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ABSTRACT
Gamified learning aims to motivate students using game elements. Although gamification can enhance
student enjoyment and engagement, it is unclear how different students behave in and interact with gamified
contexts. To this end, we analyze how different students interact with a gamified course. We devised such an
experimental course on Multimedia Content Production (MCP), and ran it for ten years. At each year, we
modified it after student feedback from the previous year. We determined student groups applying clustering
techniques to learner performance data, independently analyzed the resulting clusters in terms of behavior,
engagement, performance, and also compared those pairwise. Our analysis identified four different student
groups (profiles/clusters) according to their performance and interactions with the course across all years. We
found out that the best performing students were those that had significantly more interactions with course
materials and consistently ranked highest. In addition, we found that performance indicators for students of
all groups became stable within the first month after course start, allowing final grades to be predicted with
high accuracy by then. Furthermore, all were deadline driven and became mainly active at the end of the
semesters (indicating a lack of self-regulation skills). Moreover, we did not find any specific relation between
student groups and gaming profiles (Brainhex categories). Finally, we propose practical implications and
guidelines for designing compelling gamified learning experiences.

INDEX TERMS Brainhex categories, Gamification, Gameful learning, Student behavior, Clustering

I. INTRODUCTION

Gamification applies game design elements to non-game
contexts [28] to increase user enjoyment, and subsequently
boost their motivation and enhance their engagement within a
gamified context [14], [44], [64]. Gamification has been used
in various contexts with different objectives, ranging from
raising health awareness [17], teaching how to drive [33], to
improving engagement with a course [10], [48], and enhancing
enterprise risk management Education is one context that is
widely explored by researchers.

Despite innovative educational approaches, the traditional
and current educational methods are often considered boring
and ineffective by students [29]. Hence, the main challenges
of these methods are about enhancing students’ motivation
and engagement within a course [44]. Alternatively, gamified

educational approaches attempt to tackle these challenges.
These have a noticeable motivational power since they use
different mechanisms to inspire students by providing joyful
and fun game-playing. Game-like mechanisms encourage
students to engage more with courses and perform different
learning activities to earn more rewards (e.g., points, levels,
experience points). Doing different learning tasks boosts
student learning and enhances their critical, collaboration,
communication, and problem-solving skills [29].

Although gamification has shown promising results and
studies demonstrate that it can enhance student performance,
[32] and engagement [27], it is still not well explored how
different students adjust to a gamified course and interact with
it. Therefore, we intend to answer the following questions in
our study:
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RQ1 How many groups of students engage in a gamified
course?

RQ2 How do students of different groups collect experience
points (XP), and badges?

RQ3 How do these groups differ, considering average ranks
and final grades?

RQ4 Are students deadline-driven regardless of group, or are
they steadily engaged with the course throughout the
semester?

RQ5 When does the performance of various groups become
stable?

RQ6 Is there a specific relation among different student
groups and their gaming profiles (Brainhex categories
[55])?

RQ7 How does the ability to self-regulate vary between
different student groups?

Furthermore, while other researchers evaluate the effective-
ness of their gamified courses in a single iteration, they fail
to assess the consistency of obtaining similar results over the
years.

In this paper, we present a longitudinal study on a gamified
course over a period of ten years: Multimedia Content Produc-
tion (MCP). This is a MSc-level course, offered to students
of the Computer Science Engineering MSc programme at
Instituto Superior Técnico, the Engineering school of the
University of Lisbon. It focuses on the digital representation
and manipulation of different types of media (images, audio,
video, etc.), but also on their creation and editing. It was
gamified for the first time in the 2010-2011 school year,
with the inclusion of game elements such as a leaderboard,
experience points and levels, and achievements. The course
was thereafter revised annually, based on an analysis of the
pedagogical outcomes from previous instances and student
feedback. This led, over the years, to the inclusion and removal
of other game elements (quests, a skill tree, etc.) and, more
importantly, it gave us thorough and longitudinal insights on
how different students react to a gamified learning experience.

In order to analyze how different students performed and
interacted with the course, we applied cluster analysis at the
end of each academic year. We also conducted a cluster-
wise assessment to evaluate student behavior, engagement,
and performance within each cluster independently. We later
compared each cluster to other clusters of the same and other
years. According to the students’ performance and behavior,
we could mainly identify four student groups across all years.
Our main contributions are as follows:

• Distinguishing and describing different students groups
considering their performance and behavior.

• Analyzing the achievements, performance, engagement,
interactions and characteristics of each group and com-
pare it to others.

• Identifying how early we can predict each student’ group
and performance within a reliable accuracy.

• Analyzing whether student gaming profiles (Brainhex
categories) have any specific relation with their groups.

• Suggesting substantial instructions for designing a gami-
fied course.

The remainder of this paper is structured as follows: Section
2 introduces related work. Section 3 explains the research
methodology of this study. Section 4 presents the elements of
our gamified course as well as its evolution through the years.
Our method to identify the student groups and the data used
for that are detailed in Section 5. In Section 6, we analyze
and compare group behavior. Section 7 provides guidelines
to design more effective gamified courses, while Section 8
presents our conclusions and describes future work.

II. RELATED WORK
Different educational methods are introduced to support
students and improve their learning activities toward their
success. In that regard, several approaches aimed at enhancing
students’ performance and engagement with courses using
the gameful learning. In [41], authors intended to boost
the students’ motivation and engagement by gamifying a
Moodle-based course about Unified Modeling Language
(UML). This course was organized in ten levels considering
its original curriculum. Levels were classified into syntax
and semantic levels. Students were rewarded 100 and 200
points for completing tasks within syntax and semantics
levels, respectively. The accumulated points of students were
used to estimate their levels, and a level could be completed
by obtaining the minimum required points for that level.
Whenever a student could complete a level, he/she could get a
new badge. The effectiveness of this course was evaluated in a
single semester with 22 students in autumn 2017. The results
showed that the gameful learning was successful and students
were satisfied with the course and found it useful.

In another paper, authors studied the experience of un-
dergraduate students with a gamified course about social
networking technologies [23]. This course was already de-
veloped and in-used in a public university in the Northwest
United States, and was designed for freshman students with
no background on the subject. It included Experience Points
(XP), a leaderboard, badges, and levels. In this course, all
students’ activities were assigned a certain XP, and students
were graded using their accumulated XP throughout the
course. They leveled up by accomplishing a certain amount
of XP and got minor rewards by collecting badges. The
top 10 students (i.e. got the highest XP) were listed on the
leaderboard. For the evaluation, a survey was carried out
with 139 students. It was conducted at three times during
the course (beginning-middle-end). The results confirmed that
the students had a positive influence about gameful learning
on their achievements, learning, and engagement with the
course.

Aleksic-Maslac et al. used a tool called Kahoot [26] to
create fun quizzes for an ICT course at the Zagreb School of
Economics and Management (ZSEM) [2]. During a semester,
six Kahoot quizzes were conducted, and each student got a
total point by answering the questions of each quiz. At the
end of the semester, both professors and students were asked
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to state their level of satisfaction. The results showed that
using Kahoot was an efficient method to motivate students for
higher engagement.

