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Social Media Use at Work: Evaluating Recovery and Information Overload as Competing 

Mechanisms Linking Social Media Breaks to Work Focus 

J. Yena Cho 

ABSTRACT 

This study examined whether social media use during work breaks is associated with work 

focus through recovery experiences and information overload. Drawing on the Effort-Recovery 

Model (Meijman & Mulder, 1998) and a compensatory control framework (Hockey, 1997), I tested 

competing indirect pathways and the potential moderation role of executive function using 

experience sampling data from student employees (Level 2 N = 42; Level 1 observations = 143–

166). Results did not provide evidence that within-person social media use was associated with 

psychological detachment, relaxation, or information overload, and indirect associations of social 

media use with work focus via concentration and task withdrawal were not supported. 

Psychological detachment was associated with lower task withdrawal within persons, whereas no 

clear evidence emerged for moderation of hypothesized within-person relations by executive 

function. Overall, results did not provide evidence that social media use plays a role in recovery 

or information overload processes relevant to work focus, although these findings should be 

interpreted with caution given statistical power considerations. These findings highlight the 

importance of distinguishing psychological mechanisms from the behaviors assumed to facilitate 

them. 

 

 

 

 



3 

 

 

 

Social Media Use at Work: Evaluating Recovery and Information Overload as Competing 

Mechanisms Linking Social Media Breaks to Work Focus 

J. Yena Cho 

GENERAL AUDIENCE ABSTRACT 

 Many employees use social media during work breaks, but it is unclear whether this helps 

them stay focused or makes it harder to concentrate. In this study, I examined whether social media 

use during breaks is related to work focus by influencing recovery experiences (such as mentally 

switching off from work) or feelings of information overload (when too much information 

becomes difficult to process). I also examined whether individual differences in executive function 

(a person’s ability to control attention and manage thoughts and actions) play a role in these 

relationships. I tested these ideas using repeated surveys from student employees collected at three 

points each day throughout the workday. Overall, I found no evidence that social media use during 

breaks was related to recovery, information overload, or work focus. However, employees reported 

better focus when they felt more mentally detached from work during their breaks. Executive 

function was also not found to play a role in these relationships. These findings did not provide 

evidence that social media use during breaks is related to focus through these processes, although 

they should be interpreted with caution given the sample size.  
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Introduction 

Social media is defined as a “group of Internet-based applications that builds on the 

ideological and technological foundations of Web 2.0, and that allows the creation and exchange 

of user-generated content” (Kaplan & Haenlein, 2010, p. 61). The prevalence of social media use 

is increasing as the number of platforms and users has expanded significantly over the past few 

years (Aichner et al., 2021). Thus, social media is integrated into many aspects of daily life, 

including the workplace. For example, in 2016, 77% of workers reported using social media during 

work hours (Pew Research Center, 2016). The rise of social media usage at work has drawn 

significant attention and increasing concerns on access to social media during the workday, both 

from researchers and practitioners (Aral et al., 2013; Rhee & Kim, 2016). While there is a growing 

interest in exploring the relationship between social media use and various work outcomes, there 

are still contradictory arguments about whether social media usage is beneficial or harmful to 

outcomes such as job performance (Charoensukmongkol, 2014; Yu et al., 2018). There are three 

aims of this thesis. First, it aims to integrate prior arguments to examine how taking social media 

breaks during the workday can have both positive and negative relationships with work focus, 

defined as “an employee’s ability to concentrate on work tasks and abstain from task withdrawal” 

(ten Brummelhuis et al., 2021, p. 2). Second, it aims to investigate how trait executive functioning 

shapes these relationships by distinguishing between two underlying processes: recovery and 

information overload. Recovery refers to the replenishment of functional resources depleted during 

a stressful experience (Sonnentag & Fritz, 2007), whereas information overload occurs when the 

amount of information exceeds an individual’s capacity to process it (Yu et al., 2018). Third, it 

aims to compare a positive pathway, theorized to be mediated by work recovery, with a negative 
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pathway, theorized to be mediated by information overload, to determine if there is an overall 

positive or negative net relationship between social media use and work focus.  

Prior research has primarily focused on establishing either a positive or negative 

relationship between social media breaks and work outcomes. On one hand, Kim and Niu (2014) 

found that employee happiness benefits from micro-breaks using smartphones during working 

hours. Ali-Hassan et al. (2015) additionally found that social uses (using social media to build new 

relationships, find others with similar interests, and maintain existing relationships) and cognitive 

uses (using social media to create, share, and access user-generated content) of social media 

positively correlated with job performance. On the other hand, research has found that features of 

smartphones and social media, such as multitasking, may result in reduced concentration (Ralph 

et al., 2014). Consequently, I theorize that social media use at work has the potential to have both 

positive and negative relationships with work focus. I adopt a novel approach by examining both 

a positive recovery-based pathway and a negative information overload-based pathway and 

comparing them to provide a comprehensive understanding of the nuanced relationship between 

social media use and work focus. 

Additionally, the increased use of smartphones and social media, seen as a necessity in 

modern life, has altered the ways in which employees take breaks (Rhee & Kim, 2016). 

Consequently, the consideration of social media use as having recovery potential for work is also 

a recent concept. Cheng and Cho (2021) found that employees are more likely to use social media 

to recover from stressful work when job demands are higher and that these breaks can boost 

positive recovery experiences, such as psychological detachment from work (disengaging 

mentally from work) and relaxation (activities that relax the body and mind). Thus, I posit that 

recovery is a potential mediator between social media use and work focus. Accordingly, findings 
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from this thesis contribute to a deeper comprehension of social media use as a potential recovery 

activity.  

Furthermore, defining the negative pathway of social media breaks and work concentration 

as a process mediated by information overload is a novel contribution to the literature. I chose 

information overload as a potential mediator because previous studies have primarily focused on 

the relationship between social media overload on work-related outcomes, such as job performance. 

For example, Yu et al. (2018) found that information overload associated with excessive social 

media use was a significant stressor, which predicted subsequent social media exhaustion. This 

exhaustion, in turn, related to decreased job performance. When trying to explain this finding, I 

propose that social media use at work depletes cognitive resources and serves as a distraction from 

work-related information. Thus, I further theorize that using social media at work will lead to an 

overload of information and inhibit work focus.  

Work focus was chosen as an outcome because focused attention at work is important for 

working on and completing daily tasks and overall job performance. Thus, work focus can be 

explained as concentration on work tasks and refraining from task withdrawal. Task withdrawal 

can be further defined as an employee's disengagement from their tasks although present during 

work hours (Scott & Barnes, 2011). Because concentration is a cognitive function that is important 

for work focus, cognitive resources must be sufficiently regained for effective functioning (Lee & 

Son, 2023). Refraining from task withdrawal also requires concentration, attention, and self-

control.  

With the current thesis, I make three important contributions to the literature on social 

media use during work hours and the impact of this social media use on contributors to job 

performance. First, the results of the study provide insight into the nuanced dynamics of social 
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media use and work focus, exploring whether, under what circumstances, and for what reasons 

social media engagement may positively enhance work concentration by facilitating recovery or 

negatively disrupt it through information overload. There is still debate on whether social media 

breaks are helpful or harmful due to inconsistent or conflicting findings in previous research. For 

example, prior research on addiction to social media, or excessive use, shows that use during work 

hours can reduce performance, induce higher levels of technostress, and lower happiness (Brooks, 

2015; Yu et al., 2018; Zivnuska et al., 2019). Contrary to this finding, some studies have found 

that social media use can help recovery from work demands, increase job satisfaction, and reduce 

negative affect (Charoensukmongkol, 2014; Cheng & Cho, 2021; Rhee & Kim, 2016). The 

existing literature has failed to reach a consensus on using social media for personal reasons at 

work on various work outcomes, thus it is important to ask why this might be the case or if there 

are other underlying processes that can help explain how both positive and negative relationships 

could occur. This provides insight for both organizations and employees to understand the 

implications of taking social media breaks during work hours and how these breaks can affect job 

performance-relevant outcomes.  

Second, incorporating cognitive psychology by including executive functioning and 

information overload provides a unique perspective to research on social media in organizations. 

Executive functions are a set of processes that control and manage cognitive behaviors and 

thoughts (Cipolotti et al., 2016; Miyake et al., 2000). By considering executive functioning as a 

boundary condition of the relationships linking social media use to work focus, I help explain how 

individuals manage and regulate their cognitive resources when engaging with social media and 

the implications of this regulation for focus at work. Furthermore, examining how social media 

use, recovery, and information overload are influenced by executive functioning levels can deepen 
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our understanding of the underlying mechanisms potentially connecting these variables. Executive 

functioning may play a crucial role in determining how individuals navigate the challenges posed 

by social media use and its impact on recovery processes or information overload at work. Thus, 

this study helps synthesize the work recovery literature with cognitive psychology.  

