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Do social motivations predict addiction to social media in young people?
The role of flow and algorithm awareness
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Titulo: ¢Las motivaciones sociales predicen la adiccion a las redes sociales
en los jovenes? El papel del flujo y la conciencia algoritmica.

Resumen: El uso adictivo de las redes sociales se ha convertido en un fe-
némeno cada vez maés relevante entre los jovenes, afectando tanto a su bie-
nestar psicolégico como a su comportamiento online. El objetivo principal
de este estudio es investigar las asociaciones entre el uso adictivo de las re-
des sociales, las motivaciones de uso, el flujo y el conocimiento de los algo-
ritmos. Nuestra hiptesis es que la experiencia de flujo y la conciencia del
algoritmo son dos mediadores a través de los cuales motivaciones sociales
relevantes influyen en el desarrollo de una adiccién a las redes sociales. Se
utilizan cuestionarios validados para medir las variables del estudio, inclui-
do el BSMAS para evaluar la adiccién a las redes sociales. El modelado de
ecuaciones estructurales (SEM) con pruebas Bootstrap se utiliza para anali-
zar los datos recopilados de una muestra de 580 usuarios mas jovenes de
entre 18 y 22 afios en China (M = 20.61, §D = 1.32), con un 47.7% de mu-
jeres y un 52.2% de hombres, todos estudiantes de pregrado, con el fin de
probar las hipétesis de investigacion. Los resultados revelan que diferentes
mecanismos de adiccién implican diferentes asociaciones con motivaciones
socialmente relevantes. Avanza en el campo de la adiccion a las redes socia-
les al mostrar que la adiccién también estd relacionada con la conciencia de
algoritmos, a través del cual se identifica un nuevo mecanismo alternativo
de adiccién.

Palabras clave: Adiccion. Conciencia de algoritmos. Fluir. Modelo de
ecuaciones estructurales. Motivacién social. Usuario de redes.

Abstract: Addictive use of social media has become an increasingly rele-
vant phenomenon among young people, affecting both their psychological
well-being and their online behavior. The principal objective of this study
is to investigate the associations between addictive use of social media, us-
age motivations, flow, and algorithm awareness. Our hypothesis is that the
flow experience and the algorithm awareness are two mediators through
which relevant social motivations influence the development of an addic-
tion to social media. Validated questionnaires are used to measure the
study variables, including the BSMAS to assess social media addiction.
Structural equation modeling (SEM) with Bootstrap tests is used for ana-
lyzing data that is collected from a sample of 580 younger users aged 18 to
22 in China (M = 20.61, D = 1.32), with 47.7% women and 52.2% men,
all undergraduate students, in order to test the research hypotheses. The
results reveal that different addiction mechanisms implicate different asso-
ciations with socially relevant motivations. It advances the field of addic-
tion to social media by showing that addiction is also related to algorithm
awareness, through which a new alternative mechanism of addiction is
identified.

Keywords: Addiction. Algorithm awareness. Flow. Model of structural
equations. Social Motivation. Networks user.

Introduction

The rise of social media has profoundly transformed how we
interact and consume content, becoming a global social phe-
nomenon. However, as with other popular activities, con-
cerns have also emerged regarding potential addiction to
these platforms, particularly among adolescents and young
adults. These users are especially vulnerable to developing an
addiction due to their tendency to constantly check notifica-
tions, consume content, and create new videos (Carbonell et
al,, 2012; Longobardi et al., 2020; Yang et al., 2022).

Moreover, the personalization algorithms on these plat-
forms often filter and prioritize content that is appealing to
users, typically aligning with their existing preferences and
perspectives. This can restrict the diversity of information
users are exposed to, potentially contributing to an addictive
cycle (Cho et al., 2020). Over time, excessive social media
use can result in negative consequences such as decreased
concentration, reduced productivity, and increased mental
health issues, including depression and anxiety (Bérail et al.,
2019; Wu, 2022).
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To counter these risks, experts suggest simple measures
like moderating usage, taking breaks, and limiting notifica-
tions—strategies that can effectively prevent addiction
(Echeburua, 2010; Vanman et al., 2018). While social media
can indeed be a source of creativity and entertainment (Ab-
delfattah et al., 2022), responsible use is essential to mitigate
its potential addictive effects. Understanding the mecha-
nisms that drive excessive use will allow for a better com-
prehension of its effects and enable the development of
more targeted interventions to mitigate the addictive impact
of these platforms.

