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Abstract. In education, while teams of students are learning in a real scenario, 
many different factors are happening in real-time and can have a significant im-
pact on the way students can improve their skills. Realistic simulated scenarios 
can help them to achieve their learning goals. However, these close-to-real situ-
ations can make them experience stress that can be confronting and hinder learn-
ing. In other cases, these stressful experiences are meant to reflect the kinds of 
pressures they will encounter in authentic workplaces, thus becoming authentic 
training experiences. There is strong evidence that stress has an important effect 
on the student’s engagement and motivation and consequently influences learn-
ing outcomes. In the particular educational context of healthcare (e.g. nursing), 
teachers commonly have a series of expectations about the moments in which 
students will have a higher cognitive load and stress that can impact on their 
learning, depending on the phase of the simulation in which they are and how 
they move around the space prepared for the simulation. This paper introduces a 
study with nursing students carrying out a practice teamwork in a simulated sce-
nario divided into 5 different phases with a critical patient, in which students must 
learn to make life-to-death decisions timely. This paper discusses the multimodal 
data processing that is being performed to identify if the arousal levels match the 
teachers' expectations regarding the students’ affective situation in each phase.  

Keywords: affective computing; physiological sensors; non-intrusive devices; 
teamwork; nursing; simulation; spatial behavior; learning design, multimodal  

1 Introduction 

A significant aspect of life is emotion: it influences decision-making, perception, hu-
man intelligence and human interaction. Physiologically and mentally, feelings control 
the status of humans [1] and diverse models have been proposed to describe emotions 
[2, 3, 4]. In the educational system, practice in real settings is a fundamental added 
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value that provides competencies at the level of those that would be obtained in a work 
experience. This can result in better training that will improve the skills and future em-
ployability of students. Simulation-based learning strategies are designed to provide 
safe training spaces for students and professionals to develop the skills they will need 
in authentic clinical practice [5]. In the case of nursing education, nurses in training are 
often immersed in simulated rooms to practice a series of clinical procedures [6]. In 
these simulations, students are asked to act out different team roles according to a fic-
tional scenario and to perform a variety of tasks with the purpose of improving the 
outcome of a simulated patient which usually imply moving around the space prepared 
for the simulation (e.g., the box of hospital).  

In this sense, we have previously worked on exploring how to gain educational in-
sights from indoor positioning data based on the learning design and the educators’ 
expectations regarding variations in the affective state [7, 8]. These expectations con-
sider the cognitive load the students should manage according to the corresponding 
instructional design (that is, depending on which phase of the teamwork practice they 
are in), which can elicitate emotions that students have to learn to deal with in a real 
situation. Moreover, the place they take up in the classroom might influence the infor-
mation they are able to obtain during the activity, and thus, impact on the cognitive load 
and the emotions. Indoor positioning data can be captured through wearable tags to 
provide metrics about teaching and learning based on x and y coordinates [9, 10, 11]. 
Moreover, we have also explored the potential of physical analytics for teaching and 
learning considering proximity, motion and location analytics [12]. For the processing, 
we have also proposed a multimodal data modelling method called the multimodal ma-
trix, based on quantitative ethnography and which provides means to model different 
types of modalities [13].  

In this context, we aim to study the changes in stress levels of the students during a 
practice teamwork in the different phases of a simulated scenario considering both the 
physiological information of the students and their position in the classroom using the 
information collected with several devices. We are analyzing the data collected from a 
study [14] in which nursing students carried out a practice teamwork during five pre-
defined phases with a critical patient to learn how to make life-to-death decisions 
timely. 

In the current contribution of this paper, we focus on the processing of the emotional 
information. In particular, we present the on-going works to process the multimodal 
data collected with the goal to identify if the arousal levels gained with electrodermal 
devices matched the teachers' expectations regarding the students’ stress in each phase. 
Since stress coping mechanisms are individually dependent and need to be personalized 
to each student's needs [15], in this research we are carrying out both inter-subject (an-
alyzing the users as a group) and intra-subject (analyzing each user individually) anal-
ysis. As an initial step, we are analyzing whether the electrodermal data would be able 
to match the teacher expectations as the teacher expectations are considered the ground 
truth and thus, our first goal is to evaluate the validity of electrodermal data for this 
purpose. 

