Journal of Theoretical and Applied Information Technology ~
15% January 2026. Vol.104. No. 1 N
© Little Lion Scientific P

SMminl

E-ISSN: 1817-3195 |

ISSN: 1992-8645 www jatit.org

CHATBOT INTEGRATION IN GAMIFIED E-LEARNING:
BRIDGING ONE-SIZE-FITS-ALL AND ADAPTIVE
APPROACHES

ZECRI EZZOUBAIR', EL HADDIOUI ISMAIL? , OUZZIF MOHAMMED?

C3S Lab, Hassan II University, Superior School of Technology, Casablanca.
E-mail: 'ezzoubair.zecri-etu@etu.univh2c.ma, 2ismail.elhaddioui@gmail.com, *ouzzif@gmail.com

ABSTRACT

It is true that human interaction can play a significant role in the learning process. The lack of these
interactions in e-learning can lead to feelings of isolation and disengagement among learners. Several
researchers have proposed gamified e-learning system model as an effective way to increase learners'
motivation by providing them with autonomy, relatedness, and competence. Basing on literature, we can
divide gamification models into three categories:

- The "one size fits all" model where the game elements and mechanics are pre-determined and applied to
all learners in a fixed manner.

- The static adaptation models refer to a gamification approach where the game elements and mechanics are
pre-determined and applied to all learners in a fixed manner, according to their profile.

- The dynamic adaptation models refer to an approach of gamification where mechanics are adapted in real-
time to the learners' changing needs.

In order to help designers of gamified learning management systems to better maintain the learner’s
motivation, we propose a new model for a gamified learning system that incorporates game elements using
the three models explained above. This model aims to address the limitations of traditional e-learning
platforms by providing a more engaging and personalized learning experience for students.

Keywords: Adaptive Gamification, Learner engagement, E-Learning, Instructional Design, Adaptation

Model
1. INTRODUCTION

E-learning has become a key component of
contemporary  education, transforming how
knowledge is delivered and received. Its
significance lies in its capacity to overcome
geographical and time-related barriers, offering
learners access to education regardless of their
location or schedule. By using digital technologies,
e-learning provides a wide range of courses,
materials, and expert knowledge, supporting a
global and connected learning environment. This
flexible approach allows individuals to personalize
their learning paths, progress at their own speed,
and engage with topics that match their interests.

While e-learning offers numerous benefits, it also
presents challenges in maintaining learner
engagement and motivation[1]. One of the primary
issues is the lack of face-to-face interaction and
human connection, which can lead to feelings of
isolation and disengagement. Without the physical
presence of instructors and classmates, learners
may struggle to stay motivated and may miss out on

the collaborative and interactive
traditional learning environments.

Gamification emerges as a promising solution to
address the loss of motivation in e-learning[2]. By
incorporating game elements and mechanics into
the learning process, gamification can transform
mundane tasks into engaging and enjoyable
experiences. Moreover, adaptive gamification
systems can tailor the learning experience to
individual preferences and progress levels, ensuring
that the challenges and rewards align with each
learner's specific needs.

Chatbots in e-learning serve as valuable tools to
bridge the gap between learners and the lack of
face-to-face interaction and human connection[3].
These virtual assistants can simulate human-like
conversations, providing personalized support and
guidance to learners throughout their e-learning
journey. Chatbots can offer immediate responses to
queries, clarifications, and provide real-time
assistance, creating a sense of interaction and
engagement. Learners can engage in conversational
exchanges, ask questions, seek clarification, and

aspects of
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receive prompt feedback, mimicking the experience
of interacting with a human instructor.

We propose a model based on gamification
elements that have been the subject of a previously
published work[4]. The elements were categorized
into five dimensions: Measurement, Ecological,
Social, Fictional and Personal. The impact of each
element on learner motivation, whether it was
intrinsic or extrinsic, is also mentioned. In total, the
study identified 19 elements, which included
Acknowledgment, Level, Progression, Point, Stats,
Chance, Imposed choice, Economy, Rarity, Time
pressure, Competition, Cooperation, Reputation,
Social pressure, Novelty, Renovation, Sensation,
Narrative, and Storytelling.

