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Abstract Editorial Record

We are facing a growing concern regarding the consequences of Problematic Social  First submission received:
Network Use (PSNU). Therefore, the aim of the present study was to explore the profiles ~ October 4, 2024

of social network (SN) users and contrast their differences across variables linked to
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test were employed to investigate differences in sociodemographic variables, digital  April 29, 2025
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latent classes. The three-class model, which proved the most parsimonious, identified
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whereas differences in empathy and aggression were more pronounced between

problematic users and the other two groups. The study provides relevant information Editor in charge:

about the characteristics of different groups of SN users. This information may be useful ~ Maeéva Flayelle

for the early detection of inappropriate online behaviours that may lead to PSNU, as

well as for identifying users who may have already developed it.
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Introduction

The use of social networks (SN) has become an integral part of people's daily lives, groups, and institutions
worldwide (Vanden Abeele, 2021). With the rapid adoption of SN, some users may develop problematic usage
patterns, characterized by excessive engagement with SN platforms, thus leading to negative consequences in
personal, professional, or social functioning (Cataldo et al., 2022). Researchers highlight that functional
impairment serves as a crucial feature that distinguishes Problematic Social Network Use (PSNU) from behaviours
that, although intense, do not interfere with daily functioning or well-being (Fournier et al., 2023; Moretta et al.,
2022).
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The prevalence rates of PSNU have shown to be inflated and inconsistent, highlighting significant measurement
challenges. For example, a meta-analysis reported an overall pooled prevalence of 24%, with individual study
estimates ranging from 0% to 82% (Cheng et al., 2021), reflecting the lack of a standardized framework and
assessment tools. To address these issues, tools like the Social Media Disorder Scale (SMD-S) have emerged, which
increase the emphasis on functional impairment (Van den Eijnden et al., 2016). The measurement of PSNU has
been largely guided by the components model of addiction (Griffiths, 2005), which focuses on criteria such as
salience, mood modification, tolerance, withdrawal symptoms, conflict, and relapse. However, Fournier et al.
(2023) emphasize the importance of functional impairment as a key feature of problematic behaviour. In line with
this perspective, the SMD-S incorporates four conflict-related items specifically linked to SN use, offering a more
precise approach to identifying genuinely problematic behaviours (Van den Eijnden et al., 2016). This approach
aligns with the World Health Organization’s ICD-11 framework, which highlights functional impairment and loss of
control as core features of “other specified disorders due to addictive behaviours” (Brand et al., 2022; WHO, 2022).
Drawing on a growing body of evidence that individuals with PSNU frequently experience such impairments, Brand
et al. (2022) have advocated for its inclusion in diagnostic classification systems like the ICD-11.

Nonetheless, not all users who exhibit PSNU do so in the same way. To gain a more nuanced understanding of
this phenomenon, it is crucial to explore the subtypes within the PSNU population, and the variables associated
with each. In this regard, Latent Class Analysis (LCA) has been extensively applied to identify distinct PSNU profiles.
For example, Boer, Stevens, et al. (2022) identified three profiles—problematic, risky, and normative—among
6,626 adolescents in the Netherlands, finding that problematic users faced the most significant mental health,
academic, and sleep issues, while risky users also reported more problems than normative users. Other studies
have likewise identified three latent classes (Cerniglia et al., 2019; Cheng et al., 2022; Oh et al., 2021; Pi et al., 2024;
Tullet-Prado et al., 2023), although some have proposed models with five classes (Luo et al., 2021; Peng & Liao,
2023), but a three-latent-class approach would have been plausible in these studies. These more expanded models
tend to subdivide the functional and at-risk profiles: functional users are split into “casual” and “regular” users,
while at-risk users are divided into groups with differing levels of engagement and risk (Luo et al., 2021; Peng &
Liao, 2023).

In turn, understanding the variables associated with PSNU is critical for capturing its multifaceted nature. Drawing
on previous empirical research, the present study focuses on four psychological constructs that have shown
consistent associations with PSNU: impulsivity, emotional intelligence, empathy and aggression. While our
selection was primarily driven by empirical evidence, two of these variables, impulsivity and emotional intelligence,
can also be meaningfully situated within the explanatory mechanisms proposed by the Interaction of Person-
Affect-Cognition-Execution (I-PACE) model (Brand et al., 2016, 2019). According to this model, internet-related
disorders emerge from the interaction of three layers. Initially, predisposing factors (P) such as stable personality
traits, genetic influences, psychopathology, and early developmental experiences create an underlying
vulnerability. Upon encountering specific internal or external cues, individuals experience affective and cognitive
reactions (A/C), including cravings, mood alterations, and biased expectations regarding potential rewards. Finally,
executive functions (E), particularly inhibitory control, determine whether these emotional and cognitive
responses escalate into excessive, problematic behaviours by either suppressing or permitting the impulses
triggered by cues (Brand et al., 2016, 2019).

Within this framework, impulsivity is conceptualized as a predisposing personality trait located in the P layer,
whose influence on PSNU severity is particularly evident when combined with reductions in general executive
functions or specific inhibitory control (Wegmann et al., 2020). Recent meta-analytic evidence further confirms a
moderate association (r = .41) between impulsivity and PSNU (Augner et al.,, 2023), with recent studies
hypothesizing a bidirectional relationship, whereby impulsive individuals may be more prone to PSNU, and
excessive SN use may in turn exacerbate impulsive tendencies through the immediate social rewards provided by
the platforms (Lewin et al., 2023).

In turn, emotional intelligence, defined as the capacity to perceive, appraise, and regulate emotions in ways that
foster adaptive functioning (Mayer & Salovey, 1997), is also conceptualized within the I-PACE framework as a
predisposing personality trait located in the P layer. Higher trait emotional intelligence directly reduces
vulnerability to problematic internet-related use by negatively influencing affective and cognitive responses and
reinforcing executive control, thereby diminishing the likelihood that such reactions escalate into addictive
behaviours (Sechi et al., 2020). In this study, emotional intelligence was considered as a whole, rather than focusing
solely on regulation skills, because it subsumes both appraisal and regulation processes, offering a broader and
more stable protective factor (Hughes & Evans, 2018; Mayer & Salovey, 1997). Empirical reviews support that



individuals with higher emotional intelligence are less prone to PSNU, partly because they are less likely to rely on
these platforms to alleviate negative emotions (Arrivillaga et al., 2022; Piccerillo & Digennaro, 2025).

