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Abstract

The process of integrating elements of games, including leaderboards and
badges, into non-gaming contexts, like e-learning platforms, is known as gamification.
The "one-size-fits-all" nature of traditional gamification ignores the preferences and
personality traits of the learners. Results are prone to failure in the absence of adaptability.
Adaptive gamification, which customizes experiences based on user profiles, solves this
issue. A thorough, adaptable gamification framework that considers user profiles and

preferences is needed to close this gap.

In this dissertation, a strategy was proposed to determine the type of user
group and their preferences. The proposed strategy is based on the matrix factorization
method to determine the type of user group and their preferences toward gamification
features. This strategy aims to improve learners’ motivation and commitment in a

gamified e-learning environment.

The user profile was created using the Hexad questionnaire. The SPSS
program was used to identify the predominant user types within the participation group
as well as the prime user type for each participant. Python programming was utilized to
identify which gamification elements participants preferred depending on their dominant

user type.

The proposed strategy showed that "achievers" and "players™ were the most
common user-type learners. The gamification component with the highest rating was
"challenges,” which indicates that it is suitable to motivate these individuals.

A gamified e-learning platform (EdApp) was used to test the proposed
strategy in real-world situations by integrating the gamification features that abstracted

from the strategy's outcomes to satisfy students' preferences.

According to the findings of this research, adaptive gamification based on
user preferences improves student engagement and commitment. This is the first

dissertation in Iraq that adapts gamification to student preferences.
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Chapter one General Introduction

Chapter 1 : General Introduction

1.1 Introduction

Gamification is a concept in which game design elements are
involved in non-game activities, such as e-learning contexts, to keep
motivation, increase engagement, and get successful results [1]. Education
is one of the most commonly used domains for gamification [2]. One of the
applications that gamify electronic learning is EdApp [3], a mobile learning
management system. The idea behind gamification is that it can improve
engagement and increase motivation [4]. Educational institutions and
academics try to adopt gamification to enhance learning by increasing
students' motivation [5]. Gamification effectively motivates and engages

individuals to achieve their activity objectives [1].

Self-determination theory (SDT) is the theory that is most often
used to explain motivation [6]. According to SDT, there are three categories

for learners' motivation: "intrinsic,"” "extrinsic,” and “"amotivation." When a
task or activity meets the needs and objectives of the learner, motivation is
"Intrinsic."” The term "extrinsic" refers to the external elements that
contribute to a learner's motivation, such as rewards. A lack of motivation is

referred to as "amotivation."

The main challenge of gamification in e-learning is that each
learner has his or her own personality and preferences, and they have
different motivations when interacting with gamified systems [7]. In other
words, specific gamification elements that motivate one learner might

negatively affect another [8].

Adaptive gamification that personalizing gamified experiences
according to user profiles, is an effective way to overcome this challenge and

an alternative approach to the traditional approach that involves the same
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gamification elements for all users [9]. The Hexad user type [10] is better
suited to creating a user profile for an adaptive gamified system than other
user types due to restrictions in scope and applicability [11]. Hexad user type
is based on SDT theory [6], which is concerned with the psychological
motivational needs of different individuals. SDT is the most common theory

used to clarify motivation.

This dissertation targets Iragi students in secondary schools to
propose an adaptive gamification strategy that tailors game design elements
according to learners' profiles by identifying learners' types and their
preferred gamification elements. The finding would give stakeholders a
better understanding of game design elements and gamified approaches that

meet educational targets.
1.2 Related Works

Relevant literature on gamification in e-learning is examined in
this section. Adaptation efforts that integrate user typologies with
gamification elements are also being investigated in order to keep learners

engaged and committed.

1. In 2017, a study was done by Monterrat et al. [12] to propose a
gamification strategy using two models, namely the player model and the

learner model, as shown in Figure 1.1,

@ Player Model
I I
Y Y

Pedagugical ﬁ Gamg ﬂ
“Erone 10D “ergne 100
A A

y  User Interface (Web Browser) v

~d

Gaming features

-f? e

v x S

Figure 1.1: Adaptive Gamification Generic Model [12]
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The player model is based on learner preferences using BrainHex
typology; a specific questionnaire was used to gather the data for the profile.
The learner model is based on the learner's skills. Adaptation in an e-learning
environment depends on user actions and learning activities. This method
was used with middle school students in an e-learning environment.
According to the findings, increasing the number of gamification elements
increased complexity and had an undesirable effect; consequently, learners
should be offered a restricted number of features. The results demonstrated
that gauging user motivation was based on self-reported activities; additional
research is needed to assess user motivation and commitment based on real-
world actions, such as the time spent executing a task or activity. The results
demonstrated that the association between player typology and learner
behavior can aid in developing learner profiles. Overall, the results show that
the adaptation process did not result in the expected increase in learner

engagement.

2. In2017, Tondello etal. [13] proposed a framework for adapting gameful
apps in any context using a recommendation system that links

gamification features to user preferences. This approach is indicated in

Figure 1.2.
DemcL)J%rearFJ)[hch U Profil Content-based recommender
P yﬁ[ ser Frotie Collaborative filtering
ersonaity Context-aware recommender

Activities Hybrid recommender
Game elements [tems
Strategies .
Recommendation
Users x ltems C Transactions 6‘.

v
Location
Time Contexts Ratings

Users x Items

Figure 1.2: Recommender System for Personalized Gamification. [13]
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The inputs, outputs, and processes that make up the essential parts
of the suggested system are described in the framework. Input components
include user profiles, the objects to be rated, the transactions between the
users and the items to be assessed, and the context, such as location or
environment. The recommender system's estimated ratings are included in

the output.

3. In 2019, a study conducted by Lavoue et al. [14] built on a previous trial
that updated gamification features based on user types by employing a
linear strategy between BarinHex player type and gamification elements.
Gamification specialists completed matrix-A by analyzing gamification
elements concerning the seven user types in the BrainHex model. Voltaire
is the name of an online course that teaches French grammar and spelling.
The strategy was used in an online learning environment. According to
the study's findings, there is no statistically significant difference in the
amount of time students who used adaptive gaming elements spent on the

e-learning platform and those who did not.

4. In 2020, a study was carried out by Oliveira et al. [15], to investigate the
effects of adaptive gamified e-learning systems on students' flow
experiences using the BrainHex player type model. Brazilian primary
school pupils participated in the experiment, which followed the
suggested approach's five steps [8]. The study found no significant
difference in student flow experience between tailored and non-tailored
e-learning system versions, contradicting recent findings in this field. The
study suggests adopting a different user-type model instead of the
BrainHex model since the BrainHex model's unexpected and inconsistent
results may make it ineffective. The inconsistency of the study's findings
indicates that further experimental research is required to enhance the

evidence in this open field of research.




Chapter one

General Introduction

5.

In 2022, a study was conducted by Oliveira et al. [16]. The five steps of
the adaptation process were adapted from [8], as shown in Figure 1.3.
The study looked at the flow experience of users who used two types of
gamified systems: adaptive and non-personalized gamified systems. The
user-type model was BrainHex, and the intended audience was primary
school children. Personalization had no significant associations with
students' feelings of flow or motivation, contradicting recent literature
findings. According to the study's recommendations, further research

should be done to develop gamified e-learning platforms.

(3) @ ()

Tailoring
model

Gamification
design

Service
—_— U
. - .
Client <. ‘§

Gamer Type
identification

© T :

S

User interface

User identification

Figure 1.3: General Adaptive Gamification Approach [8], [16]

Table 1.1 illustrates the existing efforts and significant challenges

based on the previously stated literature:

Table 1.1: The Efforts in Adaptive Gamification

Seq. |Ref.| year Strategy | Player type Findings

e Overall, the results show that the
adaptation process did not result in the
expected increase in learner engagement.

[12]

2017

Adaptive
gamification
approach

BrainHex

The results showed that measuring user
motivation was based on self-reported
behaviours; further study is required to
gauge user commitment based on actual
actions, such as the amount of time spent
carrying out a task or activity.
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The study indicated that students have
their own personalities and preferences
toward gamification features.

2. |[13]

2017

Framework for
adapting
gameful apps

BrainHex

This framework is generic and can be
implemented in any environment or
context.

The study suggests that this framework
be tested in a specific domain or context.

3. |81

2018

A tailored
gamification
approach

BrainHex

The adaptive gamification features led to
increased time spent by learners in the
online learning environment.

The level of motivation was higher in
learners with non-adapted gamification
features.

The findings of the study are conflicting.
The conflicting findings of the study
contradict recent theoretical studies,
indicating the need for additional
research in this field.

[14]

2019

Linear strategy

BrainHex

According to the research findings, there
are no significant differences in time
spent on the e-learning platform between
students who utilized adaptive gaming
features and students who did not use
adaptive gaming features.

5. |[15]

2020

A tailored
gamification
approach

BrainHex

The study found no significant difference
in students’ flow experience when
comparing adaptive and non-adaptive
versions of the e-learning system.

This result is inconsistent with the results
of recent studies in this field.

The study suggests adopting a different
user-type model instead of the BrainHex
model since the BrainHex model's
unexpected and inconsistent results may
make it ineffective.

The inconsistency of the study's findings
that further experimental
research is required to enhance the
evidence in this open field of research.

indicates

6. |[16]

2022

A tailored
gamification
system

BrainHex

Personalization had no significant
associations with students' feelings of
flow or motivation.

It contradicted recent literature findings.
It recommends that further research
should be done to develop gamified e-

learning platforms.




Chapter one General Introduction

1.3 Comparison Among Related Works

The types of players are an important factor to take into account
when developing an adaptive gamification approach since every player
group has a unique personality and drive [9]. Choosing a trustworthy user-
type model helps in choosing the appropriate elements of gamification that

inspire and motivate users [17].

To overcome the shortcomings and difficulties of the earlier works
and adopt reliable user type models that result in the prediction of relevant
gamification features, it is crucial to compare equivalent works in the form
of user type models. Comparisons between the related works are shown in
Table 1.2.

Table 1.2: Comparison Among Related Works

Seq. |References| year Player Type Models
Hexad Model | BrainHex Model | BigFive Model
1 [12] 2017 X Y %
5 [13] 2017 » v X
3, [8] 2018 X v X
4. [14] 2019 X v %
5. [15] 2020 > Y »
6. [16] 2022 » v X
The proposed strategy v X X

1.4 Problem Statement and Challenges

Gamification is increasingly used in e-learning platforms to
increase learner motivation and engagement. Traditional gamification
strategies, on the other hand, frequently use a "one-size-fits-all" approach,
which ignores learners' diverse preferences and personality types [8]. This
lack of personalization may result in ineffective or harmful results [18].

Although adaptive gamification aims to address this by adapting experiences
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to individual user profiles, there is no standardized technique for its
implementation [9]. Furthermore, present research on adaptive gamification
in e-learning is limited and inconsistent [16], particularly when aligning
gamification elements with specific player types. As a result, there is an
urgent need for a comprehensive, adaptive approach to gamification that

considers user preferences based on their profiles.

The development of an adaptive gamification framework for e-
learning platforms is the primary issue that this dissertation intends to solve.
The framework will maximize motivation and engagement by adapting

gamification features to user preferences.

1.5 Research Objectives

In this dissertation, the following primary objectives will be

covered:

1. An adaptive Gamification Framework: To propose an adaptable
gamification framework that describes the main elements for
building an adaptive gamification strategy, such as gamification

strategies, user profiles, user typologies, and context.

2. An adaptive Gamification Strategy: To propose an adaptive
gamification strategy that predicts gamification elements based on
the preferences of the target learner group to improve learners'

motivation and commitment on e-learning platforms.

1.6 Contribution and Efforts to Solve the Research Problem

The key contributions and efforts of this dissertation are

summarized as follows:
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1.

It proposes an adaptive gamification framework outlining the
essential components to consider when designing the adaptive

strategy.

It proposes an adaptive strategy that predicts gamification
components based on the preferences of the target learner group to
improve learners' motivation and commitment to e-learning

platforms.
The other contributions of this dissertation are summarized below:

It determines the appropriate user typology (Hexad) model for the

proposed adaptive strategy.

It determines the predominant user type for the participant's group

based on the Hexad model questionnaire.

It determines the prime user type for each participant in the group

based on the Hexad model questionnaire.

1.7 Dissertation Organization

This dissertation is divided into five chapters, the first of which is

chapter one, and structured as follows:

1. Chapter 1 contains a general introduction. This chapter offers and

compares relevant works that tend to tailor gamification to identify issues

and gaps and highlight solutions to these challenges. After identifying the

problem statement, this chapter discusses the study's aims and

contributions.

2. Chapter 2 provides a theoretical background for the adaptive

gamification approach. This chapter discusses fundamental gamification

concepts, gamification components, motivation theories, user profiles,

player types, and other factors to consider while developing gamified

platforms.
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3.

Chapter 3 presents the proposed gamification framework and adaptive
gamification strategy. The proposed strategy determines user group type
and preferences.

Chapter 4 presents experimental and implementational results.
Implemented strategies and other contributions are discussed, as are their
results in reaching dissertation objectives.

Chapter 5 provides the conclusion and most significant results, as well as

recommendations.

10
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Chapter 2 : Theoretical Background

2.1. Introduction

Gamification refers to the act of involving game elements within
a non-game context, such as e-learning, for the sake of motivating
individuals to perform target tasks [1]. Gamification tends to transform tasks
or activities into game-like experiences[19]. The main benefits of
gamification are to increase individuals' motivation [20] and keep their
engagement to achieve the goals of the target activity [1]. To gain this
benefit, educational institutions and academics put effort into adopting
gamification in e-learning to improve the learning process through

motivating students [5].

Education is one of the most commonly used domains for
gamification [21]. EJApp [3] is a learning management system that employs
gamification in e-learning. Gamification is widely used in e-learning to
improve learners' performance [9], increase engagement, and keep their
motivation [14]. However, learners have their reactions to gamification
components [22]. In other words, gamification elements that may motivate
one user tend to fail to inspire another due to the diversity of player types

and their personalities[23].

Traditional gamified experiences use the same game design
elements for all user groups, leading to a "one-size-fits-all" approach that
fails to motivate all people [23]. As a result, this traditional gamification

method fails to satisfy user preferences and inspire all kinds of people.

Creating a gamified e-learning environment personalized to a
group of learners as an alternative to traditional methodologies that use a
one-size-fits-all approach is one of the most challenging difficulties with

gamification [8].

11
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The success of gamification lies in the suggestion of game design
elements that carefully meet user preferences [17]. With the goal of
improving user experience in gamified platforms, the current trend in
gamification is adaptive, implying that game features are adaptive to user

preferences [9].

The main challenge facing gamification approaches is adapting or
tailoring gamified e-learning systems [15], i.e., suggesting game design
elements according to learners' preferences and individuals' different
personalities and motivations [9]. However, the relationship between
gamification elements and learner profiles was not considered [14]. One
main challenge of gamification is providing a gamified e-learning
environment tailored according to learners' types as an alternative to
traditional methods that adopt a one-size-fits-all approach [8]. Recently,
efforts have tended to propose techniques to correlate gamification elements

to different user profiles [9].

2.2. The Concept of Gamification

Gamification, as a term, was first used in 2008 and was
widespread at the end of 2010 in several academic conferences [1]. In 2011,
the first definition was proposed by Deterding et al. [1] as using game design
elements in a non-game context to increase user motivation and participation
in a specific activity or task. In 2012, Huotari and Hamari [24] defined
gamification as improving service with gamified experiences to support the
user and achieve the target. Accordingly, gamification involves game
elements within a non-game context, such as e-learning, to motivate

individuals to perform target tasks [1].

2.3. Gamification Approaches:
Gamification may be done in two ways: "traditional” and
"adaptive."[25] Traditional gamified system design adopts a one-size-fits-all

strategy, applying the same gamification components to every participant in

12
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the gamified experience. This strategy often fails because it ignores variety
and unique reasons[26]. The adaptive approach is an alternative to the
standard method. It takes into account that each person has a unique
personality and set of playing motives, and it applies gamification

components based on user preferences [27].

2.4. Self-Determination Theory (SDT)

The gamification approach is mainly based on the concept of
motivation theory, more specifically on Self-Determination Theory (SDT),
which was developed by Ryan [6]. The SDT theory is the most common
theory used to clarify motivation. The idea behind SDT is that individuals
are intrinsically motivated to be involved in activities that meet humans'
three basic psychological needs. These needs are, namely, competence,
autonomy, and relatedness. Individuals do their best to achieve these three
needs to reach well-being. In other words, individuals need autonomy in their
decisions, competence in their activities, and relatedness in their social

environments.

Learners’ motivation is classified according to SDT into three
types, namely intrinsic, extrinsic, and amotivation. Motivation is intrinsic
when the tasks or activities meet the learner's goals and needs. Motivation
can be extrinsic when it includes external factors such as rewards that
enhance a learner's motivation. Amotivation refers to a lack of motivation
[6].

Motivational strategies are one of the main factors that must be
considered while designing gamification interventions [28]. Most studies
focused on the level of game mechanics, often called motivational or
persuasive strategies [29].

13
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2.5. Gamification Applications in E-learning

Digital technologies and game design are combined in an approach
called gamification [5]. In e-learning contexts, it often improves students'
performance, engagement, and motivation [9]. Gamified application
software is used to increase motivation in a range of tasks and to encourage
individuals in different ways [30]. Gamification strategies have been more
successfully used to maintain student interest and learning engagement due
to the advances in technology, platforms, smart devices, and advanced

learning concepts [31].

Gamification elements such as levels, prizes, challenges,
feedback, badges, and points have been shown to be employed in e-learning
[32] . These results demonstrate that gamification is gaining popularity as a
useful learning strategy for creating more interesting learning environments.
Furthermore, elements in gamified e-learning environments promote and
facilitate student involvement [33] . In recent years, gamification strategies

in e-learning have gained popularity due to positive results [34].

