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Abstract
Adaptive learning platforms can personalise learning in classrooms,
yet teachers need tools to monitor student progress and rapidly
identify students who need additional attention. Monitoring dash-
boards that detect outlier students can fulfil this need, but insuffi-
cient explanation of the detection logic may undermine trust and
lead to inappropriate use. To address this challenge, we iteratively
designed and implemented a real-time monitoring dashboard with
model-centric and data-centric explanations, informed by teacher
input. We then conducted a counterbalanced within-group exper-
iment with follow-up interviews to study how 11 teachers used
the dashboard in a real classroom and how they engaged with the
explanations to calibrate their trust. We found that teachers success-
fully integrated the dashboard into their classes, and that their trust
was shaped by many dispositional, situational, and learnt factors.
Crucially, the data-centric explanations enabled teachers to vali-
date the accuracy of outlier predictions, check alignment with their
prior knowledge of students, and identify suitable interventions.
Based on these findings, we present design recommendations for
explainable outlier detection systems in education.

CCS Concepts
• Applied computing → E-learning; • Human-centered com-
puting → Human computer interaction (HCI); Visualization
systems and tools.
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1 Introduction
As in many other domains, artificial intelligence (AI) offers op-
portunities to improve decision-making and support in educa-
tion [19, 27, 31]. One such example in the context of adaptive learn-
ing platforms is data-driven detection of outlier students, who may
need additional support from teachers. The key challenge, how-
ever, is that teachers may not trust or effectively use such outlier
detection systems if they do not understand how they work or why
specific students are flagged as outliers [10, 20]. A potential remedy
is explainable AI (XAI), which encompasses techniques for explain-
ing the outputs of opaque AI systems [1, 4]. These explanations
should be actionable for teachers to make informed classroom in-
terventions. In education, the demand for XAI is particularly high,
as it can address education-specific challenges, such as handling
noisy data and supporting learning processes [20]. Instructors often
lack sufficient understanding of AI, raising concerns and hesitation
about incorporating AI into teaching [10].

We address three key challenges in the context of XAI in educa-
tion. First, we aim to improve teachers’ understanding of outlier
detection models [10, 20]. Second, we study the complex nature of
trust and its impact on AI use in education. Third, we operationalise
model-centric and data-centric explanations in an educational out-
lier detection system. Existing literature primarily emphasises de-
tection accuracy, neglecting the importance of explainability.

Concretely, we extended an adaptive learning platform with a
teacher dashboard that detects outlier students and exercises. Dur-
ing an iterative design process involving teachers, we also designed
explanations for these detections. We then conducted a between-
group experiment and follow-up interviews with 11 teachers in a
real classroom setting to evaluate our explainable dashboard and
examine how they trusted and used it. Our research questions were
as follows:
RQ1. Which factors affect teachers’ trust in an explainable outlier

detection system?
RQ2. How do teachers assess model-centric and data-centric ex-

planations in terms of effectiveness, satisfaction, and trust?
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RQ3. How do teachers (intend to) use our outlier detection dash-
board in a classroom setting?

Our findings show that teachers effectively integrated the dash-
board into their classroom in multiple ways, with their trust shaped
by dispositional, situational, and learned factors. The data-centric
explanations enabled teachers to verify the accuracy of detected
outliers, compare results with their own knowledge of students, and
identify possible interventions. We discuss these insights to inform
the design of explainable outlier detection systems in education.

2 Background and Related Work
2.1 Explainable Artificial Intelligence
AI models often lack transparency in that they do not disclose
their internal workings and are essentially “black boxes” [1, 4].
This raises questions about how much trust can be placed in them.
To address this issue, AI systems should be both interpretable and
explainable. Doshi-Velez and Kim [12] define interpretability as “the
ability to explain or present in understandable terms to a human.”
Barredo Arrieta et al. [4] define explainability as “the details and
reasons a model gives to make its functioning clear or easy to
understand, given a certain audience.” Considering these definitions,
explainable artificial intelligence (XAI) aims to provide explanations
for the outcomes of opaque AI systems.

In education specifically, concerns are emerging around educa-
tional interventions supported by AI [20]. Instructors often possess
an insufficient understanding of AI, leading to concerns about its use
and questioning its effectiveness and trustworthiness in carrying
out tasks without error [10]. There is a need for XAI in education to
effectively communicate AI outcomes to instructors, enhance their
perceptions of AI, and support them in addressing the challenges
they encounter when integrating AI into teaching practices.

2.2 Different Types of Explanations
Many different XAI techniques have been proposed and can be cate-
gorised in various ways. For example, explanations can be classified
by the scope and level of detail they convey. Mohseni et al. [26] dif-
ferentiate between global explanations, which provide insights into
the overall functioning of a model, and local explanations, which
focus on explaining individual instances. Alternatively, Mohseni
et al. [26] and Liao et al. [22] distinguish between explanations
based on the questions they answer. For example, how explanations
provide insights into the internal functioning of the model, while
why explanations offer reasoning behind specific predictions. Other
approaches include contrastive or similar examples, simplification,
and performance measures. Finally, explanations can be data-centric
[3], describing the data used for model training, or model-centric,
explaining the overall model, similar to global explanations.

