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Abstract

Cyberbullying is commonly measured by either an inventory of manifest variables (i.e.
cyber harassment) or the use of global items covering cyberbullying in general. This
study aimed to compare these two approaches in terms of how they predict academic
achievement. Structural equation modelling (SEM) was used to build recursive models
including variables of academic achievement, traditional and cyber harassment,
cyberbullying, socio-economic status, perceived quality of life at school, and sex. Our
findings reveal an impact of cyberbullying and cyber harassment on academic skills, and
furthermore suggest that the choice of method (manifest variables vs. global items) is of
less importance in this regard. Furthermore, the impact of cyberbullying and cyber
harassment on academic achievement appears to be mainly mediated through the
victims’ perceived quality of life at school.

Background

Bullying is often seen as a subcategory of peer aggression. Three criteria distinguish
bullying from other kinds of aggression: imbalance of power, repetition or duration of
negative actions and a deliberate will to hurt. Research was initially directed towards
physical and verbal forms of harassment (Olweus, 2001, Heinemann, 1973, Olweus,
1978). Social, or indirect, forms of bullying were identified in the eighties (Lagerspetz et
al,, 1988). In the 2000s, digital bullying, more usually expressed as “cyberbullying”, was
identified (Campbell, 2005, Smith et al., 2006).

Some researchers have addressed the impact of bullying on academic achievement, but
findings differ. Glew et al. (2005) found that victims and bully-victims (students who are
involved as both bullies and victims) scored lower on measures of academic
achievement. Their findings were significant even though the reported odds ratios
indicate rather low effects (OR=0.8-0.9). Woods and Wolke (2004) found no effect of
direct bullying, either as victim or bully, on academic achievement for students in grades
2 and 4. In the case of indirect bullying, no effect was found for victims, but they
identified indirect (or relational) bullies as performing better academically. As they did
for other influences on academic achievement, they reported such effects for well-
known variables such as special educational needs, socioeconomic status, rural schools
and small classes. Strgm et al. (2013) found negative effects of bullying on grades at both
student and school level. Being subject to bullying is associated with lower academic
achievement, but even attending schools with high levels of bullying has a negative
impact on grades. Strgm et al. (2013) found that being exposed to more than one type of
violence (sexual abuse, violence inflicted by other youths or adults, or bullying)
increased the negative impact on academic achievements. Kowalski and Limber (2013)
found negative effects on academic achievements for both traditional forms of bullying
and cyberbullying. The strongest effect was found for bully-victims, especially in the



context of cyberbullying. In a meta-study of 25 reports, Tokunaga (2010) found that
most researchers have identified effects of bullying on academic achievements, but he
drew some very important conclusions: first, that definitional issues need to be dealt
with further in order to provide better a foundation for empirical research. He also
pointed to the lack of theory on cyberbullying and to the need for longitudinal data to
deal with causation. Finally, he claimed that more sophisticated relationships in the
context of cyberbullying need to be addressed. In other words, there is a lot to be done
in the context of cyberbullying research.

The impact of socio-economic status (SES) on educational achievement is well known
and has been studied for several decades. In one of the first large-scale studies of SES in
the US, Sewell and Shah (1967) investigated several aspects of the impact of intelligence
and SES on college plans, attendance and graduation. They found that both SES and
intelligence had effects on these, but while the effect of SES was more dominant for
females, the effect of intelligence was more dominant for males. The direct impact of SES
on academic achievements was one of several important findings of the Coleman report
on equality in education (Coleman et al., 1966). As pointed out by White (1982), SES
became a very strong predictor of all kinds of effects in education. Even though there
was consensus regarding the existence of the influence of SES, White noted that the size
of the effect or the strength of relevant correlations varied a great deal. Importantly, the
unit of analysis, either the student or a group (e.g. school), proved to play a very
important role. In his meta-analysis, White concluded that utilizing SES to predict
academic achievements where the student is the unit is problematic, due to the low
impact of SES in this context (White, 1982). In more recent studies, Hattie found a
moderately strong effect of SES on student achievement, and furthermore that there are
only minor differences in the effect size of the three most frequently used SES measures:
parental occupation, level of parental education and parental income (Hattie, 2008, p.
61). However, White (1982) identified more than 70 variables measuring SES, and the
effect of SES on academic achievement sometimes greatly differed among these. In
general, he found that the correlation of SES and academic achievement was at the 0.3-
level when the student was the unit of analysis. Marks, Cresswell and Ainley (2006)
found that cultural factors of SES, measured in terms of the number of books and the
presence of classical literature, poetry, and works of art in the home, were important
elements of SES. It would thus appear to be necessary to control for SES when academic
achievement is being measured, even though there are still unresolved issues regarding
the impact and measurement of SES.

