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Chapter 1

Introduction

The roots of education reach back to pre-literate societies, when knowledge was
transmitted orally across generations. The more experienced members of the com-
munity taught the younger ones in order to preserve essential skills and collective
wisdom. Hunting, fishing, agriculture, and craftsmanship became part of everyday
life and were learned through continuous participation and observation. One of the
key limitations of learning in this period was accessibility. Learning could occur only
through prolonged interaction with experienced, often older, members of one’s im-
mediate environment. Technological know-how was deeply intertwined with moral

and practical wisdom, making it an inseparable part of communal life [84].

The invention of writing made it possible to record and transmit knowledge both in
time and in distance. However, the transfer of technological or practical expertise
continued to rely primarily on experience and personal guidance. Young apprentices
learned most effectively by helping older masters, observing their work, and gradu-
ally acquiring their skills through practice. Aspiring learners often had to leave their
homes and travel long distances before a master was willing to accept them. Writing
also enabled a significant expansion in the volume of knowledge that could be pre-
served, studied, and shared beyond the limitations of individual memory and oral

tradition [31].

Ancient Egyptian priests and scribes possessed specialized knowledge that they care-
fully preserved and transmitted over generations. In ancient Greece, schools such as
Plato’s Academy and Aristotle’s Lyceum played a pivotal role in shaping scientific

and philosophical thought. During the Middle Ages, ecclesiastical institutions, mon-



asteries, and cathedral schools emerged as new centers of learning, laying the found-

ations for what would later become the first universities [34].

During the Renaissance, the invention of the printing press revolutionized access to
books, granting education an unprecedented opportunity for expansion. Learners no
longer needed to travel long distances in scarch of knowledge, as written materials be-
came increasingly accessible. However, by the late nineteenth century it had become
impossible for a single individual to master all branches of science. This marked the
limit beyond which all human knowledge could no longer be comprehended by the

mind of a single person [55].

The Industrial Revolution of the nineteenth century demanded new skills and forms
of knowledge that increasingly had to be acquired through formal education. As a
result, a gradual process toward broader access to schooling began, although educa-
tional opportunities remained limited and unevenly distributed across social classes
and genders for a long time thereafter. Despite the dramatic expansion of avail-
able knowledge during this period, its representation remained largely unchanged,
anchored in the written word, and preserved in books. As a result of the intellec-
tual and scientific explosion of the seventeenth and eighteenth centuries, the overall
volume of knowledge increased substantially; however, its rate of change remained
within a range that was still humanly manageable. Retraining or transitioning
between professions could be achieved relatively easily, provided that the individual
had both the intention and the opportunity to do so. As knowledge and technology
became increasingly complex, the retraining process correspondingly lengthened. By
the twentieth century, adapting to major technological changes could require several

months or even one to two years of dedicated learning and practice [87].

The emergence of computers and computer networks in the twentieth century marked
another major leap in both the volume and accessibility of knowledge. The tradi-
tional printed form of knowledge representation has been gradually supplemented
and increasingly replaced by digital formats, enabling a transformation from lin-
ear to non-linear structures. This shift gave rise to new forms such as hypertext

and introduced additional modalities, such as audio, visual, and video materials,
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collectively known as multimedia. The evolution of these formats was driven by a
fundamental need: to represent the growing complexity of knowledge more effect-
wely, to capture intricate interrelationships, and to facilitate deeper understanding

for readers and learners who engage with the represented information [80].

The widespread adoption of smart devices and the internet in the carly twenty-first
century marked yet another significant leap in the volume of accessible knowledge.
This era, often referred to as the Information Age, is characterized by the central role
of information and knowledge as key assets for individual and societal advancement.
At the same time, the temporal validity of knowledge has decreased dramatically:
what is known today may become obsolete tomorrow. Mastery of a computer pro-
gram or an operating system, for instance, requires the acquisition of a substantial
body of knowledge, yet, this expertise rapidly loses its relevance as new versions and
updates are released, underscoring the accelerating pace of knowledge evolution in

the digital era.

The simultaneous coexistence of multiple software and hardware versions often ne-
cessitates the parallel management of the corresponding variations or even contra-
dictions, within domain-specific knowledge. In certain cases, a particular function
may be executed using command A in one software version, while in a later version
the same result requires command B. However, the release of a new version does not
immediately render previous versions obsolete; they continue to exist and be used in
practice. As a result, parallel truths emerge: distinct, yet concurrently valid forms
of knowledge that must be understood and managed simultaneously within evolving

technological ecosystems.

By the twenty-first century, technological knowledge, while increasingly accessible
through digitalization, has also become overwhelmingly abundant and, in many
cases, internally inconsistent due to the coexistence of parallel and sometimes con-
tradictory truths. This unprecedented complexity poses challenges to professionals
that do not have historical precedent. In the field of information technology, tradi-
tional means of knowledge acquisition, such as textbooks, whether printed or digital,

are playing a diminishing role. For example, Gyula Obddovics’ "Mathematics" (first
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published in 1956) remains relevant today, reflecting the stability of foundational
scientific knowledge. In contrast, Barnabas Bartfai’s "Windows 8 and 8.1 for Every-
one", published in 2013, has already become obsolete, as the release of Windows 10
introduced fundamental changes to both interface and internal architecture of the
operating system. This example illustrates how technological knowledge can have an
increasingly short lifespan, highlighting the growing need for adaptive and evolving

frameworks of knowledge representation and learning.

1.1 Motivation and objectives

Having worked as a software developer for over 25 years, I have firsthand experience
with the rapid pace of technological change, as well as the challenges posed by
the coexistence of parallel and sometimes contradictory knowledge. As a university
instructor, I am also faced with the difficulty of determining which content to teach
students in a manner that remains relevant over time, particularly as the demand
for highly qualified professionals continues to grow in certain sectors. At the same
time, the presence of intelligent automation in the workplace is increasing. Although
research has established that engaging in meaningful work is a key determinant
of human mental well-being [115], the scope of such opportunities appears to be

narrowing due to the rise of intelligent automation [112].

This paradoxical situation raises the critical question: how must human education
evolve to effectively address these challenges? Education has long been one of the
most studied domains. More than 30 years ago, a new research field: Artificial Intel-
ligence in Education (AIEd) emerged in academia. AIEd adopts an interdisciplinary
approach, integrating artificial intelligence with pedagogy, psychology, and neuros-
cience to support the development of learning tools that are personalized, effective,
flexible, and engaging. Research in AIEd encompasses both traditional classroom
settings and workplace learning, with the aim of enhancing formal education and

lifelong learning opportunities.

In light of these ongoing socio-technological developments, I have concluded that

amidst the unfolding Fourth Industrial Revolution, humanity increasingly needs the
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support of ATEd. The advent of Al Large Language Models (LLMs), such as Chat-
GPT !, capable of executing complex tasks and engaging in natural language inter-
action, has created an entirely new situation. These models enable the construction
of computer systems that can communicate with ordinary human users in an every-
day language. In practical terms, this implies that every learner could potentially
have access to a virtual teaching assistant capable of guiding them through emerging
technologies and providing explanations tailored to their understanding. Neverthe-
less, it is essential to preserve the central role of the human educator, because, as
discussed in the historical overview, learning is not just the transfer of knowledge,
but also a deeply social process, one that encompasses moral guidance, interpersonal

interaction, and the shared experience of growth within a community.

Consequently, in my research, the following objectives and requirements were defined:

Develop a model for dynamically representing curricula capable of accommod-

ating rapid domain changes and parallel, potentially conflicting truths.

o Create personalized learning experiences and provide effective support for edu-

cators, without diminishing the central role of the educator.

» Establish a framework to help educators track student progress and learning

outcomes.
o Design a framework to systematically oversee, manage, and develop curricula.

o Define a method for representing the learners’ knowledge states in an accurate

and actionable manner.
o Implement a prototype system based on the proposed model and frameworks.

o Propose an approach to generalize learning by enabling and promoting Al-

driven knowledge sharing.

In addition to the specific research questions addressed in this dissertation, the re-

search is guided by the following overarching research question (ORQ):

ORQ: How can an intelligent tutoring framework be designed to support adapt-

1OpenAl, available:https://openai.com/chatgpt
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ive, personalized, and sustainable learning in fast-evolving knowledge domains while

preserving the central role of educators?

1.2 Ethical considerations

Cognitive maturity: AIEd must be treated with a high degree of responsibility.
This dissertation emphasizes that the use of artificial intelligence in education re-
quires a high level of cognitive maturity. Adult learners possess the cognitive matur-
ity and critical thinking skills necessary to interact with Al-driven recommendations
without falling into uncritical dependency. Consequently, the system developed in
the scope of this dissertation is recommended for Higher Education and for Adult

learners.

Human-in-the-Loop: The proposed system in Higher Education is essentially a
supplementary tool rather than a substitute for the educator, since it is designed
to manage the technical scaffolding, while the teacher retains pedagogical authority
over both the curriculum and the assessment. In an Adult learning environment,
the distinction between teacher and learner is less clear, so learners need additional

motivation to complete assessments and to persist with their studies.

Bias: To address potential bias, the proposed model is transparent and explain-
able. Unlike black-boxr Al systems, the graph-based approach allows educators to
inspect prerequisite relations and prediction logic, ensuring that the system does not

reinforce learning biases or unfair educational paths.

Empowerment through autonomy: By providing learners with the tools to un-
derstand their own knowledge state, the system grants them a high degree of ped-
agogical autonomy. The proposed framework is specifically designed to support

self-regulated learning environments.

1.3 Dissertation outline

The dissertation is organized as follows. Chapter 1 provides a historical overview

that contextualizes the central problem addressed in this research. It also presents
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the motivation behind the study and defines its objectives and requirements. The
literature review section offers an analysis of existing technologies and previous re-
search relevant to the topic. Chapter 2 presents the implicit Knowledge Sharing
Bridge architecture, which explores the concept of embedding an intrinsic teaching
capability within Al systems. Chapter 3 introduces the proposed dynamic I'TS data
model, named the Evolving Knowledge Space Graph, including its formal specific-
ation and the algorithms developed to support it. Chapter 4 describes the overall
framework that integrates the designed model into a functional system architecture.
Finally, Chapter 5 presents details about the prototype implementation and reports
on a user study conducted with BSc university students using the implemented
system and analyzes the results to evaluate the feasibility and effectiveness of the
proposed model and framework. Chapter 6 provides a summary of the dissertation

and presents the four theses derived from the research.

Together, these chapters form a coherent body of work that bridges theoretical mod-
eling, system implementation, and empirical validation, advancing the field of in-
telligent tutoring and human-centered AI. The proposed solutions aim to support
learners and educators in rapidly evolving technological environments, providing ad-
aptive and sustainable learning pathways that help individuals stay competent and

confident in continuous change.

1.4 Literature review and theoretical background

Rapid technological change, as outlined in the introduction, has transformed not
only the structure of the labor market but also the way humans acquire, retain, and
apply knowledge. The continuous evolution of software, hardware, and digital infra-
structures has resulted in an ever-expanding and dynamic knowledge space, where
previously learned information may become obsolete within months. This constant
flux presents significant cognitive and educational challenges: people must repeatedly
adapt their skills, update their understanding, and navigate multiple, sometimes con-
tradictory, “truths” that coexist across different technological versions and platforms.

Traditional curricula and teaching methods that are structured around stable, slowly

Introduction 7



changing bodies of knowledge struggle to accommodate the speed and variability of

modern technological environments.

This chapter reviews the theoretical foundations and existing research relevant to
this challenge. Examines prior approaches to handling dynamic knowledge domains
in education, with particular emphasis on Intelligent Tutoring Systems and their
evolution toward adaptability and personalization. The discussion highlights the
limitations of existing models in managing rapidly changing content and introduces
the conceptual basis for the proposed dynamic ITS framework developed in this

dissertation.

In fields such as computer science, engineering, and information technology, know-
ledge evolves so rapidly that even recently acquired competencies can become obsol-
ete in a short period of time. This phenomenon is often referred to as the half-life of
knowledge. The half-life of knowledge in computer science and technology is estim-
ated to be between 12 and 18 months, making it one of the shortest among scientific
disciplines [109]. This rapid obsolescence requires continuous learning and adaptation
to new technologies and methodologies. Integration of emerging technologies such as
Al, VR, and digital platforms into education and professional practice can improve
knowledge retention and application [81]. E-learning emerged as a significant educa-
tional paradigm with the advent of digital technology and the Internet. The initial
focus of the e-learning or e-tutoring systems was on content delivery and providing
a platform for distance education [111]. However, the emergence of such systems
soon enabled researchers and developers to move beyond static content transmission
and explore mechanisms that dynamically assess learner knowledge. This shift could
allow one to tailor educational content according to the actual understanding of the

learner, guided by the underlying pedagogical or algorithmic logic [17].

To facilitate the administration, documentation, tracking, reporting and delivery
of educational courses and training programs, a complex integrated platform is re-
quired, commonly referred to as a Learning Management System (LMS). LMS plat-
forms serve as centralized environments where educators can design, organize, and

distribute learning materials while also monitoring learner engagement and perform-
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ance. These systems emerged as a response to the growing need for scalable and
efficient educational management, particularly within institutions that provide in-

struction to large and diverse audiences [106].

Researchers quickly identified a number of fundamental challenges that needed to be
addressed in order to develop systems capable of providing meaningful, personalized
learning experiences. Key research questions included: How can learning content
be stored and structured in a way that allows personalized delivery? How can a
learner’s current level of knowledge and cognitive abilities be accurately assessed?
How can adaptive learning paths be generated for individual learners? And finally,
how can a system continuously monitor learner progress, including emotional and

cognitive states relevant to the learning process?

These questions called for a re-examination of the pedagogical and didactic principles
to align them with computational models of learning [114]. Developing a high-quality
LMS required the integration of insights from pedagogy, psychology, and computer
science [93]. The ultimate goal of such advanced systems has been to achieve a
level of effectiveness comparable to that of human tutors. This aspiration led to the
emergence of a new class of educational technologics known as Intelligent Tutoring

Systems [18].

Over the past decades, several canonical ITS architectures have been proposed to

formalize the internal structure and interaction of these systems.

« Tutoring integrated Expert Systems (ES): these systems integrate expert know-
ledge and are often web-oriented, facilitating the automated formation of a

unified ontological space of knowledge and skills [94].

o Agent-based architectures: these architectures utilize intelligent agents to per-
form various functions within the I'TS, enhancing adaptability and personaliz-

ation [46].

o Emotion Machine based architectures: adaptations of the Emotion Machine
(EM) model, which incorporate multiple layers of "thinking" and dynamic agent

activity, promoting learner-driven content creation [110].
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« Competency-Based Learning (CBL) models: the focus shifts from time spent
learning (e.g., "seat time" or course duration) to the demonstration of mastery
over specific, pre-defined knowledge, skills, and dispositions (competencies)

23].

o Generalized Intelligent Framework for Tutoring (GIFT): an open, modular
architecture supporting authoring, delivery, instruction, and evaluation of ad-

aptive instruction [101].
In general, an I'TS is made up of six major components:

1. Domain knowledge model: Stores the knowledge about the subject matter to
be taught. It is essential to provide accurate and relevant instructional content

[83].

2. Learner model: represents the system’s understanding of the student’s know-
ledge, preferences, and learning progress. This model is crucial for personaliz-

ing the learning experience [64].

3. Tutoring module: manages the instructional strategies and interactions with
the learner. It adapts teaching methods according to the needs and progress

of the student [95].

4. User Interface module: facilitates interaction between the student and the

system. It ensures that the system is user-friendly and accessible [100].

5. Communication module: handles the communication between different com-

ponents of the ITS, ensuring seamless integration and operation [71].

6. Pedagogical model: designs and implements teaching strategies, combining the
interests of the student, the capabilities of the tutor, and the characteristics of

the subject [71].

These components were originally designed for static or slowly evolving domains,
where the structure and content of knowledge remain relatively stable over time.
Consequently, the classical ITS architecture provides limited support for rapidly

changing or dynamically evolving knowledge environments, such as those found in
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computer science, software engineering, or other technologies-driven fields; however,
it has nonetheless served as the foundation for numerous I'TS implementations and

research efforts that can be broadly categorized into three major areas:

1. learner-centered studies, focusing on modeling learner knowledge, abilities, and

behavior;

2. content-centered research, addressing the representation and storage of learning

materials for adaptive use; and

3. pedagogical-methodological studies, exploring instructional strategies and as-
sessment techniques that guide both teaching and learner evaluation within

ITS frameworks.

1.4.1 Learner-centered studies

The first major research direction within I'TS is learner-centered modeling, which fo-
cuses on representing various aspects of learner characteristics, behaviors, and needs.
This line of research seeks to enhance personalization and adaptivity by capturing
the cognitive, emotional, and behavioral dimensions of learning. For example, gami-
fication techniques have been explored to increase the motivation and engagement
of learners [39]. Similarly, facial recognition and affective computing methods have
been used to estimate the emotional states and attention levels of learners in real
time [118]. Other works have investigated hybrid recommendation strategies that
integrate the identification of learning styles with dynamically customized instruc-

tional content and activities to individual preferences [58].

In dynamically evolving domains, learner motivation plays a particularly critical role,
as learners must often engage in continuous self-directed learning without external
enforcement. Gamification techniques can support this process by maintaining en-
gagement and fostering intrinsic motivation. However, continuous monitoring of a
learner’s emotional state through methods such as facial recognition raises legitimate
privacy and ethical concerns, especially in educational settings. In contrast, identify-
ing or allowing learners to self-select their learning style remains a valuable approach

even in dynamic domains. This information can meaningfully inform adaptive in-
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struction, helping systems adjust the presentation and sequencing of content while

still respecting learner autonomy and data privacy.

