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Abstract

Nowadays, almost everyone is glued to their phones. It turns out that the fear of
being without your phone has a fancy name: nomophobia. Researchers can now
analyze our phone usage using data mining techniques to determine how much we
rely on them. They can monitor everything from screen time and social media
activity to email habits and app addiction. This information assists us in
understanding the impact of technology on our daily lives and may even lead to new
interventions or treatment options for those who suffer from nomophobia.
Nomophobia, like addiction, progresses through multiple aspects such as initiation,
affirmation, need, and dependency. It also manifests in a variety of ways, including
socially, physiologically, and physically. The study goal is to look into the
nomophobia patterns of the Iragi academic population (professors, students, and
employees) at the University of Baghdad. A descriptive, cross-sectional survey
design was used to collect data between 17" October, 2021, and 1% October, 2022.
The sample for this study consists of 305 participants. A sociodemographic data
sheet, Internet usage profiles, and a nomophobia questionnaire are used to collect
information. Thus, data mining techniques have been used to analyze the collected
data, hence the concluded results emphasize that there are two major patterns
(students group that are annoying during inability to find information on a mobile
phone, inability to use it, and inability to check it, and panic when they consume out
the credits or hit the monthly data limit, awkward because they couldn't check their
notifications for updates from their connections and online networks, subsequently
they would feel weird because they would not know what to do). They exhibit
nomophobia, and all the examined individuals have acceptable impacts of
nomophabia.

Keywords: Data Mining, Nomophobia, Iragi academic population.
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1. Introduction

The emergence of new information and communication technologies (ICTs) in the digital
epoch provided facilities for quick communication, data retrieval, and Internet access
efficiently via the network of the largest global communication network [1]. This epoch is
defined by the widespread and prevalent use of mobile devices and smartphones. They are
primarily used to access the internet, contact family and friends, and search for anything due
to their smaller dimensions, which boost portability. An obsession with the most recent
mobile apps can undoubtedly create an environment in which people spend more time with
technology than with each other [2, 3]. Notwithstanding, mobile phones are currently an
indispensable medium of modern life. The use of smartphones has led to significant problems
and community consequences [4, 5]. Therefore, nomophobia, or non-mobile dread, is a
modern illness caused by mobile technology that has a detrimental effect on the community
and the reliance that its use has created among residents [6, 7]. The inability to contact or get
in touch with other people, plus losing rapid access to their networks and information, would
all lead to the phobia egressing. Actually, nomophobia is distinguished by discomfort,
feelings of nervousness, anxiety, or distress if not using a mobile phone, and it may
additionally provoke suicidal thoughts and assaults [8, 9].

Nomophobia has a relationship with the fear of becoming incapable of interacting, losing
their connection, feeling alone, and losing their convenience. In other instances, nomophobia
is extensively, positively, and considerably related to challenges utilizing the Internet, concern
about their social media profile, and dependence on social media [10]. Further investigations
have found that individuals with nomophobia use inaccurate stress-coping strategies, and
those with substantial levels of nhomophobia seek memories, oneself, and close proximity.
Previous studies pointed out three symptoms of this situation: nervousness, obsessive
smartphone usage, and fear senses [11]. Moreover, nomophobia has been demonstrated to
induce anxiety as a consequence of interpersonal threats, especially if the situation involves
ambiguity or losing control [2], [12], and [13].

Interpersonal interaction in an era of modern technology can result in fewer interpersonal
connections among individuals in the community and a lack of many aspects required for
developing a typical individuality. As a result, technological advancement and progress are
viewed as factors in psycholoneliness and periodic anxiety [14], [15], and [16]. Likewise, the
proliferation of complex forms of interpersonal interaction with other people, especially via
media outlets and the internet, has resulted [17]. As a consequence of this, the person in
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question gains beliefs that could clash with the beliefs of the family while additionally losing
the beliefs and features that distinguish them [8, 18]. Indeed, cell phone devices were
established to be used to connect at first; thereby, it seems reasonable to associate loneliness
with the possession of mobile phones [19]. Loneliness is a powerful indicator of cellular
phone usage [20]. Actually, [21] realized a significant correlation between loneliness and
nomophobia, with loneliness estimating nomophobia. Individuals likewise utilize cell phones
as substitutes for loneliness and social anxiety [8, 22, 23]. However, the data mining
techniques are used to identify customer behavior, market trends, and social media
interactions [24]. The aim of mining is to identify the common traits and features in the data
set that will help to understand the underlying processes and make better decisions [6, 25].
This process involves clustering [26], classification [27], and association analysis [28] to
identify trends and patterns [29]. Consequently, the results can vary from simple descriptive
graphs to complex predictive models [30]. The process uses machine learning and statistical
techniques to identify patterns and trends that can lead to valuable insights [31, 32]. The
results can be used to develop marketing strategies, customer segmentation, and product
recommendations. Accordingly, data mining has several advantages [33], including improved
decision-making, better customer service, and increased revenue [34, 35].

