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ABSTRACT

EXAMINE THE INTERNET ADDICTION LEVELS OF STUDENTS IN
TURKIYE AND IRAQ COMPARATIVELY WITH THE MULTIVARIATE
ADAPTIVE REGRESSION SPLINES (MARS) METHOD

HASSAN, Hewa Ghafor
Ph.D. Thesis, Department of Statistics
Supervisor: Prof. Dr. Murat KAYRI
Second Supervisor: Ass. Prof. Dr. Hikmet SEVGIN
August 2023, 132 Pages

In recent years, the internet has changed modern life in many ways. Internet
technologies have transformed the whole field of education, health, defense industry, and
health into a new format. However, the internet has changed social life and human-
human, human-machine interaction, and these interactions have created addictions at
various levels. Internet addiction is accepted as a current and serious disease that can
affect mental health. The aim of this study is to model the factors affecting the addiction
levels of students from two countries (Turkiye, Irag) using the Multivariate Adaptive
Regression Extensions method. The primary purpose of this study is to monitor the
performance of MARS, which is one of the multivariate statistical methods, on a data set
and to test its predictive ability on the data types used in the research. On other hands, the
main purpose of the study is to test the applicability of MARS on the variable types and
data characteristics used in the research and to reveal the effectiveness of this method to
the researchers who will work with this type of data. The secondary aim of the study is to
model the factors that trigger internet addiction, which is seen as an important disease and
danger of this age, through some measurement tools. Here, it was also desired to examine
whether the factors affecting internet addiction differ between cultures. Therefore, the
sample of the study consisted of university students from Turkiye and Irag.

The MARS method used in the thesis is a non-parametric data mining technique.
MARS puts a knot at each point where linearity will end in the relationship between the
variables and creates appropriate functions for each linear extension it obtains. In this
respect, it can model the cause-effect relationship in a more rational space.

The data set for the thesis study consisted of the internet addiction Scale and the
data obtained from the questionnaires containing demographic/personal information. The
sample of the study consists of 2235 students, 1220 (427 boys and 793 girls) from Turkiye
and 1015 (465 boys and 550 girls) from Iraq, using the random sampling method. The
data within the scope of the study were benefited from the SPM 8.2 program. As a result
of MARS analysis; while 9 (nine) basic functions were obtained for students in Turkiye,
the number of basic functions was observed as 20 (twenty) for the data set consisting of
Irag. In the model created by MARS; It has been determined that the most important
factor affecting the internet addiction level of both Turkish and Iraqi students is “daily
internet usage time”. The details of the study are in the Findings and Conclusion sections
of the thesis. We hope that the findings on the factors affecting the level of internet
addiction with the MARS method will contribute to the literature, and it is recommended
that such data mining methods be applied to life-oriented data together with the theory.

Keywords: Data Mining, Internet Addiction, MARS, Statistics






OZET

TURKIYE VE IRAK'TAKI OGRENCILERIN INTERNET BAGIMLILIK

DUZEYLERININ COK DEGISKENLI UYARLANABILIR REGRESYON

UZANIMLARI (MARS) YONTEMI ILE KARSILASTIRMALI OLARAK
INCELENMESI

HASAN, Hewa Ghafor
Doktora Tezi, Istatistik Anabilim Dali
Danisman: Prof. Dr. Murat KAYRI
Ikinci Danisman: Doktor Ogretim Uyesi Hikmet SEVGIN
Agustos 2023, 132 Sayfalar

Son yillarda internet, modern hayati bir¢ok agidan degistirmistir. Internet
teknolojileri; egitim, saglik, savunma sanayi, endiistri ve saglik alaninin tiimiinii yeni bir
formata doniistiirmiistiir. Bununla birlikte internet, sosyal hayati ve insan-insan, insan-
makine etkilesimini degistirmis ve bu etkilesimler ¢esitli diizeylerde bagimliliklar
olusturmustur. Internet bagimlihig:, ruh saghgini etkileyebilecek giincel ve ciddi bir
durum olarak kabul edilmektedir. Bu calismanin amaci, Cok Degiskenli Uyarlanabilir
Regresyon Uzanimlar1 yontemi ile iki iilke (Tiirkiye, Irak) 6grencilerinin bagimlilik
diizeylerini etkileyen faktorleri modellemektir. Bu calismanin birincil amaci; ¢ok
degiskenli istatistik yontemlerinden olan MARS’in uygulamali olarak bir veri seti
tizerinden performansini izlemek, arastirmada kullanilan ve 6l¢eklerden elde edilen veri
tipleri lizerindeki tahminleme yetenegini test etmektir. Aragtirmada kullanilan degisken
tipleri ve veri karakteristigi iizerinde MARS’1n uygulanabilirligini test etmek ve bu tipteki
verilerle ¢alisacak arastirmacilara bu yontemin etkililigini ortaya koymak ¢alismanin esas
amaci1 olarak goriilmiistiir. Calismanin ikincil amaci ise; bu ¢agin 6nemli bir hastaligi ve
tehlikesi olarak goriilen internet bagimliligini tetikleyen faktorleri bazi 6lgme araglar
tizerinden modellemektir. Burada, internet bagimliligini etkileyen faktorlerin kiiltiirler
arasinda farklilik gosterip gostermedigi de incelenmek istenmistir. Bu nedenle,
caligmanin 6rneklemini Tiirkiye ve Irak’tan liniversite 6grencileri olusturmustur.

Tez caligmas1 kapsaminda kullanilan MARS yo6ntemi, parametrik olmayan bir
veri madenciligi yOntemidir. MARS, degiskenler arasindaki iliskide dogrusalligin
bitecegi her bir noktaya bir diigiim (knote) koyup, elde ettigi her bir dogrusal uzanim i¢in
uygun fonksiyonlar olusturmaktadir. Bu yoniiyle neden-sonug iliskisini daha rasyonel bir
uzayda modelleyebilmektedir.

Tez calismasina ait veri setini Internet Bagimlhilik Olcegi ve demografik/kisisel
bilgileri iceren anket formlarindan elde edilen veriler olusturmustur. Arastirmanin
orneklemi, 1220’si (427 erkek ve 793 kiz) Tiirkiye ve 1015’1 (465 erkek ve 550 kiz)
Irak’tan olmak iizere seckisiz Ornekleme yontemiyle toplamda 2235 06grenciden
olusmaktadir. Calisma kapsamindaki verilerin analizinde, SPM 8.2 programindan istifade
edilmistir. MARS analizi sonucunda; Tiirkiye’deki 6grenciler i¢in 9 (dokuz) temel
fonksiyon elde edilirken, Irak’tan olugan veri seti i¢in ise temel fonksiyon sayisi 20
(yirmi) olarak gozlenmistir. MARS tarafindan olusturulan modelde; hem Tiirkiyeli hem
de Irakli 6grencilerin internet bagimlilik diizeyini etkileyen en dnemli faktoriin “glinliik
internet kullanim siiresi” oldugu tespit edilmistir. Calismaya ait detaylar ise tezin
Bulgular ve Sonug boliimlerinde yer almaktadir. MARS yontemi ile internet bagimlilik
diizeyini etkileyen faktorlere iliskin bulgularin literatiire katki saglayacagini timit ediyor



ve bu tiir veri madenciligi yontemlerinin teorisi ile birlikte yasama doniik verilere
uygulamali olarak yansimasi tavsiye edilmektedir.

Anahtar kelimeler: Internet Bagimlihig, Istatistik, MARS, Veri Madenciligi
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1. INTRODUCTION

Firstly, one should define what is meant by the Internet. It is generally considered
to be an international network of computers initially instigated, according to Schneider et
al. (2006), by the US Department of Defence in the 1960s. The main reason was the
military. As is widely acknowledged, now it is mainly the general public as well as others
who benefit and use it daily. It has given rise to mass communication, social networking,
data streaming, and suchlike, as well as news and personal broadcasting applications such
as Telegram.

According to recent statistics by Rosliza et al. (2018), around 40% of the world’s
inhabitants — or over 3 billion people — had access to the Internet in 2016, while Karma
et al. (2018) cite a figure of 3.5 billion Internet users in 2018, an increase of 500 million
over two years. The same research noted that the majority were young people. Clement
(2020) provides figures as of July 2020, namely 4.57 billion Internet users or 59% of the
worldwide population. The rate of Internet access is thus increasing dramatically.
Although there are many possible factors relating to why Internet use is increasing, for
example, ease of access to cheaper and more user-friendly technology, the recent COVID-
19 pandemic could be a significant reason for the steep increase as citizens were often
locked down and unable to contribute in the daily face-to-face life.

On the one hand, the internet is very useful for people due to it can help us to gain
and transfer information and knowledge, communicate more widely, and suchlike,
however on the other hand, according to Buchholz (2009), concern has been growing over
some of the risks including addiction, especially among students in tertiary stage
education per (Chou and Hsiao, 2000).

To this end, we can realize that there is the concept of Internet Addiction (1A) how
it could be applied to its use. There are several factors around this, including if IA is a
realistic type of addiction compared to others, for example, drugs; there are disagreements
about the relevant diagnostic criteria and also how exactly 1A is defined per se. Initially,
IA started out being based on established principles and frameworks, including by
Greenfield (1999) — pathological gambling — technology such as TV addiction — Griffiths
(1995) and substance abuse and dependence — (Anderson, 2001). The Diagnostic and
Statistical Manual of Mental Disorders (4th Edition), condensed and frequently referred

to as DSM-IV from the American Psychiatric Association (1994), has been used in some



studies as the baseline measurement and reference point whereby 1A has been classified.
Lam et al. (2009) found that it is students who are more likely to be the most vulnerable
type of people to suffer from IA, nevertheless there are few other studies relating to
treatment or providing any solution.

As mentioned per the DSM-IV, IA can be classified and identified as akin to
pathological gambling as well as substance abuse in terms of the following:
preoccupation with the Internet to the extent that it causes major academic or professional,
relationship, or other social issues;
maladaptive preoccupation with it;
duration of use is far longer than originally intended or wished for at the outset.

Nonetheless, research still needs to be done to recognize whether IA exists simply
as symptomatic of some other mental health condition; whether Internet use causes
psychological detriment; or what it actually is, according to Zboralski et al. (2009).
Having noted that, it is generally agreed per Griffiths (1995; 2000), that using the Internet
can generate an addiction to it. Kaltiala-Heino et al. (2004) found that in their empirical
research with students that some had become addicted, and in other epidemiological
studies looking at school-aged children, there was a wide range in IA. Milani et al. (2009)
found a prevalence of 36.7% in Italy, while by contrast, Tsitsika et al. (2009) found only
1%. Naturally, there are many questions as to why the results differ therefore widely given
similar types of society, and that may be due to the actual classification criteria, sampling
strategies, and how the data was collected. It does, however, pose interesting questions.

Various researchers have cited and been interested in IA, as well as teachers,
health professionals, and suchlike. This has given rise to correspondingly various studies,
many of which will be examined in the Literature Review below. They range from Lin
and Tsai (1999), who looked at interpersonal and relationship difficulties, to general
professional and academic performance difficulties per Kim et al. (2010). Furthermore,
two strands of thought seem to be prevalent, namely, as mentioned previously that 1A
could be a symptom of an existing mental disorder Yen et al. (2007) while per Lin and
Tsai (1999) in their research on Taiwanese high-school students, it was not observed as a
heavy influence on relationships with their peers in reality and at the same time opening
up the possibility to meet new friends online and thus being a positive thing.



Researchers such as Gunuc and Kayri (2010) are among those who have studied
the apparent phenomenon. They devised an internet addiction Level as a diagnostic tool
with which to describe levels of potential internet addiction. Their tool comprised 35
questions with a minimum score overall of 35 and a maximum of 175, since it is designed
to be a scale. Their original study based on results from 754 respondents, and whereas it
Is scalar, those with a higher number are correspondingly seen to have greater issues with
dependency. Their results showed that children who came from families of higher
socioeconomic status fared worse i.e., they were more likely to suffer IA. The results
were as follows: 26.7% were clearly addicted; similar percentages (27.8%) were not
addicted, while almost the majority, at 45.5%, were observed to be at danger of addiction.
Furthermore, a study by Kayri (2010) have been indicated that the daily Internet use time
on average and also the intended use of the Internet is to be considered as the main
influences for internet addiction among the Turkish secondary school students, which
lead to found that 26.7% of student determined to have internet addiction and 45.5% of
students were recognized as being in a risk group.

Internet addiction can be attributed to many factors, as mentioned in several
previous studies over time. However, one major issue over the last two years or more
cannot be ignored, namely the COVID-19 pandemic. It goes without saying that internet
usage rose specifically during the early phases of the pandemic, with the concomitant
increase in remote working and lack of contact with family members separated from each
other through lockdowns and suchlike. (Tayyar Sasmaz et al., 2014; Anusha et al., 2016;
Sowndarya and Pattar, 2018; Garmah and Rida, 2020) have examined the rate and
incidence of 1A among university-age students in various countries; Nagaur (2020) and
Dong et al. (2020) add to these studies by pointing out that the pandemic has predisposed
students to a higher risk of IA due to taking their studies online away from campuses, for
example.

The aim of the study is to develop a scale for internet addiction and examine the
factors that can affect the addiction status of individuals, moreover, how addiction to the
internet affects students in different in both sample (Turkiye and Iraqg), and lastly how
much of an overall issue internet addition is among these students in general.

Added to these stated objectives above, the study has various aims. One

complicating issue is that there is no generally accepted definition as to what constitutes



internet addiction, hereafter stated by the acronym “IA”. It is unclear what the main
universally accepted criteria have been adopted for measuring the various rates of
addiction. Of course, it is universally known by society that internet usage is prevalent
and undeniably a necessity of modern life and that the young and students in particular,
given the type of hierarchical and traditional society that exists in both Tlrkiye and Iraq,
are much heavier users of the internet in particular social-media and the various
messaging and video type applications for example. Nevertheless, given that, one of the
keys aims of the study has come from this, is that no actual empirical data exist as to
whether internet use affects students positively or negatively or indeed as to the actual
rates of IA themselves. Such data could assist in an evidence-based approach to positive
interventions mitigating any potential effects, be they psychological, social, or otherwise,
caused by IA.

To begin with, the literature review will be used to determine some kind of initial
definition for 1A. Having established this definition will be the basis for what survey takes
place on the two student cohorts at Van Yuzuncu Yil University and Soran University.
Lastly, something called “Multivariate Adaptive Regression Splines” (hereinafter
denoted “MARS”) is going to be the main mathematical modelling tool for analysis of
the obtained data.

Therefore, to re-state the aims of the current study in a clearer way, it will firstly
draw on the literature review and MARS to obtain a concrete definition of 1A; secondly,
examine across different faculties the rate of 1A in both cohorts — Van and Soran; thirdly
attempt to identify how students are influenced by various factors in the use of the

internet.



2. LITERATURE REVIEW

2.1. Usage of the Internet

2.1.1. History of the Internet

As mentioned in the Introduction, it is commonly accepted that the Internet as a
concept date from the 1960s and is now firmly established in modern society. It is a
generally accepted fact that Internet usage and access have increased exponentially over
time Schneider et al. (2006). Even by 2010, according to the Internet World Stats (2011)
28.7% of the global population used the Internet.

Schneider et al., (2006) can be cited as defining the Internet as a large-scale
network of computers used to link global populations in order to access and disseminate

information by various means for financial transactions and educational purposes.

2.1.2. Nature of the Internet

According to Greenfield (1999), a standard protocol is used to create the Internet
Connection Network — or Internet. Given the simulating content, speed of connection,
and suchlike, it is these things which could give rise to IA. As a result of the Internet
facilitates such ease of communication, almost limitless sources and types of information
and content, and is almost universally available, together with more user-friendly
applications and interfaces means that access is really very simple and continues to get
simpler. This was per Chou (2001), and twenty or more years later, the situation has
clearly developed from that — a universally known fact. Since many Internet applications
are interactive, Young (1998) stated that it is these features that impact IA and not the

Internet itself.
2.1.3. The Nature of those who Use the Internet
In terms of trying to explain why certain types of people become addicted to the

Internet, various studies have been conducted. These include Suler (2000), who posited

that personal needs, mitigation of loneliness, and the need for a sense of belonging might



be to blame, while others such as Chou et al. (1999) determined that it is the sense of
escapism through what can be almost impersonal online communications that provide
personal satisfaction. Morahan-Martin and Schumacher (2000) detailed their findings that
Internet users find it a comfortable and convenient means for social exchange, which

means that those with 1A feel more satisfied with this way of communication.

2.1.4. Internet Use Worldwide

The price of smartphones is steadily falling, and digital infrastructure is getting
better, which is causing an increase in connectedness among international internet
audiences. Many formerly underserved areas are now reaping the benefits of mobile
internet access. As of 2022, East Asia contributed to around 1.2 billion of the world's
internet users, next to Southern Asia with just over one billion. Five billion people were

online as of April 2022, according to statistics as it has been shown in be (Figure 2.1).

Number of internet users worldwide as of 2022, by region (in millions)

Figure 2.1 World internet users by regions in 2022

According to a Kepios investigation Simon (2021a) the number of internet users
has increased by more than a factor of two over the previous ten years, rising from 2.18
billion at the beginning of 2012 to 4.95 billion at the beginning of 2022.
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Figure 2.2 Number of internet users worldwide from 2012 to 2022 (Simon, 2021a)

According to the most recent data, there have been an additional 192 million
internet users during the previous 12 months, translating to a mere 4.0 percent annual
growth in 2021. Although there is a strong suspicion that these numbers do not accurately
reflect the rise in internet users over the past year, this lower growth rate is possibly the
result of difficulties with data collection and reporting throughout the ongoing COVID-

19 pandemic.

2.2. Prevalence of Adolescent Internet Addiction

According to Hull and Proulx (2022) internet addiction is considered to affect 6%
of people worldwide, even though only 39% of people have access to the internet. It
appears that the prevalence of internet addiction varies significantly between countries.
In Southeast Asia, between 0 and 47.4% of students reported serious problematic Internet
use (PIU) or an addiction to the Internet, as opposed to 7.4% to 46.4% who noted they
may have a possible internet addiction (Balhara et al., 2018).

There have been various studies into 1A within the adolescent age groups. Pallanti
et al. (2006) discovered that age is of no consequence when it comes to 1A, and neither is
it the case with social class. Nevertheless, research often tends to focus on adolescents,

given that they are at a critical period of development in life. To this end Van Rooij et al.



(2010) showed that in the West, the Internet was the most typical way to spend leisure
time for these adolescents, and they demonstrated that it is even more important than
watching television for those over the age of 14, while for those aged 11 to 15, in general,
it is the most common leisure time pursuit. Furthermore, Lin et al. (2009) showed that it
is older adolescents (as exemplified above with the Dutch study) who are more using the
Internet than younger ones.

A study by Sayed et al. (2022) identified that 38.5% of Egyptian university
students had internet addiction symptoms, in order to transition from being adolescents
to adults, university students must go through a transitional stage. A lot of tension,
depression, and worry may be brought on by this shift for some of them. Researchers
(Amr et al., 2018; Kavitha, 2021) anticipated that students at Al-Mansura University from
Egypt would experience depression and anxiety at prevalence rates of 28.3% and 21.2%,
respectively, in their studies. Furthermore, according to statistics published by Ibrahim et
al. (2012), 37.6% of Asyut University students experienced moderate to severe depression
symptoms. Additionally, a study conducted by AlQahtani et al. (2015) in Saudi Arabia
estimated that among university students there, the prevalence rates of depression,
anxiety, and stress were 48.1%, 58.9%, and 40.4%, respectively.

According to Ko et al. (2009), they claim that 19.8% of global adolescents are
addicted to the Internet, with the first usage beginning at pre-teen and teenage levels. Lin
and Yu (2008) cited the fact that about half of all young people were online, and further,
Forrester Research's 2005 study into adolescent Internet usage revealed that of those aged
between 12 and 17 in the USA, most were online day-to-day and for around eleven hours
a week. Additionally, a Taiwanese study from 2011by the Taiwan Network Information
Center TNIC (2011) demonstrated that of a total number of Internet users of 15 million,
those under 20 comprised about 1/6th (2.86 million) with the 12 — 15 age range having
Internet participation of 98% and the 16 — 20 range at 95.6%.

Research undertaken by Pallanti et al. (2006) showed that in their sample, 5.4%
of the suffered from 1A. Their study looked at 275 students whose age was an average of
16.67 +/- 1.85 years, with an approximately equal distribution of the sexes — 52.4% male
and 47.6% female. While Internet access in Italy was shown to be less than elsewhere, it
was observed that in China, 1A was becoming a thoughtful problem between their
adolescents. China Internet Network Information Centre CNNIC (2006) had a study that



presented 123 million individuals online, and of this number, 14.9% were those under 18
years old. From this, they drew the conclusion that 1A is becoming more serious. IA
among Taiwanese students per Chou and Hsiao was at a rate of 5.9% while almost double
the number of their Chinese counterparts per Wu and Zhu — 10.6% were suffering 1A,
(Cao et al., 2007). Other interesting statistics related to problematic usage of the internet
come from Chebbi et al. (2005), who discovered that in Taiwan, 73.7% of online crime
is theft and 20.2% is fraud. This is related to online gaming, and of course, the age of
offenders is adolescent or teenager (Wan and Chiou, 2007).

A South Korean study undertaken by Park (2008) demonstrated that internet usage
IS most common among adolescents compared to other age groups. They found that
97.3% of those between 6 and 19 in that country were online in 2005. They also found
that in a sample of 903 youths in South Korea, 10.7% of the adolescents showed high
levels on the 1A scale and thus were at prime risk for IA. It underlined the general
observation that the Internet almost forms one of the corner stones of South Korean

society.

2.3. Theoretical Framework for Internet

A 2008 study by Douglas et al. (2008) proposed a key conceptual framework for
IA. They observed that certain push and pull factors are at play. Push factors are generally
considered as inner needs and thus primary internal motivation. On the other hand, pull
factors can include how attractive the Internet is perceived to be. There is thus a
relationship between push and pull factors and thus the strictness of IA, including Internet
overdoing and overdependence on it.

As previously mentioned, while negative effects of IA can include deteriorating
relationship and professional activity, financial and academic issues, and may possibly
result in deviant behaviour types, it is also quite possible for someone with 1A to
recognize their behaviour patterns and take steps to mitigate or improve it. These can be
termed control strategies, which can reduce addictive behaviours and even the temptation
to commit an online crime, which would be one kind of deviant behaviour. Of course,
some people have a propensity towards such deviant behaviour compared with others.

Thus, it is necessary to examine previous behaviour patterns on the psychological level.
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Figure 2.3 Conceptual Model of internet addiction (Douglas et al., 2008)

One key study by Preece (2000), corroborating findings obtained by Wellman and
Gulia (1999), showed that one major factor behind such addiction is socialization.
Further, Grohol (2005), as cited by Douglas et al. (2008), mentioned about the sociability
of the Internet leading to people spending excessive time on gaming, chat, forums, and
suchlike.

Pathological Internet Use (PIU) has been proposed by Davis (2001). This is a
phenomenon whereby a maladaptive response is either maintained or intensified by
certain types of behaviour, which in this case would be the use of the Internet. Cognitive
symptoms could come before and cause the resulting behavioural/ affective issues due to
effective or behavioural symptoms had previously been considered as the manifestation
of PIU. The study by Pratarelli et al. (2006) outlined to this extent a four factors
framework for PIU and its psychopathology. These are as follows.

a) Problematic behavioural styles leading to dysfunctional behaviour that correlates
with Internet overuse;

b) How the Internet is used functionally — is it productive or meaningful;

¢) How users gain sexual gratification, social advancement, or living out fantasies,
particularly among those who are introverted;

d) People with little interest in or engagement with the Internet is thus not dependent

onit.
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Moving back a step-in order to obtain further relevant background, Niemz (2005)
explained that cognitive theory does not necessarily play a large part in addiction studies
and treatment in three kinds of models. These are related to behavioural type, pathology,
and adaptive factors. Where research looks at 1A from a cognitive perspective related to
human motivation, it is aimed at examining the ways in which motivations differ between
addicts and those who are not addicted.

According to Lepper (1973), who researched from the cognitive approach,
motivation is described psychologically as either intrinsic or extrinsic. The first means
the kinds of motivations from within ourselves, for example, we learn a language since
we want to or like it. Extrinsic motivators are those external to us and can include praise
from others as well as employment or financial incentives to perform or act cited by (Wan
and Chiou, 2007).

The Cognitive-Behavioural Model, per Davis et al. (2002), examines depression
and anxiety, which are known to be psychological issues. According to him, such atypical
behaviour then leads to or results in pathological behaviour. The study does however
distinguish between specific and generalized types of addiction. This latter form
manifests itself in more socially interactive situations and can lead to higher levels of PIU
(AIM Conference Center, 2008).

2.4. Internet Addiction

According to Ali et al. (2017) the most popular form of media in the world now is
the internet, which differs from other forms of media. It has entered every aspect of life.
With the advent of the internet, a number of facets of everyday life have changed,
including how people occupy themselves and communicate with one another, Al
Mukhaini (2021). There are now more than 4 billion active internet users worldwide, a
rise in Internet usage that has been exponential (Ramén-Arbués et al., 2021).

4.65 billion people (58.7% of the world's population) will be using social media,
5.32 billion (67%) will be using mobile devices, and 5.00 billion people will be using the
internet globally in April 2022. A total of 196 million more people is becoming internet

users per year, or 4.1%. Online linked activities occupy 6 hours and 57 minutes of time
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every day on average. Internet usage is higher among younger individuals than among
older ones, with young women using it the most frequently (Simon, 2021b).

Young (1996) is generally considered as the first study to explore IA. Results
obtained showed that of a study cohort of 496 general Internet users, 79.88% of them
could be classified as dependent on it through analysis of a Diagnostic Questionnaire
(DQ) sent via e-mail and followed up with phone interviews. Goldberg (1996) first coined
the term internet addiction, and it was from that point that it became to be recognized
more widely. There are, as is well known, various other types of addiction, namely to
technology, substances, pathological gambling, and suchlike (Horvath, 2004).

