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A B S T R A C T

This article explores the dynamics of collaborative learning in the classroom from the perspective of the com-
monalities and interdependence in the degree of physiological activation from the sympathetic nervous system
(i.e., sympathetic arousal) of group members. Using Empatica E4 wristbands, electrodermal activity—to derive
arousal—was measured in 24 high school students working in groups of three (i.e., triads) during two runs of an
advanced physics course. The participants met three times a week over six weeks for lessons of 75min each.
Most of the time (≈60–95% of the lesson) the triad members were at different arousal levels, and, when they
were on the same level, it was mainly the low arousal (or deactivated) level. Less than 4% of the time were the
triad members simultaneously in high arousal. Possible within-triad arousal contagion cases (71.3%) occurred
mostly on a one-to-one basis and with a latency from within a few seconds up to 10min, but usually within
1min. This study supports the view that only small parts of group work are collaborative, as far as the syn-
chronicity and coordination which collaboration presupposes. Although exploratory, results also illustrate the
affordances of physiological measures to characterize collaborative processes.

1. Introduction and theoretical background

National education systems increasingly emphasize collaborative
pedagogies (e.g., project-based and task/problem-oriented learning) in
their curricula so that students develop the collaboration skills needed
to thrive in both their academic life and future workplace (OECD,
2017). Collaboration promotes greater learning outcomes if it is prop-
erly implemented (cf. Johnson & Johnson, 2002), the individuals are
committed to the process, and the task is group worthy (Kirschner,
Sweller, Kirschner, & Zambrano, 2018). If improperly implemented,
collaboration is not always effective, and actual collaboration will only
occur in specific phases of group work (Baker, 2015). Hence, studying
collaboration metrics which could assist in distinguishing effective from
ineffective or even counterproductive collaboration is of great interest
(Barron, 2000; Vogel & Weinberger, 2018).

The complex processes of collaboration present a challenge for
consistent, accurate, and reliable measurement across individuals and
across user populations (OECD, 2017). Measuring collaborative pro-
cesses most often relies on the analysis of the communication among

group members (Sawyer, 2013). Communication provides a window
into the cognitive and social processes related to collaborative skills,
such as grounding, mutual goal establishment, progress toward goals,
negotiation, consensus, sharing perspectives, social states, and judging
the quality of solutions generated (Kuhn, 2015). However, conversa-
tional processes alone do not explain the effects observed in colla-
borative learning (Dillenbourg, Baker, Blaye, & O'Malley, 1996). To
properly understand the collaborative process, it is also necessary to
take into account the features of non-verbal communication which are
integral to the collaboration process, such as physiological responses,
bodily posture, gestures, etc. (Baker, 2015).

In particular, physiological measures can provide continuous in-
formation about participants' cognitive-affective states through their
level of arousal, including those states which are outside of awareness
and may not be readily observable (Di Mitri, Schneider, Specht, &
Drachsler, 2018; Thorson, West, & Mendes, in press). In general, arousal
refers to the degree of physiological activation and responsiveness
triggered by an event, object, or situation, during a person's interaction
with the environment (De Lecea, Carter, & Adamantidis, 2012; Juvina,
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Larue, & Hough, 2017). Arousal, however, is a complex physiological
response manifested in a variety of bodily systems (e.g., the cardio-
vascular, electrodermal, muscular, hormonal, and immune systems)
(Cattell, 1972; Schwartz, Collura, Kamiya, & Schwartz, 2017), which do
not necessarily show similar patterns (Lacey, 1967). Accordingly, dif-
ferent types of arousal have been recognized in the literature (e.g.,
sympathetic, electrocortical) (Frijda, 1986). This paper focuses on
sympathetic arousal, sometimes hereinafter simply referred to as
arousal, due to its connections to cognitive-affective processes
(Critchley, Eccles, & Garfinkel, 2013; Pecchinenda, 1996; Spangler,
Pekrun, Kramer, & Hofmann, 2002), and its accessibility via electro-
dermal activity (EDA) as a proxy (Boucsein, 2012); a measure with a
long history used extensively in psychophysiological research (Dawson,
Schell, & Filion, 2017; Kreibig, 2010). Sympathetic arousal (i.e., acti-
vation of the sympathetic nervous system) is associated with the so-
called fight-or-flight response, as the body anticipates and prepares for
action, either mental or physical (Hanoch & Vitouch, 2004; Poh,
Swenson, & Picard, 2010). As such, sympathetic arousal has cognitive
and affective components (and physical, but that is out of the scope of
the paper). For the cognitive part, there is a close interdependence
between arousal and the cognitive process of attention (Sharot &
Phelps, 2004), which have been suggested as sharing a neural substrate
(Critchley, 2002). For the affective part, arousal is the activation di-
mension of emotion, according to the classical circumplex model of
affect (Russell, 1980; Russell & Barrett, 1999). The fact that colla-
borative work is determined by the neural integration of cognitive,
affective, and physiological responses (Damasio, Tranel, & Damasio,
1991) renders arousal applicable to the study of collaboration.