1.4.2 Content-centered research

The second major research direction is content-centered, focusing on domain know-
ledge and its transformation into structured curricula. Domain knowledge models
within I'TS play a crucial role in representing, organizing, and managing the know-
ledge that is to be taught. These models define how educational content is struc-
tured, how concepts relate to each other, and how learning progression can be guided
through these relationships. The main domain knowledge models used in ITS re-

search include the following.

» Ontology-based models: These models provide a structured and formal rep-
resentation of domain concepts and their relationships, enabling knowledge
sharing, reuse, and automated reasoning [95]. Ontology-based approaches fa-
cilitate the updating and maintenance of domain knowledge [44] and support
the personalization of learning experiences by adapting content according to
the learner’s profile and performance. Furthermore, ontologies promote in-
teroperability between systems and enable the integration of heterogeneous

learning resources [42].

« Concept Networks (CN) and Learning Objects (LO): Concept networks repres-
ent the key concepts within a domain and their interrelationships, providing a
graphical and cognitive map of the knowledge space. They help learners visu-
alize and comprehend the structural organization of the domain, thus support-
ing meaningful learning and knowledge integration [123]. Learning Objects are
modular and self-contained units of educational content that can be associated
with the nodes of the concept network. LOs promote reusability and flexibil-
ity, as they can be repurposed in different courses or learning scenarios [60].
They are typically described using standardized metadata that facilitate their

organization, retrieval, and integration into learning management systems.

o Data Mining and Knowledge Discovery: In domains where knowledge struc-
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tures are not well-defined or explicitly modeled, data mining and knowledge
discovery techniques play a critical role in identifying implicit patterns of ex-
pertise and learning behavior [43]. These methods rely on analyzing learner
interactions, system logs, and performance data to infer relationships and de-
pendencies between knowledge components. Within this approach, Sequential
Pattern Mining (SPM) is used to detect recurring sequences of learner ac-
tions or problem-solving steps, thus uncovering implicit domain structures and
learning trajectories. Similarly, Association Rule Discovery (ARD) identifies
relationships between different knowledge units, supporting the construction

of richer and more comprehensive domain models [75].

o Expert Models: Expert models represent the idealized knowledge structures
and problem-solving strategies of a domain expert. They serve as reference
frameworks against which learners’ actions and solutions can be compared,

allowing the system to identify discrepancies and knowledge gaps [51].

Despite the extensive body of research on intelligent tutoring systems and knowledge
representation, relatively few studies have addressed the challenges posed by the
rapid obsolescence of knowledge and the coexistence of parallel or contradictory
truths in dynamic technological domains. This gap in the literature highlights the
critical need for educational models capable of adapting to the pace of technological

change while maintaining conceptual consistency and pedagogical coherence.

Education systems in general are increasingly conceptualized as Complex Dynamical
Systems (CDS), emphasizing the interdependence, adaptability, and emergent beha-
vior of their components [59]. Learning environments, like other complex systems,
exhibit continuous evolution over time, where stability and change coexist in a del-
icate balance. Consequently, incorporating temporal information into educational
data models becomes essential to accurately represent the evolution of the system

and capture the dynamics of knowledge development.

In terms of evolving-knowledge representation, in general, the Knowledge Graph
Change Language (KGCL) has emerged as a standardized framework for describ-

ing modifications in knowledge graphs and ontologies. KGCL provides a structured
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means to document, request and communicate graph changes at a high level of
abstraction, enabling transparency, collaboration, and traceability among multiple
stakeholders [50]. However, the primary objective of KGCL is to support traceable
and transparent modifications to existing models rather than to represent the coex-
istence of multiple knowledge states. Consequently, KGCL lacks the ability to handle
parallel truths or to dynamically switch between alternative or evolving versions of

knowledge.

Other attempts to address the problem of change in knowledge representation can
be found primarily in the field of biomedical ontologies. For example, the DynDiff
tool provides a mechanism for comparing different versions of biomedical ontologies
by identifying and highlighting changes [37]. Nevertheless, its focus lies on detecting
changes rather than representing or managing them within a continuously evolving

knowledge structure, as required in educational domains.

In addition, frameworks such as the Theory of Change (ToC) can help in planning
and implementing curricular revisions by making implicit assumptions explicit and
guiding the development of new pedagogical interventions [119]. However, while ToC
contributes to the conceptual and organizational understanding of change, it does

not explicitly target the representation of evolving knowledge within a formal model.

After reviewing existing models of representation of educational knowledge, it be-
came evident that representing change and parallel truths requires a hybrid approach

that combines the strengths of multiple paradigms.

Ontologies have proven to be highly effective in modeling domain concepts. Typ-
ically, the knowledge domain represented by an ontology is separated from the in-
structional content itself. Ontological structures are grounded in natural object hier-
archies, where the relations between elements are based on the generalization and
specialization of conceptual entities [86]. In this sense, ontologies capture semantic
and taxonomic relations rather than prerequisite or learning dependency relations,

which are central to epistemological modeling in education.

A more suitable foundation for representing dynamic knowledge relationships can

be found in the Knowledge Space Theory (KST). In KST, a knowledge domain is
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represented as a network of nodes, where nodes correspond to problems or questions,
and edges represent surmise relations, logical or pedagogical dependencies among
knowledge units [38, 41]. According to assessment theory, certain knowledge elements
typically precede others in time: that is, a particular problem can only be solved, or

a question can only be answered once its prerequisite elements have been mastered.

An important extension of KST is the Competence-based Knowledge Space Theory
(CbKST), which is grounded in the observation that learners require specific skills to
solve given problems. In CbKST, prerequisite relations can be inferred by identifying

the skills necessary to answer questions or complete tasks [16].

Within KST, the set of all questions or problems that define mastery in a given
domain is called the knowledge space. A learner’s knowledge state is a subset of this
space, representing the questions the learner is currently able to answer. Once the
actual knowledge state is known, it becomes possible to determine both the outer
fringe: the set of problems that the learner is ready to attempt next, and the inner

fringe: the set of problems to revisit when comprehension difficulties occur [33, 41].

To adequately represent the dynamics of evolving knowledge domains, it would be
necessary to incorporate the notion of time dependency and, consequently, to formal-
ize temporal relationships within educational knowledge representations. Although
the concept of time-dependent graphs has been extensively studied in other scientific
domains [117], it has not yet been systematically applied to educational modeling.
The introduction of such temporal dimensions could enable more realistic modeling
of how knowledge evolves, decays, or transforms over time, an aspect that current

systems largely overlook.

In a general sense, time is a temporal construct that can represent either a specific
moment or a duration. A single moment is often referred to as a time instance,
whereas a duration corresponds to a time interval. Temporal aspects of real-world
entities can be formally represented, for example, by the OWL-Time ontology, a
temporal extension of the Web Ontology Language (OWL) designed to describe

temporal properties and relations [48].
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1.4.3 Pedagogical-methodological studies

The third major research area is digital pedagogy, which explores instructional
strategies and assessment techniques that guide both teaching and learner evalu-
ation within ITS frameworks. To effectively use tutoring capabilities, motivation
and self-regulated learning emerge as central factors. Even in adaptive and intelli-
gent environments, the success of learning ultimately depends on the intrinsic drive
of the learner to engage with and persist in the process. In rapidly evolving domains,
where knowledge constantly changes and expands, self-motivation becomes a funda-
mental prerequisite for maintaining the continuity and adaptability of learning [122].
Self-Regulated Learning (SRL) refers to the learner’s ability to actively control their
own learning process through goal setting, self-monitoring, and self-reflection. The
foundational SRL models [103] emphasize that successful learners are not passive re-
cipients of information, but active participants who plan, monitor, and adjust their

strategies based on feedback and task demands.

Through knowledge state prediction, the system can estimate what the learner
already understands, what they are ready to learn next, and where potential gaps or
misconceptions may exist. This process, known as Knowledge Tracing (KT), involves
modeling a student’s evolving knowledge state based on their historical interactions
with the system. These models use various techniques, including Bayesian networks,
Recurrent Neural Networks (RNNs), and Transformer architectures, to capture the

complexity of learning processes [96, 56, 49].

In the KST model previously discussed, the adaptive knowledge path algorithm
can select from the outer fringe the learning objects that the learner is ready to
acquire [41]. Consequently, the process of determining a personalized learning path
consists of two main components. First, the learner’s actual knowledge state must
be assessed, and based on this assessment, their knowledge state across all other
learning objects in the model can be predicted. Second, both measured and predicted
knowledge states must be represented in a format that facilitates the identification of

learning objects suitable for immediate study. Importantly, knowledge acquisition is
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not unidirectional; the model also accounts for forgetting, ensuring that the learner’s

evolving state accurately reflects both learning gains and decay over time.

Forgetting is a fundamental aspect of human cognition with direct implications for
educational technology design [74]. Without reinforcement, previously acquired
knowledge decays over time, a phenomenon classically described by Ebbinghaus’s

forgetting curve [69].

Adaptive learning systems increasingly incorporate time-based forgetting models,
adjusting knowledge estimates based on the interval since the last interaction of
a learner with a concept. Systems like ALEKS operationalize this by updating

knowledge states to reflect temporal decay [67], mirroring the forgetting curve.

Recent models also consider forgetting consistency [68], which ensures logical de-
gradation of knowledge within structured representations, such as knowledge graphs.
Relatedly, positive knowledge correlation restricts forgetting algorithms to avoid il-

logical decreases in the understanding of related concepts.

Although some systems explore testing effects [67], where assessment itself can rein-
force learning, the findings are mixed. Large-scale data suggest that this effect may
benefit high-performing students, while lower performers risk disengagement when

faced with repeated exposure to identical items.

As discussed previously, both the measured and predicted knowledge states must be
represented within the model to enable the determination of a personalized learn-
ing path. Intuitionistic Fuzzy Logic (IFL) appears to be a suitable framework for
this purpose. Originally introduced by Atanassov [21], IFL extends classical binary
logic by incorporating a third component—indeterminacy in addition to truth and
falsehood. This framework reflects the idea that for any given proposition, three
cases must be considered: (1) it has been proven to be true; (2) it has been proven
to be false; or (3) it remains undecided, and no known finite procedure exists to
classify it as either. Unlike traditional fuzzy logic, which defines a degree of truth,
IFL distinguishes explicitly between degrees of membership (truth), non-membership

(falsity), and hesitation (indeterminacy) ([82]). This makes it particularly well suited
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to model the uncertainty of learner knowledge states, especially when information is

incomplete or evolving over time ([35]).

1.4.4 Knowledge sharing in general

As artificial intelligence becomes more involved in decision-making processes, there is
a growing risk that humans may become overly dependent on these systems, poten-
tially leading to a decline in expertise and mental autonomy. Research consistently
emphasizes the centrality of meaningful work in human well-being [115], as it pro-
motes satisfaction through the application and continuous refinement of one’s skills
[112]. Simultaneously, the accelerating pace of technological change creates an ur-
gent societal demand for lifelong and universally accessible learning opportunities to
sustain human adaptability. The emergence of Al Large Language Models (LLMs)
such as ChatGPT, capable of performing complex tasks and engaging in natural

language interaction [78], further underscores this necessity.

In contrast, Intelligent Tutoring Systems were explicitly developed to support active
learning through personalization, adaptive feedback, and learner modeling. However,
these systems are typically domain-specific and isolated, rather than integrated into
everyday Al applications. This separation limits their ability to facilitate learning

during human-ATl interactions in the real-world.

Even though Explainable Al (XAI) aims to enhance Al transparency, providing ex-
planations alone does not equate to fostering genuine understanding [26]. Although
XAI clarifies how decisions are made [19], it rarely supports the conceptual under-

standing necessary for users to internalize and utilize Al-generated insights [53].

Furthermore, despite significant progress in the design and accessibility of ITS, edu-
cational support remains uneven, particularly for learners with limited resources [62].
Most approaches prioritize infrastructural or economic access rather than embedding

pedagogical intelligence directly within Al agents themselves.

This reveals a critical gap: current Al systems lack mechanisms that actively promote

user learning during interaction. Although explanations may enhance trust, they
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do not teach; and while ITS architectures deliver effective pedagogy, they remain

external to everyday Al tools.

1.4.5 Conclusion

To effectively operate in dynamic domains, each of the traditional I'TS sub-components
must be re-envisioned. The Domain Model must be capable of representing evolving
knowledge structures, supporting temporal and version-dependent relationships, and

maintaining parallel truths.

The Learner Model must adapt to knowledge that may change or become obsolete

while still maintaining an accurate estimation of learner competence over time.

The Pedagogical Model must incorporate mechanisms to recommend updated learn-
ing paths as the domain evolves, ensuring continuity between past and current know-

ledge states.

The User Interface Model must facilitate transparent communication of these changes,

helping learners understand how domain evolution impacts their learning trajectory.

Although some research efforts have begun to address aspects of temporal or dy-
namic knowledge modeling, for example, in adaptive hypermedia systems or lifelong
learning frameworks, comprehensive solutions that integrate time dependency and
domain evolution across all I'TS components remain scarce. This gap highlights the
need for a new generation of intelligent tutoring architectures capable of managing

dynamic domains holistically rather than through isolated updates.

Finally, Bridging the gap between Al systems and ITS requires generalizing the
concept of teaching so that every Al system, regardless of its domain, inherently
operates as a tutoring entity capable of supporting human learning alongside task

execution.

Within our institute, previous research on knowledge-intensive systems has been

conducted under the supervision of Prof. Dr. Laszlé Kovéacs.

Walelign Tewabe Sewunetie focused primarily on Automatic Question Generation

(AQG), which falls within the broader category of assessment techniques. In contrast,
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the present dissertation does not directly address AQG. Instead, it approaches the
assessment problem through the use of Generative Artificial Intelligence, leveraging
its capability to dynamically construct evaluation items based on existing learning

material.

Hussein Ali Ahmed Ghanim concentrated on ontology-based knowledge representa-
tion within tutoring systems. The current dissertation extends this line of research
by incorporating the fundamental principles of Knowledge Space Theory. Although
Ghanim’s ontology-based model also decomposed learning materials into discrete
knowledge units, these were typically fine-grained, defined at the conceptual level
characteristic of ontological hierarchies. In contrast, the present work operates at a
coarser level of granularity, using larger knowledge units to form a semantically inter-
pretable structure. Furthermore, while ontology-based representations traditionally
rely on hierarchical tree structures, the proposed Evolving Knowledge Space Graph
moves beyond this constraint by introducing a graph-based representation. This en-
ables visualization and spatial organization of knowledge within a virtual learning

space, which helps learners develop a better systemic understanding of the domain.

Neither Sewunetie’s nor Ghanim’s rescarch addressed the challenge of dynamically
changing domains or the problem of generating adaptive personalized learning paths
and tracking learner progress over time, aspects that constitute the core contribution

of the present dissertation.

Tanja Sieber’s work, on the other hand, explored the evolution of industrial tech-
nical documentation and its sharing between departments, which partially relates
to the issue of dynamically evolving domains. Her approach proposed a document
management system based on ontology; however, her research did not concern edu-
cational applications and remained confined to the ontological modeling framework.
The model proposed in this dissertation introduces a novel perspective by combining
the concept of abstract time with temporal graph theory, offering an innovative ap-
proach to managing and representing evolving knowledge within adaptive tutoring

systems.
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Chapter 2

Implicit knowledge sharing in Al

systems

The core claim advanced in this chapter is that, given their growing resemblance to
human-level intelligence, Al systems should implicitly provide teaching and knowledge-

sharing capabilities, acting as built-in tutors within their operational domains.

Despite significant advances in intelligent tutoring systems (ITS), access to high-
quality educational support remains uneven, particularly for learners with limited
resources. Recent work has investigated the use of decentralized technologies, such
as the Ethereum blockchain, to democratize tutoring services and mitigate educa-
tional inequality by providing low-cost scalable solutions [62]. Although promising,
such approaches primarily address logistical and economic accessibility, rather than

embedding tutoring capabilities directly into Al agents themselves.

This reveals a critical gap: current Al systems lack integrated mechanisms to foster
user learning during real-time interaction. Explanations, while valuable for building
trust, do not constitute teaching. Similarly, ITS solutions offer effective pedagogy,
but remain external systems rather than being embedded within everyday Al tools.

As a result, a void persists precisely where learning could and should occur.

To address this gap, this chapter proposes a novel framework that embeds an im-
plicit tutoring mechanism directly into Al systems through the introduction of the
Knowledge-Sharing-Bridge (KSB). The KSB converts conventional AI agents into

hybrid entities that can serve two purposes: to execute tasks and to instruct users.
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By combining core XAI functions with interactive, personalized teaching elements,
KSB enables continuous, contextual learning without requiring users to leave the
environment where the Al operates. Previous research emphasizes that intrinsic
and extrinsic motivations significantly influence the intention of individuals to share
knowledge, particularly within formal virtual communities [20]. The proposed KSB
component seeks to leverage these motivational insights by designing AI systems
that not only explain but also encourage and facilitate user learning, acting as a

motivational partner within the interaction.

The KSB comprises four interlinked components: Explain (XAl engine), Report (op-
erational analytics), Control (user configurability), and Teach (instructional guid-
ance). This integration allows Al systems not only to justify their actions, but also
to act as informal tutors, gradually enhancing user competence. Using structured
knowledge representations, such as word clouds, the proposed framework makes com-

plex decision logic intuitively accessible and pedagogically valuable.

This chapter presents the high-level design and a prototype implementation of the
KSB-enabled Teaching Al framework. The proposed solution fills a critical void in
current Al applications, offering a novel pathway to blend automation with embedded
learning, ensuring that Al systems not only inform, but educate their users in real

time.

2.1 Framework Development via Theoretical Mod-
eling

This section explores the framework development process by listing the guiding prin-
ciples that determined the architecture. It defines and examines the components and
their interactions of the KSB framework. In addition, it outlines the validation and

analysis steps of the theoretical framework model.

