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Abstract 

Background Problematic social media use has been identified as negatively impacting psychological and everyday 
functioning and has been identified as a possible behavioural addiction (social media addiction; SMA). Whether SMA 
can be classified as a distinct behavioural addiction has been debated within the literature, with some regarding SMA 
as a premature pathologisation of ordinary social media use behaviour and suggesting there is little evidence for its 
use as a category of clinical concern. This study aimed to understand the relationship between proposed symptoms 
of SMA and psychological distress and examine these over time in a longitudinal network analysis, in order better 
understand whether SMA warrants classification as a unique pathology unique from general distress.

Method N = 462 adults (Mage = 30.8, SDage = 9.23, 69.3% males, 29% females, 1.9% other sex or gender) completed 
measures of social media addiction (Bergen Social Media Addiction Scale), and psychological distress (DASS‑21) 
at two time points, twelve months apart. Data were analysed using network analysis (NA) to explore SMA symptoms 
and psychological distress. Specifically, NA allows to assess the ‘influence’ and pathways of influence of each symptom 
in the network both cross‑sectionally at each time point, as well as over time.

Results SMA symptoms were found to be stable cross‑sectionally over time, and were associated with, yet distinct, 
from, depression, anxiety and stress. The most central symptoms within the network were tolerance and mood‑mod‑
ification in terms of expected influence and closeness respectively. Depression symptoms appeared to have less of a 
formative effect on SMA symptoms than anxiety and stress.

Conclusions Our findings support the conceptualisation of SMA as a distinct construct occurring based 
on an underpinning network cluster of behaviours and a distinct association between SMA symptoms and distress. 
Further replications of these findings, however, are needed to strengthen the evidence for SMA as a unique behav‑
ioural addiction.
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Introduction
In recent years, increased attention has been paid to phe-
nomena of excessive social media use, impacting users’ 
lives in a way not dissimilar to substance addiction [1]. 
When in this state, known as ‘Problematic Social Media 
Use (PSMU), one’s social media usage occupies their daily 
life, to the extent that their other roles and obligations 
maybe compromised (e.g., family, romance, employment; 
[1, 2]. In that line, PSMU impact has been demonstrated 
by its significant associations with mood disorder symp-
toms, low self-esteem, disrupted sleep, reduced physical 
health and social impairment [3, 4]. Given that PSMU 
prevalence has been estimated to vary globally between 
5%-10% of the social media users’ population [1, 5, 6], 
which exceeds 80% among more developed countries, 
such as Australia, and has the prospective to rise [7, 8], 
PSMU related mental health concerns present compel-
ling. Despite these, a rather disproportional paucity of 
longitudinal research regarding the nature, causes and 
treatment of PSMU has been repeatedly illustrated [1, 
9]. Attending such remarks, the present study aspires 

to examine the structure of PSMU’s most popular con-
ceptualisation (as inspired by the behavioural addiction 
model [2]), whilst concurrently assessing its relationship 
with depression/distress behaviours via adopting and 
innovative network approach.

Conceptualizing problematic social media use
When attempting to conceptualise PSMU, the most 
employed definitions involve the so called “behavioural 
addiction model” [1, 9]. Labelled as ‘Social Media Addic-
tion’ (SMA), this conceptualization of PSMU is charac-
terized by a deep fixation/drive towards the use of social 
media that has become uncontrollable and unhealthy. 
This model features a number of addiction symptoms 
drawn from those experienced by substance and gam-
bling addicts, with six symptoms derived from Griffiths 
key-components of addiction [10, 11]. These symptoms 
entail salience (i.e., preoccupation with social media 
usage), mood modification (i.e. using Social Media to 
alleviate negative moods/states), tolerance (i.e. requir-
ing more social media engagement over a period of time 

Table 1 Socio‑demographic and characteristics of participants

Percentages represent portions within anyone grouping, rather than percentages of the overall population

Sociodemographic variables 426 Male
n

% Female
n

% Non-binary /
Other
n

%

White/Caucasian 321 69.5 132 28.6 9 1.9

Ethnicity Black/African 202 43.7 77 16.7 7 1.5

American 17 4.7 12 2.6 1 0.2

Asian 66 14.3 26 5.6 0 0.0

Hispanic/Latino 15 3.2 4 0.9 0 0.0

Other (Aboriginal, Indian, Pacific Islander, 
Middle eastern, Mixed, other)

21 5.8 13 2.8 1 0.2

Sexual Orientation Heterosexual /Straight 267 57.8 92 19.9 1 0.2

Homosexual/ Gay 20 4.3 7 1.5 1 0.2

Bisexual 29 8.0 25 5.4 4 0.9

Other 5 1.1 8 1.7 3 0.6

Employment status Full Time 144 31.2 43 9.3 1 0.2

Part Time/ Casual 44 12.2 20 4.3 1 0.2

Self Employed 48 10.4 17 3.7 2 0.4

Unemployed 68 18.8 33 7.1 3 0.6

Student/Other 53 11.5 32 6.9 4 0.9

Level of Education Elementary /Middle school 4 0.9 0 0.0 0 0.0

High School or equivalent 76 21.0 31 6.7 5 1.1

Vocational/ Technical School/Tafe 31 6.7 14 3.0 0 0.0

Some Tertiary Education 55 11.9 26 5.6 2 0.4

Bachelor’s Degree (3 years) 68 18.8 27 5.8 1 0.2

Honours Degree or Equivalent (4 years) 46 10.0 15 3.2 1 0.2

Masters Degree (MS) 25 5.4 9 1.9 0 0.0

Doctoral Degree (PhD) 3 0.8 2 0.4 0 0.0

Other/Prefer not to say 13 2.8 8 1.7 0 0.0
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in order to attain the same degree of satisfaction/mood 
modification), withdrawal (i.e. the experience of discom-
fort/distress/irritability/frustration, when attempting to 
cease/reduce use), relapse (i.e. failed attempts to con-
trol social media usage) and conflict/social impairment 
(i.e. social media use interferes with, and damages, one’s 
social life, emotional wellbeing, educational attainment, 
career and/or other activities/needs; [12]).

