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Abstract

A negative link between media multitasking and sustained attention has been
proposed; yet, whether such a link exists remains hotly debated as previous studies found
mixed effects. The present study seeks to evaluate the size of this effect taking into account
possible variations due to how media multitasking is measured, how sustained attention is
assessed, and the origin of the samples. Using an established and a novel, shortened measure
for media multitasking, 924 participants were recruited through three different platforms
(MTurk, Prolific and university students). In addition to questionnaire- and task-based
assessments for sustained attention, impulsivity and sensation seeking-were also assessed to
further qualify behavioral problems associated with media multitasking. The findings
establish a negative link between media multitasking and sustained attention of a medium
effect size, whether questionnaires (» =.20) or a task-based measure (» = .21) are used.
Importantly, the findings support the notion that previous differences across studies can be at
least partly attributed to the choice of media multitasking measure as well as differences
across samples.

Keywords: media multitasking, attention, digital media, sample differences



Introduction

Recent years have seen an upsurge in studies investigating the associations between
media multitasking and a variety of cognitive functions, such as sustained attention, executive
functioning, working memory, and impulsivity (for reviews and meta-analyses see, Uncapher
et al., 2016; Uncapher & Wagner, 2018; van der Schuur et al., 2015; Wiradhany & Koerts,
2019; Wiradhany & Nieuwenstein, 2017). Media multitasking is the simultaneous use of two
or more media types (e.g., van der Schuur et al., 2015). For example, watching an-online
video and at the same time sending a message to a friend via social media would be a typical
form of media multitasking. While multitasking in everyday life is not-new (think of driving
and talking, or eating your breakfast and reading the news print), the frequency of media
multitasking has been greatly increased since digital technelogies have invaded our lives. In
fact, in the current digital and mobile media landscape, media multitasking has become a very
common, if not the most common, form of media use (Ettinger & Cohen, 2020). Media
multitasking has triggered the interest of researchers after a seminal study by Ophir et al.
(2009) that has found evidence for different cognitive profiles of heavy versus light media
multitaskers. Following this study, these associations have been further investigated by a
variety of laboratories; with mixed results. Whereas many studies found negative associations
between the amount of media multitasking and various measures of attention, other studies
did not find these associations (Uncapher & Wagner, 2018; Wiradhany & Nieuwenstein,
2017).

Recent meta-analyses (e.g., Wiradhany & Nieuwenstein, 2017) and reviews on the
relationship between media multitasking and attention and related constructs (Uncapher &
Wagner, 2018; van der Schuur et al., 2015) concluded that these varying findings might,
among other reasons, be due to sample as well as measurement heterogeneity. For example,

Wiradhany and Nieuwenstein (2017) concluded in their meta-analysis that, across all studies,



effect sizes were weak, and might become negligeable when accounting for small-study
effects. This raises the concern that these findings might be driven by a few small-sample
studies. In addition, Uncapher and Wagner (2018) suggested that the variance in findings
might be due to heterogeneity in the measures used. Due to the fast-changing nature of the
media environment, studies adapted the original version of the media multitasking measure by
Ophir et al. (2009) to reflect those changes in media activities (Madore et al., 2020; Pea‘et.al.,
2013). Thus, what constitutes media multitasking might differ across studies.

Finally, studies differed in their use of outcome measures, with some studies using
cognitive tasks to assess attention (e.g., Cain & Mitroff, 2011; Cardoso-Leite et al., 2016;
Ophir et al., 2009; Ralph et al., 2014; Seddon et al., 2018), and others mainly relying on self-
reports (Baumgartner, van der Schuur, et al., 2017; Ralph et al.; 2014; Uncapher et al., 2016).
Interestingly, studies employing self-reports for measuring attention have been suggested to
show more consistent negative relations with media multitasking than studies employing
performance-based measures (Baumgartner et al., 2014; Parry et al., 2021; Wiradhany &
Koerts, 2019).

Thus, despite a growing body of research, there is no consensus yet on how consistent
the link is between media multitasking and attention. Attention is a multifaceted construct and
we focus here on sustained attention, or the ability to maintain focus for several seconds to
minutes, in'the face of distractions. This form of attention, especially as measured by
Continuous Performance Tasks, has been one of the main focus when it comes to the impact
of media multitasking on attention (e.g., Madore et al., 2020; Ophir et al., 2009; Wiradhany &
Nieuwenstein, 2017). Next to sustained attention, we focus here on two additional previously
established correlates of media multitasking, sensation seeking (e.g., Sanbonmatsu et al.,
2013; Shin et al., 2019) and impulsivity (e.g., Cain et al., 2016 ; Baumgartner, Lemmens et

al., 2017).



To unravel the link between media multitasking, sustained attention, impulsivity and
sensation seeking the aims of the present study were 1) to conduct the same study across three
samples to test for sample heterogeneity and evaluate the extent to which small-study effects
may be of concern, 2) to examine the associations between media multitasking and attention,
as assessed from both self-reports and a performance-based task of sustained attention, in the
same samples, 3) to examine the associations between media multitasking and impulsivity
and sensation seeking, as assessed with self-reports, in the same samples and 4) to-develop
and validate a novel media multitasking measure that is shorter to administer and less
repetitive for participants, and to test whether this new measure correlates.to the same extent
with attention, impulsivity and sensation seeking than the previously used and established
media multitasking index (MMI).

Media Multitasking and Sustained Attention Assessed With Performance-based Tasks

The original study by Ophir et al. (2009) found that heavy media multitaskers (HMM)
performed less well than light media multitaskers (LMM) on the continuous performance task
known as the AX-CPT. In this paradigm, participants are presented with a sequence of five
letters (made of a cue, three distractors and a probe) and asked to press a button marked
"YES" to the probe "X" if preceded by the cue "A", but otherwise press a button marked
"NO". HMM were overall slower than LMM when correctly responding to target trials ("X"
preceded by."A") or incorrectly to lure trials ("X" preceded by anything but "A"), when the
paradigm included distractors. This was not attributable to different speed-accuracy trade-offs
as HMM and LMM exhibited comparable performance as measured by sensitivity or d’. In
addition, in the version of the paradigm without distractors, the two groups were comparable.

This finding led the field into trying to replicate this link between multitasking and
distractibility. In a replication study, Wiradhany and Nieuwenstein (2017) presented two

experiments using the same AX-CPT task with distractors. The first study showed similar



slowing of reaction time as Ophir et al. (2009) but only for incorrect responses to lure ("X"
preceded by anything but "A"), whereas the second study found similar slowing of reaction
time in HMM but only for correct hits ("X" preceded by "A"), thus only partially replicating
previous findings.

Since there is not one commonly agreed task of sustained attention, studies vary
highly in the use of measures. For example, Ralph et al. (2015) used the Metronome Response
Task (MRT), the Sustained Attention-to-Response Task (SART as well as a vigilance task.
Their findings raise fundamental concerns about the link between media multitasking and
sustained attention, as the findings across three studies show that results may vary depending
on 1) the task used (MRT, SART, vigilance task), and 2) the population of interest
(undergraduate students, MTurkers). Nevertheless, all results follow the same trend indicating
a negative relationship, albeit weak, between levels of media multitasking and sustained
attention.

In Wiradhany and Nieuwenstein (2017), authors performed a meta-analysis revealing
a small overall relationship between greater media multitasking and greater distractibility
during continuous task performance with an effect size of d = .17 (corresponding to a r =
0.085). Note that the pooled analyses were cross-sectional, contrasting high media
multitaskers and'low media multitaskers, and most of the studies suffer from the lack of a
convincing number of participants. Extracting from this meta-analysis the studies using
continuous performance tasks, the (transformed) effect sizes ranged from » = 0.16 (Wiradhany
& Nieuwenstein, 2017) to » = 0.51 (Ophir et al., 2009).

Importantly, studies employing performance tasks typically employ small samples.
Therefore, Wiradhany and Nieuwenstein (2017) concluded that when correcting for small-
study effects, evidence for robust effects seems to disappear. It is thus yet unclear whether the

effects found in previous studies were mainly due to small-study effects or whether the



associations between media multitasking and sustained attention are indeed small, and require
large samples to be detected. Moreover, existing studies are characterized by a strong sample
heterogeneity. Existing samples did not only differ in cultural backgrounds (e.g., samples
coming from the US, Europe or Asia) but also in educational background (student samples vs
general population), and whether samples were recruited in person (e.g., on campus) or online
(e.g., MTurk).

More recently, using a long-term memory task where memory retrieval was.elicited
through a cue, Madore et al. (2020) found more attention lapses in high as compared to low
media multitaskers during the processing of the retrieval cue (see Extended Data Fig. 7 in
Madore et al., 2020). Using the gradual onset continuous performance task, known as the
GradCPT (Rosenberg et al., 2013) they established that propensity to memory lapses was
related to performance on the GradCPT, arguing that “trait-level differences in sustained
attention are related to individual differences in‘{forgetting]” (Madore et al., 2020, p.4).
Indeed, the GradCPT has been shown to provide a robust way to identify the neural networks
that mediate sustained attention (Rosenberg et al., 2016; Scheinost et al., 2020). Combined
with the ease of remote administration of the GradCPT via on-line data collection (unlike the
AX-CPT for which task instructions are more challenging), the present work used the
GradCPT task. Furthermore, in the present study, a sufficiently powered sample was used to
examine whether there are robust and consistent associations between media multitasking and
performance-based sustained attention. We hypothesize:

HI: There is a negative relationship between media multitasking and performance on

a sustained attention task.