The KSB framework was developed using the Theoretical Modeling (TM) approach

grounded in principles from Intelligence Augmentation, emphasizing the comple-
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mentary relationship between human cognition and Al systems, where technology is

designed to enhance, rather than replace, human understanding and decision-making.

Theoretical analysis formed the basis for identifying a key gap in current Al ap-
plications: the lack of universal, implicit, and continuous learning opportunities
embedded within the systems themselves. Thus, the KSB framework was designed
not as an external educational tool but as an internal component of any Al system
that interacts directly with users, making learning a result of usage rather than a

separate, explicit process.

2.2 High Level Design principles guiding the KSB
framework

XAI, while improving transparency, focuses on explanation rather than active teach-
ing. This gap necessitated a framework that seamlessly embeds teaching function-
ality into Al systems. The development of the KSB framework was guided by the

following core design principles:

o Intelligence Augmentation (IA) over Al: The framework prioritizes improving

human intelligence and autonomy rather than replacing it.

o Implicit learning over explicit training: Learning should occur in the flow of

using technology, reducing barriers such as cost, time, and motivation.

o Universality and accessibility: The KSB is designed to be integrated into any

Al system, regardless of the domain, enabling lifelong learning for all users.

o Transparency and trust: By explaining and reporting decisions, Al can foster

a more trusted relationship with users.

These principles seek to transform Al from a marginalizing force to an empowering
tool. The necessity for KSB arose from multiple theoretical and practical observa-
tions. Despite rapid advancements in Al, most systems lack the ability to teach users
how they function, leading to dependency rather than empowerment. Existing ITS

focus narrowly on academic domains and are not embedded within general-purpose
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Al systems. Furthermore, emerging challenges related to Al overautomation and
loss of meaningful human work highlighted the urgent need for Al systems to play a
more supportive and educational role in human society. Consequently, the KSB was
conceptualized as an internal Al module designed to transfer knowledge from the Al

to the user through intuitive and context-sensitive interactions.

2.3 Rationale behind KSB subcomponents

The KSB framework, depicted in Figure 2.1, was designed using a High Level Design
(HLD) process, defining the overall architecture and subcomponent interactions. The
inclusion of the four subcomponents FExplain, Report, Control, and Teach, as well as

the remaining components, was guided by the need to facilitate user learning.

o Explain: Integrates XAl techniques to make the Al’s decisions interpretable.
This supports cognitive understanding and enhances user trust. It is not
enough to provide low level explanation; it is advisable to translate the ex-
plaining result into a human understandable format. For instance, in a legal

environment explainability means legal explanation.

o Report: Offers statistical and performance feedback to users, helping them
track system behavior and identify improvement areas in their own interaction
or decision-making. To prepare thoughtful decisions in terms of Al control it
is crucial to monitor the working of the system as well as to follow the com-
munication between the user and the Al agent. The system must enable users
to analyze their interactions, which necessitates the inclusion of the Report
subsystem in the KSB. Established metrics already exist for evaluating Al
agents (e.g., success rate, accuracy), and it can be anticipated that additional

measures will emerge in response to the increasing demand for control.

o Control: Empowers users with configurable options that promote autonomy
and self-regulation, aligning with principles from self-directed learning. To
implement controllability, Al developers must put a set of rules into force in

the Control subsystem so that the external users can intervene in the working
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of the system in a predetermined way. To avoid demonization of Al technology
there must be much larger control possibility provided to the users than today,
however it means a great challenge to the system’s security. Therefore, to
avoid malicious interactions, careful implementation of the Control subsystem

regarding security issues is crucial.

Teach: Provides personalized, context-sensitive instructional content, enabling
users to develop procedural knowledge on how to replicate or modify the Al-
driven task. In a healthy synergy, Al learns from humans and humans learn
from AI. Teach is the subsystem that facilitates human learning by providing
premeditated feedback in a teaching manner. As opposed to the Explain sub-
system, where the aim is to understand the AI’s response, the Teach subsystem
provides information how to learn the skills of the Al agent. For example, if a
legal document is being rejected by the Al-classifier agent the Explain subsys-
tem can point on to the key factors why the document was rejected, while the
Teach subsystem gives information how the document needs to be constructed

to get it accepted.

Internal gateway: Having an internal gateway makes it possible to scale
the internal components of the KSB so that can be extended and customized.
Either by adding more components or more instances from existing compon-
ents the internal gateway can encapsulate the communication and can realize
internal security features that protect the subcomponents from malicious im-
pacts. By providing private API the system can be integrated seamlessly into

various Al systems.

User interface and the integration layer: Users are communicating the
AT agent using the user interface (UI). In the proposed framework the Ul must
be extended for the user to be able to interact with the KSB and to access
learning materials, get explanation, realize control or to query statistical in-
formation. These functionalities can be implemented separately from the core
AT functionality making it possible to apply advanced learning capabilities.

The integration layer provides public API to implement the core functionality
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Figure 2.1: KSB framework

as well as to access the KSB functionalities behind the gateway. It ensures
seamless integration with various Al systems and platforms, adhering to in-

dustry standards.

o Core AI functionality: The proposed model is describing a simplified Al
agent that consists of the trained Al model as well as a processor layer that
implements the business logic of the system. Usually the input/output is real-
ized by the sensor and effector subcomponents. Furthermore, it is important
to mention that the system always need a database (DB) where the core func-
tionality related data, user related information or system settings are stored.

In the proposed model the KSB related data is also located in this database.

Together, these modules transform Al from a static decision maker into a dynamic
educational agent that can provide support to users in real time, enabling skill de-
velopment and knowledge enhancement. The inclusion of KSB in general Al systems
introduces a new model of continuous implicit learning (CIL). Unlike formal
educational systems or traditional e-learning platforms, the KSB supports just-in-
time knowledge delivery, addressing the knowledge needs of users as they arise during
real-world tasks. This aligns closely with the goals of lifelong learning and adaptive
learning environments but broadens their reach to include all Al-driven interactions,

not just educational applications.
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2.4 Theoretical validation

The framework was subjected to Theoretical Validation (TV). The TV of the KSB
framework involved a comprehensive analysis of its advantages and potential chal-
lenges. Key advantages include universal application, user empowerment, and en-
hanced trust and transparency. However, challenges such as the complexity of XAl
integration and the need for high-quality automated tutoring solutions were also iden-
tified. The rescarch acknowledges limitations, including the high-level description of
the framework and the use of a small group of university students for preliminary

evaluation.

In this section, the practical implementation of the KSB framework is explored
through a prototype implementation developed as part of this research, which demon-
strates how the Explain, Report, Control, and Teach components operate in an integ-
rated Al environment. In addition, this section highlights how the KSB components
contribute to the overarching goals of user empowerment and intelligence augment-

ation.

2.4.1 Workflow

The purpose of the Answer Validator (AV) is to automatically evaluate a textual
response from a customer service employee. AV is a simple language-model-based
Al system that acts as a virtual customer service trainer. The prototype KSB was

implemented as part of the AV module.

The workflow of the system is as follows: the prototype Ul shows a question to
the employee, then the employee submits a textual answer using the Ul to the AV
module through the public API that is implemented as a REST service. The REST
response received contains the evaluation result as well as a Universal Unique Iden-
tifier (UUID) to identify the communication flow. The UI then extracts the UUID
and requests an explanation as well as teaching information from the KSB through
the public API. The integration layer forwards the request using the private API to
the KSB gateway. The gateway routes the request to the Fxplain and Teach sub-
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components. Both components fetch the necessary information from the DB by the
UUID and use the capability of the Al language model to generate a response. The
user interface displays both information to the user and expects a corrected response.

The process continues until the answer reaches the acceptance criteria level of the

AV module.

2.4.2 XAI engine of the Explain and Teach modules

The proposed domain tutoring system is different from the general tutoring systems

in many aspects. The main differences include the following elements:
e local scope problem domain
« small knowledge topic focusing on a specific problem
o flexible content
« open interface

The fundamental elements of the framework comprise the modules FEzxplain and
Teach, which generate a clear explanation of the prediction process carried out by
the neural network (NN) and provide guidance to the user on how to enter an input
that the NN recognizes as a correct response. The XAl engine of the Ezplain mod-
ule will analyze the NN architecture and generate an interpretable representation of
the NN knowledge model. Considering the usual knowledge representation formats
used in expert systems, we can highlight the Word-Cloud tool, which shows the key

concepts related to the decision process.

2.4.3 Proposed algorithm of Word-Cloud generation of the
prototype AV module

To understand the evaluation algorithm of the prototype AV module, let us first
observe the AV process itself. In the open-text AV domain, there are two main use
cases. In case A, exact words need to be used to answer, while in case B the meaning
of the answer is important, but the words themselves can differ. In other words, in

case A the answer can be verified by comparing the words one by one while in case
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B the semantics of the answer needs to be matched. Case B is more common in
real life. For example, a case A question may look like this: What do the initials
HAL for the HAL 9000 computer mean in the film 2001: A Space Odyssey? The
right answer looks like this: Heuristically programmed Algorithmic computer. The
question in case B may look like this: How do you greet a customer?. It can be a
question in a customer service environment. The right answer could be: Hello, how
may I help you?. But semantically, it is also acceptable to answer like this: Hi, can

I help you?.

The algorithm of the implemented AV module evaluates textual answers using cosine
similarity (X, A) between the expected answer X = {z1,xs,...,x,,} and the actual
answer A = {ay,as,...,a,}, where m is the number of expected answer tokens and
n is the number of actual answer tokens. The implemented logic can be used in
both cases A and B. For text representation, the system uses the STSB-ROBERTA-
LARGE language model [90].

The implemented prototype Faplain subcomponent evaluates the given answer words
one by one and displays them in a Word-Cloud following this pattern: the bigger the
word in the cloud, the further it takes the answer away from the expected answer. To
calculate word relevance, the algorithm skips tokens a; of the answer one by one and
generates new answers A; = {a1,...,a;_1,a;11...,a,} and calculates the similarity
between the resulting new answer and the expected answer (X, A;). The similarity
value in this case is in correlation with the relevance of the skipped token. In other
words, the larger the word in the cloud, the more you need to change that word to

get to the correct answer.

The prototype Teach subcomponent works similarly to the Ezplain subcomponent.
The only difference is that it calculates the relevance of the words in the expected
answer and provides a cloud with only the few most relevant expected words. This
gives a hint to the user about what terms should be included in the answer to get

acceptance from the AV module.

The Report subcomponent provides information about the number of questions, eval-

uated questions, and statistics about the result scores in JSON format.
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Using the Control subcomponent, the learner can change the evaluation scheme to
another one that better fits the learner’s needs. For example, there is a predefined
evaluation scheme that gives a binary answer, such as GOOD/WRONG, or another

one that can give a grade based on the similarity score.

2.5 Experiment with the prototype AV module

The prototype AV system implemented with built-in KSB was evaluated with a
group of seven university students. The following evaluation objectives (EO) were

defined:

o EOI1: To evaluate how overall team performance is affected by the KSB com-

ponent.

o« EO2: To evaluate how individual user performance is affected by the KSB

component.

EO1 and EO2 are motivated to empirically demonstrate the usefulness of the pro-
posed KSB component by assessing the results of students when they can access the

KSB component and when they have access only to the AV module itself.

During the experiment, a set of open-ended questions was presented to the students.
The students started to provide answers and received evaluation responses from the
AV module. At a certain point, the administrator altered the system settings, so the
students started receiving not only evaluation responses but also explanation and
teaching Word-Cloud responses from the KSB component. The aim was to observe
how students perform when the KSB component is available and when it is not

available, as depicted in Figure 2.2 and 2.3.

Remarks regarding EO1: Within the team, there are better and less performing
students, just like in any team. When students were able to use only the AV module
(KSB enabled = FALSE), the better performing students obtained higher scores and
started to achieve better results faster than the others. When KSB was activated
(KSB enabled = TRUE), the gap between students becomes smaller and the overall

performance of the team becomes balanced, as Figure 2.2 shows.
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Figure 2.2: Evolving team performance over time (Colors representing individual
learners)

Remarks regarding EO2: Since the questions presented were new to the students,
even the better performers were struggling with them, but when the KSB module
became available, all the students started to perform at a much higher level, as shown

in Figure 2.3.

The experiment with the university student group revealed several important in-
sights. Figure 2.2 demonstrates that enabling the KSB component significantly
reduced the performance gap between high- and low-performing students. This sug-
gests that KSB subcomponents support personalized learning by adapting to user
needs and helping weaker users catch up, thus promoting more equitable outcomes
across a group. Figure 2.3 further indicates that all users, regardless of the initial
skill level, benefited from the interactive feedback of the KSB, ultimately improving

the quality of their responses.

These findings imply that the KSB framework has a strong potential to be integ-
rated into Al systems where decision explanation and user guidance are required. In
domains such as customer service training, onboarding, or general workplace learn-
ing, the ability to teach users on the fly in a context-sensitive and non-intrusive way
could be transformative. Future applications may extend to healthcare, finance, and

any domain where trust, understanding, and human-Al collaboration are vital.
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Figure 2.3: Evolving individual performance over time (Colors representing indi-
vidual learners)

Furthermore, the modules Fxplain and Teach powered by XAI principles introduce
transparency into a traditionally opaque process. The use of Word-Clouds provides
interpretable visual cues, making it easier for users to understand why their responses
arc incorrect and how to improve. The modules Report and Control, although more
administrative in nature, contribute to an adaptable and trackable learning experi-

ence, offering flexibility that aligns with continuous lifelong learning goals.

From a theoretical perspective, the prototype implementation validates the hypo-
thesis that the integration of a knowledge-sharing component within Al systems can
bridge the gap between performance evaluation and human learning. Compared to
the original AV-only scenario, the KSB-enhanced system demonstrates that explain-
ability and guidance not only improves outcomes, but also empowers users by mak-
ing Al decisions comprehensible and actionable. The KSB is designed as a modular
microservice-based component that is behind an integration layer that harmonizes
the KSB with the core functionality. This architectural choice supports scalabil-
ity and facilitates integration into larger Al systems or enterprise environments by
enabling loose coupling and independent deployment of knowledge-sharing function-
ality. Although the system currently targets a relatively narrow domain with a small
test group, the implications are far-reaching. These early results, though limited in

scope, suggest that knowledge-sharing Al frameworks could be universally benefi-
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cial in enhancing human learning in various contexts. However, scalability, domain
adaptation, and further refinement of XAI components will be critical in future de-

velopments.

2.6 Thesis 1.

I introduced the Knowledge-Sharing-Bridge framework that embeds an implicit tu-
toring mechanism directly into Artificial Intelligence systems, which consists of four
major subcomponents: Fxplain, Report, Control, and Teach. The modules FEz-
plain and Teach, supported by a dedicated Explainable Artificial Intelligence engine,
demonstrate the feasibility of combining explainability with pedagogical guidance.
The framework shows potential for applications across domains where human-Al col-
laboration is critical, including education, corporate training, and technical support.
The framework incorporates structured knowledge representations, such as word
clouds, that make complex decision logic more transparent, accessible, and pedago-
gically meaningful. The prototype implementation provides empirical support for
the hypothesis that a knowledge-sharing component integrated into Artificial Intel-
ligence systems can bridge the gap between passive consumption of technology and
active human learning. The results demonstrate that explainability, when coupled
with guidance, not only enhances task outcomes but also empowers users by mak-
ing Al-driven decisions more comprehensible, actionable, and conducive to sustained

knowledge retention.

2.7 Author’s publications related to the thesis

Q4: [9]
2], 3], [4]
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Chapter 3

Dynamic ITS data model

3.1 General description of the proposed model

This dissertation proposes the Evolving Knowledge Space Graph (EKSG) model.
The following description specifies the logical modifications applied to existing mod-
els, such as CbKST, to construct the EKSG framework. The network that represents
prerequisite relations in CbKST can be displayed in a precedence diagram. The units
of study in ontology can be the replacement of question/problem nodes of this pre-
cedence diagram. Thus, using prerequisite relations and units of study, a directed
graph can be constructed. The resulted graph combines the benefits of ontologies
and CbKST. In addition, two important features are added to the proposed model.
To cover the requirements of an evolving domain model, time dependency is intro-
duced and the term abstract time is defined. Although the term time-dependent
graph is well known and studied [117], it has not yet been incorporated into edu-
cational knowledge representations. The second feature is the use of evoking-hooks
that evoke certain knowledge elements by external triggers similar to the solution

implemented in the FrameNet system [77].

3.2 Abstract time

As opposed to the well-known and general meaning of time, in this dissertation time
is considered as a higher-level abstraction. The reason why the model needs an

abstract time property is to be able to represent evolving knowledge. There are
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domains where knowledge is not changing that fast, such as mathematics, physics,
or chemistry. However, in other fields, such as the computer programming domain,
knowledge is constantly evolving. In such dynamic domains, truth itself may exist
in parallel forms: for instance, in one version of a software, a particular task requires
command A, while in another version the same task requires command B. Both
statements are correct within their respective contexts, which highlights the necessity
of introducing an abstract notion of time to properly represent and manage such

knowledge.

From the perspective of change, the term "time" does not have to mean Gregorian
date-and-time. Software scientists invented the concept of "version" to represent
change. A version behaves like a time instance. The main properties and functions
of the concept of time, such as before, after, and interval, are also interpretable

in the concept of version.

Definition 1 The proposed general abstract time in the given domain is an ordered

finite set of time instance values that are strongly related to the domain. Formally:

inst __ ginst jinst inst
Tinst _ ginst yinst 4 (3.1)
where " is an instance value, and for every 1 <i < mn : " < (. Here, n is
the number of existing instance values.

