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Abstract

High levels of Internet-based media use is a defining feature of behaviour among univer-

sity students. A growing body of evidence indicates, firstly, that their learning activities

are characterised by frequent switching between academic content and online media, and,

secondly, that this form of behaviour is negatively associated with academic outcomes. It

is less clear, however, whether media use and media multitasking in general is associated

with academic performance. In the present study we adopted an exploratory frame and a

survey-based methodology to investigate this relationship among students from three coun-

tries in Southern Africa. In addition to self-reported media use measures, we investigated

the predictive capacity of online vigilance on academic performance. Online vigilance is a

novel construct which describes individual differences in users’ cognitive orientation to online

connectedness, their attention to and integration of online-related cues and stimuli, and their

prioritisation of online communication. Our findings (n = 1445) indicate a weak, negative

association between self-reported media use measures and academic performance, as well as

online vigilance and academic performance. Combined, media use and online vigilance pre-

dict 9% of variance in academic performance for our full sample. However, when considering

only Namibian students (n = 402), they predict 27% of variance. The study findings raise

important questions relating to concerns over the potential impacts of general media use

behaviours on academic performance among university students.
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1. Introduction

Permanent online connectedness has emerged as one of the defining characteristics of life

today (Vorderer et al., 2016; Vodanovich et al., 2010). While pervasive across generations,

constant use of a wide variety of online media through multiple digital devices is particu-

larly prevalent among adolescents (Cotten et al., 2011). This includes the current cohort of

University students, who, in addition to having grown up in media saturated environments,

generally enjoy easy access to the technological infrastructure that enable continuous engage-

ment with online media (le Roux and Parry, 2017a). From an educational standpoint, it is

difficult to overstate the value of access to online learning resources and the ever-growing

collection of freely available educational content on the Internet (e.g., learning platforms,

encyclopaedia, dictionaries, lectures, tutorials, Massive Open Online Courses, etc.). This is

particularly true for students in developing countries where higher education sectors often

lack the resources of those in the developed world.

While these positive effects are broadly acknowledged, a growing body of research has

started to elucidate the potential downsides of chronic online media use for both learners

and learning environments (Cotten et al., 2011; Junco, 2012; van der Schuur et al., 2015;

le Roux and Parry, 2017a; Parry et al., 2019; Kirschner and De Bruyckere, 2017). A central

theme in this domain is the manner in which online media frequently present as a distraction

from academic work, introducing experiences of goal conflict among students (Van Konings-

bruggen et al., 2017). Evidence suggests that, when confronted with these distractions, many

students fail to self-regulate their media use patterns effectively (le Roux and Parry, 2019),

and that this leads to the procrastination of academic work and enhanced anxiety (Sternberg

et al., 2020). Such failure is exacerbated by the affordances of social media which encourage

chronic monitoring of and responding to events in their users’ online spheres.

To manage these conflicting goals, students often engage in media multitasking — a
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behavioural pattern in which attention is rapidly switched between media and non-media

activities (Reinecke et al., 2018), or between multiple forms of media (Baumgartner et al.,

2017). Extant evidence indicates that media multitasking in the context of learning activities

interferes with attention and working memory, negatively affecting academic performance

(May and Elder, 2018). To counter these effects, interventions which promote abstinence

from off-task media use during lectures and study sessions have been proposed (Berry and

Westfall, 2015; Katz and Lambert, 2016; Parry et al., 2019; Parry and le Roux, 2019).

While such interventions may prove beneficial, they do not address the potential impacts,

if any, of general media use and media multitasking (i.e., outside of learning contexts) on

students’ cognitive orientation and functioning, or their academic performance. Despite a

growing number of studies in this domain (see Liu et al., 2017, for a review), there remains

a lack of consensus on whether and how the behaviours and cognitive patterns associated

with permanent online connectedness interact with academic performance among university

students.

In the present study we aim to advance knowledge in this domain in three ways. Firstly,

unlike the bulk of earlier studies that consider media use and multitasking in the context of

academic work, we consider the association between general media use behaviours (including

multitasking) and academic performance. Secondly, we adopt the notion of online vigilance,

as proposed by Reinecke et al. (2018), to investigate students’ psychological (as opposed to

technological) connectedness to their online spheres and its association with academic per-

formance. And, thirdly, we conduct our investigation based on data collected from students

in three countries in Southern Africa — South Africa, Botswana and Namibia. With the

exception of a very small subset of studies, the evidence in this domain results from studies

performed in the US, Europe or Asia.

We commence by reviewing current evidence and outlining theoretical perspectives that

explain the potential interaction between these constructs. Thereafter we present our re-

search questions, methodology and results.
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2. Literature Review

2.1. Media Use, Media Multitasking and Academic Performance

Multitasking describes the purposeful, concurrent performance of independent tasks,

each associated with distinct intentions (Salvucci and Taatgen, 2015). Media multitasking,

by extension, describes a form of multitasking in which one or more of the concurrently

performed tasks involve engagement with digital media. While some scholars limit media

multitasking to only describe concurrent media activities (e.g., Baumgartner et al., 2017),

others have adopted broader conceptualisations which also include concurrently performed

media and non-media activities (e.g., Reinecke et al., 2018). The human ability to perform

tasks concurrently creates the false impression that we are able to process, on a cognitive

level, multiple streams of stimuli in parallel (Ophir et al., 2009; Kahneman, 1973; Loh and

Kanai, 2015; Gazzaley and Rosen, 2016; Kirschner and De Bruyckere, 2017). In reality

however, we rely on a range of cognitive functions that allow us to rapidly switch between

stimuli streams (Salvucci et al., 2009; Liu et al., 2017). While many adolescents believe

that they are able to multitask effectively (le Roux and Parry, 2017a), “it has been broadly

shown that rapid switching behaviour, when compared to carrying out tasks serially, leads

to poorer learning results in students and poorer performance of the tasks being carried out”

(Kirschner and De Bruyckere, 2017, p. 139). Accordingly, frequent multitasking should not

be equated with effective multitasking.