Explanations can have a visual, verbal, or analytical format [26].
Visual explanations use visual elements, while verbal explanations
rely on natural language, and both can be combined [35]. Analyt-
ical explanations are similar to visual explanations but use more
advanced visualisation techniques to explore the data and model
representations [33]. When designing explanations, the target au-
dience matters, as needs differ between AI novices, data experts,
and AI experts [26]. For AI novices like most teachers, XAI should
prioritise transparency, trust, fairness, and privacy awareness [26].

2.3 Trust in Automated Systems and Analytics
Trust in automated systems is a slippery concept that is particularly
hard to measure because it evolves and is influenced by disposi-
tional, situational, and learnt factors [17]. Dispositional trust de-
pends on people’s enduring tendency to trust arising from biological
and environmental influences such as culture, age, and personality
traits. Situational trust depends on the specific interaction context,
encompassing both internal factors (e.g., self-confidence) and ex-
ternal factors (e.g., system type). Learnt trust is based on past or
current experiences with the automated system and is influenced
by people’s pre-existing knowledge and the system’s performance.
In the context of automated systems and XAI evaluations, trust is
best considered as a multi-dimensional construct [25, 31].

Specifically, trust in learning analytics systems and AI-based ed-
ucational technology is equally multifaceted, including factors such
as perceived benefits and lack of transparency [28]. To ensure usable
and useful systems, it is critical to involve stakeholders throughout
the design process [19]. Moreover, privacy and transparency require
careful consideration for trust-building [2]. While explanations can
enhance transparency, experts themselves vary in which explana-
tions they find important and trustworthy [34]. Consulting teachers
to include pedagogically meaningful [27] and actionable [20] ex-
planations is therefore key. Furthermore, visual design alternatives
to traditional dashboards, such as data storytelling and narratives,
may improve teachers’ reflection and understanding [16].

3 E-Learning PlatformWith Outlier Detection
Dashboard

We extended an e-learning platform for secondary school mathe-
matics practice [31] with an explainable learning analytics dash-
board. Resulting from iterative design with teachers, the dashboard
enables: (1) monitoring student performance and outliers based on
speed and attempts; (2) intervening when students struggle or excel;
and (3) identifying outlier exercises. Some teachers participated in
multiple iterations.

3.1 Design Process
We first interviewed 10 teachers (semi-structured) about their use of
and wishes for digital tools to support students. Teachers reported
they rarely use such tools due to their technical limitations and
scattered functionalities. Discussing monitoring dashboards from
the literature [9, 11, 13, 23], teachers stressed the importance of
focusing on individual students, rather than comparing them to
class averages. They also suggested personalising support with a
warning system for underperforming students and recommended
actions. Most teachers identified completion time as a key factor
in determining which students require support. These findings in-
spired us to create an outlier detection dashboard with performance
timelines for all students. Our low-fidelity prototype (version 1 in
Figure 1) included distribution plots inspired by Campen and Mole-
naar [9] and visual per-question performance indicators inspired
by Dourado et al. [13].

In a co-design session with 2 human-computer interaction ex-
perts, we refined the visualisations and interactions in our proto-
type (version 2 in Figure 1). We added histograms for the time and
attempt parameters used by the outlier detection algorithm (see
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Figure 1: Our design process with an initial version based
on semi-structured interviews (version 1), a low-fidelity pro-
totype based on a co-design session (version 2), and a high-
fidelity prototype (version 3). We conducted usability tests
for the latter two versions.

Section 3.3) and enabled highlighting students’ position therein.
We also included which exercises students were struggling with to
provide actionable insights for teachers.

Next, we conducted task-based think-aloud studies with 7 teach-
ers to identify usability issues in our prototype. Teachers also sug-
gested various functionalities and interventions, including filtering
out outlier students, providing general feedback, pairing strong and
weaker students, and providing extra practice materials for weaker
students. We incorporated these suggestions in a high-fidelity pro-
totype (version 3 in Figure 1), which we again evaluated and refined
through task-based think-aloud studies with 5 teachers. Further
details about our design process can be found in [15].

3.2 Monitoring Dashboard and Explanations
Our final dashboard in Figure 2 provides a real-time overview of
student performance, highlighting outliers and suggesting interven-
tions. The timelines visualise each student’s progress, with colour-
coded indicators for correct and incorrect answers. Clicking on
a specific exercise in a timeline aligns all students to it, allowing
teachers to compare performance (see Figure 5). Clicking on outlier
students reveals suggested interventions: teachers could choose to
offer help or assign a buddy to ‘weak’ students, and assign harder
exercises to ‘strong’ students. In both cases, teachers could also
choose not to intervene and ignore the outlier warning. Moreover,
the distribution plots and timelines are linked: clicking or hovering
over either of them highlights the corresponding elements in the
other plot. Finally, teachers can filter on specific exercises and track
exercises that are generally difficult for students.

To give teachers insights into the system’s outlier detection, we
incorporated two types of explanations in our platform. First, the
timelines and distribution plots in Figure 2, discussed above, serve
as data-centric why explanations. Indeed, they visualise the data
used by the outlier algorithm and contextualise individual students’
position within the distribution of speed and attempt scores. Second,
we added a model-centric how explanation that uses illustrated
text to clarify the model’s internal functioning and parameters (see
Figure 7). Teachers were referred to this model-centric explanation
upon logging in and could revisit it on a page titled “Explanation
about detection system.”

