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Abstract. Gamification, defined as the use of game elements in non
game situations, is a widely used method to foster learner engagement
and motivation. It is generally accepted that in order to be effective,
gamification should be tailored to users. Currently, most systems adapt
by assigning different game elements based on a single learner profile
(e.g. dominant player type, personality or gender). However, there is no
study yet that analyse the effect of combining several profiles. In this
paper, we study the usage data from 258 students who used a gamified
learning environment as a part of their mathematics class. By simulating
different adaptation techniques, we show that the learner model chosen
to tailor gamification has significant effects on learners’ motivation and
engaged behaviours depending on the profile(s) used in this context.
We also show that tailoring to initial motivation to learn mathematics
can improve intrinsic motivation. Finally, we show that tailoring to both
player type and motivation profiles can improve intrinsic motivation, and
decrease amotivation, compared to a single adaptation only based on
learner motivation. We discuss the implications of our findings regarding
the choice of a learner model for tailoring gamification in educational
environments.

Keywords: Tailored gamification · User modelling · User behaviour ·
Motivation · User profile

1 Introduction

Gamification, defined as the use of “game design elements in non-game contexts”
[3] is widely used in education to foster learner engagement and motivation, and
to improve learner performances. Previous studies have shown that to be effective
gamification should be tailored to users’ expectations, and individual preferences
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[8,10,17,20,26]. However, adapting game elements to specific individual prefer-
ences can be a complex task, as learners can have different preferences towards
games, and different motivations for learning. Most systems therefore use learner
profiles to categorise and classify learners, based on information such as their
player type [18,22], personality traits [6], more rarely learner motivation [28]),
or more context-dependent information, such as learning styles [12]. Existing
tailored gamification systems use a single learner profile to recommend relevant
game elements. Even if most of these systems have positive results on learner
motivation, engagement, and performance, some more recent work shows more
mitigated results [16,29]. This raises the question of how effective the profile is
at capturing the differences between learners, the nuances in their motivations
and preferences when using learning environments and therefore if the impact
of tailored game elements provided to learners depends on the profile used.

In this paper, we study the usage data from a gamified learning environment
where learners were randomly assigned a game element whilst doing mathematics
quizzes. We compare different subsets of learners that used game elements either
adapted to their player profile or to their motivation profile. We also evaluate the
impact of a dual profile adaptation method based both on player type and learner
motivation. We aim to answer two research questions: (1) What are the effects of
tailored gamification on users’ motivation and engaged behaviours in comparison
to non-tailored gamification? (2) Are these effects different depending on the user
model chosen for tailoring game elements?

We show that the user model chosen to tailor game elements has signifi-
cant effects on learners, but on different metrics depending on the chosen pro-
file. We also highlight that tailoring game elements according to initial motiva-
tion induces a more positive variation of intrinsic motivation compared to non-
tailored game elements. Finally, the dual profile leads to a more positive variation
of intrinsic motivation and less amotivation compared to tailoring based only on
initial motivation profile.

2 Related Work

2.1 The Impact of Tailored Gamification

The reported effects of tailored gamification can generally be broken down into
two categories: effects on learner motivation [12,16,19–21,24,28,29], and effects
on learner performance [12–14,19,28]. Regarding motivation, Mora et al. [21]
report an increase in behavioural and emotional engagement from students when
adapting to their player type. They estimated these engagements using a post
test survey. Monterrat et al. [20] showed that learners who used counter adapted
elements said that their game elements were more fun and useful, than learners
who used adapted elements. In an earlier study [19], they found that learners
spent more time using the learning tool with adapted game elements. Lavoué et
al. [16] showed that adaptation had little to no effect for the majority of learners,
only reducing the amotivation of the more invested ones. Dos Santos et al. [29]
showed that for some of the Brainhex [22] player types, adapted game elements
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increased flow (using the survey proposed by Hamari et al. [11]), whereas for
others, the counter adapted game elements increased flow instead. Oliveria et al.
[24] also evaluated learners’ flow experience. However they found no differences
between the adapted and non adapted learners. In previous work [23], the same
authors looked at learner concentration when using game elements adapted to
player type. They found that for some gamer types, the tailored system was
better than the counter-tailored system, however for other player types, the
counter-tailored game elements functioned better.

Regarding performance, Kickmeier-rust et al. [14] found that their adap-
tive badges decreased the amount of errors made by learners. Jagust et al. [13]
reported that learners provided with adapted game elements completed more
tasks than those who had none. Paiva et al. [27] found that tailored goals were
effective when targeting social and collaborative behaviours, but failed when
targeting individual learning goals.

