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ABSTRACT

Objective: This study aims to examine the longitudinal measurement invariance of the Bergen
Social Media Addiction Scale (BSMAS) over a two-year interval, addressing a gap in research on
its consistency over time.

Method: Confirmatory Factor Analysis with a robust maximum likelihood chi-square estimator
was utilised to assess the BSMAS among 276 adults (mean age = 31.86 years; SD = 9.94 years;
71% male) at three time points across two years. This method evaluates the scale’s structural
consistency and reliability longitudinally.

Results: The analysis supported full measurement invariance (configural, metric, scalar, and error
variance) of the BSMAS, indicating stable measurement properties over time. Furthermore,
temporal stability and equivalency of the BSMAS total mean scores were confirmed across the
three-time points, suggesting consistent measurement of social media addiction.

Conclusions: The findings validate the BSMAS as a reliable instrument for measuring social
media addiction over extended periods. Demonstrating its psychometric stability enhances its
utility for longitudinal studies, making it a valuable tool for tracking changes in social media
addiction behaviours. These results have significant implications for future research and clinical
practice, highlighting the BSMAS's applicability in long-term studies.
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KEY POINTS

What is already known about this topic:

(1) The Bergen Social Media Addiction Scale is a widely utilised instrument for measuring
social media addiction.

(2) There is a lack of research on testing for measurement invariance of the Bergen Social
Media Addiction Scale.

(3) Social media addiction can be a persistent issue across an individual’s lifespan thus,
measurements of social media addiction need to display invariance across a long time.

What this topic adds:

(1) Findings showed the Bergen Social Media Addiction Scale displayed support for long-
itudinal measurement invariance.

(2) The latent factors of the Bergen Social Media Addiction Scale remain consistent across
different time points.

(3) The Bergen Social Media Addiction Scale can be used to monitor the developmental
changes of social media addiction symptoms and clinical treatment effects over a reason-
able length of time.

Introduction .
Andreassen et al., 2016) was created. It is one of the

Social media (SM) has grown immensely over the last
decade with 4.95 billion users globally and 21.3 million
in Australia alone (Statista, 2023). While SM offers ben-
efits such as fostering connections and facilitating the
sharing of ideas, for a proportion of users excessive use
can lead to negative outcomes (Asamoah, 2019). To
assess the outcomes of excessive social media use, the
Bergen Social Media Addiction Scale (BSMAS;

most popular measures used to assess addiction to
social media sites (SMS) or social media addiction
(SMA). Andreassen and Pallesen (2014) have defined
SMA as “being overly concerned about SMS, to be
driven by a strong motivation to log on to or use
SMS, and to devote so much time and effort to SMS
that it impairs other social activities, studies/job, inter-
personal relationships, and/or psychological health
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and well-being” (p. 4050). SMA has been linked to
emotional, relational, health-related, and performance
issues, often manifesting as emotional distress, mental
health decline, fear of missing out, and disrupted sleep
due to excessive screen time (Al-Samarraie et al., 2021;
Andreassen, 2015; Huang, 2022). With global estimates
for SMA ranging between 13% (using a severe cut-off)
and 25% (using a moderate cut-off; Cheng et al., 2021),
and considering the significant impact SMA can have
on well-being, validating such measures is crucial.

The BSMAS evolved from the Bergen Facebook
Addiction Scale (BFAS; Andreassen et al., 2012) by
substituting “Facebook” with “social media” through-
out its items. This modification broadened the scope to
encompass SM platforms like Facebook, Twitter,
Instagram, and similar sites. Rooted in Griffiths' (2005)
components model of addiction, the BSMAS addresses
six components including; salience (preoccupation
with SM), mood modification (involvement with SM
improves mood), tolerance (increasing amount of
involvement with SM is required to be satisfied), with-
drawal symptoms (reduction or preclusion from invol-
vement with SM creates restlessness and negative
feelings), conflict (involvement with SMA creates con-
flicts and causes problems for the individual), and
relapse (return to old SMA patterns after a period of
control or absence). The BSMAS has six items, each
corresponding to one of the addiction components.