Another gamified course experiment was presented in
[16]. This course was a short one (lasted one month) about
promoting entrepreneurship among B.Sc., M.Sc., and Ph.D.
students in the field of Electronic Engineering at the University
of Genoa. It was relied on using three Serious Games (SG)
[1] for business, which were: Hos Shot Business (HSB),
Enterprise Game (EG), and SimVenture (SV). A range of
topics was covered in this course having different level of
difficulties in games, game-play, and home assignments. Like
other studies, the students’ ranks were determined considering
their obtained cumulative scores. To evaluate this course, 34
students were divided into 16 teams. The results highlighted
that their overall engagement with the course was high. Also,
teachers had positive opinions about course acceptance and
knowledge acquisition of the students.

The same authors conducted another gamified course using
similar methodology two years later. This course was to
stimulate entrepreneurial and innovative mindsets of B.Sc,
M.Sc, and Ph.D. students of non-business faculties, and
to provide them with several significant operational and
theoretical skills [3]. Here, the gameful learning was used
to sustain students’ motivation, and consequently, enhance
their effectiveness in learning activities. During this course,
students were engaged in a variety of learning activities and
played with several SG. They received various topics with
different level of difficulties in games, game-play, and home
assignments. This course was carried out in Italy, Spain, and
Netherlands, and it was concluded that a single game cannot
be used to achieve all the gameful learning objectives (e.g.
enhancing engagement, motivation, and performance). For
that, more than one single game needs to be adopted in each
course.

The effect of gamification on student engagement and per-
formance was studied in [21]. This study included the results
of participants in a one-term ICT course enrolled at a school of
education. Participants were interviewed to examine the rela-
tionships among gamification, engagement, and achievement.
The results presented that gamified elements had a positive
motivational impact on engagement and indirectly affected the
academic achievement. Another study examined participant
willingness to join gamified activities where rewards were
not directly tied to a course’s grades [4]. For that, over two
semesters, an optional gaming activity was added in five
sections of a course (experimental group), and four sections
acted as a control group. The findings (collected by pre-,
mid-, and post-surveys) presented an important difference
between experimental and control groups regarding hours
spent on gamified activities. In [22], authors analyzed the
effect of gamification on students of a management classroom.
In this study, 44 elementary students attended a gamified
management classroom (experimental group) and 42 attended
a traditional classroom (control group). Then, the differences
between the experimental and control groups were examined

regarding their divergent thinking and creative tendency. The
results showed that the verbal divergent thinking and creativity
of the experimental group were enhanced in comparison with
the control group. In [25], authors assessed student perception
of the impact of badges and leaderboards in their motivation
towards an introductory Software Engineering course. Hence,
a survey with 18 participants was conducted for a quantitative
evaluation, and a series of interviews with six participants was
performed for a qualitative assessment. The results indicated
that students were positive about badges, but had mixed
feedback about the use of leaderboards.

An immersive gamified course was explained in [40].
It was presented in the academic year 2013-14, and was
designed for twelve sessions. In each session, students (space
school trainees) should activate one of the spaceship systems.
Depending on the complexity of a system, it could include
different number of missions. More complex systems had
more short missions to complete. Completing these missions
resulted in getting badges, and sessions could be passed by
concluding missions and getting a certain amount of points.
These points could be also obtained through assignments. The
assignments were optional and students could select them as
they like (harder assignments had more points). In this study,
all missions, assignments, and achievements were transferred
to Youtopia platform, which was designed for motivating and
engaging students [66].

Pan et al. developed gamified forensic modules with
intuitive designs and interactive dialogues [57]. They were
designed for students with no related background to learn
fundamental digital forensic content and explore the forensics
procedures and technologies using interactive games. Here,
the gameful learning was applied to keep students interested
and engaged with the modules. Modules were implemented
in a real computing environment with access to real forensics
tools and evidence for enabling students to practice with
forensics technologies. By the time of this paper, these
modules were still un-evaluated. The authors intended to
measure the effectiveness of their modules in the summer
and fall semesters of 2015 at their institution and two other
partners’ colleges.

Another gamified e-learning course was introduced in
[35]. It was designed based on a structural gameful learning
[42], [53] for the bachelor’s degree at the University of
Plovdiv. The structural gameful learning was obtained by
using various game elements. This course was arranged for
ten weeks, and each week was corresponding to a level.
Levels included quests and assignments (seven individual
and one group assignments). When students completed the
assignments, they were awarded by points, and getting enough
points would allow them to go to the next level. In the last
level, students should answer to a Constructivist On-Line
Learning Environment Survey (COLLES) [6]. To analyze
the effectiveness of the gamified course, it was presented
together with a standard e-learning course, and the students
were allowed to select their preferred one. Out of 113 students,
41 of them selected the gamified course and only 27 could
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complete it. Results showed that the students, who used the
gamified course, were less confused and had higher grades and
engagement with the course than the ones using the standard e-
learning course. In addition, the understandability of students
that used the gamified course was more than their expectation.

Dicheva et al. introduced a gamified course to enhance
students’ engagement with the course and encouraging them
to do self-study [31]. It was designed for a data structure
subject, and was using a OneUp learning platform [30],
[50], [60]. This platform supports the application of game
design principles and elements for a course. In this gamified
course, the students were awarded using badges and a virtual
currency. Badges were used to reward students for their
performance while the virtual currency was used to reward
their engagement with the course (e.g. attending classes). A
quasi-experiment [20] was conducted for the evaluation. For
that, 16 students (from fall 2017) formed the control group
while 11 students (from spring 2018) shaped the experimental
group. Both groups used the OneUp platform, but the gameful
learning features were only activated for the experimental
group. The log data of this platform together with the students’
final grades were used to analyze their interactions and
performance. In addition, a survey was conducted among the
students in the experimental group to assess the usefulness of
the gamified course. The results showed that the students
found the gamified course useful while it increased their
engagement and reduced their failing rates.

Barata et al. also proposed a gamified M.Sc. course to
improve students’ engagement and motivation [7]. It included
six main game elements, which were, experience points (XP),
a leaderboard, levels, Badges, challenges, and a skill tree.
The skill tree was a precedence tree, where each node was a
learning task that resulted in XP upon completion. Initially,
six nodes were unlocked. Posterior nodes could be accessed
if the anterior ones were completed. Students’ behavior and
interactions with the course was analyzed, and authors could
distinguish four group of students. The evaluation results
showed that the course enhanced students’ performance and
participation.

Although many studies shown that the gameful learning had
positive impact on the students’ motivation and engagement
with the course, a few studies presented that the gameful
learning had no or even negative influence on the students.
For instance, in [38], students were analyzed to assess how
gameful learning influenced their course engagement and
behavior. To this end, their performance, motivation, and
satisfaction were measured four times during a 16-week
semester. For the final evaluation, the students across two
courses were tested. One course was a gamified one using
badges and a leaderboard while the other one was a non-
gamified one (having similar curriculum). The results showed
that the students using the gamified course were less satisfied,
motivated and engaged with the course. In addition, these
students had lower final grades in comparison with the ones
using the non-gamified course. In [37], gamification was
examined in relation to achievement goal orientation (student

preferences to various goals, outcomes, and rewards). For
this purpose, achievement badges were added to a Data
Structures and Algorithms course (N=278), and student
feedback with various achievement goal orientation profiles
was assessed. Moreover, the authors analyzed how students
(most motivated by badges) differ from others in terms
of behavior and achievement goal orientation. The results
indicated no important differences in that regard. In [24]
and [32], authors presented mixed results. These studies used
social networking and gameful learning in an undergraduate
course, and analyzed their influence on the students’ behavior,
engagement, and performance. The evaluation results stated
that the students using this undergraduate course performed
better in completing their assignments than the ones using
a traditional e-learning course, but the students using the
traditional course could learn more. In addition, students’
engagement and grades remained low using the gamified
course.