Among university student populations, the prevalence of multitasking has been shown

both in general and academic settings. Deng et al. (2019), in their analysis of students’

smartphone use, found that a majority of usage is characterised by rapid switching between

platforms/applications. Judd (2013), in an investigation of self-directed study sessions in

a computer laboratory, found that multitasking occurred in more than 70% of sessions ob-

served.

Three primary arguments underpin the proposition that media use/multitasking is as-

sociated with academic performance among university students. The first proposes that high
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levels of media use displace time which could be spent on academic work, leading to lower

performance outcomes (van der Schuur et al., 2015). The second proposes that learning

activities that are punctuated by frequent instances of non-academic (or off-task) media use

instances will involve cognitive costs and impede the processing and encoding of information

into long term memory (Oulasvirta and Saariluoma, 2004). The third suggests that chronic

media multitasking can, over time, weaken the ability to sustain attention (Ophir et al.,

2009; Gazzaley and Rosen, 2016; Ralph et al., 2014) and, by extension, negatively impact

academic performance.

Based on their review of 43 studies examining media use in relation to academic per-

formance, van der Schuur et al. (2015) report that “the majority of the studies show that

media use during academic activities is negatively related to the three aspects of academic

performance” – academic outcomes, study-related attitudes and behaviours, and perceived

academic learning. Across all the reviewed studies the correlations, while negative, were

small to medium in magnitude, with larger effect sizes shown in experimental studies. The

same pattern emerges based on a later review by le Roux and Parry (2017b) which considers

35 studies investigating the relationship between media multitasking and academic perfor-

mance. The authors find that, across both correlational and experimental studies, only four

of the 35 studies did not find significant negative association between the two variables.

Interpretation of these findings should be conducted with consideration of the distinction

between a general pattern of media use and media use during learning activities (e.g., lectures

and study sessions) specifically. Wu et al. (2018), for example, found that cyberloafing in class

is negatively associated with academic performance, but that the association is positive when

cyberloafing is performed in moderation outside class. Liu et al. (2017), in a meta-analysis

of the relationship between general use of social network sites and academic performance,

found a small negative association. Measures of media multitasking, like those proposed by

Ophir et al. (2009) and Baumgartner et al. (2017), do not distinguish between contexts. In

principle, however, deficits in academic performance that result from multitasking in learning
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contexts can be explained by the cognitive costs of switching between on-task and off-task

content. It is less clear, however, whether (and how) general media multitasking would be

associated with academic performance. In a rare study of this association, Cain et al. (2016)

found that general media multitasking among 8th grade students (n = 74) is negatively

associated with standardised achievement tests of Math (r = −.30) and English Language

Arts (r = −.29).

2.2. Online Vigilance and Academic Performance

Reinecke et al. (2018) propose that our continuous interactions with the affordances of

online platforms trigger processes of instrumental and attentional learning that, over time,

cultivate online vigilance. The construct describes individual differences in users’ cognitive

orientation to online connectedness, their attention to and integration of online-related cues

and stimuli, and their prioritisation of online communication (Reinecke et al., 2018). Indi-

viduals that “are high in online vigilance will think more often and more intensively about

their personal online sphere even when they are not using their mobile devices” (Reinecke

et al., 2018, p. 2). An important property of the construct is that it facilitates distinction

between technological connectedness and psychological connectedness, suggesting that some

users may develop higher degrees of online vigilance than others despite comparable media

use patterns. While acknowledging conceptual overlap, Reinecke et al. (2018) distinguish

online vigilance from Internet or technology addiction (Griffiths et al., 2016; Kuss et al.,

2014, 2017; Petry et al., 2014; Abendroth et al., 2020), arguing that it represents “a much

more mundane form of involvement with the online environment that does not necessarily

impair individual functioning and mental health” (Reinecke et al., 2018, p. 7).

The distinction between technological and psychological connectedness provides a novel

lens for the investigation of the relationship between media use and academic performance.

While the weight of current evidence indicates that off-task media use during learning ac-

tivities negatively affects performance due to the cognitive costs of switching (Ophir et al.,

2009; May and Elder, 2018), online vigilance directs our attention to the manner in which
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users’ online spheres consume their cognitive resources at times when they are not engaging

with media. This suggests that, while content switching costs can be eliminated by abstain-

ing from media use while studying, those that are highly vigilant of their online spheres

may experience great difficulty in psychologically disconnecting from online content which,

in turn, may impact their academic performance.

Extant evidence suggests that online vigilance is positively associated with internet mul-

titasking, mind-wandering and fear of missing out, and negatively associated with affective

well-being and mindfulness, all among samples primarily consisting of younger individuals

(Johannes et al., 2018; Schneider and Hitzfeld, 2019; Reinecke et al., 2018). However, no

studies have, as of yet, investigated the relationship between online vigilance and academic

performance or other task-related outcomes.

2.3. Media Use and Academic Performance among Students in Southern Africa

Despite its status as a developing country, South Africa has a high mobile phone pen-

etration rate, particularly among students. The country has a population of just under

60 million (World Bank, 2020), and an Internet penetration rate of 56.17% (International

Telecommunication Union, 2020). It also has a fairly well developed higher education sector

with two universities ranked inside the top 200, and seven inside the top 500 of the Times

Higher Education World Rankings (Times Higer Education, 2020). Overall, close to one mil-

lion students are enrolled at public higher education institutions in South Africa (Statistics

South Africa, 2020). Over a decade ago, Kreutzer (2009) already found extensive mobile

device use among low-income students, with 83% accessing mobile Internet applications on

a daily basis. North et al. (2014), five years later, reported that only 1% of students did not

own a mobile phone, or had not owned one recently. The relationship between media use

and academic performance has also been studied within South African student populations.