A number of separate theories have also been put for-
wards, such as models describing Problematic Social 

Media Use in terms of dysfunctional motivations or con-
texts for use [13, 14]. Similarly, various instruments have 
been developed to reflect conceptual variability when 
assessing PSMU (e.g., Social Media Disorder Scale [15]; 
Bergen Social Media Addiction Scale [11]). However, the 
SMA model, as characterized by Griffiths 6 core compo-
nents of addiction has seen the most use and acceptance, 
with a number of studies having evidenced the manifesta-
tion of those symptoms (e.g., tolerance, relapse, conflicts 
[11, 16], identified motivations and risk factors similar to 

Fig. 1 Network of the BSMAS symptoms and DASS subscales at time point 1
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addiction (e.g., brain/neurological similarities between 
substance and SMA addicts [13, 14, 17]) and developed 
measurement tools based on this model [9, 11, 15, 18]. 
Based on the above, the six symptom SMA model of 
PSMU, as measured via the Bergen Social Media Addic-
tion Scale (BSMAS [11]) is employed going forward in 
this study.

Despite this level of acceptance, this “addiction” like 
definition of PSMU/SMA remains the object of contro-
versy [19]. Criticisms abound regarding the model, with 

some labelling it a premature pathologizing of ordinary 
social media use behaviours with low construct validity 
and little evidence for its existence [19, 20]. For exam-
ple, Huang [21] highlight positive associations between 
social media and physical activity, denoting that not all 
social media use would necessarily represent a problem-
atic behavior. Nonetheless, the lack of clarity surrounding 
the links between excessive social media use symptoms 
and markers of impairment, such as distress has been 
pointed out as cause for caution [19]. For instance, it has 

Fig. 2 Network of the BSMAS symptoms and DASS subscales at time point 2
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been argued that while preoccupation behaviours may 
be harmful when involving substances, they don’t nec-
essarily carry the same weight in a behavioural addic-
tion such as SMA [22]. In addition, it is argued that links 
between SMA and more well recognised disorders, such 
as Depression, may imply that SMA is in fact a second-
ary symptom of pre-existing depression, and not a dis-
tinct condition itself [19]. Given that research in this area 
is still highly exploratory these criticisms are difficult to 
dispel [9]. Thus, there is a need for research clarifying the 
nature of SMA, its longitudinal effects, and the relative 
importance of each SMA proposed symptom, as well as 
ways in which symptoms associate risk factors/negative 
outcomes.

SMA and longitudinal network analysis
One avenue of addressing this need could be offered 
via the implementation of longitudinal network analy-
sis [23]. Network analysis is an exploratory approach of 
assessing constructs, as mirroring networks of symp-
toms/behaviours, where a number of variables/behav-
iours are examined together, whilst information is 
simultaneously collected regarding their inter-relation-
ships and relative influence, so as to create a graphical 
‘network’ (i.e., visualization of the construct’s under-
pinning behaviours; [23–25]). This analysis allows one 
to examine a set of symptoms from an utterly different 
viewpoint than traditional latent-variable perspectives. 
Rather than viewing symptoms as resulting from the 
presence of a latent construct (SMA for example), net-
work analysis assumes symptoms are formative. Which 
is to say, as causes in themselves, interacting with each 
other and with other risk factors/negative outcomes 
to compose/form the “disorder” [24]. This allows the 
unique relationships, known as “edges”, between all 
considered variables/behaviours/manifestations, called 
“nodes”, to be observed, in a capacity not available 
with traditional structural equation modelling (SEM 

[26]). For example, examination of the so called symp-
tom “centrality” (i.e. relative influence of each distinct 
symptom on other symptoms/behaviours included in 
an examined network), instead of symptom severity, 
may enable the detection of symptoms/behaviours with 
the largest influence on others, and thus contribute in 
evaluating: a) their “central” (or more peripheral role) 
in defining a proposed disorder (e.g. SMA), and; b) 
their targeted priority in a potential intervention pro-
gram [27]. This can be done in great detail with sepa-
rate centrality indices providing an indication of: a) the 
summed associations between a symptom/behaviour 
and all others examined (i.e., strength; Expected Influ-
ence in the case of psychopathology); b) the degree to 
which a symptom serves as an intermediary between 
others (i.e. betweenness) and; c) how closely a symptom 
aligns with others (i.e., closeness [28]). Furthermore, 
similar centrality relationships between distinct clus-
ters of symptoms can be examined, with the so called 
“bridge” (i.e. a point that connects two distinct groups 
of behaviours) centrality indices (i.e. bridge strength; 
bridge expected influence; bridge betweenness and 
closeness) providing indications of which symptoms 
bind distinct disorders, such as SMA and depression 
together, either serving as intermediaries between dis-
orders and/or by being more proximal to other disor-
ders [28].

Such detailed examination of the relationships 
between symptoms, and clusters of symptoms, can fur-
ther serve to test the veracity of models and constructs, 
which is particularly important for solidifying the 
occurrence of SMA [19]. For example, if the symptoms/
behaviours informing a model, don’t relate at all, or 
accumulate into tight, separate ‘clusters’, then the con-
struct may not be valid [29]. Additionally, with testing 
identical construct networks across two or more time-
points, the over-time stability of a proposed network 
can be examined, further validating a given construct 

Table 2 Edge strengths across the network of time point 1

Salience Tolerance Mood-
Modification

Relapse Withdrawal Conflict Depression Anxiety Stress

Salience 0 0.43 0.19 0.06 0.06 0.09 0 0 0

Tolerance 0.43 0 0.25 0.06 0.13 0.10 0 0.05 0.01

Mood‑Modification 0.19 0.25 0 0.17 0.16 0.06 0.09 0.05 0

Relapse 0.05 0.05 0.17 0 0.26 0.19 0 0.02 0.04

Withdrawal 0.05 0.12 0.16 0.26 0 0.24 ‑0.06 0.04 0.07

Conflict 0.09 0.10 0.05 0.19 0.24 0 0 0.01 0.05

Depression 0 0 0.09 0 ‑0.06 0 0 0.20 0.40

Anxiety 0 0.04 0.04 0.02 0.04 0.01 0.20 0 0.53

Stress 0 0.01 0 0.03 0.07 0.05 0.40 0.53 0
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(i.e., if the SMA symptoms’ network remains stable 
over time, then the construct is likely experienced lon-
gitudinally similarly [30]).

Aside of considering the stability of a network over 
time, network analysis procedures enable attaining stabil-
ity coefficients for the edge weights and centrality indi-
cators irrespective of the population/data examined via 
the use of case-dropping bootstrapping to examine the 
potential variance in these indices (i.e. network analysis 
indices such as strength and/or expected influence are re-
estimated based on various alternative compositions/ re-
samples of the data considered [31, 32]. Unstable indices, 
either population-wise or over time are invalid, and their 
use is generally dismissed [33]. Finally, network analysis 
gives one the opportunity to evaluate not only the rela-
tionships of behaviours being considered as composing 
a single disorder, but also to examine how these distinct 
disorder informing symptoms/behaviours may interact 
with other separate comorbid disorders (i.e. in this case 
SMA behaviours and depression/ anxiety [31]). This 
allows the examination of how these variables forma-
tively interact with one another, as well as indicating their 
separate/distinct concurrent validity [34].