In many countries, boys face more problems in school than girls do, at least where
overall academic performance is concerned (OECD, 2004, OECD, 2007, OECD, 2010,
OECD, 2014, OECD/UNESCO, 2003) and involvement in bullying (Olweus, 1994, Smith
and Gross, 2006, Juvonen et al., 2010, Wendelborg et al., 2014). However, there are
important variations. For instance, in the reading tests in PISA (Programme for
International Student Assessment of the OECD) boys perform consistently and
considerably worse than girls, and the difference is actually greatest among poorly
performing students. In mathematics, the picture is somewhat different. Boys tend to
perform better than girls do, although the difference is clearly smaller than in reading.
However, in mathematics the gender differences emerge among the highest performing
students. The proportions of low-performing students are not very different between
sexes, but more boys than girls perform at the highest level. PISA point to the challenge



of improving boys’ academic performance (OECD, 2014). In Norway girls outperform
boys in all subject, except from physical education (Bakken et al., 2008). In the case of
bullying, there is a general tendency for boys to be more involved both as bullies and
victims at all ages (Wendelborg et al., 2014, Seals and Young, 2003, Erdur-Baker, 2010,
Salmivalli and Nieminen, 2002)However, some researchers have found that girls are
more involved in indirect or social bullying (Lagerspetz et al., 1988, Bjorkqvist et al.,
1992), but this findings is not consistent (Craig et al., 2009). In the case of cyberbullying,
no clear effect of either gender og age is found, although some findings suggest that that
girls are more at risk of being targeted (Tokunaga, 2010). As far as age is concerned,
there may exist curve linearity that shadows the effect.

Cyberbullying is defined by Olweus in terms similar to traditional bullying, with the
distinction that it takes place via electronic means (Olweus, 2013). The application of
the three crucial criteria of traditional bullying has been challenged by some
researchers, on a number of grounds (Menesini and Nocentini, 2009). Repetition and
duration are more difficult to assess online since, for instance, a picture might be posted
once, but then be shared further by others. Power imbalance is also difficult as victims
are often able to block people who are being mean. Anonymity also comes into play
here, and this influences power imbalance as the perpetrator might well be in an inferior
position physically or socially, but can remain unknown to the victim. It is not clear
whether researchers should view cyberbullying as being very similar to traditional
bullying, or if “cyber-aggression” (a broader term) would be a more suitable term
(Livingstone and Smith, 2014). Grigg (2010) argues that a broader definition of bullying
is needed in the case of cyberbullying. Kowalski et al. (2014) identified a number of
personal and situational factors that come into play when children are involved in
bullying. The interrelationships of these factors are rather complex.

Bullying is measured in different ways, the most common of which are probably self-
report questionnaires. Solberg and Olweus (2003) concluded that the single, global item
“Have you been bullied the past two or three months?” is the best method. The item
should be accompanied with a definition of bullying to guide the student. Five response
categories are given: (never, only once, two or three times a month, about once a week
and several times a week). Several studies have utilised this method to estimate
prevalence (Smith and Gross, 2006, Stevens et al., 2000, Fekkes et al., 2004). There are
however concerns about the validity of most bullying measurement instruments (Vessey
et al.,, 2014), and criticism has been raised regarding the dominant method of self-report
(Vivolo-Kantor et al,, 2014). As pointed out by Kowlaski et al. (2014), some findings
suggest that the use of the word “bullying” might decrease effect sizes as children might
be less willing to admit to being bullied (as opposed to mere negative forms of
behaviour). More work is needed to develop more accurate and valid instruments to
capture bullying.

[t is worth mentioning the commonly used regression techniques in research of
prediction or causality in bullying research. Different regression techniques build upon
specific assumptions concerning data. No measurement error, linearity between
dependent and independent variables, multivariate normality, no outliers,
homoscedasticity and no multicollinearity are some of the assumption that might apply
to the various forms of regressions and ANOVAs. As many researchers have pointed out,
the understanding of the term “bullying” differs substantially between various groups



(e.g. age, country, etc) (Menesini et al., 2002, Smorti et al., 2003, Smith et al., 2002, Arora,
1996). There are strong indicators that many of the most frequently used approaches to
capture bullying are fraught with measurement error. In order to deal with
measurement error, some caution is needed when regression analysis in its various
forms is employed (Siemsen et al., 2010, Cote and Buckley, 1987). As most bullying
items are not normally distributed and probably have considerable amounts of
measurement error, the choice of appropriate analysis is important.

