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Abstract

Problematic Internet Use (PIU) has been linked to student loneliness, wellbeing and Fear of Missing
Out (FOMO). Thus, there is a need to investigate the use of the internet and the impact of that use in
universities. Reliance on self-assessment to identify PIU has generated concern in previous research,
the need for measures that include assessment of actual behavior has been highlighted. This research
used a method which is innovative in psychology, to gather and analyse objective data on internet
activity in a university over an academic year. Student self-assessment data on PIU subtypes (general
PIU, problematic smartphone use, problematic social media use, problematic internet gaming, and
problematic pornography use), wellbeing, loneliness and FOMO were also gathered. The data were
used to understand actual internet behavior, student assessment of that behavior and relationships

with wellbeing, loneliness and FOMO.

The first and third study examined the Wifi digital traces of approximately 13,000 users at a university
for an academic year. Principal component analysis identified patterns in the users’ engagement with
the internet. Machine learning identified clusters of users with the same pattern of activity and
enabled prediction of education activity. In the second study, the self-assessment data from 834
university students explained how users of the university WiFi assessed their internet usage behavior,
wellbeing, loneliness and FOMO. A partial correlation network and variance partitioning clarified
relationships between PIU subtypes, wellbeing, loneliness and FOMO. The I-PACE model (Brand et al.,

2019) was used to illuminate the findings in a model of behavioral addiction.

This research contributes to understanding PIU in students and links to loneliness, wellbeing and
FOMO with: (i) objective measures of actual behavior; (ii) identification of patterns of internet
behavior; (iii) prediction of activity on the internet using objective data; and (iv) use of partial
correlation networks, variance partitioning and the I-PACE model to clarify the relationships between

PIU subtypes and wellbeing, loneliness and FOMO.



Chapter 1. Student Problematic Internet Use, Well-being,
Loneliness and FOMO: A Systematic Literature Review of Recent

Findings, Interpreted Using the I-PACE model

1.1 Introduction

Although there is no agreed definition of problematic internet use (PIU), in the current research it is
understood as a behavioral pattern of internet use marked by preoccupation and unregulated and
excessive use which leads to significant negative consequences not accounted for by any other
disorder (Kuss & Pontes, 2019). Hence, PIU in the current research encompasses problematic behavior
on the internet, when accessed from any medium, including a smartphone. Concern for the health
and societal costs of PIU has resulted in recognition of the need for research to inform regulatory
policies and clinical practices (Fineberg et al., 2018). Internet use has become central in education and
in academic work and more so during the Covid-19 pandemic, as universities and colleges increase
their dependency on online delivery (Qazi et al., 2020). As students have an increasing dependency
on the internet (Qazi et al., 2020), they represent a particularly at-risk group for PIU. Hence there is a
particular need to understand PIU and its potential impacts for students. College life can be difficult
for students as they cope with managing their time, studies, health, finances and often new home
environments (Murphy, 2017), PIU is an additional concern. Supports are needed for students to
reduce the adverse impact of challenges to student wellbeing (Association for Higher Education and
Disability, 2016). Understanding threats to student wellbeing have important implications for
delivering the support that is required, PIU is one such threat. Wellbeing is demonstrated in multiple
psychological dimensions including competence, emotional balance, positive engagement, optimism,
resilience, positive emotion, positive relationships, self-esteem, and energy, wellbeing indicators
include levels of stress, depression, anxiety and others (Ruggeri et al., 2020). Thus, the present review

focuses on and analyses PIU and wellbeing research in college and university students.

Recent literature has highlighted the role of problematic internet use (PIU), and has found that
together with loneliness and fear of missing out (FOMO), PIU is particularly prominent in students
(Price & Smith, 2019; Shek & Yu, 2012) and may generally adversely affect student wellbeing (Casale
& Fioravanti., 2011; Elhai et al., 2021; Elhai et al., 2018; Hebebci & Shelley, 2018; Reer et al., 2019;
Stead & Bibby, 2017) and academic performance (Truzoli, 2019). FOMO is consistently linked to

wellbeing and refers to worrying that others might have rewarding experiences which one is not part

2



Chapter 1

of, and a need to stay continually connected with others, often by using social media (Przybylski et al.,
2013; Hebebci & Shelley, 2018). Social media usage has been linked with increased loneliness.
However, this increase may be mediated by FOMO (Fumagalli et al., 2021). Lonely students may feel
disconnected and thus be prone to FOMO. Indeed FOMO, loneliness and PIU have been related to and
negatively correlated with wellbeing (Casale & Fioravanti, 2011; Hebebci & Shelley, 2018). PIU is
consistently associated with wellbeing, loneliness and FOMO (Casale et al., 2018; Elhai et al., 2018,
2019; Elhai, Yang, Rozgonjuk, et al., 2020; Stead & Bibby, 2017). The European Parliamentary Research
Service has recognised the harmful impacts of PIU in terms of health, wellbeing and normal
functioning of the individual (Brey & Gauttier, 2019). Thus, given the concern for student wellbeing
(Murphy, 2017), this research investigates the links between student FOMO, loneliness and wellbeing
and PIU.

Whilst studies show that there is a relationship between PIU, FOMO, loneliness and wellbeing, it is
difficult to coalesce the findings in order to explain the role of FOMO, loneliness and wellbeing in the
development and maintenance of PIU. Davis’s (2001) model identified PIU as a coping mechanism for
other problems. This model was further developed by Caplan (2010) who suggested that PIU is a
coping strategy for social anxiety and particularly exacerbated by poor self-control. In the
Compensatory Internet Use Theory (CIUT), Kardefelt-Winther (2014) emphasised the importance of
understanding motivations to use the internet. That is, PIU develops as a result of predisposing factors
such as gender, loneliness or FOMO and choices to alleviate offline world stresses by using the
internet. The Interaction Person Affect Cognition Execution (I-PACE) model extends existing models,
explaining PIU as a result of predisposing factors, as well as moderating and mediating factors, such
as cognitive affect and reactions to situational triggers, cognitive biases and coping strategies, which
with reduced inhibitory control, instrumental conditioning and accessibility of the internet develop
and maintain PIU see Figure 1 (Brand et al., 2019). The original I-PACE model (Brand et al., 2016) was
extended to encompass behavioral addictions, other than internet use disorders, and highlighted the
influence of the medium or environmental aspects of the behavioral addiction (Brand et al., 2019).
Access to an addictive behavior online or otherwise, the reward options, the affordability, the
accessibility and gratification, were identified as potential accelerators in the development of an
addictive behavior in the updated model (Brand et al., 2019). In order to understand research findings
and describe and characterise PIU, a comprehensive model is needed and the I-PACE model (2019)
may be the most comprehensive model currently available (Moretta et al., 2022). Thus, the I-PACE
(2019) model is used in the current review to provide a theoretical framework to interpret the findings

of the research. The model is used to offer a potential explanation of the processes underlying the
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development and maintenance of PIU, the relationships between PIU, wellbeing, loneliness, FOMO

and as an effective framework with which to consider research findings.

Figure 1

Interaction Person Affect Cognition Execution (I-PACE) Model. From “The Interaction of Person-Affect-
Cognition-Execution (I-PACE) model for addictive behaviors (Brand et al.,2019) : Update, generalization
to addictive behaviors beyond internet-use disorders, and specification of the process character of
addictive behaviors. ” By M. Brand, E. Wegmann, R. Stark, A. Muller and K. Wolfgang, 2019 by
Neuroscience and Biobehavioral Reviews,Permission to publish for non-commercial reasons under CC

BY-NC-ND.
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Studies on PIU report rates which vary from one to 13.9% in Europe (Andrie et al., 2019; Gémez et al.,
2017; Macur et al., 2016; Foresight, 2019; Panel for the Future of Science and Technology, 2020), 8.9%
in China and USA (Tang et al., 2018), 10.9% in the Middle East and a global rate of 6% (Cheng & Li,
2014). Rates vary depending on factors such as method of assessment, country, population age and
activity examined (as well as PIU). Although, there is a vast array of psychometric tests used to
measure PIU because of apparent lack of agreement on factors that identify PIU, often PIU is assessed
using psychometric tests based on the symptoms of behavioral addiction (Griffiths, 2005; Young,
1998). In the current study, Griffiths’ (2005) addiction components model will be used to assess the
PIU measurement approach. This model identifies the symptoms of behavioral addiction as salience,
mood modification, tolerance, withdrawal conflict and relapse. The use of many psychometric tests
to measure PIU makes interpretation and comparison of research more difficult. Increased
standardisation in PIU assessment as well as the use of a theoretical model to frame findings in an
explanation of the process of development and maintenance of PIU would aid understanding and

comparison of research findings and their context.

The aim of this review is to examine research findings relating to FOMO, loneliness, wellbeing and PIU
in students to get a coherent understanding of the relationships using the I-PACE model. This research
will also identify commonality in the factors to measure PIU in the research. This systematic review
examines research findings relating to PIU, and the associations with FOMO, loneliness and wellbeing

in university students and has the following research questions:

e Isthere commonality in the addiction components or factors used to assess PIU?

e What are the current scientific findings on the relationships between loneliness, FOMO,
wellbeing and PIU in university students?

e To what extent can findings in the relevant empirical research on the relationship between

wellbeing, loneliness, FOMO and PIU be interpreted using the I-PACE model?

1.2 Methods

The reporting of this systematic review was guided by the standards of the Preferred Reporting Items
for Systematic Review and Meta-Analysis (PRISMA) Statement (Moher et al., 2009). To identify papers
for review, an extensive search was performed using Web of Science databases. These databases were
searched using the following search terms: ("Internet addict* "OR" internet disorder" OR "problematic
internet us*" OR "Compuls* internet us*" OR "Pathological internet us*" OR "Excessive internet us*"
OR "problematic social media us*" OR "Social media addict*" OR "Smartphone addict*" OR

"Problematic smartphone us*" OR "problematic porn*" or "Internet dependency" or "Internet
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Pathological" or "maladaptive internet" or "unhealthy internet" or "internet abuse" or "social network
addiction" or "compulsive internet us*" or "internet use disorder") AND (smartphone or mobile or
internet or "social media” or “online” or “iphone” or socialmedia) AND ( "university student" or
"college student" or undergrad* or under-grad*) AND (( "Fear of missing out" OR FOMO or “fear of
missing out” or "wellbeing" OR wellbeing or wellbeing or loneliness or "life satisfaction") OR ("I-PACE"
or "iPACE" or "interaction person affect cognition execution" or "interaction-person-affect-cognition-
execution" )). References of collected articles were examined for additional studies. Studies were
included if they were i) published in English, (ii) published in a peer-reviewed journal, (iii) data were
empirical and quantitative, (iv) full text was available. Papers were excluded if (i) did not make
reference to problematic internet usage and students and at least one of the following: I-PACE model,
loneliness or FOMO or wellbeing; (ii) included less than 250 participants. The title and abstract of each
study were screened for eligibility. Full texts of studies considered as potentially relevant were then

retrieved and examined for eligibility. The search strategy is detailed in Figure 2 below.

The search results identified 114 articles when this was restricted to English articles, 97 remained. By
examining the abstract and titles of the articles identified, 56 that were relevant to assessment of PIU
using objective measures were identified. Full text of the articles were then assessed. Cross-checking
the reference lists of (review) articles with our selection increased the total number of articles in our
review by four (Esen et al., 2013; Kuss et al., 2013; Lopez-Fernandez et al., 2017; Odac & Kalkan, 2010),

giving a total of 60 studies which were reviewed.

Figure 2.
Search Strategy.
Identification [ Search of Electronic Database Web of Science (n = 114) ]
Screening )
Title and Abstracts Screened ( 58 excluded) (n = 56)
Eligibility ( Studies identified through reference list (n = 4) }
Included L Studies for review (n = g0 | J

&
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1.3 Results

In order to examine research findings on indicators of PIU, an analysis of the factors/symptoms
measured in the psychometric tests, which were used three times or more to measure PIU, was
conducted see Table 1. A summary of the research papers reviewed, the analysis approach, the goal
of the research and the research findings are presented in Table 2. Both the factors of PIU and the
research findings are considered using the I-PACE model to determine if the model is useful in

explaining the process of development and maintenance of PIU.



Table 1.

Factors Measured in Standard PIU Psychometric Tests

Chapter 1

Psychometric Social POSI Withdrawal Salience / Pre- Tolerance Relapse Compulsive Use Negative Consequences / Conflict Mood Modification /
Test occupation Escapism/Coping
Young IAT 4. Do you feel 1. Do vyou feel 2. Do your feel the 3. Have you 6. Have you jeopardised or risked the 8. Do you use the Internet
(Young, 1998) restless, moody, preoccupied with need to use the repeatedly made loss of significant relationship, job, as a way of escaping from
depressed or the Internet (think Internet with  unsuccessful educational or career opportunity  problems or of relieving a
irritable  when  about previous increasing amounts  efforts to control, because of the internet? dysphoric mood?
attemptingtocut  online activity or of time in order to  cut back, or stop 7. Have you lied to family members,
down or stop anticipate next on- achieve Internet use? therapist, or others to conceal the
Internet use? line session)? satisfaction? extent of involvement with the
5. Do you stay on- Internet?
line longer than
originally intended?
GPIUS-2 1. | prefer online 8 | would feel 3. When | haven't 4. | have difficulty 5. My internet use has made it 2.lhaveusedtheinternet

(Caplan, 2010)

SAS-SV (Kwon
etal., 2013)

social interaction over
face-to-face
communication

6. Online  social
interaction is more
comfortable for me
than face-to-face
interaction
11. |
communicating
online rather
face to face

prefer

than

lost if | was
unable to go
online

4. Won't be able
to stand not
having a
smartphone.

5. Feel impatient
and fretful when
not holding my
smartphone

been online for
some time, |
become

preoccupied  with
the thought of
going online

13. | think
obsessively about
going online when |
am offline

6, Having my
smartphone in my
mind even when |
am not using it.

2. Having hard time
concentrating in
class, while doing
assignments, or
while working due
to smartphone use.

9. Using my
smartphone for
longer  than |
intended.

controlling the amount of
time | spend online

9. | find it difficult to
control my internet use
14. When offline, | have a
hard time trying to resist
the urge to go online

8. Constantly checking my
smartphone so as not to
miss conversations
between other people on
Twitter and Facebook

7. 1 will never give up using
my smartphone even
when my daily life is
greatly affected by it.

difficult for me to manage my life.
10. I have missed social engagements
or activities because of my Internet
use.

15. My internet use has created
problems for me in my life

1. Missed planned work due to
smartphone use.

3. Feeling pain in the wrists or back of
the neck because of using
smartphone.

10. The people around me tell me |
use my smartphone too much

to talk with others when |
was feeling isolated

7.1 have used the internet
to make myself feel
better when | was down
12. | have used the
internet to make myself
feel better when | was
upset



BFAS
(Andreassen
etal., 2012)

13. Become
restless or
troubled if you
have been

prohibited from
using Facebook?

14. Become
irritable if you
have been

prohibited from
using Facebook
15. Felt bad if
you, for different
reasons, could
not log on to
Facebook for
some time

1. Spend a lot of
time thinking about
Facebook or
planned use of
Facebook

2. Thought about
how you could free
more time to spend
on Facebook

3. Thought alot
about what has
happened on
Facebook recently

Chapter 1

6. Felt that you had
to use Facebook
more and more to
get the same
pleasure from it

4. Spent more time
on Facebook than
initially intended

5. Felt an urge to
use Facebook more
and more

10. Experienced
that others have
told you to reduce
your use of
Facebook but not
listened to them

11. Tried to
cutdown the use of
Facebook without

success
12. Decided to use
Facebook less

frequently but not
managed to do so

16. Used Facebook so much that it
has had a negative impact on your
job/studies?

17. Given less priority to hobbies,
leisure activities, and exercise
because of Facebook?

18. Ignored your partner, family
members, or friends because of
Facebook?

7. Used Facebook to
forget about personal
problems

8. Used Facebook to
reduce feelings of guilt,
anxiety, helplessness, and
depression

9. Used Facebook in order
to reduce restlessness



Table 2.

Summary of Research Papers Reviewed
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Study Aims Sample, Location, Method Instruments Results
Adiele &  Study on existence of Internet addiction 450 students (47.5% males and 52.5%  EPQR-S Lie Scale Short Form (Francis et al., 2006) Prevalence of IA 3.3%, ratio 3:1 male : female
Olatokun, (IA) among adolescents to determine if females) Internet Addiction Test (Young, 1998) Socio-economic factors predictor for internet activity.
2014 IA is distinct from offline behavioral Adolescent Gender question and question on time per week on IA usage 35+ hours/week problematic
addictions. Africa internet, Reasons for Internet Use Negative consequences demonstrate problematic internet
Cross sectional Hypersexual Behavioral Inventory (Reid et al., 2011) behavior. Offline addictions can motivate PIU
Psychometric studies - quantitative Problem Video Game Playing (Loton 2007)
Arpaci, Study on gender and the relationship 490 students (31% male, 69% female) Online Cognition Scale ( Davis & Besser, 2002) Gender differences in links between Nomophobia and PIU
2020 between problematic Internet use and  Age Mean 22.14(SD =3.88) Nomophobia Questionnaire (NMP-Q) (Yildirim & Correia, Loneliness / depression, distraction and reduced impulse control.
nomophobia Turkey 2015) Links significantly to Nomophobia in females only, links to
Cross sectional loneliness/depression and distraction in men
Psychometric studies - quantitative
Atroszko Study on the relationship of different 1157 students (51.9% male, 472%  BFAS (Andreassen et al., 2012) Facebook addiction linked to increased social anxiety, narcissism,
et al.,  personality characteristics to Facebook female, 0.9% neither) Polish version of TIPI (Gosling et al., 2003). extraversion, loneliness, and lower general self-belief. Facebook
2018 addiction Age Mean = 20.33 (SD =1.68) Polish adaptation (Atroszko, 2015) of Short loneliness Scale  linked to reduced wellbeing (impact on general health, sleep
Poland (Hughes et al., 2004) quality, and stress)
Cross sectional Polish adaptation of Perceived Stress Scale (Cohen et al.,
Psychometric studies - quantitative 1983)
Non-standard or single item on Self-efficacy, Narcissism,
Self-esteem, General health, sleep quality, and quality of
life, Social anxiety
Bakioglu, Study on loneliness and the links to 325 undergraduates Internet Addiction Test-Short Form (Young, 1998) Internet addiction has an indirect link to social self-efficacy, the link
2020 internet addiction and social self-efficacy ~ female: 57.8%; male, 422% The Social Efficacy and Social Outcome Expectation Scale  is mediated by loneliness.
age between 17 and 30 years (M= (Wright et al., 2013)
20.54, SD =1.99) The UCLA loneliness Scale. (Russell et al., 1996)
Turkey
Cross sectional
Caplan, Study to develop a theory-based 386 undergraduates (70% femalesand  Generalised Problematic Internet Use Scale (GPIUS)  GPIUS valid reliable scale.
2002 measure of PIU. Use of the measure to  30% males) (Caplan, 2002) All GPIUS subscales significantly correlated with depression,
understand the links between thoughts  Age 18 to 57 years old (M=20, SD=222  Beck Depression Inventory-Il (Beck et al., 1996) loneliness, shyness, and self-esteem, perceived social benefits.
on the internet and behavior, with other  years) Rosenberg Self Esteem Scale (Petersen, 1965) Highest correlations with compulsivity, negative outcomes.

wellbeing indicators such as, depression,
self-esteem, loneliness, and shyness.

Delaware, USA
Cross sectional
Psychometric studies - quantitative

UCLA loneliness Scale (Russell et al., 1996)
Social Reticence Scale (Jones et al., 1986)

Preference for online interaction, generalized PIU.

Loneliness explains a significant amount of variance in negative
consequences of PIU, and may be more influential than
psychological wellbing in predicting outcomes.
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Casale et
al., 2018

Casale &
Fioravanti
., 2015

Casale et
al., 2014

Ceyhan,
2011

Chang &
Lin., 2019

Chang, S.
et al.,
2018

Investigate the links between and social
media problematic use, considering fear
of negative evaluation and perception of
low self-presentational skills as well as
the mediating role of positive thoughts
on social media use.

Investigation of the association between
psychological wellbeing and problematic
internet use.

Study on whether low social support and
fear of negative evaluations in face to
face encounters mediate the links
between perfectionism and problematic
internet use.

Investigation of links between university
students’ problematic internet use and
communication skills and internet use
purposes.

Longitudinal study of the co-occurrence
of different gaming motives, gamer
profiles, gamer characteristics, gamer

problematic  Internet use, gamer
depression, and other wellbeing
indicators at five different times.

Examination of the longitudinal

mediation effects of gaming motives
between online gaming and problematic
Internet use (PIU). Three gaming
motivations were studied - escapism,
advancement, and socializing.

N = 579 undergraduates

(54.6% female, 45.4% male)

Age Mean = 22.39 (SD =2.82) years
Italy

Cross sectional

Psychometric studies - quantitative

N=495 undergraduates (58.8% female,
412% male)

Age 18 to 26 years old, (M= 20.88 SD =
1.98 years ).

Italy

Cross sectional

Psychometric studies - quantitative

N =465 undergraduates (51.6%
female, 48.4% male)

Age Mean =21.91 (SD =223) years
Italy

Cross-sectional

Psychometric studies

411 university students 52.3% female,
47.7% male

Age not available

Turkey

Cross-sectional

Psychometric studies - quantitative
387 students (28% female, 72% male)
Age Mean = 19.43 (SD = 0.67) years
Taiwan

Longitudinal — group of students every
6 months for 2 years — 5 assessment
time points

Psychometric studies - quantitative

389 students (28% female, 72% male)
Age Mean = 19.43 (SD = 0.67) years
Taiwan

Longitudinal — group of students every
year 2012,2013,2014 — 3 assessment
time points

Psychometric studies - quantitative
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Brief Fear of Negative Evaluation || (Carleton et al., 2007)
Social Control Sub scale (Galeazzi et al., 2002)

Fear of Missing Out Scale (Przybylski et al., 2013)

Bergen’s Social Media Addiction Scale (Monacis et al.,
2017a)

Self-report to assess meta-cognitions developed — 5
questions

Questions on time spent online for various activities email
etc.

Italian version of Generalised Problematic Internet Usage 2
(GPIUS2) (Caplan, 2010)

Psychological wellbeing scales (Sirigatti et al., 2009)

Italian version of GPIUS2 (Caplan, 2010)

Italian version of Multi-dimensional perfectionism scale
(Ghisi et al., 2010)

Italian version of Brief Fear of Negative Evaluation (Leary,
1983)

The problematic internet use scale (PIUS) (Ceyhan et al.,
2007)

The communication skills assessment scale (Korkut, 1996)
Demographic information on themselves and internet
behavior

Online gaming motive scales of advancement, escapism and
socializing adapted from (Yee, 2006b)

Problematic internet use (Liao et al., 2018)

Beck Depression inventory (Beck et al., 1996)

Academic performance, Stress, Gaming time question(s)

Four questions on game involvement

Online Gaming Motivation Scale Chinese Version (Yee,
2006a)

Problematic internet use(Chen et al., 2017)

FOMO directly and indirectly associated with SNS problematic use.
FOMO predicts metacognitions about SNS usefulness to manage
FOMO

In males positive metacognition fully mediated link between fear
of negative evaluation and FOMO

Lower presentational skills females both direct and indirect effect
on problematic SNS use.

Positive meta-cognitions on behavior in SNS was a means of
controlling FOMO

Levels of independence, control of environment, and positive
Relationships are negatively linked to internet use to regulate
emotions, compulsive use of the internet, and the negative
consequences that can result. Low psychological wellbeing is linked
with problematic use of the Internet.

Male PIU and socially prescribed perfectionism (SPP) were fully
mediated by fear of negative evaluation and perception of low
social support, same results for female negative evaluation, social
support was not a significant mediator. PIU may be in part a
defensive response to SPP

Students perceived communication skills not linked to their
internet use

PIU significantly higher for those who use internet for
entertainment purposes and to establish social relationships than
those who use it to obtain information.

4 types of gamers — high, medium, low and healthy engagement.
High engagement gamers risky for, higher depression, higher PIU
at all 4 measuring times. Major difference between high
engagement and healthy engagement gamers in level of escapism
motives and consequent risk of negative consequences. Escapism
may be a risk factor for depression, PIU and other wellbeing
indicators in college gamers.

Escapism and advancement positively correlated with PIU, while
socialising failed to predict PIU.

Direct effect of gaming on PIU weak, in contradiction of other
cross-sectional studies

Motive of escapism was correlated with more time spent gaming.

Over use of emotion focused coping strategy may heighten risk of
PIU
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Coduto et
al., 2020

Dang et
al., 2019

Demirtep
e-Saygih &
Metin-
Orta.,
2020

Elhai,
Yang,
McKay, et
al., 2020

Elhai,
Yang,
Dempsey,
et al.,
2020

Elhai,
Gallinari,
et al.,
2020

Examination of the relationship between
anxiety, the problematic use of dating
applications, and links with loneliness.

Study using the I-PACE model to consider
if emotional Intelligence predicts
Internet Gaming Disorder, directly or
indirectly

Study on the underlying mechanisms in
the links between intentional use of the
Internet for personal purposes during
class hours, and possible negative
consequences of misuse of the Internet
on health and wellbeing, and the role of
coping strategies.

Investigation of COVID-19 anxiety and
depression symptoms associated with
problematic smartphone use severity in
Chinese adults

Study on the links between rumination
and negative smartphone use
expectancies to understand links with
greater levels of problematic
smartphone use.

Investigation of links between
depression, anxiety and FOMO with
social, non-social and problematic
smartphone use

269 participants

62.1% female 38.9% male

Age Mean 20.85 (SD = 2.45) years
USA

Cross-sectional

Psychometric studies - quantitative
282 undergraduate students

60.6 % female,39.4% male

Age Mean 20.47 years

China

Cross-sectional and longitudinal — 2
assessment time points over one year
Psychometric studies - quantitative

282 undergraduate students

35% male, 65% female

Age between 17 and 34, mean 21.41
years (SD 221)

Ankara, Turkey

Cross-sectional

Psychometric studies - quantitative
908 Chinese adults

82.8% female,17.8% male

Age Mean 40.37 (SD = 927) years
Chinese city Tianjin

Cross-sectional

Psychometric studies — quantitative
Participants from WeChat

286 undergraduate students

62.9% female,37.8% male

Age Mean 19. .72 (SD = 2.6) years
American

Cross-sectional

Psychometric studies - quantitative

316 undergraduate students

68% female,32% male

Age Mean 1921 (SD = 1.74) years
American

Cross-sectional

Psychometric studies - quantitative
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Social Phobia and Anxiety Index scale (de Vente et al., 2014)
Dating applications 3 questions adapted from Caplan 2003
UCLA loneliness Scale (Russell et al., 1996)

IGD tendency was measured by nine diagnostic criteria
listed in the fifth edition of the and Statistical Manual of
Mental Disorders

Chinese version of the 16-item Wong and Law’s Emotional
Intelligence Scale (WLEIS)

Coping Flexibility Scale (CFS)

DASS-21 (Lovibond & Lovibond, 1995)

Demographic Variables

Cyberloafing Scale (Akbulut et al., 2016)

Ways of Coping Inventory (Folkman & Lazarus, 1980)

Brief Symptom Inventory (Derogatis, 1992)

DASS-21(Lovibond & Lovibond,1995)

Generalized Anxiety Disorder Scale (GAD-7) (Spitzer et al.,
2006)

Smartphone Addiction Scale-Short Version (SAS-SV) (Kwon
etal., 2013)

Questions on COVID-19 News Exposure and threat of death

DASS-21 (Lovibond & Lovibond, 1995)

Ruminative Thought Style Questionnaire (RTSQ) (Brinker &
Dozois., 2009)

Smartphone Addiction Scale-Short Version (SAS-SV) (Kwon
etal., 2013)

Smartphone Use Expectancies Scale

DASS-21 (Lovibond & Lovibond, 1995)

The smartphone addiction scale (Kwon et al., 2013)

Fear of Missing Out Scale (Przybylski et al., 2013)

Process and Social Smarphone Use (Van Deursen et al.,
2015)

Lonely most likely to experience negative outcomes. Awareness of
compulsive use and potential negative outcomes can help avoid
such use

Emotional intelligence linked indirectly and negatively with
problematic gaming in cross-sectional and longitudinal data.
Depression mediated the links between: (i) emotional intelligence
and problematic gaming and (ii) coping and problematic gaming.
Findings offer support for the I-PACE model.

Problematic gaming may be addressed by addressing depressive
symptoms in school-based workshops which focus on increasing
emotional intelligence and coping options.

Positive relationship between cyberloafing and psychological
symptoms, higher level of emotion focused coping relates to higher
levels of cyberloafing

COVID-19 anxiety linked with PSU, depression and anxiety. Survey
responses suggested 12% had at least moderate depression, and
24% had moderate anxiety., COVID- 19 anxiety no longer predicted
PSU severity, when links to general anxiety and depression
controlled.

Two subgroups of participants, with mild and severe PSU were
indentifiable by strength of withdrawal symptoms. Thoughts about
smartphone use as a coping strategy for distress were linked with
symptoms of PSU. Findings highlight the importance of response
variables, such as internet-related cognitive bias and coping, in the
I-PACE model (Brand et al., 2019), as more important than
background psychological variables in influencing PIU and PSU.

Non-social smartphone use which included entertainment use was
examined with social smartphone use, was linked to increases in
problematic smartphone use. FOMO mediated relations between
depression and non-social smartphone use. FOMO mediated links
between depression and anxiety and PSU severity. Non-social use
of a smartphone use was potentially a coping mechanism for
anxiety.

12



Elhai et
al., 2019

Elhai et
al., 2018

Elhai,
Yang,
Rozgonjuk
, et al,
2020

Esen et
al., 2013

Fioravanti
et al.,
2020

Gentina &
Rowe,
2020

Hao et al.,
2020

Analyse of the fear of missing out
(FOMO) as a possible mediator in the
links between both depression and
anxiety and problematic smartphone use
(PSU).

Examination of “fear of missing out”
(FOMO) and its link with
psychopathology and technology use
measures.

Investigation of using machine learning
to model PSU severity: The significant
role of fear of missing out

Examination of the relationship between
university students internet use and
loneliness and self-efficacy

Investigation of measurement of active
and passive Facebook use, and its link to
Facebook addiction.

Examination of the association between
youth materialism and smart phone
dependency via social oriented
smartphone use.

Examination of the association between
problematic mobile phone use and
altruism.

1034 undergraduate students
65.3% female,34.7% male

Age Mean 19.34 (SD = 1.61) years
China

Cross-sectional

Psychometric studies - quantitative

296 Undergraduates

76.7% female, 23.3% male

Age Mean 19.44 (SD = 2.16) years
Mid-West USA

Cross-sectional

Psychometric studies - quantitative

1097 undergraduates, 81.9% female,
18.1% male

Age mean 19.38 (SD = 1.18) years
China

Cross-sectional

507 students, 45% female, 55% male
Age not available

Turkey

Cross-sectional

Psychometric studies - quantitative
533 students, 49.5% female, 50.5%
male

Mean Age 22.73 SD 2,77

Italy

Cross-sectional

Psychometric studies - quantitative
463 students 58% female 42% male
Age Mean = 16.8 years

French

Cross-sectional

Psychometric studies - quantitative

512 students 442% female 55.8% male
Age Mean = 2123 (SD = 2.47) years
Lebanon

Cross-sectional

Psychometric studies - quantitative
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Smartphone Usage Frequency Scale (Elhai et al., 2016)
The smartphone addiction scale (Kwon et al., 2013)
DASS-21 (Lovibond & Lovibund, 1995)

Fear of Missing Out Scale ( Przybylski et al., 2013)

Smartphone Usage Frequency Scale (Elhai et al., 2016)

The smartphone addiction scale: (Kwon et al., 2013)

Fear of Missing Out Scale ( Przybylski et al., 2013)

DASS-21 (Lovibond & Lovibond, 1995)

Process and Social Use Scale (Van Deursen et al., 2015)
Ruminative Thought Style Questionnaire (RTSQ) (Brinker &
Dozois, 2009)

Boredom proneness scale short form (BPS-S) (Struk et al.,
2017)

Smartphone Addiction Scale-Short Version (SAS-SV) (Kwon
etal., 2013)

DASS-21 (Lovibond & Lovibund, 1995)

Fear of Missing Out Scale (Przybylski et al., 2013)
Ruminative Responses Scale (RRS) (Nolen-Hoeksema et al.,
2008)

Social Self-efficacy Scale (Smith & Betz, 2000)

UCLA loneliness scale (Russell et al., 1996)

Internet Addiction Scale (Young, 1998)

Demographics

GPIUS-2 (Caplan, 2010)

BFAS (Andreassen et al., 2012)

Active and Passive use of Facebook Scale (self-developed)

Youth Materialism Scale (Goldberg et al., 2003)

The mobile phone Involvement Questionnaire (Walsh et al.,
2010)

Semi-structured interviews

Mobile phone addiction index (Leung, 2008)

The college students altruism Questionnaire (1i,2008)
The Toponto Alexthymia Scale (Bagby et al., 2020)
Interpersonal Reactivity Index Scale (Davis, 1983)

FOMO links with frequency of smartphone use and the level of
PSU. FOMO mediated links between anxiety and smartphone use
and PSU. FOMO did not explain links between depression and PSU.

FOMO linked to age, sex, race, and relationship status with small
effect. FOMO related to negative consequences, frequency of
social use and severity of PSU. Negative affects mediated the link
between FOMO and PSU, only rumination mediated relations
between FOMO and smartphone use frequency. FOMO mediated
links between negative affective and PSU. Negative affect may be
significant in explaining how FOMO links to PSU.

Depression or anxiety severity high contributors to PSU
FOMO, rumination, more influential in PSU.

Significant links between |IA and loneliness but not social self-
efficacy
Higher score in internet use linked with higher levels of loneliness

Measurement of active and Passive use of Facebook is useful.

Female materialism is linked with problematic smartphone
dependency via social-oriented smartphone use, this link is not
significant for boys. Youth materialism is positively linked to
problematic smartphone dependency via process-oriented
smartphone use for both males and females, however the
relationship is stronger for boys than for girls.

Problematic Mobile Phone use was negatively linked with altruism
via alexithymia, cognitive empathy and affective empathy, both
directly and indirectly.
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Hawi &
Samaha,
2019

Hebebci &
Shelley,
2018

Huang,
2010

Kabasakal
., 2015

Kittinger
et al.,
2012

Kog &
Turan,
2020

Investigation  of  similarities  and
differences in links between technology
addictions and personality, in particular,
self-esteem, and self-construal.

Investigation of the relationship
between problematic Internet use sub-
scales and loneliness.

Investigation of stability in Internet
addiction over time, identify the link
between prior academic self-perception
on individual-level, mean-level stability,

and ipsative stability of internet
addiction.

Investigation in to PIU in university
students and links to gender, grades,
satisfaction with  the university
department, parent’s education,

smoking, alcohol use, gambling, parents
relationship, duration of Internet use,
and internet use for academic purposes.
Examination of family functioning and
life satisfaction as predictors of PIU in
university students.

Determine how the use of Facebook
relates to PIU.

Investigate links between self-esteem
and subjective wellbeing and social
network site use and smartphone
addiction using Social Cognitive Theory

512 students 442% female 55.8% male
Age Mean = 2123 (SD = 2.47) years
Lebanon

Cross-sectional

Psychometric studies - quantitative

392 undergraduates (57% female, 43%
male)

Age Mean = 22 years

Turkey

Cross-sectional

Psychometric studies - quantitative
351 freshman students over 4
assessment points. (53.6% female
44.4% male)

Age not available

Taiwan

Longitudinal — 5 assessment time
points from freshman year to end of
junior year (3 years)

Psychometric studies - quantitative

663 students (66% female, 44% male)
Age between 17 and 23 years (M =
20.33 and SD = 1.42)

Turkey

Cross-sectional

Psychometric studies - quantitative

281 students (72% female, 28% male)
Age 20.17 (SD = 1.44) years

USA

Cross-sectional

Psychometric studies - quantitative
734 students (38.6% female, 61.4%
male)

Age not provided

Turkey

Cross-sectional

Psychometric studies - quantitative

Chapter 1

Basic demographic information as well as items on social
media and internet frequency of use.

Internet Addiction Test (Young, 1998)

Social media addiction questionnaire (Hawi & Samaha,
2017)

Rosenberg Self Esteem Scale (Petersen, 1965)

Satisfaction with life scale (Diener & Diener, 1995)

Ten Item Personality Inventory (Gosling et al., 2003)
Self-Construal Scale (Singelis, 1994)

PIUS (Ceyhan et al., 2007)

UCLA loneliness scale (Russell et al., 1996)

Chen Internet Addiction Scale (CIAS) (Chen et al., 2003)
Dimensions of self-concept (Michael & Smith, 1976)

PIUS (Ceyhan et al., 2007)

Family Evaluation Scale (Epstein et al., 1978)
Satisfaction with life scale (Diener & Diener, 1995)
Demographic questions and questions on behaviors

Self-report items for demographic and face book use
Internet Addiction Scale (Young, 1998)

Demographic information

Rosenberg Self-Esteem Scale (Petersen, 1965)

Smartphone Dependance Questionnaire & Negahban,
2013)

SNS Intensity Scale (Salehan& Negahban, 2013)

Agreeableness, conscientiousness, openness to experiences,
emotional stability, self-esteem, how often social media checked,
and internet use linked to internet addiction (IA) and social media
addiction (SMA). Age, life satisfaction and self-conceptualisation
did not predict either IA or SMA

Real self and extraversion predicted IA ; gender, posting updates,
number of friends, and independent self-conceptualisation
predicted SMA

Social benefit/social comfort directly linked to overuse of the
internet and negative consequences, linked to loneliness
indirectly. Negative consequences predicts loneliness and overuse
of the internet. Note increase in internet use linked to decreased
loneliness.

Stability in internet addiction over time. Internet addiction
measured by Chen Internet Addiction Scale was structurally
invariant over time. Academic self-concept had no effect on
internet addiction.

PIU differs with gender. Smoking habits, alcohol use and gambling
significant linked to PIU. Inverse relationship between PIU negative
consequences and academic performance. PIU has a significant link
with family functioning. Significant inverse link between PIU and
life satisfaction. Time spent on internet is an indicator of PIU

Facebook use better predictor of PIU than time online.
Combination gender, age, loneliness, social anxiety, ADHD and
alcohol use are risks for developing and maintaining PIU

Young people tend to use SNSs to increase their social network, an
extrinsic outcome, rather than subjective wellbeing, an intrinsic
outcome. High score on SNS intensity scale linked with high levels
of smartphone use, which may be linked to a decrease in subjective
wellbeing. Low self-esteem linked to smartphone addiction.
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Kussetal.,
2013

Li et al,
2020

Li et al,
2018

Lin et al.,
2018

Liu & Ma
2018b,

Lopez-
Fernande
z et al,
2017

Study of prevalence IA and clarify links
between personality traits and specific
Internet uses in risk for IA.