Media Multitasking and Sustained Attention, Impulsivity and Sensation Seeking
Assessed With Self-reports

In general, studies using self-reports for measuring attention in every-day life found
more consistent and stronger negative correlations with media multitasking compared to
performance-based measures of sustained attention (see Parry & le Roux, 2021 for a recent
meta-analysis). For example, Ralph et al. (2014) found relationships between the frequency of
media multitasking and attentional failures and mind wandering in daily life. Similarly, in two
large adolescent samples, Baumgartner, van der Schuur, et al. (2017) found that adolescents
who engaged in media multitasking more frequently, reported more attention problems in
their daily lives.

As media multitasking comprises switching between different media activities, it does
not only have an attentional component (e.g., switching attention between media tasks) but
also a behavioral component (e.g., typing a message, scrolling through social media). It is
thus not surprising that media multitasking has also been related to more behavioral
components such as impulsiveness. Several studies have shown that media multitasking is
negatively related to motor impulse control, and behavioral inhibition. For example, Cain et
al. (2016) and Baumgartner, Lemmens et al. (2017) found associations between media
multitasking and metor impulsivity among adolescents, Sanbonmatsu et al. (2013) and Shin et
al. (2019).found these associations among adults. Interestingly, Sanbonmatsu et al. (2013)
found similar associations between media multitasking and the motor as well as attentional
component of impulsiveness providing support for the idea that media multitasking is related
to both attention as well as motor control.

Overall, these findings are supported in a recent meta-analysis (Wiradhany & Koerts,
2019) which concluded that heavier media multitasking was consistently, albeit weakly,

related to self-reported attention problems (pooled effet size, » = 0.161, k= 21), increased
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motor impulsiveness in everyday life and sensation seeking (pooled effect size, » = 0.216, k =
15).

Sensation seeking is a personality trait that is closely related to cognitive control and
impulsivity (Holmes et al., 2016). It has been recently argued that the tendencies to seek
stimulation and to control impulses are both correlated with the anatomical structure of
cognitive control circuitry (Holmes et al., 2016). This indicates that impulsivity and sensation
seeking might be linked due to a common biological origin. Interestingly, both personality
traits have been previously linked to media multitasking (Baumgartner, Lemmens, et al.,
2017; Sanbonmatsu et al., 2013). Individuals who seek stimulation are-more likely to engage
in media multitasking. This might be due to the oftentimes stimulating and hedonic nature of
media content (e.g., Panek, 2014). Yet, the link between sensation-seeking and media
multitasking remains largely understudied, which will be addressed in the present study.

Overall, recent studies and meta-analyses.on media multitasking point to a negative
link between media multitasking and self-reports of attention, impulsivity and sensation
seeking, whereas the correlations between media multitasking and cognitive tasks of sustained
attention are less consistent(e.g., Baumgartner et al., 2014; Luo, Li, et al., 2021; Luo, Yeung,
et al., 2021; Seddon et al., 2018; Wiradhany & Koerts, 2019; Wiradhany & Nieuwenstein,
2017; Parry & le Roux, 2021). This discrepancy between findings based on self-reports and
those based on task performance might be due to self-reports and performance-based tasks
tapping into different psychological constructs that both contribute independently to the
prediction of daily-life behavior (e.g., Luo, Li, et al., 2021; Sharma et al., 2014; Toplak et al.,
2013; Parry et al., 2021). Another potential explanation is that particularly in the case of
media multitasking, studies employing self-reports were frequently based on larger samples,
and might thus have had more power to detect even small effects. It is, therefore, important to

study the relationship between media multitasking and its correlates based on self-reports and
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performance-based tasks within the same, sufficiently powered, sample. As previous studies
have shown consistent relationships between media multitasking and self-reported measures
of attention, impulsivity and sensation seeking, we also expect that:

H?2: There is a positive relationship between media multitasking and self-reported

measures of attention problems as well as of impulsivity and sensation seeking.
Addressing Measurement Weaknesses in Media Multitasking Measures: Towards a
Shorter, Frequency-based Measure of Media Multitasking

Most existing studies in the field, have used the media multitasking index (MMI,
Ophir et al., 2009), or a slightly adapted version as the key indicator for media multitasking
(Madore et al., 2020). However, several authors have noted that the use of the MMI might be
problematic for at least three reasons (Baumgartner, van der Schuur, et al., 2017; Uncapher &
Wagner, 2018; Wiradhany & Nieuwenstein, 2017).

The first major problem that the field faces is the fast-changing media landscape. For
example, students filling in the media multitasking questionnaire ten years ago might have
used completely different technologies for multitasking than students nowadays. Thus,
ideally, media multitasking measures should be less sensitive to technological developments,
and should in particular be platform-independent, so that the same measure can be used over
time. Although it is difficult to foresee future technological developments, it is possible to
focus on the key functionalities of media products. For example, in the original media use
questionnaire (Ophir et al., 2009) a differentiation was made between watching TV and online
videos. In today’s media landscape this differentiation is frequently obsolete. More
importantly, however, whether someone engages in a secondary media activity while
watching TV on an actual TV device or online videos on a laptop should not make a
qualitative difference for media multitasking as both types of media rely on the same

psychological modalities (e.g., see Baumgartner & Wiradhany, 2021).
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A second critique of the MMI concerns the exact quantity measured. The MMI reports
the number of media used in a typical media hour. This has been criticized (Uncapher &
Wagner, 2018; Wiradhany & Nieuwenstein, 2017), because it does not assess the frequency of
media multitasking. Thus, someone who scores high on the MMI could in principle engage in
media multitasking only very rarely, but when they do so use a large variety of media at the
same time. Typically, media effects research relies heavily on measures based on the
frequency of media use. It has thus been debated whether the frequency of media multitasking
would not be a better indicator than the number of media used in a media hour (e.g., Uncapher
& Wagner, 2018; Wiradhany & Nieuwenstein, 2017).

Finally, the length of the media use questionnaire on which the MMI is based is quite
extensive which makes it difficult to use in studies with larger assessment batteries. Its length
is mainly due to the questionnaires probing the combination of each media activity with all
others. Recent studies have used a slightly adapted scale from the original Ophir et al. (2009)
scale, such as in Madore et al., 2020. This version keeps asking about all possible
combination of media, but assumes symmetry between two activities. In short, if someone
answers that while reading, they often listen to music; this adapted scale assumes that while
listening to music, they often read. In this version, media activity is probed in a way that is
less dependent on exact technology or app used, but rather aligned with the cognitive
processes engaged. Given this slightly adapted scale tends to be more used in recent studies,
this is the established scale we will be using in the present work. We will term it “adapted
scale” thereafter to make clear it is not exactly the original Ophir et al. (2009) scale.

Additionally, a few shorter scales have been successfully introduced in the past
(Baumgartner, Lemmens, et al., 2017; Luo et al., 2018). These have been based on a selection
of only a few media types, however making the comparison of these scales with the MMI

more difficult. We therefore developed a shorter measure not by reducing the number of
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primary media activities, but by reducing the amount of secondary media activities. That is,
instead of asking for each primary media activity (e.g., watching videos), how frequently
someone uses each other type of medium as secondary activity (e.g., social media, gaming,
audio etc.), we ask for the general frequency of using any type of other media while engaging
in a primary media activity (e.g., while watching videos how often do you use other types of
media at the same time?). This approach does allow us to keep a similar sensitivity
concerning the primary activity but reduces the number of items substantially. In addition, by
assessing the frequency of media multitasking instead of the original ‘number of media used
per media hour’, we hope to increase the interpretability of the measurement. We thus aimed
at developing a new short scale that covers the same platform-independent media activities as
more recent versions of the MMI, but that assesses the frequency of media multitasking rather
than the number of media used per media hour.

In sum, this new measure is adapted in three ways: 1) it is shorter than the MMI, 2) it
is frequency-based, and 3) it is platform-independent and therefore not as sensitive to
technological developments. To suceessfully validate this newly developed measure, we
compare how well it correlates with the MMI, and whether it correlates equally well than the
MMI with all outcome measures. We expect:

H3: Thenew frequency-based media multitasking questionnaire will correlate a)

highly with the MMI and b) equally well with task-based and questionnaire-based

measures of interest as the original MMI.

The Present Study

Previous findings on the relationship between media multitasking and attention,
impulsivity, and sensation seeking indicate small to medium effect sizes at best (see
Wiradhany & Nieuwenstein, 2017; Uncapher & Wagner, 2018). However, many studies suffer

from small samples and inconsistent measures across samples. This makes it difficult to



14

conclude whether the effects that have been found were due to small-study effects or to the
specific measures used.

