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Abstract

Scaling up digital education presents several critical challenges, including the man-
agement of large learner populations, the abundance of learning resources, and the dif-
ficulty of supporting informed learning decisions at scale. While digital platforms pro-
vide unprecedented access to education, learners often face overwhelming choices and
limited guidance while navigation. The increasing availability of learning data and tech-
nological advancement creates significant opportunities for artificial intelligence (AI) to
support lifelong learning. To make such intelligent support effective in real-world edu-
cational settings, careful planning, representation, reasoning are essential.

This thesis addresses the design, implementation, and evaluation of explainable ar-
tificial intelligence methods for lifelong learning environments. The focus is on how
AI systems can represent educational knowledge, reason over learning-related data, and
communicate recommendations and explanations in a transparent and user-centered
manner. The proposed contributions leverage learner-centered ontologies, educational
knowledge graphs, path-based reasoning methods, conversational interfaces, and large
language models to support explainable educational recommendation and knowledge
exploration. Rather than prioritizing predictive accuracy alone, the thesis emphasizes
explainability and learner trust as key requirements for AI-driven educational systems.

Through a series of studies, this work shows how structured knowledge representa-
tions can enable explainability by construction, how conversational interfaces can fa-
cilitate intuitive interaction with educational knowledge graphs, and how path-based
reasoning can support transparent recommendations. Furthermore, the thesis explores
how large languagemodels can transform structured, path-based explanations into user-
friendly natural language narratives while preserving faithfulness to the underlying rea-
soning process. The findings provide methodological insights and design guidelines for
combining structured reasoning and language-based explanation in educational AI sys-
tems. Overall, this thesis contributes to advancing explainable AI for lifelong learning
by encouraging transparency, improving user acceptance, and strengthening the role of
structured educational data as an asset for scalable and trustworthy learning support.
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Chapter 1

Introduction

1.1 Motivation

In an increasingly digital and interconnected economy, professional success depends
on the continuous acquisition of knowledge and skills. Rapid technological innovation,
evolving organizational structures, and emerging professional roles have shortened skill
lifecycles, making lifelong learning a necessity rather than a choice [1]. Digital education
has become a central ecosystem for lifelong learning, enabling broad access to educa-
tional opportunities beyond traditional constraints. It brings together diverse actors (e.g.,
learners, instructors), educational resources, infrastructures, and strategic elements such
as learning objectives and credential models [2]. Driven by its flexibility, online learning
has rapidly expanded worldwide [3]. For instance, by 2025, platforms such as Google
Classroom, Coursera, and Udemy supported tens of millions of learners and educators
globally [4, 5, 6]. While this growth highlights the transformative potential of online
education, it also introduces challenges related to resource overload and academic in-
tegrity [7]. As a result, learners often struggle to identify opportunities aligned with
their goals, and educators faces difficulty in providing personalized support.

The rapid advancement ofArtificial Intelligence (AI) presents significant opportunities
to address challenges in online education. AI techniques support automation, personal-
ization, and decision-making, for example, recommender systems guide learners toward
relevant resources based on prior experiences [8, 9]. AI-driven analytics have also been
explored to support assessment and academic integrity. These developments have at-
tracted substantial interest and investment from researchers, policymakers, and indus-
try, reflecting both the economic and societal impact [10, 11].

Despite this promise, many AI-based educational systems offer limited transparency,
raising concerns about trust and learning ecosystem—particularly in lifelong learning
contexts where informed decision-making is essential [12, 13]. Recent advances in
Knowledge Graphs (KG) and Large LanguageModels (LLMs) provide promising directions
to address these concerns. KGs enable explicit and traceable modeling of learners, con-
tent, and their semantic relationships, while path-based reasoning supports grounded



2 Section 1.2. Challenges

explanations [14]. LLMs further enhance these systems by enabling natural, flexible ex-
planation and interaction [15]. While, path-based reasoning ensures faithfulness and
transparency, explanations derived from reasoning paths may remain difficult for learn-
ers to interpret. Conversely, unconstrained natural language explanations generated by
LLMs risk producing outputs that are unfaithful to the underlying reasoning process.
This highlights the need for approaches that combine the structural reliability of path-
based explanations with the expressive flexibility of LLMs [16].

This thesis is motivated by the need to have knowledge-aware methods that support
transparent and accountable decision-making in lifelong learning contexts. It examines
how learner-centered knowledge modeling can enable explainability by construction,
how conversational interfaces can facilitate intuitive exploration of educational knowl-
edge graphs, how path-based reasoning methods can support explainable recommenda-
tion, and how large language models can transform structured explanations into accessi-
ble, human-centered narratives while preserving faithfulness to the reasoning processes.

1.2 Challenges

Recent years have seen a rapid growth in machine learning research and applications,
accompanied by increasing attention to the challenges of deploying such technologies
in real-world contexts [17]. While these advances have significantly expanded the tech-
nical capabilities of AI systems, their application to large-scale online education remains
affected by several challenges [18]. In particular, the integration of AI into educational
contexts raises issues related to knowledge representation, interaction, reasoning, ex-
plainability, and trust that are not fully addressed by existing background work on on-
tologies, recommender systems, and explainable AI. This thesis focuses on the following
four key challenges, each of which motivates the subsequent chapters of the thesis.

• Modeling knowledge in a learner-centered and explainable manner. Educa-
tional data is often weakly structured, and centered on resource consumption rather
than learner reasoning. Designing knowledge representations that explicitly capture
learners, educational content, and their semantic relationships—while remaining suit-
able for explainable reasoning, remains a fundamental challenge.

• Enabling intuitive interaction with structured educational knowledge. Even
when educational knowledge is represented through structuredmodels such as knowl-
edge graphs, interacting with these structures typically requires technical expertise.
Providing learners with accessible, natural, and flexible interaction mechanisms to ex-
plore educational knowledge for informed learning decisions is an open problem.

• Supporting explainable recommendation through knowledge aware reason-
ing. Most existing educational recommender systems rely on weak interpretable mod-
els, limiting their suitability for transparent decision support. To have recommenda-
tion methods grounded in explicit reasoning paths — capable of transparently con-
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necting learners to educational resources, and learning trajectories — poses significant
challenges, particularly in lifelong learning contexts.

• Transforming structured explanations into user-friendly narratives. While
path-based explanations offer transparency and interpretability at the system level,
they are not always accessible to end users. Bridging the gap between structured rea-
soning outputs and human-centered explanation delivery—without sacrificing faith-
fulness—remains a key challenge for informed decision-making.

