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A B S T R A C T

A large body of research has established the value of learner characteristics on cognitive load. However, little attention has been paid to the physical environment
where learning takes place. The present study takes a step to address this gap by studying the impact of the presence of others during learning on cognitive load. In a
between-subject design, participants (N = 115) were randomly arranged in groups of different group sizes to study computer-based multimedia materials (group size
range: 1-13, continuous variable). Further, participants' working memory capacity, topic interest, and their prior knowledge were measured to reveal relevant learner
characteristics. Dependent variables were learning performance, perceived task difficulty (mental load), and invested mental effort. We tested the predictions from
cognitive load theory with alternative path models to identify the best model fit. Our results show that group size predicted learners' perceived task difficulty: the
larger the group of co-actors in the learning situation was, the higher the perceived task difficulty. Moreover, higher topic interest led to lower perceived task
difficulty, and more mental effort, although that effect became non-significant after multiple testing adjustment. Perceived task difficulty mediated the effect of group
size and topic interest on mental effort.

1. Introduction

Towards the end of the term, university libraries are crowded with
students preparing for their exams. Some students study in halls where
they might experience the presence of other learners as soothing or
motivating, even without engaging in social interactions; on the other
hand, students who might find such situations distracting seek to study
in absolute solitude to enhance their learning performance (Beckers,
van der Voordt, & Dewulf, 2016; Harrop & Turpin, 2013; Meumann,
1925). So which situation facilitates learning? This leads to the question
as to the role the physical environment plays in learning, particularly
the mere presence of others, and whether it interacts with individual
learner characteristics.

The social facilitation perspective assumes that the mere presence of
others can suffice to facilitate or inhibit a person's performance
(Cottrell, 1972; Zajonc, 1965). The cognitive load theory (CLT), on the
other hand, favors the inhibitory effect of other co-learners exclusively
because people are part of the physical learning environment that can
provide superfluous information and overburden a learner's limited
cognitive capacities (Paas & Van Merriënboer, 1994a). The CLT pro-
vides a comprehensive framework through which to understand the
relevance of others in learning situations. Yet an investigation specifi-
cally addressing the effect of others' presence on learning through a
variation of group size is still lacking. In our study, we operationalized
the presence of others through different group sizes to examine its effect

on cognitive load and learning performance within the CLT model. In a
nutshell: the social facilitation perspective advocates that others exert a
facilitative or inhibitory effect on learning, whereas the CLT clearly
predicts an inhibitory effect. Both perspectives will be outlined below
before we lay down our research question regarding the effect of others
on learning.

2. The social facilitation versus the inhibition perspective

Evidence came to light over a hundred years ago that people per-
formed better on motoric tasks when competing with another person
(Triplett, 1898). Furthermore, the research on social presence suggests
that learners perform differently when they believe that they are part of
a community and that their actions are directed at other people
(Rourke, Anderson, Garrison, & Archer, 1999). For instance, research
on audience design has shown that people draft messages for them-
selves differently than messages for someone else, even if that person is
absent (Rogers, Fay, & Maybery, 2013). It is suggested that learning
improves when people experience enhanced feelings of an audience's
social presence (Hoogerheide, Deijkers, Loyens, Heijltjes, & Van Gog,
2016: Hoogerheide, Renkl, Fiorella, Paas, & van Gog, 2019). Such ef-
fects occur despite the learners' knowing that they will not interact with
the other person or that the audience is just imagined. Later research
has demonstrated that the presence of another co-actor can detract from
or improve learning processes even in a situation with neither an
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obvious competitive facet nor a social addressee (Knepp, Krafka,
Boulton, & Myers, 2014).

According to the social facilitation effect, the mere presence of
others itself improves performance, even if instructed competition and
group pressure have been ruled out (Allport, 1924; Guerin, 1993). In
the context of education, Meumann (1925) argued that other learners
are the source of many auditory and visual distractors that deflect at-
tention from learning. Such distractors may spur learners to try harder
to concentrate so as to compensate for these distractions and restore
focus which might result in an even better learning performance. Sev-
eral mechanisms were discussed, such as motivation, cognition, and
social comparisons, for why social facilitation increases performance,
and yet the underlying mechanisms remain unclear (Cottrell, 1972;
Guerin, 1993; Zajonc, 1965).

However, researchers during the first half of the 20th century de-
tected mixed effects of presence on individual performance. In some
studies, performance was enhanced, and in others impaired (Aiello &
Douthitt, 2001; Cottrell, Wack, Sekerak, & Rittle, 1968. Therefore, the
hypothesis of a facilitative effect does not hold true consistently. For
instance, people tested in individual sessions outperformed those tested
in group sessions on neurocognitive tests such as visual and verbal
memory (Moser, Schatz, Neidzwski, & Ott, 2011). We can assume that
during learning, the mere presence of others can be distractive and lead
to an attentional conflict between the ongoing task and external dis-
tracters, thus harming performance (distraction-conflict hypothesis,
Baron, 1986). Supporting evidence from reviews and meta-analyses on
this ‘social inhibition effect’ indicates that the mere passive presence of
other persons, without any interaction or evaluation from that person,
suffices to distract attention away from a task (Bond & Titus, 1983;
Guerin, 1993). In an attempt to integrate these contradictory findings,
Zajonc (1965) synthesized findings on performance into an inversed U-
function. Zajonc asserted that the presence of others increases drive,
which in turn enhances performance on the dominant routine re-
sponses, but it inhibits new, unlearned responses. In other words, the
presence of others triggers physiological arousal that reflects positively
on concentration and thus routine performance, however, when phy-
siological arousal becomes excessive due to a task's novelty, con-
centration weakens, resulting in performance decay (cf. Yerkes &
Dodson, 1908). We consider learning novel contents a non-dominant
task and expect larger group sizes of co-actors to unfold a negative

effect on performance.

