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ABSTRACT

Purpose: This study examines the proportion of reported online victimisation experiences among social media
users in Tiirkiye and identifies demographic and behavioural factors associated with these experiences.
Methods: Using a quantitative, correlational approach, a cross-sectional survey was conducted with individuals
aged 18 and over who actively use at least one social media platform. Data were collected through a three-part
online questionnaire assessing socio-demographic characteristics, social media usage patterns, and online vic-
timisation experience. Participants were recruited via convenience and snowball sampling, and the data were
analysed using binary logistic regression.

Results: In the primary analysis, 77.3% (n = 621) of participants reported at least one listed online victimisation
experience at a frequency of “Rarely” or higher. Gender, income level, and use of Facebook, Twitter, WhatsApp,
and Swarm were significantly associated with victimisation. In a sensitivity analysis using a stricter threshold of
“Sometimes” or higher, the proportion classified as victims decreased to 54.4% (n = 437). Associations with
Facebook, Twitter, and Swarm remained statistically significant, whereas several demographic and other
platform-related associations varied according to the outcome threshold.

Conclusion: Online victimisation was associated with selected demographic and platform-use characteristics.
Associations involving Facebook, Twitter, and Swarm were comparatively robust across alternative definitions of
victimisation, whereas several demographic and other platform-related associations were sensitive to the
operational threshold. Given the cross-sectional, non-probability sampling design and the absence of a defined
recall period, the findings should be interpreted as exploratory associations rather than causal or population-

level estimates.

1. Introduction

Bullying is generally defined as repeated and intentional behaviour
perpetrated by an individual or group against a person who is unable to
defend themselves. While it is characterised as a form of exploitation
stemming from a power imbalance, it is also known as the stabilised
abuse of existing power by the stronger party (Slonje & Smith, 2008).
Within the opportunities provided by this power asymmetry, the
bullying individual not only controls the target through verbal and
physical actions but also suppresses any empathetic tendencies toward
the victim as much as possible (Bhat, 2008). The act of repetition dis-
tinguishes the concept of bullying from other aggressive attitudes. A
bullying activity carried out by a single perpetrator may be considered

less significant unless it becomes repetitive (Beckman et al., 2020).
Although every form of bullying warrants attention, the digital
extension, which continues to evolve through internet-based technolo-
gies, has become a particular focal point (Litwiller & Brausch, 2013).
The current digital age has transformed traditional bullying activities,
which have existed since ancient times, into a contemporary phenom-
enon. Bullying activities are no longer limited to physical altercations;
technological advances have expanded the contexts and opportunities in
which bullying can occur (Holla, 2013). This rapid evolution necessi-
tates continuous updates to our understanding of the phenomenon.
While public awareness is crucial for prevention (Erbicer et al., 2023),
the ever-changing nature of information and communication technolo-
gies demands continuous research to develop effective, evidence-based
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measures that can keep pace with this ceaseless development and
change (Wong-Lo et al., 2011).

In the 1990s, the Internet was introduced as a liberated environment
where prejudice-free communication and interaction would be possible
due to users' ability to remain “anonymous” (Shariff & Gouin, 2006).
However, subsequent technological advancements have given rise to
new forms of peer aggression, most notably cyberbullying (Kraft &
Wang, 2009; Topcu et al., 2013). Broadly defined as the use of infor-
mation technologies to deliberately harm an individual (Holla, 2013;
Laffan et al., 2023; Price et al., 2013), it involves intentional hostile
treatment by individuals or groups toward others within an online
environment (Carter, 2012; Schodt et al., 2021). Its primary objectives
are to embarrass, threaten, offend, and ostracise the target person (Bhat,
2008). In essence, it comprises systematic and intentional acts spread
over time by a group or individual utilising information and commu-
nication technologies, where the victim finds it difficult to defend
themselves preemptively (Holfeld, 2014; Pfetsch, 2017). Consequently,
its prevalence is often correlated with the degree of internet accessibility
in a given region (Kintonova et al., 2021). On social media, these psy-
chological dynamics are fundamentally reshaped by mediated interac-
tion. Features like anonymity, pseudonymity, and the blurring of public
versus private discourse lower the barriers to aggression. Within net-
worked publics, harassment becomes highly visible and persistent, with
its reach and moderation ultimately dictated by platform governance
(Alfurayj et al., 2026; Philipo et al., 2026).

Cyberbullying in online environments has emerged as an escalating
global issue; however, the existing body of research has predominantly
focused on adolescent populations, leaving a significant gap in the un-
derstanding of this phenomenon among adults (Antoniadou & Kokkinos,
2015; Hong et al., 2014). While existing studies reveal that victimisation
and bullying rates show substantial variations according to countries,
age groups, and social contexts, and demonstrate that demographic
factors such as age, gender, education level, and income status shape
online bullying (Kowalski et al., 2018; Modecki et al., 2014; Zhu et al.,
2021), comprehensive research specifically on adult populations re-
mains scarce. Furthermore, although it is emphasised that social media
usage influences online aggressive behaviours in terms of platform se-
lection and accessibility (Barlett et al., 2018; Whittaker & Kowalski,
2015), few studies have adopted a multi-platform approach to analyse
how risk varies across different online environments. Tiirkiye offers a
compelling context for adult cyberbullying research due to its excep-
tionally high social media penetration and transitional socio-cultural
fabric, which blends collectivistic values with rapid digital individu-
alism. This transitional socio-cultural setting provides a relevant context
for examining how platform use relates to online victimisation outside
Western environments (Aslan & Koc, 2026).

By adopting a holistic approach to the cyberbullying experiences of
social media users, this study highlights the proportion of reported
victimisation experiences and contextual factors, aiming to bridge
knowledge gaps regarding adult and young adult populations. By
combining a multi-platform perspective with key demographic vari-
ables, it offers an incremental contribution to understanding how online
victimisation correlates with platform selection within specific social
contexts. Specifically, Routine Activity Theory (RAT) and Online
Disinhibition Theory (ODT) are used as interpretive frameworks for
discussing the observed associations between platform use and reported
victimisation. The theoretical constructs themselves, including guard-
ianship, anonymity, disinhibition, audience visibility, persistence, and
searchability, were not directly measured in the present study (Boyd,
2010; Treem & Leonardi, 2013). To address these dimensions, we pose
the following research questions:

RQ1: What is the proportion of adult social media users in Tiirkiye
who report experiencing online victimisation?

RQ2: How are socio-demographic characteristics and the use of
specific social media platforms associated with reported online
victimisation?
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By analysing these ecological and platform-specific dynamics, this
study contributes to applied environmental and behavioural psychology
by providing evidence on associations between digital platform use and
reported situational vulnerabilities. Mapping these demographic and
platform-related correlates provides useful contextual background for
future research investigating psychological factors and individual dif-
ferences in online victimisation.

2. Literature review

There is an extensive body of literature regarding the attitudes
adopted by adolescents toward traditional bullying (Machimbarrena &
Garaigordobil, 2018). Although these attitudes exhibit similarities to
those regarding cyberbullying (Antoniadou et al., 2016; Betts et al.,
2017; Hong et al., 2014; Kerstens & Veenstra, 2015; Machimbarrena
& Garaigordobil, 2018; Wang, 2022), it is well-established that cyber-
bullying possesses distinct characteristics due to the mediating role of
information and communication technologies (Antoniadou & Kokkinos,
2015). Consequently, research suggests that the concept requires inde-
pendent evaluation rather than being used interchangeably with tradi-
tional bullying (Grigg, 2012). Despite its prevalence, Mishna et al.
(2010) emphasised that the number of studies examining cyberbully-
ing comprehensively, such as those by Griezel et al. (2012) and Price
et al. (2013), remains relatively scarce. While a consensus exists on
defining bullying as a harmful act, the epicentre of the debate lies in
operationalising the repetition interval and the power imbalance be-
tween individuals (Cohen-Almagor, 2018; Guan et al., 2016; Savage &
Tokunaga, 2017). This definitional ambiguity makes it difficult to
definitively categorise all online aggressive activities as bullying, as it is
often indeterminate whether the acts are continuous or genuinely cause
harm to the target (Snyman & Loh, 2015). Given the increasing trajec-
tory of cyberbullying, a comprehensive evaluation of the existing liter-
ature is a prerequisite for advancing the field. However, the wide
variability in findings across studies complicates detection and raises
critical questions about the sources of this inconsistency (Modecki et al.,
2014).

