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Abstract: This paper introduces the design, creation, and evaluation of a new adaptive
learning system featuring virtual intelligence, fully integrated with game-motivation elements
and real-time difficulty-level control to improve learners’ engagement and educational
outcomes. The prototype includes a workaround combination of a Python backend based on
Flask to dynamically fetch from the questions in the quiz data generator, and subsequently
track the performance alongside a frontend of Unreal Engine 5.4 which provides an immersive
2D quiz interface. Content is derived from the OpenTDB API while the VaRest plugin allows
easy data communication between backend and frontend. A rule-based threshold algorithm is
used to personalize the difficulty of questions in real time based on learner performance.
Evaluation results indicate that the system does a good job in matching the difficulty of the
questions and proficiency of the user, with an average API response time of 190 ms well above
standard benchmarks and increases user engagement in comparison to a conventional static
quiz system. The work presented in this study contributes to the field because: (1) it introduces
a new framework with innovative technical solutions that combines the technology of game
engines with mechanisms of adaptive Al learning; (2) it provides proof of concept that
personalization of learning in real time with interpretable rule-based algorithms is feasible;
and (3) it lays down practical principles of design that can be used to create intuitive and
gamified educational interfaces. While limited in terms of scale of user testing and the lack of
more depth around machine learning integration, the research has left behind a foundation for
adding more depth to adaptable learning platforms in the future. It features the value of low-
latency architecture, the overlooked educational value of Unreal Engine, and the benefits of
clear adaptation to improve the digital learning experience.

Keywords: adaptive learning, gamification, unreal engine, educational technology, ai in
education
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INTRODUCTION

Educational technology has experienced a major transformation in recent decades as digital
quizzes have become central in the learning environment, both formal and informal. However,
as Swiecki et al. (2022) note, what happened is that many digital platforms simply computerize
the conventional assessments, without fully exploiting the ability of adaptive and interactive
technologies. This limitation is especially noticeable in the area of pedagogical alignment,
motivation and technological capability.

Most existing quiz systems are static creating what Biggs, Catherine and Gregor (2022) call a
"constructive alignment™ problem. In learning theory, the importance of tasks being matched
to individual development is emphasized, showing similarities with Vygotsky's principles of
the Zone of Proximal Development (Glassman, Lin, and Ha, 2023). Platforms like Moodle or
Kahoot usually force tasks to be of a set difficulty level. As a result of these standardization
processes, learners are forced into experiences that are uniform for them, and they miss the
diversity of their progress and abilities. Research by Winstone and Boud (2022) shows that this
mismatch plays a role in frustration when tasks are too hard and disengagement when tasks are
too easy with up to 62% of the users affected.

The psychological aspect of designs today further adds to these challenges. Although
gamification elements have been widely implemented, it is common to see their use that reflects
what Eccles and Wigfield (2024) characterize as a superficial understanding of motivation
theory. Most systems are based on extrinsic motivators i.e. badges, leaderboards, points, etc.
Mechanisms that are an example of this are platforms like Quizizz which can ruin intrinsic
engagement. Hou's (2024) longitudinal study found that although these features initially
increased participation, users became much less enthusiastic,, and 45%withdreww completely
within 8 weeks. These findings draw out the need for motivation systems based on intrinsic
factors such as autonomy, competence and relatedness.

Technological limitations are also a major constraint on learning innovation. In the latter case,
Larson (2024) refers to this as "pedagogical reductionism”, an attempt (not necessarily
deliberate) to fit complex learning processes into technologically determined boundaries. This
tends to lead to rigid linear sequencing of questions which does not account for progression in
learning, lack of visual interactivity focusing more on function than cognitive support, and
systems in the backend which cannot adapt in real time. The consequences are especially
noticeable with STEM education. Interest in using quizzes to help students learn challenging
concepts was high, but only 78% of science teachers regarded current quiz systems as useful
in aiding this emphasis, with 63% of teachers supplementing what they already had.

This research project grows out of these observed gaps and aims to formulate a solution that
brings together three critical elements: true adaptive functionality according to continuous
performance analysis, motivation systems that are informed by the self-determination theory
and a solid technical framework that can support immersive visualization. The long-term
objective of this research project is to formulate, build and test an Al-powered adaptive learning
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system that will optimize engagement and learning by making performance based adjustments
in real-time, providing gamification and dynamically delivering content to the students.

The system architecture is built by composing a Flask-based Python backend responsible for
dynamic question retrieval and user performance tracking with an Unreal Engine 5.4 frontend
that offers an interactive 2-dimensional visualization. Content is dynamically sourced from the
OpenTDB API while communication between frontend and backend is provided from the
VaRest plugin. The adaptive mechanism uses a Python-based, rule-driven algorithm that
changes the difficulty of questions in accordance with learner performance, in such a way that
it progresses to a higher level of difficulty as the learner keeps giving the correct answer, and
vice versa for lowering the complexity of questions for an optimum challenge balance.

The study is guided by a design-based research methodology which is based on Educational
Design Research (EDR) and Agile development principles to help enhance the prototype
through design, testing and evaluation. System testing involves three dimensions: function
testing (accuracy and consistency of adaptive responses and performance of APIs), engagement
testing (time on task, score effect, manifest teaching through rewards), and education testing
(accuracy of changes of users within the different levels of the game). Ethical considerations
were rigorously observed in which no personal data were collected and all evaluation data was
locally stored.

The postulated results are:

1. A fully-functioning Al-assisted prototype for real-time difficulty adjustment and
responsive 2D interaction with Unreal Engine.

2. Empirical evidence for the effectiveness of simple, interpretable, rule-based methods
for adaptive learning in the zones of proximal development (ZPD) of learners

3. Applied experience in developing motivation systems based on the self-determination
theoretical perspective rather than extrinsic reinforcers.

4. Technical framework for how Al-based adaptivity and game engine technologies can
be successfully integrated in educational systems.

As Entwistle (2018) argues, educational technology can only lead to meaningful impact when
it is small enough to match pedagogical theory as well as real-world dynamics of learning. This
research answers in response to that call by merging adaptive intelligence, motivational design
and incapacitating interface technology into a unified solution. It thus gives a foundation for
future research and development of adaptive and gamified learning environments that promote
engagement, personalization and effective knowledge acquisition.

LITERATURE REVIEW

The landscape of educational technology has evolved significantly over the past few decades,
driven by advancements in artificial intelligence (Al), gamification, and adaptive learning
systems. This literature review aims to provide a comprehensive overview of current research
in these areas, highlighting key findings, theoretical frameworks, and practical applications.
By synthesizing the existing literature, we can identify best practices and gaps that inform the
development of an Al-driven adaptive learning platform.
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Al in Education: Current Trends and Applications

Artificial Intelligence (Al) has transformed the paradigms of educational systems with a series
of technological revolutions from the initial stages of computer-assisted instruction to complex
platforms with real-time personalization capabilities (Wang et al., 2024). This shift reflects the
broader shift from models of standardized learning toward adaptive models, with a focus on
individualized learning and the dynamic interaction between learner and teacher.

Current applications of Al in education are usually divided into three major categories:
intelligent tutoring systems (ITS), automated assessment platforms, and learning analytics
platforms. IMS Cognitive Scientists, such as Carnegie Learning's MATHia use cognitive
models to provide experiences of one-on-one tutoring using intelligent tutoring systems. Lin,
Huang and Lu (2023), find that these systems produce learning gains equivalent to the
difference between the 50th and 65th percentile, although Chevalere et al. (2023) report
variations in the impact with positives in the STEM subjects of 23% more than humanities.
Automated assessment tools (especially those using Natural Language Processing) have gained
a great deal of reliability. Gombert et al. in 2024 have shown good correlations (0.81-0.89)
between Al-based essay scoring and human grading but Filighera et al. in 2023 warned that
such algorithms are liable to manipulation by syntactically complicated but meaningless
writing. Learning analytics systems, on the other hand, are used for predicting which students
are at risk. Li, Tak and Liu (2024) identified that the dropout rate was lowered by 21% as a
result of Purdue (USA) Course Signals, although discrimination in data privacy and algorithmic
bias have been raised by Yao, Cortez and Yu (2025).

New technologies are making Al most useful for education too. Affective computing helps
systems like AutoTutor to identify and act on learners' feelings through facial expression
analysis (Ruan, Charaka Palansuriya, and Constantin, 2023). Conversational agents such as
Georgia Tech's Jill Watson have shown human-like interaction abilities, including being able
to effectively help students through the whole semester without detection (Taneja et al., 2024).
Moreover, with the emergence of generative Al and large language models, new scenarios have
been brought on for dynamic content creation for education (Mittal et al., 2024).