In the present study we assess the association between media multitasking and
sustained attention, impulsivity, and sensation seeking in a large sample of N = 924
participants. We examine the associations between media multitasking and attention by using
self-reports as well as a performance-based task for sustained attention (GradCPT). We expect
media multitasking to be negatively related to sustained attention across self-reports and the
cognitive task (H1 and H2). We are cognizant that previous work showed heterogeneous
effects across studies, raising the issue of whether differences in findings.may be explained by
insufficiently powered samples, by differences in the measures that were used for either
media multitasking or for sustained attention, or by possible sample differences. In the present
study, we recruited participants from three different samples, via MTurk, Prolific and a
University student pool. This puts us in the positionto assess whether online samples and the
standard student-based samples used in most psychology experiments are comparable. Within
that debate, MTurk has been pointed out to possibly provide lesser quality data (e.g., Peer et
al., 2022). We therefore included two different online samples, recruited from MTurk as well
as Prolific.

Moreover, following the call by Uncapher and Wagner (2018), we present a
technology-independent, frequency-based, and shorter measure of media multitasking and test
whether this shorter, frequency-based questionnaire may be used equally well as the adapted
media multitasking questionnaire that targets number of media used when multitasking, and
not how frequently one multitasks. We expect this novel media multitasking questionnaire to
show similar correlations as the original media multitasking questionnaire (H3). The extent to
which the frequency-based questionnaire can be used to assess media multitasking has both

practical implications (i.e., shorter measures) as well as theoretical ones, as it will characterize
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the relative importance of frequency of media multitasking versus number of media used
during media multitasking in driving an association between media multitasking and
sustained attention.
Method
Participants
This study was deployed online through three data collection phases, one on the ‘online

platform Amazon Mechanical Turk (MTurk sample, www.mturk.com), another on-the-online

platform Prolific (Prolific sample, www.prolific.co) and the third through remote testing
within a University student pool (Student sample) of the University of Amsterdam (UvA)

The studies were approved by the respective universities’ ethics board. Participants
were compensated for the completion of the whole study which was expected to last between
25-30 minutes at the rate of $3.25 for MTurk, £3.80 for Prolific and with course credits for
the Student participants.

Data collection for the MTurk sample was performed between November 2020 and
April 2021. In total, 409 participants were initially enrolled in the study using the following
qualification requirements: (1) Human Intelligence Task Approval Rate greater than or equal
to 99, (2) Number of HITs Approved greater than 1000, (3) Age between 18-35 (to keep the
sample comparable concerning age range to the student sample).

Data collection for the Prolific sample was performed between November 2020 and
April 2021 with a total of 302 participants taking part in the study. The following Audience
settings were used: (1) Approval Rate greater than or equal to 95; (2) Age between 18 and 35
years old (to keep the sample comparable concerning age range to the student sample).

Data collection for the Student sample took place in November 2020. A total of 299

undergraduate psychology or communication science students participated in the study. The
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usable sample was between the ages of 18 and 30 years old. The studies were conducted
online; it was recommended that participants use a desktop or laptop.
Measures

Adapted Media Use Questionnaire (MUQ)

The original Ophir et al. (2009) Media Use Questionnaire was adapted and shortened
following the version used by Madore et al. (2020): (1) the number of media was reduced
from twelve to nine; (2) the wording about the different media was changed; (3) the media
multitasking items were reduced to half as, if the item "when doing i, how frequently do you
use j at the same time" was probed, then the item "when doing j (...) use i"“was not probed, in
essence assuming symmetry in multi-media usage. The nine media.considered were: (1)
reading; (2) watching videos, movies, TV; (3) listening to music, radio, audiobooks, podcasts;
(4) playing video games; (5) browsing the internet; (6).texting, using social media or instant
messaging; (7) talking on the phone or video chatting; (8) other computer activities; (9)
performing work or studying. The scale was specially designed to abstract from specific apps
or services to be more robust to the fast changing pace of the technological developments.

As in the Ophir et al. (2009) work, the first part of the questionnaire asks for the hours
spent in an average week engaging in each of the nine media; the second part asks for each
primary medium i listed above, the frequency of engaging simultaneously in each of the other
secondary media j, assuming symmetry in usage as explained above. Answers were given on a
4-points Likert type scale and were assigned numeric values: "Never" (= 0), "A little of the
time" (= 0.33), "Some of the time" (= 0.66), "Most of the time” (= 1).

Scoring proceeded separately from the first and second part of the questionnaire. A
Media Hours (MH) score was computed from summing all nine self-reported hours per week

in the first part of the questionnaire. A Media Multitasking Index (MMI) was computed

similarly to Ophir et al. (2009) using the original formula. MMI = ¥'7_; r:—Xhi, where m; is the

total
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sum of all frequencies when using one medium i of simultaneously using each of the other
media j; h; is the self-reported hour per week of the medium #; and hso , thereafter termed
MH (for Media Hours) is the sum of all self-reported hours per week. The adapted
questionnaire and its scoring sheet can be downloaded on the Open Science Framework
repository of the study (Rioja et al., 2022).

Novel Frequency-based Media Multitasking Use Questionnaire (F-MUQ)

A novel media use questionnaire was developed that aimed at examining the
frequency of media multitasking, rather than number of media used simultancously. The nine
different media types, which closely mirrored the categories used in our adapted version of
the MUQ, were: (1) reading; (2) watching videos, movies, TV; (3) listening to music, radio,
audiobooks, podcasts; (4) playing video games; (5) browsing the internet; (6) texting, using
social media or instant messaging; (7) talking on the phone or video chatting; (8) content
creation; (9) performing work or studying. Thus, the nine media were exactly the same
except for the eighth medium “other computer activities” which was replaced by asking about
“content creation”.

The F-MUQ has three parts: the same two-parts structure as the original MUQ, and
two items related to non-media multitasking. The first part of the F-MUQ asks about the
frequency of usage in general for each of the nine media through a 5-points Likert scale. The
second part of the questionnaire asks for each of the nine media, the frequency of using this
medium while engaging simultaneously in other media in general (whatever type of media it
was).’An example question is: “While reading, I use other media simultaneously...”. The third
part asks about multitasking in non-media activity (talking face-to-face and eating), and will
not be discussed further. Each response was given on a 5-points Likert type scale with the

extreme button choices labelled "Never" and "Very Often" (and no label given to the three
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intermediate button choices). For data coding, the numeric value of 0 was assigned to “Never”
followed by 0.25, 0.5, 0.75 and finally 1 for "Very Often".

Scoring of the first part allowed us to compute a Media Frequency (MF) index by
averaging the frequencies of usage of the nine media. A Frequency-based Media Multitasking
Index (F-MMI) was computed as the average of the nine multitasking media items from the
second part of the questionnaire. The frequency-based questionnaire can be found on the
Open Science Framework repository of the study (Rioja et al., 2022).

Attention Problems

Attention problems were measured with a 5-items, abridged version of the 9-items
inattentiveness scale from the Diagnostic and Statistical Manual of Mental Disorders, Fifth
Edition (DSM-5). The five questions were the same as in Baumgartner, van der Schuur, et al.
(2017) and included questions such as (e.g., "I am easily distracted."). Responses were given
on a 5-point Likert scale ranging from "Strongly disagree" to "Strongly agree". The Attention
Problems score is computed as the sum of the five items.

Motor Impulsiveness

The Abbreviated Barratt Impulsiveness Scale (ABIS) to assess motor impulsiveness
(Coutlee et al., 2014).4t has 4 items (e.g., "I do things without thinking") with response on a
5-points Likert scale ranging from "Not at all" to "Very Often". The Motor Impulsiveness
score is computed as the sum of the four items.

Sensation Seeking

This 2-item scale (Slater, 2003) aims to measure one's propensity to risk taking in a
self-reported way. The 2 items are “How often do you do dangerous things for fun?”” and
“How often do you do exciting things, even if they are dangerous?”’ using a 5-points Likert
scale ranging from "Not at all" to "Very Often". The Sensation Seeking score is obtained by

summing answers to the two items.
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Cognitive Task — Gradual-onset Continuous Performance Task (GradCPT)

The GradCPT was selected as continuous performance tasks are related to impulsivity
and other forms of top-down control dysfunctions in both humans and animals (Dalley et al.,
2011). Also, its relationship with the MMI has emerged as a topic of interest to understand the
impact of MMI on top-down control (Madore et al., 2020).

This 10-minute task-based assay of sustained attention requires participants to view
pictures of cities (90% of trials) and of mountains (10% of trials - 497 pictures total)
presented sequentially at a rate of one picture every 1.2 second (with a 0.6 second shared
between picture n fading out and picture n + [ fading in). Participants-were asked to press the
space bar to cities while withholding responses to mountains as in.Esterman et al. (2013) and
Rosenberg et al. (2016).

The original MATLAB code from Rosenberg et al. (2016) was re-programmed in Java
Script to be administered through an internet browser with data saved in a MySQL database.
Participants were prompted to adjust screen parameters such as brightness, color and size-on-
screen through a short setting phase at the beginning of the task as in Yung et al. (2015). The
pictures were grayscaled images of 10 cities and of 10 mountains, formatted to be circular
subtending 7° of visual angle. A short video of the task is available on the Open Science
Framework repository of the study (Rioja et al., 2022).

Asin most Go/NoGo task, the presented analyses will focus on the accuracy variable -
d-prime (d).