Definition 2 Let T™ be a pairwise distinct set of abstract time intervals within

the defined domain:

Tint — tint’ tiznt’ o ’t’?igt (32)

where ti" = [zgs)t,tﬁfs)t] be an abstract time interval where 1 < p; < k; < n and
tigf)t, t%Zf)t € Tt therefore tsz)t < tZ(Zf)t The following notation is introduced for the

1 y . ¢int __ [pinst pinst
mazimal interval: t" = [t ¢,
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Definition 3 Let < be the matching relation that works as follows:
instance match:

_<g Tz’nst x Tmst, 7= tzZ:nst = = tinst (33)

interval match:

<CT™ x T™ 7 <t =3(p; <1< k;) 17 < ;™ (3.4)

set of instances match:
<At (L <y < - <L) = (<) (3.5)
set of intervals match:

117127

T <Attt (0 <y < - <) =3 < ) (3.6)

where T is the time instance that is being examined.

The maximal interval t* is used as the default value when there is no time restriction
in the model. Figure 3.1 shows an example abstract timeline in which all three

definitions are visualized. The time delay is not interpreted in the proposed model.

inst _
ginst  yinst ténst ginst zzinst _ Z;
O /:\ o) t?{m =3
( 1 O st = o4
tint tint = [vl,v3]
T =102

Figure 3.1: An example abstract timeline that shows different software versions
which consists of v1, ..., v4 time instances, where 7 < t5** and 7 < t{

The matching relation enables the definition of additional operations that are es-
sential for constructing a dynamic data model. Similarly to the classical concept of
time (for example, the Gregorian calendar), the relations before and after can also

be established within the abstract time framework.
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Definition 4 Let — denote the before comparison relation between abstract time

instances.

—C Tt x Tt inst 5 ¢inst = (1 <k <1 < n) (3.7)

meaning 5t is before t"5t and ti"*t is after tit

Taking into account the interval matching relation defined in (3.4), it can be stated
that: if £ — ¢} then ;> < [t1**, ;"] and ¢} < [t}%, t77*'] therefore [t ¢;"]

is before ;" and [t} t!"5"] is after ;.

3.3 Evoking-hook

An evoking-hook is a textual element or representation that serves to connect the
appropriate piece of text with a corresponding knowledge unit in the knowledge
graph. While this can be a single word or a set of words, such as the keywords
‘for” and ’in’ in the Python programming domain that evoke the ForLoop knowledge
unit, it may also take the form of a more elaborate description or prompt. In this
broader sense, evoking-hooks provide a flexible mechanism for linking diverse forms
of textual evidence to the appropriate knowledge units. A similar idea appears in
the definition of FrameNet, where frame-evoking words are used to activate specific

frame elements [77].

Definition 5 An evoking-hook is a textual element or representation that estab-
lishes a connection between the domain item and the corresponding knowledge unit
in the knowledge graph. Fvoking-hooks may take different forms, ranging from single
words and multiword expressions to longer descriptions or prompts that can be pro-

cessed, for example, by a large language model.

3.4 The EKSG model

Definition 6 The proposed EKSG model is a labeled acyclic directed graph that
can be described in the following way: G = {U,R} where U is a set of unit nodes
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representing atomic knowledge, test, and material fragments, and R is a set of re-
lations between the unit nodes. U is a triplet: U = {UX UL, UM}, where UX
is a set of knowledge-units, which are elements of a certain knowledge domain,

represented by a set of four attributes:

UX C{(n,d,t,e)|n€N,de D,t C T" ¢ C E} (3.8)

where N is the set of non-null and unique unit names. The name must reflect the
meaning of the unit. The name acts as an external human-readable identifier; D
is the set of unique non-null textual descriptions. The purpose of a description is
to be able to better delimit the picce of knowledge represented by the unit; T is a
set of abstract time intervals, t may be empty. If t is empty, then there is no time
restriction in the model, which means that UK is valid in all time intervals. If T
contains no values, the model is reduced to a timeless graph; E is an evoking-hook

set that may be empty.

U7 is a set of test-units which are items of an assessment set. An assessment item
can be a question, a problem, or an exercise that is testing whether the learner has
mastered a certain knowledge-unit. An assessment item is represented by a set of

three attributes:

U" C {(d,m,t)|de€D,m:S — {0,1},t C T} (3.9)

where D is the set of non-null and unique textual descriptions; S is the set of learners
who have completed the test-unit; m is a function that gives the information, in a
dichotomous manner, if the learner s; has mastered the related knowledge-unit or not.
In practice, this information is obtained by presenting the learner with an assessment
item, whose response serves as a basis to determine the value of m(s;); T™ is the

set of time intervals defined as described in 3.8.

UM is a set of material-units which are holding detailed notes about the knowledge-

units. A material-unit is represented by a set of three attributes:
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UM C{(d,n,t)|deD,n eIt CT™} (3.10)

where D is the set of textual descriptions. A material description d is non-null
and unique; n is a detailed note about a specific knowledge-unit; 1 is the set of all
information-material available in the domain in the form of notes. One note can be
in many different formats e.q., a hypertext or a multimedia content, etc.; T is the

set of time intervals defined as described in 3.8.

R is a set of directed edges, representing the relations between the units:

R = {R* R”" R} (3.11)
where R C UK x L¥ x UK is a set of ordered triples [, [, uly] in which v
is a knowledge-unit that is related to another knowledge-unit uf{t and 15X is a rela-

K

it~ The relation

tion label. The direction of the relation edge is pointing towards u
type between the knowledge-units is determined by the label I € LX. Between
knowledge-units there are two relation types exist in the proposed model: L% C
{ PrerequisiteOf,, IsA;}. In case of PrerequisiteOf, relation the knowledge represented

by uX needs to be acquired before uﬁ‘t. In other words, uf(t depends on uk,. In case

of IsA; relation the knowledge represented by Uth is generalized by uJKt

R" C U" x LT x U¥ is a set of ordered triples [u],, I ,ul%], where u], is a test-
unit that belongs to one certain knowledge-unit uJKt The relation type between the
knowledge-unit and the test-umit is determined by the label II € LT, where LT C
{Tests;} representing that the actual test-unit uft is testing the mastery level of
learner in terms of the connected knowledge-unit uf{t The edge is pointing towards

the knowledge-unit ufi

RM C UM x LM x U is a set of ordered triples [u}}, [}, ul,], where u)] is the
material-unit that belongs to one certain knowledge-unit uJKt The relation type
between the knowledge-unit and the material-unit is determined by the label IM € LM,

where LM C {MaterialOf,} representing that the material-unit u% is a detailed note
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Figure 3.2: An example graph from the databases knowledge domain, that shows
the QueryFExecution KU which has prerequisite of relation to the Introduction KU
as well as is_a relation to the more abstract RelationalDatabaseHandling KU. The
graph also shows two TUs and one MU connected to QueryFExecution

that explains and teaches the connected knowledge-unit uf(t to the learner. The edge is
pointing towards the knowledge-unit u]Kt Figure 3.2 is visualizing an example graph

where the elements of the EKSG model can be observed.

If the given time interval is empty, the default value is activated, which is ¢!, which
means that the model element (node or relation) is valid in all time instances. In
case all time restrictions of the model elements are empty, the model reduces to a
timeless graph. The fact that the time intervals ¢ may be empty gives the EKSG
model great flexibility.

There are several approaches to processing an evolving, time-dependent graph. In the
following, the snapshot-based solution is introduced using discrete time-dependent

units and time-independent relations.

Definition 7 Given the snapshot UX = {u € UX | 7 < u.t} (where u.t means:
attribute t of object u) contains all knowledge-units in G at time 7. The same logic
can be applied to material-units UM = {u € UM | 7 < w.t} and test-units UT = {u €
UT | 7 < u.t}. These representations are constituting the Tth instance of G graph,
therefore these instances can be called snapshots. A snapshot of G at T is denoted by:
G, = {UE UM UL R}. Consequently, the described EKSG model can be considered
as a sequence of stalic knowledge graphs G = {G1,Ga, ..., G, ..., Gg}.
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3.5 Knowledge difference in abstract time

From the perspective of I'TS; it is crucial to identify the set of knowledge that a learner
must master to achieve the final learning goal. Considering time dependency, it can
be assumed that the learner has acquired a specific set of knowledge in a given time
instance. For example, in a system domain with two versions, v1 and v2, the learner
may have mastered the knowledge corresponding to version v1l. The key question
then becomes: what additional knowledge elements are missing from the learner’s

skill set to master the same system in version v2?

Definition 8 Given G,, and G, two snapshots of the EKSG graph, where G, =
{U,,,R,} and G,, = {U,,,R,,}. The knowledge difference of G,, and G, is

a subset of knowledge units defined as follows:

d(GTz? Gn) = {Urz \Uﬁa U, G, U, € GTQ} (3-12)

which means all knowledge units from snapshot 1o that is not in snapshot 7.

The classic graph difference [47] of the EKSG snapshots provides another notable
result. Let G = G,, — G,, be the graph difference of EKSG model, where G =
{U,R} is an EKSG subgraph, that is calculated as follows:

U=U,UU,;R=R,\R, (3.13)

which means that all knowledge units from both snapshots are included, with du-
plications eliminated, together with the relations that exist only in snapshot 7 but
not in snapshot 7;. As a final step, the knowledge units without any relations must
be removed from the result. With this method, the result contains not only the dif-
ferences in knowledge units, but, due to the edges, it also captures the inner fringe
of the EKSG graph. The inner fringe of the EKSG graph comprises all knowledge
units that the learner can master immediately before entering an unknown area, as

explained by Falmagne et al. in [41].
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3.6 Quantifying knowledge complexity

The volume of a knowledge difference provides essential information about the effort
required for the learner to transition from one time instance to another (e.g., from
one system version to another). In the proposed model, this volume is quantified by

counting the knowledge units contained in the difference set U, as follows:

Vom =| d(Gry, Gry) | (3.14)

In the EKSG model each knowledge unit must cover approximately the same amount
of information, therefore the overall amount of information that the learner has to

master is in correlation with the number of knowledge units.

The prerequisite relation is a fundamental phenomenon of KST knowledge represent-
ation, which is also observable in human sciences [70]. Analyzing the neighborhood
of each knowledge unit gives two other important measures [47]. The number of
outgoing PRERFEQUISITE OF edges shows how fundamental that certain know-
ledge unit is. The incoming PREREQUISITE _OF edges predict how complex a
knowledge unit is. Given r the PREREQUISITE _OF relation between two know-
ledge units: w;, u;, where u;,u; € U and r € R and the direction of the edge of the
relation points towards u;. The calculation of the neighborhood set of u; where u;

is in PREREQUISITE OF relation to the neighbors can be done as follows:

NZ?t = {’U,J | [UZ,U]] & I'} (315)

The calculation of the neighborhood set of u; where the neighbors are in PRE-
REQUISITE _OF relation to u; can be done as follows:

Nfz = {uw; | [u;, u;] € r} (3.16)

It can be stated that if nd"* =| N9 | is relatively high then u; is a fundamental
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Figure 3.3: EKSG model of the selected 31 Python knowledge units

knowledge unit therefore it worth providing more material as well as more tests to

help the learner mastering this unit on a higher level.

Another observation is that if n] =| Ni? | is relatively high, it means that u; is too

complex, so it is worth considering splitting it up into smaller units.

out n
" and ngt

Consequently, all three values: v, -, n are significant measures of the

complexity of the knowledge the learner must master.

3.7 Illustrative Example 1: Python domain

The proposed EKSG model was evaluated by implementing 31 knowledge units in
the Python programming language domain. For implementation, the Neo4J Graph

database was utilized. The model can be observed in Figure 3.3.

The evaluation investigated whether the knowledge structure of a selected excerpt
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from the Python documentation could be adequately represented within the model.
The Python methods str.removeprefiz() and str.removesuffiz() are presented in Fig-
ure 3.4. These methods were introduced in the Python version v3g. Once they
became available, the programmer only needed to know what a method is and how
to call it to achieve the expected result. According to 3.8, the related knowledge unit
since the Python version vsg is represented as in 3.17, while before Python version

V3.9 it is represented as in 3.18.

{n = "RemovePrefixSuffixFunction",
d = "Removing specified text from prefix or suffix...",
t=1["3.9", "3.10", "3.11", "3.12"],

oo noon nmon

e = ["prefix', "suffix", "removeprefix", "removesuffix'|} (3.17)

{n = "PrefixSuffixHandling",
d = "You need to implement your own removal...",
t — [“3.6“, |l3.7n’ "3.8"],

e = ['prefix', "suffix", "startswith', "endswith"]} (3.18)

The knowledge required to perform the remove-prefix or remove-suffix operation can
be observed in Figure 3.4a, where the knowledge is queried using the evoking hook
keywords. The difference between versions v3g and v3g has a structural difference

which is illustrated in Figure 3.4b.

According to the domain expert, prior to version vz g the resulting PrefixSuffizHand-
ling knowledge unit had the following prerequisites: NumberOfltems, Condition, and
StringData Type. Since version vsg, the RemovePrefixrSuffizFunction has only a single

prerequisite relation: StringDataType.

Within the implemented data model, the corresponding knowledge structure can be

retrieved using a simple Cypher query, as demonstrated in Figure 3.5.
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Figure 3.4: Different knowledge structures in Python version vsg and vs g for remov-
ing prefix and suffix from a string. Black numbered nodes are knowledge-units as
follows: 1: NumberOfltems, 2: PrefiztSuffictHandling, 3: Condition, 4. RemovePre-
fixSuffixFunction, 5: StringDataType

In the EKSG framework, evoking-hooks establish connections between knowledge
units and external knowledge representations, such as program source code. For
example, in this case, they link to code snippets that implement prefix and suffix

removal.

In the KST model, knowledge units must be atomic in order to construct correct
prerequisite relations, which is essential for defining personalized learning paths. In
contrast, the EKSG model adopts a more realistic approach, in which knowledge
units encompass larger portions of knowledge. The size of such units is less precisely
defined, but it can be approximately characterized as the amount of knowledge that

can be conveyed within one or two pages of text.
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MATCH (n)-[r]—(p:KnowledgeUnit)
WHERE ANY  (evoker IN p.evokers
WHERE evoker IN ["prefix", "suffix"]

)
AND ANY (version IN p.timelInstances
WHERE version = "" OR version = "3.8"
)

RETURN n, r, p

Figure 3.5: Cypher query of determining the knowledge structure in version vz g for
prefix and suffix handling

3.8 Illustrative Example 2: Java domain

As a second example illustrating the applicability of the proposed model, this study
considers a hypothetical software system, ExampleProgram, implemented in Java
and structured as a collection of classes. Figure 3.6 provides a visual representation
of versions as well as development branches of ExampleProgram the content of which

is constantly evolving over time.

vi v2 v3 v4
main
\sl l<| ¢ ¢ |+
[ V1
$ N
v2 R 2
o &
2 §T
e o
RY
v4 J - .
$ N
¥

Figure 3.6: The ExampleProgram was developed in parallel across four separate
branches, each representing a distinct version of the system. These versions are
marked using GitHub TAGs, which serve as identifiers for abstract-time instances
within the EKSG model in this example as visualized in the branching structure

The ExampleProgram system encodes domain-specific knowledge through the imple-
mentation of algorithms within individual Java classes, as illustrated in Figure 3.7.
Each Java class encapsulates a discrete knowledge fragment, which we define as a
knowledge unit within the EKSG model. These knowledge units are not isolated,
they are linked through usage relationships, as classes often invoke methods or rely

on data structures defined in others. This interdependence allows us to construct
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a prerequisite network between knowledge units. For example, the class ServiceV1
relies on the functionality provided by the BasicFeature class. Thus, understanding
the algorithm implemented in ServiceV1 presupposes familiarity with the concepts

encapsulated in BasicFeature.

Program_v3

Program_v2

Program_v1 -ServiceV1 service1 Program_v4
-ServiceV1 service1
-ServiceV1 service1 -ServiceV2 service2 -ServiceV4 service4
-ServiceV2 service2
-ServiceV3 service3
/ -\ 0
ServiceV1 ServiceV2 <<interface>> ServiceV3 ServiceV4

Feature
-BasicFeature feature -BasicFeature feature -BetterFeature feature -BestFeature feature

+calculatePrice() q\

+calculate() +gener: el +mal e() +doPrice()

> N 7

BasicFeature BetterFeature BestFeature

+calculatePrice() +calculatePrice() +calculatePrice()

Figure 3.7: The class diagram illustrates the complete class structure implemented
across all four versions of the ExampleProgram system

This form of dependency modeling serves as a simplified but practical approach to
representing prerequisite relationships in the EKSG model. Over time, as the soft-
ware evolves, new Java classes may be introduced or removed, reflecting changes
in the underlying domain knowledge. As shown in Figure 3.1, different versions of
ExampleProgram correspond to different sets of available classes. Table 3.1 summar-

izes the presence of each class in all versions of the demo software.

In particular, while most classes either appear or disappear across versions, one
class, the Program, remains present throughout, though its internal implementation
changes over time. To reflect this temporal variation in knowledge content, we refer
to these evolving knowledge units as Program_v1, Program_v2, and so forth, each

representing the state of the Program class in a specific version.

In the context of abstract-timeline, software versions, such as those created and
labeled by a version control system (VCS), serve as abstract-time instances. Each
version tag represents a meaningful state of the software associated with a set of

Java classes that define the system at that particular stage.

Figure 3.1 demonstrates how each version operates as a discrete abstract-time value,
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Table 3.1: Java classes represent knowledge units; software versions correspond to
abstract-time instances in the EKSG model

Class Relevant versions

Feature vl, v2, v3, v4
BasicFeature  v1, v2, v3
BetterFeature v3
BestFeature v3

ServiceV1 vl, v2, v3
ServiceV2 v2, v3
ServiceV3 v3
ServiceV4 v4

Program_v1l vl
Program_v2  v2
Program_v3  v3
Program_v4  v4

anchoring the knowledge state of the system within a specific point on this conceptual

timeline.

