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Abstract

Introduction: Playing games at a reasonable time has a good effect on teenagers. Addiction to online games with
a high frequency causes children to be lazy to do other activities such as social life and education.

Objectives: The data used is a questionnaire with respondents being junior high school.

Methods: This study integrates educational science, psychology, and artificial intelligence to create a system for
identifying the severity of game addiction.

Results: The identification system for the severity level of game addiction was created based on seven factors of
children's motivation in playing games by utilizing the TOPSIS-FCM artificial intelligence method and the KELM
classification. The TOPSIS- FCM method is utilized in determining the initial label. In the early stages, students
will be given education about the positive and negative impacts of playing games.

Conclusions: At a moderate level, this can be done by reducing student moods or problems in games.
Keywords: Game Addiction; Machine Learning; Education; Psychology; Artificial Intelligence.

1. Introduction

Technological transformations developing very rapidly make complexity in various areas of life. With the rapid
development of technology, automation is possible in the industrial world and the world of entertainment (Keshav
et al., 2022). In entertainment, technology is a tool for online games, where each individual only needs a device
and the internet to play with other people in real-time. In the long-term playing games with excessive proportions
will lead to addiction. The World Health Organization (WHO) has classified game addiction as a new disorder in
the International Classification of Diseases (ICD) (Kim et al., 2022). Based on data from the World Health
Organization (WHO), around 1.2 billion people are interested in online games, or around 18% of the world (Guo
and Li, 2022; Narullita and Yuniati, 2020). Interest in online games is increasing yearly, especially among
teenagers (Hebebci, 2022).

Teenagers are in a critical period of growth and development. At this time, some children cannot yet distinguish
between good and evil. So that children who have game addiction disorder will be very easily influenced to do
bad things in games. In addition, addiction to online games with high frequency causes children to be lazy to do
other activities such as social life and education (Guo and Li, 2022).

Education is an essential part of a country, where the country's progress is greatly influenced by the quality of its
education (Madani, 2019). Game addiction also affects a student's academic performance, where games distract
students from learning. Many students secretly play games during study hours at school, so the teaching and
learning process is ineffective (Abbasi et al., 2021; Rajab et al., 2020). Game addiction is considered the main
obstacle that hinders students' academic achievement. Several studies have shown that more than 50% of students
who are addicted to games have learning disorders and have lower academic average scores than non addicted
students (Adzi¢ et al., 2021; Novrialdy et al., 2019). Efforts to treat students with gaming addiction disorder can
be made by a psychological approach, knowing the factors that influence children to play games longer than
average.
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Based on research conducted by (Lemmens et al., 2009), seven indicators were used to measure the severity of
game addiction: salience, tolerance, mood modification, withdrawal, relapse, conflict, and problems. With the
development of science and technology, research on the severity of game addiction needs to be developed. This
study analyzed the severity of game addiction in adolescents using an artificial intelligence approach.

This research integrates educational science, psychology, and artificial intelligence to create a system for
identifying the severity of game addiction. The identification system for the severity level of game addiction was
created based on seven factors of children's motivation in playing games by utilizing the TOPSIS-FCM artificial
intelligence method and the KELM classification. The TOPSIS-FCM method is utilized in determining the initial
label, where the TOPSIS method provides data scores according to the factor weights that a psychologist has
determined. In contrast, the FCM method groups data based on the shortest distance into three clusters: mild,
moderate, and severe. The implementation of data labelling using the TOPSIS-FCM method has previously been
carried out by (Zaenab et al., 2020) in determining the evaluation of the development of development areas.

