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Abstract. E-learning systems that force learners to solve personalised
exercises lower their control and possibly their motivation. To better bal-
ance learner control and automation, we created an app for practising
high school equation-solving in which learners can select exercises from
tailored sets and are nudged towards recommended ones with gameful
rewards. Furthermore, labels indicate exercises’ difficulty. A randomised
controlled experiment with 154 adolescents revealed that our nudges
made learners select harder exercises without negatively impacting short-
term learning performance and self-reported competence. However, dif-
ficulty labels did not have such effects. In sum, our study suggests that
reward-based nudging is promising to let learners voluntarily engage in
more challenging learning materials while preserving selection freedom.
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1 Introduction

Adaptive e-learning systems try to improve learning processes by automatically
tailoring learning materials to learners’ mastery levels. To challenge learners
without overwhelming or boring them, exercises of suitable difficulty should keep
learners within the so-called zone of prozimal development [11]. As a result, e-
learning platforms often enforce exercises that are deemed most effective by an
algorithm. However, this approach can lower learners’ intrinsic motivation due
to reduced freedom of choice as autonomy is a core pillar in self-determination
theory [5]. Alternatively, learners can be presented with multiple recommended
exercises and nudged [2|8] towards exercises in the zone of proximal development
without taking away their freedom of choice. Yet, a recent review showed that
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nudging has rarely been studied in the context of recommender systems [7].
Moreover, there is untapped potential in smart nudges, which tailor nudges to
individuals and their context [7.[8]. This raises a first research question:

RQ1. How can smart nudging be operationalised in an educational recommender
system to nudge learners towards recommended exercises?

Many types of nudges can leverage cognitive biases or social norms to steer
people’s behaviour in a desirable direction [6]. For example, incentive nudges
take advantage of people’s loss aversion and have been operationalised with
gameful rewards to increase persuasiveness |14], which hints at a link between
nudging and gamification [1[15]. Furthermore, salience nudges focus people’s at-
tention on what seems relevant to them. Difficulty labels for learning materials,
for example, can discourage learners from processing materials indicated as dif-
ficult unless they are given task-related choice beforehand [16]. Overall, previous
studies on nudging in education have shown mixed effects: while nudging often
successfully changes learners’ behaviour, not every nudge is equally effective in
all contexts [2]. This leads to our second research question:

RQ2. How do nudges in the form of gameful rewards and difficulty labels affect
chosen exercise difficulty, learning performance, and self-perceived competence?

Our work contributes to answering the above research questions. Specifically,
we designed and developed a smartphone app for high school students to practice
equation-solving, incorporating automated recommendations based on skill-level
Elo ratings and smart gameful rewards that nudge learners towards exercises
whose difficulty lies in the zone of proximal development. A randomised con-
trolled experiment with 154 adolescents shows that gameful rewards can nudge
learners towards harder exercises without decreasing their short-term learning
performance or self-reported competence. Overall, we hope our work sparks more
interest in personalised learning systems that motivate adolescents.

2 Materials and Methods

This section briefly introduces our app and overall study procedure. Our study
was approved by the ethical committee of KU Leuven (reference G-2023-6197).

2.1 Smartphone Application

Figure 1| shows our app’s general workflow. Upon choosing a topic, the app
generates four exercises with varying difficulties using the algorithm described
below and presents them in random order on a selection screen. There, learners
first select one of four reward types, which they collect upon solving an exercise:
stars to climb up in a leaderboard, coins to unlock badges, chests to collect
objects, and fish to feed a virtual cat. These reward types correspond to game-
design elements that are in theory most preferred by the four most common
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Hexad gamification user types . Next, learners choose an exercise and get
three chances to solve it: they type the answer or an intermediate step and
get direct feedback on whether their input is correct. Learners who find the
answer are rewarded and can visit the corresponding reward interface or continue

practising. This workflow results from an iterative design process with 12 young
adults, detailed in [3].