2.6. Gamification Adaptation

Gamification is an effective strategy for increasing learners'
motivation and participation in educational online courses [35] . However,
different learners react differently to gamification features. Because of this
diversity, it is essential that gamification features be adaptable for users.
Adapting gamification components to user preferences is known as adaptive
gamification. Adaptive gamification's main principle is the recommendation

of game design components that match user preferences [36].

Adaptation is an alternative to a 'one-size-fits-all' strategy [37].
Adaptation refers to the practice of adapting gamification components to user
preferences [38]. The primary goal of adaptation is to enhance the experience
of users when they engage with the e-learning platform [39]. Several factors

need to be taken into account when gamification is adapted [40]. Gathering

14
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user data to be used as a foundation for adaptation is the first step. The
preferences of the user may be reflected in this data. The use of the user
model in the development of the adaptive strategy is the next step in the
adaptation process. The approach ought to predict gamification features

based on user preferences [41].

It may be concluded that using an adaptive gamification strategy
in e-learning has the ability to overcome the gamification challenges that
might arise when employing more traditional gamification strategies.
Improve the learners' motivation; this was accomplished by attempting to
adapt gamification features to their preferences. ldentifying the different
types of learners and recommending relevant gamification features for every

kind of learner to achieve adaptation is essential.

2.7. Adaptive Gamification Approaches

Two methods of adaptive gamification exist: “static" and
"dynamic."[26] Static adaptation works by first generating a learner profile
prior to the learner engaging in a gamified experience, and then
recommending that game features align with that profile[42]. One drawback
of a static method is that it ignores behavioral changes that users experience
over time while using a gamified application[43]. To get around this
problem, utilize a dynamic adaption strategy that records user behavior in
real time and leverages game features according to user preferences[44].
However, the dynamic method modifies gamification in real time according
to the user profile; that is, it makes adjustments depending on the user's

actions throughout the gamification process.[45]

2.8. Considerations for Adaptive Gamification
According to existing literature and adaptive gamification

strategies, there are exciting considerations when designing personalized
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gamification [28] In the following, more details on these considerations are

provided:

2.6.1. Player Type Models
One of the critical considerations to consider while developing
adaptive gamified systems is the model of player types [9]. Discovering
player typologies and game components that link to certain player types is
vital to identifying user preferences in adaptive gamified systems. The
phrase "player type" was first used by Bartle [46] in 1996 when he classified

gamers into four categories: "achievers,” "socializers,” "killers,” and
"explorers." This classification was created based on each player type's
preferred game activities. The Hexad model, developed by Marczewski [10],
the BrainHex model, developed by Nacke [47], and the BigFive model,

developed by Goldberg [48], are the most popular models of user typologies.

2.6.1.1. Hexad Model

Because of their popularity and ease of implementation, subsets of
game design components such as leaderboards, points, and badges are
commonly chosen by designers using the traditional gamification method

[49]. This approach disregards people's varied personalities and preferences.

Marczewski [10] suggested the Hexad user-type model to address
this issue, which was the first original model designed for the gamification
sector and is based on SDT theory [6]. As illustrated in Table 2.1, this model
offers the appropriate motivational drives for each user type.

Table 2.1: Marczewski’s Hexad User-Type

Motivation
Seq. User type . Motivation Features
g yp Drive
1 Players Reword Rewards are used as extrinsic motivators to

motivate "players." The "players" user type
enjoys the leaderboards feature.

2 Achievers Mastery “Achievers” tend to overcome challenges and are
intrinsically motivated by their skills. They prefer
specific gamification features, namely challenges
and levels.
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3 Free Spirits Autonomy “Free Sprits” are intrinsically motivated by
autonomy. "Free spirit" users prefer game
elements, namely customization and unlockable
gamification elements.

4 Socializers relationships | “Socializers ‘“are intrinsically motivated by
relationships such as social connections. The
"socializer" user type prefers competitive game

elements.

5 Philanthropists Purpose "Philanthropists “are intrinsically motivated by
purpose and do not seek financial reward.

6 disruptors Change Change is what motivates "disruptors”.

"Philanthropists™ are intrinsically motivated by purpose and do not
seek financial reward. "Socializers" are intrinsically motivated by
relationships such as social connections. "Free Spirits" are intrinsically
motivated by autonomy. "Achievers" tend to overcome challenges and are
intrinsically motivated by their skills. Extrinsic motivators such as rewards

are used to encourage "players.” Change is what motivates "disruptors™ [6].

The Hexad model was proposed by Marczewski [10] as the first
exclusive user-type model designed for the gamification domain and is based
on motivation theory, namely SDT [6] A questionnaire was suggested by
Tondello et al. [11] to measure user preferences based on the six Hexad user-
type models proposed by Marczewski [10]. This Hexad user-type scale was
validated empirically by Tondello et al. [50] to evaluate the reliability of this

questionnaire.

A study was conducted by [28] to compare the Hexad model with
other models, such as the BrainHex model and the BigFive model, in
addition to investigating the relationships between user models and game
elements. The results recommend that the Hexad model be adopted when
designing tailored gamification. This result supports the evidence of
previous studies [11] that the Hexad model is the most relevant to adoption
in gamification when compared to the BrainHex model, which is relevant to

games, and the BigFive model, which is relevant to personality traits.
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A study was conducted by [9] to investigate the Hexad user types
and relevant game elements. The results revealed that "achievers" user types
prefer specific game elements, namely challenges, and levels, whereas the
"free spirit" user type prefers game elements, namely customization and
unlockable gamification elements. On the other hand, the "players™ user type
likes the leaderboards element. While the "socializers" user type prefers

competitive game elements [9].

2.6.1.2. BrainHex Model

The BrainHex model [47]was initially developed for gaming
specifically as a gamer typology and was inspired by neurobiological studies
[51]. However, it applies to both games and gamification. The BrainHex
model proposes seven types of players, namely: Seeker, who enjoys
discovery; Survivor, who wants to escape; Daredevil, who enjoys playing
on edge; Mastermind, who enjoys solving puzzles; Conqueror, who enjoys
defeating opposer; Socializer, who enjoys interacting, and Achiever who

wants task completion [47].

2.6.1.3. BigFive Model

The BigFive model [48] was applied in a few tailored
gamifications to identify user preferences for game elements according to
personality traits. This model focuses on personality traits, more specifically

on five factors, namely "openness to experience," "conscientiousness,"

"extraversion,” "agreeableness," and "emotional stability" [48].

2.6.2. Motivation Strategies
Motivational strategies are one of the main factors that must be
considered while designing gamification interventions [28]. Most studies
focused on the level of game mechanics, often called motivational or
persuasive strategies [29]. Several frameworks classify and organize

gamification elements to clarify the motivational process. Gamification
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elements are a central existing and future research theme[17]. One of the
challenges of gamification is that there is no uniform taxonomy for

gamification elements and their categories.

For example, Hunicke, LeBlance, and Zubek in 2004 [52]
developed the MDA model illustrated in Figure 2.1, which stands for
"Mechanics, Dynamics, and Aesthetics." Mechanics represent the game

design elements that are embedded in the user interface.

Designer

Figure 2.1: MDA Framework, adapted from [52]

Dynamics represent the highest level of abstraction. In other
words, it means the interactive relationship between the player and interface
elements. Aesthetics represent the emotional reaction of the player toward
the dynamics. This model aims to understand game elements, player

behavior, and their emotional responses.

On the other hand, in 2012, Werabach and Hunter [53] proposed
the DMC (Dynamics, Mechanics, and Components) framework, as
illustrated in Figure 2.2. The game element hierarchy progresses from the

most generic to the most tangible game components.

Dynamics are the most fundamental and abstract aspect that
cannot be directly entered into a gamification system, such as emotions.
Mechanics are the process and way of achieving dynamics in the gamified
system to motivate player engagement, such as challenges and competition.
Components are the tangible forms of mechanics and dynamics, such as
points, badges, and leaderboards, which are seen as building blocks for game

mechanics and dynamics. In other words, components represent the specific
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features of mechanics and dynamics.
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Figure 2.2: DMC Framework [53]

2.6.3. User Profile:

Another factor to consider is the user profile in adaptive
gamification systems. An adaptive gamification approach suggests
gamification components depending on the user's preferences. Current
studies tend to predict gamification characteristics based on user profiles in
gamified e-learning systems [9]. The acquisition of user information can be
accomplished through two distinct methods: explicit means, which include
the user providing information directly, and implicit means, which involve
the observation and recording of user behavior and activities. Regardless of

the approach, this data creates a user profile.

2.6.4. The Context
Another factor to consider is the context of gamification systems.
A study conducted by [28] to investigate the factors to be considered for
adaptive gamification indicated that the context of a gamified system should
be considered. Another study [13] verified that the context should be
regarded as in a gamified system. Furthermore, a study by [54] demonstrated
that the context influences the motivational impact of gamification features.
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2.9. Gamification Elements and their Relevant Hexad User Types

In 2020, Hamari et al. [9] reviewed the literatures on tailored
gamification and investigated Hexad typology. According to the study,
"players" prefer leaderboards, "socializers” prefer competition, "achievers"
prefer challenges and levels, "free spirits" enjoy personalization, while

"disrupters™ and "philanthropists" are less thoroughly studied.

Based on existing literature on personalizing gamification, this
dissertation identifies the most dominant gamification elements and
associated user types according to the Hexad user type model; Table 2.2
shows player types and related preferences for gamification elements of each

kind of Hexad model.

Table 2.2: Gamification Elements and their Relevant Hexad User Types

Motivation Hexad Mechanics ]
Seq. ) Relevant main elements
mode Player Type (motive)
Leaderboard [9] [55]
Points (scores) [9] [56]
Badges [9] [55
Rewards ges [8] [53]

1. Extrinsically Players [10] Challenges [55] [57]

Competition [55] [58]
Prize [55] [58]
level [55] [11]
Challenges [9] [11]
Levels [55] [57]
Badges [9] [59]

Progress bar [56] [57]
2. Intrinsically Achievers Mastery Competition [55] [57]
Competence [10] )
Timer [59]
Customization [55]
leaderboard [55]
points (scores) [55]
Competition [9] [55]
Ranking [59]
Relatedness [10] | Badge [59]
relationships Customization [55] [58]

leaderboard [55]
level [55]

3. Intrinsically Socializers
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Prize [55] [58]
Feedback [58]
Customization [9] [58]
Avatar [59]

Autonomy
o . Challenges [55] [11]
4. Intrinsically Free spirits [10]
. Badge [59]
Self-expression
level [55]

feedback [60]
Challenges [55]

Purpose
. . . Badge [11] [59]
5. Intrinsically Philanthropists [10] T
] Customization [55] [59]
Meaning
level [55]
Customization [9] [58]
Changes Competition [55] [58]
6. Intrinsically Disruptors [10] Badge [59]
Challenges [11]
Level [11]

2.10. The Connection Between Hexad Model and SDT Theory
Enhancing learners' internal and extrinsic motivation to engage in
certain activities is the goal of gamification [61]. In the process of creating
gamification strategies, it is essential to understand the internal and external
motivations that sustain learners' interest. The Hexad model is based on SDT
theory, as was previously mentioned. According to the SDT theory,
relatedness, competence, and autonomy are the three fundamental

psychological needs that motivate intrinsic drives [6].

Figure 2.3 illustrates the relationships between the SDT theory
[6] and the Hexad model [10] in order to completely comprehend the
linkages between the two motivation drives of Hexad user types and the
intrinsic motivation drives of the SDT theory, which motivates individuals

intrinsically.
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Figure 2.3: The Relationship Between SDT Theory and Hexad Model

2.11. Gamification Analytics
Gamification analytics is one of the most important instruments
for analyzing user behavior in order to understand user preferences and

measure the performance of gamification strategies [1].

By analyzing the effects of gamification elements like points,
leaderboards, and challenges on user motivation and engagement, these tools
seek to evaluate the efficacy of gamification strategies and subsequently

enhance them [2].

In order to monitor important user behavior data, current
gamification solutions often include gamification analytics. By examining
user performance and behaviors, this data is utilized to gauge how well
gamification strategies are succeeding. EdApp is a learning platform with an

analytics tool built in that gives detailed data on student achievement by
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tracking user activities. The analytics gamification tool includes data such as
time spent on different platform activities, test scores, and task completion
rates [3].

2.12. Gamification Challenges:

1. One of the main challenges identified in light of the findings related to
gamification trends in e-learning is that the classic approach uses uniform
application of gamification elements to all learners, i.e., "one size fits all,"
which tends to fail because each group of users reacts differently to
different game elements due to the diversity of their personalities and
preferences [9]. In other words, because player types and personalities
differ significantly, gamification components that inspire one set of users
may not motivate another [8]. By proposing a strategy for adaptive
gamification in e-learning environments based on user preferences, this

dissertation will assist in solving gamification challenges.

2. Another significant issue is the lack of a standardized taxonomy for
gamification features and categories. For instance, Hunicke, LeBlance,
and Zubek established the MDA model in 2004 [52] to identify and
classify gamification elements into mechanics, dynamics, and aesthetics.
In contrast, Werabach and Hunter in 2012 [53] divided gamification
aspects into three groups: dynamics, mechanics, and components. By
identifying the most prevalent gamification components relevant to their
user type, which are most frequently used in the literature and included
in gamified e-learning systems, this dissertation will help resolve

gamification challenges.

3. The lack of a consistent player-type model is one of the critical problems
with gamification. The existing literature results confirmed the
importance of considering the player profile when designing gamification
systems [9]. Finding player typologies and the game components

corresponding to various player types is essential for categorizing user
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preferences in adaptive gamified systems. Most literature still trends on
how to tailor gamification and how user modeling, more specifically,
which model of user type is adopted [15]. As a contribution to
overcoming gamification issues, this dissertation will find the most

relevant user-type model based on a set of criteria.

2.13. Overcoming Gamification Challenges

An alternate approach that addresses the challenges of
gamification and narrows this gap is to use game elements according to the
learner's preferences [14]. Most current research argues that game
components should be adapted to learners' preferences to ensure the
effectiveness of gamification and improve student experience[9]. This
dissertation consequently focuses on the contributions and efforts made to
adapt game components to user preference and, in response, provides a
strategy for adaptive gamification to learners' preferences to increase user

motivation in e-learning platforms.
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Chapter 3 : The Proposed Strategy

3.1 Introduction
This dissertation proposes a framework that adapts gamification
elements according to learners' preferences, taking into account the

previously mentioned considerations.

Figure 3.1 depicts the main components of the proposed
framework for adapting gamification while developing a gamified e-learning

platform.

-------------------------------------------------------------------------------------------------------------------------
o o,

The Proposed Adaptive Framework

[ Data Collection ]-}[ Learner Type ]

(Hexad Questionnaire) (Hexad Model)

l

Motivation Features Learner Profile

(Gamification Elements) (Static)

!

[ User Preferences J-[ Adaptive Strategy J

(Predicted Elements) (Predicting Strategy)

o
g
-------------------------------------------------------------------------------------------------------------------------

Figure 3.1: The Proposed Framework to Adapt Gamification

This dissertation proposes an adaptive strategy for adapting
gamification features to meet player preferences to address the problems and
difficulties with the traditional gamification approach previously discussed
in Chapter 2. Based on the proposed framework, this strategy is proposed.
The basic idea behind the proposed strategy is to predict gamification
components for particular user types based on user profiles to meet user

preferences and, as a result, increase user motivation.
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More details about the proposed strategy will be covered in the

sections of this chapter that follow.

3.2 The Proposed Strategy

The core idea behind the proposed strategy is to predict
gamification components for specific user groups based on user profiles to
satisfy user preferences and, as a result, keep users' engagement and

motivation when using gamified e-learning platforms.

The main components of the proposed strategy are inputs, outputs,
and processes. Each participant has affinity vectors toward the user type in
matrix B, and each user type has affinity vectors toward gamification
elements in matrix A. The matrix factorization methodology is used to
multiply the two matrices to generate matrix R, which contains the affinity
vectors for each participant toward the gamification feature. The output
matrix will indicate each participant's preferred gamification element based
on the high score of the given component, among other features. Figure 3.2

depicts the essential aspects of the proposed strategy.

The proposed Strategy

( N\

( . ) Process
Matrix-B :> R=B*A
(Participants*User-type) Matrix Factorization method
\- J Model-Based Recommendation
Collaborative Filtering
4 ) Recommendation Method
(User-type*Gamification Features)

L _J . y,

Matrix-R
User Preferences (Recommended Features)
(Participants* Gamification Features)

(
Matrix-A :>

e = = = - - - - - - - - - - - ——

__________________________________________________________

Figure 3.2: The Block Diagram of the Proposed Strategy
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The proposed strategy uses a matrix factorization method based on
the formula R=B*A, which means that any gamification element adaptive
for the player is represented in matrix R and is formed by multiplying
matrices B and A. Whereas matrix A represents the adaptive matrix, i.e., the
weight of the degree of belonging between features and specific player
categories, matrix B represents the user profile, with each user assigning a

value based on their characteristics.

3.3 The Proposed Strategy Development Steps

There are various processes involved in creating the proposed
strategy. The initial stage is to generate matrix B with the help of a
specialized questionnaire. The second stage is to construct matrix A with the
help of specialists. The third step is multiplying the two matrices (matrix B
and matrix A) using the matrix factorization method based on the formula
R=B*A. The resulting matrix (matrix R) represents the user preferences of
participants regarding gamification elements. These steps are covered in the

subsections that follow.

3.3.1 Matrix B Initialization

The participants' profile matrix for the gamified platform is shown
in Matrix B. In order to create matrix B, the participant group's user-type
model was defined using the Hexad questionnaire. For this proposed
strategy, the Hexad model was chosen as the user-type model for a number
of reasons, including its empirical validation and relationship to motivation

theory.

3.3.1.1 Identify the Predominant User Type
Because each group has its own personality and motivation, the

types of players are crucial when building adaptive gamification platforms.

Before using the gamified e-learning platform, participants must

complete a Hexad questionnaire to determine the predominant user type.
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Users (participants) are asked to rate how well each item represents them on
a 7-point Likert scale in response to the Hexad user-type scale questionnaire.
Appendix A contains the sample questionnaire. The questionnaire is divided
into six subscales based on Hexad's six user types; each includes four

questions.