To support intuitive understanding of the distinction between chronological time and
abstract time, a three-dimensional visualization is provided in Figure 3.8. In this
figure, the x-axis represents chronological time, measured in weeks, and corresponds
to the actual progression of the learner’s activity, that is, how learning unfolds over

real time.

The y-axis shows abstract-time instances, which reflect structural changes in domain
knowledge, in this particular case resulting from the appearance of new software
versions or major conceptual updates. Each abstract-time instance is associated
with a snapshot of the EKSG model, capturing the state of knowledge at that point

in the domain’s evolution.

The z-axis captures how the level of knowledge of the learner changes not only over
chronological time, but also in response to the structural progression of domain

knowledge itself.

This visualization highlights how learners may engage with evolving content at dif-
ferent stages, and that the structure of what needs to be learned (abstract time)

does not necessarily align with when the learning occurs (chronological time). This
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3D visualization of chronological time and abstract-time

B Knowledge level vl
mmm Knowledge level v2
mmm Knowledge level v3
HmE Knowledge level v4

Knowledge leve| (%)

Figure 3.8: The diagram illustrates the relationship between the learner’s knowledge
level (z-axis), the progression of learning over real time (x-axis: chronological time),
and the evolution of domain knowledge (y-axis: abstract-time instances)

conceptual distinction is especially important in dynamic domains, where learning

takes place in parallel with the continuous evolution of domain knowledge.

3.8.1 Operations, conditions and metrics

This subsection presents practical examples that demonstrate the application of the
formal concepts described previously. These examples aim to illustrate how notions

such as the before-after relation or the complexity of knowledge can be interpreted

in concrete contexts.

For example, take Definition 4. If there is a need to collect all knowledge re-
lated to the development of the ExampleProgram system after version vl, then

all knowledge units are needed that are covered by the following time interval:

[v2,v4] = {v2,v3,v4}.

If the learner knows the ExampleProgram system in version vl. What set of know-
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ledge is missing from the learner’s skill set to be able to understand version v27
The answer is calculated by d(Gyz, G,1) as described in Definition 8. The Feature,
BasicFeature, ServiceVl and Program_v1 are already known at version vl so the

missing skillset is: {Program_v2, ServiceV2}.

The graph difference between v2 and vl gives the following result: {(ServiceVi,
Program_v2), (ServiceV2, Program_v2), (BasicFeature, ServiceV2)}. Which means

ServiceV1l and BasicFeature are the inner fringe nodes of the result graph.

As Equation 3.14 shows the quantitiy of knowledge difference between v2 and v1 is

Uy2,01 = 2 because two knowledge units need to be mastered.

According to Equation 3.15 the N2 . ... = 3 because it has 3 outgoing
PREREQUISITE_OF relations towards Program_v1, Program_v2 and Program_v3.

Based on Equation 3.16 the N% . ... = 1 because it has one neighbor BasicFeature

that has a PREREQUISITE OF relation towards ServiceV1.

3.9 Key novel components in the proposed EKSG
model

The EKSG model extends the classical Knowledge Space Theory by integrating con-
cepts from ontology and temporal graph theory to more accurately represent know-
ledge in fast-evolving domains. In KST, prerequisite relations among problems can
be represented as a precedence diagram. By replacing problem or question nodes
with ontology-based study units, a directed acyclic graph can be constructed that
combines the logical structure of KST [38] with the semantic richness of ontolo-
gical modeling [44, 76]. This hybrid representation enables the EKSG to maintain
both formal prerequisite relations and conceptual interconnections between know-

ledge units.

Beyond this integration, the proposed model introduces two major innovations that

distinguish it from existing knowledge representation frameworks, such as Hierarch-
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ical Task Networks (HTN) [98], Generalized Intelligent Framework for Tutoring
(GIFT) [101], or the already mentioned ontology-based model and the KST model.

o Abstract temporal dependency: To address the dynamics of continuously evolving
domains, the EKSG incorporates a notion of abstract time, which allows know-
ledge states and their relationships to vary across discrete temporal snapshots.
Although the concept of time-dependent graphs is well established in graph
theory [117], it has not previously been incorporated into educational know-
ledge representation models. This extension enables the system to model do-
main evolution and to reason about changes in knowledge across different time

instances (e.g., software versions).

o Fvoking-hooks for external knowledge linkage: The EKSG introduces the so
called evoking-hooks semantic anchors that connect knowledge units to external
knowledge representations, such as documentation segments, source code, or
examples. Unlike simple keyword-based references, evoking-hooks can take the
form of descriptive Al prompts or contextual cues interpretable by large lan-
guage models, thereby enabling dynamic, context-sensitive retrieval of relevant
knowledge. This idea parallels the frame-evoking elements used in FrameNet
[77], but is adapted here to support educational knowledge representation and

automated content association.

Together, these features establish the EKSG as a flexible and temporally aware
framework capable of capturing both the structural and semantic evolution of know-

ledge in dynamic learning environments.

3.10 Thesis 2.

I introduced the Evolving Knowledge Space Graph model, which integrates the
Knowledge Space Theory with ontological structures, while also incorporating the
notion of abstract time, larger-grained knowledge units, and flexible connections to
external knowledge representations through evoking-hooks. The Evolving Knowledge

Space Graph model enables the representation of evolving domains where multiple
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parallel truths may coexist (e.g., different software versions) and where knowledge
differences and knowledge complexity can be quantified. By integrating these exten-
sions, the Evolving Knowledge Space Graph provides a more realistic and adaptable
framework to model knowledge evolution, learner adaptivity, and personalized learn-

ing paths in dynamic educational and professional contexts.

3.11 Author’s publications related to the thesis

Q3: [7]
8], [12]
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Chapter 4

Dynamic ITS architecture

The creation of the EKSG model established a theoretical foundation for represent-
ing knowledge in dynamic learning domains. This model served as the conceptual
basis for the implementation of a functional Intelligent Tutoring System (ITS) cap-
able of supporting detailed tracking and analysis of the learning process. My primary
objective is to gain in-depth insight into learner activity, not merely through isol-
ated assessments, but by observing the full learning trajectory across interconnected

knowledge units.

However, most available tutoring systems focus primarily on static test-based eval-
uation [28, 54|, offering limited support to analyze the dynamic process of both
learning and forgetting. To address this gap, I designed my own architecture, named
Graph4Learn (G4L), which fully integrates the EKSG model and enables real-time

tracking of learner actions, adaptive content delivery, and knowledge state evolution.

4.1 The Graph4Learn architecture

To make the theoretical foundations of the EKSG model operational in the G4L
ITS, T implemented a working system architecture in which domain knowledge is
represented and queried using a graph database. The core structure of the EKSG is
a directed graph, where the nodes and edges encode key elements of the instructional

model.

In the implemented system, three types of nodes are used to represent and organize

information, as seen in Table 4.1.
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Table 4.1: Types of nodes in the EKSG model

Node type Description

Knowledge Unit Represent individual concepts or skills within the domain.
These nodes are the central entities in the graph and
are connected to each other via directed edges labeled
prerequisite_of, which express the prerequisite relation-
ships among knowledge units.

Material Unit Each Knowledge Unit node is linked to a Material Unit
node, which refers to the corresponding instructional mater-
ial. The material itself is stored externally in the file system
as a PDF document, while the graph stores metadata and
references needed to retrieve and display the content.

Test Unit Each Knowledge Unit is also linked to a Test Unit node. This
node represents the evaluative component of the knowledge
unit, for example quizzes or test items, used to assess the
understanding of the learner. The actual test content is
stored in the file system using the YAML format, while the
graph node captures descriptive data to query and align with
the EKSG.

In addition to the graph-based representation of domain knowledge, the system also
uses a relational database to manage data related to learners and system-level op-
erations. This complementary data storage supports user-specific tracking, person-
alization, and evaluation processes. The main components stored in the relational

database can be seen in Table 4.2.

These data sources are integrated and managed by the central G4L system, which
comprises several functional subsystems. These subsystems ensure both the man-
agement of user data and the delivery of adaptive learning experiences. The main

components can be seen in Table 4.3.

Together, these components form a cohesive system as Figure 4.1 shows, which
enables dynamic, personalized learning in rapidly changing knowledge domains.
The modular architecture also supports experimentation with various adaptation

strategies and predictive models.
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Table 4.2: Components stored in the relational database

Component Description

System configuration data  Including global parameters and system-level set-
tings used by adaptive algorithms and content de-
livery.

Learner activity logs Record user interactions with the system. This in-
cludes access times, selected learning materials, re-
sponses to test units, and time spent on tasks, all of
which are used for both formative assessment and
behavior analysis.

Knowledge state data Reflects each learner’s current understanding with
respect to the knowledge units in the EKSG. This
data is dynamically updated based on learner inter-
actions and test results.

Teacher related data Metadata and parameters for prediction algorithms,
model configurations, and system-level instructional
strategies. This supports the integration and eval-
uation of various adaptivity mechanisms across
learners and contexts.

4.2 Generative Al assistant

To facilitate the transformation of learning content into the EKSG model format, I
used a generative artificial intelligence assistant !, as can be seen in Figure 4.3. Using
existing documentation of educational material, the Generative Al (GenAl) assist-
ant automatically generated the prerequisite relational structure of knowledge units,
alongside the initial submaterials for each unit. This machine-generated knowledge
base was then subjected to a refinement process by a domain expert to achieve its
final, pedagogically sound form. Similarly, the creation of quiz questions and answers
was also performed by the GenAl assistant, drawing directly from the established
content structure. These Al-generated assessment items were subsequently reviewed
and validated by the domain expert. The primary pedagogical objective of this en-
tire semiautomated content creation process was to rapidly establish a coherent and
comprehensive knowledge base, crucial to the deployment of an adaptive learning

environment in a dynamic domain.

IThe Generative Al assistant used in this implementation was OpenAI’s ChatGPT, accessed
through its web interface, to assist in generating and structuring educational content.
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Table 4.3: G4L subsystems

Subsystem Description

Learner Subsystem It handles user registration, authentication, and
learner profile management. It ensures secure ac-
cess and interactions with the system.

Teacher Subsystem It is responsible for learning content selection and
knowledge visualization. It presents learners with
an interactive graph-based view of the domain
knowledge, allowing them to explore the structure,
choose specific topics to study, view the associ-
ated materials, and complete relevant assessments.
Based on the learner’s performance, this subsystem
suggests personalized learning paths and identifies
knowledge units that may require repetition or re-
view. It also provides instructors with insights into
learner progress and tools for configuring or fine-
tuning the underlying adaptive algorithms.

Knowledge Retention Sub- It operates independently from user-triggered activ-

system ity and performs scheduled updates of learner know-
ledge states. These updates take into account both
the passage of chronological time and the frequency
of repetition, using a configurable forgetting simu-
lation algorithm to adjust the learner model accord-
ingly.

4.3 Graphical representation of knowledge state
using an adapted IFL triangle

I used a customized Atanassov intuitionistic fuzzy logic (IFL) interpretation triangle
([21]) to visualize and model the current knowledge state of individual knowledge
units. This representation not only displays directly measured knowledge levels
but also supports estimations derived from related units via a predictive algorithm.
This approach facilitates customized learning path recommendations based on the

learner’s current knowledge state.

In my proposed implementation, depicted in Figure 4.2 the horizontal leg of the
triangle represents the proportion of correctly answered assessment items, while the

vertical leg corresponds to incorrect responses. The actual knowledge state of the
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Figure 4.1: The architecture of the G4L system

learner is denoted by a solid dot within this triangle. The triangle vertices define
three epistemic categories: point unknown (origin, marked by "?"), point does not
know (top of the vertical leg, marked by "'X"), and point knows (end of the horizontal
leg, marked by "v"). The estimated knowledge state is shown with a hollow point.
Therefore, the triangle is partitioned into three disjoint regions: region KNOWS,
region DOES__NOT_KNOW, and region UNKNOWN, by a defined turning
point that is visualized by the intersecting dashed lines, classifying the learner’s

knowledge state.

To facilitate adaptive path recommendation using the Bayesian knowledge propaga-
tion algorithm, after each assessment, the algorithm identifies all knowledge units
with estimated states outside the KNOWS region. For these units, the algorithm
calculates their proximity (P) to the Knows vertex. Units are ranked by ascending
proximity, and those closest to the Knows point are recommended for further learn-
ing as describen in Algorithm 1. This strategy prioritizes units that the learner is
most likely to master with minimal effort, distinguishing my approach from classical

KST. While KST typically selects units from the outer fringe defined by prerequisite
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Figure 4.2: The proposed IFL Interpretational Triangle facilitates knowledge state
visualization and adaptive path recommendation

relationships ([41]) and is effective for highly granular knowledge structures ([85]),
my system focuses on medium to large knowledge units common in real-world edu-
cational domains with partial content overlap [83]. This justifies my deviation from

the traditional adaptive recommendation based on KST.
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Input: Assessment results and predicted states of learner L on knowledge units
UE = {uf,, ..., uf,}
Output: Ranked list R, of recommended knowledge units

foreach uf, € UX do

K

it

K.
it

x; < proportion of correct responses on u
y; < proportion of incorrect responses on u

place (z;,y;) in IFL triangle;
K.
1,0

K.
it

Z; < proportion of predicted correct responses on u
; + proportion of predicted incorrect responses on u
place (#;,9;) in IFL triangle;
if (z;,y;) € KNOWS then

‘ mark LLZKt as mastered;
end
else

‘ add ufi to candidate set C;;

end
end
if C. # () then
foreach uf(t € C, do
P(uf(t) + distance of (Z;, 7;) to KNOWS vertex;
end
sort C. by ascending P(uf%);
R, < ordered list of C,;

recommend top-k units from R, ;

end
Algorithm 1: Adaptive learning path recommendation

Forgetting is modeled as a vector shift, represented by a forget (F) arrow, moving the
current knowledge point towards the vertex Unknown. The magnitude of this shift is
computed using Ebbinghaus’s forgetting curve ([40]), influenced by both the elapsed
time and the number of repetitions. To prioritize units for review, the algorithm

calculates their decay distance (D), the distance from the current knowledge state
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point to the threshold beyond which the unit would leave the KNOWS region. Units

with the smallest values of D are prioritized for review, reflecting the pedagogical

assumption that these are most vulnerable to imminent forgetting as detailed in

Algorithm 2.

Input: Current knowledge states of learner L on units UX = {uf,,... ,unlft},
elapsed time At, number of repetitions r

Output: Ranked list R of units prioritized for review

foreach v, € UK do

(2i,y;) = current knowledge state of ufS;

F; < forgetting shift magnitude from Ebbinghaus curve using (At,r);

update position: (x;,v;) < (24, y;) + Fj - UNTOVVNI;

if (z;,y;) € KNOWS then
compute decay distance: D(uth) + distance to boundary of KNOWS

region;

add uf(t to candidate set CI';

end
end
foreach ul, € CI do
assign priority weight W(uth) — 1/ D(“ﬁ)a
end
sort CI' by descending W (ul);
RI <+ ordered list of CI;

recommend top-m units from RI" for review;
Algorithm 2: Forgetting-aware review recommendation

4.4 Knowledge Space Theory knowledge state pre-
diction

In Knowledge Space Theory, an individual’s knowledge is represented by a knowledge

state K. Let UX denote the set of all knowledge units within a given domain.
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Figure 4.3: How the course knowledge is transformed into an EKSG model with the
help of the GenAl assinstant
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The knowledge state is then defined as a subset KX C UX, representing the specific

elements of UX that the learner has already mastered.

The collection of all attainable knowledge states within a population of learners forms
a knowledge structure, denoted by (U, K), where K C U™ Importantly, K does
not contain all possible subsets of UX (ZUK is the collection of all the subsets that
can be obtained from UX), but only those subsets that are logically or pedagogically

consistent according to the prerequisite relationships defined within the domain.

Formally, if a,b € UX and a < b denotes that a is a prerequisite for b, then any

admissible knowledge state K € K must satisfy the following consistency condition:

be K=aecK (4.1)

This expresses that a learner who has mastered a particular knowledge unit b must
also have mastered all its prerequisite units, in this case a. Conversely, if a learner
does not know a, then it cannot be expected that he knows any dependent units b

that require a as a prerequisite [30].

This principle ensures that the learner’s knowledge state is structurally coherent with

respect to the prerequisite graph. In the G4L framework implementation within
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the EKSG model, this rule governs the propagation of inferred knowledge states,
once mastery of a node is detected, all prerequisite nodes are automatically marked
as mastered, while non-mastery propagates in the opposite direction, preventing

inconsistency in the learner model.

4.5 Bayesian Network knowledge state prediction

Existing Bayesian Knowledge Tracing Models (BKTM) have been proposed in the
literature, for example, in [24] and [65]. To apply this model to the EKSG repres-

entation, I adopted a different approach.

Let G = (UK, E) be a directed acyclic graph representing the prerequisite structure
of knowledge units, where UK = {uf uf ... uK} is the set of knowledge units and

Epne CU K x U denotes the prerequisite relations among them.

Each knowledge unit uf € UX is associated with a binary random variable K; €
{0,1}, where K; = 1 indicates that the learner has mastered the corresponding

knowledge unit, and K; = 0 otherwise.

The joint probability distribution over all knowledge units is defined as:

P(Ky, Ko, ..., ) = [[ P(K; | Pa() (4.2)

=1

where Pa(K;) denotes the set of parent nodes (prerequisite knowledge units) of K;

in the graph G.