Examination of Chinese Trait-State Fear
of Missing Out Scale (T-SFoMOS-C)
investigating its reliability and validity
and  measurement invariance in
university students.

Study of the links between stressful life
events and WeChat addiction on life
satisfaction, as well as the mediating role
of WeChat addiction on stressful life
events and life satisfaction,

Study of Integration Hypothesis,
healthier patterns of internet usage may
be developed with harmony between
people’s online and offline 15ersona. An
integration of online/offline personna is
proposed.

Investigation to examine the roles of
FOMO and PSU in the links between
receiving social support and Facebook
addiction in a Chinese setting.

Examination of patterns of mobile
phones dependence in 10 European
countries and determine how socio-
demographics, geographic differences,
mobile phone usage patterns, and
associated activities predicted
dependence

2257 students (one third male, two
thirds female)

Age mean = 22.67 years , SD = 6.34
years, with a range from 18 to 64 years
English

Cross-sectional

Psychometric studies - quantitative

2017 students (one third male, two
thirds female)

Age with a range from 17 to 25 years
Chinese

Cross-sectional

Psychometric studies - quantitative
463 undergraduate students (53%
female, 47% male)

Age 17 to 23 years (M = 19.12, SD =
0.98)

China

Cross-sectional

Psychometric studies - quantitative
626 undergraduates (58.5% female,
41.5% male)

Age = 20.1(SD = 1.4)

China

Cross-sectional

Psychometric studies - quantitative

465 undergraduates (69% female, 31%
male)

Age between 16 and 24(M = 18.83, SD
=1.08)

China

Cross-sectional

Psychometric studies - quantitative
2775 young adults from European
universities (72.8% female, 272%
male)

Age 18-29 years, Mean = 22.53, SD =
2.84

Finland and UK; Spain and Italy;
Hungary and Poland; France, Belgium,
Germany, and Switzerland
Cross-sectional

Psychometric studies - quantitative

Chapter 1

Assessment for Computer and Internet Addiction-Screener
(AICA-S) (Wolfgang et al.,2010)
NEO five factor inventory (Costa & McCrae., 1992)

Trait-State Fear of Missing Out Scale (Wegmann et al., 2017)
Social Network Site Intensity Scale (Salehan & Negahban,
2013)

International-Positive and Negative Affect Schedule — Short
Form (I-PANAS-SF) (Thompson, 2007)

The adolescent self-rating Life Events Checklist (ASLEC) (Liu
etal.,, 1997)

WeChat addiction scale developed by authors

The satisfaction with life scale (SWLS) (Diener & Diener,
1995)

Online and offline integration scale (OOIS) — author
developed

Internet use decisional balance Questionnaire (IDBQ)
Author developed

Internet Addiction Test (IAT) (Young, 1998)

The satisfaction with life scale (SWLS) (Diener & Diener,
1985)

UCLA loneliness scale (Russell et al., 1996)

Chinese Big Five Personality Inventory

Chinese adaptation of Facebook Measure of Social Support
(McCloskey et al., 2015)

Fear of Missing Out Scale (Przybylski et al., 2013)

SAS-SV (Kwon et al., 2013)

Chinese Social Media Addiction Scale (Liu & Ma, 2018a)

PMPUQ-SV (Billieux et al., 2008)
Socio Demographics

Internet activities, personality traits, may predispose to internet
addiction, 32% rated as addicted to the internet.

Personality traits and online activities explained 21.5% of the
variance in addiction levels. Online shopping and neuroticism
linked with a decrease in IA, online gaming and openness to
experience increased IA. Frequent online shopping and social
online activities, high neuroticism and low agreeableness increase
1A

The Chinese version of the T-SFoMOS-C is relatively reliable and
valid among different groups, and is a useful measure to use in
Chinese university students.

Suppressing effect of WeChat addiction on the negative impact of
stressful life events on life satisfaction.

Participants with higher level of online/offline integration have
higher satisfaction with life, are more extrovert, have more
positive view of the internet, less loneliness, lower Internet
addiction. An integrated online and offline personna mediates the
link between extraversion and psychological outcomes

FOMO and PSU linked via online social networking sites and
addiction to the sites, both in series and in parallel.

Northern and Southern Europeans most intense users of mobile
phones; less in Eastern Europe. Percentage of highly dependent
mobile phone users higher in Belgium, UK, and France. Risk factors
for smartphone PIU were daily use, gender, social networking,
playing video games, shopping and TV viewing, chatting,
messaging, and downloading activities.
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Lu et al,
2015

Marciano
et al.,
2021

Moberg &
Anestis,
2015

Morahan-
Martin &
Schumach
er, 2000

Odac &
Kalkan,
2010

Odaci &
Celik,
2013

Ozdemir
et al.,
2018

Examination of the risk factors of
Problematic Internet Use (PIU)

Identify a model of PIU to explore the
links between cognitive distortion,
depression, motivation, loneliness,
stressful life events and PIU.

Longitudinal study examining the links
between Smartphone Use (SU) and PSU
during adolescence, if personality traits
are considered as predisposing factors.

Investigation of the influence of online
interactions and behaviors on Joiner’s
(2005) interpersonal-psychological
theory of suicide. Study if suicidal desire
develops in response to feelings of not
belonging and of being a burden.

Assessment of a high risk population for
PIU, to assess level of PIU and how the
internet is used and the links with PIU

Investigation of PIU and patterns of
internet use in university students and
examine links between PIU, loneliness
and dating anxiety.

Study of links between internet
dependence and coping with stress and
self-efficacy and whether internet
dependence vary depending on sex
roles, gender, and duration of Internet
use.

Examination of prevalence of
nomophobia in university students and
any links with nomophobia, self-esteem,
loneliness and  self-  happiness,
considering if gender or year of study
influence.

1493 undergraduate students
43.9% female, 56.1% mal

Age =21.18 (SD = 1.73) years
Malaysia

Cross-sectional

Psychometric studies - quantitative

855 adolescents students

53.7% female, 46.3% mal

Age = 11.36 (SD = 0.55) years

Swiss

Longtitudinal (annually over 4 years)
Psychometric studies - quantitative
305 undergraduates (83.6% female,
16.4% male).

Age ranged from 18 to 45 (M = 20.61;
SD =3.82)

USA

Cross-sectional

Psychometric studies - quantitative
277 undergraduate (45.85% female,
54.15% male)

Age 20.72 (SD=2.35) years.

USA

Cross-sectional

Psychometric studies - quantitative
493 students

62% female 38% male

Mean Age 17.71 (SD = 0.45)

Turkey

Cross-sectional

Psychometric studies - quantitative
623 students

72.9% female 27.1% male

Mean Age 19.11 (SD = 0.91)

Turkey

Cross-sectional

Psychometric studies - quantitative
729 univeristy students (70.6% female,
29.4% male)

Age not available

Turkey/Pakistan

Cross sectional

Psychometric studies - quantitative

Chapter 1

Internet Addiction Test (Young, 1998)

Inventory of Cognitive Distortion (unpublished doctorate
dissertation (Yurica, 2002)

Leung’s motivation of internet use scale(Leung, 2009)
UCLA loneliness scale (Russell et al., 1996)

DASS-21 (Lovibond & Lovibond, 1995)

Stressful life events scale for university students adapted
from student stress survey and Chinese college stress scale
SAS-SV (Kwon et al., 2013)

Personality Traits 24 items from the “Personality Inventory
for DSM-5, Brief Form (PID-5-BF)

GPIUS- 2 (Caplan, 2010)

Internet Use Questionnaire developed by researchers in the
study

DASS-21(Lovibond & Lovibond, 1995)

Questions on Demographic characteristic, Internet
Experience, Pathological Use scale, Internet sites used,
Reasons for internet use, Internet Behavior and attitudes
scale

UCLA loneliness scale (Russell et al., 1996)

Online Cognition Scale Keser-Ozcan et al., 2005
UCLA loneliness scale (Russell et al., 1996)
Dating Anxiety scale-adolescent form (Kalkan, 2008)

Demographic Information

IAT (Young, 1998)

Coping with Stress Scale (Lazarus & Folkman, 1984)
General Self-Effiacy Scale (Sherer et al., 1982)

Bern Sex Role Inventory (Bem, 1974)

Nomophobia Scale (NMP-Q) (Yildirim & Correia, 2015)
UCLA loneliness Scale (Russell et al., 1996)

Rosenberg Self Esteem Scale (Petersen, 1965)
Self-Happiness Scale (Lyubomirsky & Lepper, 1999)

Cogpnitive distortion was a mediator of PIU and partially mediated
the link between motivation and stressful life events to PIU, fully
mediated the effect of depression to PIU; while, depression was
also a mediator which partially and fully mediated the effect from
stressful life events and loneliness respectively to cognitive
distortion.

In a person, SU significantly increased PSU at all four time points,
but not vice versa.

A general tendency to have negative interactions on social
networking sites could link to suicidal desire because of feelings of
not belonging and these effects maybe significant above and
beyond depression symptoms. Social networking has a strong
association with thwarted belongingness.

Level of PIU reported varied from 27.2% no symptoms, 64.7% one
to three symptoms to 8.1% four or more symptoms. Problematic
users were more often males and using online games and
technologically sophisticated sites, no difference in chat use.
Problematic users higher on the UCLA loneliness Scale, and were
socially disinhibited online.

Links between PIU and loneliness , communication anxiety ,
unpopularity anxiety , physiological symptoms, dating anxiety sub-
scales were identified. PIU significantly higher if online 5h+/day.
Levels of PIU were significantly higher in males.

Negative links identified between internet dependence and
seeking social support. Negative links between internet
dependence and self-efficacy. Students’ IA scores varied
depending on gender.

Links between gender and self-esteem, gender and nomophobia
were found. Differences identified between Turkish and Pakistani
students’ scores on nomophobia, loneliness and self-happiness, no
difference on self- esteem.
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Ozdemir
et al.,
2014

Peng et
al., 2020

Primi et
al., 2021

Romero-
Rodriguez
et al.,
2020

Servidio,
2021

Shane-
Simpson
et al.,
2016

Examination of the direct and indirect
links between depression, loneliness,
low self-control, and Internet addiction

Assessment  of  whether teacher
autonomy support, self-esteem and life
satisfaction impact on adolescent
Smartphone Use Disorder. (SUD)

Investigatation of the psychometric
properties of the Italian version of the
BFAS among adolescents and young
adults.

Investigation of the link between
smartphone addiction and Instagram
use, on the self-esteem of physical
education students.

Investigation of the links between PSU
and maximization theory and if fear of
missing out (FOMO) and self- esteem
could mediate this relationship.

Investigation of the factors of
compulsive internet use (CIU), such as
offline social difficulties and links to
autism spectrum disorder (ASD), thus
determining whether individuals cope
with  offline stresses with online
interactions.

648 under- graduate students (34%
female, 66% male)

Age 22.46 years (SD = 2.45)

Turkey

Cross sectional

Psychometric studies - quantitative
1912 high school students (63.18%
female, 36.82% male)

Mean Age 14.66 years (SD = 1.38)
Chinese

Cross sectional

Psychometric studies - quantitative
1134 under- graduate students (50%
female, 50% male)

Age Range 14-33 years (M = 20.7 SD =
3.5)

Italy

Cross sectional

Psychometric studies - quantitative
385 under- graduate students (61.8%
female, 382% male)

Age Range 18 and 35 years (M = 22.17
SD =4.89)

Spain

Cross sectional

Psychometric studies - quantitative
under- graduate students (7.5%
female, 24.5% male)

Age Range 19 and 85 years (M = 23.46
SD =3.56)

Italy

Cross sectional

Psychometric studies - quantitative
Study 1 : 597 under- graduates (53%
female, 47% male)

Study 2 matched a sample of students
with ASD (n = 33) to neurotypical
students (n = 33)

Age Study 1 18 to 41 years (M = 20; SD
=3.48).

Age study 2 With ASD 18 to 37
(M=20.84, SD=3.91) Without ASD 18
to 35 (M = 20. 72, SD = 3.64);

USA

Cross sectional

Psychometric studies - quantitative

Chapter 1

Internet Addiction Test (Young, 1998)
Self-Control (Grasmick et al., 1993)
Depression (Derogatis, 1993)

UCLA loneliness scale (Russell et al., 1996)

Learning Climate Questionnaire (LCQ) Autonomy Support
subscale (Williams & Deci, 1996)

Rosenberg Self Esteem Scale (Petersen, 1965)

Mobile Phone Addiction Index (MPAI) (Leung, 2008)

GPIUS-2 (Caplan, 2010)

IAT (Young, 1998)

UCLA (Russell, 1996)

Rosenberg Self-esteem Scale (Petersen, 1965)
BFAS (Andreassen et al., 2012)

SAS-SV (Kwon et al., 2013)
Social Media Intensity Scale (SMIS) (Ellison et al., 2007)
Rosenberg Self-esteem Scale (Petersen, 1965)

FOMO scale ( Przybylski et al., 2013)

SAS-SV (Kwon et al., 2013)

Rosenberg Self-esteem Scale (Petersen, 1965)
Maximization Scale (Schwartz et al., 2002)

Demographic and friending behavior questions

Facebook connection strategies scale (Ellison et al., 2011)
Social Responsiveness Scale(Constantino, 2013)
Compulsive Internet Use Scale (Meerkerk et al., 2009)
Rosenberg Self Esteem Scale (Petersen, 1965)

Of depression and loneliness, only loneliness was related to
Internet addiction through low self-control.

Self-esteem mediated the link between teacher support and
adolescent PSU. Links between this support and PSU was
moderated by life satisfaction: when the effect of life satisfaction
was high, there was an inverse link with PSU, when life satisfaction
was low, teacher autonomy support was positively linked with
adolescent PSU.

BFAS scores were positively linked with PIU and problematic Social
Network use, scores were negatively linked with self-esteem, and
positively linked with loneliness. The BFAS scale is stable measure
for both genders. BFAS is a valuable and useful scale for measuring
levels of problematic Facebook use in Italian adolescents and
young adults.

Gender and age were factors that influenced PSU. A link between
smartphone addiction and level of Instagram use was significant.
Smartphone addiction was related to students’ self-esteem. Level
of Instagram use did not affect self-esteem. .

PSU, maximization, and FOMO were linked; maximization and self-
esteem were inversely linked. FOMO and self-esteem mediated
the relationship between PSU and maximization thus it may be that
those who maximize have increased FOMO, especially when fear
missing out on “better” social experiences and exhibit low self-
esteem. Thus, higher FOMO and low self-esteem may be a driver
of PSU.

A link between CIU and autistic traits was explained by restricted
interests and repetitive behaviors (RIRB); a link between RIRB and
information-seeking behaviors was identified. Non-social
personality characteristics explain CIU more than individuals’
attempts to compensate for offline social challenges. No significant
differences in CIU scores for participants.
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Stead &
Bibby,
2017

Tian et al.,
2019

Wang,
2019

Wohn &
Larose,
2014

Yang, Yu,
Liu et al.,
2019

Investigation of Personality, FOMO and
PIU and links to subjective wellbeing

Examination of links between shyness
and generalized PIU to understand how
shyness  influences  through the
mediating effect of interpersonal
relationships, loneliness, and
maladaptive thoughts. Gender
difference was considered.

Analysis of links between free-time
management, leisure boredom, and
internet addiction (IA).

Investigation of relationships between
loneliness, Facebook use, and college
adjustment in first-year students.

Study of a health education intervention
and its impact on health behaviors and
mental health in Chinese college
students

495 participants (69% female, 31%
male)

Age 22.46 years (SD = 2.45)

UK

Cross sectional

Psychometric studies - quantitative

1621 participants
32.75% male)

Age 21.68 years (SD = 2.01)

China

Cross sectional

Psychometric studies - quantitative

(6725% female,

475 Taiwanese undergraduate
students (54.9% female, 45.1% male)
Mean Age = 19.71 (SD = 1.52) years
Taiwan

Cross-sectional

Psychometric studies - quantitative
1639 students survey 1, 1616 survey 2,
391 completed both

(70.1% female, 29.9% male)

Age Mean 17.75 (SD=.741) years.

USA

Longitudinal 2 surveys — 2 assessment
time points — start and end of one
semester

Psychometric studies - quantitative
532 Chinese undergraduate students
(52.1% female, 47.9% male)

Mean age19.49 (SD:0.90) years

China

Longitudinal — 2 assessment time
points — before and after 7 week
health education class intervention
Psychometric studies - quantitative

Chapter 1

Ten-Item Personality Inventory (TIPI) (Gosling et al., 2003)
Fear of Missing Out Scale (Przybylski et al., 2013)
Modified questionnaire on social media use

Life satisfaction questions (Przybylski et al., 2013)

A revision of the Cheek and Buss shyness scale (Cheek &
Buss, 1981)

Chinese version of the Interpersonal Relationship Scale
(Fang et al., 2007)

The Chinese version of UCLA (Russell et al., 1996)

The Chinese version of the maladaptive cognitions scale (Li
etal., 2010)

The Chinese version of the IAT (Young, 1998)

Free time management scale (Wang et al., 2011)

Boredom during leisure time scale (Weybright et al., 2015)
Chen Internet Addiction Scale (Chen et al., 2003)

UCLA loneliness scale (Russell et al., 1996)

Student adjustment to college scale (Baker & Siryk, 1984)
Compulsive SNS drawn from (Caplan, 2010) (Meerkerk et
al., 2009) and others

Health behaviors and mental health were assessed using a
questionnaire twice a week over 7 weeks, questions
covered, knowledge, attitude, and practice of health
behaviors.

Subjective  wellbeing, not predicted by age or sex.
Conscientiousness,  extraversion, emotional stability and
agreeableness were positively related to subjective wellbeing.
FOMO and PIU were significantly and negatively linked to overall
subjective wellbeing. FOMO and PIU were negatively linked with
emotional wellbeing and personal relationships wellbeing but not
physical wellbeing. Personality was linked with subjective
wellbeing however both FOMO and PIU negatively affect
subjective wellbeing more than personality.

Shyness linked with general PIU from maladaptive thoughts;
Shyness linked with general PIU via loneliness which was linked
with maladaptive cognitions; Shyness could possibly reduce
general PIU via interpersonal relationships, loneliness, maladaptive
thoughts; Levels of shyness and general PIU were similar males and
females, the strength of links between them were stronger for
males.

Free-time management reduces boredom during leisure time, and
boredom during free-time is a risk for IA. Boredom in free-time is a
mediator between free-time management and I|A. Free-time
management significantly affects boredom in leisure time and
boredom in leisure time significantly affects IA.

Compulsive use of Facebook had a stronger link with academic
motivation than regular use of Facebook, neither were directly
linked with academic performance. Too much time spent on
Facebook was weakly but directly linked with poorer academic
performance. loneliness was a stronger mark of college adjustment
than Facebook usage

Participants in the 7 week health intervention showed favourable
changes on health behaviors vs control group with no intervention.
Participants in the intervention reported significantly increased
level of high physical activity and regular breakfast, reductions in
screen time and lower risk of IA. The effects of the intervention on
wellbeing and self-efficacy were insignificant.
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Yang,Asbu
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Ye & Lin,
2015)

Zhang et
al., 2021

Zhang &
Wu, 2020

Zheng et
al., 2020

Zhong et
al., 2021

A Study of PSU
in Undergraduate Students
Study of the impact of online

communications on wellbeing measuring
locus of control, loneliness, subjective
wellbeing, and POSI.

Study using the I-PACE model (Brand et
al., 2019) to explain how parental
phubbing might accelerate adolescent
mobile phone addiction through social
anxiety and core self-evaluations (CSE).

Examination of the effects of
smartphone addiction on sleep, in
particular the impact of self-regulation
and bedtime procrastination

Study using the I-PACE model (Brand et
al.,2019) and social comparison theory,
analysis of the role of upward social
comparison and state anxiety in the
relationships between passive social
media use and online compulsive buying
among female students.

Study of the factors that influence
cyberbullying in university students

265 students

(69% female, 31% male)

Age 22.46 years (SD = 2.45)

British

Cross sectional

Qualitative  study-  analysis  of
responses to 5 open ended questions

260 Chinese undergraduate students
(67.5% female, 32.5% male)

Mean Age = 20.1 (SD = 12) years
China

Cross-sectional

Psychometric studies - quantitative

471 Chinese undergraduate students
(60% female, 40% male)

Mean Age = 13.46 (SD = 1.11) years
China

Cross-sectional

Psychometric studies - quantitative
431 Chinese undergraduate students
(66% female, 34% male)

18 to 26 years (M = 19.36, SD = 1.06)
China

Cross-sectional

Psychometric studies - quantitative

799 Chinese undergraduate students
(67% female, 33% male)

Mean age = 20.71, SD = 22

China

Cross-sectional

Psychometric studies - quantitative

947 Chinese college students (67%
female, 33% male)

Mean age = 19.86, SD = 1.63

China

Cross-sectional

Psychometric studies - quantitative

Chapter 1

Participant were asked about attitudes towards
smartphone use, reasons for using smartphones, and what
they thought were the consequences of smartphone use.
Responses were assessed using framework analysis.

Demographic information, reference for online social
interaction (POSI) was measured with four items from
Caplan (2010) (Caplan, 2010).

Locus of control (Rotter, 1966)

Campbell Index of wellbeing. (Campbell, 1976)

UCLA loneliness scale (Russell et al., 1996)

Social Anxiety Scale for Children (SASC; La Greca & Stone,
1988)

Core Self-evaluations Scale (CSES) (Du et al., 2012)

Mobile Phone Addiction Scale (MPAS; Hong et al., 2012)
9-item Partner Phubbing Scale (Roberts & David, 2016)

Pittsburgh Sleep Quality Index

Smartphone Addiction Inventory Short Form (Lin et al.,
2017)

Bedtime Procastination Scale (Kroese et al., 2014)
Self-regulation Questionnaire (Neal & Carey, 2005)

Passive Facebook Use (Liu et al., 2017)
Chinese version of |OWA-Netherlands
Orientation Measure (Gibbons & Buunk, 1999)
Chinese short version of DASS-21 (Lovibond & Lovibond,
1995)

Chinese version of Onlines Compulsive Buying Scale
(Dittmar et al., 2007)

The Big Five Personality Test (Howard et al., 1996)

Life satisfaction scale (Diener et al., 1985)

A digital citizenship questionnaire including Young’s (1996)
IAT

A cyberbullying questionnaire (Topcu & Erdur-Baker, 2012)

Comparison

Indicators of PSU are uncontrolled frequent checking, using late at
night, use in class for distraction. Explanations for PSU were might
miss messages, boredom in class, poor self-regulation, and reasons
like boring lectures. Smartphone use had positive and negative
relationships with life satisfaction, social relationships, physical
health, and study. Students identified a need for better self-
regulation to manage PSU. Smartphone use benefit as well as
cause harm in university students. PSU can reflect mental
wellbeing issues, poor self-regulation, and social problems.

Locus of control positively linked to loneliness and preference for
online social interaction (POSI), but negatively linked to Subjective
wellbeing; Loneliness (positively) and Subjective wellbeing
(negatively) were related to POSI; Loneliness and Subjective
wellbeing had a full mediating effect between locus of control and
POSI. Lonely, unhappy, and externally controlled students are
more likely to engage in online social interaction. Addressing
students' locus of control, loneliness, and happiness may reduce
PIU.

Parental phubbing is related to adolescent mobile phone addiction,
directly through social anxiety, core self-evaluation (CSE), and
through the serial mediating role of social anxiety and CSE.

One third of participants reported poor sleep. Smartphone
addiction and bedtime procrastination had a significant positive
link on sleep quality, self-regulation had a significant negative link,
with poor sleep. The indirect effects of smartphone addiction,
through self-regulation and bedtime procrastination, on poor sleep
quality were statistically significant. Both bedtime procrastination
and poor self-regulation can be linked to smartphone addiction
and poor sleep quality.

Passive social media use was linked to online compulsive buying; if
online shopping was controlled for, passive upward social
comparison and anxiety mediated the link, This link was mediated
by upward social comparison and state anxiety, also a sequential
mediating effect of upward social comparison and state anxiety
was found.

University students’ digital citizenship scores have a significant

negative correlation with cyberbullying but not with being
cyberbullied

19



Chapter 1

1.3.1 PIU

PIU is often conceptualized as behavior and thoughts associated with internet use, which an individual
is struggling to control and which results in marked distress in daily life (Caplan, 2002; Young, 1996).
Activities related to general internet use, social media use, gaming, smartphone use, and other
subtypes of internet use, while distinct, can all lead to compulsive behavior and cognitions associated
with the internet, and have been linked with loneliness, wellbeing and FOMO (Casale et al., 2018;
Chang & lin, 2019; Elhai, Yang, Rozgonjuk, et al., 2020; Hebebci & Shelley, 2018). The psychometric
tests measuring PIU identified in the research, included tests focused on general internet use,
smartphone usage, gaming and social media which are considered internet behaviors encompassed

by PIU in this research.

There were more than 13 different psychometric tests used to assess levels of general PIU, there were
10 different psychometric tests to measure problematic smartphone use, there were eight different
psychometric tests used to measure problematic social media use and two different psychometric
tests used to measure gaming, 18 of the papers used non-standard or self-developed questionnaires
to measure aspects of PIU (Adiele & Olatokun, 2014; Casale & Fioravanti, 2015; Ceyhan, 2011; Chang
et al., 2018; Chang & Lin, 2019; Coduto et al., 2020; Dang et al., 2019; Fioravanti & Casale, 2020; Hawi
& Samaha, 2019; Kittinger et al., 2012; B. Li et al., 2018; Moberg & Anestis, 2015; Morahan-Martin &
Schumacher, 2000; Shane-Simpson et al., 2016; Stead & Bibby, 2017; Yang et al., 2019; Ye & Lin, 2015;
Zhong et al., 2021) in the 60 research papers reviewed. Young’s (1998) Internet Addiction Test (IAT)
was used 11 times (Adiele & Olatokun, 2014; Bakioglu, 2020; Esen et al., 2013; Hawi & Samaha, 2019;
Kittinger et al., 2012; Lin et al., 2018; Lu & Yeo, 2015; Odaci & Celik, 2013; Ozdemir et al., 2014; Primi
et al., 2021; Tian et al., 2019). The next most frequently used test was the Smartphone Addiction Scale
Short Version (SAS-SV) (Kwon et al., 2013) which was used 10 times (Elhai et al., 2018, 2019; Elhai,
Gallinari, et al., 2020; Elhai, Yang, Dempsey, et al., 2020; Elhai, Yang, McKay, et al., 2020; Elhai, Yang,
Rozgonjuk, et al., 2020; Liu & Ma, 2018b; Marciano et al., 2021; Romero-Rodriguez et al., 2020;
Servidio, 2021), followed by the Generalised Problematic Internet Use Scale 2 (GPIUS2) (Caplan, 2010)
which was used five times (Casale et al., 2014, 2015; Fioravanti & Casale, 2020; Moberg & Anestis,
2015; Primi et al., 2021), the Bergen Facebook Addiction Scale (BFAS) (Andreassen et al., 2012) was
used three times (Atroszko et al., 2018; Fioravanti & Casale, 2020; Primi et al., 2021). There were six
psychometric tests used twice see Table 3. While there were 26 different psychometric tests that

measured some aspect of PIU used once see Table 4.
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Table 3.

Psychometric Tests Used Twice

Chapter 1

Paper

Test

Arpaci, 2020; Ozdemir et al., 2018
Chang et al., 2018; Chang & Lin, 2019

Chang et al., 2018; Chang & Lin, 2019
Elhai et al., 2018, 2019

Hebebci & Shelley, 2018; Kabasakal., 2015

Huang, 2010; Wang, 2019

Table 4.

Psychometric Tests Used Once

The Nomophobia questionnaire (Yildirim et al., 2015)

Online gaming motive scales of advancement, escapism and socializing
(Yee, 2006b)

Problematic internet use(Liao et al., 2018)

Smartphone Usage Frequency Scale (Elhai et al., 2016)

The Problematic Internet Use Scale (PIUS) (Ceyhan et al., 2007)

The Chen Internet Addiction Scale (CIAS) (Chen et al., 2003)

Paper

Psychometric Test

Arpaci, 2020

Casale et al., 2018

Chang et al., 2018
Demirtepe-Saygili & Metin-Orta., 2020
Elhai, Yang, Dempsey, et al., 2020
Elhai, Gallinari, et al., 2020
Gentina & Rowe, 2020

Hao et al., 2020

Hawi & Samaha, 2019

Kog¢ & Turan, 2020

Kuss et al., 2013

Li et al., 2020
Lin et al., 2018
Liu & Ma., 2018b

Liu & Ma., 2018b
Lopez-Fernandez, 2017
Odac & Kalkan, 2010

Peng et al., 2020
Romero-Rodriguez et al., 2020
Shane-Simpson et al., 2016
Shane-Simpson et al., 2016
Wang, 2019

Zhang et al., 2021

Zhang & Wu, 2020

Zheng et al., 2020

Zhong et al., 2021

Online Cognition Scale (Davis & Besser, 2002)

Bergen’s Social Media Addiction Scale (Monacis et al., 2017b)

Online Gaming Motivation Scale Chinese Version (Yee, 2006a)
Cyberloafing Scale (Akbulut et al., 2016)

Smartphone Use Expectancies Scale

Process and Social Smarphone Use (Van Deursen et al., 2015)

The mobile phone Involvement Questionnaire (Walsh et al., 2010)
Mobile phone addiction index (Leung, 2008)

Social media addiction questionnaire (Hawi & Samahal7a)

The Smartphone Dependance Questionnaire (Salehan & Negahban, 2013)
The Assessment for Computer and Internet Addiction-Screener (AICA-S)
(Wolfgang et al., 2010)

The Social Network Site Intensity Scale (Salehan & Negahban, 2013)
Internet use decisional balance Questionnaire (IDBQ)

Chinese version of Facebook Measure of Social Support (McCloskey et al.,
2015)

Chinese Social Media Addiction Scale (Liu & Ma, 2018a)

PMPUQ-SV (Billieux et al., 2008)

Online Cognition Scale (Keser-Ozcan and Buzlu, 2005)

Mobile Phone Addiction Index (MPAI) (Leung, 2008)

Social Media Intensity Scale (SMIS) (Ellison et al., 2007)

Compulsive Internet Use Scale (Meerkerk et al., 2009)

Facebook connection strategies scale (Ellison et al., 2011)

Chen Internet Addiction Scale (Chen et al., 2003)

Mobile Phone Addiction Scale (MPAS; Hong et al., 2012)

Smartphone Addiction Inventory Short Form (Lin et al., 2017)

Passive Facebook Use (Liu et al., 2017)

A cyberbullying questionnaire (Topcu & Erdur-Baker 2012)

The psychometric tests used three times or more to measure PIU were analysed in depth. The analysis

identified the factors measured in the psychometric tests, using the symptoms/factors of behavioral
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addictions identified in Griffiths (Griffiths, 2005) components model see Table 1. In the components
model, symptoms of behavioral addiction are salience, mood modification, tolerance, withdrawal.,
conflict and relapse (Griffiths, 2005). By judging questions or statements in each of the psychometric
instruments, the extent to which they measured the factors was determined. The factors Preference
for Online Social Interaction (POSI) and compulsive use were also considered as potential factors of
PIU, these factors were identified by Caplan (2010). The factors withdrawal., salience/pre-occupation
and negative consequences were measured in all of the psychometric tests examined, see Table 1.
Withdrawal was measured using questions to determine if not being able to go online or access a
smartphone generated feelings of being lost, being troubled, feeling bad, impatient, fretful or uneasy.
Questions such as ‘Do you feel restless, moody, depressed or irritable when attempting to cut down
or stop internet use?’ (Young, 1996). Salience/Pre-occupation with internet use was measured by
questions or rating statements like ‘I think obsessively about going online when | am offline’ (Caplan,
2010). Negative Consequences or Conflict created by overuse of the internet was measured by ranking
level of agreement with questions or statements like ‘I missed planned work due to smartphone use’
(Kwon et al., 2013). Use or overuse of the internet for Mood Modification/Escapism/Coping was also
generally agreed on as a factor to be measured to assess PIU except in the SAS-SV (Kwon et al., 2013).
It was measured using questions or statements like ‘l have used the internet to make myself feel better
when | was down. ’ (Caplan, 2010). Tolerance was also identified as a factor in three of the four tests,
however was not a factor in the GPIUS2 (Caplan, 2010). Tolerance was measured using statements or
questions like ‘Felt that you had to use Facebook more and more to get the same pleasure from it’

(Andreassen et al., 2012).

There was no agreement on Compulsive Use or Relapse as factors of PIU. Compulsive use was not a
factor in the IAT (Young, 1998) or BFAS (Andreassen et al., 2012). Compulsive Use was measured with
responses to statements like ‘I find it difficult to control my Internet Use. ’ or “When offline, | have a
hard time trying to resist the urge to go online’ (Caplan, 2010). Relapse was included as a factor in the
IAT (Young, 1998) and BFAS (Andreassen et al., 2012) which did not include compulsive use as a Factor.
The SAS-SV (Kwon et al., 2013) and GPIUS-2 (Caplan, 2010) did not include relapse as a factor but did
include compulsive use. Relapse was measured in the IAT using questions like ‘Have you repeatedly
made unsuccessful efforts to control, cut-back or stop internet use? Or ‘Tried to cutdown the use of
Facebook without success’ (Young, 1998). It may be that there is a similar construct being measured
in relapse and compulsive use. Relapse in PIU is a recurrence of use of the internet problematically
after a period of abstinence or control presumably driven by an urge to do so (Jiang et al., 2013), while

compulsive use is PIU that is driven by an urge that compels (Griffiths, 2005).
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Preference for online social interaction (POSI) was only measured in the GPIUS2, there was no
consensus on this factor in the four most used psychometric tests. POSI was measured using
statements like ‘I prefer online social interaction over face-to-face communication’. The GPIUS-2
measured POSI using questions to identify whether online communication is preferred to face to face

or more comfortable than face to face or just generally preferred.

1.3.2 PIU and its relationship with loneliness, FOMO and wellbeing in students

In the papers reviewed in this research the participants were college students except three studies,
one in China, one in France and on in Switzerland where the students were in school. The mean age
of participants across the research papers was 20.5 years with a standard deviation of 22 years.
Approximately 60.5% of the total participants across all included studies were female. Of the papers
reviewed, 17 had Chinese participants, 10 Turkish, 10 American, six Italian, four Taiwanese, two
Lebanese, one British, one English and one from Turkey / Pakistan, and one each from Africa, Poland,

Europe, Spain, France and Malaysia see Table 2.

The measurement of loneliness was standardised across the research papers using the UCLA
loneliness Scale (Russell et al., 1996). The 20-item scale which measures subjective feelings of
loneliness as well as feelings of isolation and disconnectedness from others was used in 15 of the 16
research papers which measured loneliness. The findings in the research examined was correlational
so it was not possible to determine whether loneliness was the cause or effect of PIU. Loneliness
correlated with PIU and negative outcomes from internet use (Bakioglu, 2020; Esen et al., 2013; Primi
et al., 2021; Tian et al., 2019) as such, loneliness is a risk factor for increasing severity of PIU and

loneliness is a potential effect of increasing severity of PIU, see Table 2.

Measurement of FOMO was standardised in the research examined. Przybylski’s and colleagues’
(2013) 10-item psychometric test was used eight of the nine papers that measured FOMO (Przybylski
et al., 2013). Findings in the research examined were correlational so it was not possible to identify
whether FOMO was a cause and/or effect of PIU. The correlations suggest that FOMO is a risk factor
for PIU and increased FOMO may be an effect of PIU (Elhai, Yang, Dempsey, et al., 2020; Hebebci &
Shelley, 2018; Servidio, 2021; Z. Yang et al., 2019; see Table 2).

Wellbeing is a combination of psychological wellbeing, social wellbeing, and physical wellbeing
(Pressman et al., 2020). In the research examined multiple psychological health and social health
variables were measured and findings consistently show that reduced scores in wellbeing indicators
correlated with increased scores in PIU measures (Atroszko et al., 2018; Casale & Fioravanti, 2015;

Chang & Lin, 2019; Kabasakal., 2015; Moberg & Anestis, 2015; Odac & Kalkan, 2010; Ye & Lin, 2015).
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Wellbeing was measured in the research using 34 different psychometric tests. Of these tests, only
the Satisfaction with Life Scale (Hawi & Samaha, 2019; Kabasakal., 2015; B. Li et al., 2018; Lin et al.,
2018), DASS-21 (Lovibond & Lovibond, 1995), Beck Depression Inventory (Caplan, 2002; Chang & Lin,
2019; Elhai et al., 2018, 2019; Lu & Yeo, 2015; Moberg & Anestis, 2015), Rosenberg Stress Scale (Hawi
& Samaha, 2019; Ozdemir et al., 2018; Shane-Simpson et al., 2016) were used more than once see
Table 2. None of the studies determined if increasing severity of PIU was a cause or effect or both for
reduced wellbeing see Table 2. The correlations however suggested that reduced wellbeing is a risk
factor for increasing severity of PIU and/or reduced wellbeing may be an effect of increasing severity

of PIU.

The psychological health and social health variables examined in the research in relation to wellbeing
can be classified into three broad categories: general wellbeing; depression and stress and self-

esteem, shyness and social anxiety see Table 2.

To measure general wellbeing the Satisfaction with Life Scale (Diener et al., 1985) was used five times,
Self-happiness Scale (Lyubomirsky & Lepper, 1999), Campbell Wellbeing Index (Campbell, 1976) and
Psychological Wellbeing Scale were all used once, see Table 2. General wellbeing variables examined
included cognitive distortion, self-concept, self-efficacy, self-control, locus of control, dispositional
rumination, perfectionism, adjustment to college and boredom proneness (Atroszko et al., 2018;
Caplan, 2002; Casale et al., 2014, Casale & Fioravanti, 2015; Esen et al., 2013; Hawi & Samaha, 2019;
Huang, 2010; Kabasakal., 2015; Li et al., 2018; Lin et al., 2018; Lu & Yeo, 2015; Ozdemir et al., 2018;
Wang, 2019; Wohn & Larose, 2014; Ye & Lin, 2015; Zhong et al., 2021).

To measure depression and stress, the Beck Depression Inventory was used twice and the Depression
Anxiety and Stress Scale — 21 (DASS-21) was used 10 times, the Depression Scale (Derogatis, 1993) and
the Perceived Stress Scale (Cohen et al., 1983) were also used, see Table 2. Wellbeing indicators
depression and stress were measured and examined in 14 research articles (Atroszko et al., 2018;
Busch & McCarthy, 2021; Caplan, 2002; Dang et al., 2019; Elhai et al., 2018, 2019; Elhai, Gallinari, et
al., 2020; Elhai, Yang, Dempsey, et al., 2020; Elhai, Yang, McKay, et al., 2020; Elhai, Yang, Rozgonjuk,
et al., 2020; Kabasakal., 2015; Lu & Yeo, 2015; Odac & Kalkan, 2010; Ozdemir et al., 2014).