After the automatic labelling process, data classification uses the Kernel Extreme Learning Machine (KELM)
method, which constructs a game severity identification system. The KELM method is a development method
from Extreme Learning Machine (KELM), a machine learning method that uses matrix operations in the
classification process. This study compared the performance of ELM and KELM based on the accuracy,
sensitivity and specificity values. KELM is the development of the Extreme Learning Machine method, which
was inspired by kernel functions in the Support VVector Machine (SVM) method (Zhao et al., 2022). KELM is one
of the neural network methods where the neural network method uses the weight values generated in the training
process to predict class labels for data testing. In KELM, weight optimization in the training process is carried out
with Moore-Penrose. Optimizing the weights with Moore-Penrose, which is only done in one step, makes the
ELM method have lower computational costs and shorter training times than conventional neural networks (Bai
et al., 2022; Cai et al., 2020). The kernel function in the KELM method maps data into a higher dimension to
properly separate data between classes (Novitasari et al., 2020).

The results of this study are expected to form a Game Addiction Identification System to help treat children who
are addicted to games so that they can improve student academic achievement.

2. Objectives

In terms of health, playing games for a long time causes eye fatigue causes a reduced ability of the eyes to adapt
to light, and the body becomes tense. In the long term, it can cause vegetative nervous disorders, unbalanced
hormones, insomnia and decreased appetite (Zakaria and Adnan, 2022). From a psychological perspective, the
negative impact of game addiction is likely to be experienced by adolescents during a period of rapid and unstable
development. Teenagers have the main task of forming identity, developing self-concept, and self-evaluation.
Game addiction can hinder the process of developing self-identity. It happens because the ideal self in games
cannot be integrated with identity in reality. As a result, adolescents will experience long-term identity diffusion
and an inability to recognize themselves and others (Jin et al., 2021), which will also affect the social life of game
addicts.

Table 1. Questioner and Indicator

Indicator w Statement
(weight)

| feel addicted to playing online games

Salience 15 I always fill my time by playing online games

I cannot afford not to play online games for a day
I am challenged to increase the games level

Tolerance 12 I am obsessed with getting the rewards when | win online games
I made new friends from online games
Mood | feel that playing online games is a stress reliever.
modification 17 I can express myself in online games because | feel bored

I can divert emotional feelings

701 https://jrtdd.com



Journal for Re Attach Therapy and Developmental Diversities
elSSN: 2589-7799
2023 July; 6 (8s): 700-709

Indicator w Statement
(weight)

I get angry easily when kept away from online games.

Withdrawal 10 I am often restless when the intensity of online games is reduced /when |
do not play games

| feel so empty when | am not playing online games.

| feel that no activity is more fun than playing online games

Relapse 8 I am always attracted to playing online games often becausefriends invite
me

I can not be separated from playing online games

My parents often scold me for playing online games too much

Conflict 18 I do not have time to study, because | too often play online games

I do not interact with the social environment / prefer to be alone

I lost track of time because | played online games too much

Problems 20 My eyes are nearsighted because of the online games' intensity

| often forget to eat because | am too engrossed in online games

Based on research conducted by (Lemmens et al., 2009), applying seven indicators to measure the severity of
game addiction, namely salience, tolerance, mood modification, withdrawal, relapse, conflict, and problems. In
this study, data were obtained from a questionnaire with 857 respondents who were junior high school adolescents
with an age range of 14-16 years. Three questions represent a value of the indicator, each question worth 1 to 5.
A value of 1 indicates "strongly disagree”, 2 indicates "disagree™, 3 indicates "neutral”, and values 4 and 5 indicate
"agree" and "strongly agree". So that each indicator has a value in the range of 3-15, and each indicator has a
weight value determined by an expert in the field of psychology as a parameter in decision-making; the higher the
weight, the clearer the brush indicator will be in determining the severity of game addiction. Fill in the questions
in the questionnaire with each indicator shown in Table 1.

The indicators in the research are explained as follows.

1. Salience (A): playing games is a priority activity for someone, and it dominates their thoughts, feelings
and behaviour.

