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ABSTRACT

Researchers have widely acknowledged the potential of control
mechanisms with which end-users of recommender systems can
better tailor recommendations. However, few e-learning environ-
ments so far incorporate such mechanisms, for example for steering
recommended exercises. In addition, studies with adolescents in
this context are rare. To address these limitations, we designed
a control mechanism and a visualisation of the control’s impact
through an iterative design process with adolescents and teachers.
Then, we investigated how these functionalities affect adolescents’
trust in an e-learning platform that recommends maths exercises.
A randomised controlled experiment with 76 middle school and
high school adolescents showed that visualising the impact of ex-
ercised control significantly increases trust. Furthermore, having
control over their mastery level seemed to inspire adolescents to
reasonably challenge themselves and reflect upon the underlying
recommendation algorithm. Finally, a significant increase in per-
ceived transparency suggested that visualising steering actions can
indirectly explain why recommendations are suitable, which opens
interesting research tracks for the broader field of explainable AL
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1 INTRODUCTION

Recommender systems have long been actively studied to help re-
duce information overload in contexts where people are searching
for relevant content. To better anticipate people’s changing pref-
erences and needs, researchers have increasingly acknowledged
the importance of control mechanisms with which people can ac-
tively steer recommendations [43]. Studies have shown that being
able to control recommendations can increase satisfaction with,
perceived understanding of, and trust in a recommender system,
which can in turn increase acceptance of recommendations [51]. At
the same time, too much control can overwhelm people and incur
high cognitive loads [7, 9].

However, most research on controlling recommender systems
is limited because of two reasons. First, studied target audiences
typically consist of adults, whereas in practice younger audiences
such as adolescents (ages 12-19 [25]) are just as much, if not more,
exposed to recommendation algorithms. Second, recommender sys-
tems are most often studied within contexts such as multimedia,
e-commerce, and other services, and it is unclear whether findings
therein always transfer to other application domains. In a high-
stakes domain such as education, for example, it is crucial to prop-
erly understand the effects of control mechanisms, especially now
that e-learning platforms are increasingly recommending learning
content to personalise learning. Thus, it is important to design
control mechanisms fit for an educational context; reflect on how
much control students, teachers, and other parties should get; and
find suitable ways to communicate the impact of steering.

To address these limitations, we conducted a study on how ado-
lescents trust an e-learning platform when they can steer recom-
mended exercises and see their control’s effects. Our research ques-
tions were as follows:

RQ1. How does the ability to control recommended exercises
affect students’ trust in an e-learning platform?

RQ2. How is students’ trust in an e-learning platform affected
when they see a visual representation of their impact when
controlling recommended exercises?

Our research contribution is threefold. First, we present a con-
trol mechanism and a visualisation of its impact, which have been
found useful and usable by adolescents in a user-centred design
process. Second, we discovered that a control mechanism does not
necessarily change trust, neither when measured directly, nor when
measured as a construct of competence, benevolence, integrity, in-
tention to return, and perceived transparency. We also found, how-
ever, that a control mechanism can stimulate adolescents to reflect
more upon their mastery level and the underlying recommendation
system. Third, we show that visualising the control’s impact can
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increase trust and perceived understanding of recommendations. trust from a human-centred perspective. De nitions for human-Al
Additionally, we share our datasébn how adolescents trust our  trust are heavily debated, but most agree that trust is an attitude in a
platform and interact with our control mechanism, allowing further  situation of vulnerability and positive expectationg§. Thus, from
exploration and direct comparison in future research. In sum, our this angle, trust is a human belief that can be wrongly calibrated to
contributions highlight the potential of control mechanisms and  the objective trustworthiness of an automated syste®§. Besides,

related visualisations for adolescents in e-learning. trust building and calibration is in uenced by how a system behaves:
people's trust typically uctuates until they feel su ciently familiar
2 BACKGROUND AND RELATED WORK with the system [40, 65, 82].

