization of Neural Networks using DropConnect method with
an Error rate of 0.22% (T. Guo, Dong, Li, & Gao, 2017).

Image processing and classification studies are also
frequently performed on medical images. It is widely used with
developing artificial intelligence algorithms and medical imaging
instruments. In this study, a study was carried out on lung images.
The CNN model was used to classify a lung disease. It is mentioned
that a good result was obtained because the CNN model was
designed by themselves. Precision and recall values were used as
performance metrics. Precision and recall values have been
completed wih an average of approximately 90% success on the
basis of classes (Li et al., 2014).

This study presents a comparative analysis using many data
sets and many CNN models. The data sets used in the study are
MNIST, CIFAR10, CIFAR100. The models used are GoogleNet,
Resnet50 and AlexNet. Various classes are available in the datasets,
such as busehold items, animals, tools. While performing these
multiple classification processes, it was made within the framework
of a wide comparison. The success rates of each class are given one
by one and the prediction accuracy made by the CNN models is
compared and the results are given (Sharma, Jain, & Mishra, 2018).

A study was presented using CNN models on hyperspectral
images. In the study, a CNN model proposed by them was presented.
Classification processing was performed with a model with 11
convolutional layers. Three different data sets were used to compare

-52--



the method. It is said that it gives better results than previous CNN
architectures. Working metrics were compared on accuracy and loss
values and evaluated separately for each class. Comparisons were
made in the form of CNN model and other methods. Thkalte
obtained are on the basis of class and it seems that there are high
values (Yu, Jia, & Xu, 2017).

Al-Doski et. al., datasets created by remote sensing were
studied. A classification was made on the images related to the land
cover. It is aimed to evaluate the image sets used in the study in a
process and to have high accuracy of the results to banedidt
means and SVM methods were used in the studyD@ski,
Mansorl, & Shafri, 2013).

In (Rahimzadeh, Parvin, Safi, & Mohammadi, 2021), higher
results were tried to be obtained by applying ResNet, DensNet and
Inception models. Intel image classification data set was used as the
data set. In the study, 224x224 resolution images and 512x512
images were handled in two different ways. It is said that the best
scores are given. In the study, the results obtained over 80% in
validation values are shared. and it is said that the accuracy rates in
the models have been increased by arou@#2

Intel image classification data set was used in the study. A
neural network called MinorNet has been proposed as a method. The
data sets consist of multiple classes and the evaluation criteria to be
made include the results of this multiple class. In &idithe study
emphasizes its superiority over other methods. In the created CNN
model, the validation success rate on high parameters was 88.3% (S.
Guo, Ni, Xing, Liu, & Ni, 2021).

3. Mat er éal And Met hod

In the study, in general, a target was determined in terms of
determining the basic materials by establishing small convolutional
neural networks. Therefore, it is possible to see the best results, if
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necessary, optimizations are made by working on convolutional
neural networks, which will be established in a small structure for
each model. The general template of the study was made as given in
Figure 2. In the prprocessing processes, a data geneveasrused

and zoom_range=0.2, width_shift range=0.2, shear_range=0.2,
height_shift_range=0.2, horizontal flip=True, vertical flip=True,
rotation_range=40 additions were made.

Create new Test the
Start Get Data —*|models parallel parameters of
ves to the model the best model.

Pre-pracessing

I

Build CNN
Models

Are the results
satisfactory?

Classification

Figure 2: Flowchart of the study

After the data are collected, the best CNN model must be
found in order to be able to classify. Therefore, it is necessary to
compare the train andalidation values obtained starting from the
smallest models, and at some point, the better model should be
selected and expanded, or a new model close to its equivalent should
be added and compared. In order to do this, computers with high
processing powemust be used. In the study, Nvidia 1660Ti 6GB
was used as GPU and Intel i7 9750H was used as CPU.

3.1 Dataset

The dataset used in the study is the Intel Image Classification
dataset (Kaggle). There are 6 classes in total in the data set and these
are; They are divided into buildings, forest glacier, mountain, sea,
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street. The data is available in zip file on the Kaggle site. There are
folders reserved for 14 thousand trains, 3 thousand tests and 7
thousand predictions in the data set. The resolution of the images is
determined as 150x150. The folder method has bkesen as the
labeling format. The dataset was selected for classification using
images in a similar category containing 6 classes. No visual changes
were made to the data in the dataset. No noises have been added or
subtracted and have been used purely.

Sample of Training Images

glacier buildings buildings
5

forest

buildings

;]

street buildings

Figure 3: Somesample images in the dataset

3.2 Convolutional Neural Network (CNN)

There are many CNN architectures used in the studies.
Basically, all CNN architectures consist of three basic layers. These;
The convolutional layer is the pooling and fully connected layers. If
modeled mathematically i. layer k. Their values at (i,j) fp@siin
the feature map are given in formula 1.

Orp 0O Gf o 1)
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0 anda- used here arQ®is the weight vector and bias
term of the filter. The activation value of td; convolutional
property can be formulated as follows.

Chi G QFR @)

In CNN architectures, a formation is shown within the
framework of general layers. In this way, the data goes to the
conclusion with an effort to extract a feature as it passes through each
layer. The Leneb architecture, which is one of the oldest

architectural structures, and its features are given inr&iGu et
al., 2018).

Figure 4: Lenet5 Network and Learned Features

Basically, the basic features used in the CNN architecture
were used in the study. Convolutional layer, Batch Normalization
(loffe & Szegedy, 2015), Dropout (G. E. Hinton, Srivastava,
Krizhevsky, Sutskever, & Salakhutdinov, 2012) and stride are used.
In addition to these, many activations such as RelLU, ELU, SELU,
Tanh, Softplus, Softmax (Bishop,
Nadeau, & Garcia, 2000; G. E. Hinton et al., 2012; Lin & Shen,
2018; M. D. Zeiler et al., 2013) functions and optimizers such as;
Adam Adadelta, Adagrad, Adamax, Nadam, RMSprop, SGD
(Bottou, 2010; Dozat, 2016; Duchi, Hazan, & Singer, 2011; G.
Hinton, Srivastava, N., and Swersky, K., 2012; Kingma & Ba, 2014,
M. D. J. a. p. a. Zeiler, 2012), are used. A wide variety of structures
and pareneters were used in the study, and so many structures were
created. It is not possible to conduct such a faagde architectural
experiment for every dataset. Because in datasets with very large
resolution and larger images, training of a structure @k tens of
hours depending on the hardware used. It may not be possible to
make such a wide range of architectural comparisons for every
dataset. In order to make such comparisons, computers with either
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low resolution or very powerful hardware should be used. In
addition, the architecture used in the study and to be concluded
cannot be used as the best architecture. This is just an approximation
and can be useful in building small scale architecturesoan |
systems. Because the relatively short training periods and the
corresponding performance results allow a usable structure.

Tablel: Stagel CNN Architectures

Model 1 | Model 2 | Model 3 | Model 4 | Model 5 | Model 6
Conv2D 16 24 32 48 64 128
Kernel Size 3 3 3 3 3 3
Activation ReLU** | ReLU** | ReLU** | ReLU** | ReLU** | RelLU**
Dropout 0.4 0.4 04 0.4 0.4 0.4
Conv2D 24 32 48 64 128 128
Kernel Size 3 3 3 3 3 3
Activation ReLU** | ReLU** | ReLU** | ReLU** | ReLU** | RelLU**
Dropout 04 04 04 04 0.4 0.4
Dense 128* 128* 128* 128* 128* 128*
Dropout 0.4 0.4 0.4 0.4 0.4 0.4
Dense 6 6 6 6 6 6
Activation Softmax | Softmax | Softmax | Softmax | Softmax | Softmax
Optimizer Adam Adam Adam Adam Adam Adam

*  After this layer, BatchNormalization was applied.
**  After this layer,BatchNormalization and Max Pooling were applied.

3.3 Applied CNN Models

The architectures used in the study were selected in terms of
providing the best performance in the least amount of time. The table
of these architectures is given below. Erehitectures used in the
study were separated from each other as stages, and the model with
the best results was expanded and new stages were created by
making additions or changes. The architectures used for-Stage
given in Table 1. Each model wasrat 20 epochs. As given in the
starred note, there are layers with and without Batch Normalization
and Max Pooling. First of all, experiments were started using small
convolutional layers. The reason why the last drizzle layers are 6 is
because a -6lass dataset is used. In addition, categorical
crossentropy is used in all models as a loss function.

Table2: Stage2 CNN Architectures
| | Model 7 | Model 8 | Model 9 | Model 10 | Model 11 ]
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Conv2D 64 64 64 64 64
Kernel Size 3 3 3 3 3
Activation RelLU** | RelLU** RelLU** RelLU** RelLU**
Dropout 0.4 0.4 0.4 0.4 0.4
Conv2D 128 128 128 128 128
Kernel Size 3 3 3 3 3
Activation RelLU** | RelLU** RelLU** RelLU** RelLU**
Dropout 0.4 0.4 0.4 0.4 0.4
Dense 16* 32* 64* 128* 256*
Dropout 0.4 0.4 0.4 0.4 0.4
Dense 6 6 6 6 6
Activation Softmax | Softmax | Softmax Softmax | Softmax
Optimizer Adam Adam Adam Adam Adam

*  After this layer, BatchNormalization was applied.
**  After this layer, BatchNormalization and Max Pooling were applied.

Thearchitectures used for Stageare given in Table 2. Each
model is trained for 20 epochs. As seen in the star note, Batch
Normalization and Max Pooling have been done. Since iticlass
dataset, the last layer must be 6. Categorical crossentropydignuse
all models as loss function. In this section, an investigation has been
made on the effect of the changes in the Dense layer.

Table3: Stage3 CNN Architectures

Model 12 | Model 13 | Model 14 | Model 15 | Model 16
Conv2D 64 64 64 64 64
Kernel_Size 3 3 3 3 3
Activation RelLU** RelLU** RelLU** RelL U** RelLU**
Dropout 0.1 0.2 0.3 04 0.5
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Conv2D 128 128 128 128 128
Kernel Size 3 3 3 3 3
Activation RelLU** RelLU** RelLU** RelLU** RelLU**
Dropout 0.1 0.2 0.3 0.4 0.5
Dense 64* 64* 64* 64* 64*
Dropout 0.1 0.2 0.3 0.4 0.5
Dense 6 6 6 6 6
Activation Softmax | Softmax | Softmax | Softmax | Softmax
Optimizer Adam Adam Adam Adam Adam

*  After this layer, BatchNormalization was applied.
**  After this layer,BatchNormalization and Max Pooling were applied.

The architectures used for Stagare given in Table 3. Each
model is trained for 20 epochs. As seen in the star note, Batch
Normalization and Max Pooling have been done. Since iticlass
dataset, the last layer must be 6. Categorical crossentrapgdsin
all models as loss function. In this section, it is tried to make an
examination on the effect of the changes when Dropout is made.

Table4: Stage4 CNNArchitectures

Model | Model | Model | Model | Model | Model
17 18 19 20 21 22
Conv2D 64 64 64 64 64 64
Kernel_Size 3 3 3 3 3 3
Activation RelLU | ReLU | ReLU | ReLU | ReLU | RelLU
*% *% *% *% *% *%
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Dropout 0.1 0.1 0.1 0.1 0.1 0.1
Conv2D 128 128 128 128 128 128
Kernel Size 3 3 3 3 3 3
Activation ReLU | ReLU | ReLU | ReLU | ReLU | ReLU
** ** ** ** ** **
Dropout 0.1 0.1 0.1 0.1 0.1 0.1
Dense 64* 64* 64* 64* 64* 64*
Dropout 0.1 0.1 0.1 0.1 0.1 0.1
Dense 6 6 6 6 6 6
Activation Softm | Softm | Softm | Softm | Softm | Softm
ax ax ax ax ax ax
Optimizer SGD | RMSp | Adade | Adagr | Adam | Nada
rop Ita ad ax m

*  After this layer, BatchNormalization was applied.
**  After this layer, BatchNormalization and Max Pooling were applied.

The architectures used for Stagjare given in Table 4. Each
model is trained for 20 epochs. As seen in the star note, Batch

Normalization and Max Pooling have been done. Since iticlass

dataset, the last layer must be 6. Categorical crossentropy is used in
all models as loss function. In this section, an stigation has been

made on the effect of the changes made with the optimizer.

Table5: Stage5 CNN Architectures

Model | Model | Model | Model | Model | Model | Model

23 24 25 26 27 28 29
Conv2D 64 64 64 64 64 64 64
Kernel_ 3 3 3 3 3 3 3
Size
Activatio | Softplu | Softm | ReLU | Softsi | Tanh | Selu | Elu**
n S** ax ** ** gn *%* *% **
Dropout 0.1 0.1 0.1 0.1 0.1 0.1 0.1
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Conv2D 128 128 128 128 128 128 128
Kernel_ 3 3 3 3 3 3 3
Size

Activatio | Softplu | Softm | ReLU | Softsi | Tanh | Selu | Elu**
n S)\—* ax *% *% g n *% *% *%

Dropout 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Dense 64* 64* 64* 64* 64* 64* 64*
Dropout 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Dense 6 6 6 6 6 6 6
Activatio | Softma | Softm | Softm | Softm | Softm | Softm | Softm
n X ax ax ax ax ax ax
Optimize | Adadelt | Adade | Adade | Adade | Adade | Adade | Adade
r a Ita Ita Ita Ita Ita Ita

*  After this layer, BatchNormalization was applied.
**  After this layer, BatchNormalization and Max Pooling were applied.

The architectures used for Stagare given in Table Tach
model is trained for 20 epochs. As seen in the star note, Batch
Normalization and Max Pooling have been done. Since itislass
dataset, the last layer must be 6. Categorical crossentropy is used in
all models as loss function. In this section,atempt is made to
examine the effect of changes made with activation.

Testing and validation results of all models are given
and discussed in Chapter 4. Detailed results are given in this section.
In addition, it was stated why the models weh®sen and which
model was superior. The criteria for the superiority of the models
were made by considering both the formations in the graphics and
the duration of the train.