Lastly, the findings from this research hold implications for organizational practice. For 

example, if results are found to be supportive of the positive pathway and work focus is improved 

through recovery, organizations can make more efforts to formally incorporate social media breaks 

throughout the workday. Employees can also benefit and learn to be more mindful of the types of 

breaks taken and how social media breaks can inhibit or enhance their work focus. On the other 

hand, if the results of the study more strongly support the negative pathway, in which work focus 

is disrupted through information overload, organizations may need to devise and implement 

strategies to manage social media use among employees during work hours. Additionally, 

employees may benefit from self-regulation strategies to manage their social media use and 

minimize information overload in the context of negative cognitive implications of social media 

use at work. Therefore, this work not only presents a unique perspective in understanding the 

relationship between social media use and work focus, but also presents a goal in enhancing 

productivity and well-being in the workplace through practical implications. 

In this thesis, I will begin by introducing relevant concepts (social media usage, work 

recovery, information overload, executive functioning, work focus) and theories in the literature 

review. Then, I will elaborate on the justifications for the hypotheses explaining the 

interrelationships between social media use, positive pathways to work focus via recovery, 

negative pathways to work focus via information overload, and the role of executive functioning 

levels as a boundary condition on these relationships. Afterward, there will be a description of 
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the procedure and methods for conducting the study. Finally, I will discuss the statistical analysis 

that was used to test the hypotheses, its results, and interpretation of results. 

Literature Review 

The Effort-Recovery Model (ERM, Meijman & Mulder, 1998) posits that individuals need 

to rest to allow their functional systems to replenish from expended effort used to address various 

work demands. Continued effort without sufficient recovery can lead to detrimental outcomes for 

employee well-being, physical health, and job performance (Sonnentag et al., 2010). However, 

these reactions are reversible and can be prevented. Employees can return to baseline functioning 

by removing work demands and engaging in recovery activities. Thus, employees may choose to 

take breaks from their work, both during and outside working hours, to replenish from the effort 

expended on job tasks through recovery activities. Common examples of activities that promote 

recovery include sleep, physical exercise, social activities, and at-work breaks (Albulescu, 2022; 

Sonnentag, 2001; ten Brummelhuis et al., 2021). Focusing on at-work breaks, past research shows 

that taking short breaks, also known as microbreaks, during work hours has been found to result 

in various benefits. For example, one study found that microbreaks can help lead to increases in 

positive affect. The increase in positive affect also predicted an increase in job performance, such 

as a greater number of sales (Kim et al., 2018). Albulescu et al.’s (2022) meta-analysis on 

microbreaks further found that microbreaks can help preserve vigor, alleviate fatigue, and promote 

recovery.  

Types of microbreaks have been broken down into four categories in past research: 

relaxation, nutrition-intake, socialization, and cognitive (Kim et al., 2018). Although social media 

use can be categorized as a socialization microbreak activity, there is only one item in the 

commonly used measurement of the four types of break activities (Kim et al., 2017) that is related 
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to social media use. This item asks if the employee checks personal social media platforms during 

their breaks (Cheng & Cho, 2021; Kim et al., 2017). Given the contradictions on the impact of 

using social media at work, it is important to ask why this might be the case or if there are other 

underlying processes that can help explain how both positive and negative relationships could 

occur. Thus, I propose a two-pathway conceptual model to explain these associations.  

Bennett et al. (2020) found that some microbreak conditions can help employees in 

restoring their psychological resources to prework levels after a microbreak. If employees are 

indeed engaging in a recovery activity through social media microbreaks, it should lead to a 

recovered system, such as higher levels of energy, lower fatigue, and better task performance, 

aligning with the ERM (Albulescu et al., 2022; Meijman & Mulder, 1998). There are four types 

of recovery experiences that describe strategies to recuperate from job stress: psychological 

detachment, relaxation, mastery, and control over leisure time (Sonnentag & Fritz, 2007). 

Psychological detachment is disengaging mentally from work, which results in recovery from 

work stress. Relaxation describes activities that relax the body and mind, which aid in feeling 

recovered. Mastery relates to seeking opportunities to learn something new and face new 

challenges. Lastly, control over leisure time is the ability and control to pursue personal interests 

and activities during off-work hours. At-work recovery experiences are more closely related to 

psychological detachment and relaxation, as the other two strategies require more effort and time 

to engage in and usually happen during off-work times (Cheng & Cho, 2021). According to these 

definitions of the two recovery experiences, psychological detachment and relaxation, and 

consistent with the ERM (Meijman & Mulder, 1998), social media use could contribute to a more 

recovered state by providing a means to temporarily detach from job demands, relieve work-
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related stress, and replenish resources to baseline functioning. Thus, I proposed recovery as an 

outcome of this positive pathway extending from social media use at work.  

Hypothesis 1: Social media use before the end of the work shift is positively indirectly 

related to work focus during the work shift through enhanced recovery.  

On the other hand, a past empirical study found that hedonic use, or using social media for 

fun and entertainment, at work has a negative relationship with job performance (Ali-Hassan et al., 

2015), although the reason for this association is not explicitly stated. I proposed that social media 

use can lead to an overload on information, preventing a complete replenishment of resources and 

resulting in negative work focus implications. Other studies on the excessive use of social media 

have also found that this type of social media use reduces job performance by introducing an 

overload on information, communication, and socialization (Yu et al., 2018). Information overload 

describes a situation when a large amount of information is presented that exceeds the capacity 

one can process (Yu et al., 2018). Subsequently, social media use can lead to information overload, 

as it introduces large amounts of information that needs to be processed through various platforms, 

resulting in a more exhausted system (Ali-Hassan et al., 2015; Karr-Wisniewski & Lu, 2010). 

According to the ERM, continued efforts without recovery can lead to increased fatigue and 

exhaustion (Meijman & Mulder, 1998; Sonnentag et al., 2010). These findings can imply that if 

the break employees use to replenish cognitive resources is, in fact, causing exhaustion through an 

overload, it will not lead to adequate recovery and could be harmful instead. Thus, a negative 

pathway of social media use at work is the use of cognitive resources on non-work-related tasks 

and distraction from work information, which is associated with non-job-related information 

overload.  
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Hypothesis 2: Social media use before the end of the work shift is negatively indirectly 

related to work focus during the work shift through enhanced information overload. 

Previously, organizational literature has primarily focused on viewing social media use as 

having a recovery potential. However, this ignores further potential cognitive implications of 

social media use that can help enrich social media research in the field. The compensatory control 

model (Hockey, 1997) suggests that individuals have a limited cognitive capacity. Cognitive 

capacity refers to the finite mental resources and information individuals can attend to and process, 

influencing a wide variety of behaviors such as pursuing long-term goals and self-regulation (Ward 

et al., 2017). The compensatory control model helps explain how individuals regulate behaviors 

and cognition in situations with low control. Low control or loss of control happens when an 

individual's ability to influence, predict, or manage their environment and outcomes is diminished 

(Hockey, 1997). For example, when employees perceive a loss of control over their work due to 

factors like high job demands or elevated stress levels, they may seek to regain control by engaging 

in social media for recovery. This can allow employees to exert a level of control through executive 

functions that aids in recovery and, consequently, improves work focus. However, higher digital 

use can lead to information overload, which overwhelms an individual's ability to process 

information (Yu et al., 2018). This can lead to feelings of diminished control over attention and 

focus, contributing to a negative relationship between information overload and work focus. To 

enhance recovery benefits or manage information overload, individuals may employ strategies to 

regulate their cognitive resources, with higher levels of executive functioning reinforcing the 

positive relationship or buffering the negative relationship. 

Executive functioning refers to “a variety of general purpose control mechanisms thought 

to modulate and organize more basic cognitive sub-processes” to achieve a goal (Cipolotti, et al., 
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2016, p. 1). There are three core executive functions: inhibitory control, working memory, and 

shifting (Baggetta & Alexander, 2016; Miyake et al., 2000). Inhibitory control is defined as the 

ability to suppress automatic responses, actions, and impulses to regulate one’s behavior in 

accordance with internal goals or external demands. Working memory is defined as the ability to 

temporarily hold, manipulate, and maintain relevant information for the purpose of completing 

cognitive tasks. Shifting is defined as the ability to adapt and switch between different tasks in 

response to changing environmental demands of task requirements. Therefore, according to the 

compensatory control model, individuals may utilize these executive functions to regulate 

recovery experiences and navigate cognitive demands amidst information overload (Hockey, 

1997).  

The compensatory control model implies that when individuals face situations where they 

perceive a lack of control, they may experience heightened emotions such as anxiety or frustration 

(Hockey, 1997). Inhibitory control can both help individuals refrain from engaging with social 

media during work hours and ignore social media notifications during time needed to be spent on 

work tasks. Thus, this function helps employees regulate appropriate times to take social media 

breaks for recovery, rather than using these breaks to interrupt their work focus. Additionally, 

when individuals use compensatory control strategies to regain a sense of control, they may need 

to keep multiple goals and tasks in mind while coordinating their actions (Hockey, 1997). Working 

memory is an important function because it can influence what information individuals retain 

during or after engaging in social media breaks, and whether it is relevant to the task and goals at 

hand. Therefore, it can aid in recovery by allowing an individual to filter and retain information 

that supports relaxation and psychological detachment, rather than distracting or stress-inducing 

information. Finally, shifting can aid in recovery by helping an individual shift their attention and 
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cognitive resources more effectively between work-related tasks and social media content. This 

function can also aid in psychological detachment from work during social media breaks and then 

smoothly transition back to work tasks afterwards. Therefore, high levels of these three executive 

functions specifically can positively impact the relationship between social media use and recovery.  