In the initial scale development and validation study of
the BFAS, Andreassen et al. (2016) obtained BFAS ratings
from 423 student participants in Norway. Confirmatory
factor analysis (CFA) supported a one-factor model. The
study also supported internal consistency reliability,
three-week test-retest reliability, and convergent and
divergent validity. Additionally, the total score was corre-
lated positively with being female and negatively with
being younger. Given the similarity of the BFAS and the
BSMAS, these findings can be assumed to apply to the
BSMAS.

To date, several studies internationally have examined
the psychometric properties of the BSMAS (e.g., Banyai
etal, 2017; Chen et al., 2020; Lin et al., 2017; Monacis et al.,
2017; Shin, 2022; Zarate et al., 2023). All these studies have
supported the unidimensional factor for the BSMAS, as
well as, its internal consistency reliability, and convergent
and divergent validity. Of note, the participants in the
study by Zarate et al. (2023) were recruited at Time 1 (N
=1097) in the current study. Although past studies have
provided good support for the psychometric properties
of the BSMAS, except for Chen et al. (2020), there has been
little empirical attention to longitudinal measurement
invariance.

Longitudinal measurement invariance implies com-
parable metric and scalar factorial structures at different
time points (Leitgob et al., 2021). Alternatively, weak or
no support for longitudinal measurement invariance
suggests that the ratings at the different time points
cannot be justifiably compared since the scores can be
assumed to be confounded by different measurement
and scaling properties. Thus, corresponding empirical
information on the BSMAS items’ measurement invar-
iance is required to compare ratings at different time
points. Support for longitudinal measurement invar-
iance is important as this is necessary for accurately
tracking the developmental trajectory of SMA symp-
toms, assessing the effectiveness of clinical treatments
over time, and increasing the generalizability of findings
based on BSMAS data collected longitudinally.

While past studies have explored the test-retest relia-
bility of the BSMAS, assessing longitudinal invariance
offers a distinct analysis. This approach examines whether
observed scores consistently represent the same levels of
the underlying latent trait over time, in contrast to test-
retest reliability, which focuses on the stability of scores
across multiple time points through high correlation mea-
sures (see American Educational Research Association,
American Psychological Association, National Council on
Measurement in Education, Joint Committee on
Standards for Educational and Psychological Testing
(U.S.), 2014). Researchers have reported support for test-
retest reliability over a two-week (Shin, 2022), three-week
(Andreassen et al., 2016), and three-month (Chen et al.,
2020) interval. Related to the BSMAS item network stabi-
lity, a recent study (submitted) reported invariant network
structure and global strength over a one-year interval.
Global network invariance refers to equivalent network
structures across time points, and global strength invar-
iance refers to equivalent node relations across time
points. Although these findings support test-retest relia-
bility and network stability across time, neither of these
findings are comparable to the different types of invar-
iances examined using the CFA-based latent variable
approach which is the focus of the current study.

Limitations of existing studies

The exploration of the BSMAS psychometric properties
reveals a notable gap in the literature, particularly regard-
ing its longitudinal measurement invariance. While Chen
et al. (2020) successfully demonstrated this invariance
over a three-month span, addiction’s complex nature -
a persistent and escalating behaviour coupled with psy-
chological dependence (Lischer et al., 2020; Walker,
1989) — suggests that such a brief period may not suffice
for thorough clinical assessments. The scarcity of studies



examining the BSMAS's measurement invariance over
more extended intervals, such as a year or more, under-
scores a significant, unaddressed need for deeper empiri-
cal investigation into its long-term reliability and validity.