Indeed, the need of securing such information regard-
ing the distinct proposed SMA symptoms and their 
associations with comorbid depression and/or distress 
behaviours experienced is reinforced by recent item 
response theory (IRT) and network analysis findings of 
responses on the Bergen Social Media Addiction Scale 
[35, 36]. Stănculescu [35] identified SMA behaviours of 
“salience” and “withdrawal” as having the highest central-
ity, whilst SMA “relapse” behaviours as having the lowest 
centrality, in the context of the 6 SMA symptoms consist-
ing of a single unitary cluster with strong inter-relations. 
However, these findings despite constituting an impor-
tant step, present limited in a number of ways. Firstly, 
they are derived from a Romanian sample (N = 705), 
where specific cultural characteristics may apply, restrict-
ing their generalizability to different populations. Sec-
ondly, due to being cross-sectional they don’t allow the 
examination of the stability of the network associations 
over-time [29, 31, 32]. Thirdly, Stănculescu’s [35] exami-
nation of the SMA symptom network only took expected 
influence into account considering centrality and did not 
consider the significance of differences in the centrality of 
nodes. Finally, the network examined by Stănculescu [35] 
involved no covariates aside of the 6 SMA symptoms. 
Thus, the extent of differentiation of various SMA behav-
iours/criteria from comorbid conditions and/or their 
specific associations with other commonly proposed 
SMA risk factors and negative outcomes (e.g. depression, 
anxiety) could not be established [37]. To contribute to 
the available knowledge in the field, the present study 

aims to use network analysis modelling to longitudinally 
examine SMA symptoms in conjunction with commonly 
proposed comorbid excessive digital media usage condi-
tions involving experiencing distress (i.e., depression and 
anxiety [37–39]).

Distress and SMA
Psychological distress is defined as a state of psychologi-
cal suffering characterized by anxiety, depression and 
stress, and often serves as a general measure of mental 
health [37, 40]. In this capacity, investigating the ways in 
which SMA and distress behaviours interact, can poten-
tially produce a clearer understanding for how a person’s 

Table 3 Centrality statistics across all nodes at time point 1

node measure value

1 Salience Betweenness ‑0.80

2 Tolerance Betweenness ‑0.55

3 Mood‑Modification Betweenness 1.93

4 Relapse Betweenness ‑0.80

5 Withdrawal Betweenness 0.19

6 Conflict Betweenness ‑0.80

7 Depression1 Betweenness 0.69

8 Anxiety1 Betweenness ‑0.80

9 Stress1 Betweenness 0.93

10 Salience Closeness ‑0.12

11 Tolerance Closeness 0.52

12 Mood‑Modification Closeness 1.93

13 Relapse Closeness ‑0.02

14 Withdrawal Closeness 0.94

15 Conflict Closeness ‑0.51

16 Depression1 Closeness ‑0.61

17 Anxiety1 Closeness ‑1.38

18 Stress1 Closeness ‑0.74

19 Salience Strength ‑0.49

20 Tolerance Strength 0.95

21 Mood‑Modification Strength 0.55

22 Relapse Strength ‑0.96

23 Withdrawal Strength 0.88

24 Conflict Strength ‑1.181

25 Depression1 Strength ‑1.14

26 Anxiety1 Strength ‑0.08

27 Stress1 Strength 1.46

28 Salience Expected Influence ‑0.26

29 Tolerance Expected Influence 1.04

30 Mood‑Modification Expected Influence 0.68

31 Relapse Expected Influence ‑0.69

32 Withdrawal Expected Influence 0.16

33 Conflict Expected Influence ‑0.89

34 Depression1 Expected Influence ‑1.68

35 Anxiety1 Expected Influence 0.11

36 Stress1 Expected Influence 1.51
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mental health could be distinctly affected by the sepa-
rate symptoms of SMA and/or the vice versa (e.g., Is it 
SMA related preoccupation, tolerance and/or withdrawal 
more related to anxiety and/or depression experiences?). 
As distress involves some of the most well researched 
comorbidities of SMA (e.g., depression, anxiety), there 
is a wealth of prior research indicating the presence of 
distress-SMA interactions [41, 42]. For instance, different 
aspects of social media use, such as the purpose of using 
social media (e.g., adaptive/maladaptive coping mecha-
nisms [43]), their preferred social media activities, as well 
as behaviours of excessive social media usage have been 
consistently associated with an individual’s proneness/
risk for depression, anxiety and stress [41, 42]. Such links 
tend to be more evident in younger populations, where 
social media use often drives/underpins psychological 
distress for a proportion of users (e. g. a developing indi-
vidual might feel distressed for deviating from what is 
presented as ideal or common by their peers online [44]). 
A wide variety of explanations have been put forth as 
potential reasons for such distress-SMA links involving: 
a) distressed individuals excessively utilizing social media 
use as a way to cope; b) the deleterious effects excessive 
social media use has on sleep, time management, physical 
activity, the development of social skills and; c) the near 
constant access social media provides to information 
of others, prompting comparisons and negative social 
interactions [42]. However, these, independent findings 
present as fragmented, the clinically relevant, over-time 
links/associations between specific SMA symptoms and 
the levels of depression, anxiety and stress one expe-
riences remaining unclear. Such clinically important 
knowledge can be offered by longitudinal network anal-
ysis, which has not been yet, to the best of the authors’ 
knowledge, attempted concerning these variables.

The findings of such an analysis are envisaged to 
also have significant epidemiological utility. Given the 
acknowledged connection between psychological distress 

and SMA behaviours [41, 42], and the noted drive of 
psychologically distressed individuals towards coping 
strategies involving escapism via social media facili-
tated pleasurable activities [44], it is possible-and indeed 
argued by some-that PSMU may not in fact represent an 
addiction (the SMA model) but simply be a secondary 
symptom of distress [19]. By examining the SMA model 
in conjunction with symptoms of distress, the connec-
tions between the SMA symptoms and Distress symp-
toms can be demystified with detail, their bridges can be 
identified, whilst deeper insight may be gleaned into the 
relationship between Distress and SMA.