Posterior update based on learner evidence

When the learner completes an assessment item related to uJK , the system observes
evidence Oj, representing the probability of mastery inferred from the test perform-

ance. For example, if the learner achieved 80% correctness, then:

P(O; | K;=1) =08, P(O; | K; =0) =02 (4.3)
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Given this observation, the posterior probability of the learner’s mastery of uJK is

updated using Bayes’ theorem:

O; | K;=1)P(K; =1)
P(0;)

P(K;=1|0;) = il (4.4)

where

P(O;) = P(O; | K; = 1)P(K; = 1)+ P(O; | K; = 0)P(K; = 0) (4.5)

Propagation of beliefs

Once the posterior of K is updated, the belief propagation mechanism of the
Bayesian network adjusts the conditional probabilities of all other connected nodes

K; in the graph, resulting in the following:

P(Ki=1]0;) = f(P(K; | Pa(K))), P(K; = 1] 0;)) (4.6)

where f(-) denotes the probabilistic inference function applied to the network struc-

ture.

This process allows the system to infer the probability of expected mastery of the

learner for every knowledge unit based on the performance observed in related units.

Interpretation

In intuitive terms, if the learner demonstrates 80% mastery of a given knowledge
unit u]K, the Bayesian Network updates its internal beliefs to estimate, for instance,
that the learner has a 55% probability of mastering a related unit v, given the

prerequisite dependencies and their conditional relations.

This mechanism provides a dynamically adaptive and probabilistic representation of
the learner’s predicted knowledge state within the EKSG model. While the classical

Bayesian Knowledge Tracing model operates on a linear sequence of skills, the pro-
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posed Bayesian Network approach generalizes this by modeling dependencies among
multiple interrelated knowledge units. Thus, it can be seen as a Bayesian Network-
based knowledge tracing model that combines the logical structure of Knowledge

Space Theory with the probabilistic reasoning capabilities of Bayesian Networks.

4.6 Weighted Distance Dependent Induction know-
ledge state prediction

Building on foundational ideas from KST, the G4L system introduces yet another
extended status propagation mechanism called Weighted Distance Dependent Induc-
tion (WDDI). While classical models like KST [25] infer knowledge states primarily
along prerequisite chains (i.e., from a concept to its prerequisites), my approach

expands this inference both forward and backward across the graph structure.

Specifically, knowledge status updates, triggered by learner interactions, are propag-
ated not only to prerequisite nodes, but also to descendant nodes. This bidirectional
propagation acknowledges that success or failure in a given knowledge unit can affect
both the units it depends on and those that depend on it, even if the relationship is

not immediate.

The WDDI algorithm operates directly within the intuitionistic logic framework,
maintaining scparate value levels for KNOWS, DOES_NOT_KNOW, and UN-
KNOWN states. To control the influence of more distant nodes, a damping factor is
introduced that gradually reduces the propagation strength over longer paths. This
weighted model allows for more nuanced prediction of learner knowledge across the

graph and enhances adaptive content delivery beyond local node contexts.

State propagation

Let G = (UK, E,) be a directed acyclic graph representing the prerequisite structure
of knowledge units, where UK = {uf uf ... ul} is the set of knowledge units and

Epe C UK x UX denotes the prerequisite relations among them.

Dynamic ITS architecture 64



In the knowledge graph, each node is assigned to two kinds of intuitionistic knowledge

level. One is based on the measured results related to the node:

Ay = {Unr, b, L) } (4.7)

and the second is the inferred level based on the measured levels of the neighborhood

nodes:

Ai = {(lir, lip, liv)} (4.8)

In both cases, the condition I; + g + [y = 1 is met. The unit related to a knowledge

. . uk
level is denoted by an upper index, for example: [,/

The calculation of the inferred knowledge level is based on the following consider-
ations. The knowledge graph G can be managed as a probabilistic network similar
to Bayesian networks. Let I(uX) denote the transitive incoming nodes of node
uf € UK, and the symbol O(ulf) is for the set of transitive outgoing nodes. The
knowledge level propagation is based on the following conditional probabilities:

ecI(uk)

. P(l%{ L. *): the inferred true level depends on the measured true levels of

the transitive incoming nodes

leel(uf()

. P(ZZ{T wp o) the inferred false level depends on the measured false levels of

the transitive incoming nodes

ecO(ulf)

. P(ZZE Ly "’): the inferred true level depends on the measured true levels of

the transitive outgoing nodes

The first formula expresses the fact that the knowledge level of uX depends on the
knowledge levels of the prerequisite knowledge units. In the simplest form, we can
say that if the student knows all prerequisite knowledge units, the problem u/* will
be solved, too. The second formula denotes a similar relationship but refers to the
"false" case (not known). If the student does not know some of the prerequisites,

he cannot complete the task uX either. The third formula is used to extend the
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power of inference; if all outgoing knowledge units can be solved by the student, the

common uX prerequisite can be solved, too.

To simplify the set of required parameters in model construction, we apply the

following propagation rules.

L = (lagp +leip )/ 2L =15 ly =1 —lig — L (4.9)

This formula says that the inferred knowledge level of the unknown factor is cal-
culated from the two other factors. The formula components are defined as the

weighted minimum or maximum of the components in the following ways.

la?ﬁlf = wmineé](uf(){wu!(,elz%T} (410)

where w,x , is a weight factor which is inversely proportional to the distance between

uX and e. A typical weight formula is as follows:

Wy , =0 “i° (4.11)

where § < 1 is a positive damping factor and d,x . is the distance between the two

nodes on the knowledge graph. Similarly,

ul
b = wmaz e {wyx et (4.12)
and
uK
leg = wmaxeeO(uK){wuf,e T} (4.13)

In the formulas, the wmin, wmax symbols denote the weighted minimum and max-
imum operators. These operations are a generalization of the standard minimum

and maximum methods. The input for wmin and wmaz is a set of values with the
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corresponding relevance attributes. In my application, relevance values are treated

as probability values in the calculation of the result. Having an input

we assume that
e Vi:0<w; <1
o mar;{w;} =1
The weighted minimum is defined as

wmin(L) = Zw;‘vi (4.15)

where w! denotes the relevance level of the case where v; is the minimum value in

the list. It is defined as

W; = Wi — MATy, v, {W;} (4.16)

If the {w;} set is empty, then w} = w;.

The definition of a weighted maximum has a very similar formula:

wmaz(L) =Y wi*v; (4.17)

with

W] = Wi — MaATy,; >, {w; } (4.18)
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4.7 Persistent monitoring of the learning process

As Figure 4.1 shows, the EKSG-based G4L architecture supports persistent mon-
itoring of the learning process by storing detailed log records in the database and
updating the learner’s knowledge state through a dedicated scheduler and knowledge

evaluation events.

The system collects a wide range of log events as can be observed in Table 4.4. Each

event is time-stamped and associated with both a learner and a related knowledge

unit.
Table 4.4: Tracked event types

Event type Description

user.profile.created When a learner registers into the system.

topics.requested When a learner accesses the central study page, which
displays available topics and their associated knowledge
graph, allowing for topic selection.

topic.changed Indicating topic change.

learning.started When a learner opens a material.

learning.finished When a learner closes a material.

testing.started When a learner opens a quiz page.

testing.submitted When a learner requests quiz answer evaluation.

testing.finished When a learner closes a quiz page with or without submit-
ting their answers for evaluation

test_ state.updated when a learner submits the answers of the quiz, capturing

question-level data such as the question identifier and the
correctness of the submitted answer.
knowledge_state.updated =~ Whenever the learner’s knowledge state is modified. This
occurs in two primary scenarios: following the evaluation of
a quiz, where it reflects changes in understanding based on
performance, and during discrete forgetting events, when
the system updates the knowledge state to account for po-
tential knowledge decay over time.
page.requested When any page of the system is requested.
recommendation.requested Whenever the learner’s knowledge state is updated, trig-
gering the system to provide a personalized learning path.
knowledge__state Logged after a knowledge state recalculation has occurred
.attempt.requested so the system needs to visually update the knowledge
graph. This involves potentially recoloring related node
icon and repositioning the knowledge level indicator within
the triangle to reflect the newly calculated knowledge state.

The logs are systematically collected and stored within the G4L system’s rela-
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tional database. The logging architecture is centered on three interconnected tables:

LEARNER_LOG, LEARNER_LOG_DATA, and CONFIG_LOG.

The primary LEARNER_LOG table captures the core metadata for each event, acting
as the main entry point for user-interaction data. It maintains a one-to-many re-
lationship with the LEARNER_LOG_DATA table, which stores detailed key-value pairs
associated with each log entry. This flexible structure allows for the recording of

diverse parameters across various types of learner actions and system responses.

4.8 Core tutoring principles integrated by G4L

Competence-based Knowledge Space Theory (CbKST) ([15]), originally developed
by Doignon and Falmagne [38], has provided a powerful framework for knowledge
representation and adaptive learning. It has been successfully implemented in intelli-
gent tutoring systems such as ALEKS ([25]) and ELEKTRA ([57]), allowing person-
alization based on a learner’s current level of competence. ALEKS employs a graph-
based structure internally but does not expose this to learners, while ELEKTRA
emphasizes game-like metaphors and immersive narratives to support engagement

and progression.

In contrast, GAL builds on the extended EKSG model ([7]), which builds on CbKST
and makes the evolving structure of domain knowledge explicitly visible to learners,
allowing them to track their progress within a dynamic, graph-based representation.
This visibility not only supports navigation, the importance of which is underlined
in the work of Telnov [107], but also serves as a cognitive tool that enhances the

reflection and strategic planning of learners.

The G4L system also integrates the core principles of self-regulated learning, as
articulated by Zimmerman [122], which emphasize the agency of the learner and
proactive participation. In G4L, learners receive system-generated recommendations
for their next steps, but these are not binding, allowing them to make informed

decisions and take ownership of their learning path [79]. This design aligns with
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SRL theory by fostering autonomy, metacognitive monitoring, and strategic control

as also suggested by Steiner et al. [103].

The results indicate that the proposed visual graph-based approach allowed a co-
herent organization of knowledge units [27] with a significantly reduced authoring
effort. These findings are consistent with previous work in domain modeling, such as
Zouaq et al. [123], who applied ML and natural language processing techniques to
generate domain concept maps and ontologies. Similarly, Limaye et al. [66] explored

the automatic discovery of the prerequisite relation using burst analysis.

4.9 Thesis 3.

I developed the Graph4Learn system, grounded in the Evolving Knowledge Space
Graph model, to integrate graph-based knowledge representation with a relational
database, thus enabling real-time tracking of learner activity and adaptive learning
path discovery. The system advances the state of the art by introducing the following
key innovations. First, it implements an abstract time dependency to capture the dy-
namics of evolving curricula. Second, it adapts the Intuitionistic Fuzzy Logic model
to represent learner knowledge states and forgetting. Third, it implements multiple
knowledge state induction algorithms, including the proposed Weighted Distance
Dependent Induction method to predict the knowledge state. Fourth, it applies an
Intuitionistic Fuzzy Logic based algorithm for the recommendation of the adaptive
learning path. Finally, it integrates a Generative Al powered assistant capable of
generating curriculum content such as knowledge units, prerequisite relations, and

assessment items.

4.10 Awuthor’s publications related to the thesis

Q4: [13]
[5], [14], [6]
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Chapter 5

Prototype implementation and User

Study

5.1 Implementation Details

The G4L system is implemented as a Python-based web application, employing a
RESTful peer-to-peer architecture to facilitate communication among its distrib-
uted components. The concrete endpoints are listed in Table 5.1. This architectural
choice significantly improves scalability and modularity, which are critical for effect-
ive adaptation to rapidly evolving technological landscapes. The EKSG model is
realized within a Neo4j graph database, primarily selected for its inherent capability
to efficiently represent and query the intricate relationships between knowledge con-
cepts using Cypher queries. This graph-native approach offers a distinct advantage
in managing the complex characteristic of a dynamic knowledge domain. The learner
profiles and activity logs are systematically stored in a MySQL relational database,
providing robust and efficient management of structured individual progress data.
The specific learning content, tightly linked to the EKSG model, is presented in
concise two-page PDF documents, optimizing accessibility and focus. Furthermore,
quizzes are stored in YAML files, which ensures ease of authoring and readability for
domain experts and instructors, thereby facilitating agile content updates essential
in such dynamic fields. The details of the implementation are summarized in Figure

o.1.

The user interface of the Graph4Learn web application was implemented using the
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Figure 5.1: The implementation of the G4L architecture

Python Flask framework, which served as the backend to manage server-side logic
and data exchange. The front-end can be seen in Figure 5.2 was developed with
HTML templates and JavaScript, providing an interactive and responsive user ex-
perience. Additional details regarding the system’s functionalities are available in
the Appendix. The visualization of the EKSG model was realized using the Net-
workX library, which enables dynamic rendering and manipulation of graph-based

knowledge structures directly within the web interface.

This technological stack was selected for its flexibility, transparency, and suitability
for rapid prototyping. Flask offers a lightweight yet powerful architecture that allows
seamless integration between the data model and the user interface, while HTML
and JavaScript enable fine-grained control over interactivity. The use of NetworkX

made it possible to visualize complex graph relationships efficiently.
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Table 5.1: REST endpoints

Functionality REST endpoints
Configuration /settings
Knowledge Units /topics

Assessment

Recommendation
Prediction model
EKSG model

Activity log

/material__unit/<id>
/material _unit/finished /<id>
/migrate_knowledge units
/serve__quiz/<id>
/serve__quiz/finished / <id>
/submit__quiz

/evaluation_ attempt/<id>
/results
/get__recommendations
/train__prediction__model
/export__knowledge graph
/save__all_node_ positions
/get_node_ positions
/learner-log

5.2 Research questions

To investigate the effectiveness and practical applicability of the GAL intelligent

tutoring system, a mixed methods [92] user study was conducted involving 45 uni-

versity students. Based on the G4L framework, I formulate the following research

questions:

- RQ1: How effective is the EKSG model in structuring and representing domain

knowledge and supporting learner navigation in a fast-evolving domain?

- RQ2: How do different adaptive learning algorithms compare in terms of

learner performance and progression in an EKSG model based intelligent tu-

toring system?

- RQ3: How does the implementation of the EKSG model support real-time

tracking of learner activity and knowledge state progression within the system?
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5.3 Study design

The study was designed to address the three core research questions: First, I ex-
amined how well the EKSG model structures and represents domain knowledge while
supporting learner navigation in a rapidly evolving domain (RQ1), using a qualitat-
ive approach based on a structured questionnaire to collect subjective feedback and
perceptions of learners. Second, I evaluated the performance and usability of three

implemented adaptive learning algorithms:
- Bayesian Network (BN) ([65])
- Knowledge Space Theory (KST) ([38])
- Weighted Distance Dependent Induction (WDDI)

in a comparative setup (RQ2), using a quantitative approach. The evaluation was
based on the analysis of the algorithm performance and the retention of long-term
knowledge by learners, measured through offline assessments carried out during the
final exam. Finally, I analyzed the system’s ability to track learner activity and
knowledge states in real time (RQ3). This investigation followed a quantitative
approach by evaluating structured and system-generated log data and knowledge
state records ([89]), which allowed us to quantify and assess the extent and patterns

of system usage.

5.4 Instructional content and participants

The selected instructional content was derived from the "JDBC API" subdomain of
the Database Systems II course. The material was segmented into 15 knowledge
units. Each KU was linked to an approximately two-page PDF file, considered a
component of large granularity knowledge [83], through the relevant material unit.
This document offered an explanation and conceptual dissection of the subject at

hand.

To assess knowledge acquisition, each test unit was linked to a test bank of 10

multiple choice questions, of which 5 questions were randomly selected for each
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test attempt. Both the order of questions and the order of answer options were
randomized to prevent memorization. During the assessment, students received only
their total score and no feedback was provided on which specific responses were
correct or incorrect [91]. This design choice encouraged iterative work with the

learning content and the tests.

Informed consent was obtained from all individual participants upon registration for
the study. Participants were informed of the voluntary nature of their participation

and that their data would be anonymized or pseudonymized prior to publication.

Upon registration in the G4L system, each participant was asked to complete a
short demographic questionnaire, which also captured their prior familiarity with
the course content and their confidence in online learning environments. A summary
of these data is presented in Table 5.2. For an unknown reason, 3 participants were
inactive during the experiment. The male-to-female ratio in my sample aligns with

the prevailing gender distribution in Computer Science at our university.

The participants were automatically assigned by the system to one of the three pre-
defined groups by the prediction algorithm used (BN, KST, WDDI) in a randomized
but balanced fashion. Before the actual experiment, each student received a brief
orientation session, including a hands-on demonstration of the system using a sample

lesson.

After orientation, students were free to use the system at their own pace. However,
dedicated practice sessions were incorporated into the practical labs of the course,
ensuring that all students had structured time to engage with the G4L platform and

learn using its features.

Table 5.2: Information about the participants (weighted familiarity: : yes = 3, no =
2, can not decide = 1; weighted online confidence: highly confident = 3, averagely
confident = 2, not confident = 1)

Group Registered Inactive Female Average Famili- Confi-
(%) Age arity dence
BN 14 2 21 22.50 2.36 2.21
KST 16 1 6 22.10 2.25 2.50
WDDI 15 0 20 23.60 2.40 2.13
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5.5 Rubric for system evaluation

To evaluate the G4L system, I developed a rubric based on the insights of the course

teachers, my implementation experience, the system logs and the learner database

[61]. This rubric defines six key aspects of the system which are presented in Table

5.3.

Table 5.3: Rubric linked to the appropriate RQ

Criterion

Description

RQ1

RQ2

RQ3

Knowledge decomposition

Prerequisite logic clarity

Graph-based navigation usability

Support for learner decision-making

Learning algorithm evaluation

Learner activity tracking

How clearly the EKSG model de-
composes the domain into coherent
and meaningful knowledge units
Clarity and interpretability of pre-
requisite relations in the graph
How intuitive and useful the graph
is for learners when navigating the
content

Whether the structure helps
learners make informed decisions
on what to learn next

To what extent the learning al-
gorithm helps learners producing
strong learning outcomes

How well the system provides in-
formation about the learner inter-
actions

The performance of the system was then evaluated for each of these aspects using a

3-point Likert scale as presented in Table 5.4, resulting in a total possible score of

18 for the defined aspects.