Leysens et al. (2016) considered the use of various forms of media (instant messaging, so-

cial media, microblogs, search engines, and encyclopaedia) by university students (n = 192)

during lectures and found a negative correlation between overall in-lecture media use and
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self-reported academic performance (r = −0.22). In a later study, le Roux and Parry (2017a)

(n = 1678) confirm this relationship (r = −0.07), but find no association between general

media use and academic performance.

Namibia, with a population of only 2.5 million (World Bank, 2020) and an Internet

penetration rate of 51% (International Telecommunication Union, 2020), has three universi-

ties and a wide variety of higher education institutions (United Nations Education, Scientific

and Cultural Organization, 2020), but does not currently have any universities in the overall

Times Higher Education World University Rankings (Times Higer Education, 2020). Ter-

tiary education enrolment in Namibia has increased from 46 963 in 2014 to 59 208 in 2018,

with 71.8% of enrolments in the public sector (Namibia Council for Higher Education, 2018).

Asino (2015) found that 99% of Namibian students have access to a mobile phone, and that

58% of students used social media daily via their mobile phones. Additionally, it was found

that more than 80% of Namibian students had access to a computer. De Kock (2018), in a

study of Facebook use among first year university students in Namibia (n = 559), found that

almost 90% have Facebook accounts and half of them report using the platform at least once

every few days. However, they rarely used it during lectures and only 8% of participants

reported experiencing problems associated with the compulsive use of Facebook. A majority

of participants (72%) reported that they never or rarely experienced academic impairment

due to their Facebook use and no relationship between either self-reported intensive or com-

pulsive Facebook use and academic performance (as measured by grade average) was found.

Mwilima and Hangula (2017) found that 56% of Namibian students believe their phones

made a positive contribution to their academic performance if used responsibly, but 34%

of students believe they are a distraction that negatively impacts academic performance.

Dhaka and Naris (2019) adopt the Internet Addiction Test proposed by Young (2010) to

determine levels of ‘Internet addiction’ among Namibian students (n = 100). Their findings

indicate that 38% of students experience low levels of Internet addiction, while 57% and

5% experience moderate and severe levels of Internet addiction respectively. These findings,
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however, should be interpreted with care considering the broad range of concerns relating to

the conceptualisation and measurement of Internet addiction (Abendroth et al., 2020).

Botswana has a population of just over 2.2 million (World Bank, 2020) and an Internet

penetration rate of 47% (International Telecommunication Union, 2020). Though the coun-

try has numerous higher education institutions (Botswana Ministry of Tertiary Education,

Research, Science and Technology, 2020), it does not currently have any universities in the

overall Times Higher Education World University Rankings (Times Higer Education, 2020).

Overall tertiary education enrolment in Botswana has increased from 47 889 in 2008 to 53

450 in 2018 (Human Resource Development Council of Botswana, 2018). Asino (2015) found

that, like their Namibian counterparts, 99% of students in Botswana owned a mobile phone

and more than 80% of students indicated they had access to either a laptop or desktop

computer at their home. Tsholetso et al. (2017), adopting a survey methodology (n = 390),

found that they spent more time using social media than studying. A majority of their

respondents not only believed that the use of social media did not affect their academic

activities, but felt that it benefits their academic performance. Results of their quantita-

tive analysis, however, indicate a negative association between the amount of time students

report spending on social media daily and academic performance. The authors argue that,

while the technological infrastructure provided by the relevant university expanded students’

access to web-based learning resources and enriched the quality of academic offering, the ab-

sence of restrictions and controls over social media use meant that many students failed to

regulate their media use effectively. In a qualitative study of students in Botswana (n = 100),

Mooketsi and Mutshewa (2019) investigate the gratification of social needs through the use

of social media platforms. Data from semi-structured interviews indicate, firstly, that a ma-

jority of students experience high degrees of attachment to their mobile devices, and that

“the thought of being without their mobile phones made them distressed” (p. 134). They

also found most students were prepared to interrupt whatever they were doing to respond

to events in their online spheres.
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2.4. Research Problem and Questions

As outlined in the preceding sections, extant evidence indicates that rapid switching

between learning activities and off-task media during academic activities like lectures and

study sessions is associated with reduced academic performance. However, the role of stu-

dents’ media use patterns outside of academic settings is less clear. Some studies have found

small negative association between social media use and academic performance, while oth-

ers found no relationship. Additionally, there is a lack of evidence about the relationship

between general media multitasking (i.e., outside academic contexts) and academic perfor-

mance. Acknowledging these findings and adopting an exploratory stance, we posed the

following research question:

RQ1: Does general media use and media multitasking behaviour predict variance in

academic performance among students in South Africa, Botswana and Namibia?

Additionally, considering the premise proposed by Reinecke et al. (2018) that some

students may, through continuous engagement with online media, develop high degrees of

online vigilance, we pose a second research question:

RQ2: Does general media use and media multitasking behaviour predict variance in

online vigilance among students in South Africa, Botswana and Namibia?

Thirdly, to investigate whether students’ online vigilance predicts variance in their aca-

demic performance in addition to their general media use behaviours, we pose a third ques-

tion:

RQ3: Does online vigilance predict variance in academic performance among students

in South Africa, Botswana and Namibia over and above that predicted by general media

use and media multitasking behaviour?
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3. Materials and Methods

To address our research questions we conducted an exploratory, survey-based study

involving participants from three countries in Southern Africa. In the sections which follow

we outline our sampling procedure and study variables.