The present study
Prompted by the above literature, the present study 
aimed to contribute to the field via innovatively, longi-
tudinally, examining a normative, community sample 
of social media users, assessed across two time points, 
one year apart, regarding both their SMA and distress 
behaviours. Specifically, it assessed their responses via 
advanced longitudinal network analysis’ modelling, 
enhanced by the use of machine learning algorithms to 
increase knowledge regarding: a) the validity/sufficiency 
of the widely popular SMA conceptualization; b) persis-
tent differential diagnosis considerations regarding SMA 
and distress conditions entailing depression, anxiety and 
stress and; c) pivotal/central behaviours considering SMA 
manifestations over time. Thus, the following three aims 
were devised: 1) To reveal/describe the network structure 
of the six SMA symptoms and symptoms of depression, 
anxiety and stress; 2) To examine potential clustering in 
this revealed SMA-distress network, as well as to identify 
any specific bridges or routes between the clusters in this 
network, and; 3) To examine the stability of the revealed 
SMA-distress network over time and across different 
potential sample compositions.

Table 4 Edge strengths across the network of time point 2

Salience Tolerance Mood-
Modification

Relapse Withdrawal Conflict Depression Anxiety Stress

Salience 0 0.45 0.14 0.09 0.08 0.04 0 0.01 0.01

Tolerance 0 0.45 0.14 0.09 0.08 0.04 0 0.01 0.01

Mood‑Modification 0.45 0 0.31 0.12 0.18 0.09 0 0.03 0

Relapse 0.14 0.31 0 0.07 0.14 0.07 0 0 0.09

Withdrawal 0.09 0.12 0.07 0 0.29 0.27 0 0 0

Conflict 0.08 0.18 0.14 0.29 0 0.16 ‑0.03 0.02 0

Depression 0.04 0.09 0.07 0.27 0.16 0 0 0.16 0

Anxiety 0 0 0 0 ‑0.03 0 0 0.15 0.49

Stress 0.01 0.03 0 0 0.02 0.16 0.15 0 0.46
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Method
Participants
An online sample of adult, English speaking partici-
pants aged 18 to 64 who were familiar with social media 
[N = 462, Mage = 30.8, SDage = 9.23, nmales = 320 (69.3%), 
nfemales = 134, (29%), nother = 9, (1.9%); 968 complete 
responses wave 1- 506 attrition between waves = 462] 
was assessed across two time points, 12  months apart. 
Acknowledging that adequate sample size rules of thumb 
are still explored for longitudinal network analysis [45], 
the current sample size well exceeds the threshold of 
350 recommended for sparse networks up to 20 nodes 
in order to accurately estimate moderate sensitivity, high 
specificity and likely high edge weights correlations [46]. 
Furthermore, the 53.27% attrition (N = 506) between 
the two waves of data collection was studied. Specifi-
cally, attrition/retention was inserted as an independent 
dummy coded variable (i.e. 1 = attrition, 0 = retention 
between wave 1 and wave 2) to assess its associations 
with sociodemographic characteristics of the sample (via 
crosstabulation,  X2), as well with SMA, depression, anxi-
ety and stress rates (via t test). There were no significant 
associations between social media scores at time-point 
1 and 2 (Welch’s t [953] = 1.60, p = 0.11, Cohen’s d = 0.10). 
Moreover, older straight males showed decreased attri-
tion rates (Age: Welch’s t [960] = -4.05, p < 0.01, Cohen’s 
d = -0.26; Gender: χ2 [2] = 12.4, p < 0.01, Cramer’s 
V = 0.11); however, all differences represented a small 
effect size. In terms of sociodemographic, variations were 
observed, with very significant amounts of our sample 
heralding from diverse backgrounds. For example, 38.1% 
of the sample heralded from non-white backgrounds and 
30.5% of the sample was female or nonbinary. See Table 1 
for the sociodemographic information of those address-
ing both waves and included in the current analyses.

Measures
Aside of collecting socio-demographic information the 
following instruments were employed for the current 
study:

Bergen Social Media Addiction Scale (BSMAS; [11])
The BSMAS measures the severity of one’s experience 
of the six proposed SMA symptoms via an equivalent 
number of items that ask to which degree certain behav-
iours associated with these symptoms relate to one’s 
own life (i.e., salience, tolerance, mood modification, 
relapse, withdrawal and conflict [11]). The items of the 
BSMAS include “You spend a lot of time thinking about 
social media or planning how to use it” (salience), “You 
feel an urge to use social media more and more” (toler-
ance), “You use social media in order to forget about per-
sonal problems” (mood modification), “You have tried 

to cut down on the use of social media without success” 
(Relapse), “You become restless or troubled if you are 
prohibited from using social media” (withdrawal) and 
“You use social media so much that it has had a negative 
impact on your job/studies” [11]. These items are rated 
on a 5-point scale scored from 1 (very rarely) to 5 (very 
often), with higher scores indicating a greater experience 
of SMA Symptoms [11]. A total score ranging between 6 
and 30 is comprised by the accumulation of the different 
items’ points reflecting overall SMA behaviors. Consider-
ing the current sample, Cronbach’s α and the McDonalds 

Table 5 Centrality statistics across all nodes at time point 2

node measure value

1 Salience Betweenness ‑1.11

2 Tolerance Betweenness 0.78

3 Mood‑Modification Betweenness 0.51

4 Relapse Betweenness ‑1.11

5 Withdrawal Betweenness ‑0.57

6 Conflict Betweenness 0.51

7 Depression Betweenness ‑1.11

8 Anxiety Betweenness 0.51

9 Stress Betweenness 1.59

10 Salience Closeness ‑1.39

11 Tolerance Closeness 0.51

12 Mood‑Modification Closeness 0.46

13 Relapse Closeness 0.92

14 Withdrawal Closeness 0.80

15 Conflict Closeness 0.97

16 Depression Closeness ‑1.72

17 Anxiety Closeness ‑0.41

18 Stress Closeness ‑0.13

19 Salience Strength ‑0.39

20 Tolerance Strength 2.02

21 Mood‑Modification Strength ‑0.40

22 Relapse Strength ‑0.24

23 Withdrawal Strength 0.15

24 Conflict Strength ‑0.52

25 Depression Strength ‑1.34

26 Anxiety Strength ‑0.41

27 Stress Strength 1.13

28 Salience Expected Influence ‑0.26

29 Tolerance Expected Influence 1.96

30 Mood‑Modification Expected Influence ‑0.28

31 Relapse Expected Influence ‑0.13

32 Withdrawal Expected Influence ‑0.18

33 Conflict Expected Influence ‑0.39

34 Depression Expected Influence ‑1.56

35 Anxiety Expected Influence ‑0.29

36 Stress Expected Influence 1.14
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ω internal reliability indices were both 0.88 for time point 
one and increased to 0.90 for time point two.