Young (1997) recognize IA as the inability to use the Internet without it causing
a problem to the individual, however as has been previously mentioned, the term IA itself
is inconsistently applied within the literature. On the one hand, Hur (2006) term the issue
'Internet Addiction Disorder'. On the other hand, (Lin and Tsai, 1999; Chou, 2001; Nalwa
and Anand, 2003; Cao and Su, 2006; Kima et al., 2006; Young, 2006; Ko et al., 2007;
Lam et al., 2009; Yen et al., 2009; Thomas and Martin, 2010) use the term 'Internet
Addiction'.

Given that the majority refer to it as 'Internet Addiction’, it has become the most
generally accepted term for those behaviour types associated with problematic Internet
use. PIU, as previously mentioned above, is another term — 'Problematic Internet Use' as
defined by (Morahan-Martin and Schumacher, 2000; Davis, 2001; Niemz et al., 2007;
Milani et al., 2009). Other terms include 'Internet Dependency' per Sharma and Sharma
(2018), Internet Addictive Behaviour per Li and Chung, (2006), and Compulsive Internet
use per (Meerkerk et al., 2009).

It can therefore be stated that given the multitude of terms expressed above and,
in the literature, no standard diagnostic criteria exist for 1A, having supposed that, most
agree on its existence. "Excessive use of the Internet may not be problematic in most
cases, nevertheless the limited case study evidence suggests that for some individuals,
excessive Internet use is a real addiction and of genuine concern." Quoting from
(Griffiths, 1998).

As previously established and restated, the precise definition of IA has not been
agreed upon. It has been compared and related to other types of addictive behaviour. Two

examples may be given of differences: Young (1996) mentioned about the inability to
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control Internet use and how it affects our daily life, relationships and suchlike, and could
be used to aid a general outlook on life. The second may be cited from Goldberg (1996)
who based it on a parallel to substance abuse. We can therefore conclude that the varying
definitions and lack of a standard model obtain from the fact that different researchers are
from different academic disciplines, still have tried to draw parallels with Internet use
through their own work. The end result is naturally overlap, minor disagreement, and lack
of overall clarity.

It is not to state however that researchers have been content to let this lack of
overall clarity rest. Young (1999) developed an eight points Diagnostic Questionnaire
(DQ) which drew on research from pathological gambling and thus comprised a series of
binary questions probing into time spent using the Internet, how it impacted their lives,
preoccupation with it, and suchlike. It was developed further into the internet addiction
Test, or IAT. Young (2004) was a starting point, and further diagnostic tests have come
into being such as the Internet Related Addictive Behaviour Inventory, or IRABI —
(Brenner, 1997). Others include the PIUS (Pathological Internet Use Scale) per Morahan-
Martin and Schumacher (2000) the internet addiction level for Taiwanese High-School
Students, or IAST per Lin and Tsai (1999) and CIAS (the Chinese Internet Addiction
Scale) of 1999.

All of these diagnostic tests have used either scalar method, different types of
questions and possible types of answers, various upper limits on which to identify
problematic behaviour, varying deviations from the normal and suchlike — all the various
kinds of methods in normal data gathering and analysis of results. This therefore shows
there is still no consistent approach to internet addiction classification.

2.5. Symptoms of Addiction to the Internet

Attention Deficit Hyperactivity Disorder (ADHD), depression and other mental
problems can be connected with high and problematise levels of Internet use. Ju et al.
(2008) ascertained that adolescents addicted to the Internet may experience poor future
mental health outcomes.

To evaluate the key symptoms of internet addiction, such as tolerance, impairment

of control, obsession, and excessive online time, Sharma and Sharma (2018) created
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several diagnostic criteria for internet addiction. College students are more likely to
experience the prevalence, which can vary according on age, sex, and ethnicity, (Pujazon-
Zazik and Park, 2010). Internet addicts are found to have a significant prevalence of
personality disorders (Dalbudak et al., 2014).

2.6. Causes of 1A

According to Ahmed Z. (2023) the development of internet addiction is influenced
by a number of factors, including genetics, structural brain alterations, environmental
influences, and existing mental health disorders. A growing body of research shows that
computer addiction is genetically and biologically predisposed.

While it may be true that a person's psychological makeup has a definite bearing
on prediction to 1A, socioeconomic and demographic issues as with any mental health
condition may be equally to blame. Zboralski, (2009) wrote about family issues, social
breakdown and lack of stable or complete family being key red flags in terms of potential
IA. We can state this being the case as mentioned before with high levels of Chinese 1A
given their until recently "One Child Policy”. According to Zboralski (2009) study, 1A
can also affect parent-child relationships, marriages and suchlike. Young (1999) had
already mentioned that those with IA are prone to anger management issues. Kayri (2010)
showed that the family with high socioeconomic levels which tend to have less children
and high monthly income, since mostly both parents are often working, in such a

socioeconomic level parent more likely to satisfy their kid’s technological needs.

2.7. Impact of Internet Addiction

According to Bowditch et al. (2018), the Internet used in moderation can assist
with emotional issues and help raise levels of self-esteem as per (Brailovskaia et al., 2019;
Dong et al., 2020) the other side of the coin is that over- and uncontrolled use can
precipitate addiction to it. This addiction can manifest itself in a number of ways, as has
been demonstrated by various studies. These include psychological (Cheng et al., 2018;
El Asam et al., 2019); academic, as demonstrated per Islam et al., (2020), or physical

types, per Tepecik Boyiikbas et al. (2019). It is therefore the case that more research needs
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to be done into how one can minimise the extent to which student and young people could
become psychologically damaged by excessive Internet use, developing research-based
strategies to prevent it. The COVID-19 pandemic, somewhat perversely, provides an
excellent ‘laboratory’ in which IA can be examined as relating to Internet access and use
among university age students.

While there can be many positive effects of using the Internet e.g., better
connections, education and suchlike, negatively the results can be poorer relationships (or
more superficial ones), social issues and impacts of work or academic performance.

Positive and negative effects are detailed below.

2.7.1. Positive Effects of Internet Use

2.7.1.1. Job Hunting

This is one of the most valuable outcomes for people in that they can look for
work from home, or in their own time, and are not limited to the local area. Metzger

(2007) mentions the different types of job sites on the Internet.

2.7.1.2. Entertainment and Communication

Ellison et al. (2007) have mentioned about the way in the modern connected
world, relationships with people in different countries can be formed as well as existing
long-distance ones maintained; there is a range of applications for suchlike; and that
various entertainment options about for example video streaming or gaming with users in

any part of the world.
2.7.1.3. Collection and Dissemination of Information

The world of news is now very much “24/7" and in a hyperconnected world, all
manner of information is available at our fingertips, as mentioned by (Rice, 2006). All

manner of messaging possibilities abounds, often for free, and information is no longer

the preserve of the elite.
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2.7.2. Negative Effects of Internet Use

2.7.2.1. Relationship and Social Issues

There are numerous elements that can contribute to internet addiction
development. The prevailing consensus is that internet addiction is similar to other
addictive behaviours in that both internal and environmental variables play a role in how
they develop. A shortage of social connection is one external element that can contribute
to internet addiction. Social support is defined as the material and mental care or
assistance from others through difficult times or emergencies (Kim and Hwang, 2022).

The amount of social assistance college students receive and their level of mental
health are closely correlated. According to studies, perceived support from family and
teachers greatly predicts college students' life happiness (Yalgin, 2011). College students,
on the other hand, typically feel that they get less help than they require, and this
discrepancy is linked to greater levels of depression (Rankin et al., 2018).

Furthermore, cyber-bullying, as the name suggests, is bullying, although in the
virtual world, and this can be a significant issue in the modern world as a result of it is

not "seen" instead "out of sight".

2.7.2.2. Issues with Academic Performance

Sayed et al. (2022) have demonstrated that as long as students frequently spend a
lot of time online, internet addiction may have an impact on how well they learn. while a
study by Nalwa and Anand (2003) showed that among those who are online for excessive
periods, behavioural, social and other issues result. These relate to the above relationship

and social issues.

2.7.2.3. Effect on Health

Computer Vision Syndrome, or CVS, Repetitive Strain Injury, or RSI and eating
disorders are just some of the negative physical effects of 1A and Internet overuse. CVS
is typically characterized, according to (Young, 1998; Chou and Hsiao, 2000) as resulting

in delayed visual response times, itchy and sore eyes. Another big issue is that related to
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musculoskeletal problems that result from poor posture and ergonomics. It is now the
case that in many countries, Health and Safety legislation requires employers to assist
computer users to mitigate against such issues. The World Health Organization (WHO)
claims that psychiatric diseases are one of the leading causes of disability worldwide,
(Noorbala et al., 2017). Stress, anxiety, and sadness are all instances of mental health
issues. Each of them is viewed as posing a risk to public health, particularly for the young

population.

2.8. The COVID-19 Pandemic and its Relationship with 1A

According to studies by (Dong et al., 2020; Duan et al., 2020; Gomez-Galan et al.,
2020), one major impact of the lockdowns and social boundaries caused by COVID-19
has been the concomitant and exponential growth in the use of digital entertainment, use
of the Internet — mainly through increased use of and dependence on social media as a
form of news information as well as maintaining contact with family and friends and
attempting to mitigate against the effects of loneliness, for example. This has been
corroborated by information gathered by Nielsen Global Media (2020). As has been
previously underlined, excessive Internet usage leads to addiction and Griffiths (2000)
has described this as people being unable to take negative consequences into mind when
increasing their use beyond acceptable norms, for example in studying and suchlike,
where it is of great use, per (Dong et al., 2020).

Research by Cerniglia et al. (2017) exposed that for those in younger generations,
addiction to the internet could manifest itself in various psychosocial issues; another study
by Moreno et al. (2013) showed that internet overuse manifests in depression, stress and
anxiety, which has been corroborated by both (Sharma and Sharma, 2018; Btachnio et
al., 2019) in respect of its effects on university age students. Same study demonstrated
that lower levels of overall life satisfaction obtained for participants through a cross
sectional analysis of cohorts in both Italy and the USA as a result of their Internet overuse

and possible addiction.
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3. MATERIALS AND METHODS

In this study, one of the two main types of statistical data analysis is employed.
By cause of the we must always arrive at a conclusion that is valid according to the data,
certain assumptions must hold true. In data analysis, we can either look at what occurred
in the past and attempt to predict the future — predictive analysis — or else examine the
data and situation as it is — inferentially — attempting to ascertain or derive the rules and
relationships that appear to derive from a particular phenomenon as revealed by the data.
We would then do various modelling and analysis based on this situation rather than
looking to the past.

Nevertheless, in data analysis, whether it predictive or inferential, the same basic
tenets apply. There is a set of input variables which are altered in some way, to provide
the output variables, and the means of doing is through the Data Generating Mechanism
as illustrated by the following diagram below.

N i %
= ol - =
Input Variables (Predictors) Output Variables (Dependent)

Data Generating
Mechanism

Response to a marketing
offer, vote, weighht, unem-
ployment, returns on invest-
ment, loan status, treatment
outcome...

Income, Age, Gender,
Marital Status, Height,
Length, Inflation

Figure 3.1 Data Generating Mechanism (Kibet, 2012)

Data scientists and statisticians generally agree that the Data Generating
Mechanism can be of two different kinds. It can either be algorithmic, where one attempts
to predict the future based on past behaviour, for example the input. This is most typically
used in internet advertising, for example — showing browsers advertisements based on
their browsing history and assumed interests. Or, it can be stochastic, whereby the output

is related to the input through various types of statistical regression, for example.



The basic principles of statistical modelling and analysis are fairly standard. Data
Is examined whether through its presentation in the form of graphs, descriptive statistics,
diagrams and suchlike. This first step is a sort of test which establishes the reliability of
the data and identifies outliers, strange variances and the like —basically, if it ‘looks right’.
All data must be verified and authenticated. The second step is to try and form the basis
of variable relationships and thus a potential model (Lee et al., 2006).

This study adopts Multivariate Adaptive Regression Spline (MARS), which is a
sort of regression-analysis that uses recursive partitioning. Below will be explained both
the advantages and disadvantages of recursive partitioning in order to create reliable data
sets. Firstly, let us look at what recursive partitioning is. The idea is to divide data into a
set of sub-regions, and analyse apiece sub-region in turn. The way this happens is that
partitions are set up between each of the sub-regions, and is done recursively. That is to
say that beginning from the domain as a whole, it is divided into two, with a kind of
partition between each one. These two are then divided again, and the process continues
recursively until an appropriate number of sub-divisions are in hand.

Following that, the reverse occurs, whereby according to Breiman et al. (2014)
they generate the ideal or optimal set with the exclusion of lack of fit or excess number
of sub-regions. The sub-regions are thus recombined. As a corollary, it is preferred that
the variables with less impact on the overall result are excluded or set aside, and are placed
into a local variable sub-set selection. However, with the process of basic recursive
partitioning on linear functions, there tend to be limitations on the degree to which data
can be interpreted effectively. The model is not necessarily constant. It is nevertheless
possible to use classification trees as a means of impacting the rate of retention. Note that
one principle of recursive partitioning is that there is no real continuity at the boundaries
of sub-regions, however we can use approximations that are piece-wise smooth and
constant which aids in the interpretation, thus representation as a binary tree is possible
(Zhang and Goh, 2016).

As to the disadvantages of this method, since there is no continuity between sub-
region boundaries, accuracy of approximation is obviously affected. This can especially
be the case where the underlying function itself is continuous. This limits the

effectiveness, as does the case where several non-zero coefficients exist, and furthermore,
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if only a proportionally small number of the total number of variables form the basis of
the number of dominant interactions.

As has been mentioned above, as the data sub-regions are partitioned, it is
therefore not possible to ascertain with concrete certainty from the model is either linear
or additive (which would be a simple model) or whether the variables are related through
complex interactions. To this end, MARS is employed as a way of overcoming some of
the limitations described above. Let us turn therefore to a description of some principles
of MARS (Taylan et al., 2018).

In describing the concepts of MARS, firstly let us consider the Linear Regression
Model or LRM. This is where a regression model contains fitted parameters in a linear

relationship.

Yy =PBo+ B1X1+ L X+ -+ Xy € (3.1)

Equation 3.1 give LRM basic equation, where y is the dependent (response)
variable, and X; forms the set of regressor variables. These are the independent (predictor)
variables, and form a series where j=1, 2, up to k. A random error component, ¢, is
introduced; while errors in themselves are assumed as being of normal distribution where
the unknown constant variance is a2 and the mean is 0. All errors are assumed as being
independent of each other and uncorrelated.

Bo is the intercept while the various regression coefficients form the other
parameters §;(j = 1; 2; ...; k).

B, is used to represent how we expect y (the dependent variable) to change per
unit chance of x1 when the set of regressor variables that remain x;(j = 1;2; ...;j # 1)
stay constant.

The purpose of B, and o2, neither of which can be said to be fully known, is to try
and use the model to provide solutions to problems in the real world. In doing so, the
Maximum Likelihood Estimation (MLE) and Least Squares Estimation (LSE) are

employed when dealing with regression parameters that are unknown.

20



3.1. Generalized Linear Model

Where prevailing assumptions about constant variance and normality are
unsatisfied, a combination of the binary forms of regression model (linear and non-linear)
are used, and this framework is called a Generalized Linear Model (GLM). The basic
advantage of GLM is that response distributions which are non-normal can be
incorporated. To elaborate on this, the mean of y (the dependent variable) can depend
linearly on a predictor (independent) through a non-linear link function. It further means
that any exponential family of distributions can be part y, the probability distribution.

The family of GLMs include statistical models such as the following — log-linear
models of multinomial data; classical linear models with normal errors; probit and logistic
models for binary data. For the reason that GLMs incorporate dependent variables, a
relevant link function, and a response probability distribution, other classical models such
as Gamma, normal, binomial and Poisson can be thus termed.

Let us look at the fundamental algebraic structure of a GLM. It

h(u) = X[ B (3.2)

where h is a smooth monotonic "link function”, x, B is a vector with unknown parameters
and u; = E(Y;), is the input dependent variable of predictors.
There are some distributional assumptions imposed within a GLM, namely that

any distribution taken from an exponential family of the form

0;yi — b;(6;)

¥t 01, O)exp {2 =] e )] (1= 12, M) (3.3)

can represent response variables Y in Equation 3.3. Here, aj, bi, and C; are arbitrary
functions, @ is an arbitrary “scale” parameter and 6; is a natural parameter. Furthermore,

by incorporating the log-likelihood double-differential equation

i, 1; = E(Y)) = b;'(8;y and Var(Y;) = b;"(6;).ai(0) (3.4)
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Equation 3.4 represent the log-likelihood double-differential equation,
furthermore we can also obtain a general expression for the mean and variance of
dependent variable Y, (Wood, 2006).

3.2. Accuracy Measures and Regression Models that are Non-Parametric

The algebraic relationship

y=fx)+e (3.5)

Describe in Equation 3.5 is a general non-parametric model of regression, and
here X = (X1, X2,...,Xk)".

By contrast to traditional regression analysis, where one aims to estimate the
parameters of the model, non-parametric regression has as its aim the direct estimation of
f, the regression function. It is assumed that with error term &, constant variance ¢ and a
mean of 0, one assumes by default that it is continuous and smooth. Nevertheless, in some
instances not relevant here, it does not necessarily have to be smooth.

The Equation 3.6 describes the additive regression model

Y =PBo+ frlx) + f2002) + -+ fr(xi) + € (3.6)

Equation 3.6 in which B, constitutes the intercept (or unknown bias) and one
assumes the inherent smoothness of the partial regressive functions fj (j =1, 2,...,k). The
aim is to estimate, from the data, the functions fj (j =1, 2,...,k) and ;.

Of course, there is a kind of variation model of the additive regression type, which
is called the Semiparametric Regression Model. Here, unknown functions of dependent
variables such as

y=PBo+Pixs + filxr) + () + -+ fir () + € (3.7)
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Equation 3.7 gives the unknown functions of dependent variables, which are
separated additively. Furthermore, functions that are unknown, appearing as terms of

higher dimension, for example

Y = PBo+ fr2(xp,x2) + fi(x1) + fo(x2) + -+ fir () + € (3.8)

may interact as predictor variables, and in the case of non-parametric regression of a

general type, may also apply.
3.3. Multivariate Adaptive Regression Splines (MARS)

Friedman (1991) developed a technique of data mining known as MARS. Its main
function is in the solution to problems of the regression type. MARS is similar to
regression in that the aim is use of the least squares method to optimize the fit of a
dependent variable, by contrast, it is possible with MARS to specify other and more
complex functions in addition to the traditional additive and linear ones. This is done
through a combination of both tree-techniques and regression.

Likewise, to the GLM, a non-parametric procedure, where no functional
relationship exists between the two variables (dependent and independent), a relationship
is defined using a piece-wise portioning approach like trees. On the other hand, the
advantage of MARS is that nodes can be split at each step as opposed to only the terminal
steps; additive and linear relationships can be captured; and two types of outcomes
(continuous or categorical) can obtain, due to the range of predictors is greater. In doing
so0, data is separated or divided into various “splines”, which are separated on the basis of
equivalent intervals. Then, for each spline, further sub-grouping of data occurs. The
process is thus similar, however more detailed than in previous approaches. Sub-groups
may be separated by “knots”, and occur in various different places, while the Basis
Function (BF) incorporates the data relevant to each sub-group.

Thus, as mentioned, the process is more detailed, however in the same genre. In
this case, the data itself determine the location of knots, the number of BF themselves,
and suchlike, through the expansion of the spine product BFs. By their very nature, which
is where there is a difference between MARS and the linear models, the relationship
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between splines is a smooth and continuous curve. It can be seen therefore that the step
function utilized in trees is substituted by a series of piece-wise polynomials to the n'"
degree. The knots are located at the abscissa points of the joins between the derivatives
of each polynomial. A continuous model is thus obtained through use of a truncated power
spline.

While a recursive partitioning approach to regression has its uses, continuous
models and their derivatives obtain from the use of MARS, as opposed to discrete ones.
With multi-variable interactions and relationships between variables that are either or
nearly additive, better and more efficient modelling occurs; and further, these variables
and their relationships may be identified. Hastie and Tibshirani (1990) and their work on
Classification and Regression Trees (CART), which is a technique of recursive
partitioning, is a direct predecessor to MARS in both spirit and genre. High level data
may incorporate patterns or interactions that are otherwise difficult to discern, therefore
as a result of it being a continuous model, it has many advantages over other such
methods.

The fundamental idea behind MARS is that we can approximate a non-linear
model by using separate slopes of regression, separated by distinct intervals, in the
independent variable space. As mentioned above, these spaces are called “knots”, and it
can be seen that the regression line and its slope alter when such knots are crossed. MARS
is both simultaneous and discrete in that it examines single variables and their inter-

relatedness, while taking stock of the overall bigger picture, as it were.
3.3.1. Basis Functions

The foundation of such data analysis is to determine the relationships between
dependent and independent variables. Therefore, with the idea of knots, these can be
discovered by applying the use of multivariate, adaptive regression splines. Basis
Functions in MARS are usually found in distinct pairs, and the Equation 3.9 for Basis

Function 1 (BF1) in terms of a variable elevation can be described as follows

BF; = max(0, elevation — 219) (3.9
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If one were to consider two sets of data for elevation variables, as described above,
considering the BF tend to occur in pairs, we could see that a first set constituted
elevations below a threshold margin (in this case for example 219 metres), and the second
set constituted those which are higher than this point. Elevation and slope degree are
unrelated in this example. Following this concept, due to MARS allows us to discard
various areas by assigning them a zero value, it means that a particular set of BF may be
employed as predictors in the spline regression model for the primary data (Friedman,
1991).

Relationships between predictor and response variables within the MARS system

comprise a double sided truncated function as in this graph below.
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Figure 3.2 The BFs used by MARS (x-t)+ and (t-x)+

Per Hastie et al. (2001) this graph describes two basis functions (t-x)+ and (x-t)+
In this example, parameter t is the knot of the BF defining sections, obtained from the
input data, of the piece-wise linear regression. Only positive results of each equation are
permitted; evaluation to 0 is the other possibility if negative.

The BF collection is

¢= {(Xj —t),,(t- Xj)+}
t € {xy, %5, . %y} (3.10)

j=12,..,p

It has noted that if the input values are distinct, then there are 2Np BF.
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Here is another example, which comes out through multiplying 2 MARS BF that
are piece-wise and linear. It can be seen from the diagram that if both component

functions are non-zero, then the result is only non-zero over a small range.

Figure 3.3 Two-way interaction basis function
3.3.2. Friedman’s MARS Model
Friedman (1991) described a flexible regression model that was non-parametric,

and used for high level data. Hastie et al. (2001) described a general equation for MARS

being as follows

y=fx)=po+ z Bmhm (X) + € (3.11)

In the Equation 3.11, y is defined as relating to X in that it is a predictor variable
(which may or may not relate to its interactions with other predictor variables). S, is the
intercept parameter and £,, is the weighted sum of hm(X) which are one or more BF. The
number of variables in the model is M.

It drew on Friedman (1991) which defined the main system as

y=f(xn .. xp) +€ (3.12)
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Through the use of the LSE, predictions based on the various inputs are generated
and combined, by using the parameters of the model. Let us further elaborate on the Basis
Function (BF), denoted S;(x).

The BF together with the model parameters which are estimated through least
squares estimation are combined to produce the predictions given the inputs.

Each basis function S;(x) may constitute one of these three states. It may be a
“hinge” function, which as the name suggests is of type either/or: max(0, x-const) or
max(0, const-x). According to MARS, the knots in these “hinge” functions are determined
automatically from the MARS process. Secondly, £;(x) could the product of two or more
of the “hinge” functions which would be the case when there are two or a greater number
of variables. And finally, the intercept alone would be where g;(x) is 1. Note that the BF
may be of different forms including either a simple constant or at the other end of the
spectrum, hinge functions which constitute multiple sub-functions and their product.

Let us look at what happens to the locations of knots (which is where input and
predictor values occur), and the interactions between the variables themselves. Starting
with one BF taken from the range of BF allowed, additional BF is added to the search
input into the MARS algorithm. This means that for all the BF spanning every value of
each predictor, a weighted average is chosen by MARS in order to obtain a goodness of
fit criteria that is maximized through use of the least squares method.

According to the process of MARS, the algorithm is used under the assumption
that function f is locally smooth. Where the standard concept of smoothness is not extant,

Friedman (1991) elaborated on the initial concept of MARS through the function estimate

fe =) _anl(x€4,), M <K (3.13)

Where there is a variable, x, in a single category, given x € {c, ..., ¢, }. Here, (As
..., Am) constitute sub-sets of {cy, ..., ck } and I is the indicator function. If M is a smaller
number, then the estimate is seen as smoother. Continuous and categorical explanatory

variables can also be accommodated through this expanded model.
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3.3.3. Hinge Functions

In discussing hinge functions, which typically occur in pairs, we must also
consider “knots” and “kinks” or sharp turns within one dimension. As has been explained
previously, where two splines intersect, we find a knot. It is at this point where two
different regression models meet. The hinge functions are of the general form max(0, x-
c¢) or max(0, c-x) in which c is the constant giving the value for the kink; 0 is the function’s
minimum value; and x is the variable itself. Here is a typical pair of hinge functions.
Functions which are not linear may also obtain through their multiplication. We can see
the location of the knot as being x = 3.1 in this particular graph.
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= max(0.3 1)
— \.,\
= W
q—_ "
' "‘x
i
— . max(l x-3.1)
o x‘\
e

20 2% 320 35 40 45
*

Figure 3.4 A mirrored-pair of hinge-functions with a knot at x=3.1
3.3.4. The MARS Approach to a Process of Model Building

When modelling statistically using MARS, a two-stage approach is utilized. It can
itself be compared as akin to that of the process using recursively partitioned trees. These
two stages are called the forward and backwards passes. As has been described above,
MARS incorporates piece-wise linear BF, on which are constructed double sided
functions truncated by the predictors, x, in the format (x-t)+ and (t-x)+ and the value of the

knot is at t. Where x € R, a truncation occurs in these two functions below

x—t ifx>t
—t —
(x =1 { 0 otherwise (3.14)
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and

t—x ifx<t
t — =
(t =), { 0 otherwise

(3.15)
At each t-value from Equation 3.14 and 3.15, it can be observed from first figure
above, that each function is piece-wise and linear. As indicated above, only positive
values are allowed otherwise the value is 0 by default. This is termed a reflected pair. By
induction, and logically from the equations, for each reflected pair there is an input x; with

a knot. It follows that a collection of base functions exists

c= {(x] —t),,(t =), |t € {x1j,x0) o xnj}h JE{L2, ...,p}} (3.16)

2Np base functions may exist in the case where all input values are different even
though all the base functions relate to a single x; and may still be seen as being a function
in the entire space of R”. When it becomes necessary to consider the spline fitting in
higher dimensions, by using basis functions we can generalize it into the various tensor
products relating to each univariate spline function. So, for basis functions that are

multivariate, the algebraic representation is

km

Bm(x) = H[Skm(xv(km) - tkm)]+ (3.17)

k=1

Here in Equation 3.17, Ky, is the total number of truncated linear functions in the
m'" basis function, xy(km) is the input variable which corresponds to the truncated linear
function at the k™ position of in the m™ basis function while t«m is the knot value which
corresponds to it and finally s, € {3 }, Yerlikaya (2008).