2. Tolerance (B): a person plays games more often than usual and with a gradually increasing period.
3. Mood modification (C): playing games is someone's escape when they have a bad mood.
4. Withdrawal (D): unpleasant emotions or effects when there is a reduction in gameplay time.
5. Relapse (E): a tendency to return to playing games as in previous patterns.
6. Conflict (F): social interaction effects of game addicts on individuals in their environment.
7. Problems (G): problems caused by game addiction.
3. Methods

This research consists of three main steps: TOPSIS-FCM and KELM classification. The TOPSIS-FCM method
is used to determine class labels on data. Meanwhile, the KELM method is used to classify data. The research
steps are illustrated in Figure 1.
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Figure 1. Graphical abstract of research.
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Game Addiction

Playing games at a reasonable time has a good effect on teenagers. Based on previous research, playing games
can improve brain rotation performance. In addition, playing games with appropriate portions can improve short-
term memory, players' visual abilities, analytical abilities, and decision-making abilities (Podlogar and Podlesek,
2022). Game addiction is a mental health problem where sufferers experience dependence on games characterized
by impaired control over games so that they can shift to other more important priorities such as academic needs,
social needs and even health (Jin et al., 2021).

Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)

The technique for Order of Preference by Similarity to the Ideal Solution (TOPSIS) is an effective method for
taking multi-variables with limited alternatives (Dutta et al., 2021). The main principle of the TOPSIS method is
to find the best alternative closest to the ideal solution based on the specified criteria. The TOPSIS method has
simple calculations and can be implemented in various fields (Chen, 2019). With simple calculations, TOPSIS
can effectively provide an assessment based on several criteria for decision-making. In TOPSIS, each criterion
has a weight that represents how influential the criteria are on the decision. TOPSIS implementation relies on the
proposition that the best solution is the shortest distance from the Positive Ideal Solution (PIS) and the farthest
distance from the Negative Ideal Solution (NIS) by using the Euclidean distance calculation (Nguyen et al., 2022).
This study used the TOPSIS method to provide a score based on the research variables. Scoring is determined
based on the weight given by an expert in psychology. Furthermore, the label determination of game addiction
severity level by grouping the scores based on the clustering method FCM.

Fuzzy C-Means (FCM)

Clustering is an unsupervised machine-learning technique for identifying cluster labels in a dataset based on data
points without a target—the clustering process groups data with adjacent values in the same category. The data in
the same category shows similar characteristics (Sarker, 2021). One clustering method that uses the membership
function concept in fuzzy is Fuzzy Clustering Means (FCM). FCM is a clustering method sensitive to noise,
outliers and cluster size (Askari, 2021). FCM divides the dataset into ¢ clusters, with each data having a
membership function value. The membership function plays a major role in fuzzy logic because it represents data
values between 0 and 1 mapped to degrees of membership in the input space (Zhu et al., 2019). The first step in
the clustering process using FCM is to randomly determine the partition matrix U(n, c), where n is the number of
data and c is the number of clusters. U(n, c) partition matrix is used to determine the centre point in each cluster
with Equation 1.

™ (win)? xij )
i=1

c =

J >m(uin)?
i=1

where xij is the i-th input data and the j-th variable. Then update the partition matrix U(n, c¢) in each iteration
until the cluster results in the p siteration are the same as the results of the (p — 1) iteration, with Equation 2.

=2 )
D(xi, cjw—1
uij = 2
Xk D, ywl
j=1
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where D(xi, cj) is the Euclidean distance between xi and cj, and w is the weight of the power, which is determined
to be equal to two. The final result of the U(n, c) partition matrix is used to determine clusters, where the nth data
cluster is the maximum column index for each row (Azam et al., 2021). Cluster results show labels of game
addiction severity in the data. The data is then used as learning data in the classification process.

Kernel Extreme Learning Machine (KELM)

Huang first introduced Extreme Learning Machine (ELM) by applying the concept of a feed-forward neural
network to train a single hidden layer feed-forward neural network (SLFN) (Wang et al., 2017; Ye and Wang,
2020). In contrast to the feed-forward neural network method, which updates the weights in each iteration, the
SLFN network training in ELM uses the Moore-Penrose generalization method, which can optimize weights
previously determined randomly at the beginning of one step (Chouikh et al., 2021). Weight optimization with
Moore-Penrose, which is only done in one step, makes the ELM method have lower computational costs and
shorter training times than conventional neural networks (Bai et al., 2022; Cai et al., 2020).