The rest of this paper is organized as follows. Section 2 describes some work that 
can frame our proposal. Section 3 focuses on the simulation learning scenario we are 
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analyzing in our research and explains how the data was collected. Section 4 presents 
the progress on the data analysis presented in Section 3. Section 5 discusses the current 
progress and presents potential avenues of future work. The paper finalizes with some 
concluding remarks in Section 6. 

2 Related works  

Psychological information can be obtained with wearable devices, such as body tem-
perature and galvanic skin response or electrodermal activity (EDA), as done in our 
previous work [7, 8, 16]. With these datasets, it is possible to analyze whether the edu-
cators’ expectations correspond with the arousal data of the students' devices. This anal-
ysis of EDA shows generalized changes in the state of arousal, which can be caused by 
emotional, cognitive or physical stimulation [17].  

EDA can be measured through skin conductance (SC), widely used in psychophysi-
ology as an expression of psychological arousal due to its connection with the social 
network sites [18]. SC can be described by two components: skin conductance level 
(SCL) and skin conductance response (SCR). The SCL describes a tonic activity that 
varies slowly and the variations in EDA are more of the order of minutes [19]. In con-
trast, the SCR characterizes a rapidly varying phasic activity, on the order of seconds, 
which may reflect a specific stimulus response and thus, are more interesting in learning 
scenarios as they reflect punctual situations that take place [20, 21]. They can be com-
bined with clearly identifiable external events that arise in a predefined window, sec-
onds after the start of the stimulus [19, 22].  

The quality of the gathered EDA and the quality of the both amplitude of the SCL 
and SCR depends on the next items: the density of the sweat glands in the chosen skin 
area, the degree of the psychophysiological activity in this area and the size of the skin 
that has contact with the electrodes [20]. In order to identify the quality of a SCR, it is 
necessary to define its components first: a latency, an amplitude, a rise time and a half 
recovery time [23, 24]. The latency refers to the time between the onset of the stimulus 
and the start of a SCR which is typically about 1 to 3 seconds [22, 25]. The non-specific 
SCRs occur just about 1 to 3 times per minute. The rise time describes the time between 
the onset of the SCR and its peak amplitude which also takes about 1 to 3 seconds. To 
be identified as a SCR, the deflection has to reach a certain threshold which is com-
monly around 0.04µS, 0.03µS or 0.01µS. Deflections below this value are not a SCR. 
The amplitude refers to the difference between the conductivity at the onset (baseline) 
and the peak whereby a phasic increase in conduction occurs which is around 0.2µS 
and 1.0µS [25].  

The peaks in the EDA signal provide information about the arousal of the person, 
and thus, it is relevant to analyze how to label arousal peaks. A simple way to work 
with arousal levels is to focus on how arousal is computed by the increasing slope of 
the EDA [26]. The more positive the slope of the EDA in a given time window is, the 
higher the arousal is. 

 In addition, in a collaboration scenario as in [27], arousal cross-recurrence with 
stress can be checked to see what is going on between the teams and between the team 
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and the teacher. Stress can be computed as temperature is decreasing slope. The more 
negative the slope of the temperature is in a given time window, the higher the stress 
is. In this way, acute stress triggers peripheral vasoconstriction, causing a rapid, short-
term drop in skin temperature in homeotherms. In [28] it was tested whether this re-
sponse had the potential to quantify stress, by exhibiting proportionality with stressor 
intensity. 

In this context, next we present our current research to identify if the arousal levels 
obtained with an EDA sensor matches the teachers' expectations in the different phases 
of the learning activity analyzed. 

3 Method  

3.1 Learning Design 

Healthcare simulation is a pedagogical approach that uses a constructivist learning 
model to provide students with opportunities to experience teamwork and patient situ-
ations without compromising the care of real patients [5]. Simulations often start with 
a description of learning goals, followed by the simulation itself, concluding with a 
debrief aimed at provoking students’ reflection on performance and errors made. Alt-
hough video-based products to support this reflection exist, they are commonly imprac-
tical for class use, resulting in students rarely using such evidence to inform reflection 
[29]. 

