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ABSTRACT  
Student emotions influence assessment task behaviour and performance 
but are difficult to study empirically. The study combined qualitative data 
from focus group interviews with 22 students and 4 teachers, with 
quantitative real-time learning analytics (facial expression, mouse click 
and keyboard strokes) to examine student emotional engagement in an 
online Data Science assessment task. Three patterns of engagement 
emerged from the interview data, namely whizz, worker and worrier. 
Related emotions for these were discerned in the real-time learning 
analytics data, informing interpretations of associations between 
emotional and other forms of engagement. Instead of displacing 
human insights, learning analytics used alongside student self-report 
and teacher professional insights augment our understanding of 
student emotions in a naturalistic school assessment setting.
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Introduction

Students’ emotions, particularly test anxiety, can significantly impact their performance in assess
ments (Camacho-Morales et al. 2021, Roos et al. 2020). Elements contributing to these emotional 
experiences include perceived importance of the assessment, fear of failure and the competitive 
school culture (Zeidner 2014). Students’ emotional states affect their cognitive processes, attention, 
memory, reasoning and information retrieval, subsequently influencing the quality of their 
responses in assessments (Pekrun 2006 Azevedo et al. 2016, Eteläpeltoa et al. 2018, Hasnine et al. 
2021, Gladstone et al. 2022,).

Emotions are also related to motivation, self-efficacy, active engagement and self-regulation 
(Arguedas et al. 2016 Eteläpeltoa et al. 2018,). Interest and joy/happiness can be activating, promot
ing engagement, while boredom or fear can be deactivating, associated with loss of focus and dis
engagement (Pekrun 2006, Sinatra et al. 2015).

Emotions do not just happen to students. They emerge from conscious and/or unconscious jud
gements relating to perceived success. They thus have personal, social/cultural and contextual 
aspects (Schultz et al. 2016). The personal might concern a particular student’s history of success 
and tendency to feel anxious. The social and cultural reflect the fact that assessments happen in 
an environment (school, family and peer) which might be perceived as more or less competitive 
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or supportive, for example. Contextual aspects include specifics of the assessment that can affect 
emotions – the format of the task, whether it is high stakes or not, the subject area, etc. These 
are not isolated aspects but intersect and interact.

More research is needed to understand emotional engagement in authentic assessment tasks 
(Ritchie et al.2016). Typically, teachers have access to students’ final submitted work, but not to 
the emotions they experience while completing the task. Understanding the latter is essential for 
educators to create a positive and equitable assessment environment for students (Pekrun and 
Schutz 2007), as well as informing pedagogical practices and offering tailored support to students, 
especially those whose emotional struggles negatively impact performance (Arguedas et al. 2016, 
Davies et al. 2018). Suggested strategies include stress-reduction techniques and additional 
resources for preparation (Pekrun 2006, Pekrun and Schutz 2007).

Studying students’ emotional engagement on assessment tasks presents a methodological chal
lenge due to the multi-componential nature of emotions which cannot be fully captured using 
singular methods (Eteläpeltoa et al. 2018). We employed focus groups eliciting students’ accounts 
and teachers’ insights as professionals who knew those students well alongside granular real-time 
learning analytics to understand student engagement in an online assessment task. We asked, 
‘How can learning analytics be used alongside qualitative data to help teachers better understand 
student emotional engagement in online assessment?’ Sub-questions were: 

(1) What did students say about their emotional engagement in the task?
(2) What additional insights about emotional engagement in assessment did the learning analytics 

data reveal beyond what students reported?
(3) How did teachers add to and make sense of these insights into students’ emotional engagement 

during assessment?

The mixed methods approach aimed to use technology to augment understanding of student 
engagement, rather than displacing or replacing human insights (Lodge et al. 2018). The study 
advances research on learning analytics in authentic school assessment settings, with a focus on 
Data Science as an emerging curriculum area. This helps close the gap between laboratory research 
and what happens in classrooms (Krumm et al. 2018).

Literature review

Learning analytics

Learning analytics is defined as the ‘use of measurement, data collection, analysis and reporting to 
understand student learning and the learning environment through digital learning tools and tech
nologies, intelligent data, and analytic models’ (Madinach and Abrams 2022, p. 196). It involves the 
collection and use of (usually large) datasets through software tools, machine learning or artificial 
intelligence (Madinach and Abrams 2022) to better understand and optimize learning (Ferguson 
2012, Long and Freed 2021, Siemens 2013, Veerasamy et al. 2021).

