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Abstract

Low arousal states (especially boredom) have been shown to be more deleterious to

learning than high arousal states, though the latter have received much more atten-

tion (e.g., test anxiety, confusion, and frustration). Aiming at profiling arousal in the

classroom (how active students are) and examining how activation levels relate to

achievement, we studied sympathetic arousal during two runs of an elective advanced

physics course in a real classroom setting, including the course exam. Participants

were high school students (N = 24) who were randomly selected from the course pop-

ulation. Arousal was indexed from electrodermal activity, measured unobtrusively via

the Empatica E4 wristband. Low arousal was the level with the highest incidence (60%

of the lesson on average) and longest persistence, lasting on average three times lon-

ger than medium arousal and two times longer than high arousal level occurrences.

During the course exam, arousal was positively and highly correlated (r = .66) with

achievement as measured by the students' grades. Implications for a need to focus

more on addressing low arousal states in learning are discussed, together with poten-

tial applications for biofeedback, teacher intervention, and instructional design.

KEYWORDS
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1 | INTRODUCTION

Students learn not by passively listening to teachers but by actively

expanding their own knowledge structures as they interpret and inte-

grate new experiences, based on their prior knowledge (Scardamalia &

Bereiter, 2014). Learning is a multifaceted, active process involving

cognitive, affective, and social aspects that leave a “physiological foot-

print,” namely, an increase in the bodily activation levels known as

arousal, which can be measured. In general, arousal refers to the

degree of physiological activation and responsiveness triggered by

an event, object, or situation, during people's interaction with the

environment (De Lecea, Carter, & Adamantidis, 2012; Juvina, Larue,

& Hough, 2017). Also, seeking high arousal or avoiding boredom is a

human goal (Boekaerts, de Koning, & Vedder, 2006).
wileyonlinelibrary.co
In learning, arousal is a particularly desirable goal, because it

accounts for cognitive and/or affective activation of learners, which

is a requirement for learning, as learning has been shown to be the

most effective when it is active. In his classic article, Hebb (1955) pro-

poses that efficient learning is possible only in the waking, alert,

responsive state, in which the level of arousal is high. He emphasizes

“no arousal, no learning.” Empirical research shows that, for learning

to be effective, it requires the active participation of the learner (Bjork,

Dunlosky, & Kornell, 2013).

Despite what we know about arousal as a physiological concomi-

tant of cognitive and affective processes, studying arousal and its

physiological markers during learning is neither well known nor exten-

sive in the learning sciences, which have primarily utilized self‐reports

and trace methodologies (Winne & Perry, 2000). There are three
© 2018 John Wiley & Sons Ltdm/journal/jcal 397
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essential reasons for not using physiological data: first, the technolog-

ical equipment needed to collect it; second, a substantial domain‐spe-

cific knowledge base is needed to analyse and interpret it; and, third,

the data from biosensors can be noisy and hard to relate to “tradi-

tional” learning data (Palumbo et al., 2017).

There is no research available on how often students experience

high arousal in a real classroom setting, how long different levels of

activation last, and to what extent different learning facets (e.g., task

domain knowledge, mood, motivation, or group functioning) contrib-

ute to them. So far, researchers looking at the arousal dimension in

learning processes have focused on the detection of students' emo-

tional states and the relation of their arousal levels to their achieve-

ment (Gillies et al., 2016). However, attempting to categorize the

rich diversity of academic emotions in nonoverlapping ways may result

in insufficient discriminant validity (Pekrun, Goetz, Titz, & Perry,

2002). Therefore, the use of arousal as the activation dimension pro-

posed in the circumplex model of affect (Russell, 1980) provides a

more general and less compromised indicator which still captures an

important dimension of affect (activation; see Figure 1). Moreover,

arousal reflects cognitive processes, as well.

This study builds on the notion that learning is an active process

involving cognitive and emotional processes and that arousal is a phys-

iological component of those processes. We look at learning activa-

tions from a physiological perspective. The approach chosen is

necessarily exploratory due to the lack of studies characterizing

arousal in the ecologically valid setting of an actual class. We profile

sympathetic arousal in the classroom during two runs of an elective

advanced high school physics course. Moreover, we examine its rela-

tion to performance on the course exam.

Next, we present the theoretical framework for the paper. We

start by discussing the connection of arousal to cognitive and affective

processes, followed by the close link that such connection creates in

turn between arousal and performance. We then situate arousal in

the naturalistic scenario for formal learning we are interested in, the

classroom, by providing some related work and gaps identified in the

literature of arousal in the classroom and during examinations.

Because arousal is a complex response involving several physiological
FIGURE 1 Cognitive‐motivational model on the effects of emotions,
characterized by arousal and valence. Based on Pekrun et al., 2002
systems and operationalizations, we finalize our theoretical framework

with the rationale behind using particularly the electrodermal system

as the gateway to sympathetic arousal.
2 | COGNITION, AFFECT, AND AROUSAL

Arousal, the degree of physiological activation, originates from cogni-

tive, affective, and/or motor drivers (Critchley, 2002; Poh, Swenson,

& Picard, 2010). In turn, changes in arousal inform cognitive processes

(Critchley, Eccles, & Garfinkel, 2013), emotions (Schachter & Singer,

1962), and behaviours (Damasio, Tranel, & Damasio, 1991). The for-

mation of students' self‐efficacy beliefs relies partly on their arousal

states (Bandura, 1982), and events of motivational significance elicit

automatic changes in arousal (Critchley et al., 2013).