With linear regression of the step-wise form, functions and corresponding
products from the set C as opposed to the initial value are used. Building a MARS model

is similar, and is of this particular form
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M
) =Bo= ) Bmbm() + e (3.18)
m=1

In the Equation 3.18, from the set C, Bm(X) is either a function the product of two
or more functions. With a choice of By it is possible to estimate f,, which is the
coefficient, by using the method of minimizing the least squares regression and its sum.
It is important nonetheless to consider S,,(x) and how it can be structured, since within
C, one only finds candidate functions and the function which is constant: g,(x) = 1. B,
and its product must be considered for every step of the process within the model
collection (M) and the related reflective pair. If what obtains from this process is input

into our model (M), these next results
p w1 B0 (x; — t)+ + B ma2Br (0)(t - Xj)+,B1 EM (3.19)

The great advantage of this procedure is that training errors can be minimized. In
this equation, £ 5., and B ., are considered coefficients, along with other M+1
coefficients, which we can determine using the method of least squares with the refined
outcome input into MARS. It is like an iterative process in that the process begins again
until finally the highest allowable amount of items in M results. The optimum model, £,
with the perfect value a, is the desired outcome for a backwards elimination process that
removes the preceding terms causing minimal increases in the error of residual squares.
Generalized cross-validation (GCV) is a parameter employed to reduce computational
cost, or more specifically, its optimal value, a. In a similar process, an adjusted residual
sum of squares imposes a penalty on those models of excess complexity. Above, where
we wanted to avoid an overfit to the data of the total model, MARS is useful in that it
provides an optimal compromise between underfit and overfit. When a particular variable
is removed, the amount of degradation can be ascertained using GCV. Utilizing MARS
Is advantageous, as it helps to ensure a trade-off between variance and bias in terms of
the criterion of best fit: with a model that is global and over-arching, it may have low
variance and variability, by contrast a local and more specialized model has high
variability. The real function which underlies the basis functions f(x) draws on the above

to provide approximations to either linear expansion or its non-linear counterpart.
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An encapsulation of dependent variable y with M number of terms incorporated
within the MARS concept is as follows (whereby M is the number of terms over which
summation occurs; the model’s parameters are f3,, and 3, and the number of knots related

to each BF is t.

M
y= f(x) = .80 + Z .Bm + Hkm(xv(k,m)) (3.20)
m=1

Function H from Equation 3.20 may be defined according to

k
Hkm(xv(k,m)) = 1_[ hyem (3.21)
k=1

In the Equation 3.21, x,,( ) is the predictor to the k™ iteration of the m™ product.
The difference between additive and pair-wise interactive models lies in the value of K.
For the latter, K=1 and the former, K=2. To commence the process, it is necessary to use
candidate functions (all those in the set C) and ho(X) = 1, the constant function.

Let us examine the two types of process within MARS: forward pass and

backwards pass.
3.3.5. The Forward Pass

By beginning with an initial basis function, “layers” are added according to each
pair of BF. The aim of this is to reduce as much as possible the residual error in terms of
the sum of squares. To do so, it has to find the appropriate pair. These are always identical
except for the case of a mirrored hinge or rather another side of this hinge is incorporated
within the function. For each successive BF, where a hinge is defined in terms a knot and
a variable, the constant may be multiplied by the successive new hinge. It is therefore
necessary for the below process in the search procedure to occur, in three parts. Firstly,
terms which already exist (parent terms), all variables (so that a new variable is chosen
for the succeeding BF), and finally every value of every variable (so as to constitute a

new hinge function’s knot). When the residual error resulting from each step is, therefore

31



minimized such that it is not possible to continue, or the maximal number of terms has
been reached, is when the process ends. Using a heuristic enables reduction of the number
of parent terms it is necessary to consider, according to the inherent nature of the hinge
functions (Taylan et al., 2018).

3.3.6. The Backwards Pass

The other kind of way that MARS works is with the backwards pass. By contrast
to the forwards pass, this technique is advantageous in that it is able to look at past data
and events, and is thus able to pare away those inputs that are not as useful in generalizing
to new data. By cause of that, while it generates a good and descriptive model, this
overfitting is not as just explained seen as ideal. It bases future models on past data and
does not have good predictability.

As with CART, terms are deleted individually, with that term which is worst in
efficiency removed. This enables the sub-sets in the model to be cross validated using the
GCV criteria, and also avoid the issue of over-fitting though giving “penalties” to
unsuitable new entrants in the process and reliable testing of data fidelity. Thus, in being
able to delete any prior term, it is superior to the forwards pass that can only see as far
ahead as the next pair. Furthermore, the backwards pass is able to remove one side of a

hinge pair.

3.3.7. Generalized Cross Validation (GCV)

As mentioned previously, an ideal model is one which balances complexity
against goodness of fit, and since the backwards pass utilizes GCV with lower values of
GCV being better, it is possible to have the backwards pass and GCV estimate future
performance based on new data. The key word here is ‘estimate’, whereas new data is not
there when the model is built, thus it is more desirable to understand how a particular
performance comes from that new data.

Using Raw Residual Sum of Squares (RSS) on historical i.e., training data is

disadvantageous in that increasing terms in MARS causes the RSS to increase. Thus, due
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to that with a very large model, optimal performance is reduced, and the backwards pass
always tends towards the biggest model, this causes problems and becomes unwieldy.
Presenting the GCV formula below, N is the number of rows in a particular matrix,

X, and RSS is the Residual Sum of Squares.
GCV = RSS/(N = (1 — Ef fective Number of Parameters/N)"2) (3.22)

Equation 3.22 gives the GCV formula and for the particular situation of MARS,
we can define the most efficient parameter number as being the (Number of MARS
Terms + Penalty) * (Number of MARS Terms — 1) / 2, where the penalty is around the 2
or 3 or mark.

The addition of knots is penalized in this formula, since the (Number of Mars
Terms — 1) / 2 is the number of hinge function knots. Thus, with training data, we can
keep in account the flexibility of the model, through the ability of GCV to increase RSS
training data. On the other hand, an overly flexible model can result in extraneous
information i.e., noise, diverting from what we want to drill down into.

To illustrate GCV error, we can incorporate both model complexity and residual

error and find its specific measure. It is described in Equation 3.23 as

_ §V=1(yi - f(xl))z

GCVv
N
with
C=1+cd (3.24)

Defining the terms from Equation 3.24, we have the “penalty” for adding a BF as
¢, N being the number of cases in a data-set, and d being the number of effective degrees
of freedom. According to Hastie et al (2001) and as mentioned above, the most effective
C-values are around a d of 2 or 3.

Using GCV techniques within MARS, an RSS process ajusted by a penalty that
relates to model complexity , Friedman (1991), gives the possibility of evaluating model
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appropriateness. Model complexity is reflected in the value of the denominator, while the
numerator comprises the average RSS error. An estimate within the regression model for
the error variance incorporating a penalty factor is the basis of the process carried out
within this type of regression. The GCV statistics simply substitute for the GCV R-
squared value.

Craven and Wahba (1978) first described the process of GCV for error
approximation using a formula that determines the ability to validate results through
repeatedly leaving a previous term out. Friedman (1991) drew on this to describe the
concept of MARS.

3.3.8. MARS: its Relative Advantages and Disadvantages

As is the case with, quite many models in data science and statistics, therefore it
is with stating with absolute certaintly that one kind of regression modelling technique is
vastly superior to any other. In terms of the positives of MARS, it uses piece-wise linear
functions that generate continuous models. This leads to it being able, like CART, to be
a fully efficient and automated process, having categorised both dependent and
independent variables within a reasonably short time-frame without drawing too heavily
on computational resources. It is most efficient at the providing answers to complext
problems with multitudinous input variables, and is able to process non-linear
relationships thus giving clear interpretations. It is especially good at analysing situations
where the number of input variables is high and complex. Graphs can be produced of the
results, and the response variable can be determined through both interactive and additive
variables.

On the other side, the key disadvantages of MARS are that due to the over-fitting
that obtains from analysis of the training data, in which the various interactions and non-
linearities are identified, it may not be able to predict forwards as best hoped. It is
nonetheless possible, having said that, to mitigate against the level of over-fit through
using a smaller number of basis functions and giving higher penalties for each knot
(Yerlikaya, 2008). Another disadvantage is that a data-set of sufficient size must be
available; which can lead to complications in the balance between variance and relative
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bias. This means that although MARS generally uses less computational resources,
boosting or bagging can be more successful at generating accurate predictions.
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4. DATA COLLECTION

The data collection and analysis section is a crucial component of any research
study or project, providing a systematic approach to gathering and examining information
to draw meaningful insights and conclusions. This section encompasses the
methodologies, tools, and techniques employed to collect relevant data, ensuring its
reliability and validity.

4.1. Research Questions

e Classification performances of MARS data mining method in predicting internet
addiction levels of university students according to data obtained from both
countries (Turkiye -Iraq);

o Does it differ according to the correct classification rate?

o Does it differ according to the specificity rate?

o Does it differ according to the sensitivity rate?

o Does it differ according to the accuracy rate?

o Does it differ according to the F1-Statistics?

o Does it differ in terms of the area under the ROC curve, that is, the rate
of misclassification?

e What are the most important predictors of internet addiction of university
students in Turkiye based on MARS data mining method?

e What are the most important predictors of internet addiction of university

students in Iraq based on MARS data mining method?

4.2. Research Sample

The aim of the study is to examine a scale for internet addiction which is
developed by Gunuc and Kayri (2010), to examine the factors that can affect the addiction
status of individuals. The sample of the study is at the international level, and
cosmopolitan universities from each country (Turkiye and Irag) and a university from
mentioned countries were selected, which is Van Yuzuncu Yil University from Turkiye

and Soran University from Irag. The target audience was determined as university



students. The fact that the sample was composed of adolescents is due to the fact that
internet addiction is mostly seen in adolescents and individuals in this period are open to
all kinds of influences. The number of individuals in the sample is 2235; 1220 students
from Van Yuzuncu Yil University, 1015 from Soran University were assigned by random
sampling method. The age range of the sample ranged from 18-67 and the mean age was
found to be 21.66.

4.3. Research Context

According to a study by Derbyshire et al. (2013), students of college age are
becoming increasingly reliant on technology both to communicate with their peers, also
to navigate everyday life. As we know, with the recent COVID-19 pandemic, technology
use has only become more embedded in daily life for all, in a very short space of time.
This includes the introduction and often replacement of college classes with online

interaction.

4.4. Research Design

This research was designed in relational screening model, which is one of the
general screening models. Relational screening models are research designs that try to
define the relationships between the variables and identify the presence and/or quantity
of change between two or more variables. Furthermore, relational screening model was
not a widely known statistical method. However, potential attributes might include
identifying variable changes, determining relationships between variables, using
correlation analysis, and aiding in prediction. For the latest information, refer to recent

research sources.

4.4.1. Measuring Tools

A questionnaire (Appendix 1) was partially designed by Gunuc and Kayri (2010)

and the researcher with a total of 54 items to ask. It was semi- rather than fully-structured

in form. The idea was to look at the extent to which internet addiction was a factor for the
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students at this school. It was divided into three separate sections, and responses required
grading according to a five-point Likert scale. James and Lee (2011) this is a well-
established and commonly used scale that obviates simple yes or no responses, which do
not provide sufficiently detailed responses.

The three sections were as follows. For the first, it looked at the classic social and
demographic backgrounds of the participants including the usual questions relating to
socioeconomic status, age and gender. This comprised 5 closed ended questions. The
second addressed the effects of the COVID-19 pandemic; more specifically, how it had
changed their use of the Internet by asking about length of time spent on it, how has use
changed, whether they had it at home, on what sort of device they accessed it, and
suchlike. This comprised 10 questions both closed and open in style. The third part
incorporated a scale for internet addiction, where four diagnostic areas were explored.
These were, in no particular order: social isolation, difficulty controlling use, the effects
of withholding use, and its impact on daily life. The details of participants were only seen

by the researcher for reasons of confidentiality.

4.4.2. How the Research was Carried-out

Preceding the survey, informed, formal consent was obtained from all
participants, whether they undertook the questionnaire online or through one of the paper
forms distributed in person. The questionnaires were returned, data extracted and then
analysed. Permission had also to be sought from the administrations of both Soran and
Van Yuzuncu Yil University.

Since the language of the internet addiction scale is Turkish, it has been converted
into English by taking into account the scale adaptation steps, afterward that it can be
applied to students who study 100% English at Soran University. Thus, it was necessary
for thorough review and comparison between the translations to ensure that the questions
were of the same line of enquiry. The questionnaire was then piloted among a group of
250 students at Soran University, before full distribution.

Employing a technique of random sampling, the link for the questionnaire was
distributed to students at 5 of the faculties at Soran — i.e., 50 students from each, totalling
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250 as mentioned. A time limit was imposed of a week, with a reminder message two day
later.

4.5. Analysis of the Data from Pilot Study

Analysing the data statistically using quantitative methods since the research is
one-by-one quantitative study; where responses were open ended, general trends were

identified and thus quantified for statistical analysis.

4.5.1. What the Research's Pilot Study Revealed

As a result of the Confirmatory Factor Analysis applied on the data as a result of
the application to 250 students, it was observed that the structure was under the factor
specified in each item as stated in the original scale (RMSEA: 0.060, CFI: 0.95, NFI:
0.90, NNFI: 0.95 and GFI: 0.81). Again, the reliability values (McDonald's ®) obtained
for the four dimensions were obtained as 0.829, 0.839, 0.833 and 0.795, respectively. It
was concluded that the internet addiction scale, which was adapted into datasets with
these values, was valid and reliable.

4.5.2. Testing the Data Set’s Assumptions

Below will be set out a commentary on how certain operations on the data set may
affect results in different ways. Before any kind of scientific analysis is carried out, one
has to assume various criteria that hold, therefore both the reliability and validity of
measurement may be in question.

Before one of the two main methods of statistical analysis (parametric or non-
parametric) can be applied to a data set, various assumptions have to be made as just
stated. According to at least two papers by Mishra et al. (2019) it is necessary to have
four specific requirements be met. These are generally seen by them as:

e Lack of multi-co-linearity: there are no errors in independent
variables;

e Normality: the data show a normal distribution;
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e Linearity: with independent variables constant, the relationship
between dependent and independent variables is linear; and

e Homogeneity: any combination of the independent variable may be
allowed causing subsequent variance in the dependent variable.

Sayed et al. (2022) it is also possible to employ a non-parametric approach. For
the reason that a parametric approach only holds for when the data are under a normal
distribution; in the opposite situation, per Hazra (2017) different confidence intervals and
values can result —with the predictable outcome that results may differ from reality, which
is clearly undesirable.

Researchers generally use two main methods when deciding whether data exhibit
a normal distribution or not. These are the Kolmogorov-Smirnov test where n>50 and for
less than that, the Shapiro-Wilk test. It is necessary for data to be from a normally
distributed population and the null hypothesis to hold, with p<0.05.

With the results of the present study, both of the below tests exhibit p<0.05 for the
Kolmogorov-Smirnov test as shown below in Tables 4.1 and 4.2 below, meaning that a

normal distribution does not apply.

Table 4.1 Normality test for the dependent variable for the Tiirkiye’s sample

Kolmogrov-Smirnov
Internet Addiction Statistic df p
0.063 1220 0.001

Table 4.2 Normality test for the dependent variable for the Iraq’s sample

Kolmogrov-Smirnov
Internet Addiction Statistic df p
0.056 1015 0.001

As can be seen above, a parametric approach to data analysis is inappropriate

given the significance values in both data sets: the Normality assumption does not hold,
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meaning that at least one of the four required assumptions have not been met. Thus, a
non-parametric approach needs to be taken. It should be noted however that there is no

requirement to test data set assumptions when employing a MARS approach.

4.6. Measurements of Reliability and Validity

While there is a certain temptation to do so, we should not see reliability and
validity as independent of one another. It is logical to assume that something ought to be
valid and reliable, according to Biolcati-Rinaldi et al. (2018) if we are to depend on is as
representing an attribute or concept with any degree of certainty. This ensures that a well-
designed study produces consistent and accurate results of data analysis.

According to Chetwynd E. (2022) researchers should be aware of the need for
reliability and validity in evaluating the literature, therefore they can choose the most
appropriate basis for their studies in order to be seen as credible.

4.6.1. The Validity of the Data Sets

Buntins et al. (2017) validity can be seen as the degree to which a certain
instrument measures what it claims to, with a concurrent degree of inherent reliability and
clarity. A well-constructed research instrument is needed, according to Geldhof et al.
(2014) in order to further add credibility to the study, and to ascertain whether the
scientific method has been employed correctly. According to Lucas Gren (2018) every
scientific study must demonstrate validity; clarity; be dependable and trustworthy; and
follow the accepted method of generating research findings.

According to the exploratory factor analysis obtained by Gunuc and Kayri (2010)
which has been apply to the internet addiction scale in regarding the construct validity of
the scale, after the exploratory factor analysis the scale consists of four sub-dimensions
(Deprivation, Control Difficulty, Impairment in Functioning and finally Social Isolation).
Subsequently of conducting exploratory factor analysis, in order to show that the results
and structure of this study are valid, confirmatory factor analysis was applied with the
obtained data.
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4.6.1.1. Confirmatory Factor Analysis

Lee et al. (2006) described Exploratory Factor Analysis, or EFA, and it was
developed into Confirmatory Factor Analysis, or CFA, as described by (Douglas, 2017).
The aims of CFA are to test a hypothesis by means of initial examination, testing and
drawing the relevant conclusions. In the present study, it was necessary to determine
whether data were of a multivariate normal distribution.

To carry out the required analysis and build an appropriate model, the package
LISRELS8.80 was used. Factor scaling with a variance factor of 1 was employed. The
following factors were also examined within the data analysis: Normed Fit Index (NFI),
Non-Normed Fit Index (NNFI), Root Mean Square Error of Approximation (RMSEA),
Standardised Root Mean Square Residual (SRMR), Goodness of Fit Index (GFI), Chi
squared (x2) and Comparative Fit Index (CFI).

It is worth mentioning though that since sample size is a major factor affecting x?2,
it was discarded. This follows the approach taken by Tibshirani (2001) where all of the
other above factors were however used. Values as a reference point of NFI, GFI, NNFI
and CFl of >0.90 and SRMR and RMSEA of <0.08 were incorporated into the
calculations. Table 4.3 below depicts the results of our Confirmatory Factor Analysis,

while Appendix 2 is where the path diagrams may be located.

Table 4.3 Results of confirmatory factor analysis

Sample RMSEA SRMR CFI GFlI NFI NNFI

Turkiye Sample 0.074 0.062 0.97 0.81 0.97 0.97
Irag Sample 0.069 0.058 0.95 0.83 0.94 0.95

According to Schumacker and Lomax (2004), values of SRMR and RMSEA are
<0.08, there is an acceptable fit. As shown above, for both sets of data (Turkiye and Iraq),
we can conclude these SRMR and RMSEA values as being acceptable and within the

boundary.
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Additionally, as pointed out above, if all the other CFA results apart from CFl,
GFI, NFI, NNFI exhibit a figure of >0.90 then it is clear that there is an acceptable fit to
the data. We can observe from the table above that with the exception of the GFI, which
is nonetheless close to 0.90, that statement holds true. It can thus be concluded that having
applied a range of indices to the data, the data can be considered valid; the model is
suitable; and thus, the data is validated.

4.6.2. Measurement and its Reliability

Below follows a discussion of two types of reliability coefficient: the McDonald
o and the Cronbach a. They both relate to scales of the Likert type.

Let us first consider the a coefficient. This is employed where test items include
either isomorphic or parallel and t-equivalent measures, and is used as an unbiased
method of estimating the degree of data reliability. By contrast, McDonald’s o coefficient
is employed if we are to measure items of differing sensitivity and size and the structure
itself i.e., measurements which are congeneric.

According to Geldhof et al. (2014), the former a coefficient generates biased
results and thus the o coefficient is preferred. Yurdugul (2006) observes that the relative
difference carries through to the results of factor analysis. In order to calculate both the
Cronbach and McDonald values, Jamovi 0.9.0.3 was used. Drilling down further into the
data, Table 4.4 below presents the various sub-categories of Scale Reliability with respect
to the Turkish data.

Table 4.4 Reliability statistics for the Tiirkiye’s sample

a (Cronbach) ® (McDonald)

Internet Addiction Scale 0.957 0.959

As can be seen from the Table 4.5 above with an a value of 0.957 and a ® value
of 0.959, it is clear that the data can be considered valid and thus reliable based on the

discussion above.
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Table 4.5 Scale reliability statistics for the various sub-categories of Turkiye dataset

a (Cronbach) ® (McDonald)
Deprivation 0.887 0.888
Control Difficulty 0.898 0.904
Impairment in Functioning 0.908 0.91
Social Isolation 0.878 0.883

Examining Table 4.5 above, we can state that both o and ® values are almost the
same. This indicates reliability and consistency and thus data validity.

Let us turn to the corresponding data for Irag, and the results obtained as to sample
reliability. From Table 4.6 below, the following points may be noted. For both
coefficients, they are marginally lower than for the Turkish data, nevertheless are much
of a muchness. Again, given the discussion above, the data may be considered reliable,

consistent and valid.

Table 4.6 Reliability statistics for the Iragi sample

o (Cronbach) ® (McDonald)

Internet Addiction Scale 0.936 0.937

In Table 4.7 below, similar values for each coefficient have obtained, and the same
conclusions as for the Turkish data hold, i.e., the data is reliable, consistent and valid.

Much the same statements can be made for both sets of data.

Table 4.7 Scale reliability statistics for the various sub-categories of Iraqi dataset

o (Cronbach) ® (McDonald)
Deprivation 0.847 0.848
Control Difficulty 0.859 0.863
Impairment in Functioning 0.853 0.856
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Table 4.7 Scale reliability statistics for the various sub-categories of Iraqgi dataset
(continued)

o (Cronbach) ® (McDonald)

Social Isolation 0.813 0.814
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5. ANALYSIS OF DATA

This section serves as a vital component of the research study, where raw data is
transformed into meaningful insights and valuable information. This section involves the
application of statistical and computational techniques to organize, interpret, and derive
conclusions from the collected data. By employing appropriate analytical methods,
researchers can identify patterns, trends, relationships, and correlations within the data,

providing a deeper understanding of the research objectives.

5.1. Demographic Descriptive Statistics

In the section, it was aimed to examine the relationship between the addiction
variable and some demographic variables. The percentage of variables obtained from the
sample, such as country, gender, stage, age, parental education, parental occupation,
number of siblings, smoking status, family income, internet ownership at home, the most
frequent use of internet, annual and daily use of internet, also question relate to the

COVID-19 pandemic, and frequency distributions are given in this section.

Table 5.1 Frequency distribution of individuals according to countries

Irag Turkiye

Number of Participants 1015 1220

As seen in Table 5.1, data were collected from two universities of two different
countries which are Turkiye and Irag. The number of participants from each sample varies
of each which is 1015 for Iraq and 1220 for Turkiye.

Table 5.2 Frequency distribution of individuals by gender

Iraq Turkiye
n (%) n (%)
Male 465 (45.81%) 427 (35%)

Female 550 (54.19%) 793 (65%)
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Figure 5.1 Frequency distribution of individuals by gender

As can be seen from Table 5.2, 892 (39.9%) male students and 1343 (60.1%)
female students participated in the study which has been shown by each country. The fact
that the number of female students was close to the number of male students in the random
sampling minimized the possibility of a single factor in terms of gender being effective

in internet addiction.

Table 5.3 Frequency distributions of individuals according to their fathers' educational

status
Study Level Iraq Tirkiye
n (%) n (%)

Not-Literate 144 (14.19%) 56 (4.59%)
Literate 0 51 (4.18%)
Primary School 247 (24.33%) 356 (29.18%)
Middle School 218 (21.48%) 235 (19.26%)
High School 196 (19.31%) 306 (25.08%)
Diploma or Bachelor 187 (18.42%) 189 (15.49%)
Master 13 (1.28%) 19 (1.56%)
Ph.D. 10 (0.99%) 8 (0.66)
Total 1015 1220
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Figure 5.2 Frequency distributions of individuals according to their fathers' educational
status

From Table 5.3 the frequency distributions of individuals' fathers' educational
status are seen. It is observed that the educational status of the fathers of the individuals
is generally low and they are predominantly composed of middle school, high school and

Diploma or Bachelor graduates.

Table 5.4 Frequency distributions of individuals according to their mothers’ educational

status
Study Level Iraq Tirkiye

n (%) n (%)
Not-Literate 434 (42.76%) 257 (21.06%)
Literate 0 (0%) 84 (6.88%)
Primary School 283 (27.88%) 434 (35.57%)
Middle School 141 (13.89%) 183 (15%)
High School 73 (7.19%) 180 (14.75%)
Diploma or Bachelor 81 (7.98%) 67 (5.49%)
Master 2 (0.1%) 10 (0.82%)
Ph.D. 1 (0.09%) 5 (0.41%)
Total 1015 1220
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Figure 5.3 Frequency distributions of individuals according to their mothers’ educational
status

From Table 5.4 the frequency distributions of individuals' mothers’ educational
status are seen. It is observed that the educational status of the fathers of the individuals
is generally low and they are predominantly composed of primary school, middle school
and high school graduates, and primary school holds the greatest ranking amongst the two
countries, with 283, 434 mothers’ of students from both Tiirkiye and Iraq having

completed primary school.