3.3 Outlier Detection and Interventions
Outlier students were detected with the Local Outlier Factor (LOF)
algorithm, which flags students whose local density is lower than

that of their 𝑘 nearest neighbours [6, 36]. We set 𝑘 to half the class
size and marked students with an LOF score above 1 as outliers. As
input to the LOF algorithm, each student had two scores per set
of exercises, which were updated after each attempt. First, a speed
score increased by 1 if the attempt was as fast or faster than the
class average, and decreased by 1 otherwise. Second, an attempt
score was updated as follows:

new score =

{
old score + 1/𝑁 for correct attempts,
old score − 𝑁 /(𝑁 + 1) for incorrect attempts,

where 𝑁 is the number of attempts. Outliers with both scores above
average were labelled ‘strong’, and those below average were la-
belled ‘weak.’ Teachers could assign a buddy or provide help them-
selves to struggling students. We also implemented a multivariate
Elo rating system [32] to estimate student proficiency and exercise
difficulty, enabling teachers to assign harder exercises to students
who progress quickly. Note that the focus of our study was not to
optimise the LOF and Elo algorithms, but to evaluate our dashboard.

4 Methods for In-Class Experiment
We recruited 11 mathematics teachers via email, social media, and
personal contacts to use our platform during regular classes. None
of these teachers participated in our design process, described in
Section 3.1. To account for the small sample, we conducted a within-
group experiment to assess how our explainable dashboard impacts
teachers’ trust, perceived accuracy, satisfaction, and perceived effec-
tiveness of explanations. The study was approved by KU Leuven’s
ethical committee (reference: G-2022-6129).

Before the experiment, teachers composed series of fixed exer-
cises for all their students and read the model-centric explanation
of the outlier detection system. Adaptation based on Elo ratings
only kicked in when teachers later assigned harder exercises to
outlier ‘strong’ students. To study the impact of our data-centric
explanations, we created a baseline dashboard that displayed only
student names, without visualisations (see Figure 4).

During the experiment, teachers used both dashboards in a coun-
terbalanced order to account for ordering effects. Concretely, 6
teachers first saw the full dashboard for 25 minutes and then saw
the baseline dashboard for 15 minutes (Group A; P3, P5, P7–9, P11),
and 5 teachers used the dashboards in the opposite order (Group B;
P1–2, P4, P6, P10). Teachers could spend more time with the full
dashboard because it was more complex, and its visual explana-
tions were the main focus of our research. While students were
solving exercises, teachers freely interacted with the monitoring
dashboard. We logged hovering, clicking, and filtering interactions
with suggested interventions, outlier students, and the explainable
visualisations. Whenever teachers registered an intervention for
detected outliers, they had to indicate whether they agreed with
the detection. As our study focused on teachers’ perceptions, we
did not collect student data.

After the experiment, teachers shared initial impressions via
email. Except for P11, all then participated in semi-structured inter-
views for more in-depth discussions based on selected questions
from existing questionnaires (see Table 1). We covered trust based
on constructs from the Madsen-Gregor trust scale [25], including
trustworthiness, perceived reliability, perceived understandability,
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Figure 2: Our monitoring dashboard with highlighted student outliers. In the timelines, green and red vertical lines indicate
correct and incorrect attempts, respectively, and boxes indicate which exercise each attempt belongs to.

Figure 3: Our monitoring dashboard with aligned timelines and suggested interventions for outlier students. Hovering over
attempts in the timelines shows the exercise and students’ answers.
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and faith. Perceived accuracy questions explored teachers’ views on
the system’s accuracy. Satisfaction questions were adapted from the
explanation satisfaction scale by Hoffman et al. [18], assessing un-
derstandability, satisfaction, sufficiency of detail, and usefulness of
the explanations. Finally, effectiveness questions evaluated whether
explanations supported teachers in making interventions.

The semi-structured interviews were transcribed and themati-
cally analysed, following guidelines by Braun and Clarke [5]. We
started with deductive coding and then grouped codes about trust ,
usefulness and satisfaction , and integration in classrooms.
One leading author coded all transcripts and discussed initial themes
with the other leading author to optimise their focus. The final
themes result from three major iterations. Afterwards, we induc-
tively mapped themes to the three-layered trust framework by Hoff
and Bashir [17].

5 Results of In-Class Experiment
5.1 Teachers’ Interactions with the Dashboard
The logged hover and click counts in Figure 5 show that teachers
most often interacted with detected student outliers. When data-
centric explanations were available, they often examined timelines
and distribution plots, most frequently focusing on successful and
failed attempts, followed by very slow or very fast students. Group
A engaged with a broader range of components than group B,
but there seem to be no further major differences in interactions
between the groups. Thus, the order in which teachers used the
dashboards did not significantly impact their interactions. Most
teachers registered 4 or fewer interventions for outlier students;
only two teachers in group B registered 8 and 9 interventions,
respectively, on the baseline dashboard. While this makes further
analysis preliminary, one interesting observation is that teachers
interacted more with student outlier detections on the dashboard
with data-centric explanations (68%) versus the baseline (32%), and
also agreed more with detections (52% vs 16%).

5.2 Trust

Some teachers placed blind trust in the outlier detection system
because they believed it to be objective and well-designed, while
others were more cautious.