3.2 Learning Scenario: Allergic Reaction to Antibiotics Simulation 

This simulation was run in 5 classes taught by 3 teachers (including the same subject 
coordinator). A total of 25 students in their third year (21 females and 4 males) volun-
teered to participate. The aim of this simulation was to help student nurses learn how 
to react when a patient is having an allergic reaction to some medication. Students in 
each team played the roles of team leader, recovery nurses (RN1, RN2), scribe (RN3) 
and the patient (not tracked). According to the assessment criteria, a highly effective 
team should have performed the following 6 actions: (i) perform an initial set of vital 
signs, after the teacher reads the initial handover; (ii) administer the intravenous (IV) 
fluid antibiotics; (iii) perform another set of vital signs after the patient complains of 
chest tightness; (iv) stop the IV antibiotic after the patient reacts with chest tightness; 
(v) perform an electrocardiogram after the patient complains of chest tightness; and (vi)
call the doctor after stopping the IV antibiotic.

Considering the 6 actions, the simulation was therefore divided into 5 phases, as 
follows: 

• Phase 1: patient assessment, from the beginning of the simulation to the moment
nurses realize the patient needs IV antibiotic;

• Phase 2: IV fluid preparation;
• Phase 3: IV fluid administration;
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• Phase 4: patient adverse reaction (since the patient starts complaining about the al-
lergic reaction until the moment nurses stop the IV antibiotic); and

• Phase 5: patient recovery.

3.3 Data collection 

For the study, we used the dataset obtained and described in [14] for collocated team-
work based on multiple sources of data captured via a combination of sensor signals 
(e.g. positioning and physiological markers), system logs and human logs during group 
situations. Detecting arousal/stress from the physiological state requires monitoring 
body condition by tracking different parameters. In this case, students’ arousal levels 
were captured with the Empatica® E4 wristband (Empatica Inc., Cambridge, MA, 
USA). Similar to E3 [30], the E4 is a research quality multisensor wristband that allows 
to record multimodal data, namely electrodermal activity (EDA, GSR sensor) at 4Hz, 
wrist acceleration at 32 Hz, body temperature and photoplethysmogram (which regis-
ters flow changes in blood volume). Arousal peaks have been labelled, discriminating 
high and low values to compare the labelling with educators’ expectations regarding 
arousal in each phase. 

4 On-going works 

This paper contribution focuses on analyzing if the arousal levels measured in the stu-
dents with physiological data collected using wearables devices during a simulation-
based learning matches the teachers' expectations of students’ reactions to stressful sit-
uations in each phase of the training scenario. The research question behind aims to 
observe whether the EDA data would be able to match the teacher expectations, being 
these considered as the ground truth and thus, the validity of the EDA for our research 
is evaluated. 

For the analysis of electrodermal activity we have used EDA Explorer1, an open site 
where anyone with EDA data can upload it for automatic artifact and peak detection 
and visualization. Settings can be customized and the results can be downloaded, for 
example to train a classifier. This tool uses the temperature and accelerometer data for 
the labeling. All 3 data streams (EDA, skin temperature and accelerometer) are shown 
to the labeler to provide more context. 

Our current research work focuses on the intra-subject analyses with the EDA values 
obtained with the E4 wristband. As an example, Figure 1 shows the peaks during a 
simulation using EDA-Explorer [31]. The peak analysis was conducted with the web-
application of the EDA-Explorer. Thereby, a minimum amplitude threshold of 0.07µS 
was used with a maximum rise-time of four seconds and an offset-value of 1s. Instead 
of downsampling, in order to preprocess the data, the EDA-Explorer provided a low-
pass Butterworth filter, which is mandatory to use. It was chosen for a filter frequency 
of 1 Hz and a filter order of 6. 

1  https://eda-explorer.media.mit.edu    

https://eda-explorer.media.mit.edu/
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Fig. 1. EDA graphic obtained with the EDA-Explorer tool showing the peaks and phases 
marked for one of the students. 

An increase in stress, cognitive load, or emotion can cause body sweating. This pro-
duces a Skin Conductance Response (SCR), which means abrupt increases in the con-
ductance of the skin. The EDA-Explorer algorithm detects these SCRs or "peaks" in an 
EDA signal and computes features related to them, allowing to perform machine learn-
ing on the computed features. 

Figure 1 shows the different phases in which the training session was divided. Each 
is separated by a red line. It can be seen how the EDA values differ in each of them.  

Table 1 shows the values used to generate the graphics presented in Figure 1. Each 
row shows information about each peak. Columns from left to right contain: 

─ Peak: time where peak took place. 
─ EDA: the EDA amplitude at the apex in µSiemens. 
─ Rise_time: the time, in seconds, it takes for the SCR to rise from the start of the SCR 

to the apex. The start of the SCR is computed by going backwards from the apex of 
the peak to point where derivative is less than 1% of its maximum value. 