3.1. Participants

We targeted student samples at three public, Southern African universities, one in South

Africa, one in Botswana, and one in Namibia. Of the three universities targeted, the South

African one is the largest with a total of just over 30 000 students. The Namibian university

has just over 11 000 enrolled students in total, while the one in Botswana has around 16

000. To recruit respondents email invitations to complete the survey on an online survey

platform (Checkbox) were sent to all undergraduate students at each of the three institutions.

In total, 1476 responses to the survey were received, from which 30 were removed due to

incompleteness. The final sample consisted of n = 1445 undergraduate students (58.16%

female). Data collection was conducted in South Africa in the fourth quarter of 2019, and

in Botswana and Namibia in the first quarter of 2020 (prior to any social distancing or

lock-down procedures due to COVID-19).

3.2. Study Variables

To assess media multitasking we used the Media Multitasking Index-Short (MMI-S;

Baumgartner et al. (2017)), which considers multitasking across three primary activities

(watching TV, using social media, and sending messages via phone or computer) and four

secondary activities (the three primary activities and listening to music). To include a

broader range of video-related media, we changed the ‘watching TV’ to ‘video watching’.

Respondents indicated on a Likert scale from 1 (not at all) to 6 (3 hours or more) their

use-duration on an average day for each of the primary activities. For each of the secondary

items respondents indicate, on a Likert scale from 1 (never) to 4 (very often), how frequently
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they engage simultaneously with each of the primary items. To calculate the MMI-S these

values were combined using the formula proposed by Ophir et al. (2009).

Respondents were asked to indicate their gender (male, female or other) and year of

birth. Self-reported daily smartphone use was measured using a single item with a Likert

scale ranging from 1 (Less than 30 minutes) to 9 (More than 4 hours).

Academic performance was assessed using a single item. Respondents were asked to

indicate what their average performance is in their courses or modules. Options ranged

from less than 40% to more than 85% with 5% intervals. The phrasing of the item and the

response options were designed in consultation with academic staff members at each of the

three institutions where data was collected.

Online Vigilance was assessed with the Online Vigilance Scale (Reinecke et al., 2018).

It consists of three subscales — salience, monitoring, and reactivity — and 12 items are pre-

sented. Responses are provided through Likert scales ranging from 1 (Does not apply at all)

to 5 (Fully applies). The salience subscale concerns cognitive orientation (e.g., “I constantly

monitor what is happening online” and “I have a hard time disengaging mentally from on-

line content”). The monitoring subscale concerns chronic monitoring of online content and

messages (e.g., “I constantly monitor what is happening online” and “I always keep an eye

on what is happening online at the moment”). The reacting subscale concerns immediate re-

sponsiveness to online messages (e.g., “When I receive an online message I immediately give

it my full attention” and “When I receive an online message it triggers an impulse in me to

check it right away”). To calculate a respondent’s online vigilance responses to all 12 items

were averaged. Reinecke et al. (2018) provide evidence indicating that the online vigilance

scale demonstrates a stable factor structure across various contexts and populations.

3.3. Ethical Considerations

Ethical clearance for the study and permission to distribute survey-invitations were ob-

tained from the relevant institutional bodies. All participants indicated informed consent to

the study purpose, methods, analysis and reporting approach, before voluntarily completing
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Table 1: Descriptive statistics for study variables by country and overall.

Botswana Namibia South Africa Overall

n 139 402 904 1445

Variable Mean SD Mean SD Mean SD Mean SD

Daily smartphone usea 7.10 2.33 6.44 1.37 6.24 2.18 6.33 2.03
Videob 4.12 1.54 3.32 0.91 3.68 1.37 3.62 1.30
Messagingb 3.76 1.71 3.87 1.20 4.15 1.37 4.04 1.37
Social mediab 4.51 1.48 3.43 1.03 3.85 1.42 3.80 1.36
Media multitasking 1.67 0.71 1.24 0.66 1.53 0.67 1.47 0.69
Online vigilance 2.44 0.93 2.31 0.87 2.51 0.80 2.45 0.84
Academic performancec 7.53 1.65 6.16 1.59 6.42 1.83 6.46 1.78

a Less than 30 minutes=1; 30-60 minutes=2; 1h - 1h 30min=3; 1h 30min - 2h=4;
2h - 2h 30min=5; 2h 30min - 3h=6; 3h - 3h 30min=7; 3h 30min - 4h=8; more
than 4h=9.

b Not at all=1; less than 30 minutes=2; 30 minutes to 1 hour=3; 1 to 2 hours=4;
2 to 3 hours=5; 3 hours or more=6.

c Less than 40%=1; 40-45%=2; 45-50%=3; 50-55%=4; 55-60%=5; 60-65%=6; 65-
70%=7; 70-75%=8; 75-80%=9; 80-85%=10; more than 85%=11.

the survey at a time and place of their own choosing.

4. Results

Table 1 presents the sample sizes of each country, as well as descriptive statistics for our

study variables (by country and overall). For the full sample, students reported using their

smartphones, on average, between 150 and 210 minutes per day, with students in Botswana

indicating the highest daily average (between 180-240 minutes). Only 14 respondents (0.98%)

indicated that they did not own a smartphone. Overall, most time was reported to be spent

on instant messaging (60-120 minutes), with social media and video watching being the

second and third most used forms of media. Students in Botswana indicated higher levels

of media multitasking than their peers in Namibia and South Africa, while South African

students reported the highest levels of online vigilance.