Each user receives a vector of six values representing the six
player types in the hexad model. These scores indicate how well the user
matches each of the six-player types, ranging from 0 to 1. For example, if a
user scores 60% player, 30% achiever, 40% socializer, 30% free spirit, 20%
philanthropist, and 0% disrupter, encode the vector as follows: [0.6, 0.3, 0.4,
0.3, 0.2, 0.0]. Matrix-B structure is shown in Table 3.1.

Table 3.1: Matrix-B (Profile Matrix)
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3.3.1.2 Sample of Participants

Participants are fifth-stage secondary school students from
Babylon's general directorate for education's Al-Waely secondary school for
distinguished males. Students who wanted to participate in the experiment
were sent a link to the questionnaire via social media and asked to complete

the hexad-scale questionnaire.

100 of the 140 students who were in the fifth stage are included in
this sample. Each of the six main player types had four pertinent questions
in the Arabic translation of the Hexad questionnaire, which had 24 total

items. The responses to the questionnaire were used to create matrix B,
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which shows the participant's affinity vectors for each of the six user types
in the Hexad model. The results of each participant's evaluations reveal the

most relevant user type.

3.3.2 Initialize Matrix-A

To construct matrix-A, gamification experts and academics were
requested to evaluate each component with the appropriate player type for
each of the six hexad model types. The values show how each player type
relates to the game feature. The affinity vector in the adaptive matrix (matrix-
A) for each gamification feature is a set of scores that indicate how well
matched each of the six learner types in the Hexad model is to that feature.
The construction of the adaptive matrix is shown in Table 3.2. The values in

matrix A show the degree to which game features are appropriate for specific

player types.

Table 3.2: Matrix-A (Experts' Matrix

© < S o
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g S| g8 |0
- @)
Player
Achiever
Socializer
Free Spirit
Philanthropist
Disruptor

The components in matrix A are distributed from 0 to 1, and
matrix R's elements have a similar magnitude to matrix B's. In this instance,
0 means no match, 0.25 means moderate matching, 0.5 indicates medium
matching, and 0.75 indicates good matching. Finally, 1 shows robust
matching. The median will be used for each of the six-player types to ensure

the accuracy of the experts' assessments.
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3.3.3 Generate Matrix R

Matrix-R is created by multiplying Matrix-B by Matrix-A using a
Python script. The resulting matrix (matrix R) determines learners'
preferences for each gamification feature based on the equation R=B*A. In
other words, the preference matrix (matrix R) is created by combining the
profile matrix (matrix B) and the expert matrix (matrix A). Table 3.3

displays the matrix of results (matrix R).

Table 3.3: Matrix R (Result Matrix)

- C
° 5 S ®
< @ %) B © =2
8 o | 2| & | N S
Users S = 3 L = =
ol m o £ 8 <
(58] o 172} O
@ O =
@)
User 1
User 2
User n

3.3.3.1 Matrix-R Calculation (25 Participants)

The Python script (Appendix-B) was used to obtain matrix-R
(rMatrix.csv) by multiplying matrices matrix-B (8BMatrix.csv) and matrix-
A. (aMatrix.csv). The Python script uses the Pandas and Numpy libraries
to execute operations on data stored in CSV files. The block diagram shown
in Figure 3.3 provides a more detailed illustration of how to generate Matrix-

R (RMatrix.csv) using Python code.

The Python approach begins by installing the required libraries,
namely pandas and numpy, and setting up particular display configurations.
Then, information from the BMatrix.csv and amatrix.csv files is loaded into
the main memory. While the amatrix describes how each user type relates to
various gamification features, the smatrix Offers user-specific scores that

show each user's affinities toward different user types.
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4 )

Initialization
Import pandas and numpy libraries

Data Loading
BMatrix.csv and Amatrix.csv

[ Data Preprocessing ]

Extract UserID header

1 ]

Matrix Multiplication
Multiply BMatrix by Amatrix toget RMatrix

!

[ Post-processing J

Insert UserID header

!

Output
Save and Display RMatrix.csv

- J

Figure 3.3: A Block Diagram of Matrix-R (RMatrix.csv) Generation Using Python Code

After that, the approach passes through a preparation stage where
unnecessary columns like "user1p" and "userTtype" are momentarily omitted
to aid matrix multiplication. The numpy library transforms the matrices into a
format that can be multiplied after production. To create the resultant matrix,
RMatrix, the processed ematrix (Which reflects users and their scores across
user types) is multiplied by the amatrix (indicating user type affinities
toward gamification features). This matrix effectively sheds light on which
gamification elements suit each user. Post-processing stages return the
"userzp" column for context after the multiplication. Finally, the output
matrix is shown for instant viewing and saved to a new file called

RMatrix.csv.
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3.3.3.2 Algorithm of Matrix-R (rMatrix.csv) Generation Using Python
Code.

1. Initialization:
e Import required libraries: pandas and numpy.
e Configure pandas display settings to:
e Display all columns and rows.
e Disable wrapping for enhanced readability.
2. Data Loading:
e Load data from BMatrix.csv into the dataframe BMatrix.
e Load data from Amatrix.csv into the dataframe Amatrix.
3. Data Preprocessing:
e Extract the column headers for both matrices and store them in
BHeaders and AHeaders.
e Storethe userzp column from BmatriX in a separate variable for
later use.
e Remove the userzp column from BMatrix.
e Ensure that only the columns present in azeaders are used from
Amatrix (1.e., remove the 'userype' column).
e Convert both BMatrix and Amatrix dataframes t0 numpy
arrays.
4. Matrix Multiplication:
e Multiply the numpy arrays of BMatrix and Amatrix using the dot
product to obtain the resultant matrix, RMatrix.
5. Post-processing:
e Convert the numpy array RMatrix t0 pandas dataframe With
columns from AHeaders.
e Insert the previously stored uvserzp column back at the beginning
of the RMatrix dataframe.
6. Output:
e Savethe RMatrix dataframe toa CSV file named RMatrix.csv.

° Display the RMatrix dataframe for visualization.
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3.4 The Proposed Strategy Test.

The proposed strategy and the effect of the tailored gamification
process on learner motivation and enjoyment should be tested through an
experiment including participants. A gamified e-learning platform was
implemented to adapt gamification features according to user preferences
and assess the proposed strategy. The gamification features utilized were
derived from the outputs of the proposed strategy and were selected based
on their relevance to the predominant user type within the participant group.
Using the EdApp platform as a gamified learning management system,
gamification features obtained from the proposed strategy's outputs are
adaptive to suit the preferences of the participants' most common user types.

The following subsection will cover more details on the EdApp platform.

3.4.1. EdApp Platform
This dissertation contributes to adopting a platform for evaluating
the proposed strategy. EdApp is used in this dissertation as a gamified e-
learning management system. The experiment involves students assessing
the proposed strategy by analyzing the influence of the personalized

gamification process on learner motivation and enjoyment.

The gamification features that have been selected align with the
strategy's outputs, which meet learners' primary needs and users' preferences
as determined by SDT theory. These features are derived from effective
designs identified through a comprehensive literature assessment in e-

learning environments.

The gamified e-learning platform (EdApp) has been used to build
three courses, namely a traditional e-learning course, a traditional
gamification course, and an adaptive gamification course, to examine how

each influences the learners' motivation and commitment.
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3.4.2. Target Sample:
The target sample comprises fifth graders at Al-Waely Secondary
School for Distinctive Boys, one of the public schools managed by Babylon's
General Directorate of Education. The participants are emailed the password

and link to the EdApp application.

After experimenting with a real-world setting for several weeks to
determine user motivation, the data is analyzed using a gamification
analysis tool to analyze how much time students spent in each course and,

as a result, to gauge their commitment and engagement.

3.4.3. Data Analysis
The "Gamification Analytics™ tool is an alternative to the
conventional method, which employs a statistical approach to assess
participants' motivation. The EdApp program has a built-in gamification
analytics tool that monitors player actions and behavior during the
experiment. The "Gamification Analytics” tool calculates how much time

each user spends on each activity or task and how many times they repeat it.

35



Chapter four Experimental Results

Chapter 4 : Experimental Results

4.1. Introduction:

This chapter covers how the proposed strategy is executed and
how its outcomes are assessed in a real-world experimental context. The
contributions that resulted in the dissertation's aims being met will be

explored.

4.2. Implementing the Proposed Strategy

The proposed strategy must be used in a pilot study with a small
sample and in the actual study with a large sample to increase research
quality and minimize methodology faults. The outcomes of the two samples
were then compared to establish the reliability of our research. Various
analysis methods were used to increase the quality of our research. The

following sections of this chapter discuss the pilot and actual studies.

4.2.1 Pilot Study (25 Participants)

A pilot study was conducted with a limited sample of participants
(25 students) to determine our study's feasibility and reliability and avoid

methodological flaws.

4.2.1.1 Questionnaire Reliability (25 Participants)

When a scale is reliable, it produces the same findings when used
on the same sample again. Validity is the quality of the scale measuring what

it is intended to measure.

The Arabic version of the Hexad electronic User Type Scale
questionnaire (Appendix-A) was distributed to 25 participants to evaluate

the experiment instrument's reliability. The data collected from the electronic
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survey was transformed into a format compatible with the Statistical Package

for the Social Sciences (SPSS) software.

A pilot sample of 25 students was chosen using Cronbach's alpha
reliability analysis. It was advised that this value should be at least 0.7 to
validate the study's reliability and apply it to the entire population. With a
Cronbach's alpha of 0.828, the questionnaire's reliability was acceptable. The
SPSS analysis's findings are displayed in Table 4.1. There were just male

participants. All of the participants ranged in age from 16 to 20.

Table 4.1: Reliability Statistics by SPSS
Cronbach's Alpha No. of Items

0.828 24

4.2.1.2 Matrix-B Initializing (25 Participants-First Method):

Matrix-B was initialized by dividing each user type's "mean” value
by 7 for each participant because a seven-scale is used. This process assigns
each user a normalized affinity value between 0 and 1. The matrix-B in
Table 4.2 shows each participant's affinity vector toward the corresponding
user types.

Table 4.2 : Matrix-B Initializing (First Method)

B Y
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o
User 1 0.89 1.00 1.00 0.89 0.68 0.32
User 2 1.00 0.79 1.00 0.93 0.79 0.36
User 3 0.86 0.96 0.93 0.86 0.68 0.36
User 4 0.82 0.93 0.89 0.89 0.79 0.29
User 5 0.86 0.93 0.93 0.86 0.79 0.32
User 6 0.93 0.96 0.79 0.93 0.89 0.29
User 7 0.93 0.96 0.93 0.79 0.82 0.32
User 8 1.00 0.89 0.57 0.68 0.79 0.36
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User 9 0.82 1.00 0.68 0.71 0.86 0.36
User 10 1.00 0.82 0.75 0.75 0.75 0.39
User 11 1.00 0.79 0.68 0.82 0.82 0.36
User 12 0.96 0.96 0.82 0.82 0.86 0.36
User 13 1.00 0.96 0.93 0.79 0.75 0.29
User 14 0.82 0.93 0.75 0.79 0.79 0.36
User 15 0.93 0.89 0.82 0.82 0.82 0.36
User 16 0.96 0.86 0.82 0.93 0.86 0.32
User 17 1.00 0.96 0.86 0.86 0.89 0.32
User 18 0.89 0.93 0.86 0.82 0.86 0.36
User 19 1.00 0.93 0.82 0.75 0.79 0.36
User 20 0.96 0.93 1.00 0.89 0.71 0.32
User 21 0.86 1.00 0.68 0.79 0.93 0.36
User 22 0.96 1.00 0.93 0.79 0.82 0.36
User 23 1.00 0.82 0.93 0.89 0.79 0.29
User 24 1.00 0.89 0.96 0.86 0.96 0.36
User 25 1.00 0.96 0.93 0.79 0.89 0.32
Mean Scores | 0.94 0.92 0.85 0.83 0.82 0.34
Percent% 20% 20% 18% 18% 17% 7%

4.2.1.3 Predominant User Type ldentification (25 Participants-First Method)

Each type's "mean scores" reflect the most predominant user type.
To determine the most predominant user type among participants, the "mean
scores™ should be collected for each user type among all participants. The
"mean scores" are obtained by adding the affinity scores for each user type

and dividing by the total number of participants.

Each user type's percentage distribution tells which type is the
most predominant. Two processes must be undertaken to calculate the
percentage distribution of each user type according to the Hexad model

among the participants.
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The initial step involves computing the mean scores for each user
type across the entire sample. Subsequently, the mean scores are determined
by aggregating the affinity scores for each user type and dividing them by

the total number of participants.

In order to determine the predominant user type, Table 4.3 shows
the mean scores for each user type. The last step involves dividing each final
"mean score" from the previous stage by the total of the mean scores for each

of the six user groups, and then multiplying the result by 100.

Table 4.3: Predominant User Types (First Method) S=25

User type N Mean Value percent
Achiever 25 0.94 20%
Player 25 0.92 20%
Socializer 25 0.85 18%
Philanthropist 25 0.83 18%
Free Spirit 25 0.82 17%
Disruptor 25 0.34 7%

Figure 4.1 illustrates the percent distribution for each user type in
the Hexad model to more clearly highlight which user type is the most

predominant.

USER TYPES

Philanthropist
18%

Disruptor

L R Socializer
18%

Achiever
20%

M Philanthropist MW Socializer mFree Spirit M Achiever M Disruptor ™ Player

Figure 4.1: The Participants' Hexad User Type Distribution (25 Participants)
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The highest percentage was for "player,” with 20% of the total
sample, and "achiever,” with 20% of the whole sample, followed by
"socializer," with 18% of the entire sample, "philanthropist,” with 18% of
the total sample, and "free spirit," with 17% of the whole sample. "Disrupter"

had a lower percentage and was less representative (7%).

4.2.1.4 Matrix-B Initializing (25 Participants-Second Method)

A different analytic approach was adopted to initialize matrix B to
improve our research's quality. The sum of the four responses for each user
type should be computed because each type is represented by four statements
on a 7-point Likert scale in the Hexad questionnaire. The result will have a
minimum value of 4 and a maximum value of 28 when matrix-B is
initialized.

As indicated in Table 4.4, the scores of each participant's affinity
vector toward each user type indicate how much that participant fits within

that Hexad user type.

Table 4.4: Matrix-B Initializing (Second Method)

o
5 o g 5 = 5
Users E % % % cZ)' %
< | | & |2 |& |8
o
User 1 25 28 28 25 19 9
User 2 28 22 28 26 22 10
User 3 24 27 26 24 19 10
User 4 23 26 25 25 22
User 5 24 26 26 24 22
User 6 26 27 22 26 25
User 7 26 27 26 22 23
User 8 28 25 16 19 22 10
User 9 23 28 19 20 24 10
User 10 28 23 21 21 21 11
User 11 28 22 19 23 23 10
User 12 27 27 23 23 24 10
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User 13 28 27 26 22 21 8
User 14 23 26 21 22 22 10
User 15 26 25 23 23 23 10
User 16 27 24 23 26 24
User 17 28 27 24 24 25
User 18 25 26 24 23 24 10
User 19 28 26 23 21 22 10
User 20 27 26 28 25 20 9
User 21 24 28 19 22 26 10
User 22 27 28 26 22 23 10
User 23 28 23 26 25 22 8
User 24 28 25 27 24 27 10
User 25 28 27 26 22 25 9
Mean score 26.28 | 25.84 | 23.80 | 23.16 | 22.80 9.44
Percent% 20% 20% 18% 18% 17% 7%

4.2.1.5 Predominant User Type ldentification (25 Participants-Second
Method):

Another analytical procedure that was used was determining the
most common user types and the percentage distribution of each type among
participants in the Hexad model. A variety of analysis methodologies were
used to improve the quality of our research, including analysis tools such as
SPSS and Microsoft Excel.

The mean of all participants' affinity scores for each Hexad user
type must be computed to determine the predominant user type. To get the
percent distribution for each Hexad user type, divide each mean score by the

sum of all six mean scores, then multiply by 100.

The pilot sample participants received mean scores ranging from
4 to 28 using four statements on a 7-point Likert scale from 1 to 7 to assess
user types. The mean score for each user type indicates how well each
participant fits that user type.

The user types "Achiever" and "player" had the highest mean
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scores, as demonstrated in Table 4.5. As a result, "Achiever" and "Player"

user types are the most common, followed by "socializer," "philanthropist,"

and "free spirit," with "disrupter” user types coming in last.

Table 4.5: Predominant User Types (Second Method), S=25
User type N Mean Value percent
Achiever 25 26.28 20%

Player 25 25.84 20%
Socializer 25 23.80 18%
Philanthropist 25 23.16 18%
Free Spirit 25 22.80 17%
Disruptor 25 9.44 7%

4.2.1.6 Prime User Types ldentification (25 Participants)

The user type with the highest score for a participant is considered
the prime user type. If two or more different user types received similar
ratings, some individuals may have had more than one prime user type. The
participant's prime user type is determined by the type for which they

received the most significant score.

Prime user type frequency among participants

Disruptor
Free Spirit
Philanthropist

Socializer

user types of Hexad model

0
0
0
3
Player |
Achiever | ——

0 2 4 6 8 10 12 14
The number of participants

Figure 4.2: Participants' Prime User Type Frequency (25 Participants).
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As shown in Figure 4.2, the analysis of all participant data
revealed that the "Achiever" user type is the prime user type (the count of
participants counted is 13), followed by the "Player" user type (the count of
participants counted is 12), and the "Socializer" user type (the count of

participants counted is 3), respectively. In contrast, "disruptor,"” "free spirit,"

and "philanthropist” were not present as the prime user type.

4.2.1.7 Matrix-A Estimating

The experts identified the game features most suitable for each
type of player by asking them to rate each gamification element with the
right player type for each of the six Hexad model player types. To gauge the
level of inter-rater agreement, the intraclass correlation (ICC) function was
utilized in the SPSS program. The calculated result of 0.73 is considered

strong enough to support the raters' agreement.

