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An Exploration of Social Media and Physiological Stress
Recovery: A Preliminary Investigation within a Biopsychosocial

Framework

ABSTRACT

Billions use social media apps (SM), which function to connect people. Despite good
intentions, researchers have expressed concern about potential psychosocial impacts. Indeed,
previously detected links between stress recovery deficits and SM remain contested in the
literature, with substantial gaps in mechanistic knowledge. Many studies observe direct
manipulations of SM use but fail to consider longer-term trends of habitual use. Accordingly,
we sought to employ a design informed by the biopsychosocial challenge and threat, as well
as the multi-channel approach frameworks of SM research, to conduct a comprehensive
exploration of habitual SM’s link to stress recovery. This study investigated whether reward
sensitivity, perceived information overload, daily average screen time, and valence predicted
cardiovascular recovery following an acute social stressor. Participants (N = 24) completed
self-report scales and had screen time data recorded. Subsequently, participants underwent a
Trier Social Stress Test, after which they recovered in isolation. We recorded cardiovascular
data at baseline, stress, and recovery, from which we derived proportional recovery indices.
The present paper suffered from low power. As such, no inferential, confirmatory effects
were detected, except for an association between reward sensitivity and SM valence.
However, when exploring descriptive patterns, several preliminary effects appear to have
emerged. Firstly, reward sensitivity appeared to negatively associate with daily mean screen
time. Similarly, preliminary patterns suggested a negative association between screen time
and certain stress recovery indices, and that both PIO and Reward sensitivity may moderate
associations between valence and stress recovery indices. These preliminary findings suggest
that there may be complex processes underlying social media stress. However, we recognise
that, due to the underpowered and methodologically constrained nature of this study,
definitive conclusions about effects or their lack cannot be definitively drawn. The study
highlights directions for further investigation into the psychosocial and physiological

consequences of SM use.
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ABBREVIATIONS

Al — Artificial Intelligence

ANS — Autonomic Nervous System

BAS — Behavioural Activation Scale
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ICT — Information Communication Technology
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MH — Mental Health
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PIO — Perceived Information Overload

PIOS - Perceived Information Overload Scale
PIU — Problematic Internet Use

PNS — Parasympathetic Nervous System
SAM - Sympathetic-Adreno-Medullary axis
SBDA — Swipe-Based Dating Apps

SBP — Systolic Blood Pressure

SFVC — Short Form Video Content

SM — Social Media

SNS — Social Networking Sites

TPR — Total Peripheral Resistance

TSST - Trier Social Stress Test



1. INTRODUCTION

1.1. Introduction of Social Media

1.1.1. Defining Social Media

Social media (SM) refers to applications, technologies, or software that facilitate the
transfer of information or communication across large groups of people (Kaplan & Haenlein,
2010; Kietzmann et al., 2011). Going beyond simple communication, it is characterised by
group communication, reputation, and identity maintenance (Kietzmann et al., 2011). It also
occupies a wide range of gratifying niches, such as communication, idea sharing, and

entertainment (Whiting & Williams, 2013).

The term social media encompasses a wide range of applications/websites. Kaplan
and Haenlein (2010) categorised social media platforms based on levels of self-presentation
and intensities of social involvement/authenticity (as compared to genuine in-person social
communication). “Social Media”, therefore, can encompass low-social, low authenticity
applications. In these platforms, users are not expressing personal information or doing so in
a manner that is remotely analogous to real-life face-to-face communication but are engaging
in information transfer, nonetheless. For example, collaborative encyclopaedias (e.g.,
Wikipedia). Meanwhile, it also encompasses the most high-end presentations and authentic
platforms, such as virtual environments (e.g., the Metaverse (Mystakidis, 2022)), which
include online personas (high self-presentation) and enable face-to-face interaction.
Therefore, this includes platforms such as social networking sites, media-sharing platforms,
online gaming, and personal or community blogs (see Figure 1). In this paper, social media
will refer to this broader category. Social Networking Sites (SNS) refer to platforms that
exhibit high social presence and a moderate level of communication authenticity, such as
Facebook or Instagram. Computer-Mediated Communications (CMC) may be used
interchangeably with SM in this paper for the sake of simplicity. However, they can also

typically refer to any digital technology involved in communication, including one-to-one
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communication methods such as email or texting. The hierarchical organisation of concepts is
as follows: CMC — SM — SNS. Furthermore, many SNSs tend to be Hybrid SNS-shortform
video content sharing (SFVC) platforms nowadays. Due to their ubiquity, we will also be

examining these under the blanket term of SM.

Figure 1

(From Kaplan & Haenlein, 2010) “Table 1. Classification of social media by social

presence/media richness and self-presentation/self-disclosure”

Social presence/ Media richness
Low Medium High
Social networking sites Virtual social worlds
Self- High Blogs (e.g., Facebook) (e.g., Second Life)
presentation/

Self- Collaborati

disclosure Low b ?o geza[t;ve Content communities Virtual game worlds

(e.g P W]ikipedia) {e.g., YouTube) (e.g., World of Warcraft)

These emerging technologies are more than simple technological innovations for
entertainment; they present us with newfound social environments that circumvent the usual
constraints of in-person interaction. Users of these platforms experience high cognitive
demands, such as social comparison, the stress of navigating alien social hierarchies,
inundation by excessive quantity of content, a high prevalence of emotionally charged
stimuli, and unpredictable and addictive algorithms. Researchers have found these
experiences to be associated with psychological distress and harm. In particular, some have
raised concerns regarding the risks of SM on mental health (e.g., Huang, 2017; Meier &
Reinecke, 2021), particularly how it interferes with one's ability to recover from stress
adaptively (e.g., Rus & Tiemensma, 2017; Wolfers & Utz, 2022), a core tenet of
psychopathology risk. In coming sections, this paper will explore psychological risks and

potential cognitive mechanisms at play.




1.1.2. Social Media and Mental Health

Social media, and more broadly, the advancement of information and communication
technologies, are indicative of the modern zeitgeist. Most humans are online (DataReportal et
al., 2024), with billions of people spread across various social networking sites (Cunningham
et al., 2021). Most people use these sites daily (Pew Research Centre, 2018). However,
despite its ubiquity, even some of the original designers are apprehensive about the negative

potential of communication technologies on psychological and social well-being (Schwab,

2017).

As the usage of SM has increased, mental illness has also appeared to have become
more widespread (Fan et al., 2025). There seems to be a lack of consensus on the relationship
between social media and its potential impact on mental health. For example, Cingel et al.
(2022) found that social media can potentially raise self-esteem in users, while Huang (2017)
simultaneously found that time spent on social media had a weak negative association with
psychological well-being (in this case, a combined metric of loneliness, self-esteem, life
satisfaction, and depression levels. Public opinion seemingly takes the pessimistic stance that
social media is thoroughly harmful (Lee et al., 2024; More in Common, 2025). A long pattern
of diverse and often contradictory literature obscures the true nature of SM and mental health.
Indeed, decisive evidence to either verify or falsify this conclusion remains elusive. This
ambiguity then highlights the need to carefully consider how we define and operationalise
mental health and social media concepts, to delineate the true nature of the hitherto

inconsistent results more directly.

Furthermore, Fassi et al. (2025) investigated differences in adolescent social media
usage behaviours across those with and without mental health conditions. While providing
results to suggest that those with mental health conditions generally engage with SM more,
they, in fact, also found that SM engagement styles changed depending on the given
psychopathological presentation. For example, those with disorders falling under the
internalising category (e.g., major depressive disorder, generalised anxiety disorder) spent
online time engaging in social comparison. Meanwhile, externalising disorders, such as
Attention-deficit hyperactivity disorder, leaned towards having increased app usage without
accompanying peer comparison behaviours.

3



To address the issue of conceptual heterogeneity, Meier and Reinecke (2021)
developed a comprehensive theoretical framework using concept mapping. They found that

approaches to measuring CMC boiled down to two distinct domains: the Channel-Centred

Approach (Channel-CA) and the Communication-Centred Approach
(Communication-CA). Channel-CAs quantified CMC-use by recording the extent to which a
user uses or spends time with a given CMC medium or application, regardless of users’
differing experiences on the same medium. For example, the minutes a user uses their phone,
a given website, or an app’s video calling feature per day. Alternatively, Communication-CAs
examine individual differences that users may experience in the same channel, in other
words, the nature of their online time. For example, two users spending an equal amount of
time on the same website may be exposed to wholly different content or stimuli. Depending

on desired specificity, these domains can be further divided into subdomains.

These diverse ways of examining SM present an urgent need to consider all
conceptual levels when exploring the effect of SM on mental health. For example, say that,
using the Channel-CA, it is found that time on Facebook correlates with depression. In a
short while, Facebook may drastically alter their algorithm, app design, or application. This
makes the previous findings struggle to have a valid practical application to that ‘new
Facebook’. By employing a communication-centred approach, we can identify what
specifically about Facebook, in this example, is causing the depression relationship.
Hypothetically, Facebook, in its current form, may contain a high quantity of negative
emotional content. We could conclude that negative content may contribute to depression
risk, which would be a hugely more future-proof conclusion and could be generalised to any
present or future social media. Ultimately, more robust conclusions could be accomplished

when considering both approaches.

A benefit of operationalising social media research by examining all its conceptual
levels is that it increases the validity and widespread applicability of research, thereby
helping to eliminate ethnic bias in this domain, a historical constraint in the literature (Vuorre
& Przbylski, 2023). Accordingly, it is fair to assume different cultures may engage with

different applications, websites, or online technologies. As such, examining specific websites,
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devices, or apps (e.g., Facebook) may be completely inapplicable to a culture that does not
use said app (e.g., Facebook), but rather a different platform. An example is how the Chinese
government restricts access to YouTube, leading Chinese internet users to use alternative
sites, such as BilliBilli (Zheng et al., 2023), a relatively underutilised platform in Western
countries (Zhang & Scheibe, 2023). Indeed, either examining only the commonly used
platforms of one culture and ignoring the others or exhaustively examining each culture’s
social media platforms one by one, would lack wider generalisability or be incredibly
expensive (respectively), and both would be non-resistant to technological progress. In fact,
Vuorre & Przbylski (2023) recruited a more representative sample and found that internet
engagement has an overall net positive effect on wellbeing, with any negative impacts
generally being limited to adolescent and young adult users. Given this effect appeared to
manifest in a cross-cultural cohort, it may be fair to consider whether a common qualitative
feature of SM/CMC is particularly impactful to this demographic and not to other users,
which further emphasises the potential utility of operationalising SM research as including
general qualities rather than specific platforms or features, or as phrased by Kaye et al.,
(2020), “affordances/activities obtained via platforms” in making SM research useful and

resistant to future technological change (Orben et al., 2019).

Indeed, in Orben's (2020) article titled “The Sisyphean Cycle of Technology Panics”,
she details the futility of current dominant academic approaches to addressing societal tech
panics. She suggests that any necessary policy changes generated from enhanced
understanding are delayed beyond the time for practical implementation. This is due to
research regarding these technological ‘hot topics’ lagging behind further tech innovations,
since academic study essentially restarts from scratch with each new piece of technology,
software, etc. Instead, they suggest that building on prior technology research prioritising
statistical transparency and effects-based (rather than individual technologies) examination
would be a far more efficient scientific approach. In fact, new technologies and subsequent
culture panics always tend to occur, as described by Finkelhor's (2011) concept of Juvenoia -
an established repetitive cycle of anxious fear felt by previous generations towards the culture
and technologies of the subsequent. These outrages occurred with the introduction of cultural
commonplaces, such as magazines, and they can still be seen today, with some even arguing
that the cultural eye of scrutiny has shifted from just SM to the Artificial Intelligence

movement (Gilmore et al., 2025). This all supports the idea of investigating social media, not
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merely as just magnitude but the qualities it exhibits which helps to (1) make flexible and
translatable inferences, (2) make and implement rapid policy changes before technologies
become too ingrained in common culture to influence meaningfully, and (3) to make any
conclusions future-proof and helpful to the investigation of later emergent technologies,
which a new moral panic will inevitably accompany. As an aside, Gilmore et al. (2025)
suggested that modern culture, particularly as defined by its use of SM, seemingly
encourages the incitement of moral panics through the incentives it provides (i.e., audience
retention and attention). As such, it could therefore be an interesting thought to consider
whether SM, or our wider culture, is itself hindering scientific progress for the reasons
discussed. Accordingly, this potentially leads to a more well-founded and valid fear of these

technologies but also creates a difficult Catch-22 if that fear then hinders science.

Nevertheless, after identifying and analysing the different conceptualisations
underlying the relationship between mental health and SM use, the findings of Meier and
Reinecke (2021) yielded complex results. Depending on the level or channel in question, the
effect of SM on mental health was either positive, negative, or non-existent. For example,
those who use social media ‘more intensely’ generally perceive their social support network
as being stronger (social wellbeing is positively impacted). At the same time, this high
intensity of use was also associated with higher level of internalising psychopathology (a
mental health conceptualisation that encompasses all disorders or behaviours that involve the
direction of negative emotions inwards. I.e., depression, anxiety, or specific phobias (Conway

et al., 2019).

Overall, when combining all these domains, they found “a (very) small negative
association (r = — .05 to — .15) between MH and SM”, the effect being higher for the more
specific relationships. This is to say that examining the relationship between MH and SM as a
single unified concept does not provide a complete picture; instead, it illustrates the need to
consider multiple levels of SM conceptualisation (which is the aim of the present paper). The
current paper aims to utilise this standardised approach, as outlined, to inform our study
design, ensuring we can achieve the most nuanced and thorough conclusions. Notably,
however, the present paper has a limited scope. MRes appropriate designs do not possess the

scale required for us to consider every single operationalisation of MH and SM as outlined by



Meier and Reinecke. However, it can be stated that acknowledging the present
operationalisation belongs to a larger framework allows us to generate finer-tuned
interpretations of results, regardless of the design scope. This then affords us the ability to
fulfil our aim of conducting research that can be integrated into the broader literature on this

topic.



1.2. Stress

1.2.1. Stress and social media

There is a significant degree of heterogeneity in how studies in the literature have
defined and measured ‘mental health’ as a concept (Greenspoon & Saklofske, 2001; Keyes,
2006), which likely contributes to the high degree of heterogeneity in MH and SM findings
(Meier & Reinecke, 2021). As such, we believe it is especially pertinent for us to carefully
consider how we operationalise MH, as we did with SM in the above section. An 18-study
meta-analysis by Shannon et al (2022) found a significant association between stress and
problematic social media use, while work by Wolfers & Utz, 2022 present a functional model
displaying how SM is deeply intertwined in multiple aspects of stress and explores a litany of
literature supporting stress’s connection to MH. However, the causal direction of the
relationship between stress and SM is contested (Wolfers & Utz, 2022). Nonetheless, it
appears that stress is a largely implicated variable relating to SM use, encompassing all tenets

of MH.

Stress has long been considered a fundamental and encompassing risk factor
underlying psychopathology (Cirulli et al., 2009). For example, Eisenbarth et al. (2019) found
that stress exposure predicted later internalising and externalising pathology, presenting as a
fundamental risk factor. Then, from a logical perspective, when considering the definitions of
the two conceptual domains of psychological well-being—eudaimonic and hedonic—stress
would seemingly be a risk factor axiomatically. To explain, Hedonic wellbeing, i.e.
straightforward feelings of pleasure, would undoubtedly be affected by stress (as it does not
feel good to be stressed), while Eudaimonic well-being, the state of realising a self whereby
you feel confident and comfortable in your life and environment — i.e. achieving one's fullest
potential — would also be affected (as stress directly opposes feelings of security in one's self
or environment) (Meier & Reinecke., 2021). Backing this up, Khetawat and Steele (2023), in
a meta-analysis, found that digital stressors were related to psychosocial distress, a facet of
psychological well-being (Eiroa-Orosa, 2020). The Meier and Reinecke paper also stated that

stress was a risk factor for both poor psychopathology and reduced psychological well-being,



broadly. Together with the overall meta-review finding that global mental health levels were
significantly associated with CMC use, the finding that social media also had an, albeit small,
positive association with stress risk factor (» = .13) supports the idea that, generally, stress is a

decisive and fundamental risk factor for both elements of mental health.

It is no wonder that stress is such a prominent risk factor when considering the wide-
reaching consequences of prolonged exposure to stressors. From epigenetic factors on
emotional systems in early development (Wang et al., 2021), to oxidative stress and ensuing
neurotrophic dysfunction (Salim, 2014). With these and the prior sections in mind, this is why
the present paper believes stress is an, if not the, critical element for us to research in the
context of mental health, being that it fully encompasses all aspects of the dual-continua
model of mental health. This is the basis for why we have chosen to investigate stress’s

connection to social media specifically.

1.2.2. Literature on social media and stress

When examining prior studies that measure the relationship between social media and
stress, a distinct lack of consensus appears. By extension, these mixed reports challenge the
prevailing notion in the public consciousness that social media use is overwhelmingly
negative. An example of the heterogeneity of social media and stress findings is as follows.
Rus and Tiemensma (2017) found that using Facebook after an acute social stressor resulted
in slower cortisol recovery. This implied that social media use directly following a stressor
either halts the recovery process or instead acts as a further social stressor. The latter of which
seems unlikely, given the findings of Oppenheimer et al. (2024). Oppenheimer et al. (2024)
measured similar physiological markers (heart rate and cortisol) during 20 minutes of social
media use or simple online media consumption. They found that this period did not elicit any
significant stress responses (at least according to their biomarkers). This shows that social

media does not induce stress from short-term use.

However, this study’s curation and use of ‘non-evocative’ content does not provide a

naturalistic and ecologically valid social media experience. Indeed, it is likely that due to



personalised algorithms that are biased towards videos that are more likely to capture
attention (i.e., highly emotional and controversial) (Metzler & Garcia, 2023; Okeke et al.,
2023). Accordingly, the extent of stress activation would be different in genuine social media
use. Contrastingly, Joseph et al. (2022) found that digitally mediated social interaction elicited
momentary increases in cortisol, whereas in-person interaction was associated with a decline
in cortisol levels. They found that the valence of emotional experience during these social
interactions underpinned the effect on cortisol levels, demonstrating a need to consider this

factor.

Regardless of the validity of Oppenheimer et al.’s study, a later study directly
contradicts Rus and Tiemensma’s study completely. Johnshoy et al. (2020) instead found that
a group of individuals instructed to use social media following an acute social stressor
showed faster rates of recovery for both cardiovascular (heart rate and blood pressure) and
endocrine (inc. cortisol) biomarkers. Additionally, in a subsequent study, Rus and Tiemensma
(2018) found that Facebook use before an acute stressor dampened one’s psychological and
physiological stress responses (heart rate, blood pressure, cortisol), suggesting that social
media can elicit positive cognitions and affect that act as a shield against an acute stressor.
Likewise, reconciling the apparent contradiction with their earlier study, they propose that a
preceding stress event leading to SM use could induce subsequent social media use to be
perceived negatively, thereby prolonging the stress response and implying that perception is a
key factor at play. However, this study again fails to consider the type of stimuli to which
individuals are exposed during their use. If the perception of social media use alters one’s
stress recovery capacity, then the inherent quality of social media use should undoubtedly be

an essential factor to consider.

The studies presented show mixed results regarding the effect of short-term social
media use on stress recovery profiles. Clearly, for meaningful research, ecologically valid
social media use and consideration of content are critical going forward. Therefore, this
present study aimed to consider quality measures of SM content in ecologically valid social
media use. Moreover, the studies recruit very reductive cardiovascular indicators of stress,
being only heart rate and blood pressure. They also do not consider changes that could be
brought about through long-term social media use patterns. The following studies partially

address the gaps present in the previous papers.
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Primack et al (2018) measured the valence of social media use and found that harmful
content predicted depression rates. Similarly, Margousian (2020) investigated whether the
perceived valence of social media content (as measured by a 5-point self-report scale),
depression, and more sophisticated measures of stress, Including Heart rate variability
(discussed in a later section), were linked over one week. While the depression links found in
the Primack et al. study was replicated, they also found some links between HRV and SM
valence, albeit many of these connections were either barely significant or insignificant.
Additionally, Legaspi (2020) found evidence suggesting that higher social media use was
associated with worse scores on the same stress metric. However, this study measured social
media usage by dividing participants into two groups based on their screen time statistics,
categorising individuals as either high or low users. The line drawn between these two is
seemingly arbitrary, making it difficult to draw any valid conclusions. This groundless
grouping may affect the validity of the study, as it is unlikely that there is a discrete and
specific threshold of social media use magnitude beyond which mental health or HRV is
affected. Therefore, in the present study, we will utilise a continuous measure of SM-use

magnitude when investigating the effect of SM use on stress responses.