3. The cognitive load perspective

The current literature provides little if any support for the facil-
itative effect of the mere presence of others in performance scenarios,
but a plethora of findings supports the inhibitory effect as theorized by
the CLT. Information processing during learning imposes load on the
human cognitive system (Paas & Van Merriënboer, 1994a; 1994b;
Sweller, Ayres, & Kalyuga, 2011). Cognitive load is a “multidimensional
construct that represents the load that performing a particular task
imposes on the cognitive system of a learner” (Paas & Van Merriënboer,
1994b, p. 353). It consists of factors affected by cognitive load (as-
sessment factors) and factors that affect cognitive load (causal factors).
According to the cognitive architecture underlying CLT, successful
learning is the result of interplay between working memory and long-
term memory processes (Choi, van Merriënboer, & Paas, 2014). Once
new information is processed in working memory, it can be linked to
information retrieved from long-term memory. Working memory,
however, is limited in its capacity and duration (Paas & Van
Merriënboer, 1994b; Sweller, van Merriënboer, & Paas, 2019). Its lim-
itations become especially apparent when humans process novel in-
formation requiring them to simultaneously organize multiple in-
formation pieces. The cognitive challenges can be overcome by
constructing cognitive schemas that incorporate cohesive information
pieces stored and organized into chunks of knowledge in long-term
memory. Successful practice and automation can lead to comprehensive
schemas that can be easily retrieved from long-term memory to
working memory when dealing with complex and new learning mate-
rials (Choi et al., 2014).

Causal factors determine the cause and degree of cognitive load
(Paas & Van Merriënboer, 1994b). They include task and learner
characteristics. And, as recently stressed by Choi and colleagues the
physical learning environment (Fig. 1). The physical learning environ-
ment is understood as a range of manifold physical characteristics im-
manent in a teaching and learning setting. Such characteristics are
defined by architectural conditions, furniture, room temperature, the
presence of other people, the nature of the learning materials, or tools.
They are accessible to the learner's senses and carry olfactory, visual,
haptic or aural information from the surroundings. Often, the physical

Fig. 1. Adapted and revised model of construct of
cognitive load (E= physical learning environment,
T= learning task, L= learner). This model assumes
possible interactions between a.) the environment
and task, b.) the task and learner, c.) the environ-
ment and learner, and d.) a three-way interaction
between the environment, task and learner (from
Choi et al. (2014), Educational Psychology Review, 26,
p. 229).
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learning environment is unrelated to the learning process per se, but
still maintains an impact on learning success or failure through changes
in learners' cognitive load. This physical learning environment is a re-
levant but rarely investigated determinant of cognitive load and of
learning performance. Its features can impact learning: due to our
cognitive system's limitations, relevant task-related information com-
petes with features from the physical learning environment that may be
extraneous to learning (Choi et al., 2014). Such superfluous and
learning-unrelated information competes with learning-related pro-
cesses for our working memory's limited attentional resources
(Chandler & Sweller, 1991; Sweller et al., 2011). Consequently, the
additional information from the physical learning environment may
distract from and hamper learning processes.

The second group of factors are assessment factors. These refer to
variables that can inform or serve as measurements of cognitive load
such as a learner's performance, mental load (measureable by the per-
ceived task difficulty) and the amount of invested mental effort (Mayer
& Chandler, 2001; Paas & Van Merriënboer, 1994a; Pollock, Chandler,
& Sweller, 2002; Sweller et al., 2011). According to the model displayed
in Fig. 1, mental load determines mental effort, which in turn, affects
learning performance. The more difficult a task or material is perceived
to be, the more effort that is needed and invested to process the task. In
general, we would expect that more effort would result in better per-
formance. Within the realm of CLT in learning, performance refers to
acquired knowledge as a learning outcome measurable via knowledge
tests such as comprehension, recall, or transfer tests (Sweller et al.,
2019). Mental load is task-centered and refers to the task's character-
istics such as the complexity of interacting information elements;
mental effort is human-centered and refers to the amount of resources
and capacities a learner needs to fulfill the task's demands (Choi et al.,
2014; Paas & Van Merriënboer, 1994b; Sweller et al., 2019). Within
load, Sweller et al. (2019) distinguish two categories: intrinsic and
extraneous load. Intrinsic cognitive load is determined by how inter-
active the information elements being processed are; “extrinsic cogni-
tive load is determined by the manner in which the learning task is
presented (i.e., instructional design)” (Choi et al., 2014, p. 227). For
instance, increasing the number of technical terms can result in a
greater intrinsic load, increasing the number of co-actors can result in a
greater load extraneous to the learning task.

While task and learner characteristics have been well investigated,
causal factors for cognitive load and the physical environment within
the CLT have been empirically neglected. This study aims to help bridge
this gap. As the number of other co-actors and learner characteristics
are key predictors in CLT, we will provide some additional information
on both causal factors in the following sections.

3.1. Causal factor physical environment (E): Impact of others on learning

Features of the physical environment do not necessarily need to
actively attract learners' attention; already the mere presence of posters
and drawings on the wall can hamper the performance of working
memory and attentional tasks (Rodrigues & Pandeirada, 2014). Similar
considerations apply to the presence of other people. Other co-actors
are accompanied by serious environmental stressors such as crowding
and noise that can put individuals at risk when their learning efforts end
in permanent failure (Evans & Stecker, 2004). There is empirical evi-
dence that the level of cognitive stress experienced rises in conjunction
with the number of coworkers in an open plan-office (Seddigh,
Berntson, Danielson, & Westerlund, 2014), and that performance wor-
sens with a rise in task-unrelated sounds (Jahncke, Hygge, Halin, Green,
& Dimberg, 2011). Background noise and speech are predominant
distractors in open-plan offices and are known to impair cognitive
performance as measured by memory for prose and arithmetic tasks
(Banbury & Berry, 1998; Seddigh, Stenfors, Berntsson, Baath, Sikström,
& Westerlund, 2015). Also, adverse effects of other people are attri-
butable to cognitive and motivational factors (Evans & Stecker, 2004;

Klatte, Bergström, & Lachmann, 2013): First, the presence of other
people in the learning situation competes with cognitive learning pro-
cesses. Second, the exposure to inescapable and uncontrollable dis-
tractors is associated with a drop in motivation and can even result in
learned helplessness which, in turn, can manifest in learning difficul-
ties. The detrimental effect of external distractors becomes even more
apparent when background distractors are present during both the
learning and recall phase (Banbury & Berry, 1998; Baron, 1986).
Therefore, researchers concluded that tasks requiring intense con-
centration are best performed in solitude without any distractions
(Seddigh et al., 2014; Zajonc, 1965). These findings can be understood
within the CLT framework. Information from the physical environment
that is extrinsic to the task competes with learning-relevant information
for the learner's limited working-memory capacities. Consequently,
learners experience a heavier cognitive load.