Studies in the literature report a notably wide range for cyberbul-
lying involvement, with victimisation rates between 2.2% and 56.2%
and perpetration rates between 5.3% and 31.5% (Modecki et al., 2014).
Although the literature on school-aged youth is voluminous, it is evident
that the issue is also a significant problem among adults (Kowalski et al.,
2018; Laffan et al., 2023; Schodt et al., 2021). For instance, studies have
reported that 45.6% of individuals in the UK (Peck et al., 2024), 39.7%
in Malaysia (Balakrishnan, 2015); 37.6% in India (Javed et al., 2023),
and 34.68% in Chile had been victimised at least once (Varela et al.,
2022). A study in Tiirkiye reported an even higher rate, with 56% of
individuals having experienced cyberbullying (Akbulut et al., 2010).
Another study conducted in England found that 45.4% of individuals
had been subjected to cyberbullying at least once before (Alhaboby
et al., 2023). Regarding perpetration, 12% of individuals in a US study
(Fissel et al., 2025) and 21% in a Jordanian study reported engaging in
cyberbullying (Ababneh & Abu Ahmadah, 2023), while another US
study found this rate to be 24% (Kowalski et al., 2018). The overlap
between roles is also significant; one cross-national study revealed that
majority of participants had been both a victim and a perpetrator (Betts
et al., 2019), while another found that 15.2% had experienced cyber-
bullying in the past and 9.7% were currently experiencing it at the time
of the study (Jenaro et al., 2018).

Despite its prevalence, adult cyberbullying differs fundamentally
from adolescent harassment in its structural context and consequences.
While adolescent aggression is often bounded by school peer networks,
adult victimisation spans professional, political, and personal spheres
across decentralised platforms (Kowalski et al., 2018). Consequently,
adult online harassment is closely linked to professional reputation
damage, workplace difficulties, and severe mental health struggles
(Laffan et al., 2023; Schodt et al., 2021). Furthermore, without school-
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level institutional oversight, mitigation shifts entirely to individual
coping and platform architecture, emphasising the need to analyse
adult-specific digital risk factors (Jenaro et al., 2018).

While cyberbullying may not manifest physiological symptoms, its
psychological impact is severe, often precipitating depression (Hong
et al., 2014). Research consistently shows that students exposed to
bullying exhibit higher symptoms of depression and anxiety compared
to non-involved peers (Bonanno & Hymel, 2013; Litwiller & Brausch,
2013; Price et al., 2013; Wang et al., 2011; Zhu et al., 2021). A Cana-
dian study found that involvement in cyberbullying, either as a victim or
perpetrator, was a strong predictor of both depression and suicidal
ideation, even after accounting for traditional bullying (Bonanno &
Hymel, 2013). In Tiirkiye, a study determined that students with anxi-
ety disorders were victimised more frequently, with the severity of
bullying increasing alongside the level of anxiety (Cetin et al., 2019).
Similarly, a US study confirmed that cyberbullying victims exhibited
extreme levels of depression symptoms (Wang et al., 2011).

2.1. Socioeconomic correlates of cyberbullying

The influence of education level presents a complex and sometimes
contradictory picture. While one cross-national study identified it as a
significant component (Soares et al., 2017), a study in Jordan found that
individuals with postgraduate degrees engaged in more cyberbullying
than others (Ababneh & Abu Ahmadah, 2023). In contrast, a study in the
Basque Country detected higher victimisation and perpetration in
younger (sixth-grade) students compared to fifth-grade students
(Machimbarrena & Garaigordobil, 2018), and research in China linked
parents' education levels to their children's involvement in cyberbully-
ing (Chen et al., 2018).

The relationship with marital status also appears inconsistent across
studies. One study found that students with divorced parents had higher
levels of cyberbullying involvement (Ozden-Yildirim, 2019). However,
in adult samples, a Turkish study reported that married individuals
experienced higher rates of victimisation than single individuals
(Akbulut et al., 2010). In contrast, a study in China again found a sig-
nificant link between parents' marital status and their children's cyber-
bullying experiences (Chen et al., 2018).

Economic factors, both at the macro and micro levels, have been
identified as significant correlates. Noting that much of the research
originates from high-income countries, it is imperative also to investi-
gate cyberbullying in low- and middle-income settings (Zhu et al.,
2021). In support of this, a cross-national study detected a significant
negative relationship between a country's GDP and GNI and its online
victimisation rates (Soares et al., 2017). At the individual level, a study
in China identified a significant relationship between family income
status and cyberbullying (Chen et al., 2018).

2.2. Demographic dynamics: marital status, gender, and age

The role of gender in cyberbullying is one of the most debated and
inconsistent areas in the literature. Although it is sometimes posited that
women are at greater risk (Zhu et al., 2021), findings are highly varied.
One study found that males with a history of victimisation were more
likely to become perpetrators than females (Zsila et al., 2018). Some
research, such as a study in Australia, found that male students were
victimised more frequently (Griezel et al., 2012). At the same time,
another study in Tiirkiye also reported higher victimisation among
males in both student (Ozgur, 2015) and adult (Akbulut et al., 2010)
samples. In direct contrast, studies in the Netherlands (Dehue et al.,
2008) and the UK (Betts et al., 2017) found that female students were
exposed to more cyberbullying. These studies also yielded conflicting
findings on perpetration, with one suggesting that males were more
likely to bully (Dehue et al., 2008) and the other suggesting that females
were (Betts et al., 2017).

Findings regarding the relationship between age and cyberbullying
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are similarly divergent. While one study determined that cyberbullying
diminishes with advancing age (Sevcikova & Smahel, 2009), another
suggested a curvilinear relationship, where it increases from youth to
adulthood before decreasing toward old age (Barlett & Chamberlin,
2017). Contrary to both, a study in Korea found that perpetration
increased in direct proportion to age (Cho & Yoo, 2017), while a US
study found that older adolescents were victimised more frequently than
younger ones (Kowalski & Limber, 2007).

2.3. Platform-specific characteristics and affordances

Social media usage is intrinsically associated with cyberbullying,
offering perpetrators extensive platform options (Barlett et al., 2018).
Research highlights that usage and victimisation do not always align;
one study found that while students' most used platforms were Face-
book, YouTube, and Instagram, the platforms where they most
frequently experienced victimisation were Twitter and Facebook
(Whittaker & Kowalski, 2015).

To synthesise these findings, this study draws on Routine Activity
Theory (RAT) and Online Disinhibition Theory (ODT) as interpretive
frameworks rather than as directly tested theoretical models. RAT pro-
vides a conceptual basis for considering how patterns of online exposure
and interaction may relate to opportunities for victimisation, whereas
ODT offers a perspective on how reduced social cues and perceived
anonymity may facilitate aggressive behaviour by potential perpetra-
tors. However, the present study did not directly measure motivated
offenders, guardianship, target suitability, anonymity, disinhibition, or
specific platform affordances. Therefore, platform-use indicators should
not be regarded as empirical proxies for these theoretical constructs.
Instead, RAT and ODT are used cautiously to contextualise the observed
associations and to generate hypotheses for future research that directly
measures these mechanisms (Ermumcu et al., 2026; Esposito et al.,
2024; Schmitt et al., 2025; Yang et al., 2025).

In the present victimisation-focused study, ODT is relevant only
indirectly: disinhibiting online conditions may facilitate aggressive
behaviour among potential offenders, thereby increasing opportunities
for other users to encounter such behaviour. Similarly, demographic
characteristics such as age, gender, income, and occupation are not
treated as direct measures of RAT constructs; they may only reflect
differences in patterns of online exposure, interaction, or potential
guardianship. Accordingly, these theories were not used to operation-
alise the study variables but provide a cautious interpretive framework
for the observed associations.

Based on these theoretical frameworks, the following hypotheses are
proposed:

e Hj: The use of specific social media platforms is differentially asso-
ciated with reported online victimisation; specifically, use of Face-
book and Twitter is positively associated with victimisation, whereas
use of WhatsApp is negatively associated with victimisation.