Regardless of having negative or positive impact on student
motivation, engagement, and performance, only a few studies
investigated how different students behaved in a gamified
learning environment. For example, in [19] authors examined
the influence of different personalities traits and learning
styles on student engagement, perception, and performance
on the course. Another instance is [46] where Lavoué et al.
assessed whether the adaption of gaming features based on a
player model enhance students’ participation and motivation.
This experiment was conducted once using 266 participants.
One year later, Mbabu studied how students having different
personality and learning styles interacted with an adaptive
gameful learning tool that was designed for an e-learning
platform [47]. This study was also evaluated using 158
students within a few weeks.

Besides the minority of studies that analyzed how students
behaved in a gamified environment, they also often evaluated
their courses in a single semester with a few students while
obtaining consistent results over the years with a large number
of students is ignored.

III. RESEARCH METHODOLOGY
To accomplish the main goal of this study, which is under-
standing how students of different groups behave in a gamified
course, we have applied the Educational Design Research
(EDR) approach [59] along with a formative study. EDR is
an iterative development of solutions for practical educational
issues. These solutions can be educational products, policies,
or processes. EDR not only tries to solve important issues
facing educational practitioners, but it simultaneously dis-
covers new knowledge that can inform the work of others
facing similar issues. Besides EDR, formative studies [36]
were applied to gather data that could be helpful to understand
student behavior, diagnose problems, and improve the course
design.

Using the mentioned research approaches, we annually
collected student interaction logs (e.g. what learning materials
were seen by a student, how many posts he/she made, etc.)
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FIGURE 1: Research Methodology.

with a Learning Management System (LMS) used in the
course (Moodle1). We also gathered student performance data
(e.g. obtained XP, badges, etc.) from our gamified course.
Every year, the mentioned sets of data were collected from
the enrolled students in the course (statistics are mentioned
in Table 1). These datasets were analyzed using the R
programming language at the end of each semester.

To analyze the collected data, we initially used an elbow
technique together with a k-means clustering algorithm to
identify the number of groups among students and distinguish
their performance using their average accumulated XP over
a semester. Then, we described the groups and used cluster
analysis to compare them in terms of obtained badges, XP,
final grades, and ranks. Their engagement and interaction with
the course were then analyzed using their XP and logs data.
At first, these sets of data were converted to binary sets (i.e.
if a group member did an action or collected an XP in a day,
it was considered as one, otherwise zero). These binary sets
were then presented in form of density and scatter graphs to
show groups’ engagement and interaction with the course.
Next, the stability of groups’ performance was assessed using
their ranks (calculated using average accumulated XP) over a
semester. To evaluate whether groups had any relation with
gaming profiles, we initially determined gaming profiles of
groups’ members using BrainHex categories (questionnaires)
and then examined differences between each pair of groups
using a statistical hypothesis test (p-values). Finally, the self-
regulation skills of students were assessed using the sum of
XP and badges that they got within a month of a semester and
compare them with other months from the same semester.

Besides the aforementioned data and analysis, we also
collected student feedback at the end of each semester using
questionnaires. This feedback could be divided in two parts.
The first part included student opinions about the course itself,
such as if it was engaging, motivating, creative, etc. The
second part referred to the quality of the course elements,
such as if they were interesting, or contributed for a greater
workload.

After assessing how much we were successful in engaging,
motivating, and providing enjoyment for students, we modi-

1www.moodle.org

fied the course and added/removed/edited the course elements
for the next iteration. After ten iterations of the course, we
reached a set of design implications that can be helpful in the
setting up of new gamified courses. They are mentioned in
Section VII. A general view of our research methodology is
presented in Figure 1.

IV. GAMIFIED COURSE
In this study, we gamified a course named Multimedia Content
Production (MCP), which is designed for MSc students in the
field of Information Systems and Computer Engineering. The
main goal by gamifying the MCP was to provide enjoyment
for the students to keep them motivated and engaged with
the course. In MCP, students attend both theoretical lectures
and practical labs. In theoretical lectures, students learn
about different formats (audio, video, image, etc.) from an
engineering standpoint (compression, formats, etc.) but also
with an emphasis on the creation of aesthetic, impactful and
high-quality media (in the Lab classes) [10]. Besides lectures
and labs, students also join the discussions and complete
online assignments via Moodle.

MCP is presented synchronized and identical across two
university campuses. It is offered in English and is only
available in the second semester of each academic year. This
course has three sessions per week (each session lasts 1.5
hour), two theoretical lectures and one lab, and consists of
various activities, such as quizzes, a multimedia presentation,
lab assignments, and several other activities. Instead of
receiving traditional grades, students earn XP for completing
different course activities, including the traditional evaluation
elements existing in the pre-gamified course (a multimedia
presentation, lab assignments, final exam or quizzes) and the
game elements. Performing specific course activities, such as
attending lectures, finding bugs in class slides, or completing
challenges, can result in obtaining badges. A badge can be
achieved by completing an activity that might require a single
iteration or up to three, with each iteration being worth a
specific amount of XP and a badge (Badges are shown in
Figure 2). Some of the badges award extra credit, as they
reflect desirable behaviors but that cannot be mandatory due
to the school’s bylaws, and some award 0 XP and are there for
bragging rights only. Getting a certain amount of XP results
in achieving a new experience level. MCP includes 20 levels
where 10 is the minimum level required to pass the course.
At the end of each semester, levels are converted to a 20-
point grading system, which is the norm in our university.
As means to communicate progress and provide feedback
to students, we provide both a leaderboard (Figure 4) and
a dashboard (Figure 3), which include student XP, levels,
and badges. For assessing students, MCP uses a quantum
evaluation mechanism where students are awarded (by XP,
badges, and levels) for performing any of the course activities
(the grade is finely granularized). Quantum grading allows
students to transparently trace their progress whenever they
participate in the course, down to the each XP. This is a marked
departure from conventional so-called continuous evaluation
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schemes, which break exams and project assignments into
smaller units in a rather discrete fashion.

This course has been modified annually considering the
results that we got from analyzing the students’ performance
and interactions with the course and their feedback (collected
by questionnaires) about the quality of the course and its
elements. Depending on how much we were successful in
achieving the MCP goals (enhancing students’ enjoyment,
motivation and engagement), the course was modified and its
elements were added/removed/edited.

Various game elements are used during the years. The
four main game elements are experience points (XP), levels,
achievements and a leaderboard. In the first year, achieve-
ments were the only game element to obtain XP. For that,
students needed to perform a set of tasks that we intended
to encourage them to do, such as completing challenges,
finding bugs in course slides, and attending lecturers. Besides
getting XP, completing these achievements could result in
getting badges. Some achievements awarded extra XP, which
allowed students to obtain high grades without performing all
mandatory tasks. There were ≈ 3000 extra XP but students
could only earn up to 1000. This extra XP enabled us to reward
desirable behaviors of the students that were not mandatory
by the university’s laws.

Another main element of the MCP is a leaderboard (an
online webpage) that allows students to monitor their progress
and compare it with others (Figure 4). This leaderboard also

FIGURE 2: Badges and their levels.