Handling problems with the ELM method can be overcome by developing the ELM method, namely the Kernel
Extreme Learning Machine (KELM) method. The mapping using the activation function g(x) in the basic ELM
hidden layer is changed to the kernel function k(x) mapping data into a higher dimension to separate data between
classes properly. The KELM method was inspired by the Support Vector Machine (SVM) kernel method, which
obtained better results, so ELM tried to combine it with the kernel (Novitasari et al., 2020).
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Figure 2. KELM Architecture

In Figure 2, the kernel function in the hidden layer can smooth data and simplify classification problems with
better effectiveness. The Radial Basis Function (RBF) is a kernel function with only one hyperparameter,
simplifying model configuration and training costs (Tang et al., 2021). The RBF kernel function is suitable for
low dimensional and high-dimensional data, so it is ideal (Shi et al., 2018). The functional equivalent of the RBF
kernel is shown in Equation 3.

K(x, y) = e—yl\x—ynz (3)

where x and y represent sample data, while y is a unique hyperparameter (Jahed Armaghani et al., 2020).
4. Results

The first stage in this research is to add the points for each question on each indicator so that each indicator has a
value ranging from 3 to 15 to determine the data label. The higher the value on the indicator, the higher the
possibility that the child will experience game addiction. The next step is to score using the TOPSIS method based
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on the weights specified in Table 1 so that the values of each student are obtained as in Table 2. Scoring in the
TOPSIS method aims to provide an assessment according to the level of influence of indicators on the severity of
playing games so that the labelling process according to the category determined by the expert in the field of
psychology.

Table 2. Scoring Data using TOPSIS

Resp ID A B C D E F G Scor
e

1 6 4 6 7 6 5 7 0.252

2 6 6 5 6 5 6 9 0.310

3 5 7 8 6 7 7 6 0.304

4 6 5 6 7 6 5 6 0.233

5 10 8 6 8 11 6 11 0.456

6 7 15 15 5 11 13 3 0.525

7 7 4 3 5 6 3 7 0.208

8 6 6 5 6 5 7 8 0.300

9 7 6 7 8 6 9 7 0.366
857 6 5 5 4 6 4 10 0.304

Based on the score in Table 2, clustering is carried out using the FCM method to determine the threshold for each
label. This study will divide the severity level of game addiction into three clusters: mild, moderate, and severe.
So the value of ¢ in the FCM method is determined equal to three. The FCM method aims to find the data's
midpoint for each cluster. The data will be labeled according to the shortest distance from the score to the cluster
midpoint. The cluster center values and labeling results in applying the FCM method are shown in Table 3.

Table 3. Scoring Data using TOPSIS

Resp A B C D E F G Scor Pusat Cluster

ID . Cluster

18 3 3 3 3 3 3 3 0.000

29 5 3 4 5 5 4 6 0.157 0.068 1
31 3 3 3 3 3 3 3 0.000

38 3 3 3 3 3 3 3 0.000

1 6 4 6 7 6 5 7 0.252

2 6 6 5 6 5 6 9 0.310 0.293 2
3 5 7 8 6 7 7 6 0.304

4 6 5 6 7 6 5 6 0.233

5 10 8 6 8 11 6 11 0.456

6 7 15 15 5 11 13 3 0.525 0.537 3
14 10 10 10 6 8 8 6 0.439

25 15 15 14 6 9 13 15 0.795

Based on Table 3, data with a score close to the cluster 1 center point, namely 0.068, is labeled with the mild class
category. Data with a score close to the cluster 2 center point, 0.293, is categorized as a moderate class.
Meanwhile, a score close to 0.537 is categorized as a severe class. The results of data distribution by cluster are
shown in Figure 3.
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Data Distribution by Cluster
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Figure 3. Data distribution by cluster

Each cluster's center line shows the cluster's center point so that data with a point adjacent to the cluster center
shows a data label. Each class has 215 data for the mild and 487 for the moderate classes. Meanwhile, in the severe
class, there were 155 data. Visualization of the average value of variables in each class is shown in Figure 4.
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Figure 4. Visualization of the average value of variables in each class

