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Abstract Editorial Record

The claim that work-related social media use can help people to get better access to First submission received:
information has received cross-sectional empirical support, but it remains unclear to  January 16, 2025
what extent these benefits are really media effects or rather selection effects. We

conducted a year-long five-wave panel study with two intensive measurement periods  Revisions received:
(bi-daily assessment for one workweek after Waves 3 and 4) to disentangle within- and  September 22, 2025
between-person effects. Within-person effects would support the claim that there are  january 8, 2026
media effects on work-related outcomes. By looking at two different timeframes (half-  March 11, 2026

day vs. three months), we also aim to explore on which timescales these effects evolve.

Our analyses focused on reading and posting on social media and controlled for ~ Accepted for publication:
networking (waves) and workload (bursts) as potential confounders. In line with March 11, 2026
preregistered predictions, we found that within-person increases in reading and posting

differentially predicted increases in informational benefits, ambient awareness, Editor in charge:
serendipity, creativity, and productivity measured at the same time period. Reading was  Alexander P. Schouten
positively related to the outcomes in both bursts and waves. Posting, in contrast,

showed positive associations with most outcomes only within the same half-day

(bursts), and with creativity alone in the waves. In contrast, we found no consistent

lagged effects at half-day or three-month intervals. In addition, between-person

differences also emerged, especially for posting. Individuals who posted more often

reported higher creativity and serendipity. Overall, the stronger within-person effects

observed in the bursts suggest that WRSMU may provide positive, but predominantly

short-term, benefits.
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work-related social media use; experience sampling; longitudinal

Introduction

The rise of social media platforms has fundamentally altered how professionals acquire and leverage
informational resources (Saxton & Guo, 2020). LinkedIn, the largest professional social network site, reports having
over a billion users (LinkedIn, 2023). In addition to professional social network sites, which specifically target
professionals, several general-purpose social network sites like Facebook and Instagram, micro-blogging
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platforms like X (formerly Twitter), Bluesky, and Mastodon, and video sharing platforms like YouTube are also used
to exchange work-related information (Carpenter et al., 2020; Lantz-Andersson et al.,, 2017; Vranken &
Vandenbosch, 2024). These platforms enable unprecedented access to diverse professional networks and
knowledge flows, raising important questions about their potential effects on workplace outcomes.

Despite the popularity of work-related social media use (WRSMU), research addressing its potential benefits is
somewhat scarce and there are several gaps in the current scientific literature. Previous research has found
evidence that people who use social media for professional purposes experience benefits of increased access to
information, learning, and creativity and that these benefits increase with frequency or duration of WRSMU
(Koroleva et al., 2011; Kihnel et al., 2020; Leonardi, 2015; Utz, 2016; Utz & Breuer, 2016).

It is less clear what the underlying processes are. Two processes for leveraging social capital built via social media
use have been proposed (Weiler et al., 2022). One research line built on an information processing perspective
and examined how regularly browsing through social media feeds can create so-called ambient awareness,
knowledge about “who knows what” in the network (Leonardi, 2015; Leonardi & Meyer, 2015). Another research
line explored whether active use, e.g., asking for advice or participating in work-related group discussions, predicts
informational benefits (Utz, 2016; Utz & Breuer, 2016; Weiler et al., 2022). These studies focused on outcomes
related to information, but did not look at other potential outcomes of WRSMU such as creativity or serendipity.

Moreover, because many studies have either been cross-sectional (Koroleva et al., 2011; Leonardi & Meyer, 2015;
Utz, 2016) or did not distinguish between- and within-person effects (Leonardi, 2015; Utz & Breuer, 2016), it
remains unclear whether these benefits are mainly media effects or rather selection effects. Within-person effects
show whether people, when they use social media more than usual, also report more benefits than usual, hinting
towards media effects. Between-person effects would show that people who in general use social media more
report more benefits, a pattern that points to selection effects.

Itis also unclear on which timescales such effects would unfold. In a longitudinal study on the relationship between
LinkedIn use and informational benefits, Utz and Breuer (2016) found longitudinal relationships between network
size and informational benefits half a year later, but only small and inconsistent effects of reading and posting.
This could either mean that there are no long-term effects of WRSMU use or that the time-lag of six months was
too long.

Taken together, the scarcity of longitudinal research on WRSMU, the open questions whether effects of WRSMU
are within- and/or between-person effects and on which timescales they occur motivate our focus on
disentangling media versus selection effects and on specifying when (time scale) and how (reading vs. posting)
WRSMU relates to multiple outcomes.

In the present study, we aim to advance the understanding of WRSMU benefits in three ways. First, we tease apart
explained variance within and between persons. Effects found within individuals are not sufficient for causal
inference, but they are typically more helpful in pinpointing the underlying causal structure than effects found
between individuals because they control for all time-invariant between-person confounders, including
unobservable ones (Rohrer & Murayama, 2023, p. 3). Second, we employ a longitudinal design combining
comprehensive assessments every 3 months over five waves with two week-long periods of twice-daily
assessment. By looking at two different timespans we learn more about the time the processes need to unfold.
Third, we extend prior work by looking at several potential outcomes that we derived from work on social capital
(informational benefits (Burt, 1992) and creativity (Fischer et al., 2004)) and work on effects triggered by features
of social media (ambient awareness (Levordashka & Utz, 2016) and serendipity (Sun et al., 2013). We also look at
a potential downside of social media use: lower productivity.

Theoretical Background

Social media platforms, especially those that are used for work-related activities, have been theorized as a
potential source of social capital (Anderl et al., 2023; Fulk & Yuan, 2013; Utz, 2016). Social capital, which has been
described as “the goodwill available to individuals or groups”, provides access to information, influence, and
emotional support (Adler & Kwon, 2002, p. 23).

The rise of social media has qualitatively and quantitatively changed the ways in which social capital can be
generated and leveraged (Ellison et al., 2007, 2011): Social media platforms enable users to connect and stay
connected with a large number of diverse people across the globe, benefit from their publicly disseminated



content and to interact with them at low effort. This is particularly relevant because many social media connections
are so-called weak ties (Utz, 2016), that is, less close connections like acquaintances or former colleagues. Weak
ties have been both theorized (Granovetter, 1973) and empirically shown (Rajkumar et al., 2022) to be particularly
relevant for providing non-redundant information. Indeed, empirical studies showed that professionals who
engage in WRSMU and especially those who have more weak ties in their network report higher informational
benefits (Rajkumar et al., 2022; Utz & Breuer, 2016, 2019).

To receive benefits from one’s social network one needs to leverage it (Weiler et al., 2022). There are two primary
ways to do so. First, individuals can reach out to (members of) their network, for instance by posting questions,
commenting on others' posts, or engaging in discussions. This way of leveraging one's network’s resources can
happen at a much larger scale than was previously possible due to the broadcasting affordance of social media.
This form of socially interactive social media use is also referred to as active social media use (e.g., Verduyn et al.,
2015). For brevity, we will refer to this type of use as posting. Second, individuals can leverage the resources
available in their network simply by browsing or reading posts. We will refer to this type of use as reading. This
form of social media use is also called passive social media use (Verduyn et al., 2015) and represents a qualitatively
drastically different way of (potentially) leveraging one’s social capital than was previously possible: Because much
of the content on social media is publicly visible and because many people, including influential and
knowledgeable individuals in their respective fields, regularly share content they consider relevant for others,
reading or even browsing one’s social media feed has the potential to provide relevant information in a timely
manner.