This section rst discusses existing research on user control in ~ Given the lack of well-accepted de nitions, researchers mea-
recommender systems and then brie y highlights the overlap with ~ Sure human-Al trust in many ways. For example, some researchers
explainable Al research, focusing on trust. Next, it zooms in on consider trust as @ne-dimensional.e. monolithic, concept and
educational recommenders and relevant pedagogical background. typically measure it with a single Likert-type question. While some

studies [e.g.40 65 apply this strategy because it is quick, they are
2.1 Control over Recommendations limited since a single question cannot measure a complex concept
such as trust 9. Alternatively, other researchers consider trust
as amultidimensionaknsemble of several constructs which they
typically measure with multiple Likert-type questions. For example,
McKnightet al. [6 introducedtrusting beliefas a composition of
competence, benevolence, and integrity; and Ooge e6.rhea-
sured trust as the average of trusting beliefs, intention to return,
and perceived transparency.

In real-world settings, the accuracy of recommendation algorithms
is subject to people's changing preferences: preference information
known to the system can become outdated, leading to inaccurate
recommendationsf]. To ameliorate this problem, many control
mechanisms have been developed to actively involve people in rec-
ommendation processed§. For example, during preference elici-
tation, people can exercise control through preference fori®g [

or conversational dialogue<f. In addition, after being shown
recommendation results, people can steer these results through 2.3 Educational Recommender Systems
critiquing [13 59 71], dynamical Itering and re-sorting fLQ, 67),
interactive (visual) explanations3p, 74, 77, 78, or changing the
recommendation algorithms itself [22].

Yet, how much control and which control mechanisms a rec-
ommender system should incorporate depends on the context, ap-
plication, and end-userl5, 42, 44. Therefore, researchers have
been studying the e ects of providing control to end-users from
di erent human-centred perspectivesy, 81], including perceived
variety of recommendations, personal characteristics, trust, an
understanding of the recommendation system. Speci cally, Knij-
nenburg et al. 53 found that control can increase perceived variety
of recommendations. Furthermore, preference for control methods
in recommender systems depends on personal characteristics such
as personality traits, need for cognition, and mood4] 52 64.

Regarding trust in recommendations, control is highly valued for leting th h dati ilored
achieving personal goals but can also raise distrust about whether completing them £3. Furthermore, recommendations tailored to

the control is just an illusion B4. Finally, control mechanisms can learners” mastery level can be justi ed by showing how the system

increase overall system satisfaction and improve understanding of €Stimates that mastery leve#i]. In the context of open learner
the recommendation process [51]. models [L2 14 41], Mabbott and Bull pq found that learners felt

less comfortable having full control over a learner model, compared
292 Explainable Al and Trust to only making suggestions; and Abdi et a2][found that an open
learner model increases understanding of recommendations.

Recommendation techniques are increasingly being integrated in
digital learning environments48 83. However, educational rec-
ommender systems di er from their general-purpose counterparts:
they intend to facilitate achieving learning goals, are subject to a
pedagogical context, and consider end-users' educational role or
mastery level instead of personal characteristi28[61]. In general,
educational recommender systems can support learning in several
d ways [19. For example, they can recommend coursés?4], sug-
gest additional learning resource3 ¥, and support teachers to
improve their courses or monitor their teaching resourcef[27].

In the spirit of XAl for education B9, educational recommender
systems are often requested to allow steering and to justify their
recommendations. Steering could occur, for example, in the form of
explicitly asking learners for feedback on exercises' di culty after

The challenge to make recommendation algorithms more trans-
parent ts in the wider eld of explainable AIXAl). Essentially,
XAl is an umbrella term for techniques that explain the outcomes 2 4 Estimating Mastery and Exercise Di culty
of Al models, such that a speci c audience can better understand
and appropriately trust them@, 30, 31, 3§. Research on these tech-
niques brings together many concepts of interest, including fairness
privacy, bias, human reasoning, accountability, and ethics [3].
One frequently studied concept in XAl isust in automated
systems b7. Some work approaches trust from an algorithmic
perspective, for example by considering it equivalent to reputation
in recommender system$f. However, XAl more often approaches