On the cognitive side, the notion of arousal has been related to

cognitive processes such as attention, memory, and decision making

(Dawson, Schell, & Filion, 2017). Empirically, arousal has been shown

to increase with attention in relation to eye‐catching, engaging stimuli,

and attention‐demanding tasks (Poh et al., 2010). Such a relationship

might be explained by indications from clinical studies that a common

neural substrate may be shared by arousal and attention mechanisms

(Critchley, 2002). Emotionally arousing incidents and stimuli have

been demonstrated to be much better remembered than those with-

out emotional relevance (Marchewka et al., 2016). The representation

of bodily changes in arousal may mediate the feeling of knowing

ascribed to some familiar memories (Garfinkel, Critchley, & Pollatos,

2017). Arousal can influence memory encoding by modulating the

selectivity of attention and then increasing attentional time on the

arousing stimuli, thus, delaying disengagement (Fox, Russo, Bowles,

& Dutton, 2001).

On the affective side, the classic cognition–arousal theory of

emotion claims that emotional states are states of arousal whose

labelling (e.g., boredom, anxiety, and enjoyment) is determined by

the cognitive appraisal of the emotive stimulus (Schachter & Singer,

1962). The circumplex model of affect (Russell, 1980) characterizes

emotion as bidimensional in an arousal‐valence space (see Figure 1).

The arousal axis (vertical) represents a continuum from deactivation

to activation (bottom‐up), whereas the valence axis (horizontal) repre-

sents a continuum from negative/unpleasant to positive/pleasant

(left–right). As represented in Figure 1, building on such a model and

particularizing for academic emotions, the four quadrants of the rect-

angular coordinate axes formed by arousal and valence have been

matched to the quality of students' information processing (i.e., cogni-

tion), as well as to the type of strategies which they unfold (Pekrun

et al., 2002). For example, positive activating emotions elicit flexible,

creative learning strategies, such as elaboration, organization, and crit-

ical evaluation, whereas negative activating emotions, on the other

hand, may default to more rigid strategies, such as simple rehearsal

and use of algorithmic procedures (Pekrun et al., 2002). Note that, in

any case, the use of strategies is better for learning than the shallower,

superficial processing of information characteristic of deactivating

emotions, whether positive or negative.

Boredom, a low arousal or deactivation state, has been shown to

be more deleterious to learning than other cognitive‐affective states
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that have received much more attention, such as anxiety, frustration,

and confusion (Baker, D'Mello, Rodrigo, & Graesser, 2010). As high

arousal (i.e., energized) states, anxiety, frustration, and confusion could

be productive for learning if they are properly regulated, and they

might not even need remediation (Baker et al., 2010). Conversely,

boredom impairs learning by triggering behavioural or mental avoid-

ance strategies when students face tasks which are either not engag-

ing or which exceed their capabilities (Pekrun et al., 2002). Moreover,

boredom is a more persistent state than other negative ones,

whether activating or deactivating (Baker et al., 2010). Therefore,

among the rich repertoire of academic emotions, there is a particu-

larly special need to equip teachers with capabilities to detect bored

students, especially in those acute cases of persistent or recurring

boredom, so that interventions can be made to bring the student

back onto the learning track. Boredom might be addressed, for exam-

ple, by calibrating difficulty or providing more engaging tasks (Bosch

et al., 2015).

The cognitive processes and affective states closely related to

arousal here discussed, obviously, have an impact on performance

too, leading to a transitive relation between arousal and

performance.
3 | AROUSAL AND PERFORMANCE

The relationship between arousal and performance—dictated by the

so‐called Yerkes–Dodson law (Yerkes & Dodson, 1908)—has been

known for over a century. The Yerkes–Dodson law characterizes per-

formance as a function of the arousal level following an inverted‐U

curve. When the arousal level is low, so is performance. As arousal

rises due to increased attention, interest, and engagement, perfor-

mance increases up to a level of optimal arousal for performance at

the top of the inverted‐U shape. If arousal keeps rising to too high

of a level because of excessive stress or strong anxiety, performance

is impaired. Such impairment has been explained through a reduction

of the processing capacity available for cognitive evaluation

(Sanbonmatsu & Kardes, 1988). In the same vein, students with high

levels of test anxiety perform worse on tests, and their overall aca-

demic achievement is lower (Aritzeta et al., 2017). Test anxiety,

located in the high arousal, negative valence area, has been shown

as the academic emotion most often reported by the students and

can reduce working memory resources (Pekrun et al., 2002).

On some occasions, an external agent (e.g., a teacher) needs to

give a team either feedback or additional information required to

complete a task, while the task is being executed. Such an interrup-

tion may lead to a disruption of the work. Interruption‐management

systems based on arousal have been developed, whose results point

to a significant increase in both task‐performance and reported col-

laboration experience, when information was presented during

arousal acceleration, compared with random interruption (Goyal &

Fussell, 2017).

Studies of arousal in relation to performance and to the cognitive

processes and affective states behind performance have been carried

out in a variety of settings. Next, we present some related work and

gaps in the particular cases of the classroom and during examinations.
4 | AROUSAL IN THE CLASSROOM

Though studies of arousal during classroom instruction are rare,

some exceptions follow. Arroyo et al. (2009) used raw electrodermal

activity (EDA) from high school students taking their regular mathe-

matics class during 5 days, to determine their affective states in

combination with self‐reports, a camera for facial expression recogni-

tion, a pressure mouse, and a posture analysis seat. More recently,

Gillies et al. (2016) reported a case study on the in‐class arousal of

sixth graders during a unit of their science curriculum, in relation to

their beliefs and engagement. They determined arousal through

EDA by averaging the signal within time bins. Calderón (2016)

tracked cardiovascular measures of arousal during two science edu-

cation course presentations from two student teachers. However,

to the best of our knowledge, arousal has not been measured

throughout an entire course. Furthermore, studies from some course

sections which employed EDA to determine arousal have not used

the frequency of the skin conductance responses to operationalize

the level of arousal.