Moretta and Buodo (2018) found that individuals with problematic internet use (PIU),
characterised by long-term social media usage patterns, exhibited worse resting HRV in all
conditions compared to those without PIU, suggesting a diminished autonomic integrity.
However, they did not find any difference in skin conductance between the PIU and non-PIU
groups, which indicates that there were no differences in sympathetic activity. However, other
metrics of stress may be associated with components of the nervous system beyond those
mentioned (see Section 1.2.3). This implies that the impact of SM use on stress is not
universally applicable to all aspects of the nervous system, reflecting a complex process that
warrants further investigation. As such, this present study aims to examine all aspects of the
stress response to gain a more nuanced understanding. These authors propose that PIU could
be caused by SM usage cues being more deeply encoded into becoming conditioned
responses, through the stress itself increasing their salience. This finding aligns with previous
demonstrations that hormones released during stress exposure tend to promote habit

formation (Schwabe & Wolf, 2009). Consistent with the varied results of the Rus and
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Tiemensma (2017; 2018) studies, stress exposure may alter the way SM stimuli are perceived

and encoded, causing differences in later stress recovery patterns.

Afifi et al. (2018) found that (non-descript) ‘technology use’ caused heightened levels
of inflammatory markers as well as a sharper increase in cortisol following waking. These
results could suggest that the effects of social media could run deeper than immediate
superficial impacts, as seen in the two Rus and Tiemensma (2017; 2018) and Oppenheimer et
al. (2024) studies, and provide a need to examine longer-term patterns of SM use in the
context of social media use, which we will endeavour to do in the present study. Though
‘technology use’ is measured by frequency of personal devices, not specifically CMC, let
alone SM or SNS, so interpreting and extrapolating this study with caution is tantamount. In
Meier and Reinecke’s (2021) comprehensive meta-review, they found that high SNS use was
associated with statistically significantly higher stress levels; the importance of this finding
cannot be overstated, given the meta-review’s inclusion of 1313 unique publications and 34
meta-analyses. Suggesting that even if stress does not itself elicit momentary stress, it could
indeed cause a long-term general increase (i.e. chronic stress) or hinder the effect of stressors

from being attenuated over time.

To conclude this section, the multitude of studies discussed demonstrates the general
lack of consensus on the effect of social media on stress recovery. There are studies (Afifi et
al., 2018; Joseph et al., 2022; Legaspi, 2020; Margousian, 2020; Meier & Reinecke, 2021;
Moretta & Buodo, 2018; Rus & Tiemensma, 2017) that present cases where social media can
cause lasting negative impacts on the stress response. Numerous studies contradict the notion
that social media hinders the stress recovery process (Johnshoy et al., 2020; Oppenheimer,
2024; Rus & Tiemensma, 2018). However, as discussed, these studies possess many
methodological constraints that prevent truly valid conclusions from being drawn. These
being: they lack measures beyond endocrine, heart rate, and blood pressure metrics of stress
response; do not consider stress beyond the momentary timescale; do not consider ‘use
quality’; and lack ecologically valid social media exposure in their designs. The other papers
mentioned that indicate adverse stress outcomes for social media, while inversely possessing
designs that more appropriately address the above issues, albeit not entirely. Thus, the

conclusions from their papers seem to hold more weight.
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Therefore, in our present study, we seek to integrate the strengths of previous studies
into a more cohesive and comprehensive design (considering valence, a richer range of stress
metrics, and incorporating genuine and long-term social media use) to address all
methodological issues outlined above. Due to the robust stress-SM links of Meier and
Reinecke’s (2021) large meta-review and the stronger methodological designs of pro-stress
social media papers, this paper hypothesises that stress attenuates stress recovery. Potential

mechanisms and precise hypotheses will be outlined in a later section.

1.2.3. Defining Stress and Metrics

For important context, the nervous system is an expansive whole-body
communicative network of cells and organs that liaises with the brain to execute coordinated
actions and behaviours necessary for the continued survival of an organism. Fundamentally,
the nervous system absorbs, synthesises and processes sensory inputs, to gain an
understanding of what actions need to be maintained, performed, or ceased for continued
survival (Kandel et al., 2021, p.21; Mobbs et al., 2015). Several biological systems in the
body collaborate to maintain homeostasis and respond to stimuli that interfere with this goal.
Furthermore, researchers have proposed that repeated effort (or the recruitment of resources)
to correct for continuous challenges to homeostasis can lead to cumulative wear and tear on
biological systems over time (Day, 2005), contributing to the development of pathological
conditions. This concept is known as Allostatic Load (McEwen, 2003). As such, the
continued exposure to stressors, or having a reduced ability to recover from them swiftly,
could certainly exacerbate or indeed cause MH issues and conditions. As previously
discussed, there is a potential link between problematic SM use and stress; therefore, SM
could contribute to psychopathology. The following section aims to outline relevant
physiological indicators that each may each provide unique insights into the potential link of

SM and stress, and how they are useful targets for the present study.

A fundamental aspect of effectively addressing environmental stressors and

maintaining homeostasis is increasing the body's availability of glucose and oxygen. This
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increased supply increases the readiness of musculature to better fight against or ‘flight’ away
from a threat, or the brain to improve attention and vigilance (Chu et al., 2024; Sevil et al.,
2019). Overall, bodily increases in blood flow operate to maximise survival chance. The ANS
constantly adjusts the level of blood flow and its distribution through intricate adjustments of
blood pressure and heart contraction dynamics (i.e., speed or force). In a non-stressed state
(parasympathetic), bodily systems function to maintain consistent blood pressure. Despite
constant bodily shifts and movements, an innate reflex known as the baroreflex maintains a
stable blood pressure (Duschek et al., 2013) through stretch-sensitive baroreceptors in
sensitive sections of the aorta and carotid arteries, which project blood pressure information
to brainstem structures via the vagus nerve (Critchley & Harrison, 2013). This section of the
brainstem (NTS and Nucleus Ambiguus) projects acetylcholinergic inhibitory inputs to the
sinoatrial node, slowing its depolarisation rate and subsequent heart contraction (Gordan et
al., 2015; Petko & Tadi, 2023). This dynamic adjustment of heart rate, known as heart rate
variability (HRV), is an adaptive mechanism for the body in maintaining homeostasis (Ernst,
2017; McCraty & Shaffer, 2015). A high level of HRV reflects healthy function. From this,
we can infer that measuring HRV reflects the current dominance of parasympathetic activity

(Chu et al., 2024) within the nervous system.

However, during periods of sympathetic activation (stress), this healthy flexibility is
inadvertently foregone to prioritise systems that prepare the body for fight-or-flight actions.
For example, researchers found limbic brain regions, which respond to stressful stimuli,
possess projections to brainstem regions that exert control over the baroreflex (Kim et al.,
2018). As such, this demonstrates that stressors directly suppress baroreflex-driven HRV
(Ditto & France, 1990). During sympathetic activation in response to stressors, the release of
adrenaline triggers an increase in the rate and force of heart contractions through adrenergic
receptors in the heart (Harris et al., 1967). The Pre-ejection period (PEP) reflects these
changes in contractile dynamics, the speed at which the aortic valve opens for blood flow
following electrical contractile signals and is considered a direct measure of sympathetic

influence (Johnston et al., 2023).

Cardiac output (CO) is the amount of blood pumped by the heart in each minute
(Johnston et al., 2023). CO is an outcome measure of how effectively resources are being

mobilised (Asmussen & Nielsen, 1955; King & Lowery, 2023; Wolff, 2008, pp. 169-182).
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However, we derive CO from heart rate and stroke volume, the latter of which is only an
equation-based estimate when using non-invasive means. Using CO and the average of blood
pressure during both the diastolic and systolic phases (known as Mean arterial pressure
(MAP)), total peripheral resistance (TPR) can be derived. TPR reflects the overall resistance
of the peripheral vasculature to blood flow (Johnston et al., 2023) and can also be a measure

of the resultant cardiovascular system's response to input measures, such as HRV or PEP.

As such, TPR is then an outcome measure, reflecting the distribution of blood in the
body. As such, the BPS-CT model uses TPR and CO as direct indicators of challenge and
threat responses. High TPR and low CO are associated with threat responses. In contrast, high
CO and low or stable TPR indicate a challenge response (Johnston et al., 2023), representing
two distinct efficiency states of the threat response: poor allocation of resources or adaptive
allocation. CO could increase to deliver more oxygen to muscles for an effective response.
However, increases in TPR without adequate cardiac output increase (or even a decrease)
could impact the appropriate delivery or distribution of the amount of blood passing through
the system, due to diverse levels of resistance (vasodilation), which then presents two distinct
outcomes. One which is adaptive and one which is maladaptive, or in other words, a

challenge state and a threat state (Birenbaum, 2025; Johnston et al., 2023).

As discussed previously, vasodilation can be adaptive in the short term, allowing for
the prudent reallocation of blood supply to areas of priority. However, if the system has
sustained vasodilation following the removal of a stressor, it may cause vital organ systems to
receive inadequate blood. Kline et al. (2003) found evidence consistent with this, as they
detected distinct patterns of response to a social stress task. Those whose CO increased, and
those whose TPR increased (These groups remained consistent in their responses with
another stress task type). Johnston et al. (2023) propose that upward changes in TPR are a
result of HPA activation. Previous research has found that HPA activation, concurrent with
activation of the SAM axis, is related to threat states and is associated with an organism's
failure to adapt effectively to survival threats. Joint SAM and HPA activation being associated
with languishing implies that increased TPR may be an indicator of a maladaptive threat
response state. At the same time, CO-mediated blood pressure changes are more challenge-

based.
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Furthermore, TPR-mediated blood pressure increases, in contrast to CO-mediated
blood pressure, are associated with numerous adverse health outcomes (Johnston et al., 2023;
Birenbaum, 2025). Accordingly, delayed recovery from stress was associated with worsened
health outcomes like sustained hypertension (Kline et al., 2003) and the allostatic load
concept. Supporting this, myocardial reactivity (high CO responses) often adapts and
recovers quickly from stress events. In contrast, vascular responses in vascular responders
(TPR-based) tend to take longer to recover, implying that TPR changes reflect a truly
unhealthy and concerning type of stress response due to their inability to respond effectively.
These cardiovascular responses bear resemblance to distinct challenge and threat responders,
as supported by the literature (Johnston et al., 2023). Given the existence of distinct responder
types and that one of these groups presents with characteristics with detrimental outcomes, it
is vital to examine TPR, on top of all other variables. It allows us to delineate which
individual difference variables, perhaps of social media use levels or other moderating

variables, could push individuals towards possessing an ill-suited stress recovery system.

Cardiac output and total peripheral resistance, unlike HRV and PEP, provide a
measure of the actual outcome of the cardiovascular system in these stress states. HRV and
PEP reflect the influence of two distinct stress systems (PNS and SNS). At the same time, the
outcome measures provide insight into how efficiently the cardiovascular system mobilises to
nervous system cues. For example, these outcome measures can capture any remaining
factors that HRV and PEP do not adequately account for, providing us with a deeper range of
possible stress response patterns to observe and explore. HRV decrease in response to social
media use in the papers discussed in the previous subsection is not necessarily contradictory
to those papers that found no impact on heart rate or blood pressure. Circumstances exist
where HRV can decrease without affecting heart rate or blood pressure (see: Haker et al.,
2000), likely reflecting different stress response profiles of changes in variables not measured
by the studies in question (i.e., CO, PEP, TPR). This provides a strong basis for considering a
broader range of stress response metrics than previous studies, thereby enhancing the validity

of our conclusions.

To conclude, in this study, we have operationalised stress as follows. First, we choose
HRYV because it reflects parasympathetic vagal control, PEP as it reflects sympathetic

influence, and finally CO and TPR as they indicate the actual functional outcome of these
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nervous system processes and provide an insight into how adaptively a system is operating,
and therefore capturing any meaningful differences not captured by the other metrics.
Furthermore, there are no studies that examine TPR, CO, and PEP recovery in the context of
social media use; this addresses a present research gap and provides further justification for
our inclusion of these variables. Due to the practical limitations of the present study, we did
not have the resources to collect and analyse endocrine data. Therefore, distinctions between
SAM and HPA axis activations were unable to be made. Still, having a design that can
differentiate between sympathetic and parasympathetic activity will remain an improvement
on the literature, nonetheless. Furthermore, the inclusion of outcome measures (TPR and CO)
serves to capture results derived from the influence of HPA/SAM, although they are not

directly measured.

1.2.4. The Biopsychosocial Model of
Challenge and Threat (BPS-CT)

1.2.4a. Biopsychosocial model

The Biopsychosocial (BPS) approach is a framework that enables researchers and
clinicians to conceptualise human health beyond that of the deterministic, purely biological or
chemical view. Rather than just considering the actions of the individual when understanding
their health condition, for example, why an individual smokes cigarettes, the BPS framework
allows for further hierarchical considerations beyond the individual, such as the subcultural
context or interpersonal pressures that lead an individual to decide to purchase cigarettes. In
essence, this approach encompasses all components that affect an individual, ranging from
the most reductionist to the most holistic, and as such, increases clinicians' ability to improve
treatment outcomes (1). Fundamentally, higher-level components of the hierarchy can affect

lower-level components in a top-down manner.
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1.2.4b. BPS-CT

To elaborate, the Biopsychosocial model of challenge and threat (BPS-CT) is a
derivative framework developed by Blascovich and Tomaka (1996), as cited in Seery (2013).
This framework describes how to objectively assess psychological feelings, a notoriously
tricky task, via the recording of objective physiological measures. The BPS-CT operates
under the assumption that higher-level psychological states can directly and rapidly alter
physiological states. Researchers believe these psychological processes (think: emotional or
cognitive thought patterns) to be the core determinants behind the actions one performs. For
example, if someone feels afraid, they will engage in fight-or-flight behaviours. Furthermore,
the BPS-CT’s framework also allows for situational factors to be considered; for example, in
the case of the person who is afraid, the context that causes the individual to develop the

psychological state of being afraid.

This model is concerned with the two motivational states - ‘challenge and threat.
Motivational states are unique patterns of biological (and psychological) system activation
that drive whether an animal approaches or avoids a stimulus (Blascovich and Tomaka,
1996). A threat state is one in which an individual unconsciously assesses a situation as being
too demanding to face with their current resources. Conversely, challenge is a state where an
individual deems the resources available to be more than enough and subsequently engages
with the situation. (Johnston et al., 2023). Importantly, both states require an unconscious and
subjective appraisal of demands versus resources, the subjective aspect being fundamental to
the concept. The BPS-CT framework describes the specific patterns of physiological
activation that correspond to a given state, thus allowing researchers to elucidate the manner
of subjective appraisals, which are thought to occur unconsciously (Seery, 2013) and hence
were previously unmeasurable by alternative methods (e.g., self-report) (Johnston et al.,
2023). Investigating these biomarkers enables researchers to understand the aspects of the
environment that contribute to varying stress reactions, particularly those that occur below the

threshold of conscious awareness.

Using this approach, by analysing physiological measurements, we could gain an
insight of how the varying environment of social media modulates individuals physiological

(and therefore implied psychological responses), and help us identify facets of online media
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which are more likely to trigger unhealthy situational evaluations that lead to chronic stress
and contribute to maladaptive pathology, and offer insights into how policymakers and

designers can implement changes to mitigate these potential consequences.

1.2.5. Utilising the BPS-CT Approach: Physiological Stress

Inducement Measurement via the Trier Social Stress Task (TSST)

Indeed, using the BPS-CT framework would be an effective way to further our current
understanding of social media use. However, to obtain a measure of subjective appraisals, we
must first measure physiological responses. To account for the confounding factor of natural
physiological variability, we intend to induce a change in individuals’ physiological state,
measure the rate of their recovery back to baseline, and compare this against the extent of
recovery in other participants. This way, individual differences do not affect the validity. A
commonly accepted method for eliciting a physiological change is to expose individuals to an
acute social stressor. The Trier Social Stress Test (TSST) (Johnston et al., 2023) is an

accepted and reliable method for accomplishing this.

The TSST is a psychological task that employs social performance scenarios to elicit
social stress in individuals (Kirschbaum et al., 1993). In a TSST, participants are first
instructed to take five minutes to prepare a speech using a pen and paper to construct a plan
for themselves. The content of this often resembles a job interview (Williams et al., 2004).
Following this preparatory phase, where researchers intend to elicit a level of anticipatory
stress, the presentation plan (that the participant made) is unexpectedly taken away, and the
researcher instructs them to start their presentation. Typically, the participant delivers their
speech to a ‘panel’ of intentionally stone-faced confederates/experimenters over a compulsory
five-minute period. The last five minutes consist of the mental arithmetic component, a
numerical task that, by most people, is considered difficult: counting down from ‘1,022’ and
subtracting 13 each time. When the participant makes an error, the panel instructs the
participant of their mistake and informs them that they must restart. As a result, the two tasks
that the participant performs in front of the panel, due to their performative and challenging
nature, create a state of arousal in the participant. In other words, it aims to create an
environment where the individual feels as though their performance is being judged socially,
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which can result in stress. Throughout and after the TSST, researchers record physiological
measurements, and from these, experimenters can retroactively determine the level of stress
someone experienced, the speed of recovery post-presentation, and whether they entered a
challenge or threat state based on the unique physiological patterns. According to the BPSCT
model, if an individual feels that their arithmetic or presentation abilities are sufficient, then
their resource evaluation would be higher than the appraised demands, and they would enter
the challenge state. Conversely, if an individual assesses the situation as being too much for

their (subjectively speaking) limited abilities to handle, then they would enter the threat state.
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1.3. Potential factors underlying the association of

social media with stress responses

As previously outlined, the robust stress-SM links found in Meier and Reinecke’s
(2021) large meta-review, along with the stronger methodological designs of pro-stress social
media papers, this paper hypothesises that stress attenuates stress recovery. To strengthen our
basis, this section will explore potential causal mechanisms and variables that supposedly
underpin this process. We will discuss reward sensitivity and cognitive overload as two key

factors that are highly implicated.

Heponiemi et al. (2004) found that individuals with higher scores on a behavioural
activation scale (BAS), a measure of reward sensitivity, showed heightened HR reactivity and
parasympathetic withdrawal during demanding tasks, including but not limited to a social
stressor-like speech task. Simultaneously, behavioural inhibition scores (Punishment
sensitivity) had no impact. Meanwhile, Markarian et al. (2013) found that lower reward
sensitivity scores were associated with difficulties in emotional regulation, which
encompasses stress. [ronside et al. (2018) found that stress directly blunted reward sensitivity
through disturbances in the dopamine system. Specifically, it is believed that during stress
exposure, the activity of the left putamen brain region predicts endocrine recovery and is also
associated with reward sensitivity. They went on to suggest that reward sensitivity may
directly influences the robustness of neurocircuitry that buffers daily stressors. It is clear to
see that reward sensitivity is a clear factor in an individual’s overall stress response. This is
especially pertinent due to the established finding that high social media usage is associated
with higher reward sensitivity (Vannucci et al., 2017, as cited in Medrano, 2022; Vannucci et
al., 2019, as cited in Medrano, 2022), high problematic SM use being associated with high
reward sensitivity (Deng et al., 2021), and that SM users with higher reward sensitivity were
more susceptible to feelings of social dissatisfaction and loneliness in line with their usage
magnitude, while those with lower reward sensitivity had no such relationship. As for

specific stress metrics, Brenner and Beauchaine (2011) found that reduced pre-ejection period

(PEP) was associated with an increased tendency towards drug use, while Richter and

Gendolla (2009) found PEP reactivity increased in line with a monetary reward, both of
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which are highly contingent on the reward system. Moreover, Hancock et al. (2025) found
that PEP response to stress varied depending on individual reward reactivity. Lastly, HRV
reactivity is thought to underlie addictive behaviours and dietary self-control (Maier & Hare,
2017; Oshri et al., 2018). Reward sensitivity appears directly intertwined with both stress
response outcomes and SM usage, which is why it is one of the core focuses of this paper.

Specific mechanisms and operationalisations to measure this will be outlined.

The second variable is cognitive load. It is suggested that excessive stress activation
can lead to cognitive overload (Bong et al., 2016). The nature of the information age and the
development of instantaneous information access technologies have, understandably, ushered
in a period where people are inundated with information, leading to cognitive/information
overload in users. Cognitive load theory (CLT) suggests that a stress state further diminishes
the already finite resources of the working memory, causing negative impacts on information
processing (Plass & Kalyuga, 2019) due to extraneous emotional processing. In line with this,
Palmwood and McBride (2017) found that both challenge and threat stress states elicited
cognitive depletion in individuals. They suggest that challenge states consume problem
solving cognitive resources, while threat states consume emotional coping cognitive
resources, with only the latter manifesting a concurrent negative emotional outcome. Overall,
stress responses increased cognitive overload. Conversely, some studies have found that
increasing cognitive load can lead to increases in galvanic skin response (Conway et al.,

2013), a measure of physiological stress (Sharma et al., 2016).