FIGURE 3: Dashboard.

FIGURE 4: MCP leaderboard.

enables the students to clearly see what has been completed
so far and what needs to be done. As presented in Table 1, it
was used in all years without significant changes.

Skill Tree is a game element that was added to the course
in the second year (2011-12). This element is designed to
make the students more autonomous (select activities as they
like). It is a precedence tree where each node refers to a
learning activity that results in XP upon completion (Figure 5).
Initially, five nodes are unlocked and subsequent nodes could
be accessed if the anterior ones are completed [11]. In 2012-
13, since students stated (in the satisfaction questionnaire) that
the course needed more work than the other ones, we reduced
5% of total course XP from the final multimedia presentation
and added it to the Skill Tree.

Skill Points were another game element that were only
used in the second year. They were introduced to enhance
the flexibility of students for selecting their preferred paths
through the Skill Tree. Each type of course media (i.e. image,
text, audio) had a different Skill Point. Skills of the Tree
were unblocked by obtaining a certain number of points on
related media. Anyhow, we were not successful in introducing
these points due to lack of time management by students.
As mentioned, these points were only used in 2011-12 and

FIGURE 5: Skill Tree.
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were dropped after that year. It needs to be noted that these
points are different from XP (experience points), which can
be obtained from various course activities. Also, these points
are considered as XP in our analysis for 2011-12.

Quest was used for five years (2012-13 to 2016-17) to
promote the collaboration toward a common goal among
students. It was an online riddle where students should start
by manipulating a multimedia content to find a URL for the
next clue of the riddle. To enhance students’ participation,
they should contribute at least once to obtain the XP, and
their contributions were posted in the forums and graded
by the professors. Here, the amount of obtained XP was
proportional to the accomplished Quest level and number
of active participants. The Quest was dropped after five years
since the students’ feedback (ratings from 1 to 5) showed
that, contrary to the first years in which it was used, they
did not find it engaging (X=3.07, σ=0.47) neither interesting
(X=3.22, σ=0.41) nor fun (X=3.3, σ=0.38).

Finally, to boost bot student creativity and autonomy, and
also to customize their learning experience using what they
learned in the MCP classes, an Avatar World was added
to the course for two years (2013-15). Avatar World was
a 3D virtual world that evolved and grew by obtaining
XP (emerging new buildings and characters). Students were
represented by avatars, which could be customized or made
by the techniques and tools introduced in the classes. Up to
three percent of total XP could be obtained from it. Anyhow,
Avatar World was not a successful attempt since it could not
be well-integrated with the course and students had little to
do there. In addition, we found relatively low student interest
(X=2.2, σ=0.08) and engagement (X=2.12, σ=0.03) with it.
To this end, we removed Avatar World from the course in
2015-16.

Table1 shows all of the game elements as well as the
changes that are made into the course over the years. In this
table, we also present the number of students who enrolled in
the course and number of students who dropped out (withdrew
from the course). Here, we see that a final exam is replaced
with quizzes since 2013-14. This change was made since we
noticed that several students had a low participation during a
semester and became active only at the end of the semester,
as the deadline looms. These quizzes allow students to assess
themselves on a (almost) weekly basis and balance their
participation through a semester.

Course modification and elements can directly influence
student performance (e.g. XP and grades). In Figure 6, we
show whether and how student XP and grades changed over
the year. We can see some variations through the years,
especially since 2015-16. Up to this year, MCP had a rigid
major\minor structure. So, to take MCP students needed to
enroll in the Multimedia minor or major, and consequently,
would be enrolled in other courses in the area. It implied that
the students taking MCP were highly interested in it. Since
2015-16 and as a consequence of restructuring the Masters’
program, students could enroll in any course they like, and
their reasons for that might vary, from deep interest to a

perception of easiness. Figure 6 shows that the median of XP
and grades have slightly decreased after 2015-16. Furthermore,
the 25th percentile and minimum value were reduced more
drastically, which could be due to the course restructuring. In
2011-12, XP and grades are noticeably higher than the other
years. It happened since the initial version of the Skill Tree
was added to the course without having any limitation on its
XP. So, if the students worked more, they could get more XP
from the Tree (and subsequently could receive higher grades).
To avoid this situation, after 2011-12, the amount of XP that
students could get from the Tree was limited to a specific
amount.

However, although the evolution of the course over the
years caused meaningful performance changes among the
students, we still do not know clearly how different students
engaged with the course and interacted with it. In the next
section, we explain a method that we used to identify various
groups of students considering their performance on the
course. We also detail the data that we applied for this
identification.

V. IDENTIFY STUDENT GROUPS
During the semester, we noticed that students were interacting
with the course differently. Some were highly active during a
semester and achieved higher grades, while some performed
well at the beginning of the course but they lost their interest
after a while and focused mainly on the major evaluation
elements. There were also students that just performed enough
to pass the course. Therefore, we found it of interest to
identify different groups of students and assess how they
interacted with the course. Considering groups rather than
individuals also allows us for future extension of our course to
a personalized one that can handle a large amount of data
(a scalable course) for recommending gamified activities.
In addition, it is of importance to find whether groups’
performance is an adequate indicator to identify their groups.
Hence, in this study, our main motivation is to differentiate
student groups according to their performance. For that,
accumulated XP over a semester was estimated for each
student, which allowed us to equally represent students with
similar performance and clearly distinguish their ranks. In
other words, if two students got similar amount of XP in the
same day, with this data preparation method, we are able to
distinguish their ranks since their previous XP was also taken
into account. This approach was also used by Barata [11]. The
amount of accumulated XP per day was used as attributes for
the cluster analysis to group students by similarity of gaining
XP. We used the K-means algorithm [39] for cluster analysis
since it is easy to interpret and implement while has a linear
complexity [51], [52], [54], [63].

A. NUMBER OF CLUSTERS
To identify the number of clusters (groups of students), we
used the elbow technique. It runs the K-means algorithm K
times on the data (K is the number of clusters), and for each
value of K, the sum of Squared Errors (SSE) is estimated.
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TABLE 1: Game elements and changes over the years.

2010-2011 2011-2012 2012-2013 2013-2014 2014-2015 2015-2016 2016-2017 2017-2018 2018-2019 2019-2020
G

am
e

E
le

m
en

ts

Leaderboard X X X X X X X X X X
Achievements X X X X X X X X X X
Collab. Badges X X X

Bragging X X X X X X
XP X X X X X X X X X X

Levels X X X X X X X X X X
Skill Tree X X X X X X X X X

Quests X X X X X
AvatarWorld X X
Skill Points X

O
th

er

Exam/Quizzes E E E Q Q Q Q Q Q Q
Total Students 35 56 58 84 68 95 95 135 121 99
Num. Dropouts 0 4 4 8 7 10 5 18 12 15
Num. Students 35 52 54 76 61 85 90 117 109 84

Male/Female M:32 , F:3 M:42 , F:10 M:41 , F:13 M:67 , F:9 M:53 , F:8 M:71 , F:14 M:71 , F:19 M:94 , F:23 M:77 , F:32 M:60 , F:24

(a) XP Comparison. (b) Grade Comparison.

FIGURE 6: XP and Grade comparison over years.