Hy: Younger age and lower income levels are associated with a
higher probability of reported online victimisation.

Hj: Gender and occupational status are associated with reported
online victimisation among adult social media users.

3. Material and methods
3.1. Data source

This study employed a quantitative, cross-sectional design utilising a
relational screening model to investigate the status of online victim-
isation and its associated demographic and behavioural factors among
social media users in Tiirkiye. The primary data collection instrument
was a researcher-developed online questionnaire, informed by a review
of relevant literature (Ababneh & Abu Ahmadah, 2023; Akbulut et al.,
2010; Hong et al., 2014; Kwanya et al.,, 2022; Peck et al., 2024;
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Schodt et al., 2021; Vranjes et al., 2018). The questionnaire was struc-
tured into three sections. The first section collected socio-demographic
data on independent variables, including gender, age, marital status,
education level, occupation, and income. The second section assessed
social media usage habits, explicitly identifying the active use of plat-
forms such as Facebook, Instagram, Twitter, and WhatsApp. The third
and final section contained questions measuring the study's primary
dependent variable: participants' exposure to digital harassment. The
target population consisted of individuals aged 18 and over residing in
Tiirkiye who actively used at least one social media platform. A non-
probability sampling strategy combining convenience and snowball
sampling methods was used for participant recruitment.

Data were collected between November 15, 2025, and December 15,
2025, via an online survey link created with Google Forms. The link was
disseminated through various social media platforms (Facebook, Insta-
gram, Twitter) and instant messaging applications (WhatsApp) to
facilitate voluntary participation. Before participation, individuals were
presented with an introductory section detailing the study's purpose, the
voluntary nature of their involvement, their right to withdraw at any
time, and assurances of data anonymity for scientific use. Informed
consent was digitally obtained from all participants. An initial sample of
854 responses was collected. Following the exclusion of 51 duplicate or
inconsistent submissions, the final analytical sample consisted of 803
valid questionnaires. Referral-chain identifiers were not recorded during
snowball recruitment; therefore, clustering of observations within
referral chains could not be assessed or incorporated into the statistical
models. During data cleaning, submissions were screened for duplicate
entries and internally inconsistent response patterns. However, the
original cleaning log did not retain the specific exclusion criterion
assigned to each removed case; therefore, separate counts for duplicate
and inconsistent submissions could not be reconstructed retrospectively.

The survey was administered in Turkish, the native language of the
participants, while the items presented in Appendix 1 were translated
into English for publication. To ensure conceptual equivalence and
translation accuracy, forward and backward translation procedures
were independently conducted by bilingual communication scholars. To
support face and content validity, the Turkish questionnaire was
reviewed by three independent academic experts with relevant expertise
in digital harassment and survey methodology. Based on their feedback,
minor wording adjustments were made to ensure the items were
appropriate for an adult sample. Subsequently, a pilot study involving
50 adult social media users was conducted. During the pilot, participants
noted ambiguity regarding how to rate the frequency of automated or
technical events (e.g., account hacking) on a “Never” to “Always” scale;
the introductory instructions were thus revised to clarify that these items
measure any self-reported exposure during their platform usage.

3.2. Dependent variable

To assess the participants' experiences with various forms of online
victimisation, a 20-item behavioural checklist was compiled based on an
extensive literature review. The items were adapted from several key
studies to ensure comprehensive coverage of the phenomenon: general
harassment and unauthorised access (Hong et al., 2014), offensive
messaging and verbal abuse (Nwaneri et al., 2016; Vranjes et al., 2018),
identity-related issues (Kwanya et al., 2022), and digital fraud or privacy
violations (Al-Ghabeesh & Qattom, 2019; Schodt et al., 2021). Addi-
tional items were derived from Matulewska and Gwiazdowicz (2020),
Ababneh and Abu Ahmadah (2023), and Peck et al. (2024). Participants
responded to each item using a five-point frequency response scale
ranging from 1 (Never) to 5 (Always). To ensure linguistic validity, the
scale items were translated into Turkish using a back-translation pro-
cess, and the final version was reviewed by experts in the field. Because
the checklist encompasses broad technical compromises and deceptive
practices (such as account hacking, fraud, and scam attempts) alongside
direct interpersonal aggression, we adopt the overarching term ‘online
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victimisation’ throughout this study rather than ‘cyberbullying’, which
traditionally requires strict criteria of repetition, power asymmetry, and
personal intent.

The dependent variable for this study was online victimisation sta-
tus. Specifically, the 20-item behavioural checklist was used to construct
a dichotomous online-victimisation indicator. Because participants can
experience one type of online harassment (e.g., account hacking) inde-
pendently of another (e.g., insulting emojis), these items represent an
inventory of discrete events rather than reflective indicators of a single
underlying latent construct. In such measurement contexts, conven-
tional internal consistency metrics—such as Cronbach's alpha—or factor
analyses are conceptually inappropriate (Bollen & Lennox, 1991; Jarvis
etal., 2003). Instead, content and face validity were established through
expert review and a pilot study (n = 50).

Each item was rated on a five-point frequency scale (“Never,”
“Rarely,” “Sometimes,” “Often,” and “Always”). For the primary anal-
ysis, participants were classified as having reported victimisation if they
selected “Rarely” or a higher-frequency response for at least one of the
20 listed experiences; participants selecting “Never” for all items were
classified as non-victims. Because this threshold may capture relatively
infrequent or isolated experiences, an alternative, more stringent defi-
nition requiring at least one response of “Sometimes” or higher was
examined in a sensitivity analysis.

3.3. Independent variables

The primary set of independent variables consisted of socio-
demographic characteristics. These variables were categorised as fol-
lows: Gender (female, male); Age, operationalised into five groups
(18-24, 25-30, 31-36, 37-43, and 44 and above); Marital Status
(married, single); Occupational Status (civil servant, self-employed/
freelance, tradesperson, retired, worker, student, unemployed); and
Income Level, which was measured as self-reported monthly personal
income in Turkish Lira (TRY) and operationalised into six distinct
ordinal tiers from the lowest (Level 1) to the highest (Level 6). For
analysis, primary, middle-school, and high-school categories were
combined as “high school or lower,” while university and graduate ed-
ucation were retained as university and postgraduate categories,
respectively.

In addition to socio-demographic factors, a second set of indepen-
dent variables assessed participants' active use of specific social media
platforms. For each platform, including Facebook, Instagram, Twitter,
WhatsApp, YouTube, LinkedIn, Snapchat, Swarm, and other applica-
tions, usage was treated as a distinct dichotomous variable, coded to
reflect whether a participant actively used the platform (“Yes”) or not
(“No™).

To improve model stability and reduce sparse categories, several
categories with small cell sizes were combined before fitting the final
regression model. Specifically, individuals aged 44-50 and above 50
were combined into a single “44 and over” category, as the older cohort
represented only a minor fraction of the sample. Similarly, the highest
two income brackets in the questionnaire were merged to form six
distinct income tiers. Finally, occupational categories were harmonised;
self-employed and freelance responses were combined into a single “self-
employed/freelance” category, while tradespersons were retained as a
separate category.

3.4. Statistical analysis

First, frequency and percentage distributions were calculated using
IBM SPSS Statistics to describe the online victimisation status of the
social media users participating in the study. Because the online Google
Forms survey required responses for all items before submission, there
was no missing data. An initial sample of 854 responses was collected. A
total of 51 submissions were excluded because they were identified
during data cleaning as either duplicate entries or responses showing
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inconsistent response patterns. Because the original data-cleaning log
did not retain separate counts for these two exclusion reasons, the exact
number excluded for duplication versus inconsistency could not be
reconstructed retrospectively. The final analytical sample therefore
consisted of 803 valid questionnaires. The chi-square test of indepen-
dence was then applied to examine the associations between the inde-
pendent variables and the online victimisation outcome. Subsequently, a
binary logistic regression model was estimated in Stata along with
average marginal effects (AME) to identify the factors significantly
associated with the online victimisation status of social media users.