Some teachers expressed blind trust in the system, believing in its
objectivity and setup. For example, P4 stated: “I trust it [...] because
there’s an objective system that generates judgments based on data.”
Similarly, P6 assumed the detection system was well-designed de-
spite not having a precise understanding of the system’s inner
workings: “I suppose if the detection system is well-made, you can
trust it. But of course, you don’t know exactly how it works.” In con-
trast, other teachers such as P9 took a more careful stance towards
fully relying upon automated technologies for outlier detection,
mentioning “I’m not naturally inclined to trust the computer for that.”

To assess the accuracy of the outlier detection, teachers heavily
relied upon alignment with their own findings and knowledge
of students. Alignment sparked trust; disalignment sparked distrust.

Some teachers expressed confidence in the system because its
detected outliers aligned with their expectations. For example, P5
stated: “I think the detections [of outlier exercises] were accurate. I
expected them because the exercises were a bit more challenging.”
Similarly, for detecting outlier students, teachers appreciated the
system’s ability to identify students whowere guessing, as it aligned
with their observations. P1 remarked: “Yes, everything matched and
made sense except for one student, just as I expected. I knew that one
student would guess.”

In addition to observations, several teachers emphasised the im-
portance of their prior knowledge about students when assessing
the system’s accuracy and trustworthiness. P10 agreed that the sys-
tem was accurate and working as expected: “There were no surprises,
really. The students whom I expected to perform well actually did so.”
Multiple teachers seconded this remark. For example, P7 explained:
“Because I’ve known the students for a while now, I know which ones
are strong in mathematics and which ones are slightly weaker. The
system also indicated that the high-performing students were doing
well, and those who were a bit weaker aligned with how I see them in
class.” Similarly, P3 explained that having no prior knowledge of
students might influence how strongly they would be able to trust
the system: “Because I really know my students, I trust the system.
But if I were to start the school year with a completely new class or,
for any other reason, find myself in an unfamiliar setting, I can’t be
sure if it would be as reliable. It’s all about knowing my students and
recognising their weaknesses.”

However, some teachers expressed scepticism and lacked trust
in the system due to inconsistencies with their perceptions and ob-
servations. For example, P8 remarked: “It didn’t always correspond
with my observations. When distinguishing between weak and strong
learners, I interpret it differently in my lessons.” P9 also noticed a
notable difference between what they observed in the students and
what the system’s dashboard indicated. They expressed distrust
and elaborated: “There was quite a difference, I think, between what
I observed in the students and what the dashboard said. It wasn’t al-
ways 100% accurate. [...] The dashboard primarily highlighted which
students were fast or slow. I noticed that some students were engaged
in guessing, which might have led them to be labelled as fast. Even in
terms of strong and weak students, it didn’t fully correspond to what
I personally observed.” Also P10 echoed the sentiment of mistrust,
stating: “According to my knowledge of the students, [I do] not really
[trust it]. [...] Some students scored poorly, while in class, I had the
impression that they were actually stronger.” P10 did acknowledge
that there might be some reasoning as to why some of their students
were detected, but still did not trust it.

Analysing the data-centric explanations revealed the accu-
racy of detected outliers, fostering trust in the system.

P1 used our monitoring dashboard in multiple classes and beauti-
fully described how they were initially sceptical but gained trust in
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Figure 4: Our baseline dashboard showed outlier students and exercises without data-centric explanations.

Figure 5: Click and hover counts for the dashboards with and without data-centric explanations.

the system by engaging with the data-centric explanations and ob-
serving consistent patterns. “In the beginning, [...] using the timeline,
I wanted to verify it was accurate. Like, is it being displayed correctly,
showing me the time taken and the number of correct attempts? Does
it match up? [...] You could effectively see that the students who made
only one or two attempts and those who took less time were also cho-
sen as better learners.” Especially cases where the outlier results
initially contradicted their expectations were pivotal for P1: “I also
noticed that students whom I know are weaker were being highlighted
as stronger. And I thought, ‘Really? Can that be?’ But there were in-
stances where it was true: the students who diligently completed their
exercises on paper without attempting them multiple times before
moving on. I wasn’t surprised because I knew that you receive more
points for providing the correct answer quickly or getting it right on

the first try. [...] It’s funny to see that the weaker students also rank
higher. It’s nice for them to see that they’re also earning points or be-
ing ranked higher because of their good approach to solving problems.
I found that quite enjoyable.”

P3 also described how initial disagreement with certain detec-
tions was resolved after analysing the students’ behaviour through
the timeline, leading to a better understanding of the algorithm’s
rationale and increased trust: “I have a few students who are strong
but were rated as less strong [...]. One of my students is extremely
slow but very strong in mathematics, so he just needs a lot of response
time to react. And I could follow that on the timeline. And yes, that
can give a distorted picture of his abilities, since he was often seen as
a weaker student. [...] But it’s because I know the underlying idea, the
reasoning behind the classifications, that I [trust the system].”
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In addition, P2 gained trust by noticing that a student who
usually performed well was marked as weaker due to guessing:
“I could see on the timeline that they were guessing because they
genuinely believed they always had a one-in-four chance and would
eventually select the correct answer. [...] So yeah, I trusted that the
system was identifying the students correctly.”

Teachers built trust over time by being exposed to the dash-
board and monitoring the system’s outlier detection performance.