The results are plotted in the form of a line graph (like an arm),
with the elbow on the arm indicating the optimal number
of clusters for these data. As shown in Figure 7, four is
one of the most promising numbers of clusters for all years
except 2010-11. For this year, three was a good candidate
for the number of clusters. It may be because there were
not enough learning activities and assessment items in the
first year to clearly distinguish student groups. Either way,
each of these numbers supports our initial assumption that
there were different groups of students interacting with the
course. Interestingly, our results are compatible with those
presented in a doctoral dissertation [61]. In his dissertation,
the author also identified four groups of students considering
their performance.

B. CLUSTER PERFORMANCE
In Section V-A, we could identify the optimal number of
clusters for all years using the elbow technique and the
accumulated XP of the students over time. In this section, we
aim to present the average performance of each cluster using

the same data. Here, we should state that each semester was
different from another one in various terms, such as having
different duration, learning activities, and evaluation elements.
Therefore, the clusters from different years were generated
using different collections of data.

As presented in Figure 8, all student performance data
looked the same at the beginning of each semester since
students were not fully enrolled in the MCP course or they
still did not do any significant learning activity. During a
semester and by doing enough activities by the students, their
groups became more distinct. The performance of all clusters
suddenly enhanced at the end of the semesters (i.e. end of
May or beginning of June), which was due to obtaining a
noticeable amount of XP from a multimedia presentation (it
is a main course activity). After this presentation, since a little
time (only two active weeks) and learning activities left, the
clusters’ performance often did not change significantly. In
addition, the performance enhancement (at the end of the
semesters) was larger in the first three years because the final
exam was the main evaluation element that was located at the
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FIGURE 7: Finding the optimal number of clusters via elbow technique and accumulated XP.
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end of the course. After the first three years and by having
quizzes, the course workload became more balanced and that
enhancement got smoother. In the next section, we describe
each of these clusters and analyze them in detail.

VI. GROUP ANALYSIS
This section will describe each group, detail their char-
acteristics and performance, and analyze their interaction,
engagement, and ability to self-regulate. We also evaluate how
early we can predict student groups and their performances
with high accuracy. In addition, we evaluate whether student
game profiles correlate with the particular group of students.
This analysis allows us to understand better the preferences
of students with a particular profile (cf Section VI-F). Finally,
we examine student feedback to evaluate the extent to which
we were successful in achieving our goals.

A. GROUP DESCRIPTION
As shown above, we distinguish four main groups of students
by achievement (RQ1). The first group are Achievers, who
focused on achievements and attempted to acquire all available
XP. These students had a higher XP accumulation curve (as
shown in Figure 8), which shows that they were mainly ahead
of the other groups (at the top of the Leaderboard). Regular
students are the second group whose performance was good
but lower than Achievers. Their final grades were also close
to those of the Achievers. Because of their behavior, they are
called Regular Students [8], [9]. Some studies, such as [10],
designate them Late Awakeners because they seem to show a
rapid loss of rank at the beginning of the course, followed by
a progressive recovery (Figure 8-c, -f, -h).

The performance of the third group ("Disheartened") was
lower than that of the "Regular" group, and it appears that
they ignored some of the course activities. They usually
started the course at a similar pace as the Achievers, but
soon lost interest and fell behind in terms of XP acquisition.
Their average Leaderboard positions, which were close to
those of the Achievers at the beginning of the semester,
dropped significantly as the semester progressed. This is the
reason why we called them Disheartened. Finally, the last
group is called Underachievers because the students in this
group showed little interest or commitment to the course.
They also had the lowest achievement and did just enough
activities to pass the course, and were mainly positioned at
the bottom of the Leaderboard. Although the Achievers and
Regular students had high performance and engagement with
the course, the other two groups were disengaged and their
performance was relatively low [8]–[10].

As mentioned in SectionV-A, the authors of [61] also
found four groups of students. Interestingly, our groups are
compatible with those presented in [61]. The Achievers’ per-
formance was consistent with the performance of the students
in the Advanced group in this study. Both groups completed
almost all learning tasks and received the most points. The
Regular group, which had the second best performance, can
be compared to the Good Participants group. The final scores

of these groups were slightly lower than the Achievers and
Advanced groups. The behavior of the Disheartened group
was compatible with that of the Keen group in that both
groups ignored some of the course activities. Finally, the
Underachievers exhibited similar behavior to the Novice group
and did just enough to pass the course..

B. GROUP ACHIEVEMENTS AND CHARACTERISTICS

This section presents some of the groups’ statistics as well
as their obtained XP, badges and final grades. In Figure 9,
we compared the identified groups in terms of obtaining XP
and badges. In the same figure, we also compared their final
grades, ranks, and their size through the years. Here, we do
not have the Underachievers group for the year 2010-11 since
we only found three rigid groups among the students (see
Figures 7 and 8). As shown in Figure 9 (sub-figures a to c),
Achievers outperformed others in getting XP and badges, and
had higher final grades in all years. They also obtained better
ranks constantly (sub-figure d) (RQ2 and RQ3). To compute
the ranks, we used median on the accumulated XP of each
group’s members. Median is opted since it is more robust
than mean to outliers. In this computation, we ignored the
students’ ranks during the first four weeks of each semester
(before March 15) due to having much variation (more details
in Section VI-E). The groups’ ranks increased through years,
which is due to having more students.

Furthermore, we compared the size of all groups. As
presented in Figure 9, Achievers and Underachievers (had the
highest and lowest performance) were often in minority while
the other two groups (had almost average performance) were
the major ones. It matches most of the courses where only a
few students out- or under-perform the rest of the students
while the performance of the majority is around average. In
terms of XP, the groups’ XP (Figure 9-a) was noticeably
higher in 2011-12, which was due to not having any restriction
on the XP gained from the Skill Tree. This problem was
fixed for the next years by restricting the achievable amount
of XP from the Tree. Regarding the badges, the groups’
badges reduced since 2015-16, which could be due to course
restructuring in that year. Before the course restructuring,
the enrolled students often were highly interested in course
while after the restructuring their reasons for course enrolment
varied from high interest to perception of easiness (more detail
in Section IV). So, they all were not that motivated to earn
many badges.

We also analyzed the performance of groups in earning
badges from different levels of the Skill Tree. In every year,
for each level, we summed the number of obtained badges
by each group and divided it by the size of that group. In
Figure 10, each bar refers to a level of the Tree while every
color indicates a semester (eight colors because the Tree is in-
use since 2012-13). As presented in this figure, all groups
had better performance in level one since the tasks were
less complicated. Groups’ success got lower by raising the
levels since the tasks became more challenging. As expected,
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FIGURE 8: Average clusters performance using the accumulated XP. Here, black curves show the Achiever groups, green curves
indicate the Regular, and blue curves present the Disheartened groups. Finally, red curves show the Underachievers.

VOLUME 4, 2016 11



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2021.3083238, IEEE Access

Nabizadeh et al.: How do Students Behave in a Gamified Course?

1
0

0
0

0
1

5
0

0
0

2
0

0
0

0

T
o

ta
l 
X

P
 (

A
v
e

ra
g

e
)

2010−11 2011−12 2012−13 2013−14 2014−15 2015−16 2016−17 2017−18 2018−19 2019−20

Achievers Regular Disheartened Underachievers

2
0

3
0

4
0

5
0

O
b

ta
in

e
d

 B
a

d
g

e
 (

A
v
e

ra
g

e
)

2010−11 2011−12 2012−13 2013−14 2014−15 2015−16 2016−17 2017−18 2018−19 2019−20

Achievers Regular Disheartened Underachievers

(a) XP. (b) Badge.