Depression, Anxiety and Stress Scales‑1 (DASS‑21; [47])
The DASS measures distress experiences and comprises 
21 items, subdivided into three equal subscales (7 items 
each) addressing depression, anxiety and stress respec-
tively [47]. Items examine distress behaviors with a 
4-point likert-type scale ranging from 0 (did not apply) to 
3 (applied most of the time). Total scores for each dimen-
sion are derived by the accumulation of the relevant 
items’ points ranging between 0–21 for the three fac-
tors. Considering time point 1, the Cronbach’s α indices 
for the subscales of depression, anxiety and stress were 

0.94, 0.85 and 0.88 respectively and their corresponding 
McDonalds ω reliabilities were 0.94, 0.86 and 0.88. For 
time point 2, the same Cronbach α reliabilities were 0.93, 
0.85 and 0.86 and their McDonalds ω reliabilities were 
0.93, 0.86 and 0.86.

Procedure
Approval was received from the Victoria University 
Human Research Ethics Committee (HRE20-169) and 
data for both time points was collected between 2020 
and 2022. Time point 1 data (Nt1 = 968) was collected via 
an online survey link distributed via social media (e. g. 
Facebook; Instagram; Twitter), digital forums (e.g., red-
dit) and the Victoria University learning management 

Fig. 3 Expected Influence across all nodes at time point 1
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system. The link first took potential participants to the 
Plain Language Information Statement (PLIS), which 
informed about the study requirements, responses’ 
anonymity and free of penalty withdrawal rights. After 
completing this step, eligible participants were asked to 
voluntarily provide their email address to be included in 
prospective data collection wave(s), and to digitally sign 
the study consent form (box ticking). Twelve months 
later (between August 2021 and August 2022), follow up 
emails involving an identical survey link (i.e., PLIS, email 

provision for the second wave, consent form and survey 
questions) were sent out for those interested to partici-
pate in the second data collection wave (Nt2 = 462). Par-
ticipation in this study was voluntary.

Statistical analyses
A network model involving the six BSMAS symptoms 
and three DASS subscales was estimated for the two 
timepoints using the qgraph and networktools R pack-
ages [32, 48]. Network models involve the creation of a 

Fig. 4 Centrality difference tests of Expected Influence at time point 1
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network nodes and edges, where nodes represent con-
sidered variables/observations and edges the relation-
ships between them [49]. Stronger relationships/edges 
are represented by thicker, darker lines with the distance 
between variables/nodes indicating their relevance/
association (closer = higher relevance) and the colour 
indicating the direction of the relationship (Blue = posi-
tive, red = negative). This is done in the present case via 
the use of zero order correlations (i.e., no control for 
the influence of any other variables) combined with a 
graphical Least Absolute Shrinkage and Selection Opera-
tor algorithm (g-lasso; [49]) employed to shrink partial 

correlations to zero. Practically, this reduces the chance 
of false positives (i.e., Type 1 error), providing more pre-
cise judgements about the relationships between vari-
ables, whilst concurrently pruning excessively weak links 
to simplify networks [50].

Cross‑sectional network stability
Once network models are estimated across time points, 
their respective centrality, edge weights and bridge values 
are assessed [49]. Centrality measures used here involve: 
a) degree (i.e., the number of links/edges held by each 
node); b) betweenness (i.e. the number of times a node 

Fig. 5 Closeness and betweenness across all nodes at time point 1
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lies on the shortest path between other nodes); c) close-
ness (i.e. the ‘closeness’ of each node to all other nodes); 
d) eigenvector (i.e. node centrality based not the node’s 
connections and additionally the centrality of the nodes 
they are connected with)] and; d) the ‘expected influ-
ence’ of a node for the whole network [51]. The latter 
accounts for negative influences/edges, promotes the 
overall stability in the network, and it is recommended 
for psychopathological networks [29]. Finally, bridge val-
ues represent the rate of nodes serving as connections 
between distinct network clusters and are measured via 
bridge expected influence indices [48].

The prerequisite for estimating these values is calculat-
ing their stability coefficients across time points. These 
denote the estimated maximum number of cases that can 

be dropped from the data to retain, with 95% probabil-
ity, a correlation of at least 0.7 (default) between original 
network indices and those computed with less cases with 
an acceptable minimum probability of > 0.25 and prefer-
ably > 0.5 [32]. These were calculated using a modified 
version of the bootnet package with an end coefficient 
representing the proportion of the original sample that 
can be dropped before the centrality, bridge and edge 
weight values vary significantly [32].

Cross sectional network characteristics
Once network stability is confirmed, the networktools 
package estimates the centrality, edge weight and bridge 
indices and graphs the network. Judgements regarding 
differences in centrality across nodes or in the strength of 

Fig. 6 Centrality difference tests of betweenness at time point 1
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edges are made using the centrality/edge difference tests 
via the bootnet R package [32]. These construct a confi-
dence interval between the two regarded results, adjusted 
so that the lower the stability the greater the interval, 
with the difference deemed non-significant if the points 
are within it.

Stability of the network across time
To compare network stability across time points, the 
NetworkComparisonTest package is employed to specifi-
cally estimate their variance in terms of the global net-
work structure, the global strength of the nodes, edges 
and centrality. Each of these tests is carried out in suc-
cession, with the latter two tests only being conducted 
by the package if the first two detected significant differ-
ences (i.e., if the networks across the two time points do 
not differ significantly, there is no point examining differ-
ences in more specificity; [52]). P-values less than 0.05 for 
these tests indicate significant differences.

Results
Network generation and stability
Network Analyses generated two networks, one for each 
timepoint, depicted in Figs. 1 and 2. Edge strengths and 
calculated centrality statistics for time point 1 are fea-
tured in Tables 2 and 3, and for time point 2 in Tables 4 
and 5. Note that within the following figures, the BSMAS 
symptoms of salience, tolerance, mood modifica-
tion, relapse, withdrawal and conflict are referred to as 
BSMAS_1, BSMAS_2, BSMAS_3, BSMAS_4, BSMAS_5 
and BSMAS_6 respectively.