Layer (type) Output Shape Param
#
conv2d_1 (Conv2D) (None, 148, 148, 64] 1792

batch_normalization_1 (Batch) (None, 148, 148, 64 256
max_pooling2d_1(MaxPooling2) (None, 74, 74, 64) 0
dropout_1 (Dropout) (None, 74, 74, 64) 0
conv2d 2 (Conv2D) (None, 36, 36, 128)| 73856
batch_normalization_2 (Batch) (None, 36, 36, 128)] 512
max_pooling2d_2(MaxPooling2) | (None, 18, 18, 128) 0
dropout_2 (Dropout) (None, 18, 18, 128) 0
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conv2d_3 (Conv2D) (None, 8, 8, 256) | 295168
max_pooling2d 3 (MaxPooling2) | (None, 8, 8, 256) 0
flatten 1 (Flatten) (None, 4096) 0
dense_1 (Dense) (None, 64) 262208
batch_normalization_3 (Batch) (None, 64) 256
dropout_3 (Dropout) (None, 64) 0
dense 2 (Dense) (None, 6) 390

Total params: 634,438
Trainable params: 633,926
Non-trainableparams: 512

2d_1: MaxPooling2D

_input: TupufLayer
wax_pooling

comv2d_1

! batch_nermalization_L: BateliNormlization ‘

_2: BatcliNormalizati

lization,

l batcly_normal

max_pooling2d_2: MaxPooling2D

122D

xPoolin

flatten_1: Flatten

max_pooling2d_3: Ma

Figure5: Last CNN Model

4. Experiments and Discussion

The results of the created models are explained in this
section. The basic features of the models are shown and discussed
on the figures. In order tmeasure their performance, train loss and
validation loss values are shown and evaluated as well as train and

validation values.
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Figure 6: Train, Train loss, Validation and Validation Loss Values
of Models 1 to 6.

As can be seen in Figure 6, many models have been
compared. It has been clearly seen that Model 6 has higher success
in both test and validation values. In addition, when we look at the
loss values, Model 6 has achieved success at lower loss values.
Model 1 appears to have had a very unbalanced training. Looking at
the models here, it is seen that Model 5 is also in a good level.
However, since it was not thought to provide enough performance,
Model 6 was continued by changing and expanding. One of the
important things here is the balanced ups and downs in the graphics.
The fact that these fluctuations are low, that is, stable, can also give
a clue about the accuracy of the model. For this reason, it should be
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taken into account when considering the training of the models and
the fluctuations. On the Model 6, each epoch takes an average of 85
seconds.

Validation Accuracy

00 25 50 75 0.0 25 150 175
Epochs

Training Loss

S e =

00 25 50 75 00 ns 150 s
Epochs

Validation Loss

00 25 50 75 0.0 25 150 175

Figure 7: Train, Train loss, Validation and Validation Loss Values
of Models 7 to 11.

As seen in Figure 7, train and train loss values have a less
fluctuating structure. As a result of the training, it is seen that the
validation values are more fluctuating. This means that it would be
more accurate to choose the best validation accurdags/avhich
generally give us better results when choosing. For this reason, all
differences are taken into account when choosing the best model.
Model 11's loss values seem to be good. However, it is seen that the

--64--



validation loss and validation accuracy values of Model 9 are better.
This creates the opinion that the selection is stronger than Model 9
and that the selection will be more accurate. There are two models
close to each other that can be selected herag®aoith ways would

not be a bad choice. However, since validation accuracy is

considered more important, it was continued by paying attention to

this when choosing.

In the training results given in Figure 8, it is possible to make
a selection in a similar way. Validation loss values approaching zero
are seen for each model. It is seen that the train and train loss values
are smooth without waves and are now aligndus Tndicates a
development in the direction that progress is correct. At the same
time, it is seen that the success rates have already exceeded 80%.
While training, it was run at relatively low epochs instead of high
epochs, and for this reason, it wassgible to try many models.
Looking at this figure, without much hesitation, the Model 12 is
clearly better. For this reason, this model has been developed. It is
seen that the training process is correct and there is slight fluctuation
in the validation pocesses. However, this may also be related to the
unstable situation in the operating performance of the computer.
Therefore, the opinion that the model of every fluctuation is wrong
may not be correct. It is quite normal to have such situations when
choos$ng a model. In addition, these fluctuations are likely to occur
even in computers with high processing power. Because it cannot be
expected to see a work at the same frequency values at every
moment. Considering this figure, model 12 is clearly aheaghms
of train and train loss in model selection. It is also clearly seen that
it is ahead for validation accuracy. Even if the validation accuracy is
low with a very small margin, it would be more accurate to choose
this model. Because it is seen to bedjoomany aspects and it will
be a predictable prediction that it will give better results at large
epoch values.
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Figure 8: Train, Train loss, Validation and Validation Loss Values
of Models 12 to 16.

Similarly, in Figure 9, it is aimed to choose a model with low
volatility, low loss values and high validation accuracy. Model 17 is
the first model to be eliminated as it is obviously a model with too
much volatility and low results. When all values avasidered, it is
seen that Model 19 is the best. Because train values and train loss
values are obviously the best. It is the model that sees the highest
value in validation accuracy.
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Figure 9: Train, Train loss, Validation and Validation Loss Values
of Models 17 to 22

The final model to be compared is given in Figure 10.
The thing to note here is that although ithisught to be seen as very
wavy, the places with very small value differences appear big
because they are shown on a large figure. For example, although the
loss values in the validation loss section are between 3 and 0.5, it
seems that there are big fluations because it is in a large display.
While naturally preferred, it is essential to choose the models that
give the least fluctuation and the best results. In many respects, the
Model 25 seems to give the best results.
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Figure 10: Train, Train loss, Validation and Validation Loss
Values of Models 23 to 29

Finally, Figure 11 shows the results. Here, by considering
Model 25, an architecture has now been created using an expanded
convolutional neural network. The best results were also performed
on this model. Train accuracy was approximately 91%, while
validation accuracy reached 89.23%. The best results obtained were
also carried out on this model. Here, the layers in the architecture
have been expanded and the number of epochs has been increased to
50. It is seen that the studies carried out are systenmatiacurate.

Loss values were reduced below 0.5%. This proves that the model
works well.
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Figure 11: Last and Best Model

5. Conclusion

In the study, the results related to how a CNN model should
be applied for a classification process were investigated. By using
the smallest convolutional neural networks for the establishment of
the models, itis provided to expand by adding extra nesrdayVith
every good result found, an analysis was made to find better models
by switching to a new stage, adding layers and changing some
parameters. These processes have been made entirely by trial and
error and have been expanded in a systematic steudibe results
obtained and the architectures to be installed are likely to vary
depending on the dataset. However, similar to this systematic
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structure, it can be applied with any dataset. It is normal to see
changes with the computer used in the study and the models created.
In addition, it should be said that a subjective selection is made while
examining the models. It would be more accutatbave enough
training time to see each model yield fully. However, when a simple
and resuloriented architecture should be used, it would be
beneficial to use such a method. Because it is seen that the results
obtained are both trained in short periofisime and classification

is made at high achievements. In order to get a better efficiency from
this result, a more detailed architectural examination is required. In
this way, the performance valuesind in the study can be improved

and better resudtcan be achieved.

In the study, it is aimed to obtain a result in the way of
comparison and observation by considering many models both in
terms of architecture and parameters. It can be said that the results
are satisfactory enough. Train accuracy was 91% and validation
accuracy was 89.23%, and ackss data set was classified. By
expanding the models further, training can be done at higher times
and better results can be obtained. However, the focus of this study
is to establish a fast architecture and obtainpigtiormance results
with low training times. The main purpose of the study was made
within the framework of this focus. In addition, it is seen that the
results obtained prove this.

-70-



6. References

Al-Doski, J., Mansorl,S. B., & Shafri,H. Z. M. J.D. o. C.
E., Faculty of Engineering,University Putra, Malaysia. (2013).
Imageclassificationin remotesensing3(10).

Arf, C.J.A. | ¥ .Y. H.K. (1959).MakinelerD ¢ Kk ¢ nebi | i
miveN a sD&Ik ¢ n D,014103r ?

Bishop, C. M. (1995). Neural networks for pattern
recognition Oxford universitypress.

Bottou, L. (2010). Largescale machine learning with
stochasticgradientdescent.In Proceedingsof COMPSTAT'2010
(pp.177-186): Springer.

Dozat, T. (2016). Incorporatingnesterovmomentuminto
adam.

Duchi, J., Hazan,E., & Singer,Y. J. J.o. m. |. r. (2011).
Adaptive subgradientmethodsfor online learning and stochastic
optimization.12(7).

Dugas,C.,Bengio,Y., B ® | iFsNaeeauC., & Garcia,R.
J. A. i. n.i. p. s. (2000). Incorporatingsecondorder functional
knowledgefor betteroptionpricing. 13.

FarabetC., Couprie,C., Najman,L., LeCun,Y. J.I. t. 0. p.
a.,& intelligencem. (2012).Learninghierarchicafeaturedor scene
labeling.35(8), 19151929.

Gu,J.,Wang,Z., Kuen,J.,Ma, L., ShahroudyA., Shuai,B.,
... Cai, J.J.P.r. (2018).Recentadvancesn convolutionalneural
networks.77, 354-377.

Guo, S., Ni, Y., Xing, K., Liu, Y., & Ni, W. (2021).

MinorNet: A Lightweight neural network for battlefield scene
-71--



classification. Paper presentedat the 2021 14th International
Symposiunon ComputationalntelligenceandDesign(ISCID).

Guo, T., Dong, J., Li, H., & Gao, Y. (2017). Simple
convolutional neural network on image classification. Paper
presentecht the 2017 IEEE 2nd InternationalConferenceon Big
DataAnalysis(ICBDA).

Hinton, G., SrivastavaN., andSwersky K. (2012).Lecture
6d - a separateadaptivelearningratefor eachconnection Slidesof
LectureNeural Networksfor MachineLearning,

Hinton, G. E., SrivastavaN., Krizhevsky,A., Sutskever].,
& SalakhutdinovR.R.J.a.p.a.(2012).Improvingneuralnetworks
by preventingco-adaptatiorof featuredetectors.

loffe, S., & Szegedy,C. (2015). Batch normalization:
Acceleratingdeepnetworktraining by reducinginternal covariate
shift. Paperpresentecat the Internationalconferenceon machine
learning.

Kaggle. Intel Image Classification
https://www.kaggle.com/datasets/puneet6060Amge
classification(LastAccess:18.08.2022)

Kingma,D. P.,& Ba,J.J.a.p. a.(2014).Adam: A method
for stochastioptimization.

Krizhevsky, A., Sutskever]., & Hinton, G. (2012). Proc.
Advancedn NeurallnformationProcessingystems25. In.

LeCun, Y., Bengio, Y., & Hinton, G. J. n. (2015). Deep
learning.521(7553),436-444.

—72--


https://www.kaggle.com/datasets/puneet6060/intel-image-classification
https://www.kaggle.com/datasets/puneet6060/intel-image-classification

LeCun,Y., Boser,B., Denker,J., HendersonD., Howard,
R.,HubbardW., & JackelL. J.A. i. n.i. p.s.(1989).Handwritten
digit recognitionwith a backpropagatiometwork.2.

Li, Q., Cai, W., Wang, X., Zhou, Y., Feng,D. D., & Chen,
M. (2014).Medical imageclassificationwith convolutionalneural
network.Paperpresentedit the 2014 13th internationalconference
on controlautomatiorrobotics& vision (ICARCYV).

Lin, G., & Shen,W. J. P. c. s. (2018). Researchon
convolutionalneural network basedon improved Relu piecewise
activationfunction.131, 977-984.

Mi k o g a jJAg z& IGrochowski, M. (2018). Data
augmentatiorfor improving deeplearning in image classification
problem.Paperpresentect the 2018internationalinterdisciplinary
PhDworkshop(lIPhDW).

RahimzadehiM., Parvin,S., Safi, E., & MohammadiM. R.
J.a. p. a. (2021). Wise-srnet: A novel architecturefor enhancing
imageclassificationby learningspatialresolutionof featuremaps.

Sharma,N., Jain,V., & Mishra, A. J. P. c. s. (2018). An
analysisof convolutionalneuralnetworksfor imageclassification.
132 377-384.

Sutskever]., Vinyals, O., & Le, Q. (2014).Proc.Advances
in NeurallnformationProcessingystems7.In.

Turing,A. M., & HaugelandJ.J.T.T.T.V. B.a.t. H. o.I.
(1950).Computingmachineryandintelligence .29-56.

Wan, L., Zeiler, M., Zhang,S., Le Cun, Y., & Fergus,R.
(2013).Regularizatiorof neuralnetworksusingdropconnectPaper
presentect the Internationalkconferenceon machineearning.

73



Wu, H., Liu, Q., & Liu, X. J.C. M. C. (2019).A reviewon
deep learning approachesto image classification and object
segmentatior60, 575597.

Yu, S.,Jia,S.,& Xu, C. J.N. (2017).Convolutionalneural
networksfor hyperspectraimageclassification219, 88-98.

Zeiler,M. D., RanzatoM., Monga,R., Mao, M., Yang,K.,
Le, Q.V., ... Dean,J.(2013).On rectified linear units for speech
processing. Paper presentedat the 2013 IEEE International
Conferenceon Acoustics,SpeechandSignalProcessing.

Zeiler,M. D. J.a.p.a.(2012).Adadelta;anadaptivdearning
ratemethod.