P1 highlighted the need for time when building trust and work-
ing with the system: “The more I work with the platform, the more
my trust in it grows. You learn that the system responds correctly. [...] I
had looked into [the system’s detection rationale] thoroughly with the
first group, [...], so I trusted it would work in the next lessons as well.”
Yet, P1 also acknowledged the importance of ongoing evaluation:
“It seemed to be accurate [...], but to assess it better, I need to try it a
few more times.” Other teachers seconded that they found it chal-
lenging to assess the system’s accuracy. For example, P8 noted they
“haven’t engaged enough with it to give a proper answer” and P2
“would need to play around with it more to extract valuable insights.”

Another reason for requiring time to build trust was the need
to familiarise themselves with the dashboard and the data-centric
explanations. For example, P8 remarked that giving teachers more
time to familiarise themselves with the dashboard in advance could
help: “There are so many things [on the dashboard]. Especially when
I first saw it, I found it really difficult to grasp everything at once.”

Teachers could start doubting the system’s reliability as de-
tections fluctuated frequently.

One participant, P6, expressed less or mixed trust in the sys-
tem due to its fluctuating detections: “Sometimes [I trusted it], but
sometimes not. [...] It would say ‘weak,’ and then suddenly that stu-
dent would be labelled ‘strong,’ and then they would become ‘weak’
again. I think it’s related to the constantly running algorithm, but it
does cause confusion at times.” P6’s lacking trust stemmed from the
inconsistency they observed in the system’s detections.

5.3 Satisfaction and Usefulness

Teachers found the outlier detections and timelines satisfactory
and useful for monitoring students and intervening promptly.

P2 pointed out the question tracker feature of the dashboard as a
suitable support tool to intervene promptly: “I found it particularly
useful when a question required extra attention.”

In addition, most teachers strongly appreciated the timelines in
the data-centric explanations. For example, P4 stated: “It provides
a clear snapshot of when students start and complete their exercises,
allowing me to assess their progress and identify areas that need
attention.” P5 seconded this: “I can easily track students’ completion
time, performance, and problem-solving approach. The dashboard
[presents] this information concisely and accessibly.” Many teachers
highlighted the effective colour-coding. For instance, P7 remarked:
“The red and green indicators are so clear. They quickly catch my

attention and prompt me to take action.” As highlighted by P10, the
timeline data could inform teachers about new students’ mastery
level: “If you can already see this in the first trimester, then you have
an idea about your students before you fully know them.”

Furthermore, most teachers elaborated on how the visual time-
lines helped them with decision-making and optimising classroom
management, particularly because of the time aspect and real-time
updates. This explains why they preferred the dashboard with time-
lines over the baseline dashboard without them. For example, P1
shared that the timeline helped them decide when to intervene: “I
did want to help the person who had been working on [an exercise] for
so long when I looked at the timeline.” P7 added: “Especially if a stu-
dent had been working on an exercise for a long time [...or] you notice
they have tried it multiple times and failed, then you think, ‘Maybe I
should take a look myself.”’ Moreover, P2 explained: “[The timeline]
allowed me to spot when someone was guessing [...] and address the
student on it.” Finally, P7 highlighted that real-time monitoring
at a distance could prevent student discomfort: “I really enjoyed
being able to track in real-time which exercise students were working
on. Otherwise, you have to literally look over their shoulders, and
they don’t really like that.” In response, P2 nuanced that observing
students’ behaviour in person could still be valuable: “Observing
their movements helped me understand that an exercise took longer
because they also went to get scrap paper.”

The data-centric and model-centric explanations improved
understanding of the algorithm and its parameters.

Teachers found the model-centric explanations clear and suffi-
cient for a basic understanding of the algorithm, even for those
with a limited technical background. Some could correctly recall
and explain the algorithm’s overall logic. Two teachers even asked
for more detailed model-centric explanations because they were
unsure how the system made its detections. P6 emphasized that the
‘strong’ and ‘weak’ labels for students were not properly explained.
P1 suggested that more details about the precise allocation of points
per attempt could be interesting, although not essential.

However, some teachers admitted they had not focused much
on the model-centric explanation and had limited knowledge of it.
For example, P9 rushed through it due to time constraints, P2 said
they had no idea how students were detected, and P10 had a hard
time explaining the model’s parameters.

Some teachers also seemed to have mainly deduced information
about the algorithm’s functioning and parameters based on the data-
centric explanations. For example, P4 speculated that “detections
were probably based on the accuracy of the answers and speed.” P7
and P8 offered a similar perspectives, stating: “I suppose fast and
accurate answers represent strong students.”

Teachers expressed a need for control over the outlier detection
by tuning parameters and customising visual components.

Inspired by observed cases of slow yet capable students, P3
recognised the potential value of changing the weights of model
parameters based on individual student needs. They suggested:
“Maybe it would be an idea to make adjustments for such a student,
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so that less emphasis is placed on slowness in some learners because
you’re aware of it.” Thus, by adjusting the focus on aspects such as
slowness and speed, teachers could tailor their approach to cater to
students’ unique learning styles.

P10 suggested another form of control: personalising the dash-
board by altering its visual components. Acknowledging that dif-
ferent teachers have varying preferences and teaching styles, they
suggested letting teachers switch between the baseline and full
dashboard layouts: “I should be able to switch between the two. I find
that quite interesting. Or even just choosing for yourself what you
want to see on your screen as the teacher.”