Furthermore, increasing the demands of a cognitive task was found to increase heart
rate, consistent with stress response, while also being associated with psychopathological
symptoms (Alshanskaia et al., 2024). Overall, it can be surmised that increasing the strain on
one’s cognitive system through an increased information load can both cause and/or be

caused by stress. Fundamentally, stress and cognitive load are linked.

While not explicitly related to SM, Kim et al. (2022) found that individuals with
higher ‘technostress’, a stress response measure resulting from exposure to new technological
devices, exhibited increased cognitive load and reduced task performance. Tian et al. (2025)

found that information overload derived from SM was associated with many negative
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emotional symptoms. Moreover, a study by Reinecke et al. (2014) found that an elevated
level of cognitive depletion simultaneously positively predicted the amount of media use and
the likelihood that users would appraise it negatively. Notably, this latter relationship
persisted regardless of the channel in which it was accessed or the way it was used (passive
vs. active use). In other words, video games, an active and interactive medium, and television,
an inherently passive form of media, are both considered negative by individuals. A key
driver of this may be guilt resulting from perceived procrastination when media use is high,
as supported by a survey by Panek (2014). This guilt seemingly impairs the ability to engage
in these otherwise relaxing activities, which can aid in cognitive recovery. Instead, this guilt
could even trigger SM use to drain mental resources. Indeed, Evan et al. (2023)’s study
supports this, where the more an individual consumes content perceived as negative, the
higher they score on measures of mental ill-being. This paper presents a clear link between
the valence of content and MH outcomes. The potential utility of considering aspects of
media beyond the channel level — in this case, the subjective valence — is further substantiated
by this. Therefore, our study will measure the subjective valence of the media to which media
users are exposed. From the papers discussed, a clear link appears to exist between stress,
cognitive depletion, and social media use. Specific potential mechanisms will be outlined in

subsequent sections.

1.3.1 - Reward Sensitivity Mechanisms at play

Researchers have postulated the existence of two distinct neurological characteristics
that underlie and motivate goal-driven behaviour (Carver & White, 1994; Gray, 1981). The
behavioural inhibition state (BIS) and the behavioural approach states (BAS), or in other
words, reward and punishment sensitivity. Using evidence from lesion and pharmacological
experiments, Carver determined that these two states operate entirely separately from one
another. The BIS state involves responding to punishment and non-reward by halting the
current behaviour and is generally accompanied by feelings of sadness and fear (negative
affect). Meanwhile, the BAS system responds to rewarding feedback by encouraging the
inciting activity to be continued or repeated. It is associated with feelings of happiness, hope,

and other positive emotions (positive affect). In essence, the BAS system refers to one’s
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reactivity to rewarding stimuli. As previous evidence has indicated, reward sensitivity appears
to be more closely implicated in stress processing and social media; therefore, we will focus

on BAS from here onwards.

If one considers positive valence social media content as rewarding stimuli, and
negative valence content as comparatively punishing, the result of being exposed to constant
positive stimuli would be a heightened reward sensitivity. This would be a result of the way
the reward system operates to promote learning and reinforcement (Richards et al., 2016).
Indeed, adolescents (a group that predominately inhabits SM) are found to be particularly
sensitive to positive and negative social rewards, which are omnipresent on SM. Furthermore,
while not sensitivity per se, Kobayashi et al. (2010) found that the way in which rewards are
processed by orbitofrontal cortex neurons is altered when the occurrence of reward is
increased. While tenuous, it could suggest that exposure to valent content may have an impact
on reward sensitivity or processing, particularly for positive valence social media content.
Likewise, an individual possessing a high reward sensitivity would find the effect of positive
valent social media content consumption on mood to be amplified, and negative valent
content to have an exaggerated opposite effect. At the same time, a higher magnitude of use
could feasibly lead to a greater accumulation of reward processing changes or an increased
impact of reward feedback on emotional affect, and, therefore, stress processing abilities.

Thus, both usage magnitude and usage quality (valence) are crucial to consider.

Similarly, In Orben et al. (2024), it is proposed that habitual checking of social media-
based reward cues in adolescent participants (a group particularly neuroplastic) may induce
hypersensitivity of the reward system (Maza et al., 2023). Moreover, this is suggested to
occur through a process of dysfunctional activation of the dorsolateral prefrontal cortex and
the amygdala, which persisted throughout subsequent years. However, it is important to note
that while this point followed up on neurological activation measurements, it did not record
follow-up SM usage data, meaning that changes in SM usage behaviour over the period were
not accounted for. Therefore, this study’s validity is somewhat limited, but it remains a

noteworthy consideration nonetheless.

As a whole, many facets of modern social media and digital communication

technologies appear to be designed to take advantage of our reward pathways directly. To
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illustrate the basis for our stance that social media use may influence reward sensitivity, two
examples of ubiquitous social media features that could impact reward processing are push

notifications and short-form video content (SFVC).

Push Notifications are on-screen prompts that display information updates to users,
often accompanied by a distinctive audio tone or vibration, serving as a salient conditioning
cue (Pielot & Rello, 2015; Shirazi et al., 2014). Push notifications have been found to
facilitate feelings of connectedness among users (Devrim, 2023). Although, users often
become restless when notifications cease (Pielot & Rello, 2015). Notifications frequently
inform users of social rewards or novel content, the exposure to which positively reinforces
the act of checking them. During this compulsive checking, notifications are not always
present or necessarily pleasurable, which acts as a variable-ratio schedule of reinforcement —
a pattern of unreliable reward (or punishment) delivery following a given action. Variable-
ratio schedules are one of the strongest, if not the strongest, conditioning methods for
encouraging future behaviour (Laskowski et al., 2019) in animal models and are remarkably
resilient to extinction (Laskowski, 2022). Nasti and Michienzi (2021) found that notifications
were linked to addictive use of social media, although not entirely, suggesting that additional
variables are at play. As such, we seek to investigate other variables concurrently with reward

sensitivity.

These ratio-reward schedules have appearingly influenced the behaviour of users
towards compulsive checking of their mobile devices. To demonstrate, figures in literature
and market research surveys seem to suggest that users have been found to check their phone
over 19 times notifications are actually delivered, with these notifications being ignored most
of the time regardless (dscout, Inc., 2016; Pielot et al., 2018; Pradhan et al., 2017; Reviews,
2023). As such, people recognise that they spend too much of their time checking
notifications (for example, see: Common Sense Media, 2016), which is an important

consideration.

Short-form video content (SFVC) is, as its name implies, relatively short videos on
SM platforms — typically around 6 seconds to a minute in length and therefore possess low
barriers to entry for people to create their own (Wu et al., 2021). These low barriers and the

rapid, explosive commercial success of these forms of videos (Anderson, 2020; Duan et al.,
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2024; Kaye et al., 2020; Klug et al., 2023; Vandermissen et al., 2014) promoted the
ubiquitous adoption of hybrid-SM-SFVC platforms, such as Shorts on YouTube or Reels on
Instagram (Duan et al., 2024). As such, most previous SNS platforms now contain SFVC
sections. These short-form video platforms possess endless scrolling homepages (Levy,
2025), which begets a state in users where, due to the ease of creation among the public,
individuals will be exposed to a large variety of video quality, creating a similar variable ratio
schedule of reward, as seen with notifications, that encourages further and unending scrolling

in the attempt of finding the next ‘good’ video (i.e. addictive/compulsive behaviour).

Chung et al. (2023) and Wu et al. (2024) found that SFVC had a negative impact on
well-being. The latter found that this effect was partially contingent on the specific content
watched, which lends credence to the idea that the valence of content plays a role in the
relationship between SM and MH. The former finding was that perceived information
overload underpinned this. Zhu et al. (2024) found that addiction to SFVC acted as a chain
mediator between SFVC exposure and adolescent depression, suggesting that one's level of
addiction (or, in a sense, reward sensitivity) partly drives the link between SFVC and mental
illnesses. In Wen et al. (2024), perceived overload of SFVC directly predicted loneliness and
mental health (in a sample of older adults). In addition, Liu et al. (2021) show that perceived
stress (threat state) was positively associated with SFVC addiction in a cohort of almost 900
college-aged adults. These studies together, therefore, suggest that SFVC addiction may have
a direct impact on individual well-being, through altered reward processing (as per the nature
of addiction, generally) it causes. However, one must note that these studies tended to use
reductive mental illness or wellbeing conceptualisations (such as just measuring depression or
loneliness independently), so generalising their results to the broad spectrum of mental
wellbeing remains difficult. This limitation in design reinforces the need to consider broader
conceptualisations of MH and to use a general risk factor that captures all conceptualisations

of MH—physiological stress—in our study design.

Overall, the ubiquity of both notifications and SFVC on SM platforms lends credence
to the idea that social media usage magnitude and quality would influence stress recovery.
Reward sensitivity itself is thought to be linked and interacts with cognitive overload, which

will be explored later.
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1.3.2 - Cognitive Overload Mechanisms at play

As previously discussed, cognitive overload appears to be linked to stress and
excessive use of social media. The papers explored suggest that cognitively drained
individuals may subjectively appraise their social media use as negative and will find their
ability to recover from a state of cognitive overload reduced. This tendency towards a
negative perception, therefore, emphasises the dangerous phenomenon where time spent on
social media makes one overwhelmed due to the overabundance of information, social cues,
and notifications to attend to. As a result, impairing one's ability to administer volitional

control over their continued use may create a generally negative affective experience.

To measure feelings of overwhelm deriving from the use of
information/communication technologies, Misra and Stokols (2012) developed the Perceived
Information Overload Scale (PIOS). The paper outlines perceived information overload as a
term referring to psychological distress resulting from attending to/ attempting to process an
excessive amount of information beyond what is possible with one's current mental resources.
More specifically, it occurs when someone's environmental demands exceed their own
perceived limit, somewhat mirroring the mismatch between demands and resources seen in
the threat state of the BPS-CT. The inventory consists of two subscales: one examines
overwhelm from technological sources, and the other explores the effect of non-technological
environmental stimuli on overwhelm. The idea of including these two inventories was to
afford the ability to control for baseline overwhelming stimulation and isolate overload
specifically deriving from CMC. As such, we hypothesise that higher daily average screen
time will be positively associated with perceived information overload (H2b). For enhanced

applicability, we seek to adapt the PIOS to have its items more tailored to SM specifically.

Like reward sensitivity, many aspects of modern social media and ICTs may appear
intentionally designed to take advantage of our limited cognitive capacity. To demonstrate
how social media contributes to cognitive overload, push notifications and short-form video

content (SFVC) are revisited as examples of such features.
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A study found that individuals who did not receive notifications during leisure time
became stressed due to a fear of falling behind or not being able to meet the societal pressure
of responding promptly (Pielot & Rello, 2015). These notifications are often overabundant
and include product advertisements or prompts for users to use certain apps, beyond their
intended limited role of simply keeping users up to date (Kunkel et al., 2021; Sandeep &
Moulya, 2022). Approximately half of all notifications are ignored by users (Pradhan et al.,
2017), and it is then expected that users feel overwhelmed when the quantity of notifications
increases (Pielot & Rello, 2015). This feasibly contributes to cognitive overload in users. A
deficit of cognitive resources can impair the ability to perform cognitive processes, such as
emotional processing. For example, a threat state emerges when an individual assesses their
available resources as insufficient to meet the necessary demands of the situation. In this
example, these resources would be cognitive resources. To use a real-life example, an
individual overwhelmed by notifications may believe they no longer possess the necessary
focus, concentration, and quick thinking required to give a public speech, and therefore
would enter a threat state. Palmwood and McBride (2019) hypothesised that challenge states

cause cognitive depletion and a tendency towards problem-solving.

While In contrast, a threat state leads individuals to rely on emotional systems to self-
soothe, which can result in emotional exhaustion instead. However, they found that, in
conjunction with emotional exhaustion, threat states also led to cognitive depletion. Likewise,
as mentioned, SFVC sections on SM apps feature endless scrolling homepages (Levey, 2025).
This could feasibly cause a state of overstimulation due to the unending stream of various
content (i.e., increased cognitive load). These effects on both reward sensitivity and cognitive
load do not occur independently; instead, we suggest that these variables, which have both
been demonstrated to have potential detrimental impacts on stress processing, may have been
intentionally leveraged to create a bidirectional perpetuating cycle, motivated by the

maximisation of consumer profitability.
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1.3.3. Dark Patterns: The link between Cognitive Overload and

Rewards Processing

Researchers have termed the intentional design decisions whereby applications are
constructed in a manner that prompts users to engage in activities they would not otherwise
participate in, for the benefit of the designer, as ‘Dark Patterns’ or ‘Damaging Patterns’.
(Gomes et al., 2025; Lora et al., 2025; Yaochen & Van Der Blom, 2025; Yin et al., 2025). As
discussed in the previous sections, SM use (using both SFVC and push notifications as
examples) can cause alterations to reward processing through variable ratio schedules that
encourage further unending scrolling and increased cognitive overload due to the unending
stream of content. We suggest that these two phenomena together create a maladaptive cycle
of encouraging compulsive scrolling, causing more overstimulation, and then a heightened
overstimulation, altering the reward system into encouraging more scrolling (and so on).
Indeed, this appears to be an intentional, predatory design choice, as it directly promotes
further app interaction, which corresponds to increased advertisement revenue for app
companies, demonstrating a clear profit (over moral) motive (Molteni, 2022). The existence
of this maladaptive cycle is supported, as individuals may not even enjoy the content they are
watching, may not intend to enter the short-form section of the app in the first place, or may
even feel terrible while using it, yet still find themselves scrolling. These dark patterns of
design are apparent in the overabundance of notifications encouraging use, as well as the
specific design of the unending scrolling format of SFVC — both seek to maximise the time a
user mindlessly spends on their platform (Molteni, 2022; Yin et al., 2025). We will briefly

examine how this bidirectional cycle may operate.

Cognitive Load has been proposed to negatively impact the optimal functioning of the
reward system (Krigolson et al., 2015). It is possible, in the context of social media, that the
process of being overwhelmed by these social media devices creates an environment where
individuals are less satisfied with the content they consume or the notifications they receive,
and therefore spend more time scrolling or checking to compensate for the reduced
sensitivity. This pattern of gradually increased use seems reminiscent of how a drug’s efficacy
diminishes over repeated use, causing a maladaptive increase in dose to achieve similar levels

of high (Robinson & Berridge, 2003). This strongly suggests the designers of social media
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may have intentionally designed it to be overwhelming, thereby further encouraging
engagement with addictive material and rewarding stimuli. Indeed, this does not seem too far-
fetched as supermarket designers have been known to utilise a similar design approach, where
shoppers are intentionally made to feel overwhelmed by the number of products on display
(ergo: too many decisions), deliberately exacerbated by the layout of the store, to induce a
state of decision fatigue where individuals are more likely to purchase products they would
not choose to otherwise (Donovan et al., 1994; Gilbride et al., 2015; Yim, 2017). However,
Chung et al. (2023)’s study found that the high level of information overload associated with
SM use discouraged future use due to ‘SM fatigue’, which appears to directly oppose this
view of the bidirectional cycle. However, it is possible that Chung et al.’s study did not
account for differences in reward sensitivity. Perhaps the altered reward sensitivity to SM-
rewards buffers the effect of fatigue in some manner, and the cycle still potentially operates,

despite Chung et al.'s findings.

Although not specifically in the context of SM, Huang et al. (2021) found that high
feelings of cognitive overload regarding job responsibilities increased workplace behaviours
driven by the behavioural activation system (BAS), or in essence, heightened reward
sensitivity. However, Milyavskaya et al. (2019) found no difference between individuals
engaged in a cognitively demanding number task and a control group in their levels of event-
related potential activity in response to the presence or absence of rewards, as measured by
Electroencephalography. This directly challenges the conclusion of the former paper;
however, upon considering the methods and other findings in the latter study, this may not be
the case. In Milyavskaya et al. (2019)’s paper, they found that individuals in the boredom
group tended to exhibit heightened activity in response to reward feedback and reported
higher subjective fatigue. In contrast, self-report fatigue and reward sensitivity were not
found to be linked. This suggests that situational alterations to reward sensitivity may occur
below the level of conscious awareness. It is possible that an individual’s level of subjective

overload may be presented differently in those at workplaces in Huang et al.’s sample.

Furthermore, it is possible that the use of a lottery-like game in the latter study
removed feelings of autonomous control in users, meanwhile in the former study the

decisions an individual would need to be making at work would be highly dependent on them
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and self-relevant, implying that a link between reward sensitivity and cognitive overload only
occurs when individuals have control over the source of rewards, or when the stimulus is
highly relevant to the individual, and when individuals genuinely subjectively feel
overloaded. Although it is crucial to note that these two studies cannot be used to form wide
ranging conclusions, considering them nonetheless is valuable. This presents relevant
applications to social media, as, in conjunction with the previous paragraph’s evidence, SM
creates an environment that presents highly personalised (self-relevant) and (seems) highly

controllable by the user.

For illustrative purposes, it is important to establish a clear and direct theoretical chain
of reasoning, regarding the potential existence of dark patterns in SM design, which the
following section will endeavour to provide. To begin, Wang et al (2025) found evidence to
suggest that SM-derived information overload impairs cognitive performance by increasing
cognitive resource strain. Then, this cognitive strain is thought to dampen the functional
ability of the reward processing system, which may directly regulate one’s neuroendocrine
stress response return to baseline (according to Krigolson et al. (2015)) and neurological
structures associated with stress processing (Hu & Yang, 2022; Krigolson et al, 2015).
Moreover, Dutcher (2022) surmised that both neuroendocrine and physiological stress were
facilitated by reward exposure. Likewise, similar neuroendocrine stress findings were
reported in Hu & Yang (2021), who found that reward anticipation buffered both
neuroendocrine and physiological stress responses to a TSST, implying a direct role of the
reward system in stress responses. These two lend further support to the role of the reward

system being involved in the return of one's internal system to homeostasis post-stress.

To compound on the links between cognitive resource depletion, reward, and stress,
chronic overstimulation from prolonged SM use is thought to lead to attentional deficits,
associated with a maladaptive reward system (Yousef et al., 2025). This is thought to underlie
the 2024 neologism: “brain rot” (perceived psycho-emotional deterioration arising from the
overconsumption of low-quality digital content) (Yousef et al., 2025; Ozbay, 2026), which
arose in response to a collective negative experience of modern-SM use, therefore suggesting
these effects may be commonplace amongst users. Similar to previous findings, Kumar et al.
(2017) examined multiple studies and found that heavy internet use, characterized by high
information load, may alter multiple brain areas, including the reward network, through
constant, ever-present reward cue stimulation. Going further, some researchers have
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suggested that multitasking-induced cortisol increases may actually be addictive (Dean &
Webb, 2011), which may imply (albeit highly speculatively) that information overload itself
may be a reward cue. As a whole, these joint effects have pushed several SNS designers to
explicitly suggest that SM information overload and attentional hijacking (leading to
information overload) are inherently linked issues (Termann, 2025), as evidenced by co-
occurring compulsive behaviours and feelings of subjective overload amongst users of a

certain SM platform (Termann, 2025; Thomas et al., 2023).

It is recognised that the theoretical evidence underpinning social media’s connection
to stress is involved and complex. Indeed, the studies and research discussed are surely not
exhaustive. However, we believe together they potentially explain an aspect of the established
SM-use to abnormal stress processing / mental illness theoretical chain. As such, Figure 2
presents an illustrative diagram of the connections among each individual difference variable
(reward sensitivity and perceived information overload), engagement with social media,
abnormal stress processing outcomes, and subsequent potential mental health impacts. This
diagram presents the discussed information in a unified and cohesive manner and

transparently displays the logic that informs the present study’s hypotheses.
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Figure 2

Diagram illustrating the relevant theoretical direction of effects between the social media

input factor (social media usage and its functionalities/features), and outcome factors (stress

processing, MH risk) with associated literature labels.