UGT and social motivations

The gratifications of needs comprise of social interaction
with other people to gain a meaningful and important expe-
rience, positive experiences of emotions, self-confidence, so-
cial integration, and awareness and perception of different
issues, cultures, and developments (Katz et al., 1973). Previ-
ous studies applying uses and gratifications theory (UGT) to
social media platforms indicate that the gratifications people
seck differ based on the specific platform and its usage
(Kircaburun et al., 2020). Thus, UGT has been successfully
applied to vatious social media platforms including Face-
book (Dhir et al.,, 2015; Raza, et al., 2022; Seidman, 2013),
YouTube (Sokolova and Perez, 2021; Khan, 2017), TikTok
(Fiallos-Ordofiez et al.,, 2021; Wang et al., 2023), Instagram
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(Huang and Chang, 2020; Menon, 2022) and Snapchat (Phua
et al.,, 2017; Meshia et al., 2020).

At first, the theory concentrated on five primary gratifi-
cations experienced from the use of media, from infor-
mation and entertainment to social interaction, personal
identity and escape from daily life (Croes and Bartels, 2021).
For instance, users often engage in passive activities like
watching and liking or disliking videos on YouTube primari-
ly for relaxation and entertainment, whereas commenting
and uploading videos atre driven by the desire for social in-
teraction (Khan, 2017).

Socially relevant motivations such as information and so-
cial interaction are mainly related to interacting and connect-
ing with friends or social media influencer (You & Hon,
2022) and maintaining social ties (Alhabash and Ma, 2017).
Social media are used to seek and share relevant notices and
information about others and society and help maintain in-
terpersonal relationships or parasocial relationships (Cohen
and Holbert, 2021; Muntinga et al., 2011), thus helping them
to satisfy their need to belong. Moreover, the social media
use can help users communicate and interact with others in
order to maintain social relationships. A distinction can be
made between social attention, focused social interaction,
routine impersonal interaction, and unfocused interaction
(Hall, 2018).

Social media addiction

Studies report that younger individuals tend to score
higher on social media addiction scales compared to older
individuals (Kuss et al., 2014). In addition, it is suggested
that individuals who are not in relationships are more prone
to developing addictive social media usage (Kuss et al.,
2014). During the covid-19 epidemic, many adolescent users
in confinement perceived greater addiction when using the
internet and social media platforms (Fernandes et al., 2020).

According to the specific criteria for distinguishing be-
tween the addictive and the non-addictive use (Griffiths,
2005), the addictive use of social media should be manifested
by the preoccupation with social media, the use of social
media to reduce negative feelings, the steady increase in so-
cial media use to obtain the same pleasure from them, the
bearing of distress when not allowed to use social media, the
sactifice of other obligations and/or loss of other important
life areas due to the social media use, and the fail to control
the social media use. On the other hand, it could be differen-
tiated between excessive but healthy usage and maladaptive
behaviors, and it is pointed out that the increased time that is
spent online do not indicate maladaptive social media use
(Griffiths et al., 2014) and the frequent and excessive social
media use in an unproblematic way clearly wouldn’t create
an addiction (Stanculescu et al., 2022). The literature on so-
cial media addiction has also noted the presence of comor-
bidities, such as depression (Cheng et al., 2022; McCrae et
al,, 2017), anxiety (Cheng, et al, 2023; Wei et al., 2024) and
stress (Ardevol-Abreu et al., 2022; Marino et al., 2017).

Flow

Flow experience or flow can be defined as a mental state
of full involvement in something, forgetfulness of time, con-
stant exhaustion and everything outside of the activity itself
(Csikszentmilhayi, 2014). By experiencing the flow, a loss of
anxiety and a distorted perception of time are realized. The
flow state is inherently pleasurable and involves a reduction
or loss of self-awareness (Hoffman and Novak, 2009). In
this state, time can appear to remain immobile while one that
is immersed in a consumption event has the intrinsic motiva-
tion for repeating an activity continuously (Csikszentmihalyi,
1997).

