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Fig. 1. A stress-inducing de-escalation simulation scenario. A team of undergraduate students, enacting the roles of registered/student
nurses, patient’s family members and observers (not shown in the figure) all wearing Empatica E4 physiological wristbands.

In recent years, there has been a growing interest in creating multimodal learning analytics (LA) systems that automatically analyse
students’ states that are hard to see with the "naked eye", such as cognitive load and stress levels, but that can considerably shape their
learning experience. A rich body of research has focused on detecting such aspects by capturing bodily signals from students using
wearables and computer vision. Yet, little work has aimed at designing end-user interfaces that visualise physiological data to support
tasks deliberately designed for students to learn from stressful situations. This paper addresses this gap by designing a stress analytics
dashboard that encodes students’ physiological data into stress levels during different phases of an authentic team simulation in the
context of nursing education. We conducted a qualitative study with teachers to understand (i) how they made sense of the stress
analytics dashboard; (ii) the extent to which they trusted the dashboard in relation to students’ cortisol data; and (iii) the potential
adoption of this tool to communicate insights and aid teaching practices.
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1 INTRODUCTION

While most of the current student-focused learning analytics (LA) innovations rely on the activity logs of digital learning
tools [30], there is a growing interest in creating systems that automatically analyse physiological data to model students’
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affective and cognitive states that can considerably shape their learning experience [1, 42, 57]. Examples of these include
students’ emotional responses [13, 27], cognitive load [34]), arousal [16]), and stress [33] while performing learning
tasks. Such states are often hard to see with the "naked eye" [25] and cannot be easily inferred from the analysis of
system logs [10, 49] and conventional data sources (e.g., interviews, surveys, and observations) alone. As a result, there
is an increased interest in capturing bodily signals using multimodal wearable sensors (e.g., [8]) and computer vision
algorithms (e.g., [51]) to detect such states. Yet, recent reviews [24, 42] suggest that the actual use of physiological data
modalities in education is, in general, still in its infancy.

A key construct that has yet to be fully explored within LA is that of stress. While there is debate as to whether stress
negatively or positively affects learning (outcomes often termed as distress and eustress, respectively) [45], in some
educational situations, educators may design learning tasks that deliberately provoke stress so students can learn from it.
This approach is common in the pedagogy of high-stress domains such as healthcare [40], law enforcement, firefighting,
and emergency response training [38]. The purpose of inducing stress is to provide safe and controlled learning
environments where students can develop effective stress management and de-escalation skills. An approach that
educators commonly use to help students develop these skills is to conduct post-hoc, reflective debriefs after challenging
learning tasks [15]. Yet, the effectiveness of the debrief often depends on the educator’s ephemeral observations and the
extent to which students can articulate their personal experiences [2]. In these situations it may be helpful to make
physiological data available to educational stakeholders for the purpose of supporting reflective practices [12]

There is existing work within LA and related research communities that has indirectly explored modelling stress
from physiological data via proxy constructs such as cognitive load [34] and arousal [36]. While some LA studies have
proposed ways to visualise arousal (e.g., [14, 41]), most of the work in actual stress data visualisation has been aimed at
supporting people at their workplace or for general well-being (see examples in [48]) rather than supporting learners,
which is a key goal in closing the LA loop. To the best of our knowledge, no previous work in LA has directly focused
on providing critical insights to support reflection on students’ stress levels for tasks purposely designed to provoke
stress. This may partly be explained by the fact that stress detection has yet to become very accurate in the context of
LA [27]. However, work beyond the LA field is increasingly showing promise in the detection of stressful states [47, 50].
To address this gap, we report on the design of StressViz, a dashboard that encodes students’ physiological data into
stress levels.

We conducted a pilot study in an authentic course inwhich teachers regularly deploy de-escalation nursing simulations
carefully designed to deliberately increase students’ stress. The study focused on simulations where teams of students
visit the home of an aggressive patient, enacted by a human actor, to conduct a medical procedure (see Figure 1).
Physiological and cortisol data from 20 nursing students, grouped in teams of five, were collected during the simulations.
Stress levels were modelled based on a publicly available stress dataset [47]. A further qualitative study was carried out
with six nursing teachers to understand (i) their sensemaking processes of the stress analytics dashboard; (ii) the extent
to which they can trust the stress results with learners’ cortisol data as an alternative biomarker to measure stress; and
(iii) the potential usage of this tool to communicate insights and aid teaching practices.

2 BACKGROUND

2.1 Advancements in stress detection

When people face a stressful situation, the sympathetic nervous system gets activated which consequently triggers the
release of the hormone cortisol by the adrenal glands [5]. As a result, physiological and physical responses often occur,
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such as increases in heart rate, breathing rate, muscle tightness, body temperature and blood pressure [11]. Some of these
responses can be measured by several biomarkers, including heart rate variability (HRV) through electrocardiogram
(ECG) or blood volume pulse (BVP), electrodermal activity (EDA), galvanic skin response (GSR), skin temperature
(TEMP) [19], and salivary cortisol levels [23]. These bodily responses have been automatically detected and measured
by researchers using a wide range of devices. For example, several studies have adopted medical-grade wearables
[7, 14, 21], consumer-grade wearables [9], computer vision [51], thermal infrared [20], and multimodal sensors [35].