Our proposed model, which we have previously
developed in a simplified version[5], is based on
the interaction between three main actors: the
system, the teacher, and the learner. These actors
are interconnected and can interact with each other
in various ways to create an engaging and
personalized learning experience. They can interact
via the application settings or chatbot
communication if one of the two communicators is
the application’s system. In this way, our proposed
system is designed to foster interactions between
the three actors to create a personalized, engaging
and dynamic learning experience. The system
continuously monitors and adapts to the learners'
needs, while the teacher provides guidance and
support, and the learner actively participates in the
learning process.

Addressing the limitations of 'one-size-fits-all'
and static adaptation approaches, this paper focuses
on proposing a hybrid dynamic adaptive model that
integrates a reactive chatbot for the management of
gamification elements. The primary contribution of
our research lies in defining a comprehensive
architecture and a three-way feedback loop
(Learner, Teacher, System), enabling real-time
personalization based on the learner's profile
(learning style, HEXAD type) and leveraging
machine learning (ML) to refine recommendations.
This model clearly delimits the application scope of
adaptive gamification for LMSs, offering direct
practical implications: it provides designers with a
roadmap for integrating conversational agents as
adaptation vectors, and offers teachers a powerful
tool for optimizing course engagement and
effectiveness.

This work addresses the dual challenge of
maintaining student motivation and the lack of
concrete human interaction within gamified
Learning Management Systems (LMS). Therefore,
the central research question is: How can a hybrid

dynamic adaptive model, integrating a reactive
conversational agent, effectively overcome this
interaction deficit and personalize gamification
elements in real-time to optimize learner motivation
and engagement?

2. RELATED WORKS

2.1 Adaptable and

Gamification

Both Panis et al.[6] and Shi and Cristea [7]
employed a one-size-fits-all approach in their
respective studies. Panis et al. proposed a gamified
problem-based learning model that incorporated
three inputs: determining the learner's role,
preparing the teaching material, and identifying
gamification elements. Meanwhile, Shi and Cristea
relied on the self-determination theory (SDT) to
define a learner development strategy. Their
strategy involved implementing five autonomy-
related  strategies, five  competence-related
strategies, and five relatedness strategies, based on
the three needs of SDT. By combining these
approaches, both studies sought to provide a
comprehensive framework for improving the
teaching process and engaging learners.

Hallifax [8] employed a static adaptation
model, using the PDA-LPA design (Perception
Decision Action - Learning Prediction Adaptation),
to analyze learner behavior within a course. This
model was utilized to examine learner actions and
subsequently suggest modifications to the teacher
in terms of game elements. These recommendations
provided the teacher with the opportunity to select
alternative elements for incorporation into the
course, thereby improving the overall learning
experience.

Kamunya et al. [9] and Rodrigues et al.
[10] employed both static and adaptive
gamification systems. Kamunya et al. proposed a
system that suggested gamification elements based
on the learner's characteristics, although the specific
selection process is not specified. On the other
hand, Rodrigues et al. utilized Conditional Decision
Trees and collected user data through surveys,
including personal information like sex and
country, as well as preference for gamification
elements. The objective of Rodrigues et al.'s study
was to identify the most suitable game elements for
specific user characteristics, with the intention of
integrating them into both static and dynamic
adaptive gamification systems.

Hassan et al. [11] focused on collecting
learner-system interactions to define their
individual learning styles, enabling the selection of

Non-Adaptable
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appropriate game elements tailored to each learner.
Monterrat et al. [12] utilized a matrix-based
approach, combining user traits and weights
assigned to each game element, to determine
learner preferences and identify the best-suited
elements to propose. Tomé Klock et al. [13]
developed an adaptive system using a model based
on four key questions: "Who?" to identify the
learner, "Why?" to identify areas where
gamification can enhance behaviors, "How?" to
determine the choice of game elements, and
"What?" to specify the data used in the gamification
process. Bockle et al. [14] proposed a design
framework for adaptive gamification, incorporating
four elements interconnected by different paths.
The first element aimed to define the purpose of
adaptability, aligning learner goals with activity
objectives. The second element utilized criteria
such as player and personality types, along with
learner preference surveys, to guide adaptive
gamification approaches. The third element
involved the use of adaptive game mechanics and
dynamics, such as alert messages, difficulty
adjustments based on learner performance, and
customized challenges. Lastly, the fourth element
provided recommendations; personalized content,
adaptive learning paths based on learner skills, and
adapted user interfaces displaying relevant game
elements based on learner interactions. These four
studies, employed dynamic adaptive gamification
approaches to enhance the effectiveness of their
respective systems. Zairon et al. [15] developed and
evaluated a hybrid user model for adaptive
gamification in virtual learning, grounded in the
Felder-Silverman Learning Styles Model. By
identifying students’ learning styles, mapping
appropriate gamification elements, and creating a
dynamically adaptive system, the model aims to
personalize the learning experience and sustain
learner engagement. The cognitive walkthrough
evaluation demonstrated strong task completion
rates, indicating promising effectiveness, while
usability analysis highlighted areas for refinement
such as visual organization, navigation, and
feedback clarity. Overall, the model shows potential
to address diverse learner needs by continuously
adjusting game elements to individual behaviors
and preferences, contributing to the advancement of
adaptive  gamification in  virtual learning
environments and supporting more engaging and
effective e-learning experiences.