The dimensions directly related to social media are inves-
tigated. For example, the Facebook flow consists of five
constructs: focused attention, which refers to the high atten-
tion and focuses on the use of Facebook; enjoyment, which
refers to the enjoyment and pleasure/fun that are generated
by the use of Facebook; curiosity that refers to the desite to
discover the news and notices on Facebook; telepresence
that refers to the sensation of immersing yourself in a world
created by Facebook; distortion of time that refers to the
loss of the sense of time while using Facebook (Brailovskaia
et al,, 2018).

The flow has played a crucial role in understanding
online behavior and explaining the stimulating online experi-
ences nature (Peleta et al.,, 2017). Gratifications associated
with interaction with other users or with platform content
have been confirmed to influence the online flow experience
(Huang et al., 2014). Therefore, the following hypotheses are
proposed:

H1. Information positively influences flow experience.

H2. Social interaction positively influences flow experi-
ence.

Furthermore, previous studies hypothesized that the flow
may function as a precursor to internet and social media ad-
dictive behaviors (Anderson et al., 2016; Brailovskaia et al.,
2022). Thus, it is assumed that young people who experience
more online flow have a higher risk of internet addiction
(Stavropoulos et al., 2013; Wang et al., 2020). As a result, the
following hypothesis is proposed:

H3. Flow experience positively influences social media
addiction.

Algorithm recommendation and algorithm aware-
ness

Artificial intelligence is used with the automatic algo-
rithm to personalize what the user consumes through the
search and its recommendations and show the user the con-
tent that may be of interest, creating addiction in the process
of using the software. Algorithms tailor its service at an indi-
vidual level on the basis of the demographics, the online be-
haviors and preferences, the activities of friends and social
connections, and a host of factors that are not known (Ras-
sameeroj and Wu, 2019). In this context, the users interact
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with these personalized platforms, and feed the system with
more data from which the personalization can be further
improved (Cho et al., 2020; Lim et al., 2022). In this context,
algorithm awareness, defined as the acknowledgment of al-
gorithms' presence and functioning in online content (Swart,
2021), is essential. Greater access to information about how
these algorithms work can help users better understand their
impact. Consequently, the following hypotheses are formu-
lated:

H4. Information positively influences algorithm aware-
ness.

H5. Social interaction positively influences algorithm
awareness.

Several researchers in the field of journalism and com-
munication are worried about the negative impacts of algo-
rithmic mediation, where users interact trapped in filter bub-
bles (Rodriguez, 2017), and the decline of cognitive democ-
racy as a result of automatic content personalization, espe-
cially with prior censorship and illicit trafficking of personal
information (Bajafia, 2021). In particular, young people, who
still lack knowledge of digital technologies, tend to access
precatious and limited varieties of information (Quelhas-
Brito, 2012).

Algorithm awareness, which arises from experience, has
been linked to frequency of use and exposure, active or pas-
sive use, adjustment of settings, and deductive and inductive
reasoning (Eslami et al., 2015). It has been noted that young
users still do not understand or ignore the logic behind the
functioning of algorithms on social networks, increasing the
risk of overexposure and addiction or dependence on social
media applications (G6émez et al., 2021). In this regard,
Wang and Guo (2023) have demonstrated that greater algo-
rithm awareness can enable users to identify how algorithms
influence their behavior, promoting greater control over
their time and use of social networks. Thus, the following
hypothesis is suggested:

H6. Algorithm awareness negatively influences social
media addiction.

Finally, algorithm awareness may also influence the flow
experience on social media, reducing its intensity. When us-
ers understand how algorithms select content to maximize
their time on the platform, this knowledge can disrupt the
sense of total immersion or loss of time that social networks
aim to induce (Bucher, 2016). Based on this, the following
hypothesis is established:

H7. Algorithm awareness negatively influences flow ex-
perience.

Indirect Effects

When users receive personalized information based on
their interests, it promotes a flow state which, by satisfying
their need for immersion, can increase the risk of developing
addictive behavior (Brailovskaia et al., 2022). In this sense,
information acts as a precursor that, by facilitating the flow
experience, indirectly influences addiction. Similarly, social
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interaction on digital platforms reinforces this flow state by
fulfilling the need for connection and belonging (Huang et
al., 2014), which can also lead to addictive behaviors, medi-
ated by this immersion. Furthermore, previous research indi-
cates that motivation as escapism indirectly but positively af-
fects TikTok addiction by enhancing the flow experience
(Miranda et al., 2023). Consequently, the following hypothe-
ses are put forward:

H8. Information positively influences addiction indirectly
through flow experience.