Addressing these challenges is essential to ensure that AI-driven educational sys-
tems remain transparent, interactive, and trustworthy at scale. This thesis addresses
these challenges by combining learner-centered knowledge modeling, conversational
interfaces, path-based recommendation methods, and language model–based explana-
tion generation within a unified framework.

1.3 Contributions

In this thesis, the design, development, and evaluation of explainable AI methods for
lifelong learning are systematically investigated with the goal of empowering educa-
tional environments through transparent, interactive, and trustworthy AI methods. The
focus is on how machines can represent educational knowledge, reason over learning-
related data, and communicate recommendations and explanations in a form that is
meaningful to learners. To this end, the thesis presents data structures, methods, and
models to support explainable educational recommendation and exploration. The pro-
posed contributions address different stages of the instructional and decision-making
pipeline, ranging from knowledge representation and reasoning to user interaction and
explanation generation. Figure 1.1 provides an overview of how these contributions
form a unified framework, progressing from ontology-driven knowledge representation
to explainable reasoning and natural language explanation generation. These contribu-
tions are grounded in learner-centered design principles and informed by continuous
feedback from learners and educators across multiple evaluation settings. Going into
detail, this thesis makes the following contributions:

• Ontologies and knowledge graphs. We introduce learner-centered ontology
design principles and related knowledge graphs that enable explainable educa-
tional recommendation by construction. By explicitly modeling learners, educa-
tional resources, and their semantic relationships, the proposed knowledge repre-
sentations support reasoning paths for transparent decision-making (Chapter 3).

• Interfaces for knowledge graph exploration. We propose conversational in-
terfaces driven by large language models that allow learners to interact with and
explore educational knowledge graphs using natural language, lowering the bar-
rier to access structured data and supporting decision-making (Chapter 4).
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Fig. 1.1: Integrated pipeline for explainable lifelong learning. Learner data and
educational resources are structured through ontology-driven knowledge graphs, ac-
cessed through an LLM-based interface (EDGE), processed through path reasoning for
explainable recommendations, and finally transformed into natural language explana-
tions to support user understanding and decision-making

.

• Explainable path-reasoning methods. We investigate path-based recommen-
dation methods over educational knowledge graphs, enabling recommendations
and explanations that are grounded in transparent semantic reasoning (Chapter 5).

• Natural language explainers. Building on the above structured explanations,
we explore language model–based explanation generation techniques that trans-
form path-based reasoning outputs into user-friendly natural language narratives,
while preserving faithfulness to the underlying reasoning process (Chapter 6).

Overall, this thesis provides design guidelines, methodological insights, and empiri-
cal evidence for researchers and practitioners working on explainable AI for education.
By integrating structured reasoning with interactive and language-based explanation
mechanisms, the proposed approaches aim to improve transparency, trust, and user ac-
ceptance in AI-driven educational systems. In doing so, the thesis contributes to advanc-
ing the understanding of how explainability can be systematically supported.

1.4 Outline

The remainder of this thesis is organized as follows:

Chapter 2 provides the background necessary to contextualize this work. It reviews
foundational concepts and related research on knowledge graphs, educational recom-
mender systems, and large language models. This chapter positions the thesis within
the existing literature and highlights the gaps that motivate the proposed approaches.

Chapter 3 focuses on learner-centered knowledge modeling for explainable educa-
tional recommendation. It introduces the design principles and structure of an educa-
tional ontology that enables explainability by construction. The chapter discusses how
learners, educational resources, and learning objectives are modeled, and how ontology-
derived reasoning paths support transparent explanations.

Chapter 4 presents a conversational interface driven by large language models for
educational KG exploration. The chapter investigates how natural language interaction
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can mediate between learners and structured educational knowledge, enabling intuitive
access, and exploration of knowledge graphs.

Chapter 5 introduces methods for path-based educational recommendation over
knowledge graphs. It examines how structured reasoning paths can be generated and ex-
ploited to produce explainable recommendations grounded in explicit semantic relations,
providing the algorithmic foundation for faithful recommendation and explanation.

Chapter 6 explores large language model–based explanation generation and empirical
evaluation. The chapter investigates how path-based explanations can be transformed
into user-friendly natural language narratives while preserving faithfulness to underly-
ing reasoning processes, and presents an empirical assessment of explanation quality.

Finally, Chapter 7 concludes the thesis by summarizing the main contributions, dis-
cussing their implications for explainable AI in lifelong learning, and outlining directions
for future research.





Chapter 2

Background

This chapter provides essential context around Knowledge graph, recommendation
models, and explainability concepts leveraged by this thesis.

2.1 Ontologies and Knowledge Graphs in Education

Introduction Ontologies and knowledge graphs have become central technologies for
representing, integrating, and reasoning over complex domains characterized by hetero-
geneous entities and rich semantic relationships [19]. In the context of lifelong learn-
ing, where educational data spans learners, competencies, learning resources, objectives,
and institutional constraints, structured knowledge representations provide a princi-
pled foundation for organizing educational ecosystems in a transparent and machine-
interpretable manner [20]. Unlike unstructured or purely statistical representations, on-
tologies and knowledge graphs explicitly encode domain semantics, enabling reasoning,
interoperability, and explainability properties that are increasingly critical for AI-driven
educational systems [21].

Recent advances in educational technology have highlighted the limitations of tra-
ditional data models that focus primarily on content delivery or user–item interactions
[22]. Lifelong learning scenarios demand representations that reflect not only what re-
sources are consumed, but also why they are relevant in relation to learner goals, skill
gaps, and professional trajectories [23]. Ontologies and knowledge graphs offer mech-
anisms to capture such relationships explicitly, supporting more informed and account-
able decision support in educational environments.

Related Work Ontologies provide formal, shared conceptualizations of a domain by
defining entities, attributes, and relations using logic-based representations. Knowledge
graphs extend these ideas by instantiating ontological concepts with large-scale data,
forming graph-structured representations that can be queried and reasoned over. In re-
cent years, knowledge graphs have gained substantial traction across AI applications,
including education, due to their flexibility, interpretability, and compatibility with rea-
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soning methods [19]. In educational contexts, knowledge graphs have been used to
represent curricula, learning resources, skills, competencies, and learner profiles [24],
enabling tasks such as curriculum mapping, learning path generation, and resource rec-
ommendation [25]. Recent surveys highlight their growing role in supporting intelligent
tutoring systems, recommender systems, and learning analytics by providing structured
and semantically rich representations of educational data [21].