Hypothesis 3: Executive functioning will moderate the positive relationship between 

social media use and recovery, such that the relationship is stronger for employees with high as 

compared to low levels of executive functioning. 

On the other hand, higher inhibitory control functioning can mitigate the relationship 

between social media use and information overload. Greater inhibitory control helps manage how 

employees engage with social media, including the type of content they consume and the duration 

of their breaks. Working memory can further prevent information overload by filtering and 

prioritizing relevant information, ensuring cognitive resources are used efficiently and 

disregarding irrelevant or excessive content. Additionally, efficient shifting allows individuals to 

quickly and effectively transition their focus between different types of content and tasks. This 

cognitive flexibility enables them to shift their attention away from overwhelming information 

toward more relaxing content and to refocus smoothly back to work-related tasks after a break. 

Thus, high levels of inhibitory control, working memory, and shifting can reduce the impact of 

social media use on information overload.  

Hypothesis 4: Executive functioning will moderate the positive relationship between 

social media use and information overload, such that the relationship is weaker for employees with 

high as compared to low levels of executive functioning. 

An additional aim of this research is to explore and compare the positive and negative 

pathways to determine if there is an overall positive or negative net relationship between social 
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media use and work focus. Rhee and Kim (2016) studied the association between smartphone 

breaks and vigor through positive affect, and the association between smartphone breaks and 

emotional exhaustion through negative affect. They found that psychological detachment via 

smartphone usage can enhance both the positive and negative pathways, albeit less effectively 

compared to conventional breaks. Similarly, the ERM suggests that social media usage should lead 

to recovery due to psychological detachment and relaxation. However, if these social media breaks 

actually disrupt the recovery process by introducing a surplus of information, they can lead to 

information overload. Therefore, I posit that either pathway has the potential to be stronger than 

the other, and the strengths of these pathways will be compared as an exploratory research question. 

Research Question: If social media use during a work shift has both a positive and 

negative relationship with work focus, is there an overall positive or negative net association?  

Overview of the current study 

I required working student participants to plan to work a minimum of five shifts within the 

upcoming two weeks, with each of these shifts lasting at least three hours, to participate in this 

study to ensure a representative capture of their work routines and social media use in relation to 

the data collection protocol. I implemented a time-lagged experience sampling design, measuring 

social media use one-third into each shift, recovery and information overload two-thirds into the 

shift, and work focus retrospectively at the end of each shift. Data collection included in-person 

lab tasks to assess executive functions (inhibition, working memory, and cognitive flexibility) 

prior to the experience sampling period, along with surveys utilizing adapted, validated scales for 

the key variables involved in the indirect effects portion of my conceptual model: social media use, 

recovery, information overload, and work focus. 
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Method 

Sample 

The study eligibility criteria required participants to be working students currently enrolled 

in an undergraduate psychology course at Virginia Tech. Participants were required to be at least 

18 years old to provide informed consent and enrolled in a psychology course to receive 

compensation in the form of course credits through the SONA portal, an experiment management 

system that allows students to earn extra credit for participating in research studies as part of their 

psychology courses. Participants were required to have at least five work shifts planned within an 

upcoming two-week period, with a minimum duration of three hours per work shift. This 

requirement regarding the frequency and timing of their work shifts allowed for a representative 

sampling of their work routines. It also ensured enough time for the measurement of social media 

use, recovery, information overload, and work focus during each shift in a time-lagged fashion, 

which provided a more accurate understanding of how these variables relate over the course of a 

work period. Participants were also required to have at least occasional access to social media at 

work, as social media use is a key aspect of the study.  

Participant recruitment was conducted through the SONA platform, but also supplemented 

by targeted recruitment emails, newsletters posts, word-of-mouth, and flyers which contained 

information about the study procedure, eligibility criteria for participation, and study compensation. 

In a review of various samples in applied psychology articles published in the Journal of Applied 

Psychology from 1995 to 2008, Shen et al. (2011) found that student samples are particularly 

appropriate for examining general principles, such as the occurrence of psychological phenomena.1 

 
1 Initially, eligibility was restricted to students with paid employment. Due to pace of study recruitment challenges, these criteria 

were expanded to include undergraduate research assistants who completed scheduled work hours for academic credit or on a 

volunteer basis. These positions were included because they involve structured tasks, supervision, and scheduled responsibilities 

within an organizational context, characteristics that define the nature of work experiences regardless of compensation 

(Morgeson & Humphrey, 2006). 
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Thus, despite being a convenience sample, the fundamental processes I investigated can be 

effectively assessed within the population described. Specifically, the cognitive and behavioral 

patterns related to the constructs of interest—social media use, work focus, recovery, and 

information overload—are likely to be present in students, allowing for valid testing of my 

hypotheses. 

For compensation, participants were able to earn up to a total of 8 SONA credits. 

Participants received 1.5 credits for completing an initial (i.e., baseline) survey and coming into 

the lab for the executive function measure. For every survey that they completed during their shift, 

they received 0.4 credits, totaling 6 credits for 15 surveys completed during the five-shift study 

period (i.e., three surveys per shift). Finally, they were able to receive a 0.5 credit perfect survey 

completion bonus if they completed all components of the study.  

In total, 110 participants accessed an online baseline survey. Attention checks were 

incorporated into the baseline surveys by asking participants to select a specific response (e.g., 

"Please select very frequently"). Any participant who failed more than one attention check in the 

online baseline survey was excluded from the study. Nineteen participants were screened out at 

the baseline survey stage for failing to complete the baseline survey (n = 8), being ineligible based 

on screening criteria (n = 9), or declining to provide informed consent for study participation (n = 

2). An additional 12 participants completed the baseline survey but did not attend the scheduled 

in-lab session (n = 12). One participant was screened out for non-compliance with the survey 

recording protocol (e.g., completing the start-of-shift, mid-shift, and end-of-shift surveys very 

close together in time; n = 1), and three participants were screened out for completing fewer than 

three surveys across the experience sampling period (n = 3). The final sample for statistical 

analysis thus consisted of 42 participants (N = 42) who provided complete and valid daily survey 
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responses at 470 (74.6%) out of 630 possible time points (i.e., 42 participants × 3 surveys per shift 

× 5 shifts). 

The total sample consisted of 81.0% Female participants, 16.7% Male participants, and 2.4% 

who declined to state their gender. In terms of race/ethnicity, 69.0% of participants identified as 

White or Caucasian, 2.4% as Asian American or Asian, 7.1% as African American or Black, 9.5% 

as Hispanic or Latinx, and 11.9% identified as multiracial. The sample consisted of seniors 

(33.3%), juniors (31.0%), sophomores (19.0%), and freshmen (16.7%). Participants were on 

average 20.10 years old (SD = 1.27; range = 18-23) and were enrolled in an average of 15.81 credit 

hours (SD = 2.23; range = 9-23). Participants worked an average of 13.71 hours per week (SD = 

5.43; range = 3-30 hours). Participants reported a range of job titles. The most common job 

category was Admin/Office/Academic Support (40.5%), followed by Food Service/Delivery 

(26.2%), Retail/Cashier (19.0%), Healthcare/Caregiving (9.5%), and Miscellaneous Service 

(4.8%). This distribution is consistent with a student sample, in which on-campus administrative 

roles, food service, and retail positions are commonly held. 

Statistical Power Analysis 

To evaluate the statistical power of the final obtained sample (N = 42; 630 day-level 

observations with a roughly 25% missing data rate), a post-hoc Monte Carlo simulation was 

computed using Mplus Version 8 (Muthén & Muthén, 2002). Following the simulation steps 

outlined by Thoemmes et al. (2010) for complex mediation, population values for all direct 

pathways were set at .20. This value represents a conservative effect size situated between the 

"small" (.14) and "medium" (.36) benchmarks established for path coefficients in mediation 

models (Cohen, 1988; Thoemmes et al., 2010). 
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The post-hoc power analysis suggested high statistical power for Level 1 associations. 

Specifically, power to detect within-person direct effects ranged from .909 to .945. The power to 

detect the relationship between social media use and work focus was .909, the relationship between 

recovery and work focus was .945, and the relationship between information overload and work 

focus was .938. Critically, power to detect the Level 1 indirect effects was lower, with estimates 

of .739 for the positive pathway (social media use → recovery → work focus) and .730 for the 

negative pathway (social media use → information overload → work focus). Furthermore, the 

simulation demonstrated excellent parameter recovery, with average estimates closely 

approximating population values (e.g., .2001 vs. .200 for the recovery-to-work-focus pathway). 