While different approaches to estimating stress have been explored, one practical way to classify such approaches is
to divide them into personalised and generalised models. Personalised stress detection models adapt their predictions to
specific individuals using subjective ratings from different affective stimuli and a pre-recorded baseline [11, 54]. These
ratings are commonly collected through self-reports or questionnaires from participants [47]. In contrast, generalised
stress detection models aim to predict anyone’s stress level by using derived physiological data and its statistical
measurements irrespective of subjects’ self-reporting information and without necessarily requiring collecting an
individual baseline by training models on labelled stress-related datasets [18]. In educational contexts, personalised
stress detection can be impractical because acquiring each person’s physiological reference data in realistic conditions
would affect the scheduling and logistics of pedagogical activities.

Research beyond the LA field is increasingly showing promise in the estimation of stressful states with generalised
models [4]. Yet, little LA work has aimed at automatically estimating stress to be used to support learning. The only
exceptions are studies which have indirectly explored the potential of generalised approaches to model constructs
that can be associated to stress, namely arousal [36], cognitive load [34], and eye fatigue [28]. Yet, these constructs
cannot necessarily be considered as proxies of stress as they can also be associated with other factors such as increased
attention [3], high task complexity [32], and over-use of screens [26], respectively. In short, although little progress has
been made in creating LA innovations that automatically detect measures related to stress, for those learning tasks that
deliberately provoke stress in students it may be productive to expose educators and students to physiological measures
of stress. Such measures may help to facilitate reflection by students and teachers to improve learning [38, 40].

2.2 Stress data visualisation

There is an emerging proliferation of approaches to visualise people’s own stress information outside educational
contexts. For example, Kocielnik et al. [33] suggested the generation of stress visualisations from physiological data
to help office workers reflect on their stress levels throughout the day. Semikina [48] proposed various visualisation
techniques for stress data for the purpose of enabling users to reflect on their general well-being. Similar techniques
can now be found in several commercial smartwatches which use proprietary software to estimate stress levels based
on a combination of biomarkers (most commonly HRV, TEMP and EDA) [39] for the purpose of self-monitoring. More
recently, Kim et al. [31] designed MindScope, an explainable algorithm-assisted stress management tool that determines
users’ stress levels in the form of stress prediction reports and stress pattern in calendar view. The ultimate purpose of
these works are for end-users’ understanding on general well-being, but not to support learning tasks.

The closest work to ours has investigated the potential of visualising electrodermal activity (EDA) in education. This
includes a prototype designed by Echeverria et al. [14] that showed the arousal peaks from students participating in
a high-fidelity, team simulation as coloured dots in a timeline graph. Results from a study with teachers suggested
that they could envisage potential uses of the visualisation to provoke student reflection on emotional experiences.
Fernandez-Nieto et al. [16] presented also a timeline visualisation of arousal by modelling arousal into a 5-level scale
by counting the arousal peaks detected from physiological EDA data. The visualisation showed a label representing
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the level of arousal for each student and phase of a collaborative learning task. Results from a study with students
inspecting their own data also showed promise in sparking reflection on their activity, but students also questioned how
the arousal levels were detected. Similar studies have explored ways to visualise arousal using alternative techniques
(e.g., tabular and text summaries [17]). Their findings suggested that teachers emphasised the importance of knowing
more details about arousal detection to be able to trust on the visualised indicators. Indeed, exploring how to build the
users trust regarding LA dashboards has been identified as a knowledge gap beyond the visualisation of physiological
signals [52].

2.3 Research gap and research questions

In short, there has been a growing interest in modelling and visualising physiological information in LA and beyond.
The closest work to our own has was limited to visualising changes in EDA only. However, little attention has been
given to i) advancing visual methods for communicating stress information in educational situations purposely designed
by teachers for students to experience stress so they can reflect on how to manage it; and ii) exploring the extent to
which teachers trust stress measurement and recognise potential uses of stress visualisations to support reflective
activities in stress-inducing scenarios. Against these gaps, we propose the following three research questions:

RQ1: How does a stress visualisation contribute to the sensemaking of a stress-inducing learning scenario?
RQ2: How is teacher trust influenced when models of students’ stress based on physiological data are compared to

an alternative stress biomarker (i.e., cortisol measures)?
RQ3: How do teachers envisage the adoption of a stress visualisation to support their teaching practice?

3 STRESSVIZ: THE STRESS ANALYTICS DASHBOARD

3.1 The learning situation and dataset

We designed StressViz to support teacher-led reflective thinking [12] in the context of an educational de-escalation
simulation designed to imitate a real-life healthcare conflict event. The purpose of the simulation was to deliberately
provoke tension in students so they could learn how to develop aggression management skills and stress-coping
strategies. The simulation was part of the compulsory curriculum of the undergraduate Nursing program of the
Undisclosed University.