Post-2020 research has increasingly emphasized learner-centered knowledge mod-
eling, where learners are not treated merely as consumers of content but as entities
with evolving competencies, objectives, and contextual constraints [26]. For example,
competency-based knowledge graphs have been proposed to model skill acquisition and
progression across formal and informal learning contexts, supporting lifelong learning
and workforce upskilling scenarios [24]. Similarly, educational ontologies have been ex-
tended to incorporate learning objectives, assessment outcomes, and contextual meta-
data, enabling richer reasoning about learning relevance and outcomes. Beyond data
integration, a key advantage of ontologies and knowledge graphs lies in their capacity
to support explainability by construction. Because relationships between entities are
explicitly modeled, reasoning processes, such as traversing paths between learners and
learning resources can be inspected, traced, and communicated [27]. This property has
positioned knowledge graphs as a promising foundation for explainable AI, particularly
in domains where transparency and accountability are required [28].

Recent work in explainable AI has highlighted that symbolic and graph-based repre-
sentations offer inherent advantages over black-box models when explanations must be
faithful to underlying reasoning processes [29]. In educational systems, explainability
grounded in knowledge graphs enables explanations that reference pedagogical con-
cepts such as prerequisite relationships, competency alignment, or learning objectives,
making explanations more meaningful to learners and educators alike [19]. However,
existing educational knowledge graphs often remain resource-centric, emphasizing con-
tent classification or metadata annotation, while providing limited support for learner-
centered reasoning and explanation [30]. Moreover, many implementations prioritize
scalability and data coverage over semantic richness, resulting in shallow representa-
tions that limit the depth and interpretability of reasoning paths [31]. Additionally,
explanation interfaces (even when provided) can increase perceived trust in ways that
are not always calibrated to correctness, which further motivates careful faithfulness-
focused design [32].

Identified Challenge The literature reviewed above directly relates to the first two
challenges identified in Chapter 1 (i.e., modeling and exploring educational knowledge
in a learner-centered and explainable manner). While ontologies and knowledge graphs
provide powerful foundational tools, their application to lifelong learning remains af-
fected by fragmentation, limited learner modeling, and insufficient alignment with ex-
plainable reasoning requirements. Specifically, current approaches often lack:



Chapter 2. Background 9

• Explicit modeling of learner goals and decision contexts,

• Structured representations suitable for reasoning,

• Systematic principles that align knowledge with explainable decision support.

These gaps motivate the need for learner-centered ontology design approaches that
go beyond background representations and support traceable reasoning.

Contribution Building on the foundational concepts discussed in this section, the sub-
sequent chapters of this thesis (Chapters 3 and 4) advance the state of the art by introduc-
ing learner-centered ontology design principles tailored to explainable decision-making.
Rather than treating ontologies solely as data schemas, the proposed approach leverages
knowledge modeling as a core mechanism for enabling explainability by construction.
The educational ontology developed in this thesis explicitly models learners, competen-
cies, learning objectives, and their semantic relationships, providing the structural basis
for the path-based reasoning and explanation methods introduced in later chapters. In
this way, ontologies and knowledge graphs serve not only as background technologies,
but as the conceptual and methodological foundation upon which the thesis builds its
contributions to knowledge-aware and explainable decision support.

2.2 Recommendation Techniques

Introduction Recommender systems play a central role in online learning environ-
ments by supporting learners in identifying relevant educational resources, learning
paths, and opportunities aligned with their goals [33]. As the scale and diversity of
educational content continue to grow, recommendation technologies have become es-
sential components of learning platforms, mitigating information overload and enabling
personalized learning experiences [34]. In lifelong learning, contexts characterized by
heterogeneous learner profiles, evolving objectives, and long-term skill development,
recommendation systems increasingly function as decision-support tools rather than
simple content filters [34]. Traditional recommendation approaches, however, face sig-
nificant limitations when applied to educational settings. Learning decisions often have
long-term consequences, requiring recommendations that are not only accurate but also
transparent, pedagogically meaningful, and trustworthy [35]. These requirements have
motivated growing interest in recommendation models that incorporate domain knowl-
edge, learner context, and explainability as priority design considerations [36].

Existing Educational Recommendation Methods Educational recommender sys-
tems have drawn from general-purpose recommendation techniques, including collab-
orative filtering, content-based filtering, and hybrid approaches [37, 38]. Collaborative
filtering methods leverage patterns in learner resource interactions to infer preferences,
while content-based methods rely on resource features and learner profiles to gener-
ate recommendations; hybrid models combine these strategies to improve robustness
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[37]. While these approaches have demonstrated effectiveness in various educational
scenarios [38], recent studies highlight their limitations in lifelong learning contexts
[38]. Collaborative filtering models often suffer from sparsity and cold-start problems,
particularly for new learners or emerging competencies [39]. Content-based approaches,
although more interpretable, depend heavily on the quality and granularity of available
metadata and may struggle to capture complex pedagogical relationships [38].

To address these issues, more recent work has explored neural and deep learning
based recommender systems, including sequence-aware and representation learning
models that capture temporal learning patterns and learner trajectories [39, 40]. While
these models improve predictive performance [40], they often operate as black boxes,
offering limited insight into why a particular recommendation is made an issue that is
especially problematic in educational decision support scenarios [41].

Existing Knowledge-Aware and Graph-Based Recommendation Approaches
In response to the limitations of purely data-driven models, knowledge-aware recom-
mender systems have gained increasing attention [42, 43]. These approaches incorpo-
rate structured domain knowledge, often in the form of knowledge graphs, to enhance
recommendation quality, robustness, and interpretability [42]. Knowledge graphs en-
able the explicit modeling of relationships between learners, resources, competencies,
and learning objectives, providing a richer context for recommendation [44, 25]. Graph-
based recommendation techniques exploit the relational structure of knowledge graphs
to generate recommendations through graph traversal, embedding, or reasoning mech-
anisms [42, 45, 46]. Recent surveys highlight the growing adoption of knowledge graph-
based recommender systems across domains (including education) due to their ability
to integrate heterogeneous data sources and support explainable reasoning [42, 44].

In educational settings, graph-basedmodels have been applied to recommend courses,
learning paths, and skill development opportunities by leveraging relationships such as
prerequisite structures, competency alignment, and curricular dependencies [25, 47].
Importantly, these approaches allow recommendations to be grounded in explicit se-
mantic relations, making them more interpretable and pedagogically meaningful than
purely statistical methods [42, 44].