Aim of the study

Despite the demonstrated unidimensionality and psy-
chometric properties of the BSMAS, a significant gap
exists in the literature due to the lack of data on its
longitudinal measurement invariance over extended
periods. This study aims to fill this gap by examining
the BSMAS’s longitudinal measurement invariance
over a two-year interval, involving three time points,
among adults from the Australian general community.
Given the limitations in existing data, this study
employs CFA to assess the longitudinal measurement
invariance of the BSMAS ratings at three annual inter-
vals (i.e., 2021, 2022, and 2023). No specific hypotheses
were formulated considering that our measurement
invariance examination was primarily exploratory.

Method
Participants

The participants were drawn from the general commu-
nity, constituting a normative online convenience sam-
ple. Participants came from English-speaking countries
(e.g., Australia, USA, UK, Canada and New Zealand).
Regarding ethnicity, 69.2% identified as White/
Caucasian, 18.5% identified as Asian, 6.9% identified
as Black/African American, 4% Hispanic/Latino and the
remaining 1.4% belonging to other ethnicities. The
inclusion criteria comprised English-speaking partici-
pants who used social media, while individuals under
18 years old were excluded. To ensure a representative
sample, social media users were invited to complete
our survey. Although this method employed
a convenience sample approach by targeting social
media users, it provided equal opportunities for com-
munity members to participate in our study. Moreover,
using a suggested cut-off value of 26 (Zarate et al,,
2023), the number of participants exceeding these
values was consistent across waves (4 in the first
wave and 4 in the last wave), representing 1.5% of
our sample. Regarding individuals with usable scores,
responses of 968 English-speaking adults were
included at time 1, 462 at time 2, and 276 at time 3.
In the current study, the attrition rate from time 1 to
time 2 was 52.3% [(968-462)/968], and from time 1 to
time 3 was 71.5% [(968-276)/968)]. To detect attrition
bias in the characteristics of the final sample, we used
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t-tests for the BSMAS total scale scores in time 1 who
responded and did not respond at time 2 and at time 3
(Miller & Wright, 1995; Mitchell et al, 2022).
Supplementary Table S1 shows the descriptives for
these variables and the results of the t-test. As shown,
respondents and nonrespondents differed in the
BSMAS total score for both time points. However, as
the effect sizes for both these differences were small, it
was interpreted that attribution bias had little effect on
the scores collected in the study.

Only the 276 participants who completed ratings at
all time points were involved in this study. Soper’s
(2022) software for computing sample size require-
ments for CFA models was used to evaluate the sample
size requirement for the present study. For this, the
anticipated effect size was set at 0.3, power at 0.8, the
number of latent variables at 3 (covering the three
time points), the number of observed variables at 18
(covering the three time points), and probability at .05.
The analysis recommended a minimum sample size of
200. Our sample size (N = 276) exceeds this recommen-
dation. Further details on the formula can be found on
Soper’s (2022) website.

Measures

All data was collected online. At the start of the study
(time 1), participants provided demographic information,
including age, gender, ethnicity, highest education level
completed, employment status, and relationship status.
They also completed ratings of the BSMAS (Andreassen
etal, 2016) at three different time intervals, one year apart
(in 2021, 2022, and 2023).

The BSMAS has six items with a time reference of the
past year. An example item is: “Do you spent a lot of time
thinking about social media and planning the use of social
media?” Items are responded to on a five-point Likert
scale ranging from very rarely (1) to very often (5).
Therefore, higher symptom scores indicate higher symp-
tom severity. The internal reliability for the BSMAS instru-
ment was very good in the present study (Cronbach a
=.88,.9,and .9; McDonald's w = .88, .9, and .91 for time 1,
time 2, and time 3, respectively).