Building on this, empathy, an essential component of emotional intelligence (Goleman, 2001), is another protective
factor potentially linked to PSNU (Coyne et al., 2018; Guan et al., 2019; Knezek et al., 2022; Mirowska & Arsenyan,
2023). Empathic response entails the ability to understand another person, put oneself in their shoes, and take
their perspective based on observations, verbal information, or memories, along with an affective response of
sharing their emotional state (Eisenberg, 2000). Lower empathy levels predispose individuals towards self-
centered online rewards, indirectly elevating PSNU risk by reinforcing maladaptive reward patterns (Guarnaccia
et al., 2024).

Aggression, defined as actions intended to harm others physically, emotionally, or socially (Crick & Dodge, 1996),
has also emerged as a risk factor associated with PSNU (Hussain et al., 2023; Lin et al., 2024; N. Wong et al., 2022).
Research distinguishes between reactive aggression (emotion-driven responses to perceived threats) and
proactive aggression (goal-oriented behaviours aimed at obtaining benefits or resolving conflicts), both of which
have been linked to higher PSNU scores (Martinez-Ferrer et al., 2018). Collectively, these four
constructs—impulsivity, emotional intelligence, empathy and aggression—span complementary risk-and-
protective factors, justifying their inclusion in the present study.

Lastly, a number of sociodemographic variables and digital preferences have been linked to PSNU in the literature.
Regarding gender, early research suggests that females are more prone to PSNU, while males are more likely to
report disordered internet gaming (Su et al., 2020). However, more recent meta-analytic evidence offers a less
consistent picture, with some reviews finding no significant gender differences in PSNU prevalence (Casale et al.,
2023: Cheng et al., 2021), indicating that the overall evidence remains inconclusive. Age is also a critical factor, with
studies indicating that adolescents and young adults are at greater risk of developing PSNU (Shannon et al., 2022).
Marital status has been associated with other problematic online behaviours, such as internet and mobile phone
addiction (Romero-Rodriguez et al., 2022; Vaziri-Harami et al., 2020), suggesting it may also play a role in PSNU.
Higher educational attainment is linked to increased social media addiction, with greater dependency among
those completing secondary school or higher education (Kogak et al., 2021). Furthermore, technological features
themselves have been associated with PSNU. Platform-specific characteristics and interaction dynamics shape
user engagement, dependency patterns, and emotional responses, influencing the likelihood of problematic use
(Williams et al., 2024). In addition, device type has also been linked to problematic smartphone use, with
participants who owned an iPhone exhibiting significantly higher problematic smartphone use scores compared
to those who owned Samsung or other smartphone brands (Laurence et al., 2020).

In this outlined context, the objective of the present study is (1) to explore user profiles of SN in a sample of the
general population. Subsequently, to assess the validity of the formed groups, it aims to (2) contrast the
differences between these groups in sociodemographic data, digital preferences and relevant variables that
scientific literature has associated with PSNU, such as impulsivity, emotional intelligence, empathy, and
aggression.

Method

Participants

A total of 726 participants completed the survey with ages ranging from 16 to 67 years (M = 22.31; SD = 7.49). Table
1 presents the sociodemographic data of the sample. The majority of participants are women (n = 559; 77.0%),
while the proportion of men is lower (n = 157; 21.6%). Regarding marital status, a large portion of participants are
single (n = 398; 54.8%) or in a relationship (n = 318; 43.8%). Furthermore, a significant proportion of participants
have attained higher education, with 476 individuals having completed an undergraduate degree (65.6%), while
69 obtained a master's degree (9.5%).



Table 1. Sample Description.

Demographics norM % orSD
Age 22.31 7.49
Gender

Male 157 21.6%
Female 559 77.0%
Prefer not to answer 6 0.8%
Other 4 0.6%
Marital status

Single 398 55.0%
In a relationship 288 39.8%
Married 30 4.1%
Divorced 2 0.3%
Separated 4 0.6%
Widowed 1 0.1%
Education

No education 2 0.3%
Primary education 2 0.3%
Secondary education (ESO) 10 1.4%
Vocational education and training (intermediate/higher) 49 6.7%
Baccalaureate 105 14.5%
University degree 476 65.6%
University master's degree 69 9.5%
PhD 13 1.8%
Have installed a social network 726 100%

Note. M = Mean, SD = Standard Deviation. Depending on the type of variable (categorical or
quantitative), frequencies or means and percentages or standard deviations are shown. There
were three missing values in the Marital Status variable.

Procedure

The research was conducted through a secure online platform (Lime Survey), and participants accessed it through
study presentations in various classrooms at the University of Valencia banners posted on SN (Facebook and
Instagram), and/or through advertising posters. The inclusion criteria to access the survey were: (1) being over 16
years old, (2) being a resident of Spain and (3) actively using any SN platform on their smartphone, such as
Instagram, WhatsApp, or TikTok. This study received approval from the University of Valencia ethics committee
(2039883). Prior to participation, all individuals were fully briefed on the study’s objectives and gave their informed
consent. Participants did not receive any compensation for their participation. Data collection took place between
September and October 2023.

Instruments
The instruments used to assess the variables measured in the study are described below.

Sociodemographic Data

Participants were asked to indicate their gender, age, place of residence, marital status, level of education and
employment status.



Digital Preferences

Participants were asked to indicate their smartphone brand and their three favourite SNs through an open-ended
question.

Problematic Social Network Use (PSNU)

PSNU was measured using the Spanish version of the SMD-Scale (Boer, Van Den Eijnden, et al., 2022; Van den
Eijnden et al.,, 2016). The SMD-S consists of 9 dichotomous items (No/Yes) assessing salience, tolerance,
withdrawal, mood modification, conflict, relapse, problems in important life areas, displacement of activities and
deception, with questions such as: During the past year, have you regularly found that you can't think of anything else
but the moment you will be able to use social media again? (preoccupation). The internal consistency of this scale
was .81 in its original validation (Boer, Van Den Eijnden, et al., 2022). In our study, the internal consistency was
high (a =.81; w = .86).