Social Media Use
—— —— ——
," . ," ‘-\\ ," h\\
’ ’ ’
' Push vy i v, Otherfeatures/ \
Vo L SFVC LI 1
\ Notifications \ 7 \ ntes )
~ ’ ~ s ~ ’
""!—-"’ \"‘l--—" \"'I---”
! ann
anae
Der l
v
Rie
Reward System / Reward |
Sensitivity Changes - 1 Rebinson &
J
P Sl
- ~
Krigolson ” ‘Working Memory\
etal 1 ~
I Constant supply
201 Dean & \ 7 -
15 :\_:‘H‘ Potential . Deficits w of raward cues
Huetal ' 2017 addictive- S
ness of P b
Dukche Increased Usage of multi- "’ Information ‘\ Frequent reward
:]“ " | Reward system- tasking / \ Processing Issues ! exposure altering
influenced Social Media overload S i reward system
v e | Neuroendocrine ~———— function
Hud Yang|™ ) eress P
creuley / ,° Diminithed ~
elot & Rel 4
Heponiemi p:;’:::f:l Fielot &F rJ“‘ I\ Cogaitive ,l
ot o \ N Performance _, ~ / "—“—/
-
Madarian Wanz sl 2020) 4
etal \
2013 ¥ m a2
- ™
Brenner &
Besuchaine Perceived
Information Overload LemTTTTTT =
Richter and > ~ . Negative N
G Itan et al. (2020 1 1
e emotional responses ,
Paim wood - _-
and =
McBride Conwayetal
Bong etal Alensbane el
Panek Q014) »~ Feelings of T~
Kim ctal Y —— [
2022 V. Procrastination / Guilt #
-
Mahdaptive Stress R L
Processing r
]
(inc. stress recovery o
nek
—— deficits)
Evaneta
Rus & Tiemenma
2017;2018 Wang etal (2021
Schwabe & Wolf Salm
Eiroa-Orom (202
lronside etal Khetawat and Steele 2023
-
Cirulli etal 2009
Maier & Hare
Eisenbarth etal 2019
Osturi etal (2018 v
Negative mental
health impacts

33



Note. Literature associated with each directional effect is generally displayed in red to the
right side to the relevant arrows, except in cases where this was unfeasible to do so (i.e.,
horizontal lines and Maladaptive stress processing = Reward system / Reward sensitivity

changes)

With all these theoretical and experimental ideas in mind, we then seek to explore
these ideas by first examining the relationship between reward sensitivity and subjective
information overload, hypothesising that they are positively associated with one another
(using the discussed literature as the basis for this), such that lower reward sensitivity
corresponds to an individual's higher perceived information overload (H1c). Once the present
study establishes a link (or lack thereof), we then seek to investigate the nature of the
individual effects of the reward sensitivity pathway (H3a, H3b) and the perceived information
overload pathway (H3c, H3d) on the rate of stress recovery to a stressor. And then, to
examine whether a model including both overload and variance more strongly explains
variance than any model with either mechanism on its own (H4). The following section will

outline specific hypotheses comprehensively.

It is essential to acknowledge that there are likely other factors at play in the
relationship between social media and mental health. However, these do not fall within the
parsimonious scope of a master’s degree research project. Nevertheless, that is not to say that
we do not believe the chosen factors are insufficient. It will still provide valuable insights and

further contribute to an ever-growing body of literature.
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1.4. The present study

1.4.1. Rationale and Aims

It appears that social media use, particularly the presence of notifications and
exposure to short-form content, can lead to states of skewed reward processing (and therefore
addictive behaviours) and a high cognitive load. However, it is unclear whether these effects
persist once a user ‘logs off” or have long-term, detrimental effects. This study aims to
investigate the long-term effects of different patterns of consistent social media use on stress
reactivity and recovery by examining differences in feelings of overwhelm and altered
reward/punishment sensitivities. We have chosen to include a broad variety of stress metrics
to fill gaps left by the present literature and to ensure the most robust and valid interpretations
can be reached. To address this, we have adopted directional hypotheses driven by theory but
approached with caution, given the tentative and divisive state of the literature, and thus will
remain open to being falsified and interpreted within the broader context. The goal of this
research, then, is to provide a greater insight into how the ubiquitous nature of social media
affects our long-term stress processing ability, which has direct implications for the broader
concept of mental health. The results of this study, combined with the growing literature in
this area, will hopefully inform the decisions of application designers and potentially even
policymakers regarding digital communication technology regulation, to shape digital

communication into its most healthy form possible.

While it seems as though examining both stress reactivity and stress recovery rates is
instrumental to providing the most comprehensive picture of SM’s impact on stress, the scope
of this project does not allow us to examine both. To elaborate, Linden et al (1997)
demonstrated that both recovery and reactivity have independent roles in stress processing.
They found that stress recovery was an often-underutilised design approach that yields new
effects not found in stress reactivity studies. Indeed, evidence seems to point to the fact that
they are separate, non-associated components (De Calheiros Velozo et al., 2023). Which, in
the case of SM-relevant literature, seems to be supported. As Rus and Tiemensma (2017)
found that using Facebook after an acute social stressor resulted in slower stress (endocrine,
in this case) recovery, while their study a year later found that SM use prior to an acute

stressor reduced participants’ stress reactivity (Rus & Tiemensma, 2018). Instead of being
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two contradictory papers, they could instead reflect distinct aspects. Indeed, an individual
possessing dramatic stress reactions with a rapid ability to recover from stress would
fundamentally differ from someone whose stress persists for a long time. Indeed, long-lasting
stress reactions (i.e., chronic stress) are most strongly associated with the aetiology of mental
illness (Hassamal, 2023). As such, we choose to focus our limited resources on stress

recovery for this project.

1.4.2. Hypotheses

Although there have been many findings with mixed or contradictory results, the
present study chooses to recruit directional hypotheses informed by evidence-based
mechanisms and the findings of robust meta-reviews (e.g., Meier & Reinecke, 2021). It aims
to thoroughly examine the link between stress and SM use beyond the levels previously

achieved in the literature. The complete hypotheses for this study are:

Initial Correlation Hypotheses:

(These hypotheses seek to explore links across key variables before further testing.)

e Hla. High reward sensitivity will be associated with a longer average daily screen
time.

e HI1b. Higher screen time will be associated with higher levels of subjective overload.

e Hilc. Lower reward sensitivity will be associated with higher levels of subjective
information overload.

e HIld - Reward sensitivity will be positively associated with more positive valence
social media content.

e Hle - Lower valence will be associated with higher levels of subjective overload.
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Primary Stress Response Hypotheses:

H2 - Social media use will predict physiological stress recovery capacity.

e H2a. More negative valence social media content exposure will be associated with
poorer stress recovery capacity.

e H2b. Greater screen time will be associated with a reduced stress recovery ability.

Moderation Hypotheses

e H3a. The relationship between social media valence and physiological stress recovery
will be moderated by reward sensitivity.

e H3b. The relationship between social media valence and physiological stress recovery
will be moderated by reward sensitivity.

e H3c. The relationship between screen time and physiological stress recovery will be
moderated by reward sensitivity.

e H3d. The relationship between screen time and physiological stress recovery will be

moderated by subjective information overload.

Combined Model (Exploratory):

e H4 - A model including both subjective information overload and reward sensitivity
will explain more variance in stress recovery than either predictor alone, while

accounting for baseline differences.
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2. METHODS

2.1. Data collection

This dataset was collected as a smaller part of a larger study exploring the effect of
solitude and social interaction on stress processing conducted by Dr Thuy-Vy Nguyen and Dr
Jonathan McPhetres at the University of Durham Psychology Department’s Solitude and
Physio Labs, known as ‘The Cottage Study’. This broader study context has informed or
resulted in some of the methodological decisions or limitations; these are outlined in the

following sections as they arise.

2.2. Participants

2.2.1 Sample Size Justification

The present study operated within a larger study context. As such, a priori power analyses to
determine minimum sample size targets were not possible because of pre-specified sample
size targets for the larger 'Cottage Study' (approx. 40-50 participants) that were not
practically feasible to deviate from, if power analyses indicated doing so. For reasons
outlined in a following section, only about half of these participants were able to be included
in the present study's purposes. Nonetheless, the sample size was limited to this value due to
the expensive time and financial costs associated with administering each session, and time
restraints. These costs include the high compensation per participant due to the day-long
study period, the large amount of equipment required, and the time and labour required to run
and organise the study (including the lead experimenter and confederates). While time
restraints derived from an agreed set duration for laboratory space occupation/use, which, due
to long study days, only enabled a limited number of sessions. Likewise, the recruitment rate
may have been a determining factor in the sample size, as the study's long duration may have

led to relatively few volunteers willing to participate.
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While the present study is generally speculative and exploratory based on theoretical
underpinnings, consistent with prior literature examining physiological stress, social media,
and mental health, a theoretically significant effect size we would expect to detect would be
small-to moderate effect sizes (e.g. approx. n?> =.048 (4.8% of variance explained) in Rus &
Tiemensma (2018); and r = .13 (1.69% of variance explained) in Meier & Reinecke's (2021)
large scale review). As such, it appears as though effect sizes in this literature are typically
relatively small. As such, a large sample size would likely be required to detect these effects

reliably. Implications of our sample size limitations are discussed in later sections.

2.2.2 Participant Recruitment

After being granted ethical approval by the University of Durham Psychology
Department’s ethics committee (Project ID 5434), recruitment was initiated through word-

ofmouth advertisement or from the University participant pool ‘SONA’.

According to the conditions of ethical approval and the specific stipulations required
for the wider study context, participants were excluded from participation if they did not meet
all the conditions of a compliance checklist. The compliance items indicating eligibility were
as follows: No food or drink within the last hour, no teeth brushing in the previous hour, not a
regular smoker or vaper, no exercise within 24 hours, no alcohol consumption within 24
hours, not taking regular medication, not on contraception, not currently
pregnant/breastfeeding, no chronic health issues, and must have been awake for at least two

hours before the commencement of the study.

Following the exclusions, 44 participants ultimately participated in the study. As
alluded, the wider study (within which this present study was conducted) had participants
split into two conditions after stress exposure: social isolation and social interaction. To
maintain control of the post-stress environment in our study, for the sake of validity and
because we are only interested in stress recovery as a function of social media usage, we have
chosen to include only participants in social-isolation conditions in our analysis. This left us

with a remaining sample of 24 participants.
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2.2.3 Participant Demographics

Twenty-four participants were ultimately included in our analysis. The demographic
breakdown of the sample is as follows. To note, due to a technical error, gender and ethnicity
data were not available for one participant. This participant’s gender and demographic data

are labelled as undefined in the breakdown.

The mean age of the participants was 21.48 years (SD = 2.86). In terms of self-
reported gender identity, 15 (62.5%) were female, 8 (33.3%) were male, and 1 (4.2%) was
undefined. Regarding reported ethnicity, 12 (50%) of participants were white, 9 (37.5%) of
participants were Asian, 2 (8.3%) of participants were ‘mixed two or more ethnic groups’,

and 1 (4.2%) participant was undefined.
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2.3. Study Design

For the present study, a mixed design was utilised, as both within-subject repeated
measures of physiological stress metrics and cross-sectional between-subject variables of

self-reported individual differences were also recorded.

Four physiological stress indices (HRV, PEP, CO, and TPR) were used and assessed
at 3 time points: baseline, during a trier social stress test (TSST) (Stress phase), and 5 hours

post-stress task (the latest point available of the broader study context) (post-stress phase).

Stress recovery for each physiological index was operationalised as a ‘recovery
index’, reflecting the proportional extent to which physiological stress measures returned to
baseline levels, relative to the extent of stress reaction from baseline to stress (scores
equalling 1 indicate a 100% return to baseline levels, scores of 0 - 1 indicate that stress levels
persisted above the baseline levels, scores below 0 represent stress levels that have worsened
after the stress phase ended, and scores above 1 reflect that scores that rebounded or

overcompensated to a level better than the initial baseline phases).

Individual difference measures were assessed through self-report measures and
individual mobile phone usage statistics. These variables were reward sensitivity (BAS),
perceived information overload from social media (PI1O), perceived valence of recent social

media content, and daily average screen time over the previous complete week.
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2.4. Materials

2.4.1. Materials

Perceived information overload from SM (PI1O), reward sensitivity, and social media
valence data were collected using an online survey created and administered via Qualtrics.
Communication between the experimenter and participant was facilitated using Microsoft
Teams. AcqKnowledge Version 5.0.0.0 (Almond, 2017) was used to record, store, and process
participants’ physiological data. Microsoft Excel was used for the processing and formatting
of data. IBM SPSS Statistics Version 29.0.0.0 was used to analyse and visualise data for

hypothesis testing.

2.4.2 Apparatus

The TSST equipment included a pen and a sheet of A5 Paper (for the participant to
plan), as well as a mobile phone and a desktop miniature tripod to record the participant’s
speech and arithmetic task during the TSST. An iPad was also provided to the participant for

post-stress activities.

Three disposable Ag/AgCl electrodes were fitted to participants in a ‘3-electrode
system’ configuration (two below each clavicle and one on the front-left side of the torso, just
below the vertebral rib) to measure ECG. Likewise, four Double Ag/AgCl electrodes were
attached bilaterally to participants on the sides of the neck and torso, just below the vertebral
ribs. The distances between the neck and torso sensors were approximately equidistant on
both sides of the participant, and the left and right electrodes were placed at approximately
the same level (ICG 8-spot electrode configuration). A ‘BioNomadix Wireless Cardiac
Output Amplifier’ (for ICG) and a ‘BioNomadix Wireless RSP with ECG Amplifier’ (for ECG)
were threaded through a hook-and-loop fastener waistband. Both the ECG signal and
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impedance (Z0 and its derivative dZ/dt) were collected at the standard sampling rate of 1000
Hz. ECG was integrated with an MP150 system (Biopac Systems Inc.) and a two-channel
ICG amplifier module (NICO100C), respectively. The data was recorded and written using

AcgKnowledge Version 5.0.0.0 (Almond, 2017). Participants were fitted with an ‘Omron
Evolv Upper Arm Blood Pressure Monitor (HEM-7600T-E)’, which experimenters manually

activated and noted results on the digital display.

2.4.3. Measures

Daily average Screen time - An objective daily mean screen time figure over the
previous complete week was recorded from the participants' mobile phones’ in-built
screentime analytic applications. Approximately a week prior to data collection in the
baseline and demographics questionnaire, participants were instructed to enable the screen

time monitoring feature of their mobile device.

Perceived social media valence - The valence of social media content was recorded
using a two-item Likert scale developed for this study. This scale was adapted from the single
item five-point Likert scale used in Margousian (2020)’s study (“Subjects recorded and rated
their exposure to the social media content from (a) very negative, (b) negative, (c) neutral, (d)
positive, or (e) very positive”), and added a second item to improve reliability and specific
statements for understandability. Our adapted valence scale consisted of the following
statements: ‘Over the last week, would you generally consider the content you have seen on
social media apps/sites to be emotionally...’, and ‘Generally, would you consider the content
on the social media app/sites you use to be... . Participants then responded on a scale from 1
being ‘very negative’ to 5 being ‘very positive’ with three being neutral (etc). A mean score is
taken of the two items to provide the valence score. Due to the technological and practical
limitations of the broader study context, this was merely a subjective measure. Furthermore,
due to this metric only having two items, a reliability test was unable to be performed.
However, as an alternative, a Pearson's correlation was conducted across the two items of this

scale to provide an insight into inter-item consistency.
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Perceived information overload (PIO) from social media - To measure feelings of
overwhelm deriving from the use of information/communication technologies, we intend to
use an adapted version of Misra and Stokols’ (2012) Perceived Information Overload Scale
(PIOS), altered to only include the questions involving technological sources, and said
questions are changed to refer to specifically SM concepts, not just CMC or general
technology. The complete set of six questions can be found in the Appendices (Appendix A).
Still, an example of one item is: ‘In the last month, how often have you felt overwhelmed by
video or images online?’, for which the participant submits a response on a 5-point frequency
Likert scale of Never to Very often. The mean of all six responses is taken to construct the
single subjective information overload figure for the participant. Cronbach's alpha reliability
testing was performed on the results of this metric to investigate the consistency across its

items.

Reward sensitivity - To measure reward sensitivity, the Behavioural Activation Scale
(BAS), a component of the comprehensive Behavioural Activation and Behavioural
Inhibition Scales (BAI) (Carver & White, 1994), was employed. The BAI questions that
measured BAS were all items excluding items 1, 6, 10, 13, 15, 18, and 20. These items were
statements on a 4-point Likert scale, indicating the extent of agreement with one being
‘strongly disagree’ and four being ‘strongly agree’. For example, item five is “When I get
something I want, I feel excited and energised.” See the Appendices (Appendix B) for the
complete list of items. None of these items were reverse scored, so a mean score of all five
items were taken as the single BAS/reward sensitivity score. Despite being a preestablished
measure of reward sensitivity, a Cronbach's alpha reliability test was performed on the results

of this metric to investigate its consistency across items in our sample.
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2.5. Procedure

Informed consent to participate in the study was first gained. Then, approximately one
week before the participant attended the lab in person for the core part of the study,
participants completed a demographic and baseline survey. This included the majority of
within-subjects and demographic variables: (1) an inventory measuring recent perceived
information overload, in regards to social media use, (2) A two-item inventory measuring the
valence of how participants perceive the content they have seen online recently, (3) the
behavioural activation scale (from the Behavioural activation inventory), to measure reward

sensitivity, and (4) demographic information (age, gender, ethnicity).

As per the study timeline as seen in Figure 3, each participant, upon commencing the
in-person study, was guided through an (approximately) 6-hour study period and was again
required to provide consent to participate. The structure of activities and tasks was consistent
across all participants, as follows. All Participants arrived at approximately 10:00 pm, and the
consent and exclusion criteria checklists were then completed. Before storing personal
belongings (including all electronic devices), participants’ daily mean mobile phone

screentime (over the last full week) was recorded.

Figure 3

The Study timeline (of the wider study context)

10min I [ | — — —

e DT

i

I Rest period I Solitude B Questionnaire
TSST preparation B socialinteraction I salivasample
Il T1ssT I Free-choice period I Blood pressure

Note. Many aspects of the study timeline are extraneous components of the broader study

context (i.e. saliva sample, free choice period, and social interaction) and are therefore
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irrelevant to the present study. “P4” represents the post-stress period, approximately 5 hours
following the commencement of the TSST (stress phase). Lunch breaks were provided
(indicated by the food and drink icon) at approximately 12:40 pm-1:10 pm for all
participants. The bottom bar represents the timeline for the present study’s socially isolated

sample.

Next, participants were fitted with the ECG electrodes, ICG electrodes and the Omron
Evolv Upper Arm Blood Pressure Monitor (HEM-7600T-E) blood pressure arm cuff (electric
sphygmomanometer) on their non-dominant arm. These were intended to measure
Electrocardiography (ECG) signals, Impedance-Cardiography (ICG) signals continuously, as
well as intermittent blood pressure measurements at regular intervals. Once connections to
AcgKnowledge software were established, continuous recordings of raw ECG and ICG
signals were initiated, along with regular blood pressure measurements. These were later
segmented into discrete phases. The first of which was the baseline phase, which measured

‘typical’ physiological profiles of each participant.

Following this began the stress phase. Participants were guided through the TSST task
(Kirschbaum et al., 1993). Specifically, participants were informed that they were to give a
speech about their dream job after an eight-minute preparation period (five minutes to write
out a plan; three minutes to review their notes) had ended. Participants were provided with a
pen and paper to plan their speech. The pen was taken away after 5 minutes. After
preparation, participants were led to a separate room where an ‘evaluator’ confederate was
present and ready to record their speech on a mobile phone, positioned on a tripod.
Additionally, the paper plan that the participants had prepared was unexpectedly taken away

from the participant, to elicit further stress.

The speech was to last five minutes, was performed to the unenthused and strict
‘evaluator’, and was followed by a difficult (and unexpected) five-minute mental arithmetic
task (counting backwards from a large number in steps of a difficult amount, for example:
1022 in backwards steps of 13 or counting backwards from 2043 in steps of 17 (Narvaez

Linares et al., 2020)). Two sets of blood pressure data points were recorded during each
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phase of the TSST (preparation, review, speech, and arithmetic phases). Furthermore, the
continuous ECG and ICG data were later segmented into a stress phase and were averaged
accordingly. Once these tasks were completed, it was thought that an adequate stress response

had been elicited, and they were led back to their separate participant room.

The participants continued to have their blood pressure and physiological signals
measured throughout the remainder of the study period. Participants engaged in a variety of
socially isolated tasks and activities for the rest of the study period. Although the nature of
these activities is not particularly relevant to the present study, for transparency, an outline of
potential activities will be provided. Activities were approx. 30-40 minutes of passive social
media or internet use, 30-40 minutes of playing a computer game against a ‘robot’ opponent,
30-40 minutes of playing a board game alone, and 30-40 minutes of free-choice (non-sleep or
social interaction) activities (including reading a book the participant brought from home,
reading the scientific books in the participant's room, using colouring books, playing with
toys, light exercise, resting on the bed, or any of the activities as mentioned earlier).
Fundamentally, all participants did not experience significant social interaction following the
stress phase. After 5 hours of engaging in activities and participating in non-relevant surveys
(part of the broader study context), the final approx. 30-40 minutes (final activity) of
continuous physiological data were segmented into a ‘post-stress phase’. Measures of blood

pressure were also taken at this point.

Once the study period concluded, participants were disconnected from the
physiological measurement apparatuses and subsequently debriefed, being informed that the
TSST was intentionally designed to induce stress and were debriefed accordingly.