Procedure

Upon approval from the Victoria University Human
Research Ethics Committee (HRE20-169), the study was
advertised using nonelectronic (i.e.,, word of mouth) and
electronic (i.e., email, social media) methods. Time 1 data
was collected between August 2019 and August 2020.
Participants were invited to register for the study via
a Qualtrics link available on social media (i.e., Facebook,
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Instagram, Twitter), the Federation University websites
and digital forums (i.e., reddit.com). Individuals informed
through nonelectronic methods provided an email
address to which the Qualtrics link could be sent. The
link took them to the Plain Language Information
Statement (PLIS). Those wishing to participate were direc-
ted to click a button to agree to informed consent. This
was followed by questions seeking sociodemographic
information and a number of questionnaires. Only the
BSMAS is of relevance to the present study. Participants
completed the online survey using a computer at their
chosen location. At the end of completing the steps at
time 1, participants were requested to voluntarily provide
their email address to be included in prospective data
collection wave(s) and sign the study consent form digi-
tally (box ticking). Twelve months later (between
August 2021 and August 2022), those who consented
received follow-up emails requesting their voluntary par-
ticipation in the survey. This included an identical survey
link (i.e., PLIS, email provision for the second wave, con-
sent form and survey questions). In all, 462 participated in
the second data collection wave. A comparable proce-
dure between August 2022 and August 2023 was used for
collecting wave 3 data. The study’s inclusion criteria
included being an adult (i.e., over 18 years old) and enga-
ging in any form of online activity, such as online gaming.
The exclusion criteria were straightforward, encompass-
ing only incomplete and invalid responses. Due to the
inclusion of questionnaires addressing one’s level of dis-
tress, those who had a current untreated severe mental
illness were instructed (also included in the plain lan-
guage information statement) not to participate to
avoid any unforeseen/indirect emotional impact.
Beyond these conditions, no further inclusion or exclusion
criteria were applied to ensure a broad and inclusive
participant pool.

To ensure the highest standards of data integrity and
reliability, a detailed quality control strategy was meti-
culously executed throughout the data lifecycle. This
involved a thorough mapping of each step in the data
workflow, from initial collection through to the final
dataset preparation, with a keen focus on ensuring the
reversibility of actions to protect raw data integrity.
Modifications to data were carefully documented
under distinct filenames, incorporating versioning to
facilitate clear traceability. Additionally, our processes
were standardized and explicitly documented to enable
replication by future researchers, ensuring consistent
and reliable results. Predefined data structures and col-
lection templates were employed to further enhance
data consistency. In an effort to foster transparency
and facilitate reproducibility, the dataset has been
made accessible alongside this submission.

Statistical procedures

All the CFA models were conducted using Mplus
(Version 7) software (Muthén & Muthén, 2012).
Although the BSMAS scores are ordinal, they can be
treated as continuous, as there are five response options
(Rhemtulla et al., 2012). The robust maximum likelihood
chi-square (MLR) estimator was used for all analyses. The
MLRy? was utilized to examine the goodness-of-fit of the
CFA models. Similar to other x? values, large sample
sizes lead to MLRy? values being exaggerated. As well
as providing the MLRY?, Mplus also provides approxi-
mate or practical fit indices, including the root mean
squared error of approximation (RMSEA), the compara-
tive fit index (CFI), the Tucker-Lewis Index (TLI), and the
Standardized Root Mean Suare Residual (SRMR). The
current study supports the fit of the one-factor model
at all three time points. Model fit was evaluated using
the root mean squared error of approximation (RMSEA),
comparative fit index (CFI), Tucker-Lewis index (TLI), and
the standardized root mean square residual. According
to Hu and Bentler (1998), RMSEA, values < .06 = good fit,
< 0.08 = acceptable fit, and > 0.08 to .10 = marginal fit.
For CFI and TLI, values > .95 =good fit,
and = .90 = acceptable fit. For the SRMR, it should be
less than .05 for a good fit (Hu & Bentler, 1999), although
values smaller than .10 may be interpreted as accepta-
ble (Schermelleh-Engel et al., 2003). Hu and Bentler
(1999) have recommended a two-index approach for
evaluating model ft that includes ft in terms of the
SRMR value and either the TLI, CFl, or RMSEA. For the
current study, a model was considered acceptable if the
SRMR value was smaller than .05, and either TLI or CFl or
RMSEA showed acceptable fit.