2.2 Gamification and Chatbots
The effectiveness of a chatbot for online
learning in medical terminology named "Termbot"

was examined [16] . By integrating crossword
puzzles into the chatbot, students had an interactive
and enjoyable learning experience, leading to
significant progress in learning medical terms. The
findings provide valuable insights for educators to
identify areas where additional support may be
beneficial.

Thomas and Alkhafaji [17] explores the
benefits of using chatbot-supported communication
in e-learning, specifically in MOOCs. The research
highlights the importance of personalized content,
credibility, and human touch in delivering effective
e-learning services. The findings indicate that
aligning communication styles between chatbots
and learners leads to positive perceptions and
increased intention to use chatbot-supported e-
learning services.

A study presents a joint open student-
player model within a system architecture that
emphasizes adaptability and simplicity in digital

applications [18] The architecture includes
modules  for game  learning  analytics,
personalization, and contextual information

collection. Real-time personalization features are
provided by the gamification engine, and a reactive
chatbot architecture with multi-channel integration
is proposed. The paper also discusses the building
blocks for implementing this architecture.

In Souali et al. paper [19], a method is
introduced that utilizes a customized chatbot
integrated with the Moodle platform via web
configuration. This chatbot is specifically designed
to deliver immediate responses to learner inquiries
and offer tailored suggestions based on their
individual requirements. The system follows a
predefined sequence of commands, starting with
retrieving data from the database, suggesting
suitable learning resources or requesting missing
feedback, and recording generated
recommendations for future analysis or similar
queries.

A study investigates the advantages of
integrating game elements into conversational
learning chatbots, emphasizing their ability to
enhance learner motivation and support self-
regulated learning Benner et al. [20]. The authors
propose a comprehensive framework that combines
theories from game design, digital learning, and
chabots to gamify educational chatbots effectively.
The research offers practical insights for
practitioners looking to implement gamification
strategies in chatbots for educational purposes.

Huang et al. [21] study evaluated the
effectiveness of an Al-powered gamified chatbot
that integrates an Online-Merge-Offline (OMO)
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strategy to improve parents’ nutritional knowledge.
The chatbot provided interactive learning
experiences enhanced with gamification features,
such as level completion and community
leaderboards. Artificial intelligence played a key
role by processing nutritional information and
delivering personalized responses and feedback to
users. The integration of gamification with the
OMO learning approach supported sustained
engagement, strengthened knowledge acquisition,
and ensured a smooth transition between digital
learning activities and real-world application.

2.3 Machine Learning in Gamification

The study of Loépez and Tucker [22]
introduced a ML model that adapts to individuals
and tasks by utilizing task information and facial
keypoint data. This model predicts the performance
of individuals on a gamified task. Notably, the
facial keypoint data of individuals is captured prior
to task completion using a non-intrusive sensor,
which does not impact their immersion or ability to
interact with the application.

Monterrat et al. [23] introduces a system
architecture aimed at motivating learners by
incorporating game elements into existing web-
based learning environments. The proposed system
exhibits both generic and adaptive characteristics.
Its genericity is achieved by integrating game
elements as epiphytic functionalities into the user
interface without affecting the host environment.
On the other hand, the system's adaptivity is based
on a player model that identifies the most suitable
player type for each user. To update the player
model, a straightforward algorithm employing
adaptation rules adjusts the values of motivational
factors based on the observed utilization of the
epiphytes and the level of engagement.