Although there is evidence that posting and reading content are related to benefits of social media use (Davis et
al., 2020; Utz, 2016; Utz & Breuer, 2016), it is less clear whether these effects are media (vs. selection) effects and
on which timescale they unfold. Cross-sectional correlations have been reported repeatedly (Davis et al., 2020;
Utz, 2016), but cross-sectional studies do not allow to draw conclusions about whether observed effects represent
media or selection effects and on which timescale they operate. In a longitudinal study with six months between
the waves, Utz and Breuer (2016) found that only a small proportion of variance was explained by longitudinal
effects, indicating that in addition to potential media effects, there are also selection effects at work. Subsequent
work showed, for example, that people who are better in-person networkers receive more informational benefits
and use professional social media to a larger extent (Utz & Breuer, 2019). Utz and Breuer (2016) found consistent
longitudinal effects of the network composition on informational benefits but none for posting and reading. Since
social media usually display the newest message on top of the feed, it is not surprising that posting or reading
during the same data collection timepoint has a stronger relationship with positive outcomes than content that
one has posted or read half a year ago. Effects might, however, still be there if shorter timespans than six months
are chosen. It is, thus, important to study on which timescale media effects unfold. This aspect has been
insufficiently addressed by conceptual or empirical work so far. To answer this question, we combine two different
timeframes in our study: burst periods with two measures per work-day and longitudinal intervals of three
months. We examine effects within the same timepoint (half-day for the bursts and three-month period for the
waves) and on the next timepoint (next half-day or next three-month period, respectively).

We extend prior work by extending the scope of potential outcomes. Next to the information-related outcomes
informational benefits and ambient awareness, we also include creativity and serendipity. Creativity has been
discussed as outcome of social capital (Fischer et al., 2004) and there is work on the relationship with network size
and composition (Parise et al., 2015) but not on the relationship with WRSMU. Serendipity overlaps with creativity
but might matter especially on social media and their diverse news feeds because it is defined as “an experience
marked by an interruption or discontinuity triggered by ideas, information, or phenomena that stops us in our
tracks and prompts us to make connections that may have personal, organizational, community, or global
outcomes” (McCay-Peet et al., 2015, p. 391). To also address potential downsides of WRSMU we also assessed
productivity. We applied a user-centered (vs. technology-centered) perspective and left it to the users which
platforms they considered work-related social media use (Wolfers et al., 2025). In the following section, we will
deduce hypotheses per outcome and specify whether they are tested in the bursts or waves. Analyses were guided
by preregistration; deviations are listed on OSF (see https://osf.io/4bwk3) and the appendix.

The Present Research

We combined a longitudinal survey with two burst periods of experience sampling. In the longitudinal part of the
study, participants answered five surveys with a time interval of three months. Additionally, there were two burst


https://osf.io/4bwk3/

periods (after waves 3 and 4) in which participants received two surveys each weekday (one around lunch and one
at the end of the workday).

Informational Benefits

Afundamental premise of social capital theory is that weaker connections, especially the ones that bridge between
different groups, provide (timely) access to non-redundant information (Adler & Kwon, 2002; Burt, 1992). Social
media platforms may amplify this effect by enabling users to maintain larger networks while reducing the costs of
information exchange. Reading should increase informational benefits because people encounter useful
information on social media. People could also directly ask for information and thereby tap their network (Vitak &
Ellison, 2012). Prior work showed positive correlations between reading and posting professional content with
informational benefits cross-sectionally (Davis et al. 2020; Utz, 2016; Utz & Breuer, 2016). Combined with the
theoretical assumption that these relationships reflect at least partially media effects, which should show on a
within-person level, we predict for the bursts and waves:

H1: Within individuals, posting (H1a) and reading (H1b) social media content positively predict informational
benefits at the same timepoint (t + 0).

It is less clear whether these benefits are immediate but fleeting, or whether they persist over time as
professionals build knowledge through repeated platform engagement. Therefore, we formulate an open
research question:

RQ1: Within individuals, do posting (RQ1a) and reading (RQ1b) social media content predict informational benefits
at the next timepoint (t + 1)?

Ambient Awareness

Ambient awareness is closely related to information but focuses more on a process enabled by features of social
media. It entails that skimming social media updates might be enough to develop knowledge about where
expertise is located in one’s network (Leonardi, 2015; Levordashka & Utz, 2016). On social media, the (semi-)public
posts by one’s network members are displayed in one's newsfeed; the selection is curated by algorithms (Kimpel,
2022). Several studies showed that people can develop an idea of other people's expertise just by skimming social
media feeds (Anderl et al., 2024; Ander| & Utz, 2025; Leonardi, 2015; Leonardi & Meyer, 2015; Levordashka & Utz,
2016). Ambient awareness is built by repeated exposure to posts. In experiments with one-shot exposure to
constructed status updates, it only occurred for targets who posted several expertise-inferring updates. Therefore,
we deemed it unlikely that ambient awareness occurs after one half-day and assessed it only in the waves.
Although ambient awareness is supposed to stem from reading updates, prior work has also shown positive
correlations with posting content (Levordashka & Utz, 2016). We, therefore, examine the following hypothesis and

RQ:

H2: Within individuals, posting (H2a) and reading (H2b) social media content positively predict ambient awareness
at the same timepoint (t + 0) for the wave data.

RQ2: Within individuals, do posting (RQ2a) and reading (RQ2b) social media content predict ambient awareness
at the next timepoint (t + 1)?

Creativity

Communication plays a role in the various stages of the creativity process (Ohly et al., 2010). In the idea generation
stage, people mainly receive input from others; in the idea validation phase, they discuss their ideas with others
(Ohly et al., 2020). Several studies found evidence for a positive relationship between creativity and WRSMU. Parise
et al. (2015) reported that working professionals who used Twitter submitted more creative ideas than non-users.
This effect was stronger among people with more diverse networks. Parise et al. (2015) did, however, only look at
the networks and not on reading vs. posting. Acar et al. (2021) addressed this gap and found positive cross-
sectional relationships between active and passive social media use, especially for Twitter. Kilhnel et al. (2020)
found in an experience sampling study that personal social media use was a negative predictor of creativity both
between and within individuals. It is, thus, unclear whether there are positive short-term effects of work-related
(vs. personal) social media use on creativity within a half-day, so we pose an open research question for the bursts.



We expect, however, positive effects for reading and posting on creativity in the waves data because getting input
(= reading) and discussing ideas (= posting) are both relevant for creativity, only in different stages (Ohly et al.,
2010). Again, we explore whether there are also effects over a longer time period when controlling for prior levels
of creativity.

RQ3: Within individuals, do posting (RQ3a) and reading (RQ3b) social media content predict creativity at the same
timepoint (t + 0) for the burst data?

H3: Within individuals, posting (H3a) and reading (H3b) social media content positively predict creativity at the
same timepoint (t + 0) for the wave data.

RQ4: Within individuals, do posting (RQ4a) and reading (RQ4b) social media content predict creativity at the next
timepoint (t + 1)?