Demographic Information
Participants were asked to answer demographic questions about sex, gender, age, and

education level.
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Procedure

After reading a short description of the overall study, participants were redirected to
Qualtrics where they were asked to provide consent. Demographic questions were displayed
first, then participants were randomly assigned to complete one version of our two media
multitasking questionnaires (MUQ or F-MUQ). They then were administered the GradCPT
task, asked to fill the three self-report questionnaires and to complete the other version of our
two media multitasking questionnaires (F-MUQ or MUQ). At the start of the study;,
participants were instructed “to limit any source of distraction and leave their phone far from
them so they can focus on the study”.

Data were processed, analyzed and visualized in R (v3.6.1; R Core Team, 2019), using
the following packages: dplyr (v1.0.7; Wickham et al., 2021), effectsize (v0.4.5; Ben-Shachar
et al., 2020), ggeffects (v.1.1.4; Lidecke, 2018), ggplot2 (v3.3.5; Wickham, 2016), ggpubr
(v0.4.0; Kassambara, 2020), pacman (v0.5.1; Rinker & Kurkiewicz, 2017), papaja
(v0.1.0.9997, Aust & Barth, 2020), psycho (v0.6.1; Makowski, 2018), pwr (v.1.3-0,
Champely, 2020), rockchalk (v.1.8.157; Johnson, 2022) and rstatix (v0.7.0; Kassambara,
2021). Power analysis were performed with the function pwr.r.test() from the pwr package.
Spearman correlations were calculated with the function cor() from the stats package with the
arguments method = "spearman”. Extreme group analyses were performed by comparing
lower and higher quartile groups from MMI and F-MMI distributions. These analyses are t-
tests performed with t.zest() from the stats package; d and 95% confidence intervals were
computed with cohens d () from the effectsize package. Interaction analyses were performed
through ggpredict() from the ggeffects package and the delta R-squares are computed with
getDeltaRsquare() from the rockchalk package. Sequential ANOVAs and model comparison
were computed through aov() and BIC() functions from the stats package and eta-squared

were computed through eta squared() from the rstatix package. The data and analyses for this
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study are available on the Open Science Framework repository of the study (Rioja et al.,
2022).
Participant Exclusion

All three samples underwent the same procedure : (a) removal of participants having
the same ID (26 for MTurk, none for Prolific and Student), (b) removal of participants below
18 or above 35 years old (3 for MTurk, none for Prolific and Student), (c) removal of
participants not reaching the 497 trials on the GradCPT or having a GradCPT duration of
shorter than the 10 minutes expected for the 497 trials, the latter signaling a.technical problem
(6 for MTurk, 3 for Prolific, 2 for Student), (d) inconsistent reports between the two MUQ (3
for MTurk, none for prolific, 1 for Student), (¢) removal of participants with bot-like answers
on our open-ended question for MTurk and Prolific (see below, 29 for MTurk, none for
Prolific).

For the two online samples, an open-ended question was asked at the end of the
GradCPT allowing us to filter out bots (Chmielewski & Kucker, 2020), "What were the
instructions of the task?". Following common recommendations (Aguinis et al., 2021; Bai,
2018; Dennis et al., 2019), participants were removed if their answer to the open-ended
question was either replicated word-by-word across three participants or more (e.g., three
different participants reporting the exact string "SEEING THE CITY TO CLICK
SPACEBAR"), irrelevant to the task, or nonsensical (e.g., "BULDING SUVERY", "no",
"data protection"). We are thus keeping participants who gave structured answers and relevant
to the task, whether reported correctly (e.g., "I had to press space when the city appeared and
not press when the image was of mountains") or incorrectly (e.g., “press the spacebar for

every mountain and city shown ").
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Sample

A total of 924 participants (51.84% females) were recruited : the MTurk sample
consisted of 322 participants (36.96% females) between 18 and 35 years of age (Mage = 24.73,
SDgge = 2.66), the Prolific sample consisted of 304 participants (39.47% females) between 18
to 35 years of age (Mage = 24.42, SDage = 4.73) and the Student sample consisted of 298
participants (80.54% females) between 18 to 27 years of age (Mage = 20.08, SDage = 1:68).
Power Analysis

We overall aimed at detecting effects greater than » = 0.1 which corresponds to the
smallest robust effect size in psychology (Ferguson & Heene, 2021). Power analysis revealed
that our sample size of N = 924 had the potential to detect a correlation of » = 0.09 for a 5%
alpha and a 80% power. The power analyses plot can be found in Figure A in the Online
Supplementary Material.
Data Availability

All data, analyses and study materials can be found on https://osf.io/jpdbx.

Results

The analyses below first report on the distributions of the MMI and F-MMI, then
examine the associations between media multitasking and our four measures of behavior. We
then turn to extreme groups analyses as they are often reported in the literature. Finally,
through systematic sequential ANOVAs and Bayesian model testing, MMI versus F-MMI are
compared in terms of best predictor, while also estimating possible sample effects.

All our results are interpreted in terms of effect sizes. For zero-ordered correlations,
we follow Funder and Ozer (2019) whereby » between 0.1 and 0.2 is considered as small,
between 0.2 and 0.3 as medium, between 0.3 and 0.4 as large and greater than 0.4 as very
large. Results from #-tests are interpreted in terms of Cohen’s d following Cohen (1988)

whereby a d between 0.2 and 0.5 is considered as small, between 0.5 and 0.8 as medium and
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greater than 0.8 as large. For ANOVAs, based on Field (2013), an eta-squared between 0.01
and 0.06 is considered as small, between 0.06 and 0.14 as medium and greater than 0.14 as
large. Finally, comparison of non-nested models performed with the Bayesian Information
Criterion (BIC) were interpreted following best practices in the field, with a BIC difference
between 0 and 2 to be interpreted as “not worth mentioning,” between 2 and 6 as “positive,”
between 6 and 10 as “strong” and greater than 10 as “very strong” evidence toward the model
with the lower BIC (Kass & Raftery, 1995, p. 777).
MMI and F-MMI Distributions
The distributions of the MMI and F-MMI for each of the three samples.are shown in Figures
1A and 1B. Both measures are approximately normally distributed, with the MMI being
somewhat skewed to the right. The distribution of the three samples differ by their tail
whereby the MTurk sample has numerically more individuals with higher MMI and F-MMI
scores than the other two samples. Figure 1C depicts the Spearman correlations between the
two indices across samples which are very highly related (r-values around .6). Note that the
correlation between MMI and F-MMI is numerically higher for the MTurk sample (#(320)
=.73) than for the other two samples (Prolific : #(302) =.57; Student : #(296) = .60).
[Figure 1 here]

Correlations of Media Multitasking With the Four Measures of Interest

To test the hypotheses, Spearman pairwise correlations were performed in order to
investigate the zero-order correlational links between media multitasking and our four
measures of interest: self-reports of attention problems, motor impulsiveness and sensation
seeking, plus the d’ for the GradCPT task. Figure 2 illustrates those correlations with the
original MMI and Figure 3 with the novel F-MMI over the whole sample (N = 924). Within
each panel of Figures 2 and 3, the data are also shown separately for each of the three samples

of participants using different colors.
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[Figure 2 here]

[Figure 3 here]

Self-reported attention problems, motor impulsiveness and sensation seeking tended to
increase as individuals reported greater media multitasking using the MMI; along the same
line, lower d’, which are indicative of worse performance on the GradCPT, were associated
with greater multitasking. All effects are of a medium effect size (#(922) = 0.20 forself-
reported attention problems, 7(922) = 0.24 for motor impulsiveness and sensation seeking and
r(922) =—0.21 for d’). When using the F-MMI, the effects tended to be the same or slightly
smaller for the self-reported measures (7(922) = 0.18 for self-reported attention problems,
r(922) = 0.23 for motor impulsiveness, 7(922)=0.21 for sensation seeking). However, for the
GradCPT performance, the effects dropped to a small‘eftect ((922) =—0.11 for d”)

Looking at the correlations for each sample separately, these effects varied between
large and very large size in the MTurk sample (» > .3) to small size (.1 <r <.2) in the other
two samples. When using the F-MMI, the effects tended to be slightly smaller, an effect
especially pronounced for the Prolific sample leading to very small to almost null effects (
<.1). Finally, when considering the GradCPT performance (d’), correlations were all
numerically weaker with the F-MMI as compared to the MMI.

Overall, the findings support H1 and H2, but only partly support H3. The MMI
displays the expected links with greater MMI being associated with greater self-reported
behavioral problems and worse sustained attention performance in the GradCPT. Although the
F-MMI shows the same trends, the numerically smaller correlations point to a lesser
sensitivity than the MMI. Finally, when exploring samples separately, all correlations point in

the same direction, but the effect sizes differ across samples, suggesting that sample
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heterogeneity in terms of origin (and not necessarily in terms of small samples) may lead to
different results.
Interactions analyses

Multiple regressions were performed in order to investigate the interaction effects of
sample with MMI and F-MMI on the measures of interest. Figure 4 depicted those
interactions for self-reported attention problems and the d” and Figure 5 for motor
impulsiveness and sensation seeking. Note that covariates are z-scored before estimating
interactions.