Due to the relatively large differences in the sample sizes (Total: n = 1445; Botswana:

n = 139, 9.68%; Namibia: n = 402, 27.80%; South Africa: n = 904, 62.52%), care should be
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Table 2: Results of ANOVAs (Type III Sums of Squares) indicating the effect of country, and pairwise comparisons between
the three samples.

Variable F df p η2p 90% CI SA-BOTa BOT-NAMb SA-NAMc

Daily smartphone use 15.35 2,1442 < .001 .02 [.01, .03] p < .001 p < .001 p = .823
Video watching 22.55 2,1442 < .001 .03 [.02, .05] p = .002 p < .001 p < .001
Messaging 9.39 2,1442 < .001 .01 [.00, .02] p = .020 p = .474 p < .001
Social media 35.68 2,1442 < .001 .05 [.03, .07] p < .001 p < .001 p < .001
Media multitasking 33.22 2,1442 < .001 .04 [.03, .06] p = .032 p < .001 p < .001
Online vigilance 8.13 2,1442 < .001 .01 [.00, .02] p = .392 p = .306 p < .001
Academic performance 31.10 2,1442 < .001 .04 [.03, .06] p < .001 p < .001 p = .017

a Holm-adjusted significance values of pairwise comparison between South Africa and Botswana.
b Holm-adjusted significance values of pairwise comparison between Botswana and Namibia.
c Holm-adjusted significance values of pairwise comparison between South Africa and Namibia.

taken when comparing measures of central tendency and dispersion of variables by country.

For each of the variables we conducted an ANOVA (with Type III Sums of Squares to account

for subgroup sample size differences) to determine whether the observed differences between

countries were statistically significant. The results are presented in Table 2. Overall, with

effect sizes ranging from η2p = .01 to η2p = .05 the magnitude of these differences is small.

The largest effect of country was shown for social media use (η2p = .05, 90% CI [.03, .07]).

Figure 1 depicts the numeric properties and distribution of the media multitasking

index-short for the full sample and per country. The South African sample, due to its

relatively large sample size, approximates the overall distribution more closely than that of

the two other countries. Notably, the distributions in Botswana (M = 1.67, SD = 0.71) and

South Africa (M = 1.53, SD = 0.67) are less skewed than that of Namibia (M = 1.24, SD =

0.66).

Figure 2 depicts the numeric properties and distribution of online vigilance and its sub-

components for the full sample (panel A) and for participants from each country considered

(panel B). The plots indicate the medians, interquartile ranges, minimums, maximums and

outliers, with the distributions shown as density plots. For the full sample, reactibility

is slightly higher than monitoring and salience, which is explained by the higher level of

reactibility among South African students. Considering Panel B, the plots indicate that

distribution in the Namibia sample is more concentrated, with salience as the highest sub-
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Figure 1: Distribution of media multitasking overall and per country.

component. In both Botswana and South Africa, reactibility is the highest sub-component.

Table 3 presents zero-order bivariate correlations (Spearman’s ρ) between the variables

for the full sample. For all correlations we applied the Holm–Bonferroni adjustment for

multiple tests. With the exception of a small number of correlations in the Botswana sample,

we found positive associations between all media use variables, including online vigilance. In

the full sample the strongest of these is between reported daily smartphone use and social

media use (ρ = .55, p < .001). However, across all correlations the effects are small to

moderate, negating concerns about the effect of multicollinearity in further analyses. In the

full sample, all self-reported media use variables are negatively associated with academic

performance. The same pattern is observable for the Namibia and South Africa samples. In

the Botswana sample, however, only reported instant messaging duration is associated with

academic performance, and the direction is positive (ρ = .28, p < .05).

While a small negative association between the media multitasking index and academic

performance was found in the full sample (ρ = −.14, p < .001), no association was found in

the Botswana sample. In the Namibia sample this association was stronger (ρ = −.33, p <
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Figure 2: Distribution of overall online vigilance and sub components for the full sample (panel A) and
individual countries (panel B).

.001). The same pattern is observable for the association between online vigilance and

academic performance. A small association was found in the full sample (ρ = −.17, p < .001),

with no association in the South Africa and Botswana samples. However, in the Namibia

sample this association was moderate (ρ = −.51, p < .001). Due to these differences a

decision was made to address RQ1 and RQ3 both overall and separately for South Africa

and Namibia. Due to the small size of its sample, we did not include Botswana in these

second analyses.

4.1. Media use behaviours as predictors of academic performance

Our first research question concerned the predictive capacity of self-reported general

media use behaviours over academic performance for the full sample. Despite small country-

level differences (η2p = .04, 90% CI [.03, .06]), academic performance was approximately

symmetrical (skewness = .02, kurtosis = −.41), with a median category of 60-65%. To

address the research question, for the full sample, we conducted a multiple linear regression
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Table 3: Zero-order bivariate correlations between study variables.