A total of 20 students, organised in four teams (simulation 1-4) of five members each, volunteered and consented to
participate in the study. An actor who specialised in supporting healthcare simulations played the role of a furious
patient who frequently yells at the nurses (see Figure 1). Each student in a team played one of the following roles:
a registered nurse (RN); a student nurse (SN); the patient’s wife; an observer of the RN (OBS1); and an observer of
the patient (OBS2). RN and SN are the main participants of the simulation. They arrive at the patient’s house and are
required to deal with the confronting situation. Observers are responsible for recording the reactions and speech of the
main participants, but they do not participate. Each simulation is around 4-5 minutes long and was facilitated by a team
of three nursing teachers. Table 2 represents the learning design of each simulation created by the teachers, which
includes 1) an introductory briefing, 2) the actual immersion in the simulation, and 3) the reflective debrief. Teachers
divided the immersion into five phases. The actor was asked to deliberately increase the aggression according to the
levels indicated in column 3 of Table 2. For example, Phases 4 and 5 were intended to bring the aggression to its climax.

After receiving ethics approval for this research, students provided informed consent for their physiological and
cortisol data to be captured. Physiological data were captured using Empatica E4 wristbands worn by each student in
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Fig. 2. The learning design of the de-escalation simulation with intended aggression levels per phase to be enacted by the patient.

their non-dominant hand. These recorded skin temperature (TEMP) at 4 Hz, electrodermal activity (EDA) 4 Hz, blood
volume pulses (BVP) at 64 Hz, and three-axis acceleration (ACC) at 32 Hz. Researchers synchronised the Empatica E4
wristbands together before the start of the simulations. All simulations were video-recorded. Salivary cortisol (ng/ml)
data of all the students were collected before and after each simulation. Cortisol is a hormone produced by the adrenal
glands that regulates several important functions in the human body in response to stress. Several studies showed
salivary cortisol is a stress biomarker [23].

3.2 Modelling stress

3.2.1 Data pre-processing. We trained generalised stress detection models based on the multimodal, publicly available
WESAD dataset [47]. The rationale was to provide a cold start model that could detect the stress and relaxation periods
of a student that can be replicated without requiring a baseline collection step as it would normally be done in controlled
experiments. The WESAD dataset includes physiological data recorded from a wristband (Empatica E4) worn by 15
subjects in various conditions. The dataset was labelled based on types of tasks requested to participants to complete,
each designed to provoke three different affective states: neutral, stress, and amusement. The first label corresponded to
instances when the participants were sitting or standing by a table reading some text; the amused label corresponded to
instances when participants watched funny videos; and the stress label corresponded to instances reported as stressful
while participants engaged in public speaking and in solving complex arithmetic tasks. The reported accuracy of models
created with the WESAD dataset using only the wrist-based physiological data was 88.33% (Random Forest – RF) [47].

As we did not have access to the models reported in [47], we replicated their process using the available dataset.
Specifically, we segmented the sensor signals into non-overlapping windows with 10 second shifts. Then, we extracted
the following 28 features for each segment from the four sensors embedded in the Empatica E4 wristbands (ACC, TEMP,
BVP, EDA) as in [47]:

ACC Preprocessing: From the raw 3-axis acceleration signal, we extracted the mean, standard deviation and max
values for each axis (𝑥,𝑦, 𝑧) separately. Net acceleration 𝑁𝑒𝑡𝐴𝑐𝑐𝑖 was also computed as

√︁
𝑥𝑖2 + 𝑦𝑖2 + 𝑧𝑖2 [56]

TEMP Preprocessing: From the raw TEMP signal, we extracted the mean, standard deviation, min and max values. In
addition, the slope of the signal Δ𝑇𝐸𝑀𝑃 was used as a feature .

BVP preprocessing: From the raw BVP signal, we extracted the mean, standard deviation, min and max values. In
addition, the peak frequency was computed for each frame 𝑓𝑝𝑒𝑎𝑘,𝑖

EDA Preprocessing, Artifact Removal: Since the electrodermal activity signal is vulnerable to several types of noisy
artefacts when using wearable devices, the noise should be filtered before performing feature extractions [53]. Therefore,
we used the EDA Explorer tool [53] to detect such artefacts in data. If a data segment was detected as a noisy artefact, it
was excluded from the feature extraction process. After removing such artefacts, features were extracted from EDA.
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We extracted two kinds of skin conductance: tonic and phasic. The tonic component, skin conductance level (SCL),
includes more long-term slow drifts and spontaneous fluctuations. The phasic component, skin conductance response
(SCR), reflects more short-term responses to the stimulus. We employed cvxEDA tool1 that decomposes the EDA signal
into these two separate components using a convex optimisation approach [22]. Then, statistical features for SCL and
SCR were computed (mean, standard deviation, min, max).