To measure self-esteem, shyness and social anxiety, the Rosenberg Self-esteem Scale (Rosenberg,
1965) was used seven times (Caplan, 2002; Hawi & Samaha, 2019; Ko¢ & Turan, 2020; Ozdemir et al.,
2018; Primi et al., 2021; Servidio, 2021; Shane-Simpson et al., 2016), the Social Efficacy and Social
Outcome Expectation Scale (Wright et al., 2013) used once (Bakioglu, 2020), Social Control Subscale

(Galeazzi et al., 2002) used once (Casale et al., 2018), Social Reticence Scale (Jones et al., 1986) used
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once (Caplan, 2002), Social Phobia and Anxiety Index Scale (de Vente et al., 2014) used once (Coduto
et al., 2020), Social Self-efficacy Scale (Smith & Betz, 2000), Dimensions of Self-concept (Michael &
Smith, 1976), Dating Anxiety Scale Adolescent Form (Kalkan, 2008), A Brief Measure for Assessing
Generalized Anxiety Disorder (GAD-7) (Spitzer et al., 2006), Social Anxiety Scale for Children (La Greca
& Stone, 1993), Cheek and Buss Shyness Scale (Cheek & Buss, 1981) and Social Responsiveness Scale
(Constantino, 2013) were also used, see Table 2. The variables examined in the research reflecting the
self-esteem, shyness or social anxiety aspect of wellbeing included self-concept, self-esteem, social
control, social responsiveness, communication skills, dating anxiety shyness and fear of negative
evaluation (Atroszko et al., 2018; Bakioglu, 2020; Caplan, 2002; Casale & Fioravanti., 2015, 2018;
Ceyhan, 2011; Coduto et al., 2020; Elhai et al., 2018; Elhai, Yang, McKay, et al., 2020; Esen et al., 2013;
Hawi & Samaha, 2019; Huang, 2010; Kog¢ & Turan, 2020; Lu & Yeo, 2015; Odac & Kalkan, 2010; Odaci
& Celik, 2013; Ozdemir et al., 2014; Peng et al., 2020; Primi et al., 2021; Romero-Rodriguez et al., 2020;
Servidio, 2021; Shane-Simpson et al., 2016; Tian et al., 2019; Ye & Lin, 2015).

1.3.3 Wellbeing, Loneliness, FOMO and PIU Findings Framed Using the I-PACE model.

Four of the research papers examined used the I-PACE model to frame their findings (Dang et al., 2019;
Elhai, Yang, Dempsey, et al., 2020; Zhang et al., 2021; Zheng et al., 2020). Each of these studies found
support for the I-PACE model. A person’s core character may predispose to PIU and combined with
affective and cognitive factors may relate to increasing severity of PIU. Potential moderating and
mediating variables for PIU identified were emotional intelligence, depression and coping flexibility
(Dang et al., 2019). Mediating variables in the association between PIU sub-types (passive use of social
networks and online shopping) were anxiety and upward social comparison. Anxiety and upward
social comparison may trigger cognitive responses and affective reaction when passively using social
network sites or online shopping, as such are risks for increasing severity of PIU (Zheng et al., 2020).
Equally, the correlational association may indicate that increasing severity of PIU could trigger
responses and reaction that may affect anxiety and upward social comparison. Perceived parental
phubbing subjectively experienced was found to be directly associated with problematic smartphone
use (Zhang et al., 2021). Parental phubbing may create social anxiety or impact core self-evaluation
which mediates the association with PIU or vice versa. Correlations between PIU and parental
phubbing may be explained as an affective and cognitive response to the phubbing, the anxiety and
the core self-evaluation resulting in a decision to use the internet as a coping strategy alternatively
the use of the internet may influence the mediating anxiety and core self-evaluation (Zhang et al.,

2021). Previous research has suggested that while predisposing variables are risks for development
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and maintenance of PIU as described in the I-PACE model, dysfunctional coping or the response

variables should be the focus for managing PIU (Elhai, Yang, Dempsey, et al., 2020).

When the findings in the research examined were interpreted using the I-PACE model, it appears that
biological factors as well as psychological factors could be interpreted as predisposing to PIU. Gender
was the main predisposing biological factor found to be associated with PIU, 11 of the studies found
significant correlations between gender and PIU. Some found being male was a risk for PIU (Tian et
al., 2019). Others found being female was a risk for social media addiction (Atroszko et al., 2018; Hawi
& Samaha, 2019; Kittinger et al., 2012; Lopez-Fernandez et al., 2017). Gender predicted differences in
response to FOMO (Casale et al., 2018) and gender-related social connectedness differences

characterised FOMO (Elhai et al., 2018).

The findings in the research examined and the I-PACE model suggest that PIU is associated with
psychological predisposing factors such as a person’s core characteristics, personality, social
cognitions and psychopathology Figure 1. The potential predisposing social cognitions and
psychological factors for PIU examined in the research for which links were found to PIU were
numerous. They included loneliness (Atroszko et al., 2018; Bakioglu, 2020; Caplan, 2002; Coduto et
al., 2020; Esen et al., 2013; Hebebci & Shelley, 2018; Kittinger et al., 2012; Lin et al., 2018; Lu & Yeo,
2015; Morahan-Martin & Schumacher, 2000; Odac & Kalkan, 2010; Ozdemir et al., 2018; Ozdemir et
al., 2014; Primi et al., 2021; Tian et al., 2019; Wohn & Larose, 2014; Ye & Lin, 2015), FOMO (Casale et
al., 2018; Elhai et al., 2018, 2019; Elhai, Gallinari, et al., 2020; Elhai, Yang, Rozgonjuk, et al., 2020; Li et
al., 2020; Liu & Ma, 2018b; Servidio, 2021; Stead & Bibby, 2017), life satisfaction (Kabasakal., 2015; Li
etal., 2018; Peng et al., 2020; Yang et al., 2019; Ye & Lin, 2015), wellbeing (Atroszko et al., 2018; Casale
& Fioravanti, 2015; Ko¢ & Turan, 2020; Ye & Lin, 2015), social anxiety or shyness (Atroszko et al., 2018;
Caplan, 2010; Casale et al., 2014; Chang et al., 2018; Coduto et al., 2020; Elhai et al., 2019; Elhai,
Gallinari, et al., 2020; Elhai, Yang, Dempsey, et al., 2020; Kittinger et al., 2012; Tian et al., 2019; Yang
et al., 2019; Zhang & Wu, 2020), anxiety (Elhai et al., 2019; Elhai, Gallinari, et al., 2020; Elhai, Yang,
Dempsey, et al., 2020; Elhai, Yang, McKay, et al., 2020; Odac & Kalkan, 2010; Zheng et al., 2020),
depression (Caplan, 2002; Casale et al., 2014; Chang & Lin, 2019; Dang et al., 2019; Elhai et al., 2019;
Elhai, Gallinari, et al., 2020; Elhai, Yang, Dempsey, et al., 2020; Elhai, Yang, McKay, et al., 2020; Lu &
Yeo, 2015) , stress (Atroszko et al., 2018; Li et al., 2018; Lu & Yeo, 2015; Odaci & Celik, 2013),
personality (Adiele & Olatokun, 2014; Atroszko et al., 2018; Kuss et al., 2013; Lin et al., 2018; Marciano
et al., 2021), extraversion (Atroszko et al., 2018; Hawi & Samaha, 2019; Lin et al., 2018; Stead & Bibby,
2017), ruminative thought style (Elhai et al., 2018; Elhai, Yang, Dempsey, et al., 2020; Elhai, Yang,

Rozgonjuk, et al., 2020), openness to experiences (Hawi & Samaha, 2017; Kuss et al., 2013), self-
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esteem (Caplan, 2002; Casale et al., 2014; Hawi & Samaha, 2017; Hawi & Samaha, 2019; Kog¢ & Turan,
2020; Peng et al., 2020; Primi et al., 2021; Romero-Rodriguez et al., 2020; Servidio, 2021), self-efficacy
(Atroszko et al., 2018; Bakioglu, 2020; Odaci & Celik, 2013). Other factors that were also examined
and found to correlate with PIU were alcohol use (Kabasakal., 2015; Kittinger et al., 2012), emotional
intelligence (Dang et al., 2019), emotional stability (Casale et al., 2014; Hawi & Samaha, 2019; Stead
& Bibby, 2017), fear of negative evaluation (Casale et al., 2014, 2018), extraversion (Hawi & Samaha,
2017; X. Lin et al., 2018), ADHD (Kittinger et al., 2012), low agreeableness (Kuss et al., 2013; Stead &
Bibby, 2017) being socially disinhibited (Morahan-Martin & Schumacher, 2000). narcissism (Atroszko
et al., 2018), alexithymia (Hao et al., 2020), cognitive empathy (Hao et al., 2020), affective empathy
(Hao et al., 2020), agreeableness (Hawi & Samaha, 2019), neuroticism (Kuss et al., 2013), low social
support (Casale et al., 2014), levels of autonomy, environmental mastery, and positive relations with
others (Casale& Fioravanti, 2015), real-self (Hawi & Samaha, 2017), conscientiousness (Hawi &

Samaha, 2017), cognitive distortion (Lu & Yeo, 2015) and psychoticism (Marciano et al., 2021).

The research identified a number of variables with associations with PIU which may affect or be
affected by PIU. FOMO could be considered as a cognitive effect in the I-PACE model, a reaction to
pre-disposing social anxiety or depression which influences the decision to use the internet (Casale et
al., 2018) or vice versa. FOMO may mediate the relationship between potentially predisposing factors
anxiety and depression and PIU or vice versa (Coduto et al., 2020; Elhai et al., 2019; Elhai, Gallinari, et
al., 2020). FOMO may also be a moderator of PIU or vice versa (Elhai, Yang, Dempsey, et al., 2020). A
situational trigger such as an image on social media may create FOMO as a cognitive affective
response. Cognitive affective responses and coping mechanisms such as checking social media in
response to FOMO may lead to decisions to behave in specific ways which may influence the
development of PIU (Brand et al.,, 2019). Research suggested these responses could be more
important than predisposing factors in influencing PIU development and maintenance (Elhai, Yang,
Dempsey, et al., 2020). If social media is used to avoid FOMO, the gratification or compensation
received may reinforce the use of social media, potentially leading to FOMO, creating a possible
behavioral cycle, a process identified as instrumental conditioning in the I-PACE model. Using the
internet as a coping strategy to avoid offline stresses is a potential mediator between predisposing
factors and PIU. As all of the findings in the studies examined were correlational the direction of the
relationships between variables were not established and therefore the relationship between

variables examined and PIU may be cause or effect.

PIU was explained in the research as a maladaptive coping strategy (mediator or moderator in I-PACE)

for life’s problems and a means to regulate mood (Atroszko et al., 2018; Casale et al., 2014,2018;
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Casale & Fioravanti, 2015; Ceyhan, 2011; Chang et al., 2018; Dang et al., 2019; Demirtepe-Saygili &
Metin-Orta., 2020; Elhai, Yang, Rozgonjuk, et al., 2020; Kuss et al., 2013; Li et al., 2018; Yang et al.,
2019). In longitudinal studies (Chang et al., 2018; Chang & Lin, 2019), PIU was consistently correlated
with heavy use of the internet for gaming when a choice to use the game was motivated by a desire
to avoid real-life stresses, a potentially maladaptive coping strategy, suggesting it was not the intensity
of the game usage, but the motivation to avoid offline stresses which correlated with PIU (Chang et
al., 2018; Chang & Lin, 2019). This coping strategy could be explained as moderating the association

between predisposing factors and PIU.

This review of existing research found that internet use expectancies or comfort expectancies about
internet use was found consistently to correlate with PIU (Caplan, 2002; Casale et al., 2018; Elhai,
Yang, Dempsey, et al., 2020; Elhai, Yang, Rozgonjuk, et al., 2020; Hebebci & Shelley, 2018; Lu & Yeo,
2015; Tian et al., 2019). The reviewed findings provide empirical evidence to support the proposal that
a decision to use certain applications on the internet may be affected by cognitive biases (Casale et
al., 2018; Elhai, Yang, Rozgonjuk, et al., 2020; Tian et al., 2019). For example, research has found that
FOMO is linked to cognitive bias or thoughts about effectiveness of social media use to manage FOMO
(Casale et al., 2018; Elhai et al., 2018). And positive thoughts about internet usefulness to mitigate
FOMO mediate the relationship between FOMO and PIU (Casale et al., 2018; Elhai et al., 2018). Hence
FOMO may also be conceptualized as a moderator between predisposing factors and the development
and maintenance of PIU using the I-PACE model. FOMO may create a cognitive bias that contributes

to PIU or PIU creates a cognitive bias that contributes to FOMO (Elhai et al., 2018).

In the research examined, withdrawal, salience / pre-occupation, tolerance, relapse / compulsive use,
negative consequences / conflict and mood, modification/escapism/coping and POSI were factors
used for measuring PIU in the psychometric tests. The symptoms of PIU measured in the psychometric
tests include pre-occupation, mood modification or escapism and withdrawal see Table 1, moderating
(cognitive and attentional biases and coping strategy) and mediating (cognitive and affective reactions
to situational triggers) variables in the I-PACE model (Brand et al., 2019). The criteria assessed in the
psychometric tools include tolerance and compulsive use or relapse see Tablel, all of which relate to
instrumental conditioning. In combination with reduced inhibitory control, instrumental conditioning
may support the development of PIU according to the I-PACE model (Brand et al., 2016). The research
examined also suggests that poor self-regulation is a contributor to PIU (Casale & Fioravanti, 2015;

Yang et al., 2019), a factor identified in the I-PACE model as reduced inhibitory control.
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1.4 Discussion

The current systematic review investigated the scientific findings on the relationships between
student loneliness, FOMO, wellbeing and PIU and interpreted the findings using the theoretical
framework of the I-PACE model (Brand et al., 2019).

The research examined used a number of validated psychometric tests to measure PIU as well as novel
self-developed scales or questions. The present chapter synthesises the findings through examination
of PIU measurement/conceptualisation using Griffiths components model. Previous research has
found the psychometric tests of PIU have been developed using a combination of the DSM-IV criteria
for pathological gambling and/or substance dependence (American Psychiatric Association, 2013), the
cognitive-behavioral model of GPIU (Davis, 2001) and Griffith’s components model (2005). The
components of behavioral addiction identified by Griffith are consistent factors in the psychometric
tests used (Moretta et al.,, 2022). The detailed examination of the factors measured by the
questions/statements in the psychometric tests most frequently used in Table 1 is summarised in
Table 5. The summary presented in table 5 highlights the consistent measurement of the factors,
negative consequences, withdrawal and salience/pre-occupation, with some consistency in mood

modification/escaping/coping. Compulsion or alternatively relapse was also a factor in the tests.
Table 5

Concentration of Agreement on Factors to Measure PIU

Psychometric Test Withdrawal Salience / Pre-  Tolerance Relapse / Negative Mood Mod /

occupation Compulsive Consequences / Escapism /
Use Conflict Coping

Young IAT(Young, X X X X X X

1998)

GPIUS-2 (Caplan, X X X X X

2010)

SAS-SV (Kwon et X X X X X

al., 2013)

BFAS (Andreassen X X X X X X

et al., 2012)

The psychometric tests analysed all measured factors relating to a behavioral addiction as defined by
Griffith’s components model see Table 5. The level of agreement suggests standardisation of
psychometric tests to measure PIU is feasible. Such standardisation would be beneficial as it would

enable more effective comparison of PIU in research findings. Agreement on the factors to
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assess/measure PIU in a ‘gold standard’ psychometric test would improve future comparison of
research outputs and increase reliability of comparisons across studies. A ‘gold standard’ test using
the best elements of existing tests could offer benefits when interpreting and comparing research

outputs beyond any potential benefits of using a large variety of bespoke tests to measure PIU.

The present systematic literature review identified that when findings are integrated using the I-PACE
model, loneliness, FOMO and reduced wellbeing may be recognised as predisposing psychological
factors which prompt or encourage individuals to use the internet to avoid offline stressors.
Moderators and mediators of PIU in the I-PACE model are cognitive biases or coping strategies,
experience on the internet and conceptions about the internet which influence the decision to use
the internet. Loneliness, FOMO and reduced wellbeing may be considered as moderators or mediators
of PIU in the I-PACE model. For example, images of others' activities on social media may create an
affective reaction of loneliness or FOMO or unhappiness and generate or strengthen a decision to use
social media to alleviate anxiety (Casale & Fioravanti, 2011; Ceyhan, 2011; Elhai et al., 2018; Hebebci
& Shelley, 2018).

The internet can be used as a coping mechanism to divert from distress. Internet use which
compensates or gratifies can reinforce thoughts about the internet as an effective coping mechanism.
Gratification as explained in the I-PACE model may reinforce cognitive biases about internet use as an
effective strategy for coping with offline stresses. As supported by the investigated studies, the I-PACE
model explains how behaviors on the internet which are reinforced by gratification and compensation
received on the internet, may motivate to spend more time online (Brand et al., 2016; Young & Brand,
2017). Using the internet as a coping strategy to manage loneliness or FOMO can be effective;
managing loneliness by making new social connections online, and managing FOMO by checking what
others are doing. However, the negative consequences of overuse of the internet to manage
loneliness appears to increase loneliness and lonelier people appear to have more negative
consequences, potentially as a result of neglect of offline relationships ( Ceyhan, 2011; Wohn & Larose,
2014). Research has also found that using the internet to cope with FOMO may increase anxiety

(Casale & Fioravanti, 2011; Elhai et al., 2018; Hebebci & Shelley, 2018).

In the I-PACE model, inhibitory control is reduced as problematic internet use develops with
instrumental conditioning (Young & Brand, 2017), research findings in this review appear to support
this. Previous research has explained PIU as reflecting poor self-regulation (Yang et al., 2019). Research
findings show that compulsivity was linked to PIU when reacting to situational triggers (Caplan, 2002)

and that loneliness was related to internet addiction through low self-control (Yang et al., 2019).

30



Chapter 1

Research also suggests that individuals who are not psychosocially healthy may struggle regulating

their Internet use (Kim et al., 2009).

1.5 Future Research and Limitations

In this research the definition of PIU includes all behavior on the internet regardless of the activity
from which it stems. There were over 35 standard psychometric tests that met this definition. A gold
standard suite of tests developed based on the best elements of the tests already most frequently
used would be of great benefit if used in future research. Two of the most frequently used tests
measured, general internet use (IAT and GPIUS2). While another frequently used test focused on
problematic smartphone use specifically (SAS-SV). A fourth measured problematic social media use
(BFAS) see Table 1. Future research would benefit from a standardised definition of PIU and
standardised psychometric tests to measure PIU. It may be necessary to have specific tests to measure
specific behaviors on the internet rather than a single test measuring all behaviors on the internet
however there is still scope for standardisation. The variety of instruments for measuring PIU make

the current research findings more difficult to compare and understand.

The I-PACE model allowed for a comprehensive understanding of the variables assessed in the
research. The |-PACE model can frame research findings in the process of development and
maintenance of PIU. Future research could benefit from considering findings within a theoretical

framework, such as the I-PACE model.

Future research could also evaluate the effect of addressing moderating and mediating variables, such
as cognitive affect and coping strategy, as identified in the I-PACE model to understand if they are an

effective focus for reducing PIU.

This systematic review was limited to research findings that related to students, all but three of the
studies related to university or college students, a systematic review which considered a more general
population would further test the effectiveness of the I-PACE model to explain PIU development and

maintenance.

1.6 Summary and Conclusions

The reviewed studies show FOMO, reduced wellbeing and loneliness were found to have consistent
correlations with increasing severity of PIU (Atroszko et al., 2018; Casale & Fioravanti, 2015; Chang &

Lin, 2019; Elhai et al., 2019; Elhai, Gallinari, et al., 2020; Esen et al., 2013; Hawi & Samaha, 2019;
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Kabasakal., 2015; Moberg & Anestis, 2015; Odac & Kalkan, 2010; Stead & Bibby, 2017; Ye & Lin, 2015).
The research did not establish cause and effect, and the correlations indicate that FOMO, reduced
wellbeing and loneliness may be risks for developing and/or maintaining PIU. Alternatively, PIU maybe
a cause of loneliness, FOMO and reduced wellbeing (Caplan, 2002; Coduto et al., 2020; Hebebci &
Shelley, 2018). Regardless of whether loneliness and reduced wellbeing is a cause or effect of PIU, the
consistent correlations found in the reviewed research suggest addressing PIU is worth considering as

a means to reduce loneliness and improve wellbeing in university student populations.

The results of the present review have important implications for improving student mental health
and wellbeing. There are several ways identified in the research that healthy internet behaviors may
be developed by managing moderating and mediating variables identified in the |-PACE model.
Moderating and mediating variables in the I-PACE model such as coping strategy, cognitive biases
about internet usefulness and cognitive affect and reaction to situational triggers may be important
in identifying and managing PIU and developing healthy internet use behaviors (Elhai, Yang, Dempsey,
et al.,, 2020). The effects of FOMO on PIU may be controlled by managing cognitive bias (Elhai, Yang,
Dempsey, et al., 2020). Managing thoughts about social networking sites’ usefulness may reduce
anxiety, negative effect and PIU (Casale et al., 2018). PIU may also be reduced by developing emotional
intelligence and coping strategies for real-life stresses so that using the internet for distraction is not
the default strategy (Dang et al., 2019; Elhai, Yang, Rozgonjuk, et al., 2020). PIU may also be addressed
by tackling the real-life stresses for which using the internet may be a coping strategy (Caplan, 2002;
Esen et al., 2013; Hawi e & Samaha, 2019; Odac & Kalkan, 2010). Managing thoughts about usefulness
of social networking sites and awareness of triggers for compulsive internet use may be effective in
managing PIU (Casale et al., 2018; Coduto et al., 2020). Recognising cognitive affect and reaction to
situational triggers and reduced inhibitory control, awareness of compulsive use and potential
negative outcomes may help avoid PIU (Coduto et al., 2020). Reduction of PIU could focus on improved
self-regulation or increased inhibitory control (Caplan, 2002; Esen et al., 2013; Hawi & Samaha, 2019;
Odac & Kalkan, 2010; Yang et al., 2019).

In this chapter a systematic review of existing research findings relating to FOMO, loneliness,
wellbeing and PIU in students were examined. The |I-PACE model (Brand et al., 2019) was used to
frame the findings in order to obtain a coherent understanding of the findings. Griffiths (2005)
components model was used to understand the commonality in the factors to measure PIU. A reliance
on self-assessment to assess PIU was evident, in the next chapter research which used objective

measures to assess PIU and internet behavior is examined.
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Chapter 2. Systematic Literature Review of Research Using
Objective Data to Understand Internet Behavior and Problematic

Internet Use

2.1 Introduction

The Internet has many positive uses, giving access to information, entertainment, and enabling
communication. However, some individuals use the internet problematically. Thus, there is growing
public concern about the health and societal costs of PIU (Fineberg et al., 2018). Consequently,
research is needed to refine the conceptualisation of PIU and further understand its impact (Fineberg

et al., 2018).

Some researchers suggest that measurements of PIU like other behavioral addiction measurements
in psychology, have an over-reliance on self-assessment. For example, Griffoen et al. (2020) found
93.6% of social media studies relied on self-assessment. While Dolinski (2018) observed that only
about 6% of personality and social psychology studies include behavioral measurement. Self-reports
have been used very effectively, in psychological research. Self-assessment tools can be convenient,
inexpensive, easy to use, quick to administer, give direct testimony and can be standardised and
validated (McDonald, 2008). However, there are concerns about the limitations of research which
relies exclusively on self-report (Ryding & Kuss, 2020). Thus, development and evaluation of objective
methods for measuring actual internet behavior are needed. The present review aims to identify and
assess objective measures of internet behavior and smartphone use used in research and their

contribution to research on PIU.

While there is no agreed definition of PIU, for the purpose of this review it is understood as internet
use that is excessive or poorly controlled that leads to difficulties or distress (Weinstein & Lejoyeux,
2010). To assess PIU, it is necessary to measure or identify the consequences of internet overuse that
lead to impairment or distress (Weinstein & Lejoyeux, 2010). Assessment of negative consequences
requires an element of self-assessment. However, complementing self-assessment with more
objective measures could offer support for findings from self-assessment. Objective measures in this
review are understood as robust assessments, which use reliable processes to establish measurement
correctness, processes which are transparent and impersonal (Munroe & Hardie, 2019). Digital traces

of internet activity are impersonal and transparent records of internet behaviors, records which are
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not influenced by prejudice, judgment or delusion (Daston et al., 2007) and as such are objective

measures.

Digital traces of internet activity can generate big data, huge volumes, of a variety of data, at
speed(velocity). Big data generated from digital traces can enable identification of the larger
behavioral patterns in internet use, by identifying the details of actual usage and discovering
meaningful patterns in the data (Fischer et al., 2020). The discovery of meaningful patterns in big data
could enable understanding and prediction of internet behavior. Although there is potential to
understand internet use with digital traces, there are challenges in storage, processing and analysis of
the data (Yaquob et al.,, 2016). Obtaining meaningful information from a big data set requires
methodological and interdisciplinary skills, technical proficiencies to contend with the data as well as
subject matter expertise to interpret the significance of the data in a specific functional domain
(Espinosa et al., 2019). Nevertheless, by combining understanding of internet behavior from data
generated from digital traces, with data collected from surveys or psychological scales, researchers
may link action sequences to traits. Thus, test whether observed behavior and self-report data align

with each other and theory on internet behavior (Fischer et al., 2020).

Collection of data without active data entry by a participant is called unobtrusive, passive monitoring
and enables continuous data collection over longer periods of time (Asselbergs et al., 2016; Bentley
et al., 2019). Unobtrusive passive monitoring describes collection of data from digital traces of internet
accesses on a network (Asselbergs et al., 2016; Fischer et al., 2020). Already, unobtrusive passive
measurement of activity on the internet is frequently used for analysing behavior for security and
network management purposes (Maier et al., 2009; Trevisan et al., 2020). Digital trace data can be
gathered consistently and frequently, with great fidelity and complexity, at a fraction of the effort and
cost required to gather similar data using methods such as observation, surveys or interviews.
Moreover, the exactness and realism of digital traces ensures that generalisability across a population
is maximised (Chang et al., 2014). Research is needed to further understand the potential benefits and
harms of digital technologies (Melo et al., 2020). Passive monitoring of digital traces is one way data
for this research could be collected. Reviews evaluating passive monitoring have identified that real-
time measurement can enable assessment of variables more precisely and in a less intrusive manner

than self-report measures (Bentley et al., 2019; Cornet & Holden, 2018).

A smartphone app installed on a research participants phone can be used to collect objective data on
smartphone or internet use, however this method of gathering data is more obtrusive. An app must

be installed on a participant’s smartphone, the app uses smartphone resources such as battery,
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processing power and storage. This resource usage may affect the participant’s experience on the
phone. The monitoring app may also interact with the participant by requesting permission to access
resources or by looking for other responses. Some apps do Experience Sampling Method (ESM) or
Experience momentary assessment (EMA) which regularly prompts the user for responses to surveys.
ESM/EMA are characterized by (a) gathering survey data in the real-world environments; (b) an
assessment of a participant’s current or recent state or behavior that is delivered in the natural
environment; (c) assessments may be generated when an event occurs or a particular time or may be
random; and (d) may be repeated (Stone & Shiffman, 1994). Using ESM/EMA to gather psychometric
or survey data can offer improvements on a random-measurement approach. ESM/EMA can deliver
near real time self-assessment in the natural environment. Hence, retrospective and heuristic biases
that may distort recollections of experiences and behavior in psychometric tests can be reduced or
minimised however the method still depends on the participant’s accurate and unbiased recall (Trull
et al.,, 2014; Bentley et al.,, 2019). EMA or ESM compliance rates have been found to reduce
significantly in two weeks of data collection (Shiffman et al., 2008), suggesting that when using
ESM/EMA, the response burden may negatively affect the response rates and measurements over
time (Asselbergs et al., 2016). ESM/EMA participants can be confused by and make mistakes in
following monitoring schemes or stop participating because of frustration or burden (Bertz et al.,
2018). Thus, ESM/EMA as a means of data collection has advantages and disadvantages both of which

should be considered when considering EMA/ESM as a research method.

In a less obtrusive method than smartphone apps, objective data sets on internet use can be gathered
from interactions on Facebook, data which can be accessed using the Facebook graph API, The Graph
APl is a primary way to access data in the Facebook platform. It is a HTTP-based Application
Programming Interface (API) that applications can use to programmatically query data from Facebook.
Using the API large volumes of Facebook data from Facebook users, spanning a lengthy duration can
be accessed (Facebook, 2022). Electronic permission must be given by a participant to access their
Facebook data. Once permission is given, a data set on Facebook usage for the participant can be

downloaded using the API.

The present review aims to identify and assess objective measures that have been used in the research
examined, to assess PIU. The usage patterns that objective data can highlight may deliver more
comprehensive information on behavioral patterns on the internet. Therefore, the present paper aims
to (i) identify objective measures used in research to assess PIU, and (ii) summarise the characteristics,

strengths and limitations of objective measures for assessing PIU.

35



Chapter 2

2.2 Methods

The reporting of this systematic review was guided by the standards of the Preferred Reporting Items
for Systematic Review and Meta-Analysis (PRISMA) Statement (Moher et al., 2009). To identify papers
for review, an extensive search was performed using Web of Science databases. These databases were
searched using the following search terms: ("objective measur*" or "actual measur*" or "objective
data" or "actual data" or "passive measur* or “usage behavio*”) AND (smartphone or mobile or
internet or "social media” or “online” or “iphone” or socialmedia) AND (addict* OR compuls* OR
excess* OR problem* OR disord* OR “academic performance”). To focus on current approaches of
collecting objective data research was limited to research published in the last five years. References
of identified articles were examined for additional studies. Studies were included if they were i)
published in English, (ii) published in a peer-reviewed journal, (iii) full text was available (iiii) Published
between December 2016 and April 2021. Papers were excluded if (i) no objective measures of internet
use (ii) did not make reference to problematic internet usage The title and abstract of each study were
screened for potential for inclusion. Full texts of potentially relevant studies were then retrieved and

examined for eligibility. The search strategy is detailed in Figure 2 below.

The search results identified 275 English articles published between 1/01/2016 and 16/10/2021. By
examining the abstract and titles of the articles identified, 20 that were relevant to assessment of PIU
using objective measures were identified. Full text of the articles were then assessed. The full text of
three articles were not available (Paik & Kim, 2019; Nagamori et al.,2019; Masood et al., 2020). Two
articles were excluded as they did not review objective data (Kirchner & Shiffman, 2016; Kaye et al.,
2020). Cross-checking the reference lists of (review) articles with our selection increased the total
number of articles in our review by five, giving a total of 20 studies which were reviewed. See Figure

3 for a schematic overview of the search process.
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Figure 3.
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2.3 Results

An analysis of the different methodologies used to gather objective measurements of internet use
and the methodologies used to investigate internet behavior was done. In the empirical research
examined, there were three methodologies used to collect objective data. The methodologies
identified were accessing historical records on Facebook-usage using the Facebook data API, passive
monitoring of smartphone behavior using smartphone apps, and passive unobtrusive monitoring of

network usage with digital traces.

2.3.1 Facebook API

Facebook offers an API for data access, where data from a verified user’s Facebook account can be
made available for download. Objective data were gathered using the Facebook APl with electronic
permission from research participants. The permissions granted were used to request
programmatically, data from Facebook, on users’ likes and/or status updates, over a period of time.
Of the two studies which accessed Facebook data, one study gathered data on 1094 participants over
12 months (Marengo et al., 2020) and the other gathered data on 5,208 participants over 3 years
(Shakya & Christakis, 2016). The objective data gathered related to a large number of participants,
spanned a long period of time, was accurate, specific and easily interpreted. However the data was

limited to Facebook likes and status updates, there was a programming effort required to interface
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with the Facebook API, only a limited set of users’ Facebook data was accessed (likes and status
updates) and there was a reluctance from participants to give permission to access their Facebook
data. A summary of the empirical research papers reviewed which used Facebook data and the

research findings are presented in Table 6.

2.3.2 Smartphone Application

A smartphone application which was developed to collect data on smartphone activity was deployed
on participants smartphones in 10 studies (Dissing et al., 2019; Kanjo et al., 2017; Kita & Luria, 2018;
Kim et al., 2019; Sela et al., 2020; Lee et al., 2020; Marengo et al., 2021; Robayo-Pinzon et al., 2021;
Wang et al., 2014; Zhou et al., 2016). The number of participants and duration of the studies varied
greatly from 50 participants for five weeks (Kanjo et al., 2017), 85 participants for 14 days (Sela et al.,
2020), 221 participants for four months (Kita & Luria, 2018), 124 participants for one week (Marengo
et al., 2021), 187 for seven days (Lee et al., 2020), 535 participants for three months (Dissing et al.,
2019), 84 participants for 14 weeks (Kim et al., 2019) and 48 participants for 10 weeks (Wang et al.,
2014). Development of a smartphone app if not already available and deployment of the smartphone
app on a participants smartphone, enabled collection of objective data on the phone usage. In some
instances researchers developed or redeveloped the app and in others the researchers re-used an app
previously developed. Development of an app gives great control over the data that is collected
however requires considerable effort. As the app must be deployed on a research participant’s phone,
there is a need to support the participant to ensure there was no difficulties with the app. All of the
apps used for gathering objective data in the research, except for one (Zhou et al., 2016) could only
be deployed on an android phone so potential participants who used an iOs phone or Apple phone
could not participate. In one study research participants who used an iPhone were given an Android
phone to use for the research (Dissing et al., 2020). If a participant was given a second phone in the
research, it raises questions on what they did with their usual phone, one could surmise it was also
used but the data on the usage was not collected. Of the 10 studies which used smartphone apps for
monitoring, six of the studies developed or reconfigured the apps that were to be used for monitoring
(Dissing et al., 2020; Kanjo et al., 2017; Kim et al., 2019; Lee et al., 2020; Wang et al., 2014; Zhou et
al.,, 2016), three studies used previously developed monitoring applications (Kita & Luria, 2018;
Marengo et al., 2021; Robayo-Pinzon et al., 2021) and one study (Sela et al., 2020) did not give any
information on the app that was used. A smartphone app installed for research, uses phone battery,
storage and processing power and this use may become an issue for the participant. Smartphone apps
can be developed to do EMA while gathering objective data on smartphone usage. This capability is

an advantage however the collection of data using EMA may become a burden on the participant and

38



Chapter 2

encourage the participant to remove the app or disengage with the research. The participant was
aware of the app collecting data on their phone, in some cases explicit permission was required to
collect notifications (Kanjo et al., 2017), in others, the app initiated EMA. Awareness of the presence
of the app may have influenced behavior. A summary of the empirical research papers reviewed which

used Smartphone apps to gather objective data and the research findings are presented in Table 7.

2.3.3 Digital Traces

Digital traces of transactions on a computer network were gathered as objective data in five studies.
In the studies which used digital traces, traces of WiFi activity of users on a network, were collected.
The studies collected and analysed, records of all user activity on the WiFi network (Zhou et al., 2016;
Xu et al., 2019; Kotz & Essien, 2005; Camacho et al., 2020; Kesheng et al., 2020). In the studies which
used WiFi digital traces, there were 700 participants with data collection spanning 14 weeks (Zhou et
al., 2016), 4000 users for 80 days (Xu et al., 2019), 2000 users for 11 weeks (Kotz & Essien, 2005),
40,000 users over seven years (Camacho et al., 2020), and 3245 participants over four years (Kesheng
et al., 2020). The number of participants and the duration of the research varied however the length
of the studies and the number of participants was greater than all of the studies that used smartphone
apps to collect objective data. In the studies, digital traces were used to understand student physical
movements on the college campus (Camacho et al., 2020; Kotz & Essien, 2005) or frequency of
connection to the internet (Xu et al., 2019) or times online and volume of traffic (Kesheng et al., 2020)
as well as WiFi activity in a classroom environment (Zhou et al., 2016). Using digital traces on a WiFi
network enables collection of objective data on all user internet activity on the WiFi. However,
collection and processing of digital traces require management of the huge volumes of data that were
generated, as well as cleaning and processing of the data. Two studies which collected digital traces,
also used objective data from student records and these studies were able to consider an individual
student’s WiFi usage in conjunction with the information on that student’s record (Kesheng et al.,
2020; Xu et al., 2019). A summary of the empirical research papers reviewed that used digital traces

and the research findings are presented in Table 8.
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Overview of Quantitative Research Papers Reviewed which Used Facebook API to Collect Objective Data

Authors

Participants

Psychometric Tests

Aims

Objective measure and Methodology

Findings

Marengo, 2020

Shakya
Christakis, 2016

&

1094
recruited

Facebook
online,

users
72%
females, aged 18-35.
Duration : 1 year

5,208 subjects nationally

representative Gallup
Panel Social  Network
Study.

Duration : 3 years

Subset of participants in
each year gave permission
for access to facebook
data.

Italian Bergen Social Media
Addiction Scale (Monacis et al.,
2016)

Revised version of Ten Item
Personality Inventory (Chiorri et

al., 2015)

Non-standard measures of health
and wellbeing; real world social
network

measures; facebook

measures and control variables.

Testing the mediating role of online activity
using objective data on the the interplay
and

between neuroticism,

media addiction

extraversion,
social in young adult

Facebook users:

Determine if Facebook Use is associated with
Compromised Well-Being: A Longitudinal
Study

The Facebook APl was used to request data
on participants posts for the 12 months prior,
self-assessed data on personality
characteristics was also collected from the
same participants

Data was analysed using Multiple linear
Regression

The Facebook APl was used to request data
on participants likes and status updates for
previous 3 years , this data was combined
with data from the same participants data
from the Gallup Panel Social Network survey,
Data analysed using linear Regression and
multiple linear regression

Neuroticism is related to social media addiction. .
Neuroticism and Extraversion linked with higher
use of Facebook. Link between extraverts positive
likes, and resultant increase in usage.

Facebook use negatively linked with wellbeing and
future diminished wellbeing, a standard-deviation
increase in “likes clicked”, “links clicked”, or
“status updates” was related to a decrease of 5%—
8% of a standard deviation in self-reported mental
health. The negative links between Facebook use
and mental health were comparable to or greater
than the positive impact of offline interactions.
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Overview of Quantitative Research Papers Reviewed which Used a Smartphone App to Collect Objective Data

Authors Participants Psychometric Test Aims App Used / Objective measure of behavior Findings

Dissing et al., Copenhagen Network  The data was derived from the To examine high perceived stress and social  Participants received android phone with  High perceived stress individuals were more

2019 Study, 535 first-year Copenhagen Network Study interaction among students, based on customised tracking app installed after likely to have a bigger call and text network and
students (mean age 21.3, (Stopczynski et al., 2014) objective measures of face-to-face and completing self-reported on perceived stress, have more calls and texts compared to
77% male) smartphone interactions they were subsequently followed for three individuals with low perceived stress. Stressed

Duration 3 months

Kanjo et al., 2017 34
selected from email to
Nottingham Trent and

users randomly

University of Kent email
lists

Kim et al., 2019 84 students

Duration 14 weeks

Positive and Negative Affect
Schedule (PANAS) (Watson et al.,
1988)

we collected self-reports about
the perceived difficulty
every week and organizational
efficiency of lectures
month.