Globally all interactions were significant and, as expected from,previous exploratory
analyses, indeed the slopes for the relationship between MMI/F-MMI with attention
problems, d’ for the GradCPT task, motor impulsiveness and sensation seeking are more
pronounced for MTurk than for the Prolific and Student samples. However, delta R-square
(the change in the R-square observed when a single term is removed) for the interactions
involving attention problems and d’ are negligible. Specifically, delta R-squares are 1.3% for
the interaction between Sample and MMI on attention problems, 1.7% for the interaction
between Sample and F-MMI on attention problems, 0.8% for the interaction between Sample
and MMI on d” and 1.4% for the interaction between Sample and F-MMI on d’. Yet, delta R-
square for the interactions involving motor impulsiveness and sensation seeking were small.
In particular, delta R-squares were 2.1% for the interaction between Sample and MMI on
motor impulsiveness, 2.2% for the interaction between Sample and F-MMI on motor
impulsiveness, 2.7% for the interaction between Sample and MMI on sensation seeking and
2.9% for the interaction between Sample and F-MMI on sensation seeking.

These results show that overall the effects are negligible-to-small when it comes to
quantifying the differences of slopes between MMI and F-MMI and our measures of interest.

[Figure 4 here]
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[Figure 5 here]
Extreme Group Analysis by Samples

As many previous studies have examined the effects of media mulitasking for extreme
groups (HMM versus LMM; e.g. Ophir et al., 2009), we followed this procedure as well.
Extreme groups in MMI or F-MMI were performed separately for each sample, given the
sample of origin effect documented above. HMM/F-HMM and LMM/F-LMM were set at.the
higher and lower quartile of, respectively the MMI and F-MMI distributions of each sample.
As a result, the extreme group analyses (whether based on MMI or F-MMI scores) compared
80 HMM/F-HMM and 81 LMM/F-LMM for the MTurk sample, 76 HMM/F-HMM and 76
LMM/F-LMM for Prolific and finally 74 HMM/F-HMM and 75 LMM/F-LMM for the
Student sample (see details in Supplementary Materials, Table A and B). Figures 6 and 7
depict the Cohen’s d together with their 95% confidence intervals for the extreme groups
defined by MMI and F-MML.

[Figure 6 here]

For extreme groups defined by MMI, the results do confirm differences in attention
problems with a large effect for MTurk (d = 0.83) and small effects for the Prolific and
Student samples (d = 0.26 and d = 0.38), in motor impulsiveness with a large effect for MTurk
(d=1.21), and small effects for the Prolific and Student sample (d = 0.28 and d = 0.41), in
sensation seeking with a large effect for MTurk (d = 1.29) and small-to-medium effects for
the Prolific’'and Student samples (d = 0.44 and d = 0.61), and for d' in the GradCPT with a
large effect of MTurk (d = —0.95) and small effects for the Prolific and Student samples (d = —
0.40 and d =—0.28).

[Figure 7 here]
Analyses from extreme groups based on the F-MMI show the overall same results for

the MTurk and Student samples, but with a notable decrease in effects for the Prolific sample.
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The MTurk sample displays again large group effects for all self-report variables (attention
problem: d = 0.86, motor impulsiveness: d = 1.12, sensation seeking: d = 1.01) and a medium
group effect for GradCPT d’ (d =—0.53). The Student sample displays again small to medium
effects across all 4 variables (attention problem: d = 0.34, motor impulsiveness: d = 0.43,
sensation seeking: d = 0.52, GradCPT d’: d =—-0.23). However, in the Prolific sample, only
very small effects are observed (attention problems: d = 0.18, motor impulsiveness: d=0.17,
sensation seeking: d = 0.13 and GradCPT d’ : d =-0.10).
Sequential ANOVAS for Assessing Variance Explained by Sample and by Media
Multitasking Index

To futher test H3, and to evaluate the usefulness of the MMI versus the F-MMI in
estimating the relationship between media multitasking and behavioral problems, as well as to
quantify any sample effects, sequential ANOVAs were performed including all three samples.
Sample, MMI and F-MMI were defined as predictors for attention problems, motor
impulsiveness, sensation seeking and GradCPT performance. More precisely, for each of our
behavioral measures, a first model was built including sequentially Sample then MMI and
then F-MMI. Then, a second model with the same independent variables but introducing F-
MMI before MMI was built. Results are reported in Table 1. Those two sequential ANOVAs
allowed us to quantify first the remaining variance explained by MMI once the variability of
Sample is.considered (Table 1, column 1) and then the remaining variance explained by F-
MMI once the variability of Sample and the variability of MMI are taken into account (Table
1, column 3). And vice-versa, the second model allowed us to quantify the remaining
variability explained by F-MMI once the variability of Sample was considered (Table 1,
column 4) and the variability of MMI once the variability of Sample and the variability F-

MMI are taken into account (see Table 1, column 5).
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The results show that first, the variance explained by Sample is lower than the
remaining amount of variance explained by either MMI or F-MMI. In addition, the variance
explained by Sample is null for the task-based measure. Overall, this suggests that differences
in samples explain only little variability on the self-reported questionnaires, and none for task
performance.

The remaining variance explained by either MMI or F-MMI on each of our four
dependent variables ranges from small to medium, with a maximum eta-squared of 0.1 or
10% (see Table 1, columns 2 and 4). Furthermore, attention problems, motot impulsiveness
and sensation seeking are similarly captured by either MMI or F-MMI, with values varying
between small to medium effect sizes. In contrast, d’ is better captured by MMI than F-MMI.

Importantly, these analyses reveal that once the variability accounting for the different
samples and MMI is removed, F-MMI does not explain additional variability on the
dependent variables (see Table 1, column 3). In‘contrast, once the variability accounting for
the samples and F-MMI is taken into account, MMI still explains some remaining variability,
with most of these effects being small reaching 4% for sensation seeking and 6% for d’(see
Table 1, column 5).

[Table 1 here]

A set of non-nested model comparisons was then performed in order to confirm that a
model with Sample and MMI performed better than a model with Sample and F-MMI. For
that purpose, we estimated those two models for our four dependent variables and then
calculated the BIC goodness-of-fit index for each of them. Then, for each dependent variable
we compared both BIC in order to quantify if the difference between the two models was
meaningful. Results are displayed in Table 2. When comparing both models in terms of BIC

for each dependent variable, it appears that Model 1 with Sample and MMI performs better
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than Model 2 with Sample and F-MMI. The magnitude of this difference was between strong
and very strong for all of our dependent variables (Kass & Raftery, 1995, p. 777).

[Table 2 here]
Control Analyses for the Sample Effect

The correlational and extreme group analyses point to different effect sizes in the
MTurk sample and, the sequential analyses reveal that, at least when it comes to the self-
report scales, some variance is explained by the sample (Table 1). As can be seen in Figure 2,
participants with a high MMI score tended to be over-represented in the MTurk sample and
may have disproportionally affected the sample effects reported in the-previously presented
sequential ANOVAs. To examine whether this sample effect may hinge on the small number
of participants with extremely large media multitasking values as seen in the MTurk sample,
sequential ANOVAs were performed on the collated sample as in Table 1 after removing
individuals with MMI values higher or equal to‘6 in all 3 samples. The results are presented in
the Supplementary Materials, Table C.

The variance captured by the Sample predictor remains very similar as that observed
in previous analyses presented in Table 1 (only adding up to 2% more variability for self-
reported questionnaires) indicating that Sample effect on self-reported questionnaires shown
in the previous analyses is not easily attributable to that small cluster of high media
multitaskers in the MTurk sample. Although this sub-sample replicates the observation that
the MMI, unlike the F-MMI, accounts for most variance, it also highlights a contribution of
high media multitaskers in the magnitude of the effects observed. Indeed, as compared to
Table 1, the variance accounted by MMI and F-MMI is about halved (see details in

Supplementary Materials, Table C).
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Control Analyses for Media Use Measures: Effects of Total Media Use (Hours or
Frequency) Versus Media Multitasking

Data about media use whether in hours spent in an average week or in frequency of
use were also collected through the MUQ and the F-MUQ. Although, we have been mostly
focused on media multitasking, it could be that media use, rather than media multitasking,
drives the effects reported so far. To control for the role of hours/frequency of multitasking,
sequential ANOVA's analyses are presented that remove sequentially the part of the variance
explained by Sample, then by Media Hours (MH) for the MUQ (respectively, Media
Frequency - MF for the F-MUQ), to confirm that the proportion of captured variance by MMI
(respectively, F-MMI) remains after controlling for the variability.accounted by media use.

[Table 3 here]

Table 3 shows that MH does not capture any variability on any dependent variables.
Even if MF has numerically higher eta-squared than MH, captured variances remain lower
than 2%. Hence, the proportion of time spent on media, whether it is given as number of
hours or as frequency of use, does not explain the variability in our behavioral measures.
These analyses confirm that the variability accounted for by MMI and F-MMI is unique and
not related to overall measures of media use, whether in terms of hours or frequency of media
use.

To further establish that the key variable is likelihood of media multitasking when

using a media, independently of the number of hours or frequency of media multitasking, a

final analysis was run. Instead of using the MMI as originally defined by Y;_, Ti—xﬁi, this
ota

analysis focused on what we call Mi = Y;_, m;. As a reminder m; is the sum of all
frequencies of simultaneously using each of the other media j when using medium i.