Ye (2022) reviews the development of learning analytics, from origins in educational data mining 
to a prominent empirical field. Sharing longstanding goals of using data to enhance insights into 
learning and improve practices, contemporary learning analytics offer something distinctive. 
Earlier approaches were based on extant data, such as results from standardized tests, and devel
oped as online learning management systems became more widespread, enabling analysis of indi
vidual and aggregate page views, contributions, time online, etc. (Krumm et al. 2018). Contemporary 
learning analytics can combine machine learning or artificial intelligence with new sensor technol
ogies, reflecting multidisciplinary developments in data science, educational technology and instruc
tional design (Ye 2022). The granularity of available data has increased significantly, including 
through real-time capture of online and offline aspects simultaneously. Our study involved software 
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which recorded students’ keystrokes and cursor movements, and cameras built into laptop devices 
that analysed facial expressions at 30 frames per second.

This study contributes to a branch of research that uses learning analytics to better understand 
student learning, uncovering aspects that were previously difficult to capture (Lodge et al. 2018). The 
study adopted an interpretivist approach, seeking to identify patterns in emotional engagement and 
to posit associations between those and other forms of engagement.

Emotional engagement and learning analytics

Student engagement refers to concrete and abstract working on a task (Krapp 2007). It is strongly 
linked to positive learning outcomes (Sinatra et al. 2015, Veerasamy et al. 2021, Wang et al. 2022). 
The dimensions of engagement most relevant to our study were (drawing on Christenson et al. 
2012, Fredericks et al. 2004, Krapp 2007, Finn and Zimmer 2012, Sinatra et al. 2015, Vytasek et al. 2019): 

. Behavioural – active involvement in a task such as displaying effort, paying attention, persistence, 
concentrating, purposeful seeking of information

. Emotional – affective reactions to tasks, subjects or schooling

. Cognitive – referring to psychological investment and cognitive effort in the material or task

. Domain-specific – behavioural, emotional, cognitive and agentic engagement specific to a disci
pline, task, subject or content area

Access to cameras embedded in laptop devices has been central to moving learning analytics from the 
lab to real life, tracking student engagement in authentic classroom situations (Jarodzka et al. 2021). 
Studies have focused on, for example, middle school students’ reading (Yun 2021), secondary school stu
dents’ learning of chemistry (Tóthová et al. 2021), and how students engage with graphs in multiple 
choice tests (Klein 2021). We took this body of work into the new curriculum area of Data Science.

Learning analytics in our study focused on facial expressions, a less commonly used process- 
oriented approach in real school settings (others being eye-tracking and monitoring electrodermal 
activity; Azevedo et al. 2016). This involves video data streams of learners’ facial expressions. Soft
ware objectively measures these through action units (AUs) that refer to facial motor muscles, 
and then uses algorithms to link them to emotions (Azevedo et al. 2016). For example, AUs 1, 2, 4 
and 5, which correspond to brow raising, furrowing and eyelid tightening, indicate a prototypical 
expression of fear . Software enables automated valid coding in a non-intrusive, real-time fashion 
(Azevedo et al. 2016, Eteläpeltoa et al. 2018).

The basis for linking facial expressions to emotions lies in Ekman’s (1992, see also Ekman and 
Friesen 1978) work on facial action coding. The emotions which can be reliably mapped in this 
way are commonly listed as joy (or happiness), anger, disgust, fear, sadness and neutral. Some soft
ware further differentiates, surprise frustration and confusion (Azevedo et al. 2016), although these 
demand detection of more subtle muscle movements, and are thus liable to increased errors.

However, Eteläpeltoa et al. (2018) join Azevedo et al. (2016) in expressing caution relating to the 
interpretation of results based on predefined emotions that have (supposed) universal facial movements 
as indicators because (i) emotions are multi-dimensional and exist on a spectrum that goes beyond the 
basic states Ekman identified; (ii) humans can regulate and consciously control the outward display of 
emotions; and (iii) there are cultural differences in the expression and understanding of emotions. We 
used qualitative data generated through student focus groups to guard against imposing a priori 
emotional categories and to prevent artificial delimitation of the range of emotions captured in the data.

Research design and methods

Eteläpeltoa et al. (2018) argue that mixed methods approaches are helpful to match the complexity 
of emotions in education, noting the contextual, social and cultural dimensions discussed above. 
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Both qualitative and quantitative methods were used in our study. A methodological contribution is 
offered through the combination of sensor-based learning analytics with qualitative focus groups 
involving students and teachers.