SAS (Smartphone Addiction Scale)
score (Kwon et al., 2013).

levels

in each

To Determine if interaction with Smart Phone
Notifications are Affective Sensors to indicate
mood/emotion

Understanding smartphone usage in college
classrooms:

months  with continuous Bluetooth
recordings of face-to-face interactions and
smartphone interactions (calls and texts)
measuring the network size, frequency, and
duration of interactions.

Logistic regression used for data analysis
Smartphone app NotiMind installed on
participants phones.

Explicit permission for, notification access
required for Notimind

Instruction manual to support participants,
email address for help

Smartphone app monitored notifications
over a five-week period and requested

EMA response to PANAS 3 times a day
Supervised Machine learning on notification
features which were strongly correlated to
PANAS scores (label)

Researcher developed Smartphone app for
smartphone usage and sensor data collection
installed on participants smartpnone, and a
web-based portal for survey data collection.
Android only. EMA three times per week on
class evaluation — once per month course
evaluation, As well as psychometric tests at
end of period

Web portal for ema survey data collection.

students have more smartphone interaction
perhaps in seeking social support or it may be
that more smartphone interaction is stressful.

Large numbers of smartphone notifications
were linked to an increase in negative affect.
There is potential to predict experience of
positive, neutral or negative affective states
based on interactions with notifications.

Students used their phones for over 25% of the
class duration. Phone usage was evident
throughout the class, and phone distractions
happened every 3 or 4 minutes and lasted for
over a minute. Students under estimated their
in class usage of smartphones. Predictors of in-
class usage were daily usage, class size, and
lecture organization. Phone usage patterns
were negatively linked with student grades.
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Kita & Luria, 2018

Lee et al., 2020

Marengo et al.,
2021

Robayo-Pinzon
et al.,, 2021

221 young drivers (64.7%
male) aged 17-22 years

A total of 187 participants
were recruited in Hong
Kong, (mean age 19.4,
71.7% female) between
2017 and 2018.

Duration — 7 days

Participants  paid  for
participation
124 adult smartphone

users (females , 62.9%;
age: mean 23.84 years, SD
829 years) recruited at
German university
campus. Paid for
participation.

Duration — 1 week

20 students from, a private
university in
(thirteen women, average

Colombia

age = 212 years, range =
19-26).
Duration — 4 weeks

Chapter 2

International Personality Item
Pool scale (“International
Personality Item Pool,” 2006)

Smartphone  Addiction

questionnaire (Kwonet al., 2013)

Scale

Non standard questionnaire on
smartphone usage habits

Smartphone  addiction  scale
German version (Kwon et al.,

2013)

Spanish version of the
Smartphone Addiction Inventory

(SPAI) (Simo-Sanz et al., 2018)

Identify the role of smartphone addiction on
the relationship between personality and
young drivers’ smartphone use while driving

Validation of Self-Reported Smartphone
Usage Objectively-Measured
Smartphone Usage

Against

Exploring the Associations Between Self-
reported Tendencies Toward Smartphone
Use Disorder and Objective Recordings of
Smartphone, Instant Messaging, and Social
Networking

Does excessive use of smartphones and apps
make us more impulsive? An approach from
behavioral economics

App installed on smartphone which measures
the number of times drivers touch their
smartphones. The app was developed
previously (Albert & Lotan, 2018) and
configured for use in this research.
Participants paid to participate (55USD)

Data analysed using multiple linear regression

A smartphone usage tracking app was
installed on all participants’ smartphone.
Android only app developed by researchers
which tracked opening and closing of apps on
the phone.

Spearman correlations and mean differences
used for data analyses

Installed smartphone app (Insights, 2022) app

on participants  smartphone.  Guided
installation in lab. Android only app.
Smartphone and social network usage

monitoring app over 1 week. Participants also
filled in a self-report measure for assessing
the multiple components of tendencies
toward Smartphone Usage Disorder (SmUD)
Response to Smartphone addiction scale —
one month from start of study

Data analysed using Pearson correlations and
Multiple linear regression.

StayFree® app (available for Android
operating systems on the Google Play Store
platform) was installed to gather an objective
measurement of the time of
smartphones. A

usage

computer-based
intertemporal choice task in lab environment.
Data analysis using logistic regression

Participants interacted with their smartphones
on average 1.71 times per minute while driving.
Smartphone use while driving was negatively
linked to openness to experience and also with
extraversion and neuroticism, there was a
mediating effect of smartphone addiction on
the link between neuroticism and smartphone
use while driving.

Differences between self-report and actual
usage of apps except for on gaming apps

Frequency of smartphone use and use of
messaging apps had links with at least 1 element
of smartphone usage disorder. The cyberspace-
exhibited the strongest
relationships. Actual smartphone usage was
indirectly linked to problematic use by the

oriented factor

frequency of the use of image-based social
networking apps.

Time spent on smartphones and apps did not
predict a consumer’'s impulsive choice, a
correlation exists between usage time of
smartphones and WhatsApp and Facebook apps
and users’ dependence level on the device.
Dependence on a smartphone had a positive
link with the selection of an impulsive choice.
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Sela et al., 2020

Wang et al.,

2014

Zhou et al.,, 2016

85 participants (aged 12—
16, 59% male), 85 parent
participants one for each
adolescent (aged 33-52,
43% male)

Duration — 14 days

48 students
Duration - 10 week

700 students
9 weeks

Chapter 2

Family Environment Scale (FES)
(Moos & Moos, 1994)

Beck Depression Inventory (BDI)
(Beck, 1967)

FOMO scale ( Przybylski et al.,
2013)

Generalized Problematic Internet
Use Scale 2 (GPIUS 2) (Caplan,
2010).

Patient Health Questionnaire
(PHQ-9) (Kroenke et al., 2001)
Perceived Stress Scale level
(PSS)(Cohen et al., 1983)
Flourishing Scale

UCLA Loneliness Scale

NONE

Family environment and problematicinternet
use among adolescents: The mediating roles
of depression and Fear of Missing Out

Assess Mental Health, Academic Performance
and Behavioral Trends of College Students
Using Smartphones

EDUM: classroom education measurements
via large-scale WiFi networks

Smartphone App installed on participants’
smartphones. Informationg gathered on
average time on online activity per day;
average time on online activity during the day
(8AM - 22PM); average time on online activity
at night (22PM - 8AM); average time per day
on: online games, social network sites,
YouTube, shopping sites, gambling sites,
pornography sites, and other content.

No information on smartphone app except it
created a log data of time online.

Data analysed with Pearson correlations,
hierarchical linear regression, structural
equation modeling

StudentLife Smartphone App installed on
participants’ smartphones.

Students are trained on how to use the app
and respond to EMA.

Students do not need to interact with the
background sensing or upload functions. They
are shown how to respond to the

Mobile EMA system. 3-13 EMA questions per
day dependent on schedule for student.
TUNet researcher developed Android and iOS
mobile app and TUNow Android only, WiFi
traces oand details of 700 mobile participants
smartphone activity was
university WLAN to understand if students
attended lectures, were on time and used
their phone during a lecture.

tracked on

Results suggest that low family expressiveness
and PIU and time spent online are mediated by
depression and FOMO. .

Links identified between mental health and
educational outcomes and the sensor data
gathered from the smartphone .

Attendance and punctuality suggest
Wednesday is the most hard-working day. Class
attendance and lateness are highest early in the
day, and drop as the day progresses. As students
number of years in college increases attendance
reduces and punctuality decreases. More night
activity for 2" and 4™ year students than 1st
and 3rd year. On average students with higher
GPA attend classess more and are not punctual
compared to lower GPA students. Students are
more distracted as the day progresses. Device
usage is highest at the beginning of a lecture,
reduces, then increases again.
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Overview of Quantitative Research Papers Reviewed which Used Digital Traces to Collect Objective Data

Authors Participant Information Psychometric Tests Aims App Used / Objective measure of behavior Findings

Camacho, et Digital trace of 40,000 NONE Longitudinal analysis of a campus WiFi ~ WiFi trace of network processed into The number of user sessions has increased 10-

al., 2020 authenticated users, and network connection sessions fold but more consistent in last 5 years. The
600,000 distinct WiFi number of active sessions shows a daily, weekly

Kesheng et al.,
2020

Kotz & Essien,
2005

Xu et al., 2019

stations - 7TB of raw data
Duration 7 years

3245 student
23.843
access data in four years.

million  Internet

1706 campus users
Duration 11 weeks

4000 college students.
One semester

NONE

NONE

NONE

Data Mining and Feature Analysis of
College Students' Network

Behavior

Campus

Analysis of a Campus-Wide Wireless
Network

Prediction of academic performance
associated with internet usage behaviors
using machine learning algorithms

Online date, offline date, online time, offline
time, inbound traffic, outbound traffic, total
traffic of campus network usage data
Analysis using Clustering and PCA

A trace of WiFi network activity in a university

A set of features, including online duration,
Internet traffic volume, and connection
frequency, from the real Internet usage data
of

Machine learning algorithms used to predict
academic performance from these features.
Data from student records which could be
linked to WiFi activity.

and yearly patterns. Average of 25 daily sessions
per user and 12 daily sessions per device,
although distribution of sessions is uneven.
Mobile sessions have doubled possibly as a
result of the emergence of smartphones, and
laptops in 2004 had no network activity when
closed.

Four groups of
characteristics of Internet access, 350 students
of the total with large network usage. Academic
and other aspects of performance of these
students are affected. In class usage of
smartphone negatively correlated with grades
Traffic  predominantly  from  residents,
connections from laptops, a lot of web traffic,
network backup and file sharing.
frequency

students with different

Internet  connection variables
positively linked with academic performance,
Internet traffic volume variables negatively
related to academic performance. As the
number of features prediction
accuracy is generally improved in the methods.
The results show that Internet usage data are
capable of differentiating and predicting

student's academic performance.

increase,
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Zhou
2016

et

al.,

700 students
9 weeks

NONE

EDUM: classroom education

measurements
networks

via

large-scale  WiFi

TUNet researcher developed Android and iOS
mobile app and TUNow Android only, WiFi
traces and details of participants smartphone
activity was tracked on university WLAN to
understand if students attended lectures,
were on time and used their phone during a
lecture.

Attendance and punctuality suggest
Wednesday is the most hard-working day. Class
attendance and lateness are highest early in the
day, and drop as the day progresses. As students
number of years in college increases attendance
reduces and punctuality decreases. More night
activity for 2" and 4t year students than 1st
and 3rd year. On average students with higher
GPA attend classess more and are not punctual
compared to lower GPA students. Students are
more distracted as the day progresses. Device
usage is highest at the beginning of a lecture,
reduces, then increases again.
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Four systematic reviews of research that used objective measures to identify PIU were also examined
in this review. Ryding & Kuss (2020) concluded from their examination of research on objective
measures used to assess problematic smartphone use, that psychometric tests cannot capture
comprehensively unconscious smartphone behaviors or some dynamic and naturally occurring
behaviors associated with smartphone use. Research has also found that objective data can enable
identification of usage patterns which are ecologically valid in a short time frame (Ryding & Kuss,
2020). Parry et al. (2020) in their systematic review of research that measured digital media use from
logged data and self-reported methods found that self-reports of time on the internet rarely
accurately reflected logged digital media use. Logged digital media use were records of activities
categorised as either ‘phone’, ‘gaming’, ‘social media’, ‘computer’, or ‘Internet’ use. The choice of
categorisation in Parry et al.’s (2020) research was based on the source of the logged data. In instances
in which overlap needed to be considered (e. g., social media on a phone), the most specific medium
known was used as the categorisation (Parry et al., 2020). Kaye et al. (2020) reviewed research that
measured screen-time and found that there are conceptual difficulties with assessing screen time.
Dienlin and Johannes (2020) in their review of research on the impact of digital technology on
adolescents’ wellbeing found that in research with large-scale samples, objective measures of digital
technology use, and experience sampling of wellbeing are lacking. Dienlin and Johannes (2020)
suggest research was needed to address the limitations of research based exclusively on self-report
data. While Facebook API or a smartphone app or digital traces generate data that are objective
measures however these data do not reflect the users’ assessment of their behavior, hence are not

sufficient alone to assess PIU.

There were 10 empirical research papers examined see Table 6 and Table 7 which used psychometric
tests and surveys. Psychometric tests were used to assess level of problematic social media use and
social networking (Marengo et al.,, 2020; Shakya & Christakis, 2016), FOMO and generalised
problematic internet use (Sela et al., 2020), smartphone problematic use (Kita & Luria, 2018; Kim et
al., 2019; Marengo et al., 2021; Lee et al., 2020). Psychometric tests were also used in the research to
understand, extraversion, neuroticism and/or personality (Kita & Luria, 2018; Marengo et al., 2020),
family environment, depression, (Sela et al., 2020), perceived stress (Dissing et al., 2019) and impulsive

choice (Robayo-Pinzon et al., 2021) and feelings and emotions (Kanjo et al., 2017).

Subjective data were collected in eight of the studies using surveys (Dissing et al., 2019; Kita & Luria,
2018; Lee et al., 2020; Marengo et al., 2020, 2021; Robayo-Pinzon et al., 2021; Sela et al., 2020; Shakya
& Christakis, 2016) and three studies used EMA (Kanjo et al., 2017; Kim et al., 2019; Wang et al., 2014).

Of the three studies which used EMA, the type and frequency of EMA requests varied. One used EMA
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to collect psychometric data on feelings and emotions, three times per day (Kanjo et al., 2017). EMA
was used in another study, where the number of questions varied from three to 13 questions per day.
The variance depended on the student schedule for example if the student has assignment deadlines,
multiple stress EMA were scheduled. In another study a photographic affect meter was used to
capture student’s mood, pop up questions were asked to measure depression, perceived stress,
flourishing (i. e., self-perceived success) and loneliness (Wang et al., 2014). Using EMA in other
research, participants were asked four questions, 3 times each week, on how they assessed their
experience in a class (Kim et al., 2019). Each week the students were asked to rank each course’s
difficulty, interest, and workload on a 5-point Likert scale and if there was a quiz or exam on a binary
scale. Each student ranked the course each month based on the university's three-item course
evaluation questionnaire using a 5-point Likert scale, this evaluation related to organization of a class,
instructor's delivery effectiveness, and the class's helpfulness for learning (Kim et al., 2019). A third
study which used EMA requested the participant to respond to a psychometric test on feelings and

emotions, three times each day (Kanjo et al., 2017).

2.4 Discussion

The present review aimed to identify and assess objective measures that have been used in the
research examined to assess PIU. Three different methods for collecting objective data were identified
and evaluated. The methods were using Facebook API, using a smartphone app and using digital
network traces. The characteristics of each method were examined, and the advantages and
disadvantages of each method were assessed. Although each of the methods had different
characteristics, strengths and limitations, using Facebook API, using a smartphone app and using
digital network traces to gather data on internet use were all reliable processes for establishing an
accurate measure of interactions on the internet. Each method had a process that was transparent
and impersonal (Munroe & Hardie, 2019), thus, each gathered objective data. Using digital traces,
using Facebook API, using a smartphone app and using digital network traces to gather data on
internet use enabled an objective picture of actual behavior on the internet or on a smartphone to be

developed.

Network digital traces of internet behavior offer potential to identify larger behavioral patterns in
internet use by enabling collection of huge volumes of data with exact details of actual usage (Fischer
et al., 2020). However, research which used digital traces that were examined in this study focused on
measurements of users behavior, such as traffic volume and connection frequency (Kesheng et al.,

2020, Xu et al., 2019), movement on campus (Camacho et al., 2020), number of internet accesses, file
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sharing and the type of device (Kotz & Essien, 2005). Collection of digital traces could enable
identification of a full suite of behaviors that a user engages in on the internet and could assess
unconscious behaviors, or naturally occurring changes in behaviors (Bentley et al., 2019; Ellis, Kaye, et
al., 2018) and thus could address some of the concerns that have been highlighted on limitations on
the range of behaviors examined when measuring PIU using self-assessment only. However, this was
not done comprehensively in the research which used digital traces that were examined in this study.
The studies which used smartphone apps and the Facebook API also focused on measuring a limited
set of user behavior, Facebook likes, Facebook status updates, how often a phone was used or time
spent on calls, messaging or texts or the number of notifications received on the phone see Table 6
and Table 7. So while gathering objective data may offer potential to develop a very detailed picture
of internet behavior using objective data, the potential was not exploited fully in any of the research

examined.

If PIU is to be understood as internet use that is excessive or poorly controlled and leads to impairment
or distress (Weinstein & Lejoyeux, 2010), self-assessment is necessary to understand adverse
consequences of problematic internet behavior. There was no assessment of the impact of internet
behavior in the studies that used digital traces (see Table 8). Without assessment of the impact of
internet use these studies could not assess PIU. However, two of the studies found correlations
between internet behavior and academic performance, as indicated by student results (Kesheng et
al., 2020; Xu et al., 2019). All of the Facebook studies (see Table 6) and eight of the 10 Smartphone
studies (see Table 7) measured the impact of internet use using psychometric tests and thus were able
to make inferences on PIU, rather than just report patterns of internet behavior. Three of the
Smartphone studies (Kanjo et al., 2017; Kim et al., 2019; Wang et al., 2014) used EMA. The use of EMA
ensured that the self-assessment by the participants was performed in a natural environment with
limited retrospective and heuristic biases, which may distort recollections of experiences (Trull et al.,
2014; Bentley et al., 2019). However, the self-report EMA or ESM still predominantly relied on explicit
respondent input and the three studies reported that the compliance rates eroded as the study
progressed. Kanjo et al. (2017) found some participants stopped responding to the questionnaires
after a few days and some did not respond at all. Similar participant attrition has been reported in
previous research (Bertz et al., 2018; Shiffman et al., 2008). The research examined, which quantified
users’ experience with technology, as well as quantifying a subset of actual internet behaviors,
addressed concerns on inaccuracy of exclusively using self-report to measure technology use
behaviors which are intertwined with daily life (Ellis, 2019). Findings from research which includes

objective measures on internet use may be more robust to criticism.
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When considering the different methods to collect objective data on PIU each method should be
considered on its merits in order to identify the most appropriate method for a study. Digital traces
enabled collection of the most comprehensive set of user data, with the highest number of
participants for the longest time period, addressing concern on limited size of data sets to measure
behavior (Ellis, 2019). However, digital traces were not able to explain a user’s assessment of their
internet behavior and/or the consequences of the behavior and managing and interpreting the large
volume of data generated by digital traces was complex. A smartphone application used to monitor
internet use on a phone, offers great control of the data generated and potential for direct interaction
with the participant, however a smartphone application may require development effort,
participation could be restricted by the operating system of the phone, participant support may be
required for the app, awareness by the participant of the installed app could impact behavior and a
potential negative impact of the app on the phone’s resources could encourage participants to
disengage. Using the Facebook APl offers access to huge volumes of data however Facebook is a single
social media application so the data gathered is on Facebook use and does not give an overview of
general use. Interfacing with the Facebook API requires programming effort and there is a reluctance
by participants to give direct access to their Facebook data. Each methodology assessed captured
objective data on internet or smartphone behavior however none of the methodologies collected all
behavior, the Facebook APl is limited to data on Facebook, the smartphone app is limited to specific
data on a single device and the digital traces of WiFi behavior do not encompass all of a user’s internet
behavior, other user behavior accessing the internet, for example using a telecom provider, is not

captured.

2.5 Conclusion

Objective data are not susceptible to self-serving bias and systematic patterns of misreporting of
internet use as can potentially happen in psychometric assessment (Busch & McCarthy, 2021; Ryding
& Kuss, 2020). Thus, more reliable research conclusions could result from assessment of actual
behavior and complementing evidence from self-reports. Objective data sets may offer a more
comprehensive view of internet or smartphone behavior, potentially gathering a more comprehensive
set of data from a greater number of participants for a longer duration. Digital traces as an objective
measure of internet use can offer a complete picture of actual internet activity only if evaluated in
depth which is complex and requires expertise in big data management and data mining. Smartphone
apps offer great control over the data that is collected and potential to capture a comprehensive data

set however this method has disadvantages relating to cost of development, support and impact on
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the user. Facebook offers potential to collect large datasets but from a single social media application
and requires explicit permission from users and some development effort. Objective data can be used
to identify patterns of internet behavior that relate to PIU identified in psychometric tests. The choice
of the method to gather objective data on internet use in a study should be determined by the aims
of the study and the advantages and disadvantages of each approach. Internet use or smartphone
usage patterns deduced from objective data are unbiased and verifiable and hence are more robust
to criticism. Research can use objective data to complement data generated from self-assessment.
Having reviewed research which uses objective data to understand internet behavior in this chapter
and research on student PIU, FOMO, wellbeing and loneliness in the previous chapter, the next
chapter evaluates the research approach to research methodologies and methods used in the

empirical studies in this thesis.
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Chapter 3. Methods and Methodology

3.1 Introduction

The research methodologies and methods used in this thesis are evaluated in this chapter. Firstly by
outlining the philosophical and conceptual framework that informed the research and then identifying
how ontological and epistemological issues were addressed in the specific methodological strategies
used. The goal of this research was to further understand problematic internet use by developing
objective methods to approximate use of the internet and its impact on wellbeing. Positivist and
interpretivist ontologies were considered for the research. Positivist research relies on empirical or
scientific evidence, while interpretivist relies on subjective knowledge (Armstrong, 2013). This
research measures in quantitative terms internet behavior and wellbeing factors thus a positivist
ontological approach was taken, quantitative methods were used to measure the reality of actual
internet use and participants’ psychological factors (Tuli, 2011). A positivist epistemological
framework explains how confidence in findings in this research was rationally constrained by the
evidence (Steup, 2021). The framework is used to explain how findings can be justified, using the
evidence from the research (Pring, 2012). There are different scientific methods within the positivist
approach, deductive research draws on existing theory to create hypotheses which can be tested,
inductive reasoning moves from particular observations to create more generalizable theory to
explain what is and abductive reasoning suggests what may be (Behfar & Okhuysen, 2018; Pierce,
1903/1997, Shani et al., 2020). Hypothesis to be tested in this research were developed based on
existing theory in a deductive technique. Thus, this research can be described as quantitative
deductive, testing a hypothesis developed from existing theory and using measured data, to

conclusively either prove or otherwise the hypotheses (Greenhalgh & Taylor, 1997).

1.1.1 Epistemological approach

The epistemology approach explains the assumptions made in the research about what constitutes
valid knowledge and how it is obtained (Richards, 2003), thus defining what constitutes evidence in

the research and the constraints of the research.

Some research suggests a nuanced epistemological approach is required to manage big data
innovations and exploit their potential in a social science research project (Kitchin, 2014). An empiricist
view of big data suggests knowledge is based on experience thus analytical tools that identify patterns

in the data will enable the data to speak free of theory and enable insightful knowledge on complex
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phenomena (Kitchin, 2014). Empiricists expect the analysis of big data, will enable prediction of future
behavior based on the pattern of previous behavior. There are weaknesses in the empiricist approach
as big data cannot capture a complete picture of a domain. Analysis of data is always influenced by
the analyser and there is difficulty interpreting meaning from analysis without domain specific
knowledge. It is one thing to identify patterns in the data, however, it requires contextual knowledge
and theory to explain them. Data provides a limited understanding of human life and needs to be
interpreted (Kitchin, 2014). A hypothesis was identified, information was gathered and quantified,
then analysis was performed with statistical methods to test the hypothesis in the three quantitative
studies. This chapter provides a detailed account of the specific research methods employed,
guestionnaire content, passive monitoring and data analysis techniques. To ensure data were valid
and interpreted correctly an interdisciplinary team worked on the study, with input from computer
scientists with expertise in big data and analytics and input from psychologists with expertise in
interpretation of human behavior. More data do not necessarily generate more knowledge (Babbage
et al.,, 1864) thus, interdisciplinary collaboration in the interpretation was more likely to yield

productive results.

The focus of this chapter is to explain the methodologies used to gather data which would quantify
the reality of actual internet use and the methodologies used to assess the research participants’
report of their internet use, wellbeing, loneliness and FOMO. There were two methods of gathering
data in the research design, unobtrusive passive measurement of behavior on the university Wi-Fi and
survey of the university student body. Data on users’ actual behavior on the university Wi-Fi in were
gathered using unobtrusive passive monitoring. Data on student’s self-assessment of their internet
behavior and its impact were obtained via a questionnaire survey method. Results were considered

within the I-PACE framework (Brand et al., 2019).

This research aims to further understand behavioral patterns on the internet, problematic internet
use and the effect of PIU on student wellbeing, loneliness and FOMO. The research questions and
research objectives from each of the three quantitative studies are detailed in the studies in chapters

five, six and seven however they are summarised below.
3.1.1 Study1l

e To what extent do the patterns of actual behavior identified on a university Wi-Fi over an
academic year suggest it is used for education?

e To what extent do users of a university Wi-Fi spend their time on distraction or educational
activities?
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3.1.2 Study?2

e Hypothesis 1: The relationships between the PIU subtypes, wellbeing, loneliness and FOMO
differ for males and females.

e Hypothesis 2: Men in comparison to women have a higher level of generalised PIU.

e Hypothesis 3: Women in comparison to men have a higher level of problematic smartphone
usage and problematic social media usage.

e Hypothesis 4: Decreased student wellbeing is explained by the interaction between loneliness
and general PIU.

e Hypothesis 5: Student loneliness is explained by the interaction between general PIU,
problematic smartphone use, and problematic social media use.

e Hypothesis 6: Student FOMO is explained by the interaction between general PIU and

problematic smartphone use.

3.1.3 Study3

e Are there groups of users whose behavior pattern of internet usage on a university WiFi
distinguishes them from each other?
e To what extent does the pattern of user WiFi behavior enable prediction of education-related

WiFi-activity at university?

3.2 Methodologies

The methodology is the plan or strategy lying behind the choice of methods to achieve the desired
outcomes (Crotty, 1998) and answer the research questions. The methodologies chosen in this
research reflect the perspective of the researchers (Hathcoat et al., 2018). The ontological approach
in the studies developed from the lead researcher’s 10 years of experience as a computer science
lecturer and 10 years of experience as a telecommunications engineer and the supervision team’s
psychologists’ experience in psychological research and computer scientist’s research in computer
science research as well as the supervision team’s previous experience in interdisciplinary research.
The research team recognised that there was potential to greater understand student internet
behavior and the impact of the behavior on their wellbeing from digital traces of internet activity on
a university network and responses to psychometric tests from the same student body. The
ontological approach is realist, as both the digital traces and the research participants’ assessment of
the consequences of their internet use and wellbeing, loneliness and FOMO are seen to exist without
the researchers’ interpretation (Hood, 2013). An interdisciplinary team worked on the research
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studies, a team which included computer scientists with expertise in big data and analytics and
psychologists with expertise in research and theory on problematic internet use and interpreting

human behavior.

3.2.1 Study1l

In the first study the research team used digital traces from a university WiFi, gathered over an
academic year, to identify patterns in the usage of the WiFi. Monitoring digital traces of internet
behavior on a network has potential to provide objective knowledge of internet behavior. The digital
traces enabled identification of the larger behavioral patterns in internet use by observing the details
of actual usage (Fischer et al, 2020). The discovery of meaningful patterns in big data can enable
understanding of behavior. Unobtrusive passive objective monitoring, used in this study, is the
collection of data, without active data entry by the participant, allowing for continuous data collection
over longer periods of time (Asselbergs et al., 2016; Bentley et al., 2019). Digital traces as objective
data can be gathered consistently and frequently with great accuracy at a fraction of the effort and
cost of other data collection methods such as surveys. Moreover, the exactness of and realism of data
generated by digital traces ensures that generalisability across the population is maximised (Chang et
al., 2014). Extracting meaningful information from the large data set required interdisciplinary skills,
technical skills to manage the data as well as expertise in cyberpsychology to interpret the meaning
of internet behavior (Espinosa et al., 2019; Yaquob et al., 2016). Objective passive monitoring can
enable assessment of variables more precisely and in a less intrusive manner then self-report
measures (Bentley et al., 2019; Cornet & Holden, 2018). Although there was little psychological
research which used network digital traces to investigate internet behavior, techniques used with
digital traces in network management were used in this research and hypothesis on behavior were
guided by existing research findings on student internet use. Data from digital traces cannot enable
assessment of how the internet users felt about their internet behavior or how they assessed its
impact. This weakness in the first study was addressed in the second study, where users of the same
network, where the digital traces were gathered, assessed their internet use and wellbeing in an

electronic survey conducted in the academic year the digital data was gathered.

Study 1 used big data gathered from digital traces on a university to test hypothesis on internet
behavior in a deductive method. The data gathered could be described as big data as it had the
required characteristics of high volume, velocity, and variety. The study, by combining behavioral data
with data from surveys or psychological scales, enabled the researchers to link action sequences to

traits. Analysis was done to understand internet behavior and further investigation determined if the
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observed behavior aligned with the self-report data. Both behavioral data and self-report data were

used to test the hypothesis (Fischer et al, 2020).

Previous research analysing actual user behavior on the internet have been constrained by the
number of participants (<200) or depended on an application on the phone (Jayarajah et al., 2015;
Wang et al., 2014). Or used psychometric assessment, which measures experiences with internet use
as opposed to assessing actual behavior (Ellis et al., 2019). Spatial-temporal research into internet use
is needed to understand how the the potential benefits and harms of internet use are balanced in
education (Melo et al., 2020). This study used digital traces to enable analysis of the full suite of user

activities of all users of a university WiFi network over time.

3.2.2 Study?2

In the second study, data was gathered from an electronic survey which included psychometric tests
to evaluate self-assessment of internet use and wellbeing. The survey data was used to understand
how students assessed their internet behavior and its impact on their wellbeing. While self-reports do
not suffice for a determination of diagnosis, the results from psychometric tests can be a useful
indicator of the construct being measured (Nunnally, 2021). The Digital traces gathered in the first and
third study identified patterns of internet behavior, however self-assessment data was needed to
understand the impact of that behavior. The second study provided this information with data

gathered from the users of the network, on how they assessed their internet use and wellbeing.

The second study using psychometric tests and other self-assessment data used a deductive method
in the research. From the results of the students’ self-assessment of the sub-types of PIU (problematic
internet use, problematic smartphone use, problematic social media use, problematic gaming, and
problematic pornography consumption) and wellbeing, loneliness and FOMO, a partial correlation
network was created to understand the relationships between the subtypes of PIU in developing and
maintaining PIU and its relationship to wellbeing, FOMO and loneliness. The results were examined,

in a deductive process, to see if the findings supported the theory in the hypothesis.

In the second study, the power of data analytics in a partial correlation network, was used to gain
understanding of the relationships between the subtypes of PIU, general problematic internet use,
problematic smartphone use, problematic social media use, problematic internet gaming, and
problematic internet pornography consumption and wellbeing, FOMO and loneliness. A partial
correlation network highlighted the unique bivariate relationships between the PIU subtypes and the
correlates, after partialling out all other effects in the network. To further understand the shared

contribution of the PIU subtypes and correlates on a dependent variable, the relationships in the
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partial correlation network were analysed using variation partitioning (VP). In particular the
relationships between PIU subtypes and correlates with wellbeing, loneliness and FOMO were
considered. The findings were interpreted using the I-PACE model in a deductive process to determine

if the model was supported (Brand et al., 2019).

3.2.3 Study3

In the third empirical study, the research team used the digital traces gathered from a university WiFi
over an academic year, in the first study (O’Brien et al., 2022). All of the benefits and challenges of
gathering and using objective data to assess internet behavior described for Study 1, are relevant for
this study also. Using objective data from digital signatures, enables data to be gathered consistently
and accurately on the full suite of user internet behavior at low cost however the big data can be

difficult to process, manage and interpret.

Study 3, like study 1 used big data gathered from digital traces on a university to test hypothesis on
internet behavior in a deductive method. The data gathered in study 1 which was used in this study
had characteristics of high volume, velocity, and variety and as such could be described as big data.
Using big data generated from digital traces in this study had advantages, as it was not constrained by
a limited number of participants (<200) nor did it depend on a tracking application on the phone
(Jayarajah et al., 2015; Wang et al., 2014). The data for this study was objective data and could be
used to assess actual behavior, other research using psychometric assessment quantifies experiences
with internet technology (Ellis et al., 2019). This spatial-temporal research into internet behavior used
supervised and unsupervised machine learning to identify patterns in the internet behavior and to

understand the characteristics of internet behavior.

3.3 Research Methods

In this section, brief descriptions of each study will be presented as well as a detailed description of
the methods used in each study to gather data, process and analyse data. Where the study was
published in a peer-reviewed journal, the details of the method will be included in the chapter for the

empirical study as published and a summary of the method is included here.

3.3.1 Study1

This study is an analysis of internet activities on Munster Technology University Wi-Fi in 2018/2019
with data from more than two and a half million user sessions over an academic year. A User Session

describes each user’s activity when logged on to the WiFi. It is a one-dimensional vector with nine
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numeric values representing the number of flows in each classification (O’Brien et al., 2022). The
classifications are advertising, streaming, education, gaming, search, shopping, social media and
other. Principal Component Analysis (PCA) was performed to identify the most important dimensions

of the users’ behavior.

In study 1 details of the actual internet behavior of users on the university WiFi was gathered using
the method for gathering digital traces explained in detail in chapter 4 section 2. The data gathered
was analysed using principal component analysis (PCA). PCA reduced the dimesions of the data and
identified the variables/factors of importance in the data (Jolliffe, 2002). The appropriateness of
applying PCA was verified by reviewing the correlations of the features in the dataset using a Bartlett's
test of sphericity, this ensured that the correlation matrix was not the identity matrix. The p-value

calculated was <0.1, thus PCA was appropriate.

Data were scaled using standardisation, prior to PCA to ensure the high-variance variables would not
dominate the first few principal components (Jolliffe, 1990). The standardised data had a mean of 0

and range between 1 and —1 and was calculated using the formula
z=(x—p/o

Outliers were removed after standardisation. Data in a user session were considered to be an outlier
if the number of flows in a classification was more than three standard deviations (o) from the mean
(1). The number of user sessions removed as outliers for the year was 128,422; PCA does not require
the data in the features to have a normal distribution (Jolliffe & Cadima, 2016). Therefore, although
the data were skewed after standardising and after outliers were removed, the data were not
normalised. PCA analysis was implemented using SciKit-learn (a popular Python data analytics library).
PCA Analysis was performed on the data for each of the nine months of the academic year as well as

the combined data for the nine months.
The method for this study is detailed in 4.2.

3.3.2  Study?2

University students are a group that may be particularly prone to problematic internet use (PIU). In
study 2 an effective sample of 834 university students, with an average age of 22 years and 45% male,
responded to a survey which was emailed to approximately 12,000 students enrolled in a university.
The email contained information about the study as well as a link to an online questionnaire. The

guestionnaire which included demographic questions, general questions on internet use and scales
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measuring general problematic internet use, problematic smartphone use, problematic social media

use, problematic gaming, problematic pornography consumption, wellbeing, loneliness and FOMO.

The psychometric tests to measure PIU subtypes used in the survey were the Smartphone Addiction
Scale — Short Version (SAS-SV) (Kwon, Kim, et al., 2013), the Problematic internet use questionnaire
short form, PIUQ-SF-9 (Koronczai et al., 2011), the Bergen Social Media Addiction Scale (BSMAS),
adapted from the Bergen Facebook Addiction Scale, the nine-item Internet Gaming Disorder Scale—
Short-Form (IGDS9-SF) (Pontes & Griffiths, 2015), the Problematic Pornography Consumption Scale
(PPCS-18), (BGthe et al., 2018). The psychometric tests used to measure mental health were the
Personal Wellbeing Index (PWI) (The International Well Being Group, 2013), the UCLA Loneliness Scale
(Version 3) (Russell et al., 1980) and the FOMO scale developed by Przybylski et al. (2013).

General statistics were calculated to identify the percentage of male and female student responses to
the psychometric tests which indicated PIU or low wellbeing or loneliness. The calculations were done
using the psychometric test scores and the standard cut-off points in use for each psychometric test.
Details of the mean and standard deviations in the scores for males and females were also calculated.
The survey data was identified as non-parametric using Shapiro Wilk tests, thus Mann-Whitney tests

were used to identify differences in responses in males and females for each psychometric test.

All of the analyses on the data in the study was done using R and the bootnet library (R Core Team,
2020). A partial correlation network was used to gain insight into relationships between the variables
measured in the study (Bhushan et al., 2019; Epskamp & Fried, 2018). The created network
represented the strength of relationships between the variables, and was useful to explore whether
the relationships were in line with theory. The interaction between the many variables in the network
were likely not to have been examined in this manner before thus the analysis was expected to clarify
the interactions (Bhushan et al., 2019). Nodes in the partial correlation network represented the
psychometric tests and the edges represented a statistical relationship that is estimated using partial
correlation techniques. To investigate the importance of individual variables, the centrality measures
node strength, closeness and betweenness were calculated (Barrat et al., 2004; Boccaletti et al., 2006;

Opsahl et al., 2010).

To further understand the shared contribution of the PIU subtypes and correlates on a dependent
variable, the relationships in the partial correlation network were analysed using variation
partitioning. In particular the relationships between PIU subtypes and correlates with wellbeing,
loneliness and FOMO were considered. Variance partitioning was introduced by Borcard (1992) and is
often used in ecological analysis and modelling (e. g., Bienhold et al., 2012, Dray et al., 2012). However
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variance partitioning is not often used in psychology research. The method attempts to "partition" or
resolve the explanatory power of the independent variables identified in matrices in relation to the
same response or dependent variables defined in another matrix. When predictors are correlated, as
in this research, the common effects can indicate the extent and pattern of the predictors’ shared
variance in predicting variance in the criterion (Nimon & Oswald, 2013). R and the vegan library was

used for variation partitioning analysis (Oksanen et al., 2020).
The method for this study is detailed in 5.2.

3.3.3 Study3

Machine learning was used to analyse data on user internet activities collected on a university Wi-Fi
over an academic year, cleaned and prepared in a previous study (O’Brien et al., 2022). The Wi-Fi is
used by 12,000 students and 1,000 staff in the university to access the internet from mobile devices,
such as phones and laptops, when users are on a university campus. Data for 2,563,206 user sessions
were gathered on the university network between September 2018 and May 2019. As stated
previously a user session describes each user’s activity when logged on to the WiFi. It is a one-
dimensional vector with nine numeric values representing the number of flows in each classification

(O’Brien et al., 2022). The features of each user session are described in Table 9 (O’Brien et al., 2022).

Table 9.