Quality of life (QoL) is a measure of how persons experience their life at a given point.
The measure is widely used in medicine as a means of assessing the impact of various
diagnoses on patients’ lives (Smith et al.,, 1999). QoL is not universally understood and
defined, but Jozefiak (2009) defined QoL as “The subjective reported well-being in
regard to the child’s physical and mental health, self-esteem and perception of own
activities (playing/having hobbies when the child is alone), the perceived relationship to
friends and family as well to school and a global evaluation of QoL". An association
between bullying and QoL has ben identified (Wilkins-Shurmer et al., 2003, Frisén and
Bjarnelind, 2010)

Assumptions and research questions

Cyberbullying is a new field of research, and much remains to be done. So far, empirical
findings and theories derived from traditional bullying research have been used to
understand cyberbullying, but researchers disagree whether this transference holds. It
appears obvious that the impacts of cyberbullying need to be further addressed, that
measurement issues need to be investigated and that the relationships between
cyberbullying and typical background variables assessed. Furthermore, many analytical
approaches to assess bullying in general are sensitive to measurement error. It is
important to gain knowledge about the magnitude of measurement error to be able to
evaluate possible bias related to this problem. This study aims to deal with these issues
within the limits of the available data.

On the basis of presented theory, we set out some basic hypotheses and some research
questions. The basic hypotheses are derived from known relationships between gender,
SES and academic achievements. These hypotheses are included to provide some
evidence for construct validity, provided that they produce results as expected.

Hypotheses:
e Girls perform better than boys academically
e SESis not correlated with gender (gender being random across SES), but with
academic achievement

Research questions

e Are there differences in impact on academic achievements between
cyberbullying and cyber harassment, and between cyber and traditional
harassment (verbal, physical and social)?

e Are there gender differences in terms of victimisation of cyberbullying and cyber
harassment?

e What degrees of error exist in the measures of cyber- harassment and
cyberbullying?



e How does SES influence cyber harassment and -bullying?

The many factors that influence academic achievement include motivation, talent,
teacher support and so on. Hattie (2008) assessed and ranked 138 factors, but even that
list is probably not exhaustive. The models used in our study are simple and
straightforward. This makes them easy to interpret, but it is important to bear in mind
that any variable included in or omitted from a model will have an impact on the
parameters, sometimes to such a degree that its conclusions may have to be changed.

Methods

As we pointed out in the Background section, it is not obvious whether one should use
global items as is often done in the assessment of traditional bullying, or take an
alternative approach to measuring the prevalence of specific instances of negative
online behaviour (Livingstone and Smith, 2014). The present study adopts the two
approaches to capturing cyberbullying. While one approach builds upon the use of
global items (Solberg and Olweus, 2003, Olweus, 2013), the other utilize items of
observable behaviour (Arora, 1996). Kowalski et al. (2014) provide a thorough review
of these approaches.

Participants

878 pupils (age 9-16) at five schools in the city of Tromsg in Northern Norway
participated . The response rate was 66,5 %. The gender mix was 50/50. Indicators of
age, socio-economic status, academic achievement and sex were collected. No
ethnic/race indicators were collected.

Procedure

Data were acquired in November-February 2013/-14 through an online questionnaire
administered by class teachers, and the students completed the questionnaire during
school hours. Feedback from teachers indicates that most students completed the
survey within 30 minutes, and that they appeared to be well-motivated.

Ethics

Ethics is a challenging issue for the “Well-being in Tromsg” project, of which this study
forms a part. Not only are many of the data of a sensitive nature, as they cover topics like
mental health, harassment, bullying and well-being (QoL), but identification information
is even included. Students and parents were informed about the project in class
meetings and by letter, and written parental consent to participate was obtained. All
respondents are anonymised and identification keys are stored safely. The project was
approved by the Regional Ethics Committee (REK) in 2012.

Measure

The student questionnaire consists of 33 items from the “Strengths and difficulties
Questionnaire” (SDQ) (Goodman, 1997), 24 items from the KINDL instrument (Ravens-
Sieberer and Bullinger, 1998), 15 items regarding traditional harassment (Rgnning et al.,
2004), eight new cyber harassment items, ten bullying (global) items, six items
concerning perception of intervention in bullying incidents, items on gender
involvement, items regarding background variables such as number of books at home



and parental level of education. Only a few background variables were included due to
the length of the questionnaire, and in order to avoid stressing the pupils. This part of
the study does not make use of SDQ and only a part of KINDL.

Academic skills were measured through a single question given to the teachers: “The
student is proficient in language, mathematics and foreign language”. The teachers
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choose one of three response categories: “Completely true”, “partly true” or “not true”.

Socioeconomic status (SES) was measured via a single item: “How many books do you
have at home?” (Marks et al., 2006). Five categories are available: “1-10”, “11-25", “26-
100”7, “101-250" “more than 250”.