When it comes to ecologically valid learning situations, examina-

tions have received much more attention than everyday classroom

lessons, given the special interest on the relation between arousal

and performance. Examinations are challenging situations often

involving stress and anxiety, because they have not only psychological

implications for the students but also practical consequences for their

progress in academic life, as well as their future. Real examinations

may produce different responses than laboratory challenging situa-

tions because individuals evaluate examinations more seriously and

are under more pressure to do well (Spangler, 1997). Learning scien-

tists have long been interested in studying students' responses to

exams (particularly test anxiety) and the implication they have for their

performance (Pekrun et al., 2002). The physiological responses in

examination situations have been studied from the cardiovascular sys-

tem, the endocrine system, and the immune system perspectives

(Spangler, 1997). However, no examination studies have included pure

measures of sympathetic activity (Spangler, 1997), as would be the

case in EDA measures. Moreover, wristband EDA measures are less

invasive and unobtrusive than the endocrine and immune system mea-

surements involving saliva. Furthermore, the analysis of saliva to

assess those physiological responses requires the use of medical labo-

ratory equipment, and, for the wristband EDA measures, once the

recording is done, the analysis is carried out using computer software.

This study looks at the sympathetic arousal (as indexed by the electro-

dermal system next discussed) during a real exam and its relation to

students' performance.
5 | EDA: THE GATEWAY TO SYMPATHETIC
AROUSAL

As a complex response, arousal manifests through a variety of central

(i.e., electrocortical), motor (i.e., muscle tension), autonomic (e.g.,

sweating, heart rate, and blood pressure), and endocrine (i.e., hor-

monal) responses (American Psychiatric Association, 2000). In this

study, we focus on sympathetic arousal, that is, arousal from the
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sympathetic branch of the autonomic nervous system, as measured

through EDA.

Two types of arousal are distinguished based upon their measure-

ment techniques: perceived arousal and physiological arousal

(Reisenzein, 1983). Perceived arousal is measured through question-

naires, whereas physiological arousal is measured by means of biosen-

sors. In particular, physiological arousal is determined through EDA

(Edelberg, 1967), heart rate (Kreibig, 2010), electroencephalography

(Hanoch & Vitouch, 2004), and pupilometry (Marchewka et al.,

2016), among other techniques. For this study, we chose physiological

measures of arousal because they are objective, in contrast to subjec-

tive self‐reporting. From possible physiological measures, a number of

features led to the selection of EDA, also known as galvanic skin

response, although the former term is now preferred (Critchley,

2002; Dawson et al., 2017). First, the electrodermal system is the

only one in the entire body solely innervated by the sympathetic

nervous system (SNS). When it comes to arousal, the interest in

the SNS, in contraposition to the parasympathetic nervous system,

comes from its function of preparing the body for action, whether

physical or intellectual. The SNS is the control system for the so‐

called fight‐or‐flight response, which reflects a state of activation.

Conversely, the parasympathetic branch is responsible for bringing

the body back to homeostasis, the state of equilibrium correspond-

ing to the so‐called rest‐and‐digest response, thus, counteracting

arousal. In other words, EDA is a clean measure of sympathetic

arousal, without parasympathetic interference. Second, EDA has

consolidated its place as a well‐validated and widely accepted mea-

sure, and it is one of the simplest, most readily accessible indicators

of arousal (Critchley, 2002; Neumann & Blanton, 1970). Extensive

research has shown EDA to be one of the most popular bodily

responses used in psychophysiological studies (Dawson et al.,

2017; Kreibig, 2010).

EDA refers to the variations in the electrical properties of the

skin as a result of perspiration. Basically, sweat secretion increases

the skin conductivity because sweat is a good conductor (Poh et al.,

2010). The changes are easily measurable with a properly spaced pair

of electrodes. Perspiration results from either a thermoregulatory

mechanism or a psychological process. Therefore, keeping tempera-

ture constant—23 °C is recommended (Boucsein, 2012)—discards

the thermoregulatory driver and provides access to the psychological

component.

The EDA signal is composed of a slow‐varying component known

as the skin conductance level and a fast‐changing component referred

to as the skin conductance response (SCR; Boucsein, 2012). SCRs,

interpreted as arousal episodes, resemble peaks with a steep incline

for the rising slope and an exponential‐like decay (Benedek &

Kaernbach, 2010b), as modelled in Figure 2.