Despite the improvements, however, critical problems remain. Many Al systems are not linked
to basic theories of learning (Ifenthaler et al., 2024), which makes their pedagogical
effectiveness limited. Issues of equity are also a current topic of discussion as we continue to
address the severe consequences of algorithmic bias in learning (Mangal & Pardos, 2024).
Furthermore, the lack of teacher preparation is a significant barrier when implementing Al tools
68% of educators have indicated that they feel unwell trained in using Al tools in instructional
contexts (Guan, Zhang and Gu, 2024). Deployment is further restricted by the natural
scalability technology, where high-performance models inevitably need more computational
resources than normally possible within institutional scale (Zhang & Zhang, 2024).

Recent research is pointing towards integrative approaches with technological innovation
combined with pedagogical grounds. These include the application of cognitive science such
as space repetition to retain knowledge (Xiao & Wang, 2024), responsible and explainable Al
which will help to ensure transparency (Farrow, 2023), and a hybrid human-Al teaching model
that will combine automation with control from teachers (Thomas et al., 2024). These
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developments are collectively informative to the conceptual basis of the current study. By
bringing the dynamic difficulty adjustment, personalized feedback, and multimodal content
presentation technologies together, this project advances beyond what has been done before
while overcoming fundamental pedagogical and ethical constraints of modern Al-enabled
educational technologies.

Gamification Techniques and Learning Engagement

Gamification has become a popular and well-known pedagogical strategy, with substantial
empirical evidence of its ability to improve student motivation and learning performance. Bai
et al. (2022) and Behl et al. (2022) showed that well-designed gamified systems may boost
student motivation by up to 28% and enhance the learning outcomes of students by 23%
although the effectiveness differs depending on the quality of the design, the learner profile
and the instructional context.

Among the gamification techniques, reward systems such as points and badges remain the most
common. Gupta and Goyal (2022) concluded that on autopsy these features directly impact
engagement at an initial stage but become irrelevant over a period of time as incommensurate
with the overarching learning priorities. The main emphasis of their research focused on the
importance of aligning game mechanics with the principles of Self-Determination Theory
(SDT) competence, autonomy, and relatedness, in order to maintain the topic of intrinsic
motivation. Similarly, progress mechanics including things like progress bars and systems of
levels have proven to be successful on a statistical level. Jayalath and Esichaikul (2022) showed
an increase in assignment completion rates in online courses that offered visible progress
indicators, leading to the explanation that this can be attributed to improved understanding of
goals and to immediate feedback.

The social component addition has mixed effects. Harun Cigdem et al. (2024) found that
leaderboards may help engage many students competitively but may also discourage students
who consistently rank lower. While social comparison can be a motivating factor, it should be
used sensitively so that it does not undermine the morale of students. Nonetheless, short-term
engagement-sustaining abilities of leaderboards were confirmed by Do et al. (2024) and SDT-
based adaptive reward systems were postulated to be more beneficial to sustain long-term
motivation by Balla and Hagger (2024). In addition, Zhang et al. (2023) presented an
improvement in student retention by 19% with the introduction of narrative or narrative
components, indicating the necessity of inclusion of contextualized learning environments such
as those created in the Unreal Engine.

At a psychological level, Ryan and Deci's Self-Determination Theory (2024) is still a
cornerstone theory of the motivational effects of gamification. Effective designs provide for
fostering competence (clear progression systems), autonomy (meaningful choice) and
relatedness (collaboration/social interaction). This theory now expands on these principles with
emerging adaptive gamification that adapts to the learning preferences of learners. Dumas et
al. (2023) reported that the effects of adaptation were highly significant for the motivation of
secondary school learners after five lessons, which proved that personalization increased the
motivational impact of gamification. Also, motion-mapping has been linked to intrinsic
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motivation and engagement levels which laid the groundwork for the importance of storytelling
in the enduring engagement of learners (Bai et al., 2022).

Despite the series of potentials offered, there are some challenges that gamification faces that
remain steadfast. Implementation quality is one of the biggest aspects to be concerned about:
Mora-Carrillo et al. (2023) identified that poorly designed systems can lead to diminished
performance, demotivation, and even unethical behaviors such as system gaming.
Sustainability of impact is also an issue. Bai et al. (2023) found that from a long-term (more
than one semester) intervention, the motivational advantages of gamification commonly
diminish likely because of novelty fatigue. Additionally, there are individual factors that
influence outcomes. Buckley and Doyle (2016) found that the efficacy of gamified
environments is more evident with extraverted learners than with introverted learners and
further the need for personalized in design.

Overall, the ethical role of gamification is contingent on subtle accommodation of pedagogical
theory, adaptive individualization and meaningful engagement mechanisms. The present study
borrows from these insights to integrate dynamic reward systems, progress based feedback,
and narrative driven immersion, which is grounded in Self-Determination Theory, in an Al
assisted adaptive learning framework created using Unreal Engine technology.

Table 1: Gamification Elements and Efficacy

Gamification Implementatio | Short-Term Long- Best Use Potential Key
Element n Example Engagement | Term Case Drawbacks Studie
Boost Retention s
Impact
Points & Badges | Duolingo +28% (first 2 | Declines to | Habit Over-reliance (Khald
streak system weeks) +8% after | formation on extrinsic i,
8 weeks motivation Bouzid
iand
Nader,
2023)
Progress Bars Hanus & Fox +17% task Sustained | Sustained Can (S.
completion +12%at6 | +12% at 6 demotivate if Dumas
months months progress stalls | Reyssi
er et
al.,
2023)
Leaderboards Kahoot! top +62% -22% for Competitive | Creates anxiety | Philpot
scores participation bottom contexts for some t&
performers learners Son
(2022)
Narrative Classcraft story | +19% +14% Immersive Requires Bai et
Elements quests engagement retention at | learning significant al.
1 year design effort (2022)

Adaptive Learning Systems: Theoretical Frameworks

Adaptive learning systems rely on various known educational theories that guide their
pedagogical and technical design. These frameworks provide the ability to create systems
which are dynamic in nature responding to the needs and performance of individual learners.
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One of the most influential foundations is Vygotsky's Zone of Proximal Development (ZPD),
which is defined as the area between what a learner can do independently and what he or she
can do with appropriate guidance. Modern adaptive systems enshrine this idea in rigorous
operationalized forms using the cohorts of mechanisms of dynamic scaffolding which involve
multidimensional adjustments in instructional kinds in real time to the betterment of ability
problems and overall learning outcomes (Raslan, 2024).

Cognitive Load Theory is another central foundation of adaptive design, with a focus on the
role of the learning capability of the mental processing capacity of students. By breaking down
content into manageable components and adding some flexibility to the pacing of content,
adaptive technologies can help keep the cognitive load in balance and so better enhance
adaptability and retention (Howie et al., 2023).

Similarly, Mastery Learning is a competency-based learning framework that ensures that
learners achieve a high level of understanding before progressing to the next step. Adaptive
systems enzymes of this to progression models that only become available when new material
has been proved to be understood and in order to promote deeper understanding and long term
retention of learning (Cyper Leraning, 2024).

There have been some recent developments that extend such traditional models through
multidimensional adaptation, including integrating cognitive, emotional, and social dimensions
in an effort to include a more holistic experience for learning. Emerging research is being done
in the field of Explainable Al to promote transparency in adaptive decision making and to
increase user trust and interpretability. In addition, the models of Teacher-Al collaboration are
becoming popular, as they suggest the cooperative frameworks between human educators and
Al systems, where both complement each other's strengths for the quality improvement of
instruction and learner engagement (Haoyang & Towne, 2025).

However, there are many problems yet to be sorted. A disruption in focus on metacognitive
and affective factors due to perpetually overriding practitioners to focus on cognitive
adaptation often leads to a lack of learner involvement and self-regulatory abilities. Inclusivity
remains rampant, with the incorporation of specific learning styles or cultural contexts being
more advantageous to adaptive systems through the dynamic of algorithmic and cultural bias.
Moreover, the insufficient integration of insights from neuroscience is a lost chance for a more
grounded understanding of adaptive mechanisms based on neuroscience insights concerning
human cognition and learning processes.

Addressing such gaps is key to the next generation of adaptive learning systems. Advancements
will only succeed within the context of propositioning detailed and just principles establishing
equilibrium between cognition, emotions and social adaptation while being transparent,
culturally sensitive and based in inter-disciplinary research.

Comparative Analysis of Existing Adaptive Learning Platforms

There have been recent developments in educational technology that have produced multiple
adaptive learning platforms through personal learning in a data-driven way. Some of the most
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influential include Knewton (Pearson), DreamBox Learning, Smart Sparrow, and ALEKS
(McGraw-Hill) which represent unique pedagogic models and technological frameworks.
Knewton (Pearson) uses predictive analytics to generate personalized learning paths,
dynamically adjusting content based on learner behavior and performance (Wu et al., 2024).
Its integration with Learning Management Systems (LMS) allows educators to make content
more appropriate for various learner type profiles (Valiakhmetova et al., 2024). Empirical data
reports that students using Knewton improved their test scores by an average of 10% compared
with other students, and their engagement rates are even as high as 40% as compared to students
being taught in conventional courses (Wang, Rui "Tammy" Huang et al., 2024).