─ Max_deriv: maximum derivative of SCR, in µSiemens per second. 
─ Amp: Amplitude of peak; that is [amp = (EDA at apex) - (EDA at start of the SCR)], 

in µSiemens. 
─ Decay_time: The time, in seconds, that it takes for the SCR to decay to 50% of its 

amplitude. Note that this is blank if an SCR does not decay to 50% before another 
peak starts or before the maximum decay time is reached. 

─ SCR_width: The time in seconds between the 50% of the amplitude on the incline 
side of the peak to 50% of the amplitude on the decline side of the SCR. Note that 
this is blank if a Decay_time was not computed. 

─ AUC: Area under the Curve; approximated by multiplying the Amplitude by the 
SCR_width. Note that this is blank if a Decay_time was not computed. 
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Table 1. Values of EDA file for one participant. 

Peak EDA rise 
time 

max 
deriv amp decay 

time 
SCR 
width AUC 

02:46:52 1.49544 2.0 1.55954 1.465479 0.75 1375 2.01503 
02:54:54 2.55997 2.25 0.82178 0.837043 1.25 2125 1.77872 
02:55:08 2.42414 3.5 0.59506 0.763127 2875 4125 3.14790 
03:02:40 2.11567 3125 1.30549 1.232150 
03:04:49 2.10123 1.75 0.68507 0.724519 1.5 2375 1.72073 
03:27:05 2.03072 4.0 0.51989 0.878686 
03:29:43 2.53263 2625 0.46679 0.744696 875 2.0 1.48939 

4.1 Interview with educators 

Using the methodology described in [8] and motivated by designing meaningful ana-
lytics, the five educators (females: 4, average years teaching: 12.6), who had taught the 
simulation beforehand, were interviewed to elicit their perceptions about the stress and 
cognitive load they expected from students in each phase of the simulation. Each inter-
view was recorded using an online video conferencing platform (i.e., Zoom) and had 
an approximate duration of 60 minutes. Following a semi-structured format, the inter-
view was structured as follows: (1) educators were explained the purpose of the session, 
(2), then, they were presented with the phases of the simulation according to the learn-
ing design, and (3) they were asked to respond to the following questions for each phase 
of the simulation: (i) What are the potential triggers of stress/arousal for the team or 
specific roles in phase X (𝑋𝑋, ranging from 1 to 5), if any?, and (ii) What can make team 
members experiment cognitive load in phase X (𝑋𝑋, ranging from 1 to 5), if any? The 
interviews were fully transcribed using a professional service. 

Then, the educators’ responses were grouped and categorized to identify the ex-
pected behaviors in relation to each phase using NVIVO2, a qualitative data analysis 
tool. This resulted in a set of descriptions of the potential triggers of stress/arousal and 
the events (actions) that can make students experiment cognitive load per phase that 
were discussed by the rest of the research team. The team found consistent descriptions 
of expected behaviors across educators, which are compiled in Table 2. 

Table 2. Expected behaviors elicited from teachers. 

Stress 
Potential triggers of stress/arousal 

Cognitive Load 
What can make team members 
experiment with cognitive load? 

Phase 1 Not much stress. It can variate, it 
depends on the patient too (e.g., 
how willing is the patient to answer 
questions or to allow nurses to ap-
proach him/her). 

Reading through the notes.  
Validating compatibility of medi-
cine.  
Validating dosage. 

2  https://www.qsrinternational.com/nvivo-qualitative-data-analysis-software/home 

https://www.qsrinternational.com/nvivo-qualitative-data-analysis-software/home
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Phase 2 Trying to figure out which medica-
tion does the patient need. 
Trying to figure out what antibiotic 
to use and the appropriate dose. 

Working out how antibiotics 
work together. 
Reading through the notes.  
Validating compatibility of medi-
cine and dosage. 

Phase 3 Probably if they have not’ given an-
tibiotics, or using the equipment 
correctly, they should be a bit nerv-
ous. 
Administering the IV-antibiotic is a 
technical skill. It could be the 
first/second/third time for them 
practicing. For this course, they 
should have practiced before. Some 
of them are confident, some not. 

Working out how antibiotics 
work together. 
Validating all equipment is ade-
quate. 
Administering the IV antibiotic. 