1.1. Collaborative learning

In terms of learning, the process of collaboration is as important as
the outcome, since the aim is often not only that students properly carry
out a task or reach a correct problem solution, but also that they acquire
the skills to carry out such tasks or tackle such problems more effi-
ciently in the future, whether together or alone, in virtue of the ap-
propriation of a co-elaborated, deeper task-domain conceptual under-
standing (Baker, 2015). Collaboration is said to be conducive to higher
order thinking skills through effective communication (Cohen, 1994).
Collaborative processes thought to be beneficial for learning include,
but are not limited to, knowledge co-construction (Jeong & Hmelo-
Silver, 2016), transactivity or building on each other's reasoning
(Weinberger, Stegmann, & Fischer, 2007), negotiation (Miyake &
Kirschner, 2014), and argumentation (Baker, 2015). Other support
processes are, for example, identifying shared knowledge (Roschelle &
Teasley, 1995), establishing common ground (Reiter-Palmon, Sinha,
Gevers, Odobez, & Volpe, 2017), mutual modelling of the collaborative
partner's knowledge state (Dillenbourg, 1999), and coordinating joint
efforts (Järvenoja, Järvelä, & Malmberg, 2015). All of these processes
implicitly highlight the notion of synchronicity and simultaneity pre-
sumed in collaborative learning, as opposed to cooperative learning
which is characterized by individually solving sub-tasks through divi-
sion of labor (Dillenbourg, 1999). “Joint” and/or “together” are key-
words that the literature consistently employs to define collaborative
learning or associated processes. Such descriptions include (emphasis
added in all cases) “working together” (Cohen, 1994), “mutual en-
gagement of participants in a coordinated effort to solve the problem
together” (Roschelle & Teasley, 1995), the notion of “joint attention as
social cognition” (Tomasello, 1995), partners doing the work together
(Dillenbourg, 1999), “a jointly produced activity” (Enyedy & Stevens,
2014), “an active and joint process” (Baker, 2015), and “working to-
gether toward a shared learning goal” (Jeong & Hmelo-Silver, 2016),
among others. Accordingly, shared team states are regarded as critical
(Reiter-Palmon et al., 2017).

In their classic definition, Roschelle and Teasley (1995) see colla-
boration as a coordinated, synchronous activity resulting from a

sustained attempt to construct and maintain a shared conception of a
problem and the way to its solution. Such coordination and synchro-
nicity are hypothesized to be reflected in physiological commonalities
and to influence the physiological responses of the collaborators
(Palumbo et al., 2017). Accordingly, there is a need to investigate the
characteristics of physiological group responses, such as homogenous
activation levels and simultaneous or sequential physiological changes
(Knierim, Rissler, Dorner, Maedche, & Weinhardt, 2018). Moreover,
physiological metrics of collaboration can be considered universal, as
they are objective indices independent of language and culture. This
study explores collaborative learning from the physiological perspec-
tive of sympathetic arousal. Particularly, it examines arousal direction,
arousal levels (i.e., low, medium, high), and influence in terms of
arousal contagion (i.e., the spread of arousal between group members)
within groups of three (i.e., triads) in a naturalistic collaborative
learning setting.

1.2. Interpersonal physiology

Beginning in the 1950s, social scientists started collecting data from
two or more people in interpersonal interactions to measure common-
alities and interdependence between their physiological states (Thorson
et al., in press), and the body of literature in the field keeps growing
(Palumbo et al., 2017). Two reasons for the increasing popularity of
physiological measures, apart from their affordances, might be, first,
the need for more objective ways to measure cognitive-affective states
(DeLozier & Rhodes, 2017), and, second, the rising availability of
lightweight, non-cumbersome wearable biosensors, such as wristbands
(Swan, 2012). The latter allows for continuous and unobtrusive mea-
sures in ecologically valid learning contexts outside the laboratory. The
growing interest in interpersonal physiology has been ascribed to its
role in early development, language learning, group engagement, social
connection, and group membership (Delaherche et al., 2012; Palumbo
et al., 2017). One specific practical application to group work, for ex-
ample, has been the development of intelligent interruption manage-
ment systems based on a group's arousal levels. It has been found that
presenting task-required additional or updated information during
arousal acceleration results in a significant increase in both task per-
formance and reported collaboration experience, as compared to ran-
domly interrupting the group to provide such information (Goyal &
Fussell, 2017).

Interpersonal physiology is a general term which refers to any ob-
served interdependence or association between two or among more
than two persons' physiologies (Palumbo et al., 2017). In dyads, the
stability and influence model (Thorson et al., in press) considers how a
person's physiology at a certain point in time is predicted by both his/
her own physiology at a prior time point (i.e., the stability effect) and
by the other dyad member's physiology at the prior time point (i.e., the
influence effect). The occurrence of influence implies the existence of at
least an influencer and an influenced in the dyad. This model easily
scales up to groups of any size. The influence is not explained by
physiology itself, as such, but is associated with cognitive-affective
exchanges between or among group members (e.g., one person's heart
rate influencing a partner's heart rate via a verbal outburst of anger)
(Postmes, Spears, Lee, & Novak, 2005; Thorson et al., in press).

In this context of physiological influence, our interest in arousal
contagion has been inspired by the notion of emotional contagion,
given that arousal is the activation dimension of emotions according to
the circumplex model of affect (Russell, 1980). Emotional contagion
theorists define it as the catching of others' emotions, via feedback from
facial and vocal expressions, postures, and behaviors (Hatfield,
Cacioppo, & Rapson, 1994). Arousal contagion helps studying the same
phenomena in groups (e.g., to assess collaboration or leadership)
(Chanel & Muhl, 2015), without the need to distinguish specific emo-
tions, which could result in insufficient discriminant validity, as there
are overlapping traits in different emotions (Pekrun, Goetz, Titz, &
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Perry, 2002). As a degree of physiological activation, arousal is objec-
tively measurable. Moreover, arousal is a concomitant not only of af-
fective processes, but also of cognitive processes. In terms of arousal
contagion as a result of interpersonal influence, this paper explores the
patterns of its occurrence among triad members in collaborative
learning, particularly, the ratio of influencers to those influenced, the
delay in the influence effect (i.e., latency), and the number of influen-
cers.