The empirical evidence supports the inhibitory effect for novel, non-
dominant tasks as predicted by CLT. Previous studies established a link
between the presence of other co-actors and cognitive performance, but
the impact on and of cognitive load and whether it mediates such links
has been missing. Moreover, the effects on learning have not been
sufficiently explored, as group size was seldom considered (Mayer,
2009; Moreno, 2006). We varied the number of others during learning
and testing to explore whether the relationship between the number of
distractors, varied through number of people, and learning performance
is affected as predicted by the overload view.

3.2. Causal factor learner (L): Impact of learner characteristics

A given learner's individual characteristic may interact with the
learning environment and impact learning outcomes. They can facil-
itate or harm the effects of the physical environment (Choi et al., 2014).
One of the most prominent and most influential learner prerequisites
for learning is their prior knowledge, which explains between 30% and
60% of the variance in learning outcomes (Dochy, 1990). It is thus one
of the key determinants of learning (Simonsmeier, Flaig, Deiglmayr,
Schalk, & Schneider, 2018; Tobias, 1994). Little attention has been paid
to the relation between prior knowledge and the presence of others
during learning on learning outcomes.

A learner's prior knowledge is linked to working-memory capacity
and the efficient processing of information. Working memory is key to
inhibiting disruptive and irrelevant information (Engle, 2002). Learners
differ in their working-memory capacity and thus their ability to control
and process information (Wiley, Sanchez, & Jaeger, 2014). Learners
with a larger working-memory capacity are cognitively more flexible,
and can more easily ignore irrelevant seductive details (which are in-
teresting but irrelevant to the learning task) and disregard attention-
drawing information (Garner, Brown, Sanders, & Menke, 1992), in
favor of relevant information, all of which result in more efficient
processing (Bleckley, Durso, Crutchfield, Engle, & Khanna, 2003;
Sanchez & Wiley, 2006; Unsworth & Engle, 2007). In line with these
considerations, higher scores on working-memory capacity are often
associated with better performance in multimedia learning (Doolittle,
Terry, & Mariano, 2009; Pazzaglia, Tosco, & Cacciamani, 2007; Schüler,
Scheiter, & van Genuchten, 2011). The CLT proposes an interaction
between the physical environment and individual cognitive pre-
requisites (Choi et al., 2014; Paas & Van Merriënboer, 1994a): We can
assume that learners with higher levels of working-memory capacity
are less prone to distractors originating in the physical learning en-
vironment (Conway, Cowan, & Bunting, 2001); although the exact ef-
fects of social factors within this context have not yet been explored.

Finally, interest is considered a relatively stable orientation towards
specific topics. However, as situational domain-specific interest can
vary across stimuli and different situations, it is a situation-dependent
determinant (Schiefele & Krapp, 1996). Situational interest comprises
emotion-related aspects as well as value-related aspects towards a task
or situation (Krapp, 2005). Empirical findings established a positive
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relationship between interest and learning outcomes (Ainley, Hidi, &
Berndorff, 2002; Krapp, 2005). In particular, since positive affect is
hypothesized to facilitate the investment of cognitive engagement (Choi
et al., 2014), it is assumed that situational interest is favorably asso-
ciated with cognitive load and performance. Interest can make people
choose tasks with higher difficulty levels, which also makes them more
willing to invest greater cognitive effort into things they are already
interested in (Milyavskaya, Galla, Inzlicht, & Duckworth, under re-
view). Since the physical learning environment may also influence
learner affect, a potential interaction between the physical environment
and situational interest can be anticipated. In our study, we investigated
not only the association between interest and performance, but also the
interaction with the physical learning environment as suggested by the
cognitive load theory (Choi et al., 2014; Paas & Van Merriënboer,
1994b).

4. Present study

Based on the CLT (Fig. 1), we expected to observe direct effects of
learner characteristics as represented by prior knowledge, working-
memory capacity, and topic interest, on cognitive load as represented
by mental load and mental effort, and performance. Furthermore, we
also expected environment features, in this case group size, to exert a
direct effect on cognitive load. Finally, we expected to observe an in-
terplay between the environment and learner characteristics on cogni-
tive load. To test our expectations, we transposed the CLT model
(Fig. 1) into three path models by consecutively adding predictors to
the previous model. We tested a.) only the direct effects of learner
characteristics; Classic Model (Fig. 2a); b) the direct effects of learner
characteristics and the physical environment, Main Effect Model,
(Fig. 2b); and finally c.) the direct effects of both causal factors and
their interplay on cognitive load, Full Model (Fig. 2c).

5. Method

5.1. Participants and design

In total, there were 134 participants. Due to technical issues with
data storage in our self-developed environment, data form 19 partici-
pants could not be stored. Finally, data was obtained from 115 inter-
national students from a European university in Sweden. Participants
were approached via email, social media, posters and leaflets. The
average age of the participants was 24.15 years (SD=3.34) and pro-
portion of female participants was 0.52. On average, participants had
been studying 4.34 semesters at the time of the study (SD=3.34,
ranging from 1st to 14th semester). Over a period of two weeks, we
scheduled 26 sessions for participation. The sessions comprised dif-
ferent group sizes ranging from 1 to 13 people. Across all groups, three
participants worked alone, three groups with size of two, two groups
with size of three, five groups with size of four and five, four groups
with size of six and there were one group each with sizes of 7, 9, 10, 11
and 13. Each participant could only take part in one of the sessions. At
the end of the experiment, the participants received a voucher for the
cinema and 100 SEK in compensation.

Of the 115 participants, eight had data missing on the working-
memory capacity test. Since the study was conducted in English, par-
ticipants had to take a brief English test. Participants with zero points
on the English language proficiency test were excluded from the ana-
lyses (n=4), leaving a final analysis sample of 103. Based on in-
dividuals included in the analysis (n=103), three groups (three par-
ticipants) worked alone, two groups (two students) with size of two,
two groups (five students) with size of three, five groups with size of
four (17 students), five groups with size of five (22 students), four
groups with size of six (19 students) and there were one group each
with sizes of 7 (five students), 9 (seven students), 10 (ten students), 11
(seven students) and 13 (six students). The distribution of group size is

approximately normal (skewness= 0.61, kurtosis=−0.47) within the
boundary of −2 and 2 which is the thresholds of non-violation of
normality (Gravetter & Wallnau, 2012). Descriptive statistics are sum-
marized in Table 1. Most variables did not correlate closely with group
size, except for cognitive load as measured by task difficulty (r= .262,

Fig. 2. a. Path model of the Full Model with main and interaction effects. b.
Path model of the Main Effect Model with two causal factors, environment and
learner characteristics, and their main effects only. c. Path model of the Full
Model with main and interaction effects. Paths of interaction terms between
environment and each learner characteristic are represented by solid red dots.
Interaction terms for each learner characteristic are not illustrated in the dia-
gram to avoid crowding the model presentation. (For interpretation of the re-
ferences to colour in this figure legend, the reader is referred to the Web version
of this article.)
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p < .01) and prior knowledge (r=−0.207, p < .05).