Based on Figure 4, the average score in the mild class ranges from 3 to 5. Meanwhile, the moderate and severe
classes have values of 6 to 7 and 7 to 10. Furthermore, the data will be classified using the KELM method. The
data is divided into training and testing data using k-fold cross-validation with k equal to 5. There are 771 training
data and 86 testing data. The model formed using training data will then be evaluated using data testing. Evaluation
is done by using a confusion matrix. Classification is carried out using the basic ELM method to determine the
best method. The comparison results are shown in Table 4.
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Table 4. Comparison result

Evaluation Matrices ELM KELM
Accuracy (%) 90.59 95.34
Sensitivity (%) 91.42 97.43
Spesificity (%) 90.28 92.80

Based on Table 4, the ELM and KELM methods perform well in classifying game addiction data. KELM is
superior to ELM. The difference in accuracy between the ELM and KELM methods reaches almost 5%. The
results of the evaluation using the confusion matrix are shown in Table 5.

Table 5. Confusion matrix

Predicted
Class
Mild Moderat Sever

e e

Actua Mild 20 2 0

| Moderat 0 48 0
Class €

Severe 0 2 14

Based on Table 5, it can be seen that there are 20 data in the Mild class which are correctly predicted to be Mild
class, 48 data in the moderate class are correctly predicted, and 14 data in the severe class are correctly predicted
to be Mild class. In the moderate class, 4 data are classified in the wrong class, namely in 2 data, which should be
mild class data which should be predicted as a moderate class, and 2 data in the severe class which are predicted
to be a moderate class. It indicates a less strict boundary between the moderate class and the other classes, so the
class with the score for the mild class and the severe class is closer to the data points in cluster 2. Table 3 shows
that the accuracy, sensitivity, and specificity values are 95.34, 97.43, and 92.80. In future research, it is expected
to improve accuracy by adding an imbalance data handling method.

5. Discussion

Treatment can be determined at each level based on the identification results of the severity of playing games. In
the early stages, students will be given education about the positive and negative impacts of playing games so that
a child can consider the decisions they will make in playing games. At a moderate level, it can be done with
several therapies to change students' mindsets about gaming behavior and help students carry out other activities
to reduce flight mood or student problems in games. At the severe level, it is necessary to further investigate
students' clinical condition by considering the risk factors. So that handling steps can be carried out effectively
based on students' matters. In future research, it is expected to consider several external factors that can influence
students to tend to play games. Some of these treatments can be done to reduce game addiction in students to
increase academic achievement.

In this study, automatic labeling and classifying data on adolescent game addiction were carried out using the
TOPSIS-FCM and KELM methods. The results of this study are expected to form a Game Addiction Identification
System to help treat children who are addicted to games so that they can improve student academic achievement.

Based on the study results, the TOPSIS-FCM method was used to label the data obtained. Data with a score close
to the cluster 1 center point, 0.068, is labeled with the mild class category. Data with a score close to the cluster 2
center point, 0.293, is categorized as a moderate class. Meanwhile, a score closes to 0.537 is categorized as a
severe class. From 875 data, each class has 215 data for the mild and 487 for the moderate classes. Meanwhile, in
the severe class, there were 155 data. Furthermore, classification is carried out by comparing the ELM and KELM
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methods to form a game addiction identification system. The ELM and KELM methods have good performance
in classifying game addiction data. KELM is superior to ELM. The difference in accuracy between the ELM and
KELM methods reaches almost 5%.

Treatment can be determined at each level based on the identification results of the severity of playing games. In
the early stages, students will be given education about the positive and negative impacts of playing games. At a
moderate level, this can be done by reducing student moods or problems in games. At the severe level, it is
necessary to carry out further investigation regarding the clinical condition of the student.

Acknowledgments

The author would like to thank Universitas Negeri Malang for the funding provided. The authors also thank the
participants, schools, and guardians who have participated in this research.