Existing Path-Based Reasoning for Explainable Recommendation Among
knowledge-aware approaches, path-based reasoningmethods have emerged as a promis-
ing direction for explainable recommendation [48]. These methods generate recommen-
dations by identifying meaningful paths in a knowledge graph that connect learners to
educational resources through intermediate entities such as objectives, or prior learn-
ing experiences [49]. The resulting paths provide a natural basis for explanations, as
they encode the reasoning process underlying a recommendation [50]. Recent work
has shown that path-based recommendation methods can support both personalization
and explainability by aligning recommendations with learner-specific contexts and edu-
cational semantics. In educational domains, path-based reasoning enables explanations
such as competency alignment or prerequisite satisfaction, which are more intuitive and
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actionable for learners and educators [34][51] .

However, several challenges remains as generating relevant and scalable reasoning
paths in large knowledge graphs is computationally demanding, and selecting paths that
are both informative and educationally meaningful requires careful design. Moreover,
questions remain regarding the generalizability of path-based recommendation methods
across different educational contexts, learner populations, and knowledge graph struc-
tures particularly in lifelong learning.

Identified Challenge The literature reviewed in this section directly relates to the third
challenge identified in Chapter 1 (i.e., supporting explainable recommendation through
structured reasoning). While knowledge-aware and path-based recommendation meth-
ods offer promising solutions, existing approaches often prioritize technical performance
over educational relevance, transparency, or long-term decision support. Specifically,
current research reveals gaps in:

• Systematic integration of learner-centered knowledge models,

• Limited explainability and faithfulness in educational recommendations,

• Understanding how path-based reasoning methods perform for lifelong learning.

These gaps motivate the need for recommendation approaches that are explicitly de-
signed to support explainable and accountable decision-making in education.

Contribution Building on the background presented in this section, the subsequent
algorithmic chapter of this thesis (Chapter 5) investigates path-based recommendation
methods over educational knowledge graphs in depth. The proposed methods leverage
learner-centered knowledge representations to generate recommendations grounded in
explicit semantic reasoning paths. In contrast to opaque predictive models, the ap-
proaches explored in this thesis emphasize traceability, faithfulness, and pedagogical
relevance, providing a robust foundation for explainable recommendation and expla-
nation generation in later chapters. In this way, recommendation models are treated
not merely as predictive mechanisms, but as core components of a knowledge-aware
decision-support framework for lifelong learning.

2.3 Explainability in Knowledge-based Systems

Introduction Explainability has emerged as a central requirement for systems deployed
in high-stakes and human-centered domains, including education [52]. In lifelong learn-
ing environments, AI systems increasingly influence decisions related to learning path-
ways, skill development, and career progression. As a result, learners and educatorsmust
be able to understand, and trust the recommendations and guidance provided by these
systems. Explainability is therefore not merely a technical add-on, but a foundational
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property that enables informed decision-making, accountability, and user acceptance
[53].

Within educational recommender systems, explainability is particularly critical due
to the pedagogical implications of recommendations [38]. Learners need to understand
why a specific resource or learning track is suggested, how it relates to their goals or
prior knowledge, and whether alternative options exist. Knowledge-based systems such
as those built on ontologies and knowledge graphs offer a natural foundation for ex-
plainability by explicitly representing domain concepts and reasoning processes [42, 44].
However, translating this structured reasoning into explanations that are accessible and
meaningful to end users remains an open challenge [54].

Existing Methods for Explainable Machine Learning Explainability has long been
associated with symbolic and knowledge-based AI systems, where reasoning processes
are explicitly encoded using rules, logical relations, or graph structures. Unlike black-
box models, knowledge-based systems enable intrinsic explainability, as their outputs
can be traced back to interpretable entities and relationships [55]. In educational con-
texts, this traceability supports explanations grounded in concepts such as competencies,
prerequisites, learning objectives, and learner profiles [56]. Recent work has emphasized
the value of knowledge graphs and rule-based reasoning as foundations for explainable
recommendation and decision support [57]. By exposing reasoning chains or paths,
these systems allow users to inspect how conclusions are derived, thereby supporting
transparency and trust. In recommender systems, such explanations often take the form
of path-based or feature-based justifications, linking learners to recommended resources
through meaningful semantic relations [58].

Despite these advantages, prior research also highlights usability challenges. Expla-
nations derived directly from symbolic reasoning structures may be technically correct
but cognitively demanding for non-expert users. In educational settings, learners vary
widely in background knowledge and explanatory needs, making it difficult to present
raw reasoning outputs in a universally accessible manner.

Existing Post-hoc and User-Centered Explainability Approaches To address
usability concerns, research in explainable AI has increasingly focused on user-centered
explanation design [59]. Rather than exposing full reasoning traces, explanations are
adapted to user goals, context, and cognitive load [60]. In educational systems, this
includes tailoring explanations to learner expertise, learning objectives, or motivational
needs [61]. Recent studies emphasize that explainability should be evaluated not only in
terms of technical faithfulness, but also perceived usefulness, clarity, and actionability
[62, 63]. This shift has motivated hybrid approaches that combine structured reasoning
with natural language explanations, visualizations, or interactive interfaces [64].

However, a persistent challenge is balancing faithfulness and accessibility. Simplified
or post-hoc explanations risk obscuring or distorting the underlying reasoning process,
potentially misleading users [65]. This issue is particularly pronounced in educational
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recommender systems, where explanations may influence long-term learning decisions.

Existing Large Language Models and Explanation Generation LLMs have re-
cently introduced new possibilities for explanation generation due to their strong natural
language generation capabilities [27]. In educational systems, LLMs can produce fluent,
context-aware explanations that adapt to learner preferences and interaction styles. As
a result, LLMs are increasingly explored as interfaces between complex AI systems and
human users [66]. Recent research investigates the use of LLMs for explanation gener-
ation, question answering, and conversational interaction in knowledge-based systems
[67]. When combined with structured knowledge sources, LLMs can translate symbolic
reasoning outputs into coherent natural language narratives, potentially lowering the
barrier to understanding AI-driven decisions [68].

At the same time, the use of LLMs raises critical concerns for explainability. LLM-
generated explanations may appear plausible without being faithful to the actual reason-
ing process, leading to risks of hallucination or overgeneralization [69]. Several studies
emphasize that LLMs should not be treated as reasoning engines themselves, but rather
as explanation mediators grounded in verifiable symbolic inputs.