5.2. Learning material

The computer-based learning environment consisted of a text-pic-
ture presentation on a screen preceded by a brief introduction of the
topic on corals and an instruction to “Study the following material
carefully, as you will have to answer questions about it afterwards”. The
learning content comprised two text blocks with 164 words and 185
words, respectively, describing the anatomy and hunting behavior of
corals (Fig. 3). The texts were accompanied by two corresponding
pictures depicting a coral and its parts. Relevant technical terms were
bold in the text and labeled in the pictures. Key parts of the anatomy in
the picture were labeled and referred to key words in the text that were
highlighted in bold. There were no time restrictions on learning time
(M=4.13, ranging between 1.188 and 12.023min, SD=1.764). The
distribution is borderline normal-distributed with a skewness of 1.548
and kurtosis of 4.033.

5.3. Causal factors of cognitive load: Learner characteristics

Prior knowledge. Two open questions were posed to estimate
participants' prior knowledge of the learning content. The first question
asked participants to describe what a coral is, and the second question
asked participants to describe the anatomy of a polyp. Coral and polyp
were key concepts thematized in the subsequent learning environment.
Participants were assigned one point per each correctly-mentioned
concept about corals and about a polyp's anatomy. Answers from 25%
of the participants were double-coded by an independent rater yielding
a high agreement, ICC=0.936 (two-way mixed), therefore, the re-
maining data were coded by one rater. A low mean on prior knowledge
(M=1.951, SD=1.471) is indicative of low previous knowledge. Prior
knowledge was positively skewed, and the distribution was heavy-
tailed (skewness= 1.146; kurtosis= 1.842).

Topic interest. Participants’ interest in the learning topic was as-
sessed by ten items which were subdivided into two subscales
(Schiefele, 1990; Schiefele & Krapp, 1996). Six items covered feeling-
related valences (Cronbach-Alpha= .884) reflecting how the partici-
pant felt during the learning process, and four items covered value-

Table 1
Descriptive Statistics and Inter-correlation Matrix (with r-values) for Relevant Variables.

N=103 M SD Range Correlation

min max 1 2 3 4 5 6 7

Physical learning environment
1 group size 6.476 2.982 1 13
Assessment factors
2 learning performance (0-35) 6.117 5.769 0 31 -.118
3 cognitive load: mental load (1–7) 4.029 1.510 1 7 .262 -.151
4 cognitive load: mental effort (1–7) 4.864 1.428 1 7 .036 .049 .380
Causal factors
5 prior knowledge 1.951 1.471 0 7 -.207 .282 -.104 -.068
6 Working-memory capacity (0-21) 8.398 3.735 0 17 -.057 .188 -.183 .127 -.003
7 interesta (10–70) 35.165 12.441 10 70 .055 -.144 .340 -.032 -.248 -.152

Note. a interest is reversely coded so that higher values mean lower interest; Values in bold are different from zero at p < .05; values in bold and italics are different
from zero at p < .01.

Fig. 3. Learning material (adapted from National Ocean Service).
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related valences (Cronbach-Alpha= .812) reflecting the value of the
learning content to the participant. Participants had to rate the items on
a seven-point Likert scale from 1= completely true to 7= not at all true.

Working memory capacity. The Letter–Number Sequencing test, a
subtest for the measurement of the verbal intelligence quotient
(adapted from the German version of the Wechsler Adult Intelligence
Scale-III; Von Aster, Neubauer, & Horn, 2009), was used to assess
working memory capacity. Sequences of individual letters and numbers
(e.g., T–9–A–3) were displayed on participant's screens and they were
asked to place the numbers in numerical order and the letters in al-
phabetical order (e.g., 3–9–A–T). The test started with two elements
and gradually increased the level of complexity by adding one element.
Each level consisted of three sequences. The end of the test was marked
by a sequence of eight elements (level seven). Participants received one
point for each correctly-recalled sequence (total score 21 points).

5.4. Assessment factors of cognitive load

Cognitive load is a broader concept and defined as “a multi-
dimensional construct representing the load that performing a parti-
cular task imposes on the learner's cognitive system of a particular”
(Paas & Van Merriënboer, 1994a, p. 122). Cognitive load is con-
ceptualized as mental load, mental effort, and performance (Paas & Van
Merriënboer, 1994a; Choi et al., 2014).

Mental load and mental effort. The learning environment was
followed by a self-rating item on mental load and on invested mental
effort each (Kalyuga, Chandler, & Sweller, 1999; Paas, Tuovinen,
Tabbers, & Van Gerven, 2003). Participants responded to the following
questions: “How difficult was it for you to learn the information about
corals?” and “How much mental effort (e.g., thinking, recalling) did you
invest to process/understand the information about corals?”, on a
seven-point Likert scale ranging from 1= extremely easy/very low to
7= extremely difficult/very high. The items were proven reliable and
provide a simple but sensitive overall measure of cognitive load com-
prising an intrinsic and extraneous aspect (Sweller et al., 2019).

Learning performance. Similar to previous research on multi-
media learning (e.g., Mayer & Estrella, 2014), learning outcomes were
assessed by one open question, intended to measure retention, asking
participants to write down what corals are based on the information
they have learned. We developed a coding scheme with 35 points
covering all aspects described in the learning environment. We assigned
one point per aspect correctly mentioned in the answer. For instance,
aspects such as corals are colonial organism, they use toxin, and they
hunt at night were part of the learning material and thus awarded one
point each on the posttest. Answers from 20 participants were double-
coded by a second independent coder. Coder agreement can be con-
sidered as excellent (ICC=0.993), therefore, one coder only coded the
rest of the materials.

5.5. Procedure

The experiment took place in a classroom equipped with computers.
Each participant was seated in the testing room in front of a screen;
participants could choose a seat according to the U-shaped arrangement
in the classroom (Fig. 4). The experimenter welcomed the participants,
and the information on the procedure and study aims were presented in
writing with the consent form informing about data privacy. Partici-
pants were informed that their participation was voluntary, they could
withdraw from the study at any time without any repercussions, and
that all collected data was anonymized. Next, participants completed
questions on demographic information concerning age, sex, study
subject, and semester. This was followed by a prior knowledge test, the
language proficiency test and working-memory capacity test. Partici-
pants were introduced to the learning topic about corals. After the
learning phase, participants had to indicate how difficult they found the
learning content to be, and how much mental effort they had invested

to comprehend the learning content. Then, participants’ topic interest
was assessed followed by a learning outcome measurement. Finally,
they were asked to note down their experience of other learners in the
same room. Except for the information letter and consent form, all in-
formation and materials were presented on the screen.