School and curriculum context

The study was conducted in collaboration with Pymble Ladies’ College (‘Pymble’), an independent K 
to 12 girls’ school in Sydney (Australia). Pymble was established in 1916 and has a Christian heritage. 
It has over 2300 students, including boarders from rural areas and overseas, and students on a range 
of scholarships, including First Nations students, girls with disability, and students from refugee 
backgrounds. Pymble has a large catchment, reflecting strong demand. It is not academically selec
tive, but relatively high fees shape the student population. The school has an active research culture 
and has consented to be named in this paper.

In 2022, Pymble was the first school in Australia to offer an elective developed by the University of 
California, Los Angeles called ‘Introduction to Data Science’. Content includes machine learning, data 
visualization, inference and statistical analysis. Data were collected in the final term of this first year 
of delivery. Pymble teachers and students nominated this new subject as the focus for the study, 
anticipating that students might also be interested in learning analytics. The study was approved 
by [HREC details removed for anonymity] and discussed at Pymble’s student-led ethics committee.

Sample

Year 9 and 10 students who had chosen to study Data Science (73 in total) were invited to partici
pate, along with their Data Science teachers. Invitations were via email from a school administrator, 
avoiding possible pressure to opt in if requests came from teachers or managers. All 25 students who 
consented to participate were female. Four of the teachers involved in delivering the course also 
opted into the study (3 male, 1 female).

Task design

Participating teachers co-designed an assessment task to be completed individually on a laptop within 
one lesson. The task comprised four questions using R studio software relating to employee perform
ance data in a call centre. Once students had followed instructions to run code, they were asked to: 

(1) Write a simple statistical question for each of the seven variables
(2) Answer 2 of those questions
(3) Describe how to use the provided codes to help a manager pick her best agent
(4) Write and run additional code to gain more insight into identifying the best agent and compose 

an email to the manager with the findings.

The task included a lower-level repetitive question (Q1), questions that transferred what had been 
covered in class to a new context (Q2, Q3), and a question that stretched students beyond what 
they had been explicitly taught (Q4). Figure 1 presents a screenshot, showing what this online 
task environment looked like.

Learning analytics data collection

LEA (Learning Engagement Analytics), software developed by [Removed for anonymity], was 
installed onto participating students’ laptops and ran in the background as they completed the 
task. The software recorded all student keyboard and mouse usage and detected facial emotions 
via embedded laptop cameras. No images of students were recorded – visuals were converted in 
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real time into numerical data. Students were aware that the software was running as they completed 
the task, and were reminded they could switch it off if they wished. None did so. Data were aligned 
with timestamps on system computers and no data was found to be lost.

The LEA data collection process involved two main components: the Face Feature Extractor and 
the Input Recorder. Figure 2 illustrates the feature extraction pipeline used in LEA. To capture stu
dents’ facial emotions, the OpenFace 2.0 toolbox (Baltrušaitis et al. 2016) was used. It is an open- 
source Artificial Intelligence library, offering a range of features related to human subjects’ head, 
face, and eyes. It processes images captured by an embedded camera with a default resolution of 
1080 pixels. OpenFace 2.0 has been shown to outperform other (more complex) methods in 
terms of facial landmark detection, head pose estimation, facial action unit recognition and eye- 
gaze estimation (Baltrušaitis et al. 2016). This accuracy, combined with real-time performance and 
ability to run through simple cameras embedded in common devices made OpenFace 2.0 a 
robust and practical basis for the study.

To identify facial expressions LEA utilized the Facial Action Coding System (FACS), which relates 
different combinations of codes to specific facial movements. The study gathered data on 18 
different facial action units (AU), as shown in Figure 3.

Students’ emotions were inferred from combinations of collected action units using the 
Emotional Facial Action Coding System (EMFACS). Based on the action units collected by OpenFace, 
five emotions could be inferred: fear, happiness, sadness, anger and disgust, as well as neutral. These 
are those that can be most reliably identified based on the action units captured by the software; 
surprise, frustration and confusion were not coded as they are more prone to detection error. 
Table 1 presents the relationship between the action unit combinations and the corresponding 
emotions.

Student focus groups

Qualitative data from students were important to avoid limitations of relying solely on automated 
emotion analysis. Informed by their student research ethics committee, Pymble preferred focus 
groups to 1:1 interviews, as these were more time efficient and expected to be less uncomfortable 

Figure 1. Screenshot from the assessment task.
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for students. Twenty-two students (all but 3 from whom learning analytics data were collected) con
sented to participate in focus groups. Six focus groups were conducted (2–4 students per group), 
either on the day of the task, or within the following couple of days. These lasted 20–45 minutes 
and were audio recorded; the total length of audio files was 3 hours 7 minutes. After discussing 
their interest in Data Science generally, an emotions sheet was provided as a stimulus, on which stu
dents marked how they felt at the start and end of each item, using emotional scales adapted from 
Kort et al. (2001) of worried-confident, bored-interested and frustrated-happy. The purpose was not 
to quantify emotions, but to anchor the discussion closely to the task (Eteläpeltoa et al. 2018).