Common features to quantify arousal from the SCRs are their

count, frequency, amplitude, and area under the curve (Benedek &

Kaernbach, 2010b). The last two are more suitable to examine the

arousal response to a particular stimulus of interest and are more sen-

sitive to individual differences. Therefore, in this study, we use count

and frequency because they characterize the level of activation

through number of arousal episodes, which is what we are interested

in measuring naturalistically in the classroom.
Biosensors in the form of wearable devices, such as wristbands,

increasingly facilitate the collection of physiological data (Schneider,

Börner, van Rosmalen, & Specht, 2015), from where the arousal mea-

sure is then derived. The market availability, enhancement in technical

specifications and adoption rates of these devices are on the rise

(Swan, 2012). Moreover, their comfort of use and portability are

attractive features for research as they allow taking measurements in

the wild, outside of traditional laboratory environments. On the one

hand, this leads to greater ecological validity, whereas, on the other

hand, it affords online, objective, and unobtrusive physiological mea-

surements of learning processes. In such affordances of wearable sen-

sors, we saw a way to reach our aims of an ecologically valid

characterization of arousal in the classroom.
6 | AIMS

The aim of the study is twofold: first, to profile arousal in the class-

room (How active are students?); second, to see how activation levels

relate to performance on exams (i.e., academic achievement). The

research questions are the following:

RQ1. What is the incidence and persistence of arousal levels (low,

medium, and high) in the lessons of a science course?

RQ2. Howmany students are simultaneously in the same arousal state

(low, medium, and high) during the lessons of a science course?

RQ3. To what extent students' perceptions of their task domain

knowledge, mood, motivation, and group functioning explain

in‐class arousal?

RQ4. How does arousal relate to students' academic achievement?
7 | METHOD

7.1 | Participants

The participants (N = 24) in the study were Finnish high school stu-

dents, randomly selected from those enrolled in the regular, elective

Advanced Physics course, which runs twice during the spring term.

The number of participants in the study was determined by the
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Empatica® E4 wristband sensors (see Section 7.2) available, which

enabled us to track 12 students simultaneously during each course

run. The gender distribution was 6 females (25%) and 18 males

(75%), and their ages ranged from 16 to 17 years of age. They were

high achievers in the preceding physics course, obtaining an average

grade of 9.0 out of 10 (SD = 0.6).

Participation in the study was voluntary. An informed written con-

sent was obtained from the students, who could revoke it at any time

during the course. The study was approved by the relevant ethics

committee.
7.2 | Materials

The Empatica® E4 wristband (Empatica Inc., Cambridge, MA, USA)

was used to record EDA continuously and unobtrusively during the

course lessons and exam. Although consumer‐oriented wristband sen-

sors available in the market, typically for fitness tracking, are of limited

accuracy, the E4 is a research quality multisensor wristband

(Garbarino, Lai, Tognetti, Picard, & Bender, 2014) and, therefore, sig-

nificantly more expensive, which limited the number we had at our

disposal (i.e., 12). The wristband embeds four sensors—EDA, photo‐

plethysmograph, thermometer, and accelerometer—and has two

mutually exclusive modes of operation: Bluetooth streaming and inter-

nal memory recording. 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 biofeedback, learning dashboards, or intervention flags. The

E4 wristband EDA sensor—with a sampling frequency of 4 Hz (i.e.,

four samples per second), uses the exosomatic method, which mea-

sures skin conductance in microSiemens (μS) by applying a small exter-

nal current (Edelberg, 1967).

A dedicated online course was created via the Open edX (https://

open.edx.org/) platform to aid teachers in guiding students throughout

the lessons and to facilitate the students' review of the lessons in their

self‐study. The online course was designed according to the traditional

course structure as provided by the teachers (e.g., course content,

additional support learning material, simulations, and videos). Open

edX was chosen because of its customization affordances, as it is open

source software. The students accessed Open edX on the iPads

assigned to them by the school.

To assess student perception of cognitive, affective, motivational,

and collaborative aspects, a survey module was added at the end of

each lesson's navigational menu on the online course. We chose single

items given the limited time available for these measurements in the

naturalistic setting of our study: a real high school course, packed with

content and coursework, including both paper‐and‐pencil tasks and

hands‐on experiments. In this way, and because the survey was to
TABLE 1 Lesson‐wise survey of cognitive, affective, motivational, and co

Facet Question

Task domain knowledge On a scale of 1 (you knew nothing) to

Mood On a scale of 1 (very bad) to 10 (very

Motivation On a scale of 1 (absolutely unmotivate

Group functioning On a scale of 1 (very bad) to 10 (very
be completed in every single lesson, we minimized the impact on the

measurement environment (Winne & Perry, 2000). Although multi-

ple‐item inventories are considered to be more reliable, rating scales

based on single items may be economical and useful under specific cir-

cumstances (Pekrun et al., 2002). The design of the survey was

inspired by the four single‐item assessment devised by Schmitz and

Skinner (1993) for an experiment in a similar setting, a naturalistic

study with data collected in the classroom over 4 months. The

resulting survey was used to obtain the students' ratings on their task

domain knowledge, mood, motivation, and group functioning for their

lessons, based on a 1–10 scale (Table 1).
7.3 | 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 that raises the potential number of SCRs in the EDA

signal (i.e., sympathetic arousal). As it is an elective which the students

themselves choose, we may assume that the students taking it are

interested in the topic. 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 met for three 75‐min lessons weekly. In all, the

course consisted of 18 lessons, plus the exam. Topics of the course

lessons included, amongst others, wave formation and interference,

reflection and refraction, sound waves, speed, and intensity of light.

In general, the lessons began with a theoretical part (i.e., the teacher's

explanation of the topic) followed by a collaborative practical part

with paper‐and‐pencil problems or hands‐on experiments and instruc-

tions and support material in the online environment. In the practical

part, students put the learned physical theories, laws, and principles

to the test in groups of three. The groups remained the same 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 adjustment value 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 as

recommended in the literature and to adjust the wristband strap nei-

ther loosely nor tightly so that the electrodes made proper but not

excessive contact with the skin, which would result in a pressure arte-

fact (Edelberg, 1967). They put the wristband on at the beginning of

each lesson and took it off at the end.