Participants subsequently received financial compensation for their participation.
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2.6. Data Analysis Plan

Data processing was conducted using AcqKnowledge Version 5.0.0.0 (Almond,
2017), MindWare HRV analysis and IMP analysis (Software - MindWare Technologies, n.d.),
and Microsoft Excel. Analyses were conducted using IBM SPSS Statistics Version 29.0.0.0.

2.6.1. Data Processing

The first step of processing physiological data was the conversion of physiological
data files using BIOPAC AcgKnowledge Version 5.0.0.0 (Almond, 2017) to a file format
compatible with the MindWare HRV analysis software (ECG data) and MindWare IMP
analysis software (ICG data) (AcqgKnowledge 3 file), both included in the MindWare
Application Suite for physiological processing. For both ECG and ICG data, each peak was
manually inspected to verify the accuracy of the automatic peak assignment, identifying any
errors, noisy data, or missing values. In the case of erroneous peak assignment, false peaks
were removed, and for ECG data alone, a new midbeat estimation was created between the
prior and subsequent correct peaks. For ICG data specifically, the ensemble was checked for
normal values and was adjusted accordingly in the event of irregular values. Furthermore,

peaks assigned to out-of-range signals were removed.

Following the cleaning of the data, the two MindWare software programs calculated
the mean heart rate variability, pre-ejection period, and cardiac output for each segment.
Relevant to this study, the segments included baseline, stress preparation, stress review, stress
speech, stress arithmetic, and six segments of the post-stress phase. The Baseline segment,
Stress-phase segments, and post-stress segments for HRV, PEP, and CO were recorded onto
Microsoft Excel. All stress and post-stress segments were averaged into mean stress phase
indices and mean post-stress phase indices. The mean of systolic and diastolic blood pressure
for each segment was calculated and combined, if necessary. Using the formulas outlined in
Johnston et al. (2023), each participant’s mean arterial pressure (MAP) was calculated from

the systolic (SBP) and diastolic blood pressure (DBP) [MAP = 0.3 x ((2 x DBP) + SBP)].
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From this, total peripheral resistance was calculated as per Johnston et al. (2023)’s formula:
TPR = 80 x (MAP/CQO). Therefore, at the baseline, stress, and post-stress time points, mean
measures of HRV, PEP, CO, and TPR were generated.

As mentioned previously, Stress recovery for each physiological index was
operationalised as a ‘recovery index’, reflecting the proportional extent to which
physiological stress measures returned to baseline levels, relative to the extent of stress
reaction from baseline to stress. This was calculated through the following formula:
[Recovery Index = (Stress — Post-stress)/(Stress — Baseline) for those variables that
generally increase in stress (CO, TPR) and Recovery Index = (Post-stress —
Stress)/(Baseline — Stress) for those variables that generally decrease during stress (HRV,
PEP)]. Therefore, Scores equalling 1 indicate a 100% return to baseline levels, scores of 0 - 1
suggest that stress levels have persisted at a level worse than baseline levels, scores below 0
represent stress levels that have worsened after the stress phase ended, and scores above 1
reflect that scores have rebounded or compensated to a level better than the baseline. At this

point, stress recovery indices for HRV, PEP, CO, and TPR were generated.

For within-subject individual difference variables measured using self-report
instruments, all individual item scores on the inventories used were averaged together to
create a single mean value for each measure (the precise process is described in Section 2.4.3.
“Measures”). For screen time data, weekly totals of screen time in minutes were added into

Excel and divided by 7 to get a daily average.

2.6.2. Data analysis

The present study aimed to investigate social media usage patterns (in terms of
magnitude/quality) in relation to stress recovery dynamics. We also sought to examine
whether individual differences in reward sensitivity and perceived information overload from
social media moderate these relationships. Prior to hypothesis testing, we checked for and

removed extreme outliers and tested whether the data set adequately meets assumptions for
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the use of the intended parametric tests. If not met, non-parametric alternatives were to be
utilised. For each hypothesis involving physiological stress recovery, all four stress indices

will be tested under the broad blanket term of ‘stress recovery’ in each hypothesis.

Outliers were inspected to identify and remove influential cases that reflect errors in
data collection technologies, software calculation errors, or survey input mistakes. They were
carefully examined to differentiate between erroneous outliers and true extreme values. We
sought to identify univariate outliers by first determining the normality of each variable using
Shapiro-Wilk testing, and then using boxplot screening and standardised z-score screening
(Z-score > 3.29 indicating outliers (Mowbray et al., 2018)) if the data was normally

distributed, or just the boxplot screening (if the data was found to be non-normal).

Notably, the limited resources available for this project restricted this study to being
exploratory only (which will be elaborated on later). As such, p-values for each test are
planned to be provided in their original form, without correction for multiple comparisons.
Holm-Bonferroni and Bonferroni corrections were considered (and therefore calculated using
Aslaksen (2016)’s custom SPSS syntax) for each test/test family as a conservative indicator
of significance. Still, uncorrected values will be used to describe potential patterns found in

our data that act as preliminary bases for further examination.

The following details each of the hypotheses and the intended parametric tests:

H1 Correlation Hypotheses:

For the following hypotheses: Hla. “High reward sensitivity will be associated with a longer
average daily screen time”, H1b. “Higher screen time will be associated with higher levels of
subjective overload”, Hle. Lower reward sensitivity will be associated with higher levels of
subjective information overload”, H1d. “Reward sensitivity will be positively associated with
a more positive valence social media content”, and Hle. “Lower valence will be associated

with higher levels of subjective overload” Pearson's correlation tests were intended to be used.

50



The H2 Regression hypotheses:

H2a. “Greater screen time will be associated with a reduced stress recovery ability”
will be tested using a simple linear regression test, with screen time as the
independent variable and the stress recovery index as the dependent variable.

H2b. “More negative valence social media content exposure will be associated with
poorer stress recovery capacity” will be tested using simple linear regression, with
social media valence as the independent variable and stress recovery capacity as the

dependent variable.

Regressions were to be conducted regardless of normality, due to established normality

violation robustness of linear regression analyses.

H3 Moderation Hypotheses:

All the following hypotheses required the use of a moderation analysis. To conduct this test,

the PROCESS macro (Hayes, 2013) SPSS add-on was installed onto SPSS.

H3a. “The relationship between screen time and physiological stress recovery will be
moderated by subjective information overload.” -
o A moderation analysis was to be conducted: Screen time predicting
physiological stress recovery, moderated by subjective information overload.
H3b. “The relationship between social media valence and physiological stress
recovery will be moderated by reward sensitivity.” -
o A moderation analysis was to be conducted: Social media valence predicting

physiological stress recovery, moderated by reward sensitivity.

H4 Combined Model Hypotheses

e H4. “A model including both subjective information overload and reward sensitivity

will explain more variance in stress recovery than either predictor alone” -
o Hierarchical Multiple regression tests were to be conducted. Using stress
recovery index metrics as the dependent variable. Perceived information
overload and reward sensitivity are introduced in steps as primary and

secondary predictors. This will test whether there is a significant change in R?

from adding a second predictor. This will then be repeated in the reverse step

order.
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3. RESULTS

3.1. Outlier detection and normality testing

Univariate outliers were inspected to identify and remove influential cases that reflect
errors in data collection technologies, software calculation errors, or survey input mistakes.
They were carefully examined to differentiate between erroneous outliers and true extreme
values. We sought to identify univariate outliers by first determining the normality of each
variable using Shapiro-Wilk testing, and then using boxplot screening and standardised z
score screening (Z-score > 3.29 indicating outliers (Mowbray et al., 2018)) if the data was
normally distributed, or just the boxplot screening (if the variable was found to be

nonnormally distributed).

Shapiro-Wilk tests were conducted on all variables. PEP recovery index and HRV
recovery index were the only variables that yielded significant Shapiro-Wilk test results,
suggesting non-normality. As such, outlier screening was only performed using box plot
screening for these two variables. For the remaining variables, outliers were screened using
both box plots and standardised z-score screening methods. Physio variables in which
extreme outliers were detected and subsequently removed: HRV recovery index had one,
TPR recovery index had one, CO recovery index had two, and PEP recovery index had four.
This totalled to eight removed outlier cases. Mild outliers were kept under the assumption
that they represented valid population variance (true outliers) and for the sake of the already
limited sample size. Following the removal of outliers (besides those that reflected true
variance), additional Shapiro-Wilk tests were performed on all variables. Results indicated
that most variables were normally distributed. Following a single HRV outlier removal, HRV
recovery index remained non-normal (W(21) = .897, p =.031). Upon further investigation,
HRYV recovery index possessed non-substantial levels of skew (y: = .886, SE =.501) and
kurtosis (k= 2.213, SE = .972). According to Orcan's (2020) approach of defining significant
skew and kurtosis at 1.95 x SE, these results indicate non-significant levels of skew and a
substantial level of kurtosis (heavy leptokurtic distribution). Likewise, using Hatem et al.

(2022)’s boundaries for levels of kurtosis and spread, skew is moderate, and kurtosis is large.
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Therefore, for the linear regression analyses involving HRV recovery index (H2), bias-
corrected bootstrapping with 5,000 resamples (Davison & Hinkley, 1997) will be employed
to generate standard errors and 95% confidence intervals, thereby mitigating the biased

effects of non-normality (Hayes, 2022).

Indeed, researchers suggest bootstrapping in all cases, even if parametric assumptions
are met (Hayes, 2022, p. 123; Field, 2018), when samples are particularly small (as is the case
in the present study). Given this recommendation, the fact that the SPSS PROCESS Macro
defaults to 5000 resample bootstrapping, and the need to do so for non-normal HRV,

bootstrapping was performed for the non-normal HRV for H2a and H2b.

3.1.2. Missing cases

All missing cases of the different stress indices would be due to any of the following:
failure of measurement instruments, unusable data due to noise/artefacts, or an
insurmountable error in MindWare HRV or IMP analysis software. To clarify, the HRV
recovery index had two missing cases, the PEP recovery index had four missing cases, the
CO recovery index had four missing cases, and the TPR recovery index had five missing
cases. Due to the nature of these missing values generally being random circumstantial errors
in data collection or processing, we could assume these datapoints are missing at random
(MAR). Likewise, some of the self-report metrics are missing (one missing for the valence
scale, one missing for the information overload scale, and one for the BAS scale; all from the
same participant), which reflects a glitch or failure in the software. This also indicates MAR.
For screen time, screen time was attained from the participants’ phone’s screen time analytic
app, of which users were instructed to enable approximately one week prior to the study.
Several users had forgotten or failed to enable this feature; other participants’ mobile phones
were of an unfamiliar operating system (OS) that did not include this screen time feature,
insufficient training of research assistants in data storage protocols, and one data point was
missed due to a data recording error (this totalled to 14 missing cases). It was thought that
those who owned certain phones or forgot to enable this feature would predictably cause
missing values, and therefore, we would assume these missing cases to occur not at random
(MNAR). However, following a Little’s MCAR test of relevant variables (screen time,

valence, PIO, reward sensitivity, HRV, PEP, CO, and TPR recovery indices), there was no
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statistically significant evidence for any variable’s missing data not being completely random

(x*(68) = 67.831, p = .483). Implications of this on our findings will be discussed.

3.1.3. Measure reliability testing

McDonald’s Omega could not be estimated for PIOS due to several near-zero and
negative item intervariances, suggesting poor multidimensionality. Indeed, Principal Axis
Factoring analysis revealed three significant factors contained within the scale, if using the
Kaiser > 1 rule (i.e., eigenvalues > 1) (2.235, 1.666, and 1.071, respectively). Despite
appearing to violate the assumption of unidimensionality, a Cronbach’s alpha test was
conducted on the six items and suggested our perceived information overload scale adapted to
social media possessed a moderate to low level of reliability (a = .614). However, due to

assumption violations, definitive reliability judgments that can be made from this are limited.

Despite the BAS scale being taken directly from an established scale, we chose to
examine its reliability for our given sample, and because we took the mean of the subscales to
calculate an overall BAS. Again, McDonald’s Omega could not be estimated for the 13-item
BAS scale due to several near-zero and negative item intervariances, suggesting poor
multidimensionality, which was partly supported by a principal axis factoring analysis that
suggested that the BAS scale, in our sample, measures five latent factors (eigenvalues =
4.125, 1.839, 1.439, 1.353, and 1.184, respectively). However, the sharp initial drop found in
the scree plot (elbow test; see: Zhu & Ghodsi, 2006) and the predominantly large initial factor
eigenvalue indicate that there is one dominant factor in the model, suggesting an extent of
unidimensionality. Indeed, since the BAS scale was taken from a preexisting scale where
BAS had four different types of BAS under the same umbrella, it would suggest that reward
sensitivity is measured as a whole (unidimensional), with slight multidimensionality in that it
measures distinct BAS types. Regardless, we then estimated Cronbach’s alpha for the 13-item

BAS scale and found moderate-to-good levels of reliability (o =.761).

Valence of social media scale item scores were not normally distributed (item 1 =
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W(23) = .818, p =<.001; item 2 = W(23) = .801, p = <.001) and therefore a one-tailed
nonparametric Spearman’s correlation test was performed. A significant weak-to-moderate

correlation was found (r4(21) =.378, p = .038) between the two items. Implications of these

results will be discussed in the following chapter.
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3.2. Descriptive Statistics
Table 1 outlines the descriptive statistics for the present study.

Table 1

Descriptive statistics for all participants (N = 24) following outlier removal

N Minimum Maximum Mean Sj[d'.
Deviation
Perceived Valence of SM 23 2 4.5 2.93 0.7
Daily Mean Screen Time
10 126.86 722 386.39 212.9
(Minutes)
Perceived Information
23 1.5 3.83 2.49 0.63
Overload from SM
Reward Sensitivity (BAS) 23 2.08 3.54 291 0.34
HRV Recovery Index 21 -2.9 7.1 0.97 0.5
PEP Recovery Index 16 -4.68 0.76 -0.56 1.28
CO Recovery Index 18 -2.71 2.83 0.27 1.39
TPR Recovery Index 18 -4.26 6.83 0.1 2.32

Note. All variables, except HRV recovery index, were normally distributed.
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3.3. Hypothesis Testing

3.3.1. Correlation Hypotheses (H1)

For hypothesis 1A (High reward sensitivity will be associated with a higher average
daily screen time), sample limitations (N = 9) did not allow us to perform inferential analysis.
Instead, a preliminary descriptive plot of the relationship between reward sensitivity and
screen time is examined and is shown in Figure 4. The apparent trend seems to suggest a
slight negative relationship, which would be contrary to our hypothesis; however, as this is a

descriptive observation, any confirmation of null results cannot be definitively drawn.

Figure 4
Scatterplot of reward sensitivity and daily mean screen time
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Likewise, the sample for Hypothesis 1B (higher screen time will be associated with higher
levels of subjective overload) similarly suffered from restricted sample size (N = 9) and could
not be tested inferentially. Instead, a preliminary descriptive plot of the relationship between
reward sensitivity and screen time is examined and is shown in Figure 5. There appears to be
no consistent discernible trend seen in these data points, which would be contrary to the

hypothesis. Again, this is not sufficient for null results to be confirmed.
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Figure 5

Scatterplot of perceived information overload and daily mean screen time
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For hypothesis 1C, it was hypothesised that high perceived information overload
would be associated with greater reward sensitivity. Following confirmation of the necessary
test assumptions, a one-tailed Pearson's correlation test was conducted (N = 23). The results
indicated that the two variables were not significantly correlated (r(21) =.042, p = .424),
thereby failing to reject the null hypothesis.

For Hypothesis 1D, we hypothesised that Reward sensitivity would be positively
associated with more positive valence social media content. Following the confirmation of
necessary test assumptions, a Pearson's correlation test was conducted (N = 23), and it was
found that reward sensitivity scores were significantly positively associated with perceived

SM valence (r(21) = .463, p =.013).

Finally, for hypothesis 1E, it was hypothesised that lower social media valence would
be associated with higher levels of subjective overload. Following the confirmation of
necessary test assumptions, a Pearson's correlation test was conducted (N = 23), and it was

found that levels of perceived information overload were not significantly associated with
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perceived valence of social media content (r(21) = -.010, p = .482), failing to reject the null

hypothesis.

A sensitivity analysis conducted in G*Power 3.1 (a = .05, power = .80) indicated that
with a sample size of N = 23, the Pearson correlation analyses in this section only possessed
sufficient power to detect moderate to large effects (minimum detectable r = .494). Smaller
effects could therefore not be reliably detected. To note, Hypothesis 1D yielded a significant
effect (r = .463) with an effect size below this calculated reliable detection threshold (r =
482), suggesting that the present study would fail to reliably replicate this effect at least 80%
of the time (potential dubious reliability), suggesting this result should be interpreted with

increased scepticism. This will be discussed in a later section.

3.3.2. Hypothesis 2

Following linear regression testing to investigate whether SM Valence predicted HRV
recovery index scores (H2A1) (N = 20), the test results indicated there was no significant
predictive relationship detected in the present sample. Both the overall regression model and
the prediction test did not reach the significance threshold (R* = .010; Adjusted R>=-.045; F
(1, 18) =.185; p=.672; SE =.578) and (B =-.101, p = .672), respectively. For transparency
and posterity, an additional linear regression analyses was performed for this hypothesis but
with previously removed spurious outlier(s) included (N = 21) to examine the impact of
outlier removal, which similarly did not detect any results beyond the significance threshold
((R*= .039, Adjusted R>=-.011; F(1, 19) = .778, p = .389; SE = .930) & (B =-.190, p =

.389)), suggesting that outlier removal did not significantly alter results in this case.

A sensitivity analysis conducted in G*Power 3.1 (a = .05, power = .80) indicated that
with a sample size of N = 20, linear regression tests only possessed sufficient power to detect
very large effects (approximate minimum detectable effect size of f> = .439), which translated
to an approximate R? = .305. Smaller effects could therefore not be reliably detected. This
minimum detectable effect would also further increase in the samples with fewer than 20

participants, which further demonstrates limited power.
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Other physiological stress recovery indices (PEP, CO, TPR) lacked sufficient sample
size to be examined using parametric testing and were instead tested using non-parametric
Spearman’s rank correlation tests. While, unfortunately, lacking the capacity to test predictive
relationships, it was thought that examining correlational relationships may still reveal useful

information. None of the tests were significant; the results of these tests are found in Table 2.

Table 2
Spearman’s Rank Correlation analysis results for H2Aii — iv following the removal of

spurious outliers.

Metric N df r p

PEP 15 13 -.457 .087

Valence — Stress recovery (H2a). CO 17 15 044 866

TPR 17 15 .386 126

Despite examination of outliers suggesting they reflect genuine measurement errors rather
than true population variation, a sensitivity analysis was conducted for the purposes of
transparency and posterity. This involved rerunning the prior Spearman’s rank correlation
analyses with outliers removed to examine whether outlier removal drastically alters the

results. The results of this outlier sensitivity analysis are shown in Table 3.

Table 3
Spearman’s Rank Correlation analysis results for H2Aii — iv, with spurious outliers included

in the analysis for outlier removal sensitivity testing.

Metric N df r p
PEP 19 17 -215 378
Valence — Stress recovery (H2a). e 9 17 171 433
TPR 18 16 321 193
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For Hypotheses H2Bi — H2Biv, due to a combination of data collection errors and
study limitations, the present sample was severely restricted beyond a suitable level for
inferential testing (N = 8-9), including non-parametric alternatives. As such, only descriptive
examinations of relationships between stress recovery metrics and screen time were able to
be explored, possessing no confirmatory bases. As such, the patterns observed cannot be
taken as a valid or reliable indicator of effect or null effect. As a potential preliminary area of
interest for more aptly powered studies, descriptive patterns are as follows. In the present
sample, mean daily screen time and HRV recovery index appeared to have a moderate to
strong positive relationship (N =9; r(7) = .383). PEP recovery index and mean daily screen
time presented with a very low negative association (N = §; r(6) = -.048). CO recovery index
and Daily mean screen time seemed to have a strong negative association (N = 9; r(7) = -
.700). Finally, TPR recovery index and daily mean screen time’s relationship appeared to be
weakly negatively correlated (N = 8; r(6) = -.286). Figures 6-9 display visualisations of these

relationships.

Figure 6
Scatterplot of the relationship between HRV Recovery Index and Daily mean screen time.
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Figure 7
Scatterplot of the relationship between PEP Recovery Index and Daily mean screen time.
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Figure 8

Scatterplot of the relationship between the CO Recovery Index and Daily mean screen time.
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Figure 9
Scatterplot of the relationship between TPR Recovery Index and Daily mean screen time.
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3.3.3. Hypothesis 3

The third hypothesis of this paper was that the predictive relationship between social media
use (valence/screen time) will be moderated by either reward sensitivity or perceived
information overload. Physiological stress recovery was measured by four different metrics
(HRYV, PEP, CO, and TPR) and was therefore tested individually. As HRV Recovery Index
and Daily Mean screen time were the only tests with a sample size remotely sufficient for a
regression analysis (N=20), it was similarly the only tests able to undergo an inferential
moderation analysis, with either reward sensitivity or information overload as moderators.