Sample DSU VW MES SM MMT OV

Full sample (n = 1445)

Video watching 0.36***

Messaging 0.52*** 0.19***

Social media 0.55*** 0.27*** 0.53***

Media multitasking 0.42*** 0.29*** 0.46*** 0.53***

Online vigilance 0.29*** 0.14*** 0.19*** 0.32*** 0.39***

Academic performance -0.10*** -0.07* -0.05 -0.07* -0.14*** -0.17***

Botswana (n = 139)

Video watching 0.29**

Messaging 0.36*** 0.15
Social media 0.52*** 0.16 0.44***

Media multitasking 0.38*** 0.29** 0.54*** 0.42***

Online vigilance 0.33** 0.15 0.13 0.49*** 0.35***

Academic performance 0.12 0.05 0.28** 0.16 0.10 -0.14

Namibia (n = 402)

Video watching 0.20***

Messaging 0.41*** 0.17**

Social media 0.32*** 0.32*** 0.51***

Media multitasking 0.41*** 0.38*** 0.46*** 0.48***

Online vigilance 0.36*** 0.26*** 0.12* 0.31*** 0.47***

Academic performance -0.20*** -0.22*** -0.09 -0.24*** -0.33*** -0.51***

South Africa (n = 904)

Video watching 0.40***

Messaging 0.61*** 0.22***

Social media 0.60*** 0.24*** 0.57***

Media multitasking 0.43*** 0.25*** 0.45*** 0.52***

Online vigilance 0.28*** 0.09* 0.21*** 0.28*** 0.33***

Academic performance -0.15*** -0.10* -0.08* -0.11** -0.15*** -0.04

Note. DSU = Daily smartphone use; VW = Video watching; MES = Messaging;
SM = Social media; MMT = Media multitasking; OV = Online vigilance.
***p < 0.001, **p < 0.01, *p < 0.05
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Table 4: Results of multiple linear regression predicting academic performance
with self-reported media use behaviours while controlling for country.

Variable B SE β t 95% CI

Daily smartphone use -0.07 0.03 -0.08 -2.33 * [-0.12, -0.01]
Video watching -0.07 0.04 -0.05 -1.75 [-0.14, 0.00]
Messaging 0.12 0.04 0.10 2.79** [0.04, 0.21]
Social media -0.04 0.05 -0.03 -0.83 [-0.13, 0.05]
Media multitasking -0.41 0.08 -0.16 -4.93*** [-0.60, -0.25]

R2 0.08
adj. R2 0.08
F Statistic 18.31*** (df=7;1437)

Note. N = 1445. B represents unstandardised regression coefficients;
SE represents the standard error of B; β represents standardised
regression coefficients.
***p < 0.001, **p < 0.01, *p < 0.05

controlling for country and predicting academic performance with reported daily smartphone

use, video watching, messaging, social media, and media multitasking. Table 4 presents the

results of this regression. Overall, the model predicts 8% of variance in academic performance

(R2 = .08;F (7; 1437) = 18.31, p < .001), with media multitasking as the strongest predictor

(β = −.16, p < .001). The second strongest predictor is instant messaging which has a

positive effect on academic performance (β = .13, p < .001). Neither reported video watching

nor social media use were significant predictors of academic performance in the model.

To address RQ1 for South Africa and Namibia separately, we conducted, with each

country’s sample, a multiple linear regression to predict academic performance with daily

smartphone use, video watching, messaging, social media, media multitasking. In the South

Africa sample the model predicts a small amount of variance in academic performance (R2 =

.03;F (5; 898) = 6.51, p < .001). The variance explained by the model in the Namibia sample

is higher (R2 = .15;F (5; 396) = 13.54, p < .001). We tested the statistical significance of

the difference in R2 between the two countries using bootstrapping procedures to compute

an interval estimate using the 95% BCa bootstrap confidence interval with 5000 resamples

for each country. We found there to be no overlap in 95% CIs for R2 between the South
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Table 5: Results of multiple linear regression predicting online vigilance with media
use behaviours.

Variable B SE β t 95% CI

Daily smartphone use 0.07 0.01 0.017 5.33*** [0.04, 0.09]
Video watching -0.02 0.02 -0.04 -1.454 [-0.06, 0.01]
Messaging -0.07 0.02 -0.11 -3.56*** [-0.10, -0.03]
Social media 0.08 0.02 0.13 4.01*** [0.04, 0.12]
Media multitasking 0.38 0.04 0.31 10.44*** [0.31, 0.45]

R2 0.19
adj. R2 0.19
F Statistic 48.17*** (df=7;1437)

Note. N = 1445. B represents unstandardised regression coefficients;
SE represents the standard error of B; β represents standardised
regression coefficients.
***p < 0.001, **p < 0.01, *p < 0.05

Africa sample [.013, .057] and the Namibia sample [.071, .207], confirming the statistical

significance of the difference.

4.2. Media use behaviours as predictors of online vigilance

To address our second research question we determined whether general media use

and media multitasking behaviour predict variance in online vigilance among students in

our sample. To address this question we conducted a multiple linear regression to predict

online vigilance with daily smartphone use, video watching, messaging, social media, and

media multitasking as factors while controlling for country. The results of the regression are

presented in Table 5. Combined, the five media use behaviour variables explained 19% of the

variance in online vigilance (R2 = .19;F (7; 1437) = 48.17, p < .001). With the exception of

video watching (β = −.04, p = .14), all the media use behaviours predicted online vigilance.

Of these, media multitasking (β = .31, p < .01) was the strongest predictor, while instant

messaging was the only significant predictor with a negative effect (β = −.11, p < .001).

4.3. Media use behaviours and online vigilance as predictors of academic performance

Our final research question concerned the predictive capacity of general media use be-

haviours combined with online vigilance over academic performance. To address the research
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Table 6: Results of multiple linear regression predicting academic performance
with media use behaviours, country and online vigilance.