The application developed by Suresh et al.
[24] combine deep Ilearning and traditional
gamification to facilitate learning. It allows children
to learn generalization by considering variations in
color, pose, and number, providing a more
comprehensive learning experience. Additionally,
the application allows for the option to change
pictures, enhancing the overall learning experience.
It can be programmed to reinforce learning by
repeating certain categories and interspersing them
with samples from categories where the student
may have made mistakes. In the study, a joint-
embedding technique was employed, combining
two neural network architectures: VGGNet, a
Convolutional Neural Network (CNN) model, and
LSTM, a stacked Recurrent Neural Network (RNN)
with Long Short-Term Memory.

The main objective of Missaoui and
Maalel [25] work is to develop a gamified adaptive
learning environment that represents and classifies
the learner's profile. In the student-profiling phase,
ML techniques are utilized to classify the user's
profile based on captured data. The "SPOnto"
ontology developed focuses on constructing an
ontology-based semantic student profile for the
learning system, enhancing its representation by
incorporating important characteristics.  This
improved profile aids in decision-making across
various academic contexts and motivates learners to
achieve their learning goals. The construction of the
student profile is accomplished through the use of
ontology and ML techniques.

Abdurahmanovic et al. [26] emphasizes
that purely technical solutions are not sufficient to
optimize district heating systems, as end-user
behavior significantly influences overall
performance. Active consumer engagement is
therefore essential to ensure sustainability. The
results indicate that gamification can lead to
substantial energy savings. However, the review
also highlights major challenges, including the
difficulty of sustaining user engagement over time
(user fatigue) and the limited personalization of
gamified experiences. To overcome these
limitations and enhance effectiveness, the paper
suggests integrating smart technologies and ML.

2.4 Gaps in Existing Studies and Need for a
Unified Model

The review of the literature shows that
many studies have improved our understanding of
gamification in e-learning and the use of static or
dynamic adaptation strategies. Other works also
explored the role of chatbots in increasing
interaction and supporting learners. However,
despite these contributions, existing studies still
present limitations that reduce their practical impact
when  designing  fully adaptive learning
environments.

The first limitation is the fragmentation of
approaches. Most studies focus on only one type of
model—one-size-fits-all, static adaptation, or
dynamic adaptation—without proposing a complete
architecture that can combine all three levels in the
same system to offer a more personalized learning
experience.

The second limitation concerns the weak
integration between gamification and chatbots.
Research on chatbots usually focuses on delivering
answers or learning resources, while adaptive
gamification research concentrates on selecting and
adjusting game elements. Very few works consider
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the chatbot as a central actor in an adaptation loop
where it can suggest gamification elements, collect
learner reactions, and send this information to a
decision engine.

Finally, even if some studies use ML
techniques, their use is often limited to behavior
analysis or preference prediction. They do not
provide a clear operational mechanism that explains
how ML predictions control the display of
gamification elements inside a real LMS.

3. PROPOSED MODEL

The objective of our research is to assist
teachers in creating a gamified course that
effectively maintains student motivation. To
achieve this, we propose a novel model of adaptive
gamified e-learning. This model is designed to
dynamically adjust and personalize the learning
experience  based on  individual student
characteristics and needs.

Unlike previous studies that focus on a
single form of adaptation or treat gamification,
chatbots, and ML separately, our model integrates
these components into a unified framework. It
addresses key limitations identified in the literature,
including the lack of connection between adaptive
strategies, the limited role of chatbots in
personalization, and the absence of operational
mechanisms linking ML predictions to the display
of gamification elements inside a real LMS. By
combining these contributions, the proposed model
offers a more complete and practical architecture
that extends existing approaches to adaptive
gamified e-learning.

To achieve this goal, our Learning
Management System (LMS), illustrated in Figure 1,
consists of three main actors: the system, the
learner, and the teacher. The interactions between
the system and the teacher, as well as between the
system and the learner, are two-way. The system
suggests courses and encourages the learner, while
also inviting the teacher to create courses and
choose extrinsic elements to be displayed. The
learner engages in their tasks, and the teacher
provides appreciation to the learner for their
performance. It incorporates intrinsic game
elements that may not be immediately apparent to
learners during their interactions (non-adaptable
gamification). Among the list of 19 elements that
were mentioned in the introduction, the intrinsic
elements are: Chance, Competition, Cooperation,
Reputation, Social pressure, Novelty, Renovation,
Sensation, Narrative, and Storytelling. On the other
hand, the system may or may not suggest the

remaining extrinsic elements

gamification) [5].

