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Abstract: Background: Although the internet facilitates access to a wide range of knowledge and
evidence, overuse among young people is associated with lower wellbeing and psychosomatic
symptoms. The aim of this cross-sectional study is to explore the relationship between internet use,
mental wellbeing, and psychosomatic symptoms among university students in Slovenia. Methods:
We used correlation matrix plots to identify correlated symptoms and multivariate logistic regression
to analyze the relationship between the time spent on the internet or computer and psychosomatic
symptoms controlling for gender. Symptoms were measured using the Health Behavior of School
Children scale. Results: Out of 464 students, the majority (64.7%, n = 300) were healthcare students
and 35.3% (n = 164) were computer science students. Among somatic symptoms, headaches were
associated with more time spent on the computer (r = −0.17, p < 0.001) and were significantly more
prevalent in computer science students compared to health science students (χ2(1) = 8.52, p = 0.004).
Time spent using the internet for spare time activities was associated with lower nervousness (r = 0.15,
p = 0.005). Conclusions: Computer science students reported more frequent psychological symptoms
compared to health science students and less somatic symptoms.

Keywords: psychological symptoms; somatic symptoms; technology use; wellbeing; university stu-
dents

1. Introduction

There are over 4 billion regular internet users globally, and the largest growth rate
is among young adults. Developments in information technology have positive effects
on different aspects of human life [1]. The Internet has become the main source of health-
related information due to the high-speed search, low costs, and the ability to access
information anonymously [2]. However, there has been much more awareness about the
adverse consequences of the overuse of the internet and social media on student’s mental
health and mental wellbeing, academic achievement [3–5], dietary habits, sleep problems
and fatigue symptoms [6,7], and internet addiction [8,9].

Mental health problems among university students are highly prevalent [10–15] and
are estimated to affect between 12–48% of students [16]. In the context of COVID-19,
university students are almost completely dependent on the internet for academic purposes,
entertainment, and interpersonal communication [17,18].

Overuse of the internet can exacerbate depression, anxiety, and stress for students
across a variety of fields of study [19,20], including both students in schools of engineering
and nursing. A study conducted among engineering students in India reported that internet
addiction was associated with psychosomatic symptoms, including fatigue, insomnia,
headache, eating disorders, etc. [17]. Internet technology is infused in almost all study
aspects of engineering student and impact their health, behavior, academic success, and
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job performance [21]. Anand et al. [22] emphasized the need for early identification and
management of internet addictions among engineering students. Consistent with this
finding, Khalil et al. [23] reported a positive association between higher internet use and
increased psychosomatic symptoms, social appearance anxiety, and nomophobia—fear
of being detached from a smartphone—among nursing students [24]. Another study [25]
revealed that older nursing students were more prone to excessive internet use than
younger nursing students. In addition, students in which problematic internet use was
detected managed their time poorer.

Students’ awareness about the positive and negative impacts of the internet is important
for safe internet use. There is a need to investigate the relationship between internet and com-
puter use and psychosomatic symptoms among university students to propose educational
and supportive interventions for students. Psychosomatic disorder can impact learning skills
and academic success, leading to worsening students’ mental wellbeing and study satisfaction.
The aim of this study was to investigate the relationship between internet and computer use
and psychosomatic symptoms among health sciences and engineering students.

2. Materials and Methods

Data for this cross-sectional study were collected using an anonymous online survey
at two faculties belonging to a single university in Slovenia from January until March
2019 (pre and post examination period) using convenience sampling. Participants in the
study did not receive any financial compensation. All data is available in Supplementary
Materials (File S1).

2.1. Participants

A total of 464 students from a university in Slovenia were enrolled in the study. The
health sciences sample included 300 students (64.7%) who were earning degrees in Nursing,
Bioinformatics, and Management in Health and Social Organization. The engineering sam-
ple included 164 (35.3%) students who were earning degrees in Electrical Engineering and
Computer Science. Students were invited to participate in the study by university teachers
and teaching assistants during different classes. The decision to take part in the study was
voluntary. The age range of the involved students ranged from 18 to 49, with a mean of 21.69
(SD = 4.38). Other demographic characteristics of the sample are shown in Table 1.

Table 1. Demographic characteristics of the sample by faculty.