References

1. Abbasi, G. A., Jagaveeran, M., Goh, Y.-N., and Tariq, B. (2021). The impact of type of content use on
smartphone addiction and academic performance: Physical activity as moderator. Technology in Society,
64, 101521.

2. Adzi¢, S., Al-Mansour, J., Naqvi, H., and Stamboli¢, S. (2021). The impact of video games on Students’
educational outcomes. Entertainment Computing, 38, 100412.

3. Askari, S. (2021). Fuzzy C-Means clustering algorithm for data with unequal cluster sizes and
contaminated with noise and outliers: Review and development. Expert Systems with ~ Applications,
165, 113856. https://doi.org/10.1016/j.eswa.2020.113856.

4. Azam, M. H., Hasan, M. H., Hassan, S., and Abdulkadir, S. J. (2021). A novel approach to generate type-
1 fuzzy triangular and trapezoidal membership functions to improve the classification accuracy.
Symmetry, 13(10), 1932.

5. Bai, L., Li, H., Gao, W., and Xie, J. (2022). A cooperative genetic algorithm based on extreme learning
machine for data classification. Soft Computing, 1-17.

6. Cai, W, Yang, J.,, Yu, Y., Song, Y., Zhou, T., and Qin, J. (2020). PSO-ELM: A hybrid learning model
for short-term traffic flow forecasting. IEEE Access, 8, 6505— 6514.

7. Chen, P. (2019). Effects of normalization on the entropy-based TOPSIS method. Expert Systems with
Applications, 136, 33-41.

8. Chouikh, T., Hellara, H., Barioul, R., Sandid, F., and Kanoun, O. (2021). Comparative Study of
Optimization Methods Proposed for the Extreme Learning Machine (ELM). 2021 International
Workshop on Impedance Spectroscopy (IWIS), 137- 140.

9. Dutta, B., Dao, S. D., Martinez, L., and Goh, M. (2021). An evolutionary strategic weight manipulation
approach for multi-attribute decision making: TOPSIS method. International Journal of Approximate
Reasoning, 129, 64-83.

10. Guo, Y., and Li, T. (2022). Dynamics and optimal control of an online game addiction model with
considering family education. AIMS Mathematics, 7(3), 3745-3770.

11. Hebebci, M. T. (2022). A contemporary problem of adolescents: digital game addiction. The Proceedings
Is Licensed under a Creative Commons Attribution- NonCommercialShareAlike 4.0 International
License, Permitting All Non- Commercial Use, Distribution, and Reproduction in Any Medium,
Provided the Original Work Is Properly Cited. Authors Alon, 188.

12. Jahed Armaghani, D., Asteris, P. G., Askarian, B., Hasanipanah, M., Tarinejad, R., and Huynh, V. Van.
(2020). Examining hybrid and single SVM models with different kernels to predict rock brittleness.
Sustainability, 12(6), 2229.

13. Jin, Y., Qin, L., Zhang, H., and Zhang, R. (2021). Social Factors Associated with Video Game Addiction
Among Teenagers: School, Family and Peers. 2021 4th International Conference on Humanities
Education and Social Sciences (ICHESS 2021), 763-768.

14. Keshav, M., Julien, L., and Miezel, J. (2022). The Role Of Technology In Era 5.0 In The Development
Of Arabic Language In The World Of Education. Journal International of Lingua and Technology, 1(2),
79-98.

708 https://jrtdd.com



Journal for Re Attach Therapy and Developmental Diversities
elSSN: 2589-7799
2023 July; 6 (8s): 700-709

709

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

217.

28.

29.

30.

31.

32.

33.

Kim, D., Nam, J. K., and Keum, C. (2022). Adolescent Internet gaming addiction and personality
characteristics by game genre. Plos One, 17(2), e0263645.

Lemmens, J. S., Valkenburg, P. M., and Peter, J. (2009). Development and validation of a game addiction
scale for adolescents. Media Psychology, 12(1), 77-95.

Madani, R. A. (2019). Analysis of Educational Quality, a Goal of Education for All Policy. Higher
Education Studies, 9(1), 100-109.