3.2.2 Model evaluation. For consistency with the original models trained on the WESAD data, we trained five machine
learning models (SVM, AdaBoost, RF, LDA and KNN as in [47]) using the sklearn library2) using all the features. Results
from the classifiers were analysed and compared. We note that the class distribution was unequal for the three affective
states. The labels corresponding to neutral, stress and amusement states account for 53%, 30% and 17% of the dataset,
respectively. This could potentially introduce bias to the modelling result in our dataset and give a poor accuracy in
categories with a small number of instances (i.e., stress and amusement labels). Yet, comparing the performance of the
employed classifiers, SVM, RF and KNN reached the high accuracy scores (86%, 88% and 88%, respectively) on the test
data based on an 80:20 train-test split from the WESAD dataset. We thus decided to use the RF model for predicting the
labels on our dataset (Section 3.1), which was also the best performing classifier by the authors of the WESAD dataset
[47] and in [18]. This suggests that we replicated the results of their modelling to a great extent. Labelled segments
were further grouped by each phase of the simulation to create the final visualisation of stress data.

3.3 Visualising stress

StressViz was designed as a timeline visualisation by following teachers’ learning design depiction of the multiple
phases of the learning task (as shown in Table 2) and related previous work [14, 16]. A timeline visualisation is typically
used to depict a series of events by plotting them along a time axis at the instant or interval over which they occur [43].
Teachers who created the learning design were interested in monitoring both the stress levels within a team and also in
observing the stress levels for a particular role (e.g., the RN) across teams. Therefore, we designed two versions of the
StressViz dashboard, one which showed stress data of all students on a given team (figure 3); and another that showed
the stress data of all students with the same role in different teams (figure 4). In the former, the y-axis represents the
roles on the team; in the latter, the y-axis represents the different teams.

In both versions, the x-axis represents each phase of the simulation as per the learning design. The phase tagged as
"Before SIM" represents the students’ physiological data 30 seconds before the start of the session. The squared blocks
represent either the most frequent label of the data segments in that phase (if the proportion of the most frequent label
was higher than 50%) or the next two most frequent labels (if the proportion of the most frequent label was lower than
50%).

The light pink “nonstressed” blocks represent the neutral condition (or no stress detected). The coral “nonstressed/
stressed” blocks represent phases with an equivalent number of segments labelled as neutral and stress. The crimson
“stressed” blocks shows phases where segments were mostly identified with the stress label. The “amused” label was
rarely found and only for the roles that were not active participants (for example, the student who enacted the role of
Observer in Simulation 3 in Figure. 4.

1cvxEDA algorithm - https://github.com/lciti/cvxEDA
2Scikit-learn - https://scikit-learn.org/
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Fig. 3. StressViz of the whole team in simulation 2. Blocks represent the majority of the labelled segments encountered in each phase
for each student.

Fig. 4. StressViz for all students who played the role of ‘Observer of Registered Nurse‘ across simulations

4 METHODS

4.1 Participants

The designer of the simulation study (PT1), and five other nursing teachers (PT2, PT3, PT4, PT5, and PT6 with 18, 10,
14, 12, and 17 years of teaching experience, respectively) who have led similar simulations, participated in the study. All
participants were experienced teachers in nursing (5 of them identified themselves as females and 1 as male) and had
signed consent forms before attending the study.

4.2 Study design

Participants were interviewed with the purpose of documenting their perspectives and responses to our research
questions. Each interviewwas recorded using an online video conferencing platform (i.e., Zoom) and had an approximate
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duration of 45 – 60 minutes. Each interview was fully transcribed using a professional service. Following a semi-
structured format, the interview had three parts, each addressing one research question (RQs 1, 2, and 3, respectively):

Part 1: A think-aloud protocol was followed to document teachers’ perspectives on the visualised stress data (RQ1:
the sensemaking of stress visualisations). The visualisations were presented to teachers in two ways: (i) stress data of
students in the same randomly chosen team; and (ii) stress data of students with the same role in different teams. For
the case of (i), we defined prompt questions that required teachers to compare stress data of different student roles in
particular phases of the simulation (namely, 1) during the briefing; 2) phases 1-3 –aggression is escalating–, and phases 4
and 5 –aggression gets to its climax–). For the case of (ii), we defined prompt questions that required teachers to verbalise
their observations on stress levels of the same roles (RN, SN and Observer of the RN) across all simulations.

Part 2: This part focused on eliciting participants’ insights on the trustworthiness of the stress visualisations with
reference to the changes in students’ cortisol before and after each simulation (RQ2). Cortisol levels are common
indicators of stress although the brain can be desensitised to it and drop the physiological responses to stress [58].
This means that a perfect correlation between cortisol and the physiological markers used to model affective states for
StressViz is not expected [19]. Instead, we aimed at letting teachers observe how the cortisol data, as an alternative
biomarker, either supported or contradicted the modelling results in some instances in order to prompt discussion
about the trustworthiness of the system. This was operationalised by enhancing the stress data of students with the
same role shown in Part 1 of RNs and SNs (the primary roles) with the corresponding cortisol data (shown in Figure 5).

Fig. 5. StressViz for all students who played the role of ‘Registered Nurse‘ (RN) across simulations with cortisol data shown at the end
of the timeline. Red and yellow blocks and an upwards/downwards arrow represent an increase or decrease in cortisol, respectively.