Table 5.5 Frequency distributions of individuals according to their fathers' occupations

Working Status Iraq Tirkiye

n (%) n (%)
Not-Live 18 (1.77%) 23 (1.89%)
Public Personnel 549 (54.09%) 146 (11.97%)
Private Sector Employee 31 (3.05%) 45 (3.69%)
Self-employed-artisan-businessowner 349 (34.38%) 771 (63.2%)
Retired Working 6 (0.59%) 1 (0.08%)
Retired Not-working 62 (6.11%) 169 (13.85%)
Not-working, Unemployed 0 (0%) 65 (5.33%)
Total 1015 1220
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Figure 5.4 Frequency distributions of individuals according to their fathers' occupations

Table 5.5 demonstrates that the majority of fathers' occupations in the two
countries are distinct from one another, with 549 (54.09%) fathers of Iragi students
working as public employees and 771 (63.2%) fathers of Turkish students working as
self-employed artisan business owner. Father unemployment rates in Irag and Turkiye are

0 and 65, respectively.

Table 5.6 Frequency distributions of individuals according to their mothers’ occupations

Working Status Iraq Turkiye
n (%) n (%)

Not-Live 5 (0.49%) 5 (0.41%)
Public Personnel 115 (11.33%) 31 (2.54%)
Private Sector Employee 14 (1.38%) 13 (1.07%)
Self-employed-artisan-businessowner 11 (1.08%) 145 (11.89%)
Retired Working 3 (0.3%) 10 (0.82%)
Retired Not-working 865 (85.22%) 959 (78.61%)
Housewife 2 (0.2%) 57 (4.67%)
Not-working, Unemployed 0 (0%) 0 (0%)
Total 1015 1220
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Figure 5.5 Frequency distributions of individuals according to their mothers’ occupations

Table 5.6 shows that the majority of mothers’ professions is retired nonworking
in the two countries, with 865 (85.2%) and 959 (78.6%) mothers of both countries are
retired nonworking, and these number may lead to misleading the information, like the
majority of students misunderstand between retired nonworking and housewife which is

true in particular in the case of Iraqg.

Table 5.7 Frequency distributions of individuals according to smoking

Iraq Turkiye

n (%) n (%)
Yes 131 (12.91%) 252 (20.66%)
No 816 (80.39%) 834 (68.36%)
Sometimes 68 (6.7%) 134 (10.89%)
Total 1015 1220

Sometimes - I
Country

No -
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-
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Figure 5.6 Frequency distributions of individuals according to smoking
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The state of their smoking was inquired of the students. The number of non-
smokers was discovered to be 816 (80.4%) and 834 (68.4%) students from each Iraq and
Turkiye, with a stunning majority, as shown in Table 5.7. The reason for this rate's high

prevalence is that people tend to conceal their smoking habits.

Table 5.8 Frequency distributions according to the income distribution of families

Iraq Turkiye

n (%) n (%)
Less than 200$ 114 (11.23%) 310 (25.41%)
200$-400% 199 (19.61%) 483 (39.59%)
400$-600% 239 (23.55%) 226 (18.52%)
600$-1000% 244 (24.04%) 142 (11.64%)
1000$-1500$ 141 (13.89%) 36 (2.95%)
More than 1500$ 78 (7.68%) 23 (1.89%)
Total 1015 1220
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Figure 5.7 Frequency distributions according to the income distribution of families

Since internet access involves a certain cost and therefore the relationship between
family income and internet addiction is wanted to be examined, the distribution of
individuals' family incomes has been obtained. As can be seen in Table 5.8, it is observed
that the income distribution of families is gathered at low values. Accordingly, the income
level in the sample has gained weight between 400$ and 600$ for Iraq sample and 200$-
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400% for Turkiye sample, and there are 239 (23.5%) and 483 (39.6%) families in both
countries in these income range. The determination of family incomes having such low
values is important for this study in examining the sociological and psychological

conditions of the students.

Table 5.9 Frequency distributions according of having internet at home

Iraq Turkiye
n (%) n (%)
Yes 939 (92.51%) 919 (75.33%)
No 76 (7.49%) 301 (24.67%)
Total 1015 1220
No -
Country
III Iraq
. Turkey
Yes -

0 500 1000 1500
Frequency

Figure 5.8 Frequency distributions according of having internet at home

Table 5.9 demonstrate that 939 (92.1%) 919 (75.3%) of students from each Iraq

and Turkiye have an internet in their home.

Table 5.10 Frequency distributions according of individuals according to the most
frequent use of the internet

Iraq Tirkiye
n (%) n (%)
Research 318 (31.33%) 249 (20.41%)
On-line Education 67 (6.6%) 220 (18.03%)
Chat 225 (22.17%) 297 (24.34%)
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Table 5.11 Frequency distributions according of individuals according to the most
frequent use of the internet (continued)

Iraq Turkiye
n (%) n (%)
News 240 (23.65%) 61 (5%)
Music-Movie 103 (10.15%) 293 (24.02%)
Game 40 (3.94%) 76 (6.23%)
Pornography 3 (0.3%) 4 (0.33%)
Shopping 11 (1.08%) 16 (1.31%)
Gambling 8 (0.79%) 4 (0.33%)
Total 1015 1220
Gambling -
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Pornography - Country

Game - .
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Figure 5.9 Frequency distributions according of individuals according to the most
frequent use of the internet

Individuals were asked to indicate their purpose of using the Internet. However, it
is thought that most of the internet usage purposes in Table 5.10 are used by the
individual. Therefore, in order to obtain more precise results, individuals were asked to
indicate the purpose of using the Internet most frequently. According to this; when Table
5.10 is examined, it is seen that the majority of individuals use the Internet for "Research"
and "Chat" for Iraqi sample, and “Chat” and “Music-Movie” for Tiirkiye sample. In

addition, the fact that a higher rate is expected in the use of the internet for pornographic
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purposes, nevertheless at a low rate of 0.3% for both Iraq and Turkiye, is interpreted as
the fact that individuals cannot easily state this purpose in the scale forum due to
embarrassment and disgust. The distribution in the most common usage purpose is shown
in (Figure 5.9).

Table 5.12 Frequency distributions according to pandemic forced individual to use more

internet
Iraq Tirkiye
n (%) n (%)
Yes 651 (64.14%) 1055 (86.48%)
No 364 (35.86%) 165 (13.52%)
Total 1015 1220
No- Country
. Iraq
. Turkey
Yes -

500 1000 1500
Frequency

o -

Figure 5.10 Frequency distributions according to pandemic forced individual to use
more Internet.

During the pandemic COVID-19 which most people stay all time at home and
change the lifestyle of people and education, student asked to explain the relation between
pandemic and using more internet in that era. As it can be seen from table 5.11, the most
student 651 (64.14%) and 1055(86.5%) of Iraq and Turkiye respectively, clarify that the
pandemic COVID-19 forced them to use more time on internet.
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Table 5.13 Frequency distributions according to infecting with COVID-19

Iraq Tirkiye
n (%) n (%)
Yes 377 (37.14%) 429 (35.16%)
No 638 (62.86%) 791 (64.84%)

Country

Yes -

500 1000 1501
Frequency

Figure 5.11 Frequency distributions according to infecting with COVID-19

o -

From the Table 5.12 students from both countries were asked to clarify that are

they get infected with COVID-19, as it can be demonstrate from above table, most student

638 (62.9%) and 791 (64.8%) from Iraq and Turkiye correspondingly answered with no,

which lead the most students do not get infected during pandemic COVID-19.

Table 5.14 Frequency distributions according to the type of device for study

Iraq Tirkiye
n (%) n (%)
Laptop 229 (22.56%) 437 (35.82%)
PC 30 (2.96%) 81 (6.64%)
Smart Phone 686 (67.59%) 678 (55.57%)
Tablet 70 (6.9%) 24 (1.97%)
Total 1015 1220

57



Tablet I

I . Iraq

SmartPhone -

. Turkey

PC

0 500 1000
Frequency
Figure 5.12 Frequency distributions according to the type of device for study

From Table 5.13 it can be seen that most student from both countries use smart

phone for study online or using Internet.

Table 5.15 Frequency distributions according using internet during COVID-19 lockdown

Iraq Turkiye
n (%) n (%)
Less than 1 hour in a day 88 (8.67%) 30 (2.46%)
1-2 Hours a day 116 (11.43%) 70 (5.74%)
2-4 Hours a day 168 (16.55%) 185 (15.16%)
4-6 Hours a day 202 (19.9%) 327 (26.8%)
6-8 Hours a day 218 (21.48%) 329 (26.97%)
More than 8 hours in a day 223 (21.97%) 279 (22.87%)
Total 1015 1220
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Figure 5.13 Frequency distributions according using internet during COVID-19
lockdown

From Table 5.14 it can be seen that most student from Irag use Internet more than
eight hours a day, and in the other hands, student form Turkiye use Internet between six
to eight hours per day, which we can conclude that the students from Irag, use Internet

more than Turkiye and they will face internet addiction more against Turkish Students.

Table 5.16 Frequency distributions according using internet before COVID-19 lockdown

Iraq Turkiye
n (%) n (%)
Less than 1 hour in a day 142 (13.99%) 69 (5.66%)
1-2 Hours a day 228 (22.46%) 243 (19.92%)
2-4 Hours a day 299 (29.46%) 404 (33.11%)
4-6 Hours a day 159 (15.67%) 326 (26.72%)
6-8 Hours a day 109 (10.74%) 100 (8.2%)
More than 8 hours in a day 78 (7.68%) 78 (6.39%)
Total 1015 1220
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Figure 5.14 Frequency distributions according using internet before COVID-19 lockdown

From the Table 5.15 it was clarified that the pandemic has big impact to use more
internet among student in both countries, and from Table 5.14 and 5.15 it in obvious that
there is huge different in using internet among students before and during COVID-19
pandemic, which from Iragi sample before pandemic the high rank of hourly usage is
between 2-4 hours a day, that have been changed to more than 8 hours in a day. In other
hand, from Turkiye sample before pandemic the high rank of hourly usage is between 2-
4 hours a day, that have been changed to 6-8 hours a day.

From above state it claims that the pandemic has strong effect of using Internet,

which lead significantly to internet addiction among students of both countries.
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Figure 5.15 Density plot for both data sets

From the above density plots which help to visualize the overall shape of a
distribution, and as a result the we have got from the shape of density plot of (age, Internet
addiction, Deprivation, Difficulty in control, Distortion in functionality, Social isolation)
we can conclude that the both country almost have the same shape and they are almost
equal.

Regarding the Pairs plots (Appendix 3), it demonstrates how the upper panel will
display the correlation between both the continuous variables, the bottom panel will
present the continuous variables' scatter plots, and the diagonal panel will display the

continuous variables' density plots. The data frame's columns can be chosen using the
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columns argument before being plotted. Pairs plot is a useful visualization tool for
researcher, it shows the relationship between every variable and every other one.

Before datamining we need to get the correlation matrix, we apply the correlation
matrix between four dimension of internet addiction (Deprivation, Difficulty in control,
Distortion in functionality, Social isolation) and independent variables

which it is demonstrate from the above plots, and we can state the following
outcome;

o There is a relationship (linear relationship) between country and all

dependent variables (Internet Addiction and its components; Deprivation,

Difficulty in control, Distortion in functionality, Social isolation), and here ***

shows that the p-values are less than 0.01.

o Stage, Siblings Number, Smoke, Being infected with COVID-19, Quality

of online education during COVID-19 do not have significant correlation with

dependent variables.

o Gender has significant correlation with the variables Internet Addiction,

Deprivation, Distortion in functionality, Social isolation.

o Age has significant correlation with the variables Internet Addiction,

Deprivation, Difficulty in control, Distortion in functionality.

o Mother and Father Education do not have significant correlation with

dependent variables.

o Father Job has significant correlation with the variables Internet Addiction,

Deprivation, Distortion in functionality, Social isolation.

o Mother Job and Family Income has significant correlation with
Deprivation.
o Having Internet at Home has significant correlation with the variables

Internet Addiction, Deprivation, Difficulty in control, Social isolation.

o Purpose of using Internet has significant correlation with the variables
Internet Addiction, Deprivation, Difficulty in control, Distortion in functionality.
o Hours of using Internet has significant correlation with the variables
Internet Addiction, Deprivation, Difficulty in control, Distortion in functionality,
Social isolation.

62



o Force of Using Internet During COVID-19 has significant correlation with
the variables Internet Addiction, Deprivation, Difficulty in control, Distortion in
functionality.

o Electronic Device has significant correlation with the variables Internet
Addiction, Difficulty in control, Distortion in functionality, Social isolation.

o Hours of Using Internet During COVID-19 has significant correlation with
the variables Internet Addiction, Deprivation, Difficulty in control, Distortion in
functionality, Social isolation.

o Hours of Using Internet before COVID-19 has significant correlation with
the variables Internet Addiction, Deprivation, Difficulty in control, Distortion in

functionality, Social isolation.

5.2. Correlation between Independent Variables

From our data set we have 19 independent variables, and Spearman method have
been used for finding the correlation coefficients and p-values of categorical variables.
After finding the result of the correlation between variables which have been shown in
the appendix 4, we can conclude that the most of features (predictors) are significantly

correlated to each other.

5.3. Two Step Cluster Analysis

The scale total scores that we consistently obtained for each individual in the
internet addiction scale were categorised by a two-step clustering analysis (two-step
cluster). Two-step clustering analysis allows the data set to be divided into homogeneous
subgroups. In other words, it aims to divide the heterogeneous data set into homogeneous
subclasses or clusters. It is reported in the literature that statistical studies obtained from
the clusters thus formed have healthier results (Kayri, 2007). The general purpose of this
technique is to classify ungrouped data according to their similarities and assist the
researcher in obtaining relevant, useful and summative information (Harrigan, 1985). The
internet addiction scale is a 5-point Likert scale, with a minimum score of 35 and a

maximum score of 175 for each participant. After the two-stage cluster analysis, 2 clusters
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with a cut-off score of 93 points (including 93) for the Tirkiye sample and 88 points
(including 88) for the Irag sample were obtained. These clusters are named as “non-
dependent” and “dependent”. Information about the clusters and their frequencies

obtained for Turkiye and Iraq are presented in Table 5.16.

Table 5.17 Two-step clustering analysis

Turkiye Iraq
N % n %
Non-dependent 893 73.2 542 53.4
Cluster
Dependent 327 26.8 473 46.6

In Table 5.16, the data set consisting of 1220 students forming the sample of
Turkiye is gathered under 2 clusters, 893 students (73.20%) in the first cluster and 327
students (26.80%) in the second cluster show common characteristics. On the other hand,
the data set consisting of 1015 students forming the Iraq sample is gathered under 2
clusters, 542 students (53.40%) in the first cluster and 473 students (46.60%) in the
second cluster show common characteristics. on the contrary, for both data sets, we can
say that the individuals in one cluster differed from the individuals in the other cluster.
According to these similarities, internet addiction was made categorical and the MARS

model was established and analyses were carried out.

5.4. Confusion Matrix

A Confusion Matrix (CM) is a device which allows patterns to be recognised and
allocated to their relevant class, and to see at a glance whether a system has confused
them. According to binary logic, results can either be positive or negative and true or
false. Thus, we have True Positive and True Negative (TP and TN), with the opposite
being either False Positive or False Negative (FP or FN).

As underlined by Concha et al (2014), the ideal is clearly that the sum of TP and
TN be close to that shown by the pattern; and that the sum of FP and FN be as close to

zero as possible. The device is most usefully used for binary classifications, for example
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success/failure, yes/no and suchlike. As shown below in (Figure 5.16), a Confusion
Matrix has been presented. It shows outcomes according to actual and estimated results.
A CM can also be used in determining the AUC-ROC curve, precision, recall and
accuracy of data. If the number of classification problems is greater than two, one simply

sums the outcomes accordingly.

Negative (N) Positive (N) Total
Negative (N) TN FP TN+FP
Actual .
Positive (N) FN TP FN+TP
Total TN+FN FP+TP TP+FP+TN+FN

Figure 5.16 Confusion matrix

5.4.1. Accuracy

Accuracy can quite simply be defined as the ration between how many input
samples there were versus the number of predictions which were correct according to the
model. It therefore follows that when analysing the AUC-ROC curve, the True and False
Positive Rates (TPR and FPR) are determined.

The following formulae apply when determining TPR and FPR:

rPR= ¥ 4 FPR= P
~Tp+rFN " ~“FP+TN (5.1)

It thus follows that accuracy is:

(TP +TN)
(TP + FP + TN + FN) (5.2)

Accuracy =

5.4.2. Precision
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As the name suggests, the degree of precision shows how well predictions from
the data turn out to be correct in reality, and is key when the FN rate is of lesser concern

than that of the FP. The formula for precision is shown below:

precision — P
recision = o0 (5.3)

5.4.3. Sensitivity

The TPR or sensitivity shows the degree to which a model is able to respond and
predict appropriately, and the ideal would be a situation where there are a low number of
FN such that the sensitivity is as close to 1 as possible.

TP

Sensitivity = TP+ FN (5.4)

5.4.4. F1 Score

When analysing data and indeed when using scientific instruments in general, we
can either increase sensitivity or precision, not both. There always has to be a balance
between the two. We therefore use something called the F1 score to illustrate the situation.
As it uses a harmonic mean, the greatest value is where the sensitivity value is the same

as that for precision.

2 x Sensitivity * Precision

F =
Sensitivity + Precision (5.9)

5.4.5. Area Under the Receiver Operator Characteristic Curve (ROC)
Kim and Hwang (2020), the means by which the optimum classifier can be

determined is through use of the Receiver Operator Characteristic (ROC). Concha et al.
(2014) explains that the balance between TPR and FPR can be illustrated by the ROC
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curve. It helps us to select, organise and visualise the various classifiers according to their
degree of robustness, and this measure can be shown by the Area Under Curve (AUC).
When examining the ROC curve, on a graph of distribution against probability,
we can ascertain the level of performance relating to a certain classifier. As the ideal is a
high TPR and correspondingly low FPR, there will be different distributions for each. A
classification threshold is required as well as the ratio of false negatives to false positives.

A typical situation is shown below in (Figure 5.17):

A Given
threshold
(ex:0.6)

Distribution

0 Probability

Figure 5.17 Distribution against probability
5.4.6. Area Under the Curve (AUC)

The AUC is a measure which is superior to the ROC curve in that it is more
explicit in allowing the comparison and contrast between two models, not simply just that
of TRP and FPR against each other. It details the level of performance across all
thresholds of classification. With a value between 0 and 1, it shows how effective the
model is in a clear and transparent way. It shows how well initial predictions relate to
actual outcomes. Taken from Kim and Hwang (2020) is an example of a typical ROC
graph as revealed below in (Figure 5.18). It is clear that of three different classifiers A, B
and C, the one with the best TPR against FPR and thus performance is A, then B and
finally C.
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Figure 5.18 A typical ROC plot
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6. FINDINGS AND COMMENTS

In this section, the results of the MARS data mining method performed on the data

of Turkiye and Iraq are given separately, and comparatively based on each sub-problem.

6.1. Classification Performance of MARS Data Mining Method in Predicting

Internet Addiction Levels of University Students

In this section, the findings of the MARS data mining method regarding the
Turkiye and Iraq data set are given in order, firstly Tirkiye and secondly Iraq, in terms
of classification performance. The SPM 8.2 program's default values were used as a
default value for the MARS data mining study, and operations were carried out taking the
complete data set into account, regardless of learning data and test data. As a result of the
analysis made with the MARS data mining method for the Turkiye dataset, when students
are classified as "addicted/not addicted"” in the name of internet addiction, Table 6.1 lists

the number of students who fit into each of these groupings.

Table 6.1 Confusion matrix obtained from MARS analysis (Turkiye sample)

Independent  Dependent Total Number of

Students
Independent 614 279 893
Dependent 118 209 327
Total Number of Students 732 488 1220

As seen in Table 6.1, from Confusion Matrix obtained from MARS analysis of
the Turkiye sample, MARS analysis method classified 209 students out of 327 students
from Tirkiye sample in the Dependent category on the basis of internet addiction scale,
and classified 118 students in the independent category. Moreover, in the Tirkiye sample,
it classified 614 students out of 893 students in the independent category on the basis of
internet addiction scale, and classified 279 students in the dependent category.
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As a result of the analysis made with MARS data mining method for the Iraq data
set, when students are classified as "addicted/not addicted" in the name of internet

addiction, Table 6.2 lists the number of students who fit into each of these groupings.

Table 6.2 Confusion matrix obtained from MARS analysis (Iraq sample)

|ndependent Dependent Total Number of

Students
Independent 405 137 543
Dependent 156 317 473
Total Number of Students 561 454 1015

As seen in Table 6.2, from Confusion Matrix obtained from MARS analysis of
the Iraq sample, MARS analysis method classified 317 students out of 473 students from
Irag sample in the Dependent category on the basis of internet addiction scale, and
classified 156 students in the independent category. Moreover, in the Irag Sample, it
classified 405 students out of 543 students in the independent category on the basis of
internet addiction scale, and classified 137 students in the dependent category.

The classification performance of the MARS data mining method as a result of
comparing both data sets with each other in the form of actual class range and estimated

class range is given in Table 6.3.

Table 6.3 MARS analysis result classification performance rates in Turkiye and Iraq

samples
Criteria Tirkiye Iraq
Accurate Classification Rate 67.46% 71.13%
Specificity Ratio/ Specificity 63.91% 67.02%
Sensitivity Rate 68.76% 74.72%
Precision Rate 83.88% 72.19%
F1-Score 75.57% 73.44%
Area Under the ROC Curve (AUC) 71.28% 80.23%

70



In Table 6.3, model classification rates of accuracy, specificity, sensitivity,
precision, F1-statistic values and AUC values of the ROC curve are given, as a result of
MARS analysis method. As can be seen in Table 6.3, it was observed that beside the
slight differences there was similarity in the percentage levels considered.

In this direction, the dataset values, which are the default values of the program,
were taken into account for the above-mentioned criteria and are interpreted

comparatively below.

6.1.1. In Terms of Correct Classification Rate

In terms of correct classification rate, MARS analysis method differs among both
countries, while the correct classification rate obtained with the MARS analysis method
for Turkiye and Iraq is 67.46% and 71.13% respectively, it is seen that the sample from
Iraq has a higher correct classification rate than the Turkiye sample. In other words, the
MARS analysis method for Irag sample, classified a dependent variable in the dependent
category and independent variable in the independent variable category with higher

accuracy.

6.1.2. In Terms of Specificity Rate

In terms of Specificity Rate, MARS analysis method differs among both countries,
while the specificity rate obtained with the MARS analysis method for Turkiye and Iraq
is 63.91% and 67.02% respectively, it is seen that the sample from Iraq has a higher
specificity rate than the Tulrkiye sample. In other words, 67.02% of the students from Iraq
sample predicted by the MARS analysis method in the independent category are actually
in the independent category. Therefore, the MARS analysis method has a higher rate of
estimating the true negative from Iraq sample.

6.1.3. In Terms of Sensitivity Rate

In terms of sensitivity rate, MARS analysis method differs among both countries,
while the sensitivity rate obtained with the MARS analysis method for Turkiye and Iraq
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Is 68.76% and 74.72% respectively, it is seen that the sample from Irag sample has a
higher sensitivity rate than the Turkiye sample. In other words, 74.72% of the students
predicted by the MARS analysis method in the dependent category are actually in the
dependent category. Therefore, the MARS analysis method has a higher rate of estimating

the correct positive from Iraq sample.

6.1.4. In Terms of Precision Rate

In terms of precision, MARS analysis method differs among both countries, while
the precision rate obtained with the MARS analysis method for Turkiye and lraq is
83.88% and 72.19% respectively, it is seen that the sample from Turkiye sample has a
higher precision rate than the Irag sample. In other words, 83.88% of the students of
Tiirkiye’s sample, who were in the dependent category with the MARS analysis method
were classified in the Dependent category.

Therefore, this value obtained by the MARS analysis method, which is higher than
the MARS analysis method for Irag Sample, gives the ratio of the students who were
predicted correctly, among all those who were predicted successfully (Sevgin and Onen,

2022).

6.1.5. In Terms of F1-Statistic

In terms of F1-Statistic classification rate for both countries, the F1-statistic is a
statistical measure obtained as a result of the harmonic average of precision and
sensitivity measures. MARS analysis method differs among both countries, while the F1-
statistic obtained with the MARS analysis method for Turkiye and Iraq is 75.57% and
73.44% respectively, it is seen that the sample from Ttrkiye has a higher F1-Statistic rate
than the Iraq sample.

In other words, the F-1 statistical result for Tirkiye sample, which is the harmonic
mean of MARS analysis method precision and sensitivity, showed a higher classification
success. Furthermore, the MARS analysis method for Tirkiye sample was higher than
the MARS analysis method for Iraq sample in identifying dependent and distinguishing

independent category.
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6.1.6. In Terms of the Area Under the ROC Curve (AUC)

With regard to the area under the ROC curve (AUC), the larger the area under the
ROC curve, the higher the classification success rate of the model. As the area under the
ROC curve, MARS analysis method differs among both countries, while the area under
the ROC curve obtained with the MARS analysis method for Turkiye and Iraq is 71.28%
and 80.23% respectively, it is seen that the sample from Iraq sample has a higher
specificity rate than the Tirkiye sample. As this curve approaches the upper left corner,

the better the performance of the classifier. ROC curve graphs of MARS for both Turkiye

and Iraq are given in (Figures 6.1 and 6.2).