For every score in matrix-A that the experts assessed, the median
of these suggested ratings was determined. In order to prevent the
consequences of high or low values, as some experts may have suggested,
the median was used rather than the mean. The values in matrix A illustrate
how well various player types are matched by the game's components.

Matrix-A findings are shown in Table 4.6.

Table 4.6:Matrix-A (Experts' Rating Scores), Pilot Study

User types | leaderboard | Badge | Points | Competition | Customization | Challenge
Achiever 0.5 1 1 0.75 0.5 1
Player 0.75 1 1 1 0.25 1
Socializer 0.3 0.25 0.25 0.3 0.5 0.25
Philanthropist 0.25 0.25 0.25 0 0.5 0.25
Free Spirit 0 0.25 0 0.25 1 0.25
Disruptor 0.25 0 0 0.3 0.75 0.5
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4.2.1.8 Matrix-R Calculation (25 Participants)

The matrix-R is created by multiplying matrix-B by matrix-A
according to the formula r=*a. The Matrix-R, or results matrix, displays
user preferences for gamification components. The proposed strategy is
based on a matrix factorization model with the relationship r=s*a, where
matrix-B denotes the predominant user types for each participant and matrix-
A depicts how gamification elements connect to different user types.
According to the highest score obtained, the matrix-R results show user

preferences for various gamification elements, as illustrated in Table 4.7.

Table 4.7: Matrix-R Calculation (25 Participants)

Users

leaderboard
Badge
Points
Competition
Customization
Challenge

User 1 1.798 2.533 2.363 2.234 2.560 2.693
User 2 1.715 2.470 2.273 2.146 2.723 2.650
User3 1.734 2.437 2.267 2.162 2.515 2.617
User 5 1.669 2.393 2.195 2.097 2.540 2.538
User 6 1.702 2.435 2.238 2.148 2.588 2.595
User 7 1.727 2.543 2.320 2.204 2.673 2.688
User 8 1.742 2.525 2.320 2.238 2.625 2.685
User 9 1.599 2.400 2.203 2.117 2.408 2.580
User 10 1.632 2.382 2.167 2.142 2.485 2.562
User 11 1.625 2.383 2.195 2.100 2.498 2.577
User 12 1.592 2.370 2.165 2.057 2.538 2.550
User 13 1.741 2.545 2.330 2.249 2.670 2.725
User 14 1.769 2.577 2.390 2.264 2.568 2.722
User 15 1.620 2.332 2.135 2.076 2.473 2.512
User 16 1.674 2.435 2.230 2.147 2.597 2.615
User 17 1.684 2472 2.258 2.137 2.670 2.633
User 18 1.773 2.613 2.390 2.287 2.730 2.773
User 19 1.696 2.455 2.240 2.179 2.648 2.635
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User 20 1.721 2.520 2.323 2.232 2.578 2.700
User 21 1.780 2.540 2.363 2.224 2.608 2.700
User 22 1.672 2.460 2.228 2.190 2.615 2.640
User 23 1.797 2.595 2.390 2.312 2.680 2.775
User 24 1.689 2.473 2.275 2.134 2.623 2.618
User 25 1.761 2.585 2.345 2.276 2.863 2.765
Mean 1.70 2.48 2.28 2.19 2.61 2.65

4.2.1.9 Determining the Preferred Gamification Features:

The preferred gamification elements are identified by computing
"mean" scores by aggregating each component's affinity ratings and dividing
by the total number of participants, with the highest rating being the most
relevant. To calculate the percentage distribution of gamification features,
divide each "mean" score by the total of six "mean" scores, which is then
multiplied by 100.

Table 4.8 reveals that the "challenges” gamification feature
(mean score = 2.65) and the "customization™ gamification feature (mean
score = 2.61) are the most popular gamification features among each user
category. These features were followed by the "badge" gamification feature
(mean score = 2.48), the "points™ gamification feature (mean score = 2.28),
and the "competition” gamification feature (mean score = 2.19), with the
"leaderboard" gamification feature being the least gamified (mean score =
1.70).

Table 4.8: Preferred Features of Gamification, Pilot Study

User types mean percent
Challenge 2.65 19.1%
Customization 2.61 18.8%
Badge 2.48 17.8%
Points 2.28 16.4%
Competition 2.19 15.7%
leaderboard 1.70 12.2%
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Figure 4.3 provides a detailed explanation of these findings,
demonstrating that gamification's "Challenges” and "customization”

components are the most used. Following these components are, in order,

"badge,"” "points,"” "competition," and "leaderboard."

Preferred Gamification Features by Users

leaderboard | NG 1 0

Competition | .10
Points | 228
Badge | 2.8

Gamification Features

Customization | 261
Challenge | 265

0.00 0.50 1.00 1.50 2.00 2.50 3.00
mean scores

Figure 4.3: Preferred Gamification Features by Participants (25 Participants).

4.2.2 Actual Study (100 participants)

The actual study is carried out on the participants (100 students) to
implement the proposed strategy and identify the predominant user types and
the features of gamification that they prefer. The method for implementation

will be covered in the following parts.

4.2.2.1 Questionnaire Reliability (100 Participants)

When a scale shows reliability, it consistently yields identical
outcomes with each successive usage. The validity of a scale refers to its
ability to accurately measure the concept or phenomenon it is intended to
examine. Cronbach's alpha reliability study on the sample was used to

demonstrate the instrument's reliability. The Arabic version of the Hexad
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electronic User Type Scale questionnaire was distributed to 100 participants
(Appendix A). The data collected via the electronic questionnaire was
encoded to be compatible with SPSS software. The questionnaire's reliability
was adequate, with a Cronbach's alpha of 0.812. Table 4.9 lists the outcomes
of the SPSS analysis. There were only male students among the participants.
The participants ranged in age from 16 to 20.

Table 4.9: Reliability Statistics by SPSS, Actual study
Cronbach's Alpha Number of Items

0.812 24

4.2.2.2 Matrix-B Initializing (100 Participants-First Method):

The Hexad electronic user type scale questionnaire (Appendix-

A), suggested by Tondello et al., was implemented to initialize matrix-B.

The analysis of the Hexad questionnaire data helps to determine
the most predominant user types, the prime user types for each participant,
and which gamification features participants prefer based on their

predominant user type.

The Hexad questionnaire has 24 statements designed to identify
the predominant user type of participants. The Hexad model assigns four
statements to each kind of user. Participants respond to each item on a Likert
scale of 1 to 7, where 1 represents the most minor possible answer and 7 is
the most significant possible response. The "mean" value for each user type
for each participant is divided by seven because a 7-Likert scale is used. This
process gives Each user a normalized affinity value between 0 and 1. As
shown in Table 4.10, matrix B illustrates the affinity vector of each

participant towards the relevant user type.
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Table 4.10: Matrix-B initializing first method for actual sample (100 students)

A% -

. = Q = =
Users 'ic:i): % TE % cz.)' %

< - 3 = | £ a

o

Userl 0.89 1.00 0.89 0.86 0.64 0.32
user2 1.00 0.79 0.86 0.79 0.71 0.36
User3 0.86 0.96 0.89 0.79 0.68 0.36
User4 0.86 0.93 0.86 0.82 0.75 0.29
User5 0.86 0.93 0.86 0.82 0.71 0.32
User6 0.93 0.96 0.79 0.79 0.79 0.46
User7 0.93 0.96 0.86 0.79 0.79 0.32
User8 1.00 0.89 0.64 0.68 0.64 0.36
User9 0.82 1.00 0.68 0.71 0.82 0.36
Userl0 1.00 0.86 0.79 0.71 0.68 0.39
Userll 1.00 0.86 0.75 0.82 0.79 0.36
Userl2 0.96 0.96 0.86 0.75 0.75 0.36
Userl3 1.00 0.96 0.89 0.79 0.75 0.29
Userl4 0.82 0.93 0.82 0.75 0.68 0.36
Userl5 0.93 0.89 0.75 0.82 0.75 0.36
Userl6 0.96 0.86 0.82 0.79 0.82 0.32
Userl?7 1.00 0.96 0.86 0.79 0.75 0.32
Userl8 0.89 0.93 0.82 0.79 0.79 0.36
Userl9 1.00 0.93 0.82 0.75 0.64 0.36
User20 0.96 0.93 0.89 0.86 0.64 0.32
User21 0.93 1.00 0.71 0.79 0.79 0.36
User22 0.96 1.00 0.86 0.75 0.79 0.36
User23 1.00 0.82 0.93 0.86 0.75 0.29
User24 1.00 0.89 0.89 0.79 0.75 0.36
User25 1.00 0.96 0.89 0.79 0.79 0.32
User26 0.96 1.00 0.89 0.86 0.75 0.50
User27 0.89 0.79 0.82 0.68 0.64 0.39
User28 0.79 0.79 0.71 0.75 0.75 0.54
User29 0.71 0.89 0.71 0.82 0.79 0.50
User30 0.96 1.00 0.79 0.86 0.75 0.36
User3l 0.96 0.82 0.86 0.86 0.71 0.46
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User32 0.93 0.93 0.79 0.82 0.71 0.39
User33 0.93 0.75 0.75 0.79 0.79 0.57
User34 0.93 0.89 0.89 0.79 0.79 0.46
User35 0.93 0.79 0.89 0.82 0.68 0.54
User36 0.89 0.79 0.89 0.79 0.71 0.46
User37 0.79 0.89 0.86 0.71 0.68 0.57
User38 0.96 0.96 0.89 0.86 | 0.79 0.43
User39 0.93 1.00 0.82 0.82 0.71 0.54
User40 0.96 1.00 0.82 0.82 0.68 0.54
User4l 0.82 0.86 0.71 0.75 | 071 0.50
User4?2 0.96 0.79 0.68 0.79 0.79 0.29
User43 0.93 0.96 0.89 0.79 0.68 0.50
User44 0.82 0.86 0.71 0.82 0.75 0.57
User45 0.82 0.93 0.82 0.79 0.71 0.46
User46 0.96 0.93 0.82 0.79 0.68 0.46
User47 0.93 0.79 0.79 0.82 0.79 0.32
User48 0.82 0.96 0.82 0.75 | 0.79 0.46
User49 0.86 0.86 0.82 0.79 0.68 0.18
User50 0.93 0.71 0.79 0.82 0.79 0.36
User51 0.93 1.00 0.89 0.79 0.68 0.32
User52 1.00 0.82 0.93 086 | 0.71 0.36
Users3 0.86 0.96 0.86 0.75 | 0.68 0.36
Users4 0.86 0.93 0.86 0.82 0.75 0.46
Users5 0.86 0.93 0.86 086 | 0.75 0.32
Users6 0.93 0.96 0.79 0.89 0.82 0.29
User57 0.93 0.96 0.89 0.79 0.79 0.32
User58 1.00 0.89 0.64 0.68 | 0.75 0.36
User59 0.82 1.00 0.68 0.71 0.82 0.36
User60 1.00 0.82 0.79 0.71 0.68 0.39
User61 0.96 1.00 0.79 0.82 0.79 0.36
User62 0.96 0.82 0.86 0.79 0.68 0.25
User63 0.93 0.93 0.79 0.79 0.71 0.39
User64 0.93 0.71 0.75 0.82 0.79 0.57
User65 0.93 0.89 0.86 0.79 0.75 0.46
User66 0.93 0.79 0.89 0.79 0.71 0.54
User67 0.89 0.82 0.86 0.79 0.75 0.46
User68 0.79 0.89 0.82 0.71 0.71 0.57
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User69 0.96 0.96 0.79 0.86 | 0.79 0.43
User70 0.93 1.00 0.79 0.79 0.86 0.54
User71 0.96 1.00 0.82 0.82 0.71 0.54
User72 0.93 0.96 0.89 0.79 0.75 0.32
User73 1.00 0.89 0.64 0.68 | 0.75 0.36
User74 0.82 1.00 0.68 0.71 0.82 0.36
User75 1.00 0.86 0.79 0.71 0.64 0.39
User76 1.00 0.82 0.75 0.79 0.75 0.36
User77 0.96 0.96 0.82 0.75 | 0.79 0.36
User78 1.00 0.96 0.86 0.71 0.71 0.46
User79 0.82 0.93 0.82 0.75 | 071 0.36
User80 0.93 0.89 0.79 0.79 0.79 0.36
User81 0.96 0.86 0.75 0.82 0.75 0.32
User82 1.00 0.96 0.86 0.79 0.82 0.32
User83 0.86 0.93 0.82 0.75 | 0.75 0.36
User84 0.93 0.89 0.79 0.75 | 0.79 0.36
User85 0.96 0.89 0.82 0.79 0.79 0.32
User86 1.00 0.96 0.82 0.79 0.79 0.32
User87 0.89 0.93 0.82 0.75 | 0.75 0.36
User88 1.00 0.93 0.79 0.71 0.71 0.36
User89 0.96 0.93 0.86 0.86 | 0.64 0.32
User90 0.93 1.00 0.71 0.71 0.86 0.36
User91 0.82 0.93 0.79 0.75 | 0.79 0.46
User92 0.86 0.89 0.82 0.79 0.68 0.46
User93 0.93 0.79 0.79 0.82 0.79 0.36
User94 0.89 1.00 0.82 0.86 | 0.68 0.32
User95 1.00 0.82 0.89 086 | 0.71 0.36
User96 0.86 0.96 0.86 0.79 0.68 0.36
User97 0.82 0.93 0.86 0.82 0.79 0.46
User98 0.86 0.93 0.86 0.82 0.75 0.32
User99 0.93 0.96 0.75 0.75 | 0.75 0.29
User100 0.93 0.96 0.79 0.79 0.79 0.32
Mean 0.92 0.91 0.81 0.79 0.74 0.39
Percent% 20% 20% 18% 17% | 16% 9%
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4.2.2.3 Predominant User Type Identification (100 Participants-First Method)

The "mean" ratings for each user type indicate which user type is
the most predominant. The "mean™ scores are calculated by summing the
affinity ratings for each type of user and dividing them by the entire number
of participants. The percentage distribution of each user type indicates the
most predominant user type. The "mean™ values for each type reveal the

dominant user type.

Two steps are required to determine the percentage distribution
of each Hexad model user type among participants. In the first step, the
affinity scores are added and then divided by the total number of participants
to determine each user type's "mean™ scores across the whole sample. The
second step involves multiplying the final "mean™ score from the first step
for each user type by 100 after dividing it by the sum of the "mean" scores

for each of the six user types.

Table 4.11: Predominant User Types (First Method) S=100

User type N Mean Value percent
Achiever 100 0.92 20%
Player 100 0.91 20%
Socializer 100 0.81 18%
Philanthropist 100 0.79 17%
Free Spirit 100 0.74 16%
Disruptor 100 0.39 9%

Table 4.11 illustrates the percent distribution for each user type in
the Hexad model to more clearly highlight which user type is the most
predominant. The highest percentage was for "player,"” with 20% of the total
sample, and "achiever,"” with 20% of the entire sample, followed by
"socializer," with 18% of the whole sample, "philanthropist,” with 17% of
the total sample, and "free spirit,” with 16% of the whole sample.

"Disrupter" had a lower percentage and was less representative (9%).
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4.2.2.4 Matrix-B Initializing (100 Participants -Second Method):

A different analytic method was adopted to initialize matrix B to
improve the quality of this research. Each user type in the Hexad
questionnaire is represented by four statements on a 7-point Likert scale, so
the sum of the four responses for each user type should be calculated. When
matrix B is initialized, the outcome will range from a minimum value of 4 to

a maximum weight of 28.

As indicated in Table 4.12 , the scores of each participant's affinity
vector indicate how much the participant fits into each user type of the Hexad

model.

Table 4.12: Matrix-B initializing second method for actual sample (100 students)

Users é % % é % ;‘)‘
< . 8 | = £ a
o

Userl 25 28 25 24 18 9
user2 28 22 24 22 20 10
User3 24 27 25 22 19 10
Userd 24 26 24 23 21 8
User5 24 26 24 23 20 9
User6 26 27 22 22 22 8
User7 26 27 24 22 22 9
User8 28 25 18 19 18 10
User9 23 28 19 20 23 10
Userl0 28 24 22 20 19 11
Userll 28 24 21 23 22 10
Userl?2 27 27 24 21 21 10
Userl3 28 27 25 22 21 8
Userl4 23 26 23 21 19 10
User15 26 25 21 23 21 10
Userl6 27 24 23 22 23 9
Userl? 28 27 24 22 21 9
Userl8 25 26 23 22 22 10
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User19 28 26 23 21 18 10
User20 27 26 25 24 18 9

User2l 26 28 20 22 22 10
User22 27 28 24 21 22 10
User23 28 23 26 24 21 14
User24 28 25 25 22 21 10
User25 28 27 25 22 22 9

User26 27 28 25 24 21 14
User27 25 22 23 19 18 11
User28 22 22 20 21 21 15
User29 20 25 20 23 22 14
User30 27 28 22 24 21 10
User3l 27 23 24 24 20 7

User32 26 26 22 23 20 11
User33 26 21 21 22 22 16
User34 26 25 25 22 22 13
User35 26 22 25 23 19 15
User36 25 22 25 22 20 13
User37 22 25 24 20 19 16
User38 27 27 25 24 22 12
User39 26 28 23 23 20 15
User40 27 28 23 23 19 15
User4l 23 24 20 21 20 14
User42 27 22 19 22 22 8

User43 26 27 25 22 19 14
User44 23 24 20 23 21 16
User4s 23 26 23 22 20 13
User46 27 26 23 22 19 5

Userd7 26 22 22 23 22 9

User48 23 27 23 21 22 13
User49 24 24 23 22 19 5

User50 26 20 22 23 22 10
User51 26 28 25 22 19 9

User52 28 23 26 24 20 10
User53 24 27 24 21 19 10
User54 24 26 24 23 21 8
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Users5 24 26 24 24 21 9

User56 26 27 22 25 23 8

User57 26 27 25 22 22 14
User58 28 25 18 19 21 10
User59 23 28 19 20 23 10
User60 28 23 22 20 19 11
User6l 27 28 22 23 22 10
User62 27 23 24 22 19 7

User63 26 26 22 22 20 11
User64 26 20 21 23 22 16
User65 26 25 24 22 21 13
User66 26 22 25 22 20 15
User67 25 23 24 22 21 13
User68 22 25 23 20 20 16
User69 27 27 22 24 22 12
User70 26 28 22 22 24 15
User71 27 28 23 23 20 15
User72 26 27 25 22 21 9

User73 28 25 18 19 21 10
User74 23 28 19 20 23 10
User75 28 24 22 20 18 14
User76 28 23 21 22 21 10
User77 27 27 23 21 22 10
User78 28 27 24 20 20 8

User79 23 26 23 21 20 10
User80 26 25 22 22 22 10
User81 27 24 21 23 21 9

User82 28 27 24 22 23 9

User83 24 26 23 21 21 10
User84 26 25 22 21 22 10
User85 27 25 23 22 22 14
User86 28 27 23 22 22 9

User87 25 26 23 21 21 10
User88 28 26 22 20 20 10
User89 27 26 24 24 18 9

User90 26 28 20 20 24 10
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User9l 23 26 22 21 22 13
User92 24 25 23 22 19 14
User93 26 22 22 23 22 10
User94 25 28 23 24 19 9
User9s 28 23 25 24 20 10
User96 24 27 24 22 19 10
User97 23 26 24 23 22 8
User98 24 26 24 23 21 14
User99 26 27 21 21 21 8
User100 26 27 22 22 22 9
Mean 2581 | 2547 | 22.79 | 22.00 | 20.76 | 10.89
Percent% 20% 20% 18% 17% 16% 9%

4.2.2.5 Predominant User Types Identification (100 Participants- Second
Method):

The Hexad model was used to identify the predominant user types
among participants. Various analysis methods, including SPSS and
Microsoft Excel, were used to improve the research quality. The
predominant user type was determined by calculating the average affinity
scores for each Hexad user type. The percentage distribution of each kind
was obtained by dividing the mean score for each type by the sum of all six

mean scores and multiplying by 100.