8
1

0
1

2
1

4
1

6
1

8

F
in

a
l 
G

ra
d

e
 (

A
v
e

ra
g

e
)

2010−11 2011−12 2012−13 2013−14 2014−15 2015−16 2016−17 2017−18 2018−19 2019−20

Achievers Regular Disheartened Underachievers

2
0

4
0

6
0

8
0

R
a

n
k
 (

M
e

d
ia

n
)

2010−11 2011−12 2012−13 2013−14 2014−15 2015−16 2016−17 2017−18 2018−19 2019−20

Achievers Regular Disheartened Underachievers

(c) Final Grades. (d) Rank.

0
1

0
2

0
3

0
4

0
5

0

N
u

m
b

e
r 

o
f 

m
e

m
b

e
rs

2010−11 2011−12 2012−13 2013−14 2014−15 2015−16 2016−17 2017−18 2018−19 2019−20

Achievers Regular Disheartened Underachievers

(e) Size.

FIGURE 9: Comparing the groups XP, badges, rank, final grades, and size through the years.

Achievers had the best performance in comparison with others
in obtaining badges from all levels.

C. COURSE ENGAGEMENT

One of the current educational challenges is to keep students
effectively engaged with a course [43]. Hence, in this section,
we intend to show how much we were successful with that.
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FIGURE 10: Earned badges from each level of the Skill Tree by each group.

For this purpose, we considered the density of activities and
the collected XP by each group in every semester. For that,
we initially built a binary matrix for every year in a way that
whenever a group member did an action (e.g. made a post, got
a badge, performed a task) or collected an XP in a day, we
regarded it as one otherwise it considered as zero. Then, these
matrices were used to generate the density graphs.

As shown in Figure 11, the densities of all groups in all
years almost follow the same pattern. At the beginning of
each semester, due to awarding an initial XP to all students
as well as having simple tasks that students could get their
XP, the density of all groups is one. Then, all densities dived
drastically till end of April. After April, by getting close to the
end of the semesters, students increased their activities and
obtained more XP to get better grades or even pass the course.
Within this time (after April) and by approaching the end
the course, we can also observe shifts in group performance
(change in average XP) that never happened before April.
These confirm that students are mostly deadline-driven (RQ4).

Similar pattern could be observed in Figure 12, where the
density activity of all groups dropped until the end of April
and raised after this month. In this graph, we ignored the
initial XP that was awarded to all students. These XP were
to motivate the students to continue with MCP and to solve
the grade rounding issue at the end of the semester. Here, it is
noticeable that the density of several groups became one (or
close to one) at the end of the semesters, which shows that the
groups were mainly active in that time, but sometimes without
obtaining XP (compare the results in Figure 11 with 12).

In both figures, we noticed that student XP and activities
reached a minimum during April. This is due to the semester

break falling in this month. Students go on holidays for almost
one week. Therefore, their activities, and subsequently their
XP acquisition dropped significantly in this month. Also, these
graphs show that the students are mostly deadline-driven and
become active at the end of the semesters. In order to have
them well-engaged with a course, we need to define activities
that are carefully distributed during a semester, which keeps
the students interacting with the course continuously.

D. STUDENT INTERACTION WITH THE COURSE
Student interaction with the course is an informative type
of data that we used to analyze whether there is a relation
between the student interaction and their performance. For
that, we employed student log data the we collected from
the Moodle. We then generated scatter plots using this data.
In Figure 13, each dot indicates that a student interacted
with the course in a day. As shown in this figure, Achievers
interacted frequently while the Underachievers interaction
was quite sparse. It also presents that the Regular groups
were interacting with the course more than the Disheartened
ones but less than the Achievers. Therefore, we can conclude
that there is a direct relation between student interaction and
their performance in the course. So, whenever a student is
more active and interacts with the course frequently, he/she
mainly gets a better grade than the ones with a lower level
of interaction. This statement is also confirmed by the results
shown in Figure 14, where the students got higher final grades
whenever they interacted more with the course.

Like Figures 11 and 12, in Figure 13 we also observe that
in April all groups interacted less with the course, which is
due to the semester break. In addition, the groups’ interaction
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FIGURE 11: Density of Obtained XP by groups.
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FIGURE 12: Density of activities by groups.
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FIGURE 13: Students Interaction with MCP.
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became sparse at the end of the semesters (≈ after the first
week of June). It is because that around this time students
delivered their multimedia presentation (one of the main
course activities at the end of the semesters) and there was
not much time (there are only two active weeks in June)
and course activities left to complete. Hence, the groups’
interaction dropped significantly. Moreover, in the first five
years, the initial interaction of the groups with the course
was sparse while it became denser since 2015-16. This might
be due to the course restructuring in this year with a better
distributing of the game elements. Similarly to the results
presented in Figure 9, in Figure 13 we also see that the Regular
and Disheartened groups are often larger than the other two.

E. PERFORMANCE STABILITY
One of the main challenges in educational environments is
to identify student groups (Profiles). It assists professors to
provide more suitable learning materials for the students that
match their competency levels. This identification needs to
be made as soon as starting a course with a high accuracy
since it gives more time to the professors to better guide
different groups of students. Hence, in this section, we study
how soon student performance stabilizes via a more accurate
identification. For that, we initially estimated the accumulated
XP of each student through a semester. These data enabled us
to differentiate students that got similar XP in the same day.
Then, we computed daily ranks of students from those data.

In Figure 15, we presented each student’s ranks throughout
the semester. Here, each group is highlighted in a different
color, and the average final grade of each group is mentioned
on the right side of the graphs. In these graphs, students with
better performance have lower ranks (located at the bottom of
the graphs), and vice versa. As presented in Figure 15, student

ranks varied a lot in the first four weeks of each semester.
Then, they got stable till the end of the semesters (RQ5). It
could be due to the reason that the students were new to the
course and they still did not do much activities to gain XP
(i.e. their ranks are similar). Hence, obtaining a small XP
could affect their ranks significantly. After almost the first
month (≈March 15) and by earning a considerable amount
of XP, student ranks did not change noticeably anymore. This
trend can be observed in all years and the course changes and
various game elements did not influence this trend. It indicates
that theoretically we should be able to identify student groups
and predict their performance with high accuracy around this
time. According to our results for predicting student groups
and performance, which are not mentioned in this paper, we
could achieve the accuracy of ≈ 85% (via Random Forest
algorithm [56], [62]) around mid March. Therefore, soon after
starting the course we are able to identify student groups and
performance accurately.

F. GAMING PROFILES
In this section, we intend to analyze whether there is a relation
between the students’ groups (indicating their performance)
and their gamer profiles. The importance of this analysis is,
the better we know what a profile likes, the better we can
provide gaming experiences for it. There are several models to
determine the gaming profiles of the students, such as the one
presented by Richard Bartle [12], [13] that divides students
into four groups, or the one called Demographic Game Design
1 (DGD1) [15]. DGD1 was introduced by Chris Bateman, and
is based on the Myers-Briggs personality model [49]. Among
all the models, we selected the Brainhex [55] since it is one of
the most complete models that works based on the previous
ones, such as DGD1. In addition, its questionnaire is available
and online 2, which makes it easy to administrate and access.
This model is based on neurobiological responses inherent
to playing games [11]. It includes seven player archetypes,
and classifies players into primary (main) and secondary
(sub) classes. The seven archetypes are: Achiever, Conqueror,
Daredevil, Mastermind, Seeker, Socializer, and Survivor.