The network at time point one showed excellent sta-
bility in terms of its basic structure (edge stability coef-
ficient = 0.75, expected influence centrality stability 
coefficient = 0.60) and marginal stability regarding sec-
ondary measures of centrality (closeness centrality sta-
bility coefficient = 0.13, betweenness centrality stability 
coefficient = 0.05). In terms of bridges between network 
clusters, stability ranged from acceptable (bridge expected 

Fig. 7 Centrality difference tests of closeness at time point 1
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influence stability coefficient = 0.36), to marginal (bridge 
betweenness stability coefficient = 0.0) to insufficient 
(bridge closeness stability coefficient = 0.0).

These structural network characteristics were shared 
with the network at time point two both in terms of basic 
structure (edge stability coefficient = 0.75, expected influ-
ence centrality stability coefficient = 0.60) and second-
ary measures of centrality (closeness centrality stability 
coefficient = 0.13, betweenness centrality stability coef-
ficient = 0.05). Though the bridges between clusters fea-
tured greater stability than time point 1 (bridge expected 
influence stability coefficient = 0.52, bridge between-
ness = 0.05, bridge closeness = 0.21).

With all necessary structural measure’s stability within 
acceptable limits, further analysis of the network struc-
tures and network comparison was undertaken. How-
ever, given the marginal to unacceptable stability of both 
closeness and betweenness as measures of centrality, 
it was deemed that results from these measures cannot 
be safely generalised, or safely used to draw inferences 
about the data. Thus, these measures are only considered 
in the following as potential indicators that may point to 
avenues of further investigation, unless a result of 0.0 was 
scored on their stability coefficient, in which case they 
are completely disregarded.

Fig. 8 Edges’ difference tests at time point 1
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Network characteristics at Time Point 1
Figure  3 depicts the expected influence of all nodes at 
time point 1, and Fig. 4 depicts centrality difference tests 
determining the significance of differences in expected 
influence between all nodes, with black squares indicat-
ing significant differences. In terms of overall centrality, 
stress had the most and strongest connections with other 
nodes. Stress had expected influence significantly greater 
than the majority of nodes, with the exception of anxiety 
and the BSMAS symptoms of tolerance and mood modi-
fication (Items 2 & 3). These BSMAS symptoms formed 
a consistent plateau of centrality, significantly above the 
symptoms of Relapse and Withdrawal (Item 4 & 5 respec-
tively). Depression was relatively low in centrality, with 
a result significantly lower than every other node except 
relapse and withdrawal.

Accordingly, Fig.  5 depicts nodes’ closeness and 
betweenness at time point 1, while Figs. 6, 7 depict cen-
trality difference tests determining the significance of 
differences in betweenness and closeness, with black 
squares indicating a significant difference. In terms of 
the number of times a node was on the shortest path 
(i.e., betweenness), there were no significant differences. 

In terms of the distance between nodes (i.e., closeness), 
BSMAS symptoms of mood modification and withdrawal 
displayed the greatest centrality, with each displaying sig-
nificantly higher centrality in the network than the DASS 
subscales.

Figure  8 depicts edge difference tests, indicating that 
the edges between anxiety and stress, depression and 
stress, and between the BSMAS symptoms of salience 
and tolerance were significantly stronger than those of 
other nodes.

Bridge characteristics at Time Point 1
Figures  9 and 10 depict bridge expected influence, 
closeness and betweenness centralities between the 
BSMAS symptoms and the DASS subscales. SMA 
symptoms of mood modification and conflict demon-
strated markedly higher expected influence connec-
tions with the DASS subscales cluster than other SMA 
symptoms. With regards to the DASS subscales, anxi-
ety and stress were in a similar position, with a bridge 
expected influence on the BSMAS symptoms substan-
tially greater than that of depression (see Fig.  9). In 
terms of the proximity/closeness between nodes in the 

Fig. 9 Bridge Expected Influence Centrality at time point 1
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two subgroups, the BSMAS symptom of mood modifi-
cation (Item 3) and withdrawal (Item 5) were the most 
proximal to the distress subgroup, with depression 
serving as the closest connecting point.

Network characteristics at Time Point 2
Figure  11 depicts the expected influence of all nodes at 
time point 2, whilst Fig.  12 depicts the significance of 
nodes’ differences in terms of their expected influence. 
The highest overall centrality in terms of expected influ-
ence was demonstrated by the BSMAS symptom of toler-
ance (Item 2), which was closely followed by the DASS 
subscale of stress. As is evidenced in Fig. 12, both stress 
and tolerance were significantly greater in their expected 
influence centrality than the other network nodes.

Figures 13 and 14 depict the betweenness and closeness 
respectively of all nodes at time point 2, whilst Figs.  15 
and 16 depict centrality difference tests determining the 
significance of differences in betweenness and closeness 
respectively. No significant differences in the number of 
times a node was on the shortest path (i.e., betweenness) 
identified between the nodes, nor were there any nodes 

significantly higher in closeness, with the exception of 
withdrawal (Item 5).

Figure  17 depicts edge difference tests at time point 
2. As with time point 1, the edges between anxiety and 
stress, depression and stress, and between the BSMAS 
symptoms of salience and tolerance (Items 1 & 2) were 
significantly stronger than those between other nodes. 
Additionally, the connection between the BSMAS symp-
toms of tolerance and mood modification (Items 2 & 3) 
was a significantly stronger connection than over half of 
those assessed.

Bridge characteristics at Time Point 2
Figures 18, 19 and 20 depict bridge centralities between 
the BSMAS symptoms cluster and the DASS subscales 
cluster at time point 2. As in time point 1, the SMA symp-
toms of mood modification (Item 3) and conflict (Item 6) 
bridged the SMA behaviours cluster to the DASS sub-
scales cluster via the nodes of anxiety and stress. These 
results were displayed in both the number and strength 
of connections between these nodes (expected influence 
centrality) and the number of times these nodes were 

Fig. 10 Bridge Closeness Centrality at time point 1
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used as connecting joints in paths between other nodes 
in these two networks (betweenness centrality). Further, 
in terms of the proximal distance between nodes in the 
two subgroups, the BSMAS symptom of conflict was the 
most central symptom, with anxiety and stress being the 
most proximal distress experiences.

Longitudinal network comparison
Finally, a network invariance test revealed no significant 
differences between the network at time point 1 and time 
point 2 in terms of global network invariance (p = 0.36) 
and global strength Invariance (p = 0.42).