Finally two authors showed an effect on both motivation and performance:
Roosta et al. [28] found an impact on motivation and quiz results, with adapted
learners having better results in both than a non adapted control group. Hassan
et al. [12] found an increase of course completion and motivation from their
adapted situation (almost twice as much than a non adapted situation).

We can therefore observe that there are many cases where tailoring gamifi-
cation works, and has positive results on learner motivation, engagement, and
performance. However some recent work shows more mitigated results in these
categories, raising issues on modeling user and selecting relevant game elements.

2.2 User Models in Education

In a literature review of adaptive gamification in education Hallifax et al. [8]
show that most adaptive gamification systems use user profiles to classify users,
and adapt game elements to these categories. Of these systems, most use “player
types” (reasons why people play and enjoy games as a basis for classification).
One commonly used player type is the Hexad typology [18] created specifically
for gamification, and has been shown to be more effective for gamification than
other player profiles [9]. Based on Self Determination Theory [1], this profile
distinguishes six different categories: Philanthropists, Socialisers, Free Spirits,
Achievers, Players, and Disruptors, and has been used in several adaptive gam-
ification studies. For example Mora et al. [21] sorted learners into one of four
gamified situations based on their Hexad profile scores. Knutas et al. [15] created
rules to propose personalised tasks based on Hexad type. Other profiles, that are
less “game” centric are also used to tailor gamification. For example Denden et
al. [2] base their tailoring system on the Big Five personality traits [6].

Some adaptive systems use profiles focused on more task related informa-
tion but are far less common. Hassan et al. [12] use various forms of user task
motivation as a basis for adaptation. They identify learner motivation based on
a questionnaire adapted from the Academic Motivational Scale [31]. Roosta et
al. used the framework presented by Elliot et al. [4] to divide learners into four
types of motivation based on what is important for them.
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All of these different adaptation systems leverage different learner profiles
that present interesting ways to categorise learners and their preferences, How-
ever, little is known about the relevance of each user model and no work has
yet explored the possibility of combining both player preferences and learning
motivation to consider different preferences simultaneously.

2.3 Tailoring Algorithms and Methods

Tailoring algorithms and methods aims at assigning specific game elements for
each user profile values. Some research explored the use of direct ratings by
experts [16] where experts were asked to rank which game elements would be
most appropriate for each player type. Otherwise, the most explored approach
consists in using statistical techniques to highlight correlations between game
elements and user profile values. For instance, Tondello et al. [30] calculate the
correlations between Hexad profile and various game elements directly rated by
users. Hallifax et al. [9] used a pairwise comparison approach to generate user
ratings for a set of game elements. They then performed a Partial Least Squares
Path Modelling (PLS-PM [7]) between various profile systems and the game
element ratings in order to provide recommendations for the studied profiles. The
path analysis performed with PLS-PM allows to evaluate associations between
different variables. This technique is thus well adapted to study the influences
of each dimension of a profile on specific metrics, as used also in [5,25].

3 Study Framing

3.1 Research Questions

Our analysis of the literature about tailored gamification in education highlights
that gamification could be more effective when tailored to learners, however some
recent work shows mitigated or negative results. In addition, these results seem
very dependent on the user model used to assign most suitable game elements
to users. This work intends to fill that gap by investigating different user mod-
els, including a combination of two learner profiles. This paper addresses the
following research questions: (1) What are the effects of tailored gamification on
users’ motivation and engaged behaviours in comparison to non-tailored gami-
fication? (2) Are these effects depending on the user model chosen for tailoring
game elements? Especially when considering motivation and player types?

3.2 Method

To investigate these questions, we analysed the data collected during the use of a
gamified learning platform in ecological conditions. Each learner was randomly
assigned a game element without tailoring. We collected metrics about their
motivation, player types and engaged behaviours while using the platform. We
chose the Hexad player types since recent studies showed that it is the most
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relevant typology for tailored gamification [9]. To measure motivation, we used
the Academic Motivational Scale (AMS) proposed by Vallerand et al. [31]. It
can measure learner academic motivation for a specific task, in our case learning
Mathematics. It decomposes academic motivation into seven sub scales, assessing
intrinsic motivations (IM), extrinsic motivations (EM), and amotivation:

– IM for Knowledge: performing an activity simply for the pleasure and the
satisfaction of doing something new.

– IM for Accomplishment: performing an activity for the pleasure of over-
coming a challenge.