Figure 6.1 ROC curve graphs of MARS analyze for Turkiye sample for 9 basis

function

Figure 6.2 ROC curve graphs of MARS analyze for Iraq sample for 20 basis functions
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As observed in (Figures 6.1 and 6.2), the MARS analysis method for Iraq sample
has a higher area under the ROC curve compared to the MARS analysis method for
Turkiye sample.

In other words, according to Sevgin and Onen (2022) the MARS analysis method
Iraq’s sample minimized the false positive-rate compared to the MARS analysis method
for Turkiye sample, whereas rising the true positive-rate to a higher level. Moreover, the
MARS analysis technique for Irag sample classified dependent and independent type with
less error than the MARS analysis method for Turkiye sample.

All the finding above showed that the MARS analysis method for Irag sample
offers higher rates and achieves better than the MARS analysis method for Turkiye

sample in terms of classification performance.

6.2. The Key Predictors for the Tirkiye Sample Based on MARS Analysis.

In the MARS analysis method, the model setup phase was created based on the
established (default) values. This research was carried out with the participation of 1220
students from Turkiye and 1015 students from Iraq. Moreover, before starting the MARS
analysis method, determining the maximum number of fundamental functions is a point
to be considered. The determination of the maximum number of fundamental functions
is realized by determining the smallest GCV value that will be given in the analysis by
the number of basic functions entered in various trials, at least more than twice the number
of independent variables (Sevgin and Onen, 2022). Below are the GCV values for

determining the maximum number of fundamental functions in Table 6.4.

Table 6.4 GCV values for determining the maximum number of basic functions

Maximum Number of GCV Maximum Number of GCV
Basic Functions Value Basic Functions Value
35 0.18015 42 0.18015
36 0.18002 43 0.18022
37 0.18012 44 0.18027
38 0.17999 45 0.18033
39 0.18009 46 0.18025
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Table 6.4 GCV values for determining the maximum number of basic functions
(continued)

Maximum Number of GCV Maximum Number of GCV
Basic Functions Value Basic Functions Value
40 0.18017 47 0.1803
41 0.18006 48 0.18032

As can be seen in Table 6.4, the maximum number of basic functions with the
lowest value was determined as 38.

Since the whole data are used as learning data, the lowest GCV value represents
the number of basic functions for which the most appropriate model will be created. This
is valid for the default case where the entire data set is used completely.

Since the data set is considered as learning data, the lowest GCV value obtained

is shown in (Figure 6.3).

GCVTest MSE
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Basis Functions

Figure 6.3 The number of basic functions indicated by the GCV value obtained as a result
of the MARS analysis

The number of basic functions corresponding to the lowest GCV value was
obtained as 9. Information showing the lowest GCV and MSE result values obtained for
the established MARS model is given in Table 6.5.
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Table 6.5 Result values for the established MARS model

Bas_is N N Effective Gev GCV Learn Learn Learn

Functions Predictors Inputs Parameters R- Sq MSE R- Sq ROC
36 14 13 97 0.119155 0.02524 0.1623 0.17272 0.76008
35 14 13 94.33 0.19069 0.02963 0.16234 0.17253 0.75985
34 14 13 91.67 0.18984 0.03397 0.16238 0.17233 0.76019
33 14 13 89 0.18901 0.03818 0.16244 0.17204 0.75939
32 14 13 86.33 0.1882 0.04232 0.1625 0.17171 0.75912
31 14 13 83.67 0.18741 0.04631 0.16259 0.17127 0.75809
30 14 13 81 0.18669 0.04999 0.16272 0.17059 0.75588
29 14 13 78.33 0.18588 0.0541 0.16278 0.17031 0.75677
28 14 13 75.67 0.18518 0.0577 0.16292 0.1696 0.75594
27 14 13 73 0.18457 0.06075 0.16315 0.16843 0.75538
26 14 13 70.33 0.18391 0.06412 0.16332 0.16755 0.75412
25 14 13 67.67 0.18348 0.06634 0.16369 0.16567 0.75407
24 14 13 65 0.18294 0.06907 0.16397 0.16425 0.75353
23 14 13 62.33 0.18256 0.07101 0.16438 0.16214 0.75192
22 14 13 59.67 0.18231 0.0723 0.16491 0.15945 0.7506
21 14 13 57 0.18213 0.07318 0.16551 0.15638 0.7454
20 14 13 54.33 0.18193 0.07423 0.16608 0.15347 0.74156
19 14 13 51.67 0.18164 0.07568 0.16658 0.15092 0.73636
18 14 13 49 0.18135 0.07718 0.16707 0.14842 0.73651
17 13 12 46.33 0.18117 0.07806 0.16767 0.14536 0.73321
16 12 11 43.67 0.18094 0.07924 0.16822 0.14257 0.73225
15 12 11 41 0.18047 0.08164 0.16854 0.14092 0.73262
14 10 10 38.33 0.1803 0.08251 0.16915 0.13785 0.73333
13 10 10 35.67 0.18024 0.08281 0.16986 0.13423 0.72987
12 10 10 33 0.18016 0.08319 0.17055 0.13069 0.72771
11 9 9 30.33 0.18024 0.08281 0.17139 0.12642 0.72234
10 9 9 27.67 0.18033 0.08233 0.17225 0.12204 0.7191
9 8 8 25 0.17999 0.08408 0.17269 0.11979 0.71278
8 8 8 22.33 0.18001 0.084  0.17348 0.11578 0.71306
7 8 8 19.67 0.18006 0.08373 0.1743 0.11158 0.71042
6 7 7 17 0.18006 0.08372 0.17508 0.10762 0.70418
5 6 6 14.33 0.18112 0.07833 0.17689 0.09839 0.69551
4 5 5 11.67 0.18222 0.07275 0.17875 0.0889 0.68883
3 4 4 9 0.18329 0.06727 0.1806 0.07947 0.67736
2 4 4 6.33 0.18373 0.06503 0.18183 0.07319 0.67129
1 2 2 3.67 0.18524 0.05735 0.18413 0.06147 0.65942
0 0 0 1 0.19651 0.19619
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The number of basic functions in the first column of Table 6.5, the number of
independent variables in determining each regression equation in the second column, the
number of arguments used in the third column, the effective parameters value in the fourth
column, and the GCV values in the fifth column, the GCV-R? values in the sixth column,
the MSE values of the learning data in the seventh column, and the eighth column is the
value for R?and at the end in the ninth column is the value under the curve ROC.

The MARS analysis method, which starts model building with 0 basic functions,
reaches its most complex level with 36 basic functions. Then, the basic functions that had
no impact on the model were removed from the model with the backward pruning process,
and the model using 8 variables with 9 basic functions and GCV value of 0.17999
indicated by the green bar formed the most appropriate model.

As a result of the variance analysis performed to define the relative contributions
of each independent variable and the interactions between the variables, it was observed

that the most appropriate model consisted of 8 functions, as seen in (Figure 6.4).

015

0.10

0.05

Std. Deviation

0.00+

Function

Figure 6.4 Analysis of variance plot for the best model

The contribution of the independent variables in the model of the variance analysis
graph created for the most appropriate model was calculated by estimating the adjusted
R? of the model as a result of excluding the ANOVA function at each step. The variance
analysis information regarding these graphically illustrated functions is given in Table
6.6.
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Table 6.6 Variance analysis for the optimal model

No. of No. of
Function Standard Cost of Basis Effective Variables

Deviation omission .
Functions Parameters

NUMBER OF BROTHERS, DAILY

1 0.14136  0.18308 2 5.333 INTERNET USE
MOTHER EDUCATION, DAILY
2 0.06553 0.1821 1 2.667 INTERNET USE
3 0.09935  0.18177 1 2.667 AGE, DAILY INTERNET USE
4 0.05405 0.1821 1 2.667 MOTHER EDUCATION, SMOKING
DAILY INTERNET USE, DAILY
5 0.10707  0.18168 1 2.667 INTERNET USE IN COVID19
QUARANTINE
DAILY INTERNET USE, QUALITY
6 0.03038  0.18001 1 2.667 OF ONLINE EDUCATION IN THE
COVID19 EPIDEMIC
DAILY INTERNET USE, DEVICE
7 0.03011  0.18011 1 2.667 PREFERENCE FOR ONLINE IN
QUARANTINE
SMOKING, THE QUALITY OF
8 0.04381  0.18113 1 2.667 ONLINE EDUCATION IN THE

COVID19 EPIDEMIC

In Table 6.6, the predictor variables in the functions and the number of basic
functions and the values indicating the loss that will occur if the predictor variables are
removed from the model are given. For example, if the number of siblings and daily
internet use variables are removed from the model, the missing value in the estimations
is 0.18308 and a fundamental function will decrease. Moreover, as can be seen from the
table, it is seen that some predictor variables are included in the model with more than
one basic function alone and combined with more than one variable and included in the
model with a single basic function. The most suitable model obtained as a result of the
forward step and backward step applications of the MARS analysis method is called the

final model. Table 6.7 shows the table information about the final model.
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Table 6.7 Final model created for the most appropriate model

Bas[s Coefficients Variable S_lgn Pa_rent parent knots
Function in Sign

0 0.1103
DAILY INTERNET

4 00350  NUMBEROF SIBILINGS  + ] Novs 11.0000
DAILY INTERNET

5 00062  NUMBEROF SIBILINGS  + - L SAGE 11.0000
DAILY INTERNET

6 0.0116 MOTHER EDUCATION - - L SAGE 3.0000
DAILY INTERNET

9 0.0042 AGE P AGE 30.0000

11 0.0767 MOTHER EDUCATION ] + SMOKING 5.0000

DAILY INTERNET USAGE
12 0.0085 DURING COVID19 4+ DA'LES'%EERNET 1.0000
QUARANTINE
THE QUALITY OF
13 00062  ONLINEEDUCATIONIN - + DA”—ES'%EERNET 6.0000
THE COVID19 OUTPUT
IN
15 00453 QUARANTINEONLINETO  +  + DA'LES'ﬁgEERNET 3.0000
THE DEVICE CHOICE
THE QUALITY OF
18 0.0565  ONLINEEDUCATIONIN - + SMOKING 4.0000

THE COVID19 OUTPUT

In Table 6.7, the nodal points where the slope of the variables and pairs of variable

change, the basic functions of the variables, the coefficients of the basis functions and the

signs indicating the direction of the variables. In the final model; The knot values formed

by each predictor variable or variables that are independent of all variables, the directions

of their slopes, the model coefficients that contribute to the regression equation as a result

of their multiplication with the basic function, and information showing which variables

the basic functions are distributed. The basic function equations consisting of predictor

variables and node values are presented in Table 6.8.

79



Table 6.8 Fundamental equations of functions for the optimal model

BASIC FUNCTION

BF1 = max (0, DAILY INTERNET USAGE - 1);

BF2 = max (0, SMOKING - 2);

BF3 = max (0, 2 - SMOKING);

BF4 = max (0, NUMBER - 11) * BF1;

BF5 = max (0, 11 - NUMBER OF SISTER ) * BF;

BF6 = max (0, MOTHEREDUCATION - 3) * BFL;

BF9 = max (0, 30 - AGE) * BFL;

BF11 = max (0.5 - MOTHEREDUCATION) * BF2;

BF12 = max (0, DAILY INTERNET USAGE DURING COVID19 QUARANTINE - 1) * BF1;
BF13 = max (0, QUALITY OF ONLINEEDUCATION IN THE COVID19 OUTPUT - 6) * BF1;
BF15 = max (0, DEPARTMENT CHOICE FOR ONLINE IN QUARANTINE - 3) * BF1;

BF18 = max (0.4 - QUALITY OF ONLINE EDUCATION IN THE COVID19 OUTPUT) * BF3;

As can be seen in Table 6.8, the maximum number of basic functions determined
based on the GCV value in the MARS analysis method was determined as 18. Then, 9 of
the 18 basic functions were used to establish the most appropriate model. There are 12
basic functions in Table 6.8 alone. The basic functions BF1, BF2 and BF3 were used in
the creation of other basic functions and were not included in the final model. The closed
representation of the most appropriate model established with basic functions for internet

addiction category is shown in Table 6.9.

Table 6.9 Internet addiction model table for the most appropriate model

MODEL INTERNETADDICTIONCATEGORY = BF4 BF5 BF6 BF9 BF11 BF12
BF13 BF15 BF18;

The MARS analysis method, multiplied by the model coefficients of the 9 basic
functions that it uses while creating the most appropriate model, gives the regression
equation in Table 6.10. Multiplication of each fundamental function by its coefficient

gives its contribution to the model.
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Table 6.10 Regression equation for optimal model

Y =0.11026 — 0.0350244 * 0.00620594 * BF5

+0.0116034 * BF6 + 0.00422424 * BF9
+0.0766942 * BF11 + 0.00848087 * BF12
+ 0.0061938 * BF13 — 0.0453293 * BF15

+ 0.0564568 *

In this equation, the F and p-values calculated for the 3 degrees of freedom were

calculated as F=18.29641 and the p-value was calculated as p = 0.001, as can be seen in

Appendix 5. This shows that the model is meaningful. The data obtained with the internet

addiction Scale for Turkiye sample were analyzed with the MARS analysis method and

the most important predictors of internet addiction category were tried to be determined.

The predictor variables included in the analysis and the significance levels of these

variables on the variable predicted within themselves in the established model are given

in Table 6.11.

Table 6.11 MARS analysis method table of significance levels of variables for Turkish

sample
Variable Score

DAILY INTERNET USAGE 100 {{{IMMN AU
MOTHEREDUCATION 50.82 (I
NUMBER OF SIBLINS 47.58 NI
SMOKING 45.52 [l
AGE 36.07 Il
DAILY INTERNET USAGE DURING COVID19 3518 (1IN
QUARANTINE
THE QUALITY OF ONLINEEDUCATION IN THE COVID19 2574 (Il
OUTPUT
IN QUARANTINEONLINETO THE DEVICE CHOICE 247 Il
DAILY USE OF THE INTERNET BEFORE 0
COVID19QUARANT
FATHERHOOD 0
MOTHER'S PROFESSION 0
GENDER 0
FATHEREDUCATION 0
FAMILY INCOME 0
COVID19PANDEMIDEINTERNETUSE 0
Have you had COVID19 0
HOME INTERNET 0
INTERNETUSEPURPOSE 0
MOTHER'S PROFESSION_mis 0
Class 0
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The most important predictors obtained on Tulrkiye sample as a result of the
analysis made with the MARS analysis method are given in Table 6.11. Accordingly, the
most important predictors of internet addiction Scale for Turkiye sample are respectively;
Daily Internet Usage, Mothers’ Education, Number of Siblings, Smoking, Age, Daily
Internet Usage During COVID-19 Quarantine, The Quality of Online education in the
COVID-19 Pandemic, the device used, The MARS analysis method's variables connected
to the dependent variable were ranked according to their importance, starting from 100
points. The variable with the highest relationship with internet addiction scale was the
self-efficacy perception variable, while the variable with the lowest relationship was the
type of device to use the internet. VVariables that have little or no relationship with internet
addiction scale and are not included in the analysis are respectively; Daily use of the
Internet before COVID-19 pandemic, Fatherhood, Mother’s profession, Gender, Fathers’
education, Family income, COVID-19 pandemic and internet use, have you effected by
COVID-19, do you have internet at home, Internet use purpose, Mothers’ Profession, and

Stage of study were obtained as insignificant.

6.3. The Key Predictors for the Irag Sample Based on MARS Analysis.

Below are the GCV values for determining the maximum number of fundamental

functions for Iraq sample in Table 6.12.

Table 6.12 GCV values for determining the maximum number of basic functions for Iraq

sample

Maximum Number of GCV Maximum Number of GCV
Basic Functions Value Basic Functions Value

35 0.20480 42 0.20527

36 0.20510 43 0.20518

37 0.20467 44 0.20550

38 0.20496 45 0.20480

39 0.20499 46 0.20501

40 0.20536 47 0.20512

41 0.20559 48 0.20516
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As can be seen in Table 6.12, the maximum number of basic functions for Iraq
sample with the lowest value was determined as 37.

In cases where the data set is separated as learning data and test data, the lowest
point of the GCV value represents the number of basic functions for which the most
appropriate model will be created (Salfort Systeam, 2018). In our cases, the Iraq sample
is used as learning data, the lowest GCV value represents the number of basic functions
for which the most appropriate model will be created. This is valid for the default case
where the entire data set is used completely.

Since the data set is considered as learning data, the lowest GCV value obtained
is shown in (Figure 6.5).

GCVTest MSE

0.26
> 024
O 022 T
0.20 : = = : = =
0 10 20 30 40

Basis Functions

Figure 6.5 The number of basic functions indicated by the GCV value obtained as a result
of the MARS analysis of Irag sample

The number of basic functions corresponding to the lowest GCV value for Iraq
sample was obtained as 20. Information showing the lowest GCV and MSE result values

obtained for the established MARS model for Iraq sample is given in Table 6.13.

Table 6.13 Result values for the established MARS model for Iraq sample

Bas_is N N Effective GCV GCvV Learn Learn Learn
Functions  Predictors Inputs Parameters R- Sq MSE R- Sq ROC
36 14 14 100 0.218 0.1256 0.17718 0.288 0.8144
35 14 14 97.25 0.2167 0.1308 0.17719 0.288 0.8144
34 14 14 94.5 0.2155 0.1357 0.17724 0.2878 0.814
33 14 14 91.75 0.2143 0.1405 0.17732 0.2874 0.8143
32 14 14 89 0.2131 0.1452 0.17739 0.2871 0.8141
31 14 14 86.25 0.212 0.1496 0.17753 0.2866 0,81350
30 14 14 83.5 0.211 0.1539 0.17768 0.286  0.8138
29 14 14 80.75 0.21  0.1579 0.17789 0.2851 0.8118
28 14 14 78 0.2091 0.1615 0.17817 0.284  0.8108
27 14 14 75.25 0.2085 0.164 0.17869 0.2819 0.8094
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Table 6.13 Result values for the established MARS model for Irag sample (continued)

Basis N N Effective Gev GCV Learn Learn Learn
Functions  Predictors Inputs Parameters R- Sq MSE R- Sq ROC
26 14 14 72.5 0.208 0.1659 0.17932 0.2794 0.8074
25 14 14 69.75 0.2075 0.1678 0.17997 0.2768 0.8054
24 14 14 67 0.2067 0.1709 0.18033 0.2753 0.8034
23 14 14 64.25 0.2059 0.1741 0.18067 0.274 0.802
22 14 14 61.5 0.2054 0.176  0.1813 0.2714  0.803
21 14 14 58.75 0.2049 0.1781 0.18189 0.2691  0.8042
20 14 14 56,00 0.2047 0.1791 0.18271 0.2658 0.8023
19 14 14 53.25 0.2048 0.1785 0.1839 0.261  0.7992
18 13 13 50,50 0.205 0.1778 0.18512 0.2561 0.7948
17 13 13 47.75 0.2054 0.1763 0.18652 0.2505  0.794
16 13 13 45 0.2059 0.1743 0.18802 0.2444  0.7897
15 13 13 42.25 0.206 0.174 0.18916 0.2399 0.7841
14 12 12 39.5 0.2055 0.1757 0.18985 0.2371  0.7803
13 11 11 36.75 0.2062 0.1729 0.11916 0.2302 0.7742
12 10 10 34 0.2067 0.171 0.19309 0.224  0.7676
11 10 10 31.25 0.2071 0.1694 0.19455 0.2182 0.7639
10 9 9 28.5 0.2063 0.1725 0.19489 0.2168 0.7634
9 8 8 25.75 0.2053 0.1765 0.19504 0.2162 0.7628
8 7 7 23 0.207 0.1697 0.19775 0.2053 0.7613
7 7 7 20.25 0.2088 0.1624 0,20059 0.1939 0.7583
6 6 6 17.5 0.2109 0.1541 0.2037 0.1814 0.7516
5 6 6 14.75 0.2128 0.1467 0.20661 0.1697  0.7437
4 5 5 12 0.2156 0.1353 0.21052 0.154 0.7188
3 4 4 9.25 0.2182 0.125 0.21421 0.1392 0.7034
2 4 4 6.5 0.2227 0.1067 0.21989 0.1164 0.6796
1 2 2 3.75 0.2253 0.0965 0.22362 0.1014 0.6591
0 0 0 1 0.2493 0.24884

The number of basic functions in the first column of Table 6.13, the number of
independent (predictor) variables in determining each regression equation in the second
column, the number of arguments used in the third column, the effective parameters value
in the fourth column, and the GCV values in the fifth column, the GCV-R? values in the
sixth column, the MSE values of the learning data in the seventh column, and the eighth
column is the value for R?and at the end in the ninth column is the value under the curve
ROC.

The MARS analysis method for Iraq sample, which starts model building with 0
basic functions, reaches its most complex level with 36 basic functions. Then, the basic
functions that did not contribute to the model were removed from the model with the

backward pruning process, and the model using 14 predictor variables with 20 basic
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functions and GCV value of 0.20467 indicated by the green bar formed the most
appropriate model.

As a result of the variance analysis for Iraq sample performed to define the relative
contributions of each independent variable and the interactions between the variables, it
was observed that the most appropriate model consisted of 15 functions, as seen in (Figure
6.6).

0.20
015
010
0.05

0.00+
1 pra 3 4 5 L T ] ] 10 11 1z 13 14 15

Function

Std. Deviation

Figure 6.6 Analysis of variance plot for the best model for Iraq sample

The contribution of the independent variables in the model of the variance analysis
graph created for the most appropriate model was calculated by estimating the adjusted
R? of the model as a result of excluding the ANOVA function at each step. The variance
analysis information regarding these graphically illustrated functions is given in Table
6.14.

Table 6.14 Variance analysis for the optimal model of the Irag sample

No of No of
Function Star]da}rd Cost of basis Effective Variables
Deviation duty .
Functions Parameters

0.08903  0.20538 1 2.750 DAILYINTERNETUSAGE

2 0.06707  0.20693 1 2.750 FAMILYINCOME, DAILYINTERNETUSAGE
INTERNETUSAGEPURPOSE,
3 0.05464  0.20584 1 2.750 DAILYINTERNETUSAGE
DAILYINTERNETUSAGE,

4 0.1503 0.20693 2 5.500 DAILYINTERNETUSAGEINCOVID19QUARANTINE
5 012145  0.20921 2 5500 INTERNETUSAGECOVID19PANDEMIC,

QUALITYONLINEEDUCATIONCOVID19PANDEMIC
6 0.05282  0.20631 1 2.750 AGE, DAILYINTERNETUSAGE
MOTHER'SEDUCATION,

! 0.07625  0.20544 2 5.500 INTERNETUSAGECOVID19PANDEMIC
DAILYINTERNETUSAGE,
8 0.03528  0.20483 1 2.750 DEVICEPREFERENCEFORONLINEINQUARANTINE
COVID19PREQUARANTINEDAILYINTERNETUSAGE,
9 0.08515  0.20734 2 5500 GUALITYONLINEEDUCATIONCOVIDI9PANDEMIC
10 0.03457  0.20483 1 2.750 NUMBEROFSIBLINGS,

COVID19PREQUARANTINEDAILYINTERNETUSAGE
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Table 6.14 Variance analysis for the optimal model of the Iraq sample (continued)

No of No of
Function Standard  Cost of basis Effective Variables

Deviation duty ¢\ vtions  parameters

INTERNETHOME,

1 0.04430 020538 ! 2.150 INTERNETUSAGECOVID19PANDEMIC
INTERNETUSAGEPURPOSE,

12 0.06437 020503 . 2.150 INTERNETUSAGECOVID19PANDEMIC

13 0.07758  0.20531 1 2.750 FATHERSJOB, DAILYINTERNETUSAGE

14 0.16633  0.20765 1 2.750 MOTHERSJOB, DAILYINTERNETUSAGE

15 01193  0.20541 2 5.500 NUMBEROFSIBLINGS, DAILYINTERNETUSAGE

In Table 6.14, the predictor variables in the functions and the number of basic
functions and the values indicating the loss that will occur if the predictor variables are
removed from the model are given. For example, if daily internet use variable is removed
from the model, the missing value in the estimations is 0.20538 and a fundamental
function will decrease. In addition, as can be seen from the table, it is seen that some
predictor variables are included in the model with more than one basic function alone and
combined with more than one variable and included in the model with a single basic
function. The most suitable model obtained as a result of the forward step and backward
step applications of the MARS analysis method is called the final model. Table 6.15
shows the table information about the final model of the Irag sample.

Table 6.15 Final model created for the most appropriate model of the Iraq sample

S coeffic . Si ent
) Variable gn g Parent knots
Func  ients i Sig
tion n
0 0.2830
1 0.0365 DAILYINTERNETUSAGE + 3.0000
4 0.2705 FAMILYINCOME - - DAILYINTERNETUSAGE 2.0000
7 0 0_167 INTERNETUSAGEPURPOSE + + DAILYINTERNETUSAGE 3.0000
DAILYINTERNETUSAGEINCO
8 0.0176 VID19QUARANTINE - + DAILYINTERNETUSAGE 4,0000
DAILYINTERNETUSAGEINCO
9 0.0359 VID19QUARANTINE + - DAILYINTERNETUSAGE 4,0000
10 - QUALITYONLINEEDUCATION + + INTERNETUSAGECOVID19PA 20000
0.0573 COVID19PANDEMIC NDEMIC '
1 - QUALITYONLINEEDUCATION _ + INTERNETUSAGECOVID19PA 20000
0.3137 COVID19PANDEMIC NDEMIC '
12 0.0157 AGE + + DAILYINTERNETUSAGE 22 '800
14 08877  MOTHERSEDUCATION - 'NTERNET,L\IJ;’EfﬁgOV'DmPA 6.0000
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Table 6.15 Final model created for the most appropriate model of the Iragq sample

(continued)

Basi . Par
S coeffic . S ent
) Variable gn . Parent knots
Func ients in Sig
tion n
15 00362  MOTHERSEDUCATION P 'NTERNET,L\IJB'ESA%OV'DBPA 6.0000
- DEVICEPREFERENCEFORONL
18 oy NEINGUARANTINE -+ DAILYINTERNETUSAGE 30000
QUALITYONLINEEDUCATION COVID19PREQUARANTINED
19 00097 COVID19PANDEMIC ot AILYINTERNETUSAGE 20000
QUALITYONLINEEDUCATION COVID19PREQUARANTINED
20 00689 COVIDI9PANDEMIC * AILYINTERNETUSAGE 20000
COVIDI9PREQUARANTINED 10,000
23 00521 NUMBEROFSIBLINGS + o+ D RE QAR ¢
25 02395 INTERNETHOME S 'NTERNET“%EEAEISOV'DBPA 1.0000
] INTERNETUSAGECOVID19PA
27 yowo NTERNETUSAGEPURPOSE  + + " 6.0000
B oo FATHERSIOB -+ DAILYINTERNETUSAGE 10000
20 00575 MOTHERSIOB + - DAILYINTERNETUSAGE 1,000
30 02636 NUMBEROFSIBLINGS +  DAILYINTERNETUSAGE 50000
2 s NUMBEROFSIBLINGS -+ DAILYINTERNETUSAGE 40000

In Table 6.15, the nodal points where the slope of the variables and pairs of

variable change, the basic functions of the variables, the coefficients of the basis functions

and the signs indicating the direction of the variables. In the final model; The knot values

formed by each predictor variable or variables that are independent of all variables, the

directions of their slopes, the model coefficients that contribute to the regression equation

as a result of their multiplication with the basic function, and information showing which

variables the basic functions are distributed. The basic function equations consisting of

predictor variables and node values are presented in Table 6.16.