DreamBox Learning has an emphasis in mathematics content in the age group K-8th, and
implements continuous formative assessment based on Vygotsky's Zone of Proximal
Development (ZPD) in which it is used to vary the level of difficulty and complexity of
teaching Patent in order to offer adaptation (adaptation) of the curricula (this method of learning
is known as scaffolding) to each student who is at a different stage of learning and developing
the ability of calculation (Gjermeni & Fatmira Prodani, 2024). The game-based interactive
environment offers self-led progress and conceptual understanding (Adeoye & Otemuyiwa,
2024). Research has shown that DreamBox students gained control group equivalent
proficiency in math by 73% (Foster, 2023) proving DreamBox to be a pedagogically sound
placemaking tool.

Smart Sparrow is a flexible, instructor-led adaptive model based on the principles of mastery
learning (Cevikbas & Kaiser, 2022). Educators can set up rules for adaptation and individual
feedback mechanisms that allow students to follow non-linear learning paths throughout the
learning process (Dutta et al., 2024). Implementation studies like the one at Arizona State
University found that students learn (i.e, perform) significantly better and are more engaged
with Smart Sparrow courses compared to conventional ones (Erik, 2022).

ALEKS (McGraw-Hill) uses knowledge space theory as its model, a model of cognitive
science that takes an ongoing assessment of learner knowledge to create an individual learning
map (Halkiopoulos & Gkintoni, 2024). Through the use of artificial intelligence, ALEKS can
acknowledge exact knowledge gaps and plan teaching and learning flow (Adiguzel, Kaya and
Cansu, 2023). Case studies show that institutions that have implemented ALEKS have
witnessed a 15% increase in standardization test scores which validates its ability to help in
knowledge retention and academic achievement (Ayele, Carson and Tameze, 2022).

Together, these platforms have proven that adaptive learning systems play a major role in
improvement of engagement, mastery and learning outcomes. However, they also have
common limitations, such as opacity of the algorithms, limited real-time interactivity and
restricted integration with immersive technologies such as game engines. The current work
takes a step further, and the proposed Al-driven adaptive quiz environment incorporates the
rule-based, trend reflectance real-time adaptation, gamification, and dynamic contents
integration to affect the existing model with regard to story back in the name of interpretation
of in-table functionality, reactivity, as well as the pedagogical tenor.
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Table 2: Comparative Analysis of Adaptive Learning Platforms

Platform | Adaptation | Adaptation Instructor | Key Key
Method Method Control Strength Limitation

Knewton | Machine Broad Low Large content | Opaque
learning library (3M+ | algorithm
(Pearson's items)
algo)

DreamBox | Continuous | Math (K-8) Medium Strong math | Limited
formative outcomes subject
assessment coverage

Smart Instructor- Customizable | High Teacher Requires

Sparrow configurable customization | setup time
rules

ALEKS Knowledge | STEM Medium Precise Rigid
space theory knowledge progression

mapping structure

A review of current adaptive learning platforms has identified three key gaps that impede their
educational effectiveness. First, many platforms lack integration with established learning
theories due to this instructional deficiency, which may be less efficient in how students
actually learn (Gligorea et al., 2023). Second, learners of content memorisation are also often
in danger of being stripped of sufficient metacognitive skills because delivery platforms and
assessments often focus on content delivery and assessment rather than enhancing
metacognitive skills (Nobutoshi, 2023). Third, there is a significant absence of transparent and
peer-reviewed research collections around efficacy of platforms making it really scarce for
educators and stakeholders to have a proper evaluation of their impact (Luo, 2023).

New adaptive platforms are developed to overcome these limitations. Zorbit's Math Adventure
teaches from a gamification as well as adaptive learning approaches having a moderate positive
formative effect on students achievement (effect size = 0.49) (Sikora et al., 2024). CogBooks
uses concepts from cognitive psychology to give students personalised learning pathways
resulting in a 21% decrease in drop-outs and a 24% increase in student success which addresses
the gaps in theoretical integration. (Strielkowski et al., 2024) Area9 Lyceum uses multimodal
adaptation to represent diverse content formats as well as interactions such as advanced
learning activities to develop metacognative skills in reflective learning (Oraif, 2024). Going
further, these platforms can be considered the representative trend toward more theoretically
based, metacognitively amplified, and transparent adaptive learning solutions.
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This project stands out by combining a number of innovative strategies. It is a combination of
the Zone of Proximal Development (ZPD) as defined by Jean Piaget and Lev Vygotsky, and
the Cognitive Load Theory as defined by Richard Mayer and Richard Sweller that is used to
provide content that is at the point of optimal challenge without overwhelming the cognitive
capacities of the learner in order to maximize learning efficiency and effectiveness. Now
supports affective computing, to detect and respond to the emotional state of the learner in real-
time to create a learning environment that is supportive and responsive. Ultimately, it accepts
open standards and transparency about efficacy studies that are peer evaluable so as to facilitate
broader adoption in the educational community.

Through these approaches, the project directly addresses theoretical and metacognitive and
transparency gaps in existing adaptive learning platforms to advance towards personalized and
evidence-based digital education.

Research Gaps and Opportunities for Innovation

Despite tremendous progress over the years in the field of adaptive learning systems, several
issues and gaps that continue to constrain their effectiveness, inclusiveness, and impact. An
answer is to tackle these gaps to melt into the next generation of personalized learning
technologies.

A great deal of space is lost in insufficient inclusion of affective and metacognitive dimensions.
Most of the adaptive platforms are primarily focused on cognitive adaptation without
considering the emotional and the self-regulatory factors which are important for holistic
growth of a learner. Yu et al. (2024) state that only 18% of adaptive systems include affective
computing, despite the fact that technologies based on emotional intelligence can increase
engagement, retention, and motivation of learners by 30-45%. Similarly, Jing et al. (2023)
show the following about the use of metacognitive scaffolding in adaptive environments: Such
technology can enhance the self-regulation and critical thinking abilities. However,
commercial services usually favor an efficiency in the delivery of content at the expense of
developing these higher-level skills, which does restrict learners' long-term sense of autonomy.
The other important challenge is cultural adaptability. Many current systems follow Western
models of teaching, which means that when these are used in non-Western countries, there is a
20-30% reduction in the efficacy of the learning, especially in Asia, Africa and Latin America
(Nyaaba, Zhai and Faison, 2024). Culturally unresponsive algorithms are not inclusive of
collectivist learning styles, community-based knowledge practices and linguistic diversity.
Emerging studies highlight the promise when considering culturally aware approaches that
embrace regional pedagogical traditions, multi-lingual material and social strategies for
learning yet up to now these approaches remain largely underexplored in the commercial
platforms.

Another limitation is the lack of longitudinal studies. Rodrigues et al. (2022) report that more
than 85% of research findings assessing adaptive learning efficacy look at less than six months,
giving little indication of what that meant in terms of long-term knowledge retention, transfer,
and engagement. This gap is especially problematic for algorithms that are based on spaced
repetition or mastery learning for which the benefits can only become apparent over longer
time horizons (Kamalov, Calonge and Gurrib, 2023). In-depth longitudinal research is
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therefore important as a key mechanism to validate the scalability, robustness and lasting
impact of adaptive interventions in the various educational contexts.

Emerging technologies hold the promise of closing these gaps, providing the means for
integrating the dimensions of affect and metacognition, as well as for building culturally
responsive and longitudinally effective adaptive learning systems.

Table 3: Emerging Technological Opportunities

Innovation Potential Impact Reference
Multimodal AI (Eye- Enables comprehensive Gupta, Kumar and
tracking, Facial learner modelling integrating Tekchandani 2024,
Analysis, Biometric cognitive, affective, and Multimedia Tools and
Data) behavioural signals Applications
Blockchain-based Facilitates lifelong learning Mahmoud Bidry,
Learning Records pathways, data sovereignty, Abdellah Ouaguid and
and transparent learner Hanine 2023, Future
profiling Internet
Quantum Machine Supports real-time processing Hanafi, Ali and Singh
Learning of complex learner variables 2025, Discover
for ultra-personalized Education
adaptation
METHODOLOGY

Research Design and Justification
This study employed a structured and iterative development methodology to design,
implement, and evaluate an adaptive learning platform within the constraints of a limited
project timeline. The approach was strategically aligned with three primary research objectives:

e To develop a functional, gamified adaptive learning prototype.

e To implement real-time difficulty adjustment based on user performance.

e To establish seamless integration between backend logic and frontend presentation.
An overview of the system’s layered architecture is presented in Figure 1, illustrating how each
methodological framework maps onto the design, development, and evaluation phases.
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System Architecture Overview (Three-Tier Pattern)
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Figure 1: System Architecture Overview

Research Framework

The methodological structure of this project is informed by three well-established paradigms,
each contributing to a distinct layer of the research process: technological development,
iterative implementation, and pedagogical validation.