Impulsivity

Impulsivity was measured using the Spanish version of the UPPS-S (Candido et al., 2012; Verdejo-Garcia et al.,
2010). The UPPS-S is a multidimensional inventory assessing 5 subscales measuring impulsive behaviour: negative
urgency, lack of perseverance, lack of premeditation, sensation seeking, and positive urgency. Items are rated on
a 4-point Likert scale ranging from 1 (strongly agree) to 4 (strongly disagree), with an example item being: / usually
think carefully before | do anything. In the Spanish adaptation, internal consistency using Cronbach’s a was .68 for
negative urgency, .78 for lack of premeditation, .79 for lack of perseverance, .81 for sensation seeking, and .61 for
positive urgency (Candido et al., 2012). In our study, the internal consistency of all subscales was higher than .75
(positive urgency: a =.75; w = .80; negative urgency: a = .84; w = .87; lack of perseverance: a = .83; w = .87; lack of
premeditation: a = .82; w = .83; sensation seeking: a = .87; w =.90).

Emotional Intelljgence

Emotional intelligence was measured using the Spanish version of the Wong Law Emotional Intelligence Scale
(WLEIS-S; Pacheco et al., 2019; C. S. Wong & Law, 2002). The WLEIS-S is a questionnaire measuring four aspects of
emotional intelligence: self-emotion appraisal, others' emotion appraisal, use of emotions, and regulation of
emotions, as well as an overall score in emotional intelligence. Responses are given using a 7-point Likert scale
ranging from 1 (strongly disagree) to 7 (strongly agree), with questions such as: I am quite capable of controlling my
own emotions. In the Spanish adaptation, internal consistency was .91 for self-emotion appraisal, .81 for others'
emotion appraisal, .81 for use of emotions, .84 for regulation of emotions, and .91 for total emotional intelligence
(Pacheco et al., 2019). The internal consistency of all emotional intelligence subscales was high to excellent (self-
emotion appraisal: a = .88; w = .90; others' emotion appraisal: a = .86; w = .90; use of emotions: a = .87; w = .91;
regulation of emotions: a =.90; w = .92; total emotional intelligence: a =.91; w =.94).

Empathy

Empathy was measured using the Spanish version of the Interpersonal Reactivity Index (IRI; Davis, 1983; Mestre-
Escriva et al., 2004). The IRl is a scale assessing four dimensions of empathy: fantasy, perspective taking, empathic
concern, and personal distress, although only a selection of items from the perspective taking and empathic
concern subscales were utilized. Items are rated on a 5-point Likert scale ranging from 1 (does not describe me well)
to 5 (describes me very well), with an example item being: | would describe myself as a fairly sensitive person. In the
Spanish adaptation, internal consistency was .56 for perspective taking and .59 for empathic concern (Mestre-
Escriva et al., 2004). In our study, both the reliability of the perspective taking subscale (a = .80; w = .85) and
empathic concern subscale (a = .83; w = .86) were high.

Aggressive Behaviour

Aggression was measured using a selection of items from the Spanish version of the Reactive-Proactive Aggression
Questionnaire (RPQ; Andreu Rodriguez et al., 2009; Raine et al., 2006). The RPQ is a scale assessing two dimensions



of aggression: reactive and proactive. Items are rated on a 3-point Likert scale ranging from 1 (never) to 3 (often),
with questions such as: I have threatened or intimidated someone. In the Spanish adaptation, internal consistency
was .84 for reactive aggression and .87 for proactive aggression (Andreu Rodriguez et al., 2009). In our study, the
internal consistency of both subscales was high (reactive: a =.78; w = .86; proactive: a =.78; w = .85).

Analysis

First, a graphical and statistical analysis of the data was conducted to identify possible anomalies. Subsequently,
the internal consistency of the scales was evaluated using McDonald's w and Cronbach's a (McNeish, 2018). Since
the response scale of the questionnaires are categorical (ordinal or dichotomous), polychoric or tetrachoric
matrices were used to compute these values (Bonanomi et al., 2013; Chakraborty & Chechi, 2020).

Next, Latent Class Analysis (LCA) was applied. This method, similar to cluster analysis, is used to identify latent
classes in a population based on multivariate categorical data, allowing for the use of binary variables. In our study,
the 9 criteria of the SMD-S were selected as indicators. Subsequently, several LCA models were estimated and
compared (from 2 to 6 latent classes) since there were no clear hypotheses about the optimal number of
subgroups. The choice of the number of latent classes was based on various criteria, such as the Akaike
Information Criterion (AIC), the Consistent Akaike Information Criterion (CAIC), and the Bayesian Information
Criterion (BIC). These indicators indicate a better fit of the model the lower the value (including negative numbers).
Both AIC and BIC have been widely used to evaluate the comparative fit of structural equation models, with both
criteria applying a penalty for the number of parameters in the model. However, in this study, priority was given
to the BIC value, as the penalty it applies is greater (Nylund, 2007). In addition, the value of entropy, which ranges
from O to 1, was considered. This is another diagnostic indicator that indicates the accuracy with which the model
defines the classes (Weller et al., 2020). The improvement in the deviation of each model compared to the previous
one was also compared to determine if it was significant. Finally, the sample size of each obtained latent class
model was examined, considering its interpretability. Since the selection of the number of latent classes does not
necessarily indicate a single model as the most suitable, the results obtained in other similar studies in the context
of PSNU were also taken into account.

Once the latent class model was selected, x? tests were conducted to test the null hypothesis that the conditional
probability distribution of each criterion was not significantly different between latent classes. Additionally, x? tests
were performed to assess the association between sociodemographic data, digital preferences, and their
membership to the class. To determine the magnitude of the association, Cramer's V values were calculated.
Cramer’s V values range from 0 to 1. The thresholds selected for interpretation are as follows: values greater than
.25 suggest a very strong association; values exceeding .15 are considered strong; a value above .10 indicates a
moderate association and values greater than .05 are deemed weak (Akoglu, 2018). Finally, several Analysis of
Variance (ANOVA) models were conducted to assess the differences between latent classes in terms of age,
empathy, aggression, impulsivity, and emotional intelligence. These models allow for the identification and
qguantification of mean differences between latent classes in terms of the studied variables, unlike other analyses
used in the context of LCA such as using covariates or conducting logistic regressions. They are interesting for
modelling latent classes because they characterize the mean scores of each subgroup generated in the model,
highlighting the characteristics of the user types. In most models, the Fisher's F statistic was used as a contrast
measure. However, in cases where the assumption of homogeneity of variances was not met, the robust version
of this statistic, known as Welch's F, was used. Subsequently, post-hoc tests were conducted to assess specific
differences between groups. The Games-Howell post-hoc test was used when group variances were significantly
different, as determined by the Levene test. On the other hand, if no significant differences in variances were
found, the Tukey post-hoc test was employed. All statistical analyses were performed using Jamovi v2.3 (The jamovi
project, 2022).