Discussion
The rapid expansion of social media use has generated 
concerns regarding the development of PSMU behav-
iours. These have been noted to closely resemble those 
displayed in substance/behavioural addictions [1, 2]. In 
that line, a portion of scholars have defined these behav-
iour as social media addiction (SMA) and have advocated 
in favour of describing it via the lenses of the components 
model of addiction framework (i.e. salience; mood-mod-
ification; tolerance; relapse; withdrawal; losing of interest 
into other activities/functional impairment; [1, 9]. Such 
suggestions have been criticised as accommodating the 

risk of pathologizing common everyday behaviours, such 
as the use of social media, and lacking validity due to 
adhering to substance abuse criteria/behaviours that may 
fail to correctly depict this emerging condition [19, 20]. 
Additionally, there is a lack of clarity regarding the details 
of links between excessive use symptoms and markers of 
impairment, such as distress, which cause further doubts 
[19, 20]. Finally, the occurrence of SMA behaviour as an 
independent diagnostic condition has been contested on 
the basis of SMA related behaviours constituting biprod-
ucts/ secondary symptoms of primarily distress condi-
tions such as depression, anxiety and stress [19, 20].

To address these concerns, the current research inno-
vated via longitudinally assessing a normative cohort of 
adult social media users twice over a period of two years 
considering concurrently their SMA and depression, 
anxiety and stress self-reported experiences. Advanced 
longitudinal network analysis models, enriched via the 
LASSO algorithm, were calculated for both time points 
[29, 32]. These aimed to firstly clarify whether SMA cri-
teria, as described on the basis of the components model 
of addiction, formed indeed an underpinning network 
of behaviours, stable over time and across different sam-
ple compositions [10]. Answering this question would 
indicate that the construct is rather formative and not 

Fig. 11 Expected Influence across all nodes at time point 2
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reflective (i.e., it is not just a conception of scholars or a 
sample specific construct, while it is steadily reflected the 
same way over time [19, 20]).

Secondly, the analysis aimed to dispel to what extent 
SMA behaviours may mix/blend or closely relate to dis-
tress behaviours such as depression, anxiety and stress 
[53]. If the latter was to be true, then the SMA and dis-
tress components of the network would be expected to 
mix and not to represent distinctly different network 
clusters (i.e. SMA and distress related behaviours would 
represent different behavioural network clusters and 
thus should be classified independently). Thirdly, it was 
aimed to identify key/central/pivotal behaviours in the 
broader network, that should be prioritized in prevention 
and/or intervention for those presenting with SMA and/
or comorbid depression, anxiety and stress (i.e. central 
nodes of the network with higher expected influence). 

Findings indicated that SMA behaviours/criteria, as 
per the components model of addiction, do constitute a 
formative network of symptoms, which is not sample or 
time specific. Furthermore, the SMA behaviours clus-
ter was distinct to that of depression, anxiety and stress 
experiences across both measurements, favouring its 
classification as an independent diagnostic condition. 
Lastly, mood modification appeared to be consistently 
(across both time points) a central network node and 
has been facilitating as the main bridge primarily with 
distress symptoms of stress and anxiety rather than 
depression.

SMA and distress network
As summarized prior, results portrayed a stable overtime 
network cluster of SMA symptoms, which is associated 

Fig. 12 Centrality difference tests of Expected Influence at time point 2
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Fig. 13 Betweenness across all nodes at time point 2

Fig. 14 Closeness across all nodes at time point 2
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yet distinct, to the distress related cluster of nodes com-
posed by depression, anxiety and stress. These findings 
appear to align with the recent SMA, cross-sectional, 
network analysis study of Romanian data, which also 
supported the SMA defined behaviours of salience, toler-
ance, mood-modification, withdrawal, relapse and func-
tional impairment being closely related and informing a 
clear cluster of nodes [35]. Therefore, the present study 
argues in favour of the idea of SMA operating as a forma-
tive construct, which occurs independently of the con-
ception of scholars (i.e. does not only reflect theoretical 
conceptualizations [19, 20]. This provides an indication 
in favour of those who support the SMA conceptualiza-
tion and potentially the introduction of a distinct diag-
nostic category to capture the syndrome [35, 36]. In that 
context, SMA behaviours related to mood-modification 
appeared to be central across both time points, rein-
forcing the idea of addictions, such as SMA, acting the 

problematic solution (e.g., way to either experience more 
positive or buffer negative emotions) of the distress gen-
erated by other problems [53]. Nevertheless, one can-
not exclude the need of additional nodes, such as those 
likely reflecting “deception behaviours associated to the 
use of social media” (e.g. an individual concealing the 
amount of time they consume on social media usage) 
and/or relationship difficulties (e.g. as with other forms 
of addictions, a person may be marginalized within their 
social surrounding) to better describe the phenomenon 
[54]. Thus, although findings support the six, adjusted 
to the abuse of social media, addiction criteria operating 
as a distinct, SMA underpinning, formative network, the 
need for additional behavioural nodes to better describe 
the condition cannot be excluded.

Despite these, and in contrast to the results of the 
Stănculescu [35] Romanian study, where salience 
and withdrawal were identified as the most ‘central’ 

Fig. 15 Centrality difference tests of betweenness at time point 2
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symptoms, the current study identified tolerance and 
mood-modification as the most highly central in terms 
of expected influence and closeness respectively. A pos-
sible explanation for this discrepancy may refer to the 
more rigorous methodology and wider aims applied 
in the current study, compared to that conducted by 
Stănculescu [35]. Firstly, the current analysis examined 
network stability across different resamples (i.e., poten-
tial population compositions) and over time (i.e. longi-
tudinally), which was not the case in the Stănculescu 
[35] study. Secondly, the present study thoroughly 
examined centrality differences based on t-test com-
parisons in conjunction with the visual graph/network 
inspection, whilst such comparisons were not reported 
in the Romanian study [35]. Thirdly, centrality indices 

informing the present findings were referring to the 
extended network of SMA and distress behaviours, and 
not the narrower network of SMA behaviours only [35]. 
Thus, it is likely that whilst salience and withdrawal 
may be more central in the context of SMA behaviours, 
without taking into consideration concurrent depres-
sion, anxiety and stress behaviours; tolerance and 
mood modification maybe more pivotal in the broader 
context of SMA and distress comorbidities together. 
Finally, it is also likely that cultural differences between 
the two samples may alternate the experience of SMA 
between the populations, such that withdrawal and 
salience maybe more central for the Romanian sample 
[35]. Such differences inevitably invite further investi-
gation regarding the cross-cultural invariance of the 

Fig. 16 Centrality difference tests of closeness at time point 2
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SMA network, as with other behavioural addictions 
related to the abuse of digital media (see gaming disor-
der [53, 54]).