The remaining metrics were examined descriptively.
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Hypothesis 3A

Firstly, SPSS PROCESS Macro (Hayes, 2013) was used to examine whether reward
sensitivity moderated the relationship between perceived SM valence and HRV Recovery
index (H3Ai) (N = 20). The test indicated that the overall model was not significant (R? =
0.138, F(3, 16) = .856, p = .484). Importantly, interactions between valence and reward
sensitivity were not significant (B =.916, SE = 2.383, t = .384, p = .706), indicating that
reward sensitivity did not moderate this relationship. The same analysis was performed with
the removed spurious outlier included to examine the sensitivity of the results to its removal.
This version (N = 21) similarly presented with a non-significant overall model (R* = .114;
F(3, 17) =.732; p = .547) and no significant moderation (B = 1.63; SE =3.06; t = .533; p =

.60). These results suggest that the removal of the outlier had little impact on the results.

A post hoc sensitivity analysis conducted in G*Power 3.1 (o = .05, power = .80)
indicated that with a sample size of N = 20, the moderation analysis only possessed sufficient
power to detect fairly large effects (minimum detectable effect size of f> =~ .441), which
corresponded to an AR? = .38, according to the full model variance (R? =.138). Smaller
effects could therefore not be reliably detected.

When examining visualised descriptive relationships between PEP recovery index and
SM Valence at differing levels of reward sensitivity (H3Aii) (Group below median and group
above median), there does not appear to be any difference between high and low reward
sensitivity groups, as such not suggesting a moderative impact of reward sensitivity for the
PEP-Valence relationship, however it is important to note that this null result is not
confirmatory and further inferential testing must be conducted to verify this preliminary

observation. Figure 10 provides a visualisation of this.
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Figure 10
Scatterplots of the relationship between PEP Recovery index and Perceived SM Valence at

low and high levels of reward sensitivity
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Secondly, when examining visualised descriptive relationships between CO recovery
index and SM Valence at differing levels of reward sensitivity (H3Aiii) (In either a group
below the
median or a group above the median), it appears that high levels of reward sensitivity entail a
fairly strong positive association. In contrast, lower reward sensitivity manifests as either a
potential negative association or no discernible association. This preliminary observation may
suggest a potential moderating effect of reward sensitivity on the CO-Valence relationship;
however, this is not confirmatory, and further inferential testing is needed to verify it. Figure

11 provides a visualisation of this.
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CO Recovery Index

Figure 11

Scatterplots of the relationship between CO Recovery index and Perceived SM Valence at low

and high levels of reward sensitivity
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Finally, when examining visualised descriptive relationships between TPR recovery

index and SM Valence at differing levels of reward sensitivity (H3Aiv), it appears that high

levels of reward sensitivity show a weak positive association between TPR recovery index

and SM Valence, while at a lower reward sensitivity, no discernible association is seen. This

preliminary observation may suggest a potential moderating effect of reward sensitivity on

the TPR-Valence relationship; however, this is not confirmatory, and further inferential

testing is needed to verify it. Figure 12 provides a visualisation of this pattern.

Figure 12

Scatterplots of the relationship between TPR Recovery index and Perceived SM Valence at

low and high levels of reward sensitivity
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Hypothesis 3B

Secondly, SPSS PROCESS Macro (Hayes, 2013) was used to examine whether
perceived information overload moderated the relationship between perceived SM valence
and HRV Recovery index (H3Bi1) (N = 20). The test indicated that the overall model was not
significant (R? = 0.41, F(3, 16) =.228, p = .875). Furthermore, interactions between valence
and reward sensitivity were not significant (B =-.331, SE = 1.64, t =-.201, p = .843),
indicating that reward sensitivity did not moderate this relationship. The same analysis was
performed with the removed spurious outlier included to examine the sensitivity of the results
to its removal. This version (N = 21) similarly presented with a non-significant overall model
(R*=.174; F(3, 17) = 1.2; p = .341) and no significant moderation (B=1.2; SE=1.83;t=
.655; p=.521). These results suggest that removing the outlier had little impact on the
results, except for shifting the direction of the interaction coefficient, though not to any

substantial degree.

A post-hoc sensitivity analysis conducted in G*Power 3.1 (a0 = .05, power = .80)
indicated that with a sample size of N = 20, the moderation analysis only possessed sufficient
power to detect fairly large effects (minimum detectable effect size of £ = .441), which
corresponded to a AR? = 424, according to the full model variance (R? =.041). Smaller
effects could therefore not be reliably detected.

Remaining stress recovery metrics (PEP, CO, TPR) lacked sufficient sample sizes for
inferential testing, a nd therefore only descriptive exploration of these hypotheses was

possible under the current design/study.

When examining visualised descriptive relationships between PEP recovery index and
SM Valence at differing levels of information overload (H3Bii) (Group below median and
group above median), it appears that high levels of information overload show a moderately
strong negative association between PEP recovery index and SM Valence. In contrast, at
lower levels of information overload, no discernible association is observed. This preliminary
observation may suggest a potential moderating effect of reward sensitivity on the PEP-
Valence relationship; however, this is not confirmatory, and further inferential testing is

needed to verify it. Figure 13 provides a visualisation of this.
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PEP Recovery Index

Figure 13
Scatterplots of the relationship between PEP Recovery index and Perceived SM Valence at

low and high levels of information overload
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Next, when examining visualised descriptive relationships between CO recovery
index and SM Valence at differing levels of information overload (H3Biii) (Group below
median and group above median), it appears that high levels of information overload show a
moderately strong negative association between PEP recovery index and SM Valence. In
contrast, at lower levels of information overload, a positive association trend seems to appear.
This preliminary observation may suggest a potential moderation effect of Information
overload on the CO-Valence relationship, which elicits a reversal in trend direction; however,
this is not confirmatory, and further inferential testing is needed to verify this preliminary

observation. Figure 14 provides a visualisation of this.
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CO Recovery Index

Figure 14
Scatterplots of the relationship between the CO Recovery index and Perceived SM Valence at

low and high levels of information overload
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Finally, when examining visualised descriptive relationships between TPR recovery
index and SM Valence at differing levels of information overload (H3Biv) (Group below
median and group above median), no discernible difference in trend is observable between
high and low levels of information overload. This preliminary observation may indicate a
lack of moderating effects of information overload on the TPR-Valence relationship, which
elicits a reversal of trend direction; however, this is not confirmatory, and further inferential
testing must be conducted to verify this preliminary observation. Figure 15 provides a

visualisation of this.

Figure 15
Scatterplots of the relationship between TPR Recovery index and Perceived SM Valence at

low and high levels of information overload
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H3C & H3D were not inferentially tested (as planned) or descriptively examined due
to the considerable sample size limitations of the screen time data (N < 10), rendering these
tests or comparisons non-useful/unfeasible. This was partially due to the process of splitting
datasets into two groups for this type of analysis. Ultimately, data would be too noisy to

examine even descriptive trends earnestly.

3.3.4. Hypothesis 4 (/Exploratory Analysis)

Hierarchical multiple regression analyses were conducted to examine whether perceived
information overload and reward sensitivity (BAS) together predicted physiological recovery
better than either predictor individually. As with other hypotheses, physiological stress

recovery was measured using four stress metrics.

Firstly, to examine the prediction of HRV Recovery index by information overload and
reward sensitivity (H4a) (N = 20), a hierarchical regression was employed. When
Information overload was entered at Step 1, it explained 2.6% of the variance in HRV
recovery index. Adding reward sensitivity at Step 2 accounted for an additional 6.5% of
variance, which did not meet the significance threshold (AR? = .065; p = .286). In the reverse
model, reward sensitivity entered at Step 1 explained 7.1% of the variance, with information
overload contributing an additional 2% at Step 2, which did not meet the significance

threshold (AR? = .02; p = .550).

For transparency, outlier sensitivity was assessed in a subsequent test that included a
previously removed outlier (N = 21). These results indicated that information overload
entered at Step 1 explained 11.5% of the variance in HRV recovery index. Adding reward
sensitivity at Step 2 accounted for an additional 1.4% of variance, which did not meet the
significance threshold (AR? =.014; p = .599). In the reverse model, reward sensitivity entered
at Step 1 explained 1.7% of the variance, with information overload contributing an
additional 11.2% at Step 2, which did not meet the significance threshold (AR*=.112; p =
.145). Overall, the inclusion of this outlier had no substantial bearing on the test results, aside

from slight variations in some percentages; therefore, the conclusions remain the same.
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A post-hoc sensitivity analysis was conducted in G*Power 3.1 (o = .05, power = .80)
indicated that with a sample size of N = 20, the hierarchical regression only possessed
sufficient power to detect fairly large incremental effects (minimum detectable effect size of
f2 = .441), which corresponded to an AR? = 0.4, according to the full model variance (R? =
.091). Smaller effects could therefore not be reliably detected.

The remaining stress metrics did not have sufficient sample sizes for inferential testing.
However, descriptive hierarchical regression results are detailed, presenting potential

preliminary patterns (while lacking confirmatory bases). These results are seen in Table 4.

Table 4
Descriptive hierarchical multiple regression effect size estimates of individual
difference variables (perceived information overload and reward sensitivity) and

each physiological stress recovery index

DV Step Order N AR?
Overload -
PEP Recovery 15 .073
BAS
PEP (H4B)
BAS -
PEP Recovery 15 .003
Overload
Overload -
CO Recovery 17 .083
BAS
CO (H4C)
BAS -
CO Recovery 17 .008
Overload
Overload -
TPR Recovery 17 .036
BAS
TPR (H4D)
BAS -
TPR Recovery 17 244
Overload
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4. Discussion

4.1. Summary of Results

4.1.1. Summary for Hypothesis 1

Due to unforeseen methodological shortcomings, certain tests’ samples were
insufficient to perform inferential testing (those tests involving screen time), and therefore,
not all tests had confirmatory bases. In terms of tests with a confirmatory basis, we
hypothesised that reward sensitivity would be positively associated with exposure to more
positive-valence social media content (H1d). Following a one-tailed Pearson's correlation
test, we found a significant, moderately strong correlation between reward sensitivity and SM
valence. This result indicates a pattern in line with our alternate hypothesis. Moving forward,
we hypothesised that high levels of perceived information overload would be associated with
a higher reward sensitivity (H1c), but following a Pearson’s correlation analysis, no
significant relationship between variables was detected. Similarly, it was hypothesised that
lower social media valence would be associated with higher levels of subjective overload

(H1e); however, no significant relationships were detected after inferential testing.

The study also hypothesised that reward sensitivity and daily average screen time
would be positively associated (H1a). The present sample was insufficient to test this
hypothesis inferentially. Accordingly, descriptive observation of the trend seemed to suggest a
slight negative association, which would directly contradict our hypotheses. Though this is
not confirmatory evidence and therefore should be viewed with intense caution, which is not
to say it would not still be a useful direction for further experimental scrutiny. Moreover, we
hypothesised that high levels of perceived information overload would be associated with
longer average daily screen time (H1b). Although we could not inferentially test this

relationship, descriptive examination did not reveal any discernible association in our sample.

Our results, showing a significant and moderately strong correlation between reward
sensitivity and SM valence, align with previous research. As discussed in the introductory

section, Richards et al. (2016) suggest that constant exposure to positive stimuli (presumably
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positively valenced) encourages increases in reactivity to reward. Indeed, this effect may be
compounded in groups, most commonly on SM platforms (Statista, 2024), and particularly
among adolescents, who are particularly receptive to the positive and negative social rewards
found there. This effect is further substantiated by Kobayashi et al. (2010), who found that
increased reward frequency alters the reward circuitry (specifically the orbitofrontal cortex)
toward increased sensitivity to rewarding consequences. In fact, the orbitofrontal cortex is
considered one of the last brain regions to mature and, as such, is thought to be highly
susceptible to environmental influences (Ruge et al., 2025). Indeed, the implication gleaned
from Richard et al. (2016)’s findings (that adolescents would be particularly susceptible to
SM social cues) is reflected by the fact that our present sample mainly consisted of
Undergraduate-aged University students, having a mean age of 21.48 years. It is a highly
contested issue, but many researchers have suggested that the developmental span of
adolescence can extend to 24 years (Sawyer et al., 2018), meaning our sample could reflect a
population particularly sensitive to the positive social cues (i.e., rewards) encountered during
their SM use. It appears unclear what the purpose of this function is. However, some have
speculated that it arises from all social stimuli — regardless of valence — acting as more salient
stimuli for those still undergoing social neurocircuitry development (Foulkes & Blakemore,
2016). For this reason, this suggests that the prevalence of positive valence stimuli on SM
platforms may be a fundamental driver of user behaviour, as increasing reward sensitivity

would likely help reinforce rewarding behaviours.

However, these behaviours may also not be adaptive. Indeed, adolescents with higher
reward sensitivity tend to engage in riskier decision-making, such as drinking, drug use,
speeding, etc. (Scott-Parker & Weston, 2017). Certainly, risky online behaviours could
feasibly be encouraged (online gambling, unhealthy dependency on internet use,
cyberbullying, meeting dangerous strangers, or disclosing private information (Brevers et al.,
2019; Gamez-Guadix et al., 2016; Sasson & Mesch, 2016) or addiction-like dependence that
causes discomfort on use cessation (Wadsley & Thssen, 2025). However, the present study did
not measure the social extent of the content rated, meaning the valenced stimuli measured in
our study were not limited to social stimuli, so these ideas should be received with

scepticism.
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To further demonstrate the idea that our sample may capture a portion of the
population, particularly susceptible to valenced social content. Our sample had a
disproportionately high number of those who self-identified as female. This again suggests
our sample may be particularly susceptible to the effect we are examining, as males and
females were found to differ in their fundamental motivations towards risky online behaviour
(Sasson & Mesch, 2016), and that female participants tended to experience heightened
reactivity to ‘kind’ social interaction, which could present as analogous to positive valence
SM social content, with this effect levelling off as female participants aged (Altikulag et al.,
2019). Additionally, in Proverbio et al. (2008), female participants showed distinct brain
activation to social stimuli, suggesting they may be predisposed to find social stimuli more
salient. However, it is essential to note that definitive conclusions cannot be drawn unless a
further study is conducted with a larger sample, encompassing a broader range of ages and
sufficient representation of all gender identities, to include these variables as control
covariates in the analysis. As a whole, though, our findings in this case may have important
implications beyond our present focus of stress recovery and should be carefully examined in

future, more robust studies.

While not having confirmatory power, the unexpected negative associative trend
between reward sensitivity and daily average screen time (as observed descriptively) appears
to contradict the discussed ideas informed by previous research if verified by future
inferential testing (Kobayashi et al., 2010; Richards et al., 2016; Ruge et al., 2025). If
constant exposure to positive social stimuli encourages increases in reactivity to rewards
(Richards et al., 2016), then it would be reasonable to assume that higher quantities of SM
use would correspond to higher reward sensitivity. However, the opposite appeared to be
observed. When examining the reasons this preliminary pattern may have been observed, a
study by Efraim et al. (2020) found that children with high screen time and a sedentary
lifestyle showed reduced reward network activation compared with typical responses to
images of high-calorie food (salient reward). This implies that higher screen time generally
indicates a user is more sedentary, as the time they would otherwise spend moving/exercising
is spent online instead. Having a low activity level may disrupt the usual adaptive process of

responding to rewarding stimuli, thereby increasing sensitivity for learning purposes.
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Kouvonen et al. (2006) appearingly found that sedentary lifestyles became more
prevalent when there were mismatches between effort and received reward. Similarly, studies
have found that reduced reward sensitivity (albeit a more specific aspect, reward satiety) was
linked to lower fitness behaviours (Kiive et al., 2025). An individual with reduced ability to
feel satisfaction in response to a reward would require more reward to achieve satiation,
corresponding to an increased effort requirement. Therefore, activities that produce easier and
more frequent rewards as a function of the effort invested would be preferred, which explains
why low reward-sensitive individuals would prefer sedentary activities and low-fitness
behaviours, as they are far less effort-expensive. Overall, sedentary / lower fitness behaviours
may act as a third-variable influence, obscuring the true nature of the association between
screen time and reward sensitivity. This therefore suggests that activity level should be
measured and controlled for as a covariate in future studies to determine the statistical basis
of this idea. However, until future inferential tests are performed, it will remain unclear
whether our observed trend is evidence of a third-variable effect or merely random noise

detected in an extremely limited population.

Moving on, screen time not showing a trend consistent with higher levels of
subjective information overload seems unexpected given expectations from the literature
(e.g., Kim et al., 2022). However, the non-confirmatory nature of these observations makes
them non-definitive. Indeed, the lower relative power of the screen time analyses, given that
only nine participants were available for this analysis, suggests it may instead reflect random
noise. It is, therefore, entirely possible for a faint existent (in a wider population) effect to
have gone undetected (type 2 error) or, in the case that this lack of discernible trend truly
represents the broader population’s lack of association (when confirmed in actual inferential
tests), that quantity of screen time does not influence one’s susceptibility to experiencing
PIO. Indeed, it is possible that mental resources are being consumed when users are not
actively attending to content on their screen. Accordingly, Smit et al. (2004) found that
vigilance task performance was not affected when more stimuli were added or complexity
increased, but only when performance was actively sustained in a demanding condition
(presumably where commitment is higher). This suggests that higher information loads (i.e.,
screen times) do not inherently deplete mental resources, but only when they are actively
being processed. This idea could be supported by the fact that the working memory typically

onboards task-relevant stimuli (Byyny, 2016). However, if this were the case, one would
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assume that extreme valence (either positive or negative) would be salient enough stimuli to
be attended to and would thus increase cognitive load, but this was not found in our study.
However, it is possible that this relationship is not linear; perhaps both valence extremes
capture attention more than moderate or neutral levels. Yiend's (2010) review of the attention
literature supports this, finding that emotional stimuli directly modulate attention compared to
neutral stimuli. A further study by Rieger et al. (2017) found that valenced media exposure
had a positive effect on post-task-based exertion recovery. Additional inferential research is

required to investigate and verify trends/effects in more detail.

Finally, the remaining insignificant hypothesis result was that reward sensitivity was
not associated with perceived information overload. This directly contradicts the idea
suggested by Krigolson et al. (2015) that cognitive load impacts the optimal functioning of
the reward processing system. Although it is not surprising that this test did not yield
significant results, given that this connection is relatively underexplored in the literature and

is highly speculative.

4.1.2. Summary for Hypothesis 2

The second hypothesis of this paper was that social media usage patterns (indicated
by either social media valence (H2A) or daily average screen time (H2B)) will predict the
extent of one’s physiological stress recovery, as operationalised by the four-stress metrics of
HRYV, PEP, CO, and TPR. Unfortunately, due to sample size restrictions and unforeseen
methodological circumstances, as well as spurious outlier removal, the majority of the
planned regression analyses could not be conducted, except for SM Valence predicting the
HRYV Recovery index (H2Ai). In cases where sample size only slightly fell short of
reasonable parametric requirements, non-parametric alternatives were employed,
unfortunately, meaning cause-and-effect relationships were unable to be explored but merely
the extent of association (which we thought may still be valuable to explore in light of
unfortunate restrictions). As such, the hypotheses surmising that SM Valence would predict
the stress indices of PEP (H2Aii), CO (H2Aiii), and TPR (H2Aiv) were instead explored

using non-parametric Spearman’s rank correlation analyses, and said hypotheses are thereby
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revised as being associative. Furthermore, hypotheses with severely restricted sample sizes —
those involving screen time as the predictor — were decided to be explored only through
descriptive observation and therefore lacked any confirmatory basis. The present paper will
nonetheless describe these descriptive trends, for transparency and as potential preliminary

bases for further study.

Firstly, for Hypothesis 2A, Linear Regression analysis was conducted between SM
Valence and HRYV stress recovery index, yielding no significant result. This suggests that the
valence of SM content exposed to does not cause predictable changes in HRV recovery
capacity; therefore, we fail to reject the null hypothesis in this case. Likewise, with the
revised Spearman's correlation analyses of H2Aii-iv, no significant results were detected,
meaning we also fail to reject these null hypotheses. When observing descriptive trends of
Hypothesis 2B, since all failed to meet inferential testing requirements, no inferential
evaluations could be drawn. HRV, PEP, and TPR do not appear to have a discernible
associative trend with daily mean screen time. However, CO did appear to have a slight
negative relationship with daily mean screen time. However, it is important to reiterate that

these are only descriptive observations and non-confirmatory of any effects or lack thereof.