The variety of methodologies and approaches from different dis-
ciplines are reflected in the number of conceptualizations used in the
study of interpersonal physiology, including but not limited to attune-
ment, concordance, contagion, co-regulation, coupling, covariation,
entrainment, influence, linkage, physiological markers of togetherness,
and synchrony (Thorson et al., in press). Occasionally, these terms
imply conceptual differences in what is being measured or are used to
refer to specific analytic techniques or theoretical approaches, but a
systematic review of the literature shows that this is inconsistent
(Palumbo et al., 2017).

Approaches have looked at, for example, the similarities in the
amplitudes of the signals, their rate of change, their direction of change,
and their linear relationship (i.e., correlation) (Elkins et al., 2009;
Pijeira-Díaz, Drachsler, Järvelä, & Kirschner, 2016). Almost all such
indices are computed pairwise as a direct consequence of their defini-
tion, with the notable exception of directional agreement. Directional
agreement refers to the percentage of the time in which the physiolo-
gical signals of a group of interacting individuals (e.g., in collaborative
learning) are going in the same direction, that is, simultaneously rising,
falling, or staying constant. Obviously, the physiological signals of at
least two individuals are necessary to compute directional agreement,
but there is no limit to the number of individuals it can account for,
which, in addition to its simplicity, makes it a convenient choice. Pre-
vious work has computed directional agreement on the electrodermal
activity (EDA) signal as such (Pijeira-Díaz et al., 2016). Here, taking
advantage of the flexibility and affordances of such indices as discussed,
we use directional agreement applied to arousal (i.e., arousal direc-
tional agreement) as a way to look at the physiological commonalities
of students learning together.

1.3. Interpersonal physiology of collaborating students

Different types of interpersonal relationships have been the focus of
studies on interpersonal physiology, such as parent-child, therapist-
client, individuals in a couple, artist-audience, conductor-choir, friends,
teammates, groups of strangers, etc. (Palumbo et al., 2017). Physiolo-
gical interdependence has been found to be greater, for example, be-
tween individuals who are in a romantic relationship (Sbarra & Hazan,
2008), in psychotherapists who are more empathetic to their clients
(Delaherche et al., 2012), and in game players who report greater
rapport with each other (Noy, Levit-Binun, & Golland, 2015). However,
when it comes to students in a collaborative learning setting, the use of
physiological data has received little attention, as evidenced by only
two papers found in a recent systematic review of the literature in-
cluding all publication dates through November 2015 (Palumbo et al.,
2017). Early examples are found in the work of Kaplan and associates in
the 1960s, which explored sympathetic arousal in relation to the af-
fective orientation between group members in either dyads or four-
person groups of medical and nursing students (Kaplan, 1967; Kaplan,
Burch, Bedner, & Trenda, 1965; Kaplan, Burch, Bloom, & Edelberg,
1963). Four decades later, sympathetic arousal commonalities were
explored in dyads of college students in terms of nonlinear dynamics
and linkage effects (Guastello, Pincus, & Gunderson, 2006). Physiolo-
gical commonalities in emotion management and convergence during
collaborative processes have been explored at the dyad level using a
variety of physiological responses and measures such as electro-
cardiography, respiration, EDA, temperature, and eye-tracking (Chanel,
Bétrancourt, Pun, Cereghetti, & Molinari, 2013). More recently,

physiological commonalities in relation to cognitive and affective states
(e.g., mental workload, emotional valence) during a pair-programming
task in a classroom environment have been studied using electro-
cardiography and EDA (Ahonen, Cowley, Hellas, & Puolamäki, 2018;
Ahonen et al., 2016). All these previous studies focus on physiological
responses from the autonomic nervous system, which can be measured
more cheaply, quickly, and unobtrusively than those of the central
nervous system, and are more easily interpreted (Novak, Mihelj, &
Munih, 2012). Nonetheless, using portable technology in a high school
classroom during 11 lessons, commonalities in electroencephalogram
signals have been suggested to predict group engagement and social
dynamics (Dikker et al., 2017). None of the studies focused on triads as
the unit of analysis.

The dyadic nature of some of the relationships studied in general
interpersonal physiology (e.g., therapist-client and couples), together
with the greater availability of pairwise physiological indices, might be
among the reasons why interpersonal physiology has predominantly
focused on dyads as units of analysis (Delaherche et al., 2012). How-
ever, the general dynamics of triads and larger groups are different to
that of dyads. For example, dyads cannot form coalitions, have no
newcomers or old-timers, nor can there be majority/minority influence
in dyads. Also, negotiation and conflict (i.e., argument) are more
complicated in triads and larger groups (Reiter-Palmon et al., 2017).
When it comes to learning, dyads are often considered to be peer
learning, with real collaborative learning beginning with three or more
participants. Therefore, the focus of this article is on triads.

1.4. Aim

The aim of the research reported here is twofold: first, to explore the
within-triad commonalities of students in collaborative learning from
the physiological perspective of sympathetic arousal (RQ1 and RQ2),
and, second, to study arousal contagion among triad members (RQ3
and RQ4). Arousal contagion involves a ratio of influencers to influ-
enced, which could be one-to-one, one-to-two, or two-to-one in a triad.
The two aims are expressed through the following research questions:

RQ1. What is the arousal directional agreement of triads in colla-
borative learning during a lesson?

RQ2. How often are triad members on the same arousal level (i.e.,
low, medium or high) lesson-wise during collaborative learning?

RQ3. What is the pattern of high arousal contagion among triad
members in collaborative learning in terms of the ratio of influencers to
those influenced and the contagion latency?

RQ4. How is the distribution of arousal contagion cases in triads
during collaborative learning in terms of influencers?

2. Method

2.1. Participants

The participants (N= 24) in the study were Finnish high school
students, randomly selected from those enrolled in the regular, elective
Advanced Physics course, which runs twice during the spring term.
Although more students enrolled in the course, the number of partici-
pants selected for the study was dictated by the twelve available
Empatica® E4 wristband sensors (see section 2.2) which enabled the
simultaneous tracking of four triads (i.e., 12 participants) during each
of the two course runs. The gender distribution was six females (25%)
and eighteen males (75%), ranging from 16 to 17 years of age. All
participants were of Caucasian ethnicity. They were high achievers in
the preceding physics course (M=9.0/10; SD=0.6).