H9. Social interaction positively influences addiction in-
directly through flow experience.

Algorithm awareness may also play a crucial role in the
relationship between social media use and addiction. A re-
cent empirical study demonstrates that the fear of missing
out on important information exerts an indirect effect on
compulsive social media use through algorithm awareness,
which acts as a mediator that reduces this influence (Wang &
Shang, 2024). In this sense, the perception that algorithms
control the information they see increases this awareness,
reducing the likelihood of addictive behaviors. Similarly, so-
cial interaction may also influence awateness of the role of
algorithms, promoting more conscious and controlled use,
which reduces the tendency toward addiction. In this regard,
the subsequent hypotheses are suggested:

H10. Information negatively influences addiction indi-
rectly via algorithm awareness.

H11. Social interaction negatively influences addiction
indirectly via algorithm awareness.

Based on the proposed hypotheses, the conceptual mod-
el for the research is presented (Figure 1).

Figure 1
Conceptual model

Addiction

Methods

Participants

Participants were recruited in Novembre of 2023
through a professional Chinese online research firm
(https:/ /www.sojump.com). It features a substantial panel
sample of over 260 million participants in China. Quota
sampling on the basis of age and education was used to al-
low the sample to represent young people aged 18 to 22 (M
= 20.61, SD = 1.32) who were studying for a bachelot's de-
gree. Finally, 580 responses were collected with 47.7% fe-
male and 52.2% male, closely resembling the Chinese demo-
graphic distribution.
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Measures

Regarding the instrument used, the motivation scales
employed in the current study were based on previous re-
search on the motives for using Instagram (Sheldon and
Bryant, 2016) and those adapted from TikTok (Omar and
Dequan, 2020). These scales were rated on a 5-point Likert
scale, from 'very unlikely' (scored as 1) to 'very likely' (scored
as 5), in order to understand user engagement and consump-
tion. The scales were developed from a series of questions
that demonstrated good reliability, with all Cronbach's alphas
exceeding 0.7.

To assess the severity of social media addiction, we uti-
lized the Bergen Social Media Addiction Scale (BSMAS; An-
dreassen et al., 2017). It consisted of six items based on the
main characteristics of addictive social media use and was
rated on a 5-point Likert scale (1 = very rarely, 5 = very of-
ten). In the present study, a Cronbach's alpha of 0.85 was
calculated, which evidenced good internal consistency for
the BSMAS with our sample.

We measured the flow experience of social media using
the Brailovskaia et al. (2018) flow questionnaire. This in-
strument consisted of eleven items (e.g., "While using social
media, the world generated by the sites I visit is more real for
me than the real world") that were rated on a 5-point Likert
scale (1 = strongly disagtree, 5 = strongly agree).

The Algorithmic Media Content Awareness (AMCA)
scale that was developed by Zarouali et al. (2021) was adopt-
ed, to measure the awareness of algorithm that works in the
content selection and presentation on social media. The
AMCA scale has been used for assessing successfully the al-
gorithm awareness of three online platforms such as Netflix,
YouTube and Facebook. The scale consisted of 13 items
that specifically measure the level of awareness of the users
about the use of algorithms with four factors such as content
filtering, automated decision making, human-algorithm in-
teraction, and ethical considerations. Each of the factors in-
cluded items that indicated the role that algorithms played in
media content presentation (for example, algorithms are
used to prioritize certain media content above others). The
possible responses ranged from 1 (not at all aware) to 5
(completely aware).

Data analysis

IBM SPSS 26.0 and AMOS 26.0 were used for the statis-
tical analysis. Initially, descriptive analyses were conducted
using SPSS to obtain descriptive statistics of the participant
sample. Among these, the BSMAS scale was specifically used
to assess the severity of social media addiction, due to its rel-
evance to the study's objectives. The descriptive results are
presented alongside the correlation analysis to facilitate the
joint interpretation of the relationships between the varia-
bles.