Despite its lack of a confirmatory basis, CO appearing to be negatively associated
with daily mean screen time may be a worthwhile target for further experimentation. Indeed,
if this trend is replicated inferentially in a larger sample, it would be consistent with previous
studies on stress recovery, which have found significant effects on heart rate (e.g., Johnshoy
et al., 2020; Rus & Tiemensma, 2018), since cardiac output is closely associated with heart
rate (Tulumen et al., 2011). As discussed in the introductory chapter, high cardiac output is
related to adaptive and healthy challenge stress responses, while low values are associated
with maladaptive threat responses. As such, this observed descriptive trend may suggest that
having a higher screen time predicts a longer time spent in threat-states following acute social
stressors, or (in other words) slower or completely stunted physiological recovery. Though it
is difficult to claim this with any certainty, as inverse levels of TPR typically accompany CO
levels in challenge/threat states. Nevertheless, observation of trends in our data did not
indicate an association between TPR and social media usage metrics, though, again, there is

little confirmatory basis for this null effect (except H2Aiv). Regardless, the preliminary
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observation showing that Blunted CO reactivity appears associated with higher screen time
levels possibly aligns with previous research and the results of prior hypotheses. As
discussed, Ironside et al. (2018) found that stress directly blunted reward sensitivity through
disturbances in the dopamine system, while reward sensitivity differences were thought to

underlie general emotional processing deficiencies, including stress (Markarian et al., 2013).

Acknowledging these, while also considering our significant inferential and observed
non-confirmatory trend indicating that reward sensitivity appeared associated with both social
media usage conceptualisations (significantly with valence and an observed non-confirmatory
trend with screen time), a claim could be made that reward sensitivity may feasibly underlie
the near-significant predictive relationship of daily average screen time negatively on cardiac
output recovery index. However, since reward sensitivity was seemingly associated with
screen time and definitely with valence, it does not make sense why valence (with its larger
sample size, no less) was also not significant or at least approaching a significant association
with CO, like screen time appears to. However, this is all contingent on the tenuous
observations of the low sample size screen time, so this should be considered with caution
and taken as preliminary conjecture. This further demonstrates the limited inferential power

of the present study.

4.1.3. Summary for Hypothesis 3

The next family of hypotheses in this paper was that we hypothesised the predictive
relationship between valence and physiological stress recovery would be moderated by either
reward sensitivity (H3a) or perceived information overload (H3b). Similarly, we hypothesised
that the predictive relationship between daily average screen time and physiological stress
recovery would be moderated by reward sensitivity (H3c) or perceived information overload
(H3d). In line with our running operationalisation of stress metrics, physiological stress
recovery was measured using four different metrics (HRV, PEP, CO, and TPR). The latter two
hypotheses lacked sufficient sample size for inferential or even descriptive testing and
therefore could not be formally tested in this sample. Likewise, non-HRV stress metrics had a

slightly insufficient sample size for parametric testing, and since no available non-parametric
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test was possible, we decided it was prudent to instead observe these stress metrics and their

potential moderations descriptively (H3Aii, H3Aiii, H3Aiv, H3Bii, H3Biii, and H3Biv).

For H3Ai and H3Bi, potential moderations of the predictive relationship between
HRYV recovery index and valence by both conceptualisations of SM usage (Reward
Sensitivity and Overload, respectively) were tested using moderation analysis. Neither usage
conceptualisations were found to significantly moderate the predictive relationship, which
causes us to fail to reject these null hypotheses. When examining descriptive trends of the
other stress metrics in the models of valence, differing levels of reward sensitivity seemed to
elicit different associations between CO/TPR and valence, suggesting patterns consistent with
moderation in these given metrics. Similarly, when examining descriptive trends of the other
stress metrics in the models of valence, differing levels of information overload seemed to
elicit different associations between PEP/CO and valence, suggesting patterns consistent with
moderation in those cases. At the same time, other stress metrics did not possess any
observable differences in trend. However, these cases are non-confirmatory and therefore are
not definitive evaluations of any effect or lack thereof. Accordingly, potential cases of
moderation should be examined inferentially in future studies to provide a confirmation for

these preliminary indications.

As a potential area of note, when examining the potential moderation of the
relationship between Valence and PEP recovery index by information overload, it appears as
though, at lower levels of information overload, no association is discernible. Meanwhile,
high levels of information overload seem to moderate the relationship into an apparent
negative association. If confirmed in later inferential testing, this would imply that higher
levels of information overload induce a state where stress recovery capacity becomes
sensitive to valent content, particularly positive content, leading to worsened stress recovery,
while lower levels of PIO did not elicit such an effect. In a similar vein, the predictive
relationship of valence on the CO recovery index appears positively associated in low
overload conditions, but not in high overload conditions. This suggests a phenomenon where
having a low level of information overload facilitates faster CO recovery when exposed to
more subjectively appraised positively valent content, while higher levels of PIO appear to
cause positive valence content exposure to, again, cause attenuated stress recovery, in this

case, CO recovery.
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Preliminary non-confirmational evidence may suggest that perceived information
overload alters how the perceived valence of social media content relates to two distinct
physiological recovery indices. For PEP recovery, which reflects sympathetic influence,
medium to high levels of perceived information overload modulate the effect that valence has
on it. Specifically, as PIO increases, the negative association between valence and PEP/CO
recovery becomes intensified. This implies a potential threshold beyond which PIO begins to
have an impact on this association. Accordingly, it suggests that a certain level of cognitive
load can eliminate and even reverse the positive effect of content positivity. While being non-

confirmational in our analysis, it highlights an interesting potential line of inquiry.

This may align with previous findings. Exposure to positive stimuli has been found to
facilitate faster recovery following stress exposure (Brown et al., 2013). Alternatively,
exposure to either polarity of valence has been found to improve cognitive exertion recovery
compared to no exposure (Rieger et al., 2017). Conjunctively, the study by Reinecke et al.
(2014) found that a high level of cognitive depletion altered the valence evaluation of media
content. It is fair to suggest that positive valence content acts as a soothing stimulus to those
in threat states, perhaps mitigating pessimistic assessment of available resources, as threat
states rely heavily on emotional systems to self-soothe rather than engage in proactive
problem-solving strategies (Palmwood & McBride, 2019). However, when overload is high,
valence perceptions of otherwise positive content are thought to be inverted through guilt
cognitions, from perceived procrastination when media use is high (Panek, 2014). This would
support the inversion of valence impact on CO recovery impact at differing levels of PIO.
This is a highly speculative exploration of non-inferential results. For established reasons,
definitive conclusions cannot be drawn until future inferential tests are performed. Indeed,
this study suffers from low power, so the possibility of spurious relationships, sample-specific

effects, random noise, or unconsidered third-variable effects remains a strong possibility.

In conclusion, inferential tests revealed no significant evidence of SM usage
conceptualisations moderating the relationship between HRV stress recovery. Descriptively,
we did observe preliminary patterns in our data suggesting PIO may have a moderating effect
on two stress indices, which is a novel pattern, but cannot be verified definitively within the
capabilities of the present study. As such, we emphasise those preliminary emergent patterns

as pertinent avenues for targeting in more powerful and aptly designed studies.
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4.1.4. Summary for Hypothesis 4

Finally, the final hypothesis of this paper hypothesised that perceived information
overload and reward sensitivity (BAS) together predicted physiological stress recovery better
than either predictor individually (H4). This was intended as an exploratory hypothesis to
provide a basis for future studies on the maladaptive reward sensitivity and information
overload cycle concept presented in the dark pattern literature. Stepwise hierarchical
regression analyses were performed. Since HRV was the only metric with a sufficient sample
size, this metric was the only stepwise hierarchical regression that could be interpreted
inferentially, while the other metrics were explored as descriptive effect size estimations.
Following testing, HRV was found not to be significant, preventing the null hypothesis from
being rejected in this case. Most of the descriptive effect size estimates for each stress metric
were fairly low or seemingly absent, aside from when TPR was the metric chosen. In this
case, when perceived information overload was entered as the first step and reward sensitivity
as the second, the addition of reward sensitivity did not significantly enhance the model's
strength. However, when reward sensitivity was entered as the first step and perceived
information overload as the second, the addition of overload significantly increased the
predictive strength of the model. This thereby is preliminary evidence to suggest that the
level of recovery predicted by reward sensitivity may not yield any more explanatory strength

than overload.

In contrast, overload appeared to demonstrate more unique predictive power beyond
reward sensitivity. This suggests that overload may be a stronger predictor than reward
sensitivity, thereby implying that cognitive overload is the dominant predictor of this stress
recovery metric, providing grounds for future investigation. For all other tests/metrics, no
significant effects were detected. To reiterate, as in previous cases, we cannot make definite
inferences from these results but rather acknowledge patterns in the underpowered study as

potential targets for a more powerful examination.
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4.2. Overall Interpretation

The two distinct interpretations of our results are either that there are at most minimal
effects, if any, between social media and stress processing or, on the other hand, that our
study is underpowered and instead has illuminated potential links between social media and

stress processing that the present study has not adequately captured using its resources.

Based on a combination of our confirmatory inferential results and descriptive
observations, it would appear as though reward sensitivity may represent a core factor that
drives social media engagement, while cognitive overload instead may be a key driver behind
SM-derived attenuated stress recovery. Furthermore, it may be possible that reward
sensitivity and cognitive overload do not function on the same operational level, suggesting
our conceptualisation of a hypothetical bidirectional cycle may be flawed. To support this
idea, note that reward sensitivity may directly influence one's likelihood of using social media
more frequently or for more extended periods, explaining its observed significant correlation
with valence and observed potential relationship to screen time (descriptive). Meanwhile,
there were preliminary observed patterns that suggest that information overload may
moderate the relationship between other factors and stress recovery but was not immediately
linked to or predictive of screen time/valence. This may suggest that cognitive overload is
more of an upstream cognitive influence on the system (a higher-level factor). At the same
time, reward sensitivity may act as a more downstream and immediate influence on social
media usage decisions. Foremost, then, a future study should be conducted to amend the
issues of the present study, preventing inferential evaluations, upon which these potential
changes to our theoretical conceptualisation are partially based. Secondly, a study should be
conducted to investigate this conceptualisation specifically. Even the use of a more
appropriate design for measuring the feedback loop, such as structural equation modelling (a
method of examinations the present project did not have the ample resources to pursue),

would be a highly valuable path forward.

Overall, we have observed inferential and exploratory patterns that suggest both
reward sensitivity and information overload are related to conceptualisations of social media
use, with varying levels of effect. Since some of these patterns are non-confirmatory, further

research is imperative to confirm or falsify the preliminary patterns found in our study, in
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order to provide valid bases for the ideas explored. In the event that these patterns are
repeated in more powerful studies, it would have numerous implications for both app design
and policymakers. Firstly, it may supply evidence for the existence of ‘dark pattern’ app
designs that intentionally take advantage of inherent cognitive vulnerabilities, such as reward
sensitivity and cognitive overload. While such findings could not discern whether these are
deliberately predatory, they would provide a strong basis for increased regulation of
application design regardless. As previously outlined, push notifications and SFVC are both
prominent examples of SM design features that may have direct impacts on, or directly take
advantage of, the reward system and limited cognitive capacity. For example, variable-ratio
reward schedules are found in the designs of endless scrolling SFVC homepages, and to an
extent, the scrolling pages of generic social update content. Alternatively, another example,
endless scrolling video designs or countless notifications are vectors of information overload.
Though the lack of any discernible descriptive association between screen time and overload
in our data set (which could potentially be reflective of a true population lack of association),
and our proposed explanation that perceived overload may not be driven by the magnitude of
stimuli, but the number of stimuli being actively attended to, seems to challenge the latter
point. Nonetheless, there are several apps that utilise some of these suggestions currently. For
example, Instagram for a time had the ‘nudges’ feature that involved a ‘time for a break?’
prompt to appear during late-night or lengthy scrolling sessions (Bojkov, 2018), which would
seek to influence the continued use. However, this does not seem to be dictated by regulatory
bodies and therefore could be removed randomly, without warning, and at the discretion of
tech companies. Indeed, some online discussions have suggested these features may have
been removed. Because of the proprietary nature of app designs, truly knowing the extent and
nature of the allocation of these features remains obscured and unverifiable, which

demonstrates the need for regulation and feature clarity.

As a whole, the preliminary results of the present study can inform further research to
investigate the validity of our speculative interpretation of results (that the state (level of
overload) you are in while using SM seems to be more important than the content specifically
consumed). This seems to be contrary to the reductive public stance that SM is inherently
negative. Instead, being in an optimal mental state when using SM does not seem to have any
substantial ramifications. Meanwhile, being already drained could have negative effects,
regardless of superficial content positivity/negativity. If later inferential testing is consistent
with some of the present studies' inferential results and observed non-confirmatory patterns, it
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may suggest that for optimal stress recovery outcomes, careful considerations of one’s own
mental state prior to SM may be crucial. Furthermore, actions to prevent PIO from SM may
be advisable. For example, reducing notification settings, establishing scrolling limits, or
practicing mindful use. Overall, the negative public consensus towards SM appears to be a
misconception, due to its simplicity. Indeed, it would be unwise to comprehensively deem
something as inherently negative without considering the underlying contextual factors
present when people use it. It could be argued that social media is merely a digitised
reflection of modern society (Ohiagu & Okorie, 2014), and seeing SM as negative could
instead be telling of the state of culture, fundamentally (or at least the pessimistic or juvenoic
(cf. Finkelhor, 2011) outlooks people generally possess). Moreover, as discussed in Orben
(2020), continuing to thoughtlessly invest scientific resources in response to new public
technological panics is not ultimately valuable and is not an effective way of understanding
technology, which ultimately acts as a caution against lending credence to exaggerated public

opinions towards SM.
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4.3. Study Evaluations

4.3.1 Study Limitations

While this study provided initial insights into whether social media use influences
stress recovery capacity and the processes that may underlie this relationship, the conclusions
that can be drawn from these insights are limited; they should be approached with caution
due to the multiple methodological and statistical limitations. Due to the broader study
context within which the present study operated, our possible methodologies were limited,

thereby limiting the design's confirmatory power. Limitations will now be outlined.

Firstly, the low-quality sample has reduced the study's statistical power and overall
validity. As discussed in the study demographics, 44 participants participated in the wider
study design, which was informed by general recruitment limitations and a power analysis
that estimated a target sample size for the hypotheses tested for the wider ‘Cottage Study’.
Due to the dichotomous social-interaction and social-isolation conditions that participants
were divided into for the wider study context, 24 participants from the social-isolation group

were ultimately included in our analysis to ensure consistency in the post-stress condition.

Furthermore, outlier removal and errors in data collection further reduced this limited
number. Of these 24, eight variable-wise exclusions were made in the stress recovery index
metrics (from a total of 96 figures) due to the removal of extreme outliers. These outliers
were thought to occur due to poor physiological setup or errors in the recording software and
reflected values massively exceeding typical expected values. Furthermore, due to a glitch in
Qualtrics’s data storage, one participant had no values for reward sensitivity, perceived
information overload, or social media valence scales. Finally, for screen time, as discussed
previously, data were obtained from the participants’ phones’ screen time monitoring feature,
which was instructed to be enabled one week prior to the study. Several users had forgotten or
failed to enable this feature, despite the prompting. Other participants’ mobile phones had
Chinese or custom operating systems that did not have this screen time feature, which was
not accounted for in the data collection plan. Moreover, three outliers were missing due to

data not being uploaded by an experimenter, and one data point was missing due to a data
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recording error. These meant that screen time had 14 missing cases. Moreover, as a whole,
there were only five participants who were valid listwise. This is a detrimentally small
number of participants given the number of participants that ran, and this means our study
severely lacked the intended power, as evidenced by our post-hoc minimum detectable effect
size (MDE) sensitivity analysis for hypothesis 1. Indeed, the detected effect size was actually
smaller than the MDE at .80 power, implying we were underpowered compared to the general
standard for experimental power and that our results were potentially unreliably replicable.
Furthermore, it could be stated that the limited sample left our sample ungeneralisable to the
wider population. It fundamentally hindered our ability to conduct inferential analysis on
screen time, which directly went against our aim of equally considering both aspects of the

multi-channel approach to social media mental health study operationalisation.

The issues faced by our sample size limitations are reflected in our range of valence
scores, which suffer from a restricted range problem, as the valence scores of our sample only
ranged between 2 and 4.5 (the whole scale was 1-5). BAS scores also exhibited a restricted
range problem, with a sample range of 2.08 to 3.54, out of a possible range of 1 to 4.
Perceived information overload from SM was less restricted, possessing a range of 1.5 to
3.83 (on a 1-4 scale). Therefore, this places limits on the overall generalisability and validity

of the present sample.

Furthermore, the present study predominantly consisted of White and Asian university
students, with little to no representation of other ethnic groups, which further limits the
generalisability of our study to the wider population. Due to highly personalised social media
algorithms, the way in which content is shown to people would certainly differ between
different ethnic groups. Furthermore, due to the wide range of experiences, ethnicities are
likely to vary in their valence perception, a phenomenon partially established in the literature
(e.g., Lorette & Dewaele, 2024). Additionally, ethnicities would likely differ in prior stressor
exposure, which would inform their current stress response. As a whole, our sample likely
does not reflect a complete range of possible social media experiences or baseline stress

characteristics found in the true population.

Additionally, the sizeable proportion of Asian international student participants in the
sample may partially underlie the substantial number of missing cases, as Chinese operatin
pl y partially underlie the substantial ber of g , as Ch perating
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systems often lacked screen time functionalities. Since a huge proportion of Chinese mobile
phone users use Huawei devices (Du & Rojniruttikul, 2025), which utilise an Android-based
(a Google-owned operating system) user interface known as Emotion UI (Nazir et al., 2025)
but have their Google-based functionalities limited in China because of restrictions enforced
by both the US and China (Moon, 2019). These restrictions prevent the use of Android-native
Google applications, such as ‘Digital Wellbeing’, which is the app that measures screen time.
It appears that Huawei’s screen time statistics may need to be manually enabled or
downloaded, explaining why a large proportion of participants lacked this mobile phone
functionality. This presents a possible issue of bias as they feasibly reflect a group with
different baseline stress characteristics, which were consequently excluded from analysis
(reducing validity). For example, it was found that Android and Apple mobile phone users
differed, albeit slightly, in a variety of personality factors (Gotz et al., 2017). However, a
Little’s MCAR test revealed no significant evidence to suggest cases were not completely
random, but careful consideration of this should be made, nonetheless. Larger samples with a
heightened diversity should be recruited in the following studies to mitigate this issue, with a
heightened standard of scrupulosity when ensuring participants possess compatible devices

for the given study design.

There were also design limitations present that stemmed from the scope limitations
imposed on MRes projects. Using self-reported valence alongside the objective measure of
screen time in a design intended to consider both aspects on equal footing (multi-channel
approach) may not have been a robust decision. Indeed, memories of emotional stimuli often
are biased (e.g., Lacreuse et al., 2013; Loftus & Palmer, 1979), which may suggest that
memories of previous social media emotionality could be inaccurately remembered and
reported. Utilising a design where an objective design of social media valence was not
possible in the current study’s resources. Future research should seek to measure objective
valence. For example, utilising a screen scanning application, which conducts semantic
analyses on all the text content a user is exposed to in a given period. Furthermore, if the
study allows it, using eye-tracking could provide insights into the valence of the content

actually attended to by users. This would result in more robust and valid data.

Also, on the topic of design, this design is cross-sectional and does not directly

manipulate social media use across individuals. The wider study context did not permit direct
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exposure to SM content, let alone the manipulation of the content that was exposed. As such,
we had to use a simple measure. Likewise, we were limited to using general screen time as an
indicator of social media use, which is fundamentally unreliable due to the enormous variety
of non-social media activities a user could be spending this screen time on. This makes it
difficult to generate any valid cause-and-effect inferences about the effect of social media on
stress recovery. Manipulating social media within the study period, like in Rus and

Tiemensma's (2017; 2018) studies, would be the way forward for future research.

Additionally, while saliva samples for endocrine analysis were collected as a part of
the wider Cottage Study, logistical and training constraints prevented the inclusion of these
metrics in the present study. Having endocrine data would have provided invaluable insights
into an aspect of the stress system not covered by our physiological metrics — distinctions

between the SAM and HPA axes.

Moreover, the wider Cottage Study context required participants to be guided through
a variety of tasks and activities not relevant to the present study, which could act as
uncontrolled extraneous variables, limiting validity. Additionally, as many other projects
operated under this wider study context, the lead experimenter varied day-to-day. This may
have unintentionally exposed the participant to extraneous social interaction, which varied
depending on the disposition of the several different research assistants. This is prudent, as an
experimenter with a happy and friendly disposition would likely elicit different stress profiles
compared to a cold, neutral experimenter. Indeed, evidence for such experimenter effects was
demonstrated by Siegwarth et al. (2012), where participants led by ‘warm experimenters’ had
greater task performance and lower physiological and subjective stress reactions than those
led by ‘cold experimenters’. This potentially affected our validity through an uncontrolled
experimental environment, which is likely compounded over time during our relatively

lengthy six-hour total study length.