(Adaptable

3.1 The Learner

The LMS primarily saves three types of
information about the learner. This information will
be used later to determine whether or not to display
extrinsic gamification elements:
3.1.1 Personal information
Learning, as a complex and multidimensional
process, closely depends on each individual's
personal  characteristics. ~ Personal  identity
encompasses a set of attributes unique to each
individual, such as gender, age, nationality, name
and surname, or occupation.
For example, normal aging leads to cognitive
changes, while some abilities such as verbal skills
and semantic memory remain intact, others like
episodic memory, attention, and spatial learning
tend to decline with age [27], [28] . Gender also has
a significant impact on student-instructor
interactions, influencing how competence is
perceived in the classroom [29]. Although several
studies have highlighted that boys generally show
higher engagement with digital technologies [30],
[31] girls have demonstrated greater involvement in
digital learning. This is not surprising, as girls
typically show higher investment in school-related
tasks [32].
3.1.2  User profile information
To enhance the system's functionality, a decision
has been made to combine the learning style and
player type. This choice is driven by the fact that
the system incorporates both e-learning and game
elements. By using forms provided to learners
during their initial connection, the (LMS) can
determine both the user’s learning style and their
player type.
Learning style encompasses all the characteristics
that define an individual's learning process [33].
Numerous models and theories have been proposed
by psychology researchers to describe learning
styles. Among these, the Felder-Silverman learning
style model[34] has gained widespread acceptance
and is commonly employed in many LMS
applications[35] . The Index of Learning Styles
(ILS) questionnaire[36] can be utilized to evaluate
the learner's learning style. The questionnaire
assesses the learner's preferences along four
dimensions and assigns values within a range of
two values to determine their learning style
(Processing: Active or Reflective, Perception:
Sensory or Intuitive, Input: Visual or Auditory and
Uderstanding: Sequential or Global).
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Researchers are actively investigating the potential
of utilizing player types as a means to enhance and
customize gamified applications. The Bartle Player
Types are widely recognized as one of the
fundamental categorizations of players in the
gaming community[37]. It contains four player
types: Achiever, Explorer, Killer and Socializer[38].
Marczewski[39] adapts Bartle's player types to
align with the specific context of gamification[40].
The HEXAD scale is considered a valuable tool for
designing tailored gamification experiences in both
research and practical applications[41]. In this
study, the test developed by Tondello [42] is
employed to identify and classify the Hexad User
Types Achiever, Free Spirit, Philanthropist,
Socializer, Disruptor and Player.

3.1.3  Behavioral information

On the one hand, the model proposes to collect
detailed data on learner behavior in order to analyze
their use of the platform and better tailor the
learning experience. This information may
include[43], for example:

e Time spent in a course: the total duration
of all learner sessions on the platform.

e Average session duration per course: the
average amount of time the learner spends
during each session.

e Number of accesses to a chapter: the total
number of times the learner connects to a
specific chapter.

e Time of day of course access: the specific
time slots during which the learner
accesses the platform.

e Number of forum posts: the total number
of contributions made by the learner in
discussion forums.

On the other hand, we track the learner’s
interaction with various extrinsic game elements,
like medal and limited item collection, progress
bars and visible stats, level progression, purchases
made in the in-game shop, and time spent
completing tasks with imposed choices and
countdowns, or simply by reacting with a “like” or
“dislike” button after the display of a gamification
element.

3.2 The Teacher

The main task of a teacher is to create a
course that effectively incorporates intrinsic
gamification elements. However, it can be
challenging to create such a course perfectly from
the first attempt. Evaluating student engagement
and their grades towards the end of the course is
crucial. To address these challenges and achieve
continuous improvement, we propose a loop model.

Our system suggests using the Successive
Approximation Model (SAM) for teachers to create
their courses, which is an instructional learning
approach. In our model, we have chosen SAM as a
convincing alternative to other instructional design
approaches such as ADDIE[44]. SAM consists of
three main steps, which are performed in a loop.
The teacher applies these steps while designing the
overall course and each chapter.

The first step is "Design," where the
teacher establishes objectives, creates the structure,
and defines the units at the course level or the
information within each unit at the chapter level.