5.6. Statistical analysis

We translated the research questions based on Choi et al, (2014)
cognitive load model (Fig. 1) into path model representations
(Fig. 2a–c). In total, three models were tested. We applied a stepwise
forward procedure where we start with a model which comprises only
one main effect, namely learner characteristics (Classic Model, Fig. 2a).
We then add a second main effect, namely the environment (Main Ef-
fect Model, Fig. 2b), and finally the interaction terms (Full Model,
Fig. 2c).

Path analysis based on structural equation models (Skrondal &
Rabe-Hesketh, 2004; Tabachnick & Fidell, 2006) was used to estimate
the previously described models. The goodness of fit of these models
was evaluated by a range of recommended indices including the
Tucker-Lewis Index (TLI; Tucker & Lewis, 1973), the Root Mean Square
Error of Approximation (RMSEA; Steiger, 1990), and the Comparative
fit indexes (CFI; Bentler, 1990). CFIs and TLIs exceeding 0.95 indicate
an acceptable model fit, whereas the RMSEAs less than/under 0.06
indicate good fit. We also present the chi-square statistic to test the
model fit difference between the Classic Model and the less restrictive
Main Effect Model. A significant difference of the two models implies
improved model fit in the Main Effect Model, which can be attributed to
the addition of environment effects to cognitive load factors. In terms of
other fit indices, a less restrictive model (Classic Model) is similarly
preferred if the change in model fit indices is significantly better than
that of the less restrictive model (Main Effect Model). In terms of the
RMSEA, the change should be more than 0.015 (Chen, 2007). For CFI,
the change should exceed 0.01 (Chen, 2007; Cheung & Rensvold,
2001). Based on the model revealing the best balance between parsi-
mony and goodness of fit to the data, we also estimated mediation ef-
fects for the paths from environment, learner characteristic to perfor-
mance via mental load and mental effort, and to mental effort via
mental load.

Although participants were clustered within learning groups,
random intercept multilevel modelling analysis exhibited no statisti-
cally significant group level variances in cognitive load variables on
mental effort (Var= 0.01, χ2(1)= 0, p > .05), mental load
(Var= 0.01, χ2(1)= 0, p > .05), or on learning performances
(Var= 0.73, χ2(1)= 0, p > .05). Therefore, we did not adjust clus-
tering effects for further analysis.

All analyses were carried out in Mplus 7.4 (Muthén & Muthén,
2015), with maximum likelihood estimator. For mediation effect

Fig. 4. Seating arrangement. Ps represent workstations for participants, Xs re-
present workstations blocked during data collection. Participants were happy to
choose a seat.
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estimation, we used bootstrapping estimator (1000 draws) as it yields
more robust results.

6. Results

6.1. Test of CLT models

Three models representing alternative specifications of the CLT
were estimated and fit indices are summarized in Table 2. The Classic
Model (Figs. 2a and 5a) represents effects of learner characteristics on
cognitive load factors. In estimating this model, the parameters were
constrained to zero for the paths from environment to cognitive load
factors, as well as paths for interaction terms between environment and
learner characteristics. Model fit indices indicated good fit to the data
(RMSEA=0.023, CFI= 0.985, TLI= 0.969; Chi-square= 12.655,
df=12, p= .395). In the less restrictive Main Effect Model (Figs. 2b
and 5b), three additional parameters representing the effects of en-
vironments on mental load, mental effort, and performance were esti-
mated. The fit indices for this model were very good (RMSEA=0,
CFI= 1, TLI= 1.268 [we fixed it as 1 as that is the boundary]; Chi-
square= 4.741, df=9, p= .856) and further improved compared to
the Classic Model (RMSEA=0.023, CFI= 0.015, TLI= 0.031, chi-
square difference=7.914, df=3, p= .048). The Full Model (Figs. 2c
and 5c was also estimated where the interaction terms were added in
addition to the effects of environment and learner characteristics. As
described in the analysis section, the model fit of the Full Model was
perfect given that it was the saturated model. However, our results
showed that none of the interaction terms was statistically significant.
Given that the Main Effect model already demonstrated very good fit to
the data and was superior to the Classic Model, we chose it to be the
model that best describes the theory proposed by Choi et al., 2014.
Estimated path coefficients based on the Main Effect model were thus
interpreted accordingly.

Path coefficients from the Main Effect model (Fig. 5b, Appendix
Table S1) indicated that group size was associated with higher per-
ceived mental load (beta=0.243, p= .006, p[FDR]=0.022). Learner
characteristics were also predictive of cognitive load factors: lower
topic interest was associated with higher mental load (beta=0.314,
p < .001, p[FDR]=0.005) but less mental effort (beta= - 0.187,
p= .049); working memory capacity was borderline associated with
higher mental effort (beta=0.183, p= .037, p[FDR]= 0.111); prior
knowledge was associated with better learning performance
(beta=0.268, p= .004, p[FDR]= 0.02).

To further test whether there was a non-linear effect of the group
size, a quadratic term of group size variable was added to the Main
Effect Model. We found no effect of non-linear effect on mental load
(beta=0.304, p= .472), mental effort (beta=−0.151, p= .727), or
learning performance (beta=−0.119, p= .787). Thus, based on our
dataset, the relationship is linear in nature. However, we acknowledge
that although there might be a cut-off where the effect of group size
becomes non-linear. This cut-off will be most probably above 13,
whereas within the size of 13, adding more people does not increase the
mental load associated with the task.

6.2. Test of mediation

Based on the Main Effect Model (previously shown to fit data better
than the Classic Model), we estimated the indirect effects of learner
characteristics and group size on performance via mental load and via
mental effort, as well as the indirect effect of learner characteristics and
group size on mental effort via mental load. Our results (Table 3) reveal
no mediation effects on learning performance outcome. However, the
effect of environment on mental effort was positively mediated by
mental load (indirect effect estimate= 0.119). Mental load also posi-
tively mediated the effect of the learner characteristic topic interest on
mental effort (indirect effect estimate= 0.154, however, note that this
is a negative effect on mental effort because interest was reversely
coded). These findings indicate that group size and interest can influ-
ence mental effort, initially directly through an influence on mental
load, then through the effect of mental load on mental effort.