Serendipity

Serendipity shows overlap with creativity (getting new ideas) but might matter especially on social media. Because
of the continuous and diverse information flow on social media, the fragmented way of how this information is
presented on users’ timelines, and the additional possibility to directly engage in conversations with other users,
social media may be a particularly promising and “trigger-rich” environment for potential serendipitous
experiences (Dantonio et al.,, 2012; McCay-Peet & Toms, 2015). Indeed, prior research provided converging
evidence from cross-sectional research (Olshannikova et al., 2022; Pirkkalainen et al., 2021) and a large-scale
behavioural analysis using microblogging data (Sun et al., 2013) that WRSMU and serendipitous experiences are
positively associated. Assuming that these positive associations at least partially reflect media effects, we test the
following directional hypothesis for bursts and waves:

H4: Within individuals, posting (H4a) and reading (H4b) social media content positively predict serendipity at the
same timepoint (t + 0).

Long-time effects are somewhat unlikely because serendipity is defined as interruptive (McCay-Peet et al., 2015),
but because the effects might at least last to the next half-day, we formulated the following non-directional
research question:

RQ5: Within individuals, do posting (RQ5a) and reading (RQ5b) social media content predict serendipity at the
next timepoint (t + 1)?

Productivity

We included productivity to investigate whether the expected professional benefits of WRSMU come at the cost
of lower productivity. This could be because work time spent on social media might then lack for other tasks or
people might use social media for procrastination (Wang et al., 2023). However, people might also benefit from
short breaks spent on social media. Indeed, a recent meta-analysis revealed that micro-breaks reduce fatigue
(Albulescu et al., 2022). Because we focus on the rather immediate procrastination vs. micro-break aspect, we only
assessed productivity in the bursts. Due to the opposing lines of argumentation, we ask the following non-
directional research questions:

RQ6: Within individuals, do posting (RQ6a) and reading (RQ6b) social media content predict productivity at the
same timepoint (t + 0) for the burst data?

RQ?7: Within individuals, do posting (RQ7a) and reading (RQ7b) social media content predict productivity at the
next timepoint (t + 1) for the burst data?

Potential Confounders: External Networking and Workload

We also looked at potential confounders. Networking refers to the building, maintaining, and leveraging one's
social network and is related to several career outcomes (Wolff & Spurk, 2020). Utz and Breuer (2019) found that
LinkedIn users did not only report higher informational benefits than non-users, but also that they score higher
on external networking, i.e., networking with people outside of one’s organization. We also focus on external
networking because social media platforms are ideal for connecting with people from all over the world and some
people, e.g., self-employed, might not even have internal contacts. Better networkers have larger and more diverse



networks with more bridging ties that give them access to non-redundant information (Wolff & Spurk, 2020).
External networking has been found to be positively associated with various indicators of LinkedIn activity and
larger LinkedIn networks (Utz & Breuer, 2019). It might, thus, be a construct that explains both WRSMU and our
outcomes. We assessed it in the first wave and predicted for the waves part:

H5: Interpersonal differences in external networking are positively related to informational benefits (H5a),
ambient awareness (H5b), creativity (H5¢) and serendipity (H5d).

In the burst part of the study, we included workload as a potential time-variant confounder. Workload is higher if
more tasks have to be completed within a limited time; it is perceived as stressor and can lead to lower
performance (Chen et al., 2025). In times of higher workload, individuals might have less time to browse or post
on social media. They might thus also be less exposed to serendipitous or useful information. We, thus, explore:

RQ8: Within individuals, are the effects predicted for informational benefits (RQ8a), creativity (RQ8b), serendipity
(RQ8c), and productivity (RG8d) robust to controlling for workload?

Methods

Participants

A total of N = 463 German speaking knowledge workers (demographics see Table 1) who self-reported that they
used social media like LinkedIn or Xing for work-related purposes at least once per week were recruited online
through a commercial panel provider and provided informed consent to participate and to store their data. We
took a user-centered approach and left it to the users to define WRMSU (Wolfers et al., 2025). As a consequence,
a diverse range of social media were used for professional purposes at least once per week: Facebook: n = 268,
Instagram: n = 242, Youtube: n = 234, LinkedIn: n = 176, XING: n = 134, Tiktok: n = 125, Twitter (now X): n = 117,
Snapchat: n = 99, Slack: n = 58, Mastodon: n = 40, Yammer: n = 37, other: n = 48. Retention rates from each wave
to the next varied between 77-90%. As can be seen in Table 1, younger people were somewhat more likely to drop
out in the last wave. Participants who completed all waves also showed higher values for posting in wave 1 than
participants who dropped out. They did, however, not differ in reading and informational benefits at wave 1.

Power calculations for multilevel models are complicated, so we based our planned sample size on comparable
studies when applying for funding. We originally aimed for 200-300 participants to end with at least 80 participants
in the last wave. Recruiting people via social media posts or going to co-working spaces turned out to be very
difficult, so we switched to a panel provider. The panel provider recommended to invite 450 people for the first
wave; to have at least 100/80 participants who completed at least 7 of the 10 bursts in the first/second burst
period. The provider overrecruited slightly. The research project was approved by the ethics board of Leibniz-
Institut fur Wissensmedien. Participants were paid by the panel provider. The surveys for waves and bursts were
conducted with Qualtrics.

Table 1. Drop-Out Analyses.
Wave 1 Wave 2 Wave 3 Burst 1 Wave 4 Burst 2 Wave 5

N 463 354 290 260 265 221 202
Attrition rate (%) — 23.54 18.08 — 8.62 15.00 23.77
Female (%) 49.03 46.61 44.83 43.85 43.77 42.47 42.57
M Age 40.81 41.02 41.08 41.29 40.68 41.59 41.81
(SD) (12.69) (12.79) (12.98) (12.32) (12.70) (12.46) (12.18)
Age 18-29 (%) 22.03 21.47 22.07 21.62 21.89 22.17 16.34
Age 30-39 (%) 26.78 28.81 27.59 29.34 29.06 28.96 30.69
Age 40-49 (%) 23.33 20.90 20.00 20.08 20.38 20.81 22.28
Age 50-65 (%) 24.84 25.99 27.59 26.64 26.04 25.34 29.21
Age 65+ (%) 3.02 2.82 2.76 2.32 2.64 2.71 1.49

Note. Burst 1 and 2 includes participants who have participated in at least one slot per burst.



Procedure

The study timeline is depicted in Figure 1. Data collection started in December 2022 and ended in December 2023.
Six and nine months into the study (June and September 2023), participants were invited to take part in
measurement bursts. During each burst period, participants were asked to complete the measures displayed in
Table 2 in the presented order at every timepoint—twice a day for five consecutive workdays. The first survey per
day could be completed between 11 am and 2:00 pm, the second survey between 4:30 pm and 23:59 pm.

Figure 1. Study Timeline.
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Survey Measures

Most concepts were assessed at every wave and during each burst. For the waves, the items referred to the last
three months and we used Likert scales. For the bursts, we used adapted versions of the measures and yes/no
guestions (see Table 2). Confirmatory factor analyses confirmed configural, metrics, and scalar measurement
invariance for the constructs across waves (see https://osf.io/4bwk3).