Standard error bias remained below 1%, which is well within the acceptable 5% threshold for 

reliability (Hoogland & Boomsma, 1998). 

However, power for Level 2 (between-person) associations was notably lower. The power 

to detect the direct effect of the Level 2 moderator on the mediators and outcome ranged from .093 

to .180, while the power to detect cross-level interactions on the slopes was approximately .175. 

Despite this lower power, parameter bias for the between-level effects remained negligible, and 

95% confidence interval coverage was stable (.949 to .967). This suggests that while the study is 

somewhat sensitive to being powered to detect within-person mediation, it is conservative 

regarding the detection of person-level moderating effects due to the reduced Level 2 sample size 

(Muthén & Muthén, 2002). 

Procedure 

An overview of the timeline for the study procedure is shown in Figure 2. Interested 

participants were able to access an initial online baseline survey through the SONA portal to 

provide demographic and job information. This baseline survey also included a screening process 
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to make sure that the participants met the study eligibility requirements. The initial baseline survey 

also included information on the nature of the study, briefly explained the process to follow, and 

allowed the participants to provide their informed consent to participate. Eligible participants were 

asked to create a participant ID and to schedule a time for them to come into the lab to complete 

an in-person objective measures of executive functioning after their completion of the baseline 

survey.  

The in-lab sessions were scheduled to last one hour, although most participants completed 

the tasks and training included within the in-lab session within approximately 30 minutes. The 

additional time served as a buffer to accommodate any technical or procedural issues and to 

reassure participants that they could proceed at a comfortable pace without feeling rushed. 

Upon arrival, participants confirmed their participant ID and recorded the five dates on 

which they anticipated working shifts across the upcoming two weeks. The researcher then 

explained the purpose of the in-lab session and provided standardized instructions for each task 

(all tasks described in greater detail subsequently in the “Measures” section). Participants first 

completed the go/no-go task, which took approximately 2 minutes to complete, followed by the 

backward digit span task. The duration of the backward digit span task varied based on 

performance. Finally, participants completed the Wisconsin Card Sorting Task, which took 

approximately 5 minutes to complete. 

After completing the three executive function tasks, participants received training and 

instructions for the experience sampling portion of the study. This portion of the study involved 

participants completing online surveys through ExpiWell (https://www.expiwell.com), an 

experience sampling assessment app and data platform that enables participants to complete 

surveys on their smartphones. The surveys were distributed in a non-event contingent design, 

https://www.expiwell.com/
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meaning that they were to be completed at three consistent time points, corresponding to thirds of 

their work shift, across five non-consecutive shifts. Non-event contingent designs, in contrast to 

event-contingent designs where data is collected immediately following a specific event, are useful 

for tracking ongoing behaviors, emotions, or experiences over time, regardless of specific 

triggering events (Bolger et al., 2003). A non-event contingent survey design was chosen because 

the study aims to measure general patterns throughout the shift rather than in response to any 

specific event. This allowed for an examination of these variables as they fluctuate naturally during 

work, capturing a broader view of participants' daily experiences. All surveys were self-reported.  

During the last portion of the in-lab session, participants downloaded the ExpiWell app, 

created an account, and added the study to their account. They then scheduled their anticipated 

work shifts within the app, with assistance from the researcher when necessary to ensure accurate 

entry and assignment of the surveys within their account. Finally, the researcher verified that the 

survey schedule entered in ExpiWell aligned with the dates participants had provided at the 

beginning of the session. 

The early-shift survey, completed one-third of the way into the shift, measured social media 

use during the beginning portion of the shift. The mid-shift survey, completed two-thirds into the 

shift, assessed levels of recovery and information overload at that point in the shift. Finally, the 

end-of-shift survey, completed at the conclusion of the shift, measured the level of work focus 

since the completion of the previous survey (i.e., the mid-shift survey). Each mobile-friendly 

survey took around 5 minutes to complete and was designed to be considerate of the fact that 

participants completed them during their work shifts (i.e., efficiency in measurement was 

considered in designing each survey). 
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Participants received notifications via the ExpiWell app to complete their surveys on days 

they were scheduled to work. They were able to securely log in through the app, allowing their 

responses to be easily matched across measurement occasions. To prevent duplicate responses, the 

questionnaire was accessible through personal ExpiWell accounts, and I had the ability to monitor 

respondents' IP addresses for fraudulent response detection purposes. Participants were informed 

that only the researchers will have access to the survey responses, which aimed to increase the 

likelihood of accurate responses.  

Measures 

The measures in the surveys for this study were adapted from previous literature and 

validation studies and were modified to fit the context of the current study. 

Executive Function. Using a single overall executive function measure can be challenging 

because it is difficult to extricate just the inhibition, working memory, and shifting functions from 

such measures (Miyake & Friedman, 2012). Therefore, three separate computerized tasks were 

implemented to more closely measure these individual domains of executive functioning. 

Furthermore, task scores were retained as separate standardized variables to examine the unique 

contribution of each executive functioning component to work focus. 

All tasks were implemented using PsychoPy (https://www.psychopy.org/), an open-source 

platform that allows psychologists to create custom experiments. The tasks were hosted and 

executed on Pavlovia (http://pavlovia.org/), an open-source and secure online repository that 

allows PsychoPy experiments to run remotely and enables participants to complete the tasks online. 

Inhibition. A Go/No-Go task was used to measure inhibition by assessing a participant’s 

ability to suppress a prepotent motor response (Xia et al., 2020). During this task, participants were 

presented with two types of stimuli: a "go" stimulus, which requires a quick button press, and a 

https://www.psychopy.org/
http://pavlovia.org/
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"no-go" stimulus, where they are instructed to withhold their response. Performance was evaluated 

using d′ (d-prime), a signal detection index that reflects participants’ ability to discriminate 

between go and no-go trials while accounting for response bias (Sengupta, 2024). 

Working Memory. The backward digit span task (Wechsler, 1974) was used to assess 

working memory capacity. Participants viewed sequences of digits presented one at a time on the 

screen and were instructed to recall the digits in reverse order by typing the sequence backward. 

Performance was evaluated using maximum span (the longest sequence correctly recalled), a 

standard estimate used in previous research (Lefebvre et al., 2005; Monaco et al., 2012). 

Shifting. The Wisconsin Card Sorting Task (Grant & Berg, 1948) is a card-matching task 

that measures cognitive shifting (Miles et al., 2021). Participants were asked to match a response 

card to one of four stimulus cards based on color, shape, or number, without being told the sorting 

rule. Participants identified the rule through trial and error and received feedback (“correct” or 

“incorrect”) after each response. Performance was indexed using overall accuracy, calculated as 

the proportion of correct responses across trials. This approach is supported by Laiacona et al. 

(2000), who established that a global index of WCST performance provides a concise and reliable 

measure of task success. Furthermore, Kopp et al. (2019) demonstrated that such global metrics 

are the most stable and valid indicators of the shifting construct, justifying their use in the creation 

of standardized executive function composites. 

To facilitate comparison across tasks with different scoring metrics, each performance 

index (d′, maximum span, and accuracy) was standardized (z-scored) prior to analysis. 

Standardization placed all measures on a common scale and reduced differences attributable to 

measurement units. Standardized scores were averaged to create an overall executive functioning 

composite for analysis. Aggregating across multiple tasks helps reduce task-specific variance and 
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provides a more reliable estimate of the shared variance underlying general executive functioning, 

consistent with the unity and diversity framework of executive functions (Miyake et al., 2000; 

Friedman & Miyake, 2017). 

Social Media Use. In the surveys and the description of study, respondents were given the 

following definition for what social media is: “Social media includes a variety of online platforms 

and tools that allow people to interact, share content, and create communities. Examples of these 

platforms are Facebook, Twitter, Instagram, blogs, and other sites where you can post, share, and 

connect with others online” (Ali-Hassan, 2015). Social media use was measured using a general 

social media usage subscale from the Media and Technology Usage and Attitudes Scale (MTUAS) 

(Rosen et al., 2013). In their original validation study, Rosen et al. (2013) reported an estimated α 

of 0.97 for the General Facebook Usage items on this scale, though these items can easily be 

adapted to include broader social media platforms beyond Facebook. Additionally, their factor 

analysis showed that all items loaded highly onto the "General Social Media Usage" factor, further 

establishing the construct validity of the measure. 

The general social media usage subscale from the MTUAS (Rosen et al., 2013) includes 9 

items and originally uses a 10-point Likert scale. For the purposes of this study, seven items were 

retained. Two items were removed because they did not fit the measurement context: one item 

specifically referenced checking Facebook from a smartphone (redundant with the general 

checking item), and another referenced checking Facebook at work or school (not applicable given 

that all participants were already at work when completing the survey). Additionally, the original 

scale includes response choices like "once a month," which were not relevant for within-shift 

measurement. Instead, responses reflected the frequency of social media engagement on a 5-point 

Likert scale from “1 = never,” to “5 = “very frequently.” An example item reads, “Check Facebook 
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page or other social networks.” Items from the MTUAS were modified to fit the work context by 

adding, “during work hours this from the beginning of the shift” (ωwithin = .919). 