From a pedagogical perspective, students' mastery level can be
assessed based on several frameworks. One famous framework is
' Bloom's revised taxonomyd5, which consists of two dimensions:
a knowledge dimension with four levels (factual, conceptual, pro-
cedural, and metacognitive knowledge) and a cognitive process
dimension with six levels (remember, understand, apply, analyse,
evaluate, and create). Another framework is the Dreyfus mo@€) [
which proposes ve skill acquisition levels: novice, advanced be-
https://github.com/JeroenOoge/steering-recommendations-elearning ginner, competent, pro cient, and expert.
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From a computer science perspective, di erent techniques can
simultaneously estimate learners' mastery level and exercises' di -
culty based on how learners perform while solving exerciség BQd.
Specialised models such as item response thed6/dr knowledge
tracing [32, however, need to be calibrated on large item sets with
known di culties [ 70, 8(. A classic alternative that circumvents
this disadvantage is thElo rating systerfi’(j, which was originally
introduced by Arpad Elo23 for rating chess players. Translated
to education, the Elo rating system assigns dynamic ratings to both
learners and exercises: the higher a learner's rating, the higher their
mastery level; and the higher an exercise's rating, the more di cult
it is. Furthermore, Elo ratings are of interval scale and their range
can be chosen arbitrarily. Each time a learneanswers an exercise
4, the Elo ratings of and4 are updated as follows:

EloL;° = Elot° | : 9%- .4 = 100
and EloM° =Eloi4° : 1.4 98- .4= 1 1)

where: is a xed learning-rate parameter that determines how
strongly the attempt in uences the Elo rating,.4 2 fO-1gre ects
whether; answered4 correctly, and

%-.4=1°=1 1, exp'Elo4° Elot;%° @)

is the modelled probability for a correct answer. In words, whenever
someone correctly solves an exercise, their Elo rating increases and
the exercise's Elo rating decreases, proportional to how unexpected
that correct answer was; vice versa for incorrect answers. Besides
its intuitive functioning, the Elo rating system has the asset that it
can be extended to multivariate setting$][ adapted to consider
how quickly students solve question§{], and combined with other
techniques such as collaborative ltering [16, 69].

1_;4

3 MATERIALS AND METHODS

This section presents our e-learning platform and design decisions
inspired by a pilot study with teachers and an iterative design pro-

cess with students. Next, it describes our main study design, which
was approved by the ethical committee of KU Leuven (reference
number: G-2022-4917).

3.1 E-Learning Platform with Personalised
Exercises and a Control Mechanism

We built uponWiski, an existing e-learning platform for middle and
high school studentsgg. Essentially, Wiski's core functionality

is solving multiple-choice questions about maths topics in the Bel-
gian school curriculum. Through an iterative design process with
students and teachers, we extended this core with three function-
alities: (a) composing exercise series recommended for students'
mastery level, (b) giving students partial control over their esti-
mated mastery level, and (c) visualising the impact of that control.
Think-aloud studies in which adolescents executed prede ned tasks
on a low- delity version of our e-learning platform ensured that
these new functionalities were deemed useful and usable.

Personalised exercise seigief semi-structured interviewsqg
with 4 high school teachers learned us that teachers appreciated the
idea of an e-learning platform that recommends exercises tailored to
students' mastery level. In addition, to give students su cient time
to adapt to new di culty levels, teachers advised recommending

U1 '23, March 27 31, 2023, Sydney, NSW, Australia

Figure 1: Students initialised their maths mastery level with
a continuous slider that indicated ve thresholds: novice,
advanced beginner, competent, pro cient, and expert.

exerciseseriesnstead of individual exercises. We therefore decided
to let our platform estimate students' mastery level and exercises'
di culty with an Elo rating system and then use those estimates
to recommend exercise series. Speci cally, whenever a stugent
would select a topic to practise, they would start a series consist-
ing of two exercises$1 and4p, chosen such thai#é- .,, = 1° and

%- .4, = 1° were closest to 0.7; a value yielding reasonably chal-
lenging exercisesq(. Probabilities were estimated with a variant
of (2), which originates from a chess context:

%_ 4 = 10 = 1e 1, 101E|0140 E|01;°0'400 ”

To set up our Elo rating system, students could initialise their Elo
rating with the slider in Figure 1, which indicated ve thresholds
inspired by the Dreyfus modeldd. In the background, the slider's
range corresponded to the intervall00820004 which roughly
corresponds to typical Elo scores for novice (1000) and expert (2000)
chess players. Furthermore, exercises' initial Elo ratings were set by
teachers who participated in our main study. Concretely, teachers
used the thresholds in Figure 1 to estimate the di culty of all
exercises belonging to the subjects they wanted to cover in class.
In case multiple teachers were interested in the same subjects, we
only asked one of them to set the initial ratings, distributing the
workload evenly. Finally, we set the hyperparametein (1) to 160

to allow for relatively large Elo changes.

Control mechanism and impact visualisatidhrough two rounds
of think-aloud studies with 11 adolescents (2 middle school, 9 high
school), we iteratively designed a control mechanism and a visuali-
sation of the exercised control's impact. First, the control mecha-
nism in Figure 2 allowed students to modify their mastery level and
thus steer the di culty of subsequent recommendations. Specif-
ically, after nishing an exercise series, students could indicate
whether they wanted easier or harder exercises. In the background,
this would lower or raise their Elo rating up to 10%, respectively.
The think-alouds learned us that the slider provided intuitive and
su cient control. In addition, adolescents preferred to re ect in
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Figure 2: After each exercise series, students could steer subse- Figure 3: Visualisation of students' steering impact after an
quent recommendations with a 20-step slider: lowering their exercise series. The top describes the evolution of students'
mastery level yielded easier series, and vice versa. mastery level; the bottom visualises it.

terms of their mastery level and were sometimes confused by a question and as the average of trusting beliefs, intention to return,
preliminary design that also allowed them to steer exercises' Elo and transparency. Slightly di erent is that, for more reliable scores,
ratings with a similar slider. Second, the visualisation of the con- we measured transparency with three questions from the ResQue
trol'simpact in Figure 3 contained three parts: a xed explanation;a questionnaire ¥4 instead of one. The second part of our question-
description of how mastery level changed due to solving an exercise naire, also based on ResQui[73, captured three control aspects:
series and subsequent steering; and a line chart of the latter infor- overall control, preference elicitation, and preference revision.
mation. The think-alouds learned us that adolescents preferred the ~ Our questionnaire also contained open text elds that encour-
line chart over an animated bar chart. More details on our iterative  aged participants to elaborate on their Likert-type responses. Fur-

designs can be found in Dereu's master's thesis [18]. thermore, we explicitly asked participants whether they trusted our
platform for recommending maths exercises, whether they (would
3.2 Study Design have) liked controlling the desired di culty level of exercises, and

whether they (would have) liked seeing the impact of that control.

To answer our research questions, we conducted a randomised 5 the open question on trust was mandatory and the latter two
controlled experiment with three groups: inone, pfartlcpants did questions included screenshots similar to Figures 2 and 3.
not have any control over recommended exercisescamtrol