6.3. Power analysis of interaction terms

Given this study's medium sample size, its statistical power is re-
stricted in detecting weak interaction effects between learning en-
vironment and learner characteristics. To assess the power required to
detect the interaction terms specified in the Full Model, we performed
statistical simulations based on post hoc power analysis. Population
parameters for the simulations were based on the parameters estimated
in the Full Model. Simulations of 1000 replication samples were gen-
erated for sample sizes of 100, 300, 500, 1000, 1500, 2000 and 2500
participants, respectively. Results (Table 4) showed that for learning
performance outcome, for the estimated interaction effect size between
group size and topic interest, analysis based on 500 participants can
reach a statistical power of 0.833. For interaction between group size
and working memory, a sample size of 1500 attains a power of 0.862. In
terms of mental effort, for the interaction between group size and prior
knowledge, a sample size of 1000 yields a power of 0.837. All other
interactions did not reach a power exceeding 0.8 at or below a sample
size of 2500.

7. Discussion

The present study is one of the few approaches empirically ad-
dressing the complexity of the CLT model by including various main
and interaction effects. Based on considerations derived from cognitive
load theory, we investigated the impact of the number of co-actors
present and of learner characteristics on cognitive load. We took a
forward approach by successively adding variables to statistical models
and testing each model for its predictive power. As expected, learner
characteristics were predictive of cognitive load as assessed through
mental load, mental effort, and performance, albeit to different degrees.
Also, the addition of a second causal factor, namely physical environ-
ment, revealed a meaningful added value. However, contrary to our
expectations, our more advanced model entailing the interaction term
between learner characteristics and physical environment did not im-
prove the model fit significantly. In addition, we tested the mediating
effect of mental load on mental effort. All causal factors were potential
predictors, but only the group size of co-actors and topic interest qua-
lified as such. In sum, our findings partially support the theoretical
framework of cognitive load: In line with the assumption by Choi et al.
(2014) the physical environment has an impact on cognitive load, and
the effect of topic interest and group size on mental effort is mediated
by mental load. However, not all effects of learner characteristics were
confirmed, and we could not establish an association between mental
load and learning performance as it was suggested by the CLT model.
Thus, the CLT model was not fully confirmed. In the following, we will
discuss the findings in more detail in the context of the CLT framework.

The more co-actors there were in the same room, the more difficult
the task was perceived, and the more load that was invested in

Table 2
Fit indices of the models tested.

RMSEA CFI TLI chi-square df p

Classic Model .023 .985 0.969 12.655 12 .395
Main Effect Model 0 1 1∗ 4.741 9 .856
change (Classic vs. Main Model) .023 .015 0.031 7.914 3 .048
Full Model 0 1 1 0 0 0

Note. ∗the estimated value given by model is 1.268 which is out of bound,
therefore we fixed it to 1.
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Fig. 5. a. Classic Model. Only statistically significant
path coefficients presented (beta values, in standar-
dised metric); ∗path from learning environments
were fixed to zero. Paths of interaction terms be-
tween learner characteristics and learning environ-
ment were also fixed at 0. b. Main Effect Model. Only
statistically significant path coefficients are pre-
sented (beta values, in standardised metric). Paths of
interaction terms between learner characteristics and
learning environment were also fixed at 0. p[FDR]
represents p values adjusted for multiple testing. c.
Full Model. Only statistically significant path coeffi-
cients are presented (beta values, in standardised
metric). Paths of interaction terms were specified
and estimated between environment and each
learner characteristic but are not illustrated in the
diagram so as to avoid overcrowding the model.
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comprehending the learning content. These findings support empirical
work on the detrimental effects of the presence of others on perfor-
mance and can be derived from the CLT. Following the line of argu-
mentation of the CLT, due to humans’ limited working memory re-
sources, the more co-learners are present, the more distractive stimuli
compete for resources from working memory and the task is perceived
as more difficult. Co-learners can be considered such external-to-the-
task distractors. The more difficult learners perceive the task, the more
mental effort they must invest for cognitive processing of the learning
information in order to reach a certain performance level. So far, our
findings are in line with the CLT. The CLT also suggests a link between
mental effort and performance. One might expect that learners who
invest more effort, perform better. However, our findings do not sup-
port the latter expectation. We consider two possible explanations.
Firstly, the increase in mental effort could compensate for an increase in
distractors and protect the learner from a decrease in performance.
However, working memory capacity is limited (Sweller et al., 2011). If
working memory is already occupied by distractors, learners must in-
vest more effort to redirect attention from the distractors toward the
processing of the learning task. Secondly, it is possible that an asso-
ciation simply does not exist. In the context of multimedia learning the
efficiency of an instructional message is assessed through its effect on
cognitive load. In multimedia learning, design principles based on CLT
were developed to foster learning. Good instructional design based on
CLT is expected to relieve working memory and thus reduce extrinsic

cognitive load ascribed to “the way in which the learning task is pre-
sented” (Choi et al., 2014, p. 227). Reducing load frees working
memory capacities for the task and should result in superior perfor-
mance. But, the link between mental effort and performance is not
straight forward and the expectation of a positive relationship between
these variables is not fully supported by empirical findings (Anmarkrud,
Andresen, & Bråten, 2019). The studies in the meta-analysis by An-
markrud and colleagues mainly use two-group experimental designs to
compare the effects of instructional design messages on cognitive load
and performance. Effective instructional design was expected to relieve
working memory, and thus reduce mental load. However, more than
50% of the studies yielded inconsistent findings: mental load and
mental effort were not reduced in the conditions with good instruc-
tional design. Also, the meta-analysis found that the majority of re-
searchers operationalized cognitive load as mental effort, mental load
seemed to be of less interest. Therefore, research is needed paying at-
tention to the direct associations between mental effort, mental load,
and performance to address adjustments to the CLT model in Fig. 1
based on empirical work.

Regarding learner characteristics, except for prior knowledge, we
detected neither direct nor indirect effects on performance. Contrary to
the aforementioned empirical work by other researchers, we found that
topic interest, working-memory capacity, and group size exhibited no
direct effect on performance. Topic interest and group size affected
mental effort indirectly. Although the effect became non-significant

Table 3
Estimated mediation effects based on main effect model with 95% bootstrapping confidence interval.