Frequency of reading or posting social media content in the past 3 months were assessed with two subscales adapted
from a twenty-item pilot test. Posting work-related content was assessed with six items (e.g., posting about work-
related information or successes), reading work-related content with 5 items (e.g., skimming posts). Answers were
given on a 7-point scale ranging from 1 = never to 7 = several times per day. Both frequency of posting (a = .94) and
frequency of reading social media content (a = .91) had excellent reliability in all waves.

In the bursts, participants indicated on three items each whether they engaged in posting or reading content on
social media (see Table 2). We asked whether they did so not at all, once, several times or very often and used the
maximum score because this seemed more appropriate than the mean for such a short timespan. For example,
if somebody posts very often on a half-day but does not engage in discussion groups or commenting others’ posts,
the person will receive a score of 1 when taking the mean and 3 when taking the maximum. A score of 1 would
then be equivalent to a person posting once, making one contribution in a discussion and commenting on one
post.

Informational benefits received over the past three months were assessed as in Utz (2016) at a general level (i.e.,
without referring to social media) with five items from Wickramasinghe and Weliwitigoda (2011), answered on a
5-point scale from 1 = do not agree at all to 5 = fully agree (example item: | receive information about innovations in
my field from my network members, timely.). Reliability of this measure was excellent in all waves (a = .91). Three
items were adapted to the shorter time window during the measurement bursts. Because the burst addressed a
short timespan, we changed the answering scale for all outcome variables to 0 = no and 1 = yes and used the sum
score.

Serendipity was assessed with the slightly adapted general serendipity scale (4 items, 5-point scale from 1 = never
to 5 = very often; example item: | made a chance discovery that turned out to be helpful in my work.) from McCay-Peet
etal. (2015) in the waves and an adapted shortened version during the bursts. Internal consistency of this measure
was good to excellent in all waves (a = .87).
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Serendipity was assessed with the slightly adapted general serendipity scale (4 items, 5-point scale from 1 = never
to 5 = very often; example item: | made a chance discovery that turned out to be helpful in my work.) from McCay-Peet
etal. (2015) in the waves and an adapted shortened version during the bursts. Internal consistency of this measure
was good to excellent in all waves (a > .87).

Creativity over the past three months was assessed with nine items (5-point scale from 1 = never to 5 = very often;
example item | demonstrated originality in my work.) modified from Tierney et al. (1999) and an adapted version in
the bursts. Internal consistency of this measure was excellent in all waves (a >.92).

Productivity was measured only in the bursts by one item adapted from Zelenski et al. (2008, see Table 2).

Ambient awareness was assessed with an eight-item scale developed by our lab on a 7-point scale from 1 = do not
agree at all to 7 = fully agree. An example item is: By skimming through status updates/posts on social media, | have a
pretty good idea of who in my network knows what. Internal consistency of this measure was excellent in all waves
(a =.93).

External networking behaviour was assessed at Wave 1 only with the nine items of the external networking subscale
(5-point scale from 1 = never/very rarely to 5 = very often/always; example item: | meet with acquaintances from other
organizations outside of regular working hours.) by Wolff and Spurk (2020). Internal consistency of this measure was
a=.93.

Table 2. Study Measures That Were Assessed Twice per Day for the Duration of One Workweek.

Measures Scoring M (SD) per Burst
Serendipity (adapted from McCay-Peet et al., 2015)
1. This [morning/afternoon], | have made an unexpected fortunate discovery that was useful yes =1
for me in my work. no=0 B1:1.00(1.14)
2. This [morning/afternoon], | encountered useful information, ideas, or resources that | was sum per B2:0.92 (1.14)
not looking for. timepoint

3. This [morning/afternoon], | have gained unexpected insights that were valuable for me.
Informational benefits (adapted from Wickramasinghe & Weliwitigoda, 2011)
1. This [morning/afternoon], | got access to knowledge that was helpful in mastering job tasks

yes =1
from my network members.
2. This [morning/afternoon], | received information about job opportunities from my network no =0 B1:0.90(1.14)
! sum per B2:0.83(1.12)
members. timepoint
3. This [morning/afternoon], | received information about innovations in my field from my
network members, timely.
Creativity (adapted from Tierney et al., 1999) yes =1
1. This [morning/afternoon], | generated novel, but operable work-related ideas. no=0 B1:1.26 (1.11)
2. This [morning/afternoon], | solved problems that had caused others difficulty. sum per B2:1.17 (1.13)
3. This [morning/afternoon], | demonstrated originality in my work. timepoint
yes=1
Productivity (adapted from Zelenski et al., 2008) no=0 B1:0.88 (0.33)
1. This [morning/afternoon], | was productive in my work role. single item B2:0.75(0.43)

per timepoint

Work-related social media use
How often have you engaged in the following activities on professional social media sites such as

LinkedIn or on Twitter this [morning/afternoon]? 0 =notatall
1=once
Reading social media content. 2 =several
1. This [morning/afternoon], | have carefully read others' social media posts. times,
. . , . . B1:1.34(1.10)
2. This [morning/afternoon], | have browsed through others’ social media posts. 3 =very often
. . . . ) . . B2:1.41 (1.09)
3. This [morning/afternoon], | have actively searched for information on social media.
maximum
Posting on social media. value per
1. This [morning/afternoon], | have posted on social media to ask for advice. timepoint
. . S . ) . B1:0.88(1.11)
2. This [morning/afternoon], | have been engaged in discussions on social media.
. . . . B2:0.91 (1.08)
3. This [morning/afternoon], | have commented on (a) post(s) on social media.
Workload yes =1
1. This [morning/afternoon], my job has required me to work very hard. [yes / no] no=0 B1:0.95(0.87)
sum per B2:0.87 (0.87)

2. This [morning/afternoon], | have experienced severe time pressures in my work. [yes / no] . int
imepoin




Transparency and Openness

The study design, hypotheses, and analyses were preregistered prior to data collection Preregistration files, study
data, analysis code, study measures, and a description of deviations from the preregistrations are available at
https://osf.io/4bwk3. Data were analyzed using R, version 4.51 (R Core Team, 2025).

Results

The descriptives across the waves are displayed in Table 3.

Table 3. Means and Standard Deviations (in Brackets) of the Central Variables for the Waves.

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5
Posting 3.00 (1.64) 2.86(1.77) 2.88(1.72) 2.89(1.79) 2.90(1.76)
Reading 3.91(1.70) 3.54(1.80) 3.60(1.81) 3.55(1.82) 3.65(1.81)
Informational Benefits 3.25(1.00) 3.19(1.01) 3.16(1.13) 3.16 (1.09) 3.08 (1.07)
Serendipity 2.88(0.92) 2.83(0.96) 2.78(1.03) 2.75(1.03) 2.72(1.05)
Creativity 3.14(0.85) 3.10(0.88) 3.10(0.94) 3.16 (0.90) 3.07 (0.88)
Productivity 4.68 (1.23) 4.64 (1.23) 4.53(1.35) 4.47 (1.45) 4.40 (1.48)

Analysis

To account for the hierarchical structure of the data (timepoints nested within individuals), we used multilevel
regression modeling, allowing intercepts to vary at random. The high ICCs of the null models also indicated the
appropriateness of multilevel models (see Tables 4 and 6 for the bursts and waves, respectively). As preregistered,
we ran one model for each outcome variable. Frequency of posting and reading were always entered as predictors.
Following recommendations in the literature (Leeuw & Meijer, 2008), level 1 predictors (frequency of posting;
frequency of reading) were both person-mean centered at level 1 and grand-mean centered at level 2. Both
person- and grand-mean centered variables were then entered into the models, allowing us to distinguish
between effects within and between participants. To examine our research questions whether predictors
predicted outcomes over time, we repeated the analyses with a lag of 1 (i.e., predictor variables at t + 0, outcome
variables at t + 1, controlling for outcome variables at t + Q).