– IM Stimulation: performing an activity for fun or excitement.
– EM External Regulation: performing an activity to gain some kind of

external rewards.
– EM Introjected Regulation: performing an activity to avoid shame or

increase self-esteem.
– EM Identified Regulation: performing an activity in order to achieve pre-

cise objectives.
– Amotivation: absence of intention to perform an activity.

Once the data was collected, we analysed it through the lens of different
tailoring simulations. We analysed the effects of three tailored approaches, each
one considering a different user model (1) Hexad profile user model, (2) initial
motivation user model, and (3) a dual profile user model composed of both
previous profiles. For each single profile tailored approach, we generate an affinity
matrix (presented in detail in Sect. 5.1) representing how each profile value affects
the appreciation for each game element. Thanks to this matrix, we were able to
assign a game element for each learner according to the value of their profile. For
the dual adapted condition we used an algorithm to find a compromise between
the two single profile recommendations (described also in Sect. 5.1). We then
built two subsets from the original data for each approach: a subset containing
learners whose game element matched with the one recommended and a second
subset containing learners that used a non-adapted game element.

To generate these affinity matrices (Hexad profile and motivation profile),
we used the statistical approach PLS-PM [7] inspired by several studies in the
domain [5,9,25]. PLS PM is a method of structural equation modelling which
allows estimating complex cause-effect relationship models. We used it to iden-
tify the influences of the values for each user type on the variations for each
motivation type. We chose this approach instead of considering pre-existing rec-
ommendations from the literature because as shown by Hallifax et al. [9] the
context plays a major role in the impact of game elements on user motivation,
and we could not ensure that the context of the studies were similar to ours.

Finally, to measure and compare the impacts of each condition, we ran com-
parisons on the different subsets created using a Wilcoxon rank sum test.

4 Data Collection

The data collection lasted for a total of 6 weeks, with a frequency of 1–2 lessons
per week, involving 4 high schools and 12 classes of approximately 25 learners.
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After removing learners who failed to correctly fill out either the pre- or post-
test motivation questionnaires, or who were absent too many times during the
experiment, we were left with data from 258 learners, aged between 13 and 14
(123 self-reported as female and 135 self-reported as male).

4.1 Gamified Learning Platform

The Ludimoodle platform was designed with the help of secondary school teach-
ers who then used it in class. In total, ten lessons were designed to learn basic
algebra, each lesson containing between 4 and 10 quizzes. Each quiz had to be
correctly answered at least 70% before learners could access the next one. Game
elements implemented in the platform were co-designed with the same teachers.
Six game elements were implemented in the platform but only one was embed-
ded to the platform interface. Thus at the beginning of the experiment, each
learner was randomly assigned a game element for the ten lessons. We chose six
different game elements among the most well-identified ones in the literature:

– Avatar: As learners progress in a lesson they can unlock a different piece of
clothing, or item that a character can be holding.

– Badges: Learners can receive badges for a quiz depending on how much of
the quiz they get correctly (bronze for 70%, silver: 85%, and gold: 100%).

– Progress: It portrays different coloured spaceships that travel from the earth
to the moon depending on how many quizzes learners complete.

– Leaderboard: It portrays a “race” where as the learners answer questions
correctly they can climb higher in the rankings and possibly win the race.

– Points: Each lesson has its own score counter, with a detailed view on how
many points learners scored for each quiz.

– Timer: It shows a timer for each quiz. Learners are asked to try and beat a
“reference time” (generally their average response time for each question).

4.2 Measurements

Before the experiment, learners filled out the Hexad [30] and the AMS [31] ques-
tionnaires. Both were translated into French, and some vocabulary was slightly
adapted to the context (mathematics for secondary school age learners). After
the last lesson, learners filled out the AMS questionnaire a second time. We then
calculated the variation in intrinsic, extrinsic motivations, and amotivation as
the difference in the motivation scores between the pre test questionnaire (ini-
tial motivation) and post test questionnaire (final motivation). The metrics we
used to analyse engaged behaviours (mostly related to performances as shown in
related work) were computed using the logs generated by the learning platform:

– AvgQTime: Average time to answer a question
– QRatio: Ratio of correct versus incorrect answers to a question
– NQuiz: Number of quizzes attempted
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Fig. 1. PLS PM model for creating the
Hexad influence matrices.

Table 1. Influence matrix for the Hexad
profile on the Avatar game element. Only
the significant (p < .05) influences are
shown here.