5.6

Effectiveness of the EKSG model in structur-

ing domain knowledge and supporting learner

navigation

In relation to RQ1, I developed a set of questionnaire items to discover learners’

experiences in relation to knowledge representation and learning activities.

Prototype implementation and User Study
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questionnaire was administered using Google Forms. The learners responded to
the items on a 5H-point Likert scale, where 1 indicated "strongly disagree' and 5
indicated "strongly agree." The specific questionnaire items are detailed in Table 5.6.
In addition, an open-ended item was included to allow learners to provide general
suggestions and express their overall opinions on the system. The Google Form
was made available to students at the end of the semester and remained open for

responses until the end of the examination period. The results are in Table 5.7.

To evaluate the system against my defined rubric, the average scores of the responses
on the 5-point Likert scale were subsequently converted to the 3-point scale used in
the rubric. This conversion was performed according to the mapping defined in Table

9.5.

Table 5.5: 5-point Likert scale conversion to 3-point scale

Average (1-5 scale) Converted rubric score (1-3 scale)

1.0-24 1
25-43 2
4.4-5.0 3

This conversion allowed me to integrate the feedback of the learners directly into the

rubric-based performance assessment of the G4L system.

Of the 45 registered learners, three did not participate in the experiment for unspe-
cified reasons. A total of 28 learners completed the post-experiment questionnaire,
corresponding to approximately 67% of the active participants. This response rate

was deemed sufficient for publication and analysis.

Table 5.7 presents the aggregated results of the questionnaire. Each question is
referenced by a unique ID, with the corresponding full text of the item provided in
Table 5.6. The table includes the number of responses per rating option, the average
scores for each rubric item, and the converted values based on a standardized 3-point

scale. The details of the conversion process are described in Table 5.5.

The rubric items “Knowledge Decomposition” and “Graph-based Navigation Usabil-

ity” received the highest average scores (4.41), with standard deviations of 0.71 and
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Table 5.6: Questionnaire Items, response scale: strongly disagree (1) to strongly
agree (5)

Criterion Questionnaire item

Knowledge decomposi- 1. The system clearly breaks down the learning material into
tion smaller, understandable units.
2. I understood how the different parts of the learning ma-
terial were related to each other.
Prerequisite logic clar- 3. The system provided appropriate learning path sugges-

ity tions.
4. Tt was clear to me which topics were prerequisites for oth-
ers.
Graph-based navigation 5. The graph made it easy for me to navigate what to study
usability next.

6. Overall, I found the system’s structure to be useful.
Support for learner 7. The graph-based representation helped me understand the
decision-making structure of the learning material.
8. I felt that the system considered the evolution of my know-
ledge over time.
Overall (open ended) 9. What suggestions do you have for further developing the
system?

0.78, respectively. These correspond to level 3 on the 3-point rubric scale. The item
“Support for Learner Decision-Making” received a slightly lower average score of
4.21 (SD = 1.02), corresponding to level 2. The lowest-rated item was “Prerequisite
Logic Clarity,” with an average score of 4.16 (SD = 0.91), corresponding to level 2.

The items of highest rating, ’'Knowledge Decomposition” and 'Graph-based naviga-
tion usability’, in Table 5.7 suggest that the structural and visual design features of
the system were well received by the participants. These components likely offered
intuitive guidance, even for users with limited prior exposure to intelligent tutoring
systems, as the confidence score shows in Table 5.2. In the longer term, these results
suggest the model’s adaptability and potential for rapid deployment. Given that
the system provides a highly visual and graph-based structure for navigating know-
ledge, the strong ratings align well with its intended design. In addition, dedicated
practice time and instructor guidance may have contributed to the learners’ positive

perceptions.

The average score for “Support for Learner Decision-Making” in Table 5.7 reflects

more varied experiences. Although many learners valued the autonomy provided
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Table 5.7: Questionnaire Items, response scale: strongly disagree (1) to strongly
agree (5)

Criterion ID 1 2 3 4 5 AVG  Score
Knowledge 1 0 0 1 11 16 441 3
decomposition 2 0 1 3 11 13 '
Prerequisite logic 3 1 0 7 13 7 116 9
clarity 4 0 2 0 10 16 '
Graph-based 5 0 1 2 14 11 441 3
navigation usability 6 0 1 2 5 20 '

Support for learner 7 0 1 3 10 14 191 5
decision-making 8 1 3 3 6 15 ’

by the system as [103] also suggests, the larger spread of responses indicates that
some may have required additional guidance or scaffolding. This variability probably
results from differences in self-regulation skills, also emphasized by Zhang et al. in

[120], learning preferences, or prior domain knowledge [73].

Similarly, the relatively lower score for “Prerequisite Logic Clarity” in Table 5.7
may indicate challenges experienced by learners with less background in interpreting

conceptual hierarchies or graph structures as states [108].

This finding is in line with [121], that highlighted the importance of designing for
a diverse range of cognitive and experiential profiles, possibly through multimodal

explanations or adaptive visual supports suggested also in [36].

Taken together, these results emphasize the need to accommodate heterogeneity
among learners, not only in content delivery, but also in system capabilities that
support different levels of experience, confidence, and strategic learning behavior,

also empasized in [105].

5.7 Learner performance and progression using
different adaptive learning algorithms

To address RQ2, a multifaceted evaluation approach is employed.

First, I compared changes in individual knowledge unit mastery between initial and
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final test sessions between different groups. The mastery level for a knowledge unit
was calculated as the ratio of correct answers to all attempts, yielding a value between
0 and 1. Table 5.9 shows the analysis focused on a subset of knowledge units included

in both evaluation phases.

Then, I evaluated the general knowledge state of the curriculum by adding the mas-
tery levels of the 15 knowledge units. This aggregate measure was tracked from the
initial to the final state. Additionally, during the study, I used offline quiz sheets
to assess the average knowledge retention within each group, complementing the

system’s internal data. The results are in Table 5.10.

The conversion logic used to translate the three key metrics into the final rubric

score is summarized in Table 5.8.

Table 5.8: Conversion table for RQ2 rubric

Rubric Mastery Knowledge Knowledge
Score change (%)* (max. 15)P retention (%)°
1 <5 <5 <40

2 6 — 20 6 — 10 41 — 70

3 > 21 > 11 > 71

& Difference between the final and initial measured knowledge levels.
b Final aggregate knowledge state of the curriculum at the end of test sessions.
¢ The difference between the final measured knowledge level and the result of the offline

examination, providing an external measure of long-term retention.

Comparison of initial and final test data indicates notable improvements in all groups
(Table 5.9). The measured knowledge state increased in each group, with the BN
group improving from 0.72 to 0.89, and the KST group from 0.92 to 0.97. The pre-
dicted knowledge state, derived from the learner model, showed a more pronounced
change, especially for the BN and WDDI groups, suggesting enhanced inferred mas-
tery levels over time. It is worth noting that the predicted knowledge state for the
KST group remained at 1.000 throughout. This behavior reflects a key characteristic

of the KST model: upon successful completion of an item associated with a know-
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ledge unit, the model infers full mastery (1.000) not only for that unit, but also for
all its prerequisite units in the predicted mastery values. Consequently, these values
should be interpreted with caution, since these values do not reflect knowledge gain

as observed in other models.

Table 5.9: Group-level changes in measured and predicted knowledge state from
initial to final test sessions

Group Initial Final Result
Measured Predicted Measured Predicted Change (%) Score
BN 0.717 0.243 0.887 0.463 24 3
KST 0.919 1.000" 0.967 1.000" 5 2
WDDI 0.871 0.126 0.882 0.298 1 1

* KST predictions should be interpreted with caution: the model assigns full mastery
to all prerequisite units once a higher-level unit is successfully completed.

I evaluated the overall mastery of the curriculum by aggregating the knowledge levels
across all 15 knowledge units, which gave us a total of 15 as the total knowledge value.
This cumulative metric allowed me to compare the progress of the learners from the
initial to the final state within the system. To complement the system-generated
data, I also distributed offline quiz sheets during the final examination to measure
overall knowledge retention in each group. A summary of these results is presented in
Table 5.10, showing both system-tracked mastery progression and externally assessed

retention levels.

Table 5.10: Group-level changes in measured and predicted total knowledge state
from initial to final test sessions and during exam (the curriculum’s total knowledge
value is 15.000)

Group Initial Final Examination
Measured Predicted Measured Predicted Score Offline Score
BN 0.800 1.034 11.200 7.156 3 11.730 3
KST 6.600 8.000 15.000 10.000 3 10.000 2
WDDI 1.000 1.971 14.000 6.072 3 10.000 3

The three adaptive learning algorithmns effectively supported learner knowledge state
improvement, as detailed in Table 5.9. Munir et al. [72] also underlined that Al

algorithms are used effectively in digital education. My results in Table 5.9 show
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that the BN group exhibited the most substantial gain, with the measured knowledge
state level increasing from 0.717 to 0.887, an improvement 24%. The other two
groups also showed positive, albeit more moderate, gains. It is interesting to add
the fact that the BN group began with moderate prior familiarity and average online
confidence levels, as shown in Table 5.2. In contrast, the KST group started from
a relatively high mastery level of 0.919, which still increased by 5%, suggesting
the model’s ability to support further learning even at advanced stages, as we could
anticipate it based on [7]. Although the predicted values deviated from the measured
values, both indicators reflected a consistent upward trend that was expected based

on [28].

Further analysis of the value of the aggregated state of knowledge at the curriculum
level revealed different learning trajectories [32]. As we can see in Table 5.10 the BN
group improved from an initial composite score of 0.8 to 11.2. The WDDI group
progressed from 1.0 to 14.0. while the KST group advanced from an already strong
baseline of 6.6 to full curriculum mastery at 15.0. Regarding mid-term retention,
the results of the offline exam indicated strong knowledge preservation in both the
BN and WDDI groups. As shown by [22] knowledge retention typically declines
over time. The study measured retention only within a limited mid-term window
of a few weeks. In terms of knowledge retention, the KST group performed slightly
below the other two, possibly due to ceiling effects associated with their already
high measured test levels. The ceiling effects, studied in [102] and [113] are observed
when participants start with very high scores, leaving little room for measurable

improvement.

These performance differences may be explained by the variation in learner behavior
between groups. For example, in Figure 5.3 we can observe significant differences in
the time spent on the test sheets [63] and the total duration of engagement [52] in
Figure 5.4. Furthermore, some learners practiced systematically with each knowledge
unit, while others concentrated on a smaller subset, relying on repeated tests as
shown in Figure 5.5. These distinct behavioral patterns probably contributed to the

variation in group-level learning outcomes.
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5.8 Real-time tracking of learner activity and know-
ledge state progression

To address RQ3, the system’s ability to record and maintain real-time data related

to learners’” actions and transitions of knowledge states was analyzed.

To analyze learner interaction patterns, I extracted event logs from the LEARNER_LOG
database table. Events were categorized based on their event_name field (e.g.,
learning.started, testing.submitted). I grouped the data by the algorithm used
(BN, KST, WDDI), and calculated the average number of occurrences per learner
for each event type. Moreover, I collected the number of quiz attempts and the
number of knowledge state records to give a better overview of the system’s ability
of following the learners’ activity. The results can be studied in Table 5.11 and Table
5.12.

To analyze the participation of learners in testing activities, I extracted log events
related to test interactions (testing.started, testing.submitted,

testing.finished). The events were grouped by learner and knowledge unit, and
the time difference between the starting event and the nearest subsequent submission
or completion event was calculated. Sessions lasting longer than the 99th percentile
were considered outliers and excluded from the analysis to reduce noise caused by
technical interruptions or idle time. The remaining durations were analyzed and
visualized using a boxplot in Figure 5.3 to compare the distributions between the

algorithms.

To assess the duration of learners’ engagement with learning materials, I analyzed
events logged during learning sessions. I extracted learning.started and

learning.finished events from the LEARNER_LOG table and grouped them by learner
and knowledge unit. The time spent was calculated as the difference between the
start and finish events. Sessions without a valid end were excluded. To reduce the
noise caused by inactive sessions or system errors, I discarded durations above the
95th percentile. The remaining data was analyzed to compare the learning engage-

ment between the three groups and visualized using a boxplot in Figure 5.4.
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To assess the level of participation of the learners in terms of active testing, I used the
number of knowledge_state.updated events of type measure as a proxy indicator.
I compute both the total number of updates per group and the average number
of updates per learner within each group. In addition, I identified the most active
learner in each group by counting individual-level update frequencies. This metric
reflects the intensity of the testing activity and can be interpreted as a behavioral

indicator of active learning, as Table 5.13 shows.

To examine the degree of knowledge acquisition over the course of the experiment,

I compared the initial and final tests of the learners. I used two indicators for each
group:

o Measured knowledge state: the proportion of correctly answered test items.

o Predicted knowledge state: the estimated mastery level inferred from the

learner model.

The initial knowledge state was calculated based on the learners’ earliest testing
activities, typically covering a smaller subset of knowledge units. The final knowledge
state was derived from the most recent tests at the end of the intervention period,
generally incorporating a wider range of knowledge units. The averages at the group

level for both indicators were calculated at both time points, Table 5.9.

To assess how participants responded to the personalized content suggestions of the
system, the log entries labeled recommendation.requested were analyzed. These
events indicate that the system provided a recommendation to the learner, either for
new content (learning) or for review (repetition). To determine whether a recom-
mendation was followed, the learner’s next action was examined after the recom-
mendation event. A recommendation was counted as followed if the first subsequent
interaction of the same learner was aimed at the recommended KU and involved
starting or repeating a learning session. This approach captures whether the learner
chose to engage with the suggested content as their immediate next step, without
applying any strict time limit. The total number of recommendation events and the
average number per learner were calculated for each group. In addition, I calculated

the proportion of learning and repetition recommendations that were followed, in-
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dicating how well the system’s suggestions aligned with user behavior. According to
Table 5.14, most learners disregarded the recommendations in both cases, indicating
that self-regulated decision-making took precedence over the suggested path. To
analyze how often the learners interacted with the recommendation feature of the

system, I examined the frequency of the same events.

The learning paths of two selected learners are analyzed based on their interactions
with specific knowledge units. The extracted dataset from the KNOWLEDGE STATE
table included timestamped records of each learner’s attempt on knowledge units,
identified by their external IDs. The learning paths are visualized in Figure 5.5 as
stepwise sequences of knowledge units. Instead of plotting absolute timestamps, the
x-axis represented the sequential order of the learner’s interaction steps, allowing
comparison of learning progression patterns without time-scale distortion. The y-
axis enumerated all KU in the topic, ensuring visibility of units even if a learner

skipped them.

In order to assess the system’s overall capability to support real-time tracking of
learner activity (RQ3), a feature-based rubric analysis was conducted. The key di-
mensions of learning activity tracking are listed, such as event tracking, time track-
ing, recommendation adherence, and visualization of the learning trajectory, and the
availability of these in current implementation. Each fulfilled capability received a
checkmark. Based on the total number of possible features, a performance score
was calculated by dividing the number of completed features by the total. If the
system covered more than two thirds of the features, it received a score of Good
(3); if between one third and two thirds, Fair (2); and if below one third, Poor (1).
This scoring method enables a transparent and reproducible evaluation of tracking

quality across learning systems, Table 5.15.

Table 5.11 provides an overview of the experimental groups, summarizing user activ-
ity and data during system usage. The metrics include the average number of log
records per learner, the average number of knowledge state updates per learner, and

the average number of quiz attempts per learner associated with each group.

Table 5.12 summarizes the average number of events per learner for each group.
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Table 5.11: Overview of experimental groups and collected interaction data (aggreg-
ated per learner)

Group Log records Knowledge state records Quiz attempts

BN 855.9 445.7 29.7
KST 505.1 134.9 27.6
WDDI  457.9 230.4 14.4

Table 5.12: Distribution of event types per learner across algorithms

Event name BN KST WDDI
knowledge_ state.attempt.requested  69.08  52.53  30.80
knowledge_ state.updated 535.17 156.07 241.67
learning.started 21.20 1490  10.83
learning.finished 14.40 1250 11.64
page.requested 13.79 13.69  12.20
recommendation.requested 40.23  35.75  21.40
testing.started 43.58 33.80  18.00
testing.submitted 35.83  30.40  15.27
testing.finished 43.25 3353  16.80
test__state.updated 168.92 148.80  74.53
topic.changed 3.85 3.63 2.87
topics.requested 7.46 7.25 6.13
user.profile.created 1.00 1.00 1.00

Figure 5.3 presents the distribution of the time learners spent on the test sheets,
grouped by algorithm. The boxplot illustrates notable differences in test duration
between groups. While most learners completed their test sessions within a consistent

range, a few outliers were removed to enhance comparability.

Figure 5.4 illustrates the distribution of time learners spent on active learning sessions
per knowledge unit, grouped by algorithm. After removing extreme values beyond
the 95th percentile, the WDDI group showed the shortest median learning time,
while the KST group exhibited the longest.

The average number of knowledge_state.updated events per learner was highest in
the BN group, indicating the most frequent engagement with test activities Table 5.13.
The most active learner, a member of the KST group, demonstrated a high level of

engagement with 112 interactions.

Prototype implementation and User Study 88



Distribution of time spent on test sheets by algorithm

°
6] 8 8 °
°
g 8 i
°
5 § @ o]
o ? o
o
~ a4+ g
€ °
E
e 8
E
= 3
g
g
a
2]
14
o4
BN KST WDDI

Algorithm

Figure 5.3: Distribution of time spent on test sheets by algorithm (outliers above
99th percentile removed)

Table 5.13: Testing activity across groups (no. of knowledge state update events)

Group Average  per Most active  Most tested unit (no.

learner learner of test submissions)
BN 34.7 95 DglCommands (53)
KST 29.5 112 ConnectionEstablishment
(43)
WDDI 15.4 58 SqlApiDescription
(25)

The frequency of recommendation requests varied between the experimental groups.
Table 5.14 presents the total number of recommendation.requested cvents, the
average number per learner, and the percentage of learning and repetition recom-

mendations followed.