Health Sciences
(n = 300)

Electrical Engineering and Computer
Science
(n = 164)

N % N %

Gender

Female 255 84.2 30 18.1

Male 48 15.8 136 81.9

Level of study

1st (Undergraduate) 245 80.6 125 75.3

2nd (Master) 51 16.8 40 24.1

3rd (PhD) 8 2.6 1 0.6

Study year

1st 128 42.1 152 92.1

2nd 81 26.6 13 7.9

3rd 95 31.3

Study type

Full time 226 74.3 165 99.4

Part time 78 25.7 1 0.6
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2.2. Measures

We used a validated and translated version of the Warwick–Edinburgh Mental Wellbeing-
Scale (WEMWBS) questionnaire to measure students’ mental wellbeing [26–28]. The WEMWBS
includes 14 items that measure positive mental wellbeing over the last two weeks, with re-
sponses that range from 1 (none of the time) to 5 (all of the time). A total WEMWBS score was
calculated by summing all 14-item responses resulting in scores ranging from 14 to 70 [27].
The internal consistency calculated using Cronbach alpha on our sample was 0.902.

Psychosomatic symptoms were measured using the Health Behavior of School Chil-
dren (HBSC) scale and an additional question relating to self-assessment of health [29].
The HBSC symptom checklist includes eight common symptoms: headache, stomachache,
backache, feeling low, irritability, bad-tempered, feeling nervous, difficulty in falling asleep,
and feeling dizzy.

The eight symptoms were grouped into two groups: somatic (headache, stomachache,
backache, feeling dizzy) and psychological (feeling low, irritability, bad-tempered, and
feeling nervous) symptoms [22]. Participants self-reported how often they experienced
symptoms, ranging from ‘about every day’ to ‘rarely or never’. The self-assessment
of the answers ranged from 1 (poor) to 5 (excellent), with higher scores indicating the
lower frequency of the specific symptom (and better self-rated health) [29]. The internal
consistency of the HBSC scale for our sample was 0.780. Measures were chosen to include
similar concepts and those related to mental wellbeing. Participants in the study were also
asked about their time (in hours) spent on the internet for study and spare time activities.
They were also asked to estimate their time using mobile phones and computers.

2.3. Data Analysis

All data analysis, including visualization of the data, was conducted using R statistical
programing language (R Foundation for Statistical Computing, Vienna, Austria, 2005) [30,31].
The response values from psychosomatic Likert scale questions were summed to obtain the
total scores for somatic, psychological, and psychosomatic symptoms. Since both somatic
and psychological symptoms contain four items, the maximum score in both scales was
20 points and minimal 5 points where a higher value represents the lower frequency of
symptoms. In the self-assessment of health questions in the HBSC, the answers ranged
from 1 (poor) to 5 (excellent). Most of the answers were mandatory to complete resulting in
a very low rate of missing data (less than 1% in any variable). To account for missing data
in the regression analysis, we used imputation of the missing values using the missForest
package in R [32].

Results for the correlation matrix visualization were calculated using the Spearman
regression coefficient as implemented in the corrplot R package [33] using only complete
(pairwise) samples. Additionally, we used multiple linear regression to analyze the partial
correlation coefficients between time spent on the internet, on mobile phones, or computers
and psychological or somatic symptoms controlling for gender. Variance inflation factor
calculations were performed to examine potentially problematic multicollinearity among
predictors with values below 10 considered as acceptable [34]. Figure 1 show significant
correlations where the Spearman correlation test resulted in a statistically significant result
(α = 0.05). Differences between computer science and health science students were assessed
using the chi-square test. For measures that were highly positively skewed, we used square
root transformation to obtain normal data distribution.
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Figure 1. Bivariate correlations between four measures of internet use (study or spare time), mobile
phones and computer use, eight psychosomatic symptoms, self-rated health, and mental-wellbeing
(WEMWBS) scores.