1. Design Science Research (DSR)
The overarching structure of the project is based on Design Science Research, which
emphasizes the iterative development and empirical validation of technological artifacts to
address real-world problems. DSR is particularly suited to educational technology innovation,
as it balances theoretical rigor with practical applicability. Recent work by Haryanti et al.
(2022) reinforces the value of DSR in facilitating innovation while grounding it in evaluation
cycles.

2. Agile Software Development
Agile principles underpinned the development cycle, supporting rapid prototyping, continuous
integration of feedback, and iterative refinement. This approach enabled responsive
adjustments based on performance and usability data. Empirical studies, such as those by
Cojocaru et al. (2022), affirm that Agile methodologies significantly improve the adaptability
and user satisfaction of learning systems.

3. Educational Design Research (EDR)

To ensure pedagogical relevance, the project incorporated EDR, which emphasises iterative
collaboration with educational stakeholders and testing in authentic learning contexts. This
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aligns the system’s development with educational needs and learner-centred design principles.
As highlighted by Sato et al. (2024), EDR remains essential for bridging the gap between
learning theory and practical implementation in digital environments.

Implementation Phases

The development of the adaptive learning system was structured across three key iterative
phases, aligning with Agile methodology and pedagogically informed design practices. Each
phase contributed toward achieving technical robustness, usability, and educational alignment.

Phase 1: Requirements Analysis (Week 1-2)

e A systematic literature review was conducted, following updated methodologies for
synthesizing educational software research (Carrera-Rivera et al., 2022), to identify
effective practices and expose gaps in existing adaptive learning systems.

e Eight core functional and non-functional requirements were derived, grounded in the
pedagogical demands of personalized learning and the technological standards of
intelligent tutoring systems.

e Technical specifications were defined in accordance with learning analytics
interoperability frameworks, with particular attention to recent standards outlined by
Khan and Samad (2024).

Phase 2: System Design (Week 3)

e Unified Modelling Language (UML) diagrams were developed using Miro to represent
the system architecture, user flow, and data exchange processes (see Figure 2).

e RESTful API endpoints were designed to enable modularity and extensibility in the
backend system architecture.

e Adaptation logic was informed by two foundational educational theories:

- Threshold Concepts Theory: Critical learning thresholds were embedded within
difficulty transitions, guided by evidence that threshold moments signal points of
significant cognitive transformation (Cranton, 2023).

- Zone of Proximal Development (ZPD): Adaptive scaffolding was aligned with ZPD
principles, validated by recent empirical work on algorithmic scaffolding in real-time
learning systems (Yan, Lin, & Kinshuk, 2025)

Phase 3: System Development (Weeks 3-8)
System implementation proceeded over six weeks, guided by iterative refinement cycles to
ensure modularity, scalability, and alignment with educational goals.

Core Implementation: The core adaptation engine was implemented using Python and Flask.

Difficulty levels were adjusted via a simple rule-based function that monitors user performance
across the last three interactions:
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# Core adaptation algorithm
def adjust difficulty(scores):
avg = sum(scores[-3:]) / 3
if avg < 30: return -1
elif avg > 80: return 1
return 0O
Scoring Reward Rationale in the unreal engine:
o +100 for correct
o -30 for incorrect

Content Integration:
e The Open Trivia Database (OpenTDB) API was used for dynamic quiz content
delivery.
e Robust error handling was implemented to manage APl downtimes and malformed
responses.

Frontend Interface:
e Unreal Engine 5.4 was employed for frontend development, utilizing:
- VaRest plugin to enable real-time, HTTP-based communication with the Flask
backend.
- Custom Ul widgets to support adaptive quiz rendering, real-time feedback, and
interactive elements.

Validation Strategy
A multi-dimensional validation strategy ensured both technical reliability and pedagogical

relevance:

a. Technical Validation
e Unit Testing: Achieved full (100%) endpoint coverage using pytest.
e Integration Testing: Confirmed accurate interaction between backend logic and
frontend display.
e Performance Benchmarking:
- Average API response time remained consistently below 250ms.
System demonstrated 99% uptime under simulated high-load conditions.
b. Pedagoglcal Validation
e Expert Review: Conducted with guidance from a university academic supervisor in
educational technology.
e Theoretical Alignment:
- Cognitive Load Theory: System minimized extraneous cognitive load through
structured progression (Evans et al., 2024).
- Mastery Learning: Learners were required to meet a performance threshold (e.g.,
scoring above 30%) before progressing (Archambault, Leary & Rice, 2022).
c. System Validation
e End-to-end system functionality testing.
e Stress testing and error scenario simulation.
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e Multi-platform compatibility checks.
Methodological Justifications

I. Agile Development
e Agile methodology was chosen due to its adaptability and suitability for educational
technology prototypes (Behutiye, Rodriguez & Oivo, 2022).
e Enabled weekly deliverables and continuous iteration.
e Facilitated real-time adaptation to feedback and requirements changes.

Il. Technology Stack
e Python/Flask: Chosen for its lightweight footprint, asynchronous capabilities, and
extensive educational tooling support (Bonney et al., 2022).
e Unreal Engine 5.4:
- Provided high-fidelity visual rendering.
- VaRest plugin allowed direct RESTful communication without middleware, reducing
latency and complexity.

I11. Validation Approaches
Automated Testing:
e Enabled continuous integration and early defect detection.
e Supported CI/CD workflows to ensure stable releases (Singh, 2023).
Expert Pedagogical Review:
e Ensured theoretical validity and alignment with instructional goals.
o Reflected best practices in Educational Design Research (Wang, 2024).
Documentation Standards
1. Technical Documentation
¢ Inline code comments to support maintainability.
e REST API specifications for external integration.
e Architecture and flow diagrams for developer reference.
2. Research Documentation
e Design decision log capturing key rationale at each stage.
e Structured testing protocols.
e Limitations register for critical reflection and future refinement.
3. Ethical Considerations
e Data Privacy: No personally identifiable information was collected.
e Algorithmic Transparency: Rule-based logic was designed to be explainable and
auditable.
e Bias Mitigation: Question selection was manually reviewed to reduce category
imbalance from OpenTDB's dataset.
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System Architecture (Unified Modelling Language Diagrams)

This section presents the architectural design of the adaptive learning platform through Unified
Modelling Language (UML) diagrams, demonstrating how the system fulfills the learning
outcomes by:

e Specifying the technical solution

e Integrating Al and gamification components

e Enabling evaluation of system effectiveness
As shown in Figure 3.2.1, the UML illustrates the sequence of actions and logic within the
game menu and quiz gameplay. It starts with the "Main Screen" and includes options such as
"Start game,"” "Game Info," "Settings," and "Exit," each leading to different subsequent actions
or screens.

Figure 2: Adaptive Learning Flow Logic UML

a) Component Architecture
The system follows a three-tier pattern that separates concerns while enabling integration:
A. Presentation Layer (Unreal Engine 5.4)
e VaRest Plugin: Handles all APl communications
e User Interface:
I Dynamic question display
ii. Answer selection panel
iii. Real-time feedback system
B. Application Layer (Flask API)
e Adaptation Engine
e Question Manager: Processes OpenTDB API responses
C. Data Layer
e OpenTDB Integration:
- Category-based question retrieval
- Difficulty-level filtering
e Local Cache: Stores recent questions to reduce API calls
b) Flow Logic
Key flow and relationships:
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Table 3: Core Flow Logic of the Project

Flow Responsibilities

Python Manages user state (difficulty level, score history)
Unreal Engine | Handles question retrieval/caching

Python Implements threshold-based rules

Unreal Engine Integration
e QuizUI: Displays questions/answers via VaRest calls
e APIClient: Manages HTTP requests/responses

c) Sequence Diagram

Illustrates critical workflows:

(f_'_'_- Start: Student answers a mu-uwn:_‘_‘)

N
o
Anshze Resporse
(Check commectrwess & respoene time) /
— '--A'I.' —
____----——‘_' Adjust Difficulty = Next Questio
’-—______- (Comedt — Incresse | Incotrect — Decroase) ,--—__---- :‘ R
-_________1._\.-
.
N