Table 6.16 Fundamental equations of functions for the optimal model of Irag sample

BASIC FUNCTION

BF1 = max (0, DAILYINTERNETUSAGE - 3);
BF2 = max (0, 3 - DAILYINTERNETUSAGE);
BF4 = max (0, 2 - FAMILY INCOME) * BF2;

BF5 = max (0, INTERNETUSAGECOVID19PANDEMIC - 1);
BF7 = max (0, 3 - INTERNETUSAGEPURPOSE) * BF1,;
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Table 6.17 Fundamental equations of functions for the optimal model of Irag sample
(continued)

BASIC FUNCTION

BF8 = max (0, DAILYINTERNETUSAGEINCOVID19QUARANTINE - 4) * BF1,;
BF9 = max (0.4 - DAILYINTERNETUSAGEINCOVID19QUARANTINE) * BF1;
BF10 = max (0, QUALITYONLINEEDUCATIONCOVID19PANDEMIC - 2) * BF5;
BF11 = max (0, 2 - QUALITYONLINEEDUCATIONCOVID19PANDEMIC) * BF5;
BF12 = max (0, AGE - 22) * BF1;

BF14 = max (0, MOTHER'SEDUCATION - 6) * BF5;

BF15 = max (0.6 - MOTHER'SEDUCATION) * BF5;

BF16 = max (0, DEVICEPREFERENCEFORONLINEINQUARANTINE - 3) * BF1;
BF18 = max (0, COVID19PREQUARANTINEDAILYINTERNETUSAGE - 1);

BF19 = max (0, QUALITYONLINEEDUCATIONCOVID19PANDEMIC - 2) * BF18;
BF20 = max (0, 2 - QUALITYONLINEEDUCATIONCOVID19PANDEMIC) * BF18;
BF23 = max (0, NUMBEROFSIBLINGS - 10) * BF18;

BF25 = max (0, INTERNETHOME - 1) * BF5;

BF27 = max (0.6 - INTERNETUSAGEPURPOSE) * BF5;

BF28 = max (0, FATHERSJOB - 1) * BF2;

BF29 = max (0, MOTHERSJOB - 1) * BF2;

BF30 = max (0, NUMBEROFSIBLINGS - 5) * BF2;

BF32 = max (0, NUMBEROFSIBLINGS - 4) * BF2;

As can be seen in Table 6.16, the maximum number of basic functions of Iraq
sample determined based on the GCV value in the MARS analysis method was
determined as 32. Then, 20 of the 32 basic functions were used to establish the most
appropriate model. There are 23 basic functions in Table 6.16 alone. The basic functions
BF2, BF5 and BF18 were used in the creation of other basic functions and were not
included in the final model. The closed representation of the most appropriate model

established with basic functions for internet addiction category is shown in Table 6.17.

Table 6.18 Internet addiction model table for the most appropriate model of Irag sample

MODEL INTERNETADDICTIONCATEGORIC = BF1 BF4 BF7 BF8 BF9 BF10 BF11
BF12 BF14 BF15 BF16 BF19 BF20 BF23 BF25 BF27 BF28
BF29 BF30 BF32;
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The MARS analysis method, multiplied by the model coefficients of the 20 basic
functions that it uses while creating the most appropriate model, gives the regression
equation in Table 6.18. Multiplication of each fundamental function by its coefficient

gives its contribution to the model.

Table 6.19 Regression equation for optimal model of Iraq sample

Y =0.282973 + 0.0365357 * BF1 + 0.270469 * BF4

- 0.0166532 * BF7 + 0.0176 * BF8 + 0.0358795 * BF9
- 0.0572517 * BF10 - 0.313663 * BF11

+0.0157315 * BF12 + 0.887684 * BF14

+0.0361724 * BF15 - 0.0450909 * BF16

+0.097489 * BF19 + 0.0689124 * BF20

+0.0521286 * BF23 + 0.23951 * BF25

- 0.0359754 * BF27 - 0.0669053 * BF28

+0.0575376 * BF29 + 0.263582 * BF30

- 0.251731 * BF32;

In this equation, the F and p-values calculated for the 3 degrees of freedom were
calculated as F=17.98916 and the p-value was calculated as p = 0.001, as can be seen in
Appendix 6. This shows that the model is statistically significant. The data obtained with
the internet addiction Scale for Irag sample were analyzed with the MARS analysis
method and the most important predictors of internet addiction category were tried to be
determined. The predictor variables included in the analysis and the significance levels
of these variables on the variable predicted within themselves in the established model
are given in Table 6.19.

Table 6.20 MARS analysis method table of significance levels of variables for Iraq

sample
Variable Score

DAILYINTERNETUSAGE 100,00 MMM
INTERNETUSAGECOVID19PANDEMIC 66,55 (Il
QUALITYONLINEEDUCATIONCOVID19PANDEMIC 43,16 |lMIN0I
COVID19PREQUARANTINEDAILYINTERNETUSAGE 35,92 [l
MOTHERSJOB 35,87 [l
INTERNETUSAGEPURPOSE 34,79 [l
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Table 6.19 MARS analysis method table of significance levels of variables for Iraq
sample (continued)

Variable Score
FAMILYINCOME 31,24 [l
DAILYINTERNETUSAGEINCOVID19QUARANTINE 31,20 Il
AGE 26,55 il
NUMBEROFSIBLINGS 19,59
MOTHER’SEDUCATION 18,21 |l
INTERNETHOME 17,44 il
FATHERSJOB 16,64 |l
DEVICEPREFERENCEFORONLINEINQUARANTINE 832 |
GENDER 0,00
FATHER’SEDUCATION 0,00
HAVEYOUHADCOVID19 0,00
DOYOUSMOKE 0,00
STAGE 0,00

The most important predictors obtained on Irag sample as a result of the analysis
made with the MARS analysis method for Irag sample are given in Table 6.19.
Accordingly, the most important predictors of internet addiction Scale for Iraq sample are
respectively; Daily Internet Usage, Internet Usage COVID-19 Pandemic, Quality Online
Education COVID-19 Pandemic, COVID-19 Pre-Quarantine Daily Internet Usage,
Mothers’ Job, internet Usage Purpose, Family Income, Daily Internet Usage in COVID-
19 quarantine, Age, Number of Siblings, Mothers’ Education, Internet Home, Fathers’
Job, Device Preference for Online in Quarantine.

The variables associated with the dependent variable in the MARS analysis
method were ranked according to their importance, starting from 100 points. The variable
with the highest relationship with internet addiction scale was the self-efficacy perception
variable, while the variable with the lowest relationship was Device Preference for Online
in Quarantine. Variables that have little or no relationship with internet addiction scale
and are not included in the analysis are respectively; Gender, Fathers’ Education, Have

You Had COVID-19, Do You Smoke and Stage of study were obtained as insignificant.
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7. DISCUSSION AND CONCLUSION

In this chapter, both implications for theory, future research and practice are
discussed, prior to which was presented a discussion of what emerged during the study.
The key takeaways are that internet addiction certainly impacts students at tertiary level
in terms of their grades; cognitive and social impacts are also observed at the same time.
Further research into the area is clearly needed, especially in today’s fast paced world
where technological innovations occur with increasing frequency. The present study
therefore is of use for those interested in how the fields of student outcomes, technology
use (with its associated distractions) and internet addiction interlink.

Within the present study, it was shown that internet addiction is a relatively recent
yet growing phenomenon. It was suggested that ways should be found for teachers and
others to help identify and manage those displaying such addiction, given that it is not a
traditional area of research. If internet addiction comes to be accepted by those at higher
levels within the educational community — as well as those students who might suffer
from it — better support to students may be the result, which would benefit them on their
educational journey.

Classification performances of MARS data mining method in predicting internet
addiction levels of university students according to data obtained from both countries
(Tarkiye -Iraq), and it solved several question which arise by this study such as Does it
differ according to the Correct classification, Specificity, Sensitivity, Accuracy rate?,
does it differ according to the F1-Statistics?, and also, does it differ in terms of the area
under the ROC curve, that is, the rate of misclassification?, and the last and important
question, what are the most important predictors of internet addiction of university
students in (Turkiye \ Irag) based on MARS data mining method?

A cross-sectional and non-experimental survey was conducted to investigate the
internet addiction scale, as a result of this study, a 54-item have been asked which is 35
items for internet addiction scale, 13 item for socio-demographic and 6 item for COVID-
19 was developed.

Several limitations were identified within the present study. The first was that it
is somewhat difficult to quantify just exactly what constitutes a measure of excessive

Internet usage. It could not be shown to any degree of accuracy whether varying time of



usage can affect levels of internet addiction. The second hindrance was that the literature
in the area relating to Iraqi students in particular is scarce.

The aim of the study is to develop an existing scale for internet addiction and to
examine the factors that can affect the addiction status of individuals. The sample of the
study is at the international level, and cosmopolitan universities from each country
(Turkiye and Irag) and a university from mentioned countries were selected, which is Van
Yuzuncu Yil University from Tirkiye and Soran University from Irag. The target
audience was determined as university students. The fact that the sample was composed
of adolescents is due to the fact that internet addiction is mostly seen in adolescents and
individuals in this period are open to all kinds of influences. The number of individuals
in the sample is 2235; 1220 students from Van Yuzuncu Yil University, 1015 from Soran
University were assigned by random sampling method. The age range of the sample
ranged from 18-67 and the mean age was found to be 21.66.

Test for normality have been apply to the dataset by using Kolmogrov -Smirnov
text, the test for both sample exhibit p<0.05, meaning that a normal distribution does not
apply, a parametric approach to data analysis is inappropriate given the significance
values in both data sets. Thus, a non-parametric approach needs to be taken. It should be
noted however that there is no requirement to test data set assumptions when employing
a MARS approach.

Scale internal consistency measured using The Cronbach's alpha (o)) was found to
be 0.957 for Turkiye sample and 00.936 for Irag sample. Exploratory factor analysis was
applied to the scale regarding the construct validity of the scale, the scale consists of four
sub-dimensions. In order to show that the results and structure of this study are valid,
confirmatory factor analysis was applied with the obtained data. These four sub-factors
are; It was named as “Deprivation”, “Control Difficulty”, “Distortion in Functioning” and
“Social Isolation”.

The Cronbach's alpha (o) reliability coefficients for the four sub-factors were
found to be 0.887 for the first sub-factor (Deprivation), 0.898 for the second sub-factor
(Control Difficulty), 0.908 for the third sub-factor (Distortion in Functioning), and 0.878
for the fourth sub-factor (Social Isolation) for Turkish sample, where in other hand, 0.847
for the first sub-factor (Deprivation), 0.859 for the second sub-factor (Control Difficulty),
0.853 for the third sub-factor (Impairment in Functioning), and 0.813 for the fourth sub-
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factor (Social Isolation) for Turkish sample. These indicate reliability and consistency
and those data validity.

The suitability of the dataset was tested with pilot study, as a result of the
Confirmatory Factor Analysis performed on the data as a result of the application to 250
students, it was seen that the structure was under the factor specified in each item as stated
in the original scale (RMSEA: 0.060, CFI: 0.95, NFI: 0.90, NNFI: 0.95 and GFI: 0.81).
Again, the reliability values (McDonald's ) obtained for the four dimensions were
obtained as 0.829, 0.839, 0.833 and 0.795, respectively. It was concluded that the internet
addiction scale, which was adapted into datasets with these values, was valid and reliable.

The scale is in five-point Likert type and likert-style expressions; “I totally agree”,
“I agree”, “I’'m undecided”, “I don’t agree”, “I strongly disagree”. The scale items are
scored from 5 to 1, with 5 points corresponding to the "I totally agree™ degree and 1 point
to the "I strongly disagree™ degree. All items in the scale are oriented towards addiction
and there is no need for any score transpose.

A two-stage clustering analysis was performed on the total item scores of the
individuals for both samples, and the addiction status was divided into two groups. After
the two-stage cluster analysis, 2 clusters with a cut-off score of 93 points (including 93)
for the Turkiye sample and 88 points (including 88) for the Iragq sample were obtained.
These clusters are named as “non-dependent” and “dependent”. the data set consisting of
1220 students forming the sample of Tirkiye is gathered under 2 clusters, 893 students
(73.20%) in the first cluster and 327 students (26.80%) in the second cluster show
common characteristics. On the other hand, the data set consisting of 1015 students
forming the Irag sample is gathered under 2 clusters, 542 students (53.40%) in the first
cluster and 473 students (46.60%) in the second cluster show common characteristics. on
the contrary, for both data sets, we can say that the individuals in one cluster differed
from the individuals in the other cluster. According to these similarities, internet addiction
was made categorical and the MARS model was established and analyzes were carried
out.

In this study, besides the descriptive statistics on some demographic variables, the
relationships between these variables and internet addiction status were also examined

and the following results were obtained:
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There is a relationship (linear relationship) between country and all dependent
variables (Internet Addiction and its components; Deprivation, Difficulty in
control, Distortion in functionality, Social isolation).

Stage, Siblings Number, Smoke, Being infected with COVID-19, Quality of
online education during COVID-19 do not have significant correlation with
dependent variables.

Gender has significant correlation with the variables Internet Addiction,
Deprivation, Distortion in functionality, Social isolation.

Age has significant correlation with the variables Internet Addiction, Deprivation,
Difficulty in control, Distortion in functionality.

Mother and Father Education do not have significant correlation with dependent
variables.

Father Job has significant correlation with the variables Internet Addiction,
Deprivation, Distortion in functionality, Social isolation.

Mother Job and Family Income has significant correlation with Deprivation.
Having Internet at Home has significant correlation with the variables Internet
Addiction, Deprivation, Difficulty in control, Social isolation.

Purpose of using Internet has significant correlation with the variables Internet
Addiction, Deprivation, Difficulty in control, Distortion in functionality.

Hours of using Internet has significant correlation with the variables Internet
Addiction, Deprivation, Difficulty in control, Distortion in functionality, Social
isolation.

Force of Using Internet During COVID-19 has significant correlation with the
variables Internet Addiction, Deprivation, Difficulty in control, Distortion in
functionality.

Electronic Device has significant correlation with the variables Internet
Addiction, Difficulty in control, Distortion in functionality, Social isolation.
Hours of Using Internet During COVID-19 has significant correlation with the
variables Internet Addiction, Deprivation, Difficulty in control, Distortion in

functionality, Social isolation.
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e Hours of Using Internet before COVID-19 has significant correlation with the
variables Internet Addiction, Deprivation, Difficulty in control, Distortion in

functionality, Social isolation.

As a result of the analysis made with MARS data mining method for the Iraq and
Turkiye datasets which has been shown in the confusion matrix, when students are
classified as “addicted/ not-addicted” in the name of the internet addiction, the number of
students whom have been classified as dependent are 209 and 317 students for Turkiye
and Iraq respectively, in addition, the number of students whom have been classified as
Not-dependent are 614 and 405 students for Turkiye and lIrag respectively. As a
consequence of these results, it can be state that the students from Iraq are more addicted
to the internet.

As a result of using the MARS analysis approach, model classification rates for
accuracy, specificity, sensitivity, and precision, as well as F1-statistic values and AUC
values of the ROC curve, are provided. In terms of correct classification rate, MARS
analysis method differs among both countries, while the correct classification rate
obtained with the MARS analysis method for Turkiye and Iraq is 67.46% and 71.13%
respectively, it is seen that the sample from Iraq has a higher correct classification rate
than the Turkiye sample. Moreover, in terms of Specificity Rate, MARS analysis method
differs among both countries, while the specificity rate obtained with the MARS analysis
method for Tirkiye and Iraq is 63.91% and 67.02% respectively, it is seen that the sample
from Iraq has a higher specificity rate than the Tlrkiye sample. In addition, in terms of
sensitivity rate, MARS analysis method differs among both countries, while the
sensitivity rate obtained with the MARS analysis method for Tirkiye and Iraq is 68.76%
and 74.72% respectively, it is seen that the sample from Irag sample has a higher
sensitivity rate than the Turkiye sample. In terms of precision, MARS analysis method
differs among both countries, while the precision rate obtained with the MARS analysis
method for Tlrkiye and Iraq is 83.88% and 72.19% respectively, it is seen that the sample
from Turkiye sample has a higher precision rate than the Irag sample. In terms of F1-
Statistic, the F1-statistic is a statistical measure obtained as a result of the harmonic
average of precision and precision measures. MARS analysis method differs among both

countries, while the F1-statistic obtained with the MARS analysis method for Turkiye
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and Iraq is 75.57% and 73.44% respectively, it is seen that the sample from Turkiye has
a higher F1-Statistic rate than the Iraq sample. In other words, the F-1 statistical result
for Turkiye sample, which is the harmonic mean of MARS analysis method sensitivity
and precision, showed a higher classification success. Furthermore, the MARS analysis
method for Turkiye sample was higher than the MARS analysis method for Iraq sample
in identifying dependent and distinguishing independent category. Furthermore, As the
area under the ROC curve, MARS analysis method differs among both countries, while
the area under the ROC curve obtained with the MARS analysis method for Turkiye and
Iraq is 71.28% and 80.23% respectively, it is seen that the sample from Iraq sample has
a higher specificity rate than the Trkiye sample. In other words, the MARS analysis
method for Iraq sample classified dependent and independent category with fewer errors
than the MARS analysis method.

Before starting the MARS analysis method for determining the most important
predictors, determining the maximum number of fundamental functions is a point to be
considered. The determination of the maximum number of fundamental functions is
realized by determining the smallest GCV value that will be given in the analysis by the
number of basic functions entered, as a result the 0.179 and 0.205 are lowest GCV values
for Turkiye and Irag, which determined the 38 and 37 are maximum number of basic
functions for both datasets, Turkiye and Iraq respectively. In addition, the number of basic
functions corresponding to the lowest GCV in both data set are 9 for Tirkiye sample and
20 for Iraq sample.

The MARS analysis method, which starts model building with 0 basic functions,
reaches its most complex level with 36 basic functions. Then, the basic functions that did
not contribute to the model were removed from the model with the backward pruning
process, and the model using 8 predictors with 9 basic functions and GCV value of
0.17999 for Tirkiye, and 14 predictors with 20 basic functions and GCV value of 0.20467
for Iraq.

As a result of the variance analysis performed to define the relative contributions
of each independent variable and the interactions between the variables, it was observed
that the most appropriate model consisted of 8 and 15 functions for Turkiye and Iraq

correspondingly.
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The contribution of the independent variables in the model of the variance analysis
graph created for the most appropriate model was calculated by estimating the adjusted
R? of the model as a result of excluding the ANOVA function at each step. Therefore,
after applying variance analysis for the optimal model, the predictor variables in the
functions and the number of basic functions and the values indicating the loss that will
occur if the predictor variables are removed from the model are provided, it stated that,
from Tirkiye sample, if the number of siblings and daily internet use variables are
removed from the model, the missing value in the estimations is 0.18308 and a
fundamental function will decrease. In the other hand, from Iraq sample, if daily internet
use variable is removed from the model, the missing value in the estimations is 0.20538
and a fundamental function will decrease.

The most suitable model obtained as a result of the forward step and backward
step applications of the MARS analysis method is called the final model, which is created
for both samples for the most appropriate model.

According to fundamental equations of functions for the optimal model, the
maximum number of basic functions determined based on the GCV value in the MARS
analysis method was determined as 18. Then, 9 of the 18 basic functions were used to
establish the most appropriate model for Tirkiye sample. Conversely, the maximum
number of basic functions of Irag sample determined based on the GCV value in the
MARS analysis method was determined as 32. Then, 20 of the 32 basic functions were
used to establish the most appropriate model. The basic functions BF1, BF2 and BF3
from Turkiye sample, and the basic functions BF2, BF5 and BF18 from Iraq sample, were
used in the creation of other basic functions and were not included in the final model.

Regression equation for optimal model, the F and p-values calculated as
F=18.29641 and F=17.98916 for Tlrkiye and Iraq, the p-value was calculated for both of
them as p = 0.001, this indicate that the models are statistically significant.

The data obtained with the internet addiction scale for Tirkiye and Iraq samples
were analyzed with the MARS analysis method and the most important predictors of
internet addiction category were determined. The predictor variables included in the
analysis and the significance levels of these variables on the variable predicted within
themselves in the established model
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The most important predictors obtained on Turkiye sample as a result of the
analysis made with the MARS analysis method are given in Table 6.11. Accordingly, the
most important predictors of internet addiction Scale for Turkiye sample are respectively;
Daily Internet Usage, Mothers’ Education, Number of Siblings, Smoking, Age, Daily
Internet Usage During COVID-19 Quarantine, The Quality of Online education in the
COVID-19 Pandemic, the device used, the variables associated with the dependent
variable in the MARS analysis method were ranked according to their importance,
starting from 100 points. The variable with the highest relationship with internet addiction
scale was the self-efficacy perception variable, while the variable with the lowest
relationship was the type of device to use the internet. Variables that have little or no
relationship with internet addiction scale and are not included in the analysis are
respectively; Daily use of the Internet before COVID-19 pandemic, Fatherhood, Mother’s
profession, Gender, Fathers’ education, Family income, COVID-19 pandemic and
internet use, have you effected by COVID-19, do you have internet at home, Internet use
purpose, Mothers’ Profession, and Stage of study were obtained as insignificant.

The most important predictors obtained on Iraqg sample as a result of the analysis
made with the MARS analysis method for Irag sample are given in Table 6.19.
Accordingly, the most important predictors of internet addiction Scale for Iraq sample are
respectively; Daily Internet Usage, Internet Usage COVID-19 Pandemic, Quality Online
Education COVID-19 Pandemic, COVID-19 Pre-Quarantine Daily Internet Usage,
Mothers’ Job, internet Usage Purpose, Family Income, Daily Internet Usage in COVID-
19 quarantine, Age, Number of Siblings, Mothers’ Education, Internet Home, Fathers’
Job, Device Preference for Online in Quarantine. The variables associated with the
dependent variable in the MARS analysis method were ranked according to their
importance, starting from 100 points. The variable with the highest relationship with
internet addiction scale was the self-efficacy perception variable, while the variable with
the lowest relationship was Device Preference for Online in Quarantine. Variables that
have little or no relationship with internet addiction scale and are not included in the
analysis are respectively; Gender, Fathers’ Education, Have You Had COVID-19, Do
You Smoke and Stage of study were obtained as insignificant.

The study’s objectives are to examine an existing scale for measuring internet

addiction as well as researching into the variables that may influence a student’s level of
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addiction of Turkish and Iragi university students, to evaluate the relationships between
participant characteristics, socioeconomic level and internet addiction. The findings are
different to other previous study, regarding the socioeconomic level which as this study
found that the socioeconomic level family such as family income does not have an effect
to raise the internet addiction among adolescence, additionally, other studies have out in
Turkiye demonstrated its significance (Gunuc and Kayri, 2016).

Regarding the internet addiction, 26.8% and 46.6% of students from Turkiye and
Iraq respectively has internet addiction. These results are comparable to those for young
adults for whom earlier research had been done (Sayed et al., 2022).

Concerning the gender, as have been shown in this study the gender has been
considered as effectless factor on internet addiction in both countries, while some studies
found similarity result and indicate that there is no difference between the genders in
internet addiction incidence (Ni, 2009), others indicate that internet addiction incidence
increased more in male. Given that students frequently spend a lot of time online, several
studies have suggested that internet addiction may have an impact on how well they learn,
(Macur et al., 2016). However, daily internet usage before and after COVID-19 has been
shown to increase as a result of the pandemic, and in our findings, we found a positive
correlation between the force to use more internet variable and internet addiction. This
could be explained by the possibility that a significant portion of the students' reported
internet use was spent on their studies before and after the pandemic, which would mean
that they used the internet more frequently to complete their assignments.

One of the goals of the current study was to examine the effects of the sub-
categories of deprivation, control difficulty, impairment in functioning, and social
isolation developed by Gunuc and Kayri (2010), it has been established that these sub-
categories have a significant relationship to internet addiction among university students
in both countries.

In addition, regarding the key factor which has affect to internet addiction by
conducting MARS data mining technique for both countries is Daily Internet Usage,
however, the students from Irag spend more time using Internet compare to students form
Turkiye, however still this variable has crucial effect on internet addiction for both
countries, These results concur with those that have already been published, a study by

Kayri (2010) has shown that the average daily time spent online as well as the purpose
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for which users access the Internet should be taken into account as the key influences for
internet addiction among Turkish secondary school students.

With the present model of MARS drawing on nineteen predicted variables
forming the scale of Internet Dependency, as well as the dependent variable, one aim of
this study was to demonstrate how MARS can be employed for such studies as well as
epidemiology as a whole. The predicted variable of p<0.5 is a key takeaway and shows
how it is affected by the various predictors such as Daily Internet Usage, Mother
education, Number of Siblings, Age, Daily internet Usage During COVID-19. It is
shown, too, that magnitude of each variable may impact the model, however is
nevertheless a prime advantage of MARS as against other methods.