Descriptions of Features in Each User Session (O’Brien et al., 2022)

Classification Description

Advertising Domains associated with marketing or advertising, e. g., Mopub.com

Streaming Domains for television, movie streaming or music streaming such as spotify.com, youtube.com,
or rte.ie

Education Domains for which the primary purpose is for education or is used in education at university,

such as wikemedia.com or dropbox. Inc

Gaming Websites that are associated with video games or betting, such paddypower.com or king.com
Search This classification includes websites that are used for internet searches, e. g., Google.com
Shopping Websites for which the primary purpose is shopping, such as Amazon.com, Ebayinc.com,

exotik.com Alibaba-inc.com

Social Media Websites used for social interaction and communication, Twitter.com, facebook.com,
telegram.Org

Other Websites that do not naturally sit in any of the other categories, e. g., AitaleabiamoGlobal.com,
aib.ie
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A user session describes each user’s activity when logged on to the WiFi. It is a one-dimensional vector

with nine numeric values representing the number of flows in each classification (O’Brien et al., 2022).

Sample user sessions are described in Table 10.

Table 10.

Samples of User Sessions. Each Details the Number of Flows in Each Category of Activity for a User

Id Search social Shopping  Education Streaming Advertising Other Gaming
Media

1 1565 613 404 426 0 422 43 10

2 742 294 188 185 0 150 21 5

3 1242 392 200 4 12 0 0 14

4 436 118 74 2 6 0 0 6

5 3793 1653 1127 483 71 234 172 47

6 1674 580 469 183 33 94 68 21

Using unsupervised machine learning on the user session data enabled patterns in the data to be

identified by clustering or grouping data together based on inherent similarities in the data (Saxana et

al., 2017). Figure 4. describes the process to develop an unsupervised machine learning model.

Figure 4.

Unsupervised Learning , Identifying Number of Clusters and Selecting Unsupervised Learning Algorithm

User Sessions Select number of clusters Select best performing MiniBatchKmean
algorithm

® 2563,206 User Sessions ® Elbow graph using data L ® Create model using ® Using minibatchkmeans
® Features include ® Test model with two 0.03% of data using algorithm, create model

education, search, clusters each algorithm for each month and the

shopping, social media, ® Test model with three ® Tested algorithms :- year

streaming, gaming, clusters Birch, DBSCAN, ® Create silhouette score

advertising, other HDBSCAN, for each month and the
® 167,804 removed as Minibatchkmeans, year

outliers GaussianMixture, Optics ® Create pie chart and

# Silhouette score for polar plot for clusters
each model

® Visual evaluatiion of
clusters created

High Activity

® Label Clusters High and
Low Activity

® Select all of user
sessions identified as
being high activity

® Design optimization

Extreme outliers were first removed (174 user sessions) from the set of user sessions by creating a

box plot for each feature and identifying feature values outside the standard range of a bar plot for

that feature, after which user sessions that had features that were three standard deviations away

60



Chapter 3

from the norm for that feature were removed (167,710 user sessions). In total, 167,884 sessions were

removed from the 2,563,206 user sessions.

In order to identify patterns in the user sessions unsupervised machine learning techniques were used.
Clustering identifies data patterns so that data can be divided into subsets and data with similar
patterns are clustered together. Hence, a cluster can be used to designate a subset of the population
sampled (Maimon & Rokach, 2010). There are many clustering techniques. Centroid-based clustering
identifies the similarity between data points. Similarity is computed as the distance to centroids of a
user-defined number of clusters, where those centroids are iteratively re-located to minimise the
distance between the point and other points in the cluster and maximise the distance between points
in other clusters. Kmeans is a centroid-based clustering algorithm and MiniBatchKmeans is an
adaption of Kmeans to effectively manage big data (Hicks et al., 2021, Sculley, 2010). In distribution
clustering, the data are allocated to clusters based on probability distributions. As the distance from
a data point to the centre of a cluster or distribution increases, the probability of that point being
allocated to that cluster decreases. The Gaussian Mixture Models (GMM) (Pernkopf & Bouchaffra,
2005) are one of the most widely used distribution clustering algorithms. Hierarchical clustering
algorithms, such as Birch or HDBSCAN, operate either using a top-down (divisive) or a bottom-up
(agglomerative) approach of assigning data to clusters until the stopping criterion is met. In the top-
down approach, every data point is in the same cluster and consecutive divisions based on similarity
or dissimilarity between different points lead to division of the data into smaller clusters (Rodriguez,
2019). In a bottom-up approach, every data point is assigned a unique cluster, which is merged with
other clusters based on data similarity as the algorithm progresses. Density-based clustering
algorithms, such as DBSCAN and OPTICS are based on the identification of clusters where data points
are concentrated. Data in areas where concentration is sparse are considered noise (Rodriguez, 2019).
Given the variety of potential algorithms that can be used to develop an unsupervised model, there is
a need to identify and select the most appropriate machine learning algorithm for a particular

application by evaluating and testing different algorithms with the data set.

The optimum number of clusters for the unsupervised machine learning algorithms can be effectively
identified using the Elbow method (Syakur et al., 2018). Using the Elbow method the sum of squared
errors (SSE) was calculated for increasing number of clusters and the SSE vs the number of clusters
was plotted see Figure 5. Inflections points in the graph identified two or three clusters as optimum.
Both two and three clusters were trialled with the algorithms. Two was found to be optimum by visual
examination and assessment of the meaning of the patterns identified in the clusters (Aggarwal &

Reddy, 2013).
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Figure 5.
Elbow Graph to Identify Optimum Number of Clusters
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A selection of centroid-based, distribution-based, hierarchical and density-based algorithms were
selected for testing, to identify the algorithm that would be most effective in finding clusters in the
data set. Each of the unsupervised learning algorithms, Birch, DBSCAN, Gaussian Mixture, HDBSCAN,
MiniBatchKmeans and Optics were tested. Models were developed with 0.02% of the data set (50,506
user sessions), a sample of the dataset was used to manage the processing requirements of the
computationally intensive algorithms and so that a result was delivered for each model within a day.
The processing was done on a Dell machine running Ubuntu 20.04 LTS, Memory 62.5 GiB, 3 * Intel
Core 19-109000X with 3.7TB disk. The silhouette scores were considered and a visual examination of
the clusters created in a polar plot and pie chart was done, to identify the most appropriate clustering
algorithm for the data set. A silhouette score ranges from a value of -1 to 1. The silhouette score rates
the strength of cohesion in a cluster compared to its separation from other clusters. The closer the
value is to 1, the stronger the indication that data are well matched to their own cluster and poorly
matched to neighbouring clusters. The results from testing the various models developed are
displayed in Table 11. The strongest silhouette score was returned by the Birch and HDBSCAN
algorithms; however, only 0.03% or less of the data was allocated to the second or third clusters, which
identified more than 97% of the user sessions with the same pattern of usage. MiniBatchKmeans had
a strong silhouette score of 0.73 and identified a distinct usage pattern for 11.3% of the user sessions.

MiniBatchKmeans is designed to manage big data effectively, thus was selected to train the model.
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Table 11.

Unsupervised Learning Algorithms Test Results

Algorithm Cluster High Activity Silhouette Score
(% of total)
Birch 9.59% 0.698
DBSCAN 16.60% -0.096
Gaussian Mixture 41.00% 0.313
HDBSCAN <0.03% -0217
MiniBatchKmeans 1620% 0.688
Optics <0.06% -0.378

MiniBatchKmeans is a variant of the Kmeans algorithm and uses mini-batches to reduce the
computation time for large data sets such as the one used in this research, while still optimising the
same objective function. Kmeans clusters data by trying to separate samples into n groups of equal
variance, minimizing variation or spread within a cluster (inertia). Mini-batches are smaller sets of the
input data, randomly selected in each training iteration. These mini-batches reduce enormously the
amount of computation required to reach a local solution (Sculley, 2010). The algorithm iterates
between two steps. Samples are selected randomly from the dataset to form a mini-batch, the mini-
batch are assigned to the nearest centroid, then the centroids are updated. For each sample in the
mini-batch, the assigned centroid is updated by taking the current average for the sample and all
previous samples assigned to that centroid. Thus, decreasing the rate of change for a centroid over
time. The two steps are performed until convergence, or a pre-set number of iterations is reached

(Sculley, 2010).

A MiniBatchKmeans model was developed with the total data set, data on 2,563,206 individual user
sessions on the university WiFi. Two distinct clusters were identified, and the model created had a
silhouette score of 5.9. The model created predicted a cluster for each of the user sessions. The results
from the classification were graphed using a polar plot and a pie chart, see Figures 6 and 7. A polar
plot is a radial chart, which uses the polar coordinate system, where its x-axis looks like a circle with
the origin point as a centre, and each point is determined by distance from a fixed point and angle
from a fixed direction. The average value for each of the features in its clusters is represented on the
polar line chart, see Figure 6 and further detailed in Table 12. The total percentage of users in each of
the classifications over the year is represented in the pie chart, see Figure 7. The MiniBatchKmeans

model identified two classes of users, one with low general usage and the other with high general
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usage, see Figure 6. The clusters were labelled high intensity and low intensity to reflect the

characteristics of the clusters. The cluster labelled high intensity had a high volume of activity in

particular in search, social media and shopping, while the cluster labelled low intensity had a low

volume of interactions in these categories, see Figure 6. Approximately 18% of the user sessions were

designated as high intensity, see Figure 7. There were 2,079,038 low intensity user sessions ~(82%).

and 446,250 high intensity user sessions (~18%). The average education activity was calculated as the

mean amount of activity in the education category over all user sessions. Of those low intensity user

sessions, 179,829 (~9%) were involved in average education activity, while 1,899,209 (~91%) were not.

Of those high intensity user sessions, 167,020 (~37%) were involved in average education activity,

while 279,230 (63%) were not.

Figure 6

Polar Chart of Characteristics of Flow Intensity

of Activities in Clusters Identified

h
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Figure 7

Pie Chart of Percentage of User Sessions in

High Intensity (red) and Low Intensity (blue)

Clusters
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Table 12.

Average Intensity in Features of User Sessions in the Low Intensity and High Intensity Clusters

Cluster Feature Average Cluster Feature Average
Intensity Intensity

High Intensity Search 1863 Low Intensity Search 319
Social Media 692 Social Media 150
Shopping 534 Shopping 75
Education 107 Education 31
Advertising 38 Advertising 5
Streaming 12 Streaming 2
Gaming 7 Gaming 1
Other 33 Other 7

In supervised learning, the machine is given a sequence of desired outputs, the goal is to train a model
to identify the correct output given a previously unseen input. Logistic regression is one of the
fundamental classification algorithms where a log odds in favour of one of the classes is defined and
maximized via a weight vector. Random forest (RF) algorithms (Breiman, 2001) create an ensemble of
multiple classifiers built over different subsets of columns of the input data. Gradient Boosting

(Friedman, 2001) is a boosting algorithm, where over iterations error is predicted and subtracted from

the output of the classifier. Selection of a model for machine learning requires identification of the

most appropriate model and fine tuning of parameters for a particular problem (Yeteru, 2020).

A supervised learning model was developed to identify if usage of WiFi for education activities could
be predicted for the users with high intensity usage of the WiFi. The process followed is outlined in
Figure 8. A categorical variable was created that identified a user with educational activity above the
mean volume of activity for all user sessions. The machine learning algorithms used most often in
research for predicting academic success have been ANN, Naive Bayes, Logistic Regression, SVM and
Decision Tree algorithms thus an algorithm from each of these categories was tested (Sandra et al.,
2021). A gradient boosting algorithm can improve accuracy of a decision tree or linear regression
algorithm hence it was also considered (Fernandez-Delgado et al.,, 2014). A supervised machine
learning model using, logistic regression, random forest classifier (decision tree algorithm), multilayer
perceptron classifier (ANN), gradient booster classifier and Support Vector Machine (SVM) were
tuned and tested to determine if a model trained using the algorithm and high activity data could
predict education activity. The features used to train the model were data from the user sessions on

activity on social media, search, shopping, streaming, gaming, advertising and other. The categorical
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variable on Education activity was the output of the model or the value the model was trained to
predict. The high activity user session data set, on 446,250 user sessions, was split into a training,
validation and test data set based on a 6:2:2 ratio, thus adhering to a standard machine learning
practise to avoid introducing bias by overfitting the model (Feurer et al., 2019). A set of models for
each of the data set were trained with the training data, 10-fold cross validation and tuned with a set
of parameters to find the optimum performing model for each algorithm. As SVM is a resource
intensive algorithm a radial basis function variant was used to manage to improve performance with

the big data set. (Razaque et al, 2021)
Figure 8.

Development of Supervised Machine Learning Model to Predict Education Activity

Data Outcome -dependant Train, Validation and Test Supervised Machine Train and Validate Test
variable Data Learning Algorithms
® Total Highly Active User * Categorical education # Training Data 60% ® Logistic Regression © Create and Tune model ® Test optimum model
Sessions 446250 outcome set to true if (267,750 busy user * Multilayer Perceptron with train data set for with test data set

education action > sessions) ® Random Forrest each algorithm ® Report evaluation
mean * Validation Data (89,250 ® GradientBoosting * Validate tuned model results

busy user sessions) ® Support Vector Machine with validation data

® Test Data 20% (89,250 ® Select best performing
busy user sessions) model

The optimum model for each algorithm was validated with the validation data and performance

metrics were gathered

3.4 Ethical Issues

Ethical approval was obtained from Nottingham Trent University (NTU). An application for ethical
approval of the research studies proposed was submitted to the NTU College of Business, Law and
Social Sciences Research Ethics Committee (CREC). The application detailed every aspect of the
research design and implementation, with particular focus on research-related ethical issues. The
application detailed the aims and objectives of the research and the methods and procedures that
would be followed in the research. Detailed information was submitted on the materials that would
be used, how any issues relating to participants would be addressed, how anonymity and
confidentiality of participation would be managed, how security in the retention of research data
would be implemented, how informed consent from potential participants would be gathered, any
risk of harm to participants was considered, the capacity of participants to give valid consent was
addressed, process for recruitment of participants was detailed as well as any form of monetary
compensation for participants that was offered, and generally how all ethical risks were managed was

described in the application. Examples of information provided to the participants were submitted

66



Chapter 3

with the application, including requests for consent/participation and details on how to opt-out.

Ethical approval was granted for this research by the CREC: (No. 2018/167) on October 10t 2018.

Any ethical issues related to the collection of data on user behaviour on the network was addressed
using permission to analyse meta data given by students when accessing the network. All data
collected from the network was anonymous ‘data about data’ and could not be connected to any
individual user. The ethical issue of ensuring adult participants in the psychometric survey was

managed by requiring participants to be over 18 years.

The three empirical studies completed for this research are presented in the next three chapters.
The first of these chapters details the published study which gathered digital traces from a university

WiFi over an academic year and identified characteristics in the patterns of activity on the internet.
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Chapter 4. WiFi at University: A Better Balance Between Education

Activity and Distraction Activity Needed.

4.1 Introduction

Internet use has become central to education and academic work and more so during the Covid-19
pandemic, as universities and colleges have moved to more online delivery of education (Qazi et al.,
2020). Students often apply knowledge or new skills developed on the Internet to boost self-directed
learning and academic performance (Rashid & Asghar, 2016; Zhu et al., 2011). However, time online
is not restricted to academic activities (Demirtepe-Saygili & Metin-Orta, 2020), and excessive use of
the internet can become problematic and impact students negatively, reducing academic
performance (Felisoni & Godoi, 2018; Xu et al., 2019) and reducing wellbeing (Bakioglu, 2020; Ye &
Lin, 2015). Universities provide WiFi access to the internet to enhance users learning experience,
however it is necessary to understand how WiFi is actually used, to understand whether its provision

is enriching or impoverishing the educational experience (Henderson et al., 2015).

Research on internet use has often used cross-sectional psychometric assessment, which quantifies
experiences with internet technology as opposed to assessing actual behavior (Ellis et al., 2019). Self-
assessment of internet use can be limited in effectiveness by recruitment and sample size, the number
of questions that can be asked, the choice of psychometric test and the identification of the activities
a user engages in. Such studies are also vulnerable to self-serving bias and systematic patterns of
misreporting, such as overreports of internet use (Busch & McCarthy, 2021; Ryding & Kuss, 2020).
Thus, more reliable research conclusions might draw on assessment of actual behavior and

complementing evidence from self-report studies.

Existing research on actual user behavior on the internet in an educational environment has assessed
users activity to understand the frequency of use and time spent on a phone in a classroom
environment (Kim et al., 2019), other studies have tracked lecture attendance and punctuality (Zhou

et al., 2016). Data on actual behavior which identified the applications and

intensity with which applications are being used have had limited number of participants (<200) and

depended on a tracking application on the phone (Jayarajah et al., 2015; Wang et al., 2014).

Unobtrusive passive measurement of behavior on the internet is frequently used for monitoring user

behavior for security and network management purposes (Maier et al., 2009; Trevisan et al., 2020).
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Internet usage behavior can be deduced from digital traces of activities on the internet. Using digital
traces, it is possible to gather data consistently and frequently with greater fidelity at a fraction of the
effort and cost. Moreover, the data precision and realism of digital traces ensures that the
generalisability of findings across the population is maximised (Chang et al., 2014). Extracting
meaningful information from the large data set required technical skills and subject matter expertise,
technical skills to manage and exploit the big data as well as interdisciplinary knowledge to interpret
the meaning in a specific functional domain (Espinosa et al., 2019). Spatial-temporal research into
digital technology is needed to understand how we balance the potential benefits and harms of digital

technologies in education (Melo et al., 2020).

Unobtrusive passive measurement using digital traces of all internet activity of all users in a university
in this study provided detailed information on the range of activities users are engaged with and
information on the intensity of the engagement with those activities, over an academic year. This data
can be used to identify if the patterns of behavior suggest Healthy Internet Use or Problematic Internet

Use (PIU).

While Healthy Internet Use has been defined as using the internet to achieve a specific aim, within an
appropriate time frame, with no conceptual or behavioral difficulties (Davis, 2001), there is no
standardized definition for PIU. Nevertheless, it is commonly conceptualized as compulsive internet
behavior, and associated cognitions, that results in marked distress in daily life (Spada, 2014; Young,
1996). PIU has been linked to heavy and consistent use of the internet by a user for distraction
activities or for activities without a purpose (Davis, 2001; Moreno et al., 2013). PIU can also develop
with overuse for work, study or other purposes. There is debate over what defines PIU; however, there
is agreement that it is internet behavior that a person identifies as negatively affecting their life
(Caplan, 2010; Chen et al., 2003). Research has found that internet use that has become problematic
may not only adversely affect student academic performance, but also their overall wellbeing ( Elhai
et al., 2019; Hebebci & Shelley, 2018;). Impacts of PIU on health and wellbeing have been recognized
by The European Parliamentary Research Service (Brey & Gauttier, 2019). Thus, it is important to
understand how the internet is being used by students in particular on the university provided WiFi

and whether the use of this technology is likely to be beneficial to the educational experience.

The I-PACE model explains the development and maintenance of PIU as a result of predisposing factors
and choices to alleviate offline world stresses or psychosocial problems which together with reduced
inhibitory control and instrumental conditioning lead to the development and maintenance of PIU

(Brand et al., 2019). Wellbeing factors may be identified as predisposing psychological factors which
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motivate individuals to use the internet to alleviate or escape from offline stressors (Chang & Lin,
2019; Reer et al., 2019). Moderators of PIU in the I-PACE model are cognitive biases or coping
strategies, thoughts about the internet and experiences on the internet which influence the decision
to use it. Wellbeing may be considered a moderator or mediator in the I-PACE model, a cognitive or
affective reaction to a situational trigger. For instance, images of others enjoying themselves on social
media may generate an affective reaction of loneliness or unhappiness and create or strengthen the
decision to use social media to alleviate anxiety (Elhai et al., 2018; Hebebci & Shelley, 2018). Using the
internet can become a coping mechanism to distract from distress, which gratifies or compensates

and reinforces thoughts about the internet as an effective coping strategy.

Gratification on the internet according to the I-PACE model reinforces cognitive biases about internet
use as a coping strategy and may motivate to spend more time online (Brand et al., 2016; Young &
Brand, 2017). For example, using the internet as a coping strategy to manage loneliness by making
new social connections online may be effective, however negative effects of using the internet
excessively to manage loneliness can increase loneliness and lonelier people appear to have more
negative effects, possibly as a result of neglect of offline relationships (Ceyhan, 2011; Wohn & Larose,
2014). Individuals who are not psychosocially healthy have difficulty not only maintaining healthy
social interaction in their real lives, but also regulating their internet use (Kim et al., 2009). Reduced
wellbeing may be a cause or effect or both of PIU, however the consistent correlations found in
research between wellbeing and PIU suggest addressing PIU is worth considering as a means to

improve wellbeing.

In the current research an interdisciplinary team of academics from computer science and psychology
used the digital traces collected from the university WiFi for an academic year, to identify the patterns
of behavior in university WiFi usage. The research model is represented in Figure 9. Data gathered
using Netflow digital traces in this research detailed the WiFi transaction rather than the content of
the transaction and identified ‘a user’ rather than ‘the user’, thus anonymity of the user identity is

preserved and data privacy concerns are addressed.
The data were analysed to answer the following questions:

e To what extent do the patterns of actual behavior identified on a university WiFi over an
academic year suggest it is used for education?
e To what extent do users of a university WiFi spend their time on distraction or educational

activities?
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Figure 9.

Research Model Representing Components of Internet Behavior and the Relationship with Education

and Distraction
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4.2 Materials and Methods

This study collected data on user behavior from a university WiFi for an academic year. The WiFi is
used to access the internet from mobile devices such as phones and laptops when users are on a
university campus. Approximately 12,000 students and 1,000 staff use the university WiFi, for details
of demographics see Appendix B. Users automatically or manually connect to the network using their

devices when on site in any of the four university campuses.

Data were also collected from an electronic survey. Emails were sent to the university email accounts
of approximately 12,000 students in the university. The email contained information about the study
as well as the link to an online questionnaire. The online questionnaire consisting of questions on
demographics, general internet behavior and validated psychometric scales had a total of 119
questions. There were 834 valid responses. The mean age of participants was 22.46 years (SD = 6.48
years), with a range from 17 to 62 years. A total of 45% of the sample was male. The psychometric
tests used included the Smartphone Addiction Scale — Short Version (SAS-SV) (Kwon, Kim, et al., 2013),
the Problematic Internet Use Questionnaire (PIUQ-SF) (Demetrovics et al., 2016), the Bergen Social
Media Addiction Scale (BSMAS) (Andreassen et al., 2017), Internet Gaming Disorder Scale—Short-Form

(IGDS9-SF) (Pontes & Griffiths, 2015), the Problematic Pornography Consumption Scale (PPCS-18)
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(B6the et al., 2018), the Personal Wellbeing Index (PWI) (The International Well Being Group, 2013),
the UCLA Loneliness Scale (Version 3) (Russell et al., 1980) and the FOMO scale (Przybylski et al., 2013).

The WiFi network is built on CISCO hardware and software which allows statistics on network traffic
to be gathered using NetFlow, see Figure 10. The Netflow traces of internet traffic can be used to
identify levels of activity and patterns of behavior on the internet (Medeiros et al., 2020). The data
collected over time represent a comprehensive log that allows an accurate, longitudinal assessment

of internet usage in a university environment.
Figure 10.

Conceptual Diagram Representing University WiFi and NetFlow data Collection.
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4.2.1 Netflow Data Collection

NetFlow data were gathered from the university Network between September 2018 and May 2019.
The NetFlow data were generated by student, staff, and guest activity on the fixed and WiFi network.
The fixed network activity is from devices physically connected to the network and includes personal
computers (PCs) in labs and offices where it is likely students are supervised and supervision could
impact behavior. Research has found that students who pass their exams use more fixed PC
connections to the internet (Xu et al., 2019). To study unsupervised behavior this research focuses on
collecting usage activities data from university WiFi network as it is more likely to reflect student

behavior when unsupervised.

NetFlow is embedded within Cisco Software to characterize network operation, allowing
administrators to understand who, what, when, where, and how network traffic is flowing
(Introduction to Cisco 10S NetFlow - A Technical Overview - Cisco, n. d. ). A NetFlow enabled device

creates a packet of information on all network traffic it encounters. A flow is a communication
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between two devices each identified by a unique IP address. A single flow shares the same information
for the fields in Table 13, for which packets and bytes are tallied. A NetFlow record is output if the
flow has been active for 5 minutes or when the flow is finished. In this research, a flow or statistic is

explained as a set of interactions between a user and destination on the internet.

Table 13.

Format and Meaning of Data in a Netflow Record (“Introduction to Cisco 10S NetFlow - A Technical

Overview - Cisco,” n. d. ).

Field Type Description

Src IP Address The source IP address for the communication
Dst IP Address The destination IP address

Flows Number of flows that were aggregated.

Src Port Source Port Number

Dst Port Destination Port Number

The volume of NetFlow data generated by user activity varies depending on date and time. Date and
time determine the number of staff and students on-site in the university and the activities ongoing
at the university, see Appendix C. Approximately half a billion data points or 8GB of data is generated

on a weekday when students are in the university.

The volume of NetFlow data generated by the system has made it challenging to store and process
the data (Medeiros et al., 2020). There were times over the academic year when data were not
collected because of technical issues encountered on the network or lack of storage capacity. These
time slots were from September 8, 2018, to September 13, 2018, and from January 18, 2019, to
January 21, 2019.

4.2.2 Data Processing

The percentage of male and female student responses to the psychometric tests which indicated
problematic internet use or low wellbeing or loneliness was calculated using the psychometric test
scores and the standard cut-off points in use for each psychometric test, see Appendix D. Also, it was
calculated that 70% of the students that responded to the survey indicated that they felt their internet

use was probably not or definitely not good for their health.
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Netflow data processing is discussed and implemented in previous research (Gill et al., 2011; Medeiros
et al., 2020). In this research activity to a total of 186 websites were analysed, (see Appendix E). The
186 websites identified in Appendix E, include the 120 most accessed sites for each of the nine months
of the academic year. This focused approach reduced the number of features in the data set by
approximately 98%, while losing less than 3% of the information on user behavior. Investigation of the
WiFi internet traffic identified a total of approximately 9000 different websites that were accessed by

users each month.

To identify the patterns of behavior in internet activity it was necessary to characterise the types of
activities the users were engaging in. The IP address in the NetFlow records were translated to domain
names and each domain name was classified. In this way, an individual website domain name can be
grouped together with other websites which share the same classification to get an overview of
internet use. Explanation of group classifications and examples of assignments of individual domain
names to the different classifications are provided in Appendix F. The domain name and sub domains
for an IP address were identified using IP-info’s IP reverse look up service (Comprehensive IP Address
Data, IP Geolocation APl and Database - IPinfo. lo, n. d.). If there were subdomains for a domain name
and the subdomains were identifiable, it was understood that the primary domain was an internet
service provider, and the subdomains identified the destination domains. For example, Amazon.com
provides both shopping and website hosting services. In this research when Amazon.com is returned
without a list of subdomains it is assumed it is a shopping website and when a list of subdomains are

provided it is assumed it is acting as a hosting service.

Classifications were based on the Internet advertising Board (IAB) digital content classification
standard (Content Taxonomy - IAB Tech Lab, n. d. ). In order to choose the appropriate classification
for a website domain, see Appendix F, the website was manually visited, the classification from the
IAB Taxonomy was checked on the website ‘Zvelo.com’. The website could also be further examined
using the website ‘brandfetch.com’ and a Google search. Classifications were assigned based on what
appeared to be the primary functionality of the service. For example, a YouTube access was classified
as streaming. Sites that did not belong to one of the nine service classifications identified were

included in the “other” class (Gill et al., 2011).

The classification ‘cloud and technology’ identifies network activities that were considered as enabling
technology used to deliver a website. And as such does not add information on user behavior. The
goal of the user is to access the website, technology used to deliver the website is collateral activity

and is not considered as an indicator of user behavior. This classification decision was based on
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analysis of the websites and discussion with the university technical team. However, it could be that
some of these websites are used by the students and reflect user behavior. It was expected to see
strong correlations between this classification with all other classifications, however there was a weak
correlation with “streaming and gaming”. This may be explained as the websites in these
classifications could use different enabling technology for which the comparative level of activity is

low.

Approximately 4% of total activity was to the Apple website. This activity was not included in the
analysis as the level of activity did not appear to be related to actual user behavior. It was explained
by automated backup of Apple phone data to the cloud when a phone connected to the WiFi network

and as such would not contribute to the understanding of behavior.

To process the data, programsin C and Python were developed. The binary files which were generated
on the network by Netflow were converted to User Sessions (US). A US is a one-dimensional vector
with nine numeric values representing the number of flows in each classification. Each US describes a
user’s activity on the internet for the duration they were logged on to the university WiFi see Appendix
G for example user sessions. An overview of the process for cleaning and preparing the data is given

in Appendix H.

The Data set was vast, containing details of 2,563,206 user sessions. Each user session measured nine
categories of activity see (Appendix G). Principal Component Analysis (PCA) was used to reduce the
dimensionality of the data and identify the key factors in the data (Jolliffe, 2002). The appropriateness
of applying PCA was verified by reviewing the correlation of the features in the data set (see Appendix
I) to ensure there were adequate correlations between the variables a Bartlett's test of sphericity was

conducted. The p-value calculated was <0.1 which confirmed that PCA was appropriate.

Data were standardised prior to PCA to ensure the high-variance variables would not dominate the
first few principal components (Jolliffe, 1990). Standardised data have a mean of 0 and range between
1 and —1. Outliers were removed after standardisation. An outlier was identified as a feature with a
value that was greater than 3 standard deviations from the mean. Data in a US were considered to be
an outlier if the number of flows in a category was more than three standard deviations from the

mean.
z=(x—p)/o>=3

The number of user sessions removed as outliers for the year was 128,422; see Appendix J for details.
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PCA did not require the data in the features to have a normal distribution (Jolliffe & Cadima, 2016) so,
although the data were skewed after standardising and after outliers removed, the data were not
normalised. PCA analysis was implemented using scikit-learn (a popular Python data analytics library).
As indicated in the Elbow graph in Appendix K, two was chosen as the number of components for the

PCA (Cangelosi & Goriely, 2007).

PCA Analysis was performed on the data for the full year and individually for each month.

4.3 Results

The PCA loadings show some variation as a function of the month. The features and loadings for each
component were analysed (Appendix L, Figure L1 and Figure L2). Factor loadings for a principal
component with the same sign contributed in the same direction, while those with opposite signs
contributed in the opposite direction. The principal component analysis was performed on the
correlation matrix. The loadings of the principal components describe how each of the classifications

of the user session contributes to the component.

Principal component 1 (PC1) had strong positive loadings for search, social media, shopping and ‘cloud
and technology’. The loading for cloud and technology reflects network activity that is considered as
enabling technology used to deliver a website. This activity does not add information on user behavior.
Hence, as education is the business at hand in a university, PC1 is named distraction which describes
search, social media and shopping activities, activities that are not directly related to education see
(Appendix L, Figure L1 and Figure L2), distraction explains between 62% and 70% of the variance in

the data depending on the month see Appendix M.

Principal component 2 (PC2) is dominated by a strong negative loading for social media. It has positive
loadings of varying strengths for education, search, streaming and shopping. Of particular note for this
research which is analysing user behavior on a university WiFi is the inverse correlation between
internet activity in education and social media. As social media activity increases education activity
decreases see (Appendix L, Figure L1 and Figure L2). This principal component describes user activity
thatis low in social media use see Appendix L, Figure L1 and Figure L2. The second principal component
‘Not social media’ explains between 8% and 15% of the variance in the data depending on the month

see Appendix M.

The activity on the network for the year was examined. The percentage of activity in each classification
over the year is represented in Figure 11.
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Figure 11.

University WiFi Activity Classified for the Academic Year 2018/19
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The maximum variation in the level of activity on the university WiFi, in a classification in a month was
5%. In January education activity increased by 5% and search activity decreased. The second Semester
did not begin until the 28th of January so the total activity for the month of January was reduced and
all activity was likely to be dominated by staff behavior. The classifications where the greatest volume
of activity took place over the year were ‘cloud and technology’ (61/62%), ‘search’ (17/19/20%), ‘social
media’ (8/9%), ‘shopping’ (6/7%) and ‘education’ (2/3/6%) of total activity. The number of user
sessions in each month, in each category, in each semester is described in Appendix N, Figures N1, N2,
N3 and N4. The number of users’ active was greatest in October, November, February, March and
April, the months when most students are expected onsite in the academic year. The number of
students active on the WiFi was reduced in September, December, January and May, the months

starting and ending the semesters.
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The average activity for a user in a session in each category in each semester is presented in Appendix
N. The mean number of flows was calculated by dividing the total number of flows for the users which

were active in each category.

_wvn Xi
H=di=1, X #0

The average intensity of user activity across all months was greatest in ‘cloud and technology’,
followed by search, social media, and shopping, with a drop in intensity in all other classifications.
While activity in ‘cloud and technology’ was most intense, the category represents backend activity to

deliver the website so the category explains little about user behavior.

The details of the three websites, most accessed in each classification for the academic year, are listed
in Appendix O. The percentage of total activity is calculated by dividing the flows to an individual
website by the total of the flows to the top websites accessed, see Appendix E. Activity to the cloud
and technology category was dominated by the university’s internet service provider Heanet.ie. In the
search category, Google was used most often. In social media activity, Facebook dominated, followed
by Twitter, which had less than 3% of the activity of Facebook. Third on the list of most active social
media websites was Onionflix, which is a Facebook news and media website. The most accessed
website in the category shopping was Amazon.com. The website most accessed in the category
education was the university website. The university website is hosted on Amazon.com. The most
used websites in the category gaming were King.com and paddypowerbetfair.com, one a gaming
website and the other gambling. In the category streaming, Netflix was the most used website,

followed by Spotify which had only 35% of the activity of Netflix.

Search activity accounted for approximately 19% of the total activity analysed. Google accounted for
almost 95% of this activity over the academic year see Appendix O. Social media activity accounted
for approximately 7.5% of the total internet activity on university WiFi and Facebook accounted for
over 93% of this total see Appendix O, Facebook social media usage may include Instagram and
WhatsApp as the level of usage of these websites were surprisingly low and this may be explained if
Facebook as the company owning these websites identifies the majority of its servers as Facebook,
even if the servers are delivering services for WhatsApp or Instagram or other Facebook owned apps.
Shopping activity accounted for approximately 6% of the total internet activity on university WiFi and

Amazon accounted for over 97% of all shopping see Appendix O.
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A biplot of the principal components was used to guide the interpretation of PCA (Kohler & Luniak,
2005). Biplots lines represent the features of the dataset, and points represent the observations. In
Figure 12 below, each point represents a user session on the WiFi with the point (Distraction, Not
social media) and the lines represent the features that were input to the principal component analysis.
The length of the lines approximates the variances of the variables, the longer the line, the higher the

variance (Kohler & Luniak, 2005).

Figure 12.

Biplot of User Sessions for the Year, ‘Distraction’ vs. ‘Not Social Media’ Components
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Combined, the first two principal components represent approximately 79% of the total variation in
the dataset, hence the two-dimensional bi-plot given in Figure 12, is a good approximation of the
original scatterplot in nine-dimensional space. In Figure 12, social media and search are represented
by the longest lines and therefore are the features with the highest variance. In Figure 12, ‘distraction’
(PC1) is represented by the x-axis and ‘Not social media’ is represented by the y-axis. Those points
centered around (0,0) represent the users whose activity in distraction is close to the mean. In the
diagram, quadrants were created around the mean. The activity on the left upper quadrant represents

users who are involved in less distraction, less social media and more educational activity (Q1). The
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activity on the right upper quadrant represents users who are involved in more distraction activity;
however fewer social media and more educational activities (Q2). The activity on the left lower
guadrant represents users who are involved less in general distraction, more social media and less
educational activity Q4). The activity on the right lower quadrant represents users who are involved
in more general distraction activity and more social media activity (Q3). The major source of variation
in the dataset is between users when the (weighted) average activity in distraction is high and users

where this average activity is low (Jolliffe, 1990).

4.4 Discussion

The current research aimed to determine if the use of the university WiFi is enhancing the educational
experience in a university by identifying the patterns of behavior of users of the university WiFi over

an academic year.

The research examined the intensity and type of websites engaged with, in over 2.5 million user
sessions using the Netflow data on a university WiFi. User behavior was analysed by classifying the
websites accessed by a user in a session on the WiFi and identifying the volume of activity of the user’s
activity on each website in each classification. This classification allowed identification of patterns of

users’ behavior and potential PIU.

Prior work in identifying patterns of internet behavior have relied on psychometric tests and/or had a
relatively small set of users and/or required participants to use specific software (Jayarajah et al.,
2015, Wang et al., 2014) and/or have not provided information on the range of activities a user is
engaged in and focused on a narrow range of behaviors (Kim et al., 2019; Zhou et al., 2016). Such
studies suffer from sporadic and partial observability. In contrast, the observations reported in the
present paper are generated based on the full suite of behavior of more than 13,000 users on the

university campuses over an academic year.

Only 2% of the total internet activity on the university WiFi was classified as ‘education’. The low level
of activity in the education classification on a university WiFi was of concern. There was four times
more social media activity, 10 times more search activity and three times more shopping activity over
the academic year. Some of the activity on searching, social media, streaming, and shopping may have
been related to education. While the actual items searched for or shopped for could not be identified,
the positive correlations between shopping and education and search and education (< 0.3) suggest

that shopping and search activity may have some link to education activity. However, the correlations
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less than or equal to 0.1 between streaming and education, and social media and education would
indicate that neither streaming nor social media had any significant link to activity in education
(Appendix J). Hence, we can surmise based on the correlations between the activities that, while some
of the shopping and search activity are likely to have some education focus, the social media and
streaming activity are unlikely to be related to education. Thus, it appears that the university WiFi may
be used for some shopping, searching and educational activities which may support academic
objectives, however it appears that social media activities and streaming activities often do not. The
majority of user activity can be considered a distraction from educational activities. By providing
ubiquitous access to WiFi, universities are enabling users to engage in distraction activities. Effective
strategies to reduce the level of distraction activity and increase the level of education activity on the

university WiFi could be expected to have a positive impact on student academic performance.

In the survey of the students at the university where the WiFi data were gathered the students
estimated that approximately 60% of their time on the internet was spent on distraction, less than
what was identified as distraction activity on the university WiFi in this research. Most students rated
their general internet use (69% male, 71% female) as problematic, smartphone (47% male,
61%female) use as addictive, while approximately 15% of students (8% male and 21% female) felt
their social media use was addictive see Appendix D. A total of 70% of students in response to a
guestion in the survey indicated that their internet use was probably not or definitely not good for

their health.

The results of the survey from the student body highlighted that more than half the student body felt
that their internet use was unlikely to be good for their health, and in particular their general internet
use and smartphone use may be problematic. The results from the survey suggest that there is a need
for mechanisms to support students so that they can successfully use the internet, smartphones and
social media for their studies and avoid the negative consequences that can result from overuse for

distraction.