¥— —_
,/ Repeat Process \,
\\‘ (Uil cuiz ends) /

Figure 3: Adaptive Quiz System Flowchart
Question Retrieval Process
1. Unreal — Flask: GET /api/quiz/questions?category=?
2. Flask — OpenTDB: API request
3. OpenTDB — Flask: Question data (JSON)
4. Flask — Unreal: Formatted questions
Adaptation Process
1. User submits answer — Unreal — Flask: POST /api/quiz/evaluate
2. System:
- Scores response
- Updates user session
- Adjusts difficulty if thresholds met
3. Returns: {correct: bool, new_difficulty: str}
d) State Diagram (See Figure 3.2.2)
Shows system reaction to user performance:
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consecutive scores > 80%

consecutive scores > 80%

Figure 4: Progression Criteria Flowchart Based on Consecutive Scores

Difficulty States

e Easy: Entry point for new users

e Medium: Activated after 3 correct answers (>80%)

e Hard: Requires sustained high performance
Transition Rules

e 1 Level up: 3 consecutive scores >80%

e | Level down: 3 consecutive scores <30%
Design Justification
Pedagogical Alignment

e Implements Vygotsky's ZPD through tiered difficulty

e Supports cognitive load theory via question sequencing
Technical Implementation

e REST API enables cross-platform use

e Modular design permits algorithm upgrades
Validation Approach

e Diagram walkthroughs with supervisor

e Code-to-design traceability analysis

e Unreal integration testing
Limitations

e Current state tracking lacks persistence

e Basic threshold algorithm vs. machine learning
Data Collection and Analysis Plan

The platform was built and tested within a limited time; formal user studies were not feasible.
However, a structured validation plan ensured the system was tested against functional and

pedagogical criteria.
Functional Testing:

e Verified that questions were fetched and parsed correctly. As shown in Figure 5, the

question was generated under the sport category

74


https://www.eajournals.org/

British Journal of Education, 13 (12), 57-103, 2025
Online ISSN: 2054-636X (Online)
Print ISSN: 2054-6351(Print)

Website: https://www.eajournals.org/

Publication of the European Centre for Research Training and Development-UK

Which team has won the most Stanley Cups in the NHL?

Detroit Red Wings

Figure 5: Unreal Engine Ul Question and Answers Fetched
e Confirmed that adaptive logic correctly transitioned between difficulty tiers.
Performance Testing:
e The average API response time is 190ms after 10 trials.
e Simulated high-load scenarios confirmed 99% uptime.
Engagement Evaluation:
e Measured time-on-task and score progression during controlled playtests.
e Observed increased engagement compared to static quiz tools.
Pedagogical Effectiveness:
e Tracked user performance progression across difficulty tiers.
e Validated that adaptive scaffolding supported retention and skill development.
Ethical Considerations and Compliance
To ensure responsible development, the following ethical frameworks were applied:
e Data Privacy: No personal data was collected. All interaction data was stored locally
for testing purposes only.
e Algorithmic Transparency: Rule-based thresholds ensured explainability. Users could
see their progress and inferred skill level via Ul elements.
e Bias Mitigation: Manual review of OpenTDB content ensured balanced topic
representation to minimize content bias.
Compliance with GDPR principles was maintained throughout, including:
e No storage of user identifiers.
e No cloud-based data sharing.
e All logs were automatically purged post-evaluation.
Methodological Trade-offs and Justification
Several trade-offs were necessary due to scope and time constraints as justified in Table 4.
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Table 4: Methodological Trade-offs and Justification

Trade-Off Decision Justification

ML vs Rule-Based Rule-based Prioritized interpretability and faster development

Adaptation over complex ML models

Custom DB vs OpenTDB Allowed real-time integration and content

OpenTDB diversity with minimal content generation
overhead

Full User Study vs Internal Limited timeframe restricted participant

Prototype Testing testing only recruitment: functional testing ensured system
reliability

Despite these trade-offs, the resulting system remains extensible and suitable for future
integration with machine learning and larger-scale deployments.

Summary

This chapter outlined the methodological approach for developing a novel, adaptive quiz
platform using Unreal Engine and Python. The integration of design science, agile
development, and educational design ensured that both technical and pedagogical goals were
met. UML diagrams and validation metrics demonstrate the system’s internal coherence and
effectiveness. Though constrained by time and scale, the chosen methodology successfully
delivered a responsive, adaptive, and gamified learning prototype.

Implementation and Testing

Prototype Development: Backend (Flask API)

The Flask backend provides multiple API endpoints under the /api/quiz/ route prefix, including
lapi/quiz/questions for fetching questions, /api/quiz/check for submitting answers,
/api/quiz/categories for available categories, and /api/quiz/user_info for retrieving session
information. These endpoints were fully implemented and tested to ensure correct interaction
between client and server components.

User sessions are maintained in memory within the Flask application to track individual users'
difficulty levels and performance history. It is important to note that these sessions are
ephemeral; restarting the backend server resets all stored sessions. This behaviour was
acceptable for prototype testing but would require persistence mechanisms (e.g., database
storage) in a production environment.

a. System Architecture Overview
The Flask backend was designed as a RESTful API following Richardson Maturity Model
Level 2 principles (Khan et al., 2022), comprising three core components:
1. Adaptation Engine
e Implements threshold-based difficulty adjustment
e Maintains session state in memory
e Processes OpenTDB API responses
2. Question Management
e Handles question retrieval and formatting
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e Manages answer verification
e Implements caching mechanism
3. API Endpoints
e RESTful routes with JSON responses
e Error handling middleware
e Rate limiting protection
b. Core Implementation
1. Application Setup
from flask import Flask, jsonify, request
from flask cors import CORS
import requests
from urllib.parse import unquote

app = Flask( name )

CORS (app) # EnablE_Cross—Origin Resource Sharing

# Configuration constants

OPENTDB_API = "https://opentdb.com/api.php"
DIFFICULTY LEVELS = ['easy', 'medium', 'hard']
SCORE_THRESHOLD LOW = 30

SCORE _THRESHOLD HIGH = 80

2. Session Management
user_ sessions = {}

class UserSession:
def init_ (self, user_id):
self.user_id = user_id
self.current difficulty = 'easy'
self.score_history = []

def update difficulty(self, score):
"""Adjust difficulty based on performance"""
self.score history.append (score)
avg_score = sum(self.score history[-3:])/3 if
len(self.score_history) >=3 else score

current index =
DIFFICULTY LEVELS.index (self.current difficulty)

if avg_score < SCORE_THRESHOLD LOW and current_ index >
0:
self.current difficulty =
DIFFICULTY LEVELS[current index - 1]
elif avg_score > SCORE_THRESHOLD HIGH and
current index < len(DIFFICULTY LEVELS)-1:

77


https://www.eajournals.org/

British Journal of Education, 13 (12), 57-103, 2025
Online ISSN: 2054-636X (Online)
Print ISSN: 2054-6351(Print)

Website: https://www.eajournals.org/

Publication of the European Centre for Research Training and Development-UK

self.current difficulty =
DIFFICULTY LEVELS[current index + 1]

return self.current difficulty
c. APl Endpoints
1. Question Retrieval
@app.route('/api/quiz/questions', methods=['GET'])
def get_questions():
"""Fetch questions from OpenTDB API"""

try:
params = {
'amount': min(int (request.args.get('count', 5)),
50),
'category': request.args.get('category', '9'),
'difficulty':

get user session(request.args.get('user_id',
'default')) .current difficulty,
'type': 'multiple'’
}

response = requests.get (OPENTDB API, params=params,
timeout=3)
response.raise for status()

questions = response.json() [ 'results']

formatted = [{
'question': unquote (g['question']),
'answers': [unquote(a) for a in

q['incorrect answers'] + [q['correct answer']],

'correct_answer': unquote(q['correct answer']),
'difficulty': params|['difficulty']

} for g in questions]

return jsonify({'questions': formatted})

except Exception as e:
return jsonify({'error': str(e)}), 500

2. Answer Evaluation
@app.route('/api/quiz/evaluate', methods=['POST'])
def evaluate_answer():
"""Check answer and update difficulty"""
try:
data = request.get_ json()
user_id = data.get('user_id', 'default')
session = get user session(user_id)
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d. Adaptive Algorithm
1. Threshold Configuration

2. Progression Logic
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return (
avg > SCORE_ THRESHOLD HIGH and
session.current difficulty '= 'hard'

)

e. Testing Implementation

1. Unit Tests

import unittest

from app import app, UserSession

class TestAdaptation(unittest.TestCase) :
def setUp (self):
self.app = app.test client()
self.session = UserSession('test user')

def test difficulty increase (self):
self.session.score history = [85, 90, 95]
new_level = self.session.update difficulty(100)
self.assertEqual (new_level, 'medium')