Existing Knowledge-Grounded Explainability with LLMs To address these con-
cerns, recent work focuses on knowledge-grounded explanation generation, where LLM
outputs are constrained or guided by structured reasoning artifacts such as knowledge
graph paths, rules, or provenance metadat [70]. This approach aims to combine the
strengths of knowledge awaremethods (faithfulness and traceability) with those of LLMs
(linguistic flexibility and user adaptation) [71]. In educational contexts, this paradigm
enables explanations that are both pedagogically meaningful and technically faithful.
For example, a path-based recommendation can be transformed into a narrative expla-
nation that explicitly references competencies, learning objectives, or prior activities,
while remaining anchored to the underlying reasoning path [72].

Despite growing interest, open challenges remain regarding: how to systematically
structure LLM prompts using reasoning artifacts, how to control explanation properties
such as tone, granularity, and pedagogical intent, and how to evaluate faithfulness and
learner perception of LLM-generated explanations in real educational settings. These
challenges are amplified in lifelong learning environments, where learners’ goals and
contexts evolve over time.

Identified Challenge This section directly addresses the fourth challenge outlined in
Chapter 1 (i.e., bridging structured reasoning and user-centered explanation delivery).
While knowledge-based systems provide a strong foundation for explainability, and
LLMs offer powerful language generation capabilities, existing approaches often fail to
integrate these components in a principled and systematic manner.

Specifically, the literature reveals gaps in:

• ensuring faithfulness of explanations to underlying reasoning processes,
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• adapting explanations to diverse learner contextswithout sacrificing transparency,

• evaluating explanation effectiveness beyond surface-level fluency.

These gaps motivate the need for explanation frameworks that treat explainability as
an end-to-end design problem, spanning representation, reasoning, and communication.

Contribution Building on this background, the final pillar of this thesis (Chapter 6)
explores LLM-based explanation generation grounded in structured reasoning outputs
from educational knowledge graphs. Rather than relying on unconstrained language
generation, the proposed approaches use path-based explanations as explicit inputs to
LLMs, enabling the generation of user-friendly narratives that preserve faithfulness to
the underlying recommendation logic. Through empirical evaluation, this thesis inves-
tigates how different explanation properties—such as tone, context, and reasoning affect
learner perception, trust, and understanding. In doing so, the work contributes method-
ological insights into how large language models can be responsibly integrated into ex-
plainable, knowledge-based educational systems.



Chapter 3

Methods for Learner-Centered
Knowledge Graphs Creation

Research Highlights
• Proposed LOXER, a learner-centered ontology.
• Support explainability through ontology-driven reasoning paths.
• Usage of LOXER under a course recommendation task.

3.1 Introduction

Lifelong learning has become an essential requirement of modern education sys-
tems, as continuous technological change, evolving professional requirements, and the
increasing need for ongoing skill development. Despite traditional academic learning,
lifelong learning environments are characterized by heterogeneous learner profiles, di-
verse learning objectives, and non-linear learning trajectories [73]. These characteristics
pose significant challenges for educational systems tasked with supporting personalized
and effective learning experiences [74]. AI-driven educational recommender systems
have demonstrated considerable potential in supporting personalized learning paths by
aligning learners with appropriate educational content [75]. Knowledge graphs provide
structured, semantically rich representations of domains by explicitly modeling entities,
their attributes, and the relationships between them. In educational settings, knowledge
graphs can represent learners, learning resources, competencies, subjects, and educa-
tional objectives, enabling reasoning over structured educational knowledge.

Ontologies form the core of knowledge graphs, which act as faithful, semantic-rich
sources for training models in delivering explainable recommendations. These models
learn to extract logical paths between learners and resources to be recommended within
the knowledge graph, according to behavior- and content-based patterns. Extracted
paths are then used not only to provide recommendations, but also to generate accompa-
nying textual explanations. Including explanations in the provided recommendations is
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essential, not only to promote informed decision-making aligned with individual goals
and interests [76] but also to comply with the legal mandate for the right to explanation
[77]. Explanations can, in turn, strengthen trust in the system, lead to higher engage-
ment and retention, ignite curiosity, and streamline decision processes [78]. Despite
the potential of this approach, current ontologies derived from the traditional learner-
resource interaction data fall short in terms of richness from an educational perspective.
Conversely, general-purpose ontologies, while comprehensive in educational aspects,
are overly complex for recommendation tasks. Unfortunately, a suboptimal ontology
might prevent to articulate reasoning paths, and thus explanations, relevant for learn-
ers within the knowledge graph. Educational recommender systems can shape learners’
academic and career trajectories by directing them toward pertinent university courses
and facilitating lifelong competency development [73]. To offer personalized sugges-
tions, these systems typically utilize learners’ historical interactions with educational
resources and content-based relationships among the latter. Despite their promising ac-
curacy, the inner workings of existing systems is often opaque to the learner, prompting
for more transparent processes. Including explanations in the provided recommenda-
tions is essential, not only to promote informed decision-making aligned with individual
goals and interests [76] but also to comply with the legal mandate for the right to ex-
planation [77]. Explanations can, in turn, strengthen trust in the system, lead to higher
engagement and retention, ignite curiosity, and streamline decision processes [78].

Contemporary recommendation methods strive to enhance transparency by offer-
ing textual explanations alongside recommended items [75]. Explanations are created
by applying pre-defined templates or generative methods to reasoning paths within a
knowledge graph1, identified by the recommendation model. To this end, models em-
ploy reinforcement learning [48, 49, 80, 81] or language modelling [82, 83], whose effec-
tiveness heavily depends on the semantic structure of the knowledge graph and, hence,
the quality (e.g., completeness, expressiveness, and relevance) of the adopted ontology2
[85]. While tailored ontologies have been defined to build knowledge graphs that en-
able explainable recommendation in domains like music [81] or cinema [48, 49], the
need for ontologies to explain educational recommendations is relatively recent. Ini-
tial applications of the above explainable recommendation methods in education have
focused on models that merely rely on the implicit ontology inherently embedded into
the interaction data used for traditional non-explainable recommendation [86]. Ontolo-
gies ingrained within the learner-resource interaction data, such as tracking clicks on
educational content [87, 86], might lack crucial explanatory aspects like the semantic
connections between learning resources and their relevance to subjects, competencies,
and occupations. General-purpose ontologies, while covering a broad spectrum of edu-
cational details [88, 89], can be excessively fine-grained for explainable recommendation
methods, which typically manage paths of limited length. They might also include less

1A knowledge graph is a structured representation of knowledge that captures entities, their attributes, and relationships in a graph-based format [79].
2Ontologies are used to formally model the structure of a system by defining entities, their properties, and relationships; knowledge graphs often incorporate them to

establish a standardized framework for organizing and interlinking information [84].
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relevant details for the recommendation purpose like administrative structures or taxes
information. Moreover, existing studies tend not to engage with the end users, i.e., the
learners, since the beginning of the design, resulting in ontologies (and so knowledge
graphs and explainable recommendations) not aligned with the explanatory aspects that
learners find relevant [90, 91]. Hence, there is a need for learner-centered ontologies tai-
lored to explainable recommendation in education.