This research confirms the findings of Gill et al. (2011) that much of the network traffic in an
organisation is directed to and from a small number of websites. In this research, over 97% of the
internet activity on the university WiFi each month was to 120 websites and there was consistency in
the websites accessed from month to month. Approximately 61% of all activity was classified as cloud
and technology which is understood as backend activity not reflecting user behavior. Of the remaining
39% of activity, over 31% was in search, social media and shopping. Thus, in excess of 79% of total

activity that reflects user behavior on the university WiFi in an academic year was activity in search,
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social media and shopping. Over 93% of this 79% was managed by three technology companies,
Google, Facebook and Amazon. This evidence highlights the small number of technology companies
that have a major influence on content delivered to users on a university WiFi (Appendix O).
Governments are developing legislation to protect users from harmful content and practises
(Cusumano et al., 2021; Online Safety Bill, 2021), however comprehensive legislation is not yet in
place, in Ireland, the UK or Europe. If technology companies are not guided by legislation on what is
acceptable to society to sustain user attention and protect users from harms, technology companies
as economic entities are likely to focus on profit potentially to the detriment of their users’ wellbeing

and student wellbeing in a university environment.

PCA was used to synthesize the multiple features of the users’ behavior on the internet and identified
the key components of the behavior as ‘distraction” and ‘Not social media’. These two components
facilitated comprehension of the patterns of behavior. The PCA of user behavior on the WiFi in the
university identified that users predominantly spent their time on the internet on ‘distraction’. In this
research a distraction was considered as any internet activity which reflected user behavior and was
not classified as ‘education’. According to distraction Conflict Theory (Sanders et al., 1978), internet
activity not related to the task at hand, which in university students is education, may cause stress
when it is interesting and/or hard to ignore (Baron, 1986). Thus, if some university students are
spending excessive time on the internet on non-educational activities at the expense of educational
activities, it may be causing stress. What is excessive for an individual is self-assessed however
previous research has found that heavy and consistent use of the internet for distraction activities can
be problematic for students and can have a negative effect on their academic performance and
wellbeing (Elhai et al., 2019; Stead & Bibby, 2017). Hence, the analysis of actual behavior on a
university WiFi over an academic year which identified use of the internet predominantly for

‘distraction’ provides robust evidence of the risk of PIU in the student body.

The second principal component of user behavior identified in the PCA in the research as ‘Not social
media’ showed an inverse relationship between social media activity and education, shopping or
search activity. The component ‘Not social media’ differs from the ‘distraction’ component as it shows
an inverse relationship between social media and other classifications. Of particular interest and
concern in a university environment was the negative relationship between ‘education’ and ‘social
media’. PC2 ‘Not social media’, suggests that the pattern of user behavior on the university WiFi
indicates that activity in ‘education’ or ‘shopping’ or ‘search’ may decrease with an increase in ‘social

media’ activity. Previous research identified a negative relationship between facebook usage and
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academic performance, the negative relationship identified between educational activity and social
media activity in this research could provide an explanation (Busalim et al., 2019; Rouis et al., 2011).
In a university environment consideration should be given to mechanisms to reduce social media
usage given its contribution to the high level of distraction activity and it’s links with reduced

education activity, academic performance and wellbeing.

Strategies to reduce the time on distraction, activity and increase time on education on the university
WiFi could improve student wellbeing and improve students’ academic performance. Practical options
to address potentially problematic WiFi use could include filtering, blocking or time limiting website
use. Distraction use might be reduced by limiting access to non-educational websites by time, filtering
or blocking. Given the level of interaction with Google, Facebook and Amazon, websites hosted by
these companies could be a key focus for these interventions. Education websites could be promoted
on the WiFi. Encouraging users to engage with educational websites might also help rebalance the use
of WiFi towards education (Lee et al., 2019). The introduction of an official taxonomy for website
classification would enable effective access control and monitoring. Educational programs could also

be effective in promoting healthy internet use (Throuvala et al., 2018).

Analysis of the patterns of user behavior when accessing the internet on a university WiFi identified a
level of distraction activity which highlights a risk for problematic internet usage. Given the links
identified in research between PIU and loneliness, anxiety, reduced wellbeing, FOMO and academic
performance, the students’ pre-occupation with distraction activity generally and use of social media
particularly on a university WiFi should be of concern to university and other educational institutions

(Elhai et al., 2017; Price & Smith, 2019).

4.5 Limitations and Future Research

Although television and other media use an official standard to rate content, no such standard is
available for websites or social network sites or streaming services (Lee et al., 2019). This rating would
not only have been useful for classifying the websites the users visited in this research, it would also
be useful for classifying or filtering appropriate content. In the absence of this official classification, a
classification system that has been developed by technology companies was used. The Interactive
advertising Board is a group of technology company representatives who provide publishers with a
classification system for website content (Content Taxonom— - IAB Tech Lab, n. d. ). Introducing an
official content Taxonomy and requiring website providers to implement it would ensure correct

identification of a website’s purpose. Correct identification of a website’s purpose and content would
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have many positive effects including enabling effective screening options for institutions, students and

others.

This research assessed actual behavior that was anonymised and did not assess how each individual
user felt about the impact of their behavior. Research which simultaneously analysed a user's actual
behavior and how that users assessed their behavior would aid identification of patterns of PIU.
Further analysis is warranted of actual student internet usage and the student assessment of the
impact of potentially problematic behavior. Studies which linked actual student behavior to student
outcomes would also be of particular interest, it was not possible to link the data in this study to
individual students to examine if or to what degree academic performance could be predicted by

internet behavior.

This research focused on unsupervised behavior on the university WiFi and does not consider user
behavior when accessing the internet from the fixed network or other unsupervised behavior when
using the internet. Internet users access the internet using their personal internet provider, as such
this research in examining internet use on WiFi is examining only one of the key components which a

user can be expected to use to access the internet.

The behavioral activity was generated by staff and students in the university, see Appendix B. Internet
behavior of staff and students is likely to be different. The increased loading in PCA for education in
January when students are not expected on campus is evidence that supports this. Future research
should focus on internet behavior of students only. It would also be interesting to consider behavior
of students from different demographics; particularly the year in college would be of interest as
students face many challenges when they begin college and may therefore be at greater risk of PIU

(Wohn & Larose, 2014).

This research was focused on user behavior in a university environment where access to mobile
devices and to WiFi is ubiquitous. Future research should consider monitoring actual behavior in other
educational settings such as schools where access to mobile devices and the WiFi is limited and
generally provided for an educational purpose. This type of provision could be expected to reduce

time in distraction as the student would likely be engaged in an activity in a supervised environment.

The vast majority of the users’ behavior on the university WiFi was interacting with websites
controlled by three technology companies. Technology companies compete on the internet to capture
and exploit users’ attention and to do so effectively may design their products in ways that render

them addictive by using techniques such as the use of intermittent variable rewards, design features

84



Chapter 4

that take advantage of our desires for social validation and social reciprocity and platform designs that
erode natural stopping cues or directing users to sites that reinforce their beliefs (Bhargava &
Velasquez, 2020; “Ledger of Harms,” 2021). The dominance of Google, Facebook and Amazon in user
behavior highlights Google, Facebook and Amazon’s influence in the attention economy, where a
measure of success is ability to sustain user attention (Canales, 2020). There are concerns that Google,
Facebook, Amazon and other technology companies are not sufficiently governed by legislation in
what they can do to attract user attention and can exploit any means to achieve their goal
(Department for Digital, Culture, Media and Sport, and the Home Office,2019). The present research
found that more than 75% of all user behavior on the university WiFi was hosted by three technology
companies. This statistic that suggests they are very effective in sustaining user attention. Future
research could further investigate how and why students are using these websites on the university

WiFi.

The research findings suggest that universities should consider strategies to manage PIU. Future
research on an effective program on PIU prevention could develop interest in meaningful activities
outside of the internet, give training on awareness and impacts of problematic behavior or develop a
practice of internet abstinence. A program could be delivered as part of a broader harm prevention
curriculum that could be expected to bear academic performance benefits (Throuvala et al., 2018).
Future research could also measure how effective a program of time limiting, filtering and blocking

could be in rebalancing WiFi usage.

4.6 Conclusion

The patterns of actual behavior identified on a university WiFi over an academic year suggest that WiFi

usage is focused on distraction and is unlikely to enhance the users educational experience.

This research proposes a new process to identify patterns of behavior on the internet using digital
traces. This study is a fine-grained, longitudinal study of a large-scale group of university WiFi users’
behavior on the internet. The data enabled identification of the range of internet activities and the
intensity of engagement with these activities, of 13,000+ users. Classification of the activities and PCA
enables the users’ behavior patterns to be identified. The scope and scale of the study illuminates
previously unidentified patterns of user behavior, which are valuable inputs to determining if
provision of ubiquitous access to the internet via WiFi technology is likely to be of benefit to users’

educational experience in a university or to be harmful. This research highlights how spatial-temporal
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research into the use of digital technology in educational environment illuminates its impact

(Henderson et al., 2015; Melo et al., 2020).

The behavioral analysis identified several key findings. User behavior on university WiFi is
predominantly in distraction which is likely to be problematic in an educational Institution and
negatively affect student wellbeing and performance. Users of the university WiFi are less likely to be
engaged in other activities when engaged in social media , most notably education activity, which is
of particular concern in a university environment. Google, Facebook and Amazon host over 75% of all
user behavior on a university WiFi. The current findings have important practical implications for

educational institutions and could be used to guide policy.

The research findings show that internet behavior on a university WiFi is dominated by distraction
activity, a risk for problematic use. Excessive time on distraction activity on the internet has been
found to have negative effects in previous research (Elhai et al., 2019; Think Tank European
Parliament, 2019). The pattern of distraction activity may provide part of the explanation for the high
level of problematic internet, smartphone and social media use that was self-assessed in the electronic

survey in the same student body.

Internet use is central to education; however, using it in a way that promotes student wellbeing and
improves student academic behavior is vital. The negative link found in this research between
education activity and social media activity, which supports previous findings, is of concern, in
particular as there was four times more activity in social media than education. Also of concern on a
university WiFi was over 90% of all social media use was to Facebook controlled sites when Facebook
use, in particular, has been linked to reduced academic performance (Busalim et al., 2019; Feng et al.,

2019).

The present research suggests that Universities need to consider how WiFi is used and the extent to
which providing ubiquitous access to the internet is beneficial to students. Action is required to reduce
distraction activity and increase educational activity by users of WiFi in Universities. Existing research
on prevention of PIU suggest both environmental and psychosocial competencies or promoting harm
reducing factors should be considered (Lee et al., 2019). Environmental actions include legislation to
define acceptable mechanisms to attract and maintain attention on the internet. Although technology
companies are likely to be averse to regulation, effective mechanisms to reduce internet harm
including regulation are necessary (Kuss, 2021; Lee et al., 2019). By understanding WiFi activity,

universities could introduce policies to limit distraction activity or consider other mechanisms such as
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education programs to encourage focus on education, if needed (Lee et al., 2019; Throuvala et al.,

2018).

The need for an official content taxonomy for internet use was identified in this research. Exact
identification of a website’s purpose and content may have many positive effects when analysing
behavior patterns, but may also enable effective screening options for institutions, students and
others. Introducing an official content taxonomy and requiring website providers to implement it may
ensure correct identification of a website’s purpose with certainty, in a way this is not currently
possible. The focus of this study was actual internet behavior, the next study in chapter 5 investigates
how a subset of the students, in the university where the objective data was gathered, assessed their

internet use and their wellbeing.

A link to the published paper is included in Appendix P.
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Chapter 5. Problematic Internet Use Understood Using the I-PACE

Model, Partial Network Correlation and Variance Partitioning

5.1 Introduction

Problematic internet use (PIU) can be conceptualized as a behavioral pattern of internet use marked
by preoccupation and unregulated and excessive use which leads to significant negative consequences
not accounted for by any other disorder (Kuss & Pontes, 2019). General PIU, problematic smartphone
use, problematic social media use, problematic gaming, and problematic pornography use are some
of the subtypes of Problematic Internet Use (PIU). The European Parliamentary Research Service has
recognised the harmful impact of Problematic Internet Use (PIU) on health, wellbeing and general
normal functioning (Think Tank European Parliament, 2019). To manage the harmful impacts of PIU,
it is necessary to understand the concept of PIU, how it is developed and maintained, the associated
psychological risk factors and the resulting behaviors. However, currently there is no standardised
agreement on what constitutes PIU, in part due to the many different forms or subtypes of
problematic internet use and the lack of clarity on the associations between the subtypes (Caplan,
2010; Kwon, Kim, et al., 2013; Young, 1996). College life can be challenging as students cope with
managing their time, studies, health, finances and often new home environments (Murphy, 2017).
Approximately 35% of third-level students in Ireland have reported feeling lonely often or all of the
time (Price & Smith, 2019). Loneliness is frequently closely associated with FOMO, a person’s concern
that others are having rewarding experiences which they are not a part of, which creates a need to
stay constantly connected, often by using social media (Przybylski et al., 2013; Elhai et al., 2018).
Disconnection can result in a sense of loneliness, and those suffering the negative impact of being
alone can be vulnerable to FOMO. Loneliness, FOMO and PIU are negatively correlated with wellbeing
(Elhai et al., 2018; Hebebci & Shelley, 2018; Moberg & Anestis, 2015; Stead & Bibby, 2017). Hence,
understanding the relationship between student wellbeing, loneliness, FOMO and PIU may have
important implications for supporting mental health and wellbeing in students. As internet use is
central to education (Murphy, 2017), students tend to be frequent users and may thus be particularly

prone to PIU

. Students are also prone to loneliness and FOMO. Psychological factors such as wellbeing, loneliness
and the fear-of-missing-out (FOMO) may be relevant to the development and maintenance of PIU.
The roles that these factors play need to be clarified. Hence, the current study primarily seeks to

understand associations between wellbeing, loneliness, FOMO and PIU in university students.
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There is variation in the incidence rate of PIU. In European studies, rates of PIU in university students
varied from 1-13.9% (Andrie et al., 2019; Gomez et al., 2017; Macur et al., 2016; Foresight, 2019; Panel
for the Future of Science and Technology, 2020). Variation in the incidence rate might reflect the types
of PIU studied and sex differences in PIU. For example, a recent systematic review suggested men
were often found to be influenced more by generalised PIU, while women often had higher incidence
of specific forms or subtypes, such as problematic smartphone usage or problematic social media

usage (Baloglu et al., 2020).

The Interaction Person Affect Cognition Execution (I-PACE) model is a model of behavioral addiction.
The model is a useful aid in understanding and explaining PIU development and maintenance. The I-
PACE model explains behavioral addictions as a result of predisposing psychological and biological
factors as well as moderating and mediating factors such as cognitive affect and reactions to
situational triggers, cognitive biases and coping strategies. These factors, combined with reduced
inhibitory control, instrumental conditioning and accessibility of a behavior, can be associated with
developing and maintaining an addiction (Brand et al., 2019). The |I-PACE model (Brand et al., 2019) is
used in the current study to provide a theoretical framework to coalesce the findings on wellbeing,
loneliness, FOMO and PIU subtypes. In the I-PACE model (Brand et al., 2019) biological factors, such
as gender, and psychological variables, such as loneliness and FOMO, maybe linked to PIU. Moderating
and mediating variables, such as internet-related cognitive or attentional bias or using the internet as
a coping strategy and reduced inhibitory control and/or instrumental conditioning, can contribute to
or be affected by PIU in an addiction process. The gratification experienced when using the internet,
the ubiquitous availability of the internet, and the affordability of access to the internet
may accelerate the development of problematic behavior on the internet (Brand et al., 2019). The I-
PACE model suggests the development and maintenance of PIU is affected by the interaction of
predisposing, moderating and mediating variables (Brand et al., 2019). Identifying and developing
understanding of the relationships between moderating and mediating variables, such as loneliness,
FOMO and wellbeing on PIU is important in identifying and managing PIU and developing healthy
internet use behaviors (Elhai, Yang, Dempsey et al., 2020). Analysing the relationships between PIU
subtypes and associated psychological variables in a network may provide important insight into the
centrality of specific domains and the patterns of relationships (Chen et al., 2021). A network approach
to understanding PIU involves analysis of the associations between PIU subtypes and wellbeing,
loneliness and FOMO. A partial correlation network would aid comprehension by giving a visual
representation of the relationships between the variables. Modelling the network of relationships

using partial correlation networks will clarify the associations in the network. Understanding the
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network of relationships between PIU subtypes and wellbeing, loneliness and FOMO can enable those
managing PIU to identify and focus on the variables with greatest influence when trying to reduce PIU,
loneliness and FOMO and improve wellbeing. Variance partitioning can be used to quantify the

contribution of nodes in the network, in explaining the variance in loneliness, FOMO and wellbeing.

The current research examines university students’ reported experience on the internet using the
results of psychometric tests on PIU subtypes (general PIU, problematic smartphone addiction,
problematic social media use, problematic gaming, problematic pornography use) as well as results
from psychometric tests on loneliness, wellbeing and FOMO. The partial correlation network clarifies
the complex pattern of relationships between the subtypes of PIU and wellbeing, loneliness and
FOMO. Variance partitioning further explains the relationships between the subtypes and associated
psychological variables for males and females (Hevey, 2018). This study aims to clarify the associations
between PIU subtypes in males and females. The study will also explore if men and women differ
regarding the associations between wellbeing, loneliness and FOMO and the PIU subtypes. The study
will identify the subtypes of PIU that are most influential in the relationships between PIU subtypes

and wellbeing, loneliness and FOMO. Specifically, the following hypotheses are tested.

e Hypothesis 1: The relationships between the PIU subtypes, wellbeing, loneliness and FOMO
differ for males and females.

e Hypothesis 2: Men in comparison to women have a higher level of generalised PIU.

e Hypothesis 3: Women in comparison to men have a higher level of problematic smartphone
usage and problematic social media usage.

e Hypothesis 4: Decreased student wellbeing is explained by the interaction between loneliness
and general PIU.

e Hypothesis 5: Student loneliness is explained by the interaction between general PIU,
problematic smartphone use, and problematic social media use.

e Hypothesis 6: Student FOMO is explained by the interaction between general PIU and

problematic smartphone use.

5.2 Methods

5.2.1 Design

This study used a cross-sectional online data gathering technique. Emails were sent to the university
email accounts of all students in an Irish university; approximately 12,000 students are enrolled in the

university. The email contained information about the study as well as a link to an online
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guestionnaire. The online questionnaire consisted of some questions on demographics, internet use
and validated psychometric scales, had a total of 119 questions and required approximately 15
minutes to complete. The students were offered an opportunity to enter a raffle for three Oneforall

vouchers worth 50 Euros each as an incentive to participate in the survey.

5.2.2 Participants

A convenience sample of N=1060 students from the emailed students responded. Of the 1060
respondents, data from 834 were processed; the remaining 216 had not answered sufficient questions
in the survey or had not answered questions in a meaningful way, e. g., answered all questions with
the same response. The mean age of participants considered in the analysis was 22.46 years (SD = 6.48
years), with a range from 17 to 62 years. The mean age of male participants was 22.44 years (SD = 626
years) and female participants was 22.15 years (SD = 6.09 years). In terms of gender distribution,
approximately 45% of the sample was male and 55% female. The majority (80%) were studying for an
undergraduate degree, with 18.5% studying for a post-graduate degree and the remainder studying
as part of an apprenticeship program. Most students identified engineering and science as their faculty
(48%), with business and humanities being identified by 31%, approximately 0.5% identified the Art
and Design College, National Maritime College and School of Music. The remaining 19.5% identified

‘Other’ as their faculty. On average the students had studied 2.05 years (SD = 1.18 years) at MTU.

5.2.3 Materials

In addition to basic demographic information and general questions on internet behavior detailed in
Appendix A. The online survey comprised of a number of different psychometric tools to assess
Problematic Internet Use (PIU), FOMO, wellbeing and loneliness. The demographic information, the
internet use information and the data from the responses to the psychometric tests were used in this

study.
Psychometric tests to measure PIU

In order to assess smartphone addiction, the Smartphone Addiction Scale — Short Version (SAS-SV)
(Kwon, Kim, et al., 2013) was used. The internal consistency of the SAS-SV for the data was verified
based on the data from the current study with a Cronbach's alpha of 0.85. The scale is a brief self-
report instrument based on the Smartphone addiction scale (SAS) (Kwon, Lee, et al., 2013). In the self-
report scale, participants respond to statements including ‘Having a hard time concentrating in class,
while doing assignments, or while working due to smartphone use’, ‘Won’t be able to stand not having

a smartphone’ or ‘Feeling pain in the wrists or at the back of the neck while using a smartphone’. The
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responses are given on a six-point Likert scale (ranging from 1: “strongly disagree” and 6:“strongly
agree”). The symptoms measured are salience, withdrawal, negative consequences, compulsive use
and tolerance. The SAS-SV is a 10-question scale based on the SAS to measure smartphone addiction
in teenagers in South Korea, however it has also been found to be an effective measure of smartphone
addiction in American young adults (Harris et al., 2020). The SAS-SV scale proposes a cut-off point (31)
for males which is lower by two points than the female cut-off point (33), to identify the extent to
which usage is potentially pathological from a diagnostic point of view (Kwon, Kim, et al., 2013). The
10 questions used accumulate a score ranging from 10 to 60 which is used to determine if the

participants’ smartphone usage behavior can be categorized into normal or potentially addictive.

The PIUQ-SF-9 (Koronczai et al., 2011) was used to identify internet users at risk of developing
problematic Internet use and those not at risk. The internal consistency of the PIUQ-SF-9 for the data
was verified based on the data from the current study with a Cronbach's alpha of 0.85. The 9-item
scale measures negative consequences of internet use, preoccupation/withdrawal and excessive
usage. In the self-report scale, participants respond to statements including ‘How often do you feel
tense irritated or stressed if you cannot use the internet for as long as you want to’, ‘ Do you feel more
irritability, anxiety and/or sadness when you try to either reduce or stop using the internet?’ or ‘Do
you feel the need to spend increasing amount of time engaged online in order to achieve satisfaction
or pleasure?’. The responses are given on a five-point Likert scale (ranging from 1: “never” to
5:“always/almost always”). The scale was found to be able to discriminate those at risk of PIU and
those not at risk, using a statistically established cut-off point of 22, above which use is considered

problematic. Scores range from 9 to 45 (Koronczai et al., 2011).

The Bergen Social Media Addiction Scale (BSMAS), which is adapted from the Bergen Facebook
Addiction Scale (Andreassen et al., 2017), consists of six items. The participants are asked to respond,
by rating how often in the last year they felt in response to statements including ‘You feel an urge to
use social media more and more’, ‘Used social media in order to forget about personal problems’ or
‘Tried to cut down on the use of social media without success’. The responses are given on a 5-point
Likert scale ranging from 1 (very rarely) to 5 (very often). The internal consistency of the BSMAS was
verified based on the data from the current study with a Cronbach's alpha of 0.87. The BSMAS applies
the six core addiction components (salience, mood modification, tolerance, withdrawal, conflict, and
relapse) proposed by Griffiths (2005) to assess the experience of using social media over the last year.
A higher score on the BSMAS indicates stronger addiction to social media. A BSMAS score over 19 in
scores that range from 5 to 30 was suggested to identify an individual is at-risk of developing

problematic social media use (Banyai et al., 2017).
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The nine-item Internet Gaming Disorder Scale—Short-Form (IGDS9-SF) (Pontes et Griffiths, 2015) is a
short self-report screening measure based on the nine Diagnostic and Statistical Manual of Mental
Disorders (DSM-5) criteria for Internet Gaming Disorder (American Psychiatric Association, 2013). The
participants are asked to respond to questions such as ‘Do you feel more irritability, anxiety or even
sadness when you try to either reduce or stop your gaming activity?’, ‘Do you feel the need to spend
increasing amount of time engaged gaming in order to achieve satisfaction or pleasure?’ or ‘Have you
continued your gaming activity despite knowing it was causing problems between you and other
people?’. The responses are on a 5-point Likert scale ranging from 1 (never) to 5 (very often). The
internal consistency of the IGDS9-SF was verified based on the data from the current study with a
Cronbach's alpha of 0.91. The IGDS9-SF assesses subtypes and prevalence of IGD by examining both
online and/or offline gaming activities occurring over a 12-month period. It has been widely used to
assesses subtypes and prevalence of Internet Gaming Disorder (IGD) in a general population. A cut-off
point of 32 was established (Qin et al., 2020). Scores above this cut-off are indicative of problematic

gaming. The scale produces a final score with a range between 9 and 45.

The Problematic Pornography Consumption Scale (PPCS-18) (B6the et al., 2018) was used to measure
problematic pornography use. The internal consistency of the PPCS-18 was verified based on the data
from the current study with a Cronbach's alpha of 0.94. Responses were recorded on the following 7-
point scale: 1 = never, 2 =rarely, 3 = occasionally, 4 = sometimes, 5 = often, 6 = very often, 7 = all the
time. PPCS-18 consists of 18 items, and assesses the six core components of addiction: salience, mood
modification, conflict, tolerance, relapse, and withdrawal. Statements that are rated include ‘I felt that
| had to watch more and more internet porn for satisfaction’, | unsuccessfully tried to reduce the
amount of porn | watch’ or ‘l became stressed when something prevented me from watching porn’. A
cut-off score of 76 on the scale was used to distinguish normal and problematic use in scores that

range from 18 to 126; scores that are greater than or equal to 76 are indicative of problematic use.
Mental health measures

The Personal Wellbeing Index (PWI) (The International Well Being Group, 2013) is derived from the
Comprehensive Quality of Life Scale (ComQol) which was originally developed by Cummins (1997). It
is used internationally to measure subjective wellbeing (SWB). Cronbach’s alpha based on the data
from the current study for the scale was 0.88. The scale is used to question how satisfied people are
with seven life domains. The seven questions identify standard of living, personal health, achievement
in life, personal relationships, personal safety, community-connectedness and future security (Lau et

al., 2005). Sample questions are ‘How satisfied are you with your standard of living?’, ‘How satisfied
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are you with what you are achieving in life?” or ‘How satisfied are you with your personal
relationships?’. The scale uses an 11-point satisfaction scale ranging from ‘No Satisfaction At All’ (0)
to ‘Completely Satisfied’ (10). The total score is calculated and converted to a percentage of 70. The
Australian normative range of scores suggested for individuals is 50-100 points (The International Well
Being Group, 2013), so a cut-off point of 50 was chosen. Scores above this cut-off were considered as

indicating a normal level of wellbeing.

The UCLA Loneliness Scale (Version 3) (Russell et al., 1980) is a 20-item scale most commonly used to
measure subjective feelings of loneliness as well as feelings of social isolation. Cronbach’s alpha
calculated based on the data from the current study was 0.93. Participants answer questions including
‘How often do you feel that you are "in tune" with the people around you?’, ‘How often do you feel
that you lack companionship?’ or ‘How often do you feel alone?’. Participants rate each item on a
scale from 1 (Never) to 4 (Often). The test has been found to be reliable and effective for measuring
loneliness in a variety of populations. The cut-offs for loneliness severity in the UCLA-3 scale used in
this research, were identified for this scale in Loneliness: human nature and the need for social
connection.(2008), total score < 28 = no/low loneliness, Total score 28 - 43 = moderate loneliness, and

Total score >43 = high loneliness.

The FOMO scale developed by Przybylski et al. (2013) was used. It is a 10-item measure with a Likert
scale ranging from “1 = Not at all true of me” to “5 = Extremely true of me. ”. Sample statements that
are evaluated are ‘I fear others have more rewarding experiences than me.’, ‘| fear my friends have
more rewarding experiences than me. ’ or ‘l get worried when | find out my friends are having fun
without me. ’. The scale is a brief self-report assessment that minimizes participant burden and
provides maximal information about an individual’s level of FOMO. The internal consistency of the
FOMO scale based on the data from the current study was verified with the data with a Cronbach's
alpha of 0.85. Items reflect apprehension from missing out on experiencing or learning about friends’
rewarding experiences. The total scores from the scale (Przybylski et al., 2013) correlate negatively
with psychological need satisfaction, positive mood and life satisfaction; and positively with social
media engagement. There was no recommended cut-off point for FOMO; a higher score on the scale

in the range 5 to 50 indicates higher levels of FOMO.

5.2.4 Process

The percentage of male and female student responses to the psychometric tests which indicated PIU
or low wellbeing or loneliness was calculated using the psychometric test scores and the standard cut-

off points in use for each psychometric test, see Table 14. Details of the mean and standard deviations
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in the scores for males and females are presented in Table 15. Shapiro Wilk tests indicated that the
model of the psychometric tests for males and females were not normally distributed. Therefore,
Mann-Whitney tests were used to identify differences in responses in males and females for each

psychometric test, see Table 15.

This research uses R and the bootnet library (R Core Team, 2020) to generate a partial correlation
network with regularization techniques to gain insight into relationships between the variables
measured in the study (Bhushan et al., 2019; Epskamp & Fried., 2018). The network represents the
strength of relationships between variables, and is useful to explore whether these are in line with
theory. The partial correlation network can reveal unique relationships between variables that were
not anticipated as the interaction between the many variables in the network may not have been

examined in combination before (Bhushan et al., 2019).

The regularized partial correlation networks were generated using Extended Bayesian Information
Criterion (EBIC) and graphical lasso (Foygel Barber & Drton., 2010). Nodes in the graph represent the
psychometric tests and the edges represent a statistical relationship that is estimated using partial
correlation techniques. These techniques have been shown to perform well in retrieving the network
structure between variables that are interdependent (Friedman et al., 2008). The observed variables
(nodes) may influence one another and edges represent a partial correlation among two nodes when
all other variables under consideration are controlled for (Epskamp & Fried, 2018). The strength of the
partial correlation is directly related to the strength of the regression coefficient. Unlike what can be
seen from a multiple regression analysis of a single dependent variable, the partial correlation network
also highlights which other variables have an impact. By linking separate multiple regression models,
partial correlation networks allow for mapping out linear prediction and multicollinearity among all
variables (Epskamp et al., 2017). In order to prevent overinterpretation, spurious connections or edges
that represent very small partial correlations are limited. Minimizing EBIC has been effective in
identifying the relationships between nodes in the network (Foygel Barber & Drton, 2010, 2015; van
Borkulo et al., 2014). In this research, the hyperparameter is set at 0.5 as a more parsimonious model
is preferred and expected to highlight the more important relationships (Foygel Barber & Drton, 2010).
When observed variables are continuous, but not normally distributed, the variables can be
transformed to have a marginal normal distribution. A nonparanormal transformation was applied to

the data (Liu, Lafferty et al., 2009).

To estimate the importance of a variable, the centrality measures node strength, closeness and

betweenness were calculated (Barrat et al., 2004; Boccaletti et al., 2006; Opsahl et al., 2010). Expected
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influence calculates the strength of connections between nodes, however it takes account of negative
edges (Robinaugh et al., 2016). ‘Node strength’ describes the participation of a node within the
network and is calculated by summing the number of connections with the sum of the strength of the
connections of a node to all other nodes. ‘Closeness’ is calculated as the inverse sum of the shortest
paths between a node and all other nodes. Closeness’ is an indication of how easy it is to access other
nodes in the graph from the node of interest. The ‘Betweenness’ is calculated by counting how
frequently a node of interest is included on the shortest path between two nodes. Hence, a high score
on betweenness suggests that a node is highly connected with other nodes in the network (Oldham

et al., 2019).

The partial correlation network shows the unique bivariate relationship between the PIU subtypes and
the correlates after partialling out all other effects in the network. To further understand the shared
contribution of the PIU subtypes and correlates on a dependent variable, the relationships in the
partial correlation network were analysed using variation partitioning, in particular the relationships
between PIU subtypes and correlates with wellbeing, loneliness and FOMO were considered. VP was
introduced by Borcard (1992) and is often used in ecological analysis and modelling (Bienhold et al.,
2012, Dray et al., 2012). VP tries to “partition” or resolve the explanatory power of independent
variables identified in matrices in relation to the same response or dependent variables defined in
another matrix. The effect of a variable is calculated using the square of the semi-partial correlation
between a given independent variable and the dependent variable. Thus, if independent variables are
all uncorrelated, then independent variable importance can be entirely determined by ranking the
unique effects. When independent variables are correlated, as in this research, the common effects
can indicate the extent and pattern of the independent variables’ shared variance in predicting

variance in the dependent variable (Nimon & Oswald, 2013).

This research uses R and the vegan library for variation partitioning (Oksanen et al., 2020). Variation
partitioning partitions the variation in data using two, three, or four explanatory tables in redundancy
analysis ordination (RDA) or distance-based redundancy analysis. If the response variable is a single

vector, partitioning is by partial linear regression (Oksanen et al., 2020).

To prepare the data for analysis, information from any survey respondent that did not have a valid
score for all the psychometric tests was removed. Of the 834 responses with valid data, only 672 had
a valid score for every survey and were therefore included in the partial correlational and variance

partitioning analysis.

96



Chapter 5

5.3 Results

The N=834 participants estimated their total internet time daily on average as 6.89 hours, 4.18 hours
(SD =2.71 hours) on entertainment and 2.73 hours (SD = 2.35 hours) on internet use with a purpose,
e. g., education. Of the participants, 70% answered probably not or definitely not when asked whether
their internet activities were beneficial to their physical health. In response to a question on whether
their internet activities were beneficial to their mental health, 49% answered probably not or
definitely not. The number of male and female students who responded to each psychometric test is
displayed in Table 14. The number and percentage of male and female students who scored above
the cut-off point for each of the psychometric tests except for the test measuring FOMO are displayed.
Increasing scores in the test indicate an increase in FOMO. The number of male and female students
who responded to each psychometric test as well as the median and standard deviation in the scores
for male and female students in each of the psychometric tests were calculated and are displayed in
Table 15. Results of Mann-Whitney tests were used to determine if there were significant differences
in the male and female responses to the psychometric tests and results are displayed in Table 15.
There was a significant difference between male and female scores on the psychometric tests SAS-SV,
IGDS9-SF, BSMAS, FOMO, PPCS-18 and PWI. Thus, it was decided to analyze male and female response
data separately. The scores of problematic gaming and pornography use in the student body were
low. There were 1% or less in both male and female respondents that scored above the cut-off for

either psychometric test.

Table 14.

Percentage Above Cut-off in Psychometric Tests

. Gender Male Female

Psychometric N N Above  %Above N N Above % Above | Cut-off Valid Range

Test Cut-off Cut-off Cut-off Cut-off

SAS-SV 362 169 47 469 284 61 33 female, 31 male => potentially 6to 60
addictive smartphone usage

PIUQ-SF-9 341 80 23 449 123 27 >=22 => potential problematic general  9to 45
internet usage

IGDS9-SF 331 3 1 435 1 0 >=32 => potential internet gaming 9to 45
disorder
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BSMAS 326 25 8 442 91 21 >=19, potentially addicted social 5to30
media usage
PPCS-18 289 3 1 396 0 0 >=76 => potentially problematic 5to 50

internet pornography consumption

FOMO 322 N/A N/A 432 N/A N/A N/A 0to 100

PWI 362 220 61 469 267 57 < 50 => suggests wellbeing is less than 20 to 80
normal

UCLA 308 204 66 428 305 71 >= 43 indicator of moderate or high  18to 126

degree of loneliness

Table 15.

Descriptive Statistics and Results of Mann-Whitney Test to Identify Significant Differences in Survey

Responses for Males and Females

Gender Male Female Mann Whitney U Test
Psychometric Test N Mdn Std N Mdn Std w P

SAS-SV 362 29.5 9.08 469 35 9.08 57591 p <=.001*%*
PIUQO-SF-9 341 17 6.18 449 18 6.41 71276 0.952
1GDS9-SF 331 14 624 435 9 4.36 38094 p < =.001
BSMAS 326 10 5.05 442 14 527 46250 p < =.001
PPCS-18 289 31 14.6 396 20 6.85 19982 p < =.001
FOMO 362 20 9.56 469 22 10.11 73758 p < =.001
PWI 319 55 1123 427 54 11.67 61520 p <.05
UCLA 308 48.5 13.38 428 51 1329 61040 0.087

Note 1: Shapiro Wilk Test identified each independent set of data as non-normal

A partial correlation network was calculated for the male and female responses and represents the
significant partial correlations between nodes. Each node represents a measurement of the users’
experience as self-reported in responses to a psychometric test and the edge represents the strength
of the partial correlation between the nodes when the impact of all other variables in the network is
controlled. A blue edge represents a positive correlation and red indicates a negative correlation. The
weight of the edge represents the strength of the correlation. There were n=390 female responses,

and n=281 male responses with a valid score for all of the psychometric tests.

A partial correlation network for males and females PIU subtypes and, the correlates loneliness,
wellbeing and FOMO is displayed in Figure 13. The graph is parsimonious due to LASSO estimation. In
the partial correlation networks, several links are identified for both males and females. For both
males and females there was a strong negative correlation between Node 6 (UCLA) and Node 7 (PWI)

and Node 7 (PWI) and Node 2 (PIUQ-SF-9), while there were positive correlations between Node 6
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(UCLA) and Node 2 (PIUQ-SF-9); Node 8 (FOMO) and Node 3 (BSMAS), Node 8 (FOMO) and Node 1
(SAS-SV); Node 2 (PIUQ-SF-9) and Node 5 (PPCS-18) and Node 2 (PIUQ-SF-9) and Node 4 (IGD-SF9).
Some links exist on the partial correlation network for females only; Node 6 (UCLA) was positively
linked to Node 3 (BSMAS), Node 6 (UCLA) was negatively linked to Node 1 (SAS-SV), and Node 5 (PPCS-
18) was linked to Node 4 (IGD-SF9), and Node 4 (IGD-SF9) was negatively linked to Node 3 (BSMAS)

for females only.

Figure 13.
Partial Correlation Network of Subtypes for PIU and Correlates Wellbeing and Loneliness and FOMO

Male Female

1 SAS-8V
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Note 1: Smartphone Addiction Scale Short Version (SAS-SV), Problematic Internet Use Questionnaire Short Form (PIUQ-SF-9) (Koronczai et al.,

2011), Bergen Social Media Addiction Scale (BSMAS) (Andreassen et al., 2017), Internet Gaming Disorder-Short Form (IGD-SF9) (Pontes et Griffiths,
2015) , Problematic Pornography Consumption Scale (PPCS-18) (BSthe et al., 2018), UCLA Loneliness Scale Version 3 (UCLA) (Russell et al., 1980),
Personal Wellbeing Index (PWI) (The International Well Being Group, 2013), Fear of Missing Out Scale (FOMO) (Przybylski et al., 2013).