Part 3: Finally, teachers were asked to respond to some open-ended questions to understand how teachers might
envisage the adoption of the stress-awareness dashboard (RQ3). The questions were carefully selected based on the
LA-TEP protocol for designing human-centred LA tools [37]. Some of the questions included the following: i) Can
you think about any potential usage of these visualisations?; ii) Who do you think should look at those visualisations
(i.e., students and/or teachers); iii) To what extent can such visualisations be incorporated into the teachers’ feedback
system to reflect on stress?; iv) To what extent do you think showing such visualisations to students could improve or
negatively affect their learning experience?; v) To what extent do you think using StressViz will influence your teaching
practice over time (as opposed to short term impact)?

4.3 Analysis

We conducted inductive thematic analyses [6] of the interview data to address each of the three questions. The video
data and the transcripts were first triangulated and screened by one researcher. Then, two more researchers participated
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in the analysis of the video recordings. The analysis of RQ1 consisted in a vignette analysis of Part 1 of the interview. The
three researchers sought instances illustrating how teachers talked about stress based on the dashboard. The researchers
selected two vignettes that could potentially point to insights and contradictions across teachers inspecting the same
visualisations. For RQ2, the same researchers analysed Part 2, seeking instances that illustrated how participants talked
about their trust on the modelling and the cortisol data. For RQ3, statements of interest from Part 3 were jointly
identified by two researchers. The resulting statements were reviewed by another researcher until full agreement was
reached. Next, all researchers had several discussions to identify and group emerging themes in alignment with the
research questions.

5 RESULTS

5.1 RQ1 – Sensemaking of the stress-inducing learning scenario

5.1.1 Vignette 1: sensemaking of a team’s stress data. This vignette illustrates how teachers explored one instance of
StressViz that showed the stress levels of the team in Simulation 2 (shown in Figure 3). It started by asking participants
to reflect on the preparation phase (i.e., before the sim). Most participants thought that the results from the modelling
were believable, but they also expected some stress to be experienced by students before the simulation. For example,
the simulation designer (PT1) explained this as follows: “In anticipation, I would have thought they’d have been just

mildly stressed. It may be indicative that they felt prepared”. PT2 also believed that observing some stress being flagged
by the dashboard would be positive. This was explained as follows: “They should have some form of stress because of the

unknown of what’s going to happen in the next few minutes”. For simulation 2 though, the model detected a high level of
stress for Observer of RN before the simulation even started. PT3 explored potential explanations for this as follows:
“maybe she didn’t prepare in advance, or she didn’t know too much about the simulation, or had personal issues.”

Regarding phases 1, 2 and 3, in which the aggression was steadily increasing, all teachers expected the stress level of
SN and RN to increase as they directly dealt with the aggressive patient. While this increase was observed in some
teams, in others, such as the one in simulation 2, these roles did not show many segments labelled as stressed. PT3
reflected on this as follows “I am kind of surprised that their stress [RN, SN, wife] was just normal, you know?”. PT2
mentioned that it may be possible for some nursing students to start managing the situation because they were trying
to enact active roles: “The more experience the students have in dealing with different types of people, the better they are

at managing their stress. Maybe she (RN) was in control of the situation. The student nurse (SN) depended on how well the

RN was dealing with the situation. If the RN was managing the situation the SN would actually feel nonstressed”.
In contrast, the data for both observers (of the RN and the patient) were labelled as stressed for most of the simulation

(first two rows in Figure 3). Here, PT4 expressed surprise: “It is very interesting that people who were just looking at the

situation, were experiencing heightened stress levels!”. PT2 also interpreted the data as follows: “This is a perfect depiction
of how an observer of a patient would probably feel if [they] haven’t encountered abusive or agitated patients before.” PT1
provided a potential explanation regarding why observers may be more stressed than the actual active participants:
"They want to rescue or help someone and they’re not able to do so. They would feel very stressed if they could not help“.

For the aggression climax (phases 4 and 5), all participants agreed that this was the point where all the students
were stressed. PT1 explained the possible reasons why students were stressed, as follows: “This, I imagine, happened

because what they’re doing was not working to deescalate the scenario. They were becoming stressed because they didn’t

know what they could do next”. PT4 questioned why there was not a middle point for stress detection in the dashboard:
“Interestingly, for the RN, stress goes from nothing to a load of stress, rather than that middle range stress option”. For
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the observer of RN, PT2 mentioned that “The strangest part is the observer of the RN not being stressed in the phases 4

and 5 when that’s the time when the other students were getting more and more anxious and angry. That’s kind of very

interesting, it tells us a lot that we are all different and we managed stress differently”.

5.1.2 Vignette 2: sensemaking of the same roles across different teams. The first visualisation of this vignette focuses
on teachers’ reflections on how students with the same role (namely the RN) behave similarly or differently across
simulation sessions. When the teachers explored the visualisations of the RNs (similar to the on in Figure 5 – without
cortisol data), all agreed that results were mixed. While most students enacting the RN got more stressed in phases
4 and 5, some seemed to have experienced more stress than others according to the dashboard. PT3 explained: “this
may be because they have different personalities, backgrounds and experience, so that could explain your results”. PT2
mentioned that the stress levels of the RN in simulation 3 (see row 3 in Figure 5) matched what was expected in the
learning design, as follows: “if you consolidate the information and if you look at the different phases in this scenario, it