Students answered the survey in the Open edX platform at the

end of each lesson.
llaborative facets

10 (you knew everything), to what extent did you know what to do?

good), how did you feel?

d) to 10 (fully motivated), how motivated were you to do the class tasks?

well), how did your group work?
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7.4 | Collected data

The data gathered for this exploratory study on classroom arousal

involved EDA, the survey ratings, students' demographic information,

and grades (including those for the preceding physics course). On a

nominal basis, 216,000 EDA samples were expected from each lesson

(four samples/second during 75 min from 12 devices;

4 × 60 × 75 × 12). However, some students were absent for some

of the lessons. The attendance average was 10.9/12 (SD = 1.3) for

the first run and 10.5/12 (SD = 1.3) for the second. All students

attended the exam. The total number of EDA samples collected was

6,426,492.
FIGURE 3 Example of single arousal episode and high arousal
interval in an excerpt of skin conductance response signal extracted
using Ledalab from one student in one lesson
8 | ANALYSIS

The software Ledalab (version 3.4.9; http://www.ledalab.de/), based

on MATLAB (The MathWorks, Inc., Natick, MA, U.S.A.), was used

for EDA signal processing as recommended by the wristband man-

ufacturer (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, 2010a).

Therefore, no signal preprocessing, such as cleaning or filtering,

was performed on the EDA signal as obtained from the wristband

sensor.

Traditionally, in research using EDA, SCRs (peaks) are detected

using the classical trough‐to‐peak technique, from local minimum

to local maximum (Boucsein, 2012; Edelberg, 1967). However, a

subsequent SCR often happens during the decay of the previous

one, leading to the superimposition of SCRs, which trough‐to‐peak

is unable to detect separately, that is, it is a biased measure. Several

SCR decomposition approaches have been suggested to counteract

this effect, leading to the counting of individual SCRs, as such,

and not as a superimposed group response. Currently, the recom-

mended method for such decomposition is the continuous decom-

position analysis (Benedek & Kaernbach, 2010a). This is the

technique used here for the extraction of SCRs. In addition, one

must decide on the amplitude threshold beyond which a change

in conductance will be considered an SCR. Due to historical rea-

sons—the smallest shift visible on paper chart recorders—the cus-

tomary minimum amplitude used in EDA research is 0.05 μS

(Dawson et al., 2017). Although the advances in sensor technology

—especially sensor resolution—currently enable lower thresholds

down to 0.01 μS (Braithwaite, Watson, Jones, & Rowe, 2013), for

comparability purposes with previous studies, we chose to use the

long‐time standard of 0.05 μS.

The features extracted from the EDA signal were the SCR onset

(after continuous decomposition analysis) and, subsequently, the SCR

frequency on a minute basis. SCR frequency was calculated using a

moving window approach, with a window width of 1 min and a mov-

ing step of 250 ms—the sampling interval of the sensor—as parame-

ters. In other words, the SCR frequency during the lesson was

obtained for every time instant (resolution of 250 ms) after the first

minute of the lesson, as it corresponded to the number of SCR onsets

in the previous minute. Because no amplitude measure was
considered, no correction in the form of standardization was needed

for comparison across individuals.

The SCR frequency was used to categorize arousal into low,

medium, and high levels. Typically, a frequency of 1–3 peaks/min

(ppm) 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, fre-

quencies of up to 3 ppm were labelled as low, from 20 ppm on were

labelled as high, and anything in between was labelled as medium.

For illustration purposes, Figure 3 provides an example of a single

arousal episode and a continuous high arousal interval of approxi-

mately 8 min, annotated in an excerpt of the SCR component of

EDA extracted using Ledalab. The segment corresponds to one of

the participants in one of the course lessons.

Persistence was operationalized as the continuous duration of a

certain arousal level (i.e., without switches of level in between). Persis-

tence was computed for every single arousal level occurrence, with a

resolution of 250 ms.

Arousal levels based on SCR frequency were used for RQ1 and

RQ2, and total SCR count was used for RQ3 and RQ4, consistent with

the target of the respective research questions.

Using the minimum of 1 ppm as the worst case, we discarded

from the analysis all the EDA recording sessions where the total

amount of SCR detected was less than 1 ppm times the lesson dura-

tion in minutes. In that way, we automatically excluded sessions

where improper electrode‐skin contact, due to wristband maladjust-

ment, led to the measurement of basically 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., 2013). As a result, 137/420 (33%)

of the EDA recording sessions were discarded as noisy. Additionally,

46/420 (11%) of the recording sessions were missing due to absent

students, leaving 237/420 (56%) as valid EDA recording sessions.

The previous numbers refer to the course lessons. Fortunately, there

were no absent students during the exam, and no EDA recording ses-

sions during the exam had to be discarded as noisy. From the 237

valid EDA recording sessions, 153 answered surveys were available,

as, unfortunately, in some lessons, students failed to complete the

survey. Correlation analyses between the survey ratings and EDA‐

indexed arousal for RQ3 were then obviously performed on this sub-

set of 153 cases.



TABLE 3 Descriptive statistics of the number of students simulta-

neously in the same arousal state during the lessons

Number of students simultaneously
in specific states of arousal Min Max Mean SD

Low arousal 3 12 9.3 1.7

Medium arousal 0 8 1.6 1.3

High arousal 0 6 1.1 1.2
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9 | RESULTS

9.1 | Research question 1

Table 2 lists the descriptive statistics of the arousal levels' incidence,

persistence, and switches of level. Arousal levels were categorized into

low, medium, and high; exhaustive and mutually exclusive categories.