The centrality estimates of the importance of the nodes in the partial correlation network
representing the subtypes of PIU and the covariates loneliness, wellbeing and FOMO are displayed in
Figure 14, and confidence of estimates are reported in Figure 15. The Expected Influence centrality
measure is the sum of the weightings of the edges touching a node on the graph. Expected Influence
considers negative associations, while the Strength centrality measure is the sum of absolute values.
A node in a network that has negative edges may diminish activation in other subtypes and should not

be considered as a highly problematic node (Robinaugh et al., 2016). The centrality estimates in Figure
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14, identify Node3 (BSMAS) and Node 2 (PIUQ-SF-9) as the nodes with the greatest expected influence

and strength in the partial correlation networks for both males and females.
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Figure 14.
Centrality Estimates of Subtypes of PIU and Wellbeing and Loneliness and FOMO

Male
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Note 1: Smartphone Addiction Scale Short Version (SAS-SV), Problematic Internet Use Questionnaire Short Form (PIUQ-SF-9) (Koronczai et al.,

2011), Bergen Social Media Addiction Scale (BSMAS) (Andreassen et al., 2017), Internet Gaming Disorder-Short Form (IGD-SF9) (Pontes et Griffiths,
2015) , Problematic Pornography Consumption Scale (PPCS-18) (BSthe et al., 2018), UCLA Loneliness Scale Version 3 (UCLA) (Russell et al., 1980),
Personal Wellbeing Index (PWI) (The International Well Being Group, 2013), Fear of Missing Out Scale (FOMO) (Przybylski et al., 2013).

* z-scores are shown on x-axis rather than raw centrality indices.
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The confidence in the estimates of centrality depend on the number of respondents or cases
examined, and this analysis included 281 males and 390 females. There was good confidence for both
males and females in all estimates of centrality (>0.7) except for female betweenness for which the

confidence was less than 0.7, as can be seen in Figure 15.
Figure 15.

Partial Correlation Graph Confidence of Estimates of Centrality

Male Female
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Variance partitioning was used to quantify the percentage of the variance in wellbeing, loneliness and

FOMO explained by the relationships identified in the partial correlation graph in Figure 13.

The Venn diagram in Figure 16 presents the results of variance partitioning where PIUQ-SF-9, SAS-SV
and BSMAS and PWI are the independent variables and UCLA (Loneliness) is the dependent variable.
The diagrams shows that 48% of the variance in UCLA for males and 35% of UCLA for females is
explained by the variance in the independent variables. The Venn diagrams also highlight the variance
explained by the interaction between the variables. From the diagram, the variance in male and
female UCLA appears to be heavily explained by PWI and PIUQ-SF-9 and their interaction.
Approximately 52% of the variance in male and 65% of the variance in female loneliness is not
explained by the variation in PIUQ-SF-9, SAS-SV, BSMAS and PWI Variation in male loneliness is
explained by PWI independently (28%) and then by the combined effect of PWI and PIUQ-SF-9,
BSMAS, SAS-SV (16%). Variation in female loneliness is explained by PWI independently (22%) and
then by the combined effect of PWI and PIUQ-SF-9, BSMAS, SAS-SV (13%).
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Figure 16
Variance in Loneliness Explained by Independent Variables BSMAS, SAS-SV, PIUQ-SF-9 and PWI

Male Female

1 BSMAS

2 SAS-sV

3 PIUQ-SF-9
4 PWI

1 BSMAS

2 SAS-sV

3 PIUQ-SF-9
4 PWI

Note 1: Male residuals 0.52 Note 1: Female residuals 0.65
Note 2: Values < 0 not shown Note 2: Values < 0 not shown

The Venn diagrams in Figure 17 are generated by variance partitioning where BSMAS and SAS-SV use
are the independent variables and FOMO is the dependent variable. The diagram shows that 37% of
the variance in FOMO for males and 33% of the variance for females is explained by the independent
variables SAS-SV and BSMAS. The Venn diagram also identifies the variance explained by the
interaction between SAS-SV and BSMAS. SAS-SV alone accounts for 1% of the variance; the interaction
between SAS-SV and BSMAS accounting for 22% in males and 20% in females. The influence of BSMAS
onits own in predicting FOMO Is 14% for males and 13% for females. A total of 63% of the variance in

male and 67% of the variance in female FOMO is not explained by the variance in SAS-SV and BSMAS.
Figure 17
Variance in FOMO explained by Independent Variables BSMAS and SAS-SV in Males and Females

Male Female

1 BSMAS 1 BSMAS
2 SAS-8V 2 SAS-8V

Note 1: Male residuals 0.52 Note 1: Female residuals 0.65
Note 2: Values < 0 not shown Note 2: Values < 0 not shown

The Venn diagrams in Figure 18 are generated by variance partitioning, where PIUQ-SF-9 and UCLA

are the independent variables and PWI (Wellbeing) is the dependent variable. The diagram shows that
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45% of the variance in PWI for males and 32% of the variance for males is explained by the
independent variables PIUQ-SF-9 and UCLA. PIUQ-SF-9 accounts for 1% of the variance independently;
the interaction between PIUQ-SF-9 and UCLA accounting for 15% of variance in wellbeing for males
and 7% in females. The influence of UCLA on its own in explaining the variance in PWI is 29% for males
and 24% for females. A total of 55% of the variance in male and 68% of the variance in female PWI

was not explained by the variables PIUQ-SF-9 and UCLA.
Figure 18
Variance in Wellbeing Explained by Independent Variables PIUQ-SF-9 and UCLA in Males

Male Female

1 PIUQ-SF-9 1 PIUQ-SF-9
2 UCLA 2UCLA

Note 1: Male residuals 0.55 Note 1: Female residuals 0.68
Note 2: Values < 0 not shown Note 2: Values < 0 not shown

5.4 Discussion

Hypotheis 1 was supported, gender differences in the relationships between PIU subtypes (general
PIU, problematic social media use, problematic smartphone use, problematic gaming, problematic
pornography use) and wellbeing, loneliness and FOMO were identified. The gender differences were
identified by comparing male and female partial correlation networks. These networks represented
the variables and the relationships between them. Differences in the male and female network
manifested in the existence of relationships and the strength of relationships. There were three
relationships that existed between the PIU subtypes in the female partial correlation network that did
not exist in the male partial correlation network. Positive associations existed for females between
problematic smartphone use and general PIU. Positive associations also existed for females only
between problematic pornography use and problematic gaming, a relationship found in previous
research for both males and females (Rozgonjuk, 2021). There was also a negative association
between problematic social media use and problematic gaming for females which was not found in
other research investigating female problematic gaming (Lopez-Fernandez et al.,, 2019), the

relationship may not have been considered. These relationships which exist for females but not for
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males confirmed hypothesis 1, gender differences exist in the relationships between PIU subtypes and

wellbeing, loneliness and FOMO.

Hypothesis 2 was not supported by the research findings, this research did not find that men in
comparison to women had a higher level of generalised PIU. It was expected that males would have a
higher level of general PIU as found in previous studies (Kim et al., 2018; Wartberg et al., 2020). In the
current study, the level of general PIU was not found to differ significantly between males and females.
However previous studies which found male PIU significantly greater considered problematic gaming
in assessing general PIU (Wartberg et al., 2020), the level of problematic gaming was also significantly
different for males and females in this research. Other research that found gender differences may
have used a different psychometric assessment instrument to measure general PIU (Kim et al., 2018).
Findings on gender differences in general PIU are not consistent (Baloglu et al., 2020). Previous
research on general PIU in Ireland also found no significant difference in male and female levels (Su et
al., 2019). However, in the present study, the impact of general PIU in explaining the variance in male
wellbeing was higher for males. The percentage of variation in wellbeing explained by the interaction
between general PIU and loneliness for males was 15%. For females, it explained only 7%. The variance
in loneliness explained by the interaction between general PIU and wellbeing was also higher for males
at 16%, double the 8% variance in female loneliness explained by the same interaction. Thus, while
the level of general PIU was not found to differ significantly between males and females, the impact
of general PIU when combined with loneliness or reduced wellbeing explained considerably more
variation in male wellbeing and loneliness than in females. General PIU alone explained much less of
the variation in loneliness than general PIU and wellbeing interactions. Thus, general PIU is of concern,
in particular for males, for lonely people and for those with reduced wellbeing. Supporting previous
research findings (Elhai et al., 2018; Hebebci & Shelley, 2018; Moberg & Anestis, 2015; Stead & Bibby,
2017). Reducing general PIU could have a significant positive effect on wellbeing and reduce
loneliness. Equally it may be that reducing loneliness or increasing wellbeing may significantly reduce
general PIU. Clarifying gender differences on the inter-relationships between general PIU, wellbeing
and loneliness, highlights a link with problematic internet use for particular demographics. The
findings highlight the need for internet use to be part of the conversation when considering student

wellbeing and loneliness.

Hypothesis 3 was supported, as found in previous research ( Aparicio-Martinez et al., 2020; Baloglu et
al., 2020); women in comparison to men reported a significantly higher level of problematic
smartphone usage and problematic social media usage. There was a positive association between

loneliness and problematic social media use for females. Considering, the level of problematic social
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media use in females found in this and previous research is significantly higher for females than for
males (De-Sola et al., 2019; Kircaburun et al., 2018; Ostendorf et al., 2020; Victorin et al., 2020), the
direct link between problematic social media use and loneliness for females is of particular concern.
Other research has found direct links between problematic social media use and loneliness for both
males and females (Atroszko et al., 2018; Martila et al., 2021). A negative association between
loneliness and problematic smartphone use also existed for females only. A negative link between
loneliness in females and problematic smartphone use was also identified in previous research
(Hebebci & Shelley, 2018). Thus, smartphones may be used by females to make connections that help
manage loneliness or lonelier females use smartphones less (Hebebci & Shelley, 2018). Smartphones
have been found to be particularly effective in managing loneliness for those who use smartphones
to communicate feelings or anxieties online (Karsay et al., 2019). However, the negative effects of
overuse of the internet to cope with loneliness can increase loneliness and lonelier people appear to
have more negative consequences, possibly because of neglect of offline relationships (Ceyhan, 2011;

Wohn & Larose, 2014).

The fourth, fifth and sixth hypotheses were tested by examining the relationships which were
identified in the partial correlation networks between PIU subtypes and wellbeing, loneliness and
FOMO and then variance partitioning was used to quantify the variance explained by those
relationships in loneliness, wellbeing and FOMO. Variance partitioning identified that the variation in
wellbeing that was explained by the interaction between general PIU and loneliness was 15% for males
and 7% for females. Thus, student wellbeing was explained by the interaction of PIU and loneliness,
supporting hypothesis 4. Variance partitioning identified that the variation in student loneliness
explained by the interaction of problematic social media use, problematic smartphone use, general
PIU and loneliness was 21% for males and 11% for females. Hence, student loneliness was explained
by the interaction of general PIU, problematic smartphone use, problematic social media use and
wellbeing, supporting hypothesis 5. Variance partitioning identified that the variation in FOMO that
was explained by the interaction between problematic smartphone use and problematic social media
use was 22% for males and 20% for females. These findings support hypothesis 6, student FOMO was

explained by problematic smartphone use and problematic social media use.

Problematic social media use followed by general PIU were distinguished, using centrality estimates,
as the most influential subtypes of PIU for both males and females. The network of relationships
between PIU subtypes for males in the partial correlation network existed in the female partial
correlation network. These consistencies in the male and female correlation graphs highlighted

commonality in the inter-relationships between PIU subtypes for males and females. Examination of
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the male and female partial correlation graphs suggests for both males and females the strongest
relationships between variables were between problematic smartphone use and problematic social
media use, between general PIU and problematic social media use and between problematic
smartphone use and FOMO. These common inter-relationships for males and females may indicate a
latent variable that suggests a pattern where general PIU, problematic social media use, problematic
smartphone use and FOMO are developed and maintained together. The I-PACE model (Brand et al.,
2019) can be used to interpret these findings in the context of a behavioral addiction. General PIU,
problematic social media use, problematic smartphone use and FOMO relate to each other.
Smartphone use may enable easy access to the internet, resulting in social media or other activity on
the internet, which in turn may generate FOMO. The experience of FOMO may lead to decisions to
use social media or internet activity to reduce FOMO, resulting in gratification on the internet which
could lead to further use of the internet, which through instrumental conditioning may develop into
PIU into an addictive process (Brand et al., 2019). Thus, it may be necessary to address problematic

smartphone use, problematic social media use, general PIU and FOMO concurrently to address PIU.

This research and previous research linked problematic social media use and FOMO (Casale et al.,
2018; Liu & Ma, 2018b), problematic social media use and general PIU (Kittinger et al., 2012, Primi et
al., 2021), problematic social media use and problematic smartphone use (Liu & Ma, 2018b). Other
research found a direct link between problematic social media use and wellbeing, a link that was
mediated by general PIU in this research (Hawi & Samaha, 2019, Primi et al.,, 2021). Centrality
estimates identified problematic social media use as the most influential node in the partial
correlation network analysis of PIU subtypes and wellbeing, loneliness and FOMO for both males and
females. As such, reducing problematic social media usage may have a considerable effect in
weakening the relationships in the network. Problematic social media use should be a key

consideration in addressing and managing PIU for males and females.

In the partial correlation network, both male and female FOMO are linked to increased problematic
social media use, supporting previous research (Casale et al., 2018; Hunt et al., 2018). Male and female
FOMO were also linked to problematic smartphone use, which was also found in previous research
(Elhai et al., 2018; Elhai et al., 2019; Elhai ,Yang, Dempsey et al., 2020; Servidio, 2021). More that 32%
of the variance in FOMO can be explained by problematic social media use and problematic
smartphone use see Figure 17. The interaction between the problematic smartphone use and
problematic social media use accounted for over 20% of the variation in FOMO for both male and
females. Thus, use of social media on a smartphone in particular may increase FOMO. Other research

found direct links between FOMO and wellbeing measures, a relationship which was not identified in
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this research (Casale et al., 2018; Elhai et al., 2019; Stead & Bibby, 2017). Addressing problematic
smartphone use and problematic social media use may assist students experiencing FOMO or
addressing FOMO may assist students reduce problematic smartphone use and problematic social

media use.

Theory on the development and maintenance of PIU in the I-PACE model (Brand et al., 2019) can frame
the findings in this study. Potential predisposing biological and psychological differences which could
influence the development and maintenance of PIU were identified. Gender is a potentially
predisposing biological factor. Wellbeing, loneliness and FOMO may be considered pre-disposing,
moderating or mediating psychological factors of PIU. In this research, FOMO was directly linked to
problematic social media use and problematic smartphone use for both males and females. Loneliness
was linked to reduced wellbeing and general PIU. The relationship between loneliness and the PIU
subtypes suggests that loneliness may be a moderator or mediator of PIU and/or vice versa. Wellbeing
was also negatively linked to general PIU, and as such wellbeing may also be a moderator or mediator
of PIU and/or vice versa. Internet or social media-related cognition, internet or social media-related
attentional bias, use of the internet as a coping strategy or instrumental conditioning are measured in
this research using psychometric tests of PIU subtypes and are explained in the I-PACE model as
potential moderators and mediators of PIU (Brand et al., 2019). The interrelationships between the
PIU subtypes in the partial correlation network also suggest that PIU subtypes may be moderators or
mediators of PIU. The accessibility of the addictive behavior is also considered in the I-PACE model
(Brand et al., 2019). The ubiquitous and cheap access to the internet via the smartphone may support
the development and maintenance of PIU in an addictive process and explain the identification of the
smartphone subtype of PIU as the third most central subtype in the partial correlation network. A
smartphone is portable and gives access to the internet. Approximately 95% of those aged 16 to 19
years in Ireland use a smartphone and have cheap and easy access to the internet via WiFi or a network

service provider (Central Statistics Office, 2018).

A large percentage of the students who participated in this study felt their internet use was probably
not beneficial to their mental (49%) or their physical health (70%). The percentage of problematic
smartphone use (SAS-SV) (Kwon et al., 2013) in this report was 47% for males and 61% for females,
higher than reported in other studies which also used SAS-SV with similar cutoff points. Research
found percentages in studies from US (college students, cutoff 31 male 33 female), China(adults, cutoff
31 male 33 female), Europe (adults, cutoff 31 male 33 female), and Brazil (adolescents, cutoff 33)
ranged from 12 to 53% (Andrade et al., 2020; Harris et al., 2020; Lopez-Fernandez, 2017; Luk et al.,

2018). The percentage of general PIU (PIUQ-SF-9) (Koronczai et al., 2011) reported in this research
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was 23% for males and 27% for females, also higher than reported by Koronczai et al. (2011), who
reported a rate of 11% for adults’ and 18% for high school students’ general PIU in Hungary, assessed
with a cut-off point of 22. The percentage of problematic social media use reported in this research
was 8% for males and 21% for females, also high in comparison to previous studies which also used
the BSMAS (Andreassen, et al., 2017) to assess problematic use, reporting rates of 4.5% in a study of
Hungarian students using a cut-off point of 19 (Banyai et al., 2017), 4.9% in a study of Polish students
using a polythetic approach to identify those addicted, (Balcerowska et al., 2020) and 17% in a Chinese
study using a combined polythetic approach and cut-off of 19 (Hou et al., 2019). Of the survey
participants 61% of the male students and 57% of the female students assessed their wellbeing to be
normal or above, thus 39% of the male students and 43% of female students rated their wellbeing as
below normal. Of the survey participants 66% of the male students rated their loneliness as
moderate/high and 71% of the female students rated their loneliness as moderate/high also higher
than 35% reported in previous research which used a self-developed questionnaire (Price & Smith,
2019). The findings from this research suggest that many students are lonely and/or have reduced
wellbeing and may have difficulties with their general internet use, social media use and smartphone
use which have negative consequences for them. The findings also suggest that reducing problematic
social media use, general PIU and problematic smartphone use may positively affect wellbeing,
loneliness and FOMO in students or vice versa. The findings suggest students may need supports in
order to effectively regulate and effectively manage social media usage, their general internet use and

smartphone use.

5.5 Limitations and future studies

The present study is not without limitations. First, data were collected using self-report measures;
therefore, the reliability of the results depends on respondents’ integrity and precision and their
interpretation of items. Participants included only university students from a single university in
Ireland, which may limit the generalisability of the findings. The analysis using partial correlation
network and variation partitioning is not done routinely in research in psychology and would benefit

from further investigation.

The assessment of PIU subtypes, wellbeing and loneliness were conducted using responses to
psychometric tests and could be further investigated in interviews with students. The participants in
this study were recruited and participated electronically. The electronic method of participation may

have attracted participants with higher levels of PIU.
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The centrality and importance of general PIU in the partial correlation network representing subtypes
of PIU and the covariates wellbeing, loneliness and FOMO can be partially explained by the questions
on the PIUQ-SF-9 (Koronczai et al., 2011) encompassing information that is used to answer questions
on the BSMAS (Andreassen, et al., 2017), PPCS-18 (B6the et al., 2018), IGD-SF9 (Pontes & Griffiths,
2015) and SAS-SV (Kwon, Kim, et al., 2013). General internet use and specific internet use overlap;
time on the internet for example includes time on social media or the smartphone. This potential

overlap would benefit from further investigation.

5.6 Conclusions

This research highlights links between internet use and negative consequences for student wellbeing,
loneliness and FOMO. The students who participated in the research reported high levels of general
PIU, problematic smartphone use and problematic social media use. Roughly half of the students
surveyed reported that internet use was probably not good for their mental or physical health. The
students also reported high levels of loneliness and reduced wellbeing. Relationships between PIU,
loneliness, wellbeing and FOMO identified in this research as well as the variance in wellbeing,
loneliness and FOMO explained by the interaction with PIU subtypes suggest that students
experiencing loneliness, reduced wellbeing or FOMO may need to change how they use the internet,

their smartphones and social media.

This research highlights a direct link between general PIU and reduced wellbeing and between general
PIU and increased loneliness. This is an important finding in university students who need to use the
internet to support their studies and who as a group have identified with low wellbeing and high
loneliness. General PIU was identified as having a strong link with reduced wellbeing and loneliness
particularly for males, while problematic social media use was central in the male and female networks
of relationships and at a level of particular concern in females. A potential latent variable for PIU was
also identified which linked general PIU, problematic smartphone use, problematic social media use
and FOMO, a variable which could be explained in the development and maintenance of PIU as a

behavioral addiction using the I-PACE model (Brand et al., 2019).

Universities and institutions need to consider support for students which can help develop awareness
of their internet use and the potential negative consequences for their wellbeing. There are strategies
in place to address concerns with student wellbeing in Ireland (Price & Smith, 2019) such as the Higher
Education Healthy Campus Charter & Framework for Ireland 2020-2025 (Department of Health and

the HSE,2020). This strategy for promoting student wellbeing in education institutions requires
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implementation of health and wellbeing actions, which create connections between health, learning
and the campus. Formulation of a policy on internet use to support student health could be guided by
the evidence of the need for action, identified in this research. The health and wellbeing of the campus
community could be improved by introducing supports in everyday teaching and learning to reduce
problematic general internet use, problematic social media use and problematic smartphone use for
students. The evidence found in this research suggests that addressing PIU in students should be a
particular focus for student mental health as the issue may be addressable in a way that few other
issues affecting health are and the affect may be considerable. These research findings highlight a
need for universities to support students by looking at options on how best to protect students from
developing PIU. Research on prevention of PIU suggests both environmental and psychosocial
competencies or promoting harm-reducing factors should be considered (Lee et al, 2019). Less
problematic use of smartphones, social media and the internet could potentially impact student
wellbeing significantly. Although, as the relationships identified in this research were not causal, any
initiatives which improve student wellbeing and/or loneliness could also have a positive effect on

general PIU, problematic social media use and problematic smartphone use.

This research clarified the inter-relationships between PIU subtypes (general PIU, problematic social
media use, problematic smartphone use, problematic gaming, problematic pornography use) and
wellbeing, loneliness and FOMO using a partial correlation network and variance partitioning. The
analysis and findings demonstrate the potential usefulness of a network correlation analysis and
variance partitioning in psychology research. The analyses are effective in clarifying the inter-
relationships between combinations of variables and enabled understanding of the inter-relationships
between PIU subtypes and wellbeing, loneliness and FOMO. Variance partitioning was effective in
clarifying the contribution of PIU subtypes and associated psychological variables in explaining the

variance in wellbeing, loneliness and FOMO.

The focus of the first experimental study in chapter 4 was an analysis of actual internet behavior on a
university WiFi, this study investigated how a subset of the students in the university where the
objective data was gathered, assessed their internet use and their wellbeing. The final study in chapter
6 will examine how machine learning using the same objective data as used in the first experimental
study in chapter 4 on actual internet behavior on a university WiFi can give insight into the patterns
of behavior on the internet in a university and enable prediction of education activity on the internet

from other activities on the internet.
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Chapter 6. University WiFi Activity Modelling and Analysis to

Identify Behavior Patterns and Predict Education Usage

6.1 Introduction

Among the member countries of the Organisation for Economic Cooperation and Development
(OECD), an average of 62% of gross domestic product is spent on education (OECD, 2007). Education
is highly valued and hence, understanding what impacts education, such as reduced academic
performance and student wellbeing, should also be valued (Poropat, 2009). Internet use has become
central to education and academic work (Murphy, 2017; Qazi et al., 2020). However, time online is
not restricted to academic activities, internet use can become problematic. As previously stated,
problematic internet use (PIU) can be conceptualized as a behavioral pattern of internet use marked
by preoccupation and unregulated and excessive use which leads to significant negative consequences
not accounted for by any other disorder (Kuss et Pontes, 2019). PIU has been linked to reduced
academic performance (Xu et al., 2019) and poor wellbeing (Elhai et al., 2019; Price & Smith, 2019).
The current study proposes that behavioral patterns of internet use in a university environment can

identify user groups at risk of PIU at an institutional level.

Unobtrusive passive objective monitoring is the collection of data in a manner that does not impact
the participant, without active data entry by the participant, as such it allows for continuous data
collection over longer periods of time (Asselbergs et al., 2016; Bentley et al., 2019). Digital traces of
WiFi activity can be gathered using unobtrusive passive monitoring. Patterns in the big data gathered
from WiFi digital traces in an institution could be used to understand and predict internet behavior in
the institution from the granular details of actual usage (Fischer et al., 2020). WiFi digital traces are an
accurate record of behavior and can be gathered at a fraction of the cost of other data collection
methods such as surveys. Moreover, the data precision and realism of WiFi digital traces ensures that
generalisability across the population is maximised (Chang et al., 2014). Recent reviews evaluating
passive monitoring have highlighted how real-time measurement can enable assessment of variables
more accurately in a less intrusive manner than self-report measures (Bentley et al., 2019; Cornet &
Holden, 2018). Self-assessment tools have been used very effectively in psychological research and in
research on problematic internet use as they can be convenient, inexpensive, easy to use, quick to
administer, give direct testimony and can be standardised and validated (McDonald, 2008). However,
data gathered from self-assessment has limitations. Rather than capturing data from all users in a

domain, it captures data from those that agree to participate. Self-assessment instruments identify a
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number of questions in a domain, which are focused on a suite of activities a user engages in while
digital traces can be generated for all users and all activities in a domain. Self-reported data can be
vulnerable to self-serving bias, as individuals may assess their behavior in a positive light and patterns
of over-reports have been found in estimates of internet use when compared with actual use (Busch
& McCarthy, 2021; Ryding & Kuss, 2020). To strengthen research findings on internet behavior there
is a need to measure internet behavior using objective data as well as by self-assessment (Nie et al.,
2007). Findings from analysis of objective data on internet can complement research findings from
self-assessment. A transparent and verifiable process to collect objective data on internet behavior
ensures a sound foundation for analysis in research. The use of objective data to assess behavior can
make research findings more robust to criticism than research findings that rely exclusively on the
accuracy of self-report. However, the consequences of behavior for an individual requires self-
assessment and cannot be assessed using digital traces alone. Assessment of actual behavior on the
internet can identify patterns of behavior at an institutional level and identify characteristics of
internet use in an institution. Knowledge of behavior patterns and the characteristics can contribute
to identifying behavioral patterns that suggest risk of PIU, however self-assessment is required to

identify PIU.

Producing meaningful information from a large data set requires technical skills to manage the data
and subject matter expertise to interpret the meaning in a functional domain (Espinosa et al., 2019).
Unobtrusive, passive measurement of behavior on the internet is already frequently used for
monitoring behavior for security and network management purposes (Marquez et al., 2017; Trevisan
et al., 2020). Digital traces have been used to understand patterns of internet use and patterns of
engagement with education activities in a university environment (O’Brien et al., 2022). Individual
behavior on the internet can be measured by dividing activities into categories, such as search, social
media, shopping, education, gaming, streaming and measuring the intensity or volume of activity in

each category for a period of time or session (O’Brien et al., 2022).

Machine learning might be used to more accurately classify and predict behavioral and subjective
responses. Machine learning can complement statistical inferential analysis, as results for unseen data
can be realistically estimated. Usually maximum precision in prediction is enabled with highly complex
non-interpretable models, such as xGboost, Random Forest and Neural Networks (Orru et al., 2020).
Big data sets such as the one used in this research are useful in machine learning; the larger a sample,
the more representative it is of the population from which it is drawn. As sample size grows, it
becomes more difficult for a statistical model to identify patterns that occur in the training data, but

not in the broader population. Hence, smaller effects from larger samples are preferable to larger
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effects from smaller samples (Yarkoni & Westfall, 2017). The use of machine learning methods and
big social data has great potential in research however there is a challenge as machine learning
analyses do not easily map onto theory, such as the I-PACE model. The internals of machine learning
models, for example neural networks, are often uninterpretable, performing complex procedures that
produce outputs that are to be trusted. Thus, performance of the model should not be the only

consideration in machine learning research applications (Radford & Joseph, 2020).

Data on student activity in online education resources, such as virtual learning environments, has been
effectively used to predict student withdrawal (Kuzilek et al., 2018; Hassan et al., 2019) and/or
academic performance (Peach et al., 2019; Heuer & Breiter, 2018). Research has identified patterns
of behavior that highlights influences for student success. Those students in the Open University that
used the virtual learning environment intensively around assessement periods ie. for cramming, had
less success academically (Peach et al., 2019). Studies also found that data on student activity on the
virtual learning environment from the open university could predict student academic performance
and academic success (Heuer & Breiter, 2018; Kuzilek et al., 2018; Hassan et al., 2019). The open
university, has a particular dependence on its virtual learning environment as students are restricted
to virtual engagement thus the findings may not be replicated in an environment that is dominated
by student participation onsite. However, even in a typical university where students participate
onsite, usage of the WiFi for educational purposes may be a valuable predictor of student

engagement.

In the current research, data which describes the usage of a university WiFi, in 2,563,206 user sessions,
are modelled using unsupervised and supervised machine learning. The hybrid approach will be used
to identify clusters of users with similar behavior patterns on the WiFi. The study will also predict
education engagement from engagement in other activities on the internet. This research uses
machine learning to identify user internet behavior patterns to answer the following research

questions:

1. Are there groups of users whose behavior pattern of internet usage on a university WiFi
distinguishes them from each other?
2. To what extent does the pattern of user WiFi behavior enable prediction of education-related

WiFi-activity at university?
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6.2 Method

In this study unsupervised and supervised machine learning was used to analyse data on user internet
activities collected on a university Wi-Fi over an academic year. The data for this study was cleaned
and prepared in a previous study (O’Brien et al., 2022). A total of 2,563,206 user sessions, which
describe the internet activities engaged in by 13,000 users on the university WiFi were gathered
between September 2018 and May 2019. The method used to analyse this data is described in detail
in chapter 3 section 3.3.6. Unsupervised machine learning was used in this study to identify patterns
in the data by clustering or grouping data together based on inherent similarities in the data (Saxana
et al., 2017). Figure 19. describes at a high level the process to develop an unsupervised machine

learning model.
Figure 19

Unsupervised Learning , Identifying Number of Clusters and Selecting Unsupervised Learning Algorithm

User Sessions Select number of clusters Select best performing MiniBatchKmean High Activity
algorithm

® 2563,206 User Sessions ® Elbow graph using data L ® Create model using ® Using minibatchkmeans @ Label Clusters High and
* Features include ® Test model with two 0.03% of data using algorithm, create model Low Activity

education, search, clusters each algorithm for each month and the @ Select all of user

shopping, social media, ® Test model with three ® Tested algorithms :- year sessions identified as

streaming, gaming, clusters Birch, DBSCAN, # Create silhouette score being high activity

advertising, other HDBSCAN, for each month and the * Design optimization
® 167,804 removed as Minibatchkmeans, year

outliers GaussianMixture, Optics ® Create pie chart and

# Silhouette score for polar plot for clusters
each model

i o i
MiniBatchKmeans was selected to develop the unsupervised machine learning model, as it was fast
and generated useful clusters. A MiniBatchKmeans model was developed for the 2,563,206 individual
user sessions on the university WiFi. Two distinct clusters of users were found in the data. The model
created had a silhouette score of 5.9 which indicated a good cohesiveness between the user sessions
in a group and good distinction from the user sessions in the other group. The group for each user
session was identified and added to the data for each user session. The results were graphed using a
polar plot and a pie chart, see Figures 20 and 21. The average value for each of the features in its
clusters is represented on the polar line chart, see Figure 20 and further detailed in Table 16. The
percentage of users in each of the two clusters is represented in the pie chart, see Figure 21. The
MiniBatchKmeans unsupervised model, creates two classes of users, one with low general usage and
the other with high general usage, see Figure 20. The clusters were given the names high intensity and

low intensity to reflect the higher usage and the lower usage that users in the cluster have. Users
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sessions in the high intensity cluster had a high volume of activity in particular in search, social media
and shopping, while user sessions in the cluster labelled low intensity had a low volume of interactions
in these categories, see Figure 20. Approximately 18% of the user sessions were identified as high
intensity, see Figure 21. The quantity of low intensity user sessions was 2,079,038 while there were
446,250 high intensity user sessions (~18%). sessions. Of the low intensity user sessions only 179,829
(~9%) were involved in average education activity, while 1,899,209 (~91%) were not. Of the high
intensity user sessions, 167,020 (~37%) were involved in average education activity, while 279,230

(63%) were not.

Figure 20. Figure 21.

Polar Chart of Characteristics of Flow Intensity of Percentage of User Sessions in High Intensity (red)

Activities in Clusters Identified and Low Intensity (blue) Clusters
| Custers
. High Instensity Search
e LOW Intensity
Gaming Shopping
Streaming 1 — . Social Media
Other Education
Advertsing
Table 16.

Average Intensity in Features of User Sessions in the Low Intensity and High Intensity Clusters

Cluster Feature Average Cluster Feature Average
Intensity Intensity
High Intensity Search 1863 Low Intensity Search 319
| social Media 692 Social Media 150
Shopping 534 Shopping 75
Education 107 Education 31
Advertising 38 Advertising 5
Streaming 12 Streaming 2
Gaming 7 Gaming 1
Other 33 Other 7
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Using supervised learning, a model was developed to identify average education activity given a
previously user session data on search, social media, shopping, advertising, streaming, gaming and
other as input. Thus the developed model could identify if usage of WiFi for education activities could
be predicted for the users with high intensity usage of the WiFi. The process followed is outlined in
Figure 22. A categorical variable was created in a user session that identified if a user engaged with at
least the average amount of educational activity. The categorical variable on Education activity was
the output of the model or the value the model was trained to predict. The high activity user session
data set, on 446,250 user sessions, was split into a training, validation and test data set on a 6:2:2
ratio. Using this ratio avoids introducing bias by overfitting the model (Feurer et al., 2019). A set of
models for each of the data set were trained with the training data, 10 fold cross validation and tuned
with a set of parameters to find the optimum performing model for each algorithm. Each of the
algorithms tested were among those highlighted as most used in predicting academic performance
(Sandra et al., 2020), gradient boosting can improve accuracy of a decision tree or linear regression
algorithm and was also tested (Fernandez-Delgado et al., 2014). SVM is a resource intensive algorithm
thus a radial basis function variant was used to manage the big data set when training(Razaque et al,

2021).

Figure 22.

Development of Supervised Machine Learning Model to Predict Education Activity

Data Outcome -dependant Train, Validation and Test Supervised Machine Train and Validate Test
variable Data Learning Algorithms
* Total Highly Active User ® Categorical education # Training Data 60% * Logistic Regression ® Create and Tune model  Test optimum model
Sessions 446250 outcome set to true if (267,750 busy user ® Multilayer Perceptron with train data set for with test data set
education action > sessions) * Random Forrest each algorithm © Report evaluation
mean * Validation Data (89,250 & GradientBoosting * Validate tuned model results
busy user sessions) ® Support Vector Machine with validation data
® Test Data 20% (89,250 @ Select best performing
busy user sessions) model
6.3 Results

Using an unsupervised machine learning model based on the MiniBatchKmeans algorithm on a data
set describing the WiFi activity of 13,000 users at a university over an academic year, two distinct
patterns of user behavior were identified. Confidence in the unsupervised machine learning model,
trained with the MiniBatchKmeans algorithm, which was developed to identify the patterns, was
established with a silhouette score = 0.59 and a visual inspection of the clusters using a polar plot and

pie chart, see Figure 20 and Figure 21. The polar plot highlighted the characteristics of the user
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behavior and enabled the labelling of the two clusters identified as ‘High intensity’ and “Low intensity’
see Table 16. The high intensity cluster represented approximately 17.7 % of the user sessions and
had higher intensity of activity in all feature categories, while the low intensity cluster represented

82.3% of the user sessions with less internet activity in each category see Figure 21 and Table 16.

High activity users had concentrated activity in search, social media and shopping in particular, see
Table 16. Low activity users, although also active in search, social media and shopping, were active at
a much lower intensity. The average high activity user was 17.4 times more active in search, 6.5 times
more active in social media and five times more active in shopping than in education. The average low
activity users were 10 times more active in search, five times more active in social media and 2.3 times
more active in shopping relative to education. There were 17.7% of user sessions with the high activity

pattern of behavior over the academic year.

The best performing supervised learning model was identified as Random Forrest see Table 17. While
both of the models developed using Random Forrest and Gradient Boost performed better than all
the models validated with the validation data however Random Forrest had a much faster execution

time.

Table 17.

Performance Metrics of Optimum Model Configurations Tested Using Validation Data Set

Model Accuracy Precision Recall F1 Score — | Numberof0Osand1s
Weighted in total of 89250
Average sessions

Logistic Regression(LR) 0.68 0.64 0.34 0.65 55935/33315

Support Vector Machine(SVM) | 0.70 0.70 0.67 0.67 55935/33315

Multilayer Perceptron (MLP) 0.70 0.67 0.41 0.68 55935/33315

Random Forest (RF) 0.71 0.67 0.46 0.70 55935/33315

Gradient Boosting (GB) 0.71 0.67 0.46 0.70 55935/33315

The best performing algorithm was selected based on Accuracy (number of correct predictions / total
number of predications) and F1 score ( harmonic mean of Precision and Recall) as the goal of the
model was to identify engagement in education or not effectively. Both the Random Forrest and

Gradient Boosting model produced equivalent results for these measures on the validation set and
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were both used with the test data to determine how effectively they could be expected to predict
education activity. The Random Forrest model developed reported Precision = 0.67 (number of true
positives / total number of positive predictions), Recall = 0.46 (number of true positives/total number
of positives), resulting in F1-score = 0.70 (weighted average of precision and recall). The Gradient
boosting model developed reported Precision = 0.67 (number of true positives / total number of
positive predictions), Recall of 0.46 (number of true positives/total number of positives), resulting in
F1-score = 0.70 (weighted average of precision and recall). The support or number of user sessions
with positive education activity were 51,574 and negative were 62,105. In comparison to the baseline
performance prediction, all user sessions were not active in education, which had a precision = 0.546.
The machine learning model developed effectively identified education activity with an Fl-score =

0.70.

Supervised machine learning was used to develop a model with the 446,250 high intensity user
sessions. A categorical variable for education identified that 167,020 of those sessions had education
activity less than the mean. Of the low intensity user sessions, approximately 9% were involved in
average education activity, while 1,899,209 (~91%) were not. Of the total high intensity user sessions,
167,020 (~37%) were involved in average education activity, while 279,230 (63%) were not. The
Random Forrest machine learning model that was trained, validated and tested to predict average
education activity for high intensity users had an F1 score for accuracy or harmonic mean for accuracy
= 0.71, higher than the baseline score 0.546 calculated on the prediction that all high activity user

sessions are not involved in education.

6.4 Discussion

The research used machine learning to identify internet behavior patterns at an institutional level. The
research found groups of users whose behavior pattern of internet usage on a university WiFi
distinguished them, high intensity users were distinguished from low intensity users. The research also
found it was possible to predict of education-related WiFi-activity in the university from other internet
activities on the WiFi. A supervised machine learning model developed from the data on high intensity
users enabled prediction of education activity on the WiFi from WiFi activity in other areas. Using the

model it was possible to predict with 71% accuracy education activity for the high intensity users.