Results

The results of the different latent class models evaluated in this study are presented in Table 2. Initially, a two-
latent class model was tested, computing successive comparisons until reaching the six-latent class model.



Table 2. Summary of the Tested Latent Class Models.

Class Parameters -2LL AIC CAIC BIC Entropy df
2 24 -3,043 6,124 6,230 6,211 .63 492
3 39 -2,992 6,043 6,205 6,176 .66 482
4 54 -2,963 6,005 6,223 6,184 .73 472
5 69 -2,952 6,002 6,276 6,227 .76 462
6 84 -2,942 6,001 6,331 6,272 72 452

Note. Class = Number of latent classes in the model; Parameters = Number of free parameters in each model; -2LL = Log-
Likelihood; AIC = Akaike Information Criterion; CAIC = Consistent AIC; BIC = Bayesian Information Criterion; df = Degrees
of Freedom.

In the initial evaluation of the models, both CAIC and BIC reached their minimum scores in the model with three
latent classes, although the AIC suggests that the model with four latent classes might be more suitable. However,
priority was given to BIC values rather than AIC values (Nylund, 2007), thereby supporting the three latent classes
solution. Upon analysing entropy, a relevant change was observed in the model with four latent classes, with its
value increasing from .66 to .73. Additionally, the test to evaluate whether the difference between the model with
one less class produced a significant difference in deviation showed significant results in all evaluated models.

Most studies focusing on SN tend to select three latent classes or profiles (Cerniglia et al., 2019; Cheng et al., 2022;
Pi et al., 2024; Tullet-Prado et al., 2023), or they have chosen a different number of profiles, but nonetheless, the
approach of three latent classes would have been plausible (Luo et al., 2021). Specifically, in the original validation
of the questionnaire, it was found that the three latent class model was the most parsimonious, obtaining similar
entropy to what was found in this study for the three-class model (Boer, Stevens, et al., 2022).

Therefore, according to fit indices, entropy, and previous literature, both the three latent class and four latent class
solutions were feasible. Hence, both solutions were explored in this sample. However, in the four latent class
model a prevalence of one of the latent classes was observed to be low (4.5%), resulting in a sample size of 33
participants for that class. Opting for the four latent class model would have posed difficulties in analysing mean
differences among the different groups. Therefore, the decision was made to select the three latent class model
for subsequent analysis. Detailed fit indices for all tested models can be found in the Supplementary Materials
(see Figure A1).

The X2 tests indicated an association between membership group and the likelihood of scoring affirmatively on
the criteria (p <.001) for all the items. These three classes are clearly distinguished in all the indicators employed
to constitute the latent classes (see Figure 1). Additional information on the conditional probabilities of scoring
positively on each item across latent classes can be found in the Appendix (see Table B1).

Figure 1. Probability of Scoring Negatively on Each of the Criteria for Each of the Latent Classes.
Item Response Probabilities by Class
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Note. Latent Class 1 = Functional users; Latent Class 2 = Risky users; Latent Class 3 = Problematic Users. SMD1 = Salience/Preoccupation;
SMD2 = Tolerance; SMD3 = Withdrawal; SMD4 = Persistence; SMD5 = Displacement; SMD6 = Problem; SMD7 = Deception; SMD8 = Escape;
SMD9 = Conflict.

The first latent class represents users who exhibit a functional use of SN. This class is characterized by a low
probability of meeting the problematic criteria assessed in the scale. The second latent class describes users who
show a risky use of SN, as they do not score on most of the evaluated criteria but do so on those indicating that
SN use may lead them to neglect their leisure activities and have difficulties reducing their usage time, despite
intending to do so, as well as a tendency to prioritize SN use as an emotional regulation strategy. Lastly, a third



latent class composed of users with PSNU is identified. These users show a high probability of scoring positively
on most items of the PSNU scale. In summary, the analysis reveals the existence of three latent classes
representing different patterns of SN use: functional, risky, and problematic. The marginal prevalence of the latent
class was .52 in the first, .41 in the second, and .08 in the last.

Table 3 shows the significance tests between latent classes, and sociodemographic data and digital preferences.
The x2 analysis reveals an association between latent classes membership and gender (p < .001), marital status
(p <.001), educational level achieved (p = .018), and Twitter preferences as favourite SN (p = .032). However, no
significant association was found between smartphone brand (p = .142), preferences for TikTok (p = .074),
Instagram (p = .073), and WhatsApp (p = .812), as favourite SN and membership in latent classes. According to
Cramer’s V the association between membership in the latent class and the sociodemographic variables is lower
than .20, being most of them strong, with the relationship between the user's digital preferences and their
membership in the latent class being weaker.

Table 3. Characterization of Each of the Latent Classes.