2. Related Work

Earlier research has found that alone people are more likely to overuse Internet technology,
and if they have been incapable of utilizing a mobile phone, they have been almost certain to
suffer from being embarrassed [36-37]. Furthermore, loneliness may lead to the
disproportionate use of mobile phones due to the mediator effect of escape motivation [38—
39]. This has become an unfamiliar challenge to the internet era that is being exacerbated by
people's growing utilization of cell phones in the course of their daily activities [8]. As a
result, it seems that it is necessary to investigate whether nomophobia and loneliness have a
correlation in a dataset of the Saudi Arabian population. This research looked into the
association between the sensation of loneliness and nomophobia and found a significant and
positive relationship between them [3].

Actually, [40] examined mobile phone activities that are correlated with mobile phone
addictive disorders in male and female users. In this study, an internet-based questionnaire
was filled out by university students. This survey took ten to fifteen minutes to respond to and
included a mobile phone addictive behavior scale as well as queries regarding the amount of
time users spend every day on 24 mobile phone activities. The results thereof confirmed that
mobile phone use has a strong correlation with mobile phone addictive disorders such as
Instagram and Pinterest. These activities contribute to cell phone addictive disorders (CPA),
which have been found to differ significantly between male and female mobile phone users.

Whereas, in [41], it addressed mobile phone user impressions and analyzed them
regarding their dependent behaviors over a 6-hour interaction shutdown in South Korea in
2014. This research listed two categories of reliance determined by conversations with 70
mobile phone owners: functional reliance, which emphasizes the mobile phone's critical
helpfulness, in addition to existential reliance, which is based on obsessive, usually
unconsciously, adherence to the mobile phone. Even though the two categories of reliance
could overlap, individuals who consider fundamental reliance have been less inclined to
discuss the negative effects of using mobile phones compared to those who think of functional
reliance. Furthermore, functionally reliant users seemed more inclined than existentially
reliant individuals to alter their reliance behavior. Mobile phone users, irrespective of their
form of addiction, rejected the claim of being addicted to the mobile phone. Moreover, the
[42] research focuses on the influence of nomophobia on young individual behavior and
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habits. It acquired features and offered alternatives for those suffering from nomophobia.
Also, it has some limitations because most of the participants were 1st grade undergraduates.
The constraint was that there was an unbalance in the age distribution between the individuals
polled. It is recognized that outcomes could be limited due to the socioeconomic status of
those who were polled and could vary for different individuals and cultures. However, in [43],
the contextual, usage-related, and personality-related indicators affecting the impressions of
72 fictional situations of mobile absence have been examined employing an internet-based
factorial questionnaire of 146 German mobile phone owners. By employing a multifaceted
technique, the study discovered how the location, motive, and probable time period of
absence, in addition to the anticipated number of communication attempts, affect contextual
mobile absence. Individual influences, including the importance of mobile availability,
attainable anticipations of others, a feeling of FOMO (fear of missing out), and a high degree
of commitment, affect the impression of lacking situations. There are also cross-level
consequences among contextual and personal variables.

3. Methodology
3.1 Investigated Data

Indeed, the examined dataset has been collected according to the nomophobia questionnaire
(NMP-Q) created by [4], and the questionnaire version has been translated into Arabic, and it
was applied in the present investigation with no changes. It contains twenty questions that
have ratings on a Likert rating system from 1 to 7, with 1 confirming completely disagree and
7 confirming completely agree (or totally agree). The four main categories stated in this study
have been organized into questions about data lack (items 1-4): frustration due to lacking the
ability to properly utilize a mobile phone to search for information on the Internet or access
information at any time as well; offering up comfort (items 5-9): the comfort and ease that
cell phones provide, especially in regards to batteries, coverage, and credits; a failure of
communicating (items 10-15): sensations about not being able to communicate instantly and
becoming incapable of utilizing immediate communication services; failure to communicate
(items 10-15): sensations regarding being incapable of utilizing immediate messaging
services; sensations regarding lacking connection (items 16-20) [3] [4]. The target population
in the Iragi academic domain (University of Baghdad) during October 17, 2021-October 1,
2022 was 305 participants.