2. Integration Tests
class TestAPIEndpoints (unittest.TestCase) :
def test question_endpoint (self):
response =
self.app.get('/api/quiz/questions?user id=testl')
self.assertEqual (response.status_code, 200)
self assertIn('questions', response.json)

f. Performance Optimization
1. Caching Mechanism
from functools import lru cache

@lru_cache (maxsize=100)
def fetch questions(category, difficulty):

"""Cache API responses"""

params = {'amount': 5, 'category': category, 'difficulty’':
difficulty}

response = requests.get (OPENTDB API, params=params)

return response.json() [ 'results']

2. Connection Pooling
from requests.adapters import HTTPAdapter
from urllib3.util.retry import Retry

session = requests.Session|()
retry = Retry(total=3, backoff factor=0.5)
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adapter = HTTPAdapter (max retries=retry)
session.mount ('http://', adapter)
session.mount ('https://', adapter)

g. Error Handling
1. Custom Exceptions
class AdaptationError (Exception) :
def init (self, message):
self message = message
super (). init (self.message)

@app.errorhandler (AdaptationError)
def handle adaptation_error(e):
return jsonify({'error': e.message}), 400

2. Input Validation
from marshmallow import Schema, fields, validate

class QuestionRequestSchema (Schema) :
category = fields.Str (required=True)
user_id = fields.Str(required=True)
count = fields.Int(validate=validate.Range (min=1, max=50))

h. Documentation
1. APl Documentation
@app.route('/api/quiz/docs')
def api docs():
"""Generate API documentation"""
return jsonify ({
'endpoints': {
'/api/quiz/questions': {
'method': 'GET',
'params': ['category',6 'user_ id', 'count'],
'description': 'Fetch adaptive questions'
},
'/api/quiz/evaluate': {
'method': 'POST',
'params': ['user answer', 'correct answer',
'user_id'],
'description': 'Evaluate response and adjust
difficulty'
}
}
}
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Key Features Implemented:
e RESTful API design with proper HTTP verbs
e Session-based difficulty adaptation
e Comprehensive error handling
Unit and integration testing
Performance optimizations
Input validation
e Automated documentation
Testing Coverage:
e 100% endpoint test coverage
e 85% branch coverage
e All edge cases for difficulty adjustment
e API failure scenarios
Performance Metrics:
e Average response time: 220ms
e Maximum concurrent connections: 150
e Errorrate: <0.5%
Figure 6 shows the core API endpoints implementing adaptive quiz functionality. The RESTful
design follows Richardson Maturity Level 2, with JSON payloads for all responses.

' Figure 6: Flask API Endpoints (RESTful routes)

Frontend Integration: Unreal Engine with VaRest
a. System Architecture Overview
The frontend implementation combines Unreal Engine's robust 3D capabilities with Flask
backend connectivity through the VaRest plugin. This integration creates an immersive
learning environment with real-time adaptive functionality.
b. Core Components
1. VaRest Plugin Configuration

e |Installation:

- Added via Unreal Marketplace
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Figure 7: VaRest Plugins for APl communication
- Version 1.1.3 (latest stable release)
- Enabled JSON support
2. Blueprint Implementation
APl Communication System
e Question Retrieval Blueprint:
- CategoryOnclick (e.g sport)

Figure 8: Blueprint Logic for Sport Category oncliked
- Create WBP Quiz Widget
- Select
- Action Sequence:
. Set category URL.: "http://localhost:5000/api/quiz/generate?category=21"
. add to viewport

1
2
3. QuizGM handles the communication
4. Event BeginPlay (] Bind event to request data
5. Event Request_data [J which Category?

6. Check set category url?
7. Construct VaRest JSON request
8. Execute GET request
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Figure 9: Get request Blueprint Logic
e Response Handling:
// Blueprint function for processing questions
void UQuizManager: : ProcessQuestionResponse (UVaRestRequestJSON¥*
Request)
{

if (Request->GetResponseCode() == 200)
{
TArray<UQuestionData*> Questions;
UVaRestJdsonObject* Response = Request-
>GetResponseObject () ;
TArray<UVaRestJsonObject*> QuestionArray = Response-
>GetObjectArrayField("questions") ;

for (auto QuestionObj : QuestionArray)
{
UQuestionData* NewQuestion =
NewObject<UQuestionData>() ;
NewQuestion->QuestionText = QuestionObj-
>GetStringField ("question") ;
// Additional field extraction
Questions.Add (NewQuestion) ;
}

DisplayQuestions (Questions) ;
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c. User Interface Implementation
1. Widget Blueprints
Main Menu: Game start, settings, and information.
Animations are triggered based on correct/incorrect responses.
1. Quiz Display Widget:
- Components:
- Question Text Block
- 4 Answer Buttons
- Timer countdown

Figure 10: Quiz display screen

2. Blueprint Logic:

On Answer Selected:

Collect Response Data
Construct Evaluation Request
Call /api/quiz/evaluate endpoint
Update Difficulty Display

Load Next Question

R0 E e

Table 7: Communication Flow of the quiz game

Event Engine Action Backend
Endpoint

Game Start Load quiz Ul /api/quiz/questions

User answers Submit response | /api/quiz/check

Response parsed | Adjust difficulty | /api/quiz/check

Feedback given | Show animations | N/A
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Functional Testing (Category-Partition Model)

The backend incorporates robust error handling to address external API issues. During testing,
the Open Trivia Database (OpenTDB) occasionally failed to serve questions for higher
difficulty levels, particularly "hard." In such cases, the server returns a standardized error
message (e.g., "Failed to fetch questions) without disrupting the user experience. This ensures
the system remains resilient even under external dependency failures.

Functional testing included not only validating normal user flows (e.g., correct answer
submission, adaptive difficulty adjustments) but also negative scenarios such as external API
failures. When the OpenTDB service was unavailable or returned invalid responses, the
backend appropriately captured these errors and responded with user-friendly error messages.
This demonstrated the robustness of the system under both expected and exceptional
conditions.

To ensure robustness, a structured testing approach based on the Category-Partition Testing
Model was used. The system was decomposed into input categories and constraints, from
which test cases were derived.

Table 8: /api/quiz/questions Endpoint

Category Choices Constraints

Category Type | General, History, Science, Geography | Must be in OpenTDB categories
Difficulty Level | Easy, Medium, Hard Valid only if consistent format
API Status 200 OK, 404 Not Found, Timeout Test API error resilience

Table 9: Representative Test Cases

Test Case | Input Expected Output

TClI category=Science, difficulty=Easy | Valid JSON with 1 question
TC2 category=Unknown Error message with HTTP 400
TC3 APT timeout Graceful error, fallback message

Table 10: Result Summary
All core functions met expected outputs. Table below summarizes endpoint validation:

Function Success Rate | Notes

/api/quiz/questions | 100% Full category/difficulty coverage
/api/quiz/check 100% Accurate score and response parsing
/api/quiz/check 100% Correct thresholds consistently applied

Edge cases (e.g., malformed API responses) were introduced to test resilience, and
appropriate error messages were returned without application crashes.

User-Acceptance Testing and Results

Although large-scale user testing was not feasible, informal testing was conducted to assess
user experience, usability, and engagement. Users interacted with the platform for 15-minute
sessions, and observational feedback was collected.

To validate the full functionality of the backend system, a manual simulation was conducted
using curl commands on a local Windows machine. The goal was to verify adaptive difficulty
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adjustment, correct user session tracking, proper answer validation, and resilient error
handling.
The simulation steps are as follows:

Step 1: Fetch Initial Questions (Starting from Easy Difficulty)

curl
"http://localhost:5000/api/quiz/questions?user_ id=testuseré&cat
egory_ id=9&count=5"

Figure 11: Initializing the fetch question
This request fetches five multiple-choice questions for the user test-user under the General
Knowledge category.
The initial difficulty level is set to easy as per system defaults for new users.
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Figure 12: Difficulty level easy
Step 2: Submit a Correct Answer with High Score
curl -X POST "http://localhost:5000/api/quiz/check" -H
"Content-Type: application/json" -d
"{\"user_answer\":\"CorrectAnswer\", \"correct_ answer\":\"Corre
ctAnswer\",\"user_id\":\"testuser\",\"score\":100}"
Simulates the user submitting a correct answer with a perfect score of 100.
The backend updates the user session, and depending on the recent average score, the
difficulty may increase (from easy to medium) and (from medium to hard).
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» medium based o

Figure 14: Difficulty adjustment from medium to hard
Step 3: Fetch Next Batch of Questions (Checking Difficulty Adjustment)

curl
"http://localhost:5000/api/quiz/questions?user id=testuseré&cat

egory id=9&count=5"
A second set of questions is fetched.
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If the average user score is sufficiently high (above 80%), the system automatically increases
the difficulty to medium.
Step 4: Submit an Incorrect Answer with Low Score
curl -X POST "http://localhost:5000/api/quiz/check" -H
"Content-Type: application/json" -d
"{\"user answer\":\"WrongAnswer\", \"correct answer\":\"Correct
Answer\",\"user_id\":\"testuser\",\"score\":0}"
Simulates the user answering incorrectly and receiving a score of 0.
The backend updates the session and considers lowering the difficulty level if the user's recent
average score drops below the defined threshold (30%).
Step 5: Retrieve User Information
curl
"http://localhost:5000/api/quiz/user_info?user id=testuser"
Retrieves the current user session state, including:

e Current difficulty level

e Complete score history

e UserlID
This step confirms that the session management and score tracking mechanisms are functioning
as intended.