Average marginal effects were estimated after the logistic regression
model using Stata's margins, dydx(*) procedure; for categorical pre-
dictors, these represent discrete changes in the predicted probability
relative to the reference category. Model fit was assessed using the
likelihood-ratio chi-square test and pseudo-R% measures. Discrimination
was assessed using the area under the receiver operating characteristic
curve (AUC). At a predicted-probability threshold of 0.50, classification
performance was evaluated using sensitivity, specificity, positive pre-
dictive value (PPV), negative predictive value (NPV), overall accuracy,
and balanced accuracy. Because the outcome distribution was imbal-
anced, overall accuracy was interpreted together with class-specific and
balanced performance measures.

To assess internal validity and potential model optimism, stratified
10-fold cross-validation was performed while preserving the distribu-
tion of the outcome across folds. In each iteration, the model was esti-
mated using nine folds and evaluated on the held-out fold. Out-of-
sample predicted probabilities from the 10 held-out folds were pooled
to calculate the cross-validated AUC and classification measures. A
sensitivity analysis was also conducted using the stricter victimisation
threshold of “Sometimes” or higher while retaining the same covariates
and model specification as in the primary analysis.

Given the exploratory nature of the analysis, all prespecified de-
mographic and platform-use variables were retained rather than
selected using data-driven stepwise procedures. No formal a priori
power calculation was conducted for the multivariable model. Model
optimism and out-of-sample performance were therefore additionally
evaluated using stratified 10-fold cross-validation.

IBM SPSS Statistics version 20 and Stata version 15 were used for the
analyses.

3.5. Ethical procedures

The research was deemed ethically appropriate by the Giresun Uni-
versity Social Sciences, Science, and Engineering Research Ethics
Committee, as per its decision dated November 11, 2025, numbered 10/
482.

4. Results
4.1. Characteristics of study participants

The descriptive statistics for the independent variables included in
the proposed model are presented in Table 1. This table also displays the
results of the Chi-Square tests of independence, which assess the
bivariate associations between each variable and the online victim-
isation status of participants.

In the primary analysis, 621 of the 803 participants (77.3%) reported
at least one of the listed online victimisation experiences at a frequency
of “Rarely” or higher, whereas 182 (22.7%) reported “Never” for all
listed experiences. Item-level response distributions for all 20 online
victimisation experiences are provided in Appendix 2. The frequencies
and percentages across the five response categories (Never, Rarely,
Sometimes, Often, and Always) demonstrate variation in the frequency
with which individual victimisation experiences were reported.

Bivariate analyses indicated statistically significant differences in
reported victimisation according to gender (3% = 25.373, p < .001), age
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Table 1
Distribution of reported online victimisation status according to participant
characteristics and social media platform use (N = 803).

Variables Reported online n (%) x2 P
victimisation
No Yes
Gender Female 131 316 447 25373 p<
(29.3) (70.7) (55.7) .001
Male 51 305 356
(14.3) (85.7) (44.3)
Age 18-24 59 198 257 12.049  0.017
(23.0) (77.0) (32.0)
25-30 32 156 188
(17.0) (83.0) (23.4)
31-36 25 113 138
(18.1) (81.9) (17.2)
37-43 39 86 125
(31.2) (68.8) (15.6)
44 and over 27 68 95
(28.4) (71.6) (11.8)
Marital Single 107 384 491 0.549 0.459
status (21.8) (78.2) (61.1)
Married 75 237 312
(24.0) (76.0) (38.9)
Education High school 47 165 212 3.261 0.196
level and below (22.2) (77.8) (26.4)
University 111 402 513
(21.6) (78.4) (63.9)
Postgraduate 24 54 78
(30.8) (69.2) 9.7)
Occupation Civil servant 71 227 298 9.556 0.145
(23.8) (76.2) (37.1)
Self- 15 54 69
employed/ (21.7) (78.3) (8.6)
freelance
Tradesperson 3(7.7) 36 39
(92.3) (4.9
Retired 7 30 37
(18.9) (81.1) (4.6)
Worker 15 57 72
(20.8) (79.2) (9.0)
Student 48 169 217
(22.1) (77.9) (27.0)
Unemployed 23 48 71
(32.4) (67.6) (8.8)
Income Income Level 1 48 159 207 15.501 0.008
status (Min) (23.2) (76.8) (25.8)
Income Level2 30 99 129
(23.3) (76.7) (16.1)
Income Level 3 50 215 265
(18.9) (81.1) (33.0)
Income Level 4 33 118 151
(21.9) (78.1) (18.8)
Income Level 5 6 15 21
(28.6) (71.4) (2.6)
Income Level 6 15 15 30
(Max) (50.0) (50.0) 3.7)
Facebook Yes 89 437 526 28711 p<
(16.9) (83.1) (65.5) .001
No 93 184 277
(33.6) (66.4) (34.5)
Instagram Yes 152 537 689 1.010 0.315
(22.1) (77.9) (85.8)
No 30 84 114
(26.3) (73.7) (14.2)
Twitter Yes 81 396 477 21.656 p<
(17.0) (83.0) (59.4) .001
No 101 225 326
(31.0) (69.0) (40.6)
WhatsApp Yes 176 556 732 8.978 0.003
(24.0) (76.0) (91.2)
No 6 (8.5) 65 71
(91.5) 8.8)
YouTube Yes 136 476 612 0.288 0.592
(22.2) (77.8) (76.2)
No 46 145 191

(24.1) (75.9) (23.8)

(continued on next page)
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Table 1 (continued)

Variables Reported online n (%) %2 P
victimisation
No Yes
LinkedIn Yes 24 123 147 4.125 0.042
(16.3) (83.7) (18.3)
No 158 498 656
(24.1) (75.9) (81.7)
Snapchat Yes 25 66 91 1.353 0.245
(27.5) (72.5) (11.3)
No 157 555 712
(22.1) (77.9) (88.7)
Swarm Yes 5(5.2) 92 97 19.299 p<
(94.8) (12.1) .001
No 177 529 706
(25.1) (74.9) (87.9)
Other Yes 80 315 395 2.580 0.108
(20.3) (79.7) (49.2)
No 102 306 408
(25.0) (75.0) (50.8)

Note. Percentages in the No and Yes columns are row percentages. Pearson's chi-
square test was used to assess bivariate associations. For each platform, “Yes”
indicates use of that platform and “No” indicates non-use of that specific
platform.

(X2 =12.049, p =.017), income level (X2 =15.501, p =.008), Facebook
use (x> = 28.711, p < .001), Twitter use (x> = 21.656, p < .001),
WhatsApp use (x> = 8.978, p = .003), LinkedIn use (x> = 4.125, p =
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.042), and Swarm use (3 = 19.299, p < .001). No statistically significant
bivariate differences were detected for marital status, education, occu-
pation, Instagram, YouTube, Snapchat, or other platform use.

4.2. Multivariate analyses

A binary logistic regression model was employed to determine the
factors associated with online victimisation among the social media
users included in the study. The results of the estimated model are
presented in Table 2. The model was also examined for the presence of
multicollinearity among the independent variables. Variance Inflation
Factor (VIF) values of 5 or higher are considered to indicate moderate
multicollinearity, while values of 10 or higher are considered to indicate
severe multicollinearity (Alkan et al., 2021). According to the VIF results
presented in Table 2, no variables were found to cause multicollinearity
issues.

The primary logistic regression model was statistically significant
(LR x%(28) = 111.19, p < .001; McFadden's pseudo-R% = 0.129). The
apparent AUC was 0.741. At a predicted-probability threshold of 0.50,
sensitivity was 97.4%, specificity was 19.8%, PPV was 80.6%, NPV was
69.2%, overall classification accuracy was 79.8%, and balanced accu-
racy was 58.6%. Given the imbalanced outcome distribution, the overall
accuracy was interpreted cautiously, particularly because the high
sensitivity was accompanied by low specificity.