Recovery. Recovery experiences during social media breaks were measured using self-

rated items adapted from the Recovery Experience Questionnaire (Sonnentag & Fritz, 2007). In a 

validation study, Sonnentag and Fritz (2007) conducted a Confirmatory Factor Analysis (CFA) 

and found α values of 0.85 across the two factors. Their CFA also revealed high factor loadings 

for the items on these factors. Moreover, to further establish construct validity, Sonnentag and 

Fritz (2007) evaluated the nomological network and found α values of 0.87 and above for the two 

recovery experience subscales. Thus, there were eight items in total to measure recovery 

experiences: four for psychological detachment and four for relaxation. Responses were measured 

on a 5-point Likert scale from "1 = strongly disagree" to "5 = strongly agree." All items were 

adapted to fit the work shift context by modifying the item to reference breaks taken during the 

shift. An example of an item to measure psychological detachment is: "During any breaks you've 

taken today (scheduled or unscheduled), I got a break from the demands of work." The two 

subscales demonstrated acceptable to excellent internal reliability in the current sample 

(psychological detachment: ωwithin = .749; relaxation: ωwithin = .929). For hypothesis testing, the 

two subscales were analyzed separately. 

Information Overload. Information overload as a result of social media breaks was 

measured by modified items from Karr-Wisniewski and Lu (2010). Yu (2018) reported internal 

consistency (α = 0.76) for the information overload items they used adapted from Karr-Wisniewski 

and Lu (2010) in their research examining social media overload on job performance. Additionally, 

Karr-Wisniewski and Lu (2010) conducted a CFA to see if their three items measuring information 
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overload had acceptable reliability and validity. Their items for information overload had a 

Cronbach’s α of 0.73 and all item coefficients were above 0.5. 

 These self-rated responses were also measured on a 5-point Likert scale from “1 = strongly 

disagree,” to “5 = strongly agree.” An example of an item is, “I find that I am overwhelmed by the 

amount of information that I process from social media” (ωwithin =.889). 

Work Focus. Work focus is defined as, “an employee’s ability to concentrate on work tasks 

and abstain from task withdrawal” (ten Brummelhuis et al., 2021, p. 2). Therefore, the participant 

self-rated their concentration and task withdrawal for the work focus measure. Concentration was 

assessed with three items (average α = 0.68; ten Brummelhuis et al., 2021), adapted from Lee et 

al. (2003). These three items were chosen because they were applicable to work tasks and were 

reworded to suit daily measurement. Task withdrawal was assessed with four items (average α = 

0.74; ten Brummelhuis et al., 2021), adapted from Bennett and Robinson’s (2000) organizational 

deviance scale. The four items measured behaviors in which employees do not engage with their 

task, or do not put in effort into their work. Additionally, instructions and items included the phrase 

"Since the completion of the previous survey" to maintain the context of participants' experiences 

specific, as this is central to the measurement objectives. These variables were not aggregated to 

represent the different aspects of work focus, as emphasized in the definition. 

Participants indicated their agreement with each prompt on a 5-point Likert scale from “1 

= strongly disagree,” to “5 = strongly agree.” An example of an item for task withdrawal is, “Since 

the completion of the previous survey, I put little effort into my work.” The concentration scale 

demonstrated acceptable reliability (ωwithin = .734). However, the task withdrawal scale 

demonstrated marginal reliability (ωwithin = .680), falling slightly below the conventional .70 
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threshold (Nunnally & Bernstein, 1994; see also Dunn et al., 2014). Item-level factor loadings for 

the task withdrawal scale are presented in Table 5. 

Analytic Approach 

Prior to hypothesis testing, unconditional multilevel models were estimated to compute 

intraclass correlations (ICCs) for each variable. ICCs separate the total variance in each variable 

into between-person variance and within-person variance estimates and provide justification for 

the use of multilevel modeling when they exceed the conventional .10 threshold (Hox et al., 2010). 

Descriptive statistics and bivariate correlations were computed separately at the within-person and 

between-person levels. Within-person correlations were computed on person-mean centered 

variables to isolate Level 1 covariance. Between-person correlations were computed using 

participant means across the study. 

 Additionally, scale reliability was assessed using McDonald’s omega (ω) at Level 1, 

estimated via two-level multilevel confirmatory factor analysis using maximum likelihood 

estimation with robust standard errors (MLR) in Mplus Version 8. Missing data were handled via 

a full information maximum likelihood approach (FIML). McDonald’s omega was preferred over 

Cronbach’s alpha as it does not assume tau-equivalence (i.e., that all items contribute equally to 

the composite) and provides a less biased estimate of reliability for scales with unequal item 

loadings (McDonald, 1999). 

Hypotheses 1 through 4 were tested using a full observed variable multilevel structural 

equation model (MSEM; Preacher et al., 2010) estimated in Mplus Version 8 with Bayesian 

estimation. The MSEM simultaneously estimated within-person (Level 1) and between-person 

(Level 2) path coefficients in a single integrated model, which is more statistically appropriate than 

estimating separate mediation and moderation models sequentially (Preacher et al., 2010). All 
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continuous predictors were z-scored prior to analysis so that all coefficients are interpretable as 

standardized effect sizes. Because the executive functioning measures were standardized, this 

approach is preferable from an interpretation perspective to having some variables be standardized 

and some variables be unstandardized when they are entered into the model. 

Within- and between-person variance decomposition was accomplished via latent-mean 

centering, which is the default in Mplus TYPE=TWOLEVEL models (Muthén & Muthén, 1998–

2017). Latent-mean centering models the person-level mean as a latent variable, thereby 

accounting for measurement error in aggregated predictors (Lüdtke et al., 2008). Because centering 

choices influence the separation and interpretation of within- and between-person effects (Enders 

& Tofighi, 2007), observed person-mean centering may not fully disentangle Level 1 and Level 2 

variance, particularly in more complex models. 

The within-person portion of the model specified both a first stage path (path a; within-

person social media use predicting within-person psychological detachment, relaxation, and 

information overload) and a second stage path (path b; within-person mediators predicting within-

person concentration and task withdrawal, when also including direct effect pathways to these 

criteria from social media use). Random slopes were specified for the first-stage pathways, 

allowing the within-person association of social media use with the mediators to vary across 

participants. These random slopes were subsequently regressed on executive function at Level 2 

to test the cross-level moderation hypotheses (H3 and H4). The residual covariance between 

concentration and task withdrawal was freely estimated at both levels to account for their 

anticipated shared variance as indicators of the same underlying work focus construct. The residual 

covariance between psychological detachment and relaxation was also freely estimated at Level 1, 
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as recovery experience theories and prior empirical work suggest that these dimensions are 

conceptually related and empirically correlated (Sonnentag & Fritz, 2007). 

The between-person portion of the model replicated the full path structure using latent 

person means. Person-level social media use predicted person-level mediators (path a between), 

which in turn predicted person-level concentration and task withdrawal (path b between), with 

executive function included as a between-person predictor of the outcomes. This allowed 

evaluation of whether the proposed mediation model also holds at the level of more stable enduring 

experiences, as suggested by the pattern of between-person bivariate correlations. 

Bayesian estimation was implemented for several reasons. First, it provides posterior 

distributions and credibility intervals rather than point estimates and p-values, which offer more 

nuanced information about effect size uncertainty. This was particularly valuable with the present 

sample of 42 Level 2 units, which limits statistical power for between-person and cross-level 

interaction tests (Maas & Hox, 2005). Additionally, weakly informative priors were specified for 

between-level regression coefficients [Normal(0, 1)] and random slope variances [Inverse-

Gamma(1, 1)] to regularize estimation given the small number of Level 2 units, minimizing the 

risk of unstable parameter estimates while remaining largely data-driven (Gelman et al., 2017). 

Model convergence was evaluated using the Gelman-Rubin potential scale reduction factor 

(PSR; Gelman & Rubin, 1992), with PSR values below 1.05 indicating convergence. Results are 

reported as posterior medians with 95% credibility intervals. An association was considered 

credible if the 95% credibility interval excluded zero. Pd is reported as a continuous index of the 

posterior probability that an effect is in the predicted direction. Indirect effects at both levels were 

computed within the MODEL CONSTRAINT command in Mplus as the product of path a and 

path b posterior distributions, yielding a full posterior distribution for each indirect effect. 



31 

 

 

 

Results 

Preliminary Analyses 

Table 1 contains means, intraclass correlations, and intercorrelations for all study variables. 

Descriptive statistics and bivariate correlations were computed separately at the within-person and 

between-person levels. The ICCs demonstrate that within-person variability in all measured Level 

1 variables were sufficient. Estimates of within-person variability ranged from 22% (information 

overload) to 67% (concentration), justifying the use of multilevel modeling (Hox et al., 2010). 