3. Results

The correlation matrix (Figure 1) show bivariate correlations between all four measures
of time spent on the internet (study or spare time), computer, or mobile phone and eight
psychosomatic symptoms. Hours refer to hours per day used for various activities, i.e.,
hours per day for internet use for study purposes. As demonstrated in Figure 1, there was
a strong correlation between Hours (computer), Hours (Internet spare time), and Hours
(mobile phone). Additionally, self-rated health and WEMWBS scores were also included
in the exploratory correlation analysis. Interestingly, no statistically significant correlation
could be demonstrated between WEMWBS or self-rated health and hours spent using a
computer, the internet, or a mobile phone. Feeling nervous was the only symptom that was
correlated with the time spent on the internet in spare time (r = 0.153, 95% CI [0.039, 0.218],
p = 0.005). There were two somatic and two psychological symptoms correlated with the
number of hours spent on the computer. Headache (r = −0.166, 95% CI [−0.256, −0.079],
p < 0.001) and stomach pain (r = −0.088, 95% CI [−0.185, −0.005], p = 0.039) were both
positively correlated with computer time. On the other hand, feeling nervous (r = 0.089,
95% CI [0.016, 0.196], p = 0.021) and sleeping troubles (r = 0.125, 95% CI [0.005, 0.186], p =
0.039) had a negative correlation with computer time.

The multiple regression analysis controlled gender and included two sets of four
regression models. Associations between the time spent on the internet (study or spare
time), mobile phone, or computer and somatic symptoms (headache, stomach pain, back
pain, feeling dizzy) were identified.

For somatic symptoms, feeling dizzy was correlated (β = 0.068, p = 0.046) with hours
of time spent on the internet for study. Headaches were also negatively correlated (β =
−0.080, p = 0.037) with hours spent on a computer (Table 2). No significant contribution of
the psychological symptoms was observed in any of the four models (Table 3).
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Table 2. Regression coefficients for somatic symptoms models.

Internet (Study) Internet (Freetime) Hours (Computer) Hours (Phone)
Estimate Std. Estimate Std. Estimate Std. Estimate Std.

(Intercept) 1.378 0.072 1.490 0.083 1.323 0.107 1.784 0.114
Female 0.099 0.051 0.435 0.058 0.868 0.075 −0.056 0.080

Headache −0.041 0.026 0.010 0.030 −0.080 0.039 0.027 0.042
Stomach pain −0.021 0.030 0.048 0.035 −0.013 0.044 0.060 0.048

Back pain 0.008 0.021 −0.028 0.024 0.012 0.031 −0.016 0.033
Dizzy 0.068 0.034 0.031 0.039 0.051 0.050 0.049 0.054

Statistically significant (α < 0.05) coefficient values are written in bold.

Table 3. Regression coefficients for psychological symptoms models.

Internet (Study) Internet (Freetime) Hours (Computer) Hours (Phone)
Estimate Std. Estimate Std. Estimate Std. Estimate Std.

(Intercept) 1.387 0.066 1.472 0.075 1.191 0.096 1.812 0.103
Gender = Female 0.117 0.050 0.420 0.057 0.877 0.074 −0.080 0.079

Miserable −0.014 0.034 0.049 0.038 −0.001 0.049 −0.085 0.053
Irritable or bad mood −0.007 0.033 −0.027 0.037 −0.059 0.048 0.087 0.052

Nervous 0.012 0.029 0.055 0.033 0.071 0.042 0.054 0.045
Sleeping troubles −0.001 0.024 −0.020 0.027 0.020 0.035 −0.005 0.038

Statistically significant (α < 0.05) coefficient values are written in bold.

To confirm the assumption that there are significant differences in reported psycho-
somatic symptoms between the students from computer science (CS) and health science
(HS) schools, we compared all eight symptoms by faculty. Likert scale plots were used
to visually demonstrate the differences in the distribution of the responses among the
two observed groups. Figure 2 show two sets of four symptoms demonstrating a higher
frequency of somatic and lower frequency of psychological symptoms reported by the CS
students compared to HS students.

Figure 2. Distribution of responses representing the self-reported frequency of psychological and
somatic symptoms for computer science (CS) and health science (HS) students.
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Generally, we can observe a very low frequency of answers representing a low level
of reported symptoms, ranging from 4% to 18% (Figure 2). Due to high skewness in the
distribution of the results, we grouped Likert scale results in two categories—“more than
once per week” and “about every week or less”. Feeling nervous (χ2(1) = 9.50, p = 0.002)
and sleeping troubles (χ2(1) = 10.60, p = 0.001) were the two psychological symptoms with
statistically significant differences between CS and HS students. On the other hand, for
somatic symptoms, CS students reported much more frequent headaches compared to HS
students (χ2(1) = 8.52, p = 0.004).