Incidence was described in terms of percentage relative to the time

of each lesson, which was 75 min. On average, low arousal was the

clearly predominant state (60%) during the lessons. High arousal was

the only level that did not occur for each student in every lesson (min-

imum of 0%). The minimum persistence for the three levels was com-

mon and corresponded to the sampling interval of the EDA sensor

(250 ms). Those were momentary changes oscillating around the

threshold between two adjacent levels. On average, high arousal levels

lasted for approximately 1 min (59 s). Low arousal was the most per-

sistent state (mean = 151 s), reaching approximately 1 hr (3,632 s).

There were at least six changes of state within the lessons, with an

average of 48, representing a change every 1.5 min.

The distribution of the arousal levels' persistence is shown in

Figure 4. The histograms are adjusted so that the vertical scale is the

same, as it was comparable for the three levels. However, to improve

the visualization, the horizontal axes are cut off at those points where

the visibility vanishes, meaning very low frequency of persistence

beyond those points. That is why the maximum persistence for the

arousal levels, as shown in Table 2, is not visible in the figure. It is

worth noting how these vanishing points differ for the three levels,

with high arousal approximately doubling medium arousal, whereas

low arousal, in turn, doubles high arousal.
TABLE 2 Incidence, persistence, and changes of arousal levels

Arousal levels

Incidence (% of lesson duration) Low arousal
Medium arousal
High arousal

Persistence (s) Low arousal
Medium arousal
High arousal

Changes of level Count

FIGURE 4 Distribution of persistence in s for the three arousal levels: lo
9.2 | Research question 2

Table 3 shows the descriptive statistics for the number of students in

the same arousal state (i.e., low, medium, or high arousal) during the

lesson. The relatively low SD shows that the measure is quite stable.

On average, the overwhelming majority of the students were in a

low arousal state, whereas less than 25% of students were simulta-

neously in a level of activation, whether medium or high.

For a graphical perspective, Figure 5 shows the average number

of students simultaneously in the same arousal state. The lines from

top to bottom represent low, medium, and high arousal levels, respec-

tively. The resolution of the chart is 250 ms, given by the EDA sensor

sampling interval.
9.3 | Research question 3

Descriptive statistics for the survey and the number of arousal epi-

sodes on a lesson basis are summarized in Table 4. According to the

SD, the survey values were quite stable, but the number of arousal epi-

sodes varied significantly across lessons. The variables in Table 4 were

tested for normality using the Shapiro–Wilk test. They were found to
Min Max Mean SD

10% 95% 60% 24%
3% 65% 24% 11%
0% 74% 17% 19%

0.25 s 3,632 s 151 s 297 s
0.25 s 2,204 s 45 s 57 s
0.25 s 1,569 s 59 s 101 s

6 128 48 25

w, medium and high



FIGURE 5 Average number of students simultaneously in the same

arousal state during the lessons (top–down: in low, in medium, and
in high arousal)

TABLE 4 Descriptive statistics for the survey and the total arousal
episodes on a lesson basis

Min Max Mean SD

Task domain knowledge 4 10 9.0 1.1

Mood 2 10 8.8 1.2

Motivation 4 10 9.0 1.1

Group functioning 3 10 9.3 1.1

Total arousal episodes/lesson 79 2,239 601.2 528.8
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be nonnormally distributed. Additionally, the number of arousal epi-

sodes per lesson was represented against the different survey item

scores in a scatter plot to visually inspect for linearity. As nonlinearity

was observed and the variables were not normally distributed, the

nonparametric Spearman's correlation was used instead of Pearson's.

Spearman's correlation determines the strength and direction of the

monotonic relationship between two variables. Monotonicity was

not observed in the scatter plot, and accordingly, it was reflected in

low Spearman's correlation coefficients.

This is, no monotonic relationship was found between the number

of arousal episodes per lesson and the students' self‐reported task

domain knowledge (rs = .17), mood (rs = .14), motivation (rs = .18), or

group functioning (rs = .21).
9.4 | Research question 4

First, the normality and linearity assumptions of Pearson correlation

were checked by means of the Shapiro–Wilk test (p = .57 for arousal;

p = .65 for the grades) and a scatter plot, respectively. Compliance

with both assumptions was found and so was a high, positive, and sta-

tistically significant Pearson correlation (r = .66; p = .02) between the

number of arousal episodes of the students during the course exam

and their achievement, as measured by their exam grades.
10 | DISCUSSION

In this exploratory study, we profiled sympathetic arousal in the class-

room based on EDA measures taken continuously and unobtrusively

during two runs of a high school advanced physics course. Our aim
was motivated by the potential role of using arousal in learning

research and practice, as a physiological concomitant of cognitive,

affective, motivational, and social activations.