-74--



CHAPTER I I

Bibliometric Analysis of Ant Colony Optimization
Algorithm (1992-2024)

Ahmet AKKAYA 1
Cemi | K¥ZKUR"™

1. Introduction

Optimizationis atechniquethatseekssolutionsfor a system
to performoptimally undercertainconstraint{Vanderplaats1988)
. Traditional optimization methodsare inadequatefor nonlinear,
dynamicand largescaleproblems(Blum & Roli, 2003).In these
casesmetaheuristioptimizationtechniquegprovide an alternative
approachby providingfastandefficient approximatesolutions(Eid
etal., 2022). The mostcommonmetaheuristi@algorithmsinclude
SimulatedAnnealing (SA), Genetic Algorithm (GA), Grey Wolf

1"'Bandér ma Onyedi Eyl ¢ University, Bandeér
ORCID: 0006000348362310

2Bandér ma Ghnyievdeir sEiytly,,] Bandér ma, Turkey, cko.
000000031407-9867
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Optimization Algorithm (GWO), Particle Swarm Optimization
(PSO)andAnt Colony Optimization(ACO) (Akkayaetal., 2023).

ACO is an algorithm inspired by the foraging behaviorof
naturalant colonies(Dorigo & St ¢ t2@04)eThe basiclogic of
ACO is that by using pheromonerails, antscan collectively find
optimal paths(Durgut, 2021). This mechanisnproducesffective
solutions, especiallyin combinatorialand dynamic optimization
problems.

Themathematicaloundationsof ACO areexpressetby two
main equationspheromoneaupdateand probabilisticpathselection.
Equationl givesthe pheromoneipdateequation.

T p "ttt of Equation (1)
l't' s here:
1 t is the amount offQpher omon
1 "is the rate of pheromone
that old information is erased.
1 wf represents the amount of

released by the ants.

Thepheromonaipdateensuresghatthetrails left by theants
evaporatevertime andthis playsanimportantrole in the effort to
reachthe optimalsolution(Dorigo & Gambardellal997).Equation
2 givestheprobabilisticpathselectionequation.

> t

0 = . Equation (2)
i — represents the heuristic
1 | weEQare parameters that def
i mportance of the pheromone effe
respectivel y.
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The possibility of path selectionallows ants to discover
betterpathswhensearchingor solutions.Equationl and Equation
2 allow ACOtofind bettersolutionsby avoidinglocal optima(Socha
& Dorigo, 2008).

As with any metaheuristicalgorithm,ACO hasa numberof
advantagesnd disadvantagesThe mostimportantadvantage®f
ACO areflexibility, parallelsearchandadaptive.Flexibility, ACO
is suitablefor a wide rangeof optimizationproblemsandprovides
effectivesolutionsfor combinatorialcontinuousandmulti-objective
problems(Dorigo & St ¢ t2004)eRarallel search,the colony
structure enablesa parallel searchin the solution space,which
increasesthe speedof finding solutions (Blum & Roli, 2003).
Adaptive, its ability to adaptto changingconditionsimprovesits
performancen dynamicenvironmentgSocha& Dorigo,2008).The
disadvantageare computationatost,local optimumandparameter
tuning. ComputationalCost,complexandlarge-scaleproblemsmay
require high computational power and long processingtimes
(Mavrovouniotis& Yang,2015).Local Optimum,sometimest can
getstuckat the local optimum,which canmakeit difficult to reach
the global optimum (Blum & Roli, 2003). Parameterizationit is
importantto setthe parametersf thealgorithmcorrectly,otherwise
the performanceof the algorithm is negativelyaffected( L - p e z
| b8 &8 ¢ t2010)e

ACO has been widely used in logistics and route
optimization(Zhanget al., 2022), datamining (Ganji & Abadeh,
2010) andfeatureselection(Ahmadet al., 2017), multi-objective
and continuousoptimization(EmamiSkardiet al, 2015), network
and communication systems (Ma et al., 2022) and artificial
intelligenceandrobotics(Sandinietal.,2024). In logisticsandroute
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optimization,it isusedn thetravelingsalesmamproblem(Chaudhari
& Thakkar,2019) whichis the problemof finding the shortespath
betweena setof cities, in the vehiclerouting problem(Revanna

Al-Nakash, 2023) ), which is the optimization of distribution
networks and transportationsystems.It is used in engineering
designgKaveh& Talatahari,2010)and(Mardoudeet al., 2024)to

improve the efficiency of energy systems.Internet data routing
(Safavat& Rawat, 2021) and load balancingin communication
networks(Wangetal.,2016) It is usedin Artificial Intelligenceand
Robotics for pathfinding algorithms (Ming et al., 2021) of

autonomousvehicles and trajectory (Madridano et al., 2021)
planningof multi-robotsystems.

In this study, the researcton the Ant Colony Optimization
(ACO) algorithm sinceits inceptionin 1992 is examinedthrough
bibliometric analysis. The study examinesthe developmentand
prevalencef thealgorithmovertime by presentinghetrendsin the
use of ACO with quantitative data. The next section provides
informationaboutthe purposeof thestudy,themethodsisedandthe
dataanalyzed.

A. Methodology of the study

Bibliometric analysisis a quantitative method used to
understandhe dynamicsof academiditeratureandassessesearch
trends.This methodwas developedo systematicallyexaminethe
densityof publicationscollaborationnetworksamongauthors and
citationrelationshipsn a givenscientificfield (Donthuetal., 2021)
. (Price, 2019) The "law of scientific growth" study laid the
foundationfor bibliometricanalyse®y demonstratinghatscientific
productionincreasegieometricallyovertime. Later (Small,1973),
developedcitation analysisand revolutionizedthe visualizationof
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conceptuatlustersandknowledgediffusionin theliterature.Today,
bibliometric studies are carried out using software such as
VOSviewer, CiteSpacdo analyzelargescaledatafrom databases
suchas Scopusand Web of Science(Aria & Cuccurullo,2017).
These analyses provide important contributions in terms of
evaluatingacademigerformancemappingresearcmetworksand
examiningtheflow of informationacrosgisciplines.

B. Purpose of the research

The aim of this researchis to examinea total of 20,740
studieson ACO in theWebof Sciencg WoS)databasé thelast33
years (19922024) using the keywords "ant colony optimization
algorithm" OR "ant colony algorithm" OR "ant colony system"OR
"ant colony" by using bibliometric analysismethod.This analysis
aimsto revealthe trendsof researchn the field of ACO, author
collaborationsmostcited studiesandjournal impacts.It alsoaims
to drawthe attentionof researcherby identifying the develgoment
of ACO overtime andthe mostremarkableaspectsn the scientific
field. The quantitativedata obtainedprovide a valuablebasisfor
betterunderstandinghe evolutionof ACO researchkey topicsand
importantcontributionsto thefield.

C. Data and analysis

Softwaresuchas CiteSpaceBibliometrix, Gephi, HistCite,
EndNote and VOSviewer are frequently used in bibliometric
analysis. In this study, Web of Science (Wo0S) databasewas
preferredto ensurereliability andcomprehensivelataanalysis.The
datasetof 20,740 publicationsobtainedfrom WoS was analyzed
using VOSviewer software, which stands out especially for
visualization of scientific literature and network analysis.
VOSvieweris an effectivetool for literatureand network analysis
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thanksto its userfriendly interface, free accessand capacity to
processlarge data sets. This software has revealedtrends and
researclgapsin thefield of optimizationby mappinginteractions,
connectionsandnetwork structuresetweenscientific publications.
In the study, the analysis using the keywords "ant colony
optimizationalgorithm"OR "ant colonyalgorithm" OR "ant colony
system"OR "ant colony" provided a comprehensivanap of the
scientific literatureon ACO algorithmsas of November2024 and
shedlight on currenttrendsin thefield.
2. Findings

In thissectiondetailedanalyse®f differentcategoriesn the
Webof SciencgWoS)databasarepresentedComprehensiveata
such as the distribution of publicationsover the years,document
types,WoSindexcoverageresearctprofilesandthe distributionof
publicationtitles accordingto researclcategoriesare analyzed.n
addition, the distribution of publicationsby country and publisher,
andthediversityanddistributionof researclareasareevaluatedThe
mese and micro-level distribution of citation topics and the
classification of publications according to their languagesare
discussed.In the co-authorship analyses,collaborationsat the
researcherjnstitution and country levels were detailed, and the
citation relationshipsof sources,authors and institutions were
analyzed.The findings provide important data to understandhe
evolution of researchin the ACO field, its placein the global
scientificnetworkandits dynamicsWith theseanalysesit is aimed
to revealmoreclearlythedewelopmeni@andcontributionsof thefield
within the scientificcommunity.

WoS categories distribution
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As a result of the analysis, Figure 1 the distribution of
publicationsaccordingto WoS categories.
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Figurel : Distribution of publicationsaccordingto WoScategories

WhenFigurel is analyzedjt is seenthatcomputersciences
such as artificial intelligence, theory and methods,information

systems, software engineeringcome to the forefront. Artificial

Intelligence (5826), as the categorywith the highestnumber of
records, shows that ACO algorithms have a wide range of

applications in artificial intelligence applications. Theory and
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Methods, with (3743) publications, shows that the theoretical
foundationsand methodologicaldevelopment®f ACO algorithms
are intensively discussedn this field. Information Systems3129

showsthat thesealgorithmsplay an importantrole in information

processingdata analysisand optimization processesin terms of

engineeringapplications, Electrical and Electronics Engineering
(5302)publicationsandthe densityof optimizationproblemsn this

field explain the widespread use of ACO algorithms.
Multidisciplinary Engineeringwith (1236)publications showsthat

ACO algorithmsare an effective tool for solving problemsthat

combine different engineering disciplines. Industrial and

Mechanical Engineering, with (922 and 597) publications
respectively, make significant contributions in areas such as

manufacturing, process optimization and design. Operational
Research and Management Science (1566), decisioamaking

processes,resource allocation and optimization problems are

concentrated in this category. Telecommunications (2257)

publicationswith the effectivenessof ACO algorithm in network

optimization, data transmissionand design of communication
systemsRobotics(502) with the effectivenesof thesealgorithms
in robot motion planning, control and automation processes.
Mathematicaland ComputationaBiology (420) recordwith ACO

algorithmis widely usedin modelingand simulationof biological

systems.

Distribution of publications according to years of publication

Accordingto thefindings obtainedasaresultof theanalysis
processthe distributionof publicationsaccordingto yearsis given
in Figure2.
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When Figure 2 is analyzed,it is seenthat the numberof
publicationstowardsthe end of the 1990s(19921999) was quite
low. In the yearsbeforethe late 1990s,very few publicationswere
made It is observedhatonly afew publicationsveremadein 1996,
1997 and 1993. This showsthat researchin the field of ACO was
muchmorelimited in this perioddueto its newnessAs of the2000s,
an increasebegins. Although it is seenthat it startedwith 29
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publicationsin 2000and27 publicationsin 2001, it still remainsat
low levels. A more significant growth is observedin 20052010.
While therewere290publicationan 2005,this numberincreasedo
793by 2010.During this period,scientificresearclon ACOsstarted
to becomemorewidespreadln the2010s thisincreasecontinuedo
acceleratelt is seerthatit gainedmomentumwith 937 publications
in 2012,1032in 2013,1116in 2014,and1173in 2015.In 2016and
2017, the annual number of publicatins increasedeven more,
reachingl1200. After 2017, a significantincreasen the numberof
publicationswas observedIn 2020, it reachedts peakwith 1401
publications followed by 1350in 2021,1466in 2022and1153in
2023. In this period, therewas a significantincreasein scientific
productionandresearclintensity,reaching866publicationan 2024.

Distribution of publications by document type

Table1 showsthe distributionof 20,740publicationsin the
WoSdatabasevithin thescopeof ACO accordingo documentypes
andthe percentagef eachtypein total publications.

Tablel : Distribution of publicationsby documentype

Document Types Record Count % of 20.740
Article 12243 59.031
Book 6 0.029

Book Chapters 311 15

Book Review 1 0.005
Correction 20 0.096

Early Access 167 0.805
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Editorial Material 34 0.164

Letter 3 0.014
Meeting Abstract 20 0.096
News Item 1 0.005
Proceeding Paper 8384 40.424
Publication With Expression Of

Concern 1 0.005
Retracted Publication 104 0.501
Retraction 14 0.068
ReviewArticle 449 2.165
Software Review 1 0.005

Article 12,243recordsaccountingor 59,031%of the total.
Thisis themostcommondocumentypeandshowsthatthemajority
of scientific researchis publishedin article format. Conference
ProceedindPaperProceedindPaper)8,384publicationsaccounting
for 40,424%of the total. Conferenceproceedingsalso occupyan
important place. This indicates that most of the researchwas
presentecat conferencesand then published.Review Article 449
publicationsBook 311 publications Early Accessl67 publications,
Retracted Publication 104 publications, Editorial Material 34
publications, Correction 20 publications, Meeting Abstract 20
publicationsRetractionl4 publicationsBook 6 publications] etter
3 publications, News Item 1 publication, Publication with
Expression of Concern 1 publication, Software Review 1
publication.