After approval for the study was obtained from the relevant ethics
committee, participants were asked to provide informed written con-
sent. Participation in the study was voluntary, and the students could
revoke their consent at any time during the course.

From the 24 participants, eight triads were formed based on the
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principles of gender diversity (Bear & Woolley, 2011) and hetero-
geneity of learning regulation profiles, for the sake of between-triad
comparability. Students were asked to answer the Motivated Strategies
for Learning Questionnaire (Pintrich, Smith, Garcia, & Mckeachie,
1993) as a measure of their self-regulation profile. Based on the ques-
tionnaire score, students were categorized into three statistically sig-
nificantly different groups (F(2, 40)= 41.35, p < .001) of self-reg-
ulation, namely, low, middle, and high. The descriptive statistics of the
questionnaire score for the different groups are provided in Table 1.
With this information, seven of the eight triads were formed with one
student from each of three self-regulation categories, and one triad
(triad 1) consisted of one high and two low self-regulating students. As
for gender distribution, six triads had one female and two males, and
the remaining two triads (triads 3 and 6) were composed of three males.

2.2. Materials

Empatica® E4 wristbands (Empatica Inc., Cambridge, MA, USA)
were used to record EDA continuously and unobtrusively during the
two course runs. In contrast to lower-accuracy, consumer-oriented
wristband sensors available on the market—typically for fitness track-
ing—the E4 is a research quality multi-sensor wristband (Garbarino,
Lai, Tognetti, Picard, & Bender, 2014), and is therefore significantly
more expensive, which limited the number at our disposal to twelve.
The wristband embeds four sensors—EDA, photo-plethysmograph,
thermometer, and accelerometer—and has two mutually exclusive
modes of operation: Bluetooth streaming and internal memory re-
cording. The latter was chosen as more suitable for offline processing,
given our exploratory intentions. The streaming mode, on the other
hand, offers potential for real-time applications, such as for biofeed-
back, learning dashboards, or intervention flags. The E4 wristband EDA
sensor uses the exosomatic method, which measures skin conductance
in microSiemens (μS) by applying a small external current (Edelberg,
1967). The sampling frequency of the EDA sensor is 4 Hz (i.e., four
samples per second).

2.3. Procedure

The Advanced Physics course was selected to explore arousal in the
classroom because it is elective and rated by the teachers as difficult, a
combination which potentially could raise the level of sympathetic
arousal. That the course is elective enables making the assumption that
the students taking the course are interested in the topic, since it is their
own choice. Interest invites attention and engagement, both positively
correlated to arousal. Once the students are engaged in their learning,
difficulty increases cognitive and emotional arousal.

The course has a frequency of three 75min lessons weekly. In all,
the course consists of 18 lessons. Lesson topics include, among others,
waves, interference, dispersion, and geometrical optics. In general, the
lessons begin with a theoretical part—the teacher's explanation of the
topic––followed by a collaborative practical consisting of either paper-
and-pencil problems or hands-on experiments. For this study, in the
practical part, students put the learned physical theories, laws, and
principles to the test in triads, and the participants remained in the
same triads for the duration of the course.

The classroom temperature was kept constant at 23 °C to avoid

thermoregulatory interference with the psychological EDA measure-
ment (Boucsein, 2012). This did not require any intervention, as it was
the standard thermostat setting in the school.

Students were instructed to wear the E4 wristband on their non-
dominant hand in order to reduce the effect of movement artefacts
(Boucsein et al., 2012), and to adjust the wristband strap neither loosely
nor tightly so that the electrodes made proper but not excessive contact
with the skin which would result in a pressure artefact (Edelberg,
1967). They put the wristband on at the beginning of the lesson and
took it off at the end.

The attendance average (i.e., average number of participants pre-
sent in each course lesson) was 10.9/12 (SD=1.3) students for the first
course run, and 10.5/12 (SD=1.3) students for the second.

3. Analysis

Arousal at a certain time instant (with a resolution of 250ms, the
sampling interval of the sensor) was operationalized as the count of skin
conductance response (SCR; peak in the EDA signal) onsets during the
previous min.

Ledalab (version 3.4.9; http://www.ledalab.de/) software, based on
MATLAB (The MathWorks, Inc., Natick, MA, USA.), was used for EDA
signal processing as recommended by the wristband manufacturer
(Empatica Inc., 2015). The Ledalab algorithm assumes raw, unfiltered
data as the input for decomposition analysis and feature extraction of
the EDA signal (Benedek & Kaernbach, 2010). Therefore, no signal pre-
processing, such as cleaning or filtering, was performed on the EDA
signal as obtained from the wristband sensor.

Continuous decomposition analysis (Benedek & Kaernbach, 2010)
was used for extracting SCRs (peaks), as it enables separate detection of
superimposed responses. This is important to obtain an unbiased
measure since, more often than not, a subsequent SCR occurs during the
decay of a previous one. In addition, one must decide on the amplitude
threshold beyond which a change in conductance will be considered an
SCR. A choice was made for 0.05 μS, which is the customary minimum
amplitude used in EDA research (Braithwaite, Watson, Jones, & Rowe,
2015; Dawson et al., 2017).

After continuous decomposition analysis, onsets for each individual
SCR were obtained in Ledalab. Onsets served as the basis to subse-
quently calculate the SCR frequency minute-wise, using a moving
window approach with a window width of 1min and a moving step of
250ms—the sampling interval of the sensor. Thus, the SCR frequency
during the lesson was obtained for every time instant (resolution of
250ms) after the first min of the lesson, as it corresponded to the
number of SCR onsets in the previous min. Since no amplitude measure
was considered, no correction in the form of standardization was
needed for comparison across individuals.