To determine the Brainhex classes of the students (i.e. main-
class and sub-class), we initially used the aforementioned
questionnaire at the beginning of a semester. We then related
the collected information to student clusters [11]. The results
for all years are shown in Figure 16. Although it was rough
to determine the major classes in some years, Mastermind,
Conqueror, and Achiever were the three major primary and
secondary classes for all clusters (student groups).

Mastermind refers to the students that enjoy solving puzzles
and strategic games while concentrating on the most efficient
decisions. Achiever addresses the goal-oriented students who
like to collect special achievements and points. Finally, the
Conqueror players like challenges, enjoy defeating tough
rivals and beating others. We believe that the MCP was not
attractive for this group since there was never an actual rival

2http://www.survey.ihobo.com/BrainHex/
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FIGURE 15: Performance stability of students. Black: Achievers, Green: Regular, Blue: Disheartened, Red: Underachievers.
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FIGURE 16: Brainhex categories for each student’s cluster.

to defeat. Anyhow, it might come from the fact that the course
Leaderboard encouraged the students’ competitiveness.

As shown in Table 2, although the percentage of the three
mentioned classes (main and sub) varied for each student
group, in total around 60 to 70 percent of each group was
formed by the mentioned classes and the remaining percentage
was composed of the other four classes. To show that there
was not any significant difference among the student groups
considering the Brainhex classes, we estimated the p-values

using all main and sub classes for each pair of student groups.
As presented in Table 3, there was not an important difference
among the student groups. We also estimated the p-values
among consecutive years considering all Brainhex classes to
assess whether the course changes influenced the proportion of
the classes through years. According to our results presented
in Table 4, the proportion of the classes did not change
significantly. From all these results, we can conclude that
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TABLE 2: Student Groups and the Brainhex classes.

Main Class Sub Class
AchieverConquerorMastermindAchieverConquerorMastermind

Achievers 21.7% 24.3% 25% 21% 28.2% 19.7%
Regular 16.6% 24.3% 23% 20.5% 21.7% 18.5%

Disheartened 10.7% 34.1% 20.9% 21.9% 20.4% 20.9%
Underachievers 15.6% 33% 19.1% 16.5% 20.8% 22.6%

there was not any specific relation between student groups
and their gaming profiles (RQ6).

G. SELF-REGULATION
In e-learning courses, whether gamified or not, one of the
main issues is the lack of self-regulation skill of the students
regardless of their groups (profiles). It results in missing a
considerable amount of time during a semester while being
pressured by the learning tasks and activities before the due
dates. Thus, this skill can be considered as a significant one for
assisting students to better distribute their workload through
a semester. To this end, we assessed the self-regulation skill
of the students in all years (Figure 17). This assessment was
based on the number of XP and badges earned by the students
from beginning to the end of a semester.

In Figure 17, we observe how students’ activities were
biased towards the end of the semesters. Taking into account
that there were only two active weeks in February and June,
we immediately notice that in June students were more active
than February, even if we deduct the effect of the final exam
in the first two years. Also, the multimedia presentation that
was in May/June might explain a bump in XP, but it could
not justify an increase in badges since it only awarded XP.
Furthermore, we can see that in May students were more
active than April (the semester break is in April) and March.
As it is shown, in all years, almost half of the rewards were
obtained in May and June. Moreover, in 2011-12, the amount
of XP obtained in June was significantly higher than the rest of
the years. It is because that the initial version of the Skill Tree
was introduced and it was not well integrated with the course
and its tasks were not well distributed over the semester. So it
caused a bump in XP.

TABLE 3: P-values across Student Groups. Signif. = 0.05.

Main ClassSub Class
Achiever-Regular 0.94 0.93
Achiever-Disheartened 0.46 0.31
Achiever-Underachievers 0.45 0.37
Regular-Disheartened 0.49 0.29
Regular-Underachievers 0.39 0.23
Disheartened-Underachievers 0.21 0.05

TABLE 4: P-values across all years. Significance Level = 0.05.

1213-1314 1314-1415 1415-1516 1516-1617 1617-1718 1718-1819 1819-1920
Main Class 0.45 0.66 0.49 0.69 0.65 0.96 0.54
Sub Class 0.36 0.49 0.27 0.68 0.59 0.94 0.41

We can conclude that the most of the students were lacking
self-regulation skills, and were mostly deadline-driven (RQ7).
Self-reported feedback (collected since 2012-13) indicated
that their effort was unbalanced and they did not study
regularly throughout the semester (Figure 18). In 2015-16, the
average score was slightly higher. It could be due to the reason
that the course was restructured in that year, and it became
more flexible. However, this score was not significantly high.

H. STUDENT FEEDBACK
We have been collecting student feedback on the gamified
MCP since 2012-13. To this end, we developed a short
questionnaire to collect their opinions on various aspects of the
course. First, we focused on their general feedback about the
course, such as whether it was competitive, likable, creative,
engaging, extendable to other subjects, or whether students
could learn more from it than other courses. As shown in
Figure 19, most students had a strong agreement with the
creativity of the course. They confirmed that it was engaging,
likable, extendable, interesting, motivating, and well-received.
Despite their agreement with the above aspects, they did not
agree that they learned more by taking MCP than from the
other courses.

It is worth mentioning that in 2019-20, where the Covid-19
pandemic negatively influenced almost all universities and
courses, the students were positive about MCP and found
it both motivating and engaging (Figure 19). These reports
show that our approach was resilient to this issue, and the
pandemic had almost no impact on its effectiveness. Also, the
results presented in previous sections confirmed that student
engagement and interaction did not change in 2019-20.

Student feedback on the quality of the game elements was
collected using four statements. Like Figure 19, we asked the
students to rate the statements using a five-point Likert scale.
These statements were:

1) Game elements made the course more interesting.
2) Game elements made the course more engaging.
3) MCP would be better off without game elements.
4) Game elements contribute for a greater workload when

compared with traditional courses.

Results are presented in the form of a line graph in
Figure 20. A brief look at this figure shows that the students
highly agreed that the course was more interesting with the
elements and they made it more engaging. Furthermore, they
strongly disagreed that the course could be more effective
without the elements. Finally, they were not sure whether the
elements made the course more demanding or not (Fourth
statement). According to these results, we conclude that our
game elements were well-designed and worked in a promising
way that the students did not feel exhausted using them.

In addition to the mentioned student opinions, we collected
their feedback on how successful was the MCP in boosting
student autonomy, creativity, and whether they could learn
some practical skills that could be useful for their future. For
that, we asked the students to give us their feedback (rate from
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FIGURE 17: Proportion of obtained XP and Badges per month.

1 to 5) on three statements that focused on the mentioned
criteria. The three statements were:

1) The course rewarded me for things I like doing.
2) The course allowed me to be creative.
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FIGURE 18: Student scores (1 to 5) to their effort distribution
and regular study over a semester.
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FIGURE 19: Student feedback on the general aspects of MCP.

3) The course taught me useful skills for my future.