In stratified 10-fold cross-validation, the AUC decreased to 0.675
(95% CI = 0.632-0.719). Cross-validated sensitivity, specificity, PPV,

Table 2
Estimated model results and marginal effects of factors associated with online victimisation among social media users.
Variables B Std. error 95% CI AME Std. error VIF
Lower Upper
Gender (Reference: Male)
Female -0.616" 0.212 —1.032 —0.200 —0.092% 0.031 1.23
Age (Reference: 18-24 years)
25-30 0.039 0.368 —0.682 0.760 0.005 0.050 2.68
31-36 —0.242 0.434 —1.092 0.609 —0.035 0.063 2.82
37-43 —0.739¢ 0.437 —1.595 0.117 —0.119°¢ 0.070 2.87
44 and over —-0.577 0.471 —1.499 0.346 —0.090 0.074 2.70
Marital status (Reference: Married)
Single —0.346 0.252 —0.841 0.148 —0.051 0.036 1.67
Education level (Reference: Postgraduate)
High school and below 0.096 0.386 —0.660 0.853 0.015 0.061 3.66
University 0.198 0.326 —0.440 0.836 0.031 0.052 3.30
Occupation (Reference: Civil Servant)
Self-employed/freelance —0.012 0.402 —0.800 0.776 —0.002 0.062 1.44
Tradesperson 1.046 0.670 —0.268 2.360 0.123" 0.062 1.22
Retired 0.421 0.505 —0.569 1.411 0.058 0.065 1.28
Worker 0.101 0.390 —0.663 0.865 0.015 0.058 1.39
Student —0.084 0.426 —-0.918 0.750 —-0.013 0.066 4.19
Unemployed —0.414 0.397 -1.192 0.365 —0.068 0.067 1.76
Income status (Reference: Income Level 1 (Min))
Income Level 2 —0.305 0.339 —-0.970 0.360 —0.045 0.050 1.99
Income Level 3 —0.260 0.355 —0.956 0.435 —0.038 0.051 3.61
Income Level 4 —0.255 0.392 —1.024 0.514 —0.037 0.057 3.07
Income Level 5 —0.533 0.655 —-1.817 0.751 —0.082 0.107 1.48
Income Level 6 (Max) —1.478° 0.555 —2.566 —-0.390 —0.262" 0.103 1.71
Social media platform use
Facebook 0.775" 0.215 0.354 1.196 0.123% 0.035 1.38
Instagram —0.083 0.273 —-0.618 0.452 —-0.012 0.040 1.23
Twitter 0.692" 0.199 0.301 1.083 0.108" 0.032 1.20
WhatsApp —~1.234" 0.497 —2.209 —0.260 —0.145" 0.042 1.25
YouTube 0.173 0.239 —0.295 0.641 0.027 0.038 1.27
LinkedIn —0.109 0.283 —0.664 0.445 —0.017 0.044 1.23
Snapchat 0.238 0.309 —0.369 0.844 0.035 0.043 1.29
Swarm 1.226" 0.498 0.251 2.202 0.145" 0.042 1.22
Other 0.330° 0.185 —0.032 0.693 0.050° 0.028 1.03

Note. For each social media platform, the reference category is non-use of that specific platform. Platform-specific estimates therefore compare users with non-users of
the same platform while adjusting for use of the other platforms included in the model.

2 p<0.01.
> p <0.05.
¢ p<o0.10.
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and NPV were 95.2%, 16.5%, 79.5%, and 50.0%, respectively. Overall
accuracy was 77.3%, and balanced accuracy was 55.8%. Thus, although
sensitivity remained high, out-of-sample discrimination was modest and
the model showed limited ability to correctly classify non-victims.

The confusion matrices for the apparent and stratified 10-fold cross-
validated predictions at the 0.50 probability threshold are presented in
Table 3, which reports the observed and predicted participant counts.

The binary logistic regression analysis (Table 2) identified several
factors significantly associated with online victimisation. Against a
baseline sample victimisation rate of 77.3%, the reported average
marginal effects (AME) represent percentage point changes in the
probability of victimisation.

The average marginal effects were consistent with the main adjusted
findings for several variables. Female gender was associated with a 9.2-
percentage-point lower predicted probability of reported victimisation
(AME = —0.092, p = .003), while membership in the highest income
category was associated with a 26.2-percentage-point lower predicted
probability (AME = —0.262, p = .011). Facebook, Twitter, and Swarm
use were associated with increases of approximately 12.3, 10.8, and
14.5 percentage points, respectively (all p < .001), whereas WhatsApp
use was associated with a 14.5-percentage-point lower predicted prob-
ability (AME = —0.145, p < .001). Although the AME for tradesperson
status reached statistical significance (AME = 0.123, p = .045), the
corresponding logistic regression coefficient and adjusted odds ratio
were not statistically significant (p = .119); therefore, this finding was
not interpreted as robust evidence of an independent association.

The odds ratios (ORs) for the factors associated with online victim-
isation are presented in Table 4.

After adjustment for the other variables included in the model,
gender, the highest income category, and use of Facebook, Twitter,
WhatsApp, and Swarm were significantly associated with reported vic-
timisation. Female participants had lower odds of reported victimisation
than male participants (OR = 0.540, 95% CI: 0.356-0.818, p = .004).
Participants in the highest income category had lower odds than those in
the lowest income category (OR = 0.228, 95% CI: 0.077-0.677, p =
.008). Facebook use (OR = 2.170, 95% CI: 1.424-3.306, p < .001),
Twitter use (OR = 1.997, 95% CI: 1.351-2.952, p = .001), and Swarm
use (OR = 3.408, 95% CI: 1.285-9.039, p = .014) were positively
associated with reported victimisation, whereas WhatsApp use was
negatively associated with reported victimisation (OR = 0.291, 95% CI:
0.110-0.771, p = .013). No statistically significant adjusted associations
were detected for marital status, education, occupation, Instagram,
YouTube, LinkedIn, or Snapchat. Age was also not statistically signifi-
cant at the conventional 5% level; the estimate for participants aged
37-43 relative to those aged 18-24 provided only marginal evidence of

Table 3
Confusion matrices for the primary logistic regression model at a predicted-
probability threshold of 0.50 (n = 803).

Observed outcome Predicted victim Predicted non-victim Total

A. Apparent performance (in-sample predictions)

Victim 605 (TP) 16 (FN) 621
Non-victim 146 (FP) 36 (TN) 182
Total 751 52 803

B. Stratified 10-fold cross-validation (pooled held-out predictions)

Victim 591 (TP) 30 (FN) 621
Non-victim 152 (FP) 30 (TN) 182
Total 743 60 803

Note. Values are participant counts. Predicted victim denotes a predicted
probability of at least 0.50; predicted non-victim denotes a probability below
0.50. Apparent predictions were obtained from the model fitted to all 803 par-
ticipants. Cross-validated predictions were pooled across the held-out folds, with
each participant contributing one prediction from a model fitted without their
fold. TP, true positives; FN, false negatives; FP, false positives; TN, true
negatives.
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Table 4
Odds ratio results for factors associated with online victimisation.
Variables OR Std. P 95% CI
error
Lower  Upper
Gender (Reference: Male)
Female 0.540 0.115 0.004 0.356 0.818
Age (Reference: 18-24 years)
25-30 1.040 0.383 0.916 0.506 2.139
31-36 0.785  0.341 0.577 0.335 1.838
37-43 0.478  0.209 0.091 0.203 1.125
44 and over 0.562 0.264 0.220 0.223 1.413
Marital status (Reference:
Married)
Single 0.707  0.179 0.170 0.431 1.160
Education level (Reference:
Postgraduate)
High school and below 1.101  0.425 0.803 0.517 2.346
University 1.219 0.397 0.543 0.644 2.307
Occupation (Reference: Civil
Servant)
Self-employed/freelance 0.988  0.397 0.976 0.449 2.173
Tradesperson 2.847 1.909 0.119 0.765 10.592
Retired 1.524  0.770 0.405 0.566 4.102
Worker 1.106  0.431 0.795 0.515 2.375
Student 0.919 0.391 0.844 0.399 2.118
Unemployed 0.661  0.263 0.298 0.304 1.440
Income status (Reference:
Income Level 1 (Min))
Income Level 2 0.737 0.250 0.368 0.379 1.433
Income Level 3 0.771  0.273 0.463 0.385 1.545
Income Level 4 0.775 0.304 0.516 0.359 1.672
Income Level 5 0.587 0.384 0.416 0.163 2.119
Income Level 6 (Max) 0.228 0.127 0.008 0.077 0.677
Social media platform use
Facebook 2.170  0.466 <0.001 1.424 3.306
Instagram 0.921  0.251 0.762 0.539 1.572
Twitter 1.997  0.398 0.001 1.351 2.952
WhatsApp 0.291 0.145 0.013 0.110 0.771
YouTube 1.189 0.284 0.468 0.745 1.899
LinkedIn 0.896  0.254 0.699 0.515 1.561
Snapchat 1.268 0.392 0.443 0.691 2.326
Swarm 3.408 1.696 0.014 1.285 9.039
Other 1.391  0.257 0.074 0.968 1.999

Note. For each social media platform, the reference category is non-use of that
specific platform. Platform-specific estimates therefore compare users with non-
users of the same platform while adjusting for use of the other platforms
included in the model.

an association (OR = 0.478, 95% CI: 0.203-1.125, p = .091).