To address this limitation, this chapter introduces LOXER, a Learner-centered
Ontology for eXplainable Educational Recommendation (LOXER). This ontology is cre-
ated by standardizing the representation of the educational recommendation domain un-
der a multidisciplinary approach to explainable artificial intelligence in education [92].
In the formulation of our ontology, we integrated insights from various sources, incor-
porating feedback from a local co-creation group of learners for a preliminary validation.
We leveraged observations from existing datasets tailored to traditional educational rec-
ommendation [93, 94, 95, 24, 96] to avoid overlooking crucial information for model
learning. We also established connections with other (educational) ontologies [88, 97],
prioritizing the integration of well-known vocabularies, if feasible, to align with FAIR3.

Subsequently, we conducted a comprehensive evaluation of the explanation types en-
abled by LOXER under a course recommendation task. Relevant, example meta-paths
were defined from our ontology and corresponding explanation templates were created
in another stage of local co-design. We then developed a questionnaire encompassing
two tasks. Firstly, learners ranked explanations (one for each meta-path) related to a
given recommended course, considering their perceived importance in the presented
scenario. In the second task, learners individually assessed the same explanations based
on seven properties (effectiveness, decision speed, motivation, satisfaction, correction
ease, transparency, and confidence boost), coming from prior work on explainable arti-
ficial intelligence evaluation [76]. In this stage, we extended the validation to a gender-
balanced population of 100 university and lifelong learners from around the world. Our
results show LOXER’s ability to adhere to learners’ decision-making processes and es-
tablish a semantic structure for knowledge graphs tailored to explainable recommen-
dations. Our findings also represent a blueprint on the extent to which learners value
explanatory factors for different meta-paths, serving as actionable insights for novel,
learner-centered models in this research area. The main contributions are three-fold:

• The introduction of LOXER, a learner-centered ontology for explainable edu-
cational recommendation.

• Integration of multidisciplinary insights into the ontology design to balance ex-
pressiveness, learner relevance, and structural simplicity.

• Empirical evaluation of explanation types supported by LOXER in a course rec-
ommendation scenario.

3https://joinup.ec.europa.eu/collection/oeg-upm/news/fair-ontologies

https://joinup.ec.europa.eu/collection/oeg-upm/news/fair-ontologies
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Fig. 3.1: Overview of our methodology. The study begins with an in-depth analysis
of the targeted educational context. The ontology creation process involves bootstrap-
ping from traditional recommendation data, enrichment based on existing (educational)
ontologies, and local co-design and refinement. The evaluation phase includes defin-
ing meta-paths, generating textual explanations through templates, designing question-
naires, and delivering them through Prolific to assess the ontology’s effectiveness.

The rest of this chapter is structured as follows: Section 3.2 outlines the methodology
employed for the development and evaluation of the ontology, with a focus on a learner-
centered perspective. Section 3.3 presents the outcomes of the proposed comprehensive
assessment, highlighting various explanation types facilitated by the developed ontol-
ogy. Lastly, Section 3.4 concludes the chapter with a discussion and implications.

3.2 Methodology

Themethodology is structured around three main phases: (i) analysis of the target ed-
ucational context, (ii) ontology creation through an iterative, learner-informed process,
and (iii) design-oriented assessment of the explanation types enabled by the ontology.
An overview of the methodology is illustrated in Figure 3.1.

3.2.1 Target Educational Context Analysis

Following the framework for explainable artificial intelligence design in education
proposed by [92], the first phase of the methodology focuses on characterizing the tar-
get educational context and identifying the design constraints relevant to explainable
recommendation systems based on knowledge graphs. The objective of this phase is
not to restrict the applicability of the ontology, but to ground its design in realistic and
representative educational scenarios. Without loss of generalizability, the analysis con-
siders a course recommendation task as a reference scenario.4 Course recommendation

4The ontology is designed to support recommendation tasks involving other educational entities, such as learning resources or occupations, as well.
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is widely adopted in educational platforms and provides a suitable abstraction for ana-
lyzing learner–resource interactions, prerequisite structures, and learning objectives.

Context Definition. Explanations for educational recommendations are integrated
into platforms for learners. Therefore, the provided suggestions should primarily res-
onate with the learners. Without loss of generality, we concentrate on learners within
two educational contexts. We consider formal learning scenarios conducted in univer-
sities or training organizations, leading to diplomas and certificates. University learn-
ers typically fall within the age range of 19 to 27. Adult learners, on the other hand,
are generally older and primarily include workers undergoing training as part of their
workplace plans. We have also envisioned non-formal learning scenarios for the same
learners, outside universities and workplaces, driven more by their intrinsic desire to
learn. By encompassing different learning scopes (formal and non-formal) and two types
of learners (university and adult), we aim to ensure the generality of our ontology for
adoption in various scenarios. Additionally, we plan to analyze how these two factors
influence the perception of the explanations facilitated by our ontology.

Recommendation Approach Definition. Path reasoning5 in explainable recommen-
dation for the target context involves extracting meaningful logical paths between learn-
ers and resources within a constructed knowledge graph, following an underlying on-
tology. Once paths are extracted, they form the foundation for generating textual ex-
planations accompanying recommended resources. For instance, assume to consider an
ontology that captures relationships such as course completion and course prerequisites.
The recommendation model identifies that the learner completed the course “Introduc-
tion to Data Science,” which includes the subject “Numpy,” that is a prerequisite for the
course “Machine Learning for Data Analysis.” Based on this path, a corresponding ex-
plained recommendation for that learner might be “Consider enrolling in the Machine
Learning for DataAnalysis course. The Introduction toData Science course you attended
covered the subject of Numpy which serves as a prerequisite for the suggested course.”
The explanations provide transparent insights into why a particular course is being sug-
gested, offering a clearer rationale grounded in the learner’s historical interactions and
the ontology’s structure.