RQ1 concerned the incidence and persistence of arousal levels

(i.e., low, medium, and high) within the course lessons. Low arousal

emerged as the level of the largest incidence, occurring, on average,

during 60% of the lesson. This was a surprising result given the inter-

est that can be presupposed in the students, because the course was

elective, and interest, attention, engagement, and arousal are closely

connected. Yet, despite the assumed interest, students spent more

than half of the class in a low activation state. In the worst cases,

medium arousal occurred for 2 min and 15 s (3% minimum), whereas

high arousal did not occur at all (0% minimum). As for the persistence,

on average, low arousal levels were sustained the longest (151 s), over

three times longer than medium arousal levels and over two times lon-

ger than high arousal. Low arousal levels lasted continuously for up to

over 1 hr (3,632 s maximum) in the worst case. That is a sustained, sig-

nificant amount of the class that the student seems to be inactive and

unproductive, because arousal is expected to rise with attention‐

demanding tasks (Critchley, 2002; Dawson et al., 2017; Poh et al.,

2010), as it is reasonable to presuppose the coursework of an

advanced physics course to be. This picture of pervasive low arousal

in the classroom, in general, is aligned with a similar finding from a

study involving three computer‐based learning environments (Baker

et al., 2010), where boredom (a low arousal state) was found to be

the most persistent state, in contrast to others in the high arousal area,

such as confusion, frustration, and engaged concentration. The combi-

nation of the two studies (Baker et al.'s and this one) suggests that, in

both digital and physical learning environments, low arousal levels are

highly common. This might be considered, at best, to be neutral and, at

worst, detrimental to learning. We do not mean that low arousal levels

should not occur at all during learning, because, as much as moments

of relaxation facilitate disengagement, they can also strengthen moti-

vation for the next stage of learning (Pekrun et al., 2002), and they

might serve recovery purposes necessary in between intense periods

of cognitive efforts. Ideally, the proportion of low arousal should be

small in comparison with states of activation (i.e., medium and high

arousal).

RQ2 dealt with the simultaneity of arousal levels among students

during the lessons. Closely related to the results for RQ1, on average,

most of the students (9.3) were simultaneously in low arousal at any

instant (resolution of 250 ms) during class, whereas fewer than three

were active, whether in medium or high arousal. The worst case (i.e.,

the maximum) shows all students in low arousal. At any moment, only

one student was in high arousal on average, reaching up to a best case

of half the students. The results provide a look from another angle at

the predominance of low arousal discussed above, followed by

medium and high arousal (see Figure 5).

RQ3 looked at the explanation of in‐class arousal as coming from

cognitive (task domain knowledge), affective (mood), motivational, and

collaborative (group functioning) aspects of learning in the classroom.

However, the results show that none of these aspects explained more

than 4% of the variance of arousal, which contradicts the theoretical

expectations and findings from previous studies (Pekrun et al., 2002).

Rather than challenging the connection of these learning aspects to
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arousal, our view is that this lack of correlation suggests that higher

granularity measures of those constructs are needed (i.e., more fre-

quent measures). The EDA signal to determine arousal had a granular-

ity of 250 ms, whereas the survey granularity can be said to be 75 min,

the duration of the lesson. To satisfy the data collection for the inves-

tigation, we would need to survey the students more often, but this

would impose a higher load on the participants and might affect the

study and the experimental setting more. In this study, we followed

a minimum environmental intervention principle to maximize ecologi-

cal validity in our quest to explore arousal as it occurs naturally in

the classroom. However, these results suggest that, if we are to under-

stand the extent to which cognitive, affective, motivational, and col-

laborative aspects of learning impact in‐class arousal, some

ecological validity might have to be sacrificed, so that more frequent

measures are taken (e.g., using the experience sampling methodology,

think aloud protocols, or cross fertilization from laboratory studies).

RQ4 regards the relationship of sympathetic arousal and perfor-

mance in an examination situation (the course exam). The high positive

correlation (r = .66) found indicates that there is a strong positive rela-

tionship between arousal during the exam and the grades the students

obtained; the more active the students, the higher the grades and vice

versa. This result is aligned with the well‐known Yerkes–Dodson law

(Yerkes & Dodson, 1908) and places our observation space on the left

half of the inverted‐U curve that characterizes performance as a func-

tion of arousal according to the law. The inverted‐U shape describes

how performance improves with arousal but only up to a point from

where any further increase in arousal (e.g., excessive stress or strong

anxiety) impairs performance. Because the participants were high

achievers in the previous physics course, it is reasonable to presup-

pose that they would have high physics self‐efficacy (Bandura, 1982)

or confidence in their capacity to succeed in the exam. Therefore,

stress and anxiety at the level that hinders performance was neither

expected nor observed. The Yerkes–Dodson law has been previously

tested across a variety of cognitive tasks in laboratory settings

(Sanbonmatsu & Kardes, 1988). Arousal during examinations has been

explored in relation to academic emotional reactions (especially test

anxiety), using a variety of physiological responses, namely, those from

the cardiovascular, endocrine, and immune systems, but not from the

perspective of pure sympathetic arousal (Spangler, 1997). This study

adds to the extant literature by providing evidence supporting the left

half the Yerkes–Dodson curve (i.e., nondetrimental arousal) during an

authentic exam situation, from a sympathetic arousal perspective as

indexed by EDA.
10.1 | Implications

The application of psychophysiology in human–computer interaction

is a growing field with significant potential for smart personalized sys-

tems (Cowley et al., 2016). In learning, this translates to intelligent

tutoring systems better able to support students towards successfully

achieving their goals (Arroyo et al., 2009; Strauss et al., 2005). How-

ever, working in this field requires comprehension of an array of phys-

iological signals and analysis techniques (Cowley et al., 2016). By being

aware of the learners' arousal levels from low to high, a tutor (human

or computer‐based) can adaptively change either the environment (e.
g., challenge level of a problem or scenario) or otherwise interact with

the learners to optimize their arousal levels for learning (Sottilare &

Goodwin, 2017). Once the students' arousal levels are determined

and accessible to teachers, a number of cognitive–behavioural modifi-

cation interventions are available to adjust these levels in the best

interest of learning such as (a) stress inoculation therapy (focused on

ways to direct and maintain attention and to modulate arousal), (b)

mental simulations (to control focus on the task or to take the student

out of a state of boredom), and (c) modifying the classroom environ-

ment (cf. Boekaerts & Corno, 2005).