Before testing longitudinal measurement invar-
iance, the one-factor BSMAS model fit at time 1, time
2, and time 3 was examined. In these models, the
ratings for all six items were loaded onto a single latent
factor, with uncorrelated error variances. Additionally,
for model identification purposes, the variance of the
latent factors was fixed at one.

An extended single-group CFA model that included
the ratings at all time points was used for longitudinal
measurement invariance. Supplementary Figure 1 shows
our path diagram for evaluating longitudinal measure-
ment invariance. The model combines the unidimen-
sional factor models for time 1, time 2, and time 3.
However, the models are connected at each time point,
with correlated like error variances and latent factors.
Using this model, we assessed longitudinal measurement
invariance across time points by sequentially comparing
models with progressively stricter constraints. This pro-
cess involved testing for configural invariance, metric



invariance, scalar invariance, and uniqueness invariance.
Supplementary Table S2 provides details for the steps
involved in the analysis. In brief, the CFA procedures for
measuring measurement invariance involve comparing
progressively more constrained models that test several
levels of invariance. In the context of longitudinal mea-
surement invariance, this involves showing that (i) the
latent factor structure remains the same between time
points (baseline or configural invariance); (ii) the associa-
tions/strengths of like items with their latent factors are
the same at different time points (metric or loading invar-
iance); (iii) the item intercepts of like items are the same at
different time points (scalar or intercept/threshold invar-
iance); and (iv) the item uniqueness variances of like items
are the same at different time points (uniqueness or the
unique factor invariance). For comparing the various
nested CFA models we used both the )(2 difference test,
and the differences in the approximate fit indices (CFl and
RMSEA). For the latter, differences to reject invariance for
both factor loadings and thresholds are set at ACFl > .01,
and ARMSEA > —.015, respectively (F. F. Chen, 2007).

Results
Demographic information of the sample

Table 1 provides background information on the 276
participants involved in the study. As shown, their age
ranged from 18 to 62years (mean=31.86years;
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SD = 9.94years) and included 196 men (71%; mean
age=31.92years, SD=10.84years) and 75 women
(329%; mean age=32.12years, SD=10.84years).
Additionally, five individuals (1.8%) did not identify their
gender. No significant age difference was found across
men and women, t (269) =0.1496, p = 0.882. Regarding
sociodemographic background, slightly more than half
the number of participants (66.5%) reported being
employed, and most reported having completed at
least secondary education (97%). Racially, most of the
participants identified themselves as “white” (69.2%),
and slightly less than half the number of participants
(42.4%) indicated that they were involved in romantic
relationships. Based on the gold standard of clinical diag-
nosis, Luo et al. (2021) have proposed a score of 24 (out of
a total scale score of 30) to distinguish between those at
risk and not at risk for SMA. Based on this cut-off, the
frequencies for those at risk for the total sample at time 3
was 9 or 3.3%.

Preliminary analyses

Initially, the mean and standard deviation scores for the
six items of BSMAS were computed. These are displayed
in Supplementary Table S3. Following this, the fit of the
one-factor BSMAS model was examined at the three-
time points. Table 2 displays the results of these ana-
lyses. As shown, based on Hu and Bentler's (1998)
recommendations, and their two-index approach for

Table 1. Frequencies and descriptive statistics of the sample.

Variables

Frequencies

Means (SD)

Number of participants
Age (Time 1), years

276
31.86 (9.94); Range 18-62

Sex
Female (27.2%) 32.12 (10.84)
Male 196 (71%); 31.92 (9.66); t (269) = 0.149, p = 0.882
Other (1.8%)
Employed 183 (66.5%)
Race
White 191 (69.2%)
Black/African American 9 (6.9%)
Asian 1 (18.5%)
Hispanic/Latino 1(4.0)
Others (Aboriginal, Pacific Islander, Mixed) 4 (1.5%)
Highest educational level
Primary 3(1.1%)
Secondary 71 (25.7%)
Technical 30 (10.9%)
Some University 130 (59.1%)
Others 5(1.8%)
Relationship
Is involved 117 (42.4%)
Video game

Video game usage

Years playing preferred game
Hours on video games -weekdays
Hours on video games -weekends

276 (100.0%)

21.26 (9.026); Max/Min = 0/43
8.27 (9.342); Max/Min = 0/75
6.34 (94.96); Max/Min = 0/32

SD = Standard Deviation; Max/Min = Maximum/Minimum.
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Table 2. Fit values for the BSMAS 1-factor CFA model at time 1, time 2 and time 3.