In the following, we report per dependent variable first the within-person effects of posting and reading within the
same time slot (bursts and waves) to test our hypotheses. For the burst, we report the results including workload
as potential time-variant covariate to answer RQs 8a-d, that the effects hold when including workload. The pattern
was basically the same without workload; these results can be found on OSF. We also briefly report the less central
between-person effects. Next, we report the results of the models using the lagged variables as predictors. Here,
we focus in the text on the within-person effects relevant for the research questions. The between-person effects
and the autoregressive paths can be seenin Tables 5 (bursts) and 7 (waves). We report the results for the potential
confounders workload and networking at the end.

Informational Benefits

When using informational benefits as outcome variable and posting and reading social media content (both level
1 and level 2) as predictors and using the burst periods as level of analysis (see Table 4 for detailed results), we
found that in line with H1a, posting social media content at the within person level was a significant positive
predictor of informational benefits at the same timepoint, b =0.18, p <.001, meaning that at times when a person
engages more in posting content than usual, that person receives more informational benefits. This effect was not
maintained across the three-month wave intervals, b = 0.02, p = .510.

In line with our prediction (H1b), reading more social media content than usual did significantly predict
informational benefits at the same timepoint, both in the burst-, b =0.07, p =.001, and wave-based data, b = 0.09,
p <.001.

Although not explicitly predicted, we also observed that posting (only bursts: b =0.53, p <.001) and reading at the
between-person level (only waves: b = 0.17, p <.001; b = 0.12, p = .050 for bursts) were significant predictors of


https://osf.io/4bwk3

informational benefits. This means that individuals who engage more in posting social media content than others
report higher informational benefits throughout the course of one workweek and that people who read more
than others report higher informational benefits across both timespans.

Addressing RQ1 whether posting (RQ1a) and reading (RQ1b) social media content predict informational benefits
at the next timepoint within individuals, we did not find a significant effect, neither in the burst nor waves data, all
|b| <.04, p>.21 (see Tables 5 and 7, respectively).

Table 4. Results From Multilevel Models Predicting (a) Informational Benefits, (b) Creativity, (c) Serendipity, and (d) Productivity From
Posting and Reading Social Media Content at Levels 1 (Same Timepoint; Within-Person) and 2 (Across Timepoints,; Between-Person)
and Workload for the Bursts.

Informational Benefits Creativity
Predictors coef. cl std. coef. p coef. @ std. coef. p
(Intercept) 0.90 [0.83;0.98] .00 <.001 1.23 [1.15;1.31] .00 <.001
Posting, within 0.18 [0.14;0.23] 14 <.001 0.07 [0.02;0.12] .05 .003
Posting, between 0.53 [0.41;0.65] .59 <.001 0.31 [0.18;0.44] .38 <.001
Reading, within 0.07 [0.03;0.11] .06 .001 0.09 [0.05;0.13] .07 <.001
Reading, between 0.12 [0.00;0.25] A3 .050 0.07 [-0.07;0.20] .08 336
Workload, within 0.16 [0.12;0.20] A2 <.001 0.27 [0.23;0.32] .20 <.001
Workload, between 0.30 [0.18;0.41] 22 <.001 0.47 [0.34;0.60] .38 <.001
Burst [B2] 0.02 [-0.03;0.07] .01 440 0.06 [0.01;0.12] .04 .023
Random Effects
0?2 0.50 0.55
Too (randID) 0.29 0.35
ICC null/final model .56/.37 .53/.39
Observations 3305 3305
R?2 (Marginal/Conditional) 400/ .619 277/ .558

Serendipity Productivity

Predictors coef. cl std. coef. p coef. Cl std. coef. P
(Intercept) 0.99 [0.91;1.07] .00 <.001 0.87 [0.85;0.90] .00 <.001
Posting, within 0.12 [0.07;0.17] .09 <.001 -0.01 [-0.03;0.01] -.03 159
Posting, between 0.52 [0.40;0.65] .59 <.001 -0.07 [-0.11,-0.03] -.37 <.001
Reading, within 0.09 [0.04;0.13] .07 <.001 0.02 [0.01;0.04] .05 .004
Reading, between 0.04 [-0.10;0.17] .04 .596 0.06 [0.02;0.10] .29 .007
Workload, within 0.18 [0.13;0.22] A3 <.001 0.07 [0.06;0.09] 15 <.001
Workload, between 0.33 [0.21;0.46] .25 <.001 0.09 [0.05;0.14] .34 <.001
Burst [B2] 0.02 [-0.04;0.07] .01 496 -0.02 [-0.04;-0.00] -.04 .016
Random Effects
0?2 0.56 0.07
Too (randID) 0.33 0.03
ICC null/final model 43/.37 .62/.30
Observations 3305 3305
R2 (Marginal/Conditional) .332/.583 .059/.338

Note. coef. = unstandardized fixed-effect coefficients; Cl = 95% confidence intervals, std. coef. = pseudo-standardized (predictors
standardized; outcome original scale); p-values < .05 are in bold.



Ambient Awareness

Ambient awareness was only assessed in the waves. In contrast to H2a, posting more than usual did not predict
higher informational benefits in the same three-month period, b = 0.03, p = .428. Reading was, however, positively
related to ambient awareness in the same wave, b = 0.18, p <.001. H2b is, thus, supported. On the between level,
also only reading mattered, b = 0.33, p <.001. Surprisingly, there was a negative lagged effect of reading, b =-0.12,
p =.014, such that people who reported reading more frequently in the preceding wave reported less ambient
awareness for the following three months.

Creativity

When creativity was used as the dependent variable, posting (RQ3a), b = 0.07, p = .003 and reading (RQ3b),
b =0.09, p <.001 were significant predictors of creativity on the same half-day. In line with H3a, posting was also
positively related to creativity reported within the same wave, b = 0.05, p = .045. In contrast to H3b, reading was
no significant predictor of creativity in the same wave, b = 0.04, p =.096. Between individuals, posting social media
content was a significant predictor of creativity on both time levels, b = 0.31, p <.001 for the bursts and b = 0.15,
p <.001 for the waves. Again, there were no significant lagged effects (RQ4a and RQ4b), all | b| <.026, p > .453.

Serendipity

When using serendipity as dependent variable, in accordance with H4a, daily within-person fluctuations in posting
social media content were a significant positive predictor of serendipity at the same timepoint in the burst part,
b=0.12, p <.001. There was, however, no effect for the waves, b =0.02, p =.500. There is, thus, only partial support
for H4a. We found support for H4b, that at times when a person engages more in reading social media content,
that person experiences more serendipity on the burst, b =0.09, p <.001, and the waves level, b =0.10, p <.001.