Latent classes

1 2 3

n % n % n % X? p-value Cramer's V
Gender 235 <.001 127
Male 99 13.7% 45 6.2% 12 1.7%
Female 275 38% 241 33.3% 42 5.8%
Prefer not to answer 4 0.6% 0 0% 2 0.3%
Other 0 0% 3 0.4% 1 0.1%
Marital Status 30.4 <.001 145
Single 206 28.5% 160 22.2% 32 4.4%
In a relationship 144 19.9% 123 17% 21 2.9%
Married 26 3.6% 3 0.4% 1 0.1%
Divorced 1 0.1% 0 0% 1 0.1%
Separated 1 0.1% 1 0.1% 2 0.3%
Widowed 0 0% 0 0% 0 0%
Education 51.5 <.001 .188
No education 0% 0 0% 0 2 0.3%
Primary education 1 0.1% 0% 0 0% 0
Secondary education 10 1.4% 1 0.1% 0% 0
Vocational trainin
(intermediate/higﬁer level) 18 2:5% 26 3.6% > 0-7%
High school diploma 51 7% 39 5.4% 15 2.1%
University degree 244 33.7% 200 27.6% 32 4.4%
Master's degree 45 6.2% 19 2.6% 3 0.4%
PhD 9 1.2% 4 0.6% 0 0%
Smartphone 19.858 .031 142
iPhone 64 37.21% 155 54.20% 17  45.95%
Samsung 35 20.35% 44 15.38% 4 10.81%
Huawei 12 6.98% 9 3.15% 3 8.11%
Xiaomi 44 25.58% 53 18.53% 10 27.03%
LG 2 1.16% 0 0% 0 0%
Other brand 15 8.72% 25 8.74% 3 8.11%
TikTok 2.7 .256 .074
No 106 21% 137 27.2% 15 3%
Yes 84 16.7% 148 29.3% 14 2.8%
Instagram 3.8 146 .073
No 114 15.7% 69 9.5% 13 1.8%
Yes 264 36.5% 220 30.4% 44 6.1%
Twitter 6.9 .032 .098
No 256 35.4% 179 24.7% 45 6.2%
Yes 122 16.9% 110 15.2% 12 1.7%
WhatsApp 4 .812 .024
No 95 13.1% 78 10.8% 16 2.2%
Yes 283 39.1% 21 29.1% 41 5.7%

Note. The SNs included in the table are those that participants indicated as their favourites. Latent Class 1 = Functional users; Latent Class 2
= Risky users; Latent Class 3 = Problematic Users.



Table 4 provides an overview of the one-way ANOVAs conducted to examine differences across latent classes
(functional use, problematic use, and risky use) on age, impulsivity, emotional intelligence, empathy, and
aggression. It highlights the mean scores and standard deviations for each variable within the latent classes, as
well as the corresponding F-statistics and p-values. Only F-statistics reaching statistical significance were followed
up with post-hoc tests. In Table 4, statistically significant differences were found between latent classes for all
variables except for Empathic Concern (p = .079) and Sensation Seeking (p = .319).

Table 4. One-Way ANOVA for Psychological Variables and Age With Latent Class as the Independent Variable.

1 2 3
n % n % n %
378 52.2% 289 39.9% 57 7.9%

M DT M DT M DT F p
Age 23.70 9.26 20.80 4.01 21.60 7.53 15.20 <.001
Empathic concern 19.18 3.26 19.38 3.28 18.12 3.65 2.55 .079
Perspective taking 18.85 3.42 18.71 3.32 17.14 4.08 4.51 .011
Reactive aggression 1.61 0.25 1.66 0.27 1.82 0.34 7.39 .001
Proactive aggression 1.40 0.24 1.41 0.22 1.62 0.32 8.16 <.001
Positive urgency 2.72 0.56 2.49 0.56 2.36 0.67 17.6 <.001
Sensation seeking 2.52 0.72 2.47 0.64 2.37 0.82 1.15 319
Lack of premeditation 3.29 0.53 3.21 0.55 3.08 0.61 4.02 .018
Lack of perseverance 3.34 0.55 3.08 0.60 2.88 0.67 22.33 <.001
Negative urgency 2.77 0.70 2.52 0.67 2.30 0.75 17.57 <.001
Appraisal of one’s own emotions 5.26 1.08 4.82 1.16 4,54 1.20 16.97 <.001
Appraisal of others’ emotions 5.68 0.86 5.63 0.87 5.34 1.00 3.29 .038
Use of emotions 5.09 1.23 4.61 1.18 4.54 1.25 13.46 <.001
Emotional regulation 4.81 1.22 4.30 1.22 3.77 1.07 23.00 <.001
Emotional intelligence 5.20 0.82 4.84 0.82 4,54 0.86 22.32 <.001

Note. Empathic concern = IRl Empathic concern; Perspective taking = IRl Perspective taking; Reactive aggression = RPQ Reactive
aggression; Proactive aggression = RPQ Proactive aggression ; Positive urgency = UPPS Positive urgency; Sensation seeking = UPPS
Sensation seeking; Lack of premeditation = UPPS Lack of premeditation; Lack of perseverance = UPPS Lack of perseverance; Negative
Urgency = UPPS Negative urgency; Appraisal of one’s own emotions = WLEIS Appraisal of one’s own emotions; Appraisal of others’
emotions = WLEIS Appraisal of others' emotions; Use of emotions = WLEIS Use of emotions; Emotional regulation = WLEIS Emotional
regulation; Emotional intelligence = WLEIS Emotional intelligence (global score). Latent Class 1 = Functional users; Latent Class 2 = Risky
users; Latent Class 3 = Problematic Users.

Table 5 shows the post-hoc tests carried out to compare the latent classes pairwise with each other. Significant
differences are observed across different variables.

First, in terms of age, members of latent class 1 are significantly older than those of latent class 2 (p < .001).
Regarding facets of impulsivity, significant differences emerged. The UPPS scale indicates that lower scores reflect
a higher tendency towards impulsivity. Therefore, members of the functional use latent class scored significantly
higher on positive urgency and negative urgency compared to both the problematic (p < .001; p < .001,
respectively) and risky classes (p <.001; p <.001, respectively), indicating that latent classes 2 and 3 have a greater
propensity to be swayed by emotions of positive and negative valence. Additionally, members of the functional
use class also scored significantly higher than members of the problematic class on lack of
premeditation (p = .024). Lastly, lack of perseverance scores was significantly lower in the risky group (p < .001)
and the problematic group (p <.001) compared to the functional group.

Regarding the ANOVA models that evaluated emotional intelligence, all of them yielded significant results.
Specifically, concerning self-emotion appraisal, functional users reported better ability compared to both risky
(p < .001) and problematic users (p < .001). Concerning others' emotion appraisal, problematic users reported
lower ability compared to functional users (p = .029). Regarding use of emotions, scores were significantly higher
in functional users compared to both risky (p < .001) and problematic users (p < .001). Regarding regulation of
emotions, latent class 1 showed a higher score compared to classes 2 (p <.001) and 3 (p <.001). Additionally, latent
class 2 presented higher scores in this construct compared to latent class 3 (p < .001). Lastly, the global factor of



emotional intelligence and, others' emotion appraisal scores were significantly higher in the functional use group
compared to both problematic (p <.001) and risky users (p <.001).

Table 5. Post-hoc Tests for Psychological
Variables and Age With Latent Class as the Independent Variable.