The 15 items of traditional harassment (verbal, physical and social) and the 8 items of
cyber harassment formed the basis for most of the analyses in the study. The traditional
harassment inventory consists of 15 items from the Arora “Life in School Checklist”
(Arora, 1994). These items were selected by Rgnning, Handegaard and Sourander
(2004). In addition to these 15 items on traditional harassment, eight new items on
cyber harassment were included, based on constructs by Smith, Mahdavi, Carvalho &
Tippett (2006) and Menesini, Nocentini & Calussi (2011).

Measuring cyberbullying is not a straightforward process. Two global items measure
cyberbullying at school and at home during the last two or three months. However,
cyberbullying is part of a general bullying construct, of which traditional bullying is also
part. As two manifest items are not optimal in terms of achieving model identification,
the two global general bullying (bullied at school or at home) items are included in the
model. Parameter estimates of the model enabled us to compare these two forms of
bullying. The items are kept with full information (no dichotomization or other

transformation). Response categories are for all items “Never”, “Only once or twice”,
“Two or three times a month”, “About once a week” and “Several times a week”.

Quality of life at school (QoLsch) was measured by the four items (“During the last week
in which I was at school...”): ”...doing my schoolwork was easy”, ”...I enjoyed my lessons”,
”..Iworried about my future” and ” ...I worried about bad marks or grades”. Response

categories are “Never”, “Seldom”, “Sometimes”, “Often” and “All the time”. The scores for the
last two items are reversed in the analysis.

Analysis

Measurement error was calculated as one minus the square of a manifest indicator’s
factor loading and is given by Mplus. A large measurement error would normally mean
that the indicator is not ideal in its ability to capture the latent trait. Measurement error
can create considerable bias if not taken into account, but this issue can largely be
resolved by the use of SEM models. Both the cyber harassment and cyberbullying
models were assessed for measurement error. In the case of cyberbullying, two global
cyberbullying items were supplemented by two global items of traditional bullying in
order to achieve model identification. Indicator error was correlated for the two cyber
items and likewise for the two traditional items.

The impact of cyber harassment, socio-economic status and gender on academic skills is
assessed through the use of structural equation modelling in the form of path analysis.



The eight indicators of cyber harassment load onto a single latent factor, as do the
indicators of verbal, social and physical harassment. Academic skills and SES form
single-item latent factors. QoLsch is measured by four items. Gender is also included.
Similarly, two global manifest indicators of cyberbullying load onto a single latent factor,
while keeping the other variables and factors.

In models that include single-item measures (e.g. models 1a-d and 2 in Table 2) the
errors of the items were estimated using the formula (1-reliability)*sample variance
(Wang and Wang, 2012, p. 130). Estimating the error and fixing the loading at 1 enabled
us to make the measure latent. The reliability of the two relevant items, academic
performance and socioeconomic status, was estimated by means of a test-retest
approach from two waves (years one and two).

Results

All results concerning model fit are given in the technical appendix along with
methodological issues. Models for traditional harassment are also presented in the
technical appendix, but referred to in the following text.

The results are derived from eight models. Models 1a, b, ¢, d are recursive path models
in which the impact of harassment on academic achievement is assessed. The models
also include measures of SES, gender and quality of life at school (QoLsch). Model 2 is
similar to model 1a-d, but harassment factors is replaced by a cyberbullying factor.
Model 3 is a basic, single-factor confirmatory model, in which eight items load onto a
latent factor. The model is used to assess measurement error. Model 4 is similar to
model 3, but the model consists of four global bullying items, which loads onto a latent
factor. Models 3 and 4 are used to evaluate measurement error in the bullying construct.

Hypotheses

The present study set out some hypotheses to help identifying possible problems with
the models. For the evaluation of these basic assumptions we refer to the cyber
harassment model. Model parameters are standardized (stdyx) and only significant
values are referred to throughout the text. First, it is assumed that girls perform better
at school than boys. In our sample and using our measures, girls do indeed perform
somewhat better than boys (r=-.21 where girls are coded “1”, boys “2”). Second, it was
assumed that SES is not logically associated with gender, and this assumption holds with
a correlation of .01 (not shown in the model). Third, as expected, SES is positively
related to academic achievement and the size of the relationship is significant and
moderate (r=.28). These basic assumptions are not related to whether we choose a
model based on the construct of cyberbullying or cyber harassment; the figures are the
about same for both approaches.

Model 1a shows the relationships between cyber harassment, quality of life at school
and academic achievements, but also impact of background variables.
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Model 1a: Cyber harassment. Recursive path model. All parameters are standardized (stdyx) and significant
at the .05 level. Factors are: gender (Sex), cyber harassment (CybHar), QoL at school (QoLsch), academic
achievement (Acad) and SES (SES).