Accordingly, I proceeded with the plan to test interrelations among these variables in a Bayesian 

multilevel path model.  

Within-person correlations (above the diagonal in Table 1) were uniformly small and non-

statistically significant. Social media use showed near-zero within-person correlations with 

recovery (r = −.09, ns), information overload (r = −.01, ns), concentration (r = −.09, ns), and task 

withdrawal (r = −.08, ns). In contrast, the between-person correlations (below the diagonal in Table 

1) revealed several statistically significant associations at the person level. Recovery and 

information overload were positively correlated between persons (r = .42, p < .01) and information 

overload was negatively associated with task withdrawal between persons (r = −.37, p < .05). 

Concentration and task withdrawal were strongly positively correlated at both levels (within: r 

= .54; between: r = .54, p < .01), based on Cohen’s (1998) benchmarks for effect size, consistent 

with both measuring aspects of the same underlying work focus construct. 

Scale Reliability 

 McDonald’s omega coefficients for all scales are presented in Table 2. Within-person 

reliability was excellent for social media use (ω = .919) and relaxation (ω = .929), good for 

information overload (ω = .889), and acceptable for psychological detachment (ω = .749) and 
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concentration (ω = .734), based on commonly used reliability benchmarks (Nunnally & Bernstein, 

1994; see also Dunn et al., 2014). Task withdrawal showed marginal within-person reliability (ω 

= .680), falling below the conventional .70 threshold. Item-level diagnostics (see Table 3) indicated 

that the reliability issue for this scale is global across items rather than attributable to a single 

problematic item, meaning removing any item or combination of items did not improve omega. 

The standardized within-level factor loadings ranged from β = .500 (Item 4) to β = .678 (Item 1), 

suggesting moderate but consistent item-to-factor relationships. Given this pattern, task 

withdrawal was retained as an outcome but findings involving this variable should be interpreted 

with caution. 

Hypothesis Testing 

Results of the full observed variable MSEM are presented separately for the within-person 

(Table 4) and between-person (Table 5) levels of the estimated model. The model converged 

within 500,000 iterations with PSR values below 1.05 for all parameters. 

Hypothesis 1 predicted that within-person social media use would be positively indirectly 

related to work focus through enhanced recovery. Encompassed within this hypothesis if it was 

supported would be evidence for a positive within-person relationship of social media use with 

recovery and a positive relationship of recovery with work focus. There was no evidence of an 

association between social media use and either recovery subscales. The estimated direct effects 

were small, and the credibility intervals included 0 for both psychological detachment (β = −.13, 

95% CrI [−.33, .07], Pd = .904) and relaxation (β = −.13, 95% CrI [−.29, .05], Pd = .925). The 

within-person indirect effects of social media use on concentration and task withdrawal via 

psychological detachment (concentration: β = .004, 95% CrI [−.04, .06], Pd = .634; task 

withdrawal: β = .03, 95% CrI [−.02, .09], Pd = .893) and relaxation (concentration: β = −.01, 95% 
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CrI [−.07, .03], Pd = .739; task withdrawal: β = −.02, 95% CrI [−.08, .01], Pd = .899) were also 

near zero with credibility intervals spanning zero. H1 was thus not supported. 

Hypothesis 2 predicted that within-person social media use would be negatively indirectly 

related to work focus through increased information overload. There was no evidence of an 

association between within-person social media use and information overload (β = −.02, 95% CrI 

[−.12, .09], Pd = .611), as the credibility interval included zero. Consequently, within-person 

indirect effects of social media use on both concentration (β = .001, 95% CrI [−.03, .04], Pd = .576) 

and task withdrawal (β = .001, 95% CrI [−.03, .03], Pd = .590) via information overload were near 

zero, with credibility intervals spanning zero. Thus, H2 was not supported. 

Although the hypothesized mediation pathways were not supported, a credible within-

person mediator to outcome relationship was found. Psychological detachment predicted task 

withdrawal within persons (β = −.23, 95% CrI [−.42, −.02], Pd = .988), indicating that on shifts 

when employees reported higher psychological detachment during breaks, they subsequently 

reported staying more focused on their work tasks. In contrast, there was no evidence of an 

association between relaxation and task withdrawal (β = .21, 95% CrI [−.01, .42], Pd = .968), as 

the credibility interval included zero. These second-stage path results suggest that the recovery 

experience of psychological detachment may directly facilitate work focus within persons. 

Hypothesis 3 predicted that executive function would strengthen the positive within-person 

relationship between social media use and recovery, such that employees high in executive 

function would have enhanced recovery experiences from social media use during work breaks. 

Hypothesis 4 predicted that executive function would weaken the positive within-person 

relationship between social media use and information overload, such that high executive function 

employees would experience less overload from social media use. Neither of these hypotheses 
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were supported. The cross-level interaction of executive function on the social media use -

psychological detachment slope was not credibly different from zero (β = .02, 95% CrI [−.24, .27], 

Pd = .557), nor was the cross-level interaction of executive function with the social media use - 

relaxation slope (β = −.04, 95% CrI [−.27, .18], Pd = .638). The cross-level interaction of executive 

function on the social media use - information overload slope (β = −.003, 95% CrI [−.19, .18], Pd 

= .516) was also not credibly different from zero. Credibility intervals for all three interactions 

spanned zero and Pd values were well below the .975 threshold. H3 and H4 were not supported. 

The within-person residual covariance between psychological detachment and relaxation 

was credible (β = .24, 95% CrI [.14, .37], Pd = 1.000), indicating that the two recovery subscales 

share within-person variance beyond what is explained by social media use. The within-person 

residual covariance between concentration and task withdrawal was also credible (β = .17, 95% 

CrI [.06, .29], Pd = .999), suggesting that these variables are related at the within-person level and 

capture overlapping aspects of work focus. 

Between-Person Results  

There was no clear evidence of between-person first-stage pathway associations: there was 

no evidence that person-level social media use was associated with person-level psychological 

detachment (β = .43, 95% CrI [−.29, 1.51], Pd = .877), relaxation (β = .58, 95% CrI [−.19, 1.67], 

Pd = .937), or information overload (β = .13, 95% CrI [−.61, 1.07], Pd = .634), as all credibility 

intervals included zero. Notably, the wide credibility intervals at Level 2 reflect the limited 

between-person sample size and these results should accordingly be interpreted with caution. 

Similarly, there was no clear evidence of between-person second-stage associations for 

psychological detachment (β = −.40, 95% CrI [−1.13, .34], Pd = .868), relaxation (β = .40, 95% 

CrI [−.15, .94], Pd = .935), or information overload (β = .30, 95% CrI [−.05, .63], Pd = .954) 
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predicting concentration, as all credibility intervals included zero. Psychological detachment (β = 

−.49, 95% CrI [−1.29, .30], Pd = .902), relaxation (β = .15, 95% CrI [−.43, .72], Pd = .697), and 

information overload (β = −.20, 95% CrI [−.58, .17], Pd = .864) predicting task withdrawal also 

yielded no evidence for associations of these variables, as all of these credibility intervals included 

zero. Between-person indirect effects were also not supported, with all credibility intervals 

spanning zero (see Table 5). 

Discussion 

 This thesis examined whether within-person social media use during work breaks is 

associated with recovery experiences and information overload, and in turn, work focus. Drawing 

on the ERM (Meijman & Mulder, 1998) and the compensatory control framework (Hockey, 1997), 

this study tested competing positive and negative pathways, as well as the moderating role of 

executive function. Overall, results provided no evidence for the hypothesized indirect pathways 

at either the within- or between-person levels. However, a credible within-person association 

emerged between psychological detachment and work focus, offering partial support for within-

workday recovery-based processes relevant to work focus when accounting for social media use. 

Overall, the present findings contribute to theory by refining assumptions about social 

media use at work, reinforcing the importance of recovery experiences, and advancing a more 

integrative framework for understanding how everyday behaviors relate to work focus. 

Theoretical Implications 

The present study contributes to the literature by advancing a more nuanced understanding 

of social media use during work breaks through the simultaneous examination of competing 

recovery and information overload pathways. By integrating perspectives from the ERM (Meijman 

& Mulder, 1998) and cognitive frameworks (Hockey, 1997; Miyake et al., 2000), this study 
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provides a structured test of how social media use may relate to work focus through distinct 

psychological processes.  

My findings refine existing theoretical perspectives by highlighting a distinction between 

recovery processes and the behaviors assumed to produce them. Consistent with recovery theory 

(e.g., Sonnentag & Fritz, 2007), psychological detachment was associated with lower task 

withdrawal with persons, indicating that work shifts characterized by greater psychological 

detachment during within-workday breaks were also characterized by higher levels of work focus. 