5.4 Dashboard Integration in Classrooms

The dashboard can help teachers decide whether students need
remediation or differentiation based on their performance.

P2 shared their thoughts on using the dashboard for remediation
and for task differentiation. They said: “I would love to use it to
differentiate tasks. For example, if a student performed poorly on a
particular test section, I could assign them additional exercises.” Simi-
larly, P5 described how they would use the bar charts, categorising
students according to speed and accuracy: “I think it is really useful
for situations where I need to assess which students need remediation.
Just looking at the dashboard, I would pick out the students who make
a lot of mistakes. When differentiating, the bar charts really help group
students and see how much time or attempts they need.” Finally, P10
highlighted the feature to assign extra exercises to “strong” outliers:
“This allows you to assign more tasks to some students within the same
time frame as others.”

Some teachers shared data insights with students to stimulate
them, while others cautioned about potential negative impacts.

Some teachers chose to share dashboard information directly
with students to give a glimpse into their performance. For example,
P1 shares their positive experience: “I could say to them, ‘Hey, the
system recognises you as a strong student’, and you could see them
light up with pride.” Similarly, P10 reflected on the impact of the
dashboard on her dynamic and energetic class, noting: “It was
indeed different from usual. The class was quite lively, and they were
definitely active, especially when you could say, ‘Come on, you’re
in the red zone, let’s get back to green.’ They would make an effort,
although some more than others.” In addition, P5 described students’
positive reactions: “They found it fun to see if they were considered
good or average students. It even sparked some laughter.” In contrast,
P2 expressed their reservations about sharing the dashboard with
students: “If they see other students who didn’t score as well, the boys
in the class can become quite competitive and start mocking others.
[...] I would like to avoid that.”

In physical classrooms, balance technology usewith classroom
management and personal connections with students.

Multiple teachers indicated it was challenging to strike a bal-
ance between offering assistance and leveraging the dashboard’s

insights. For example, P8 shared their initial struggles, remarking:
“I had to figure out how it worked and what it exactly meant. It was a
lot to process on the computer while also attending to the students.”
P9 further emphasised the delicate nature of motivating students
while monitoring the dashboard: “It’s difficult to monitor the dash-
board and walk around at the same time. You would need to be in two
places at once.” P2 agreed that observing students’ progress on the
dashboard and physically interacting with them posed logistical
challenges: “Identifying which exercises required attention was very
useful. However, I had to physically turn around to see who was actu-
ally working on them. [...] I found myself shouting in two directions
from the centre of the room. It didn’t make much sense.”

Interestingly, P10 reported greater reliance on face-to-face en-
gagement when using the baseline dashboard. In contrast, the data-
centric visualisations in the full dashboard made them less inclined
to approach individual students, as they already had a clear under-
standing of the situation.

Notably, half of the teachers believed that personal connection
remains essential for catering to students’ unique needs, often cit-
ing the importance of students’ facial expressions and individual
learning circumstances. For example, P1 highlighted that outlier
classification based on performance alone may overlook individual
circumstances and growth. Furthermore, P8 described how technol-
ogy cannot fully replace “the human factor”, which encompasses the
impact of the teacher’s presence, their ability to explain concepts,
and their observations of students’ facial expressions. P9 indicated
this might be “especially [relevant] for [students] who haven’t always
had good experiences with maths.”

Moving forward, P7 recognised the potential benefits of technol-
ogy in distance learning, but considered personal interaction more
logical and practical in traditional classroom settings. P1 added:
“It’s the combination of a good teacher and system that together ensure
a good lesson.”

6 Discussion
Comparing groups A and B, we did not observe major ordering
effects between the full and baseline dashboards, neither regard-
ing trust nor intention to use. As a basis for our discussion, we
could therefore reliably map all themes to the three-layered trust
framework by Hoff and Bashir [17] (see Section 2.3).

6.1 Teachers Already Start Calibrating Trust
Before Dashboard Use

Addressing RQ1, Figure 6 shows that teachers raised themes re-
lated to dispositional, situational, and learned trust, spanning all
layers of the framework by Hoff and Bashir [17]. This illustrates
the complexity of how teachers calibrate their trust in an outlier
detection dashboard. It is interesting to realise that trust calibration
starts even before teachers interact with monitoring dashboards.
For example, teachers’ initial trust was influenced by their disposi-
tion towards technology. Some teachers alluded to blindly trusting
the detection system, believing that its objectivity and data-driven
nature would yield accurate outlier predictions. This blind trust
has been documented previously: people may place greater trust in
automated systems than in their own judgments [21, 24] and may
be less forgiving when they make mistakes [14]. Other teachers,
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Figure 6: Mapping the themes from our thematic analysis in
Section 5 to the three-layered trust framework by Hoff and
Bashir [17].

however, expressed a more cautious attitude towards technology,
which predisposed them to distrust the system.

The possibilities teachers described for integrating the monitor-
ing dashboard into their classrooms also hinted at situational trust.
Concretely, trust could depend on the context of use. For example,
teachers could trust the system for remediation and differentiation,
but not for sharing its insights with students.

Finally, some teachers indicated they believed the system would
remain effective in subsequent lessons, which is a good example
of initial learnt trust. Exposure to the dashboard and observing
its performance over time helps build this trust, underscoring the
importance of sufficient use time and training.