Variable B SE β t 95% CI

Daily smartphone use -0.05 0.03 -0.04 -1.72 [-0.10, 0.02]
Video watching -0.07 0.04 -0.06 -1.93 [-0.12, 0.03]
Messaging 0.10 0.04 0.08 2.39* [-0.04, 0.13]
Social media -0.02 0.05 -0.03 -0.38 [-0.06, 0.12]
Media multitasking -0.31 0.09 -0.12 -3.64*** [-0.42, -0.08]
Online vigilance -0.38 0.06 -0.33 -4.35*** [-0.43, -0.19]

R2 0.09
adj. R2 0.09
F Statistic 18.59*** (df=8;1436)

Note. N = 1445. B represents unstandardised regression coefficients;
SE represents the standard error of B; β represents standardised
regression coefficients.
***p < 0.001, **p < 0.01, *p < 0.05

question, we adapted our model to include online vigilance in addition to the media use be-

haviour variables used in the model used to address RQ1, while continuing to control for

country. The results of the regression are presented in Table 6. Overall, the model explains

9% of variance in academic performance (R2 = .09;F (8; 1436) = 18.59, p < .001), with on-

line vigilance (β = −0.33, p < .001) and media multitasking (β = −0.12, p < .001) as the

strongest negative predictors. As was found for RQ1, instant messaging is also a positive

predictor in this model (β = .08, p < .05).

Comparison of the models used in RQs 1 and 3 indicated that the addition of online

vigilance as predictor increased the explained variance in academic performance from 8%

to 9%. While statistically significant (∆R2 = .02, p < .001), the small change in variance

explained indicates that, over and above the media use variables used as predictors for RQ1,

online vigilance provides negligible explanatory power over academic performance.

To address RQ3 for South Africa and Namibia separately, we conducted, with each

country’s sample, a multiple linear regression to predict academic performance with daily

smartphone use, video watching, messaging, social media, media multitasking and online

vigilance. In the South Africa sample the model predicts 4% of variance in academic perfor-
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mance (R2 = .04;F (6; 897) = 5.44, p < .001). The variance explained by the model in the

Namibia sample is substantially higher (R2 = .27;F (6; 395) = 24.52, p < .001). We tested

the statistical significance of the difference in R2 between the two countries using bootstrap-

ping procedures to compute an interval estimate using the 95% BCa bootstrap confidence

interval with 5000 resamples for each country. No overlap in 95% CIs for R2 between the

South Africa sample [.013, .056] and the Namibia sample [.172, .345] was found.

To gain further insight into the relationship between academic performance and online

vigilance among Namibian students, we analysed the correlations between academic perfor-

mance and the three subscales of the online vigilance scale. We found significant correlations

between each of the subscales and academic performance, with negligible differences between

their magnitudes (monitoring: r = −0.48, p < .001, salience: r = −0.42, p < .001, reacting:

r = −0.47, p < .001).

5. Discussion

The present study investigated the association between media use behaviours and aca-

demic performance through surveys distributed among university students in three Southern

African countries — Botswana, Namibia and South Africa. The study addressed three pri-

mary research questions relating, firstly, to the predictive capacity of general media use

behaviours over academic performance; secondly, to the predictive capacity of general media

use behaviours over online vigilance — a novel construct which describes individuals’ cogni-

tive orientation to online connectedness, their attention to and integration of online-related

cues and stimuli, and their prioritisation of online communication (Reinecke et al., 2018);

and thirdly, the combined predictive capacity of media use behaviours and online vigilance

over academic performance.

Our findings indicate that, across the three populations where data were collected,

small differences exist in the media use behaviours considered. While the South African

higher education sector is much more developed than those of its northerly neighbours, our
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findings suggest that students at these institutions engage with Internet-based media at

similar frequencies and volumes. Thus, while there may be many differences between their

educational experiences, they are all characterised by high levels of Internet-based media

use. Moreover, in terms of hours of daily smartphone use, the students in our sample behave

in a similar way to students in the US as found by Deng et al. (2019).

When considering the association between reported media use behaviours and academic

performance, our findings align with those of earlier studies in this domain (Liu et al.,

2017), indicating a small, negative association. Importantly, we do not propose that this

association is causal in nature, nor do our cross-sectional data enable us to single out a

particular interpretation of this finding. We argue, consequently, that the association may

occur due to the displacement of time that could be spent on academic work (van der

Schuur et al., 2015), reduced learning performance due to task-switching (Oulasvirta and

Saariluoma, 2004), weakened ability to sustain attention (Ophir et al., 2009; Gazzaley and

Rosen, 2016; Ralph et al., 2014), or any combination of these or other factors unaccounted

for in the present study. We note, however, that the relative strength of media multitasking

as predictor in our model (see Table 4), suggests that frequent, rapid switching between

media is a more important factor in academic outcomes than volume or frequency of media

use alone.

In accordance with Reinecke et al. (2018)’s premise that online vigilance is acquired

through processes of instrumental and attentional training that occur during media use, our

findings indicate that reported media use behaviours are positively associated with online

vigilance. However, two factors should be considered when interpreting this finding. Firstly,

when combined, all the media use behaviours we tested for, including media multitasking,

predicted only 19% of the variance in online vigilance for our full sample. This suggests

that an individual’s degree of psychological connectedness to their online sphere is deter-

mined by (a potentially wide range of) factors in addition to their behaviour with media.

What these factors are remains open for debate, but, as Reinecke et al. (2018) acknowledge,
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personal characteristics which determine need satisfaction through media engagement will

play a role by impacting processes of attentional and instrumental training. Secondly, while

processes of attentional and instrumental training provide an intuitive causal mechanism

for the relationship between media use and online vigilance, our data do not permit causal

conclusions.

Our third research question concerned the role of online vigilance in predicting aca-

demic performance over and above media use behaviours. As shown in Table 6, the updated

model provides only a 1% increase in explanatory power. Consideration of the standardised

coefficients indicates that online vigilance is a stronger predictor of academic performance

when controlling for media use behaviours. This, combined with the increased predictive

capacity of the model, indicate that the association between media use and academic perfor-

mance is partially mediated by online vigilance. However, both the small effect size of the

model and the negligible increase in predictive capacity suggest that, in terms of association

with academic performance in the full sample, the distinction between technological and

psychological connectedness provides little explanatory value.