Under closely controlled conditions of what is happening in the

classroom at any time, it might be interesting to detect what exactly

was the situation (e.g., task, active discussion, and teacher's introduc-

tion of challenging concepts) that brought the most students' arousal

up to a high level. In real‐time applications, signalling to the teachers

those particular moments enables them to identify the activities which

provoked most students to be active. This could have implications for

instructional design and pedagogical practice and interventions, espe-

cially when complemented with other kinds of data. Figure 5 presents

a general picture of the average number of students in the same

arousal state using data from all the lessons of the two runs of the

course. The potential of such a visualization for practice would be real-

ized by providing the teachers with that information on a lesson basis,

giving sort of a radiography of each lesson from the activation per-

spective. Teachers usually develop beliefs about what worked and

what did not work when it comes to engaging students, based on their

experiences and perceptions. Such beliefs that play a role in shaping

their pedagogical practice could be either reinforced or adapted based

on these objective data.

The clear predominance of low arousal (i.e., low activity or inac-

tive students) in class, even when students themselves chose to enrol

in the course, which presupposes interest, might support the view

that, too often, school tasks and practices are inappropriate for the

intended learning goals (Scardamalia & Bereiter, 2014), thus failing to

engage even interested learners. Moreover, it supports the claim that

more attention should be paid and resources dedicated to tackling the

problem of bored students (or inactive in general), than dealing with

confused or frustrated students (Baker et al., 2010), because the latter

both happen less often and have shorter persistence on average.

This exploratory study serves as a proof‐of‐concept for biosensor‐

supported learning dashboard applications, either in real time or retro-

spectively. The field of learning dashboard itself has had an explor-

atory nature so far but is slowly considering more evaluations of the

effects of these tools in real courses (for a review, see Schwendimann

et al., 2016). However, a recent literature study analysed the extent to

which theories and models from learning sciences have been inte-

grated into the development of learning dashboards aimed at learners.

The analysis revealed that very few dashboard evaluations take into

account the educational concepts which were used as a theoretical

foundation for their design (Jivet, Scheffel, Drachsler, & Specht,

2017; Jivet, Scheffel, Specht, & Drachsler, 2018). The metrics of in‐

class arousal considered in this study could be incorporated into a

new kind of “biosensor learning dashboard” for students to be aware

of how active they are and stimulate reflection on how they could

increase engagement; moreover, this could enable teachers to monitor
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the number of active students at any time during class and to realize

how these activation levels relate to the different tasks they plan for

their instruction. Furthermore, as biosensor learning dashboards can

bridge the gap between learning sciences and data analytics, they

are also a strong means for educational researchers. Researchers could

test different educational concepts and theories, for example, on acti-

vation from a physiological perspective and therefore enrich the

observations of earlier studies that have been based purely on subjec-

tive measures.

Exploring the physiological dimension of learning, in addition to

the applications it has in its own right, has a potential for stronger

research in which this data modality is triangulated with traditional

measures, such as surveys and digital traces (Järvelä, Malmberg,

Haataja, Sobocinski, & Kirschner, 2018). Triangulation approaches

have become a widespread recommendation to avoid relying exclu-

sively on self‐reporting (Boekaerts & Corno, 2005).

On the methodological side, building on the extant psychophysio-

logical literature, a simple yet innovative technique, was presented to

easily discard noisy EDA recordings, based on the minimum of 1 ppm.

This automatic procedure allows for integration of this technique in

future applications for learning dashboards and/or intelligent tutoring

systems as discussed above.
10.2 | Limitations

The present study takes a step towards a more holistic research on

learning by exploring a nontraditional data modality in the field, as is

EDA. However, the study is not without its limitations. The number

of participants (N = 24) was limited by the available E4 wristbands,

which are quite expensive compared with the consumer‐oriented

devices, because they are specifically designed for research purposes

and of better quality. Nonetheless, 44% of the nominal expected

EDA recorded sessions were unavailable for analysis due to either

absent students or not of a good enough quality due to the limitations

of the current technology. This is a similar amount to that reported by

Arroyo et al. (2009) from a study also using biosensors in a science

high school classroom. Further technological developments are

needed to systematically maximize the amount of valid data. One such

approach would be to use the wristband in streaming mode to send

the data to a server, which in real time would assess the quality of

the signal on a minute basis and raise an alert for readjustment in case

of poor quality. A first approach to such an infrastructure has been

made by Di Mitri et al. (2017).
10.3 | Future work

Individuals vary in their ability to perceive their autonomic physiolog-

ical state, known as interoceptive awareness, which they need to

inform cognitions and behaviours (Critchley et al., 2013). For example,

people rely partly on information from their physiological state in judg-

ing their capabilities (Bandura, 1982). An experiment design where the

physiological measures and features used here (and many others still

to be explored because there is a vast number of physiological fea-

tures) are fed back to the students in real time would allow for study-

ing the impact of this type of information on learning. How useful
would it be for students to be supported by objective physiological

features for their metacognitive skills in learning?

The present study has characterized arousal by frequency of EDA

responses. Future work should also consider amplitude measures of

arousal (e.g., SCR amplitudes and area under the curve). Experiment

designs following the stimulus–response paradigm are needed to mea-

sure the area under the EDA response evoked by a stimulus within the

response window.
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