participantg could stger their mast_er_y level With.the slider in Fig- 3.3 Participant Recruitment
ure 2; and incontrol+impact , participants additionally saw the . )
visualisation of their control's impact in Figure 3. The ow of our e contacted 30 secondary school teachers in Belgium (Flanders)
study is depicted in Figure 4. First, participants registered on our Via @mail and LinkedIn, inviting them and their students to par-
Wiski platform and were randomly assigned to one of the three  tiCiPate in our research during school hours. We asked teachers
research groups. Then, they initialised their maths mastery level t© NOt coerce students into participating and to prepare exercises
with the slider in Figure 1 and saw one or two of the screens in  O" Paper shogld_so_me students refuse to participate. Four teachers
Figure 5 which globally explained Wiski's recommendation algo- accepte_d our |nV|_tat|on: they pas_sed through a brochure to students
rithm. Next, participants chose a maths topic on the practice page and their respective parents, _whlch commu_nlcated our study goals,
and solved three series, each consisting of two exercises. We chosedata management, and Covid-19 precautions. Interested students
this relatively low number of series to ensure participants could 92ve informed consent and students under 16 required parental
nish the study in under 50 minutes. After each series, participants ~ consent. Ultimately, all 76 invited students (ages 12 17) participated
could adjust their mastery level and see its impact, depending on I the study. We excluded 5 participants from the analysis due to
their research group. Finally, participants lled out a questionnaire ~ INcomplete questionnaires, ending up with 22 participantsione,
and could continue to freely use the platform. Thus, participants’ 2 incontrol , and 24 incontrol+impact .
experience with Wiski only di ered in whether or not they could .
control their mastery level and see a visualisation of their control's  3-4 ~Data Analysis
impact. In the background, we logged all Elo rating changes. We analysed the collected quantitative data in R 4.2.1. To compare
Our nal questionnaire contained the 31 Likert-type questions  the three research groups in terms of trust and control perceptions,
in Table 2, scored on a 7-point range. The rst part captured trust. measured as aaverageof several Likert-type questions, we rst
Similar to Ooge et al.§9, we measured trust both with a single  conducted one-way ANOVA tests after checking the requirements:
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Figure 4: Flow of our study: registering, picking an initial mastery level, reading a global explanation on the functioning of
Wiski, solving three series (i.e., six exercises) potentially followed by steering one's mastery level and seeing its impact, and
nally lling out a questionnaire.

Figure 5: Wiski explained in two ways how it personalises exercise series. (I) After registration, all participants saw a global
explanation; participants in control and control+impact  saw an additional screen. (r) The practice page for picking maths
topics explained recommendations: You will automatically get the two exercises that best suit your level.
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Figure 6: Participants distributed over the research groups
per grade: most were in 8th and 11th grade.

Table 1: Comparing the research groups with t-tests (Mann-
Whitney U test for one-dimensional trust). Cells contain the
e ect sizes (second group mean minus rst group mean).

none vs. none vs. control vs.

control control+impact  control+impact
Benevolence 0.612 = 001) 0.452 = 003y
Trusting beliefs 0.38(? = 0042 0.40¢? = 0039
Transparency 1.04¢? = 0009** 0.74(? = 0'002*
One-dimens. trust 0.78¢ = 0017 0.78(? = 0029
Multidimens. trust 0.55(? = 0009* 0.40(? = 0039
Preference revision 0.43(? = 0039

*? Y 001, *? Y 0'001, non-signi cant results ¢ 0’5) are greyed out

Jeroen Ooge, Leen Dereu, and Katrien Verbert

4.1 E ects Without Control or Seeing Its Impact

Qualitative responses con rmed that most participants frone
trusted the platform overall. Over one third of the participants
seemed to have based their trust on the platform's design and util-
ity: they found that the website looked professionalas good
for practising for testswas a good way to practise maths to im-
prove, and seemed to contain exercises thatvell to the subject
matter. Furthermore, two participants believed the platform was
developed by teachers or experts. Another third of the participants
commented on whether exercises had a suitable di culty level.
In case they found exercises well-tailored, participants appeared
trusting, for example, The website looks [...] trustworthy. | also have
the feeling that the exercises are of a good l&@=hversely, a few
participants appeared distrusting or hesitant because thafien
got the same questions they had already answered correctly before,
which gave them the feeling their mastery level stagnated and they
could memorise answers. Finally, four participants alluded to po-
tentially di erent trust perceptions in the long term:| have not
been able to practise and use the site enough, so | cannot give a good
nal assessment either (at the moment).