Acknowledging these findings for our full sample, the substantial differences in these

effects observed between the South African and Namibian samples requires some elaboration.

In the South African sample, only 4% of variance in academic performance could be predicted

by media use and online vigilance, for the Namibian sample this effect is 27%. Interpretation

of this difference presents a challenge as it does not align with previous findings among

Namibian students as reported by De Kock (2018). It may relate to the distribution of

data representing media multitasking and online vigilance which, as illustrated in Figures

1 and 2, are more concentrated for Namibian students. Alternatively, it is conceivable

that institutional factors not accounted for may be confounding the association. le Roux

and Parry (2017b), for example, found significant differences between subject areas when

considering the associations between media use patterns and academic performance, arguing

that factors like teaching and assessment styles may play a role. Finally, we acknowledge
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the possibility that such confounding factors may be of a cultural rather than institutional

nature. We propose that future studies investigate these possibilities by, firstly, conducting

qualitative studies to form a more textured understanding of media use patterns among

Namibian students and, secondly, analysing the association between media use and academic

performance across multiple Namibian institutions.

The findings of the present study raise important questions relating to concerns over the

potential impacts of general media use behaviours on academic performance among university

students. Like previous studies in this domain, our findings indicate that, across the three

populations considered, the observed effect size is small (given conventional interpretations of

effect sizes). Moreover, this effect remains small when the role of psychological connectedness

to online content is considered in addition to reported media engagement, explaining 9% of

variance in academic performance. A key question is whether this effect is strong enough to

raise concern among educators or prompt interventions to curb media engagement among

students.

To address this question we acknowledge, in accordance with Funder and Ozer (2019),

that a small effect size may, under certain circumstances, be consequential and should not

be ignored off-hand. To aid interpretation of the effects we observed, it is instructive to

benchmark them against the effects of other factors on academic performance. For example,

Credé et al. (2010), in a meta-analysis of studies (k = 33) on the effect of class attendance

on academic performance find a correlation of ρ = .41, arguing that it is the best known

predictor of college grades. Noftle and Robins (2007), in a meta-analysis of studies (k =

20) of personality and academic outcomes in college, find the following pooled effect sizes:

extraversion (r = −.04), agreeableness (r = .09) conscientiousness (r = .26), neuroticism

(r = −.07), and openness (r = .05). Lastly, a meta-analysis of demographic variables and

academic performance by Richardson et al. (2012) shows small effects for socioeconomic

background (r = .11), age (r = .08), and gender (r = .09); as well as medium effects

for measures of high school GPA (r = .40), SAT (r = .29), ACT scores (r = .40), and
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general intelligence (r = .20). Hence, when expressed in terms of the proportion of variance

explained (R2), the effects of general media multitasking (2%) and online vigilance (3%)

are larger than that of socioeconomic background (1%), but smaller than the strongest

personality predictor (conscientiousness [7%]) and class attendance (17%). The combined

effect of media use behaviour and online vigilance (while controlling for country) on academic

performance (9%) is comparable to that of conscientiousness and SAT scores.

Finally, we briefly acknowledge a number of important limitations of our study. Firstly,

it has been shown that self-reports of media use tend to correlate poorly with actual use data

(Andrews et al., 2015). Accordingly, our use of self-report measures of media use limits the

accuracy of our data and, potentially, the validity of our results. Future research using log-

based measures of media use should be conducted among our target population to address

this limitation. This is also applicable to, though less problematic, in the case of academic

performance. In their meta-analysis of the validity of self-reported grade point averages,

Kuncel et al. (2005) observe a correlation of (r = .9) between self-reported and actual grades

among college students (n = 12089). The authors argue that ”although systematic biases

appear to influence (sometimes strongly) the validity of self-reported grades and grade point

averages, it should be kept in mind that self- reported grades generally predict outcomes to

a similar extent as actual grades” (Kuncel et al., 2005, p. 76). Secondly, the cross-sectional

nature of our data does not permit us to draw causal conclusions about the associations we

identified. To address this limitation, in addition to using log-based tracking of media use,

subsequent studies can, for instance, use longitudinal designs and make use of cross-lagged

panel models to unpack the associations between general media use and academic perfor-

mance over time. Thirdly, the effects of the differences in the sizes of our three samples must

be acknowledged. Specifically, the relatively large size of the South African sample implies

that South African students are over-represented in the full sample. Fourthly, our use of

convenience sampling to obtain respondents implies that our sample is not necessarily rep-

resentative of the three population(s) targeted. Finally, our data does not provide adequate

25



texture to draw meaningful conclusions about the notable differences observed between the

South African and Namibian samples. For this, in addition to more targeted quantitative

research, we recommend that further qualitative work be conducted to generate possible

explanations and hypotheses to be tested.

6. Conclusion

In conclusion, it should be acknowledged that, while our evidence indicates that the

general use of Internet-based media may not be particularly harmful to university students’

academic performance, it also suggests that, at an aggregate level, it provides little or no

benefit. This is perhaps particularly important considering that our targeted populations

reside in developing countries where, one may argue, access to Internet-based media has

the most potential to enhance performance in higher education. Additional research is

required to investigate the specific applications, media, and websites engaged with and, on

this basis, understand potential academic implications. When contextualising our findings

against those of the reviewed studies of media use among students in Southern Africa, it

seems that the Internet is primarily used to satisfy needs of a social or entertainment nature.

Our study did not consider the use of Internet-based academic resources specifically and, one

may argue, that the inclusion of variables which represent such use may, in future studies,

provide different insights.
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