Model 2 is similar to model 1a, but the construct of cyber harassment is replaced with
cyberbullying.

1.00

23— Books [+ .88

Subj (.19

89 .85\ /.86 58 40 .40\
cybulll cybull2 kindI21 kindl22 rkind23 rkind24
-

Model 2: Cyberbullying. Recursive path model. All parameters are standardized (stdyx) and significant at the
.05 level. Factors are: gender (sex), cyberbullying (CyBull), QoL at school (QoLsch), academic achievement
(Acad) and SES (SES).

Effects of cyberbullying and the four kinds of harassment

Models 1a and 2 show parameter estimates for recursive models including four latent
factors (academic achievements, SES, QoLsch and cyber harassment (model 1a) or
cyberbullying (model 2) and one manifest variable (gender). In a preliminary model in
which the QoLsch construct was omitted, differences were found in the strength of the
predictions of cyberbullying and harassment on academic achievements. Bullying items
produced a marginally larger effect (r=-.21) than the harassment items (r=-.18). In the
model that included the QoLsch construct, cyberbullying and cyber harassment produce
very low direct effects on academic achievements (r=-.04 and -.09 for harassment and



bullying respectively). However, both models displayed a significant and substantial
negative effect on QoLsch (r=-.44 and r=-.49 for harassment and bullying respectively).
QoLsch has a moderate and positive impact on academic achievement, r=.33 for cyber
harassment and .30 for cyberbullying. However, the effects of cyber harassment and
cyberbullying on academic achievements include both direct and indirect effects. The
indirect effect is mediated through QoLsch. There are not very large differences between
the four forms of harassment in terms of effect on academic achievements, but
cyberbullying seems to yield a somewhat stronger effect than what the four kinds of
harassment do (table 1).

Table 1: Direct and indirect effects of harassment on academic achievements

Direct effect Indirect effect Total effect
M2: Cyberbullying -.090 -.147 -.237
M1a: Cyber harassment -.020 -.144 -.164
M1b: Verbal harassment .001 -.165 -.164
M1c: Social harassment -.055 -130 -.185
M1d: Physical harassment -.115 -.090 -.205

Effects of cyberbullying and four forms of harassment on academic skills. Indirect effects
are mediated through quality of life at school (QoLsch). Total effect = direct effect +
indirect effect. SEM models 1b, c and d are presented in the technical appendix.

There is an effect of cyberbullying and the four forms of harassment on academic skills,
total effects ranging from -.164 for verbal and cyber harassment to -.237 for
cyberbullying. In most cases it is the indirect effect that dominates, except for the case of
physical harassment where the direct effect is somewhat larger than the indirect.

Sex differences in bullying victimisation

From theory it was unclear whether girls or boys are most involved in cyberbullying. In
our sample, and using our measures, girls are actually more likely to be victims of cyber
harassment than boys (r=-.12). For the model of cyberbullying, the effect is the opposite
r=.09. The differences, although significant, are small.

Measurement error

Measurement error was estimated in the two basic factor models (models 3 and 4). For
the eight-item single latent factor model of cyber harassment, the items explain 60.8 %
of the variance. The remaining 39.2 % of the combined variance of the indicators is
related to measurement error, either in the form of random or systematic error. The
four items in the single latent factor model of bullying explain 64.4 % of the variance,
leaving 35.6 % for the combined indicator error. However, the two items of
cyberbullying produce a much greater error than the two items that refer to traditional
bullying; 49.5 % error for cyberbullying compared to 21.1 % for the two traditional
items. All in all, there is a significant amount of measurement error whether we use
manifest instances of negative cyber behaviour or global items of cyberbullying.

The influence of SES on cyberbullying and cyber harassment, academic
achievement and relationship to gender

SES does not predict either cyberbullying or cyber harassment (r=.05 and r=.06 for
cyber harassment and cyberbullying respectively). SES predicted academic achievement
moderately (r=.28).



Discussion

Both hypotheses are confirmed. Based on presented theory and logic, we expected to
find an impact of gender on academic achievement, an impact of SES on academic
achievement and no association between gender and SES. Girls do somewhat better than
boys academically, according to their teachers who rated their overall performance in
core subjects, but the difference is not large (r=-.21). The effect of SES on academic
achievement is moderate (r=.28) and of a similar size to that found in the literature
(Sirin, 2005, White, 1982). We found no relationship between sex and SES, as one would
logically expect (r=.01). As all these basic hypotheses are met, some evidence for the
validity of our constructs is found. The models seem to produce results as expected for
the variables where prior results are available. However, both the SES variable and the
academic skills variable (assessed by the teacher) consist of only one indicator.
Generally one is advised not to use single indicator approaches as reliability normally is
threatened. However, as the questionnaires consisted of about 100 items, there was
little room to include background variables at all. Typically the SES measures yield
correlations to academic skills of about .30 (White, 1982). Our models produce very
similar results (.28). This finding gives some indication that the variables are reliable.