SCR frequency was used to categorize arousal into low, medium,
and high levels. Typically, a frequency of 1–3 ppm (peaks/min) occurs
at rest (Dawson et al., 2017, p. 225), and, as frequency increases with
the arousal level, values higher than 20 ppm are interpreted as high
arousal (Boucsein, 2012, p. 222). Accordingly, frequencies of up to
3 ppm were labelled as low arousal, from 20 ppm up were labelled as
high arousal, and anything between these two values was labelled as
medium arousal.

Using the minimum of 1 ppm as the worst case, we discarded from
the analysis all the EDA recording sessions where the total number of
SCR detected was less than 1 ppm times the lesson duration in min. In
that way, we automatically excluded sessions where improper elec-
trode-skin contact, due to wristband maladjustment, basically led to the
measurement of noise rather than actual EDA signal. This devised
technique served as a convenient aid to the manual visual inspection,
recommended as the starting point for EDA analysis (Braithwaite et al.,
2015). As a result, 137/420 (33%) of the EDA recording sessions were
discarded as noisy. Additionally, 46/420 (11%) of the recording ses-
sions were missing due to absent students, leaving 237/420 (56%) as

Table 1
Descriptive statistics of the motivated strategies for learning questionnaire
score.

Self-regulation profile M SD

Low 111.7 12.8
Middle 139.5 5.6
High 156.3 18.3
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valid EDA recording sessions. This is similar to that reported by Arroyo
et al. (2009) from a study also using biosensors in a high school science
classroom. Unfortunately, only 18 cases (corresponding to 18×3=54
recordings) were found from such valid recordings where valid EDA
data were available for all members of a triad in a certain lesson.
Therefore, 54 (13% of the 420 nominally expected recordings, and 23%
of the 237 valid ones) of the EDA recording sessions were used to an-
swer the research questions, since triads are the unit of analysis of this
study. In the final sample for analysis, 7/8 triads (no data for triad 5 in
any lesson) and 15/35 lessons were represented.

The computation of arousal directional agreement (for RQ1) was
based on the slopes of the trend lines. Similar to how arousal itself was
computed, a moving window of 1min was used to obtain a trend line of
arousal every 250ms. The minute-wise arousal trend line was calcu-
lated using the polyfit function of Matlab. The sign of the slope of each
trend line served as the direction for each instant, namely, upward
(+1), constant (0), or downward (−1). Finally, again using a moving
window of 1 min with a step of 250 ms, the arousal directional
agreement for each triad at every particular instant was computed as
the percentage of the previous min in which all triad members' arousal
was going in the same direction.

For RQ2, the triad members' arousal levels (different, same: low,
same: medium, and same: high) are straightforward from the categor-
ization as low, medium, or high of the minute-wise arousal obtained
every 250ms for each member.

To study high arousal contagion (RQs 3 and 4), the duration of each
high arousal interval was marked at the beginning of the interval. For
each interval, it was determined if, within it, some other triad member
(s) reached the level of activation of high arousal (influencer point of
view, potential arousal contagion), and, if so, at which latency (i.e.,
time elapsed from the interval start to a triad peer's high arousal in-
terval start). It was also determined how many triad peers could have
caused it via arousal contagion (influenced point of view), if any.

After the meticulous analysis above described, the results presented
in the next section were obtained.

4. Results

4.1. Research question 1

Table 2 lists the descriptive statistics of each triad's arousal direc-
tional agreement for the lessons where valid data are available for all
triad members. Arousal directional agreement is computed on a min

basis, following a moving window approach. In this way, a value is
computed for the previous min every 250ms, the sampling interval of
the EDA sensor. Total disagreement (0%), as well as high values of
agreement, occurred in all the lessons, and, in half of them, maximum
agreement (100%) was reached. On average, arousal directional
agreement was below 30%.

Fig. 1 shows the distribution of all the computed min arousal di-
rectional agreement. The frequency of total disagreement (0%) is 55
times that of total agreement (100%), which is the next most common
value. In between, the figure shows how the full range is covered with a
tendency of frequency increasing toward low agreement (right to left).

Fig. 2 displays, as an example, the evolution of arousal directional
agreement for triad 1 during lessons 8, 9, and 11. The figure shows how
the visualization of this indicator resembles a succession of peaks. In
some particular moments of the lessons, arousal directional agreement
increases in the triad, reaching the maximum in two of the three les-
sons, with a tendency of returning to a total disagreement level (0%). It
is also visible that full agreement occurs in some cases instantaneously
(e.g., see encircling A), while, in others, it persists for a few min (e.g.,
see encircling B).

4.2. Research question 2

After looking at the directional agreement of arousal in the triad
members, the commonalities in the level of arousal of the triad were
inspected. These are summarized in Table 3. Most of the time (from
about 60 to 95%) triad members were at different arousal levels, and
when they were at the same level, it was mainly low arousal (or de-
activated), followed by medium and high simultaneous arousal. The
results show that, in a very small percentage of the lessons, the triad is
simultaneously in a state of activation (whether medium or high
arousal). Moreover, simultaneous high arousal never occurred for half
of the triads.

Table 2
Descriptive statistics of triads' arousal directional agreement.