The second step is "Develop," during
which the teacher adds text, audio, graphics, and
other elements to develop the course. During this
step, the teacher is also responsible for adding
additional materials as supplementary resources to
provide further clarification on specific chapters if
the student requires more clarification or
information. These additional materials serve as an
additional response element to support the student's
understanding and address any questions or
uncertainties they may have regarding the content.

Finally, in the "Evaluate" step, the teacher
assesses the effectiveness of the course or
individual chapters in order to ameliorate the course
for the next session.

3.3 The System

All steps explained in this section are
executed within an enhanced LMS that can be
based on a traditional LMS, where courses,
chapters and sessions can be managed in a
traditional way. The enhanced LMS includes the
integration of a chatbot module for communication
with learners and an adaptation engine. The
adaptation engine analyzes learner data and
determines whether to suggest or not an extrinsic
element through the chatbot. This integration
enables personalized and adaptive learning
experiences for the learners within the LMS
environment.
3.3.1  The chatbot
To facilitate social interaction and communication
among learners, as explained in the previous
paragraph our model incorporates a chatbot, which
performs various functions such as reading
incoming messages, identifying keywords and
commands, executing specific functions, and
providing appropriate replies. The recommendation
engine is activated when requested during a
conversation with the chatbot. It accesses the LMS
database, stores computed suggestions in a separate
recommendation database, and utilizes them for
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further analysis[19]. The chatbot generates
responses through predetermined conversation
paths or employs natural language processing and
can use ML algorithms to understand user intents
and entities. It can provide predefined responses
based on specific rules or generate intelligent
responses by learning and recognizing new
keywords and phrases.

In our model, the recommendation engine (RE)
fulfills two main functions. Firstly, it provides
suggestions for additional materials, such as videos,
documents, or graphs, based on the learner's
progress and questions. These resources are initially
uploaded by the teacher as supplementary
materials. Secondly, the RE recommends extrinsic
game elements, and the quantity of these elements
suggested is determined by the learner's interaction
with them. If the learner responds positively to the
suggested game elements, the RE will propose
more of them, and conversely, if the learner shows
less interest, fewer game elements will be
suggested.

The chatbot functions using a predefined set of
commands. The recommendation process initiated
by the RE involves three stages. First, it retrieves
relevant data from the database (Fetching). Next,
based on the learner's progress and interactions, it
suggests additional learning materials and extrinsic
game elements or requests missing feedback
(Recommendation). Finally, the chatbot stores the
computed recommendations in a record for future
analysis or to provide answers to similar queries
(Trace).

3.3.2  The adaptation engine

To make the system truly adaptive, integrating ML
is essential, particularly by leveraging data
collected on the learner’s profile. This data includes
not only personal information but also the learner’s
specific profile and interaction behaviors, as
detailed in the section dedicated to the learner as an
actor in our model. This information will serve as
the basis for building the dataset required to train
the adaptation engine. Thus, when a learner reaches
a threshold deserving an extrinsic gamification
element, the engine will be able to determine
whether or not to display that element, based on the
analysis of the collected data.

As part of the adaptive display of extrinsic
elements, two models are considered. The first is a
static adaptation model, where the adaptation
engine makes its decisions solely based on the
learner’s initial information stored in the database
(e.g., learning style, player type, etc.). Using a ML
algorithm, the system determines whether an
extrinsic element should be shown. Then, as the

system gathers responses or behaviors from the
learner in reaction to these elements, it can refine its
decisions using the dynamic adaptation model. If a
specific type of element generates positive
reactions from the learner, indicating increased
engagement, the adaptation engine may choose to
display it more frequently. Conversely, if repeated
negative reactions suggest disinterest, the element
may no longer be displayed for that learner.

As explained, the stored data includes detailed
information about how the learner reacted to the
gamification elements—whether the response was
positive or negative. This process generates a
labeled dataset, allowing us to apply a supervised
learning model. Since our goal is to classify learner
reactions into two categories (positive or negative),
we need to use an appropriate binary classification
algorithm. This approach enables the system to
better anticipate learner preferences and adapt
gamified content based on previous responses and
interactions.