Generating Ezercises. Solving linear, quadratic, and cubic equations requires
computational skills such as addition, multiplication, changing signs, distribu-
tion, and applying the discriminant or Horner’s method. Our app captures these
skills in 20 templates (e.g., az?+b = c) and generates exercises by randomly pick-
ing parameters and solutions. Exercises with difficulties slightly above learners’
mastery level yet within the zone of proximal development are recommended.
To estimate how difficult exercises are for specific learners, the app uses an Elo
rating system [13] inspired by the variant typical for chess. Concretely, all skills
have a global Elo rating, and learners have personal ratings for each skill, which
gives a fine view of how well they master equation-solving skills. The rating of
exercises is defined as the highest rating of the skills in their template.
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Fig. 1. Workflow in our app: learners choose a topic, reward, and exercise; after solving
the latter, they are rewarded and visit the reward interface or continue practising.
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2.2 Participants and Study Procedure

We asked high school maths teachers in Belgium (Flanders) to let students par-
ticipate in our study during class without pressuring them and while providing
exercises on paper for students who did not participate. Interested students pro-
vided informed consent, and those below 16 needed parental consent. Our study
was a randomised controlled experiment with the four groups in Figure [2| using
a 2 x 2-design with the following variables:

— Difficulty labels: groups D110 and D111 saw exercises accompanied by
coloured dots indicating their difficulty; the other groups did not.

— Increased rewards: groups DOIl and D11l gained two rewards for recom-
mended exercises; the other groups received one reward for all exercises.

No increased rewards Increased rewards
« Pick a reward and exercise: Y= O « Pick areward and exercise: ® =@ e

6X=-36 2X=-4 3+X=12 X-4=1

No difficulty labels

Group DOIO Group DOI1
« Pick a reward and exercise: - « Pick a reward and exercise:

X+4=22 -9X =90 9X =63 2X=-28

\ 4 v

Difficulty labels

\ 4

B 5 ‘o
Group D110 Group D111

Fig. 2. The differences between selection screens based on increased rewards and dif-
ficulty labels that differentiated the four test groups.

Participants could freely practise topics. After 15 exercises, they were re-
ferred to the post-study questionnaire in Table [T} questions Q1-Q5 measured
perceived competence with a subscale of the Intrinsic Motivation Inventory
and question Q6 asked what participants looked at when choosing exercises.
Afterwards, participants could continue using the app. In the background, we
logged Elo rating changes and details of the exercises participants selected.
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Table 1. Post-study questionnaire where Q1-Q5 were scored on a 7-point scale.

ID Question

Q1 I think I am pretty good at this task

Q2 I think I did pretty well at this activity, compared to other students

Q3 I am satisfied with my performance at this task

Q4 1 felt pretty skilled at this task

Q5 After working at this task for a while, I felt pretty competent

Q6 When I chose an exercise, I particularly looked at: the reward / the exercise / the
level / other; explain [in an open text field]

3 Results

In total, 154 adolescents participated in the study. To obtain a more focused
analysis, we limited our sample to 127 adolescents between 13 and 19 years
old who answered at least 10 exercises: 28 ended up in DOIO, 34 in DOI1, 29 in
D110, and 36 in D11l. Participants identified as female (61%), male (32%), or
different (6%). During the experiment, the average participant solved 67 exercises
(SD = 93) in roughly one hour, primarily practising linear equations. Only 84
participants filled out the post-study questionnaire.

Chosen Ezercises. Figure[3|shows that participants with increased rewards chose
harder exercises on average. A two-way ANOVA confirmed that having increased
rewards significantly affected chosen difficulty (p < 0.01) in contrast to seeing
difficulty labels (p = 0.91). Moreover, although borderline, there was no interac-
tion effect between seeing increased rewards and difficulty labels (p = 0.05). To
further test one-sided differences, we conducted pairwise t-tests with Benjamini-
Hochberg correction, which confirmed that D011 and D111 chose harder exercises
than DOI0 (both p < 0.01); other comparisons were insignificant (all p > 0.12).
Finally, the answers to Q6 revealed that participants often considered rewards
while selecting exercises, especially in groups with increased rewards: 75% and
70% of the participants in D011 and D111 indicated to pay attention to the re-
wards, respectively, compared to 36% and 47% in DOIO and D110, respectively.
Participants appreciated rewards because they “motivated [them]”, “were fun”,
or allowed them to progress on the gameful interfaces linked to the reward types.