Importantly, this novel M; index does not include either h;, or the self-reported hour per week
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of the medium i, or hs; (or MH) the sum of all self-reported media hours per week, and is
thus distinct from hours of primary media use.
[Table 4 here]

Even when removing hours of use from the MMI computation, the novel M; index
shows comparable results to the MMI. Indeed, this M; index explains most of the variability
leaving to MMI very poor or null variance on the dependent variables (see Table 4, column
3). Furthermore, M; does not capture more variance after taking into account the variance of
MMI, with effects being negligible reaching 3% for sensation seeking and d' (see Table 4,
column 5).

These two last results lead us to conclude that media use, as measures by self-reported
hours/frequency, as measured in the MUQ/F-MUQ, does not drive the overall effects when
assessing attention problems, motor impulsiveness, sensation seeking and performance in
task-based measure.

Discussion

Inconsistent findings across previous studies have left the research field in doubt
whether media multitasking'is indeed related to cognitive functioning and daily-life measures
of attention, impulsivity and sensation seeking. Although some studies found that heavy
media multitaskers performed worse on sustained attention tasks (Madore et al., 2020; Ralph
et al., 2015), and indicated more behavioral problems in daily-life (Baumgartner et al., 2014;
Baumgartner, van der Schuur, et al., 2017; Ralph et al., 2014; Wiradhany & Koerts, 2019),
otherstudies could either not replicate these findings or found only very weak effects
(Wiradhany & Nieuwenstein, 2017; Wiradhany et al., 2020).

Our collected samples included a total of 924 participants, a sample size that is
sufficiently powered to detect even small effect sizes. In line with H1 and H2, we found

consistent medium effects between media multitasking as measured by the MMI and our
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outcome measures. These findings support the idea that heavy media multitaskers show
distinct cognitive and behavioral profiles. There was a negative association between MMI and
sustained attention as measured with the GradCPT, indicating that individuals who media
multitask more show lower sustained attention. This is partly in line with findings by Madore
et al. (2020) and Ralph et al. (2015), and corroborates the idea that heavy media multitaskers
have more difficulties to control their attention.

Yet, this latter effect is larger than expected as recent literature reports smatll-to-
inexistent effects for the relationship between task-based sustained attention/and multitasking
with an overall small effect of 0.133 in the meta-analytic work of Parry and le Roux (2021). A
more consistent and stronger effect has been reported between self-reported measure of
attention and multitasking with an overall medium effect of 0.20 in Parry and le Roux (2021).
Our study points to very similar effect sizes for the relationship between media multitasking
and self-reported versus task-based outcomes. Thislack of effect size difference between both
effects may result from the larger sample size used in our study to investigate the link
between MMI and task-based sustained attention, compared to the small sample sizes used in
previous studies investigating that-link (Parry & le Roux, 2021). Yet, we also recognize there
was a large heterogeneity between the MTurk sample and the two other samples, also calling
attention to differences across samples.

Wefound clear indications for differences across media multitasking measures. In
response to'recent calls to develop a media multitasking measure that is frequency-based
(Uncapher & Wagner, 2018; Wiradhany & Nieuwenstein, 2017), we developed a shorter,
frequency-based measure. The new F-MMI is normally distributed and highly correlated with
the MMI. As expected, this new scale also correlated well with self-reports of attention,
impulsivity, and sensation seeking. However, the MMI showed a stronger sensitivity to detect

differences particularly in the sustained attention task. Thus, for researchers interested in
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differences in cognitive ability as measured with computer-based tasks, we recommend using
the MMI. In general, we would also advise future studies to switch to an asymmetric, shorter,
version of the MUQ, like the one presented in Madore et al. (2020) and re-used in the present
study. The latter statement is rooted on unpublished data of 1,566 participants from the
Bavelier Lab. Their data show a very high correlation of » = 0.961 between the original,
symmetric, MMI from Ophir et al. (2009) and an asymmetric MMI via the same mapping
than what was used in Madore et al. (2020) (see online supplementary materials for more
information). Furthermore, the F-MMI might still be a possible alternative for researchers
interested in studying the relationships between media multitasking and daily-life functioning
in larger survey studies assessing a variety of different constructs since it is much shorter to
administer; yet, one should remain cognizant of its weak correlation with our task-based
measure of sustained attention.

Interestingly, our findings show that the‘differences in sensitivity between the MMI
and the F-MMI depend on the inclusion of secondary activities in the MMI and not on the
way the MMI is calculated. When summing all MUQ multitasking items without taking into
account the hours someone engages in each media, this version still performed as well as the
MMI. This indicates that asking participants how often they overall multitask with medium i
is less sensitive than asking for how often they engage in specific secondary activities for
each medium. There are at least two potential reasons for why it is advantageous to
specifically probe secondary activities. First, due to the increased amount of items that are
needed for this approach, the MMI has a larger range and potentially more variance. Second,
including secondary activities might help respondents to remember specific situations in
which they multitasked, and thus help them to provide more accurate answers

This finding is of practical relevance for researchers. First, it suggests that it is indeed

desirable to include secondary activities for media multitasking. However, employing the
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adapted, asymmetric version of the MUQ seems to be sufficient which is in line with previous
studies (e.g., Madore et al., 2020; Pea et al., 2012). Second and most importantly, the findings
indicate that it is not necessary to ask for the self-reported hours that someone believes they
spend with each media activity. A recent meta-analysis (Parry et al., 2021) has shown that
correlations between self-reported and logged measures of digital media use are rather low
indicating that self-reports of media use are potentially unreliable. Moreover, in line with
previous studies, the frequency of engaging in media per se was not related to any-eutcome
measure (Baumgartner et al., 2014). It thus seems that the way we use media, and in particular
how many media we use at once, is more predictive of cognitive control abilities than the
frequency or hours of media multitasking we engage in (Wilmer et al., 2019). This could be a
sign that the activity of media multitasking itself, i.e., the switching between various media
activities, interferes with the development of cognitive control abilities more than single
media use as initially proposed by Ophir et al. (2009). At the same time, it could be a sign that
individuals with lower cognitive control capacities are more prone to use several types of
media simultaneously, possibly owing to difficulties focusing on a single media activity.

Our findings also support the notion that previous inconsistencies in the research field
might be at least partly due to sample heterogeneity across studies. Although in the present
study, we employed consistent outcome measures across the three samples, we nevertheless
found differences in the associations between media multitasking and behavioral outcomes
across samples. For example, we found stronger effects for the MTurk sample which has been
used in several previous studies on media multitasking (e.g., Ralph et al., 2015). Why these
correlations were stronger in that sample, remains unclear. One potential explanation is that
the MTurk sample is more diverse and that there are more participants with extreme media
multitasking scores. However, even after removing these extreme media multitaskers from the

data, the differences in samples remained.
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Two other explanations for these differences across samples are worth considering.
First, there might be unique differences in media multitasking across samples. Although the
distribution of media multitasking was rather comparable across samples, it could still be that
what constitutes media multitasking varies across samples. For example, in a social network
analysis of media multitasking variations, Wiradhany and Baumgartner (2019) found that
although media multitasking behaviors were similar across samples, some media multitasking
combinations occurred more in some samples than in others. It could thus be that the
associations between media multitasking and outcome measures are affected by specific
media multitasking combinations more than by others. Second, the three samples might differ
in other characteristics, such as demographics, educational background, and specific traits,
which might function as moderators for the effects. For example, a recent study by Matthews
et al. (2022) found that age across the lifespan constitutes an important moderator in this
relationship. Thus, a major concern for future studies is to identify characteristics of samples
that could function as potential moderators in the relationship between media multitasking
and attention.

Meta-analytic work indicates that the relationship between media multitasking and
self-reported outcomemeasures tends to be of greater strength than that between media
multitasking and task-based measures (Parry & le Roux, 2021; Wiradhany & Koerts, 2019).
Possible explanations come from noting that self-reports assess everyday functioning,
whereas cognitive tasks assess maximum performance during a brief task (e.g., Toplak et al.,
2013;Parry & le Roux, 2021). Thus, it could be that even those individuals who show
substantial attention problems in their every-day life, are able to focus for a limited amount of
time when asked to do so. Moreover, the stronger correlations in self-reported outcomes could
be due to common-method variance between the media multitasking measure and the self-

reports of attention. Notably, in the present study, we found such an asymmetry in the strength
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of the relationship only for the F-MMI, but not the MMI. For the MMI, medium size
correlations were noted for both types of outcomes. This state of affair highlights the
importance of the measurement tool used to evaluate media-multitasking; from this point of
view, it may be preferable for researchers to continue using the asymmetric MMI as we and
others have begun to do in the literature.

Limitations

This study provides evidence for a relatively robust negative link between media
multitasking and attention. Nevertheless, there are a few limitations of the present study that
deserve attention. First, we found striking differences in the strengths of relationships across
the three samples, with the MTurk sample diverging the most from the other samples. To
better understand why these differences emerged, future studies should assess further
characteristics of these samples (e,g., socio-economic'status, educational background, cultural
differences, motivations). Controlling for these differences across samples, might have
explained the differences between the MTurk and the two other samples (Prolific and
Student). However, in the present study we were not focusing on differentiating populations,
rather, our aim was to compare across platforms of recruitment (MTurk, Prolific, University),
and in particular, addressing the possibility that on-line platforms like MTurk provide lesser
quality data. Had we only collected a MTurk and a University sample, one may have
concluded that recruitment via an online platform leads to differences as compared to
recruitment through the student body of a higher education institution. Yet, our findings
clearly show that the Prolific and University sample are quite comparable, suggesting special
caution when using MTurk as a recruitment platform in future studies. Furthermore, this work
highlights the importance for future research to identify clear characteristics of samples that

may explain differences in the strength of the link between multitasking and attention.
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We acknowledge the fact that we are only focusing on one single cognitive task, the
GradCPT. Many other performance-based measure of sustained attention exist (Ralph et al.,
2015). As different tasks may extract different sources of variance, it would be interesting in
future studies to relate the latent construct of sustained attention as measured by a battery of
such tasks, rather than focusing on one task as we do here.