Teacher focus groups

The four teachers participated in two focus groups. These were audio recorded, lasting 52 and 68 
minutes respectively. The first took place shortly after the task was completed, where preliminary 
patterns from the learning analytics data were presented. Teachers identified foci they wanted 
the researchers to follow up on emotions during idle periods of apparent inactivity (no keyboard 
strokes or cursor movements), and when students pressed backspace (to what they had written). 
The second focus group was conducted after this analysis had been done, and shifted the focus 
to validating and adding new layers of meaning to key findings. It asked teachers to relate them 
to what they knew about particular students and to the school’s academic contextual, social and cul
tural aspects.

Data analysis

To answer sub-question 1, student focus groups were transcribed and coded in the software NVIVO. 
Coding was multi-layered. One layer used codes based on the three emotion scales adapted from 
Kort et al. (2001) and used as stimuli in the focus groups (worried-confident, bored-interested and fru
strated-happy). A second layer coded forms of engagement (emotional, cognitive, behavioural, 

Figure 2. Feature extraction pipeline of LEA.
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domain-specific), informed by diverse sources (Fredericks et al. 2004, Krapp 2007, Finn and Zimmer 
2012, Sinatra et al. 2015, Vytasek et al. 2019). Two open codes were created relating to challenges dis
cussed by students, and strategies they used to complete the task; sub-codes were added to these in a 
grounded way. Coding layers were not exclusive (one comment could be coded under multiple layers).

Four researchers coded in two independent pairs. Inter-rater reliability was calculated for all 52 
codes, ranging between 67% and 100% (mean 79.44%). Cohen’s Kappa was calculated for each 
rating pair on every code, with the following results: no agreement (k<0.10) 8 codes; slight agreement 
(k = 0.10–0.20) 3 codes; fair agreement (k = 0.21–0.40) 10 codes; moderate agreement (k = 0.41–0.60) 7 
codes; substantial agreement (k = 0.61–0.80) 5 codes; near perfect agreement (k = 0.81–0.99) 7 codes; 

Figure 3. Facial action units.

Table 1. Emotions and linked action units.

Emotion Action units

Happiness AU6+AU12
Sadness AU1+AU4+AU15
Fear AU1+AU2+AU4+AU5+AU7+AU20+AU26
Anger AU4+AU5+AU7+AU23
Disgust AU9+AU15+AU17
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perfect agreement (k = 1.00) 12 codes. Higher Kappa values were for codes based on existing litera
ture (emotions, forms of engagement), which the grounded codes relating to challenges and strat
egies had lower Kappa values. The four coders met to discuss disagreements and reached consensus 
on all coding.

Once the coding was settled, the four coders discussed emerging patterns. These were not cap
tured in any single coding layer, nor in quantifiable overlaps between them. They reflected an inte
grative and synoptic process, articulating a way of understanding associations between emotional 
and other forms of engagement. These patterns were labelled as whizz, worker and worrier. They 
emerged from the data and discussion, and did not have a specific prior theoretical referent.

These insights were combined with outcomes from the first teacher focus group to guide analysis 
of the learning analytics data for sub-question 2. LEA classified students’ emotions at 30 frames per 
second (consistent with similar software, see Azevedo et al. 2016). For each student, percentages of 
frames displaying non-neutral emotions were calculated. Following the analytical leads suggested 
by teachers in the first focus group, the analysis also identified the total time each student was 
idle or active, producing counts of the emotions registered when idle. Similarly, counts of emotions 
were produced for each student for all instances they pressed backspace.

The next step in addressing sub-question 2 involved producing a composite for each student 
(overall emotion distribution, emotions when idle and pressing backspace). These were then 
explored to see if they could be meaningfully linked to the particular the whizz, worker and 
worrier patterns of engagement.

Finally, for sub-question 3, qualitative data from the second teacher focus group were analysed 
thematically to enrich the categories of whizz, worker and worrier, linked to teachers’ knowledge of 
their students.

Findings

Answer to each sub-question will now be presented in turn.

Sub-question 1: what did students say about their emotional engagement in the task?