This finding reinforces the central role of detachment in daily work functioning and extends prior 

research by demonstrating this association at the within-person level in a more naturalistic work 

context (Sonnentag & Fritz, 2015). Importantly, these results highlight that recovery experiences 

themselves remain theoretically meaningful, even when the specific behaviors used during breaks 

may vary (i.e., within-person variability in social media use during the work shift). This pattern is 

also consistent with the ERM (Meijman & Mulder, 1998), which emphasizes the importance of 

disengaging from work demands to restore depleted resources, which in this case was supported 

through evidence that psychological detachment may have yielded recovery that could be applied 

to support lower task withdrawal.  

In contrast to assumptions that social media use during within-workday breaks operates as 

a consistent recovery mechanism or cognitive demand within the work shift, the lack of support 

for social media as a predictor of work focus through these pathways suggest that social media use 

may function as a more neutral or context-sensitive activity within the workday. This has the 

potential to contribute to the literature by shifting the focus away from treating social media use 

as inherently beneficial or harmful and toward understandings it as a behavior whose implications 

may depend on situational and context-specific factors. As such, the study provides a conceptual 
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bridge between conflicting findings in prior research by suggesting that variability in outcomes 

may reflect differences in how, when, and why social media is used, rather than the mere presence 

of use.  

Additionally, the inclusion of information overload as a parallel pathway offers a novel 

extension of existing models. Prior research on information overload has largely examined it as a 

consequence of technology use that can impair cognitive functioning and performance (e.g., Yu et 

al., 2018), whereas recovery research, grounded in the ERM (Meijman & Mulder, 1998), has 

focused on processes that restore depleted resources. These perspectives have typically been 

examined independently. By placing these pathways between recovery and information overload 

in direct comparison, the present study contributes a more integrated conceptualization of 

cognitive and recovery-related experiences, highlighting the value of examining multiple 

mechanisms simultaneously when studying within-workday perceptions and behaviors. 

The study also contributes to research on individual differences by incorporating executive 

function as a theoretically grounded moderator of within-person processes. Although executive 

function was not clearly associated with variability in these momentary relationships, its inclusion 

represents an important step toward integrating cognitive ability frameworks with organizational 

behavior research. Prior work has suggested that individuals differ in their ability to regulate 

competing demands and resist distractions (Hofmann et al., 2012), particularly in technology-rich 

environments characterized by frequent interruptions that require ongoing adjustments in attention 

and work strategies (Mark et al., 2008). Extending this perspective to within-workday breaks offers 

a potential for understanding how individuals manage attention and recover resources in real time. 

More broadly, this approach highlights the importance of considering alignment between stable 

individual differences and dynamic workplace experiences, as well as the potential for future 
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research to examine whether cognitive characteristics are more strongly related to aggregated 

behavioral patterns, context-specific demands, or longer-term outcomes rather than momentary 

fluctuations. 

This thesis sought to address whether social media use during a work shift has an overall 

positive or negative net association with work focus, given the possibility of competing recovery-

based and information overload pathways. However, this research question was not directly 

testable in the present study. Specifically, the absence of clear evidence for both the positive and 

negative pathways linking social media use to work focus precluded an evaluation of their 

combined or net effects. As such, although the conceptual model was designed to examine whether 

opposing mechanisms might offset one another, the lack of support for these underlying 

associations suggests that a net positive or negative relationship cannot be meaningfully 

determined within the present data. 

Methodological Implications 

The present study offers several methodological contributions, particularly through the 

integration of an experience sampling methodology with objective cognitive assessments in a 

multilevel Bayesian analytic framework. This design allowed for the separation of within- and 

between-person variance and the simultaneous estimation of mediation and moderation effects, 

addressing limitations of prior cross-sectional and between-person research (Enders & Tofighi, 

2007; Preacher et al., 2010). The findings underscore the importance of distinguishing levels of 

analysis. Although some between-person correlations were observed descriptively, these patterns 

did not translate to within-person associations. This reinforces the value of multilevel approaches 

and suggests that conclusions drawn from between-person research may not generalize to within-

person processes. 



39 

 

 

 

The study also illustrates both the promise and challenges of combining cognitive tasks 

with experience sampling methodology data. Although theoretically meaningful, linking stable 

cognitive abilities (e.g., executive function) with momentary experiences may require closer 

alignment in measurement timescales. Multilevel frameworks emphasize that within-person 

processes and between-person differences are conceptually and statistically distinct, and that 

relationships observed at one level may not generalize to the other (Bolger & Laurenceau, 2013; 

Enders & Tofighi, 2007). From a cognitive perspective, executive function reflects relatively stable 

capacities for attention regulation and goal-directed behavior (Miyake et al., 2000), which may be 

more strongly related to aggregated behavioral patterns or longer-term outcomes than to 

momentary fluctuations captured in experience sampling methodology study designs. At the same 

time, recent work suggests that cognitive control processes may also vary across contexts and over 

time, pointing to the value of incorporating more proximal or state-sensitive indicators when 

examining dynamic experiences (Hofmann et al., 2012). This highlights a potential mismatch 

between trait-level cognitive measures and state-level experiences. Accordingly, future research 

may benefit from incorporating state-level or context-specific cognitive measures, or from 

explicitly modeling how trait-level cognitive abilities relate to aggregated patterns of behavior 

rather than momentary associations. Such approaches would further advance the integration of 

cognitive and organizational methodologies in the study of within-workday experiences. 

Limitations and Future Directions 

Several limitations of this study could usefully be addressed in subsequent work to provide 

direction for future research. First, the between-person sample size (N = 42) likely contributed to 

wide credibility intervals at Level 2, limiting the precision of between-person estimates and cross-

level interaction tests. This sample size was influenced by recruitment constraints, including 
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reliance on a student employee population and resource limitations (e.g., time, funding, and 

participant compensation). In addition, the use of experience sampling methodology requires 

substantial participant commitment, which may reduce enrollment and retention at Level 2. Future 

studies could address these challenges by broadening recruitment beyond a single population (e.g., 

including non-student employees or multiple organizations) and increasing incentives to improve 

participation and retention. These approaches would improve statistical power, enhance the 

stability of between-person estimates, and allow for more robust tests of cross-level effects. 

Second, all variables were assessed using self-report measures. The reliance on self-report 

was driven in part by the use of experience sampling methodology, which prioritizes feasibility 

and low participant burden when collecting repeated measures in naturalistic settings (Shiffman et 

al., 2008). However, self-report measures may inflate observed associations due to common 

method bias and may fail to capture fine-grained behavioral or cognitive processes that occur 

outside of conscious awareness (Podsakoff et al., 2003; Podsakoff & Organ, 1986). In the context 

of the present study, this limitation may have reduced sensitivity to detect subtle within-person 

associations between social media use and recovery or information overload. Future research could 

address this limitation by incorporating objective indicators, such as digital trace data (e.g., app 

usage logs) or performance-based measures, to complement self-report data and provide a more 

comprehensive assessment of workplace behavior. 

Third, the measurement of social media use was relatively broad and did not capture 

qualitative differences in usage, such as content type, motivation, or engagement style. This 

approach was adopted to minimize participant burden and ensure compliance in an experience 

sampling methodology, where more detailed assessments may reduce response rates (Shiffman et 

al., 2008). However, prior research suggests that different forms of social media use (e.g., passive 
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vs. active use) can have distinct psychological correlates and outcomes (e.g., Verduyn et al., 2015). 

As such, aggregating across types of use may obscure meaningful variability in how social media 

relates to recovery and cognitive experiences. In the present study, this limitation may have 

reduced sensitivity to detect associations by averaging potentially opposing patterns of use. Future 

studies should examine whether specific forms of social media use (e.g., passive scrolling vs. 

active interaction, or exposure to positive vs. negative content) are differentially associated with 

recovery and information overload, ideally using more fine-grained or event-based measures.  

Fourth, the study incorporated executive function as a theoretically grounded individual 

difference variable, but its operationalization as a stable, trait-level cognitive ability may not align 

with the momentary processes assessed in the experience sampling methodology. Executive 

function reflects relatively stable capacities for attention regulation and goal-directed behavior 

(Miyake et al., 2000), whereas the present study focused on within-person fluctuations in 

experiences across the workday. This potential mismatch in timescales may limit the ability to 

detect cross-level moderation, as relationships can differ across levels of analysis and may not 

generalize from between-person differences to within-person processes (Enders & Tofighi, 2007; 

Preacher et al., 2010). This limitation may help explain the lack of evidence for executive function 

as a moderator. Future research could address this issue by incorporating state-level or context-

specific indicators of cognitive control, or by examining how trait-level executive function relates 

to aggregated patterns of behavior or longer-term outcomes rather than momentary associations. 

Finally, the present study did not explicitly account for contextual factors that may shape 

the relationship between social media use and work-related experiences. This reflects a common 

tradeoff in experience sampling methodology research between measurement breadth and 

participant burden, as including a large number of contextual variables can increase survey length 
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and reduce compliance (Shiffman et al., 2008). However, prior research suggests that workplace 

behaviors and their outcomes are often contingent on situational factors, such as task demands, 

workload, and environmental constraints (e.g., Beal et al., 2005). As such, the absence of 

contextual measures may limit the ability to identify the conditions under which social media use 

is more or less relevant for recovery and work focus. In the present study, this limitation may have 

reduced the ability to systematically explain variability in observed associations. Future research 

may benefit from examining boundary conditions such as task demands, break characteristics, and 

organizational norms to better understand the conditions under which social media use is 

associated with recovery and work focus. 