4. Discussion

The purpose of this study was to investigate the relationship between internet and
computer use and psychosomatic symptoms among university students. Our results show
a weak correlation between time spent on the internet and psychological symptoms and a
stronger association with somatic symptoms, including both headaches and stomachaches
with computer time.

Young people, especially students, are at higher risk of experiencing negative psycho-
somatic symptoms, and attention should be given to the detention and treatment of those
symptoms [35]. Computer Vision Syndrome (CVS) symptoms are defined as “a complex of
eye and vision problems resulting from the activities which stress the near vision during
the use of the computers and digital screens.” [36]. The excessive use of digital equipment
is a risk factor for migraine-type development [37]. A study among school-aged children
showed positive correlations between computer use, stomach pain, and school computer-
related musculoskeletal outcomes [38]. Another study showed that frequency of headaches
was positively correlated with weekly hours of computer use, frequency, and duration of
usage, and no correlation between stomach pain and computer usage [39].

In our study, students who spent more time using the internet in their spare time
reported less nervousness, with no correlation found between internet use for study and
nervousness. One reason for this may be that students who are using the internet in
their spare time are using it to connect with friends, family, and for social interactions.
These study findings are in contrast with those reported among adolescents in Finland,
France, and Denmark, where computer use was associated with shorter sleep duration
and higher symptom load [40]. A difference between the studies is that we differentiated
between overall internet usage and internet use in spare time versus internet use for study
versus spare time. Thomee and colleagues also found that extreme computer usage in
both men and women can cause loss of sleep, depression, and other serious mental health
issues [41]. Poor sleep quality and insomnia are both common among university students
and more prevalent among nocturnal computer users. Moreover, headaches associated
with computer use also deteriorate the quantity and quality of sleeping [42]. Contrary to
the recent findings [19,20], our results did not show any statistically significant correlation
between WEMWBS or self-rated health and hours spent using a computer, the internet, or
a mobile phone.

It is evident that there are significant differences in reported psychosomatic symptoms
between the students from computer science and health science. We did not explore the
reasons for this; thus, this is one of the study limitations. The differences are shown in a
higher frequency of somatic (headache, stomachache, backache, feeling dizzy) and lower
frequency of psychological (feeling low, irritability, bad-tempered, and feeling nervous)
symptoms among computer science students compared to health science students. This
may be due to the fact that computer science students spend more time using a computer.
More time spent using a computer is related to more frequent stomach aches, irritability,
feeling nervous, and difficulty falling asleep [43]. Moreover, nursing students experience
various psychological symptoms, such as preoccupation with danger, hopelessness, self-
blame, and report lower psychological wellbeing [44].

Given the growing problem of internet addiction studied by many scientists and
mental health professionals, this work represents an important contribution to the body
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of knowledge that could be used in designing mental wellbeing programs for students.
Such programs could be tailored to specific groups of students based on their type of study,
year of study, and study program. Students need to be comprehensively educated about
internet addiction and the harms that overuse of screens and social media can have on their
physical and mental wellbeing [45]. Other than training, counseling services should be
available for all university students [23].

The main limitations in this study are related to the distribution of different subgroups
in the population. For example, an uneven distribution of gender in CS and HS populations
did not allow representative comparison by gender in both schools. Another sample-
based limitation relates to the generalizability of the findings based on the young age of
participants; 88% of the students enrolled in both schools belonged to the age group of
18–25 years. Self-reported hours of internet, computer, or phone use were also highly
skewed with some potential outliers where it was difficult to assess the validity of the
data. To reduce the impact of this limitation, all four variables were transformed using
square root transformation. Since all measures of internet, computer, and phone usage were
self-reported, they might not represent an objective measure compared to some studies
where different ways of measuring the time spent on a computer or the internet were used.

5. Conclusions

Internet use has both positive and negative impacts on psychosomatic symptoms
among students. Internet use should be measured with granularity to parse out differences
in the impact of using the internet for study versus in spare time. We report that students
who were using the internet in their spare time reported less nervousness. We also report
that more time on the computer was associated with more frequent headaches. We found
that the prevalence of headaches was higher among computer science compared to health
science students. Health science students did report a much higher frequency of sleeping
troubles and nervousness.
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