Students reported experiencing a range of emotions during the task. These varied in the kind of 
emotion (e.g. bored or interested), degree (closer to one end of the scale or closer to the middle), 
and in the change between start and end of an item (some remaining the same, some moving in 
one or the opposite direction). The quotes below exemplify how the stimulus helped students 
refer to specific moments in the task when talking about their emotions: 

When I started, I was really confident because as soon as I wrote the statistical question the code just popped out 
of my mind, it’s easy, I can do this. But then I realised I can’t do it so easily, so I started to get worried. I got more 
interested by the end of it because I was like “How am I going to do this?” I was happy at first, I was oh this is so 
easy, I’m going to finish it so quickly then realisation hit, and I got really frustrated. (Year 10)

I was worried because I forgot how to make a statistical question but at the end, I was confident because I’d 
realised it wasn’t as hard as I thought it was. I was frustrated I didn’t know how to write it, but then I was 
happy because it wasn’t that hard. (Year 9)

Once the multiple layers of coding were complete, a more synoptic approach led to identification of 
three key patterns in these students’ engagement in the task: whizz, worker and worrier. These are 
not specific kinds of engagement, but composites that combine emotional, behavioural, cognitive 
and domain-specific engagement (Finn and Zimmer 2012). Table 2 summarizes whizz, worker and 
worrier, based on multiple students’ comments. Each participating student could be associated 
with only one of the three patterns, based on the qualitative data. It is important to note that this 
refers to a pattern of engagement in the task, not to a fixed property of an individual. When students 
associated within each pattern were considered together, variation was found, confirming that the 
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patterns are higher-level ways of making sense; further analysis of variation between individuals is 
beyond the scope of this paper.

Sub-question 2: what additional insights about emotional engagement in assessment did 
the learning analytics data reveal beyond what students reported?

Learning analytics data were analysed to probe deeper into emotional engagement and idle/active 
time and pressing backspace as two behavioural indicators that participating teachers were particu
larly interested in.

LEA analysed emotions at 30 frames per second; because the time taken by students working on 
the task varied, the number of frames also varied (between 28,000 frames over 20 minutes and 
67,000 frames over 37 minutes). Across all participants, neutral emotions were registered most of 
the time, typically in the range from 76% to 90% of all frames. Given the importance of emotions 
in assessment relates to heightened affective states, the analysis focused on non-neutral emotions.

Figure 4 presents the percent of frames analysed as non-neutral across the whole task for three 
exemplar students: a whizz, worker and worrier. Fear did not occur. Figure 5 shows the percentage of 
frames analysed as non-neutral emotions when these same three students were pressing backspace. 
Figure 5 shows the same for when these students were idle (not moving the mouse or pressing any 
key). Note, 1% of frames were coded as Anger for the worker, and 1% as Disgust for the worrier, while 
idle. The three students for whom data are presented in Figures 4–6 were selected based on the 
qualitative data indicating a strong association with their respective pattern of engagement 
(whizz, worker, worrier).

Whizzes displayed the most happiness, although some students who enjoyed deep engagement 
in coding found more procedural questions less rewarding. Figure 5 shows happiness associated 
with pressing backspace for one whizz. She and other whizz students explained in the focus 
groups that this was not a moment of panic, but part of the process, and often linked to the joy 
of finding a better way of doing. Whizzes were typically idle 35–50% of frames, more than 
workers, but similar to worriers. Figure 6 shows happiness often co-occurred with idle time. In the 
focus groups, they commented how this was enjoyable, time to ponder and dig down deeply 
into questions, searching for (more) elegant solutions.

Table 2. Whizz, worker and worrier.

Whizz As a tech-head I love coding and data science – it’s like my hobbies come to school! When I see tricky questions, I think 
of what I know and can transfer from other areas. If I get stuck, I find ways to use my brain differently (e.g. looking at 
trees). I like it when I’m not supposed to know the answer already. In tests, I look at what’s coming, and divide my 
time up to get the best marks – even if this means leaving some questions incomplete before moving on. I don’t like 
workarounds, I like to do things properly – especially coding: it’s about working it through and not fudging an 
answer. Yes, it’s frustrating when you write code that doesn’t work, but you just go back in and find the errors.

Worker I like data science because it’s relevant to lots of things and important in today’s social debates. I get bored 
when we focus too long on one thing, and like it when there is lots of variety. My interest depends more on 
the question: I find some questions boring, others more engaging. When it’s repetitive and simple I get 
bored and frustrated and end up just staring at the screen. I don’t mind being challenged and having to 
think. I like to do things with the data and use my own thinking and direction to solve new problems, not 
just following steps. If a question isn’t clear, I read through it a few times and try to figure it out. I might 
look at the question for a while, or at a blank wall. I find creative things a bit tricky, but once I have the idea 
in mind, I can visualise things and analyse it confidently – provided I can remember things and it works. If 
things don’t work, I can get a bit stressed. When it’s done, I feel good.