The current findings were also revealing consider-
ing the differential diagnosis concerns referring to 
SMA behaviours constituting primarily a secondary 
symptom of distress behaviours related to depression, 
anxiety and stress, rather than a distinct condition 
itself [54]. Specifically, network models across both 
time points consistently revealed two distinguishable 
clusters of nodes within the broader network, clearly 
dividing SMA and distress behaviours. Thus, although 
distress and SMA behaviours appeared related, they 

were not blended/mixed in a way that would advocate a 
common classification [41].

Furthermore, the current study also expands available 
knowledge regarding the relationship between SMA and 
distress, via the examination of the ‘bridging centrality’ 
of the various symptoms [54]. Primarily, the connections 
between the SMA behaviours of mood-modification and 
conflict, with anxiety and stress, appear to have acted 
as comorbidity bridges, featuring the highest expected 
influence bridge centrality values amongst their respec-
tive subnetworks (i.e., the number and strength of con-
nections to other subnetworks). In addition, withdrawal 

Fig. 17 Edges’ difference tests at time point 2
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symptoms served as a “go-between” in this link between 
subnetworks, with the highest betweenness bridge cen-
trality (the amount of and strength of the connections 
between SMA and distress that used it as a go-between). 
Thus, these findings imply that the need to moderate 

one’s negative feelings via SMA, and/or the stress/anxi-
ety related to the occurrence of functional impairments 
in a person’s life (e.g., conflicts with others due to SMA 
behaviours) could operate as the main connection points 
in the cyclical relationship between distress and SMA. 

Fig. 18 Bridge Expected Influence Centrality at time point 2

Fig. 19 Bridge Closeness Centrality at time point 2
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This hypothesized process aligns with evidence relevant 
to other behavioural addictions [55]. Thus, one could 
support that stressed and anxious individuals may exces-
sively use social media to cope with, and to modify their 
anxious manifestations, suffering conflicts with their real-
world obligations and desires as a result of that use. The 
latter might induce more stress and anxiety, and perhaps 
even more when withdrawals ensue after failed attempts 
to reduce use. Further SMA and depression symptoms 
could follow as a result of the development of conflict/
mood-modification and stress/anxiety respectively. This 
interpretation is reinforced by prior cross-sectional and 
longitudinal research in the field of addiction psychology 
that: a) portrays stress, as well as unhealthy coping mech-
anisms in response to stress, to operate as primary causes 
of addictions [56–59] and; b) proposes the need to escape 
from negative moods as highly associated to addictive 
tendencies [6]. These results may thus imply, that clini-
cians treating clients with comorbid SMA/distress, may 
wish to target these bridging symptoms in particular, in 
order to cut any possible bidirectional feedback loops 
between these disorders.

On a separate note, the depression node was found 
to display a seeming lack of importance in the network. 
Specifically, depressive behaviours were shown to pos-
sess significantly lower general centrality and bridge 

centrality, implying that they may not have as a forma-
tive effect on the experience of SMA symptoms, as 
stress and anxiety. Furthermore, depression displayed 
a negative association with withdrawal symptoms, the 
only negative association in the network. While initially 
this may seem to contradict prior research associating 
depression and social media use [41], this is not nec-
essarily the case. Depression still displayed a positive 
association with the symptom of mood-modification, 
accommodating prior research linking addiction with 
the use of social media as a relief mechanism [6]. Fur-
thermore, while at first it might seem oxymoronic that 
the experience of depression might associate with a 
reduction in SMA withdrawal symptoms, this may not 
be the case. It is likely that, as with other addictions, 
those experiencing depression are less able to attempt 
containing their addictive patterns, whilst when/if they 
do make attempts, those attempts may be less success-
ful and thus they do not experience withdrawal [60]. 
Those experiencing depression have depressed mood, 
lack of energy and a lack of motivation all of which 
negate action and make it harder to quit or make an 
attempt to cease problematic behaviours [12, 16]. Fur-
thermore, a lack of direct impact of depressive expe-
riences on SMA symptoms in the network does not 
imply a lack of impact overall. In the current findings, 

Fig. 20 Bridge Betweenness Centrality at time point 2
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depression still displayed very strong relationships with 
stress and anxiety, allowing it to influence SMA via its 
influence on these symptoms. However, as causality 
associations were not directly explored in the current 
study, these interpretations require further additional 
evidence to be better supported.

Limitations and further study recommendations
Despite the relevant findings reported here, such con-
clusions and implications may need to be considered in 
the light of the several limitations of the present study. 
Firstly, a convenience, community, western/English 
speaking sample of adult social media users was col-
lected, potentially restricting the generalization of the 
findings to non-western, children-adolescent and clini-
cal populations. Secondly, findings were exclusively 
based on self-reported, psychometric scales and thus 
risks of subjectivity or self-reporting errors cannot be 
excluded. Therefore, considering that there is evidence 
of objectively measuring social media use [61, 62] future 
researchers may wish to consider examining non-adult, 
non-western and/or clinical samples via multimethod 
designs entailing additionally physical actigraphy and/
or digital monitoring means to further expand the avail-
able knowledge. Thirdly, this study focused exclusively on 
the network between PSMU and distress; however, other 
variables have been associated with PSMU and should 
be considered in future studies (e.g., fear of missing out 
[63]).

Conclusions and implications
Overall, the findings of the present study appear to 
have added important knowledge across three areas 
surrounding problematic social media usage. These 
involve the conceptualization of this debated condi-
tion, its differential diagnosis and key behavioural 
symptoms informing it [34, 48]. In particular, the cur-
rent findings support: a) the applicability of the SMA 
definition as a construct/condition naturally occurring 
based on an underpinning network cluster of behav-
iours; b) a distinct association between SMA symptoms 
and distress behaviours related to depression, anxi-
ety and stress, which advocates the separate classifica-
tion of SMA as a psychopathological condition and; c) 
the role of mood-modification drives and functional 
impairment/conflicts with others as the connecting/
linking points with stress/anxiety behaviours in the 
formation of SMA behaviours. Accordingly, results 
pose three significant taxonomic, assessment and pre-
vention/intervention implications. Firstly, the con-
sideration of SMA as a distinct diagnostic category is 
strengthened. Secondly, assessment of comorbid stress 

and anxiety manifestations appears to require priority 
when addressing clients presenting with problematic 
social media usage. Thirdly, though individuals of dif-
ferent ages and sexes tend to use social media in differ-
ent ways, and thus likely experience SMA in different 
fashions, the effects of age and sex on SMA symptoms 
and their relationship with distress was not explored. 
This represents an important and interesting area of 
future study that deserves to be examined.
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