Table 5.14: Recommendation usage statistics by group, including total and average
request counts, and the percentage of followed learning and repetition recommend-
ations

Group Total Per learner Followed learn (%) Followed repeat (%)

BN 523 40.23 18 8
KST 572 35.75 32 9
WDDI 321 21.40 29 7

Figure 5.5 depicts the learning trajectories of two selected learners. Using the step

order on the x-axis, the plots highlight the sequence in which learners engaged with
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Distribution of time spent on learning by algorithm
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Figure 5.4: Distribution of time spent on learning sessions by algorithm (values above
95th percentile excluded)

the material, revealing patterns such as skipped units or revisits. All knowledge
units were displayed on the y axis regardless of whether learners attempted them,
providing a comprehensive overview of the topic structure and individual learner
coverage. These findings demonstrate the utility of visualization of the sequential
learning pathway in identifying learner behaviors and informing targeted educational
interventions.

Learning paths of learners (by step order)
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Figure 5.5: Learning path of two randomly selected learners

As shown in Table 5.15, the G4L system supports 11 tracked capabilities, resulting

Prototype implementation and User Study 90



in a fulfillment ratio of 85%. Based on the rubric tiered scoring logic (score = 3 if

> 66%), the system receives a learner activity tracking score of Good (3).

Table 5.15: Learner activity tracking capabilities of the G4L system. A check mark
(V') indicates that the feature is supported, an x mark (X) otherwise.

Feature Supported

User activity logging

System usage tracking

Event-level interaction data

Time spent on test sheets

Time spent in active learning sessions
Most active learner identification

Most frequently learned knowledge unit
Knowledge gain measurement
Adherence to learning recommendations
Adherence to repetition recommendations
Learning trajectory visualization

Wrong answer tracking
Recommendation response time tracking

Total fulfilled features 11 /13

L NENENENE NN NN S

Real-time tracking of learner activity and knowledge state progression is the corner-
stone of modern educational technology [99], allowing personalized learning experi-
ences and supporting improved educational outcomes. Numerous advanced models
have been developed to monitor various dimensions of learner behavior and cognitive
progress [104, 116, 29]. The GA4L system relies exclusively on activity logs, which
offer precise, time-stamped data on user interactions, such as time spent on learning
and testing tasks, as well as the sequence in which knowledge units are accessed. In

Table 4.4 there are 13 types of events that the G4L system is actively tracking.

Relying solely on log data provides several practical advantages. First, it elimin-
ates the need for intrusive or additional assessment mechanisms, such as [88] or [45],
making the system lightweight and scalable. Second, log data are objective and auto-
matically generated, reducing the potential for human error or bias in data collection.
It also allows for fine-grained analysis of behavior patterns, such as time on task,
repetition cycles, and preferred learning paths, which are valuable for understanding

engagement and self-regulation. Granularity is demonstrated by Table 5.12.
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However, this approach also has notable limitations. Log data alone cannot capture
the cognitive states, motivations, or emotional responses of learners, as emphasized
in [45], factors that often influence learning success. Moreover, while activity pat-
terns can correlate with learning outcomes, they do not necessarily provide causal
information or explain why certain behaviors lead to better results [88]. Finally, as
[97] showed, systems that rely solely on logs may overlook off-platform learning or

unrecorded metacognitive strategies that contribute to overall knowledge acquisition.

Despite these limitations, the log data revealed that the G4L system effectively
captured a wide range of learner interactions in real time. As Table 5.11 shows,
with an average of more than 855 log records per learner in the BN group, over 505
in the KST and over 457 in the WDDI groups, the implementation demonstrated
a strong capacity to track not only the usage and testing activity of the learners,
but also their navigation patterns and evolving knowledge states. According to the
learning activity tracking rubric detailed in Table 5.15, the system clearly qualifies
as Good (3), providing detailed information on learning behavior in real time and
progression of the state of knowledge. This level of detail enables a meaningful

analysis of learning patterns and supports adaptive educational interventions.

5.9 Learner feedback and suggestions

The feedback of the learners on the G4L system was predominantly positive. Parti-
cipants particularly appreciated the innovative and transparent graph-based struc-
ture, describing it as both engaging and easy to navigate (e.g., "The graph solution

really appealed to me; it is innovative and easy to overview.").

However, several recurring suggestions emerged that are summarized in Table 5.16.
These insights will inform ongoing system development, with particular attention to

accessibility, feedback mechanisms, and user-centered design.

The use of a G4L GenAl assistant successfully supported prerequisite identification
and knowledge decomposition, as reflected in the positive feedback presented in Table

0.7.
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Table 5.16: Learner feedback and suggestions

Area Summary

Accessibility A common request was to allow access beyond the
university network to improve convenience and us-
ability.

Feedback and Error Awareness Learners emphasized the need for more detailed

test feedback, including information on incorrect re-
sponses and correct answers, to better support re-
flective learning.

Content and Assessment Suggestions included expanding learning materials
and increasing the number of test items to improve
coverage and assessment reliability.

User Interface and Experience Feedback pointed to UI/UX improvements, includ-
ing clearer layouts, better component sizing, and re-
finement of input validation (e.g., instances where
correct answers were not, accepted).

Graph Visualization One user noted that excessive edge crossings occa-
sionally reduced clarity, indicating a need for optim-
ization in graph layout.

5.10 Thesis 4.

An empirical investigation involving Bachelor of Science students demonstrated that
an intelligent tutoring system based on the Evolving Knowledge Space Graph model
and implemented through the Graph4Learn framework effectively supports adaptive

and self-regulated learning in rapidly evolving domains.

Regarding RQ1, the results confirm that the EKSG model provides a robust structure

to represent domain knowledge and support the navigation of the learner.

In response to RQ2, the comparative evaluation revealed that the Bayesian Net-
work approach achieved the highest learning gains among the adaptive algorithms

considered.

Finally, addressing RQ3, the study validated that the system enables real-time track-
ing of learner activity and knowledge state progression, improving adaptability and

personalization.
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5.11 Author’s publications related to the thesis

Q1, preprint, under review: [10]
[11], [1]
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Chapter 6

Summary

This dissertation introduces the Knowledge-Sharing-Bridge framework, which em-
beds an implicit tutoring mechanism directly into Artificial Intelligence systems.
The framework comnsists of four interrelated modules: Explain, Report, Control, and
Teach, that collectively enable Al to function not only as a decision-support tool
but also as an active pedagogical agent. Powered by an Explainable AI engine, the
Explain and Teach components demonstrate how explainability can be effectively
combined with instructional guidance. The KSB framework integrates structured
knowledge representations, such as word clouds, to enhance the transparency, ac-

cessibility, and pedagogical value of complex decision logic.

A prototype implementation validates the hypothesis that embedding knowledge-
sharing mechanisms within AI systems bridges the gap between passive technology
use and active human learning. The findings indicate that when explainability is
coupled with guided instruction, Al systems not only improve task performance but

also foster user comprehension, engagement, and long-term knowledge retention.

In a broader sense, this work reconnects with the ancient roots of learning, where
knowledge was continuously shared between the wise and the curious. With the
advent of Artificial Intelligence, such continuous, dialogic learning becomes possible
again, this time through intelligent systems capable of explaining, guiding, and teach-

ing.

In addition to the KSB framework, another major contribution of this research is

the development of an Intelligent Tutoring System capable of adapting to rapidly
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evolving curricula, such as those in computer science, while also supporting individual
learner progression and self-regulated learning. The implemented Graph4Learn sys-

tem was designed to meet the diverse needs of university students and adult learners.

The implementation is based on the Extended Knowledge Space Graph model, a
graph-based knowledge representation framework also developed as part of this re-
search. A relational database was integrated to enable real-time learning tracking
and support adaptive algorithm decision making. The system introduced several
innovations: (1) abstract temporal dependency to model evolving curricula, (2) ad-
apted IFL to represent learner knowledge states and forgetting, (3) multiple adaptive
learning algorithms, including our proposed WDDI method, and (4) the integration
of a GenAl-based assistant to generate curriculum content, comprising knowledge

units, prerequisite relationships, and quiz items.

The findings of the study indicate that the EKSG model effectively structured do-
main knowledge and supported learner navigation. Real-time tracking of both learner
activity and knowledge progression was achieved successfully. Furthermore, our eval-
uation of adaptive algorithms in a coarse-grained curriculum setting revealed that
the BN algorithm yiclded the highest overall learning gains, outperforming both the
KST and WDDI models.

Together, these findings highlight both the practical viability and theoretical relev-
ance of the G4L system and the underlying EKSG model. By combining structured
domain modeling, adaptive learning algorithms, and fine-grained learning activity
tracking, the system offers a flexible and scalable solution to support personalized
learning. These insights underscore the significance of graph-based representations

and log-based analytics in the development of future intelligent tutoring systems.

6.1 Thesis 1.

I introduced the Knowledge-Sharing-Bridge framework that embeds an implicit tu-
toring mechanism directly into Artificial Intelligence systems, which consists of four

major subcomponents: FExplain, Report, Control, and Teach. The modules FEz-
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plain and Teach, supported by a dedicated Explainable Artificial Intelligence engine,
demonstrate the feasibility of combining explainability with pedagogical guidance.
The framework shows potential for applications across domains where human-AT col-
laboration is critical, including education, corporate training, and technical support.
The framework incorporates structured knowledge representations, such as word
clouds, that make complex decision logic more transparent, accessible, and pedago-
gically meaningful. The prototype implementation provides empirical support for
the hypothesis that a knowledge-sharing component integrated into Artificial Intel-
ligence systems can bridge the gap between passive consumption of technology and
active human learning. The results demonstrate that explainability, when coupled
with guidance, not only enhances task outcomes but also empowers users by mak-
ing Al-driven decisions more comprehensible, actionable, and conducive to sustained

knowledge retention.

6.2 Thesis 2.

I introduced the Evolving Knowledge Space Graph model, which integrates the
Knowledge Space Theory with ontological structures, while also incorporating the
notion of abstract time, larger-grained knowledge units, and flexible connections to
external knowledge representations through evoking-hooks. The Evolving Knowledge
Space Graph model enables the representation of evolving domains where multiple
parallel truths may coexist (e.g., different software versions) and where knowledge
differences and knowledge complexity can be quantified. By integrating these exten-
sions, the Evolving Knowledge Space Graph provides a more realistic and adaptable
framework to model knowledge evolution, learner adaptivity, and personalized learn-

ing paths in dynamic educational and professional contexts.

6.3 Thesis 3.

I developed the Graph4Learn system, grounded in the Evolving Knowledge Space
Graph model, to integrate graph-based knowledge representation with a relational

database, thus enabling real-time tracking of learner activity and adaptive learning
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path discovery. The system advances the state of the art by introducing the following
key innovations. First, it implements an abstract time dependency to capture the dy-
namics of evolving curricula. Second, it adapts the Intuitionistic Fuzzy Logic model
to represent learner knowledge states and forgetting. Third, it implements multiple
knowledge state induction algorithms, including the proposed Weighted Distance
Dependent Induction method to predict the knowledge state. Fourth, it applies an
Intuitionistic Fuzzy Logic based algorithm for the recommendation of the adaptive
learning path. Finally, it integrates a Generative Al powered assistant capable of
generating curriculum content such as knowledge units, prerequisite relations, and

assessment items.

6.4 Thesis 4.

An empirical investigation involving Bachelor of Science students demonstrated that
an intelligent tutoring system based on the Evolving Knowledge Space Graph model
and implemented through the Graph4Learn framework effectively supports adaptive

and self-regulated learning in rapidly evolving domains.

Regarding RQ1, the results confirm that the EKSG model provides a robust structure

to represent domain knowledge and support the navigation of the learner.

In response to RQ2, the comparative evaluation revealed that the Bayesian Net-
work approach achieved the highest learning gains among the adaptive algorithms

considered.

Finally, addressing RQ3, the study validated that the system enables real-time track-
ing of learner activity and knowledge state progression, improving adaptability and

personalization.

6.5 Limitations of the dissertation

The research acknowledges limitations, including the high-level description of the
KSB framework and the use of a small group of university students for the prelim-

inary evaluation of the framework.
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Although the proposed EKSG model and the G4L framework demonstrate promising
results, the scope of the empirical evaluation was limited to a specific educational
context and a learner population. Furthermore, the implemented system represents
a prototype-level realization and additional large-scale validation would be required

to assess long-term effectiveness across diverse domains.

6.6 Future research directions

Future work will focus on extending the application of the Graph4Learn system to

multiple courses, one of them is currently under development and implementation.

Based on the experience gained so far, further refinements of the learner tracking
database are also planned. In particular, modifications will be introduced to im-
prove the representation and traceability of individual learning sessions. Although
the current framework already allows for the quantitative evaluation of learning gains
through changes in learners’ knowledge states, future extensions will aim to form-
alize additional metrics related to learning engagement and learning efficiency. In
particular, navigation patterns within the knowledge graph, deviations from recom-
mended learning paths, and temporal characteristics of learning sessions provide a

strong foundation for defining explicit engagement and efficiency indicators.

Finally, a key direction for future development is the integration of a tutoring dialog
assistant. This assistant will leverage the underlying graph structure and assessment
questions to provide context-aware hints and explanations, thereby enhancing learner

support and interaction within the system.

6.7 Concluding remarks

This dissertation aimed to address the overarching research question of how an in-
telligent tutoring framework can support adaptive, personalized, and sustainable
learning in fast-evolving knowledge domains while preserving the central role of edu-

cators.

The proposed Evolving Knowledge Space Graph model and the Graph4Learn frame-
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work demonstrate that dynamic curriculum representation, actionable learner mod-
eling, and adaptive learning strategies can be effectively combined within a single
system. Through empirical evaluation, the work shows that such a framework can
support learner progression, enable educator insight through transparent learner

tracking, and remain robust amid continuous domain evolution.

Together, these contributions provide a coherent answer to the ORQ and establish

a foundation for future research on intelligent tutoring systems.
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Appendix
Graph4Learn System Screenshots

The following screenshots illustrate key components and functionalities of the
Graph4Learn intelligent tutoring system developed as part of this research. The
figures demonstrate the user interface, graph-based knowledge representation, and
adaptive learning path features discussed in Chapter 4 and in Chapter 5.

M (% Graph4Learn®  Home Open tester Settings Results Topics Logout

Topics

O Testing the open ended question ion module with idg

© Python experimental topic with few KnowledgeUnits.
O Huge graph that holds the Java JMC system knowledge.

@© EKSG model demonstration. | All time instances v

O Adatbézis rendszerek Il - JDBC API
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Recommended to learn: Strengthen your knowledge:
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G BestFeature

EKSG BasicFeature
EKSG Feature

© 2025 GraphaLearn. Minden jog fenntartva. | Send email

Figure 1: The Topics view of the Graph4Learn teacher interface. This screen allows
the tutor to browse and select from available learning materials. Through the drop-
down menu, different abstract time intervals of the evolving knowledge space can be
selected; in this case, the entire time range is displayed. The interface also shows
administrative controls, a table listing the next recommended learning steps, the
knowledge units marked for revision, and the EKSG graph visualization depicting
prerequisite relations among topics.
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(a) Abstract time instance 1
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(b) Abstract time instance 2
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(d) Abstract time instance 4

Figure 2: The four abstract time instances of the demo curriculum, representing the
evolving states of the EKSG model over time. Each snapshot illustrates a different
temporal stage of the knowledge graph, demonstrating how prerequisite relations

and knowledge units change dynamically.
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(¢) An example showing the learner’s number of quiz
attempts and corresponding IFL triangle.

Figure 3: Interactive visualization of knowledge unit pop-up windows in the
Graph4Learn system. Each pop-up integrates the enhanced IFL triangle, which visu-
alizes both measured and predicted knowledge states for the learner. A solid circle
indicates the measured, while an empty circle represents the predicted knowledge
state. The interface also provides direct access to learning materials, quiz initiation,
and displays the learner’s number of prior attempts, supporting self-regulated learn-
ing and progress tracking.
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Question 3 Eredmény

33%
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Question 2 Kiérikelések széma: 2

©Wrong
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(a) Starting a quiz for a selected knowledge  (b) Quiz result interface showing the
unit. The learner can test their understand-  learner’s achieved score.
ing through quiz questions.

PDF Tananyag

Graph4Learn
Kapesolat kiépitése

datbi 5 é oot JDBC API
egyik elsd és legfontosabb Iépése. Enclkil nem lehetséges SQL parancsok végrehaitisa, sem a7
adathizisbol toriénd adatlekérdezés.

E7 a tudsegység bemutatja, hogyan épil fel egy adatbizis-kapcsolat a JDBC segitségével, milyen
paraméterek seiikségesek hozzd, és milyen fejlettebb Kapcsolattechnologidk léteznek (pl. pooling,
caching).

A kapesolat létrehozsanak lépései
1. Kapesolati adatok elékészitése
Akapesolat étrehozasihoz.a kovetkezd informacickra van szikség:
« URL: Az adatbizis elérési tja.
« Felhaszndlonév és jelszo: Azonositis a DBMS felé.

« Driver osztily: A hasznlt adatbizisnak megfelels JDBC driver.

URL minta (Oracle):

(c) Example of a learning material (PDF) associated with a
knowledge unit, accessible directly from the interface.

Figure 4: Quiz initiation, result feedback, and related learning material view in the
Graph4Learn system.
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Figure 5: Teacher’s dashboard showing the progress of individual learners. Fach row
represents a student, displaying the corresponding IFL triangle that visualizes the
measured knowledge states. This overview enables educators to monitor learning
progression and identify where additional support may be needed.
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