Model at xdh CFI T RMSEA (90% Cl) SRMR
Time 1 23.952(9)** .960 934 .078 (.041-.116) .036
Time 2 37.510(9)*** 931 .885 .107 (.073-.144) .047
Time 3 29.307(9)*** .958 930 .090 (.055-.128) .033

Cl = confidence interval; RMSEA = root mean square error of approximation; CFl = comparative fit index; TLI

Tucker-Lewis Index; SRMR = standardized root mean square residual.

*x%p < 001; **p < .01.

evaluating model ft (Hu & Bentler, 1999), at time 1, time
2, and time 3, the SRMR values. Overall, therefore, the
findings were interpreted as indicating good fit for the
one-factor model at all three time points.
Notwithstanding this, the findings can be interpreted
as indicating sufficient fit for the one-factor BSMAS
model at all three-time points. Supplementary Table S4
shows the factor loadings, intercepts, and error var-
iances for the BSMAS one-factor CFA model at time 1,
time 2, and time 3.

Longitudinal measurement invariance for the
BSMAS 1-factor CFA model across time 1, time 2
and time 3 based on the Ay®

Table 3 summarizes the results for testing longitudinal
measurement invariance for the BSMAS one-factor CFA
model. As shown, for the configural invariance model
(M1), the CFI and TLI indicate an acceptable fit, and the
RSMEA indicated a good fit. Thus, there was support for
the configural invariance model. The table also shows
that for both differences in chi-square (Ax?) and approx-
imate fit indices (ACFI and ARMSEA) there no difference
between the full metric invariance model (M2) and the
configural invariance model (M1), the full scalar invar-
iance model (M3) and the full metric invariance model

(M2), the full scalar invariance model (M3) and the full
error variances invariance model (M4). Thus, there was
support for full metric, scalar, and error variance invar-
iance models, respectively, i.e., full longitudinal mea-
surement invariance.

Post hoc analysis of temporal stability of the
BSMAS latent factor

Table 4 presents the intercorrelations among the latent
factors of the BSMAS at three time points, alongside the
results of a one-way repeated measures ANOVA examin-
ing differences in total observed scores across these time
points. The table illustrates significant correlations indicat-
ing strong temporal stability and reports the ANOVA
findings that suggest no significant difference in total
mean scores over time, F (2, 274) = 2.775, p = .064. Also,
a 1-way repeated ANOVA showed no difference in the
latent mean scores [mean (standard error) for time 1=
20.786 (.314); time 2 = 10.076 (.386); time 3 = 20.38 (.309)]
across the three time points, F (2, 274) =2.775, p = .064.
Table 4 also includes the intraclass corrections
between the different time points (Shrout & Fleiss,
1979). As they were all large effect sizes (Cohen, 1988),
temporal stability can be assumed. Additionally,
Supplementary Figure S3 shows the relevant Bland-

Table 3. Results of the test for longitudinal measurement invariance for the BMAS 1-factor CFA model across time 1, time 2 and

time 3 based on the A%

Model fit values

Differences in fit

variance free

Models
# Model (M) ¥ (df) CFl TU RMSEA (90%Cl) compared daf  x CFl  RMSEA
1 Configural 239.492 (114) 936 915  .063 (.052-.074)
2 Metric — M1 with all loadings free 241.371 (124) 941 927  .059 (.047-.070) M2 - M1 10 4447 .005 -.004
3 Scalar invariance — M2 with all thresholds free 259.014 (136) 938 930 .057 (.047-.068) M3 - M2 12 15419 —-.003 -.002
4 Error variance invariance — M3 with all error 274.970 (144) 934 930 .057 (.047-.068) M4 - M3 8 15.723 -.004 .000

Cl = confidence interval; RMSEA = root mean square error of approximation; CFl = comparative fit index; TLI = Tucker-Lewis Index. All MLRy? values were

significant (p <.001).