4. PROOF-OF-CONCEPT EVALUATION

We are exploring the implementation of
GAMLEARN, an adaptive LMS designed to meet
the evolving needs of online education. This project
aims to increase engagement and enhance
pedagogical effectiveness by integrating carefully
selected gamification elements. We will detail the
general design of the application and the main
technical aspects of its development. The
GAMLEARN application, short for "gamified e-
learning," is a gamified e-learning platform
designed to test the adaptive model we proposed. It
is built using open-source tools, offering great
flexibility in its development and deployment. The
application is designed to integrate more
gamification elements, enriching the wuser
experience while maintaining an intuitive and
accessible interface.

The main goal of the GAMLEARN
application is to evaluate the feasibility of the
adaptive model in a real-world setting by adjusting
gamification elements based on learners' profiles to
boost engagement and performance. Built with
open-source tools, it offers a flexible and scalable
solution tailored to diverse educational needs.
GAMLEARN also explores the impact of
personalization by dynamically adapting gamified
features according to learning styles, player types,
behaviors, and personal data. It serves as a research
platform to continuously enhance learner-centered,
evidence-based gamified learning experiences.
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4.1 Application Choice

We chose Moodle (Figure 2) as an open-
source solution to host our courses. Moodle proved
to be the ideal choice due to its high flexibility and
ability to be customized to meet various
pedagogical needs. Many ready-to-use course
templates are easily available online, simplifying
the integration of content for our testing. Adding
forms, especially for the ILS and HEXAD
questionnaires, is also straightforward, allowing us
to quickly adapt the application to learners’ specific
needs and collect the data required to evaluate our
adaptive model. Moodle also maintains a log table
that records nearly all student actions on the
platform, providing comprehensive tracking and in-
depth analysis of interactions for the continuous
improvement of teaching methods.

GAMLEARN  Home Dastbeard My coursis. AR a2

Python for Beginners 1 - Python Language Basics

v Welcome to Basic Python for Beginners! Colap:

Instructor:Christian Thompson (ouTube Channel  Tuiter / Blog £ Reddit)

fon i g0 500)

ok WL v hvon g arplanés n cais) l

Mat s o

Figure 2 : GAMLEARN Interface

For the chatbot, we chose Botman as the
optimal solution. Botman is a platform developed
in PHP, ensuring full compatibility with the Moodle
LMS we selected. Another key advantage of
Botman is its ability to add a web widget in the
form of a popup, which can be displayed directly
on the application’s website. This popup allows for
instant and user-friendly interaction, enhancing the
user experience by providing real-time support and
assistance. To test our adaptation engine, we
propose integrating two game elements known to
impact extrinsic motivation: progress and
acknowledgment.

Moodle natively includes learner progress
tracking features, allowing the measurement of
advancement through course and module
completions. Botman can be configured to enhance
this experience by sending automatic notifications
via the web widget when predefined progress
thresholds are reached. It also provides the ability
to set specific completion criteria for each activity,

whether it's a quiz, lesson, or other types of
activities. These criteria define the conditions
required for an activity to be considered
successfully completed—for example, achieving a
certain score on a quiz or finishing all steps of a
lesson. Botman can be configured to automatically
send congratulatory messages when students reach
these goals.

When the chatbot displays messages that
include gamification elements, the learner’s
reaction plays a crucial role. This reaction helps
assess whether the learner appreciates these
gamified elements or not (Figure 3). By
understanding each learner’s preferences, the
platform can adjust the proposed gamified
elements, ensuring a more engaging and
personalized experience, specifically tailored to that
learner.

= e

.
Hallol | am your leaming assistant. | will

help you track your progress.

Helia! | am your Ieaming assistant |l
halp yau irack your progras

Outstanding achievement! You
scored 100%! Your hard work and
dedication really show.

¥ of caurse completad

Likst sliks

Like Dislike:

Figure 3 : Learner's Feedback

4.2 Machine Learning

To build the dataset for training our ML
model, we created a table following the logic of the
theoretical model presented in this paper. This table
stores three types of information: the student’s
personal data, including age, gender, and country;
profile information, comprising results from the
HEXAD and ILS questionnaires; and behavioral
data, which records completed chapters, number of
logins to the platform, and the student’s interactions
with  various gamification elements. Since
GAMLEARN is a new application and we are
testing its feasibility, and because we do not have a
sufficient volume of data to train the ML, we filled
the dataset table using a script. This script generates
data while respecting as much as possible the logic
corresponding to each student profile, based on
their personal information, profile, and behavior. To
develop our adaptation engine, we used the
XGBoost as a binary classification algorithm,
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which offers us the best accuracy while maintaining
minimal training time.
4.2.1 Display of Elements According to the
Static Adaptation Model
For each learner, the adaptation system consults the
data previously stored in the database to make a
prediction using the ML algorithm. This prediction
estimates  whether displaying an  extrinsic
gamification element would be relevant and
beneficial for the learner’s engagement. If the
model predicts a negative impact, the element will
not be displayed. Conversely, if the prediction is
positive, the gamified element will be shown.
4.2.2 Display of Elements According to the
Dynamic Adaptation Model
When the ML algorithm’s prediction is positive, the
system also considers the estimated interaction
probability generated by the same algorithm. If this
probability is below 60%, the extrinsic gamification
element may be displayed conditionally: it will be
maintained only as long as the learner does not
provide three negative feedbacks. Beyond this
threshold, the element will no longer be shown to
that learner.
Conversely, for learners whose estimated
interaction probability is above 60%, the system
allows greater tolerance: the element will be
displayed despite initial negative feedback but will
be permanently removed if seven negative reactions
are recorded.

5. LIMITATIONS AND FUTURE WORK

Although the proposed model and the
GAMLEARN prototype demonstrate the feasibility
of an adaptive gamified e-learning system, several
threats to validity must be considered.

e Internal validity

The ML model was trained using a
synthetic dataset generated according to the logic of
the theoretical model. Since real learners have not
yet interacted with the platform, the current results
may not fully represent real behavioral patterns.
The predictions of the adaptation engine might
therefore change when real data becomes available.

e  External validity

Only two extrinsic gamification elements
(progress and acknowledgment) were implemented
in the prototype. The behavior of the system with
more elements has not yet been tested.

e  Construct validity

The adaptation thresholds (60%
probability and the number of negative reactions
tolerated) were defined based on conceptual
reasoning rather than empirical calibration. These

rules may need to be adjusted when analyzing
actual user behavior.
e Ecological validity

The evaluation focused on technical
feasibility inside Moodle and Botman. The model
has not yet been evaluated with real learners,
teachers, or classroom contexts. Therefore, the
motivational and pedagogical impact of the system
still needs empirical validation.

Despite these limitations, the identified
threats do not reduce the conceptual contribution of
the study and naturally open several future research
directions. First, collecting real learner data will
allow the ML model to be retrained and validated in
real conditions. Second, additional gamification
elements will be integrated to test more complex
adaptation scenarios. Finally, an evaluation with
students and teachers will be conducted to measure
engagement, motivation, and learning outcomes.

6. CONCLUSION

The main contributions of this study are
the unification of three adaptation strategies, the
integration of a chatbot into the LMS, and the use
of a ML engine to guide the display of extrinsic
gamification elements. When comparing our results
with previous studies, we observe that most
existing works focus on only one dimension of
adaptive gamification, such as one-size-fits-all,
static adaptation, or dynamic adaptation. Other
studies explore chatbots or ML separately, without
integrating them into a complete adaptive pipeline.
This fragmentation limits the practical use of these
approaches in real LMS environments. Our work
fills this gap by proposing a unified model that
combines the three adaptation strategies and
connects them with a chatbot and a ML engine. The
implementation of GAMLEARN confirms that
these elements can work together inside a real LMS
and provides a first step toward more complete
adaptive gamified learning systems.

To address the challenges of motivation
loss and lack of interaction often observed in e-
learning systems, three modeling approaches were
implemented: a one-size-fits-all approach, where
the same gamification elements are applied to all
learners; a static adaptation based on profile
information collected beforehand; and a dynamic
adaptation that adjusts game elements in real time
according to observed behaviors.

The proposed model is built upon several
theoretical foundations, including motivation
theories (notably Self-Determination Theory),
learning styles (Felder and Silverman), and player

.
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types (HEXAD), thus offering a more dynamic and
individualized environment.

The main objective — designing a
gamified learning management system that
integrates a chatbot and adaptation mechanisms —
was achieved through the development of the
GAMLEARN prototype. Although it covers only
part of the functionalities envisioned in the model,
it validates the technical and conceptual feasibility
of the proposed approach.

The adaptation of gamification elements
was particularly strengthened by the use of ML
techniques, which allow the system to suggest the
most relevant elements based on the learner’s
profile and behavior. This work thus represents a
first step toward the development of more effective,

interactive, and user-centered learning
environments.
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