From 4 to 28, the mean scores for study participants were
determined. Each user type was assessed using four statements on a 7-point
Likert scale of 1 to 7. Each participant's mean score for that user type shows
their suitability.

Thus, "Achiever" and "Player" are the most predominant user
types due to having the most significant mean scores, followed by
"Socializer," "Philanthropist,” and "Free Spirit," and "Disrupter" is the least
predominant user type due to having a substantially lower mean score than

the other user types. The mean score for each user type in the Hexad model

55



Chapter four Experimental Results

was determined based on the four sub-scale questions corresponding to each

usage type, as shown in Table 4.13.

Table 4.13: Predominant User Types (Second Method), S=100

User type N Mean Value percent
Achiever 100 25.81 20%
Player 100 25.47 20%
Socializer 100 22.79 18%
Philanthropist 100 22.00 17%
Free Spirit 100 20.76 16%
Disruptor 100 10.89 9%

The most predominant user type is determined by calculating the
percentage distribution of each Hexad model user type among participants.
This process involves two steps: computing the "mean” scores for each user
type over the entire sample, adding affinity scores for each category, and
dividing the result by the total number of participants. The final "mean" score
is multiplied by 100 after being divided by the total scores for the six user

types.

USER TYPES

Philanthropist
17%

Disruptor

9% Socializer
18%

Achiever
20% Free Spirit
16%

M Philanthropist M Socializer ®Free Spirit M Achiever M Disruptor ™ Player

Figure 4.4: The Participants' Hexad User Type Distribution (100 Participants).
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The Hexad model's percent distribution shows the most popular
user types, with "Player” and "Achiever" having the highest percentages
(20%) and "Socializer" (17%), followed by "Philanthropist™ (17%) and "Free
Spirit" (16%), respectively. "Disrupter” had a lower percentage (9%),
indicating less representativeness. Figure 4.4 displays the percentage

distribution of each user type as a result of this operation.

4.2.2.6 Prime User Types ldentification (100 Participants):

The user type in which a participant scored the highest is
considered the prime user type for that participant, i.e., the participant's
prime user type is the user type in which they scored the highest. Some
participants may have had more than one prime user type if two or more

different user types obtained similar ratings.

Prime user type

Disruptor
Free Spirit
Philanthropist

Socializer

user types of Hexad model

0
0
0
Achiever
plaver

The number of participants

Figure 4.5: Prime User Type Frequency among Participants (100 Participants).

Figure 4.5 illustrates the results of the analysis of all participant
data, which showed that the "player" user type was the prime user type (55
participants were counted), followed by "achievers™ (51 participants were
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counted), and "socializers" (one participant was calculated). There were no

participants with the prime user types "disruptor,” "free sprite,” or

"philanthropist.”

4.2.2.7 Matrix-A Initializing (100 Participants):

Adopting expert opinion is one of the better methods for
estimating matrix-A since it is more accurate. The experts were asked to
identify the game features that were most relevant for each type of player by
rating each gamification component according to its six associated player

types in the Hexad model.

The level of inter-rater agreement was determined using the
IntraClass Correlation (ICC) function of the SPSS program. The result was

(0.773), considered reliable enough to confirm the raters' agreement.

For each expert-evaluated score in matrix A, the median of these
suggested ratings was determined; the median was chosen over the mean to
avoid the effects of extreme values that some experts may have suggested.
The values in matrix-A demonstrate how well gamification elements match

various player types; matrix-A findings are shown in Table 4.14.

Table 4.14: Matrix-A (Experts Rating Scores), Actual Study

User types | leaderboard | Badge | Points | Competition | Customization | Challenge
Achiever 0.5 1 1 0.75 0.5 1
Player 0.75 1 1 1 0.25 1
Socializer 0.3 0.25 | 0.25 0.3 0.5 0.25
Philanthropist 0.25 0.25 | 0.25 0 0.5 0.25
Free Spirit 0 0.25 0 0.25 1 0.25
Disruptor 0.25 0 0 0.3 0.75 0.5

58



Chapter four Experimental Results

4.2.2.8 Matrix-R Calculation (100 Participants).

User preferences for gamification components are displayed via
matrix-R. Table 4.15 shows the matrix-R findings, illustrating user
preferences for various gamification components based on the highest score
received. Matrix-R is created by multiplying matrix-B by matrix-A, as

defined by the formula r=e*a, using a Python script (Appendix-C).

Table 4.15: Matrix-R Calculation for the actual sample (100 students)

= 5 S o

S ) 8 = g 2
Users g S g o = %

I L IR - O - S

- @)
User 1 1.757 2.488 2.328 2.191 2.450 2.648
User 2 1.638 2.380 2.202 2.084 2.503 2.560
User 3 1.705 2410 2.240 2.150 2.460 2.590
User 4 1.663 2.398 2.210 2.108 2.470 2.543
User 5 1.671 2.388 2.210 2.107 2.453 2.548
User 6 1.735 2.483 2.285 2.230 2.630 2.713
User 7 1.721 2.500 2.303 2.209 2.560 2.660
User 8 1.620 2.380 2.220 2.100 2.293 2.560
User 9 1.632 2.372 2.167 2.132 2.445 2.552
User 10 1.657 2.405 2.235 2.134 2.438 2.600
User 11 1.665 2.450 2.253 2.141 2.560 2.630
User 12 1.736 2.510 2.323 2.234 2.545 2.690
User 13 1.757 2.568 2.380 2.252 2.548 2.713
User 14 1.631 2.313 2.143 2.069 2.378 2.493
User 15 1.653 2.400 2.213 2.108 2.493 2.580
User 16 1.649 2.428 2.223 2.127 2.560 2.588
User 17 1.756 2.560 2.372 2.252 2.555 2.720
User 18 1.676 2.420 2.223 2.149 2.543 2.600
User 19 1721 2.483 2.323 2.194 2.428 2.663
User 20 1.740 2.488 2.328 2.173 2.468 2.648
User 21 1.716 2.502 2.305 2.216 2.525 2.682
User 22 1.766 2.560 2.363 2.284 2.595 2.740
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User 23 1.682 2.455 2.267 2.124 2.567 2.600
User 24 1.722 2.498 2.310 2.203 2.583 2.678
User 25 1.765 2.577 2.380 2.271 2.610 2.738
User 26 1.837 2.585 2.398 2.325 2.730 2.835
User 27 1.551 2.215 2.055 1.981 2.325 2.410
User 28 1.523 2.133 1.945 1.945 2.478 2.403
User 29 1.566 2.180 1.983 1.983 2.508 2.430
User 30 1.772 2.560 2.372 2.253 2.575 2.740
User 31 1.683 2.388 2.210 2.114 2.600 2.618
User 32 1.702 2.440 2.263 2.159 2.505 2.635
User 33 1.593 2.263 2.065 2.041 2.640 2.548
User 34 1.712 2.438 2.240 2.190 2.663 2.668
User 35 1.665 2.318 2.148 2.087 2.603 2.588
User 36 1.617 2.278 2.100 2.040 2.538 2.508
User 37 1.641 2.243 2.073 2.081 2.510 2.528
User 38 1.789 2.555 2.358 2.274 2.707 2.770
User 39 1.801 2.518 2.340 2.283 2.650 2.788
User 40 1.816 2.540 2.370 2.298 2.635 2.810
User 41 1.581 2.223 2.045 2.016 2.440 2.473
User 42 1.547 2.315 2.117 1.999 2.420 2.460
User 43 1.775 2.480 2.310 2.245 2.600 2.730
User 44 1.616 2.250 2.063 2.047 2.567 2.535
User 45 1.666 2.330 2.153 2.107 2.503 2.560
User 46 1.736 2.463 2.293 2.204 2.543 2.693
User 47 1.580 2.320 2.123 2.018 2.498 2.480
User 48 1.678 2.370 2.173 2.157 2.570 2.600
User 49 1.564 2.293 2.123 1.975 2.265 2.383
User 50 1.530 2.240 2.043 1.950 2.508 2.420
User 51 1.760 2.520 2.350 2.231 2.475 2.680
User 52 1.699 2.445 2.267 2.134 2.580 2.625
User 53 1.686 2.392 2.222 2.141 2.425 2.573
User 54 1.706 2.398 2.210 2.159 2.598 2.628
User 55 1.681 2.407 2.220 2.117 2.513 2.568
User 56 1.717 2.515 2.310 2.187 2.583 2.660
User 57 1.730 2.508 2.310 2.218 2.575 2.668
User 58 1.620 2.408 2.220 2.128 2.403 2.588
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User 59 1.632 2.372 2.167 2.132 2.445 2.552
User 60 1.627 2.365 2.195 2.094 2.428 2.560
User 61 1.762 2.560 2.363 2.263 2.595 2.740
User 62 1.613 2.363 2.193 2.043 2.378 2.488
User 63 1.695 2.433 2.255 2.159 2.490 2.628
User 64 1.570 2.230 2.033 2.001 2.645 2.515
User 65 1.703 2.420 2.233 2.171 2.608 2.650
User 66 1.657 2.318 2.140 2.094 2.618 2.588
User 67 1.631 2.310 2.123 2.071 2.570 2.540
User 68 1.629 2.240 2.063 2.077 2.520 2.525
User 69 1.760 2.530 2.332 2.244 2.657 2.745
User 70 1.785 2.540 2.325 2.312 2.770 2.810
User 71 1.816 2.548 2.370 2.306 2.665 2.818
User 72 1.730 2.498 2.310 2.208 2.535 2.658
User 73 1.620 2.408 2.220 2.128 2.403 2.588
User 74 1.632 2.372 2.167 2.132 2.445 2.552
User 75 1.657 2.395 2.235 2.124 2.398 2.590
User 76 1.628 2.393 2.205 2.091 2.495 2.573
User 77 1.724 2.510 2.313 2.232 2.565 2.690
User 78 1.771 2.530 2.353 2.284 2.580 2.760
User 79 1.631 2.320 2.143 2.077 2.408 2.500
User 80 1.657 2412 2.215 2.130 2.538 2.593
User 81 1.635 2.400 2.213 2.089 2.470 2.560
User 82 1.756 2.577 2.372 2.269 2.625 2.738
User 83 1.651 2.370 2.183 2.117 2.468 2.550
User 84 1.647 2.403 2.205 2.130 2.518 2.583
User 85 1.671 2.450 2.253 2.149 2.538 2.610
User 86 1.744 2.560 2.363 2.250 2.575 2.720
User 87 1.666 2.400 2.213 2.139 2.483 2.580
User 88 1.702 2.483 2.305 2.203 2.463 2.663
User 89 1.731 2.480 2.320 2.164 2.453 2.640
User 90 1.696 2.500 2.285 2.234 2.555 2.680
User 91 1.647 2.332 2.135 2.118 2.548 2.562
User 92 1.656 2.323 2.153 2.089 2.483 2.552
User 93 1.590 2.320 2.123 2.030 2.528 2.500
User 94 1.736 2.480 2.310 2.180 2.455 2.640
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User 95 1.687 2.435 2.258 2.123 2.560 2.615
User 96 1.696 2.403 2.233 2.141 2.445 2.583
User 97 1.686 2.367 2.170 2.138 2.618 2.597
User 98 1.671 2.398 2.210 2.117 2.493 2.558
User 99 1.670 2.453 2.265 2.157 2.423 2.598
User 100 1.700 2.483 2.285 2.188 2.525 2.643

mean 1.53 2.09 1.95 2.14 251 2.60

4.2.2.9 Determine the Preferred Gamification Features (100 Participants):

The preferred gamification features are determined by calculating
the "mean™ scores by summing the affinity scores of each component and
dividing them by the total number of participants, with the highest rating

being the preferred feature.

The percentage distribution of each gamification feature was
determined by dividing the "mean" score for each characteristic by the total

sum of the six "mean" scores and multiplying by 100.

Table 4.16: Preferred Features of Gamification, Actual Study

User types mean percent
Challenge 2.60 20.3 %
Customization 2.51 19.6 %
Competition 214 16.7 %
Badge 2.09 16.3 %
Points 1.95 15.2 %
leaderboard 1.53 11.9%

Table 4.16 reveals that the gamification features "“challenges”
(mean score = 2.60) and "customization” (mean score = 2.51) are the most
popular among users, according to the obtained "mean" scores, followed by
"competition” (mean score = 2.14)< "badge" (mean score = 2.09)¢ and
"points" (mean score = 1.95). The "leaderboard" gamification element (mean

score = 1.53) is the least popular among users. These results are explained in
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detail in Figure 4.6.

preferred gamification features by users

leaderboard [N .3
pPoints NG 1 o5
GECEC KB
Competition |GG .14

gamification features

Customization [N, 251
Challenge NN 2.60

0.00 0.50 1.00 1.50 2.00 2.50 3.00

mean scores

Figure 4.6: Preferred Gamification Features by Participants (100 Participants)

The percentage distribution of gamification traits is shown in
Figure 4.7. Participants favored gamification elements like "challenges"
(20.3%) and "customization"” (19.6%). The gamification features
"competition," "badge," and "points" ranked second, third, and fourth with
16.7%, 16.3%, and 15.2%. The gamification element "leaderboard" got the

fewest votes (11.9%).

GAMIFICATION FEATURES

eaderboard
11.9%

Points
15.2%

Customization
19.6%

Competition
16.7%

H Challenge ® Customization M Competition M Badge M Points Mleaderboard

Figure 4.7: Preferred Gamification Features Distribution (100 Participants).
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4.3. Adaptive Gamified Platform:

The EdApp [3] platform is adapted as a gamified e-learning
management system for assessing the proposed strategy. The gamification
components included in the EdApp platform are derived from the predicted
components generated by the proposed strategy's outputs, with the aim of
meeting users' preferences. This experiment assesses the proposed strategy
by measuring the influence of the adaptive gamification process on learner

motivation and enjoyment.

The EdApp platform was chosen for several reasons. The first
justification is to support the features associated with "achievements”
relevant to the "achiever" player type. The second justification is that design
lesson templates support adaptive gamification components. The third
justification is that it supports "gamification analytics" such as performance
dashboards, App usage, activity feeds, user login data, course summaries,
and user-completed course displays. These analytics also show each user's

profile, activity, and how much time he spends in each course.

4.3.1 EdApp Platform:

This gamified platform aims to assess the effects of ataptive
gamification components on students' motivation and engagement in
gamified online learning systems. The EdApp platform has been developed
with adaptive gamification elements based on student preferences collected
from the proposed strategy. In other words, gamification components are
tailored to student preferences to evaluate the proposed strategy by
examining learner performance using "gamification analytics" built into the

EdApp platform.

The gamified e-learning platform (EdApp) has been used to build
three courses: a "traditional e-learning” course, a “traditional
gamification™ course, and a "adaptive gamification" course (Figure 4.8).

The learning activities in the "traditional course" lacked gamification

64



Chapter four Experimental Results

features. In contrast, those in the "traditional gamification" course had
generic gamification features without adaptation, and those in the third
course, called "adaptive gamification," had adaptive gamification features
according to the preferences of users, which were determined by the

proposed strategy outcomes.

ed =
Content &3 Browse course library
Courses Rapid Refresh Quizzes Brain Boost Paths
Q Search = |
R | - =
= - 41531 jnsl 5 TR Average
, ONLINE Smart devices ; PR TN
LEARNING sl
. © —— M r
Computer Softwa
Traditional e-learning Adaptive gamification Traditional gamified
course Course course
Unit One and Unit Two
i= 1 Lesson Published i= 1 Lesson Published i= 1 Lesson Published

Figure 4.8: The Three Courses used in the EdApp Platform

The EdApp platform uses "gamification analytics” of learner
profiles to evaluate the proposed approach and examine how adaptive

gamification components affect students' commitment and motivation.