Pairwise comparisons

Tvs.2 Tvs.3 2vs.3
t p t p t p
Age 5.53 <.001 1.94 134 0.77 .720
Empathic concern 0.66 .789 1.94 129 2.26 .063
Perspective taking 0.42 .908 2.99 .008 2.70 .020
Reactive aggression 1.92 134 3.63 .002 2.73 .024
Proactive aggression 0.64 .801 4.05 <.001 3.77 .001
Positive urgency 5.02 <.001 4.26 <.001 1.52 .282
Sensation seeking 1.04 .551 1.32 391 0.84 .679
Lack of premeditation 1.66 221 2.62 .024 1.69 .208
Lack of perseverance 5.55 <.001 4.73 <.001 2.03 113
Negative Urgency 4.68 <.001 4.64 <.001 2.06 .098
Appraisal of one's own emotions 4.89 <.001 4.22 <.001 1.58 .257
Appraisal of others’ emotions 0.70 .767 2.56 .029 2.15 .080
Use of emotions 4.83 <.001 2.96 .009 0.36 .930
Emotional regulation 5.07 <.001 5.56 <.001 2.80 .015
Emotional intelligence 5.31 <.001 5.19 <.001 2.30 .056

Note. Empathic concern = IRl Empathic concern; Perspective taking = IRl Perspective taking; Reactive aggression =
RPQ Reactive aggression; Proactive aggression = RPQ Proactive aggression ; Positive urgency = UPPS Positive
urgency; Sensation seeking = UPPS Sensation seeking; Lack of premeditation = UPPS Lack of premeditation; Lack
of perseverance = UPPS Lack of perseverance; Negative Urgency = UPPS Negative urgency; Appraisal of others’
emotions = WLEIS Appraisal of others’ emotions; Appraisal of one’s own emotions = WLEIS Appraisal of one's own
emotions; Use of emotions = WLEIS Use of emotions; Emotional intelligence = WLEIS; Emotional regulation = WLEIS
Emotional regulation; Emotional intelligence (global score). Latent Class 1 = Functional users; Latent Class 2 = Risky
users; Latent Class 3 = Problematic Users.

Regarding empathy, there are significant differences in perspective taking (p < .001) across groups. Non-
problematic users reported a higher score on perspective taking compared to problematic users (p < .001).
Additionally, risky users also displayed higher scores on this construct compared to problematic users (p = .020).
In relation to aggression, problematic users have significantly higher levels of proactive aggression compared to
functional (p <.001). Problematic users also show higher scores on this variable compared to risky users (p <.001).
Problematic users also display higher reactive aggression scores compared to both functional (p =.002) and risky
users (p = .024). However, there are no significant differences in any of the dimensions of empathy or aggression
between functional users and those at risk.

Discussion

The present study had two objectives: 1) To define profiles of problematic SN users and 2) to contrast the
differences between these groups in sociodemographic data, digital preferences, impulsivity, emotional
intelligence, empathy, and aggression.

The first objective was the analysis of SN user profiles in a sample of the Spanish general population. The results
of the Latent Class Analysis (LCA) identified three types of SN users based on the manifestation of maladaptive SN
use characteristics. The selection of the three latent class model was due to the value of the information criteria,
the value of entropy, the interpretability of the model compared to the higher-class model, and previous evidence.
Specifically, most studies focused on SN usually select three latent classes or profiles (Boer, Stevens, et al., 2022;
Cerniglia et al., 2019; Cheng et al., 2022; Pi et al., 2024; Tullet-Prado et al., 2023), or have selected a different
number of profiles, but likewise, the three latent class approach would have been plausible (Luo et al., 2021). Using



this model, three distinct groups were identified based on their sociodemographic and psychological
characteristics related to PSNU: functional, at risk, and problematic.

There are a series of user characteristics that are differentially associated with the various latent classes.
Specifically, items related to discussions and conflicts due to SN use serve as key indicators for differentiating
among latent classes, although all items showed discriminatory capacity. Previous research highlights the critical
role of conflict-related criteria, with some authors emphasizing that functional impairment is a sine qua non
condition for diagnosing PSNU (Fournier et al., 2023; Kardefelt-Winther et al., 2017). In addition, displacing other
activities as a result of SN use has also been noted as an important warning sign of PSNU. Therefore, incorporating
these variables is crucial for detecting PSNU. Notably, without the inclusion of the four conflict-related items
specifically tied to SN use in the SMD Scale (Van den Eijnden et al., 2016), distinguishing the problematic class from
the risky class might not have been possible.

Additionally, another subgroup of items has been found to differentiate users who engage in appropriate or
functional use of SN from those who are at risk or have already developed problematic use. These items refer to
displacing other activities as a result of their SN use, attempting to reduce their time on SN but failing, and using
them as a strategy for emotional regulation. On one hand, the growing use of SN appears to displace other daily
activities and adaptive behaviours. Hall and Liu (2022) found that increased time spent on SN often replaces
activities such as working, internet browsing, or completing household tasks (Ciudad-Fernandez et al., 2024).
Moreover, when individuals reduce their SN usage, they tend to reintegrate these displaced activities into their
routines. On the other hand, using SN as emotional regulators to the point that they are the only way to do so (i.e.,
the priority strategy), as well as losing control over their ability to reduce use, will be characteristics that alert us
that the individual is beginning to present a risk of developing PSNU (Ciudad-Fernandez et al., 2024; Saladino et
al., 2024). Again, when it comes to detection, these characteristics are of particular relevance, as they are often a
signal that the person may be shifting from functional use towards problematic use (for a theoretical framework
for the processes underlying the development and maintenance of problematic use of internet-related
behaviours, see the I-PACE Model in Brand et al., 2016, 2019).