4.3. Sensitivity analysis

Using the stricter definition requiring at least one listed experience to
be reported as occurring “Sometimes” or more frequently, 437 of 803
participants (54.4%) were classified as victims. The alternative logistic
regression model remained statistically significant (LR X2(28) =157.19,
p < .001; McFadden's pseudo—R2 = 0.142). Complete adjusted odds ra-
tios (ORs), 95% confidence intervals (Cls), and p values for all covariates
in the stricter-threshold model are provided in Appendix 3.

The positive associations with Facebook, Twitter, and Swarm use
remained statistically significant under the stricter definition. In
contrast, the associations involving gender, WhatsApp use, the highest
income category, and tradesperson status observed in the primary
analysis were not consistently retained. Several age-category differences
emerged under the stricter definition. In contrast, female gender,
WhatsApp use, and the highest income category were not statistically
significant at the 5% level (p = .064, 0.174, and 0.559, respectively).
Under the stricter definition, participants aged 25-30, 37-43, and 44
years or older had lower odds of victimisation than those aged 18-24,
whereas income Level 3 and other platform use were positively associ-
ated with victimisation (Appendix 3). The logistic regression coefficient



U. Ogzen et al.

for tradesperson status was not statistically significant in either the
primary model (p = .119) or the sensitivity model (p = .134). These
results indicate that the Facebook, Twitter, and Swarm associations
were comparatively robust, whereas several demographic and platform-
related associations were sensitive to the operational threshold used to
define victimisation.

5. Discussion

The objective of this study was to examine demographic, socioeco-
nomic, and platform-use factors associated with reported online vic-
timisation among social media users in Tiirkiye. The findings indicate
that reported victimisation was associated with several individual and
platform-use characteristics, although the pattern of associations varied
across factors and according to the operational threshold used to define
victimisation. Given the cross-sectional design, these findings should be
interpreted as contemporaneous associations rather than evidence of
causal effects or risk factors. This multifaceted structure likely contrib-
utes to the significant variability observed across findings in the existing
literature, a point previously noted by Modecki et al. (2014).

The hypotheses received mixed empirical support. H; was supported
in the primary model: use of Facebook and Twitter was positively
associated with victimisation, while WhatsApp use was negatively
associated with victimisation; other platforms, including Instagram and
YouTube, showed no statistically significant associations. Hy was only
partially supported. The highest income category was associated with
lower victimisation relative to the lowest income category, whereas the
primary model did not provide statistically significant evidence at the
5% level for the hypothesised age differences. H3 was also partially
supported: gender was significantly associated with victimisation,
whereas occupational status showed no robust association in the pri-
mary logistic regression model.

One of the most striking findings of this study pertains to gender. The
results indicate that women had an estimated probability of victim-
isation that was 9.2 percentage points lower than men. This finding
contrasts with studies that posit women are at a greater risk (Dehue
et al., 2008; Zhu et al., 2021) but aligns with research by Griezel et al.
(2012), and Ozgur (2015), all of which reported a higher risk for men.
Specifically, Griezel et al. (2012) found that male students in Australia
experienced more cyberbullying, while Ozgur (2015) and Akbulut et al.
(2010) reached similar conclusions in the Turkish context.

This inconsistency in the literature suggests that the role of gender
may be moderated by the type of cyberbullying (e.g., relational
aggression vs. direct insults) and the cultural context. Dehue et al.
(2008) reported that female students in the Netherlands experienced
more victimisation, whereas male students were more likely to be per-
petrators. In contrast, the present study found that men had a higher
estimated probability of reported victimisation than women. While
platform-specific activities were not measured in this study, this gender
difference could tentatively be linked to gendered online behaviours,
risk-taking tendencies, and digital social norms, where male users may
navigate highly competitive environments (e.g., gaming or political fo-
rums). However, this speculative explanation requires empirical
verification.

Regarding age, our findings show marginal evidence of a lower
likelihood of victimisation only when comparing the 37-43 age group to
the younger 18-24 reference cohort; other age brackets showed no
significant differences. Thus, our data do not support a continuous,
general age gradient across the lifespan. This result is consistent with
Sevcikova and Smahel (2009), who suggested that involvement in
cyberbullying decreases with age. However, it diverges from findings by
Barlett and Chamberlin (2017) and Cho and Yoo (2017), which pro-
posed that cyberbullying either increases into adulthood or rises in
direct proportion to age. The descriptive pattern observed for the 18-24
reference cohort is broadly consistent with Kowalski and Limber's
(2007) observation; however, the present findings do not provide
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evidence of a general age-related gradient in victimisation. Rather than
indicating distinct age-based vulnerabilities, these null adjusted findings
suggest that specific platform choices and daily online activities may
matter more than chronological age itself among adults, a possibility
that future research should examine directly. The contradictory results
in the literature, alongside our findings on gender and age, underscore
how cultural context and the specific nature of bullying behaviours
likely influence these demographic dynamics.

Regarding socioeconomic characteristics, the primary logistic
regression provided evidence of an association with the highest income
category, whereas no robust association was detected for occupational
status. The finding that individuals in the highest income category had
an estimated probability of reported victimisation that was 26.2 per-
centage points lower than that of individuals in the lowest income
category is noteworthy. This aligns with macro-level findings by Soares
et al. (2017), who detected a negative relationship between national
income and cyberbullying, and with micro-level research by Chen et al.
(2018) in China, which linked family income to cyberbullying. It does,
however, contrast with Ozden-Yildirim (2019), who found no significant
association. While unmeasured in our study, higher income is plausibly
associated with potential protective factors such as enhanced digital
literacy, safer technological practices, and a greater awareness of
privacy.

Although the average marginal effect indicated that tradespeople
had an estimated probability of reported victimisation that was 12.3
percentage points higher than that of civil servants, this finding must be
interpreted with caution. This occupational category represents a very
small portion of our sample (n = 39, 4.9%), and the wide confidence
interval of its logistic regression coefficient (—0.271 to 2.375,p =.119)
underscores the fragility of this statistical relationship. Consequently,
rather than drawing definitive conclusions, this finding should be
treated as strictly preliminary and hypothesis-generating. It tentatively
suggests that occupations requiring a more active, public-facing digital
presence may carry elevated exposure risks, a premise that warrants
further validation in future research with larger, target-specific occu-
pational samples.

A significant finding of this study concerns the associations between
the use of specific platforms and reported online victimisation. Use of
platforms characterised by public sharing and interaction with broad
networks, such as Facebook, Twitter, and Swarm, was positively asso-
ciated with reported victimisation, whereas WhatsApp use was nega-
tively associated with reported victimisation in the primary analysis.
These findings are consistent with previous studies reporting platform-
specific variation in cyberbullying experiences (Barlett et al., 2018;
Betts et al., 2017; Whittaker & Kowalski, 2015). However, the present
cross-sectional data cannot establish the temporal ordering between
platform use and victimisation. It is also worth noting that our survey
did not tie victimisation events to specific platforms. A link between
Facebook or Twitter use and victimisation simply reflects the user's
broader online profile, not proof that the incident actually unfolded on
that platform. Current platform use may have preceded the reported
victimisation experience, but participants may also have changed, dis-
continued, or adopted platforms following such experiences. Accord-
ingly, the observed associations should not be interpreted as evidence
that particular platform architectures increase or reduce victimisation
risk. Platform characteristics such as openness to unsolicited contact,
anonymity, audience visibility, and privacy settings may provide plau-
sible contexts for interpreting these associations, but these mechanisms
were not directly measured and require longitudinal investigation.