Indirect effect Outcome: performance Outcome: mental effort

est 0.025 0.975 p est 0.025 0.975 p

Group size
Total Indirect −0.027 −0.097 0.020 .374 0.119 0.037 0.232 .015
Group size via mental load −0.030 −0.107 0.009 .311
Group size via mental effort −0.009 −0.064 0.005 .545
Group size via mental load and mental effort 0.011 −0.004 0.045 .318
Prior knowledge
Total Indirect −0.010 −0.070 0.020 .625 0.012 −0.083 0.113 .804
Prior knowledge via mental load −0.003 −0.054 0.019 .856
Prior knowledge via mental effort −0.008 −0.058 0.008 .585
Prior knowledge via mental load and mental effort 0.001 −0.006 0.024 .862
Working memory capacity
Total Indirect 0.027 −0.007 0.093 .251 −0.060 −0.160 0.030 .223
Working memory capacity via mental load 0.015 −0.008 0.082 .445
Working memory capacity via mental effort 0.017 −0.008 0.074 .346
Working memory capacity via mental load and mental effort −0.006 −0.031 0.003 .456
Topic interest
Total Indirect −0.041 −0.135 0.021 .293 0.154 0.055 0.289 .013
Topic interest via mental load −0.038 −0.132 0.019 .323
Topic interest via mental effort −0.018 −0.090 0.007 .423
Topic interest via mental load and mental effort 0.015 −0.008 0.061 .356

Note. est= estimated effect. Values in bold indicate significant difference from zero at p < .05.

Table 4
Estimated power for interaction effects estimates based on the full model.

outcome interaction population power

terms estimate n=100 n=300 n=500 n=1000 n=1500 n=2000 n=2500

Performance Size∗prior knowledge −0.033 .094 .078 .108 .149 .212 .264 .323
Size∗working memory −0.041 .139 .282 .404 .713 .862 .94 .968
Size∗interest 0.019 .281 .616 .833 .986 1 1 1

Mental effort Size∗prior knowledge 0.025 .175 .401 .552 .837 .94 .983 .996
Size∗working memory −0.001 .055 .049 .057 .054 .06 .068 .07
Size∗interest 0 .065 .051 .061 .044 .056 .044 .05

Mental load Size∗prior knowledge 0.005 .07 .06 .063 .072 .105 .101 .126
Size∗working memory −0.008 .102 .186 .269 .457 .626 .751 .856
Size∗interest 0 .067 .067 .052 .045 .035 .047 .048

Note. Values in bold indicate statistical power> 0.80.
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after adjusting for the multiple testing effect, on the other hand there is
still an indication that greater interest led to lower task difficulty and to
lower mental effort invested. It remains unclear why the mediation
effect was not achieved for prior knowledge and working-memory ca-
pacity. Both are desirable cognitive prerequisites that should lower the
perception of the task's difficulty, and should thus reduce load invest-
ment. The role of interest in CLT could be linked to the “willingness” to
invest mental effort. Such considerations deserve further attention in
future studies.

Against our expectations, our findings failed to support an interac-
tion between the causal factors as suggested by the theoretical frame-
work by Choi et al. (2014). For instance, according to the CLT, working
memory capacity can be understood as a protection factor. Learners
with higher working memory capacity levels are expected to overcome
the impact of distractors in the environment and experience the task as
less difficult. However, our findings do not support the interplay. One
reason could be that there is no such interaction; another could lie in a
sample size too small to detect such an effect (see Table 4). Finally,
another possible reason could be the learning task's duration. Several
studies have shown that the length of the exposure to environmental
stressors may determine its impact (Evans & Stecker, 2004). Other co-
actors can be considered such stressors. For example, participants may
exhibit a drop in motivation when external stressors last longer. Similar
patterns would be expected for learning performance and experienced
load: learning performance is expected to drop, and the load to increase
the longer the exposure to other people lasts. However, the exposure
time to other people is also confounded with learning time - another
factor affecting learning performance. We therefore decided to apply a
user-paced setup with no time restrictions. Supplemental analysis
showed that learning time was not associated with group size – in other
words, learners in larger groups did not learn for longer or shorter time;
moreover, including this variable in the main regression analysis did
not change the effect of group size on outcome variables (cognitive load
measures and performance). It is possible that time-on-task, a variable
where the effects of group size would be expected to unfold, can be
considered rather brief. For instance, it is conceivable that all learners
manage to withstand distractive influences for a short period of time,
but only learners with high topic interest, prior knowledge or working
memory manage to continue withstanding over the long run. Therefore,
a more complex and lengthier task might unravel interaction effects
between learning environment and learner characteristics.

To capture the amount of knowledge gained, we asked participants
to write down what they had learned from the materials in an open
question, which can be considered a measure of retention. Retention
can be considered an adequate measure of learning performance; but,
transfer knowledge is key to meaningful learning with multimedia be-
cause it requires higher levels of processing and elaboration (Mayer,
2009). With this in mind, as we would expect the detrimental effects of
group size to become more obvious on transfer knowledge as compared
to retention, it might be worthwhile for future researchers to in-
corporate transfer measures. Alternatively, challenges during the
learning phase can be considered a desirable difficulty (Bjork & Bjork,
2011): some circumstances that make a task difficult require greater
effort during learning, but are likewise known to benefit consolidation
in long-term memory. Keeping the “desirable-difficulties” perspective
in mind: perhaps the presence of others impairs cognitive processing
during learning, but reveals beneficial effects over the long term. Taken
together, future research should investigate the effects of group size on
more complex test performances comparing immediate and delayed
posttests (Schweppe & Rummer, 2016).

Finally, we would like to make a note on the measurement of cog-
nitive load. Cognitive load was assessed by learner's perceived task
difficulty and the mental effort invested in studying the materials. Each
was assessed retrospectively with one item. Although both cognitive
load measures, that means mental load and mental effort, correlated,
p < .001, our data indicate that it is important to differentiate between

these measures as they do not yield identical results and thus assess
different aspects of cognitive load. Some researchers argue that mea-
suring cognitive load via a single item is insufficient and at a distinction
between different load types, more specifically intrinsic and extraneous
load, should be reflected in the assessments (Klepsch, Schmitz, &
Seufert, 2017; Leppink, Paas, Van der Vleuten, Van Gog, & Van
Merriënboer, 2013). These concerns are linked to the assessment of
cognitive load using a one-item measurement (Ayres & Paas, 2012).
This study employed self-reports to capture experienced load, whereas
follow-up studies could benefit from objective direct measures of load
and further learner characteristics. Using more advanced scales or a
dual-task methodology also has promising potential (Klepsch et al.,
2017; Krell, 2017; Schoor, Bannert, & Brünken, 2012). Furthermore,
Krell (2017) proposes a 12-item instrument with two subscales, one
each for mental load and mental effort. However, one must acknowl-
edge that Choi et al.’s approach is primarily based on CLT paradigm
directly positing theoretical constructs based on mental load - the as-
sessment of which remained based on the single-item instrument as
used in our study. Moreover, more sophisticated methods to assess
cognitive load lead to similar results and the simple one-item measure
has yielded overly-consistent results in the past (Sweller et al., 2011,
2019).