brings to the mind that simulation 3 was the most stressful and normal situation”. For the result of simulation 4, where
the RN did not have any blocks with the majority of segments labelled as ’Stressed’, PT4 thought the student was
extraordinary and explained: That’s really someone that’s walked through that whole situation and did not feel any stress,

that’s quite incredible. That student should be a lion tamer or something!”.
Next, when participants looked at the second visualisation of this vignette, which shows observers of the RN across

teams (see Figure 4), all participants agreed that it was interesting to see that the observers were overall more stressed
than the nurses who were actually dealing with the patient. PT4 argued though that this pattern was not consistent
for all students: “It’s reflecting really different patterns. There’s not a consistent pattern, we can’t draw an assumption

about what part of the simulation was more stressful for everyone, because everyone is experiencing it very differently”.
Moreover, for the "Nonstressed/Amused" label in simulation 3 (see row 2 in Figure 4), PT3 believed that the student
was not engaged in the simulation scenario, and PT5 suggested that observers could also detach themselves from the
situation, as follows: “at that particular point in time, this observer realised it is not real”.

In short, Vignettes 1 and 2 presented in this section illustrate how teachers made sense of the stress labels by
triangulating the data with the learning design and their own experience as nursing educators. Teachers could articulate
potential explanations to trends and variations in student modelled data. Yet, we learned that: i) teachers managed to
provide explanations about how students may have felt; and ii) in part one of the study, teachers did not question the
validity of the interface. The latter is further explored in the next section.

5.2 RQ2 – Teachers’ trust on the stress modelling outputs

In this part, we focus on the alignment between the stress visualisation and cortisol data on the main roles (RN and SN)
during different simulation sessions to understand to what extent teachers trusted the dashboard. From a quantitative
point of view, the sample was too small to perform a valid correlation analysis. In any case, the modelling results and
the cortisol data did not correlate in this small sample and this was made visible to teachers in Figure 5. Indeed, all
teachers could also not see any relationship between the stress data and the cortisol data. As a result, they questioned
the validity of the stress data or cortisol data. For example, PT1 argued: “I just don’t understand why that one would have
dropped so significantly in cortisol when they’ve got a high level of stress there [detected by the algorithm]. Would it be the

accuracy of the cortisol collection? It shouldn’t be dropping.”

PT2 also questioned stress models as follows: “But this doesn’t always add up, isn’t it? Because when you’re stressed

out, your cortisol levels need to go high. But here in simulation 4, the dashboard says students were not stressed at all. But
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they had the maximum amount of cortisol level. [. . . ] Is it accurate enough for us to actually come up with any sort of

concrete results there?”. PT1 and PT6 also gave some possible explanations regarding the potential issues with using
physical sensors. PT1 explained this as follows: “Maybe one of the wristbands was not as sensitive and perhaps because of

this, it was not that accurate?” and PT6 explained: "In Sim 3, whether it’s not picked up on the cortisol levels, or whether

the automation isn’t picking up, it’s missing some cues, or misinterpreting cues to say that they were stressed. [. . . ] Maybe,

it’s a manageable stress because it’s not a big peak of stress in cortisol levels".
In sum, the introduction of cortisol data as a potential benchmark for teachers to compare the physiological data

prompted teachers to wonder whether the cortisol or the physiological data was more or less accurate for indicating
stress levels. This shifted their thinking from making strong statements about students’ experienced stress to recognise
the complexity of detecting stress reliably.

5.3 RQ3- Envisaged adoption of StressViz in teaching practice

Under this theme, we summarise the teachers’ views on how the stress visualisation could be integrated into their
existing professional teaching practice. The first three sub-themes address how the stress data could be potentially
used to facilitate the process of professionalisation for students, teachers and researchers, whereas the last sub-theme
summarises the long-term impacts if those kinds of visuals could be widely validated and used.

Supporting nursing students. All teachers agreed that StressViz could provoke reflection during the debriefing
and could be used as an additional resource to consider when developing stress-coping strategies. More specifically PT1
and PT6 explained the potential role of this tool in supporting the debrief. PT1 said, “When you go back to debriefing,

you can then reflect on using that data and say, ‘look, at this point, you seem very stressed, what was happening for you at

that moment?’ and ’Can you explain to me what was going on in your thinking processes?’”. PT6 said, "I would probably
just highlight that stress is okay, we got through the simulation, and using it to point out some of the things that work

well, even under stressful conditions. So it doesn’t mean that you fall in a heap when you’re stressed.". Regarding the
potential role of the dashboard in developing stress-coping strategies for other situations, PT1 explained “So not only

did I worry about the de-escalation of the scenario. You could also extrapolate for stress [experienced] in any scenario. It

could be cardiovascular resuscitation, or a major trauma [situation]. You’re going to get stressed during those situations too

and if you can get to understand that yourself better, you can then employ some stress relieving activities, like breathing.