Conclusion 

In conclusion, the present study found no clear evidence that within-person social media 

use during work breaks was associated with recovery, information overload, or work focus, nor 

that these relationships varied as a function of executive function. However, psychological 

detachment was consistently associated with work focus at the within-person level, reinforcing the 

importance of recovery experiences in daily work functioning. These findings suggest that while 

recovery processes remain relevant within-workday breaks, there may be nuances in understanding 

how social media is involved in within-workday breaks, underscoring the need for more context-

sensitive approaches to studying these potential associations in future research. 
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Table 1 

Descriptive Statistics, Intraclass Correlations, and Within- and Between-Person Correlations for 

Study Variables 

 

Variable M SD ICC 1 2 3 4 5 

1. Social Media Use 1.96 0.32 .43   — −.09 −.01 −.09 −.08 

2. Recovery 2.66 0.95 .60   .05   —   .10 −.04    .01 

3. Information Overload 2.87 1.12 .78 −.06       .42**   — −.02 −.12 

4. Concentration 3.22 0.49 .33 −.18 −.24 −.16   —       .54** 

5. Task Withdrawal 4.08 0.70 .58   .02 −.27   −.37*      .54**     — 

Note. Within-person correlations (person-mean centered; n = 143–166) are reported above the diagonal, while between-person 

correlations (person means; N = 42) are reported below the diagonal. M and SD are estimated at the daily level. Task withdrawal 

was reverse-scored to align with the emphasis of this variable in the model as an indicator of greater work focus. ICC = intraclass 

correlation. 
* p < .05. ** p < .01 
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Table 2 

McDonald’s Omega Reliability Coefficients for Within-Person (Level 1) Scales 

Scale Number of Items ω SE Interpretation 

Social Media Use 7 .919 .011 Excellent 

Relaxation 4 .929 .016 Excellent 

Information Overload 3 .889 .026 Good 

Psychological Detachment 4 .749 .049 Acceptable 

Concentration 3 .734 .060 Acceptable 

Task Withdrawal 4 .680 .059 Marginal† 

Note. ω = McDonald’s omega within (Level 1), estimated from a two-level multilevel confirmatory factor analysis in Mplus 

Version 8. † Task Withdrawal ω = .680 falls below the conventional .70 threshold; see Table 5 for item-level diagnostics. 
N = 42 (Level 2 sample size); n = 143–166. 
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Table 3 

Task Withdrawal Within-Level Factor Loadings from McDonald’s Omega Model 

Item B β R² 1 − R² 

TW1 (Item 1) .598 .678 .460 .540 

TW2 (Item 2) .559 .557 .310 .690 

TW3 (Item 3) .677 .625 .391 .609 

TW4 (Item 4) .472 .500 .250 .750 

Note. B = unstandardized factor loading. β = standardized factor loading. R² = proportion of item variance explained by the latent 

factor. 1 − R² = unexplained item variance. Factor variance was fixed to 1.0 for model identification purposes. All items were 

statistically significant (p < .001). Item diagnostics indicate that removing items does not improve reliability (dropping TW4: ω = 

.648; dropping TW3 and TW4: ω = .545). 
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Table 4 

Within-Person Bayesian Multilevel Path Model Results (Level 1)  

 

 Psych. Detachment Relaxation Information Overload Concentration Task Withdrawal† 

Predictor β 95% CrI Pd β 95% CrI Pd β 95% CrI Pd β 95% CrI Pd β 95% CrI Pd 

Level 1 Predictors (Within-Person) 

Social Media Use (SMU) −.13 [−.33, .07] .904 −.13 [−.29, .05] .925 −.02 [−.12, .09] .611 −.001 [−.22, .21] .503 −.10 [−.26, .08] .870 

Psych. Detachment — — — — — — — — — −.07 [−.34, .19] .688 −.23 [−.42, −.02] .988 

Relaxation — — — — — — — — — .12 [−.18, .39] .786 .21 [−.01, .42] .968 

Information Overload — — — — — — — — — −.22 [−.60, .14] .878 −.19 [−.49, .08] .911 

Cross-Level Moderation (EF × SMU → Mediator) 

EF × SMU → Psych. 

Detachment 

.02 [−.24, .27] .557 — — — — — — — — — — — — 

EF × SMU → Relaxation — — — −.04 [−.27, .18] .638 — — — — — — — — — 

EF × SMU → Information 

Overload 

— — — — — — −.003 [−.19, .18] .516 — — — — — — 

Level 1 Indirect Effects of SMU 

SMU → via Psych. 

Detachment 

— — — — — — — — — .004 [−.04, .06] .634 .03 [−.02, .09] .893 

SMU → via Relaxation — — — — — — — — — −.01 [−.07, .03] .739 −.02 [−.08, .01] .899 

SMU → via Information 

Overload 

— — — — — — — — — .001 [−.03, .04] .576 .001 [−.03, .03] .590 

Residual Variance and Covariance 

L1 residual variance (σ²) .58 [.43, .75] — .42 [.32, .55] — .22 [.17, .28] — .73 [.54, .95] — .42 [.31, .55] — 

L1 residual covariance 

(Psych. Detachment ↔ 

Relaxation) 

.24 [.14, .37] 1.000 — — — — — — — — — — — — 

L1 residual covariance 

(Concentration ↔ Task 

Withdrawal) 

— — — — — — — — — .17 [.06, .29] .999 — — — 

Random slope variance 

(SMU → Psych. 

Detachment) 

.28 [.11, .57] — — — — — — — — — — — — — 

Random slope variance 

(SMU → Relaxation) 

— — — .22 [.09, .41] — — — — — — — — — — 

Random slope variance 

(SMU → Information 

Overload) 

— — — — — — .18 [.08, .33] — — — — — — — 

 

 

Note. β = standardized posterior median (variables z-scored prior to analysis); 95% CrI = Highest Posterior Density credibility interval; Pd = probability of direction; σ² = Level 1 (within-person) residual 

variance; EF = executive function. Within- and between-person effects were separated using latent-mean centering. N = 42 (Level 2); n = 143–166 (Level 1). † Task withdrawal reliability is marginal (ω = .68) 

and should be interpreted with caution. 
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Table 5 

Between-Person Bayesian Multilevel Path Model Results (Level 2) 

Psych. Detachment Relaxation Information Overload Concentration Task Withdrawal† 

Predictor β 95% CrI Pd β 95% CrI Pd β 95% CrI Pd β 95% CrI Pd β 95% CrI Pd 

Level 2 Predictors (Between-Person) 

SMU (person mean) .43 [−.29, 1.51] .877 .58 [−.19, 1.67] .937 .13 [−.61, 1.07] .634 −.29 [−1.34, .61] .799 .03 [−.90, 1.16] .537 

Psych. Detachment (person 

mean) 

— — — — — — — — — −.40 [−1.13, .34] .868 −.49 [−1.29, .30] .902 

Relaxation (person mean) — — — — — — — — — .40 [−.15, .94] .935 .15 [−.43, .72] .697 

Information Overload (person 

mean) 

— — — — — — — — — .30 [−.05, .63] .954 −.20 [−.58, .17] .864 

Level 2 Indirect Effects of SMU 

SMU → via Psych. 

Detachment 

— — — — — — — — — −.10 [−1.09, .36] .763 −.14 [−1.25, .30] .798 

SMU → via Relaxation — — — — — — — — — .18 [−.17, 1.05] .879 .04 [−.47, .74] .664 

SMU → via Information 

Overload 

— — — — — — — — — .03 [−.21, .42] .627 −.01 [−.34, .19] .611 

Residual Variance and Covariance 

L2 residual variance (τ²) .30 [.02, .62] — .42 [.08, .82] — .79 [.44, 1.26] — .28 [.02, .61] — .53 [.23, .96] — 

L2 residual covariance 

(Concentration ↔ Task 

Withdrawal) 

— — — — — — — — — .13 [−.10, .40] .889 — — — 

Note. β = standardized posterior median (variables z-scored prior to analysis); 95% CrI = Highest Posterior Density credibility interval; Pd = probability of direction; τ² = between-person residual variance; 

SMU = social media use. Between-person effects reflect variation in person means, estimated using latent-mean centering. N = 42 (Level 2); n = 143–166 (Level 1). † Task withdrawal reliability is marginal 

(ω = .68) and should be interpreted with caution
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Figure 1  

Proposed Model of Social Media Use and Work Concentration Relationship 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Social Media Use 
 

Recovery 

Information 

Overload  

Work Focus 
 

+ 

- 
+ 

+ 

Level of Executive 
Functioning  



59 

 

 

 

Figure 2  

Procedure Timeline 
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