We again observed a between-person effect showing that individuals who overall engage more in posting report
higher serendipity throughout the course of one workweek, b = 0.52, p <.001, as well as the three-month period
between waves, b = 0.26, p < .001, than individuals who engage less in posting. This was not the case for reading
social media content, b = 0.04, p = .596 for the bursts, and b = -0.02, p = .593 for the waves.

Examining whether posting (RQ5a) and reading (RQ5b) social media content predicted serendipity at the next
timepoint within individuals, we did not find an indication that this was the case, all |b| <.05, p >.131.

Productivity

For the bursts, we investigated whether posting (RQ6a) and reading (RQ6b) social media content predict
productivity at the same daily timepoint. Posting social media content was unrelated to productivity within the
same half-day, b = -0.01, p = .159, but reading was positively related to productivity within individuals, b = 0.02,
p = .004. Reading was also a significant positive predictor of productivity on the between-person level, b = 0.06,
p = .007. However, between-persons, posting was a significant negative predictor of productivity, b = -0.07,
p <.001. Regarding RQ7a and RQ7b, we did not find any indication that posting or reading social media content
affected productivity at the next timepoint, both |b| <.011, both p >.289.

Effects of Networking and Workload

In line with H5a-d, external networking was positively related to all dependent measures in the same wave, all
|b| > .38, p <.001 (see Table 6). Interestingly, workload was positively associated with all outcomes, both at the
within- and between-person level, all |b| > .07, p <.001 for the within-person level and all |b| >.09, p <.001 for
the between-person level (see Table 4). The answer to RQ8a-d is that we find within-effects of WRSMU even
when controlling for workload (see OSF for the models without workload that show exactly the same pattern).



Table 5. Results From Multilevel Models Predicting (a) Informational Benefits, (b) Creativity, (c) Serendipity, and (d) Productivity From Lagged Posting
and Reading Social Media Content at Levels 1 (Within-Person) and 2 (Between-Person) for the Bursts.

Informational Benefits Creativity
Predictors coef. cl std. coef. p coef. cl std. coef. p
(Intercept) 0.73 [0.65;0.80] .00 <.001 1.04 [0.95;1.14] .00 <.001
Posting, lagged, within -0.00 [-0.05;0.05] -.00 .927 0.02 [-0.04;0.07] .01 .502
Posting, between 0.49 [0.38;0.60] .54 <.001 0.34 [0.21;0.47] 41 <.001
Reading, lagged, within -0.00 [-0.05;0.04] -.00 .858 -0.02 [-0.07;0.03] -.02 453
Reading, between 0.1 [-0.00;0.22] 1 .059 0.10 [-0.03;0.24] A2 .130
Burst [B2] -0.01 [-0.07;0.04] -.01 .676 0.06 [-0.00;0.12] .04 .056
Informational Benefits, lagged 0.20 [0.17;0.24] .32 <.001 NA NA NA NA
Creativity, lagged 0.16 [0.12;0.20] .23
Random Effects
o? 0.52 0.58
Too (randID) 0.18 0.30
ICC .26 34
Observations 2826 2826
R? (Marginal/ Conditional) 417/.568 .228/.489

Serendipity Productivity

Predictors coef. @ std. coef. p coef. cl std. coef. p
(Intercept) 0.86 [0.77;0.94] .00 <.001 0.69 [0.65;0.73] .00 <.001
Posting, lagged, within -0.04 [-0.10;0.01] -.03 114 0.00 [-0.02;0.02] .00 .809
Posting, between 0.50 [0.37;0.63] .56 <.001 -0.00 [-0.03;0.02] -.01 797
Reading, lagged, within 0.01 [-0.04;0.06] .01 .578 0.01 [-0.01;0.03] .02 .289
Reading, between 0.06 [-0.07;0.19] .07 .332 NA NA NA NA
Burst [B2] -0.00 [-0.06;0.06] -.00 .975 -0.02 [-0.04;0.00] -.03 .097
Serendipity, lagged 0.15 [0.11;0.18] 23 <.001 NA NA NA NA
Productivity, lagged 0.21 [0.17;0.24] 24 <.001
Random Effects
0?2 0.57 0.08
Too (randID) 0.27 0.02
ICC 33 .22
Observations 2826 2826
R2 (Marginal/ Conditional) .316/.539 .045/.257

Note: coef. = unstandardized fixed-effect coefficients; Cl = 95% confidence intervals, std. coef. = pseudo-standardized (predictors standardized;
outcome original scale); p-values < .05 are in bold.



Table 6. Results From Multilevel Models Predicting (a) Informational Benefits, (b) Ambient Awareness, (c) Creativity, and (d) Serendipity From

Posting and Reading Social Media Content at Levels 1 (Same Timepoint; Within-Person) and 2 (Across Timepoints; Between-Person)

and Networking for the Waves.

Informational Benefits

Ambient Awareness

Predictors coef. @ std. coef. p coef. cl std. coef. p
(Intercept) 3.23 [3.16;3.31] .00 <.001 4.64 [4.54;4.74] .00 <.001
Posting, within 0.02 [-0.04;0.07] .02 .593 0.03 [-0.05;0.11] .03 428
Posting, between 0.06 [-0.02;0.13] 11 125 -0.01 [-0.10;0.08] -.01 .878
Reading, within 0.09 [0.04;0.14] A3 <.001 0.18 [0.11;0.24] 19 <.001
Reading, between 0.17 [0.10;0.24] .32 <.001 0.33 [0.24;0.42] .53 <.001
External networking 0.42 [0.34;0.50] 46 <.001 0.38 [0.28;0.48] .37 <.001
Wave W2 -0.04 [-0.13;0.04] -.03 314 0.03 [-0.09;0.15] .01 .632
Wave W3 -0.10 [-0.19;-0.00] -.06 041 -0.11 [-0.24;0.02] -.05 .089
Wave W4 -0.11 [-0.21;-0.01] -.07 .027 -0.21 [-0.34;,-0.07] -.09 .003
Wave W5 -0.17 [-0.27;-0.06] -.09 .002 -0.27 [-0.42;-0.13] -1 <.001
Random Effects
02 0.35 0.69
Too (randID) 0.30 0.41
ICC null/final model .66/.46 .57/.37
Observations 1540 1540
R? (Marginal/ Conditional) .402/.679 .355/.597

Creativity Serendipity
Predictors coef. cl std. coef. P coef. Cl std. coef. P
(Intercept) 3.13 [3.07;3.20] .00 <.001 2.86 [2.80;2.93] .00 <.001
Posting, within 0.05 [0.00;0.10] .07 .045 0.02 [-0.03;0.07] .02 .500
Posting, between 0.15 [0.09;0.21] .34 <.001 0.26 [0.20;0.32] .53 <.001
Reading, within 0.04 [-0.01;0.08] .06 .096 0.10 [0.06;0.15] A7 <.001
Reading, between -0.00 [-0.06;0.06] -.00 1.000 -0.02 [-0.08;0.04] -.03 .593
External networking 0.39 [0.32;0.46] .52 <.001 0.38 [0.31;0.44] A5 <.001
Wave W2 -0.02 [-0.10;0.05] -.02 .561 -0.02 [-0.10;0.06] -.02 .559
Wave W3 -0.03 [-0.11;0.05] -.02 481 -0.07 [-0.16;0.02] -.05 107
Wave W4 0.02 [-0.06;0.10] .01 .652 -0.12 [-0.20;-0.03] -.08 011
Wave W5 -0.06 [-0.15;0.03] -.04 .202 -0.15 [-0.24;-0.05] -.09 .004
Random Effects
0? 0.26 0.30
Too (randID) 0.22 0.18
ICC .66/.46 .67/.37
Observations 1540 1540
R? (Marginal/ Conditional) .388/.667 .491/.681

Note: estimates are unstandardized fixed-effect coefficients; 'Std. Coef.' are pseudo-standardized (predictors standardized; outcome original scale);

p-values <.05 are in bold.