Potential Pitfalls Analysis. Several potential pitfalls must be considered while devel-
oping ontologies for the above explainable recommendationmodels based on knowledge
graphs within the target educational contexts. Overly complex ontologies may hinder
interpretability, emphasizing the need for simplicity and clarity in design. Failing to align
ontologies with learner expectations can result in misrepresentations, highlighting the
importance of learner-centric development. Lack of relevance in recommendation paths
may occur if ontologies are not tailored to the educational context, potentially lead-
ing to irrelevant explanations. Ontologies must dynamically adapt to evolving learning
contexts to avoid becoming outdated, ensuring accuracy and relevance. Additionally,

5Our choice was motivated by the fact that path-reasoning methods have been proven to achieve the best trade-off between utility and explainability [81].
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Fig. 3.2: Schematic ontology representation. We summarize the ontology proposed
in this study, obtained by formally defining entities, their properties, and relationships.
For conciseness, we removed the list of entity properties from this schematic view.

inaccurate or outdated information within the knowledge graph can compromise the in-
tegrity of recommendations. Limited coverage of educational aspects may lead to biased
suggestions, necessitating a holistic representation of diverse domains. Handling multi-
disciplinary contexts is crucial, requiring ontologies to integrate seamlessly. Complexity
in ontology mapping and ineffective explanations pose challenges that need consider-
ation. Balancing these aspects is vital for the success of ontology-driven, explainable
recommendation systems in education.

3.2.2 Ontology Creation Process

Recognizing potential pitfalls identified in our contextual analysis, we adopted a co-
design approach involving collaboration with learners and instructors throughout the
conceptualization, development, and validation phases. Our local group, consisting of
two university students, two doctoral students, and three experienced researchers in
teaching, played a crucial role in this process. To bootstrap the initial version of the
ontology, we leveraged information from state-of-the-art, public, large-scale datasets
specifically designed for recommendation tasks, including COCO [93], MOOCube [94],
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MOOPer [95], EduKG [98], and PEEK [96]. Our goal was to identify relevant yet com-
mon entities, relationships, and properties, resolving vocabulary conflicts, and ensuring
that less frequent but significant elements of the domain were duly incorporated.

With this ontology version, we progressed to the integration phase by establishing
connections with other educational ontologies. We prioritized the inclusion of well-
known vocabularies, with a specific focus on concepts from ontologies such as [88],
ensuring alignment with FAIR principles. This strategic integration resulted in a robust
and interconnected ontology, significantly enhancing its potential for widespread use
and alignment with established standards in the educational domain. Throughout the
integration phase with other educational ontologies, we maintained active involvement
with our local co-design group. This iterative, participatory approach contributed to the
ontology’s refinement, making it an effective tool for explainable recommendation.

In our resulting educational ontology6, the Learner takes center stage, embody-
ing the protagonist on a quest for specialized knowledge or skills. This personalized
approach caters to the unique needs of each individual learner. Academic or training
paths are represented by Course, emphasizing recommendations tailored to individ-
ual learners. Diverse educational content, labeled as Learning Resource, encom-
passes videos, fragments, chapters, and exercises. Interactions between learners and
these resources provide valuable insights into preferences and engagement patterns.
Another building block of our educational ontology are Subject, spanning topics.
Beyond individual learning, our ontology considers the broader context, acknowledging
Institution as educational organizations, Instructor as guiding figures, and
Occupations as real-world applications of acquired knowledge. The connections
within the ontology breathe life into entities. The interacted relation captures dy-
namic engagement, shaping a personalized learning profile. The is_parent_of re-
lation introduces hierarchy, aiding in navigating knowledge levels. Prerequisites, high-
lighted by the pre_requisite relation, form a structured learning path. Our ontol-
ogy also included the covers relation, offering a nuanced understanding of cognitive
levels. Figure 3.2 provides a schematic overview of the ontology.

In essence, our ontology is a dynamic framework designed to understand the edu-
cational journey, recommend personalized specializations, and provide transparent ex-
planations rooted in learner interactions, preferences, and the semantics of educational
content. By embracing the learner as the central character, it aims to foster a tailored
learning path that aligns with individual needs.

3.2.3 Ontology Evaluation Process

To assess whether the ontology supports meaningful explanation structures from a
learner perspective, a design-oriented evaluation was conducted focusing on the types
of explanations enabled by the ontology, rather than on algorithmic performance.

6https://u.garr.it/sWjhQ

https://u.garr.it/sWjhQ
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Fig. 3.3: Illustration of examplemeta-paths in our ontology. Relevant meta-paths,
with learners as heads and courses as tails, extracted by involving the same local co-
design participants. Categorization into extrinsic (e.g., community influence) and intrin-
sic factors (e.g., personal interests) was done.

Example Meta-Path Definition. In our investigation, we delved into meta-paths in
our ontology, which represent specific patterns of relationships between entities. Specif-
ically, we explored the meta-path "learner - enrolled in - course - held by - institution,"
signifying the connection between a learner and an institution through their course en-
rollments. Focusing on meta-paths with a learner as the head and a specialization as the
tail, we selected 12 significant paths based on their relevance and number of hops in-
volved. This meta-path extraction was conducted with the same local group of learners
who actively participated in the co-design phases, ensuring a consistent and contextu-
ally relevant representation. These paths were categorized into extrinsic and intrinsic
motivational factors, where extrinsic factors involve community influence, and intrin-
sic factors encompass personal interest, historical knowledge, learning outcomes, and
learning goals. We associated each meta-path with an explanation motivating why a
course was recommended. These explanations, designed for both extrinsic and intrinsic
motivations, aim to provide transparent insights into the rationale behind each recom-
mendation. Figure 3.3 describes the example meta-paths.

Questionnaire Preparation. We created a fifteen-minute questionnaire7 with an in-
troductory section explaining its purpose and motivation. Participants provided anony-
mous responses, and data confidentiality was maintained through coded identifica-
tion. The study primarily explored learner preferences for receiving course explana-
tions based on either extrinsic factors, influenced by the community, or intrinsic factors,
such as interest, historical knowledge, learning outcomes, and learning objectives. In

7https://u.garr.it/ZJHfM

https://u.garr.it/ZJHfM
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Table 3.1: Example explanation frommeta-paths in our ontology. For each meta-
path described in Figure 3.3, we provide an example explanation that can be derived.
These textual explanations are adopted during the ontology evaluation process.
Meta-Path ID Derived Example Textual Explanation

ID1 Learners similar to you, who attended the Programming course, have found it to be a valuable complement.
ID2 It covers the topic of object-oriented programming, aligning with content from the Programming course

you attended.
ID3 It has been successfully completed by another learner who shares your interest in object-oriented pro-

gramming.
ID4 It is offered by the same institution, the University of London, from which you previously attended the

Programming course.
ID5 It is taught by the same instructor, Mark Bowle, with whom you previously attended the Programming

course.
ID6 Your background in object-oriented programming, relevant to Java language, serves as a suitable prereq-

uisite for this course.
ID7 It can amplify your understanding about computational complexity, going beyond its subtopic of program

organization and design covered in the Programming course you attended.
ID8 It can advance your skills in basic notions of computational complexity from the analytical level (e.g.,

identifying algorithmic time complexity) gained in the Programming course to the evaluation level (e.g.,
comparing and selecting optimal algorithms).