Meso-distribution of citation topics of publications

As a result of the analysis, meso (intermediate level)
distributionof publicationsaccordingto citationtopicsis presented
in Table2 in orderto revealwhich fields of studycometo thefore
andwhich topicsattractmoreattention.
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Table2 : Meso(mediumlevel)distributionof publications
accordingto citationtopics

Citation Topics Meso
4.84 Supply Chain & Logistics

4.13 Telecommunications
4.61 Atrtificial Intelligence & Machine
Learning

4.29 Automation & Control Systems

Record
Count

6894
1936

1131
1032

4.46 Distributed & Real Time Computing 998
4.18 Power Systems & Electric Vehicles 969
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% of
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33.24
9.335

5.453
4.976
4.812
4.672



4.224 Design & Manufacturing 485

4.17 Computer Vision & Graphics 453
4.183 Transportation 419
4.47 Software Engineering 417
4.48 Knowledge Engineering &
Representation 397
3.32 Entomology 373
6.153 Climate Change 271
4.237 Safety & Maintenance 211
4.116 Robotics 182
4.58Wireless Technology 142
2.123 Protein Structure, Folding &

Modeling 135
4.101 Security, Encryption & Encoding 113
4.206 Models Of Computation 103
6.11 Education & Educational Research 103
4.169 Remote Sensing 97
7.227 Manufacturing 97
7.63 Mechanics 96
8.212 Sensors & Tomography 93
2.244 Chemometrics 91

2.338
2.184
2.02

2.011

1.914
1.798
1.307
1.017
0.878
0.685

0.651
0.545
0.497
0.497
0.468
0.468
0.463
0.448
0.439

Table 2 showsthat Supply Chain & Logisticsis the most
highly cited topic with 6,894 publications.Since supply chainand
logisticsresearctarekey component®f globaltradeandindustrial
production,it is a very popular and intensively researchedarea.
Telecommunicationsranks second with 1,936 publications.
Telecommunications arapidly developingsectorandcontinuego
be an important research topic with digitalization and the
proliferationof connectedievicesAtrtificial Intelligence& Machine
Learningranksthird with 1,131 publications Artificial intelligence
and machinelearningis a rapidly growing field in the world of
technology and science, finding applicationsin every sector.
Automation& Control Systemsl.032 publications,Distributed &
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Real Time Computing998 publications PowerSystems& Electric
Vehicles 969 publications, Design & Manufacturing 485
publications, Computer Vision & Graphics 453 publications,
Transportation 419 publications, Software Engineering 417
publications, Knowledge Engineering & Representation397
publications,Entomology 373 publications,Climate Change271
publications Safety& Maintenance&11 publications Robotics182
publications, Wireless Technology 142 publications, Protein
Structure, Folding & Modeling 135 publications, Security,
Encryption& Encoding113 publications,Models of Computation
103 publications, Education & Educational Research 103
publications,Remote Sensing97 publications,Manufacturing97
publicationsMechanic96 publicationsSensor& Tomography93
publicationsChemometric®1 publications.

Micro -distribution of citation topics of publications

Table 3 shows the classification of ACO publications
accordingto micro-level, i.e. narrowscalecitation topics and the
numberof publicationson eachtopic.

TaBt eCl assification of pluebvieilc at
citation topics

Record % of
Citation Topics Micro Count 20.740
4.84.169 Particle Swarm
Optimization 3818 18.409
4.84.471 Vehicld&Routing Problem 1435 6.919
4.13.43 Wireless Sensor Networks 1167 5.627
4.84.401 Scheduling 1093 5.27
4.29.435 Multi Agent Systems 788 3.799
4.46.85 Cloud Computing 635 3.062
4.61.145 Feature Selection 384 1.851
3.32.697 Formicidae 354 1.707
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4.18.204 Distributed Generation 301
4.61.869 Clustering 295
4.18.296 Unit Commitment 253
4.224.599 Project Scheduling 197
4.224.1307 Process Planning 194

4.17.282 Image Segmentation 184
6.153.1330 Watebistribution

Systems 172
4.13.807 Internet Of Things 170
4,183,486 Traffic Flow 163
4.13.896 Vehicular Ad Hoc

Networks 154
4.18.472 Voltage Stability 133
4.47.1111 Software Testing 133
4.237.651 Preventiglaintenance 131
4.48.120 Complex Networks 128

4.84.1965 Cutting Stock Problem 113
4.61.1302 Intrusion Detection 112
4.84.1632 Facility Location 112

1.451
1.422
1.22
0.95
0.935
0.887

0.829
0.82
0.786

0.743
0.641
0.641
0.632
0.617
0.545
0.54

0.54

When the micro-level distribution of citation topics is
evaluated categorically, it is seen that the highest number of
publicationsis in the Optimizationand DecisionMaking Problems
category.Particle Swarm Optimization (PSO) (3818 publications)
has the highest number of publications among optimization
algorithms.This showsthatACO is popularlyusedin hybrid studies
togethewith PSO.VehicleRoutingProblemwith 1435publications
is of greatimportancein areassuchas logistics and supply chain
managment.Scheduling(1093 publications)reflects researchon
schedulingandplanningproblems Suchoptimizationgplayacritical
role in manufacturingprocesseandprojectmanagemenSubtopics
suchasProjectScheduling197 publications)andProcesd?lanning
(194 publications)seemto focus on more specific planning and
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production processesin the Networks and Distributed Systems
category, Wireless Sensor Networks (1167 publications) and
Vehicular Ad Hoc Networks(154 publications),Cloud Computing
(635 publications). In Machine Learning and Data Analytics
category, Feature Selection (384 publications), Clustering (295
publications), in Energy Systems and Distributed Generation
category, Distributed Generation (301 publications), Voltage
Stability (133 publications) and Unit Commitment (253
publications),in ImageProcesig andVisual Perceptiorcategory,
Image Segmentation(184 publications). In the Networks and
Security category, Intrusion Detection (112 publications) and
Complex Networks (128 publications), in the Biology and
Environmentcategory, Formicidae (354 publications)and Water
Distribution Systems(172 publications),in the Maintenanceand
Security category,PreventiveMaintenancg131 publications)and
Software Testing (133 publications),in the Transportationand
Traffic category, Traffic Flow (163 publications), Cutting Stock
Problem(113publicationslandFacility Location(112publications).

WoS index distributions

In the analysis,Figure 3 showsthe distribution of ACO-
relatedpublicationsaccordingto WoS indexes.This distributionis
important to understandthrough which indexes the relevant
literatureis publishedandwhich fields aredominant.
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Figure3 : Distribution of publicationsaccordingto WoSindexes

Figure3 showsthat ScienceCitation Index Expanded SCH-
EXPANDED), which hasthe highestnumberof publicationswith
10668 publications,includesarticlesin high quality, high impact
factor journals in basic sciencesand engineering. Conference
Proceedings Citation Index - Science (CPCFS) With 8341
publications,the conferenceproceedingsndex has a large share.
EmergingSource<CitationIndex (ESCI)has1674publicationsand
SocialScienceandHumanitieshas780publications Otherindexes
Social Sciences Citation Index (SSCI), ConferenceProceedings
Citation Index - Social Science& Humanities(CPCFSSH), Book
Citation Index - Science(BKCI-S), Book Citation Index - Social
Sciences% Humanities(BKCI-SSH), Arts & HumanitiesCitation
Index (A&HCI).

Distribution of journal names according to publication titles

Table 4 showsthe journalsin which ACO-relatedstudies
werepublishedthe most,accordingto thetitles of the publications.
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Tabled : Distribution of journal namesaccordingto titles of

publications
Record % of

Publication Titles Count 20.740
Lecture Notes in Computer Science 783 3.775
IEEE Access 398 1.919
Applied Soft Computing 337 1.625
Expert Systems witApplications 258 1.244
leee Congress on Evolutionary
Computation 214 1.032
Lecture Notes in Artificial Intelligence 213 1.027
Applied Mechanics and Materials 187 0.902
Advances In Intelligent Systems and
Computing 170 0.82
Computerdndustrial Engineering 149 0.718
Communications In Computer and
Information Science 148 0.714
Mathematical Problems in Engineerir 148 0.714
International Journal of Advanced
Manufacturing Technology 142 0.685
Advanced Materials Research 141 0.68
Soft Computing 139 0.67
Studies In Computational Intelligence 132 0.636
Sensors 128 0.617
Journal Of Intelligent Fuzzy Systems 114 0.55
Wireless Personal Communications 114 0.55
Computers Operations Research 106 0.511
International Journal d?roduction
Research 105 0.506
Applied Sciences Basel 102 0.492
Neural Computing Applications 102 0.492
Engineering Applications of Atrtificial
Intelligence 93 0.448
European Journal of Operational
Research 87 0.419
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Swarm And Evolutionar€omputation 84 0.405

WhenTable4 is analyzedit is seenthatthe highestnumber
of publicationsis publishedin LectureNotesin ComputerScience
with 783 publications. In other journals, EEE Access 398
publications, Applied Soft Computing 337 publications, Expert
Systemswith Applications 258 publications,|[EEE Congresson
Evolutionary Computation 214 publications, Lecture Notes in
Artificial Intelligence 213 publications, Applied Mechanicsand
Materials 187 publications,Advancesin Intelligent Systemsand
Computing:170publicationsComputerdndustrialEngineeringL49
publications, Communicationsin Computer and Information
Sciencel48 publications,MathematicalProblemsin Engineering
148 publications InternationalJournalof AdvancedManuacturing
Technology 142 publications,AdvancedMaterials Researchl41
publications, Soft Computing 139 publications, Studies in
Computational Intelligence 132 publications, Sensors 128
publications Journalof IntelligentFuzzySystemsl14 publications,
WirelessPersonalCommunicationsl14 publications Computers
Operations Research106 publications International Journal of
ProductionResearchi05publications Applied ScienceBasel102
publications, Neural Computing Applications 102 publications,
EngireeringApplicationsof Artificial Intelligence93 publications,
EuropeanJournalof OperationalResearcl87 publications,Swarm
andEvolutionaryComputatior84 publications.

Language distribution of publications

As a result of the analyses,Figure 5 visualizes the
distribution of publications by language of publication. This
distributionshowsthelanguage# which publicationsarepublished
andhow the mostcommonlyusedianguagesreusedin research.
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Figured : Distribution of publicationsby languageof publication

According to the distribution of publication languages,
English: 20,460 publications constitute 98.65 percent of all
publicationsln otherlanguages:Chinese196publications Spanish:
26 publications, Turkish: 24 publications, Portuguese: 10
publications.

Publisher distribution of publications

Figure 5 shows the publishing houseswith the highest
numberof publicationsin the WoS databaseand their numberof
publications.
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Figure5 : Distribution of publicationsby publishers

Whenthe publisherdistributionof publicationsis analyzed
with Figure 5, IEEE 5458 publications, Springer Nature 3836
publications,Elsevier 3294 publications,MDPI 825 publications,
Taylor& Francis600publicationsWiley 474 publicationsHindawi
PublishingGroup397publications;TransTechPublicationd_td 360
publications, Associationfor Computing Machinery (ACM) 253
publications Sage206 publicationsarelisted.

Co-authorship of authors

As a result of the analyses,Figure 6 presentsthe links
betweerco-authorsf publicationsSuchanalysegrovideimportant
information on the intensity of scientific collaborations, the
networking betweenauthors, and which researchersollaborate
morewith eachother.
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Figure6 : Linksbetweerco-authorsof publications

Figure 6 showsthat Dorigo, Marco hasthe highestnumber
of citations with 12,829 citations. Although the number of
publicationsis 40, the link strengthis 53. Dorigo's high numberof
citationsshowsthathisresearchs usedby alargenumberof people.
However thelink strengthof 53 suggestshatit is limited to further
academiccollaborationor interaction. Stuetzle, Thomas: Ranked
secondwith 8,416citationsandalink strengthof 56, suggestinghat
Stuetzle'publicationshavealsobeeninfluentid in awide area,and
thathis networkof interaction(link strength)is slightly higherthan
Dorigo's.Blum, Christianhas57 publicationswith 6,404 citations.
Thelink strengthis 34, indicatingthat Blum hasa goodinfluence

but lessdirect collaboration.The balancebetweenthe numberof
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publicationsand citationssuggestshat Blum'sresearcthasa wide

audiencebut is disseminatedn a morelimited academianetwork.
Chen,Huiling has5,977 citationsand 72 publications.With a link

strengthof 226,hehasavery high link strengthChenhaspublished
alargenumberof publicationsandthesepublicationsseemto have
a largenetworkof interactions.This showsthat Chen'sresearchs

recognizedby interacting with a wide academicenvironment.
Heidari, Ali Asgharhas51 publicationswith 4,773 citations. The
link strengthis 177,indicatingthat Heidari hasa strongnetworkof

academignteraction.Thehighnumberof citationsandlink strength
arein line, suggestinghatHeidari'sresearcthasanimpactin awide
circle. GambardellalLM has4,396 citations,13 publicationsanda
link strengthof 18.

Citation analysis of organizations with ceauthorship

As a result of the analysis,Figure 7 showsthe network
visualizationgraph of the institutionsaccordingto the numberof
citations.
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Figure7 : Networkvisualizationgraphaccordingto the numberof
citationsof institutions

Figure 7 showsthat althoughFree Univ Brusselshasthe
highestnumberof citations (10,747),the numberof publications
(29)is considerablyower thantheinstitutionsin thetop 5. Thelink
strengthof 17 indicatesthatthework of this institutionis relatively
less effective in academiccollaborations.This shows that they
publish few but very effective publications.Erciyes Univ ranks
secondvith 8,201citations.Thenumberof publicationswvas49 and
the link strengthwas 16. This showsthat Erciyes University is
making a significantimpactwith its work, but remainsat a lower
levelin termsof collaborationor connectivity.Univ Libre Bruxelles
standutwith 7,300citationsand57 publicationsThelink strength
is 32, indicating that the institution is more actively involved in
academiccollaborationsthan others. The balancedspreadof the
numberof citationswith thelink strengthshowsthatthis institution
is recognizedn awide academiaetwork.Univ Tehran:With 7,570
citations and 161 publications, the institution has a significant
publication volume. The link strengthof 225 indicatesthat the
institutionis partof awide networkof academiacooperatiorandhas
ahighlevel of influence.lslamic Azad Univ hasthe highesthnumber
of publications(330) amongthe top 5 institutions. It has 6,868
citationsandhasthe highestlink strength(288). This showsthatthe
institutionhascreateda wide networkof academicollaborationgy
publishing a large number of publications and that these
collaborationshavehada strongimpactonits research.

Keyword analysis

As a result of the analysis, Figure 8 showsthe overlay
visualizationgraphaccordingto the numberof keywords.
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Figure8 : Overlayvisualizationgraphaccordingto the numberof
keywords

Whenthedatain thegraphis evaluatedn termsof frequency
andlink strength,Ant Colony Optimization: 4,692 mentionstotal
link strength7,854andAnt ColonyAlgorithm: 1,821mentionswith
atotallink strengthof 2,327 ,arethe mostfrequentkeywords.Other
keywordsare Optimization: 1,001 occurrencestotal link strength
2,723,GeneticAlgorithm: 854 mentions,total link strength2,022,
ACO (short for Ant Colony Optimization): 679 mentions, total
connection strength 1,431, Particle Swarm Optimizatian: 579
mentions, total connection strength 1,637, Path Planning: 524
mentionstotal connectionstrengthl,091,Swarmintelligence:492
mentions,total connectionstrengthl,250, Cloud Computing:396
mentions, total connection strength 1,205, Scheduling: 389
mentionstotal connectiorstrength971.