Worrier I’m doing data science because it will be useful for other things. Some questions are interesting, when they 
are really applied and could help people in the real world. I’m most confident when things are familiar, I 
know what to do, or there are clear steps. I worry a bit in tests: I want to get the answers and not run out of 
time. I get stressed when I don’t know what a question means or can’t see how a question connects to what 
I’ve learned before, or I forget things. I rely on my memory for the answers. If I don’t know the answer, I 
either just try random things on screen and hope something works, or I freeze and just do nothing. This 
affects my time management, which makes me even more stressed. If something seems easy but then turns 
out hard, it knocks my confidence … but then if I find I can do questions that look harder, I feel more 
confident. I don’t really care how I get to the answer as long as I get something.
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Emotional engagement for workers was very different, as exemplified in Figure 4. The range of 
emotions was much greater, in line with what students said in focus groups about finding some 
questions interesting, others boring, some easy, others hard, worrying at times and feeling 
confident at others (Table 2). Workers pressed backspace more than others, which coheres with 
focus group comments about using trial and error. Their non-neutral emotions when pressing back
space were typically negative (sadness or disgust; Figure 5). This was analytically linked to focus 
group data concerning frustration with themselves for wasting time, and worry that their answers 
were incorrect. Overall, workers were the least idle (20–40% of frames). Idle time for workers was 
associated with a range of emotions (Figure 6). Workers wanted to find the right answer quickly 

Figure 4. Percentage of frames coded as non-neutral emotions across the task for whizz, worker and worrier.

Figure 5. Percent of frames coded as non-neutral emotions when pressing backspace for whizz, worker and worrier.
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and move on. They described feeling happy when they got closer to the answer, angry with them
selves when they couldn’t figure out what to do, and upset, especially when questions required 
more creative or inventive (rather than familiar and routine) work, or when their answers were 
not correct.

The worriers exhibited more anger, disgust and sadness overall (exemplified in Figure 4). They 
talked about being frustrated with themselves that they could not remember, meaning they were 
failing the task. Pressing backspace was associated with anger and sadness (e.g. Figure 5). Worriers 
were idle more than others (45–75% of frames), and this idle time was emotionally difficult for them, 
associated with disgust and sadness (Figure 6). In focus groups, worriers discussed feeling cross or 
upset with themselves for not remembering what to do. They also discussed feeling anxious as 
time was running out. Some froze (see Table 2), while others discussed trying almost anything.

Sub-question 3: how did teachers add to and make sense of these insights into students’ 
emotional engagement during assessment?

In the second teacher focus group, visual summaries were presented for several individuals analysed 
as whizz, worker or worrier. Teachers were asked to comment as to whether this characterization of 
engagement in the task matched what they knew of the student more broadly. Without hesitation, 
teachers confirmed all except two, with comments such as: 

Yes she’s a whizz. She’ll dig, do more, tweak the code, keep going. Similarly [name] will dig, dig, keep 
investigating.

She was my student, an achiever. She’s got a strategy, but she’s not here for the beauty of the coding, so yes, a 
worker. Everything is high stakes for her … and [name] worker rather than whizz because she was more con
cerned about getting it right than mastering.

Oh yes [name] is a worrier. She worries not to remember. She’s worried she’s not getting the right answer. It’s 
hard to get her to change her mindset, she’s used to blaming herself and her failing memory.

Figure 6. Percent of frames coded as non-neutral when idle for whizz, worker and worrier.
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The two that were not immediately confirmed involved students for whom teachers initially con
sidered their typical engagement in classwork rather than assessments. This led to an important dis
cussion about variation depending on context, discussed further below.

Teachers discussed what might lie beneath the patterns of engagement in terms of locus of 
control. They suggested whizzes might have general assurance as to their capability, pressing back
space when they knew the way forward. They contrasted this with worriers who blaming their own 
perceived incompetence: ‘I don’t know the way forward, I’m blocked, so what I’m faced with is a 
block rather than opportunity’. For the worrier, the backspace is a deficit moment where control 
is lost, while for the whizz it is a positive future-oriented one that is borne of control. For the 
worker, it could be both – realizing something isn’t working, but also trusting in themselves to 
figure something out, hence the varying emotion displayed by workers when pressing backspace.

The teachers commented that a particular student might engage in different ways depending on 
the context, particularly the degree of preparation for assessment tasks. They identified how one 
student who engaged as a worker in the assessment task would engage much more as a whizz if 
she felt fully prepared for a task.