Phase 4 Critical trigger. The allergic reac-
tion can be very surprising for 
nurses. 
Majority of stress peaks should 
happen in phase 4, due to changing 
conditions of the patient. 
They should be aroused all the time 
during this phase. 

Put everything together to iden-
tify what was causing the situa-
tion. 
Figuring out what is going on 
with the patient. 
Coordinating the team. 

Phase 5 Depends on experience.  
Less stress because at this point the 
critical moment had happened. 

Writing reports 

From the description that has been defined based on the educators’ expectations of 
stress and cognitive load (Table 2), and considering previous analysis of spaces of in-
terest [9, 7] in ward locations, there is potential in running further analysis aiming to 
gain additional meaning based on the relationship between stress, cognitive load and 
spaces of interest. What is expected from this research is to validate how accurate were 
the expectations of educators in terms of stress and cognitive load and if additional 
insights can be generated from the triangulation of different modalities. 

The main point is to use these datasets with EDA-Explorer in order to gain visual 
information through graphics with relevant arousal peaks that allow determine if, once 
crossed with the teachers' expectations of stress reactions (Table 2), this answers the 
main question of this research: “Can the students’ reactions to stress be determined in 
base of psychological data collected during a real learning simulation divided in mean-
ingful didactic phases?”. 

In the end, we expect to confirm a twofold objective: i) the challenging situations of 
students can be previously known by educators and thus, allow to properly design the 
training simulations, and ii) provide evidence for students and teachers to manage their 
arousal states to help them improve learning outcomes, and thus, take the best decision 
in the given learning situation. 
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5 Discussion 

Through the EDA-Explorer tool, the datasets of the students are being analyzed, ob-
taining information on arousal peaks by phases for each of the participants. This initial 
intra-subject analysis will be compared with the results expected by the teaching staff, 
thus determining if it is possible, in a case study such as the one at hand, to know the 
stress levels in each of the phases. For this comparison, an inter-subject analysis is to 
be used. Otherwise, we will have a first impression of the phases where the arousal 
peaks are more pronounced, hence, it will make it easier for the teachers involved to 
work on them. Note that in this research we use the arousal to map emotions, but there 
are other approaches in which arousal is being considered a emotion itself together with 
valence.  

An important issue is to focus on the risk of gaining data out of context during the 
capture of data by sensors, which should be managed to minimize it. We considered 
that the learning design and the educator’s expectations can be used to guide the mod-
elling and the analysis of the multimodal data collected. Each modality can be validated 
separately based on a specific assessment criteria, but the combination of different mo-
dalities in conjunction with the assessment criteria can perhaps provide additional in-
sights that can be used for reflection. Educators’ expected behaviors can also be used 
to guide and focus attention on specific aspects of the simulation such as critical actions 
that can be of interest for educators and nurses to reflect on. 

At this point, we raised a series of questions aimed for discussion at the workshop: 

• Can we gain additional insights via triangulating different modalities and assessment
criteria defined by educators?

• How can we contextualize and gain meaning from multimodal data?
• How can we promote the generation of meaningful analytics using the learning de-

signs and the expectations from educators?
• How can we extend the processing of the emotional information to consider the in-

door positioning during the teamwork practice?
• Would it be possible to extrapolate the results to other settings outside of nursery?

In addition, as future work we also propose to focus on the five phases trying to syn-
chronize the multimodal data collections with some more meaningful data (e.g., watch-
ing the moments with peaks) as in [32]. 

6 Conclusions 

In this paper we have presented our progress on the data analysis obtained from a real-
istic simulated learning scenario on nursing training designed to make students experi-
ence stress similar to those that arise in a real situation. Data collected includes physi-
ological information of the participants and their movements around the classroom. In 
the current work we report the analysis on intra-subject variations of the arousal levels 
experimented by one participant along the different phases of the training obtained 
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through an E4 wristband. We also report the teachers' expectations regarding the stu-
dents’ stressful situation along the training session. Next steps in our research are to 
cross these expectations with the arousal peaks identified with the EDA-Explorer tool 
following both an intra-subject and an inter-subject analysis. In addition, there is po-
tential in running further analyses aiming to gain additional meaning based on the rela-
tionship between stress, cognitive load and spaces of interest, which refer to the posi-
tions within the classroom from where the students should carry out the different ex-
pected actions of the learning scenario that is simulated in the teamwork practice. 
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