Recommendations arising from the present study are that MARS is a tool of great
significance for work in the field of epidemiology, as has been shown by the positive
outcomes in terms of statistical analysis. Since it is able to generate predictions relatively
free of bias due to the lack of need for a continuous/discrete scale, one can say that MARS
does that by drawing on and analyzing data at a much higher level of granularity than
other statistical methods.

It is crucial to spot internet addiction in adolescents since it is frequently linked to
mental health issues. Various therapy approaches might be used to treat IA as well as
prevalent psychological conditions such Deprivation, Control Difficulty, Impairment in
Functioning and Social Isolation. On the basis of that, it is suggested that educators raise
students' understanding of the health hazards linked with using the internet that could
have an impact on their mental health.

Findings from this study have important clinical implications in general and
university students specially. Ministry of higher education, mental health authorities,
should be aware of these high rates of internet addiction among the university students in
both countries, and should create awareness among students regarding internet addiction
and its potential harms; this could be included in foundation course of curriculum
implementation support program for students. We Initiative should be taken to provide
wide opportunities for students to involve in extracurricular activities and interact with
friends. There should be provision of counsellor for emotional and mental support of
students as they are overburden with studies and long posting schedules. Measures should

be undertaken to prevent further increase in rates and manage the possible cases.
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APPENDIX

A 1. Questionnaire Form
Dear Students

The main aim of this survey is to examine what is the Scale of Internet Addiction among students,
and how much of an overall issue Internet addiction is among these students in different stages
of study. This questionnaire is developed by researchers from Van Yizincl Yil University.
Completing the Questionnaire takes about ten minutes.

There are no right or wrong answers, this form consists of two parts, the first section consists of
some socio-demographic and COVID-19 related questions. The second section consists of
Internet Addiction Scale (35 item).

Please answer the questions sincerely, and don’t leave the questions blank.
Data will be treated confidentially.

Hewa Ghafor Hassan Prof. Dr. Murat Kayri

Socio-demographic Questions

¢ \What stage are you in?

e Your Gender: O Male O Female

e  YourAge:
e Your Father’s Education: O Literate, O Not Literate, O Primary School, O Middle School,
O High School, O University (Diploma/ Bachelor), O University (Master), O University (PhD)

* Your Mother’s Education: O Literate, O Not Literate, O Primary School, O Middle School,

O High School, O University (Diploma/ Bachelor), O University (Master), O University (PhD)

* Your Father’s Profession (Job):

e Your Mother’s Profession (Job):

¢ Number of Siblings:

e Doyousmoke: OYes, O No, O Sometimes

e Family Income: O less than 200$, O 200%-4005, O 4005-6005, O 600$-1000S, O 10005-
15005, O More than 15005

e Do you have internet in your home? O Yes, O No

e For what purpose do you use the Internet the most? (Select a single option)

o Research (course, info)
o On-line Education



OO0 000 O0oO0

Chat

News
Music-Movie
Game
Pornography
Shopping
Gambling

How many hours do you use the Internet on average in one day?

O 00O 0000000

L oo~NOOUh WNR

10 and above

COVID-19 Questions

Are pandemic COVID-19 forced you to use more time on internet? O ves O no

L]

Have you been infected with COVID-19? O ves Clno

Which electronic device do you use to study online during lockdown?

O
m]
m]
m]

Laptop

PC

Smart phone
Tablet

How many hours do you spend on the Internet during COVID-19 lockdown?

oOooooao

Less than 1 hour in a day
1-2hours/ day

2-4 hours/ day

4-6 hours/ day

6-8 hours/ day

More than 8 hours in a day

How many hours do you spend on the Internet before COVID-19 lockdown?

OoOooooao

Less than 1 hour in a day
1-2hours/ day

2-4 hours/ day

4-6 hours/ day

6-8 hours/ day

More than 8 hours in a day
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¢ How do you rate the quality/benefit of on-line education during COVID-19 pandemic? (1 is the

lowest evaluation)

0] o] 0] o] (o] 0] o] (o] o] 0]
1 2 3 4 5 6 7 8 9 10
INTERNET ADDICTION SCALE
2
, : : @ T o0
By reading each of the following statements, you are kindly requested to :._’n T |9 2
mark "l totally agree" if this article is always correct for you, "l agree" ifit | ® Sl 52
H " * m s n msg —> -a T E
is usually true, "l am undecided" if you are not sure, "l do not agree" ifit | = & S|z |5
|

is not usually true, and "I strongly disagree" if it is never correct :c'j wleg| 8 |s

Deprivation

. | feel tense/uneasy when | cannot use the Internet.

. | get nervous/outraged when | want to use the Internet but can't.

. | get nervous/outraged if the internet connection drops or slows down.

. When | use the Internet, | am happier/calmer than ever before.

. When | feel anxious or discussed, using the internet relaxes me.

. | get angry if someone removes me from the Internet.

. | tend to use the Internet to avoid my problems.

.| get angry if | can’t access the Internet at the time | planned.

VN V|~ WN|(-=

. When | have someone around me, I'd like to be alone and access the

Internet.

10

. When | am not using the Internet, | look forward to accessing the Internet.

11

. I look for an Internet connection wherever | go.

Difficulty in Control

12.

| have difficulty limiting or controlling my Internet use.

13.

When | wake up in the morning, my first thought is to access the Internet.

14,

Each time | would like to stay on the Internet longer than the last.

15. | stay on the Internet longer than | plan.
16. | think about the Internet even when | don’t use the Internet.
17. | do not feel or realize that | am hungry or thirsty while on the Internet.

18.

| cancel other plans to spend more time on the Internet.

19.

| can't get away from the Internet whenever | want.

20.

| can’t get away from the Internet even if my parents call me.

21.

| sacrifice my sleep to use the Internet.

Distortion in Functionality

22,

| have problems with my family due to my Internet use.

23.

| can’t get away from the Internet even if my friends call me.
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24, | am less Interested in other activities (sports, cinema, reading books, etc.)
due to my use of the Internet.

25. | cannot fulfill or neglect my home/work/school responsibilities due to my
Internet use.

26. People around me complain about the time | spend on the Internet.

27. | spend less time with my family because of my Internet use.

28. | spend less time with my friends due to my Internet use.

Social Isolation

29. | have problems with my friends due to my Internet use.

30. | prefer the friends | have made on the Internet to my friends in real life.

31. | prefer to meet my friends in real life on the Internet rather than outside.

32. | make my friends online.

33. The Internet is my best friend.

34. A life without the Internet seems meaningless/in vain to me.

35. | have difficulty communicating face-to-face due to my Internet use.
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A 2. Path Diagram and It’s Value

Path Diagram of the Turkish Sample
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Values of Turkish Path Diagram

Substances Estimate ?Et:?tri]r?::\:g p
Al 0.817 0.641 <.001
A2 0.837 0.56 <.001
A3 0.941 0.681 <.001
A4 0.674 0.65 <.001
A5 0.796 0.61 <.001
A6 0.497 0.419 <.001
A7 0.738 0.508 <.001
A8 0.782 0.571 <.001
A9 0.815 0.626 <.001
Al10 0.563 0.434 <.001
All 0.985 0.68 <.001
B12 0.735 0.562 <.001
B13 1.121 0.734 <.001
B14 0.404 0.436 <.001
B15 0.933 0.708 <.001
B16 0.441 0.434 <.001
B17 0.546 0.527 <.001
B18 0.346 0.396 <.001
B19 0.433 0.392 <.001
B20 0.316 0.383 <.001
B21 0.759 0.551 <.001
C22 0.5 0.416 <.001
c23 0.304 0.396 <.001
C24 0.691 0.504 <.001
C25 0.546 0.449 <.001
C26 0.472 0.382 <.001
c27 0.458 0.359 <.001
C28 0.37 0.359 <.001
D29 0.335 0.442 <.001
D30 0.483 0.473 <.001
D31 0.4 0.403 <.001
D32 0.479 0.528 <.001
D33 0.336 0.361 <.001
D34 0.876 0.655 <.001
D35 0.503 0.479 <.001
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Path Diagram of the lraqi Sample
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Values of Iragi Path Diagram

Substances Estimate ?Et;at?r(:\zzg p
Al 1.11 0.731 <.001
A2 0.895 0.577 <.001
A3 0.977 0.614 <.001
A4 0.927 0.683 <.001
A5 0.992 0.688 <.001
A6 0.966 0.6 <.001
A7 1,094 0.721 <.001
A8 1,070 0.702 <.001
A9 1.167 0.711 <.001
Al0 0.872 0.616 <.001
All 1.005 0.637 <.001
B12 1.032 0.664 <.001
B13 1,188 0.656 <.001
B14 0.675 0.514 <.001
B15 0.956 0.616 <.001
B16 0.71 0.528 <.001
B17 1.067 0.737 <.001
B18 0.656 0.573 <.001
B19 0.649 0.45 <.001
B20 0.643 0.632 <.001
B21 0.855 0.732 <.001
C22 0.738 0.631 <.001
Cc23 0.55 0.492 <.001
C24 1.108 0.658 <.001
C25 0.62 0.496 <.001
C26 0.7 0.506 <.001
c27 0.709 0.471 <.001
C28 0.698 0.516 <.001
D29 0.596 0.579 <.001
D30 0.709 0.555 <.001
D31 0.769 0.569 <.001
D32 0.752 0.657 <.001
D33 0.797 0.627 <.001
D34 0.929 0.65 <.001
D35 0.856 0.66 <.001
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A 3. Pair Plots

correlogram with ggpairs()

Country Stage Gender etAddictionNu Deprivation ifficultyincontr rtioninfunctior Socialisolation
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correlogram with ggpairs()

FatherJob MotherJob  siblingsNum etAddictionNu
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correlogram with ggpairs()
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correlogram with ggpairs()
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correlogram with ggpairs()
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A 4. Correlation between Independent Variables

library(rstatix)

## Warning: package 'rstatix' was built under R version 4.1.3

library(dplyr)

## Warning: package 'dplyr' was built under R version 4.1.1

X = VNumData[,c(2:20)]
names(X)

X = VNumData[,c(2:28)]

names (X)

## [1] "Stage" "Gender"

## [3] "Age" "FatherEdu"

## [5] "MotherEdu” "FatherJob"

## [7] "MotherJob" "siblingsNum"

## [9] "Smoke" "FamilyIncome"

## [11] "HomeInternet" "Purposelnternet”
## [13] "DailyInternetUsage" "Covidl9Internet"
## [15] "Covidl9Infected" "ElectronicDevice"
## [17] "HourInternetDuringCovid19" "HourInternetBeforeCovid19"
## [19] "OnlineEduQuality"

cor.mat <- cor_mat(X, method="spearman")

print{cor.mat)

## # A tibble: 19 x 20

HHE
==
##
##
HHE
HHE
HHE
==
##
HHE
HHE
HHE
HHE
==
HHE
HHE
HHE
HHE
HHE
HHE
HHE
HHE
HHE
##
i
HHE
HHE

[ N - Y T N

e e e e =
S ]

16

rowname Stage Gender Age Fathe~1 Mothe~2 Fathe~3 Mothe~4 si
<chr> <dbl>  <dbl»>  <dbl> <dbl> <«dbl> <dbl> <dbl>»

Stage 1 -4,1e-2 @.57 @.046 B.5e-2 ©.0044 -0.06 -a.
Gender -9.041 1 e+@ -0.12 -9.0866 -4.5e-4 ©.064 0.041 Q.
Age @.57 -1.2e-1 1 -8.8954 -2.6e-2 ©.084 @.0856 @.
FatherEdu ©.046 -6.6e-2 -0.054 1 4.9e-1 -08.24 -8.2 -a.
MotherEdu 9.085 -4.5e-4 -0.026 @.49 1 e+0 -0.04 -8.36 -a.
FatherJob 9.0044 6.4e-2 0.084 -8.24 -4 e-2 1 0.083 -0.
MotherJob -9.06 4.1e-2 @.0056 -0.2 -3.6e-1 ©.083 1 Q.
siblingsMum -8.0863 6.8e-2 ©8.871 -8.33 -4.7e-1 -8.017 0.23 1
Smoke -8.014 1.1e-1 -8.068 -8.837 -3.3e-2 -0.024 0.062 a.

FamilyIncome 8.11 -1.7e-1 -8.832 8.31 2.1e-1 -8.36 -8.25 -8.
HomeInternet -0.034 5.6e-2 ©.084 -8.22 -2.3e-1 ©.16 0.12 a.
PurposeInter~ ©0.0056 -4 e-2 -9.041 @.16 1.3e-1 -0.828 -0.969 -0.
DailyInterne~ @.817 -3.6e-2 -8.082 @.13 1.5e-1 -©.844 -0.12 -a.
Covid19Inter~ -8.878 1.2e-2 -8.823 -8.919 -2.7e-2 -0.13 -0.0046 @.
Covid19Infec~ -8.873 -2.5e-2 -8.061 -8.11 -4 e-2 ©.034 0.036 -@.
ElectronicDe~ -8.849 4.3e-2 -8.023 -8.14 -2.2e-1 -0.926 0.11 a.
HourInternet~ ©.089 -7.4e-2 -0.027 8.14 1.4e-1 ©.0041 -0.13 -a.
HourInternet~ @.06 -1 e-1 -8.028 @.15 1.6e-1 -@.027 -0.11 -a.
OnlineEduQua~ @.12 -6.2e-2 8.859 @.11 1.4e-1 -8.871 -0.048 -0.

. with 11 more variables: Smoke <dbl», FamilyIncome <dbl>,
HomeInternet <dbl», Purposelnternet <dbl», DailyInternetUsage <dbl>,
Covidl9Internet <dbl>, Cowidl9Infected <dbl>, ElectronicDevice <dbl>,
HourInternetDuringCovidl9 <dbl», HourlInternetBeforeCovidl9 <dbl:,
OnlineEduQuality <dbl>, and abbreviated variable names 1: FatherEdu,
2: MotherEdu, 3: FatherJob, 4: Motherlob, 5: siblingsNum

125

bli~5
<dbl>
263
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cor.mat %>% cor_get_pval()

## # A tibble:

##
##
H#HE
H#HE
H#HE
#H#
##
##
##
##
H##
H#H#
##
##
##
##
##
H#H#
H#HE
H#HE
H#HE
H#HE
##
##
##
##
H#HE

W N Rw N

=
= @

12
13
14
15

19 x 20

rowname Stage Gender
<chr> <dbl> <dbl>
Stage 5] 5.36e- 2
Gender 5.36e- 2 @

Age 2.31e-192 2.02e- 8
FatherEdu 2.9 e- 2 1.78e- 3
MotherEdu 5.49e- 5 9.83e- 1
FatherJob 8.35e- 1 2.66e- 3
MotherJob 4.3 e- 3 5.@3e- 2
siblingsh~ 2.7 e- 3 1.33e- 3
Smoke 5.16e- 1 2.66e- 7
FamilyInc~ 3.72e- 7 1.1le-16
HomeInter~ 1.1le- 1 7.77e- 3
Purposeln~ 7.93e- 1 5.84e- 2
DailyInte~ 4.29e- 1 9.32e- 2
Covid1GIn~ 2.8%e- 4 5.72e- 1
Covid1GIn~ 5.3%9e- 4 2.3de- 1
Electroni~ 1.95e- 2 4.13e- 2
HourInter~ 2.34e- 5 4.57e- 4
HourInter~ 4.6 e- 3 1.4%e- 6
OnlineEdu~ 5.13e- 9 3.32e- 3

. with 12

variable names 1:

2
2
a
1.15%e-
2.21e-
7.64e-
7.9 e-
8.0le-
1.

1.35e-
6.6%e-
5.53e-
1.15e-
2.73e-
3.92e-
2.8 e-
1.98e-
1.87e-
5.

Age
<dbl>

.31e-192
.82e- 8

28e-

[ R T T e o T B e L )

45e-

FatherEdu
<dbl>
2.9 e- 2
1.78e- 3
1.15e- 2
]
2.42e-135
5.28e- 31
1.81e- 21
1.46e- 59
8.12e- 2
7.36e- 52
1.32e- 26
1.24e- 13
4.083e- 10
3.69e- 1
5.87e- 7
1.33e- 11
3.96e- 11
3.84e- 13
1.65e- 7

MotherEdu
<dbl>
5.49%e- 5
9.83e- 1
2.21e- 1
2.42e-135
]
5.58e- 2
6.23e- 70
1.33e-124
1.17e- 1
4.89e- 23
3 e- 28
1.32e- 9
2.87e- 12
2.60de- 1
5.1%- 2
3.5%e- 25
1.83e- 11
6.2 e- 15
1.27e- 18

more variables: siblingsNum <dbl», Smoke <dbl>,
FamilyIncome <dbl>, HomeInternet <dbl>, PurposeInternet <dbl>,
DailyInternetUsage <dbl>, Covidl%Internet <dbl>, Covidl%Infected <dbl>,
ElectronicDevice <dbl», HourInternetDuringCovidl® <dbl>,
HourInternetBeforeCovidl9 <dbl>, OnlineEduQuality <dbl>, and abbreviated

FatherJob, 2: MotherJob
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Father~1
<dbl>
8.35e- 1
2.6Be- 3
7.6de- 5
5.28e-31
5.58e- 2
9
8.1de- 5
4.2 e- 1
2.66e- 1
7.94e-70
9.11e-15
1.87e- 1
3.7%e- 2
5.6%e-18
1.06e- 1
2.27e- 1
8.46e- 1
2.8%e- 1
7.8le- 4

Mother~2
<dbl>
4.3 e- 3
5.83e- 2
7.9 e- 1
1.8le-21
6.23e-70
g.14e- 5
5]
1.27e-28
3.16e- 3
4.56e-32
G.83e- 9
1.18e- 3
G.24e- 9
8.27e- 1
8.94e- 2
1.7%e- 7
4.62e-10
5.98e- 7
2.47e- 2



A 5. F-Statistics and p values of Basic Functions for Turkish Sample

MARS Regression: Training Data

W:1220.00 R-SQUARED: 0.1979

HAVE MEAN DEP: 0.62303 ADJ R-SQUARED: 0.11324

UNCENTERED R-SQUARED = R-0 SQUARED: 0.35571

parameter Estimate S.E. T - Ratio P-Value
Constant | 0. 11026 0 .02203 5.00544 0.00000
Basis Function 4 | -0. 03502 0 .01271 -2.75532 0.00595
Basis Function 5 | -0. 00621 0 .00113 -5.49314 0.00000
Basis Function 6 | 0.01160 0.00262 4.43474 0.00001
Basis Function 9 | 0.00422 0 .00101 4.17059 0.00003
Basis Function 11 | 0.07669 0.0 .01730 4.43253 0.00001
Basis Function 12 | 0.00848 0.00207 4.09992 0.00004
Basis Function 13 | 0.00619 0 .00264 2.34661 0.01911
Basis Function 15 | -0. 04533 0 .01816 -2.49637 0.01268
Basis Function 18 | 0.05646 0.0 .01561 3.61718 0.00031
F-STATISTIC = 18.29641 SE OF REGRESSION = 0.41727
P-VALUE = 0.00000 RESIDUAL SUM OF SQUARES = 210.68180

[ MDF,NDF ] = [ 9, 1210 ] REGRESSION SUM OF SQUARES = 28.67148
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A 6. F-Statistics and p values of Basic Functions for Iragi Sample

MARS Regression: Training Data

W: 1015.00 R-SQUARED: 0.26576
HAVE MEAN DEP: 0.62303 ADJ R-SQUARED: 0.25099
UNCENTERED R-SQUARED = R-0 SQUARED: 0.60792

parameter Estimate S.E. T - Ratio P-Value

Constant | 0.28297 0 .02635 10.73986 0.00000

Basis Function 1 | 0.03654 0 .01207 3.02803 0.00253
Basis Function 4 | 0. 27047 0 .06608 4.09280 0.00005
Basis Function 7 | -0. 01665 0 0.00493 -3.38066 0.00075
Basis Function 8 | 0.01760 O .00607 2.90071 0.00381
Basis Function 9 | 0.03588 0.00766 4.68581 0.00000
Basis Function 10 | -0. 05725 0 .01163 -4.92279 0.00000
Basis Function 11 | -0. 31366 0 .06494 -4.82980 0.00000
Basis Function 12 | 0.01573 0.00425 3.69922 0.00023
Basis Function 14 | 0.88768 0 .31140 2.85065 0.00445
Basis Function 15 | 0.03617 0 .01210 2.99064 0.00285
Basis Function 16 | -0. 04509 0 .01770 -2.54791 0.01099
Basis Function 19 | 0.00975 0.00263 3.70192 0.00023
Basis Function 20 | 0.06891 0.0 .01549 4.44743 0.00001
Basis Function 23 | 0.05213 0 .02052 2.54064 0.01122
Basis Function 25 | 0.23951 0 .07919 3.02466 0.00255
Basis Function 27 | -0. 03598 0 .01318 -2.72957 0.00645
Basis Function 28 | -0. 06691 0 .02250 -2.97384 0.00301
Basis Function 29 | 0.05754 0 .01278 4.50186 0.00001
Basis Function 30 | 0. 26359 0 .07708 3.41983 0.00065

Basis Function 32 | -0. 25173 0 .06777 -=-3.71443 0.00021

F-STATISTIC = 17.98916 SE OF REGRESSION = 0.43194
P-VALUE = 0.00000 RESIDUAL SUM OF SQUARES = 185.45206

[ MDF,NDF ] = [ 20, 994 ] REGRESSION SUM OF SQUARES = 67.12528
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EXTENDED TURKISH SUMMARY
(GENISLETILMIS TURKCE OZET)
TURKIYE VE IRAK'TAKI OGRENCILERIN INTERNET BAGIMLILIK
DUZEYLERININ COK DEGISKENLiI UYARLANABILIiR REGRESYON

UZANIMLARI (MARS) YONTEMI iLE KARSILASTIRMALI OLARAK
INCELENMESI

HASAN, Hewa Ghafor
Doktora Tezi, Istatistik Anabilim Dali
Danisman: Prof. Dr. Murat KAYRI
Ikinci Danisman: Doktor Ogretim Uyesi Hikmet SEVGIN
Agustos 2023, 132 sayfa

Son yillarda internet, modern hayati bircok agidan degistirmistir. Internet
teknolojileri; egitim, saglik, savunma sanayi, endiistri ve saglik alaninin tiimiinii yeni bir
formata doniistiirmistiir. Bununla birlikte internet, sosyal hayati ve insan-insan, insan-
makine etkilesimini degistirmis ve bu etkilesimler cesitli diizeylerde bagimliliklar
olusturmustur. Internet bagimlihig:, ruh saghgini etkileyebilecek giincel ve ciddi bir
durum olarak kabul edilmektedir.

Ramon-Arbués vd. (2021), diinya c¢apinda 4 milyardan fazla aktif internet
kullanicisinin oldugunu belirtmislerdir. Bununla birlikte, Nisan 2022 tarihi itibariyle
diinya genelinde 4,65 milyar kisi (diinya niifusunun %58,7's1) sosyal medyay1, 5,32
milyar1 (%67) mobil cihazlar1 ve bes milyar kisi de genel amacglh olarak interneti
kullandiklar1 belirtilmistir (Ramon-Arbues vd., 2021). Dolayisiyla internet kullanim orani
dramatik bir sekilde artmaktadir. Internet kullanimmin neden arttifma iliskin bazi
faktorler, daha ucuz ve daha kullanic1 dostu teknolojiye erisim kolayligi olsa da Covid-
19 salgini ile vatandaslarin genellikle evlerde kalmasi ve yiiz ylize hayata katilamamasi,
bu hizli artisin 6nemli bir nedeni olabilir.

2022 yili itibariyle, Dogu Asya diinyadaki internet kullanicilarinin yaklagsik 1,2
milyarini olustururken, Giliney Asya bir milyarin biraz iizerinde internet kullanicisina
sahiptir. Sekil 2.1'de gosterildigi gibi istatistiklere gére Nisan 2022 itibariyle bes milyar
insan ¢evrimig¢i olmustur. Simon (2021a) tarafindan yapilan bir arastirmaya gore (bkz
sekil 2.2), internet kullanicilarinin sayist son on yilda iki kattan fazla artarak 2012 basinda

2,18 milyardan 2022 basinda 4,95 milyara yiikselmistir. Internet teknolojilerinin birgok



yonden insan hayatina faydalar1 ve katkilari bulunmaktadir. Bu hususlar, is bulmak,
eglence ve iletisim ile bilgilerin toplanmasi ve yayilmasi olarak siralanabilir.

Internet teknolojileri her ne kadar bilgi ve birikimi artirma yoniinde yararli goriilse
de kisilerin bagimlilik gibi riskleri de beraberinde getirdikleri alanyazinda belirtilmistir
(Chou ve Hsiao, 2000). Alanyazinda, Internet bagimhiligmin gercekteki madde
bagimliligia es bir durum olup olmadigr arastirilmis ve internet bagimliligi; patolojik
bagimlilik (uyusturucu, yemek ve benzeri) ile aym kabul edilmistir (Griffifths, 1995;
Greenfield, 1999; Anderson, 2001). Baska bir deyisle, internet bagimliligt maddeyi
kotiiye kullanma ile benzer degerlendirilmistir. internet Bagimlilig: (IB) kavraminin var
oldugunu ancak bunun kullaniminin farklilagtigini gorebiliriz. Bu konuda, IB'nin
uyusturucu gibi diger bagimhilik tiirlerine kiyasla gergek¢i bir bagimlilik tiirii olup
olmadigy; ilgili tami kriterleri ve IB'nin kendi basina tam olarak nasil tanimlandig
konusunda anlagmazliklar gibi ¢esitli durumlar bulunmaktadir. Baslangicta, IB,
Greenfield (1999) tarafindan patolojik kumar ya da TV bagimlilig1 gibi teknoloji ile,
Griffiths (1995) tarafindan madde kullanimi ve bagimliligi, Anderson (2001) tarafindansa
yerlesik ilkelere ve cercevelere dayandirilmaya c¢alisilmistir. DSM-IV  (Amerikan
Psikiyatri Birligi, 1994) olarak adlandirilan Ruhsal Bozukluklarin Tanisal ve Istatistiksel
El Kitab1 (4. Baski), bazi ¢aligmalarda IB'nin siniflandirildigi temel 6l¢iim ve referans
noktasi olarak kullanilmistir. Lam vd. (2009) internet Bagimliligindan mustarip olma
olasilig1 en yiiksek olan kisilerin 6grenciler oldugunu bulmuslardir, ancak tedavi veya
herhangi bir ¢6ziim saglama ile ilgili ¢ok az ¢alisma ortaya konmustur.