6.2 Data-Centric Explanations Strongly
Influence Trust During Interaction

Continuing to address RQ1, our findings show the variety in dy-
namically learnt trust, both in terms of system performance and
design features. An interesting observation was that teachers typi-
cally grew (dis)trust when suggested outliers (dis)aligned with their
own observations and knowledge of exercises and students. This
resonates with the work of Nourani et al. [30], which emphasises
the significance of domain experience in shaping teachers’ trust in
a system. It also links to the idea that perceived accuracy is a crucial
driver of trust calibration [38]. Studies have shown that people
adjust their trust levels based on estimated accuracy, increasing
trust when model accuracy exceeds their own [37].

Regarding RQ2, our thematic analysis clearly showed that many
participants primarily paid attention to the data-centric explana-
tions on the monitoring dashboard, considering them themost vivid
and memorable aspect of their experience during the experiment. In
contrast, the model-centric explanations received considerably less
attention from teachers, even though all were expected to read them
to gain an intuitive understanding of the outlier algorithm’s inner
workings. The data-centric explanations played a crucial role in
shaping teachers’ trust. By analysing the visualisations and seeing
what the system based its detections on, teachers better under-
stood its rationale, even in cases where they realised their initial

expectations regarding student performance were wrong. This is re-
assuring as the dashboard should not just confirm teachers’ beliefs.
These findings align with previous research about the importance
of meaningful explanations [29] and the positive effect of richer
explanations on trust [8]. Even though our quantitative logging
results are preliminary, given the small sample, it is interesting to
see how this is reflected in larger agreement with outlier detections
when data-centric explanations were present.

6.3 Classroom Integration Requires Balancing
Technology Use and Personal Connections

Answering RQ3, teachers successfully integrated the monitoring
dashboard into their classrooms and actively used its visual com-
ponents and outlier detections. Many reported intentions to use
it for remediation, differentiation, and sharing insights with stu-
dents about their learning process. However, while teachers ac-
knowledged the dashboard’s potential, they also admitted to face
challenges in simultaneously monitoring it and providing neces-
sary assistance in the classroom. One particular concern was the
potential loss of personal connection when using a monitoring
dashboard. This is a good reminder that data-centric explanations
should not come at the cost of undermining teacher-student rela-
tionships, especially because teachers consider a lack of human
characteristics as a big limitation of AI-supported educational tech-
nologies [28]. However, teachers emphasised that effective lessons
can be achieved by combining their skills with reliable systems.

6.4 Design Implications for Outlier Detection
Dashboards in Education

Based on our findings, we propose several design implications that
could increase reliance on outlier detection dashboards in educa-
tional settings. First, to stimulate situational trust, it is important
to ensure the dashboard aligns with teachers’ goals and the ed-
ucational context in which they deploy it. Involving teachers in
a human-centred design process can help achieve this alignment.
Second, given that many teachers indicated using the dashboard
while walking around the classroom, monitoring could be sup-
ported with portable devices such as tablets or AR devices [19].
Third, incorporating data-centric explanations, such as visual time-
lines, seems crucial for fostering dynamically learnt trust among
teachers and their students. Sharing (parts of) students’ raw in-
teraction data, rather than just showing outliers, allows teachers
to verify whether outlier detections align with their own findings.
Fourth, meeting teachers’ need for control can boost their dynami-
cally learnt trust. Thus, we recommend extending outlier detection
dashboards with control mechanisms that enable teachers to adjust
model parameters and customise visual components. Finally, as
fluctuating detections can raise doubts about the system’s relia-
bility, smoothing techniques could be applied to flag students as
outliers only after the algorithm has detected them for some time.
Uncertainty visualisations could also help convey the confidence
levels of detections.

6.5 Limitations and Future Work
Our findings are subject to several limitations. First, teachers used
our dashboard for a limited time. Conducting similar studies over a
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longer period would give teachers more time to assess the system’s
accuracy and to compare the baseline more extensively with the
full dashboard. Second, the study’s small sample size limits the
generalizability of our quantitative findings. While our logged data
showed some interesting initial patterns concerning feature use and
agreement with detected outliers, increasing the sample size would
allow for more reliable conclusions. Third, the technical simplicity
of our outlier model based on speed and attempts does not fully
capture the complexity of student performance. Future work could
incorporate additional variables and more carefully adjust the speed
score and flag outliers, e.g., by considering how far the completion
time deviates from the average. Using completion time for outlier
detection might also be controversial; our study included it at the
teachers’ request during design (see Section 3.1). Fourth, there likely
was a discrepancy between the recorded and actual interventions,
given that teachers had to manually register them while actively
moving around the room. Future studies could apply observational
or automated approaches to record interventions.

For future work, we recommend providing teachers with control
over the system’s parameters and visual components. Given the
growing prevalence of remote education, investigating the effec-
tiveness of the explainable dashboard in distance learning scenarios
would be interesting as well. Additionally, considering long-term
performance in the detection system would provide insights into
how explanations can support sustained learning and intervention
strategies. Lastly, aligned with the endeavour of open learner mod-
els [7], it would be relevant to explore how sharing the monitoring
dashboard with students could impact their learning outcomes,
motivation, and self-regulation.