Finally, the most important shortcoming is that after more than a decade of rescarch on
media multitaskers and their unique cognitive and behavioral profiles, the question.of the
causal nature of this relationship is still unanswered. In today’s media landseape in which we
have ubiquitous access to a wide variety of media, it is crucial to understand the effects of
being constantly involved with media technologies. However, only very few studies to date
have tried to examine the effects of media multitasking in experimental studies. Although
there are theoretical reasons to believe that media multitasking has an impact on cognitive
functioning (Baumgartner, van der Schuur, et al;; 2017; Ophir et al., 2009), it could also be
that media multitasking is a behavioral manifestation of a pre-existing attentional control
failure. Engaging in several media activities simultaneously could indicate a tendency to
being distracted, to prefer higher levels of stimulation, and a disability to control impulses
(e.g., checking push netifications immediately even when engaging in other activities). Thus,
media multitasking in itself might be an indication of problems in attention and cognitive
control, rather than affecting these control patterns. Of importance, the current work
highlights again that media usage whether total hours or frequency is not the driver of that
negative link — rather how many media one is typically engaged with captures all of the

unique variance. Future research on the causality of this relationship is direly needed.



38

References
Aguinis, H., Villamor, 1., & Ramani, R. S. (2021). MTurk Research: Review and
Recommendations. Journal of Management, 47(4), 823—-837.

https://doi.org/10.1177/0149206320969787

Aust, F. & Barth, M. (2020). papaja: Prepare reproducible APA journal articles with R

Markdown. https://github.com/crsh/papaja

Bai, H. (2018) Evidence that A Large Amount of Low Quality Responses on MTurk Can Be
Detected with Repeated GPS Coordinates. Retrieved from:

https://www.maxhuibai.com/blog/evidence-that-responses-from-repeating-gps-are-

random

Baumgartner, S. E., Lemmens, J. S., Weeda, W. D., & Huizinga, M. (2017). Measuring Media

Multitasking. Journal of Media Psychology, 29, 188—197. https://doi.org/10.1027/1864-
1105/a000167

Baumgartner, S. E., van der Schuur, W. A., Lemmens, J. S., & Te Poel, F. (2017). The
relationship between media multitasking and attention problems in adolescents: Results

of two longitudinal studies. Human Communication Research, 1-277.

https://doi.org/10£1 111 /hecre. 12111

Baumgartner, S.E.; Weeda, W. D., van der Heijden, L. L., & Huizinga, M. (2014). The
relationship between media multitasking and executive function in early adolescents. The
Journal of Early Adolescence, 34(8), 1120—1144.

https://doi.org/10.1177/0272431614523133

Baumgartner, S. E., & Wiradhany, W. (2021). Not All Media Multitasking Is the Same: The
Frequency of Media Multitasking Depends on Cognitive and Affective Characteristics of
Media Combinations. Psychology of Popular Media Culture.

https://doi.org/10.1037/ppm0000338




39

Ben-Shachar, M., Liidecke, D., & Makowski, D. (2020). effectsize: Estimation of Effect Size
Indices and Standardized Parameters. Journal of Open Source Software, 5(56), 2815.

https://doi.org/10.21105/10ss.02815

Cain, M. S., Leonard, J. A., Gabrieli, J. D. E., & Finn, A. S., (2016). Media multitasking in
adolescence. Psychonomic Bulletin & Review, 23, 1932—-1941.

https://doi.org/10.3758/s13423-016-1036-3

Cain, M. S., & Mitroff, S. R. (2011). Distractor filtering in media multitaskers. Pereception,

40(10), 1183—1192. https://doi.org/10.1068/p7017

Cardoso-Leite, P., Kludt, R., Vignola, G., Ma, W. J., Green, C. S., & Bavelier, D. (2016).
Technology consumption and cognitive control: Contrasting action video game
experience with media multitasking. Attention, Perception, & Psychophysics, 78, 218—

241. https://doi.org/10.3758/s13414-015-0988-0

Champely, S. (2020). pwr: Basic Functions for Power Analysis. R package. Version 1.3-0,

retrieved from https://CRAN.R-project.org/package=pwr.

Chmielewski, M., & Kucker, S. C. (2020). An MTurk Crisis? Shifts in Data Quality and the
Impact on Study Results. Social Psychological and Personality Science, 11(4), 464—473.

https://doi.org/1061 177/1948550619875149

Cohen, J. (1988). Statistical power analysis for the behavioral sciences. Second Edition.
Hillsdale, NJ: Lawrence Erlbaum Associates, Publishers.

Coutlee, C. G., Politzer, C. S., Hoyle, R. H., & Huettel, S. A. (2014). An Abbreviated
Impulsiveness Scale constructed through confirmatory factor analysis of the Barratt
Impulsiveness Scale Version 11. Archives of Scientific Psychology, 2(1), 1-12.

http://dx.doi.org/10.1037/arc0000005

Dalley, J. W., Everitt, B. J., & Robbins, T. W. (2011). Impulsivity, compulsivity, and top-down

cognitive control. Neuron, 69(4), 680-694. https://doi.org/10.1016/j.neuron.2011.01.020




40

Dennis, S. A., Goodson, B. M., & Pearson, C. (2019). Online Worker Fraud and Evolving
Threats to the Integrity of MTurk Data: A Discussion of Virtual Private Servers and the
Limitations of IP-Based Screening Procedures (SSRN Scholarly Paper ID 3233954).

Social Science Research Network. https://doi.org/10.2139/ssrn.3233954

Esterman, M., Noonan, S. L., Rosenberg, M. & DeGutis, J. (2013). In the zone or zoning out?
Tracking behavioral and neural fluctuations during sustained attention. Cerebral Cortex,

23(11), 2712-2723, https://doi.org/10.1093/cercor/bhs261

Ettinger, K., & Cohen, A. (2020). Patterns of multitasking behaviours of adelescents in digital
environments. Education and Information Technologies, 25(1), 623-645.

https://doi.org/10.1007/s10639-019-09982-4

Ferguson, C. J., & Heene, M. (2021). Providing a lower-bound estimate for psychology’s
“crud factor”: The case of aggression. Professional Psychology: Research and Practice,

52(6), 620—626. https://doi.org/10.1037/pre0000386

Field, A. (2013). Discovering statistics using IBM SPSS statistics (4th ed.). SAGE
Publications.

Funder, D. C., & Ozer, D. J:(2019). Evaluating Effect Size in Psychological Research: Sense
and Nonsense. Advances in Methods and Practices in Psychological Science, 2(2), 156—

168. https:/dei.org/10.1177/2515245919847202

Holmes, A:J., Hollinshead, M. O., Roffman, J. L., Smoller, J. W., & Buckner, R. L. (2016).
Individual differences in cognitive control circuit anatomy link sensation seeking,
impulsivity, and substance use. Journal of Neuroscience, 36(14), 4038-4049.

https://doi.org/10.1523/JNEUROSCI.3206-15.2016

Johnson, P. E. (2022). rockchalk: Regression Estimation and Presentation. Version 1.8.157

retrieved from https://CRAN.R-project.org/package=rockchalk




41

Kass, R. E., & Raftery, A. E. (1995). Bayes factors. Journal of the american statistical
association, 90(430), 773-795.
Kassambara, A. (2020). ggpubr: 'ggplot2' Based Publication Ready Plots. Version 0.4.0,

retrieved from https://CRAN.R-project.org/package=ggpubr.

Kassambara, A. (2021). rstatix: Pipe-Friendly Framework for Basic Statistical Tests. Version

0.7.0, retrived from https://CRAN.R-project.org/package=rstatix.

Liidecke, D. (2018). ggeffects: Tidy Data Frames of Marginal Effects from Regression
Models. Journal of Open Source Software, 3(26), 772.

https://doi.org/10.21105/j0ss.00772

Luo, J., Li, H., Yeung, P. S., & Chang, C. (2021). The association between media
multitasking and executive function in Chinese adolescents: Evidence from self-reported,
behavioral and fNIRS data. Cyberpsychology.: Journal of Psychosocial Research on

Cyberspace, 15(2). https://doi.org/10.1108/INTR-01-2021-0078

Luo, J., Sun, M., Yeung, P. S., & Li, H. (2018). Development and validation of a scale to
measure media multitasking among adolescents: Results from China. Children and Youth

Services Review, 95, 377-383 https://doi.org/10.1016/j.childyouth.2018.10.044

Luo, J., Yeung, P. S., & Li, H. (2021). Impact of media multitasking on executive function in
adolescents: behavioral and self-reported evidence from a one-year longitudinal study.