Davis (2001) ve Young ve Rogers (1998), IA'y1 interneti bireye sorun yaratmadan
kullanamama olarak kabul eder, ancak daha 6nce bahsedildigi gibi, IA teriminin kendisi
literatiirde tutarsiz bir sekilde uygulanmaktadir. Bir yandan Goldberg (1996) ve Hur
(2006) konuyu 'Internet Bagimlilig1 Bozuklugu' olarak adlandirmaktadir. Ote yandan (Lin
ve Tsai, 1999; Chou, 2001; Nalwa ve Anand, 2003; Cao ve Su, 2006; Kima vd., 2006;
Young, 2006; Ko vd., 2007; Lam vd., 2009; Yen vd., 2009; Thomas ve Martin, 2010)
“Internet Bagmmliligr” terimini kullamir. Internet bagimliliginin hosgérii, kontrol
bozuklugu, saplant1 ve asir1 ¢gevrimici zaman gibi temel semptomlarini degerlendirmek
i¢in Yong vd. (2014), internet bagimlilig1 i¢in gesitli tan1 kriterleri olusturmustur. Internet
bagimlilarinda kisilik bozukluklarinin 6nemli bir yayginligina sahip oldugu bulunmustur

(Dalbudak vd., 2014). Ahmed'e (2023) gore internet bagimliliginin gelisimi, genetik,
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yapisal beyin degisiklikleri, ¢cevresel etkiler ve mevcut zihinsel saglik bozukluklart gibi
bir dizi faktorden etkilenir. Artan sayida arastirma, bilgisayar bagimliliginin genetik ve
biyolojik olarak yatkin oldugunu gdstermektedir.

Ergen yas gruplarinda IB ile ilgili ¢esitli ¢alismalar yapilmistir. Pallanti vd.
(2006), IB so6z konusu oldugunda yasin higbir 6nemi olmadigini ve sosyal sinif i¢in de
gecerli olmadigini vurgulamislardir. Sayed vd. (2022), Misirli {iniversite 6grencilerinin
%38,5'inde Internet Bagimlilig: belirtileri oldugunu tespit etti. Universite dgrencilerinin
ergenlikten yetiskinlige gecis yapabilmeleri i¢in bir gecis asamasindan ge¢meleri
gerektigini vurgulanistir. Cin Internet Ag1 Bilgi Merkezi (2006), ¢evrimici olarak 123
milyon kisiyi sunan bir aragtirma yapti1 ve bu saymin %14,9'u 18 yasin altindaki kisilerdi.
Bundan, IB'nin daha ciddi hale geldigi sonucuna vardilar. Park vd. (2008) tarafindan
Giiney Kore'de yapilan bir arastirma, internet kullaniminin diger yas gruplarina kiyasla
en cok ergenler arasinda oldugunu gostermistir. 2005'te o llkedeki 6 ila 19 yas
arasindakilerin %97,3"liniin ¢evrimigi oldugunu buldular.

Diinya Saglik Orgiitii (WHO), psikiyatrik hastaliklarm diinya ¢capinda engelliligin
onde gelen nedenlerinden biri oldugunu iddia etmektedir (Noorbala vd., 2017). Stres,
kayg1 ve iiziintii, zihinsel saglik sorunlariin érnekleridir. Her biri, 6zellikle gen¢ niifus
icin halk saglig1 i¢in bir risk olusturuyor olarak goriilityor. Gomez-Galan vd. (2020),
Duan vd. (2020) ve Dong vd. (2020), Covid-19'un neden oldugu kapanmalarin ve sosyal
stirlamalarin dnemli bir etkisi olarak dijital eglence kullaniminda, internet kullaniminda
biiylik artis oldugunu belirtmislerdir. Bu, Nielsen Global Media (2020) tarafindan
toplanan bilgilerle dogrulanmistir. Asir1 internet kullanimi bagimliliga yol agmaktadir ve
Griffiths (2000) bunu, insanlarin, Ornegin ders calisma vb. gibi durumlarda,
kullanimlarin1 kabul edilebilir normlarin iizerine c¢ikardiginda olumsuz sonuglari
akillarina getirememeleri olarak tanimlamistir.

Calismanin amaci, internet bagimliligina yonelik bir olgek gelistirmek ve
bireylerin bagimlilik durumunu etkileyebilecek faktorleri, ayrica internet bagimliliginin
ogrencileri her iki 6rneklemde (Tiirkiye ve Irak) farkli sekillerde nasil etkiledigini ve son
olarak ne kadar etkiledigini incelemektir. Genel bir sorunun internet eklenmesi genel
olarak bu 6grenciler arasindadir.

Yukarida belirtilen bu hedeflere ek olarak, calismanin ¢esitli amaglar1 vardir.

Karmasik bir konu, bundan sonra “IB” kisaltmasi ile ifade edilecek olan internet
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bagimliligini neyin olusturduguna dair genel kabul gérmiis bir tanimin olmamasidir.
Cesitli bagimlilik oranlarii 6l¢mek igin evrensel olarak kabul edilen ana kriterlerin neler
oldugu acik degildir. Elbette, internet kullaniminin yaygin oldugu ve modern yasamin
yadsiamaz bir gerekliligi oldugu ve hem Tiirkiye'de hem de Irak'ta var olan hiyerarsik
ve geleneksel toplum yapist gbz Oniine alindiginda, 6zellikle genglerin ve 6grencilerin
¢ok daha yogun oldugu toplum tarafindan evrensel olarak bilinmektedir. Bununla birlikte,
caligmanin temel amacglarindan birinin buradan geldigi géz 6niine alindiginda, internet
kullaniminin 6grencileri olumlu mu yoksa olumsuz mu etkiledigine veya gercekten IB'nin
gercek oranlarina iligkin ger¢ek ampirik verilerin bulunmamasidir. Bu tiir veriler, IB'nin
neden oldugu psikolojik, sosyal veya baska tiirli olas1 etkileri hafifleten olumlu
miidahalelere kanita dayali bir yaklagimda yardimeci olabilir.

Internet Bagimmlihigi kavraminin tammmin olusturulmasi, Van Yiiziincii Yil
Universitesi ve Soran Universitesi'ndeki iki 6grenci grubu iizerinde yapilacak anketin
temelini olusturmaktadir. Son olarak, “Cok Degiskenli Uyarlanabilir Regresyon Egrileri”
(MARS) ad1 verilen bir analiz tiirii, elde edilen verilerin analizi i¢in ana matematiksel
modelleme araci olacaktir.

Bu calismada istatistiksel veri analizinin iki ana tiiriinden biri kullanilmistir.
Bunun nedeni, her zaman verilere gore gecerli olan bir sonuca varmamiz gerekirken, bazi
varsayimlarin da dogru olmasi gerekir. Bununla birlikte ister tahmine dayali ister
cikarimsal olsun, veri analizinde ayni temel ilkeler gegerlidir. Cikis degiskenlerini
saglamak i¢in bir sekilde degistirilen bir dizi girdi degiskeni vardir ve bunu yapmanin
yolu, Sekil 3.1'deki diyagramda gosterildigi gibi Veri Olusturma Mekanizmasi
araciligiyladir.

Bu calisma, 6zyinelemeli boliimlemeyi kullanan bir tiir regresyon analizi olan
MARS ile yiiriitiilmiistiir. Ik olarak dzyinelemeli béliimlemenin ne olduguna bakalim.
Fikir, verileri bir dizi alt bolgeye bolmek ve sirayla her bir alt bolgeyi analiz etmektir.
Bunun gergeklesme sekli, boliimlerin her bir alt bolge arasinda ayarlanmasi ve yinelemeli
olarak yapilmasidir. Yani, bir biitlin olarak alandan baslayarak, her biri arasinda bir tiir
boliimleme ile ikiye boliinmiistiir. Bu ikisi daha sonra tekrar boliiniir ve siireg, uygun
sayida alt boliim elde edilene kadar yinelemeli olarak devam eder.

Bunu takiben, Breiman vd. (2014) gbre, uyum eksikligi veya asir1 sayida alt bolge

hari¢ tutularak ideal veya optimal kiimeyi olustururlar. Boylece alt bolgeler yeniden
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birlestirilir. Sonug olarak, genel sonug {izerinde daha az etkisi olan degiskenlerin harig
tutulmas1 veya bir kenara birakilmasi ve yerel bir degisken alt kiimesi se¢imine
yerlestirilmesi tercih edilir. Bununla birlikte, dogrusal fonksiyonlar {izerinde temel
yinelemeli boliimleme siireciyle, verilerin etkin bir sekilde yorumlanabilme derecesinde
siirlamalar olma egilimindedir. Model mutlaka sabit degildir. Yine de siniflandirma
agaclarmi akilda tutma oranimi etkileme aract olarak kullanmak miimkiindiir.
Ozyinelemeli béliimlemenin bir ilkesinin, alt bdlgelerin siirlarinda gercek bir siireklilik
olmamasi olduguna dikkat edilmelidir, ancak yorumlamaya yardimci olan pargal1 diizgiin
ve sabit yaklagimlar kullanabiliriz, bu nedenle ikili agag olarak temsil miimkiindiir (Zhang
ve Goh, 2016).

Bu yontemin dezavantajlari ise, alt bolge sinirlar1 arasinda siireklilik olmadigi igin
yaklagikligin dogrulugu acikca etkilenmektedir. Bu, oOzellikle altta yatan islevin
kendisinin siirekli oldugu durum olabilir.

Yukarida bahsedildigi gibi, veri alt bolgeleri boliimlenmis oldugundan, modelin
dogrusal m1 yoksa toplamsal m1 (basit bir model olurdu) oldugunu veya degiskenlerin
karmagik etkilesimler yoluyla iliskili olup olmadigini somut bir kesinlikle tespit etmek
miimkiin degildir. Bu amagla, MARS, yukarida ag¢iklanan bazi sinirlamalarin iistesinden
gelmenin bir yolu olarak kullanilir (Taylan vd., 2018). Friedman (1991), MARS olarak
bilinen bir veri madenciligi teknigi gelistirdi. Ana islevi, regresyon tipi problemlerin
¢ozlimiindedir. MARS, amacin bagiml bir degiskenin uyumunu optimize etmek i¢in en
kiigiik kareler yontemini kullanmak olmasi bakimindan regresyona benzer, ancak bunun
aksine, MARS ile geleneksel toplama ve dogrusal olanlara ek olarak diger ve daha
karmasik fonksiyonlar1 belirtmek miimkiindiir. Bu hem aga¢ teknikleri hem de
regresyonun bir kombinasyonu yoluyla yapilir.

Parametrik olmayan bir prosedir olan GDM'ye benzer sekilde, iki degisken
(bagiml1 ve bagimsiz) arasinda islevsel bir iliskinin bulunmadigi durumlarda, agaclar gibi
parcali bir porsiyonlama yaklasimi kullanilarak bir iliski tamimlanir. Ote yandan,
MARS'm avantaji, diigiimlerin yalnizca terminal adimlarimin aksine her adimda
boliinebilmesidir; toplamsal ve dogrusal iliskiler yakalanabilir ve iki tiir sonug (stirekli
veya kategorik) elde edilebilir, ¢linkii ongoriiciilerin araligi daha fazladir. Bunu yaparken,

veriler ayrilir veya esdeger araliklara gore ayrilan gesitli “spline”lara boliiniir. Ardindan,
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her spline i¢in, verilerin daha fazla alt gruplamasi gergeklesir. Siire¢ bu nedenle benzerdir,
ancak onceki yaklagimlardan daha ayrintilidir.

Regresyona 0Ozyinelemeli bir boliimleme yaklasimimin kullanimlari olsa da,
siirekli modeller ve bunlarin tiirevleri, ayrik modellerin aksine MARS kullanimindan elde
edilir. Cok degiskenli etkilesimler ve degiskenler arasindaki ya da toplamaya yakin olan
iligkilerle, daha iyi ve daha verimli modelleme gergeklesir ve ayrica, bu degiskenler ve
iliskileri tanimlanabilir. Yiiksek seviyeli veriler, aksi takdirde ayirt edilmesi zor olan
kaliplar1 veya etkilesimleri igerebilir, bu nedenle siirekli bir model oldugundan, bu
analizin diger yontemlere gore birgok avantaj1 vardir.

MARS'm arkasindaki temel fikir, bagimsiz degisken uzayinda farkli araliklarla
ayrilmis ayr1 regresyon egimleri kullanarak dogrusal olmayan bir modele
yaklagabilecegimizdir. Yukarida bahsedildigi gibi, bu bosluklara “diiglim” ad1 verilir ve
bu diiglimler gecildiginde regresyon ¢izgisinin ve egiminin degistigi goriiliir. MARS, bir
bakima daha biiylik resmin degerlendirmesini yaparken, tek degiskenleri ve aralarindaki
iligkileri incelemesi bakimindan hem es zamanli hem de ayriktir.

Veri toplama ve analiz bolimi, herhangi bir arastirma c¢alismasinin veya
projesinin ¢ok dnemli bir bilesenidir ve anlamli i¢gdriiler ve sonuglar ¢ikarmak i¢in bilgi
toplama ve incelemeye yonelik sistematik bir yaklasim saglar. Bu kapsamda arastirma
sorular su sekildedir:

* Her iki iilkeden (Tiirkiye-lIrak) elde edilen verilere gore MARS veri madenciligi
yonteminin iiniversite Ogrencilerinin internet bagimlilik diizeylerini tahmin etme
performanslarinin siiflandirilmast;

o Dogru siniflandirma oranina gore farklilik gosteriyor mu?

o Spesifiklik oranina gore farklilik gosteriyor mu?

o Duyarlilik oranina gore farklilik gdsteriyor mu?

o Dogruluk oranina gore farklilik gdsteriyor mu?

0 F1-istatistiklerine gore farklilik gosteriyor mu?

0 ROC egrisi altinda kalan alan, yani yanlis siniflandirma orani agisindan farklilik
gosteriyor mu?

* MARS veri madenciligi yontemine gore Tirkiye'deki liniversite 6grencilerinin

internet bagimliliginin en 6nemli yordayicilart nelerdir?
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* MARS veri madencilii ydntemine dayali olarak Irak'taki {niversite
ogrencilerinin internet bagimliliginin en 6nemli yordayicilart nelerdir?

Ayrica, bu calismanin amaci, Giinlic ve Kayri (2010) tarafindan gelistirilen
internet bagimlilig1 6l¢eginin bireylerin bagimlilik durumunu etkileyebilecek faktorleri
incelemektir. Caligmanin 6rneklemi uluslararasi diizeyde olup, her tlkeden (Turkiye ve
Irak) kozmopolit Universiteler ve soz konusu ulkelerden Turkiye'den Van Yizinci
Universitesi ve Irak'tan Soran Universitesi secilmistir. Hedef kitle iiniversite dgrencileri
olarak belirlendi. Orneklemin ergenlerden olusmasi internet bagimliliginin daha ¢ok
ergenlerde goriilmesi ve bu donemdeki bireylerin her tiirlii etkiye agik olmasindan
kaynaklanmaktadir. Orneklemdeki birey sayis1 2235; Van Yiiziincii Universitesi'nden
1220, Soran Universitesi'nden 1015 dgrenci segkisiz 6rnekleme yontemiyle atanmustir.
Orneklemin yas araligi 11-67 arasinda degismekte olup, yas ortalamasi 21.66 olarak
bulunmustur.

Derbyshire ve digerleri (2013) tarafindan yapilan bir arastirmaya gore, liniversite
cagindaki 6grenciler hem akranlariyla iletisim kurmak hem de giinliik yasamda gezinmek
i¢in teknolojiye giderek daha fazla bagimli hale geliyor. Bildigimiz gibi, son COVID-19
salgini ile teknoloji kullanimi, ¢ok kisa bir siire i¢inde herkes i¢in giinliikk yasamda daha
fazla yerlesik hale geldi. Bu, tiniversite siniflarinin ¢evrimici etkilesimle tanitilmasini ve
siklikla degistirilmesini igerir.

Bu arastirma, genel tarama modellerinden biri olan iligkisel tarama modelinde
tasarlanmustir. Iliskisel tarama modelleri, degiskenler arasindaki iliskileri tanimlamaya
calisan ve iki veya daha fazla degisken arasindaki degisimin varligin1 ve/veya miktarini
belirlemeye calisan arastirma tasarimlaridir. Ayrica iliskisel tarama modeli yaygin olarak
bilinen bir istatistiksel yontem degildi. Bununla birlikte, potansiyel nitelikler, degisken
degisikliklerini tanimlamay1, degiskenler arasindaki iligkileri belirlemeyi, korelasyon
analizini kullanmay1 ve tahmine yardimci olmayi igerebilir. En son bilgiler i¢in, son
arastirma kaynaklarina bakin.

Calismada kullanilan Internet bagimlilig1 6l¢eginin dili Tiirkce oldugu i¢in Soran
Universitesi'nde %100 Ingilizce egitim goren dgrencilere uygulanabilmesi igin 6lgek
uyarlama adimlar1 dikkate alinarak Ingilizceye ¢evrilmistir. Bu nedenle, sorularin ayni

sorgulama hattinda oldugundan emin olmak i¢in ¢eviriler arasinda kapsamli bir inceleme
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ve karsilagtirma yapilmistir. Anket daha sonra, tam olarak dagitilmadan once Soran
Universitesi'ndeki 250 égrenciden olusan bir grup arasinda pilot olarak uygulandi.

Rastgele 6rnekleme teknigi kullanilarak, anketin baglantis1 Soran'daki fakiiltelerin
S'indeki o6grencilere dagitildi — yani her birinden 50 6grenci olmak iizere toplam 250
ogrenci. Iki giin sonra bir hatirlatma mesaji ile bir hafta siire sinir1 getirildi.

250 ogrenciye yapilan pilot uygulama sonucunda veriler izerinde uygulanan
Dogrulayict Faktor Analizi sonucunda yapmin her bir maddede orijinal Olgekte
belirtildigi gibi (RMSEA: 0.060, CFI: 0.95) belirtilen faktoriin altinda kaldig1
goriilmiistiir. NFI: 0,90, NNFIL: 0,95 ve GFI: 0,81). Yine dort boyut i¢in elde edilen
giivenilirlik degerleri (McDonald's ®) sirasiyla 0.829, 0.839, 0.833 ve 0.795 olarak elde
edilmistir. Bu degerler ile veri setlerine uyarlanan internet bagimlilig1 dlgeginin gegerli
ve glivenilir oldugu sonucuna varilmaistir.

Bir veri setine iki ana istatistiksel analiz yonteminden (parametrik veya parametrik
olmayan) biri uygulanmadan 6nce, az 6nce belirtildigi gibi ¢esitli varsayimlarin yapilmasi
gerekir. Mishra vd. (2019) ve Douglas'in (2017) en az iki makalesine gore, dort 6zel sartin
karsilanmasi gerekir. Bunlar genellikle onlar tarafindan su sekilde goriiliir:

* Coklu dogrusallik eksikligi: bagimsiz degiskenlerde hata yoktur;

* Normallik: veriler normal dagilim gosterir;

* Dogrusallik: bagimsiz degiskenler sabitken, bagimli ve bagimsiz degiskenler
arasindaki iliski dogrusaldir;

* Homojenlik: bagimsiz degiskenin herhangi bir kombinasyonunun, bagiml
degiskende miiteakip varyansa neden olmasina izin verilebilir.

Sheskin (2011) parametrik olmayan bir yaklasim kullanmak da miimkiindiir.
Bunun nedeni, parametrik bir yaklagimin yalnizca verilerin normal dagilim altinda oldugu
durumlar i¢in gecgerli olmasidir; Hazra (2017) gore tersi durumda, farkli giiven araliklar
ve degerler ortaya cikabilir- sonucglarin gerceklikten farkli olabilecegi Ongoriilebilir
sonucla, ki bu agik¢a istenmeyen bir durumdur.

Arastirmacilar verilerin normal dagilim gosterip gostermedigine karar verirken
genellikle iki ana yontem kullanirlar. Bunlar n>50 oldugunda Kolmogorov-Smirnov testi
ve bunun altinda ise Shapiro-Wilk testidir. Verilerin normal dagilan bir popiilasyondan

olmasi ve sifir hipotezinin P>0.05 ile tutulmas1 gerekir.

136



Mevcut ¢aligmanin sonuglartyla birlikte, asagidaki Tablo 4.1 ve 4.2'de gosterildigi
gibi  Kolmogorov-Smirnov testi igin asagidaki testlerin her ikisi de P>0.05
gostermektedir, yani normal bir dagilim gegerli degildir.

Olgegin yap1 gegerligine iliskin Giiniic ve Kayri (2010) tarafindan yapilan
acimlayict faktor analizine gore Olgek dort alt boyuttan (Cekilme Kontrol Giigliigii-
Islevsellikte Bozulma-Sosyal Izolasyon) olusmaktadir. Bu ¢alismanin sonuglarinin ve
yapisinin gegerli oldugunu gostermek i¢in elde edilen verilerle dogrulayici faktor analizi
uygulanmustir.

Gerekli analizi yapmak ve uygun bir model olusturmak i¢cin LISRELS8.80 paketi
kullanild1. Varyans faktorii 1 olan faktdr olgeklemesi kullanildi. Veri analizinde su
faktorler de incelenmistir: (NFI), (NNFI), (RMSEA), (SRMR), (GFI), Ki kare (x*2) ve
(CFI).

Omeklem biiyiikliigii x*2'yi etkileyen énemli bir faktdr oldugu igin atildigini
belirtmekte fayda var. Bu, Tibshirani (2001) tarafindan alinan ve yukaridaki diger tiim
faktorlerin kullanildig1 yaklasimi izler. NFI, GFI, NNFI ve CFI >0,90 ve SRMR ve
RMSEA <0,08 referans noktasi olarak degerler hesaplamalara dahil edilmistir. Asagidaki
Tablo 4.3, Dogrulayici Faktor Analizimizin sonuglarmi gosterirken, Ek 2'de yol
diyagramlari bulunabilir.

Geldhofvd. (2014) eski a katsayisi tarafli sonuglar liretir ve bu nedenle o katsayisi
tercih edilir. Yurdugiil (2006), goreli farkin faktdr analizi sonuglara da yansidiginm
gozlemlemektedir. Hem Cronbach hem de McDonald degerlerini hesaplamak i¢in Jamovi
0.9.0.3 kullanildi. Asagidaki Tablo 4.4'te verilerin daha derinine inildiginde, Tirkiye
verilerine gére Olcek Giivenilirliginin gesitli alt kategorileri sunulmaktadir. Tablo 4.5'ten,
0,957'lik bir o degeri ve 0,959'luk bir » degeri ile, verilerin yukaridaki tartismaya
dayanarak gecerli ve dolayisiyla giivenilir olarak kabul edilebilecegi aciktir.

Bu calismaya ait veri setini Internet Bagimlilik Olgegi ve demografik/kisisel
bilgileri iceren anket formlarindan elde edilen veriler olusturmustur. Arastirmanin
orneklemi, 1220’si (427 erkek ve 793 kiz) Tiirkiye ve 1015’1 (465 erkek ve 550 kiz)
Irak’tan olmak {iizere secgkisiz Ornekleme yoOntemiyle toplamda 2235 Ogrenciden
olusmaktadir. Calisma kapsamindaki veriler, SPM 8.2 programindan istifade edilmistir.

MARS veri madenciligi ¢calismast icin SPM 8.2 programinin varsayilan degerleri

varsayilan degerler olarak kullanilmis, 6grenme verileri ve test verileri dikkate
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alinmaksizin tiim veri seti dikkate alinarak islemler gerceklestirilmistir. Tiirkiye veri seti
icin MARS veri madenciligi yontemi ile yapilan analiz sonucunda dgrenciler internet
bagimlilig1 adina “bagimli/bagimli degil” olarak simiflandirildiginda bu gruplamalara
uyan Ogrenci sayilar1 Tablo 6.1'de verilmektedir. Irak veri seti icin MARS veri
madenciligi yontemi ile yapilan analiz sonucunda Ogrenciler internet bagimliligi adina
“bagimli/bagimli degil” olarak siniflandirildiginda bu gruplamalara uyan 6grenci sayilari
Tablo 6.2'de verilmektedir.

MARS analizi sonucunda; Tiirkiye’deki 6grenciler i¢in 9 (dokuz) temel fonksiyon
elde edilmisken Irak’tan olusan veri seti igin ise temel fonksiyon sayis1 20 (yirmi) olarak
gbzlenmistir. Bu calismanin amaglarindan biri de Giinu¢ ve Kayri (2010) tarafindan
gelistirilen yoksunluk, kontrol giicliigii, islevsellikte bozulma ve sosyal izolasyon alt
kategorilerinin etkilerini incelemektir. Bu alt kategorilerin her iki tlkede de Universite
Ogrencileri arasinda internet bagimlilig: ile anlamli bir iligkisi oldugu tespit edilmistir.
MARS tarafindan olusturulan modelde hem Tiirkiyeli hem de Irakli 6grencilerin internet
bagimlilik diizeyini etkileyen en Onemli faktoriin “giinliik internet kullanim siiresi”
oldugu tespit edilmistir. Calismaya ait detaylar ise tezin Bulgular ve Sonug bélimlerinde
yer almaktadir. MARS yontemi ile internet bagimlilik diizeyini etkileyen faktorlere
iliskin bulgularin literatiire katki saglayacagimi diliyor ve bu tiir veri madenciligi
yontemlerinin teorisi ile yasama doniik verilere uygulamali olarak yansimasi tavsiye

edilmektedir.
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