Triad Lesson Course run Min arousal directional agreement (%)

Min Max M SD

1 8 1 0 86 12 20
1 9 1 0 100 26 37
1 11 1 0 100 13 24
2 1 1 0 95 13 24
2 10 1 0 86 2 10
3 9 1 0 86 8 18
3 10 1 0 100 11 23
4 3 1 0 100 28 37
4 7 1 0 89 9 19
4 11 1 0 100 11 23
4 13 1 0 93 11 21
4 18 1 0 100 13 24
6 3 2 0 100 24 28
6 9 2 0 99 7 17
6 14 2 0 100 7 18
6 17 2 0 84 9 20
7 6 2 0 61 4 11
8 2 2 0 100 19 26

Fig. 1. Distribution of triads' arousal directional agreement.

Fig. 2. Example of a triad's arousal directional agreement throughout three
lessons.
Note. Highlighted examples: encircling A for instantaneous full agreement and
encircling B for longer lasting full agreement.
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4.3. Research question 3

This question examines the occurrence and latency of possible
arousal contagion, particularly of high arousal as the most intense ac-
tivation level. Overall, 635 high arousal intervals were found in-
dividually, of which 263 (41%) might have caused or were caused by
arousal contagion. Table 4 lists the results. Possible arousal contagion
cases took place mostly (71.3%) on a 1:1 basis, and 1:2 contagion cases
accounted for about 15%, while cases where two triad members in high
arousal could have brought the third member to that activation level
(i.e., 2:1) through arousal contagion represented almost 14%.

As for latency, cases of possible arousal contagion were found to
occur from within a few seconds up to close to 10min. As displayed in
the histogram of Fig. 3, the chances of contagion tend to decrease as
time goes by, with most of it happening within 1min.

4.4. Research question 4

Based on the data of possible arousal contagion cases, the triad
members acting as influencers were examined, as summarized in
Table 5. The results show how, in some cases, there is a predominant

influencer in the triad from whom the arousal contagion arises (e.g.,
student 3 in triad 4), or two influencers (e.g., students 1 and 2 in triad
6), while in other cases the arousal contagion is quite evenly originated
from all three members (e.g., triad 8).

5. Discussion

RQ1. Arousal directional agreement is a simple, yet insightful, index
to measure the extent to which team members are moving in the same
direction within the activation dimension. Even though the team is
sitting together in the same classroom situation, sharing the task and
environment, the results reveal that their arousal direction is mostly not
aligned. In general, they move toward activation or relaxation at dis-
tinct moments, probably driven by different outcomes of the cognitive
appraisal process (Critchley et al., 2013). However, although low
agreement seems to be the norm, full agreement (100%) was found to
be the second most common value. The visualization example of Fig. 2
illustrates that, for some particular intervals, one of the triads sustained
a state of full arousal directional agreement for several continuous min
(encircled and labelled B in the figure). Thus, they were completely
attuned, in terms of activation, in those moments. It seems reasonable
to claim that they were truly collaborating, given that collaboration is a
jointly produced activity (Enyedy & Stevens, 2014), an active process
(Baker, 2015), where joint attention is considered paramount
(Tomasello, 1995), and given the close relation between arousal and
attention (Sharot & Phelps, 2004). The same triad, however, did not
make it to full agreement at any other time during an entire lesson.
Similarly, this occurred for half of the cases, with some triads (e.g., two,
seven) never reaching full agreement during the course. These results
are aligned with the review by Kreijns, Kirschner, and Jochems (2003),
showing that, despite the affordances of the classroom for collaborative
learning, including technological support, collaboration does not al-
ways happen, which they ascribed to the social aspects of collaboration
often being taken for granted.

RQ2. Not only were triad members most commonly moving in dif-
ferent arousal directions, but also predominantly functioning at dif-
ferent arousal levels, as the results for RQ2 showed. Students seem to
share moments of relaxation or deactivation when none of the team
members are in a state of activation, whether medium or high. Other
than that, the low percentage of simultaneous medium or high arousal
suggests that, when the team is doing something, the work is being led
or conducted by one or two of the triad members who have been termed
“task doers” or the people who are leading the problem-solving at the
moment (Miyake & Kirschner, 2014). Meanwhile, the other member(s)
is/are less involved or engaged. Collaborative learning, it is known, is
much more than putting students into groups to learn (Johnson &
Johnson, 2002). Since collaboration presupposes “a mostly synchro-
nous interaction,” the results of RQ1 and RQ2 align with the view that,
in general, only certain specific phases of group work are truly colla-
borative (Baker, 2015, p. 455).

RQ3. According to the results, 4 in 10 intervals of high arousal
might result in arousal contagion, meaning that a triad member in high

Table 3
Percent of Lesson Time the Triad are in the same or a Different Arousal State.

Triad Triad members' arousal level (% of lesson time)

Different Same: low Same:
medium

Same:
high

Lessons aggregated
(valid EDA)

1 59.2 39.1 1.7 0.0 3
2 95.0 4.8 0.3 0.0 2
3 71.6 26.7 1.7 0.0 2
4 59.2 39.8 0.8 0.1 5
6 88.5 6.0 3.9 1.6 4
7 64.8 33.7 1.5 0.0 1
8 91.7 3.0 1.4 3.8 1

Table 4
Possible high arousal contagion cases.

Number of
influencers

Number of
influenced

Number of
cases

Percent of cases

1 1 82 71.3
1 2 17 14.8
2 1 16 13.9

Fig. 3. Distribution of arousal contagion latency.

Table 5
Possible influencers among triad members.