Citation analysis of publications based on the published work
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As a result of the analysis,Figure 9 visualizesthe links
betweertheworksin whichthepublicationsverepublishedandthe
numberof citationstheseworksreceived.

gjs‘g VOSviewer

Figure9 : Citation analysisof publicationson the basisof the
publishedwork

According to the citation analysisof the works published
with Figure9, it is seerthatthework by (Karaboga& Basturk,2007)
ranksfirst with 5111 citations.A powerful and efficient algorithm
for numericalfunction optimization: artificial bee colony (ABC)
algorithmfocusesontheAtrtificial BeeColony(ABC) algorithmand
comparedst with otherpopularmetaheuristicalgorithms,(Dorigo et
al., 2006) "Ant colony optimization’, which introducescolony
optimizationand examinests mostremarkableapplicationsfanks
secondwith 3151citations.(Blum & Roli, 2003)"Metaheuristicsn
combinatorialoptimization:Overviewandconceptuatomparison”
by ranksthird with 2066citations.In this study,the advantageand
disadvantagesf different metaheuristicsare outlined and the
importanceof hybridization and integration of metaheuristicss
emphasized.Thestudytitted MAX - MIN Ant SystenbySt ¢ &z | e
Hoos,2000)ranksfourth with 1846citations.In this study,it is seen
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that the performanceimprovementsof ACO were made and
successfulexperimentalresults were obtained on the traveling
salesmamproblemandthe quadraticassignmenproblem.(Li etal.,
2020) by "Slime mould algorithm: A new methodfor stochastic
optimization". This study ranksfifth with 1829 citations. In this
study, the researchergomparedtheir newly developedalgorithm
with ACO and otherpopularmetaheuristicalgorithmsand shared
the successfutesultsof their newly developedalgorithm.

Link between citations in the journals in which the publication
was made

As aresultof theanalysisFigure10 showsthelink between
thenumberof publicationsandcitationsin thejournalsin whichthe
publicationsarepublished.
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FigurelO: Thelink betweerthe numberof publicationsand
citationsin thejournalsin whichthe publicationsare published

Whenthejournalspublishingin ACO literatureareanalyzed
in termsof numberof citationsandnumberof documentsApplied
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Soft Computing ranks first: 337, Citations: 15,132. This journal
receivesmany citationsin the field of artificial intelligence and
optimization.Expert Systemswith Applicationsrankssecondwith
12,508citationsin 258 documentsFocusingon expertsystemsand
applicationsthis journalcoversthe useof metaheuristicalgorithms
for practicalengineeringproblems.[EEE Accessranksthird with
8422citationsin 398 papersCoveringa wide rangeof engineering
and technology,|IEEE Accessis frequently cited due to its high
accessate.Europeanlournalof OperationaResearchianksfourth
with 7,439 citations in 87 documents. This journal includes
theoreticandappliedstudieson operationatesearclandpublishes
studieson optimization algorithms such as ACO. Computers&
Industrial Engineeringrankedfifth with a total of 7346 citationsin
149 documentsFocusingon industrial engineeringand computer
aidedapplicationsthis journal hasmadea significantcontribution
to the ACO literature.

3. Results

According to the WoS category distributions, computer
sciencecategoriesare leadingin the total numberof publications.
This showsthat the ACO algorithm is primarily developedand
appliedto computersciencebasedroblemsEngineeringategories
emphasiz¢hatthe ACO algorithmcanbeeasilyadaptedo different
engineeringapplicationsandhasa multidisciplinarynature.Energy
and EnvironmentalScienceg551 and 403) indicatethe increasing
useof the ACO algorithmfor critical problemssuchassustanability
andenergyefficiency.

The distribution of publications by year shows that an
increasestartedn thelate 1990sandgainedmomentuntrapidly after
the 2010s.Especiallyafter 2017, scientific productionis thoughtto
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haveacceleratedurtherwith theimpactof digitalizationandglobal
collaborations.This situation showsthat researchand publication
processe$have becomemore accessibleand academicstudiesare
spreadingatanincreasingspeed.

Thedistributionof publicationsdy documentypeshowsthat
articles and conferenceproceedingshave a large share,in other
words, most of the academicproductiontakesplacein thesetwo
types. Other documenttypes have a much smaller shareand are
usuallypublishedfor specificneeds.

Accordingto themesadistributiondataof thecitationtopics
of the publications,it is revealedthat technology,sustainability,
health sciencesand educationfields cometo the forefrontin the
researchworld. Topics such as artificial intelligence, machine
learning, robotics and telecommunicationshow that technology
orientedresearchs rapidly increasingAt thesametime, it is shown
that there is intenseresearchactivity on global issuessuch as
environmentasustainabilityandclimatechangeThis showsthatthe
scientific community is focusing on both future technological
innovationsandsolutionsto socialandenvironmentaproblems.

The micro distribution data of the citation topics of the
publicationsshow that in-depth studieshave been conductedon
more specificandtechnicalresearchtopicson ACO. Optimization
problemsgspeciallyPSO transportatiomndschedulingarecritical
for increasingefficiency in manufacturingand logistics. Networks
andsecurityissuegevealthatresearclon wirelesssensomnetworks,
cloud computing and cybersecurityis increasingin a world of
rapidly increasingdigitalization.
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According to WoS index distributions, SCFEXPANDED
and CPCLS indexescovera large proportionof scientific research
and showthat studiesin thesefields receivemore citations.Other
indexesareSSCI,CPCISSH,BKCI-S,BKCI-SSHandESCI.

According to the distribution of publication languages,
English has a very large proportion of publications, while the
numberof publicationsin otherlanguagess morelimited.

According to the publisher distribution data of the
publications,|IEEE, SpringerNatureand Elsevierstandout asthe
publisherswith the highest number of publications, while the
numberof publicationsof other publisherdags behindthesethree
publishers.

While authorssuchasDorigo, Marco and Stuetzle,Thomas
have high citation countsand strong academicinfluence, authors
such as Chen, Huiling and Heidari, Ali Asghar have a stronger
academicdnteractionnetwork. Chen, Huiling hasthe highestlink
strengthjndicatingthatshehasawide interactionandcollaboration
network.Gambardellal-M, onthe otherhand,canbe saidto havea
narrowersphereof influence comparedto other authorswith low
numberof publicationsandlink strength.

Accordingto the resultsof the citation analysisdataof co-
authorednstitutions,FreeUniv Brusselshasthe highestnumberof
citations,butthe smallnumberof publicationsandlow link strength
indicatea narrowbut influential field of study.Islamic Azad Univ
hasthe largestpublicationvolume andthe strongesnetwork. This
shows that the institution is a leader in global academic
collaborationsUniv Tehranstandoutwith its highconnectivityand
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balanceccitation-publicationperformancewhile ErciyesUniv and
Univ Libre Bruxelleshavea morelimited impactandconnectivity.

Ant Colony Optimization and its derivatives (ACO, Ant
Colony Algorithm, Ant Colony OptimizationAlgorithm) dominate
the keywords. Other metaheuristic algorithms such as Genetic
Algorithm andParticleSwarmOptimizationareusedn combination
with ACO. Terms such as Optimization and Cloud Computing
indicatethatthe methodsareusedextensivelyboththeoreticallyand
practically.

Theresultsof the citation analysisof the publicationson the
basisof the publishedwork revealimportantcontributionsmadein
different time periodsin the developmentprocessof the ACO
algorithm.In particular,(Karaboga& Basturk,2007)and(Dorigo et
al., 2006)arethe main works referencedn algorithmdevelopment
andimplementation.

According to the results of the relationship betweenthe
numberof publicationsandthe numberof citationsin the journals,
it wasconcludedhatthe highestnumberof citationsbelongedo the
journal Applied Soft Computing with 15,132 citations in 337
documents.
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CHAPTER IV

A Prediagnostic Tool for PCOS: Integrating Machine
Learning and Web-Based Solutions

Hakan YILMAZ 1
Me hmet ¥2ZDEM

1. Introduction

Polycystic Ovary Syndrome (PCOS) is a prevalent endocrine
disorder that primarily affects women of reproductive age,
characterized by a complex interplay of reproductive, metabolic, and
psychological disturbances. The condition is defined by a
combinationof clinical features, including oligoor amenorrhea,
hyperandrogenism, and polycystic ovaries, as established by the
Rotterdam criteriéKurniawati, Pramono, Hidayat, & Mahati, 2024)
The etiology of PCOS is multifactorial, involving genetic
predispositions, environmental factors, and hormonal imbalances,
particularly concerning insulin resistance and hyperandrogenemia
(Liu & Zhu, 2024; Zhao, Zhang, Cheng, Nie, & He, 2023)
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Recent studies have highlighted the significant role of insulin
resistance in the pathogenesis of PCOS, which exacerbates
metabolic dysfunction and increases the risk of developing type 2
diabetes and cardiovascular diseg&emie et al., 2019; Zhao et al.,
2023) Furthermore, the hormonal dysregulation associated with
PCOS impacts various organ systems, leading to a spectrum of
clinical manifestations, including hirsutism, acne, and infertility
(Emanuel et al., 2022; Glintborg & Andersen, 2010)he
complexity of PCOS is further underscored by its association with
obesity, which can complicate the clinical picture and influence
treatment outcome$G. Usha Kiran et al., 2023; Khamoshina,
Artemenko, Bayramova, Ryabova, & Orazov, 2022)

Management strategies for PCOS are diverse and may
include lifestyle modifications, pharmacological interventions, and
assisted reproductive technologies. Medications such as metformin
and hormonal contraceptives are commonly employed to address
insulin resistance and regulate menstrual cy¢le8y d € n Day a
G¢engor, 2023; M. L ..AddiMonallg, eurgi®al T e e d
options like bariatric surgery have shown promise in improving
metabolic parameters and PCQ&ecific characteristics in obese
patients (Ghobrial, Ott, Steininger, Dewalilly, & Prager, 2023,
Khamoshina et al.,, 2022However, the need for individualized
treatment approaches remains critical, given the variability in
symptoms and underlying pathophysiology among affected
individuals( Aydén et al ., 2 0.An3summidry, ma r i
PCOS is a multifaceted disorder that necessitates a comprehensive
understanding of its pathophysiology, clinical manifestations, and
management strategies. Ongoing research is essential to unravel the
complexities of PCOS and to develop effee therapeutic
interventions tailored to the unique needs of each patient
(Aishwarya, Sunitha, & Chandy, 2023; Hiam et al., 2019)

The diagnostic process for PCOS has evolved, with recent
guidelines emphasizing a multidisciplinary approach that integrates
clinical expertise, patient preferences, and the latest evidersssl
practices(Al Wattar et al., 2021; M. Misso et al., 2018)owever,
discrepancies in diagnostic criteria and the subjective nature of
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symptom reporting often lead to delays in diagnosis and
misdiagnosis, particularly among adolescer(tsP e | a , Teel
Hewawas am, Hul | , & Gi bson Hel m,
As such, there is a pressing need for standardized diagnostic
protocols that can enhance the accuracy and timeliness of PCOS
diagnoses, thereby improving patient care and management
(Varanasi et al., 2018)

The application of machine learning (ML) in the diagnosis of
Polycystic Ovary Syndrome has garnered significant attention in
recent years due to its potential to enhance diagnostic accuracy and
facilitate early detection. Traditional diagnostic methodsrofely
on clinical assessments and biochemical tests, which can be
subjective and timeonsuming. In contrast, machine learning
techniques offer a systematic approach to analyze large datasets,
thereby improving diagnostic precision and efficiency.

Recent studies have demonstrated the effectiveness of
various machine learning algorithms in diagnosing PCOS. For
instance, a comprehensive analysis of multiple algorithms such as
Support Vector Machines (SVM), Random Forest, and deep learning
architecturs has shown promising results in identifying PCOS based
on clinical and biochemical featur@éadam, 2024)The integration
of multimodal data, including ultrasound images and patient history,
has further enhanced diagnostic capabilities, allowing for a more
holistic view of the patient's conditiofNethra Sai, Sakthivel,
Prakash, Vishnukumar, & Dugki, 2024his multimodal approach
is crucial given the heterogeneous nature of PCOS, which manifests
differently across individuals.

Deep learning, particularly through Convolutional Neural
Networks (CNNSs), has emerged as a powerful tool in the automated
identification of PCOS. Studies have reported the successful
application of CNNs in analyzing ultrasound images to detect PCOS
with high accuracySunil, Swathi, Chidvi Chaturya, Sowjanya, &
Gowreeswari, 2024)The ability of deep learning models to learn
complex patterns from large datasets makes them particularly suited
for medical diagnostics, where variations in data can be subtle yet
clinically significant. For example, a recent study achieved an
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impressive classification accuracy of 95% using a custom deep
learning model specifically designed for PCOS detedi@nwmiya
et al., 2024)

Moreover, ensemble learning methods, which combine
multiple algorithms to improve predictive performance, have also
been explored in the context of PCOS diagnosis. Research has
indicated that hybrid models, such as those combining XGBoost and
Random Forest can significantly enhance detection rates by
leveraging the strengths of different algorith@As Jain, Namratha,

S, & Lakshmi, 2023; Kumar & Varadarajan, 2024)hese
approaches not only improve accuracy but also provide insights into
the most relevant features associated with PCOS, aiding in the
development of targeted interventions.

The use of electronic health records (EHR) in conjunction
with machine learning algorithms has further expanded the potential
for early detection of PCOS. Studies utilizing lasgale EHR data
have identified key predictors of PCOS, such as hormonaklenel
obesity, which can guide clinicians in risk assessment and
management strategi€sad et al., 2023, 2024This integration of
machine learning with EHR data underscores the importance of
utilizing comprehensive datasets to enhance diagnostic accuracy and
facilitate timely interventions.