The observed platform-use associations are broadly compatible with
RAT's emphasis on exposure and opportunity and with ODT's emphasis
on disinhibition as possible mechanisms. However, exposure, guard-
ianship, anonymity, and disinhibition were not directly measured;
therefore, the present findings cannot establish whether these mecha-
nisms explain the observed platform associations. Likewise, the negative
association with WhatsApp should not be interpreted as evidence that
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WhatsApp is inherently more protective.

Finally, this study found no statistically significant effect of educa-
tion level or marital status on online victimisation. While this differs
from some studies (Ababneh & Abu Ahmadah, 2023; Soares et al.,
2017), it indicates that under our study design, no statistically signifi-
cant associations were detected for these demographic variables. For
instance, our result parallels findings by Akbulut et al. (2010) in
Tiirkiye, who also found no significant relationship between education
level and victimisation. Regarding marital status, our findings diverge
from those of Ozden-Yildirim (2019), Chen et al. (2018), and another
Turkish study by Akbulut et al. (2010), which reported higher victim-
isation among married individuals. Overall, the present data simply did
not detect statistically significant adjusted associations for education
level or marital status.

6. Conclusion

This study identified associations between selected socio-
demographic characteristics, social media platform use, and reported
online victimisation among a non-probability sample of adult social
media users in Tiirkiye. In the primary model, gender, the highest in-
come category, and use of Facebook, Twitter, WhatsApp, and Swarm
were associated with victimisation, whereas robust associations were
not detected for education, marital status, occupation, or age at the
conventional 5% significance level. Sensitivity analyses further
demonstrated that several associations depended on the threshold used
to define victimisation, while the positive associations involving Face-
book, Twitter, and Swarm were comparatively consistent across
outcome definitions.

These findings may have implications for the development of tar-
geted anti-cyberbullying initiatives. Rather than relying solely on
generalised warnings about social media, future interventions may
benefit from considering platform-specific patterns of association. In this
context, recent research emphasises that users may adopt specific
privacy-protective behaviours following online victimisation or data
privacy breaches, including regulated platform use, identity masking,
temporary detoxification, and complete social media disengagement
(Mazhar et al., 2026; Niu et al., 2024, 2025). Given the observed gender
association, future studies should further investigate whether patterns of
online engagement and victimisation experiences differ by gender and
across age groups.

Furthermore, the findings suggest that social media platforms may
have an important role in strengthening user-safety measures. While the
negative association observed between WhatsApp use and reported
victimisation highlights the importance of considering platform-specific
patterns, this finding should not be interpreted as evidence that What-
sApp provides an inherently safer environment. At the same time,
relying solely on commercial platforms to improve reporting mecha-
nisms is structurally flawed. Communication scholarship shows these
systems are often ineffective, traumatising for victims, and prone to
“platform capture” designed to limit corporate liability (Maréchal, 2021;
Partin, 2020). This failure stems from the political economy of social
media, where ad-based, engagement-driven business models monetise
controversial interactions, weakening platforms' incentives to eliminate
harassment. Therefore, mitigating cyberbullying requires moving
beyond voluntary self-regulation toward robust co-regulation frame-
works, such as the European Union's Digital Services Act, which
mandate independent algorithmic transparency and systemic risk
assessments.

Finally, certain limitations of this study should be acknowledged. Its
cross-sectional design precludes the establishment of causal relation-
ships. A major methodological limitation is the reliance on convenience
and snowball sampling on social media. This approach likely over-
represents heavy, active users while under-representing older adults,
rural populations, and those with lower digital literacy. These biases
limit the generalisability of our findings to the broader Turkish

Acta Psychologica 270 (2026) 107899

population, emphasising the need for future studies to utilise
probability-based sampling.

Additionally, recruiting participants through specific social media
platforms (Facebook, Instagram, Twitter, and WhatsApp) while simul-
taneously utilising these platforms as predictors of victimisation in-
troduces selection bias. Active users of these platforms were inherently
more likely to enter the sample, meaning the estimated coefficients for
platform usage may partially reflect the recruitment process rather than
absolute differences in victimisation risk. This limitation of convenience
sampling must be considered when interpreting platform-specific
associations.

Furthermore, social media platform use was operationalised strictly
as a binary (yes/no) variable. The regression models did not control for
critical exposure metrics, such as daily time spent online, posting fre-
quency, public versus private account settings, network size, or
engagement in specific political or gaming activities. Because these
omitted variables likely confound both platform selection and victim-
isation, the platform-specific findings must be interpreted strictly as
exploratory, contemporaneous associations rather than causal evidence
of platform architecture. A related constraint is that the checklist did not
ask participants where each event took place. Finding that Facebook or
Twitter users reported more victimisation does not mean the harassment
occurred on those platforms, as experiences could easily have happened
across other online channels.

Another limitation is that the behavioural checklist did not specify a
designated recall period (e.g., the previous 12 months). Consequently,
the timing of the reported experiences cannot be determined, and the
observed proportion should not be interpreted as a period-specific or
lifetime prevalence estimate. It should instead be understood as the
proportion of participants in the present sample who reported at least
one of the listed experiences under the specified response threshold. This
limitation also restricts direct comparisons with studies employing
clearly defined recall periods. Moreover, platform-use indicators re-
flected participants' current use, whereas the victimisation checklist did
not establish when the reported experiences occurred. Therefore, tem-
poral ordering cannot be determined: participants may have dis-
continued, changed, or adopted particular platforms following
victimisation. Consequently, the observed platform-specific associations
should be interpreted strictly as contemporaneous associations and not
as evidence that platform use preceded, increased, or reduced
victimisation.

The relatively large number of model parameters compared with the
smaller outcome group also raises the possibility of model instability and
overfitting. To examine this concern, stratified 10-fold cross-validation
was performed. The reduction in AUC from 0.741 in the apparent
analysis to 0.675 in cross-validation suggests some degree of optimism
in the in-sample performance. Therefore, the model should primarily be
interpreted as an explanatory association model rather than as a clini-
cally or practically deployable prediction tool, and external validation in
independent samples is warranted.

Finally, the primary definition classified a participant as having re-
ported victimisation when at least one listed experience was endorsed at
a frequency of “Rarely” or higher. This deliberately sensitive threshold
may combine isolated or relatively infrequent experiences with more
recurrent forms of victimisation. Consistent with this concern, the pro-
portion classified as victims decreased from 77.3% to 54.4% when a
stricter threshold of “Sometimes” or higher was applied. Although as-
sociations with Facebook, Twitter, and Swarm remained comparatively
robust, several other associations changed under the alternative defi-
nition. These findings demonstrate that both the estimated proportion of
victimisation and some covariate associations are sensitive to outcome
operationalisation.

Future longitudinal research is needed to establish causal relation-
ships over time. Additionally, because this study relied on single-source,
self-reported data, potential biases such as social desirability and com-
mon method variance, alongside our use of a dichotomised threshold
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measure for victimisation, must be acknowledged as constraints. Future
research should employ validated, multi-item scales and incorporate
psychological variables—including self-esteem, empathy, loneliness,
personality traits, social support, and digital literacy—to develop a more
comprehensive understanding of adult cyberbullying. In conclusion,
combating the pervasive social problem of cyberbullying in the digital
age demands a holistic, evidence-based, and multi-stakeholder approach
that is attuned to the specific risk profiles of vulnerable groups and the
unique dynamics of digital environments.
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PERSONAL INFORMATION FORM
Gender: [ ] Male [ ] Female

Age: []118-24[]125-30[]131-36[]37-43[]44-50[] >50

Marital status: [ ] Single [ ] Married

Educational status: [ ] Primary School [ ] Middle School [ ] High School [ ] University [ ] Graduate
Occupation: [ ] Civil Servant [ ] Self-Employed/Freelance [ ] Tradesperson [ ] Retired [ ] Worker [ ] Student [ ]

Unemployed

Monthly personal income (TRY): [ ] 0-5.000 [ ] 5.001-15.000 [ ] 15.001-25.000 [ ] 25.001-35.000

[ 135.001-50.000 [ ] 50.001-100.000 [ ] >100.000

Social media applications you use (you may mark more than one...)
[ 1 Facebook [ ] Instagram [ ] Twitter [ ] LinkedIn [ ] WhatsApp [ ] Snapchat [ ] Swarm [ ] YouTube [ ] Other

NO  Which of the following online victimisation experiences Never  Rarely

aimed at you on social media platforms have you
encountered, and how often?