Cyberbullying and cyber harassment have a negative influence on academic
achievement. In an initial model that did not include quality of life at school (QoLsch),
the effect was negative and of similar, small to moderate, size for both cyberbullying and
cyber harassment (r=-21 and r=-18, accordingly). When QoLsch is included in both the
models, the effect of cyberbullying and cyber harassment almost vanishes, but a strong
impact on QoLsch can be seen. This implies that QoLsch mediates the effect of bullying
or harassment onto academic achievement. Indeed, when mediation is accounted for in
the SEM model, indirect effects of cyberbullying and harassment are seen in all models.
Children reporting cyberbullying or cyber harassment are likely to experience lower
quality of life at school, resulting in lowered school performance. Moreover, QoLsch
moderately predicts academic achievements in all models of cyberbullying and
harassment (r=.30, r=.35, respectively). It is likely that being harassed in any form has a
negative impact on well-being at school, as a result of which, academic performance
decreases. There is little difference between the four kinds of harassment, but physical
harassment seems to have the strongest, negative impact on academic achievements.
However, alternative models with other variables could produce a different result, so
there is need to investigate this finding further.

The prevalence estimates for cyberbullying is much lower than for cyber harassment,
3.5 % compared to 6.6 %, probably indicating that the cyber harassment items are
capturing incidents that do not qualify as bullying. In other words, the cyberbullying
items are probably capturing more severe kinds of peer aggression. Interestingly, the
effect on academic achievement and quality of life at school do not differ between the
two approaches. Logically, one would expect more severe kinds of aggression to have
greater impact on school performance and well-being than less severe kinds. This does
not seem to be the case. As this study is cross-sectional, it is not possible to assess issues
like the long-term effects of bullying on academic achievements. The effects of bullying
on academic performance are probably not immediate, but a result of long-term
victimization. Researchers have identified several mediating factors involved in the
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impact of bullying on academic achievements, but much still remains to be studied in
this field (Nakamoto and Schwartz, 2010).

Typically in factor analysis the researcher loads a number of indicators onto one or
more factors. The factor loadings should be as high as possible. The amount of variation
not captured by the factor(s), often labelled indicator residual, uniqueness or error,
might cause problems in the analysis. Measurement error is substantial for both our
models of cyber harassment and cyberbullying. For the harassment inventory, 39.2 % of
the variance of the indicators is actually measurement error. Where cyberbullying is
concerned, the total error variance for the four bullying items added up to 35.6 %, but
the two cyberbullying items yielded about twice as much error than the two traditional
ones did. All in all, whether we use manifest indicators that measure cyber harassment
or global items measure cyberbullying, the measurement error is substantial. Cote and
Buckley (1987) found that abstract constructs tend to produce greater measurement
error than concrete ones. Bullying is a rather abstract term, as it might be regarded as a
subcategory of peer aggression distinguished by the criteria of repetition/duration,
intention to harm and an imbalance of power. Obviously, assessments of these criteria
are rather subjective. In contrast, the cyber harassment items relate to concrete types of
negative behaviour typically encountered on computer, mobile phone or other digital
platforms. As many reports on bullying in fact rely on methods such as regressions
analysis and ANOVA, which do not readily control for measurement errors, there is
always a possibility of bias. It is sometimes difficult to assess whether researchers have
taken measurement error into account if they do not state this specifically, give
information about which estimator they used or if other error handling procedure has
been employed. In the present article models are run within the SEM framework. As
SEM models have measurement error estimated and taken out of the model,
measurement error is no longer affecting model parameter. However, measurement
error indicates how well the indicators capture the construct of interest. The lower the
error the better. In our case the amount of error is moderate to high, especially for the
two global items of cyberbullying.

SES does not appear to influence either cyberbullying or cyber harassment, with effects
of only r=.06 and .05 respectively. The measure of SES used in this study (number of
books at home) captured not merely the family’s economic status, but rather a cultural
aspect of the domestic environment (Marks et al., 2006). It seems that socio-cultural
effects are poor predictors of cyberbullying or cyber harassment. In Norway, very few
pupils live in poor homes, and 95% of Norwegian students have access to technology, in
most cases including social media (Medietilsynet, 2014). It has been found that the
amount of time spent on the Internet predicts cyber aggression (Kowalski et al., 2014). If
this is true in the present study too, it might indicate that there is little difference
between children from different homes in terms of online practise. The fact that SES
seems not to predict whether children are exposed to cyberbullying or not indicate less
need to control for this factor. However, more needs to be done in this respect, both in
terms of traditional and cyber forms of bullying and harassment.