Structural Equation Modeling (SEM) was carried out
with a two-step method (Anderson and Gerbing, 1988). In

the first stage, a Confirmatory Factor Analysis (CFA) was
conducted to assess the reliability and validity of the con-
structs, highlighting social motivations due to their funda-
mental role as drivers of behavior on social networks. Sub-
sequently, the Pearson correlation coefficient was used to
examine associations between the variables. Once the meas-
urement model was confirmed, the structural model was
used to test the study’s hypotheses, evaluating the causal re-
lationships between the latent variables and both direct and
indirect effects.

For the latter, the Bootstrap method was applied with
2,000 samples and a 95% bias-corrected confidence interval.
An indirect effect is considered significant at the 0.05 level if
the 95% confidence interval does not contain 0; if it includes
0, the indirect effect is not statistically significant at this level
(Byrne, 2013).

Results
Measurement model

An exploratory factor analysis (EFA) was conducted in
SPSS 26.0. Table 1 shows that there were no concerns about
the validity and reliability for the measures of the social mo-
tivations. First, all the items measured had satisfactory load-
ings (> .70) and AVE (> .50), which indicated good conver-
gent validity. Second, the Cronbach's Alpha and CR of each
variable (> .70) revealed that all measurement items were in-
ternally reliable.

Table 1
AFE results on the social motivations

Motivations and items Loading o
Motivation 1: Information 0.87
To get information about things that interest you. .76
To keep up with news and current events. 77
To provide others with information. .85

To share information about your life and interests .79
with other people.

Motivation 2: Social interaction
To interact with several people. 77
To build and maintain good relationships with others. .80
To connect with people who share some of your val- .73
ues.

0.84

Table 2 provides the Pearson's correlations, as well as the
means and standard deviations of the main variables. In gen-
eral, information (M = 4.17; §D = .67) and social interaction
M = 3.97; SD = .72) were the important social motivations
among young people. Flow (M = 3.70; §D = .55) was high
while algorithm awareness (M = 3.41; D = .48) and social
media addiction (M = 3.48; D = .67) were relatively high.
Furthermore, both social motivations were positively corre-
lated with flow, algorithm awareness, and social media addic-
tion. Moreover, there was a relationship between algorithm
awareness and addiction and a relationship between flow and
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addiction, but there was no relationship between flow and
algorithm awareness, so the hypothesis 7 was thus rejected.

Table 2

Descriptive statistics and correlation analysis (n = 580)

Variables M SD1 2 3 4 5 6 7
1. Sex - - -

2. Age 20.61 1.32..00 -

3. Information 417  .67.06 .03 -

4. Social interaction 397 .72-12.04 .60* -

5. Flow 370  .55-.10-.03.50* .58* -

48.00 -.05.48*.38* .15 -
.67 -.04-.03 .32% .34* .67* .18* -

6. Algorithm awareness 3.41
7. Social media addiction ~ 3.48
Note: *p < .05

Among them, the BSMAS was used to assess the severity
of the social media use addiction. Table 3 accurately indi-
cates the analyzed data that represented the mean and stand-
ard deviation. The following items "Feel an urge to use social
media more and more " (M = 3.60; D = 0.76) and "Spend a
lot of time thinking about social media or plan use of social
media" (M = 3.55; SD = 0.92) received higher scores
(means).

Table 3

Social media addiction

M SD
1. Spend a lot of time thinking about social media or 3.55 .92
plan use of social media.

2. Feel an urge to use social media more and more. 3.60 .76
3. Use social media in order to forget about personal 3.30 .97
problems.

4. Try to cut down on the use of social media without 3.49 .89
success.

5. Become restless or troubled if you have been pro- 3.40 .98
hibited from using social media.

6. Use social media so much that it has had a negative 3.51 .97
impact on your job/studies.

Analysis of the mediation model

SEM analysis with SPSS AMOS 26 was conducted to an-
alyze the hypothesized mediation effects (see Fig. 2). The in-
significant relationship between algorithm awareness and
flow variables in the path model was then removed in order
to obtain a simpler model. The fit of the path model was as-
sessed: y2 (202) = 248.64, p < .001, y?/df = 1.23, GFI
(goodness-of-fit index) = .97, CFI (comparative fit index) =
.97, RMSEA (root mean square error of approximation)
=.02, TLI (Tucker-Lewis index) = .96. These indices re-
vealed that the path model had a good fit for the data.