4.3.2 Sample and Experiment Design

This EdApp platform experiment involved 131 fifth-grade
students from "Al-Waely Secondary School for Distinctive Boys," one of the
public schools run by Babylon's general directorate of education. The
experiment was carried out on the fifth stage of the computer subject during
the first semester of the school year 2022-2023. The data were evaluated

using "gamification analysis" and "descriptive statistical” techniques to
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determine how much time students spent in each course and, as a result,

assess their commitment and engagement.

4.3.3 Data Analysis

Instead of traditional statistics, the "gamification analytics"

method included in the EdApp platform was adopted in this experiment to

analyze students' motivation and commitment, as illustrated in Figure 4.9.
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Figure 4.9: Gamification Analytics Tool
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Monitoring user behavior concerning gamification features,
analyzing performance to evaluate user motivation and commitment, and
ultimately enhancing gamified e-learning systems are all part of

"gamification analytics."

"gamification analytics" provide information on the frequency of
task completion, average score, time spent, and number of logins. The data
gathered from each user profile through the system is used to infer learner
behaviors and activities using descriptive statistics. Students' interest and
commitment are shown by how frequently they finish a course, log in, and

how much time they spend on it.

The performance dashboard, log file, activity completion feed
report, course completion by user, time spent in the course, and frequency of
course completion were used to collect statistical information on students for
the three courses from EdApp's "gamification analytics" to study how

gamification features affect learner motivation and engagement.

4.3.4 Discussion

The most effective tool for determining user motivation and
ensuring the success of gamified e-learning systems is "gamification
analytics." EdApp is one of the systems that integrates "gamification

analytics" into its design.

Students' motivation and commitment are shown by their high rate

of course logins, number of completed tasks, and time spent on each activity.

According to the "gamification analytics” performance dashboard
for the top-performing course, the "adaptive gamification™ course had the
highest completion rates (100 percent), followed by the "traditional
gamified"” course (86 percent), and the "traditional e-learning" course (83

percent), as shown in Figure 4.10.
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Title Completions Completed

Customized gamification Course 131 -

Traditional gamified course 113

Traditional e-learning course 109

Figure 4.10:Highest Performing Course

According to the findings of the courses' summary obtained from
the "gamification analytics" report, as shown in Figure 4.11, learners spent
33 minutes in the "adaptive gamification" course, 3 minutes in the
"traditional gamification™ course, and just 1 minute in the " traditional e-
learning” course. These findings revealed that students are intrinsically

motivated in an "adaptive gamification" course.

Title Avg Progress Enrolled ~AvgTime Spent
Customized gamification Course ~ 100% 131 33m

Traditional gamified course 86% 131 3m

Traditional e-learning course 83% 131 Im

Figure 4.11: Comparison of the Courses
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4.4. The Limitations:

1.

The dissertation’s focus is on Iragi secondary school students; however, it

may be strengthened by using more than one sample.

. User profiles, or more precisely, user types, serve as the foundation for the

adaptive gamification strategy, which may be strengthened by adding

personality traits.

. The proposed strategy creates a user profile using a Hexad questionnaire

(direct method), but it may be enhanced by tracking user activity with a

particular application (indirect method) to gather user preferences.

. During the gamified experience, users' profiles stay static; this may be

improved by creating a dynamic profile.
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Chapter 5 : Conclusion and Future Works
This chapter presents an introduction, overview of the most
important conclusions, explores the contributions made, and gives

recommendations for future studies.

5.1 Introduction:

In this dissertation, a strategy was proposed to determine the type
of user group and their preferences to adaptive gamification elements based
on their preferences. The proposed strategy is based on the matrix
factorization method to determine the type of user group and their
preferences toward gamification features. This strategy improves learners'

motivation and commitment in a gamified e-learning environment.

The proposed strategy is based on the formula R = [B*A].
Matrix-R is the product of two matrices (matrix-A and matrix-B), where
matrix-A demonstrates how the gamification elements relate to each relevant
player type, and matrix-B specifies the type of user for each participant. The
Hexad questionnaire findings were used to create matrix B. The analysis
of the Hexad questionnaire data leads to the determination of the most
predominant user types among the participant's group and the prime user
types for each participant. The gamification features participants prefer
based on their relevant predominant user type. The matrix-R is formed by
multiplying the two matrices together, and it will generate ratings for each
participant's preferred gamification element based on the component with

the highest score.

A gamified e-learning platform (EdApp) was used to test the
proposed strategy in real-world situations by adaptive the gamification
characteristics abstracted from the strategy's outcomes to satisfy students'
preferences. This experiment can show how adaptive gamification improves
student engagement and commitment. High course logins, task completion,

and activity time demonstrate students' motivation and dedication
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5.2 Conclusion:

The following is a brief overview of some of the accomplishments

that have been reached and the efforts that have been put into this

dissertation:

1.

An adaptive gamification framework has been proposed to identify
significant considerations, such as gamification strategies, user
typologies, user profiles, and the system context to be implemented, that

must be considered when designing an adaptive gamification strategy.

The proposed strategy was implemented to predict gamification elements

that satisfy users' preferences based on user profiles.

The proposed strategy showed that "achievers™ and "players” were the
most common learners. The gamification component with the highest

rating was "challenges," suggesting it may engage these individuals.

Students' motivation and commitment are shown by their high rate of
course logins, number of completed tasks, and time spent on each activity

when using EdApp experiment.

All "gamification analytics" statistics show that adaptive gamification

increases student commitment and motivation.

5.3 Future Works:

1. The proposed strategy uses a Hexad questionnaire to create a user
profile. In future work, adopting an indirect approach is recommended
rather than a questionnaire to determine user preferences. Creating
gamified programs, for example, that categorize users based on how
they interact with particular gamification elements and suggest these

elements to motivate them

2. The proposed framework is generic and can be used in any context.
As a future work, applying it in additional contexts or domains using

the same strategy is recommended.
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3. The present adaptive gamification strategy is a static adaptation
approach, which means that gamification features are only modified
to the user once before they use the gamified tool based on a static
user profile. In future works, dynamic adaptation that modifies
gamification features depending on user behavior in real time may be

used.
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Appendix A: Hexad Questionnaire

A questionnaire of user types scale in
gamification system

Gamification is the application of

game design components in non-game environments, such e-learning, to improve
motivation and participation. These elements include points, badges, and

virtual currency. For these apps to be effective, designers must understand the
different types of players and take into account their preferences. This survey
tries to determine which player types most accurately describe you in order to
determine what motivates you and what elements of games you love. Please take a
moment to respond to this brief survey. Noting that your response is totally
confidential and can only be seen by the researcher for use in scientific

research, it should be noted that the right response is the one that accurately
represents your point of view.

* Required

1. Age *
Mark only one oval.

) 12-15
16-20
21-25

2. Gender*

Mark only one oval.

Male

Female

3. nickname when using game applications (in english language)
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4. It makes me happy if | am able to help others. *
Mark only one oval.

Strongly agree

) Agree

) Somewhat agree
Neither agree nor did agree
somewhat disagree
Disagree

) Strongly disagree

5. | like helping others to orient themselves in new situations. *

Mark only one oval.

Strongly agree

) Agree
Somewhat agree
Neither agree nor did agree
somewhat disagree
Disagree

) Strongly disagree

6. |like sharing my knowledge. *

Mark only one oval.

) Strongly agree
Agree
Somewhat agree
Neither agree nor did agree
) somewhat disagree
Disagree

Strongly disagree

7.  The wellbeing of others is important to me. *

Mark only one oval.

Strongly agree
) Agree
Somewhat agree
Neither agree nor did agree
somewhat disagree
Disagree

) Strongly disagree
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8. | like being part of a team. *
Mark only one oval.

) Strongly agree
) Agree
) Somewhat agree
Neither agree nor did agree
) somewhat disagree
Disagree

Strongly disagree

9. Interacting with others is important to me. *

Mark only one oval.

_) Strongly agree

) Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

) Strongly disagree

10. ltis important to me to feel like | am part of a community. *
Mark only one oval.

Strongly agree

Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree

11. | enjoy group activities. *

Mark only one oval.

Strongly agree

Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree
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12. ltis important to me to follow my own path. *

Mark only one oval.

Strongly agree

Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree

13. | often let my curiosity guide me. *

Mark only one oval.
Strongly agree
Agree
Somewhat agree
) Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree

14.  Opportunities for self-expression are important to me.

Mark only one oval.

Strongly agree
) Agree
Somewhat agree
Neither agree nor did agree
somewhat disagree
) Disagree

Strongly disagree

15. Being independent is important to me. *

Mark only one oval.

) Strongly agree
Agree
) Somewhat agree
Neither agree nor did agree
) somewhat disagree
) Disagree

Strongly disagree
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16. | like defeating obstacles. *
Mark only one oval.

) Strongly agree
) Agree
Somewhat agree
) Neither agree nor did agree
) somewhat disagree
) Disagree

Strongly disagree

17.  Itis important to me to continuously improve my skills. *

Mark only one oval.

Strongly agree
) Agree
Somewhat agree
Neither agree nor did agree
somewhat disagree
) Disagree

Strongly disagree

18. | enjoy emerging victorious out of difficult circumstances *

Mark only one oval.

Strongly agree

Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree

19. | like mastering difficult tasks. *

Mark only one oval.

Strongly agree

Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree
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20. | like to provoke. *

Mark only one oval.

Strongly agree
Agree
Somewhat agree

) Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree

21.  |like to question the status quo. *
Mark only one oval.

Strongly agree

Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree

22. | dislike following rules *
Mark only one oval.

) Strongly agree
) Agree
Somewhat agree
Neither agree nor did agree
somewhat disagree
) Disagree

Strongly disagree

23. | see myself as a rebel. *

Mark only one oval.

Strongly agree
Agree

) Somewhat agree
Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree
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24. | like competitions where a prize can be won. *

Mark only one oval.

Strongly agree

Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree

25. Rewards are a great way to motivate me. *

Mark only one oval.

Strongly agree

Agree

Somewhat agree

Neither agree nor did agree
somewhat disagree
Disagree

Strongly disagree

26. Return of investment is important to me. *

Mark only one oval.

) Strongly agree
Agree
Somewhat agree
) Neither agree nor did agree
) somewhat disagree
Disagree

) Strongly disagree

27. If the reward is sufficient, | will put in the effort. *

Mark only one oval.

) Strongly agree

) Agree

) Somewhat agree

) Neither agree nor did agree
) somewhat disagree

) Disagree

) Strongly disagree
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Appendix B: Python script for multiplying matrices (25 students)

In [1]: # import necessary Librraries
import pandas as pd
import numpy as np

In [2]: pd.set_option('display.max_columns', None) # Display all columns
pd.set_option('display.max_rows', None) # Display all rows
pd.set_option('display.expand_frame_repr', False) # Disable wrapping

In [3]: # Read BMatrix.csv with headers
BMatrix = pd.read_csv('BMatrix.csv')
#orint (BMatrix)
# Read Amatrix.csv with headers
Amatrix = pd.read_csv('Amatrix.csv')
#orint (Amatrix)

In [4]: # Extract the headers
BHeaders = BMatrix.columns[1:]
AHeaders = Amatrix.columns[1:]

In [5]: # Get the 'UserID' column from BMatrix.csv
UserID = BMatrix['UserID']

In [6]: # Remove the 'UserID' and 'UserType' columns from BMatrix for multiplication
BMatrix = BMatrix[BHeaders]
Amatrix = Amatrix[AHeaders]

In [7]: # Convert DataFrames to numpy arrays for matrix multiplication
BMatrix = BMatrix.to_numpy()
Amatrix = Amatrix.to_numpy()

In [8]: # Perform matrix multiplication
RMatrix = np.dot(BMatrix, Amatrix)

In [9]: # Create a DataFrame with headers and the result matrix, including 'UserID’ column
RMatrix = pd.DataFrame(RMatrix, columns=AHeaders)

In [18]: # Insert the 'UserID' column into the Datarrame
RMatrix.insert(e, 'UserID', UserID)

In [11]: # Save the DataFrame to CSV file with headers and 'UserID' column
RMatrix.to_csv('RMatrix.csv', index=False)

In [12]: # Display the result with headers and 'UserID' column

print(RMatrix)

UserID leaderboard Badge Points Competition Customization Challenge
0 1 1.7975 2.5325 2.3625 2.2335 2.5600 2.6925
1 2 1.7150 2.4700 2.2725 2,1455 2.,7225 2.6500
2 3 1.7340 2.4375 2.2675 2.1620 2.5150 2.6175
3 4 1.6695 2,3925 2.1950 2.0965 2.5400 2.5375
4 5 1.7015 2.4350 2.2375 2.1475 2.5875 2.5950
5 6 1.7270  2.5425 2.3200 2.2040 2.6725 2.6875
6 7 1.7415 2,5250 2.3200 2.2375 2.6250 2.6850
7 8 1.5985 2.4000 2.2025 2.1165 2.4075 2.5800
8 9 1.6315 2,3825 2.1675 2.1420 2.4850 2.5625
9 10 1.6250 2.3825 2.1950 2.0995 2.4975 2.5775
10 11 1.5915 2.3700 2.1650 2.0570 2.5375 2.5500
11 12 1.7410 2,5450 2.3300 2,249 2.6700 2,7250
12 13 1.769@ 2,5775 2.3900 2.2635 2.5675 2,7225
13 14 1.6200 2.3325 2.1350 2.0755 2.4725 2.5125
14 15 1.6735 2.4350 2.2300 2.1465 2.5975 2.6150
15 16 1.6835 2.4725 2.2575 2.1370 2.6760 2.6325
16 17 1.7730 2.6125 2.3900 2.2865 2.7300 2,7725
17 18 1.6955 2.4550 2.2400 2.1785 2.6475 2.6350
18 19 1.7210 2.5200 2.3225 2.2315 2.5775 2.7000
19 20 1.7800 2.5400 2.3625 2.2235 2.6075 2.7000
20 21 1.6715 2.4600 2.2275 2.1895 2.6150 2.6400
21 22 1.7965 2.5950 2.3900 2.3120 2.6800 2.7750
22 23 1.6890 2.4725 2.2750 2.1335 2.6225 2.6175
23 24 1.7605 2.5850 2.3450 2.2760 2.8625 2.7650
24 25 1.7765 2.6125 2.3900 2.3075 2.7300 2.7725
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Appendix C: Python Script for Multiplying Matrices (100 students)