Table 11: Metrics Tracked

Metric Tool Used Purpose

Time-on-Task Engine Session Logs Engagement indicator

Question Accuracy Backend score logs Learning trajectory

Difficulty Progression | Score history per session | Adaptation quality

User Feedback Post-session comments | Usability and experience assessment

Table 12: Results Overview

Metric Result Interpretation

Avg session time 12.4 minutes High sustained engagement

Accuracy improvement | +15% from start to end | Indication of scaffolded learning
Difficulty transitions 2 per session Suggests dynamic adaptation was active

Experimental Testing with Simulated Inputs

To simulate a full user study, a synthetic data generator was created to mimic user responses
across varying skill levels. This enabled calibration of the adaptive logic against both standard
and "live" data conditions.

Simulated Conditions
e Beginner Profile: 70% incorrect — System should lower difficulty.
e Intermediate Profile: Mixed scores — System should stabilise at Medium.
e Advanced Profile: 90% + correct — System should escalate too Hard quickly.
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Table 13: Observed Behaviour

Profile Transition Path Final Difficulty Level | Avg Accuracy
Beginner Easy — Easy (no promotion) | Easy 28%
Intermediate | Easy — Medium — Medium | Medium 64%
Advanced Easy — Medium — Hard Hard 92%

The rule-based model successfully aligned difficulty levels with simulated skill profiles,
validating the effectiveness of the adaptive engine.

Table 14: Stress and Performance Testing
Performance benchmarks were essential to ensure low latency and scalability.

Test Method Result

APT latency 100 concurrent requests | Avg 190ms

Uptime Simulated quiz loop 99.2% stable

Cache load test | 50 API hits/s 0 failures; CPU < 70%

Memory and CPU usage remained within acceptable thresholds under stress. Caching
strategies (e.g., recently used questions) helped reduce redundant API calls.

Table 15: Testing Summary
The combination of functional, user-based, and simulation-based testing validates the system’s
ability to adapt effectively and deliver an engaging learning experience.

Testing Area Key Finding

Functional Logic All endpoints operate reliably across inputs and edge cases
Adaptation Accuracy | Rule-based algorithm matches intended user skill profile
User Interaction High engagement and positive sentiment in informal testing
Performance The backend consistently achieved its latency targets and
Benchmark throughput targets

UX and Feedback Interface deemed intuitive; feedback system appreciated

Limitations and Considerations
Several constraints were identified during implementation and testing:

Lack of Persistent User Sessions: Currently, user state resets on session end. This limits
long-term learning analytics.

No Machine Learning Engine: Rule-based logic lacks nuance for borderline cases.
Informal Testing Only: Results are indicative but not statistically significant.
OpenTDB Limitations: Content quality varies, and some categories lacked sufficient
depth.

Opportunities for Improvement

Persistent User Profiles: Implementing session tracking or database storage would
allow longitudinal tracking of learning gains.

Advanced Adaptation Models: Incorporating ML-based difficulty prediction could
personalize experiences more accurately.

Expanded Testing Pool: Future work should include diverse user testing for
generalizability.
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e Content Moderation: Building a vetted question database could improve content
quality.

The research created and tested a real-time adaptive quiz platform that used VaRest to connect
a Flask-based backend with an Unreal Engine user interface. This made it easy to share data
and change the difficulty of the quiz based on how well the learner did. Validation through the
Category-Partition Model, simulated user profiles, and informal testing demonstrated that the
platform successfully sustained engagement while dynamically adjusting question difficulty.
The prototype showed strong technical stability and fit with well-known educational theories
like the Zone of Proximal Development and mastery learning, even though the user testing was
limited. This means that it could be used in real classrooms in the future.

The system was made with Unreal Engine's Blueprint visual scripting system. It was made up
of modular interface parts and logic structures that helped the learner move through menu
navigation, category selection, gameplay, and results presentation. To make sure that each
player had a unique experience and that the game continued from one session to the next, their
name, score, and progress were all stored in a separate data structure. The quiz's questions and
answers were kept in modular data tables or arrays that made it easy to add more subjects and
levels of difficulty in the future. Users could filter content based on topics they were interested
in thanks to a category selection mechanism. This made learning more engaging by allowing
them to create personalised learning paths.

The main part of the WBP_QuizWidget handled question display, timers, and user inputs to
make sure that the game ran smoothly and that players could easily navigate, access settings,
and see clear performance summaries at the end of each session. The modular design of these
Blueprints made them easy to maintain and expand. This means that they could be improved
in the future with features like adaptive difficulty calibration, multiplayer support, and visual
analytics for performance insights. Overall, the implementation showed that it was possible to
use adaptive assessment technologies in interactive learning environments, both technically
and pedagogically.

EVALUATION

Objective Fulfilment vs. Original Aims

The project was able to meet its primary objective of designing, developing and evaluating an
Al-enhanced gamified quiz platform that adapts to the difficulty of a question in real-time based
on the performance of a user. A thorough literature review synthesized notable trends in the
use of Al to drive education and in gamification using foundational theories like Vygotsky's
Zone of Proximal Development, Self-Determination Theory and Cognitive Load Theory. This
latest review also identified major gaps in existing adaptive learning systems, most notably in
the area of explainability, user engagement and flexibility (Knewton; DreamBox; ALEKS).

In terms of functional realization, the system design was fully realized with the complete usage
of UML diagrams in a three-tier architecture (presentation, application, and data layer)
supported by a rule-based adaptive engine ideal that balances technical efficiency with
pedagogical soundness. The prototype combined a Flask server as a backend, the Unreal
Engine 5.4 engine as a frontend, VaRest for real-time communication, and OpenTDB as a
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dynamic source of questions. Evaluation using the evaluation model (Category-Partition
Model), simulated user profiles, and informal user feedback confirmed the system's
functionality, adaptability, and potential to engage users, though the generally limited user
testing somewhat limited generalizability.

Partial fulfillment of the refinement objective resulted in the identification of future refinement
work, namely, persistent user profile, machine learning driven refinement, multimedia question
integration, and ethical refinement work through user consent and open analytics.Compared to
the existing literature and platforms, the system had a number of advantages. Its transparent
adaptation mechanism - a rule-based threshold model - offered interpretability, pedagogical
understanding and auditability, addressing one of the most common criticisms of opaque Al
systems (as has occurred in Knewton's algorithms). The new implementation of Unreal Engine
in adaptive education remains a novel integration of a game engine technology in education;
the 5.4 version has allowed for smooth animations, interactivity and a greater gamification
potential. What's more, real-time personalization offered in OpenTDB guaranteed dynamic,
non-repetitive quiz sessions in accordance with the learner's Zone of Proximal Development.
For all its strengths, some limitations were observed. The prototype lacked a concept of
persistent state management and thus could not support long-term tracking of learner progress
and mastery-based learning. It’s very simple adaptation logic, while transparent, lacked the
sophistication of population-level personalization of data, which is done in ML-based systems
such as Smart Sparrow. Gamification went only so deep, missing narrative progression, social
engagement and achievement systems that foster a sustained sense of motivation as is done
with examples like DreamBox and Classcraft. Finally, the evaluation scale was limited to five
informal participants (no pre-/post-assessment data) for empirical evidence of learning impact.
Overall, the project had successfully delivered on its main objectives, as well as establishing a
technically sound and pedagogically grounded basis for further development. Its contributions
are in proving the viability of transparent adaptations in Al, performed in a game engine
environment and providing a blueprint with practical implementation in future educational
systems that will blend real-time personalisation, gamification and explainable Al.

Comparative Advantage over Existing Platforms

Table 16: Comparative Advantage over Existing Platforms

Platform Personalization Interface Pedagogical Transparency Ganmification
Method Design Model Level

This Project | Rule-based 2D immersive ZPD, Mastery | High Medium
thresholds (Unreal) Learning

ALEKS Knowledge space Functional UI Mastery Medium Low
theory Learning

Smart Instructor-set rules | Customizable Mastery High Low

Sparrow Learning

DreamBox Real-time Game-like (K-8 | ZPD-based Low High
scaffolding focus)

Knewton ML-based LMS-integrated | Cognitive Low Low
recommendation scaffolding

This project stands out due to the direct and real-time nature of this interaction, not predisposed
to defined learning trajectories, and the infrastructure of a game engine used to enhance user
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experience along with the focus on the transparency of algorithms, which touches on one of
the main ethical concerns in educational tech nowadays. The prototype is a proof of concept
and not a full-fledged commercial product but is attempting to show how game engines can be
used in a very meaningful way to support adaptive education, how real-time adaptation can
occur transparently, and how such open content APIs as OpenTDB can enable dynamic, data-
driven learning experiences.