Furthermore, two least likely items to receive affirmative responses across the three subgroups are tolerance
(Have you regularly felt dissatisfied because you wanted to spend more time using SN?) and withdrawal (Have you often
felt bad when you couldn't use SN?). Regarding tolerance, the findings of this study are consistent with other
research that suggests some peripheral criteria do not have the same validity in potential behavioural addictions,
including SN use, as they do in substance addictions (Flayelle et al., 2022; Fournier et al., 2023; Starcevic, 2016).
Tolerance may not be a relevant component in measuring PSNU because unlike substance use disorders, which
often involves a need to progressively increase consumption to achieve the desired effect, SN use may not
inherently follow this pattern. Instead, individuals who engage heavily with SN may do so for diverse motivations
that are not necessarily linked to an escalating need for usage. Regarding withdrawal, the findings suggest that it
does not play a significant role in detecting PSNU. Withdrawal symptoms in BAs are primarily emotional states,
such as irritability, restlessness, or anxiety, rather than the severe physical symptoms associated with substance
addictions (Flayelle et al., 2022; Starcevic, 2016) and in SN, studies point out to boredom or diffuse discomfort
(Ciudad-Fernandez et al., 2024; Donati et al., 2022), being classified as heavy involvement indicator rather than a
negative consequence (Burén et al., 2023). Therefore, the debate on whether PSNU could be classified as a
behavioural addiction or something else (e.g., dysregulated behaviour) still remains open.

Lastly, another idea that can be drawn from the LCA is that users categorized as at risk are closer, in terms of
criteria of PSNU, to users who have developed a problem than to functional users. These results offer a possible
explanation for those studies where the prevalence of problematic or addictive use is very high, such as a recent
meta-analysis that reported a prevalence of PSNU between 0% and 82%, yielding a pooled estimate of about 24%
(Cheng et al., 2021). Thus, when inclusion criteria are less restrictive, what may be happening is that many at risk
users would be classified as problematic. Therefore, it is important to refine measurement instruments more and
more to distinguish user profiles better and avoid “diagnostic inflation” (Flayelle et al., 2022) and reduce false
positive diagnoses in line with the ICD-11 proposal (Nogueira-Lopez et al., 2023; WHO, 2022).

The second objective of this study was to validate the formed groups by examining mean differences in
sociodemographic data, digital preferences and four psychological constructs highlighted in the PSNU literature:
impulsivity, emotional intelligence, empathy, and aggression. Chi-square tests revealed statistically significant
relationships between class membership and these variables. Overall, the findings demonstrated distinctions
between the subgroups of SN users. Specifically, in certain constructs (i.e., age, impulsivity and emotional



intelligence), more differences were found between functional users and those at risk than between these and
problematic users, while in other constructs (i.e., empathy and aggression), the difference was found between
problematic users and the other two classes (at risk and functional).

Regarding sociodemographic variables, our study found that gender, marital status, and educational level are
associated with the type of problematic or functional use of SN, as indicated in previous literature (Kocak et al.,
2021; Shannon et al., 2022; Su et al., 2020). In terms of digital preferences, no significant association was found
between smartphone brand or preferred SN, except for Twitter (currently rebranded as X). Other studies have
shown that individuals who prioritize Twitter are more likely to experience depressive symptoms, suggesting that
expressing emotions and seeking acceptance through SN interactions may increase the risk of PSNU and
contribute to these symptoms (Jeri-Yabar et al., 2019). Regarding age, the results indicate that functional users are
generally older than those at risk. This could be explained by the greater cognitive-emotional development that
occurs as users transition into adulthood, which may serve as a protective factor against PSNU (Labouvie-Vief,
2015).

Regarding impulsivity, differences between user profiles were found in negative and positive urgency, lack of
premeditation and lack of perseverance. These results are consistent with research indicating that PSNU is related
to impulsivity (Lewin et al., 2023; Moretta & Buodo, 2021). Lewin et al. (2023) propose a bidirectional relationship,
suggesting that PSNU may exacerbate impulsivity by impairing decision-making processes, while individuals with
higher baseline impulsivity may be more prone to maladaptive SN use. Studies focusing on the facets of impulsivity
proposed in the UPPS model demonstrate strong associations with PSNU. For instance, Rothen et al. (2018) found
that problematic Facebook use correlated with rash actions following both negative and positive emotions, as well
as difficulties in maintaining goals. Impulsivity deserves special attention, as this control mechanism appears
central to the development and maintenance of PSNU (Brand et al., 2016, 2019; Perales et al., 2020). Consequently,
individuals with higher impulsivity are likely to struggle with postponing SN use, particularly in situations involving
intense emotional arousal (Billieux et al., 2008; Guo et al., 2022).

About emotional intelligence, differences between user profiles have been found in self-emotion appraisal, others'
emotion appraisal, use of emotions, and regulation of emotions, and total score emotional intelligence, as in other
studies (Arrivillaga et al., 2022; Calaresi et al., 2024; Piccerillo & Digennaro, 2025). Our findings suggests that
emotional intelligence has been related to PSNU in all steps ranging from understanding our emotions to
regulating them. One possible explanation explored by Piccerillo and Digennaro (2025) is that people who struggle
to perceive and understand their own emotions may misinterpret social interactions online, leading to increased
anxiety and reliance on SN for emotional regulation. Additionally, those who find it challenging to effectively
regulate their emotions might use SN as a maladaptive coping mechanism, resulting in higher rates of PSNU. Thus,
deficiencies in any of these emotional intelligence components can escalate the likelihood of engaging in
problematic SN behaviours (Piccerillo & Digennaro, 2025). Building upon the conclusion of Arrivillaga et al. (2022),
training in emotional intelligence skills could be considered a strategy to address a potential underlying cause of
PSNU, taking into consideration all phases of the emotional intelligence development process.

Concerning empathy, differences between user profiles have been found in perspective-taking (spontaneous
attempts to adopt the perspectives of others and see things from their point of view), but not in empathic concern
(feelings of sympathy, compassion, and concern for others). In general, the findings suggest that individuals with
lower levels of empathy (perspective-taking) may be more vulnerable to developing PSNU (Guan et al., 2019;
Knezek et al., 2022; Mirowska & Arsenyan, 2023). This may be because SN provide a platform to interact with
others without the need for direct contact, making individuals with low levels of empathy more likely to use SN to
meet their social interaction needs that they are unable to achieve in a non-virtual environment due to the
complications that may arise from not exhibiting appropriate empathic behaviour (Lachmann et al., 2018).
Regarding differences in the subscales, it is possible that no differences are found in empathic concern, as online
interactions are less conducive to eliciting such feelings compared to face-to-face interactions (Carrier et al., 2015).
In contrast, perspective-taking may be more conducive to finding support in the virtual environment because it
evaluates that spontaneous component of empathy that can more easily occur in SN (Nick et al., 2018).