In conclusion, the application of machine learning in the
diagnosis of PCOS represents a significant advancement in medical
technology. By leveraging various algorithms and integrating
multimodal data, researchers are developing robust diagnostic tools
tha promise to improve the accuracy and efficiency of PCOS
detection. Continued research in this area is essential to validate
these models across diverse populations and clinical settings,
ultimately leading to better health outcomes for women affected by
this condition.

The aim of this study is to develop an accurate, efficient, and
userfriendly predictive system for Polycystic Ovary Syndrome
(PCOS) by leveraging advanced data preprocessing techniques and
machine learning algorithms.
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2. Materials And Methods
2.1. Dataset Used

The dataset used in this study was obtained from a platform
that publishes publicly available datas@t®ttarathil, 2020) The
dataset, published by Kottarathil, consists of physical and clinical
indicators related to PCOS.iticludes a total of 42 input features
such as blood type, resting heart rate, hemggight information,
age, marital status, pregnancy status, length of menstrual cycle, FSH
level, TSH level, and others. In contrast to these input features, there
is an odput label indicating whether the subject has PCOS or not.
The dataset consists of 43 columns and 541 rows in total.

2.2.Programming Environment

The dataset was processed, machine learning algorithms
were applied, model metrics were extracted, and suitable methods
were selected using a computer equipped with an Intel i7 processor
and 16 GB of RAM. These tasks were performed utilizing the Python
programming language. Additionally, the webpage design was
implemented using HTML, CSS, and JavaScript.

2.3.Metrics Used in Performance Evaluation

In machine learning, particularly in classification tasks,
evaluating model performance using various metrics is crucial.
These metrics provide essential insights into a model's effectiveness
and facilitate the comparison of different models. Prominenticset
include accuracy, sensitivity, specificity, the F1 score, the confusion
matrix, and the Receiver Operating Characteristic (ROC) curve.

The confusion matrix serves as a foundational tool for
evaluating the performance of classification algorithms. It is a
tabular representation that contrasts the model's predicted
classifications with the actual classifications, offering a detailed
analyss of performance. The matrix comprises four components:

1 True Positives (TP): Cases correctly predicted as
positive.
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1 True Negatives (TN): Cases correctly predicted as
negative.

1 False Positives (FP): Cases incorrectly predicted as
positive (Type | error).

1 False Negatives (FN): Cases incorrectly predicted as
negative (Type Il error).

Accuracy indicates the proportion of correct predictions (true
positives and true negatives) to the total number of instances,
calculated as:

GRS ’,\"YG "Yﬁ

Sensitivity (or recall) measures the percentage of actual
positive instances correctly identified by the model. It is especially
critical in contexts like medical diagnostics, where failing to detect
a positive instance (e.g., a disease) could have sevssequences.
The formula for sensitivity is:

YQe i Qo %rﬁg—[)m
Specificity quantifies the percentage of actual negative cases
accurately classified by the model. It holds importance in scenarios

where false positives could lead to unnecessary interventions or
anxiety. The formula for specificity is:
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The R score represents the harmonic mean of precision and
recall, offering a balanced evaluation metric, particularly for
imbalanced datasets. Ranging from 0 to 1, a highgtdfe indicates
better precision and recall. It is calculated as:

& "YOE 19— SZ,‘YB —
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The ROC curve provides a visual depiction of model
performance across various classification thresholds by plotting the
True Positive Rate (sensitivity) against the False Positive Rate (1
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specificity). The Area Under the Curve (AUC) summarizes the
overall performance of the model, with higher AUC values
indicating greater effectiveneésY é | maz, 2024)

3. Experimental Study

3.1. Data Preprocessing

The study plans to create a web page that will predict the
PCOS status of individuals based on their physical and clinical
indicators. For this, the user needs to input 42 plaitats. This could
be timeconsuming and potentially confusing. To reduce these
drawbacks, various preprocessing techniques were applied to reduce
the number of input features. For the feature reduction process,
Recursive Feature Elimination (RFE) and keatimportance (FI)
methods were applied to the data.

Recursive Feature Elimination (RFE) is a widely recognized
technique in the domain of feature selection, particularly within
machine learning applications. RFE operates by recursively
removing the least important features from a dataset, thereby
enhancinghe model's performance by focusing on the most relevant
attributes. This method has gained traction due to its effectiveness in
improving classification accuracy and reducing overfitting, as it
systematically narrows down the feature set to those th&ilmae
the most to the predictive power of the mo¢don & Oh, 2020;
Priyatno, 2024a) The algorithm's iterative nature allows it to
evaluate the importance of features based on their contribution to the
model's performance, making it a valuable tool in various fields,
including bioinformatics, finance, and healthcéfe R. Gupta &
Agrawal, 2021; Napa, 2024; Priyatno, 2024b)

Feature Importance (Fl), on the other hand, refers to the
techniques used to assign a score to each feature based on its
relevance to the predictive model. This scoring can be derived from
various algorithms, such as decision trees, random forests, arsupp
vector machines, which inherently provide measures of feature
importance(R. K. Gupta, Kleinjans, & Caiment, 2021; Kusnawi,
2024) The integration of FI with RFE enhances the feature selection
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process by ensuring that the features retained are not only relevant
but also contribute significantly to the model's predictive
capabilities. For instance, studies have shown that combining RFE
with feature importance metrics can lead to improved model
aacuracy and interpretability, as it allows practitioners to understand
which features are driving predictiofRriyatno, 2023; Thangapriya,
2024)

After applying RFE and FI to the dataset, the features were
ranked in descending order based on their influence on the result for
each method. The top 20 features for each method were selected, and
the union of these features resulted in a total of 24teeldeatures.

The remaining features were removed from the dataset. As a result,
the final dataset consists of 24 input features and 1 output feature,
totalling 25 columns. Among these, 16 features are numeric, and 8
are categorical. Outlier tests werghgd to the columns containing
numeric data, and the extreme values were removed from the dataset.
After removing 7 rows, the total number of rows is 534. The
statistical summary of the numeric data is presented in Table 1.
Additionally, the distributiorgraphs of categorical data are given in
Figure 1a and Figure 1b, and the distribution graphs of numerical
data are given in Figure 2a, Figure 2b, Figure 2c and Figure 2d.

Tablel: Statisticalsummaryof numericdata.

Numerical features Min. Median |[Mean |Std |Max
Duration of marriage

(years) 0 7 7.70 4.78 |30
FSH/LH 0.23 2.17 3.80 541 |61.88
Follicle number (left) 0 5 6.11 4.25 |22
LH(mIU/mL) 0.02 2.245 |2.73 2.30 ]14.69
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BMI 12,42 [24.23 [24.29 |4.04 |38.90
Cycle length (days) 2 5 4.95 1.48 |12
Endometrium (mm) 0 8.5 8.50 2.14 |18
AMH (ng/mL) 0.1 3.7 5.51 5.29 |32
Age (years) 20 31 31.44 |5.39 |48
PRG (ng/mL) 0.05 0.32 0.41 0.39 [6.39
TSH (mIU/L) 0.04 2.26 3.00 3.78 |65
Average follicle size (R)

(mm) 0 16 1544 |3.33 |24
Follicle number (right) |0 6 6.60 4.44 |20
FSH (mIU/mL) 0.21 4.84 5.16 3.68 [60.37
Hip (cm) 66.0 96.5 96.45 [10.10(121.9
Pulse rate (bpm) 13 72 73.25 |4.44 |82
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Figure l1a: Distributionsof categoricaldata.
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Figure 1b: Distributionsof categoricaldata.
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3.2. Train/Test Split

The process of dividing data into training and testing sets is
a fundamental concept in machine learning, playing a crucial role in
determining a model's performance and its ability to generalize to
unseen data. An important factor to consider when syitthe
dataset is its impact on the model's generalization capabilities. The
choice of the traiftest split ratio is also widely debated, with
common practices favoring proportions such as 70:30 or 80:20 for
training and testingespectivel Yél maz, 2024)

K-fold crossvalidation is a fundamental technique employed
in the evaluation of machine learning models, providing a robust
framework for assessing their generalization capabilities. This
method involves partitioning the dataset into 'k' subsets, or,folds
where the model is trained on-1k folds and validated on the
remaining fold. This process is repeated 'k’ times, with each fold
serving as the validation set once, thereby ensuring that every data
point is utilized for both training and validatio\prihartha &
Idham, 2024; Lumumba, Kiprotich, Mpaine, Makena, & Kavita,
2024) The primary advantage offkld crossvalidation lies in its
ability to mitigate the risks of overfitting and underfitting, which are
common pitfalls in model training. By averaging the performance
across multiple folds, it offers a more reliable estavadtthe model's
predictive performance on unseen d#prihartha & Ildham, 2024;
Wen et al., 2017)

In this study, the value of k for-fold crossvalidation was
setto 5.

3.3. Machine Learning Methods Used

In this study, five different machine learning methods were
applied to the dataset, and metrics were calculated. The three
methods that provided the highest accuracy rates were selected for
implementation using a stacking classifier.
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3.3.1. K NearestNeighbors (KNN) Classifier

The K-Nearest Neighbors (KNN) algorithm, a widely
recognized supervised learning technique, falls under instzass
learning methods and is particularly valued for its simplicity and
effectiveness in classification tasks. KNN operates by classifying a
data point based on the predominant class of its k closest neighbors
within the feature space, relying on the assumption that similar
instances are spatially proximal. Unlike traditional learning
algorithms, KNN does not build an explicit model during firagn
but instead retains the dataset in memory, classifying instances only
when queried. This characteristic categorizes KNN as a lazy learner.
The algorithm typically employs Euclidean distance as its primary
metric, though other measures like Manhattarinkdwski, or
Hamming distances may be applied, depending on the nature of the
data.

To classify a new data point, KNN calculates its distance
from all training instances, identifies the k nearest neighbors, and
assigns a class label through a majority vote among them. It supports
both numerical and categorical data and can be adapteduftr
class classification problems. Despite its flexibility, KNN can be
computationally expensive for large datasets due to the need for
distance computation across all training samples. Additionally, the
algorithm is sensitive to noise and irrelevanttdeas, which can
affect its performance. Nevertheless, KNN remains a widely used
and intuitive classification approach, making it a favorable choice
for various applications. A solid understanding of its underlying
principles is essential for researchersl gractitioners aiming to
leverage its potential in practical scenarfosY € | ma z , 2024)

3.3.2. Logistic Regression (LR) Classifier

Logistic Regression (LR) is a widely utilized statistical
approach for binary classification, designed to estimate the
probability of a binary outcome based on one or more independent
variables. Its flexibility in handling nelinear relationships between
the dependent and independent variables makes it suitable for
applications across various domains, including medicine, finance,
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and social sciences. A notable challenge in employing LR is
addressing class imbalance, where one class is underrepresented in
the dataset. This imbalance can lead to biased parameter estimates
and reduced predictive performance, as the model may
dispropotionately favor the majority class. Strategies such as
undersampling the majority class or oversampling the minority class
are commonly implemented to mitigate this issue.

LR is particularly valued in applications like medical
diagnosis, credit risk assessment, and marketing due to its
computational efficiency and ability to process large datasets,
making it weltsuited for reatime decisioamaking. However, the
method is ensitive to outliers, which can skew the model and result
in inaccurate predictions. Additionally, its performance relies on the
underlying assumptions of the logistic model, which, if violated,
may affect reliability. Despite these challenges, LR remains
cornerstone in statistical modeling and machine learning,
appreciated for its interpretability and adaptability. To ensure robust
and reliable predictions, practitioners should carefully account for
potential limitations, including class imbalance andsgerity to
outliers, while applying this techniqggeY €| maz, 2024)

3.3.3. Random Forest (RF) Classifier

The Random Forest (RF) classifier is a powerful ensemble
learning method designed to enhance classification accuracy and
mitigate overfitting by leveraging multiple decision trees. First
introduced by Leo Breiman in 2001, RF has become widely used for
its robustness and adaptability in various domains, including
ecology, finance, and healthcare. The algorithm constructs a
collectionof decision trees during the training phase, each derived
from a random subset of the training data through bootstrap
aggregating (bagging). This process reduces variance and improves
the model's generalization capability. Additionally, RF introduces
randanness by selecting a subset of features at each node split,
which fosters diversity among the trees and further reduces the risk
of overfitting.
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RF offers numerous benefits, such as high classification
accuracy and the ability to model complex relationships within the
data. By averaging the predictions of individual trees, it minimizes
the risk of overfitting compared to standalone decision trees.
Furthermore, RF is weBuited for handling missing data and can
operate effectively in reaborld settings where data quality might
be inconsistent. Despite these advantages, training a large number of
trees can be computationally intensive, especiallgrwtvorking
with high-dimensional datasets. Additionally, the model's
performance can be sensitive to hyperparameter configurations, such
as the number of trees and the maximum depth of each tree, requiring
careful tuning to achieve optimal results. Nonkibg RF remains a
versatile and reliable classifier for diverse machine learning
applicationf Yél maz, 2024)

3.3.4. CatBoost (CB) Classifier

The CatBoost (CB) classifier, developed by Yandex, is a
highly advanced machine learning algoritiesigned for gradient
boosting using decision trees. A key distinguishing feature of
CatBoost is its ability to natively handle categorical features without
requiring extensive preprocessing, unlike other gradient boosting
frameworks such as XGBoost and ghtGBM. This unique
capability enhances its efficiency and ease of use, particularly in
datasets where categorical variables are prevalent.

One of CatBoost's most innovative features is its "ordered
boosting” technique, which mitigates overfitting and improves
generalization. This approach leverages a permutaased
strategy to structure the training process, considering the sequential
orde of data points to produce more robust models. Additionally,
CatBoost employs a specialized encoding mechanism for categorical
variables, enabling automatic transformation of these features into a
suitable format without manual intervention, streamlinitige
modeling process.