25 26 1.8370 2.585@ 2.3975 2.3245 2.7300 2.8350
26 27 1.5510 2.215@ 2.0550 1.9805 2.3250 2.,4100
27 28 1.5230 2.1325 1.9450 1.9450 2.4775 2.4025
28 29 1.5655 2.180@ 1.9825 1.9830 2.5075 2.4300
29 30 1.7720 2.560@ 2.3725 2,2525 2.5750 2.7400
30 31 1.6830 2.3875 2.2100 2.1135 2.6000 2.6175
31 32 1.7020 2.44060 2.2625 2.159 2.5650 2.6350
32 33 1.5925 2.2625 2.0650 2.0410 2.6400 2.5475
33 34 1.7120 2.4375 2.2400 2,1900 2.6625 2.6675
34 35 1.6645 2.3175 2.1475 2.0865 2.6025 2.5875
35 36 1.6170 2.2775 2.1060 2.0400 2.5375 2.5075
36 37 1.6405 2.2425 2.0725 2,0815 2.5100 2.5275
37 38 1.7895 2.555@ 2.3575 2.2735 2.7075 2.7700
38 39 1.8010 2.5175 2.3400 2.2830 2.6500 2.7875
39 40 1.8160 2.5400 2.3700 2.2980 2.6350 2.8100
49 a1 1.5805 2.2225 2.8450 2.0155 2.4400 2.4725
a1 42 1.5465 2.315@ 2.1175 1.9985 2.4200 2.4600
a2 43 1.7745 2.4800 2,3100 2,2445 2.6000 2,7300
43 44 1.6155 2.2500 2.8625 2,0465 2.5675 2,5350
a4 45 1.6660 2.3300 2.1525 2.1065 2.5025 2.5600
a5 46 1.7360 2.4625 2.2925 2.2049 2.5425 2.6925
46 a7 1.5795 2.3200 2.1225 2.0180 2.4975 2.4800
a7 48 1.6785 2.378@ 2.1725 2,1565 2.5700 2.6000
a8 a9 1.5635 2.2925 2.1225 1.9750 2.2650 2.3825
a3 50 1.5295 2.2400 2.8425 1.9500 2.5075 2,4200
50 51 1.7595 2.5200 2.3500 2.2305 2.4750 2.6800
51 52 1.6990 2.4450 2.2675 2.1345 2.5800 2.6250
52 53 1.6855 2.3925 2.2225 2.1419 2.4250 2.5725
53 54 1.7055 2.3975 2.2100 2.1585 2.5975 2.6275
54 55 1.6885 2.4075 2.2200 2.1165 2.5125 2.5675
55 56 1.7176 2.515@ 2.3160 2.1865 2.5825 2.6600
56 57 1.7295 2.5075 2.3100 2,2180 2.5750 2.6675
57 58 1.6195 2.4075 2.2200 2.1275 2.4025 2.5875
58 59 1.6315 2.3725 2.1675 2.1320 2.4450 2.5525
59 60 1.6270 2.365@ 2.1950 2.0940 2.4275 2.5600
60 61 1.7620 2.5600 2.3625 2.2625 2.5950 2.7400
61 62 1.6130 2.3625 2.1925 2.0430 2.3775 2.4875
62 63 1.6945 2.4325 12,2550 2,1599 2.4900 2.6275
63 64 1.5700 2.2300 2.0325 2.0010 2.6450 2.5150
64 65 1.7030 2.4200 2.2325 2.1710 2.6075 2.6500
65 66 1.6570 2.3175 2.14e0 2.0940 2.6175 2.5875
66 67 1.6305 2.3180 2.1225 2.971@ 2.5708 2.5400
67 68 1.6285 2.2400 2.0625 2.0770 2.5200 2.5250
68 69 1.7595 2.5300 2.3325 2,2435 2.6575 2.7450
69 70 1.7845 2.5400 2.3250 2.3115 2.7700 2.8160
79 71 1.8160 2.5475 2.3700 2,3@55 2.6650 2.8175
71 72 1.7295 2.4975 12.31e0 2.2080 2.5350 2.6575
72 73 1.6195 2.4075 2.2200 2,1275 2.4025 2,5875
73 74 1.6315 2.3725 2.1675 2.1320 2.4450 2,5525
74 75 1.6570 2.3950 2.2350 2.1248 2.3973 2,5900
75 76 1.6275 2.3925 2.205%0 2.8905 2.4950 2.5725
76 77 1.7235 2.5100 2.3125 2,2315 2.5650 2.6900
77 78 1.77@5 2.5300 2.3525 2.2835 2.5800 2.7600
78 79 1.6310 2.3200 2.1425 2,08765 2.4975 2.5000
79 8e 1.6570 2.4125 2.2150 2.1360 2.5375 2.5925
80 81 1.6350 2.4000 12,2125 2.0885 2.4700 2.5600
a1 82 1.7555 2.5775 2.3725 2.2690 2.6250 2.7375
82 83 1.6510 2.3700 2.1825 2,1165 2.4675 2,5500
83 84 1.64790 2.4025 2.2050 2.1300 2.5175 2.5825
84 85 1.67190 2.4500 2.2525 2.1495 2.5375 2.6100
a5 86 1.7435 2.5600 2.3625 2.2495 2.575@ 2.7200
86 87 1.6660 2.4000 2.2125 2,139@ 2.4825 2.5800
87 88 1.7020 2.4825 2.3050 2.2025 2.4625 2.6625
88 89 1.7385 2.4800 2.3200 2.1640 2.4525 2.6400
89 90 1.6955 2.5000 2.2850 2.2335 2.5550 2.6800
90 91 1.6470 2.3325 2.1350 2,1175 2.5475 2,5625
91 922 1.656@ 2.3225 2.1525 2.08%9 2.4825 2.53525
92 93 1.5895 2.3200 2.1225 2.0300 2.5275 2.5000
93 94 1.7360 2.4800 2.3100 2.1795 2.4550 2.6400
94 95 1.6870 2.435@ 2.2575 2.1225 2.5600 2.6150
95 96 1.6955 2.4025 2.2325 2.1410 2.4459 2.5825
96 97 1.6855 2.3e875 2.17@0 2.1385 2.6175 2.5975
97 98 1.6785 2.3975 2.2100 2.1165 2.4925 2.5575
98 99 1.6700 2.4525 12.2650 2.157@ 2.4225 2.5975
99 100 1.6995 2.4825 2.2850 2.1880 2.5250 2.6425
18 19 1.7210 2.4825 2.3225 2.1949 2.4275 2.6625
19 20 1.7395 2.4875 2.3275 2.1730 2.4675 2.6475
20 21 1.7155 2.5025 2.3050 2.2160 2.5250 2.6825
21 22 1.7655 2.5600 2.3625 2.2835 2.5950 2.7400
22 23 1.6815 2.4550 2.2675 2.1235 2.5675 2.6000
23 24 1.7220 2.4975 2.3100 2.2025 2.5825 2.6775
24 25 1.7645 2.5775 2.3800 2.2765 2.6100 2.7375
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Appendix D: Published Paper (1)
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Gamification Trends in E-learning — A Survey
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Abstract— Gamification is the use of game design elements
for the sake of motivating individuals in non-game contexts.
Most existing review papers on gamification revealed that e-
learning is the most common context of gamification. E-learning
faces a number of challenges, including lack of motivation.
Hence, combining e-learning tools with gamification is the
optimal solution to overcome this challenge. However,
educational stakeholders need to understand more about the
different gamification approaches and the trends that keep
learners motivated and engaged in e-learning environments.
This study aims to review the state-of-the-art of gamification
trends in e-learning in order to provide clear insights for
stakeholders. It investigates the literature that is relevant to
gamification in e-learning based on scholarly papers that
available on Google Scholar, Web of Science, and Scopus
databases. The main interesting results revealed that the
adaptive gamification approach which tailers gamification
elements to the learners' preferences is an alternative to the
traditional approach that uses a uniform application of
gamification elements to all learners. The result of this study
unfolds the state-of-the-art of gamification trends in e-learning.
Further research and empirical experiments are required to
increase the evidence of gamification approaches.

Keywords— Gamification, E-learning, Adaptive, Motivation.

I. INTRODUCTION

Gamification refers to the act of involving game elements
within a non-game context for the sake of motivating
individuals to perform target tasks [1]. To achieve this benefit,
educational institutions and academics put their efforts into
adopting gamification in education to improve the leaming
process through motivating the students [2]. The outcomes of
recent literature indicated that the correct designing of
gamification elements in education can improve learning
process and meet targets. The idea behind the use of
gamification in education is that it has the ability to improve
engagement and increase motivation for learning. However,
the main challenge of adopting gamification in e-learning is
how to keep leamers motivated on the long term, especially
because learners tend to have different characters and
preferences. However, the traditional approach uses the same
game design elements for all users and does not take the
leamers personality into account, eventually causing the
approach to fail [3] [4]. This study addresses the main research
question, which involves identifying the recent trends and
challenges of adopting gamification in e-learning. Hence, the
aim of this study is to highlight the trends and the efforts
towards alternative approaches that make use of game design
elements tailored to the user preferences. The recent literature
supports these aspects and indicates that the development of
technology plays an essential role in transforming education
toward an adaptation-oriented approach, which involves
personalization based on the student’s profile in order to keep
them motivated on the long run [5]. This study highlights the
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outcomes about the effect of gamification elements in e-
learning and the most used elements in order to understand the
trends and determine the gaps in gamification adoption with
education context, based on the review of literature.

II. LITERATURE REVIEW

A. Gamification Concept

Gamification as a term was first used in 2008, and it was
coined in the end of 2010 in several conferences and academia
[1]. In 2011, the first definition was proposed by Deterding et
al. [1], who define gamification as the use of game design
elements in a non-game context in order to increase user
motivation and participation within a specific activity or task.
In 2012, Huotari and Hamari [6] defined the gamification as
the process of improving the service with gamified
experiences to support the user and achieve the goal of
gamification.

B. Gamification Elements

The study conducted by [7] reviews the elements of
gamification in e-learning environments. Their conclusions
revealed that most elements are points, badges, and
leaderboards based on the Problem Based Learning (PBL)
framework. The study conducted by [8] is to identify game
design elements in education environment. The results
reported that the elements are points, badges, leaderboards,
progress bars, feedback storyline and prizes. The authors in

Player
Designer

Fig.1 MDA framework adapted from [10]

[9] identify game design elements in e-learning environment.
Their results reported that the elements are points, badges,
leaderboards, levels, feedback and challenges.

C. Models of Gamification Elements

In 2004, Hunicke, LeBlance and Zubek [10] developed the
MDA model illustrated in Fig. 1, which stands for Mechanics,
Dynamics, and Aesthetics. Mechanics represent the game
design elements that are embedded in the user interface.
Dynamics represent the higher level of abstraction. In other
words, it represents the interactive relation between the player
and elements of interface. Aesthetics represent the emotional
reaction of player toward the dynamics. This model aims to
understand games elements, players behavior, and their
emotional responses.

In 2012, Werabach and Hunter [11] classified gamification
elements into three categories, namely Dynamics, Mechanics,
and Components, as illustrated in Fig. 2. The hierarchy of
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game elements is from the most abstract game elements to the
most concrete game elements. Game dynamics such as
progression, relationship and storyline narrative define how
players will progress over time. It represents the high level in
the hierarchy which can never be applied directly in the game
system. Game mechanics such as challenge and competition
represent the basic process which keep the user's engagement
and makes a game exciting. In other words, it is the control
mechanisms that is offered to the player inside the game.
Game components such as points, badges, and leaderboard are
seen as building blocks for game mechanics and dynamic. In
other words, Components represent the specific features of
mechanics and dynamics.

of

k4

gaménd
tobe

£
[

Basx processes that
drive the acton

forward and generale
player engagement

Specific

instantiations
mechanics and
dynamics

Fig.2 DMC framework adapted from [11]

D. Gamification features

Many educational institutions are starting to combine
game elements with leaming tools to improve the learning
process. Research conducted by [12] investigates which game
elements is most used in learning tools as well as the effect of
applying gamified learning on students. The results indicated
that points, badges and leaderboards are the most widely used
elements in gamified leaming. The results also indicated that
using gamification in learning process increased the learning
motivation of students and their engagement in classroom.

The review study conducted by [2] reported that the
achievement and progression are the most gamification
affordances used in motivation interventions in e-learning. On
the other hand, immersion affordances such as the flow
experience is significantly less frequent in the learning
environment as compared to other gamification affordances.

The work in [13] discussed the gamification tools and their
relationship with the engagement level in e-leaming websites.
Two methods were adopted, the first one is e-learning
websites analysis and the second one is online survey with
gamification experts’ sample. The results indicated that most
e-leaming websites use the gamification elements. The
findings would offer new leaming strategies combined with
gamification elements to leaming designers and teachers in
order to enhance student engagement. The findings
recommended that future study of student’s viewpoints is
critical to develop a meaningful learning environment, as they
are considered to be the center of improvements.

A review study on gamification in education was
conducted by [3] in order to investigate the evidence on
gamification effectiveness in student motivation and learning
performance. They also analyzed the most used gamification
elements. The results reported that the gamification is an
effective strategy in education to improve the learning process
by motivating students and keeping their commitment. The
most used gamification elements in education are points,
medals, rankings and narrative.

A review study was conducted by [14] to identify the
trends of gamification strategies in the education process by
applying the content analysis of recent literature. The
outcomes highlighted that motivation, engagements, and
performance are the main objectives of adopting gamification
in e-leaming. On the other hand, points, badges and
leaderboard are most gamification elements used in learning
strategies.

The review conducted by [15] investigates gamification in
virtual leaming environments. The outcomes of the content
analysis reveal that badges, points, and leaderboards are the
most gamification elements used in virtual learning
environments. The results indicate a positive trend and
recommend the application of gamification in virtual learning
environments. At the same time, the main challenge remains
how to select the suitable elements that keep the students’
motivation and meet their leaming objectives.

According to the study in [16], which investigates the
trends of gamification features and e-learning concern young
learners. The findings focused on four research aspects
namely personalization, leamer styles, gamification features,
and learner engagement. The study reported that the
commonly used gamification elements in e-learning are
points, leaderboards, badges, and virtual levels.

The work in [17] investigates whether adopting
gamification features in educational workshops can improve
knowledge retention among students in secondary schools
over a period of two years. The results revealed there is a
positive effect on knowledge retention, independent of gender
factor, and independent of age factor.

The study conducted by [18] analyzes the relation
between adopting gamified smartphone applications and
learning strategies through pilot tests, using the gamified
application HEgameApp. The study showed that the
contentment of students be influenced by gamified application
features.

In [19], an investigation is presented of the effects of
gamification features on motivation levels of undergraduate
students. The results revealed that their motivation increased
significantly.

E. User preferences for gamification elements

The researchers in [20] investigated and evaluated user
preferences related to the use of gamified tools. The results
indicated that students prefer gamification in their leaming
environment instead of the traditional method. The results also
showed that there is a relationship between motivation and
engagement because motivation is one of the gamification
elements. Based on the analyzed results, two issues should be
taken under consideration: the ease of use, and keeping
students motivated on the long term.

88




Appendices

5th International Conference on Engineering Technology and its Applications 2022- (SthIICETA2022)

A gamified e-learning environment has been developed by
[21] to improve the engagement of undergraduate students.
According to the results, selecting gamification elements
based on the individual's typology would improve the
students’ engagement. As for future works, the findings
recommend the designing of gamified e-learning
environments based on personality traits.

The research conducted by [22] is to identify the
gamification elements that are curmrently adopted in science
education. The findings reported that the competitive
environment is critical to increase learning outcomes. Also,
the findings reveal that the most effective gamification
outcomes are motivation, engagement, achievement and
social interaction.

An investigation is presented in [23] on the relation
between the six user Hexad orientations, namely Player,
Socializer, Disruptor, Achiever, Philanthropist, and Free
Spirit with the five gamification designs according to five
dimensions, being the Performance, Ecological, Social,
Personal, and Fictional. These dimensions include twenty-one
gamification elements. Storyboards were used to present the
five dimensions for respondents in order to identify their
preferences. The results identify that the gamification
elements in the Performance dimension (points, level,
progression) are be considered to be most suitable for all users,
whereas the game elements in Fictional dimension such as
storytelling were least preferred by respondents.

F.  Gamification frameworks and guidelines

The gamification framework in [24] suggests to connect
behavior situations and gamification elements in order to
improve the learning process and keep the student’s behavior
over time. This framework has a multidisciplinary structure
that could be used in any context.

The authors in [25] explored the guidelines and principles
related to design gamified interventions, in order to obtain the
desired outcomes based on review study of recent papers in
various contexts. The identified principles were divided into
three categories, the first one is user-oriented principles in
order to keep desired behavior, the second one is system-
oriented principles in order to obtain enjoyable user
experience, and the third one is context principles in order to
differentiate for each context factors and elements.

As for the work in [26], it reviews the literature related to
the gamification role in teaching process enhancement. This
study offers a conceptual model adapted from contributions of
recent studies related games-based learning. The findings
pointed that available studies have limitations in their
evidences. Hence, the proposed model offers an opportunity
for future studies to investigate empirical evidence of
relationships.

G. Gamification Approaches

The classic approach that uses uniform application of
gamification elements to all learners i.e. "One size fits all" is
likely to fail because learners have different characters and
they differ from each other in their typology. To bridge this
gap, and adaptive approach should be used. The study
conducted by [5] attempts to develop an adaptive gamification
model based on user preferences. They used the Design
Science Research Methodology (DSRM) through using an
approach to propose the developed adaptive gamification

model within e-learning platforms, based on 15 adaptive
gamification studies.

The crowdsourcing study conducted by [27] aims to
identify the main factors that should be taken under
consideration when design gamification elements tailoring to
user profile. The findings revealed that there are two main
factors which affect user motivation in tailored gamification,
namely user typology and motivation strategy. An interesting
finding of this study revealed that the motivational impact of
certain gamification elements varies based on the gamified
system domain or user activity. The study revealed that Hexad
is the most suitable user typology to be adopted in tailored
gamified system that is used to identify user preferences for
gamification elements. Concerning motivation strategy, the
results found that adopting the same motivation strategy in
different implementations can have different effects on
motivation.

The study in [28] proposes a linear model between
gamification features and players typology to obtain adaptive
gamification. This model is implemented in the learning
environment and evaluated based on specialist experts. The
findings indicate that learners spend more time in adapted
gamification features. In other words, this model improves the
learners’ participation. Furthermore, the finding indicates that
motivation and participation are two factors which are
independently influenced by game design features. Related to
the player types, the limitation of this model is that it does not
take into consideration the users who not intended to play.
Further research can overcome this challenge. Future versions
of this model can bridge the gap concerning user types who
are already intrinsically motivated, by providing no features
to this user type for improving this model. Recommendations
include using adaptive gamifications based on tracking user
interactions from dynamic player profile such as assign high
score to learner who interact frequently with a competitive
feature.

A study conducted by [4] proposes a tailored gamified
approach according to the learner types in order to overcome
this challenge. This approach has been implemented on
empirically with 121 students in an elementary school to
evaluate the flow experience of students. The conflicted
results indicated that further studies are needed in this field to
improve the evidence with recent theoretical studies. Another
empirical experience has been conducted to identify which
gamification element is the most suitable to each user type, for
the sake of providing guidelines for target stakeholders.

Michel C. Desmarais [29] proposed a simple model using
non-negative matrix factorization to deriving Q-matrix in
order to estimate students’ skills to tailor class material and
personalize interaction of learners. The idea relies on mapping
tasks to skills after presenting question items and tasks to the
students.

In [30], an adaptive gamification model is proposed to
tailor features of gamification to the learner’s profile adopting
BrainHex player type. This model is generic and based on the
association matrix which includes a linear relation between
features of gamification and player types based on the formula
R=BA, illustrated in Fig. 3 below. Matrix B represents the
traits of users, and matrix A represents the weight of traits for
each feature. Hence, matrix R represents the product of the
two matrices, indicating the expected preferences of the users
toward the game features.
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Fig.3: personalizing using linear model based on R =B.A [30]

H. Gamification and motivation

Gamification in e-learning is an approach that aims to
motivate leamers and increase their engagement through
combining game design elements with the learning
environment. However, the challenge is how to integrate the
gamification elements within the educational context in an
efficient manner to keep the learners motivated. There are
currently no sufficient empirical evidences. Gamification in
fact is a psychologically-driven approach that tends to
increase individual’s motivation to do an activity and achieve
a specific target. To gamify the learning environment
successfully, the target group should be taken into
consideration, as well as their preferences of each group of
leamers relevant to game elements [31].

A review study is conducted by [32] to investigate the
gamification effect on user's flow experience. In recent years,
different studies suggest adopting gamification for the sake of
improving of user's flow experience. In the same time, the
results indicate that the interest and publications are increasing
in this field, specifically in education. The result of recent
studies indicates the importance of conducting new empirical
studies that investigate gamification effectiveness on user's
flow experience in education and other contexts. The main
challenge in recent studies conceming gamification is
understanding the effect of gamification on individuals' flow
experience. Therefore, the findings of these studies
recommend to conduct empirical studies for identifying
gamification effects related to the Flow Theory.

III. RESEARCH METHODOLOGY

A. Research Objective

The main objective of the study is to understand the trends
and determine the gaps in gamification adoption in e-learning,
based on the recent reviews of literature. The specific
objectives are to understand the effect of gamification
elements on the learners, to identify the most used elements in
gamified learning systems, and to clarify gamification
approach challenges.

B. Research Questions

This study attempts to answer the research question related
to the identification of recent trends and challenges in
adopting gamification in e-learning?

More specifically, it aims to addresses the following
questions: What is the effect of gamification on learners in e-
leaming? What are the most widely used elements in gamified
leaming? What are the gamification approaches in e-learning?