Thirteen participants innone commented on obtaining control
over recommended exercises. Apart from one indi erent individual,
all of them were in favour of extra control. Only three, however,
clari ed why: This allows you to give a bit of direction to what
exercises you want yourself. Also, if you perform a bit less well, you
still get some more di cult exercises to see what they entail.

independence was guaranteed by the randomised set-up, assuming4.2 E ects of Controlling Recommendations

a normal distribution was plausible given the central limit theorem,
and equal variances were veri ed with F-tests. Then, constructs that
di ered in at least two groups ? Y 0’10 were compared in more
detail with unpaired t-tests, which assume the same as ANOVA.
To compare trust measured withsingleLikert-type question, we
applied Mann-Whitney U tests to avoid normality assumptions. All
t-tests and Mann-Whitney U tests usedY 0'05as threshold for
signi cance and were one-sided with alternative hypothesis that
groups with more functionalities score higher.

To get further insights into di erences between research groups,
we thematically analysed[]] the qualitative feedback stemming
from the open questions in our questionnaire. For presentation
here, we translated the original Dutch responses to English, only
correcting grammar and spelling.

4 RESULTS

Figure 6 shows the number of participants per grade, equally dis-
tributed over the three research groups. To get a detailed under-
standing of how patrticipants lled out the Likert-type questions,

Figure 7 depicts the distribution of responses in each research group.

In turn, Figure 8 gives a more aggregated view of participants' re-
sponses per research group. Recall that multidimensional trust is
the average of trusting beliefs, intention to return, and transparency.
Overall, the median scores of all measured constructs lay between
neutral and rather agree. ANOVA tests found that competence,
integrity, intention to return, control, and preference elicitation did
not di er signi cantly in the three research groups? i 0°20.

The rst column in Table 1 shows that one-sided tests did not reveal
statistical di erences betweenone andcontrol (? Y 0°05. Thus,
our sample did not provide evidence against equal means for any
measured construct. Only transparency and preference revision
were borderline non-signi cant.

The qualitative responses on trust showed that two thirds of the
participants incontrol seemed trusting and mostly supported that
perception by the platform's ability to tailor exercisedt seems
reliable at rst sight and it also asks good questions adapted to your
maths level; It can assess your level and provide further exercises to
raise your levet and [l trust Wiski] if you can enter your own level.
Furthermore, similar to the responses imone, some participants
referred to the platform'sprofessional design and utility to learn
something newln addition, two participants mentioned repeatedly
occurring exercises but did not seem troubled by th&tfiski knows
when | have some di culties with exercises and when | don't. That's
why di cult exercises are recommended again.

There were, however, also mixed trusting sentiments: while six
participants did see bene ts in our platform for casual practice, they
hesitated to blindly adopt it in the long term for two reasons. First,
some were bothered by the algorithmic nature of recommendations:
It's a programme and not a teacher so | don't quite trusdiitd [It's]
justan Al[...]. Wiski is good but I'd rather seek advice from a physical
person. Two quotes might explain this sentimenttt remains a
computer system that can always be awethd It only has a
limited view of my maths skillsSecond, practice in the context of
preparing tests or exams might require the presence of a teacher:






	Abstract
	1 Introduction
	2 Background and related work
	2.1 Control over Recommendations
	2.2 Explainable AI and Trust
	2.3 Educational Recommender Systems
	2.4 Estimating Mastery and Exercise Difficulty

	3 Materials and Methods
	3.1 E-Learning Platform with Personalised Exercises and a Control Mechanism
	3.2 Study Design
	3.3 Participant Recruitment
	3.4 Data Analysis

	4 Results
	4.1 Effects Without Control or Seeing Its Impact
	4.2 Effects of Controlling Recommendations
	4.3 Effects of Visualising the Impact of Control
	4.4 Correlations
	4.5 Elo Ratings

	5 Discussion
	5.1 Sanity Check for Responses About Control
	5.2 Control Does Not Affect Trust but Stimulates Self-Reflection
	5.3 Seeing the Impact of Control Grows Trust
	5.4 Visualising the Impact of Control is a Kind of Explanation
	5.5 Implications for Explainable AI Research
	5.6 Taking a Step Back: Technology-Enhanced Learning and Control
	5.7 Limitations and Future Work

	6 Conclusion
	Acknowledgments
	References
	A Post-Study Questionnaire