Table 4. Temporal stability of the BSMAS latent factor.

Measurement Point Correlation with Time 1 Correlation with Time 2 Mean (SE) ANOVA Results
Time 1 - .527% (.49) 20.786 (.314) F(2, 274) = 2.775, p = .064
Time 2 10.076 (.386)

Time 3 .657*% (.61) A418% (.39) 20.38 (.309)

*p <.001, indicating significant correlations.

Correlations are reported to illustrate the temporal stability of the latent factor across three measurement points. The ANOVA results are provided to show
the comparison of total mean scores over time, indicating no significant difference. The values in parathesis are the intraclass correlations.



Altman plots. The Bland-Altman plot, is a graph compar-
ing two measurements techniques (Bland & Altman, 1986,
1999), or as in our case the same measurement at two
time points. The differences between the two techniques/
time points are plotted against the averages of the two
techniques. Horizontal lines are drawn at the mean differ-
ence, and at the limits of agreement, which are defined as
the mean difference plus and minus 1.96 times the stan-
dard deviation of the difference. If these limits do not
exceed the maximum allowed difference between meth-
ods A, the two methods are considered to be in agree-
ment and may be used interchangeably. As seen in the
plots, this is generally the case for differences at time 1
and time 2, time 1 and time 3, and time 2 and time 3,
stability in the scores at all three time points can be
assumed.

Discussion
Summary of study findings

The findings of the present study contribute novel
insights into the longitudinal measurement invariance
of the BSMAS items among adults, examining data across
three distinct time points over a two-year period. Given
the significant prevalence of SMA, estimated to affect
13% to 25% of individuals globally (Cheng et al., 2021),
and its detrimental effects on well-being, including heigh-
tened anxiety, depression, and reduced self-esteem (Al-
Samarraie et al,, 2021; Huang, 2022), validating reliable
measures of SMA is of paramount importance. This vali-
dation process ensures that assessments of SMA accu-
rately reflect consistent characteristics of addiction over
time, facilitating better understanding, monitoring, and
intervention strategies for individuals affected by exces-
sive social media use. The findings showed that there was
support for configural invariance (same factor structure
pattern), full metric (same factor loadings), full scalar
(same response level), and full unique factor (same unique
variances) invariance. Overall, these findings show strong
support for longitudinal measurement invariance in
adults for the BSMAS items across three time points
spanning two years. Although unrelated to invariance,
we also found support for strong temporal stability for
the latent factors across the three time points, including
equivalency for latent mean scores across the three time
points.

Meaning of our invariance findings

In the context of the current study, the support for con-
figural invariance indicates that the same overall factor
structure (one factor in the current study) holds across the
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three time points. The support for metric invariance indi-
cates that the strength of the associations of the items
with the BSMAS latent factors are the same for like items
at all three time points. Scalar invariance indicates that
individuals will endorse the same level of observed scores
for the same latent trait scores at different time points.
The support for error variance invariance indicates that
the reliabilities of the BSMAS items are the same for like
items at all three time points. Studies assessing the test-
retest reliability of the BSMAS have reported moderate to
strong reliability over short intervals (Banyai et al., 2017;
Lin et al.,, 2017; Monacis et al.,, 2017; Shin, 2022 ; Zarate
et al, 2023). Our findings indicate that the BSMAS also
maintains its reliability over longer periods, extending up
to two years. To date, Chen et al. (2020) is the only study
that has examined measurement invariance, and their
findings corroborate ours, indicating that the BSMAS
demonstrates configural, scalar, and error variance invar-
iance. Although that study also supported measurement
invariance, it was limited as this was demonstrated for
two time points over a three-month interval. Therefore,
our findings can be considered new and novel in this area.