Internet Research. https://doi.org/10.1108/INTR-01-2021-0078

Madore, K.'P., Khazenzon, A. M., Backes, C. W., Jiang, J., Uncapher, M. R., Norcia, A. M., &
Wagner, A. D. (2020). Memory failure predicted by attention lapsing and media

multitasking. Nature 587, 87-91 (2020). https://doi.org/10.1038/s41586-020-2870-z

Makowski, D. (2018). The psycho Package: an Efficient and Publishing-Oriented Workflow
for Psychological Science. Journal of Open Source Software, 3(22), 470.

https://doi.ore/10.21105/10ss.00470




42

Matthews, N., Mattingley, J. B., & Dux, P. E. (2022). Media-multitasking and cognitive

control across the lifespan. Scientific Reports, 12, 4349. https://doi.org/10.1038/s41598-

022-07777-1
Minear, M., Brasher, F., McCurdy, M., Lewis, J., & Younggren, A. (2013). Working memory,
fluid intelligence, and impulsiveness in heavy media multitaskers. Psychonomic Bulletin

& Review, 20, 1274-1281. https://doi.org/10.3758/s13423-013-0456-6

Ophir, E., Nass, C., & Wagner, A. D. (2009). Cognitive control in media multitaskers:

Proceedings of the National Academy of Sciences of the United States of America,

106(37), 15583—15587. https://doi.org/10.1073/pnas.0903620106
Panek, E. (2014). Left to their own devices: College students’““guilty pleasure” media use and
time management. Communication Research, 41(4), 561-577.

https://doi.org/10.1177/0093650213499657

Parry, D. A., Davidson, B. I., Sewall, C. J. R., Fisher, J. T., Mieczkowski, H., & Quintana, D.
S. (2021). A systematic review and meta-analysis of discrepancies between logged and
self-reported digital media use. Nature Human Behaviour, 5(11), 1535-1547.

https://doi.org/10.1038/s41562-021-01117-5

Parry, D. A., & le Roux, D. B. (2021). “Cognitive control in media multitaskers” ten years on:
A meta-analysis. Cyberpsychology: Journal of Psychosocial Research on Cyberspace,

15(2), Article 7. https://doi.org/10.5817/CP2021-2-7

Pea, R., Nass, C., Meheula, L., Rance, M., Kumar, A., Bamford, H., Nass, M., Simha, A.,
Stillerman, B., Yang, S., & Zhou, M. (2012). Media use, face-to-face communication,
media multitasking, and social well-being among 8-to 12-year-old girls. Developmental

Psychology, 48(2), 327-336. https://doi.org/10.1037/a0027030




43

Peer, E., Rothschild, D., Gordon, A., Evernden, Z., & Damer, E. (2022). Data quality of
platforms and panels for online behavioral research. Behavior Research Methods, 54(4),

1643-1662. https://doi.org/10 .3758/s13428-021-01694-3

Ralph, B. C. W.,, Thomson, D. R., Cheyne, J. A., & Smilek, D. (2014). Media multitasking
and failures of attention in everyday life. Psychological Research, 78(5), 661—669.

https://doi.org/10.1007/s00426-013-0523-7

Ralph, B. C. W.,, Thomson, D. R., Seli, P., Carriere, J. S. A., & Smilek, D. (2015). Media
multitasking and behavioral measures of sustained attention. Attention, Perception, &

Psychophysics, 77(2), 390-401. https://doi.org/10.3758/s13414-014-0771-7

R Core Team (2019). R: A language and environment for statistical computing. R Foundation

for Statistical Computing, Vienna, Austria. https://www.R=project.org/

Rinker, T. W. & Kurkiewicz, D. (2017). pacman: Package Management for R.

http://github.com/trinker/pacman

Rioja, K., Cekic, S, Bavelier, D, & Baumgartner, S. E. (2022). Unravelling the link between
media multitasking and attention across three samples — Study Materials, Data and

Analyses. Open Science Framework. https://doi.org/10.17605/OSF.IO/NT7DE

Rosenberg, M., Noonan, S., DeGutis, J., & Esterman, M. (2013). Sustaining visual attention
in the face of'distraction: a novel gradual-onset continuous performance task. Attention,

perception & psychophysics, 75(3), 426—439. https://doi.org/10.3758/s13414-012-0413-x

Rosenberg, M. D., Finn, E. S., Scheinost, D., Papademetris, X., Shen, X., Constable, R. T., &
Chun, M. M. (2016). A neuromarker of sustained attention from whole-brain functional

connectivity. Nature Neuroscience, 19(1), 165-171. https://doi.org/10.1038/nn.4179

Sanbonmatsu, D. M., Strayer, D. L., Medeiros-Ward, N., & Watson, J. M. (2013). Who multi-
tasks and why? Multi-tasking ability, perceived multi-tasking ability, impulsivity, and

sensation seeking. PloS One, 8(1), €54402. https://doi.org/10.1371/journal.pone.0054402




44

Scheinost, D., Hsu, T. W., Avery, E. W., Hampson, M., Constable, R. T., Chun, M. M., &
Rosenberg, M. D. (2020). Connectome-based neurofeedback: A pilot study to improve
sustained attention. Neurolmage, 212, 116684.

https://doi.org/10.1016/j.neuroimage.2020.116684

Seddon, A. L., Law, A. S., Adams, A. M., & Simmons, F. R. (2018). Exploring the
relationship between executive functions and self-reported media-multitasking in young
adults. Journal of Cognitive Psychology, 30(7), 728-742.

https://doi.org/10.1080/20445911.2018.1525387

Sharma, L., Markon, K. E., & Clark, L. A. (2014). Toward a theory of distinct types of
“impulsive” behaviors: A meta-analysis of self-report and behavioral measures.

Psychological Bulletin, 140(2), 374—408. https://doi.org/10.1037/a0034418

Shin, M., Webb, A., & Kemps, E. (2019). Media multitasking, impulsivity and dual task
ability. Computers in Human Behavior, 92,.160-168.

https://doi.ore/10.1016/1.chb.2018.11.018

Slater, M. D. (2003). Alienation, Aggression, and Sensation Seeking as Predictors of
Adolescent Use of Violent Film, Computer, and Website Content. Journal of

Communication,33(1), 105-121. https://doi.org/10.1111/1.1460-2466.2003.tb03008.x

Toplak, M. E., West, R. F., & Stanovich, K. E. (2013). Practitioner review: Do performance-
based‘measures and ratings of executive function assess the same construct? Journal of

Child Psychology and Psychiatry, 54(2), 131-143. https://doi.org/10.1111/jcpp.12001

Uncapher, M. R., Thieu, M. K., & Wagner, A. D. (2016). Media multitasking and memory:
Differences in working memory and long-term memory. Psychonomic Bulletin &

Review, 23(2), 483—-490. https://doi.org/10.3758/s13423-015-0907-3




45

Uncapher, M. R., & Wagner, A. D. (2018). The minds and brains of media multitaskers:
Current findings and future directions. Proceedings of the National Academy of Sciences,

115(40), 9889-9896. https://doi.org/10.1073/pnas. 1611612115

van der Schuur, W. A., Baumgartner, S. E., Sumter, S. R., & Valkenburg, P. M. (2015). The
consequences of media multitasking for youth: A review. Computers in Human

Behavior, 53, 204-215. https://doi.org/10.1016/j.chb.2015.06.035

Wickham, H. (2016) ggplot2: Elegant Graphics for Data Analysis. Springer-Verlag New
York.
Wickham, H., Frangois, R., Henry, L., & Miiller, K. (2021). dplyr: A Grammar of Data

Manipulation. https://CRAN.R-project.org/package=dplyr

Wilmer, H. H., Hampton, W. H., Olino, T. M., Olson, I. R.;,/& Chein, J. M. (2019). Wired to
be connected? Links between mobile technology engagement, intertemporal preference
and frontostriatal white matter connectivity. Social Cognitive and Affective

Neuroscience, 14(4), 367-379. https://doi.org/10.1093/scan/nsz024

Wiradhany, W., & Baumgartner, S. E: (2019). Exploring the variability of media multitasking
choice behaviour using a network approach. Behaviour & Information Technology,

38(12), 1355-1368. https://doi.org/10.1080/0144929X.2019.1589575

Wiradhany, W., & Koerts, J. (2019). Everyday functioning-related cognitive correlates of
media multitasking : a mini meta-analysis. Media Psychology, 00(00), 1-28.

https:/doi.org/10.1080/15213269.2019.1685393

Wiradhany, W., & Nieuwenstein, M. R. (2017). Cognitive control in media multitaskers: Two
replication studies and a meta-Analysis. Attention, Perception, & Psychophysics, 79(8),

2620-2641. https://doi.org/10.3758/s13414-017-1408-4




46

Wiradhany, W., van Vugt, M. K., & Nieuwenstein, M. R. (2020). Media multitasking, mind-
wandering, and distractibility: A large-scale study. Attention, Perception, &

Psychophysics, 82(3), 1112-1124. https://doi.org/10.3758/s13414-019-01842-0

Yung, A., Cardoso-Leite, P., Dale, G., Bavelier, D., & Green, C. S. (2015). Methods to Test
Visual Attention Online. JoVE (Journal of Visualized Experiments), 96, €52470.

https://doi.ore/10.3791/52470