Triad Count of possible arousal contagion cases caused by
the different triad members

Lessons aggregated
(valid EDA)

Student 1 Student 2 Student 3

1 0 0 3 3
2 2 1 8 2
3 1 1 0 2
4 3 2 10 5
6 22 22 7 4
7 6 0 1 1
8 4 3 3 1
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arousal (i.e., the influencer) causes a teammate or two (i.e., the influ-
enced) to reach that level of activation (Hatfield et al., 1994). One has
to keep in mind that this ratio serves as an upper boundary, since the
other team member(s) might have come to the high arousal level on his
or her own through mechanisms other than arousal contagion. Not-
withstanding, it seems reasonable to assume that most cases are driven
by contagion, given that the team members are closely working to-
gether, and, although not impossible, it is difficult to isolate oneself in a
collaborative learning setting (Miyake & Kirschner, 2014). Also, the
importance of coordinated and cohesive participation has been re-
peatedly emphasized by collaborative learning research (e.g., Barron,
2000; Kreijns et al., 2003). Thus, most likely, team members might be
influencing one another according to the stability and influence model
(Thorson et al., in press). The fact that the majority of arousal contagion
cases happened on a one-to-one basis suggests that, although there are
three students working (learning in this case) together, the interaction
seems to be mostly between two of the members, not necessarily always
the same two, but between two rather than among the three of them.
Although a priori it would seem more probable that two triad members
in high arousal provoke the third to be highly active, compared to one
provoking the other two to reach a high arousal state, the results
showed that arousal contagion happened quite similarly on a 1:2 basis
(14.8%) as on a 2:1 basis (13.9%).

Provided that arousal contagion occurred, its latency was found to
be relatively short, mainly within the first min. This might suggest that
arousal contagion is most likely to happen if the high arousal cues are
made available early by the triad member(s) at that activation level
(i.e., the influencer). Longer latency values (e.g., from 5 to 10min)
might be explained in a number of ways. On one hand, no visible cue
might be indicating that another team member is at a high arousal level
(Thorson et al., in press). On the other hand, the cue might be visible,
but the appraisal differs at first (e.g., the to be influenced team member
does not see a need to become active at that moment according to the
situation or his/her own motivation to participate), and the situation
might be reappraised a few min later (e.g., due to a persistent cue or a
situation change) (Koole, 2009).

RQ4. When looking at who in the triad is causing the potential
arousal contagion (i.e., the group influencer(s)), evidence of all profiles
which could be expected was found, namely, arousal contagion being
led by one or two in the triad, and a distributed leadership with all three
members quite evenly responsible for arousal contagion. These results
highlight the distinct dynamics of collaborative learning (cf. Enyedy &
Stevens, 2014; Miyake & Kirschner, 2014) unfolding in different triads.

Triads with a predominant influencer are aligned with reports of
systematic inequalities in participation during collaborative learning,
which have been ascribed, among other factors, to differences in self-
efficacy (Cohen, 1994). Self-efficacy influences thought patterns, ac-
tions, and arousal (Bandura, 1982). The predictive power of self-effi-
cacy beliefs on students' academic functioning has been extensively
verified (Zimmerman & Schunk, 2003). However, given that the sample
is composed of high achievers, it is reasonable to presume high self-
efficacy in all participants. Therefore, self-efficacy alone does not seem
to explain the cases of a clear triad influencer. Although students
working together are assumed to be equals in terms of their statuses and
rights to intervene in the interaction, they are rarely equals in terms of
other relevant social and cognitive characteristics (Baker, 2015).

Triads with two predominant influencers might be indicating that
the third student has been left out, as sometimes happens in colla-
borative learning (Miyake & Kirschner, 2014), or that he/she has dis-
engaged from the group work (Azevedo, 2015). It is known that low
achievers progressively become passive when collaborating with high
achievers (Dillenbourg et al., 1996). The fact that in the study all the
students were high achievers may suggest that what is important for the
group dynamics in this sense is not the absolute level of achievement,
but that relative to the other group members.

Balanced triads in terms of influencing members seem to be the

ideal theoretical case where all members have comparable roles and are
more likely to benefit from the collaboration in a similar proportion
(Kuhn, 2015; Resnick, 1991). The results suggest that such triads have
reached equity in interaction, a state which is desirable to ensure
(Cohen, 1994). In addition, by similarly influencing one another among
the triad members, they seem to have reached positive inter-
dependence, one of the basic elements of productive and truly colla-
borative group work (Johnson & Johnson, 2002).

5.1. Implications

If not properly implemented, collaborative learning has been shown
to be ineffective and even counterproductive (Barron, 2003). Colla-
borative skills require training, as research shows that they are not an
automatic consequence of group work (Cohen, 1994). Consequently, an
interest in developing metrics to help distinguishing effective from in-
effective collaboration, sometimes called collaborative learning analy-
tics, has risen in educational psychology, so that they could be used in
training (Kreijns et al., 2003; Wise & Schwarz, 2017). Few instruments
in educational psychology capture joint action, and there is a need to
provide accounts of interactions that capture the dynamic interplay in
collaborative learning (Barron, 2000). The results of this study provide
an insight into interaction indicators related to sympathetic arousal,
such as direction, level, and contagion, at the triad level in the natur-
alistic setting of a high school physics course. Such variables and
methods here studied, with potential for real time actionable metrics,
provide an alternative or complement to expensive microgenetic
methods characterizing verbal interactions, which are time consuming
and do not scale up well (Wise & Schwarz, 2017). The instantaneous
characterization of interactions according to parameters such as com-
monalities and influence among peers could help to detect fluctuations
in attention and coordination in the classroom, features of interaction
that are not often described in research on collaborative learning pro-
cesses (Barron, 2000), as well as providing criteria for optimization of
and interventions on group formation (Ahonen et al., 2018), and as-
sisting in the iterative design of tasks which lead to actual group work
rather than to alternating task-doers or division of labor.

The theoretical constructs and methods employed in collaborative
learning research often neglect time and sequence factors, which is
particularly critical for groups working together over weeks and
months, as is often the case in academic settings (Reimann, 2009).
Computational methods such as physiological computing (Fairclough,
2009), given their high granularity, time resolution, and process or-
ientation, offer particular promise for the theorization of the ways in
which collaboration unfolds over time, by facilitating the identification
of common and consequential sequences of events (Wise & Schwarz,
2017). This study represents a step in such direction, by providing
evidence from the physiological perspective of sympathetic arousal.