Supporting nursing teachers. All the participants agreed that StressViz can also potentially be used to support
teachers in investigating extreme cases of student stress and, in turn, develop better teaching strategies. PT3 explained
this as follows: “If a facilitator has this tool and realises that some students are super stressed, she or he can work on that,

going deep on that person, to know what is going on with him or her, like asking more questions, addressing any concerns,

and helping them have a meaningful learning experience. Otherwise, that student may leave the room, maybe thinking,

‘oh, it was horrible’”. PT5 and PT6 further added that StressViz can also be used in the transition of graduate nurses to
professional practise context. PT6 said: "I would be tempted to use this in transition to practice. Because as a graduate

nurse, you’re going to experience stress over and over again, and then we can use [the dashboard] as a way to talk about

strategies for dealing with it before they have to actually do it".
Regarding the potential use of the tool to support learning design, PT3 and PT4 added that these stress visualisations

could be used by teachers to assess how different students react to the same simulation design to calibrate this design.
For example, PT3 explained this as follows: “I think it would be helpful for managing expectations that we have of nursing

students, but also helping students understand what happens when they’re under stress in different situations, and how

people respond differently in different contexts to the same scenario”. PT4 further explained that by looking at students’
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stress levels, teachers would be able to understand the intensity of the scenario and adjust the learning materials
accordingly or scaffold the reflective debrief: “But it could also depend on what explanation we give, what support we give

around understanding your feedback, and what they read into that, and then how we help them do something about that.

It’s not just about the giving of the visualisation, but it’s also about the scaffolding of how we help them”.
Finally, PT2 added that using StressViz would be beneficial if appropriate training and data literacy required are

considered in their deployment: “Most of us haven’t learned basic statistics, we haven’t learned how to read basic charts,

how to basically understand a table with information. So, if you’re able to explain it to educators and teachers, then the

nursing students would really benefit from it. I definitely love for students to start thinking out of the square rather than just

follow certain principles and focus only on anatomy and physiology. They would benefit a lot., but they need to be educated.”

Supporting educational and nursing researchers. All participants suggested StressViz could help researchers
in doing nursing research, and they all had varied perspectives. For example, PT1 focused more on the potential of
measuring how nurses’ stress levels can relate to the patient’s outcome: “I want to see something that research can do

to enhance patient outcomes. So that’s why it’s important that you can do this work with healthcare researchers”. PT2
explained that researchers would be able to interpret the data, learn from the results and find out better ways to do
future research: “These visualisations can help nursing researchers understand how different people feel in each phase of a

simulation: compare, contrast and analyse the data, and learn from the research that we do in nursing education”.
Long-term impact. All teachers agreed that once the visualisation process is fine-tuned and validated over time,

it could be useful for both professional teaching and learning, as well as patient care. PT1, and PT4 highlighted that
educators and students could develop some stress-coping strategies in the long run: “When you’re doing stress inducing

simulations, having these stress visualisations as a component of it would enrich the teaching and the student educational

experience. The educator and the student can work on building strategies to manage stress. I think in the near future we will

be able to measure stress levels in this way with much more accuracy and clarity”. PT4 added: “It’s very important that

students learn how to cope with stress. Because they are going to face these kinds of situations every single day. It’s super

important that teachers have a tool like this to compare if students were really developing these coping skills to deal with

stress”. PT3 and PT5 believed that LA tools will become the future trend for nursing practices if used appropriately and
this innovation can contribute to this. This was further explained by PT3 as follows: “Teachers need to know how to use

these analytics. It is a new concept, so it’s going to take a little while, but it’s going to become a part of the curriculum in the

future. So, if we are going to deal with visualisations, artificial intelligence and machine language, we need to be able to

incorporate it and teach the teachers appropriately so that they can teach the students well”.

5.4 Challenges, Risks, and Limitations

This theme collates the teachers’ opinions about the potential challenges, risks, and limitations of using stress visualisa-
tions in practice. PT2 explained that the teachers who are using StressViz need to understand the basic mechanisms
behind it: “My only concern is the teachers who are providing the feedback need to actually understand the essence behind

it, they need to understand each and every block of what you’re trying to explain to the student. If this is understood then it

would be really good”. Similarly, PT4 explained that: “[the effectiveness of StressViz] could also depend on what explanation

teachers give, what support teachers give around understanding the feedback. It’s not just about giving the visualisation to

students, but it’s also about the scaffolding of how we help them.”

PT2 raised ethical concerns about the potential misuse of incorporating the visualised stress data into the teachers’
feedback strategy: “As long as you’re objective, as long as you take the visualisations about a person’s behaviour and use

that to aid them in understanding their own behaviour, it’s really good. But if you’re going to use that as subjective and
12



StressViz: Designing a Stress Analytics Dashboard for Teachers LAK23, March 13–17, 2023, Arlington, TX, USA

try not to promote that person, then it can become detrimental to that person”. PT5 further added: "I think you need
more qualitative data such as real-time feedback responses from students, for sure." PT1 was also concerned about
the situation or scenario where the tool can be applied with integrity: “I wouldn’t be doing it for exams. I think it’s too

intrusive. I think this really is for the domain of simulation personally. Because I think in tutorials [or regular classroom

teaching] you want to have a more conversational type of experience with students, and you don’t want to be stopping and

looking at data the whole time. It’s a very different dynamic in a tutorial versus a simulation”.