Sometimes ~ Often  Always

1 Rumors were spread about me. 0] @ ©] @ ®
2 I was harassed with insulting emojis. 0] @ ©] @ ®
3 I was mocked/made fun of. @ ® ® ® ®
4 The content I shared (pictures, text, music, video, etc.) @ ® ® @ ®
was ridiculed.
5 Humiliating expressions were used about me. 0] 0] ® @ ®
6 A page was opened in my name. @ @ ® ® ®
7 I had to hide my identity because I was being harassed. ©) @ ® @ ®
8 My account was accessed without permission. @ ® ® ® ®
9 My account was hacked/stolen. @ ® ® ® ®
10 My personal posts (photos, videos) were published by ©) @ ©] @ ®
others without permission.
11 My photos were edited and shared in a way to offend/ 0] ® ® ® ®
humiliate me.
12 I was harassed with sexually explicit emojis and 0] @ ® @ ®
messages.
13 I received messages containing profanity/insults. ©) @ ® @ ®
14 I was subjected to blackmail. @ @) ® ® ®
15 I was subjected to fraud/scams. 0] @) ® @ ®
16 An attempt was made to defraud/scam me. 0] 0] ©] @ ®
17 Propaganda was directed at me regarding subjects I did ©) @ ® @ ®
not want.
18 My private conversations were shared with others. 0] ® ® ® ®
19 Hurtful, humiliating, or embarrassing comments were ©) @ ® @ ®
written on the visuals I shared.
20 I was threatened with my private conversations. 0] 0] ® @ ®
NO  How did you react when you were exposed to online Never Rarely  Sometimes Often  Always
victimisation in social media environments?
21 I asked the person bullying me to stop. 0] @) ® ® ®
22 I blocked them on social media. 0] @ ©] @ ®
23 Iretaliated. @ @ ® @ ®
24 I took legal action. @ ® ® ® ®
25 I deleted that bullying content/evidence. ® @ ® @ ®
26 1told my family/friends. @ ) ® @ ®
27 I ignored it. @ ® ® ® ®
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Appendix 2. Item-level distribution of reported online victimisation experiences (N = 803)

Responses are presented as n (%). Percentages are calculated within each item.

Item Never Rarely Sometimes Often Always
n (%) n (%) n (%) n (%) n (%)
1. Rumors were spread about me. 664 (82.7) 76 (9.5) 45 (5.6) 14 (1.7) 4 (0.5)
2. I was harassed with insulting emojis. 540 (67.2) 173 (21.5) 59 (7.3) 28 (3.5) 3(0.4)
3. I was mocked/made fun of. 582 (72.5) 106 (13.2) 83(10.3) 27 (3.4) 5 (0.6)
4. The content I shared (pictures, text, music, video, etc.) was ridiculed. 558 (69.5) 137 (17.1) 76 (9.5) 27 (3.4) 5 (0.6)
5. Humiliating expressions were used about me. 610 (76.0) 105 (13.1) 54 (6.7) 31 (3.9) 3(0.4)
6. A page was opened in my name. 583 (72.6) 120 (14.9) 76 (9.5) 13 (1.6) 11 (1.4
7.1 had to hide my identity because I was being harassed. 567 (70.6) 111 (13.8) 72 (9.0) 39 (4.9) 14 (1.7)
8. My account was accessed without permission. 506 (63.0) 162 (20.2) 96 (12.0) 28 (3.5) 11 (1.4
9. My account was hacked/stolen. 487 (60.6) 129 (16.1) 139 (17.3) 40 (5.0) 8(1.0)
10. My personal posts (photos, videos) were published by others without permission. 574 (71.5) 151 (18.8) 52 (6.5) 20 (2.5) 6 (0.7)
11. My photos were edited and shared in a way to offend/humiliate me. 667 (83.1) 84 (10.5) 35 (4.4) 13 (1.6) 4 (0.5)
12. I was harassed with sexually explicit emojis and messages. 542 (67.5) 135 (16.8) 88 (11.0) 31 (3.9) 7 (0.9)
13. I received messages containing profanity/insults. 461 (57.4) 180 (22.4) 115 (14.3) 40 (5.0) 7 (0.9)
14. I was subjected to blackmail. 687 (85.6) 75 (9.3) 26 (3.2) 11 (1.4) 4 (0.5)
15. I was subjected to fraud/scams. 544 (67.7) 120 (14.9) 103 (12.8) 30 (3.7) 6 (0.7)
16. An attempt was made to defraud/scam me. 376 (46.8) 169 (21.0) 177 (22.0) 65 (8.1) 16 (2.0)
17. Propaganda was directed at me regarding subjects I did not want. 495 (61.6) 109 (13.6) 90 (11.2) 74 (9.2) 35 (4.4)
18. My private conversations were shared with others. 638 (79.5) 102 (12.7) 46 (5.7) 12 (1.5) 5(0.6)
19. Hurtful, humiliating, or embarrassing comments were written on the visuals I shared. 635 (79.1) 114 (14.2) 35 (4.4) 14 (1.7) 5 (0.6)
20. I was threatened with my private conversations. 690 (85.9) 73(9.1) 26 (3.2) 11 (1.4) 3(0.4)

Note. Response categories were coded as 1 = Never, 2 = Rarely, 3 = Sometimes, 4 = Often, and 5 = Always. There were no missing responses for these 20 items.

Appendix 3. Sensitivity analysis-complete adjusted estimates for the stricter victimisation threshold (“sometimes” or higher)

Variables OR 95% CI p
Gender (reference: male)
Female 0.724 0.515-1.019 0.064
Age (reference: 18-24 years)
25-30 years 0.513 0.273-0.966 0.039
31-36 years 0.560 0.270-1.160 0.119
37-43 years 0.384 0.181-0.814 0.012
44 years and over 0.422 0.188-0.949 0.037
Marital status (reference: married)
Single 1.314 0.870-1.985 0.194
Education (reference: postgraduate)
High school and below 1.256 0.646-2.442 0.502
University 0.910 0.510-1.624 0.750
Occupation (reference: civil servant)
Self-employed/Freelance 1.817 0.902-3.657 0.095
Tradesperson 1.919 0.818-4.504 0.134
Retired 1.048 0.477-2.304 0.907
Worker 0.534 0.284-1.007 0.053
Student 0.997 0.480-2.074 0.994
Unemployed 0.862 0.424-1.754 0.682
Income (reference: Level 1, lowest)
Level 2 1.402 0.780-2.518 0.259
Level 3 2.165 1.169-4.010 0.014
Level 4 1.828 0.926-3.609 0.082
Level 5 0.545 0.156-1.900 0.341
Level 6 (highest) 1.358 0.486-3.795 0.559
Social media platform use (reference: non-use)
Facebook 2.849 1.952-4.159 <0.001
Instagram 1.017 0.629-1.644 0.946
Twitter 1.437 1.027-2.011 0.035
WhatsApp 0.632 0.327-1.224 0.174
YouTube 1.116 0.738-1.687 0.602
LinkedIn 1.022 0.648-1.610 0.926
Snapchat 1.089 0.632-1.875 0.759
Swarm 4.451 2.282-8.680 <0.001
Other 1.474 1.079-2.012 0.015
Constant (baseline odds) 0.535 0.151-1.896 0.332

Note. OR = adjusted odds ratio; CI = confidence interval. Victimisation required at least one of the 20 listed experiences to
occur “Sometimes” or more frequently. All 803 participants were included; 437 (54.4%) met this definition. Both the primary
and sensitivity models included the same covariates. Each platform estimate compares users with non-users of that platform.
CIs are exponentiated Wald intervals; p values are two-sided Wald tests of the logistic regression coefficients. The constant is
reported as baseline odds rather than an OR.

Model fit: LR ¥%(28) = 157.19, p < .001; McFadden's pseudo-R? = 0.142; log likelihood = —474.859.
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Data availability
Data will be made available on request.
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