Table 7. Results From Multilevel Models Predicting (a) Informational Benefits, (b) Ambient Awareness, (c) Creativity, and (d) Serendipity From Lagged
Posting and Reading Social Media Content at Levels 1 (Within-Person) and 2 (Between-Person) and Networking for the Waves.

Informational Benefits Ambient Awareness
Predictors coef. cl std. coef. p coef. cl std. coef. p
(Intercept) 1.90 [1.70;2.10] .00 <.001 3.02 [2.72;3.32] .00 <.001
Posting, lagged, within -0.00 [-0.08;0.08] -.00 991 -0.02 [-0.13;0.10] -.01 .783
Posting, between 0.08 [0.02;0.15] 15 .014 0.02 [-0.06;0.11] .04 .563
Reading, lagged, within -0.04 [-0.11;0.02] -.06 212 -0.12 [-0.21;-0.02] =12 .014
Reading, between 0.13 [0.06;0.20] .22 <.001 0.31 [0.22;0.39] .45 <.001
External networking 0.15 [0.07;0.22] 15 <.001 0.11 [0.02;0.20] .10 .014
Wave W3 -0.02 [-0.13;0.08] -.02 .670 -0.18 [-0.33;-0.03] -.09 .019
Wave W4 -0.03 [-0.14;0.08] -.02 .547 -0.24 [-0.40;-0.09] =12 .002
Wave W5 -0.09 [-0.21;0.04] -.06 .166 -0.26 [-0.43;-0.09] =12 .003
Informational Benefits, lagged 0.40 [0.34,0.46] 72 <.001 NA NA NA NA
Random Effects
o? 0.44 0.89
Too (randID) 0.08 0.07
ICC 15 .07
Observations 1081 1081
R? (Marginal/ Conditional) .521/.594 .465/.505

Creativity Serendipity

Predictors coef. @ std. coef. p coef. cl std. coef. p
(Intercept) 1.42 [1.24;1.61] .00 <.001 1.78 [1.60;1.96] .00 <.001
Posting, lagged, within -0.01 [-0.08;0.06] -.01 .823 -0.01 [-0.08;0.07] -.01 .880
Posting, between 0.09 [0.04;0.14] .20 <.001 0.22 [0.17;0.28] 42 <.001
Reading, lagged, within -0.02 [-0.07;0.04] -.03 .620 -0.05 [-0.11;0.01] -.08 .130
Reading, between 0.03 [-0.02;0.08] .06 224 0.02 [-0.04;0.07] .03 .523
External networking 0.10 [0.04;0.15] 12 <.001 0.14 [0.08;0.20] .16 <.001
Wave W3 -0.00 [-0.10;0.10] -.00 .976 -0.06 [-0.15;0.04] -.05 257
Wave W4 0.05 [-0.05;0.15] .04 371 -0.10 [-0.21;-0.00] -.08 .043
Wave W5 -0.07 [-0.18;0.04] -.05 .193 -0.10 [-0.21;0.01] -.07 .068
Creativity, lagged 0.54 [0.48;0.59] .94 <.001
Serendipity, lagged .37 [0.31;0.43] .66 <.001
Random Effects
0?2 0.37 0.37
Too (randID) 0.00 0.03
ICC NA .07
Observations 1081 1081
R2 (Marginal/ Conditional) .542/ NA .599/.628

Note: estimates are unstandardized fixed-effect coefficients; 'Std. Coef.' are pseudo-standardized (predictors standardized; outcome original
scale); p-values < .05 are in bold.



Table 8. Summary of Results Across Bursts and Waves.

Informational Benefits ~ Ambient Awareness  Creativity = Serendipity =~ Productivity

Posting

within (Burst) v H1a Not meas. v RQ3a v' H4a x RQ6a
within (Wave) x H1la x H2a v H3a x H4a Not meas.
between (Burst) v Not meas. v v v (neg)
between (Wave) x x v v Not meas.
within, lagged (Burst) x RQ1a Not meas. x RQ4a x RQ5a x RQ7a
within, lagged (Wave) x RQ1a x x RQ4a x RQ5a Not meas.
Reading

within (Burst) v H1b Not meas. v RQ3b v H4b ¥ (pos) RQ6b
within (Wave) v H1b v H2b x H3b v H4b Not meas.
between (Burst) x Not meas. x x ¥ (pos)
between (Wave) v v x x Not meas.
within, lagged (Burst) x RQ1b Not meas. x RQ4b x RQ5b x RQ7b
within, lagged (Wave) x RQ1b x x RQ4b x RQ5b Not meas.
Networking v H5a v H5b v H5¢ v H5d Not meas.

Note. Not meas. = not measured, v significant effect, x no significant effect.

Discussion

The aim of this measurement burst study was to examine the relationships between WRSMU and various work-
related outcomes. We were especially interested in within-person effects that could give hints on causality and the
time scales on which these effects occur. We investigated these dynamics both for half-days assessed during two
burst periods of one workweek and three months assessed in a year-long longitudinal study. We extended prior
work by focusing not only on informational benefits and ambient awareness, but also creativity and serendipity.
Additionally, we explored whether higher WRSMU might come with reductions in productivity. Our research
revealed three key findings. First, we found within-person effects on all outcomes at the same measurement point,
both in the bursts and the waves. Second, we did not find positive relationships between lagged indicators of
WRSMU and any of our outcome measures. Third, we found meaningful differences between the relative impact
of posting and reading on the respective outcomes, also for the between-person effects. We will first briefly discuss
what this means for media effects before turning to between-person effects and temporal dynamics.

Within-Person Effects: Hints Towards Media Effects

We found several within-person effects of reading and posting that hint towards media effects. Importantly,
within-person effects should not be equated with media effects, nor between-person differences with selection
effects. They provide suggestive evidence only; causal identification would require experiments (Rohrer &
Murayama, 2023). We, thus, interpret these patterns cautiously.

For reading, we found consistent same-period within-person effects on all dependent variables in the bursts and
on all dependent variables except creativity in the waves. Because we controlled for between-person effects and
thus all time-invariant confounders and workload as potential time-variant confounder, we consider these within-
person effects as likely indicators of media effects; more reading than usual results in more ambient awareness,
informational benefits, serendipitous encounters and more creativity. Interestingly, reading was also positively
related to productivity. People may use social media more for micro-breaks than for procrastination.

For posting, we mainly found within-person effects in the bursts. This could indicate that people ask their network
for support and receive useful answers within a short time, but not three months later.