The contributions of the project are specifically of interest to developers who are seeking
technical frameworks of gamified adaptive learning systems, educators who are interested in
flexible and lightweight alternatives to traditional tools that operate on LMS, and researchers
who are exploring rule-based methods for personalization in education. Methodologically, the
combination of Design Science Research (DSR) and agile development proved to be effective
in grounding the system in known educational theories (i.e. the Zone of Proximal Development
[ZPD] and Self-Determination Theory [SDT]), and making it possible to create an iterative,
user-centered design. The use of UML and architectural modeling ensured systematic
development and maintenance. Although the project had limitations in scope for user testing
and in excluding machine learning techniques, which limited adaptive complexity, this was
justified to prioritize transparency, interpretability, and technical robustness. Overall, the
approach successfully demonstrated a dynamic balance of educational theory, algorithmic
simplicity and immersive design within a working adaptive learning prototype.

Summary and Limitations

The project met its main goals and did a great job of adapting in real time, being easy to use,
and being reliable compared to other adaptive learning platforms. The transparent and
explainable adaptation mechanism, the high-quality user interface made with Unreal Engine,
and the effective combination of pedagogical principles with technological design are its main
strengths. However, certain limitations were recognized, such as the utilization of a relatively
straightforward adaptation algorithm, the lack of persistent user data and learning analytics,
and the restricted extent of empirical testing. Even with these limitations, the platform lays a
strong foundation for future research and development in adaptive and gamified education. It
shows how combining explainable Al, game engine technologies, and agile development
methods can lead to new ideas in educational technology.

DISCUSSION

This research has developed a rule-based adaptive quiz platform using Unreal Engine and Flask
that dynamically adjusts question difficulty in real time based on the user's test performance.
The system integrated gamification, personalization of content delivery, as well as adaptability
of feedback through the OpenTDB API and proved the feasibility of both these technical and
pedagogical approaches. The prototype met the goals of creating a visually immersive,
interactive learning interface with real-time feedback and adaptive mechanisms based on
educational theories such as the zone of proximal development and mastery learning. The
backend of the system, built with the Flask library, was capable of efficient state and adaptation
control, while the Unreal Engine 5.4 frontend provided a responsive, appealing environment.
Average simulated accuracy improved by 15%, and the response time of the backend, which
ranged from 190ms, ensured good performance in real time. Informal user testing indicated
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positive engagement with the interface, with participants finding it intuitive and fun, with visual
feedback and adaptive progression indicators.

Unexpected outcomes showed the robust nature of the VaRest plugin in its ability to
communicate over APIs, though debugging the failures of HTTP communication in Unreal was
not easy. The OpenTDB API, while useful for dynamic delivery of content, had problems with
it being inconsistent in the diversity of questions and formatting, thus highlighting the
shortcomings of third-party dependence of content. Some users struggled to interpret adaptive
difficulty transitions initially and possibly can improve features within onboarding and
guidance.

All main goals were achieved under the scope of the project. The system was successful enough
to demonstrate real-time adaptive feedback, API content integration and effective gamification,
albeit that usability testing on a large scale and persistent data tracking are still future needs.
While the rule-based logic ensured explainability and pedagogical clarity, it was less adaptive
than machine learning approaches. Still, the project did validate that transparent models that
interpret and yarn a meaningful engagement accord with learning theory when established in
immersive interfaces.

Ethical, legal and social considerations were considered as they integrated throughout
development. No personal data were stored and all performance measures were session bound
so that they would not infringe GDPR. The use of a third-party application programming
interface with open license was managed with careful understanding of potential review
lowerings in the future till it works with scaling. However, accessibility and cultural inclusivity
limitations were found, such as the system lacking text-to-speech, font scaling, and
multicultural abilities. Potential biases in OpenTDB content reflected Western-centric
knowledge structures in terms of the need for localization and inclusiveness of datasets in
future versions.

From an ethical perspective, the platform was focused on transparency and empowering users.
Its rule-based structure helps learners and educators to make sense of how adaptation takes
place in a way that yields trust and accountability. Still, designers have to be wary of how they
might be used in formal assessment contexts that will need to be made transparent to maximize
voluntary participation in the case of expanded deployment.

Future Development Direction: The directions for future development include a persistent user
profile for longitudinal tracking, curriculum alignment, machine learning for more adaptivity
and predictive modelling, gamification through an achievement system, and the ability to have
avatars and multiplayer modes. Accessibility improvements (screen reader support, designing
in colours never used by most analysing persons) and multilingual support are additional
features, too. Developing a custom content management system would lead to even less
reliance on external APIs and more control over the ability to curate multimedia content in
ways that seem suited to learning objectives. Finally, rigorous empirical evaluation including
pre/post testing and tracking of engagement plus the voices of the educators would validate the
impact of the platform on education.
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In conclusion, this project created a technically strong yet pedagogically sound adaptive
learning project, which presents one example where rule-based transparency, real-time
interactivity, and gamified design can join forces to improve digital education. While further
research is required to broaden scales of scalability, accessibility, and inclusivity, the platform
provides a foundational structure for the use of an adaptive, game-based learning system in the
future and adds valuable insights into the implementation of explainable Al in the field of
educational technology.

CONCLUSION

This project achieved its purpose by demonstrating that a real-time adaptive learning platform
could be designed and implemented using Unreal Engine 5.4,, combined with a Flask-based,
rule-driven backend system. The main goal of building a fun and pedagogically sound quiz
space that dynamically adjusts to changes in difficulty was accomplished through iterative,
research-based design and testing. The resulting prototype verifies that integrating adaptive
mechanisms into game-based environments is technically possible and should therefore be
beneficial for education.

The system's real-time adaptive functionality, achieved through performance-based difficulty
calibration and seamless backend-frontend communication, provided responsive question
delivery with an average latency of 190ms. This accepted the architecture's technical robustness
and scalability. Educationally, the platform waswas based on important theories, including the
Zone of Proximal Development, Self-Determination Theory, and Cognitive Load Theory,
ensuring that adaptation mechanisms complemented the learner's engagement and cognitive
balance. Informal testing suggested that users successfully advanced through levels of
difficulty within an optimal learning zone. The gamification elements of keeping a score and
providing visual feedback improved score motivation and the adaptability was clear when the
rules of operation were transparent. In contrast, BS-based commercial systems are very rarely
explainable.

However, several limitations were identified. The lack of sustained user data made long-term
learning analytics or continuous adaptation impossible while the simplicity of the adaptation
model had limited the depth of personalization compared to systems based on machine learning
models. The evaluation was based on small-scale and informal user testing, which limits the
power of the empirical results, and the lack of access features limited inclusivity. Moreover,
the reliance on OpenTDB has led to Western centricity in content which limited cultural.

Future work should aim to address these limitations with the inclusion of persistent user
profiles to allow for longitudinal learning tracking, inclusion of machine learning to allow for
improved personalization, as well as more gamification elements to maintain long-term
engagement. Building a custom CMS system may lead to better curricular alignment and
content diversity and accessibility improvements according to the WCAG 2.1 guidelines would
make the system more inclusive. Formal user testing with larger and more diverse groups such
as educators would also offer more robust empirical validation and information regarding the
long-term learning impact.

96


https://www.eajournals.org/

British Journal of Education, 13 (12), 57-103, 2025
Online ISSN: 2054-636X (Online)
Print ISSN: 2054-6351(Print)

Website: https://www.eajournals.org/

Publication of the European Centre for Research Training and Development-UK

On a professional scale, the project bolstered the importance of several competencies, such as
technical skills in integrating Unreal Engine with Python-based systems and research synthesis,
and project management under time constraints. Ethical facets were explored and developed
about explainability, bias, and data protection, which hits the nail on the head with regard to
responsible Al development in education.

In conclusion, this project is part of the growing field of adaptive educational technology,
demonstrating how adaptive educational technology systems based on transparency and rules
can be implemented in immersive games. While it is a prototype at the moment, it serves as a
sensible framework for scalable, explainable, and interesting learning platforms. The work
makes the point that impactful educational innovation is realized not only through complex Al
models but also through thoughtful design grounded in pedagogy, transparency, and learner
experience, creating a foundation for future research and development in adaptive, gamified
learning systems.
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