Following the study, when assessing the reliability between items of our self-report
scales, we found that perceived information overload from the social media scales used had
limited reliability between its items, with no predominant factor. Conversely, while the
reward sensitivity (BAS) scale also had moderate reliability between measures and several
detected latent factors, it exhibited stronger reliability in its items due to one of the latent
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variables seeming to predominate over the weaker ones. Again, correlations between the two
valence items were found to be significant but at a weak to moderate level of association.
Overall, the measures utilised in this study suffered from limited inter-item reliability
throughout. This likely means our study, as a whole, demonstrated limited reliability,
diminishing the strength of our conclusions. Going forward, enhanced consideration of

measurement instrument reliability should be considered prior to data collection.

4.3.2 Study Strengths

In light of these limitations, it is important not to understate the various strengths and
utility the present study may possess. As it stands, the present study employs a unique
approach to investigate potential links between social media and stress processing. This
current study aimed to examine many variables to create comprehensive conceptualisations
of social media, using an experimental design informed by the multi-channel approach
framework, to ensure our findings regarding social media are the most valid and applicable to
genuine social media platforms and daily use. We believe we have partially achieved this
through our considerations of both valence and screen time, or (in other words) quality and
magnitude, through careful application of Meier and Reinecke’s (2021) multi-channel
approach to SM - mental health research. Moreover, we have constructed a proof-of-concept
for future research to refine and perfect. Although screen time tests suffered from a low
sample size due to many missing cases and could be examined only descriptively for some
hypotheses, we believe their inclusion demonstrates a thorough experimental approach and

should continue to be included in improved research designs.

Furthermore, this study was the first (or among the first) to investigate specific stress
metrics related to SM use (PEP, CO, TPR). Indeed, utilising four different stress metrics was
a rigorous and thorough approach to the research question at hand. The utilisation of the BPS-
CT’s framework for the collection of objective physiological stress metrics facilitated this.
Likewise, our calculation of the recovery index was not commonly reported in the literature.
However, it allowed us to operationalise stress recovery in a transparent and accessible
manner, given its straightforward scale (1 = recovery, >1 = rebound, <I = not fully recovered,

<0 = worsened). It is of great pertinence for one to present research in a digestible manner, as
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the keystone of science depends on collaboration. This is to prevent unnecessary barriers to
entry, which are ultimately detrimental to the research process. Again, our use of reward
sensitivity and perceived information overload is an underexplored area in SM-stress
literature; therefore, our paper contributes, albeit not to any confirmatory degree, to the
currently lacking literature. Notably, we seem to be the first to aim to experimentally explore
the ‘dark pattern’ bidirectional link between reward hijacking and cognitive overload in the
social media design context. Our study lacks the necessary power, specific SM-
manipulations, and longitudinality to perform precise inferential tests on this and/or make
causal judgments of these maladaptive spiral ideas. However, it can, again, be said that this
provides a proof-of-concept basis for future studies investigating this topic, using tailor-made
designs. As a whole, while the study is currently underpowered, it presents a potential key
stepping stone for those with more available resources to operate under similar frameworks

using more robust designs, thereby creating more nuanced and tailored research.

Additionally, our study possesses robust data analysis considerations and
transparency. Our reliability testing of the scales used and the clearly described revision of
hypothesis tests in response to sample insufficiencies enabled us to conduct a fair preliminary
exploration of the variables observed without overstating inferential conclusions or making
unfounded claims. This demonstrates transparency and further underscores its utility as a

pilot study for future research on this vital topic.

Another strength was the time-resistant utility of the present study’s approach to
operationalisation. Indeed, an example of this strength in action is the previously discussed,
even more recent (than SM) moral panic about Artificial Intelligence (Al) (Gilmore et al.,
2025). Using previous experimental approaches would require significant time and resources
to reexamine the links between this new Al technology and MH or stress reactivity (etc.), like
SM before it. Instead, an approach similar to the present study could allow conclusions to be
drawn from the qualities and affordances comprising the new technologies. For example, if
our findings were inferentially confirmed, evaluations regarding information overload or
reward-altering components could be applied to models of artificial intelligence if these
features are indeed established to exist within Al. Henceforth, one could assume that the

accessibility and low cost of Al content creation tools (as compared to human labour)
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(Prakash & Sabharwal, 2024) may facilitate a far faster turnover of content (quantity over
quality), which seemingly could contribute to perpetuating “brain rot” (Yousef et al., 2025;
Ozbay, 2026) and may feasibly elicit PIO due to high exposure to information, which, as
discussed at length, may dynamically link to other stress-inducing factors. Overall, this
further establishes the present study’s usefulness as a pilot demonstration of an improved

experimental approach, despite its inferential limitations.

Overall, the present study, although methodologically and statistically limited, was an
ambitious and comprehensive examination of social media and stress at a level of specificity
not previously seen in the literature. There were both confirmatory and non-confirmational
observed patterns that our uniquely thorough design appeared to demonstrate, which
highlight a variety of valuable next steps and methodological developments to achieve better
inferential confirmation of these patterns and associated theoretical accounts. Therefore, it
has significant utility for the broader literature and research community and serves as a strong

preliminary study for future research.
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4 4. Future directions

We have comprehensively discussed the limitations and strengths of the present study.
This subsection outlines how researchers should consider conducting further investigations
on this topic to mitigate the issues faced, while also continuing to demonstrate the strengths
of our design approach. This would ensure that a comprehensive approach to investigating
SM platforms is employed, while showing sufficient experimental power to make
confirmatory inferences. We have explored potential explanations and limitations of our
results and briefly touched upon how these possibilities could be tested. This section will

provide more detail.

If the observed preliminary patterns in our data were intended to be retested in a more
robust study, it is imperative that power analyses be performed prior to recruitment, using
previously observed effect sizes as a guide, regardless of their significance. The present study,
due to the wider cottage study context, did not have this option or the resources to recruit a
larger sample (even if we had been afforded the capability to perform power analyses prior to
recruitment), and therefore suffered from a meagre sample size. However, many of the
observed effects were not previously demonstrated or found in the literature, so the feasibility
of ever doing so prior to our study seems uncertain. Nonetheless, this illustrates the present

paper’s utility as a potential pilot study of sorts for further examination.

Furthermore, the present study’s sample characteristics were certainly biased towards
university-aged young adults. Further study should ideally be conducted with a larger sample,
encompassing a broader range of ages and sufficient representation of all gender identities, to
include these variables as control covariates in their analyses because of potential age and
gender specific effects. These together would ensure a study design where the implied

patterns detected by the present study can be tested in a confirmatory manner.

Our descriptive exploration of the observed patterns of H1A, which suggests that
daily average screen time negatively correlated with reward sensitivity, may indicate the

presence of a spurious third variable. Indeed, we speculate that sedentary / lower fitness
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behaviours may act as a third-variable influence on screen time. We admit the possibility that
lower reward sensitivity would provide an incentive for low effort activities to be prioritised,
such as mobile phone use. As such, this may obscure the true nature of the association
between screen time and reward sensitivity. Accordingly, in a future design to explore this,
activity level should be measured and controlled for as a covariate in future studies to
determine the statistical basis of this idea. In line with this, a study by Erbas and Giimiis
(2020) found that physical activity motivation significantly correlated with scores on a social
media addiction scale. The aforementioned study utilised the ‘Motivation Scale for
Participation in Physical Activity’ (MSPPA) by Demir and Cicioglu (2018). As such, the use
of such a scale, or the recently adapted version of the original to English (Amal et al., 2024),
could be useful in future experimentation. Indeed, Amal et al.’s updated version is
demonstrably robust and thorough. The scale measures several underlying subconstructs,
with each being highly reliable (Cronbach's alpha scores all were above .8) and possessing
considerable levels of discriminant and convergent validity. Researchers certainly should
consider the integration of this scale, or those similar, to parse the potential confounding

effect of activity level on reward sensitivity and stress.

To expand on the possibility of third-variable effects, a concept that frequently arose
in the literature is sleep quality or sleep deprivation rates. Theoretically, manifesting in
increased screen time due to SM addiction (Meyerson et al., 2023; Stimen & Evgin, 2021), or
pre-sleep information overload deleteriously impacting sleep quality (Li et al., 2023; Xie &
Wang, 2025). It is feasible that variable energy levels associated with sleep disturbances
would stifle the already limited cognitive capacity (e.g., Benkirane et al., 2022) or interfere
with baseline reward processing (Mullin et al., 2013). In fact, papers arose that provided
evidence to suggest that sleep patterns interact with the level of physical activity/likelihood
towards sedentary activity and social media usage profiles (Zhou et al., 2023). Essentially,
sleep levels could interact with every factor we observed, which is unsurprising given how
fundamental sleep is to the human experience. Since the demographics of our sample reflect a
demographic of university-aged adults, who commonly present with (Hershner & Chervin,
2014) and are particularly vulnerable to sleep deprivation (Phillip et al., 2004), it could mean
our sample may not appropriately capture the wide ranges of sleep on our factors for

generalisable interpretations to be made.
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Overall, SM-related sleep disturbances should undoubtedly be a consideration in
future study design. The choice whether to use subjective sleep quality scales (like those
discussed in Fabbri et al. (2021)) or more objective sleep pattern monitoring methods (such
as polysomnography or actigraphy (Krystal & Edinger, 2008)) would be up to the discretion
afforded by the available resources of the individual researcher. Of course, using objective
measures (e.g., the BPS-CT approach to stress measurement) can yield a level of validity
beyond self-report, but sleep studies are generally resource-intensive (Rodway & Sanders,
2003), so a careful cost-benefit analysis should be considered if aiming to investigate this

going forward.

On the topic of the present study’s potentially biased sample, in a prior section, we
discussed that the detected pattern of strong correlation between reward sensitivity and SM
valence could be driven by the heightened reactivity of adolescents and young adults to
valenced social stimuli. However, the valence scale used did not differentiate between social
and non-social stimuli, meaning that this explanation should be viewed with substantial
scepticism until future testing is performed. Further experimentation could be conducted to
capture this nuanced aspect of the content. Indeed, this would further benefit the multichannel
operationalisation, as measuring valence alone is highly reductive when examining the
communication-centred elements of social media consumption (see Meier & Reinecke’s
(2021) hierarchical conceptualisations). After all, reducing stimuli to either good or bad is
likely not practical, and, as discussed, the act of comparing objectively measured BPS-CT
physiological stress indices to subjectively measured content valence rests on precarious
logic. Accordingly, utilising a screen scanning application in conjunction with eye tracking
apparatuses could help address these methodological gaps, through the conduction of
semantic analyses on all attended text during SM use, providing an objective measure of
valence, and even possible categorisation of stimuli into social categories. Indeed, machine
learning algorithms have progressed to a point where semantic and ‘social-ness’ image

analysis could also be feasible (Chen et al., 2023).

As discussed in the interpretation of the preliminary observed differing relationships
between Valence and stress metrics found across high and low levels of PIO (H3Bii-iv), we

suggest a potential soothing effect of positive-valence content on stress, facilitating improved
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recovery, which is sensitive to effect reversal depending on the level of cognitive resource
depletion. It was suggested these effects may arise through the active exposure to other SM
stimuli or behavioural-emotional responses, such as procrastination, which induces guilt, and
therefore prolongs stress response (Palmwood & McBride, 2019; Panek, 2014). This should
be explored in further studies. Taking measurements of attitudes towards social media use
could help investigate this. However, there is no widely used, standardised self-report
instrument to measure SM attitude. Many studies investigating topics related to this created
original inventories (e.g., Goel & Singh, 2016) and the few that do measure this are highly
specific to a given cohort, such as student attitudes to SM or have not been adapted for
multiple languages, such as in Otrar and Argin (2015) or Argin (2013) as cited in Alican and
Saban (2013). While the latter inventory did demonstrate high inter-item reliability
(Cronbach's alpha > 0.85), a standardised and more generalised metric should be developed
and validated before investigations into this can occur and yield true validity for the wider
population. Therefore, the development and validation of such an instrument is a crucial next

step for future researchers.

Moving on, when considering all the theoretical evidence explored in this paper
regarding dark or predatory patterns, investigating specific types of social media platforms
could be pertinent to uncovering which aspects are most damaging. As such, dating apps, as a
specific sub-domain of social media platforms, should also be examined in the same context
and operationalisation as in the present study. Online dating or dating apps are digital
environments where individuals foster romantic connections through performative social
advertisement. More specifically, Swipe-Based Dating Applications (SBDAs) are SM-
adjacent mobile phone applications that possess similar endless swiping/scrolling features
like SFVC applications (Holtzhausen et al., 2020; Toma, 2015). If reward sensitivity is in fact
affected by the salience of reward stimuli and the variable-reward ratio schedules, then dating
apps present an even more addictive environment due to the increased perceived value of
potential rewards while possessing the same variable-reward ratio schedule, endless scroll
designs to SFVC. They operate under the same frameworks as traditional social media but
seem to additionally function to take advantage of inherent psychosocial insecurities (Blake
et al., 2022; Huang et al., 2025). Given the direct targeting of emotional needs and
vulnerabilities, dating apps may directly affect emotional processing (Holtzhausen et al.,

2020), such as stress processing (Potarca & Sauter, 2023), and perhaps even more strongly
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than generic-SM. Then it would be fair to suggest these may have even more worrying
consequences on mental health. As such, this could be an enlightening branch for further
exploration and research. If examining screen time, future studies should record daily average
screen time measures and perhaps even perceived (or objective, as previously suggested)

valence for each application used (potentially including SBDAs).

As a whole, the present study’s design integrated both the BPS-CT and the
multichannel approaches. This integrated approach has potential for the thorough and valid
conclusions to be ascertained, beyond the unintegrated approaches found in previous
literature. Furthermore, this section has discussed several ways in which this approach could
be approached going forward, for the directive of improving both experimental power and
validity, which provides ample rationale for further research into this topic. However, we
acknowledge that the feasibility of conducting research with the suggested improvements

depends on individual researcher capacity and resources.
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4.5. Conclusions

To conclude, the present study aimed to investigate the relationship between stress
recovery and different social media usage conceptualisations, based on their joint relationship
to two distinct potential factors. These factors were reward sensitivity and perceived
information overload and were chosen based on a deep exploration of prior trends found in
the literature. This aim was presupposed by the ubiquitous use of social media today and its
contentious impact on stress processing, which was identified as a core risk factor for wider

mental illness.

The study utilised a social-stress-inducing paradigm, aligned with the BPS-CT
framework, to elicit and measure physiological stress recovery. This data was then analysed
in relation to subjective self-report variables (valence, perceived information overload, and
reward sensitivity) and measures of screen time. Unfortunately, the present study suffered
from a restricted sample size and consequential low power, meaning not all hypotheses could
be tested inferentially. When exploring both the implications of the few inferential results and
the other descriptive emergent patterns through the lens of preliminary bases for future study,
we observed some notable patterns. Through inferential testing, it was observed that reward
sensitivity was positively correlated with perceived social media valence. Meanwhile,
descriptive observations suggested reward sensitivity was negatively correlated with screen
time (though lacking confirmatory power). Simultaneously, we detected no significant
correlation between valence and perceived information overload following inferential testing
or any descriptive trends to suggest screen time was correlated with perceived information
overload (though, not concrete proof of a null effect). Likewise, following inferential testing,
no significant correlation between information overload and reward sensitivity was detected
in our sample. Regression testing revealed that social media valence did not significantly
predict HRV recovery index. Non-parametric revised correlation analyses between valence
and all non-HRYV recovery indices similarly did not detect any significant result. Finally, the
revised correlation analyses of daily mean screen time and stress recovery metrics were only
observed descriptively with estimated effect sizes, due to their severely limited sample size.
There were preliminary patterns that potentially suggest that screen time may be moderately

positively associated with HRV recovery index and strongly negatively associated with CO
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recovery index. However, these results are non-confirmatory, and inferential evaluations
cannot be made. This means it remains unclear whether the magnitude of social media
exposure did not influence one's capacity to recover from stress. Our inferential testing

appears to suggest that valence has no bearing on any stress recovery outcome.

Later inferential moderation analyses with HRV outcomes and descriptive exploration
of trends of high/low individual difference variable levels yielded no significant inferential
results (regarding PIO or reward sensitivity moderating the relationship between valence and
HRYV). Instead, descriptive exploration showed patterns that suggest that Information
overload may moderate the predictive relationship of social media valence on both the PEP
recovery index and the CO recovery index, while reward sensitivity presented patterns
suggesting it moderated associations between CO and TPR with valence. While certainly not
concrete and confirmatory, these, interestingly, appear to suggest that social media use may
influence stress recovery but only as a function of individual difference variables (reward
sensitivity / P10), and in two out of four different stress metrics. However, these must be
viewed with great caution, and it must be continually reiterated that these preliminary
patterns are presented as guides to future inferential verification only. Finally, descriptive
hierarchical regression effect estimations seemed to suggest that cognitive overload may
explain additional variance in the TPR stress recovery index over reward sensitivity, hinting
at the existence of two different functional levels of these two factors, which should be

targeted in a later study for verification.

While not confirmatory patterns, the implications of these results suggest a potential
route to improved understanding. This study utilised a uniquely thorough experimental
approach to investigate social media and stress recovery. However, through a process of
innate methodological limitations and unfortunate circumstances, this approach did not
achieve sufficient power to utilise this approach to draw definitive inferential conclusions for
every intended hypothesis test. Nonetheless, exploration of emergent statistical patterns
suggests existent phenomena that partially provide support for a more sophisticated model of
SM-based stress, based on the integration of prior literature and research. Furthermore, some
of our preconceived notions were challenged by the detected patterns, suggesting future
avenues for further study, and more comprehensive theoretical models at a complexity

beyond our current simple account.
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In conclusion, the present study shows preliminary evidence for complex
relationships between social media usage, stress recovery, information overload, and reward
sensitivity; as such, further research is crucial in confirming these patterns, which could have
sizable and significant implications on the connection between social media and mental
health. Furthermore, the present study challenges the reductive notion that many possess, that
social media use is an inherently negative force. Instead, it suggests that the mental state we
possess with which we interact with social media may be massively important in determining
the nature of its impact, beyond the simple emotionality or magnitude of SM use. It suggests
a far more complex picture than the public consensus would lead the uninformed masses to
believe. This exact nature remains elusive, but a commitment to continued investigation shall

continually add more clarity until a comprehensive understanding is finally reached.
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APPENDICES

Appendix A - Perceived information overload from social media scale

(as adapted from Misra and Stokols (2012)):

These questions in this scale ask you about your feelings and thoughts during the last month.
In each case, please indicate on a scale from [1 = never] to [5 = very often] how often you
have felt or thought a certain way. Although some of the questions are similar, there are
differences between them, and you should treat each one as a separate question. The best
approach is to answer each question quickly. That is, do not try to count up the number of
times you felt a particular way, but rather indicate the answer that seems like a reasonable

estimate.

1. In the last month, how often have you felt overwhelmed by video or images online?

2. In the last month, how often have you felt overwhelmed with the social media
messages you have received?

3. In the last month, how often have you forgotten to respond to important online
messages or texts?

4. In the last month, how often have felt pressured to respond to messages/texts quickly?

5. In the last month, how often have you received more social media notifications than
you can handle?

6. In the last month, how often have you felt that maintaining your social media account

1s too much too handle?

Appendix B - Behavioural Activation Scale Items

BAI from Carver and White (1994)

Directions:
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Each item on this questionnaire is a statement that a person may either agree with or disagree
with. For each item, indicate how much you agree or disagree with what the item says.
Please respond to all of the items; do not leave any blank. Choose only one response to each
statement. Please be as accurate and honest as you can be. Choose from the following four
response options:

1 2 3 4
Strongly disagree Disagree = Agree  Strongly Agree

+

I go out of my way to get things I want 1
When I'm doing well at something, I love to keep at it 1
I'm always willing to try something new if I think it will be fun 1
When I get something [ want, I feel excited and energized 1
Citied dine ] oo b 1
When I want something, I usually go all-out to get it 1
I will often do things for no other reason than that they might be fun 1
If I see a chance to get something I want, I move on it right away 1
1

When I see an opportunity for something I like, I get excited right away 1
I often act on the spur of the moment 1
1

When good things happen to me, it affects me strongly 1
Lfeel s ed when L think L] I | bi 1
I crave excitement and new sensations 1
When I go after something, I use a "no holds barred" approach 1
2

3

4
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It would excite me to win a contest

125

AW = A o+

L SIS



126



127