Between-Person Effects of Posting and Reading

Although we found within-person effects, there were additional between-person effects, especially for posting,
indicating that there might also be selection effects. People who posted more reported also higher creativity and
serendipity. Third variables like being more talkative might come with higher creativity. People who are more
creative might also present themselves more on social media or even brag about their creative ideas. Reading was
only related to informational benefits and ambient awareness. Some people might be more eager to gain new
information and, therefore, also read more.

Taken together, the differential patterns of posting and reading on the within- and between-person level also
contribute to the broader debate about the usefulness of an active versus passive use dichotomy when
investigating effects of social media use (Valkenburg et al., 2022). This debate primarily focuses on research
examining social media use effects on well-being. Our results suggest that at least for WRSMU, separating effects
of so-called active (posting) and passive (reading) use makes sense, especially because there are also theoretical
arguments for why reading should be sufficient to develop ambient awareness or encounter useful or
serendipitous information.

Temporal Dynamics: No Effects Over Time

We did, however, not find any positive effect of reading and posting on the subsequent timepoint. A
methodological reason could be that it is in general difficult to find effects on the next time span in multilevel
models that also control for the lagged outcome variable (Finkel, 1995). However, we belief that this is a meaningful
result that indicates that social media use might have rather immediate effects because social media display more
recent posts on top of the feed.

Effects of Potential Confounders

Networking was positively related to all outcome variables, replicating prior work (Davis et al., 2020; Utz & Breuer,
2019) and the central premise of social capital theory that network ties provide people with information and trigger
creativity (Adler & Kwon, 2002; Fischer et al., 2004). Interestingly, workload was also positively related to the
outcomes both on the within- and the between-person level. Thus, short-time higher workload seems not to be
detrimental for various work outcomes; people might use social media even more efficient under time pressure.
It could also be that people who have a higher workload have occupations that depend more on information and
creativity.

Limitations

The study was entirely based on self-report. It might have been especially difficult for participants to judge their
own creativity or productivity. Future studies could combine participants’ self-assessment with the judgments of
third-person observers (e.g., supervisors, colleagues). This could work for creativity and productivity. Active
WRSMU could be assessed via digital traces, and screentime apps could give information on the duration of
(active + passive) WRSMU. Self-reported media use is known to correlate only moderately with logged
measurements (Parry et al., 2021). This is more problematic for the waves because in the bursts, we focused on a
short time window so that people should correctly remember how often they used social media. The sample was
self-selected and, as common in these types of studies, younger people were more likely to drop out (Utz & Breuer,
2016). More active social media users were also more likely to stay in the study. Since we focus mainly on within-
person changes, this affects mostly the between-person effects.

Finally, it needs to be acknowledged that although our differential and robust within-person effects give valuable
hints for media effects because we can exclude the role of time-invariant confounders and controlled for workload
(Rohrer & Murayama, 2023), we can still not be sure that WRSMU causes various work-related benefits because
our results might also be influenced by common-method bias (Podsakoff et al., 2024). We cannot completely rule
out this explanation. A confirmatory factor analysis modelling an additional common-method factor fitted the data
slightly better than the model without the common-method factor (see OSF for CFAs). We applied, however,
several measures to reduce common-method variance: using different scales (agreement, frequencies, yes-no in
the bursts), anonymous data collection, and mean-centering the data for the within-person effects (Gabriel et al.,



2019; Podsakoff et al., 2024). Since we also found theoretically meaningful differences between posting and
reading that mirror effects from (quasi)experimental work (Anderl et al., 2024; Ander| & Utz, 2025; Leonardi, 2015;
McCay-Peet et al.,, 2015), we are confident that the results are not only due to common-method bias. An
experimental design in which WRSMU is manipulated would be required to be able to draw causal conclusions
about whether WRSMU indeed leads to various benefits.

Implications for Knowledge Workers and Employers

Our findings have important practical implications. For knowledge workers, the present evidence suggests that
engaging in WRSMU might result in better and faster access to information, more ambient awareness, experiences
of serendipity, and heightened creativity. Assuming that the effects at least partially reflect media effects, this
suggests that knowledge workers can strategically read or post more on social media, depending on which
outcome they are most interested in.

These results may be particularly informative for employers who often ban or regulate WRSMU because they
consider it loafing (Pew Research Center, 2016). This approach might be short-sighted, especially as productivity
did not seem to be systematically impacted by WRSMU or even be increased by reading. So at least when it comes
to reading, WRSMU appears to allow knowledge workers to gain relevant insights and boost their creativity without
harming their productivity.
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Appendix

Table A1. Deviations From Preregistration for Burst and Waves Part.

Deviation

In preregistration

In manuscript

Rationale

Changed and
harmonized order of
hypotheses in
manuscript

Renamed variables

Waves: Informational
benefits, creativity,
ambient awareness

serendipity; networking
hypothesis after each
construct (H2, H4,...)
Bursts: Serendipity,

Informational benefits,

creativity, productivity

(socially) passive and
(socially) active use

Informational benefits,
ambient awareness,
creativity, serendipity,
productivity

Networking hypothesis
H5a-d

Reading and posting

Informational benefits + ambient
awareness both refer to information;
creativity + serendipity to new ideas;

the first variables come from social
capital literature, the second focuses
more on a process triggered by the

features of social media (newsfeeds)

Reviewer comment that one items on
the passive scale included “I actively
searched...”

Table A2. Deviations From Preregistration for Bursts.

Deviation

In preregistration

In manuscript

Rationale

Corrected copy paste
mistake in RQ2

Calculation of

reading/posting scale

Sample size

Analysis including
workload

Analyzed bursts

Informational benefits
(same as RQ4)

Mean of 3 items [0 = not
at all, 3 = very often]

200-300 in wave 1

Stepwise multilevel
regression; first enter
only reading and posting,
in step 2 add workload
Use data from burst one;
check whether pattern is

Serendipity

Maximum of 3 items
[0 =not at all, 3 =very
often]

463 in wave 1

Report only results
including workload

Use both bursts and
add burst number as

Was a copy paste mistake

Reviewer comment that the mean
might not be adequate for a half-day;
people who for example posted a lot,

but did not write a commentorin a
group discussion would only receive a
score of 1 (instead of 3) although they

used social media a lot
Recruitment on our own was difficult,
so we ended up with a panel provider.
Sample size based on
recommendations of panel provider for
sufficient people in the bursts and
available funds

Word limit of paper; results without
workload are on OSF

Higher power; was preregistered this
way because we were afraid of too high

stable in burst 2 control attrition
Table A3. Deviations From Preregistration for Waves.
Deviation In preregistration In manuscript Rationale

Skipped hypotheses and
RQs on the adding of
weak or absent ties

Used less items for
posting scale

Adding ties was
additional predictor

11 items

Predictor has been

dropped; results are on

OSF

6 items

Not all platforms allow to easily see
how many ties have been added in the
last three months; we have many
missing values on these variables and
loose power (only 397 observations
left); adding ties had no effect
See above change in name from
(socially) active use to posting; removed
the items that focused on network
building/shaping, so that items fit
name; slightly better CFA fit [pattern of
results is almost identical, only the
between-person effect of posting on
informational benefits is no longer
significant
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