Narullita, D., and Yuniati, E. (2020). The Effect of Cognitive Behaviour Therapy (CBT) and Acceptance
Commitment Therapy (ACT) to Reduce of Game Online Addiction in Adolescents. International
Conference on Science, Technology & Environment (ICOSTE).

Nguyen, H.-Q., Nguyen, V.-T., Phan, D.-P., Tran, Q.-H., and Vu, N.-P. (2022). Multi- criteria decision
making in the PMEDM process by using MARCQOS, TOPSIS, and MAIRCA methods. Applied Sciences,
12(8), 3720.

Novitasari, D. C. R., Asyhar, A. H., Thohir, M., Arifin, A. Z., Mu’jizah, H., and Foeady, A. Z. (2020).
Cervical Cancer Identification Based Texture Analysis Using GLCM-KELM on Colposcopy Data. 2020
International Conference on Atrtificial Intelligence in Information and Communication (ICAIIC), 409—
414. https://doi.org/10.1109/ICAIIC48513.2020.9065196

Novrialdy, E., Nirwana, H., and Ahmad, R. (2019). High school students understanding of the risks of
online game addiction. Journal of Educational and Learning Studies, 2(2), 113-119.

Podlogar, N., and Podlesek, A. (2022). Comparison of mental rotation ability, attentional capacity and
cognitive flexibility in action video gamers and non- gamers. Cyberpsychology: Journal of Psychosocial
Research on Cyberspace, 16(2).

Rajab, A. M., Zaghloul, M. S., Enabi, S., Rajab, T. M., Al-Khani, A. M., Basalah, A., Alchalati, S. W.,
Enabi, J., Aljundi, S., and Billah, S. M. B. (2020). Gaming addiction and perceived stress among Saudi
adolescents. Addictive Behaviors Reports, 11, 100261.

Sarker, I. H. (2021). Machine learning: Algorithms, real-world applications and research directions. SN
Computer Science, 2(3), 160.

Shi, H., Xiao, H., Zhou, J., Li, N., and Zhou, H. (2018). Radial basis function kernel parameter
optimization algorithm in support vector machine based on segmented dichotomy. 2018 5th International
Conference on Systems and Informatics (ICSAI), 383-388.

Tang, G., Yang, L., Ren, S., Meng, L., Yang, F., and Wang, H. (2021). An automatic source code
vulnerability detection approach based on KELM. Security and Communication Networks, 2021.
Wang, Y., Li, Z., Feng, L., Zheng, C., and Zhang, W. (2017). Automatic detection of epilepsy and seizure
using multiclass sparse extreme learning machine classification. Computational and Mathematical
Methods in Medicine, 2017.

Ye, M., and Wang, H. (2020). Robust adaptive integral terminal sliding mode control for steer-by-wire
systems based on extreme learning machine. Computers & Electrical Engineering, 86, 106756.

Zaenab, D. S., Farida, Y., Novitasari, D. C. R., Lubab, A., and Yuliati, D. (2020). The Implementation
of Multi Criteria Decision Making (MCDM) for the Evaluation of Sustainable Regional Development in
East Java by Using the Fuzzy C-Means Method and Technique for Order Preference By Similarity To
Ideal Solution (TOPSIS).

Zakaria, A. S., and Adnan, W. H. (2022). Youth awareness: A survey on mobile gaming addiction
concerning physical health performance on young adults in Malaysia. Journal of Media and Information
Warfare (JMIW), 15(1), 85-98.

Zhao, X., Wang, J., Zhang, T., Cui, D., Li, G., and Zhou, M. (2022). A novel short-term load forecasting
approach based on kernel extreme learning machine: A provincial case in China. IET Renewable Power
Generation.

Zhu, L. F., Wang, J. S., and Wang, H. Y. (2019). A Novel Clustering Validity Function of FCM
Clustering Algorithm. IEEE Access, 7, 152289-152315.
https://doi.org/10.1109/ACCESS.2019.2946599.

https://jrtdd.com