Pl. Ac. So. FS. Di. Ph.

Know.Var. 0.329 −0.356

Acc.Var. 0.541 −0.521

Stim.Var.

Ext.Reg.Var.

Id.Reg.Var.

Int.Reg.Var.

Amot.Var.

Behaviours 0.396

Table 2. Final affinity matrix for the Hexad profile

Pl. Ac. So. FS. Di. Ph.

Avatar 0.870 −0.356 −0.521 0.396

Badges −0.548 −1.233 1.229

Progress −0.011 −0.331 −0.061

Leaderboards −0.459 −0.870

Points 0.490 −0.467 −0.694

Timer 1.772 0.439 0.530 0.398 -1.125

5 Adaptation Simulation

5.1 Data Subsets

For the two single user models, we ran two PLS-PM models between the profile
values and the variations of motivations for each subset of learners that used a
particular game element (Fig. 1). This gave us a set of 6 matrices of influences
for each profile (one per game element, an example for the Avatar game element
is given in Table 1). By combining all six of these matrices, we obtained a final
affinity matrix, that showed for each game element, how important a given profile
metric is in their influences (the full affinity matrix for the Hexad Profile is given
in Table 2). By combining these matrices with learner profiles, we generated a
recommendation of game element based on the Hexad profile and one based on
the initial motivation. For example, a learner with the Hexad profile (Pl:0; Ac:-8;
So:2; FS:0; Di:6; Ph:7), would have the following affinity vector (‘Avatar’: .385,
‘Badges’: .0364, ‘Progress’: -.241, ‘Leaderboards’: -.920, ‘Points’: -.577, ‘Timer’:
.225) and would therefore be recommended the Avatar game element.
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For the dual profile user model, we developed an algorithm that recommends
a game element based on both player and motivation profiles. In our original
dataset, out of the 258 learners, 87 of them used a game element that was
either adapted to their Hexad profile, or adapted to their initial motivation
scores (no learners had a game element adapted to both their Hexad profile
and initial motivation). The algorithm proposes a compromise between both
recommendations: we evaluate if there is a positive overlap between the two
affinity vectors, and we take the game element that minimises the ranks in the
positive overlap. If there is none, we take the game element that minimises the
ranks from both affinity vectors (or maximises the affinities if tied). From our set
of 258 learners, we built the following data subsets using the three approaches:

– Hexad data subset: 42 learners used game elements adapted to their Hexad
player profile (216 did not).

– Initial motivation data subset: 45 learners used game elements adapted to
their initial motivation (213 did not).

– Dual profile data subset: 42 learners used a game element recommended by
the dual profile algorithm (216 did not).

5.2 Hexad Adaptation Results

Comparing metrics for the two subsets, we found that learners using an adapted
game element spent significantly less average time per question and had a sig-
nificantly lower correct question ratio (i.e. they got more questions wrong) than
learners who had a non adapted game element (see Table 3a). The adaptation
process had no significant impact on learners’ motivation.

Table 3. Results for different simulations. The values given are the averages for each
group. In light grey: no significant differences, in bold and highlighted in grey: signifi-
cant at p < .05, and highlighted in light grey: almost significant p ≈ .05

(a) Hexad

Metric p Adapted Non

Know.Var. .233 -1.489 -2.099

Acc.Var. .289 0.422 -0.352

Stim.Var. .458 0.289 -0.263

Id.Reg.Var .447 0.289 -0.117

Int.Reg.Var .492 0.222 -0.282

Ext.Reg.Var .482 -1.089 -1.235

Amot.Var. .619 2.267 2.953

AvgQTime .016 60.73 67.78

QRatio .010 0.608 0.665

NQuiz 0.792 34.56 35.33

(b) Motivation

p Adapted Non

.022 -1.156 -2.169

.008 0.756 -0.423

.335 0.267 -0.258

.383 -0.400 0.0282

.233 0.378 -0.315

.141 -0.667 -1.324

.867 2.956 2.808

.066 71.42 65.51

.224 0.637 0.659

.189 34.18 35.41

(C) Dual profile

p Adapted Non

.052 -1.326 -2.137

.056 0.739 -0.425

.045 0.848 -0.387

.691 -0.283 0.005

.445 0.326 -0.307

.476 -1.043 -1.245

.012 1.391 3.146

.812 68.07 66.21

.137 0.630 0.661

.923 36.17 34.98
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5.3 Initial Motivation Adaptation Results

Adaptation based on the initial motivation profile had significant positive
impacts on the variation of intrinsic motivation (see Table 3b). Learners with
adapted game elements lost significantly less Intrinsic Motivation for Knowl-
edge (Know.Var.), i.e. their satisfaction to learn new things decreased less than
for learners with non adapted game elements. They also gained significantly
more Intrinsic Motivation for Accomplishment (Acc.Var.), i.e. their pleasure for
overcoming a challenge increased, whereas it decreased for learners with non
adapted game elements. The adaptation process had no significant effects on
learner engaged behaviours.