C. Searching procedure

To answer the research question, this study examines the
gamification adoptions in educational environments in recent
scholarly papers that available on Google Scholar, Web of
Science and Scopus databases. The keywords "Gamification",
"gamification in Education”, "Gamification in E-learning",
"gamification approaches™ are used to retrieve these research

papers. The output was filtered based on inclusion and
exclusion criteria.

D. Inclusion and exclusion criteria

The articles that are written in English and related to
gamification in the educational context were selected as
Inclusion criteria. On the other hand, articles that written in
other than English, related to other contexts, white papers and
duplicate articles were excluded.

IV. RESULTS AND DISCUSSION

Gamification is an effective approach in e-learning that
aims to change the learners’ behavior through improving their
motivation and increasing their engagement. The recent
literature indicates that the development of technology plays
an essential role in transforming education towards
adaptation-oriented approaches as well as personalization
based on student profile, in order to keep them motivated in
the long run [14]. The classic approach that uses uniform
application of gamification elements to all learners i.e. "One
size fits all" is likely to fail because learners have different
characters and they differ from each other in their typology.
To bridge this gap, the adaptive approach "one size does not
fit all " should be adopted. In other words, an adaptive
gamification model should be developed [5]. Player types
should be taken into consideration during the design of
gamifications to ensure that the gamification approach is
suitable for all students [3]. One of the main challenges of
gamification is providing a gamified e-learning environment
that is tailored according to the learners’ types as an altemative
of the traditional method that adopts the “one size fit all”
approach [4]. Furthermore, the relation between gamification
and the user's flow experience still needs evidence. It is
recommended to conduct empirical studies to identify
gamification effective related to Flow Theory [32].

Based on the results of recent literature reviews, there are
several challenges and trends for gamification in education.
Table I shows these aspects and their references.

TABLEL RESULTS OF RECENTS STUDIES
No. Trends and Challenges References
1. | Combining game features with e-leaming | [12][2],[13],
improve leamer motivation. [3],[14], [15]
2. | Points, Badges and Leaderboards are the most | [7][8][9][12]
widely used elements in gamified learning
3. | The classic approach that uses umiform | [5],[28],[32],
application of gamification elements to all | [26][21],
learners i.e. "One size fits all" is likely to fail. | [20] [4]
The alternative is using the adaptive approach
that makes use of game features based on the
learner’s preferences.

V. CONCLUSIONS AND FUTURE WORKS

Gamification represents one of the educational efforts that
combine digital technology with game design elements in
order to increase the leamer’s motivation and engagement in
e-learning. In light of the findings related to gamification
trends and challenges in e-learning, the main challenge
identified is that the classic approach uses uniform application
of gamification elements to all learners i.e. "One size fits all”,
which is likely to fail because learners have different
characters and they differ from one another in their typology.
To bridge this gap, the adaptive approach "one size does not
fit all " is proposed as an alternative. In other words, an
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adaptive gamification model should be developed. The Player
types should be taken into consideration when designing the
adaptive gamification model so as to ensure that the
gamification approach is suitable for all students. The opinion
is stated that the development of technology plays an essential
role in transforming education towards the adaptation-
oriented approach, as well as the personalization based on the
leamer’s profile in order to keep them motivated on the long
run.

This study contributes to the unfolding of current trends
and overcoming the challenges related gamification in e-
leaming. It offers the adaptive gamification approach which
suggests gamification elements according to the user
preferences, as an alternative to the traditional approach that
adopts the same elements to different users. Furthermore, this
study contributes to the identification of the most used
gamification elements and their efficiency in increasing
leamers” motivation. Further research and empirically
experiments are required to increase the evidence of
gamification approaches.

The outcomes of recent studies suggest to pay more
attention on expanding the scope of adaptive gamification
systems, and to focus more on user interaction in addition to

user typology.
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Abstract— Adaptive gamification is the process of customizing
game features to user preferences by offering game design
elements that fit the users' profiles and preferences. Because
people range in their personalities and preferences for
gamification components, the traditional technique of applying
gamification elements uniformly to all learners (i.e., "one size fits
all"") frequently fails because learners vary in their personalities
and have distinct learning styles. Reviewing the efforts that have
been done to adapt gamification in accordance with learners'
preferences is the major objective of this study in order to address
these issues. This aids in examining the most recent adaptive
models and the crucial elements that must be considered while
developing an adaptive gamification strategy. This study will
highlight the many user profiles that have been employed as well
as the user types model and adaptation models that have been
adopted.

Keywords— Gamification, Motivation, Adaptive gamification,
Tailoring, Personalization, E-learning.

1. INTRODUCTION AND BACKGROUND

The employment of game design features in non-gaming
contexts such as e-learning is known as gamification [1].
Gamification is the process of transforming work or activities
into game-like experiences [2]; the primary benefits of
gamification include increased motivation [1] [3].
Gamification is frequently utilized in e-learning to improve
leamers' performance [4] [5], increase engagement, and
maintain motivation [6] . Learners, on the other hand, have
different reactions to gamification components [7] [4] . In other
words, because of the diversity of player types and
personalities, gamification components that may encourage
one user may not motivate another [8][7].

Gamification's success is dependent on the proposal of
game design components that closely match user preferences
[9]. The practice of customizing gamification components to
user preferences is known as adaptive gamification. The
concept behind adaptive gamification is to offer game design
elements based on user preferences [9]. Adaptive gamification
components in e-learning have been shown to boost learner
motivation and participation [4]. The adaptive techniques offer
users a tailored gamification experience by giving game design
components that correlate to their preferences and profiles. To
improve user experience in gamified systems, the current trend
in gamification is to customize elements to user preferences
[Lo][11].
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The key current problem for gamification approaches is
determining how to personalize gamified e-learning systems
[12] [4] [13], (ie., how to recommend game design
components based on learners' preferences in accordance with
people’ various personalities and motivations). According to
recent research, the most tailored gamification efforts were in
the educational environment [14]. Traditional gamified
experiences employ the same game design features for all
users, resulting in a "one-size-fits-all" strategy that fails to
motivate all diverse individuals [7]. One of the most difficult
problems of gamification is to provide a gamified e-learning
environment tailored to the types of learners as an alternative
to traditional techniques that use a one-size-fits-all approach
[15].

The process of customizing gamification to user
preferences is known as adaptive gamification. As a result,
adaptive gamification based on learner choices is a viable
alternative for overcoming this difficulty [4] [16]. Recent
efforts have tended to suggest methods for correlating
gamification aspects to various user profiles [4] [7]. The
majority of studies have concentrated on the user model,
specifically player categories, as well as their preferences for
gamification components [5]. The Hexad model proposed by
Marczewski [17], the BrainHex model proposed by Nacke [18],
and the BigFive model proposed by Goldberg [19] are the most
dominant player typologies. Marczewski [17] presented the
Hexad model as the first exclusive user type model built for the
gamification area, and it is based on motivation theory,
specifically Self Determination Theory (SDT) [20]. Individuals
are naturally motivated to participate in activities that address
the three basic psychological requirements of humans,
according to the theory underpinning SDT. These requirements
are skills, autonomy, and relatedness.

The Hexad model was used in several studies [11] [10] [21]
[22]. Tondello et al. [23] validated this model. The Hexad
model categorizes user preferences into six distinct user types
based on two motivation modalities, infrinsic motivation and
extrinsic motivation. These six categories are: (1)
Philanthropists motivated by purpose; (2) Socializers
motivated by relatedness; (3) Free Spirits motivated by
autonomy; (4) Achievers motivated by competence; (5) Players
motivated by prizes; and (5) Distuptors inspired by change
[17].
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This study aims to investigate adaptive gamification
strategies in e-learning that typically customize gamification
features based on user preferences, as well as to present
comparisons between adaptive gamification models based on
types of user profiles and user typology models used in
gamified experiences. It also aims to identify the key factors
that must be taken into account when developing an adaptive
gamification system.

II.  LITERATURE REVIEW

Study done by [4] based on a previous study [24] done by
the same authors to propose an adaptive gamification model in
a learning environment. This model was based on existing
player types and gamification elements. More specifically,
using a linear model between player type (BrainHex) and five
separate gamification features. This suggested adaptive model
is general and is built on an association matrix that comprises a
linear relationship between gamification elements and player
categories based on the formula R=BA, as shown in figure 1.
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Fig.1: Linear model based in formula R=B A. [4], [24]

Where matrix-B shows the characteristics of users and
matrix-A shows the importance of each characteristic for each
feature. So, matrix-R is the product of the two matrices, which
would be the users' expected preferences for the game features.
In a gamification context, this model is put into action based on
the opinions of experts. This model was tested in gamified e-
leaming, and the results showed that it was able to accurately
predict how players would like to use gamification features.
This study suggests that more research should be done in the
future to look at how users interact in real time, such as turning
on and off game mechanics in the user interface.

Figure 2 shows the results of a study done by [15] and
expanded by [25] that proposes a general method for adapting
a gamified educational system to different kinds of learners.

Service
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Fig2: General adaptive gamification approach Ref. [15] [25]

BrainHex is the user type model employed by this technique.
This method has been scientifically used to 121 pupils in an
elementary school in order to assess their flow experience.
According to the findings of this research, the customized
gamification system was more successful for certain user
categories.

Another study was done by [26] to propose an adaptive
model and process to improve learner motivation by offering
gamification features that users prefer based on their player
profiles. A certain questionnaire based on the BrainHex model
of user type was used to get the information on the profile. Fig.
3 shows how the model was put into place in an e-learning
setting based on the player model.
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Fig.3: Adaptive gamification generic model [26]

The results showed that the adaptive process didn't do what
it was supposed to do, which was to make learners more
interested, and that there wasn't a clear link between adaptive
gamification and learners' motivation.

As shown in fig. 4, Tondello et al. [27] proposed a general
architecture for creating a recommender system that
personalizes gamified apps in any environment.
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Fig4: Rrecommender system for personalized gamification.[27]

The framework specifies the inputs, outputs, and processes
that make up the recommender system's major components.
User profiles, items to be rated, interactions between items and
individuals to be evaluated, and finally the context, such as
location or environment, are the components of inputs. The
output consists of the ratings that the recommender system will
predict. Depending on the situation or application, the
procedure uses the techniques and algorithms that the
recommender system uses. By tailoring gamification elements
to each user's preferences, this framework helps to increase user
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motivation. Additionally, this framework helps researchers and
designers clarify the key elements of recommender systems
connected to gamified systems.

A method proposed by [28] to present an adaptive approach
to gamification that suggests game elements that fit a player's
profile and meet user preferences. The Hexad model of player
types was used to build player profiles in this model. Before a
gamified experience starts, a Hexad questionnaire proposed by
[17] and validated by [11] [23] is used to set up the player
profile. The profile changes over time based on how users
interact with it. Based on how users interact with it, it can
suggest game design elements that match user preferences. The
suggested approach was expanded upon by the research's
original authors in an additional study [29], which included
new inputs including activity completion and a case study in
which the system was tested on actual users.

III. RESEARCH METHODOLOGY
A. Research Objective

In order to explore the most recent adaptive models and the
key components that need to be taken into account when
designing an adaptive gamification approach, the study's main
goal is to review the efforts that have been made to adapt
gamification in accordance with learners' preferences. This
includes identifying the adaptation models, which model of
user types have been adopted, as well as the different types of
user profiles that have been used.

B. Research Questions

This study provides an answer to the primary research
question, which is: What current efforts have been made to
adapt gamification models? and responds to the subsequent
research questions, namely: What user type models have
adaptive approaches adopted? What kinds of user profiles do
adaptive approaches use? What factors should be considered
while creating personalized gamification?

C. Searching Procedure

To answer research questions, this study searches for
adaptive gamification approaches in e-learning environments
in recent scholarly papers that are available on Google Scholar,
ACM Digital Library, IEEE Xplore, Science Direct, Springer
Link, Web of Science, Education Resources Information
Center (ERIC), ResearchGate, ProQuest , Academia, Springer
and Scopus databases. The keywords "gamification", "adaptive
gamification”,  "personalized  gamification", "tailored
gamification ” are used to retrieve these research papers. The
output was filtered based on inclusion and exclusion criteria.

D. Inclusion and Exclusion Criteria

The articles that were written in English and related to
adaptive gamification approaches in an e-learning context were
selected as inclusion criteria. On the other hand, articles that
were written in languages other than English, related to other
scopes , white papers, and duplicate articles were excluded.

[*]
N
(]

v.

The process of adapting gamification to user preferences is
known as adaptive gamification. By employing the same
gamification elements for all user types in a gamified
technology, traditional gamification design has taken a one-
size-fits-all approach. Due to the fact that every player has
different playing motivations and preferences, traditional
gamification often fails [30] [14]. Therefore, an alternate
strategy to address this issue is adaptive gamification based on
learners' preferences [4].

RESULT AND DISCUSSION

There are two forms of adaptive gaming: static and
dynamic. Static adaptation is the strategy that is most often
adopted. The static adaptive technique uses a static player
profile to customize gamification and captures player type data
prior to the experience. On the other hand, a dynamic adaptive
technique that adapts in real time to user behavior and
interactions [31] uses player profiles that modify throughout
the duration of an experience. Users may be directly questioned
using questionnaires. However, data-driven creations may be
made by observing and interpreting user interactions.
Additionally, the two previously described techniques may be
combined. The user model may be stereotyped, static, or
dynamic. Static, when data is just collected once and is not
updated. Dynamic when the data is regularly updated. When
inferred from certain common characteristics among user
groups, stereotypes are created [14].

To answer research questions about adaptive gamification
models, table I presents comparisons among adaptive
gamification studies according to types of user profiles and
models of user types that adopt:

TABLE I COMPARISON AMONG ADAPTIVE MODELS

Models
. Adaptation Types of users of
Mo | Rel: Model profile User
type
il Linear model
1 124] relies on matrix static BrainHex
- factorization.
[15] tailormg gamified
% educational static BrainHex
[25]
system
propose generic
3. | [26] | gamified adaptive static BrainHex
model
4l en Recommender wa wa
system
5 gamified adaptive ’ <
5. | [28] method Static/Dynamic | Hexad
dynamic adaptive <
6. | [29] method Static/Dynamic | Hexad

According to literature research and existing models of
adaptive gamification, there are interesting factors and
characteristics to consider when designing personalized
gamification. Here is further information about these
components and elements:
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A. Models of user type:

In addition to their preferences for gamification
components, the majority of research focused on user models,
more especially user typologies [14] [13] [4]. User typologies
are therefore one of the key elements to take into account when
building adaptive gamification. The findings of the literature
already in existence supported the need oftaking player profiles
into account when creating gamification systems [14].

The findings of the literature research show that the Hexad
user type is more relevant to creating gamification since Hexad
was built specifically to handle gamification [32]. As an
alternative to the questionnaire scale that was developed by
[17] and confirmed by [34] [23], new research by [33] uses
game-like apps to predict player types.

We may draw the conclusion that gamification tailored in
accordance with the Hexad model tends to increase motivation
and learner engagement [35], which is supported by another
research [36]. In contrast, other user kinds like BrainHex were
developed to meet different gaming player types. The Big Five
is a different user type that was developed to address
personality attributes [27].

B. Types of user profile

User profiles come in static and dynamic types. When
information is gathered via a player-type questionnaire prior to
the beginning of the experience, the user profile remains static.
Dynamic user profiles are those where information changes
over time while participating in a gamified experience
depending on user activity like interactions [29].

C. Motivation strategies:

One of the key elements that must be taken into account
while building gamification interventions is motivational
strategies [32]. The majority of research [37] concentrated on
the level of game mechanics, which are sometimes referred to
as persuasive or motivating strategies. In order to make
gamification principles and motivating techniques clearer,
there are numerous frameworks that categorize and arrange
gamification features. In order to define the notion of
gamification, Werbach and Hunter [38] presented the DMC
(Dynamics, Mechanics, and Components) framework. This
framework introduces a gamification pyramid that categorizes
gamification aspects into three levels. Dynamics, such as
emotions, are the most basic and abstract elements that cannot
be easily included into a gamification system. In a gamified
system, dynamics such as challenges and competition are used
to motivate player participation. This process is known as
mechanics. Components, like badges and avatars, are the
tangible representations of mechanics and dynamics. One of
the primary current and future research themes is game
components [39].

D. The context:

Based on previous contextualized research, the findings of
the literature analysis show that the context influences the
motivating effect of game features. Therefore, while creating
game features, context should be taken into account [27] [39].

263

According to research by [32], the context of a gamified system
should be taken into account while designing gamification
features. The user's behavior, such as taking tests, or the
domain, such as education, are both examples of context.

V. CONCLUSION

The process of adapting gamification to user preferences is
known as adaptive gamification. By using the same
gamification elements for all user types in a gamified
technology, traditional gamification design has taken a one-
size-fits-all approach. Due to the fact that each player has
unique playing motivations and preferences, this strategy
frequently fails. Therefore, an alternative strategy to solve this
problem is adaptive gamification based on student preferences.
This study's goal is to outline efforts for adaptive gamification
strategies in e-learning that tend to customize gamification
elements in accordance with learner preferences.

According to literature reviews and existing models of
adaptive gamification, there are infriguing elements and
considerations to consider when developing personalized
gamification. According on the results of the currently
published literature, the player profile should be the first
consideration when developing gamification systems. A user's
profile might be static or dynamic. The user typology model is
the second element to consider. Most research focused on user
models, particularly user typologies like the Hexad user type
and user preferences for gamification elements. The findings of
the literature review indicated that this user type is most
relevant to producing gamification because Hexad was created
specifically to handle it. Utilizing motivational strategies is the
third factor to take into account. Game mechanics, sometimes
referred to as persuasive or motivational methods, are an
important factor to consider while creating gamification
treatments. The context of the gamified system, such as the
domain or type of user activity, should be taken into account
when developing game elements.

The outcome of this study highlighted the Hexad model,
which is the most well-liked user typology model, as well as
various static and dynamic user profile types utilized in
adaptive gamification strategies.
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