Two other findings not directly related to our primary
goal of evaluating measurement invariance are worthy of
note. Firstly, we found support for strong temporal stabi-
lity for the latent factors across the three time points. This
suggests that SMA has stronger stability over longer inter-
vals than previously reported (Andreassen et al,, 2012;
Chen et al., 2020; Shin, 2022). Secondly, prior to the
measurement invariance analyses, we examined the fit
for the one-factor BSMAS model at time points 1, 2, and 3.
Overall, consistent with previous studies, we interpreted
our findings as showing at least adequate fit for the one-
factor model (e.g., Banyai et al.,, 2017; Chen et al., 2020; Lin
et al, 2017; Monacis et al,, 2017; Shin, 2022; Zarate et al,,
2023).

Clinical and practical implications

The strong support for longitudinal measurement in
adults for the BSMAS items across three time points
spanning two years suggests that the BSMAS scores are
not confounded by biases related to scaling and measure-
ment issues and can therefore be justifiably compared
over this interval. Thus, the BSMAS items can be used to
monitor the developmental changes of SMA symptoms
and accurately monitor clinical treatment effects over
a reasonable length of time. However, this recommenda-
tion must be viewed with caveats in mind.

Strictly speaking, our findings apply to the SMA
symptoms included in the BSMAS and not to SMA
symptoms in general. However, there are reasons to
suspect that such a possibility cannot be ruled out.
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Specifically, as the content of the items in the BSMAS is
based on the components model of addiction
(Griffiths, 2005) that is thought to capture core addic-
tion symptoms (salience/preoccupation, mood modifi-
cation, tolerance, withdrawal symptoms, conflict, and
relapse), the study’s findings could be relevant to other
measures of SMA and possibly SMA in general.

Limitations

Although the current study has delivered original and
valuable information regarding longitudinal measure-
ment invariance about the BSMAS symptom ratings
across two years, the findings and interpretations
must be considered with several limitations in mind.
First, SMA ratings are influenced by other factors, such
as age and gender (Andreassen et al.,, 2012). Not con-
trolling for these variables in the present study may
have confounded findings. Second, as all participants
in this study were from the general community and
not selected randomly, our findings may be further
confounded and limited in terms of generalization,
including their application to those with the potential
for clinical levels of SMA. Third, all data used were
collected using a self-rating questionnaire (i.e., the
BSMAS). Again, it is possible that the ratings were
influenced by this method and as such our results
may be subject to confounding by common method
variance. Fourth, our findings have been obtained from
a single study, and therefore replication is essential.
Fifth, the use of convenience sampling, while strategic
for targeting users of social media to assess symptoms
via the BSMAS, introduces inherent limitations to the
generalizability of our findings. This method may not
capture a fully representative cross-section of the
broader population, possibly affecting the accuracy of
symptom prevalence rates. Future research should
consider employing more diverse sampling techniques
to mitigate potential biases and enhance the represen-
tativeness of study findings. Finally, while we establish
sufficient power for the study, it may still be possible
that the findings would have been different if the
sample had been larger. Given these limitations, future
research is needed in this field, controlling for the
limitations noted above.

Conclusions

In conclusion, the present study has established the
stability of the BSMAS scores across a two-year
period, effectively showing that it is not influenced
by scaling or measurement inconsistencies. This
underscores the BSMAS’s utility in monitoring SMA

symptoms and evaluating the effectiveness of inter-
ventions over time. Highlighting its novelty, this
research is pioneering in investigating the scale’s
longitudinal measurement invariance for self-
reported SMA symptoms over such an extended
timeframe. It offers potential substantial contribu-
tions to both theoretical and practical realms in
SMA, advising clinicians and researchers to leverage
these insights for longitudinal studies on SMA
symptoms.
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