3.2 Data Set Characterization

The characterization action is the process of manipulating and converting the data set
features into symbols to simplify them, especially some algorithms that could work on
nominal values, numeric data, binary values, and unary attributes, so they can benefit from
this process to make the features understood more smoothly. The data sets are usually large
and contain millions of data points, so it requires advanced algorithms and systems to analyze
them effectively. Indeed, in this paper, the characterization results, as shown in Tablel, of
converting the questionnaire answers will be easily analyzed in the next phase below, where
X is the general literal of all questionnaire questions from A to T.

Table 1: Questionnaire Characterization Stage

Attributes Features of Attributes
Gender (Gno= Female , Gn1= male)
Age (18<=Ago<=28), (29<=Ag1<=39), (40<=Ag,<=50), (51<=Ags<=61)
Occ (Oces = Students, Occr =Teachers, Oce =Employee)
Answers Xo=neutral, X;= | somewhat disagree, X,=I somewhat agree, Xs=Strongly Disagree,
Features X4=Strongly agree, Xs= disagree, Xs= Agree
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3.2 Feature Selection

It is a crucial step in data mining that entails choosing relevant features or attributes from a
large pool of potential variables. This procedure is critical for reducing redundancy,
improving model accuracy and interpretability, and avoiding overfitting [44, 45, 46]. Filter
methods, wrapper methods, and embedded methods are among the feature selection
techniques available. Before deciding on the best technique for a specific data mining task, it
is critical to carefully evaluate and compare various approaches. Accordingly, feature
selection is an important step in data mining that can have a significant impact on the
performance and interpretability of predictive models. However, only the most relevant
attributes of a dataset have been chosen for analysis. Thus, feature selection has been used to
identify the key factors that contribute to nomophobia in the context of this phenomenon.
These variables may include age, gender, occupation, social media use, and mobile phone
reliance. Researchers can gain a better understanding of the causes and effects of nomophobia
by focusing on these specific characteristics, leading to better diagnosis, treatment, and
prevention strategies.

In this phase, the classifier attribute evaluator estimates the worth attribute using a user-

specified classifier (Simple CART Tree) [47] [48] with the evaluation measure Area Under
ROC Curve (AUC) regarding the search based on the ranker search method. However,
classification and regression trees (CART) are a more modern term for decision trees. To
assess a piece of data, they build a tree and begin at the base, working their way up to the
leaves (roots) until they can make a forecast. In order to create a decision tree, first choose the
best split point repeatedly in order to generate predictions. The procedure is then repeated
until the tree reaches a fixed depth. Thus, to increase the model's capacity to generalize to new
data, the tree is trimmed once it is built.
This process produced the results that determined the nine extracted attributes from the 23
attributes of the main class, which were age attributes. Hence, they are considered the pivotal
steps to start the execution of the apriori and association rule algorithms as presented in Table
2.

Table 2: Selected attributes
| 0w | Fo | To | B | Re | Eq | 1o | K | Dg | classay

3.4 Apriori and Association Approach

Actually, the effective patterns could be obtained from utilization of apriori and association
rule mining approach. One such machine learning system that determines likely associations
and establishes association rules [49] is the Apriori algorithm . Thus the used platform of this
study (WEKA) offers the Apriori algorithm implementation. When calculating these rules,
you can choose the acceptable confidence level and the minimal support.

This is performed according to the parameters of Table 3, which explores the most
effective super item set (Occ, Bg, Dq, Iq) in the case of occupation (Occ) is the main class,
which is composed of an apriori algorithm that represents the most regular patterns in the
Nomophobia phenomenon of the investigated dataset, which are equivalent to accepting
options in the investigation. Thereafter, confidence has to be determined in order to estimate
association rules that represent the relationship strengths among the super-item set. The
accepted rule is 86% as presented in Rule 1, which exceeded the metric confidence of 80%.
So, it would be possible to classify the individual's tendency to use their mobile devices, thus
deducing the strength of nomophobia in the investigated data set.
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Table 3: Apriori and association parameters

Lower bound Delta Upper bound Metric confidence Number of rules
0.06 0.05 1 0.8 10
Dq6:1q6’ 0666 = Bq6 (1)

Nevertheless, the repetition has been estimated based on (upper, lower) bound and delta in
decreasing steps from the upper till reaching the lower bound or sufficient number of rules, as
in formula 2:

Loce = lau * Ly (2)

Where, I,.. is the number of accepted instances that satisfy the threshold values. Whereas,
I,y 1s the total instances that are 305 in this experiment, and L, is the minimum support.
However, the number of performed cycles that are utilized for superset extraction from the

main dataset could be obtained using formula 3:
— (Maxp—Ming) (3)
¢ A(Maxp ,Minp)

Where, Nc is the number of cycles and Max,and Min, are the maximum and minimum
supports, respectively. In addition, 4 (Max,, Min,) is the iterative reduction of the
supporting factor that reduced the maximum support until it reached the minimum support or
produced a predetermined number of rules. The detected superitem sets were entered into the

association algorithm to produce the dominant associated rules [50].