6 DISCUSSION

6.1 Research questions

Dewey [12] explained that deeper reflective thinking allows for continuous interpretation and investigation while
employing the information gained from past experiences to inform and guide new actions. In terms of RQ1, our
results suggest that StressViz can provide teachers with evidence that provokes reflection. Teachers interpreted the
visualisations based on the expected increase in aggression as per the simulation script (the learning design). While most
teachers suggested that further actions would involve to more deeply investigate student perceptions of experienced
stress (i.e., scaffolding student reflection), some teachers made some strong assumptions about the stress levels of
students based on StressViz alone, suggesting they initially trusted the modelling.

Yet, regarding RQ2, as in other fields [4], we are still far from creating trustworthy and reliable stress detectors
in LA [27]. When comparing the physiological modelling with cortisol levels as an alternative biomarker, teachers
questioned the validity of either the modelling or the cortisol data. Indeed, although cortisol is a common indicator of
stress, the physiological reactions to stress can be subject to intentional control [19] and cortisol levels may also be
affected throughout the day by multiple factors such as food, coffee or the time of the day [58]. Yet, using this biomarker
as a benchmark enabled us to unpack potential future directions in end-user interface design for physiological data.
First, there is a risk of over interpretation as we observed in contrasting the statements from teachers in the vignettes
(RQ1) and their concerns about validity when presented with the cortisol data (RQ2). Teachers need to be properly
trained so they understand the essence behind the LA tools in order to trust them and make informed decisions [44].
Second, there is a lack of large open datasets that could be used to train generalised models. In turn, further research is
needed to generate these data so that the detection of stress can become more valid and reliable.

In terms of RQ3, nursing educators foresee the adoption of the StressViz to assist their teaching practice. Specifically,
they envisaged StressViz as a companion tool to help them in supporting 1) nursing students who may have experienced
extreme levels of stress in the debriefing to develop better stress-coping strategies; 2) graduate nurses transitioning to
professional placements; 3) the establishment of teaching strategies to focus on students’ feelings after stress-inducing
scenarios; and 4) the calibration of the learning design and the intensity of such scenarios. Teachers also identified the
potential contribution to nursing research which can translate into actual patient outcomes. These envisaged uses have
wider implications for simulation-based learning. In fact, there is an increasing interest in making use of physiological
data healthcare simulation research [29] and in other simulation-based training disciplines such as flight simulation
training [46]. The study presented in this paper is thus critical since people are already increasingly using smartwatches
that provide indicators of stress based on black box algorithms [39]. This paper can be seen as an initial attempt to
understand potential future avenues of research that are needed to develop ways to visualise physiological data in ways
that are aligned for education and training purposes with integrity.
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6.2 Ethical issues and responsible use

Ethical issues may arise because the data collected to measure stress includes students’ (under-the-skin) physiological
data which would not be normally accessible to teachers and other stakeholders [10]. Some teachers expressed concerns
about unintended misuses of those data for decision making that can adversely affect students, teachers, and broader
educational systems. Therefore, we suggest that the collection and usage of such data should be limited to educational
scenarios that deliberately aim at helping students experience stressful situations, experience the stress, and reflect
upon it to develop coping strategies. In line with what the teachers in our study suggested and contemporary LA
dashboard literature [55], we discourage using stress modelling and visualisation for surveillance in scenarios such as
exams and regular classrooms, or for measuring students’ performance.

6.3 Limitations and Future Work

Our study has some limitations. First, the WESAD dataset used to model students’ stress is relatively small and it was
collected under experimental conditions which differ from those of a nursing situation. The modelling conducted using
WESAD should thus be seen as a device to investigate important end-user interface questions about teachers’ perceptions
of stress visualisation. Although using cortisol data in regular classes is not feasible and it is heavily discouraged, in
this study it enabled investigating important questions about trustworthiness when teachers are presented with an
additional biomarker. Future work could explore using other datasets or develop more advanced methodologies for
stress detection, and validate how stress can be measured accurately at scale. Second, Empatica E4 wristbands are
research-grade sensors that are expensive and have shortcomings when they are deployed in settings where students
can move freely. Given that sensors of various kinds are rapidly evolving, future research could consider other kinds
of sensors that are more affordable and that can provide with similar data granularity. Third, since this study was
embedded into an actual class, even though the patient was expected to escalate their aggression equally across all
sessions, some sessions may have been more intense than others. Further work that focus on stress modelling needs to
empirically investigate potential strategies to improve the accuracy of stress models. Finally, whilst teachers’ perspective
is important to identify potential pedagogical uses of the tool, future work should investigate the perspective of the
students on the visualisation of their own data.

7 CONCLUSION

Very few studies have addressed the challenge of visualising data to support reflection on students’ stress. This paper
presented the StressViz dashboard that decodes students’ physiological data into stress labels for different phases of
simulation in an authentic nursing teamwork context; and a qualitative study with teachers that sparked ideas about
the potential of visualising stress as well as current limitations in the validity of stress detection, ethical concerns and
potential misuses of such interfaces. We anticipate that this paper can serve as an inspiration for conducting further
research in the development of stress visualisation tools to support stress-inducing learning situations.
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