Digital traces gathered from a university WiFi over an academic year were used to train an
unsupervised machine learning model. The model identified two clusters of internet users on the

university WiFi, high intensity and low intensity. This research highlighted that 17.7% of WiFi user
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behavior can be categorised as high intensity, and high intensity usage is identified by particularly high
usage in search, social media and shopping activities. The pattern of engagement in non-education
activities identified in the characteristics of the user behavior may be of concern in a university
environment where there is an expectation of high activity in education to support academic learning.
Previous research has found a similar pattern of user behavior on the internet although on a much
smaller dataset, where 25% of 504 users’ internet behavior fell into the high intensity category (Vayre
& Vonthron, 2019). Overuse of the internet is a risk for problematic internet use (PIU), and those users
with a high intensity usage pattern could be at risk of PIU. Identification of high intensity internet users
in a university environment could enable universities to estimate the need for supports in the
university to ensure users are using the internet in a way that promotes their wellbeing and academic
performance. Quantifying the percentage of users in the high intensity category could also support
universities quantifying the amount of resources needed to address potential PIU. The effectiveness
of supports that are introduced could also be measured by analysing data from digital traces after the
supports have been implemented, comparing the results with the results from before the supports
were implemented and examining the percentage that remain at risk and the characteristics of the

behavior patterns for change.

A high intensity user was at least four times more active in each category of internet use on the WiFi
than a low intensity user. A high intensity user was on average 17 times more active in search than
education, six times more active in social media than education and five times more active in shopping
than in education, supporting previous findings on analysis of behavior on WiFi in this university
(O’Brien et al., 2022). Thus, it appears that activity for high intensity users on a university WiFi is not
in education and universities should evaluate whether ubiquitous access to the WiFi in university

supports students achieving their educational objectives.

Approximately 37% of the users with high activity were likely to be involved in the average amount of
education activity, while 9% of users with low activity were likely to be engaged in the average amount
of education activity. In determining if it was possible to predict education activity in the high intensity
group, a supervised machine learning model using a random forest algorithm was developed. The
model predicted activity in education for high intensity users based on their activity in other areas on
the WiFi with 71% accuracy. Other research has found that student activity on online education
resources, such as virtual learning environments, can predict student withdrawal (Kuzilek et al., 2018;
Hassan et al., 2019) or predict academic performance (Heuer & Breiter, 2018). Previous research was
based on open university data and demonstrated that machine learning could be effectively used with

measures of student engagement for prediction of academic performance or withdrawal in a
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university which exists exclusively online. In the current study data was generated by students who
engage in the university both onsite and online and related to the full suite of internet activities rather
than just activity on the virtual learning environment. Students who are not engaging in educational
activities on the university WiFi may still be at risk of withdrawal or reduced academic performance.
Lack of engagement with education activities on the internet by high intensity internet users found in
this study may also be a risk for poorer academic performance as found in previous studies (Kuzilek et
al., 2018; Hassan et al., 2019). Identification of those with high intensity usage of a university WiFi but
who do not engage significantly in education activities on the WiFi may enable universities an

opportunity to look for ways to engage these users.

6.5 Limitations

A key limitation of this research is the restriction of the analysis to internet behavior on the university
WiFi. In a university, users are likely also to be accessing the internet using their telecom network
access provider and the university’s fixed network. This research is limited to one access point to the

internet however would give a more accurate picture of a user’s behavior if it considered all three.

6.6 Conclusion

Analysis of actual user behavior on a university environment identifies two distinct categories of users,
high intensity and low intensity. Approximately 18% of user sessions are high intensity. A high intensity
user is at least four times more active than a low intensity user and at least five times more active in
search, shopping and social media than in Education. Quantifying the percentages of users in each
category and describing the characteristics of users in each category gives an overview of internet

behavior on a university WiFi.

This analysis of behavior a university WiFi could enable universities to identify the percentage of users
at risk of PIU in the institution. Thus, identifying a risk for student wellbeing and academic
performance. Prediction of high intensity WiFi users’ engagement in education could also enable
identification of users at risk of withdrawal. Behavior on a university WiFi could enable universities to

estimate supports required to manage PIU and also measure performance of those supports.

This research contributes to the general understanding of internet use patterns by using objective
data on actual behavior to identify two distinct patterns of internet use on a university WiFi over an
academic year. The percentage of user sessions in each category is also quantified. Thus, establishing

a baseline of a pattern of behavior on the internet using objective data. This research finds that it is
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possible to predict education activity from activities in other areas on the internet suggesting that
other activities on the WiFi may be a distraction from academic activities. Hence providing ubiquitious
access to these activities in a university environment with WiFi may not benefit student’s academic
performance and increase the risk of PIU. Having investigated the patterns of actual user behavior on
a university WiFi and student self-assessment of the behavior, in the final chapter the research aims,

outcomes and achievements are reviewed and summarised.
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Chapter 7. General Discussion

7.1  Summary of Research Aims

Internet use has become central to education and academic work, so much so that during the Covid-
19 pandemic, many universities and colleges moved exclusively to online delivery of education (Qazi
et al., 2020). However, there can be negative consequences from overuse. PIU can have a variety of
detrimental outcomes for students. This doctoral research project aimed to understand patterns of
behavior on the internet in a university environment and the relationships between PIU, wellbeing,
loneliness and FOMO for students. To identify patterns in internet activity in the university, data on
all of the activity on the university WiFi over an academic year was gathered and analysed. The analysis
highlighted patterns of internet behavior that had not been previously identified in psychology
research. The prevalence of PIU in the student body and the relationship of PIU to wellbeing, FOMO
and loneliness in the student body were assessed using survey data gathered from the student body.
The survey included psychometric tests on general PIU, problematic smartphone use, problematic
social media use, problematic pornography use, problematic gaming, wellbeing, loneliness and FOMO.
The inter-relationships between the PIU subtypes, wellbeing, loneliness and FOMO were investigated
using a partial correlation network and variance partitioning. By examining actual behavior of users
on the internet and self-assessment data from a subset of the same users, it was possible to get a
comprehensive overview of patterns of internet behavior and the indications of PIU in a university.
The research findings were interpreted using the I-PACE model (Brand et al., 2019) which offered an
explanation of the associations between the PIU subtypes, wellbeing, loneliness and FOMO in a

behavioral addiction model.

7.2 WiFi at University: A Better Balance between Education Activity and Distraction Activity
Needed.

In the first study, presented in Chapter 4, unobtrusive passive monitoring gathered a vast amount of
data on actual user behavior on the internet from a university WiFi over an academic year. A need for
more research on internet use behavior based on objective data had previously been identified
(Ryding & Kuss, 2020). The WiFi behavior was examined using data on more than two and a half million
user sessions from the university WiFi. The scope and scale of the data gathered in the study
illuminated patterns of user internet behavior not previously identified. To identify the patterns of
behavior in internet activity, it was necessary to classify the types of activities the users were engaging
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in. Internet activity on websites that shared a purpose were labelled with a classification, e. g., ‘Search’
for activity on ‘Google’ or ‘Bing’, ‘Shopping’ for activity on ‘Amazon’ or ‘Ebay’ and ‘Social Media’ for
activity on ‘Facebook’ or ‘Twitter’. The analysis of internet activity on the university WiFi confirmed
the findings of Gill et al. (2011) that much of the network traffic in an organisation is directed to and
from a small number of websites. Principal Components Analysis (PCA) was used to identify the most
important dimensions of users’ behavior. Distraction was the label used to describe internet activities
in search, social media and shopping, activities that were not directly related to education, which is
expected to be the focus in a university. Over the year and relative to use for education, users were
10 times more active in search, four times more active in social media and three times more active in
shopping. Excessive time on distraction activity on the internet has been found to have negative
effects in previous research (Elhai et al., 2019; Think Tank European Parliament, 2019). The study also
found that an increase in education activity was linked to reduced social media activity. Previous
research had already identified a negative relationship between Facebook usage and academic
performance, which may be explained by the negative correlation between social media and
education which was found in this research (Busalim et al., 2019; Rouis et al., 2011). Use of the WiFi
predominately for distraction and overuse of social media particularly on a university WiFi is of
concern in educational institutions (Elhai et al., 2017; Price & Smith, 2019). The study highlights the
need for innovations in institutional and governmental mechanisms to reduce internet harm including
regulation (Kuss, 2021; Lee et al., 2019). By understanding WiFi behavior, universities are better able
to introduce policies to manage behavior or consider other mechanisms such as education programs
to encourage WiFi users to focus on education and avoid potentially PIU (Lee et al., 2019; Throuvala

et al., 2018).

7.3 Problematic Internet Use Understood using the I-PACE model, Partial Network

Correlation and Variance Partitioning

The second study, in Chapter 5, was a phenomenological exploration of the correlations in the
subtypes of PIU, general PIU, problematic smartphone use, problematic social media use, gaming,
pornography and wellbeing, loneliness and FOMO. Data from a survey of 834 students in the same
university as the objective data were gathered were collected and analysed. The survey included
psychometric tests on PIU subtypes, general problematic internet use, problematic smartphone use,
problematic social media use, problematic gaming, and problematic pornography use, as well as
psychometric tests on wellbeing, loneliness and FOMO. Analyses were performed on the data for

males and females separately, as significant differences in the levels of problematic smartphone use,
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problematic social media use, problematic gaming, problematic pornography use and FOMO for the
sexes were identified. Although there has previously been much research on the subtypes of PIU and
their relationship with wellbeing, loneliness and FOMO, the relationships between the PIU subtypes

and the other assessed variables were not clear.

This research leveraged a partial correlation network and variance partitioning analysis. The partial
correlation networks and variance partitioning used in this study extended existing knowledge with a
coherent network representation of the relationships between PIU subtypes and wellbeing, loneliness
and FOMO. The partial correlation network was useful to identify commonalities and differences in
the associations between the nodes in the networks of relationships for males and females. A latent
variable linking general PIU, problematic social media use and problematic smartphone use and FOMO
identified a pattern of associations which was similar for both males and females. The latent variable
was interpreted using the I-PACE model (Brand et al., 2019). The associations were explained using
the model, as students may use their smartphones to access the internet, engage in social media or
general internet use, which may generate FOMO. The experience of FOMO may lead to decisions to
use social media or internet activity to reduce FOMO. The internet activities may result in gratification
which leads to further use of the internet, and through instrumental conditioning, the use may
develop into PIU in an addictive process (Brand et al., 2019). Graph theory centrality estimates,
generated from the partial correlation network identified problematic social media use and general
PIU as the most influential nodes in the network of relationships. Problematic social media use and
general PIU nodes had the greatest expected influence, strength, betweenness and closeness of all
nodes in the network for both males and females. However, differences were also identified. When
considering supporting males who are dealing with PIU and low wellbeing (including loneliness),
general PIU in particular should be a focus for interventions. For females, social media use should be

of particular concern and a focus for interventions.

The findings in this research suggest high levels of problematic smartphone usage, general PIU,
problematic social media usage, loneliness and below average wellbeing in the student body surveyed.
These findings suggest that students may need to be supported in order to effectively manage social
media usage, their general internet use and smartphone use. This study re-emphasises the need
identified in the first study for innovations in institutional and governmental mechanisms to reduce
internet harm including regulation (Kuss, 2021; Lee et al., 2019). By understanding the level of PIU and
the types of PIU and the relationships with wellbeing, loneliness and FOMO, institutions are better
able to develop policies to manage behavior or consider other mechanisms such as education

programs to develop awareness and avoid potential PIU (Lee et al., 2019; Throuvala et al., 2018). By
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clarifying the differences between the relationships for males and females beyond the significant
differences reported in the levels of PIU, this study differentiates areas of particular concern for men

and women that may require additional support.

7.4 University WiFi Activity Modelling and Analysis to Identify Behavior Patterns and Predict

Education Usage

In the third study, presented in chapter 6, WiFi behavior was examined, using the data on more than
two and a half million user sessions on the university WiFi, which were gathered in the first study.
Using unsupervised machine learning, two distinct clusters of user sessions were identified. The
clusters represented groups of user sessions based on two distinct patterns of behavior. The clusters
were labelled as high intensity and low intensity. There were 17.7% of the user sessions in the cluster
labelled as high intensity. The high intensity users were at least four times more active in each category
of internet use on the WiFi than low intensity users. A high intensity user on the university WiFi was
on average 17 times more active in search than in education, had 6.5 times higher activity in social
media than education, and five times higher activity in shopping than in education, supporting
previous findings on behavior on the WiFi in this university (O’Brien et al., 2022). Quantifying the
percentages of user sessions that are classified as high intensity and low intensity and describing the
characteristics of users in each classification identifies the patterns of internet behavior on a university
WiFi. A high intensity user of the WiFi is a user whose use may be problematic. Previous research has
found a similar pattern of user behavior on the internet, although on a much smaller dataset,
identifying 25% of 504 users whose internet behavior was classified as high intensity (Vayre &
Vonthron, 2019). Analysis of behavior on a university WiFi in this way can enable universities to

estimate the percentage of users at risk of PIU in the institution.

Using the high intensity user sessions, a supervised machine learning model was developed to predict
a user’s education activity on the WiFi from other activity on the WiFi. The model predicted activity in
education for high intensity users based on their activity in other areas on the WiFi with 71% accuracy.
Other research has found that student activity on online education resources, such as virtual learning
environments, can predict student withdrawal (Kuzilek et al., 2018; Hassan et al., 2019) or predict
academic performance (Heuer & Breiter, 2018). Lack of engagement with education activities on the
internet may be a risk for poorer academic performance (Kuzilek et al., 2018; Hassan et al., 2019).
Analysis of user behavior on a university WiFi and prediction of lack of engagement with education

activities may enable universities at an institutional level to develop policies to deliver infrastructure
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in particular access to the internet in such a way that supports student academic performance and

wellbeing.

7.5 The I-PACE model

The Interaction Person Affect Cognitive Execution (I-PACE) (Brand et al., 2019) is a model which
outlines the processes underlying development and maintenance of behavioral addictions. The
present research does not provide any indication about predisposing factors as no longitudinal
analyses were performed. However, relationships were identified which could be either cause or
effect. Predisposing factors for PIU development and maintenance may be psychological or biological.
The associations between PIU and gender suggest gender may predispose to PIU as gender cannot be
affected by PIU. The links between PIU and loneliness, reduced wellbeing and/or FOMO suggest they
may predispose to PIU or be an effect of PIU. Factors such as cognitive reactions to situational triggers
may affect choices to use the internet. Other factors, such as cognitive and attentional biases, may
also affect the choice to use the internet as a coping strategy. Gratification or compensation when
using the internet to alleviate loneliness or FOMO or to distract from offline life stresses offer an
explanation for the associations found with PIU in this research. PIU subtypes, particularly social media
and general PIU, are associated with other PIU subtypes, FOMO, loneliness and wellbeing. Compulsive
use of the internet may be linked with reduced inhibitory control and may be enabled by cheap and
easy access to the internet. The I-PACE model (Brand et al., 2019) can frame findings on PIU to enable
greater understanding. The treatment of PIU should be focused on potential mediating and
moderating factors according to previous research (Elhai, Yang, Dempsey et al., 2020). While cause
and effect or moderators and mediators were not established in this research, the factors general PIU
and problematic social media use were identified as central factors in the network of relationships
between PIU subtypes and wellbeing, loneliness and FOMO and as such could be the focus of

treatment of PIU.

7.6 Limitations

Several limitations in this research were identified. This succinct summary section will highlight a
number of those, over and above the ones presented in each of the empirical chapters. The present
research is cross-sectional and therefore offers insights into the associations between the assessed
variables, and does not determine causal relationships. Research efforts that would establish the

direction of the relationships between the variables examined in this research are needed to shed
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further light upon the etiology of PIU and the relationships between PIU and wellbeing, loneliness and

FOMO.

In this research, the pattern of behavior of individual users on the university WiFi and the student
response to the psychometric survey were not linked. This link could have enabled other valuable
insights and comparisons of a particular individual’s actual behavior and the individual’s self-

assessment of the behavior.

7.7 Future research

Problematic social media use was found as the most influential node in the network of relationships
between PIU subtypes and wellbeing, loneliness and FOMO from the survey data. Reasons for and
consequences of this influence need to be further discerned. This research also found an inverse
relationship between social media Wi-Fi use and educational Wi-Fi use in the pattern of actual
behavior. The inverse relationship suggests that those who use social media attend to educational

activities less or vice versa. To establish whether this is in fact the case, further research is required.

The potentially negative effects of problematic general internet use on loneliness and wellbeing are
another avenue for study. This research project has indicated that general PIU is central in the network
of relationships between PIU subtypes. The research also found that general PIU was directly linked
to reduced wellbeing and increased loneliness in student populations. In order to establish whether
this is indeed the case, additional research is required. Research could link individual actual internet
behavior with self-assessment data to further explore the relationships. The research highlighted that
for males the variance in wellbeing and loneliness that was explained by the interaction between
general PIU and wellbeing or general PIU and loneliness was twice that for females. Research into the
effect of general PIU on males and the associations with reduced wellbeing or increased loneliness

could further explain this finding.

A number of relationships which existed for females that did not exist for males could be further
investigated. The negative correlation between problematic smartphone use and loneliness for
females could be investigated to determine if problematic smartphone use can reduce loneliness for
females or vice versa. This research also found an inverse relationship between problematic social
media use and problematic gaming and between problematic pornography use and problematic
gaming; relationships that could be further examined and understood. Problematic gaming may be

less likely to be an issue for females who have issues with problematic social media use or problematic
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pornography or vice versa. The negative correlations between these variables in particular would

benefit from further scientific evaluation.

7.8 Implications

This research has implications for prevention, research, and clinical practice. This doctoral research
project elucidates the level of PIU in university students and the phenomenology of PIU in university
students. The research investigates and clarifies the relationships between PIU and student wellbeing,
loneliness and FOMO. The research has also illuminated the pattern of actual internet behavior of
users of the WiFi in a university environment and identified aspects of that behavior that may put
people at risk of PIU. Thus, this research highlights the need to consider PIU or excessive use of the
internet in a university environment as PIU can result in significant impairment and distress for some

individuals and generally negative consequences (Brey & Gauttier, 2019).

The research findings suggest that university WiFi is principally used for distraction activities and thus
expected educational benefits may not be achieved. Excessive use of the internet for distraction is a
potential harm for students. While internet use is central to education, using it so that it promotes
student wellbeing and improves student academic behavior is critical. The present research suggests
that Universities need to re-consider how WiFi is delivered to students, how it is used and the extent
to which providing ubiquitous access to the internet is beneficial to students. The negative link found
in this research between education activity and social media activity, which supports previous findings,
is of concern. It was concerning that on a university WiFi over 90% of all social media use consisted of
Meta-controlled sites. Facebook use, in particular, has been linked to reduced academic performance
(Busalim et al., 2019; Feng et al., 2019). Measures are required to reduce distraction activity and
increase educational activity by users of WiFi in Universities. Universities could consider practical
solutions to reduce internet distraction, such as education programs to develop awareness of the risks
of Problematic Internet Use (PIU) and/or filtering, blocking or time limiting use of distraction-related
websites on a university WiFi and/or restricting availability of WiFi to particular locations on the

university campus.

This research found high levels of PIU, a large percentage of students with reduced wellbeing and a
very high percentage of students that were lonely. Most students surveyed felt that internet use did
not benefit their physical health and approximately half felt it did not benefit their mental health. PIU
has been found to generally adversely affect student wellbeing (Casale et Fioravanti, 2011; Elhai et al.,

2021; Elhai et al., 2018; Hebebci & Shelley, 2018; Reer et al., 2019; Stead & Bibby, 2017) and academic
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performance (Truzoli, 2019). The level of PIU, the percentage of university students with wellbeing
below par, and the level of loneliness and FOMO identified in this study suggest that university
students may need to be supported in order to effectively manage social media usage, their general
internet use and smartphone use. Managing problematic social media use and general PIU in
particular could positively affect wellbeing and negatively affect loneliness and FOMO. Thus,
universities need to consider how the internet resources they provide are used, the level of PIU in the
student body, how PIU affects university students’ wellbeing and academic performance and how

students with potential PIU are supported.

The recognition of the existence of PIU in university students and recognition of the potential negative
consequences for students in particular on their level of loneliness and wellbeing can serve as
evidence to highlight a need to develop and initiate targeted preventions and focused support
initiatives. These can be informed by the findings of the present research, as it has indicated that (i)
high levels of general PIU, problematic social media use and problematic smartphone use exist in
student populations, (ii) PIU is associated with lower wellbeing, increased loneliness and FOMO, (iii)
there are two distinct patterns of internet usage on a university Wifi; almost 20% of user sessions
highlight a high intensity pattern of usage, (iv) it is possible to predict internet education activity from
other internet activities in a university environment, (v) there is an inverse relationship between social
media use and education activity on a university WiFi, (vi) the vast majority of activity on a university
WiFi consists of distraction activity, (vii) commercial for profit entities host the vast amount of
interactions on university WiFi. All of the research findings indicate that focused management and
support to address PIU in university students is needed and such supports could promote student

wellbeing and academic success.

As previously stated, the high level of PIU reported by students highlights the need for innovations in
institutional and governmental mechanisms to reduce internet harm including regulation (Kuss, 2021;
Lee et al., 2019). Support for students in education institutions may include policies to manage
behavior or other mechanisms, such as education programs to encourage WiFi users to focus on
education (Lee et al., 2019; Throuvala et al., 2018). The clarification of the relationships between PIU
subtypes, wellbeing, loneliness and FOMO will allow clinicians to consider the nuances of PIU in males
and females and the relationships with wellbeing, loneliness and FOMO and thus, offer more focused

treatment for PIU, reduced wellbeing, loneliness and FOMO.

The analysis of actual behavior performed in this study can enable institutions to approximate the

percentage of students in an institution that are at risk of PIU. The percentage of users at risk of PIU
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can be estimated using the percentage of WiFi sessions that are of high intensity. Changes in the
percentage of user sessions that indicate high activity or a pattern of usage of high activity users can

measure the potential impact of support aimed to reduce PIU at an institutional level.

From a mental health perspective, it is important to identify the factors that contribute to the risk of
PIU and also recognise those factors that have a protective function. Ultimately, this research furthers
a general understanding of why and how PIU is developed and maintained. The findings can facilitate
the initiation of targeted and more nuanced support that is focused where it may be effective. These
findings may help policy efforts in universities to prevent PIU when considering how best to protect
students. Initiatives to improve student wellbeing and/or loneliness could also have a positive effect
on general PIU, problematic social media use and problematic smartphone use. Many factors that
affect student loneliness, wellbeing and FOMO would be beyond the scope of a university to address.
However, it could be expected that support to help manage general PIU and problematic social media
usage could be provided. The findings in this research suggest that increased general PIU and
problematic social media usage are a cause or an effect or both cause and effect of increased
loneliness, reduced wellbeing and increased FOMO. Effective support to enable university students to

manage general PIU and problematic social media usage could have broad and very positive benefits.

Existing research on prevention of PIU suggests an individual's environment, social factors and
individual thought and behaviour should be considered as well as promoting harm-reducing factors
(Lee et al., 2019). Environmental actions could include legislation to define acceptable strategies to
attract and maintain an individual’s attention on the internet. Although technology companies are
likely to be opposed to regulation, measures to reduce internet harm including regulation may be
necessary (Kuss, 2021; Lee et al., 2019). By recognising patterns in users’ activity on the university
WiFi, universities may better understand their students behavior on the internet and its potential
impacts. Where necessary universities could introduce focused policies to limit distraction activity or
consider other mechanisms, such as education programs to encourage focus on education (Lee et al.,

2019; Throuvala et al., 2018).

The need for an official content taxonomy to categorise the website content for all websites was also
identified in this research. Identification of a website’s purpose and content could have many positive
effects when analysing behavior patterns, and could enable effective screening options for
institutions, students and others. Government policy, creating an official content taxonomy and

requiring website providers to register the purpose of their website using the taxonomy when making
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a website accessible on the internet could ensure correct identification of a website’s purpose with

certainty, in a way that is not currently possible.

7.9 Final remarks

This doctoral research project emphasised the importance of understanding internet use and the
potential relationships with wellbeing, loneliness and FOMO in universities. PIU in this research was
understood as a behavioral pattern of internet use marked by preoccupation and unregulated overuse
with negative consequences not accounted for by any other disorder (Kuss & Pontes, 2019). In this
research university students reported high levels of problematic smartphone use, problematic social
media use and general problematic internet use. In analysis of the patterns of actual internet behavior
of the student body approximately 20% had a high intensity pattern of behavior that highlighted
potential for PIU and the general pattern of internet use was unlikely to provide educational benefits.
The student body reported high levels of loneliness and reduced wellbeing. Analysis of the data from
the student survey identified links between PIU and wellbeing and loneliness. Given the negative
consequences of PIU, the high levels of PIU reported, the concerning patterns of actual internet
behavior identified, universities need as a matter of urgency to consider measures to address potential

PIU in students.
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Appendices

Appendix A
Contribution of First author

Contribution of first author (Oonagh O’Brien) to each of the literature reviews:

e |nitiation of review

e Development of ideas for focus of the review

e Search for and collection of literature for the review

e Analysis of literature

e Draft review preparation and updates based on multiple iterations of co-author feedback

e All authors reviewed and approved the final literature reviews

Contribution of first author (Oonagh O’Brien) to empirical chapters 4 and 6

e Study conception and design
¢ Development of key ideas with co-authors
¢ Data collection, cleaning , analysis and interpretation

e Draft manuscript preparation and updates based on multiple iterations of co-author
feedback

e All authors reviewed and approved the final empirical chapters

Contribution of first author (Oonagh O’Brien) to empirical chapter 5

e Study conception and design

e Development of key ideas with co-authors

e Development of online survey

e Participant recruitment

¢ Data collection, cleaning, analysis and interpretation

e Draft manuscript preparation and updates based on multiple iterations of co-author
feedback

e All authors reviewed and approved the final empirical chapters
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Appendices

Appendix B

University WiFi Network Demographics of Users

2018/2019 Student Staff Headcount
Male Full-time 5036 573

Female Full-time 3428 574

Male Part-time 2733

Female Part-time 1386

Apprentice in part-time 1088

* Guests may also use the WiFi network
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Appendix C

University Activity by User Session for University Academic Year 2018/2019

Month

University Activity

September’'18

Semester 1 begins 12th, Week 1-3

October ‘18

Bank holiday 29th Oct, Week 4-7

November ‘18

Week 7 — Week 11

December ‘18

Week 12,13, 14-21 exams- University closed 22nd Dec

January ‘19 5,7,8 Exams. Semester 2 begins Jan 28th, Week 1
February’19 Open Week 2-5

March ‘19 Open Bank Holiday18th, Week 6-9

April ‘19 2 weeks Easter, Week 10,11

May ‘19 Week 12, 13 Exams 11-24th May
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Appendix D

Percentage Male and Female Results Above Cut-off in Psychometric Tests

Male Female
Psychometric N N Above %Above N N Above %  Above | Cut-off Valid Range
Cut-off Cut-off Cut-off Cut-off

Test

SAS-SV 362 169 47 469 284 61 33 female, 31 male => 6to60
potentially addictive
smartphone usage

PIUQ-SF-9 341 80 23 449 123 27 >=22 => potential problematic 9 to 45
general internet usage

IGDS9-SF 331 3 1 435 1 0 >=32 => potential internet 9to 45
gaming disorder

BSMAS 326 25 8 442 91 21 >=19, potentially addicted 5to 30
social media usage

PPCS-18 289 3 1 396 0 0 >=76 => potentially  5to 50
problematic internet
pornography consumption

FOMO 322 N/A N/A 432 N/A N/A N/A 0to 100

PWI 362 220 61 469 267 57 < 50 => suggests wellbeing is 20 to 80
less than normal

UCLA 308 204 66 428 305 71 >= 43 indicator of moderate or 18 to 126
high degree of loneliness

178



Appendices

Appendix E

Classified Websites

Primary Domain Hosted Sites Classifications flows
heanet.ie cloud and technology 5621874137
google.com search 2174952534
facebook.com social media 874595546
amazon.com shopping 694626286
apple.com Apple 493527063
microsoft.com cloud and technology 380185765
akamai.com cloud and technology 377188104
fastly.com cloud and technology 169430825
amazon.com :/C\;?/s\/.iui\:.li\gv\;\lllw\:.L(i?t.izltsu.le education 55912633
edu.ie education 52032369
verizonbusiness.com cloud and technology 43574715
centurylink.com cloud and technology 31700098
cloudflare.com cloud and technology 30631902
verizondigitalmedia.com cloud and technology 28984676
google.com chekian.com search 27737001
google.com lenium1. cf search 27142364
blackboard.com education 24460872
verisign.com cloud and technology 23483033
391ii.com WWW.
dropboxinc.com hdgrza.com93338v.cc www. education 22285154
freejidi. tk6j6. top
icann. org cloud and technology 22023919
xandr.com advertising 21982783
root-servers. net. tandemfliegen.at cloud and technology 21342958
mcafee.com cloud and technology 19975001
twitter.com social media 19167770
cognipace.com ltwh7.
verizondigitalmedia.com tkem8ro.tkd6h53.Tkbro other 18041317
sciencequarterly.com
41.cn onionflix.cc
google.com newmax.infoftempurl.com social media 16876148
itempurl.com
microsoft.com caricert. cw cloud and technology 16354119
whatsapp.com social media 16128230
pepperhost.de WWW.
microsoft.com :;E}:gﬂxstg; www.wsrd. cloud and technology 15242719
nlpearlandgasket.com
none other 15212133
yahoo-inc.com search 14787855
dropboxinc.com education 13793260
cukieuphumy.com
google.com f:(:;orirl;ci(:tldomforhaitié.)atg:g. education 13604573
conhantaotranvan.com
criteo.com advertising 13267983
microsoft.com bing.com search 12655834

msftconnecttest.com  bing.
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http://www.tum.ie/

google.com
t-systems.com
netflix.com
integralads.com
alibaba-inc.com

microsoft.com

hetzner. de
avast.com
linkedin.com
vmware.com
tencent.com

google.com

ans. net
leaseweb.com
dropbox.com
bogon
spotify.com
three.ie
digitalocean.com
eir.ie
openx.com
inap.com
newrelic.com
packet.com

stackpath.com

mopub.com
microsoft.com
google.com

microsoft.com

google.com
pubmatic.com
ovh. net
adobe.com

microsoft.com

youtube.com
king.com
google.com

paddypowerbetfair.com

google.com
linode.com
worldstream.com

Appendices

netpassport.net
interoperabilitybridges.com

pulkkinen. io

galuna.com  sdrv.ms826b1.
tkldrv.ms kundbheiraten.de

mtgnia.com dns.Google
durangomuseoa.Eu ssecure-
auth.designx0522.com

musescore.com netdna-
ssl.com timesofisrael.com
memuplay.com
lyricsmode.com

mopub.com
msftconnecttest. xyz
ynotOl.com

University.thelettero.com
kettelhoit.se ~www.intrinsic.
gg WWW. ghally.com
ttkonsortium.com

vaeslucas.nl

stepnordic.com  portcheck.
net

ako. twclipperton.org

ibtekarmedia.com

search

cloud and technology
streaming
advertising

shopping

cloud and technology

cloud and technology
cloud and technology
education

cloud and technology
social media

other

cloud and technology
cloud and technology
education

other

streaming

other

cloud and technology
other

advertising

cloud and technology
cloud and technology
cloud and technology

education

advertising
cloud and technology
search

education

search

advertising

cloud and technology
education

cloud and technology

streaming

gaming

search

gaming

search

cloud and technology
cloud and technology

12501333
11957075
10209915
10198024
9998246

9816562

9801196
9610178
9165702
9100452
9030506

8977329

8924025
8397066
8248668
8109977
8065920
7860809
7612563
7510295
7419686
7367467
6944903
6426470

6285200

6269473
6206210
6177407

6046840

5889081
5764552
4986044
4909273

4893438

4633742
4576518
4429295
4348832
4264765
4239632
4013514
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kaspersky.com
verizonmedia.com
google.com

stackpath.com

rackspace.com

opendns.com

automattic.com
alibabagroup.com

twitter.com

twitter.com

microsoft.com
stackpath.com

twitter.com

twitter.com
microsoft.com
ntt.com
microsoft.com
google.com

valve. net
microsoft.com
aib.ie
microsoft.com
stackpath.com
conversantmedia.com
servercentral.com
google.com
bt.com

root-dns-server. net

nasa. gov
mail. mil

umd. edu

isi. edu
telegram. org
zscaler.com
mediamath.com
isc. org

psinet. hn

mopub.com
ibm.com
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starwarsrp.co.uk

ultimateguitar.com
musescore.com
timesofisrael.com
memuplay.comdavarl. co. il

mtgnia.com dreamshops.in
talkitupglobal.com
michiganpaving.net
jackberben. net

itoen-
haiku.jp7style.xyzjflabo.org

cpress.co rankmaker.net
47jnl.tk strapyoung.
worktwiaso-bee.com

sahs.at

39finder.pw
tweeter.workjonas-
polls.online
twitterprojector.com

buckget.us
abraccio.co.uk

williscaregroup.ie
tdala.se

px-investor.cz

mkolegija.it
cavalierhospitals.com

activtrainer.com

University.rollhg.co.nz
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Appendix F

Classifications Used for Websites and Explanation and Examples of the Classification (Content

Taxonomy - IAB Tech Lab, n. d. ).

Classification

Explanation

advertising Domains associated with marketing or advertising e. g., Mopub.com

Apple 4 percent of overall network activity was to Apple, predominantly data backup,
then Apple tv, Apple music or software downloads.

streaming Domains for television, movie streaming or music streaming such as
spotify.com, youtube.com, or rte.ie

education Domains for which the primary purpose is for education or is used in education
in University such as wikemedia.com or dropbox. inc

gaming Websites that are associated with video games or betting such
paddypower.com or king.com

cloud and Cloud services, software companies, network security services. This

technology classification includes Internet service and technology related activities that
occur in the background when accessing a domain, such as technology to
enable a safer Internet, application delivery and networking technology that
optimizes the delivery of network-based applications. Examples are heanet.ie

search This classification includes websites that are used for internet searches, e. g.,
Google.com

shopping Websites for which the primary purpose is shopping such as Amazon.com,
Ebayinc.com, exotik.com Alibaba-inc.com

social media Websites used for social interaction and communication, Twitter.com,
facebook.com, telegram. org

other Websites that do not naturally sit in any of the other categories, e. g.,

AitaleabiamoGlobal.com, aib.ie
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Appendix G

Samples of User Sessions, Each Details the Number of Flows in Each Category of Activity for a User.

User cloud and social

search shopping  education streaming advertising other gaming
Id technology media
1 5188 1565 613 404 426 0 422 43 10
2 2536 742 294 188 185 0 150 21 5
3 2371 1242 392 200 4 12 0 0 14
4 1175 436 118 74 2 6 0 0 6
5 10898 3793 1653 1127 483 71 234 172 47
6 5423 1674 580 469 183 33 94 68 21
7 23151 2987 1090 915 944 212 115 0 23
8 10218 1061 336 284 323 71 46 0 6
9 9171 3323 1048 1163 327 44 74 41 72
10 4504 1145 296 361 115 18 23 11 26
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Appendix H

High level Representation of Cleaning and Filtering Netflow Data to Create User Profiles of Activity

Each Day.
Start Create list of top »| Merge list of top sites for month
110 sites accessed year list for year to date
Directory for Sum number of flows y
each Month to each domain name Manually resolve unresolved categories
in month - to create year to date most popular
* 7y sites with cateogories
Directory for *
each Day Create database to
resolve ips to domain Create file for each day in month with
‘ name with ipinfo line for each user session and column
+ website accessed
Filter traffic
only WiFi and Create file for month *
to Internet with list of ips accessed : >
and humber of AoWs 16 Creat_e file for month with total numbt_ar qf
‘ flows in each category for each website in
+ year to date most popular for each user
Ensure IP Group user session
unique for - session *
each user together for
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Appendix |

Heat Map of Correlations Internet Activity for the Academic Year 2018/19
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Appendix J

Sessions and Outliers for Each Month.
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Appendix K

Elbow Graph of Cumulative Principal Component Variance.
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Appendix L

Principal Component Analysis of User Sessions

Figure L1.

Principal Component Loadings for Principal Component 1 - ‘Distraction’ and Principal Component 2 - ‘Not social media’ Based on User sessions for the

Academic Year.

PC1 - Distraction PC2 - Not Social Media
Classification Classification
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Not Social Media
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0.0270
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Figure L2.

Principal Component Loadings for Principal Component 1 - ‘Distraction’ and Principal Compontent 2 - ‘Not social Media’ based on User Sessions for Each

Month.
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Appendix M

Explained Variance for Each Principal Component for the Academic Year and for Each Month.
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Appendix N
User Sessions and Activity

Figure N1.

Number of User Sessions Active in Each Classification Semester 1 2018/2019.
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Figure N3.

Mean Activity in Each Classification where there was User Activity for Semester 1 2018/2019.
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Appendices

Top Sites Accessed in Each Classification for Academic Year 2018/2019

Site Name Classification Percentage of Total Activity
heanet.ie cloud and technology 47.37
microsoft.com cloud and technology 32
akamai.com cloud and technology 3.18
apple.com Apple 4.16
google.com search 19.09
yahoo-inc.com search 0.12
microsoft.com search (bing.com) 0.11
facebook.com social media 7.37
twitter.com social media 028
Google.com (onionflix.com) social media (onionflix.com) 0.14
amazon.com shopping 5.85
alibaba-inc.com shopping 0.08
alibabagroup.com shopping 0.03
Amazon.com (cit.ie) education (cit.ie) 0.47
edu.ie education 0.44
blackboard.com education 021
xandr.com advertising 0.19
criteo.com advertising 0.11
integralads.com advertising 0.09
verizondigitalmedia.com other 0.15
none other 0.13
google.com other 0.08
netflix.com streaming 0.09
spotify.com streaming 0.07
youtube.com streaming 0.04
king.com gaming 0.04
paddypowerbetfair.com gaming 0.04
google.com gaming (starwarsrp. co. uk) 0.03
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Appendix P

General Questions on Internet Use

Q. Internet Application Checklist - Please estimate the percentage of time of your overall internet time
you have spent on the following online activities over the past month,
e. g. Astudent response might be :- academic activities 20%, social media 25%, email 15%, online shopping
20% ,news sites 20% - total 100%Note :- the total is automatically calculated you do not need to provide

avalue

Academic work

Email

Youtube

Facebook, Instagram, WhatsApp

Twitter

Netflix

Adult entertainment sites (eg. pornography or explicit sexual content)

Online Auctions (eg. Ebay)

O 0O 00000a0Qnamonan

Online Gambling (eg. Paddy Power)

[l

Online Gaming (eg. League of Legends, Fortnite)

[

Online Shopping (eg. Amazon)

[

Online Dating (eg. Tindr, Grindr)
News Sites

Stock Trading

Surfing the Internet

Chat room

N I O I O

Other
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Q. Please estimate the number of hours you spend daily on ...

Entertainment
Activity (eg.
Facebook,
Instagram, Netflix)

Academic or Other
Business activity
(eg. Blackboard,
banking, email):

Q. Do you think your internet activities are beneficial to your physical health

Q. Do you think your internet activities are beneficial to your mental health

Answered on a 5 point Likert scale from Definitely Yes to Definitely not
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Appendix Q
WiFi at University: A Better Balance between Education Activity and Distraction Activity Needed.

https://www.sciencedirect.com/science/article/pii/$2666557321000422
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