Short-Term Learning Performance. We investigated learning performance in two
ways. First, we measured the overall change in Elo rating during the experiment.
While groups with increased rewards had slightly higher Elo gains (see Figure,
a two-way ANOVA showed these differences were insignificant (all p > 0.30).
Second, we defined learning performance in terms of the correctness of the given
answers. For each finished exercise, we assigned a performance score of 0 if
participants gave three wrong answers or gave up and 1/# attempts otherwise.
The average performance score in all groups was about 0.88, meaning exercises
were often solved on the first attempt. A two-way ANOVA did not find significant
differences across groups (all p > 0.13).
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Impact on Self-Reported Competence. Participants in groups with and without
increased rewards scored their competence for solving equations in our app with
a 4.75 and 5 out of 7 on average, respectively. This difference was, however,
insignificant according to a two-way ANOVA (all p > 0.24).
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Fig. 3. Scatter plots of the three studied metrics: average chosen difficulty, learning per-
formance measured with average Elo gain and average answer score, and self-reported
competence. Group outliers are faded, and horizontal bars indicate group means.

4 Discussion and Conclusions

We explored the space between fully automated e-learning systems and systems
wherein learners have full control since neither seems optimal: full automation
might reduce intrinsic motivation for learning due to reduced autonomy [5],
whereas full control over which exercises to solve is problematic if learners sys-
tematically under- or overestimate themselves. Furthermore, shared control can
yield better learning outcomes [9] and increase learners’ trust in recommender
systems [12]. Our intermediate solution uses gameful rewards as nudges towards
recommended exercises and displays difficulty labels to support decision-making.
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4.1 Smart Nudging With Gameful Rewards Is Feasible

Few nudging interventions positively affect everyone [2]. In our case of gameful
reward-based nudging in an educational recommender, the power of automati-
cally recommending learning materials can diminish if learners are not persuaded
by the rewards. As an initial step towards avoiding this pitfall, we operationalised
smart nudging [8] by letting learners select their preferred reward type (see RQ1).
Our results suggest that this nudging indeed persuades adolescents to pick more
challenging exercises without negatively affecting their short-term learning per-
formance and self-assessed competence (see RQ2). Furthermore, we found that
labels indicating exercises’ estimated difficulty did not yield such effects.

Future work could combine our ideas with research on personalising gamifica-
tion |15] to automatically deduce learners’ preferred rewards and study whether
this enhances nudging effects and desirable learning goals such as performance
and motivation. In addition, the trade-offs of reward-based nudging should be
further explored. On the one hand, gameful rewards can be an example of trans-
parent nudging, which is relevant to the ethical debate around nudging in the
sensitive context of education for adolescents [8]. On the other hand, the motiva-
tional aspects of gameful rewards should be studied in more detail as they might
mainly tap into extrinsic motivation, which has been criticised for potentially
undermining intrinsic motivation [4].

4.2 Limitations and Future Work

While our findings are promising, our study had several limitations. First, most
participants practised linear equations, which were relatively easy, as evidenced
by the overall high performance scores. Longer-term experiments with harder
exercises should verify whether our findings hold. Additionally, although the ef-
fect was not statistically significant, we are mindful that groups with increased
rewards reported lower competence while all groups performed equally well. Fu-
ture studies could investigate whether this undesirable phenomenon occurs in
larger samples. Finally, the large importance that participants dedicated to re-
wards when selecting exercises might have been reinforced by the classroom
context. For example, participants often whipped each other up for the lead-
ing position on the leaderboard. Future studies could study how such a heated
atmosphere impacts learning outcomes and learners who feel less motivated by
rewards popular among their peers.

In sum, we hope follow-up studies further explore how e-learning systems best
balance automation and learner control to foster motivation and learning.
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