Girls seem to be more cyber-harassed than boys, while boys seem to be more cyber-
bullied. But, the gender differences are indeed very small. The lack of substantial gender
differences in prevalence does not necessarily mean that there are no differences in the
concrete events girls and boys experience.
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The measurement of cyberbullying is problematic (Kowalski et al., 2014, Menesini and
Nocentini, 2009). Lack of robust theory and definitions, a mix of different measurement
approaches and the fact that cyberbullying consists of a wide range of ever-changing
types of negative behaviour are some of the issues that researchers struggle with.
Furthermore, from research on traditional bullying, we have learned that students
perceive bullying differently from teachers (Stockdale et al., 2002, Naylor et al., 2006),
and that younger children tend to include a wider range of negative conduct than their
older peers (Frisen et al., 2008). These issues are probably not less substantial in the
context of cyberbullying. Furthermore, there is an obvious subjective factor involved
when defining a specific act as bullying. What one child clearly state as bullying another
would not. And the range of negative conducts involved in bullying are not equal in
severity. For instance, Cheng et al. (2011) ranked the following items as most severe
using Rasch analysis: “one’s friendship being ruined”, “being hit and kicked”, “belongings
taken without permission”, “being ostracised” and “having humiliating photos posted
online”. Experience harassing photos published online is exclusively cyber, but children
being subject to cyberbullying might often feel ostracised or have their friendship
ruined. The question of how to best capture these aspects remains unanswered. These
issues, but probably several more, indicate that instruments need to be developed
further, and methods of data collection need to be improved. Theory and definitions
must also be further developed. The precision of the two inventories included in the
present study is probably less than optimal. The cyber harassment inventory needs
more work to develop more precise items that better represent the construct of cyber
harassment. Olweus (2013) suggests using a general global item to capture the concept
of bullying. Researcher could then include concrete forms of negative behaviour to
distinguish between the different types of bullying. Our approach employed two global
items to capture cyberbullying, but as these items are liable to a substantial amount of
error that is even greater than the items concerning concrete forms of harassment, this
approach can be questioned. Further investigation is needed to validate the global item
approach to capturing cyberbullying.

Conclusions and further research

Cyberbullying and online harassment are among the activities that children are involved
in that negatively impact on well-being at school and academic achievement. In the
present study, most cyberbullying take place at home (1.2 % report being cyberbullied
at school compared to 3.4 % at home), but problems are seen at school as well. It is
important that schools are able to effectively prevent cyberbullying, but also that they
are able to take actions when such events occur. It is challenging to intervene in bullying
cases where the actions are taking place outside of school, indicating that cooperation
between parents and teachers is crucial.

The basic hypotheses formulated in the present report were confirmed. Socioeconomic
status is not related to gender, as one obviously would expect, but is significantly and
substantially related to academic achievement. There is no correlation between SES and
cyberbullying or cyber harassment. Girls perform better academically, a finding that was
as expected. We found very little evidence for gender differences in either bullying or
harassment. Substantial measurement error was found in both cyberbullying and cyber
harassment domains. Cyberbullying items seem to include more error than cyber
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harassment items. The expected impact of cyberbullying or harassment on academic
achievement was not clearly identified. The effect was small to moderate in models
where quality of life at school was omitted. In the models that included QoLsch, much of
the effects of cyberbullying and cyber harassment on academic achievements were
mediated through QoLsch. There was no substantial difference between the
cyberbullying and cyber harassment constructs in terms of predicting academic
achievement.

The two constructs used here are probably not ideal, as they produce much error and
struggle to pass the X2 test of absolute fit (see technical appendix). Further development
should be made to produce ever more reliably items and scales. Researchers should
consider measurement error when choosing analytical approach. Structural equation
modelling would arguably solve many of the problems researchers face in this regard
when working in the field of bullying research.

All in all, it appears that as far as predicting academic achievement is concerned, the
cyber harassment model is superior to the cyberbullying model, as its measurement
error is less than that of cyberbullying. However, even the cyber harassment approach
needs to be improved, and the obvious problems of capturing the criteria that
distinguish bullying from other forms of aggression also need to be dealt with in the
context of cyberbullying. It is also necessary to study further why and to what extent
victims of cyber-aggression perform worse at school.