CatBoost has demonstrated exceptional performance across
a wide range of applications, including finance, healthcare, and
cybersecurity. For instance, it has been successfully applied in
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predicting cardiac surgeigssociated acute kidney injury, achieving
high ROGAUC scores and proving its effectiveness in medical
analytics. Similarly, its utility in detecting botnet attacks underscores
its adaptability and reliability in cybersecuritgks. These examples
highlight CatBoost's versatility and its strong performance in
complex, reaworld scenario§ Yél maz, 2024)

3.3.5. Multilayer Perceptron (MLP)

The Multilayer Perceptron (MLP) classifier is a type of
artificial neural network structured with multiple layers of neurons,
comprising an input layer, one or more hidden layers, and an output
layer. MLPs are widely employed in supervised learning taskd
as classification and regression, owing to their ability to capture
complex patterns in data through Aorear mappings facilitated by
activation functions.

An MLP consists of interconnected nodes (neurons) arranged
in sequential layers. Each neuron receives inputs from the preceding
layer, computes a weighted sum, and applies dinear activation
functiond such as sigmoid, hyperbolic tangent (tanh), or iRedt
Linear Unit (ReLUp to produce an output. The neurons in the
output layer generate class probabilities for classification tasks. MLP
training involves a process called backpropagation, where the
weights of the connections between neurons are itekatdgusted
to minimize the error between predicted and actual outputs. This
optimization is often performed using algorithms like stochastic
gradient descent (SGD) or Adam.

MLPs are versatile due to their ability &pproximate any
continuous function using ndmear activation functions, making
them suitable for solving complex problems. Their architecture is
highly customizable, allowing users to adjust the number of hidden
layers and neurons to tailor the netwotd specific tasks.
Additionally, MLPs can learn hierarchical representations of data
directly from raw inputs, reducing the dependency on manual feature
engineering.
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However, MLPs also come with certain limitations. They are
prone to overfitting, particularly when the model is overly complex
relative to the size of the training dataset. Techniques such as
dropout, regularization, and early stopping are commonly apialied
address this challenge. Moreover, training MLPs can be
computationally demanding and tinr@ensive, especially for large
datasets or deep architectures. The performance of MLPs is highly
sensitive to hyperparameter choices, including learning rate)eu
of layers, and neurons per layer, necessitating careful tuning to
achieve optimal results. Despite these challenges, MLPs remain a
cornerstone of neural network models, offering powerful solutions
for a broad range of applicatiofsY € | maz, 2024)

3.3.6. Stacking Classifier

Stacking classifiers, also known as stacked generalization, is
an advanced ensemble learning technique that aims to improve
predictive performance by combining multiple base classifiers. The
fundamental principle behind stacking is to leverage the strenfjth
various models to create a more robust and accurate predictive
system. In a typical stacking architecture, several base classifiers are
trained on the same dataset, and their predictions are subsequently
used as input features for a higtevel metaclassifier. This meta
classifier synthesizes the outputs of the base classifiers to produce a
final prediction, effectively capturing the diverse perspectives of the
individual models( €1 var ez, Si eGit, & Garad¢r r ut i
Vitoria, 2015; Kasthuriarachchi & Liyanage, 2021)

One of the key advantages of stacking classifiers is their
ability to reduce the risk of overfitting, which can occur when a
single model is overly complex or tailored to the training data. By
integrating multiple models, stacking can enhance generahzatio
capabilities, leading to improved performance on unseen data
(Ledezma, Aler, Sanchis, & Borrajo, 2010joreover, stacking is
highly flexible, allowing practitioners to combine different types of
classifiers, such as decision trees, support vector machines, and
neural networks, which can be particularly beneficial in complex
prediction task§Awang, Makhtar, Udin, & Mansor, 2021Yhe
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choice of base classifiers and the magssifier is crucial, as the
effectiveness of the stacking ensemble largely depends on the
diversity and complementary strengths of the models involved
(Kusumaniswar, Chinta, & Shareff, 2024)

In this study, five different machine learning methods were
applied to the dataset. The accuracy values calculated as a result of
these methods are presented in Table 2.

Table 2: Accuracy results of ML methods.

ML method Accuracy value (%)
Logistic Regression 91.68
K-Nearest Neighbors 82.44
Random Forest 90.20
Multilayer Perceptron 89.65
CatBoost 90.76

For the application of the Stacking Classifier method, the top
3 methods (LR, CB, RF) that provided the highest accuracy values
were selected. The metrics calculated as a result oStdeking
Classifier are presented in Table 3.

Table 3: Calculated metrics of Stacking Classifier.

Metric Value (%)
Accuracy 92.52
Sensitivity 82.86
Specificity 97.22
F1Score 87.88

Additionally, the results of applying the Stacki@gpssifier
to the dataset, including the confusion matrix, True positive rate
(TPR) matrix, and ROC curve, are presented in Figure 3, Figure 4,
and Figure 5, respectively.
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3.3.6. WebBased Prediction Interface

The most accurate results were obtained using the Stacking
Classifier model, which has been preserved to enable predictions.
This accomplishment supports the project's objectiveredting a
web-based prediction system that facilitates user data submission
and provides predictive feedback. The implemented web application
comprises a backend developed with the Pyibased Flask
framework, while the frontend is designed using Javp&crhis
configuration allows users to input their data and receive predictions
regarding PCOS in real time. An illustrative screenshot of the
developed interface is provided in Figure 6.
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PCOS Prediction Interface

Duration of Marriage (years): Fast Food Consumption:

Enter duration in years Yes v
FSHILH: Skin Darkening:

Enter value Yes v
Follicle Number (Left): Hair Growth:

Enter number Yes v
LH (mlU/mL): Regular Exercise:

Enter value Yes v
Weight Gain: BMI:

Yes ~ Enter value
Cycle Length (days): Pimples:

0 Yes v
Endometrium (mm): AMH (ng/mL):

Enter value Enter value
Age (years): Pregnant:

Enter age Yes Y
PRG (ng/mL): TSH (mlU/L):

Enter value Enter value
Cycle Regularity: Average Follicle Size (R) (mm):

Yes ~ Enter size
Follicle Number (Right): FSH (mIU/mL):

Enter number Enter value
Hip (cm): Pulse Rate (bpm):

Enter size in cm Enter pulse rate

Predict

Figure 6: Screenshot of developed web interface.

4. Conclusion

This study presents a methodical and innovative approach to
developing a predictive model for Polycystic Ovary Syndrome
(PCOS), combining advanced data preprocessing techniques with
stateof-the-art machine learning methods. The primary goal was to
addresschallenges associated with data complexity and feature
redundancy, ensuring the creation of an accurate and accessible
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prediction system. Through the application of Recursive Feature
Elimination (RFE) and Feature Importance (Fl), the original dataset
of 42 features was reduced to a more manageable set of 24 critical
features. This reduction not only simplified the datalecblon
process but also enhanced the overall model performance by
focusing on the most impactful attributes. The preprocessing phase
also included outlier removal, improving data consistency and
quality, with the final dataset comprising 534 rows and @&rmns

(24 input features and 1 output feature).

The study evaluated the performance of five machine
learning classifie® Logistic Regression (LR), earest
Neighbors (KNN), Random Forest (RF), CatBoost (CB), and
Multilayer Perceptron (MLP). Each method was assessed using a 5
fold crossvalidation apprach, ensuring robust evaluation and
reliable generalization capabilities. Among these, LR, RF, and CB
emerged as the tgperforming models, achieving accuracy rates of
91.68%, 90.20%, and 90.76%, respectively. These models were
further integrated into a &tking Classifier ensemble to leverage
their individual strengths. The Stacking Classifier demonstrated
superior performance, achieving an accuracy of 92.52%, along with
other metrics such as a sensitivity of 82.86%, specificity of 97.22%,
and an F1 scoref 87.88%. This highlights the effectiveness of
ensemble methods in enhancing predictive accuracy and reliability
in complex healthcare datasets.

Beyond model development, this research emphasized
practical application by deploying the Stacking Classifier in aweb
based prediction interface. Built using a Pytihased Flask backend
and a JavaScrigiowered frontend, this interface allows users to
input clinical and physical data for re@ihe PCOS prediction. This
system represents a significant step towards bridging the gap
between machine learning research and its implementation in
healthcare, offering a usérendly tool for clinicians and indiduals
alike. The interactive design ensures accessibility while maintaining

the model 6s high accuracy, provi

manner.
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The findings of this study underscore the potential of
machine learning, particularly ensemble techniques, in addressing
critical challenges in medical diagnostics. By combining rigorous
data preprocessing, advanced model selection, andfacsesed
application design, this research not only contributes to the existing
body of knowledge but also offers a practical solution for PCOS
prediction. Future work could focus on expanding the dataset to
include diverse populations, incorporating longitudinal data to
enhance predictive capabilities, and integrating the-masted tool
into clinical workflows for broader impact. Overall, this study
exemplifies the transformative role of machine learning in
healthcare, fostering innovation and improving outcomes through
datadriven decisiormaking.
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CHAPTER V

Cryptography and Application Areas
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CHAPTER VI

Motivation and Application of Haptic Systems

Kk AFAK K LI

Research Disciplines

Haptics,in a nonscientific context,pertainsto the senseof
touchandall aspectsassociatedvith it. Upondeeperconsideration,
it becomesevidentthat touchinherentlyrequiresinteraction.As a
result, touch perceptioncannot occur without physical contact,
implying that somethingmust either be touchedor touch another
object. Basedon this fundamentabrinciple, it is clearthat haptics
revolves around interaction. Although this statement seems
straightforward,t introducescomplexityin researchand technical
applicationsUnlike vision andsound hapticsinherentlyaffectsthe
objectbeingtoucheddueto the natureof interaction.Additionally,
the classification of theseinteractionsdependson the physical
characteristicsf boththebodyandtheobjectinvolved.Considering

1Dr . ¥Kr . lyesi, Kayser.i lniversites
Bl ¢m¢, Kayser i 000220147638, esafakkila@kayskri.eddtio 0 0
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that the senseof touch is vital to every mechanicalbody part
interacting with the environment, particularly the skin-covered
regionswith varying sensorycapabilities,the challengesin this
domainbecomeevident.

ulti- modal- wystems haptcontions
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Figure1.1 ConceptMap onHaptic Disciplines,ownvisualization

As a continuouslyevolvingfield, hapticresearchundergoes
frequentrestructuring Figure 1.1 providesa snapshobf the current
coredisciplinesWhile therewereperhapgightto tenareasof haptic
researchtwo decadesago, the field has undergonesignificant
diversificationin the pastten years.This shift is dueto a growing
understanding of interdependencies,as well as increased
specializationdriven by industry demandsOne primary focus is
perceptioAbased research,which explores psychophysicaland
neuroscienceelated topics. This area significantly influences
applicationbased research, which itself relies on various
componentandsubsystemsgachtailoredto specificapplications.

SomeBroad Scopeon Haptics

But whatexactlyis haptics?A widely acceptecandgeneral
definition describesit as the study of touch and its associated
phenomenarhisfield encompassawtonly thesensoryexperience
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of touchbutalsothemechanicaindcognitiveprocessesivolvedin

perceivingand interactingwith objectsthrough tactile means.lIt

servesas a bridge betweenphysical interaction and perceptual
understandingplaying a critical role in both naturaland artificial

systemsThis chapterprovidesa more detailedexplorationof the

concepbf hapticsin Sectionl.4,followed by anintroductionto four

broadcategorieof applicationsfor haptic systemsn Sectionl.5.

Theseserveasafoundationfor undersandingthe motivationbehind
designinghapticsystemsand,ultimately,for thedevelopmenof this

book. Before delving into thesetopics, Section1.3 offers a brief

overviewof the philosophicaland socialdimensionsof the human
senseof touch.While theseaspectsarenot discussedurtherin the

book, they areessentiatonsideration$or any engineemvorking in

thefield of haptics.

Philosophicaland SocialAspects

Engineersoften describehaptics using technical terms
suchasforces,elongationsfrequenciesmechanicastressesand
shearforces,which arecritical to the designprocessHowever,
the scope of haptics extends far beyond these mechanical
definitions. Haptic perceptionspansa broad spectrum,from
simple daily interaction® such as drinking from a glass or
typingd to socialcommunicationtike handshakesr apatonthe
shoulder,as well as deeply personaland private interpersonal
experiences. Touch has both conscious and significant
unconsciouscomponents.For example, Crusco and Wetzel
(1984) demonstratedthat a subtle touch could increase a
customer'sip to aserverby approximatelyl0%,aneffectknown
asthe"Midas Touch."Interestingly this phenomenom@appearso
belargelyindependentf the genderor ageof eitherparty. This
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section examinesthe wide-reaching influence of haptics on
human behavior, beyondits technologicaldefinitions. It also
urgesengineerdo approachthe designof haptic systemswith
ethical awarenessrecognizingthe potential to influence and
manipulatehumanperceptiorthroughtouch.

HapticsasaPhysicalB e i nBguindary

Theterm”haptics"originatefrom the Greekword "haptios,"
meaning'somethinghatcanbetouched.'Overthe courseof human
history, the awarenessnd understandingf the haptic sensehave
undergon@umeroudransformationsAristotle, for exampleranked
touch last among the five primary sensesin his philosophical
discussiongWolf, 2007).

sight
hearing
smell
taste
touch

Despiterankingtouch lastamongthe five sensesAristotle
acknowledgedts fundamentalimportanceas early as 350 B.C.,
statingthat amonganimals,touchis the mostindispensableense
(Adams, 1999). Historically, the social perceptionof touch has
undergonesignificant shifts. At times, it was stigmatizedfor its
associatiorwith physicaldesiresasreflectedin the perspectivehat
sight remains"virgin" in contrastto touch, which transmitslust
(Wolf, 2007).In somecontexts,touchwas evenreferredto asthe
"senseof excess'(Grunwald,2008).Within the generaldichotomy
of higherandlower sensesouchwasoftenrelegatedo thelatter.In
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Westerncivilization, the Churchoncedeemedouchforbiddendue
to thepleasures couldprovide.