5.4 Dual Profile Adaptation Results

When compared to learners who used a non adapted game element (see Table
3c), we found that learners with adapted game elements gained significantly
less amotivation (Amot.Var.), meaning that they were less reluctant to learn
mathematics. They also gained significantly more Intrinsic Motivation for Stim-
ulation (Stim.Var.), meaning that they had more fun and excitement performing
the maths activities. As with the initial motivation adaptation, we also found
that these learners lost less intrinsic motivation to knowledge (Know.Var.) and
gained more intrinsic motivation for accomplishment (Acc.Var.) (although these
differences were only slightly significant p ≈ .05).

6 Study Limitations

We identified some limitations to our study related to the context-dependency
and generalisability of our results. We employed 6 game elements designed espe-
cially for young learners (around 13 years old), for a specific learning environment
(secondary school mathematics). First, the influences measured for each game
element could be different for other learners. Younger learners may be more
receptive to the playfulness induced by our game elements whereas older, or less
technology fluent learners, might have been less receptive. Second, we may obtain
different results when considering other game elements implementing other game
mechanics (such as collaboration or competition). Finally, results could be dif-
ferent for other domains as suggested by [9], some examples of how these results
might change in other domains are presented in the following section.

7 Discussion and Conclusion

Our study shows three important findings in the educational field. First, we show
that the user model chosen to tailor game elements can have significant effects on
learners, but on different metrics (motivation or engaged behaviours) depending
on the chosen profile (player profile, initial motivation or both). Second, we
highlight that tailoring game elements according to initial motivation can induce



To Tailor or Not to Tailor Gamification? 225

a more positive variation of intrinsic motivation compared to un-tailored game
elements. Third, a combination of player profile and initial motivation can lead to
a more positive variation of intrinsic motivation and less amotivation compared
to tailoring based only on initial motivation. We discuss these findings hereafter.

Tailoring gamification based only on the Hexad profile led learners to be
more engaged in the learning task, which confirms the results obtained in [21] in
a computer network design course regarding learner engagement. However, our
study highlights that this engagement is associated with lower performances,
which is contradictory with the study reported in [14], where they found that
personalised badges and feedback had a positive effect on maths performance.
We also show that an adaptation based only on player types has no effect on
learner motivation to learn Mathematics, as also observed in [19] when learning
French spelling. We can conclude that game elements could be beneficial to
engage learners in the learning activity, but only if these elements give direct
feedback on their performance.

Providing learners with game elements adapted to their initial motivation
led to a positive effect on two kinds of intrinsic motivation to learn Mathemat-
ics. This finding is consistent with other studies on the impact of a tailored
gamification based on learner motivation in a technical English course [28], and
a database management course [12]. More precisely, it reduced the decrease in
intrinsic motivation for knowledge and made learners more intrinsically moti-
vated to overcome maths challenges. It therefore seems promising to use learner
motivation for the learning subject as a basis to tailor gamification in education,
although it was rarely considered in previous studies (see Sect. 2.2).

Finally, combining both profiles for the dual adaptation reinforced the
observed results with initial motivation, but also led learners to be more moti-
vated to learn Mathematics for fun or excitement. This finding is in line with
previous studies on the impact of tailored gamification that show an increase
in perceived fun [19] or flow induced by some game elements depending on the
player types [29]. Dual adaptation also reduced learner amotivation to learn
Mathematics, which is consistent with the findings of the study conducted in
[16] when adapting only to player types. We believe that the dual profile adap-
tation could be even more reinforced by adding more information on the learn-
ers. For example, tailoring to personality traits has shown some promises (see
Sect. 2.2). It would therefore be interesting to study whether adding a third or
even fourth profile to the learner model would increase the effectiveness of the
adaptation. However, it is also possible that adding more profiles to the learner
model may dilute the differences between learners, making it more difficult to
provide accurate recommendations to tailor gamification.

Acknowledgements. This work is a part of the LudiMoodle project financed by the
e-FRAN Programme d’investissement d’avenir.
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