4. Results Discussion

Turning now to the experimental evidence on the feature selection method of the classifier
attribute evaluator based on the simple CART Tree algorithm, in addition to the area under
the ROC curve (AUC) as an evaluation measure with 5 folds. Accordingly, it has gained 9
columns (in Table 1) from a total of 23 in origin, with age (Ag) as the main class. Actually,
the confidence of all patterns has been estimated at 86%, along with the superitem sets
(patterns). So, the most effective rule has been extracted, which emphasizes that the superitem
sets have the most effective impact on the observed phenomena of 19 execution cycles with
regard to formula 3 execution. Thus, the {Bg6, Dg6, 1q6, Occ6} and {Fqg3, Tq3, Rq3} item sets
are exceeding the common confidence of 85%. On the other hand, these results are based on
minimum support = 0.06 and maximum support = 1, and the delta = 0.05, as shown in tables 4
and 5, respectively.

Table 4: First most effective pattern

Symbol Option response Feature
I would be annoyed if | could not look information up on my smartphone when | _
Bos 6=Agree
wanted to do so.
I would be annoyed if | could not use my smartphone and/or its capabilities when | _
Dgs 6=Agree
wanted to do so.
lgs I If I could not check my smartphone for a while, | would feel a desire to check it. 6=Agree
Occs Individual occupation student S:Sttuden

Additionally, the associated rules have been extracted based on a confidence = 0.85 and
produced the following rule:
{Dq6'1q6 yOcee } ===> Bq6 =18
Where, the pattern set (superitem set) is {Bgs, Dgs, lgs, Occs} represents the first most
repeated answer of 18 repetitions. Whereas, other associated rules have been extracted with a
confidence=0.86, the following rule is produced:
{Fy3,Ty3} ===>R,;3 =18
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Where, the pattern set and {Fqs, Tq3, Rg3} represent the second most repeated answer of 18
repetitions.

Table 5: Second most effective pattern

Symbol Option response Feature
Fos If | were to run out of credits or hit my monthly data limit, I would panic. 3:§i2;g?2’ehat
T I would feel awkward because I could not check my notifications for updates 3=Somewhat
® from my connections and online networks. disagree
Rg3 I would feel weird because | would not know what to do. 32;2;%?2’:“

These rules satisfy the threshold condition, which is 18 times of repeated items together
(accepted item sets and super item sets) that are obtained from 19 cycles of execution. Then,
emerging from the results reported here, is extracting the superset that reveals effective
patterns of nomophobia for the investigated data set. Indeed, the O feature indicates the
students’ instances from the total O features of the investigated dataset (employees, teaching
members, and students) of the University of Baghdad; they are the most influenced ones in
the experimented phenomena. Therefore, a deep classification has been performed in detail to
explore whether the influence gender is women or men who are the most affected; thus, the
results indicate that they have equivalent influential ratios for both of them.

5. Conclusions

According to the nonparametric investigation, the total pattern set (superitem set)
{ Bge) Dger 16 Occs} has a significant and dominant role with regards to nomophobia.
Whereas, the responses that are associated with student groups that are annoying are the
inability to find information on a mobile phone, the inability to use it, and the inability to
check it. Furthermore, the pattern set (item set) { F,3, Ty3, Rq3,3has also a second significant
role within regards to nomophobia. The responses that are associated with the total
investigated individuals in the questionnaire that panic when they consume out the credits or
hit the monthly data limit are awkward because they couldn’t check their notifications for
updates from their connections and online networks; subsequently, they would feel weird
because they would not know what to do. This work proposes that a variety of academic
fields require psychoeducation to raise awareness about the psychological ramifications of
nomophobia. So, approaches could help to minimize the time spent online for random causes
and to uncover innovative and informative means for communicating among people. This
study found that nearly all of the investigated population possesses an acceptable amount of
nomophobia, owing to the inability to socially interact and the sacrifice of comfort.
Subsequently, the education degree and the daily regularity of mobile Internet usage are
decisive indicators of nomophobia degrees in the investigated dataset. According to the
findings, more research will be required to increase consciousness concerning the
psychological effects of nomophobia through psychological counseling. Sessions with
counseling, which supervise individuals in regards to procedures offered, aim to assist them in
decreasing the time that they consume online for irrelevant motives, excluding time spent
online for studying and assessments. In addition to motivating them in the direction of
imaginative and stimulating techniques for connecting among them, this may additionally be
good for them.
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