Returning to the two students for whom the suggested pattern was not immediately confirmed, 
teachers also discussed how students who engaged as worriers in tests and assessments (or in prep
aration for them) might be workers or whizzes in everyday class work: ‘In class, she’s collaborating, 
working well, making progress, happy … today it was stressful for her because it’s getting ready for 
the test’. They also thought this would vary between subjects: they knew students who might 
engage as a whizz in Data Science, but be much more of a worrier in History, for example. Thus, tea
chers made sense of the forms of engagement as context-specific and dynamic, and could see they 
reflected complex aspects of students as learners.

Coda

At Pymble’s request, researchers presented key findings back to students who had taken the Data 
Science elective. Students who had participated in the focus groups were provided with a version 
of Table 2, and a summary of their learning analytics data (but not whether whizz, worker or 
worrier applied to them – following advice from Pymble, this was left for them to reflect on 
rather than being presented as a judgement by researchers). They were asked by show of hands 
if they identified with one of the three patterns of engagement and all indicated that they did. 
When asked if they thought they would have the same pattern of engagement in other subjects, 
the majority indicated no.

Discussion

Our aim was to better understand students’ engagement in a new Data Science assessment task. The 
mixed methods approach positioned technology in concert with students’ and teachers’ insights, 
rather than replacing or displacing them (Lodge et al. 2018).

How we understand engagement depends on the ‘size of grain’ that we look at (Sinatra et al. 2015). 
Taking a fine-grained approach, in student focus groups we explored changing emotions as students 
worked on each assessment item in turn – the personally enacted aspect of emotions reflecting indi
vidual appraisals in particular contexts (Schutz et al. 2016). The whizz, worker and worrier (Table 2) 
emerged as patterns in how students talked about their own engagement. As fluid syntheses that 
point to associations between emotional, behavioural, cognitive and domain-specific engagement 
in particular contexts, they reflect the multi-dimensional and situated complexity of emotions and 
engagement in education (Schutz et al. 2016). This is a different approach from studies that use learn
ing analytics to categorize students into pre-defined learning styles (eg. Luo 2021).

The learning analytics offered opportunities to reduce the ‘grain size’ (Sinatra et al. 2015) further, 
pursuing teachers’ curiosity about emotions when students pressed backspace, and when they were 
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‘idle’. The emotions the software could detect through facial expression did not map directly onto 
those discussed by students themselves. Nonetheless, overall emotion patterns for whizz, worker 
and worrier could be discerned in the learning analytics data, which were later validated by both 
teachers and (in a more general way) students.

Significant additional layers of insight emerged, linking emotion with student attention (Azevedo 
et al. 2016). While being idle may appear to be behavioural disengagement, this was in fact associ
ated with very different forms of affective, cognitive and behavioural engagement. The whizz might 
enjoy taking time to ponder elegant answers, the worker might experience varied emotions as they 
use trial and error or struggle with more creative or unusual questions, and the worrier might freeze, 
frustrated with not being able to recall what to do. Similarly, undoing work might involve the same 
behaviour (backspace), but learning analytics revealed different emotions, which focus groups linked 
to cognitive and behavioural engagement, ranging from the reward of realizing a better way of 
doing something (whizz), diagnosing an error and fixing it (worker), and trying something 
different while hoping for the best or having finally remembered what to do (worrier).

These findings can be theorized in terms of activating and deactivating emotional reactions 
(Pekrun 2006). For the whizz, the activating reactions pull them further and deeper into the task; 
deactivating reactions arise for the worrier, where loss of focus and disengagement ensue. The 
worker may experience elements of both.

It is important to understand personal, social/cultural and contextual aspects of emotional engage
ment (Schutz et al. 2016). Teachers’ added relevant insights into students and school culture. They 
identified some students as particularly attentive to peers’ performance, reflecting the way perceptions 
of a competitive school environment can shape emotions (Zeidner 2014). They also discussed how 
some students could regard all assessments as personally high stakes, often feeling they did not 
meet their own very high expectations of performance. Such perceptions can contribute to anxiety 
(Camacho-Morales et al. 2021, Roos et al. 2020, Zeidner 2014). Teachers also remarked on contextual 
aspects, noting students who were characteristically more confident in some subject areas than others.

Thus the learning analytics do not capture the whizz, worker and worrier as fixed properties of 
individuals, but rather as manifestations of personal appraisals that reflect the task itself, its 
context, and how students perceive and experience wider school culture.

Limitations

There may be selection bias resulting from the convenience sample and further information about 
students who did not give consent is not available. However, teachers commented that the sample 
of 25 comprised a range of students in terms of academic achievement and general classroom 
behaviour. The diverse patterns of engagement found suggest that any selection bias did not 
strongly favour those who were most confident or interested in Data Science, or in schooling in 
general.