Bias-corrected Bootstrap method of 95% confidence in-
terval (CI) with 2000 resamples was used to examine the
mediating effects (Table 4). If the 95% CI do not include ze-
ro, then the effect is considered significant. The results
showed that the direct effects of information on flow (effect
= .33, 95% CI = [ .02,.60]) and on algorithm awareness (ef-
fect = .56, 95% CI = [.18, .95]) were both significant, while
its indirect effect on addiction via flow was also significant

anales de psicologia/ annals of psychology, 2025, vol. 41, n° 1 (january)

(effect =.28, 95% CI = [ .03, .70]) and its indirect effect on
addiction via algorithm awareness was negatively significant
(effect = - .13, 95% CI = [- .36, - .01]). The hypotheses 1, 4,
8 and 10 were thus accepted. On the other hand, the direct
effect of social interaction on flow (effect = .45, 95% CI = |
.07, .72]) was significant and that on algorithm awareness (ef-
fect = .07, 95% CI = [- .31, .38]) was not significant, while
its indirect effect on addiction via flow was significant (effect
= .39, 95% CI = [.12, .65]) and its indirect effect on addic-
tion via algorithm awareness was not significant (effect = -
.02, 95% CI = [- .13, .00]). Therefore, the hypotheses 2 and 9
were thus accepted, but the hypotheses 5 and 11 were reject-
ed. In addition, the direct effect of flow on addiction (ef-
fect= .86, 95% CI = [ .65, .92]) was significant and high,
while the direct effect of algorithm awareness on addiction
(effect= - .22, 95% CI % = [- .43, - .04]) was significant and
negative. Thus, the hypotheses 3 and 6 were accepted.

Figure 2
Structural equation model

0.33##=

M1

Addiction

M2 Algorithm

Notes: #** p < .001.

Table 4

Bia-corrected bootstrap test in mediating effect with a 95% confidence interval

Model pathways Effect Lower Upper

Direct path
M1 > Flow 328 .021 662
M1 >  Algorithm .562 178 946
M2 > Flow 448 074 718
M2 - Algorithm .068 -.306 376
Flow - Addiction .861 .652 917
Algorithm - Addiction -224  -430 -.042
Indirect path
M1 - Flow - Addiction .282 .029 .696
M2 - Flow - Addiction 385 115 .645
M1 - Algorithm -  Addiction -126 -363 -.005
M2 - Algorithm -  Addiction -015 -.128 .055
Total
M1 - Addiction 157 .036 447
M2 - Addiction 370 110 623

Discussion and Conclusions

From a theoretical perspective, this is the first study to eval-
uate both flow and algorithm awareness as mediating mech-
anisms underlying socially relevant motivating factors and
the addiction to social media among young people. The sur-
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vey results confirmed that algorithm awareness worked as an
important mediator in the relationships between the specific
motivations and the addiction. It also supported previous
studies that had shown that the flow was a predictor of ad-
diction to social networks (Brailovskaia et al., 2020; Khang et
al,, 2013).

As expected, we found significant and positive relation-
ships between socially relevant motivations and the flow ex-
perience (H1, H2), which is consistent with previous studies
(Huang et al., 2014; Miranda et al., 2023). Specifically, rele-
vant information facilitates users' ability to focus and enjoy
their activity on social media, while social interaction con-
tributes to the sense of connection and engagement, further
reinforcing the flow experience. These factors, working to-
gether, allow users to immerse themselves more deeply in
the use of platforms, staying engaged and absorbed.

On the other hand, we confirmed that the flow experi-
ence is an important predictor of social media addiction
(H3). Our results confirm that when users are immersed in
this state of high concentration and enjoyment, they are
more likely to develop addictive behaviors towards social
media. This finding aligns with previous studies that high-
light the close relationship between flow and addiction in
digital contexts (Huang et al., 2014).

Additionally, we found that information has a positive
and direct effect on algorithm awareness (H4). This suggests
that users who receive and process more information on so-
cial media are more aware of how algorithms influence con-
tent visibility and selection. This finding supports the idea
that exposure to information on these platforms increases
users’ ability to perceive the underlying algorithmic dynam-
ics.