Respecting aggression, differences between user profiles have been found in reactive and proactive aggression
(Martinez-Ferrer et al., 2018). These findings suggest that individuals who have a greater tendency to react
impulsively and emotionally to stressful situations may be more likely to use SN problematically (Arrivillaga et al.,
2022; Lewin et al., 2023). Martinez-Ferrer et al. (2018) explains that proactive aggression has been associated with
a reduced ability to delay gratifications, which suggests that individuals engaging in this type of aggression may



prioritize potential benefits over the consequences of their actions (Crespo-Ramos et al., 2017). This behaviour
could be linked to PSNU, as it suggests a tendency to act aggressively to achieve goals, reflecting issues with
impulse control (Simsir-Gokalp & Akyurek, 2024). Reactive aggression similarly stems from impulse control
difficulties, with individuals responding emotionally to perceived threats (Babcock et al., 2014). Both types of
aggression, intensified by emotionally charged SN interactions, have been linked to a higher risk of PSNU, creating
a cycle of increased aggression and further problematic behaviours (Martinez-Ferrer et al., 2018).

Limitations and Future Lines

One limitation of this study, like most research in the field, is the reliance on cross-sectional data. This poses
challenges for establishing causal relationships between PSNU and mental health issues, making it difficult to
determine whether PSNU contributes to or results from these problems (Moretta et al., 2022). Additionally, the
use of self-reports introduces potential biases, such as social desirability, which may affect the accuracy of the
data. Future studies could benefit from integrating observational methods or assessments completed by clinicians
to provide a more objective evaluation.

Regarding the questionnaires, SN research has mainly used DSM-based scales like BSMAS and SMD-Scale, applying
substance use disorder criteria. However, to our knowledge no studies have classified user groups using ICD-11
criteria (e.g., ACSID-11; Mdller et al., 2022). Expanding these results with different classification frameworks is
essential.

The sample, primarily composed of psychology students, with a majority of women, may limit the generalizability
of the findings. A larger and more diverse sample could allow for a more accurate exploration of alternative latent
class models, such as a four-class model (Brailovskaia et al., 2021; Cui et al., 2023).

The present findings highlight the heterogeneity of SN users, with over half of participants classified as
“functional”. This subgroup’s adaptive online habits indicate that future research should not only address
problematic or at risk usage but also investigate the positive processes underlying the positive impact of SN.
Specifically, it would be valuable to integrate validated measures as Digital Flourishing Scale (Janicke-Bowles et al.,
2023), characterized by positive perceptions, experiences, and behaviours in online contexts, into studies of SN
use. Building on the current latent class framework, future research might compare digital flourishing scores
across the three user profiles to explore whether functional users exhibit different digital experiences than at risk
or problematic users. Longitudinal or experience-sampling approaches could further clarify the mechanisms by
which individuals develop (or transition between) functional and problematic usage styles.

Conclusions

Our study provides relevant information about the characteristics of different groups of SN users. Integrating
these findings within theoretical frameworks such as the I-PACE model, which describes pathways from adaptive
to maladaptive SN use, can be useful for the early detection of inappropriate online behaviours that may lead to
PSNU, as well as for identifying users who have already developed it. Thus, by analysing SN user profiles, it can be
concluded that age, emotional intelligence (protective factor) and impulsivity (risk factor) are two variables that
differentiate functional users from those entering a risk process, so it will be important to focus on these variables
if the goal is early prevention. On the other hand, empathy (protective factor) and aggression (risk factor) are
variables that differentiate users at risk from problematic users, so it will be more relevant to focus on them in
case of users who are already showing criteria of problematic use but who could not yet be categorised as PSNU.
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Appendices

Appendix A
Figure A1. Fit Indices Values for Latent Class Models.
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Note. AIC = Akaike Information Criterion; CAIC = Consistent AIC; BIC = Bayesian Information Criterion.



Appendix B

Table B1. Probability of Scoring Positively on Each of the Items.

Latent classes

Item
1 2 3 X2
During the past year...
Have you regularly felt like you couldn't think about anything else other than .048 .343 .521 <.001
the moment when you could use social media again? (SMD1)
Have you regularly felt dissatisfied because you wanted to spend more time .017 .288 297 <.001
using social media? (SMD2)
Have you often felt bad when you couldn't use social media? (SMD3) .035 .350 391 <.001
Have you tried to spend less time using social media but failed? (SMD4) 448 737 .840 <.001
Have you frequently used social media to escape from negative feelings? .530 910 .928 <.001
(SMD5)
Have you regularly had arguments with others because of your use of social .082 107 1.000 <.001
media? (SMD6)
Have you regularly lied to your parents or friends about the time you spend .029 161 .566 <.001
using social media? (SMD7)
Have you regularly neglected other activities (hobbies, sports) because you 193 494 .621 <.001
wanted to use social media? (SMD8)
Have you had serious conflicts with your parents, siblings, or partner .031 .026 719 <.001

because of your use of social media? (SMD9)

Note. The table shows the probability of scoring 1 (Yes) on each criterion for each latent class. The significance of the x2 statistic is shown
in the last column. Latent Class 1 = Functional users; Latent Class 2 = Risky users; Latent Class 3 = Problematic Users.

Table B1 presents the conditional probabilities of each latent class to respond positively to each of the scale
criteria. Specifically, items 6 (Have you regularly had arguments with others because of your use of social media?), 7
(Have you regularly lied to your parents or friends about the time you spend using social media?), and 9 (Have you had
serious conflicts with your parents, siblings, or partner because of your use of social media?) stand out due to the
varying probabilities observed in each of the latent classes, making them good indicators to characterize the
severity of latent class 3. Also notable are items 4 (Have you tried to spend less time using social media, but failed?),
5 (Have you often used social media to escape negative feelings?), and 8 (Have you regularly neglected other activities
(hobbies, sports) because you wanted to use social media?), due to the moderate probability of affirmative responses
from class 2, representing non-problematic or functional users, compared to latent class 1. Additionally, item 2
(Have you often felt dissatisfied because you wanted to spend more time using social networks?) was the least probable
for all three latent classes, with a maximum probability of .297. Similarly, item 3 (Have you often felt bad when you
couldn't use social media?) obtained a maximum probability of .391, being the second least probable item to receive
a positive response.
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