We conclude that first, adding features of the physical learning
environment is relevant to understanding the manifestation of load
during learning. Second, group size does not interact with learner
characteristics, but the main effect of each causal factor matters for
cognitive load: larger group size and less topic interest are associated
with more mental load; lower topic interest revealed a marginally
statistically significant inhibitory effect on mental effort, while a
greater working-memory capacity marginally predicts an increase in
mental effort; finally, greater prior knowledge exerted a facilitating
effect on learning performance. Lastly, we would like to present some
limitations which should stimulate opportunities for future research.

8. Limitations and future directions

We showed that group size affects cognitive load. But, the presence
of other co-actors has a both cognitive and social effect on learners.
Some researchers claim that the presence of others has a facilitating
effect such as increased motivation, whereas other studies have de-
monstrated an inhibitory effect such as stress (Huguet, Galaing,
Monteil, & Dumas, 1999; Pessin, 1933; Zajonc, 1965). The presence of
other learners may be perceived as a challenge or a threat (Blascovich,
Mendes, Hunter, & Salomon, 1999). However, even the latter can count
as distracting because students withdraw attention from their own
materials to see how others in the room are doing (Schmitt, Gilovich,
Goore, & Joseph, 1986). We recommend that future studies address
these descriptive learner experiences to investigate the relevance of
other learners’ presence and to elaborate on the various social and
motivational aspects on performance and load through the mere phy-
sical presence of other co-actors.

With regard to the causal factors of cognitive load, allow us to point
out that we aimed to address a diverse range of cognitive learner
characteristics. As we assessed few learner characteristics, future re-
search should focus on developing more and more broad-based ones
(including those not cognitive) to reveal the motivational and social
effects that group size has on learning (cf. MiSTIC model, Cromley
(2019)). Such adaptations will enable us to test more complex and
combined interactions of several learner characteristics on learning, as
proposed by Cromley (2019).

We examined the relevance of physical environment via group size
because we consider it a valid representative feature of students’ au-
thentic learning settings. It should be noted, however, that this factor
has many more properties that can be deliberately manipulated and
tested for their impact on cognitive load. For example, high tempera-
ture, noise, and poor lighting are known to increase discomfort and

I.T. Skuballa, et al. Computers in Human Behavior 101 (2019) 30–41

39



harm learning (Rodrigues & Pandeirada, 2014; Siqueira, da Silva,
Coutinho, & Rodrigues, 2017). A drawback of our study is the fact that
we did not vary group size to its fullest extent. It remains to be tested
whether the tentative effects we identified such as the impact of
working-memory capacity and interest on performance become more
obvious in even bigger groups. For instance, the ability to hold in-
formation in working memory might reveal greater importance when
more distractors are competing with the learning information for lim-
ited cognitive capacities.

Another plausible variation to the design could address an experi-
mental approach where varying group sizes could be defined as factors,
and not as a continuous variable as was done in our study. In such a
design, researchers could pre-define group sizes in conditions to com-
pare the effects of different group sizes. For instance, they could com-
pare the effects of a group size of five people with a group size of twenty
people. A more experimental large-scale approach could allow to in-
vestigate the function of group size in more detail. It is conceivable that
the group size has an asymptote so that, for example, the effect of one
hundred versus two hundred co-actors becomes negligible. However, it
should be considered that such a design requires a very large total
sample size.

Finally, although our findings support the CLT and an inhibitory
effect on load, we cannot rule out possible facilitating effects or a U-
shaped function beyond the maximum number of group members in the
present study for several reasons. First, our participants learned the
materials once only, whereas superior performance, in the presence of
others builds on the premise that the acquired knowledge should have
been learned thoroughly, thereby resembling a dominant response
when retrieved from memory. Secondly, we did not include any mea-
surement of arousal in our study – a factor that can be the driving factor
in explaining the interplay between dominant versus non-dominant
tasks in the presence of co-actors. However, and thirdly, according to
Zajonc, “the presence of others may have effects considerably more
complex than that of increasing the individual's arousal level” (Zajonc,
1965, p. 274). In this vein, Zajonc assumes that the presence of others
can also reduce anxiety related to performance, or increase imitation
behavior. There is a paucity of systematic empirical evidence from re-
search with human subjects on the mere presence of others with no
social components, including load and arousal measures, nor has
anyone demonstrated an association between cognitive load and
arousal (Hoogerheide et al., 2019). In sum, our data set might not be
sensitive enough to capture a facilitating effect (should one exist in the
context of other co-actors’ presence in learning situations), but our data
do speak for an inhibition effect within the framework of CLT.

9. Conclusion

Overall, this study supports the cognitive load theory whereby the
physical environment and learner characteristics are defined as im-
portant determinants for cognitive load. However, not all variables
contribute to the same degree to all three cognitive load factors. The
impact of group size on mental load speaks for methodological im-
plications of group size in the context of instructional design in learning
and in the context of research. Effects detected in small group settings
are not automatically generalizable to bigger group settings. More
specifically, studies conducted in natural settings such as classrooms
which possess high ecological validity but varying group sizes should
report on the subsample sizes and account for them in analyses.

Future research should expand upon the framework we used and
focus on the interaction between hitherto well-established instructional
design messages such as task features that promote learning and the
interplay with the presence of others. Instructional designs that work in
single or small groups might become ineffective in large groups. Or, put
the other way round, can a beneficial instructional design compensate
for the detrimental effects of a physical learning environment? We
therefore encourage other researchers to expand upon this study with a

larger sample and systematic variations of other variables, such as re-
levant features of the physical environment and learner characteristics,
to complement our findings with higher order interaction analyses.
More research focusing on the whole model, instead of isolated effects,
could contribute to refining the CLT model.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.chb.2019.06.016.
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