It has been argued that groups should become aware of their in-
terpersonal and collaborative processes as they work and take time to
discuss how they are doing as a group (Cohen, 1994). To that extent,
arousal commonalities and contagion indicators can be provided as
feedback on online learning environment dashboards to students and/
or teachers, to support awareness of how attuned the group is (cf. Sanna
Järvelä et al., 2015), and use it as a trigger for reflection on whether
adaptations are needed. To date, such learning-supporting dashboards
have largely focused on log data, although the affordances of physio-
logical measures have been acknowledged (Schwendimann et al.,
2017). In fact, some recent developments demonstrate how physiolo-
gical measures can be collected, processed, and visualized on learning
analytics dashboards (Schneider, Di Mitri, Limbu, & Drachsler, 2018).
However, most of these physiological data supported dashboards purely
focus on individual learner feedback (Di Mitri et al., 2018). Dashboards
for collaborative learning supported with physiological data are only
available on a conceptual level (Praharaj, Scheffel, Drachsler, & Specht,
2018). But the findings from this article can contribute to designing
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such collaborative dashboard by suggesting relevant indicators such as
arousal commonalities and contagion.

5.2. Limitations

The number of E4 wristbands available limited the number of triads
(N=8) we were able to track. Furthermore, the triad data available for
analysis were reduced due to absence of students or the limited quality
of the EDA sensor recordings caused by too tight or too loose wristband
contact with the skin. When using triads as the unit of analysis, those
factors are more significant since problems in the data of a triad
member translate into the inability to use the data of the other two
members, as the triad data would be incomplete. As discussed in section
3, in practice, the study was able to use 23% of the valid EDA recording
sessions. Although the nature of this paper is exploratory, conclusions
would have been stronger had data from all triads in all lessons been
valid. Further technological developments are needed to detect in real-
time the poor quality of the wearable biosensor recordings due to
maladjustment so that the amount of data discarded is minimized (Di
Mitri et al., 2017).

Nonetheless, the method used is strong in terms of its theoretical
grounding, the ecological validity and the duration of the data collec-
tion. Naturalistic designs are still rare in studies of interpersonal phy-
siology (Ahonen et al., 2018; Dikker et al., 2017). To answer the re-
search questions, data was collected during two runs of an 18-lesson
physics course, each lesson lasting 75min. Physiological data collection
for previous related studies has lasted, for example, five sessions of
45min each (Kaplan, 1967; Kaplan et al., 1963), two consecutive 20-
min sessions (Kaplan et al., 1965), 20min (Guastello et al., 2006),
45 min (Chanel et al., 2013), 60min (Ahonen et al., 2016), 90min
(Ahonen et al., 2018), and in the longest duration to the best of our
knowledge, 11 classes of 50-min each (Dikker et al., 2017).

It is known that gender plays a role in collaboration (Bear &
Woolley, 2011), and that same gender structure is desirable when
comparing group measures based on EDA (Boucsein et al., 2012). Un-
fortunately, due to the predominantly male gender of the students en-
rolled in the course, it was not possible to compose all triads with the
same gender composition, having six triads with one female and two
males, and two triads composed of three males. Nonetheless, clear ef-
fects of gender in psychophysiological studies have been elusive
(Cacioppo & Tassinary, 1990). Research using electrocardiography
and/or EDA measures has reported largely comparable responses in
men and women resulting in gender having only a small effect
(Neumann & Waldstein, 2001), and in other cases has deliberately ex-
cluded gender from analysis after initial examination of results, due to
inconsistent effect on the variables (Simo Järvelä, Kivikangas, Katsyri,
& Ravaja, 2014). Therefore, the reportedly small and inconsistent effect
of gender mitigates this limitation.

Finally, the fact that the study was conducted with a student po-
pulation of high achievers must be considered when it comes to ex-
ternal validity or generalizability of the results to a more heterogeneous
sample.

6. Conclusions

This paper explored both symmetrical (i.e., the commonalities in the
direction and level of arousal in a triad) and asymmetrical (i.e., the
phenomenon of arousal contagion inspired by the notion of emotional
contagion) physiological aspects in terms of sympathetic arousal,
during collaborative learning in the naturalistic setting of the class-
room. The study benefited from the affordances of a biosensor wrist-
band for unobtrusive and continuous measurement of EDA to index
sympathetic arousal as a degree of physiological activation, which is
one of the dimensions of emotion in the circumplex model of affect and
is closely interdependent with the cognitive process of attention. Given
the synchronicity and coordination presupposed in collaborative

learning, including joint attention, the results provide evidence for the
claim that only certain specific phases of group work are truly colla-
borative. The predominance of arousal contagion on a one-to-one basis
(over 70%) suggests that the strongest interactions, including influence,
occur mostly at a pair level, even if the team is bigger, a triad in this
case. In addition, the study illustrates the potential of physiological
measures to enrich and strengthen research on collaborative learning,
by exploring a new form of data using a computational approach with
high granularity to characterize the process, which is significantly less
labor-intensive than traditional approaches, such as conversation and
video analyses, and offers affordances which are all welcome and
needed in the field (Wise & Schwarz, 2017). Furthermore, the article
provides evidence of promising indicators that could be used in learning
analytics dashboard to gain new insights into and reflect upon colla-
borative learning processes.

This exploratory study has provided an ecologically valid picture of
group dynamics in terms of arousal direction, level, and contagion
among triad members during collaborative learning. However, quali-
tative studies are needed to further characterize and understand the
variations here described, in terms of why a triad reaches full agree-
ment in one lesson but not in another and what situations cause triad
members to sustain full arousal directional agreement during several
min.
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