7 Conclusion
This study extended an adaptive learning platform with a teacher-
oriented dashboard for explainable outlier detection of students. We
conducted a within-group experiment with 11 teachers to evaluate
it in terms of perceived accuracy, trust, usefulness, satisfaction, and
classroom integration. Our findings highlighted the multifaceted
nature of trust, tapping into dispositional, situational, and learned
factors. Crucially, the data-centric why explanations, consisting of
visual timelines, were teachers’ most vivid aspect of their experi-
ence, helping them understand outlier detections, fostering trust in
the system, and enabling them to verify whether outlier detections
aligned with their prior experience with students. Our recommen-
dations for designing outlier detection dashboards and for future
research can guide the development of effective and trustworthy
educational monitoring tools.
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A Appendix
Figure 7 shows ourmodel-centric explanations, and Table 1 contains
the questions we asked teachers after they used our dashboard.
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Figure 7: The model-centric explanations on our learning platform with translated text.

How does the algorithm work? We use an intelligent system that calculates a deviation score for
each student based on two factors: the attempt score and the speed score. A high deviation score
indicates that the student significantly deviates from the group’s normal performance, while a low
deviation score indicates that the student performs similarly to the rest of the group.

Attempt score. The attempt score is determined by the number of attempts a student has made to
solve an exercise. This means that we consider both their successes and failures when answering
questions. When a student answers a question correctly, their attempt score increases. However,
if they require multiple attempts to answer the question correctly, their score will increase more
slowly. If a student answers an exercise incorrectly, their attempt score decreases. The amount
deducted depends on how many times the student has previously attempted to solve the exercise. If
the student has attempted it many times before, their attempt score will decrease more than if it is
their first or second attempt. This approach aims to prevent students from simply guessing.

Speed score. The speed score is based on the time a student takes to submit an attempt for an
exercise. We compare this time with the average of all students and calculate a score. This allows us
to determine whether a student is relatively fast or slow compared to the rest of the group.
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Table 1: Questions asked in the semi-structured interviews with teachers.

English Translation Dutch Original

General Introductory Questions
In what order did you see the dashboard? In welke volgorde heb jij het dashboard gezien?
What were your first impressions of the detection system? Wat waren jouw eerste indrukken van het detectiesysteem?
How did you use it during the practice session? Hoe heb je het gebruikt tijdens de oefensessie?
Did you receive different feedback from students compared to a typical lesson? Kreeg je van leerlingen andere respons dan tijdens een gebruikelijke les?
Which insights did you find most interesting and why? Welke inzichten vond je het interessantst en waarom?
Which insights encourage you to use interventions? Welke inzichten moedigen jou aan om interventies in te zetten?
Which insights do you feel were missing? Welke inzichten miste volgens jou nog?

Trust
Do you feel that you can trust the detection system? Heb je het gevoel dat je het detectiesysteem kunt vertrouwen?

Perceived Reliability
Can you describe how reliable you find the detection system? Kun je beschrijven hoe betrouwbaar je het detectiesysteem vindt?
According to you, what are the important indicators of the system’s reliability? Wat zijn volgens jou belangrijke indicatoren van de betrouwbaarheid van het

systeem?
To what extent do you trust that the system functions correctly? In hoeverre vertrouw je erop dat het systeem correct functioneert?

Perceived Understandability
Can you tell me how the detection system works? Kun je me vertellen hoe het detectiesysteem werkt?
Where did you find information about how the detection system works? Waar heb je informatie gevonden over hoe het detectiesysteem werkt?
Would you like more detailed explanations about how the detection system
works? If so, what kind of information would you like?

Zou je graag meer gedetailleerde uitleg hebben over hoe het detectiesysteem
werkt? Zo ja, wat voor soort informatie zou je graag willen hebben?

Can you describe how the detection system helps you make decisions and
whether this is understandable to you?

Kun je beschrijven hoe het detectiesysteem je helpt bij het nemen van beslissin-
gen en of dit voor jou begrijpelijk is?

What do you find easy or difficult to understand about the behaviour of the
detection system?

Wat vind je gemakkelijk of moeilijk te begrijpen aan het gedrag van het
detectiesysteem?

Perceived Accuracy
How accurate do you find the system’s detections? Hoe nauwkeurig vind je de detecties van het systeem?
To what extent do you rely on the accuracy of the system and why? In hoeverre vertrouw je op de nauwkeurigheid van het systeem en waarom?

Faith
To what extent do you have faith in the detections of the system, even if you
are not sure whether they are correct?

In hoeverre heb je vertrouwen in de detecties van het systeem, zelfs als je niet
zeker weet of ze correct zijn?

Satisfaction
Do you understand how the detection system works based on the explana-
tions?

Begrijp je hoe het detectiesysteem werkt op basis van de uitleg?

Are you satisfied with the explanations about the detection system? Ben je tevreden met de uitleg over het detectiesysteem?
Does the explanation help you evaluate when you can trust the detection
system?

Helpt de uitleg je om te beoordelen wanneer je het detectiesysteem kunt
vertrouwen?

Effectivity
Does the explanation help you know how to use the detection system to
achieve your goals?

Helpt de uitleg je om te weten hoe je het detectiesysteem kunt gebruiken om
je doelen te bereiken?

General Concluding Questions
Have you read the general explanation about the detection system? Does this
help you understand the detection system?

Heb je de algemene uitleg over het detectiesysteem gelezen? Helpt dit bij het
begrijpen van het detectiesysteem?

What did you generally think of the dashboard? Wat vond je in het algemeen van het dashboard?
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