Figure 21 summarizes the results. As can be seen in this
figure, students agreed that the course allowed them to be
autonomous and flexible (first statement), which strongly
stimulated their creativity (second statement). Also, in MCP,
students had to use different tools and software to complete
tasks, which they found useful for their future (Third state-
ment). In this figure, there is a significant decrease in 2017-
18. This could be due to the Quest element no longer being
included in the course. Also, the peak in 2015-16 (for the
second and third statements) is due to the restructuring of the
course in that year. The consequence was that the students
found the course more creative and valuable for the future.

VII. DESIGN IMPLICATIONS
After analysing student data across all years, we are able to
propose design guidelines that can help in designing a more
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FIGURE 20: Student feedback on the quality of game ele-
ments. In 2014-15 and 2015-16, we could not collect student
opinions about the first, second, and third statements.
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effective gamified learning environment. In this section, we
discuss them in detail.

A. MULTI ACTIVITIES

In the MCP course, we aimed to promote student autonomy,
interaction, motivation, creativity, and engagement. Over the
years, we have realized that just one learning activity is
not enough to achieve these goals. Indeed, a combination
of activities is needed. For example, the leaderboard would
motivate students to engage more with the course to get
higher grades and ranks, and subsequently, it would influence
their interaction. At the same time, the Skill Tree would
increase student autonomy by allowing them to perform the
preferred activities to get rewards. Other authors [3] presented
similar conclusions: a single game is not enough to achieve
all learning goals, such as increasing engagement, motivation,
and achievement.

B. QUANTUM ASSESSMENT MECHANISM

As explained in Section VI-C, students are deadline-driven
and often do not become active until near the end of the
semester. This lag leads to idle time during the semester and
a frenzied flurry of activity just before deadlines. To avoid
these problems and better distribute student workloads over
a semester, it is essential to have an assessment mechanism
that rewards students during their participation in a course. As
mentioned in Section IV, MCP uses a quantum assessment
mechanism, and students receive rewards (via XP, levels,
and badges) when they complete course activities. This
mechanism provides a transparent, traceable, and incremental
continuous assessment of student performance down to the
individual XP. Figure 8 shows that in the first three years
(when MCP assessment was not well granularized) there was
an increase in XP at the end of the semester because the main
assessment occurred at the end of the course. Since 2013-14,
and with the introduction of quizzes instead of the final exam,
students became more active during the semester. The grade
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FIGURE 21: Student feedback on course autonomy, creativity,
and usefulness.

increase became smoother than in previous years (i.e., the
performance curves became more linear).

C. FOUR STUDENT GROUPS
The main goal of our study was to analyze how different
student groups interacted with a gamified course. For that, we
distinguished each grouping by applying clustering techniques
to student performance data. As already presented in Figure
7, we identified four distinct clusters. Considering that the
course was modified in each year, we conclude that the
underlying four-cluster model is both stable and resilient to
external changes. Interestingly, the same results were obtained
by Nabizadeh [61]. He also confirmed that four is the most
promising cluster configuration among all student populations
considered.

D. EARLY GROUP IDENTIFICATION
We analyzed the performance (ranks) for each cluster across
all years (Figure 15). We noticed that performance varied a
lot at the start of each semester (≈ first four weeks). This
could be due to lack of early engagement in collecting XP.
Thus, even collecting a few XP would affect a student’s rank
remarkably. After the middle of March (almost one month
after semester start) and collecting significant XP, student
ranks became more stable. This implies that within a month
after course start we can identify clusters and predict student
performance with high accuracy. This enables us to tailor the
gamified experience in the way that best suits different student
groups early in the course.

E. INITIAL ENGAGEMENT
Our analysis revealed that students were almost inactive for
the first two weeks of each semester and then slowly began to
interact with the course. This time can be considered a golden
period because if we get students to interact with the course
right at the beginning of the semester, we can collect more
interaction data. These data are important to get an accurate
prediction about the groups of students and their performance.
This accurate prediction in the early stages of the course gives
us enough time to better guide the students by adjusting the
gamified activities to fit student preferences and groups best.
Therefore, it is essential to find a strategy to get students
to interact with the course right after it starts. One strategy
could be to place simple learning tasks with additional rewards
(grades) at the beginning of the course to convince students to
interact with it.

F. BRAINHEX IS NOT SIGNIFICANT
As presented in Section VI-F, Achiever, Conqueror, and
Mastermind were the three most frequent classes of Brainhex
(main and sub) among all groups of the students. Therefore,
we can conclude that there was not any specific relation
between a single class and a student group. Our statement
was also confirmed in [9], where the authors predicted
student groups using different collection of data. They got the
accuracy of 71.70% via the BayesNet algorithm [34] using the
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Brainhex classes, while after ignoring the BrainHex categories,
they achieved the accuracy of 79.63%. They also used other
algorithms, such as Logistic regression [45], for the prediction
task. In some cases, the accuracy enhanced using Brainhex
classes while in other cases the accuracy got worse. Hence,
we can conclude that the Brainhex classes might not be an
informative and significant type of data, especially for the
prediction task.

G. GENDER IS NOT RELEVANT
During our study, we analyzed whether student gender could
influence the accuracy of predicting their performance, and
consequently, their groups. We predicted student performance
using both logged performance data and past grades (on
the same course) with and without gender information. We
applied Random forest [18], Naive Bayes [65], and K-Nearest
Neighbor (KNN) [58] for the prediction task (Table 5). In
both cases, the accuracy results were the same and did not
change. In Table 5, we present, as a sample, the results for
years 2010-11, 2014-15, and 2018-19. As can be seen, using
or omitting gender information had no impact on prediction
accuracy. Values for the other years, while not shown for
brevity, follow the same pattern. Therefore, we can deduce
that gender has no impact on predicting student performance
or group membership.

VIII. CONCLUSIONS
In this work, we investigated how different groups of students
behave and interact with a gamified environment. To this end,
we developed a gamified course called Multimedia Content
Production (MCP) and collected ten years of student interac-
tion data with this course. Student groups were determined
using clustering techniques applied to student performance
data. In general, we often distinguished four groups of students
(clusters) in all years. In analyzing and comparing these
groups, we found that all groups were deadline-oriented and
became active as the deadline approached. In addition, the
performance and final grades of all groups were accurately
predictable within the first month after the course began, as
student performance stabilized within this time and did not
change noticeably. Furthermore, we concluded that student
groups did not show any relationships with their game profiles.
In conclusion, we suggested some practical implications for
designing a gamified course, such as a continuous evaluation
mechanism (i.e., rewards for participation in the course)
throughout the semester, which helps keep students engaged
and distributes the workload. Opportunities for future work
arise from our implications, such as engaging students in the

TABLE 5: Prediction accuracy of student performance with
and without using gender data.

Random Forest Naïve Bayes KNN
10-1114-15 18-19 10-1114-1518-1910-1114-1518-19

With Gender 0.834 0.869 0.910 0.664 0.746 0.728 0.761 0.641 0.659
W/out Gender0.834 0.869 0.910 0.664 0.746 0.728 0.761 0.641 0.659

early stages of a course, which could benefit from further
research.

In the future, we want to analyze what students (especially
the regular, disheartened, and underachiever groups) wanted
to learn, what they learned, what their difficulties were, and
how their performance can improve to reach the Achievers
(the group with the best performance). To this end, we want
to work on personalizing gamified activities for the regular,
disheartened, and underachiever groups to improve their
learning performance.
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