Limitations

This study utilized cross-sectional data. This limits the possibility to make causal
inferences, and long-term effects and relationships could not be assessed. Furthermore,
the sample was drawn from five schools in a single city in Norway. A more
representative sample would be needed to make robust generalizations. However, the
Norwegian school is rather homogenous when it comes to academic standard (Nusche
and et al.), making the selection of schools somewhat less important. It is also important
to acknowledge that SEM models are sensitive to which variables are included or
omitted. Parameter estimates might change when the model changes. Finally, the X?
values for most models are significant, indicating an unacceptable poorness of fit.
However, as we point out in the technical appendix, the X2 test of absolute fit is sensitive
to sample size. We argue that our models, although not perfect, are interpretable as
other fit indices are acceptable or good. Nevertheless, more work need to be done to
improve both the harassment and the bullying items.
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Technical appendix

Model fit

We follow Brown (2006, p. 82) and report a variety of fit indices covering types of
“absolute fit”, “parsimony correction” and “comparative fit”. Model fit is assessed
through the use of the chi-square test of absolute fit (X2), Root Mean Square Error of
Approximation (RMSEA), the comparative fit index (CFI), the Tucker-Lewis index (TLI)
and the weighted root-mean-square residual (WRMR). The X2 should be non-significant,

but due to sensitivity to sample size this is often difficult (Iacobucci, 2010, Millsap,
2007). In the case of significant X2, one should look for reasons for poor fit, evaluate
other indices and provide a rationale if the model is used. For the other fit indices there
are ongoing discussions about which cut-off should be used under the different
conditions, such as small or large sample size, nominal or categorical data and the
degree of normality of data (Marsh et al., 2009, Wang and Wang, 2012, Yu, 2002, Hu and
Bentler, 1999). We used the following guideline cut-offs. RMSEA (good: <.06, acceptable:
.08), CFI (good: >.96, acceptable: >.90) TLI (good: >.95, acceptable: .90), WRMR

(acceptable: <.95).

Table 2
Model Xz RMSEA CFI TLI WRMR
Model 1a 172.519 .035 (.027- 972 965 .990
Impact on academic achievement (df=84, p<.001) .042,p=1.00)
(QoLsch, SES, gender and cyber
harassment)
Model 1b 118.898 .042 (.033- .985 .980 .880
Impact on academic achievement (df=47,p<.001) .051, p=.924)
(QoLsch, SES, gender and verbal
harassment)
Model 1c 188.957 .051 (.43-.059, 973 964 1.076
Impact on academic (df=58,p<001) p=428)
achievement(QoLsch, SES, gender and
social harassment)
Model 1d Impact on academic 51.221 (df=37, .021 (.000- 995 992 .637
achievement (QoLsch, SES, gender and p=.060) .0034, p=1.00)
physical harassment)
Model 2 57.686 .046 (.033- 976 956 .816
Impact on academic achievement (df=20, p<.001) .061, p=.644)
(QoLsch, SES, gender and cyberbullying)
Model 3 57.021 .046 (.032- 978 969 .765
Cyber harassment (8 items on 1 factor) (df=20, p<.001) .060, p=.661)
Model 4 6.667 .080 (.032- 996 978 .290
Bullying (4 bullying items on 1 factor) (df=1, p=.001) 143, p=.136)

Results of model fit. Models 1a, b, ¢, d and 2 are recursive path models. Models 3 and 4
are single-factor confirmatory models (CFA).

Model fit results

Table 1 shows information regarding model fit for four SEM models. Two items
regarding QoLsch are correlated as they both deal with future worries and are indicated
in the model output to be correlated. Academic achievement was measured with a fixed
error of .113, and SES with a fixed error of .300, based on estimated reliability. Most
models struggle with the X2 test. Model 1d passes and Model 4 is close to the .01-
significance level. However, X?is sensitive to sample size (Millsap, 2012, Millsap, 2007,
Marsh et al,, 2009), and for this reason it is useful to assess the other indices of
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goodness, and then try to identify the misfit that might cause X% to become significant.
For all four models the indices of fit were acceptable or good. The RMSEA for Model 4 is
on the borderline (and with a large confidence interval) of what is often regarded as
acceptable, while the other indices of fit were good. For Model 1a and 1c, the WRMR are
just outside the .95-level (.99/1.08), but the other fit indices are good. The modification
indices either point at the cyber harassment items, or the bullying items are sources of
poor fit. Item residuals are correlated for several items, indicating that some items share
common variance that is not accounted for by the common factor. A model with more
than one factor might have improved the model, but for both models principal
component analysis indicates a one-factor model. In theoretical terms the single-factor
model is best defensible. With acceptable to good values for all the other fit indices we
conclude that the models are interpretable, but the items should probably be developed
further.

Model 1b. SEM path model for verbal harassment
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Model 1c. SEM path model for social harassment
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