While variations within each pattern were detected, exploring these in detail is beyond the scope 
of this analysis. The pattern of engagement associated with this task may be different for the same 
student in other contexts, and multiple case study designs could track the same students across 
different contexts. This would aid a better understanding of variation within each pattern as well 
as potential movement between them.

The findings are not empirically generalisable, given their basis in a small convenience sample. 
Larger studies could address this while also linking whizz, worker and worrier with assessment 
performance.

There is some risk of confirmation bias because teachers and researchers sought to explain the 
learning analytics findings using the three key patterns. It is indeed possible that alternative patterns 
might be posited. The detailed and immediate way in which teachers could link the patterns with 
their knowledge of students suggests their validity: they hold up to teachers’ lived experience of 
working with those individuals.
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The sliding scales presented to students in focus groups involved different emotions from those 
that could be detected by the software. While this created some complexity, this was arguably a 
strength of the study. The classification used in LEA and similar software must be treated with 
caution as its reliance of facial manifestation limits the range of emotions that can be reliably 
detected, and software assumes universalism where in reality culture and context matter greatly. 
Therefore, the use of alternatives as stimuli in the focus groups, in which students also expressed 
other emotions, was an important means to counter this limitation.

Furthermore, the three pairs informed by Kort et al. (2001) offered a vocabulary that we expected 
(including through discussion with Pymble) would be more inclusive, comfortable and natural for 
students to discuss than the language of disgust, anger (etc.) that is limited by the basic emotions 
detectable by software.

Conclusions

This study introduced a novel real-time learning analytics system in concert with qualitative data 
from students and teachers to produce new insights into students’ emotional engagement during 
an assessment task. It furthers research seeking to take learning analytics from the lab to the class
room (Jarodzka et al. 2021) in the new and under-studied curriculum area of Data Science.

Whizz, worker and worrier are not replacements for established ways of differentiating forms of 
engagement or learning styles. Their value lies in their synthetic yet fluid quality, connecting 
different aspects in a situated way which enabled the teachers to add layers of insight to the learning 
analytics data. Facial expression analytics are limited in the emotional range they reliably identify 
(Azevedo et al. 2016), and do not account for complex social and contextual aspects of emotional 
engagement. Rather than starting from algorithmic patterns which can often seem inexplicable (Bar
timote et al. 2019), this study took insights from qualitative data and sought to confirm and enrich 
them through learning analytics. This provided a learner-grounded lens through which to interpret 
quantitative automated analyses, oriented towards issues of particular interest and importance to 
teachers (idleness and pressing backspace).

The ideas of whizz, worker and worrier resonated authentically with teachers’ knowledge of stu
dents’ approaches to their peers, assessment tasks and different subject areas. Thus, the complex 
nature of emotional engagement was addressed, elucidating associations with behavioural, cogni
tive and domain-specific engagement. Learning analytics alone could not have achieved this: the 
sequence from student stimulated recall to learning analytics to teacher social and cultural insights 
was crucial. Teachers’ professional expertise was not displaced by the technology (Lodge et al. 2018), 
but found new ways to be put to work. The three sources of data elucidated overlapping but 
different aspects of students’ engagement in the assessment task (Sinatra et al. 2015 Schutz et al. 
2016,).

Insights into student emotions during assessment have been discussed as informing teachers’ 
actions based on offering additional support to reduce anxiety (Pekrun and Schutz 2007). As ways 
of understanding emotional engagement in assessment, whizz, worker and worrier offer a 
different basis for acting. The worker and worrier might feel anxious (at times), but the reasons 
for this and the resulting task behaviours are very different. Teachers commented that the multifa
ceted ideas associated with whizz, worker and worrier provided a richer basis to reflect on support 
for students than simply considering those who were more or less anxious. This would be a valuable 
line for further research to pursue.

Reflecting on practical applications of software such as LEA, we are mindful of maintaining a focus 
on the value that arises from bringing learning analytics into connection with professional expertise 
and student lived experience. Thus, we anticipate uses in alerting teachers to combinations of trig
gers such as sustained idleness and negative emotion when students complete assessments online – 
information that teachers could conjoin with their contextual and cultural knowledge to inform jud
gements as to whether and how to intervene.
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As learning analytics become more widely used and sophisticated, it is important to close the gap 
between the laboratory and the classroom (Krumm et al. 2018). This study showed how combining tech
nological affordances of real-time facial expression analysis with qualitative student and teacher insights 
can provide rich understandings of emotional engagement in assessment tasks, pointing to meaningful 
patterns that connect emotions with cognitive, behavioural and domain-specific engagement.
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