We found that social interaction had no direct effect on
algorithm awareness (H5). Although previous research has
indicated that interaction is a plausible variable related to
content filtering and decision-making (Zarouali et al., 2021),
this type of interaction should focus more on users’own be-
haviors on social media and human-machine interaction.
Thus, no significant impact was found in our study.

This research found evidence that algorithm awareness
plays an important role in reducing social media addiction
(HG). Although the negative effect of algorithm awareness
on addiction was moderate, our findings suggest that in-
creasing knowledge about how algorithms function has the
potential to significantly reduce addictive behaviors. Under-
standing how platforms use algorithms to select and prioti-
tize content can empower users, helping them make more
conscious and controlled decisions regarding their social
media consumption.

Contrary to our expectations, we did not find a signifi-
cant relationship between flow experience and algorithm
awareness (H7). One possible explanation is that flow de-
pends on total concentration on the task, with key factors
such as challenge, clear objectives, and immediate feedback.
Knowledge of the algorithms becomes secondary and does
not interfere with the immersive experience.

Flow and algorithm awareness played the positive and
negative mediating effects respectively between information
and addiction to social media (H8, H10), and only flow
played a positive mediating effect between social interaction
and addiction to social media (H9). The hypothesis that so-
cial interaction indirectly but negatively influences addiction
through algorithm awareness (H11) was rejected, although
previous studies indicated that the interaction with algo-
rithms on the basis of online behaviors analysis, de-
mographics, and geographic data is becoming a common
part of the digital media experience, and more social pres-
ence with human agency Al is perceived (Boerman et al.,
2017; Liu, 2020).

This study makes important theoretical contributions by
exploring the mediating role of algorithm awareness in the
relationship between information exposure and social media
addiction. Our findings suggest that algorithm awareness
may play a key role in how users process information and
manage their behavior on digital platforms. By examining
this mechanism, the research expands the understanding of
how knowledge of algorithms can influence the way users in-
teract with content and, ultimately, their tendency to develop
addictive behaviors. Additionally, we have identified that so-
cially relevant motivations, such as information-secking and
social interaction, play a crucial role in the flow experience,
which may deepen users' engagement with platforms.

This study also introduces a new perspective by investi-
gating how the flow experience and algorithm awareness op-
erate independently in the context of social media use. Our
results challenge the common notion that awareness of algo-
rithms directly affects users' immersion in the flow expeti-
ence, suggesting that flow depends more on immersion in
the activity than on conscious reflection about how content
is managed. This opens new lines of inquiry into how other
factors, such as selective attention or cognitive processing
during flow, might influence the dynamics between immer-
sion and awareness in digital environments.

From a practical perspective, our results highlight the
importance of increasing users' knowledge of algorithms as a
potential strategy to reduce social media addiction. Develop-
ing educational tools or more transparent interfaces could
help users better understand the role of algorithms in shap-
ing their experience, promoting more conscious and con-
trolled use of platforms. Future research should focus on
how algorithm awareness vaties across different platforms
and types of users, as well as on identifying more effective
strategies for enhancing algorithm literacy. Additionally, it
would be valuable to examine how other psychological fac-
tors, such as anxiety or user satisfaction, might influence the
relationship between flow and social media addiction.

In summary, the results of this study enrich our under-
standing of the mediating role of algorithm awateness in the
relationship between information exposure and social media
addiction. By revealing how awareness of algorithms influ-
ences addictive behavior, this study emphasizes the im-
portance of integrating this knowledge into the analysis of

anales de psicologia/ annals of psychology, 2025, vol. 41, n° 1 (january)



82 Xin Wang, and Yin Guo

problematic digital platform use. Furthermore, we have
deepened the understanding of the impact of socially rele-
vant motivations, such as information-seeking and social in-
teraction, and how these affect user behavior through the
flow experience. The serial mediation model, which includes
both flow and algorithm awareness, offers a novel perspec-
tive on the psychological mechanisms underlying addiction,
demonstrating that the flow state intensifies engagement
with platforms, while algorithm awareness may help mitigate
this impact.

Some limitations on this study must be recognized. First,
all participants in this study were university students. The
mechanisms that work for high school and younger adoles-
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