However, public perceptionbeganto shift during the 18th
century Kantdescribedouchastheonly sensecapableof providing
direct externalperception,consideringit the most significantand
educationabf all thesenseghoughalsothecoarsestHe arguedhat
without touch, humanswould lack an awarenes®f their physical
form, asthis perceptiorunderpinghe knowledgederivedfrom sight
andhearing(Kant, 1983).Kantemphasizedhe centralrole of touch
in spatialperceptionnoting thatit allows humansto contextualize
and understandimpressions gathered by other senses.While
stereoscopiwision andhearingdevelopearly,theability to interpret
and integratethese perceptionswith spatial awarenesgelies on
touch. This unique sensebridgesthe gap betweenthe self and
externalobjects,with the skin serving as the organ that defines
physical boundaries and enables tactile exploration of the
environment.

Formation of the Senseof Touch

As discussedn the previous section,the senseof touch
servesa variety of purposeslnderstandinghesefunctionsequips
engineergo establishrequirementgor technicalsystemsTo do so
effectively,it is beneficialto considethediverserolesthatthehaptic
sensefulfills. However, at this stage,rather than measuringits
characteristicsthe focusis on observingthe propertiesof objects
thatthe senseof touchcandifferentiate.

Touchis not solely concernedwith perceivingthe physical
boundarie®f thebodybut alsoplaysa crucialrole in analyzingthe
immediate environment, including objects and their attributes.

Throughouthumanevolution, the ability to discriminatebetween
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differenttextures suchasthestructureof fruits andleaveshasbeen
essentialfor survival. For example,humanslearnedto determine
ripenessor edibility by touch, suchasdistinguishinga furry berry
from smooth ones. Similarly, touch enablesthe recognition of

potentially harmful textures, like spiny seeds,allowing careful

handlingto accesshe contentswithoutinjury.

The senseof touch hasevolvedto excelat perceivingand
differentiating surface properties, including roughness. These
propertiesvary widely, from smooth, ceramielike or lacquered
surfaceswith structural dimensionsin the micrometerrange,to
moderatelytexturedsurfacedike coatedtables,androughsurfaces
such as coarsecord textiles with mesh sizes measuringseveral

millimeters.
A
=

- |

explor

Figure 1.2 lllustration for theinteractionof movementsormal
forceson thefinger padandfrictional coupling

\"

When humans interact with surfaces, they employ a
characteristicapproachthat allows them to gather perceptual
information.By sliding their finger acrossa surface(Fig. 1.2),they
createshearforcesthat act upon the skin. The intensity of these
forces is determinedby several factors that affect the friction
betweenthe skin and surface:the skin's elastic propertiesin the
tangentiadirection,thenormalforce (Fnorm)appliedduringtouch,
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thespeedatwhichthefinger movesduringexploration(vexplr),and
the coefficientof friction ( ebgtweerthesurfacesn contact.

Engineerdamiliar with designingfriction-basednechanical
couplingsunderstandghatachievingafriction coefficient( € greater
than0.1 betweentwo surfacess challengingwithout incorporating
additional structuresor adhesivematerials.However, nature has
developedan ingenioussolution to enhanceshearforce coupling
with theskinthroughfingerprints particularlyon our primarytactile
explorationtool. Theseepidermalridgeseffectively transfershear
forcesto the skin by creatingbendingmomerts in its upperlayers
throughtheir barlike structuresFurthermoretheseridgesenable
mechanical interlocking with surface features of comparable
dimensionsgssentiallycreatinga form-fitting connectionbetween
the skin andthe objectbeinghandled While this structuralfunction
might seemunexpectednitially, it servesasanotherreminderthat
nature'slesignsalwaysservea specificpurpose.

Thisunderstandingf shearfforcecouplingto theskinhasled
to two practicaladvancements:irst,recentresearcthasemphasized
the significance of this coupling mechanism, leading to
improvementsn the designprocessesf tactile devices(Gerling &
Thomas2005).Secondthisknowledgehasbeenappliedto enhance
the measurementprecision of commercial force sensors by
incorporatingidge-like structuregVasarhelyietal., 2006).

Anotherimportantaspectof the hapticsenseandlikely an
evolutionaryadvantageis its capacityto facilitate the useof tools.
Mechanoreceptorén the skin, as describedin Section2.1, are
capableof detectinghigh-frequency vibrations generatedduring
interactionswith stiff tools. This ability allows humansto discern
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surface properties, detect contact points, and identify collisions
(Fieneetal., 2006).

TouchableArt and Haptic Aesthetics

In the 20th century,art increasinglyengageavith the sense
of touch, exploring and challengingits meaning. One striking
exampleis the"Furry Cup"” (Fig. 1.3), which drawsattentionto the
importanceof haptic texture in perceiving surfacesand surface
structures. While the cup's general shape remains visually
recognizable,its originally smooth ceramic surface is entirely
coveredwith fur, creatingatactile juxtaposition.

In 1968,the "Pad and TouchCinema"(Fig. 1.4) by Valie
Export allowed participantsto touchthe a r t ibagetsidnsor 12
secondghrougha curtaincoveredbox. Accordingto Export, this
was the only authentic way to experience sexuality without
incorporatingvoyeurism(Getzinger2006).Theseinstancesrejust
a few examplesof how art and artists have exploredthe diverse
facetsof hapticperception.

Similarly, hapticinteractionwithin virtual environmentsilso
carriesartistic characteristicsfFor instancejn 2004, Ishii from the
MIT Media Laboratoryand lwata from the University of Tsukuba
showcasethnovative"tangibleuserinterfaces,wherebottlescould
beopenedo "release'music,blendingartistrywith technology.

Today, devicesnot only respondto humantouch but also
"touch back." For example, Marc Teyssier has been actively
investigating the boundaries of social acceptability in the
intersectiorof artandrobotics(Fig. 1.5).Beyondtheirartisticvalue,
theseinstallationsinspire ongoing researchinto new interaction
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possibilities in HumanComputer Interaction (HCI), leveraging
conceptdornfrom this fusionof artandtechnology.

Figure 1.3featuresMeretOppenheim'§urry Cup(1936),an
iconic pieceof 20th-centuryart thatemphasizethe importanceof
texturein hapticperception.Thework juxtaposeghefamiliar
shapeof a ceramiccupwith an unconventionafur-covered
surface challengingtraditional association®f materialityand
touch(Getzinger2006;N ® r %8).Thedigital imageis credited
to TheMuseunof ModernArt/Scala,Florence,Qc 2022.
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Figure 1.4 depictsValie Export'sTAPPund TASTKINO(1968),a
provocativeart installationthat allowedparticipantsto touchthe
artist'sbare skinfor 12 secondshrougha curtainedbox. This
piecechallengedraditional notionsof voyeurismandredefinedthe
boundariesof hapticinteractionin art. Theblackandwhite
photographis creditedto Valie Export, BildrechtWien,2022,with
photographyby WernerSchulz Additionalinformationis available
courtesyof Valie Exportat link.

Y Q\
-

Figure 1.5 showcasethe MobiLimb project,a novelexplorationby
Marc Teyssietthatintroducesa devicecapableof "touchingback.”
Thiswork delvesinto the boundariedbetweernumanandrobotic
interaction,questioningvhatis sociallyacceptablen this
emergindfield. Theimageis creditedto Marc TeyssierQc 2022,
andis usedwith permission(Teyssieretal., 2018).
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In oneexample pictureframesareutilized astangibleobjects
to initiate video calls with relativesandfriendsby placingthemon a
designatedarea of a specializedtablecloth (Wilde et al., 2013).
Similarly, Disney ResearchntroducedT o u cac@&acitivesensing
techniquethat transformsnearlyany objectinto a touchinput device,
aiming to advance immersive computing by embedding touch
capabilities into everyday objects (Sato et al., 2012). Another
innovativeapproachs demonstratedby Playtronicawhich enhances
touchfunctionalityin ordinaryobjectsby interprding capacitancéto
MIDI signalsandsynthesizeanusic(Fig. 1.6).

Figure 1.6 showcase®laytronica'sPlaytronand TouchMe
products whichusecapacitivemeasuremenb generateMIDI
soundsasedon touchintensity.Imagecreditedto Daria

MalyshevaQc 2022,usedwith permission.

In technical applications, haptic aestheticssignificantly
influenceuserexperienceAutomotive manufacturersim to create
atactile brandidentity by developingobjectivequality standards$or
interface perception (Anuguelov, 2009; Reisinger,2009). Some
companiesclaim to "make percepts measurable"(Battenberg
RoboticGmbH& KG Co,2007),while designerprovidetoolkitsto
evaluate knobs, switches (Gasparet al., 2019; Jagodzinski&

Wintergerst,2009), and vibrational feedbackthrough specialized
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design packages(lIsrar et al., 2019). However, the mechanisms
underlying haptic aestheticsare not yet fully understoodStudies
generally employ multidimensional scaling and regression
algorithmsto link subjective evaluationswith objective metrics
( R° =tlale2009),butthe perceptuatlimensionsanddatamodels
remainactive researchareas(Okamotoet al., 2013; Culbertson&
Kuchenbecker2017).

Carbonand Jakeschproposeda comprehensivenodel that
connect®bjectpropertiewvith familiarity assessmentkighlighting
theinterdisciplinarycollaborationof engineeringandpsychologyin
productdesign(Carbon& Jakesch2013; Breitschaft& Carbon,
2021).

Technical Definitions of Haptics

Haptic technologyrelies on a clear understandingf terms
and conceptsto effectively design and apply sensorysystems.
Technicaldefinitions and classificationsof haptic interactionsand
perception provide the foundation for such innovations. These
frameworks allow for a structuredexploration of how humans
perceiveandinteractwith hapticsystemsencompassingothtactile
and kinaestheticdimensions.By establishingthese definitions,
researcheranddevelopergreateacommonlanguageo addresshe
complexitiesof designingintuitive andfunctionalhapticinterfaces.
This foundational knowledge sets the stage for more in-depth
discussion®n perceptionandinteractionmechanismsasexplored
in subsequendectionsDefinitionsof Haptic Interactions

The hapticsystemenableshumando interactwith bothreal
andvirtual environmentdy leveragingmechanicalsensorymotor,
and cognitive capabilities (Jandura& Srinivasan,1994). These

interactionsconsistof one or more fundamentabperationswhich
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are generally categorizedinto motion control and perception
(Kirkpatrick & Douglas,2002).Theseoperationsarereferredto as
primitivesbecauseheycannotbefurthersubdividedor reclassified.

The perception category includes primitives such as
detection, discrimination, identification, and scaling of haptic
information (Gall et al., 2001). The study of theseprimitives falls
underthe scientificdisciplineof psychophysicsTo furtherdescribe
the perceptionprimitives, the conceptof a stimulus mustfirst be
defined.

Definition Stimulus (pl. stimuliExcitation or signal that is used in ¢
psychophysical procedure. It is normally denoted with the syrsbol
The term is also used in other contexts, when a (haptic) signal with
further specification is presented to a user.

Haptic stimuli typically includeforces,vibrations,stiffness,
or objects with distinct properties. With this understanding,
perception primitives can be analyzed more closely, as each
primitive is applicableto specifictypesof hapticstimuli:

1 Detection This primitive refers to the process by which a
human or user perceives the presence of a stimulus. The ability
to detect a stimulus depends on sensory organs (as detailed in
Section 2.1) and neural processing. Only detected stimuli can
be further procesed by other perception primitives.

1 Discrimination: When multiple stimuli are present, this
primitive involves distinguishing differences in their
properties, such as vibration frequency or amplitude, or object
characteristics like texture, hardness, and mass.

T Identification: This primitive builds on detected stimuli by
comparing them not with each other but with practical or
abstract knowledge. This allows the classification of stimuli,
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such as identifying geometric properties like shape or size.

T Scaling Psychophysicists identify scaling as a perception
primitive that involves rating the properties of stimuli or
objects. While scaling is secondary in interaction analysis, it
can provide valuable insights into signal magnitudes during
the design procesStevens, 1975).

Motor control primitives, like perception primitives, are categorized
into distinct operations:

1 Travel: This involves moving limbs, the entire body, or
virtual representations (avatars) to explore environments,
reachdestinations, or reposition oneself. Adjusting ongoing
movements is also part of this primitive.

1 Selection Particularly in virtual environments, this primitive
refers to marking or selecting an object or function, enabling
direct interaction with the environment.

T Modification : Based on the selection of an object or function,
this primitive describes changes in orientation, position, or
properties of an object, as well as combining multiple objects
into one.

When applying motor control primitives, it is essentialto
considerboth the operationandits objective.For instanceusinga
mouseto selectan icon on a computerscreeninvolves the travel
primitive to navigate to the object, followed by the selection
primitive to markit. If anovelhapticdevicereplacegshemousethe
travel primitive maybecomesecondaryo selection

Using these interaction primitives, Samur introduces a taxonomy of
haptic interaction (Samur, 2012), as shown in Fig. 1.7. This
taxonomy is invaluable for designing new haptic systems by
simplifying requirement derivation, identifying analogies for system
components, and easing evaluation processes.

Other psychophysiesased approaches to haptic interaction include:
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1. Lederman and Klatzky: They propose two classes of haptic
operations: ldentification (the "WhatSystem”) and
Localization (the "WhereSystem") (Lederman & Klatzky,
2009).

2. Hollins: This approach categorizes primitives based on spatial
and temporal resolution, alongside a class of "haptic"
interactions that correspond to motor control primitives
(Hollins, 2002).

Samur'staxonomy, as depictedin Fig. 1.7, offers a more
straightforward application for developing taskspecific haptic
systemscomparedto the approache®f Lederman,Klatzky, and
Hollins, makingit the preferredchoicefor this text.

Figure 1.7 Presentsa taxonomyof hapticinteraction,highlighting
classificationgderivedfrom perceptionand motor control
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