ID9 Another learner from your institution, the University of London, has successfully completed the course.
ID10 Learners who share your interest in the Programming course have also expressed interest in this course.
ID11 Learners who share your interest in the Programming course have also expressed interest in this course.
ID12 To enhance expertise for the software engineer role. This complements the content of the Programming

course on the same role.

a first part, participants ranked these explanations in order of effectiveness, depending
on their motivation, whether studying for pleasure or earning credits. The second part
of the questionnaire focused on evaluating explanations derived from each meta-path
individually, considering seven criteria proposed by [99]: decision speed, motivation,
satisfaction, correction ease, transparency, and confidence boost. Specifically, to facil-
itate this process, six scenarios were presented, each involving a pairwise comparison
of two explanations. Participants used a 5-point Likert scale to express their agreement
with each explanation. The scenarios covered various factors like community influence,
interest, historical knowledge, instructor influence, institution influence, learning out-
comes, learning objectives, and prerequisite knowledge.

Questionnaire Delivering. We recruited 100 participants through Prolific 8, ensuring a
balanced gender distribution. Participants were diverse, representing various countries.
The cohort was devised to include an equal number of university learners (50) and life-
long learners (50). Further segmentation was carried out within each group, resulting in
two subgroups of 25 participants each. This division was instilled into the questionnaire
by randomly assigned learners into two different scenarios: learning-for-pleasure and
learning-for-credits. In the learning-for-pleasure scenario, participants were motivated
by the joy of learning a new topic of interest. In the learning-for-credits scenario, partic-
ipants aimed to earn credits by enrolling in a course. Except for this, the questionnaire
content was the same across all participants.

8www.prolific.com

www.prolific.com
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Fig. 3.4: Heatmap illustrating ranked explanations. The y-axis displays unique ex-
planations identified by their respective IDs, while the x-axis indicates ranking positions
from first to twelfth. Each cell’s color corresponds to the main variable’s value within
its range, from red (0%) to green (100%).

3.3 Experimental Results

For a learner-centered ontology design, we target two research questions:

• RQ1: To what extent are meta-paths from our ontology and their corresponding
textual explanations effective in aiding course selection?

• RQ2: How do learners perceive different types of meta-paths and the explanations
derived from our ontology across explanation criteria?

3.3.1 RQ1: Perceived Meta-Paths Importance

In our initial analysis, we explored the effectiveness of the example meta-paths and
their associated textual explanations in assisting learners with course selection. To this
end, we considered the answers given by learners to the ranking task included in the
questionnaire, considering their perceived importance of the explanations in the pre-
sented scenario. The heatmap presented in Figure 3.4 illustrates the outcomes of this
analysis across the entire study population. The y-axis represents different explana-
tions, each assigned a unique ID (Table 3.1). On the x-axis, positions from first to twelfth
are marked, indicating the ranking of these explanations. Each column in the heatmap
is color-coded to represent the percentage of learners who ranked the explanations in
that particular position. The color spectrum ranges from red (indicating 0%) to green
(indicating 100%).

In the first position, the explanation "to enhance your expertise for the . . . role. This
complements the content . . . the course related to the same role" with 19% highlights the
importance learners attribute to clear and defined objectives. This may indicate a desire
for clarity and direction in the learning path, suggesting learners appreciate explanations
aligned with potential occupations.
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The second position, occupied by the explanation "It can advance . . . notions of com-
putational complexity from the analytical level (e.g., . . . ) gained in the Programming course
to the evaluation level (e.g., . . . )" with 18%, underscores learners’ notable interest in at-
taining tangible educational outcomes. This inclination may be interpreted as a quest
for explicit feedback and assessments of their progress, signifying an emphasis on mea-
surable aspects of learning.

The third position, claimed by the explanation "It can amplify your understanding
about. . . , going beyond . . . covered in the Programming course you attended;" with 15%,
suggests that learners prioritize expanding their knowledge into new areas while build-
ing upon a strong foundation. From a technical standpoint, this preference shows the sig-
nificance of incorporating relationships such as (subject, is_parent_of, subject) and (sub-
ject, requires, subject) into the ontology, along with relationships related to the Bloom’s
Taxonomy. This favors content-based over community-based explanations.

The analysis of answers for formal and informal learning reveals distinct priorities
among university learners in different contexts. In formal settings, where learning for
pleasure is emphasized, preferences lean towards learning objectives. Conversely, when
the aim is to attain educational credits, interests take precedence (16%). This adaptability
implies that learners shift their focus based on the learning scenario. However, the im-
portance of tailoring explanations to learners’ professional profiles, particularly in early
university experiences, highlights the potential role of an explainable recommendation
as a guidance throughout various stages of their academic journey. In a professional
context, when focused on formal learning, the second position is claimed by an extrinsic
factor, with 20% favoring the explanation "It has been successfully completed by another
learner...". This suggests that, driven by external motivation, workers prioritize swift
certification to meet professional requirements, making community-based explanations
more effective for course selection in this scenario.

Overall, the ontology facilitates effective course selection for learners by offering im-
pactful meta-paths and textual explanations, driven by preferences for clear objectives,
measurable outcomes, and a focus on expanding knowledge. This adaptability extends
to various learning contexts, while a notable inclination towards community-based ex-
planations emerges, especially in professional formal learning scenarios.

3.3.2 RQ2: Multi-Criteria Meta-Path Assessment

We conducted an investigation to identify the preferred explanations and their per-
ceived benefits through a pair-wise comparison focused on effectiveness, decision speed,
motivation, satisfaction, correction ease, transparency, and confidence boost. In our sta-
tistical analysis of Likert scale responses, we computed weighted mean scores (X̄), stan-
dard deviations (σ), and frequencies (f ). The Likert scales were weighted with averages
calculated from strongly disagree (1) to strongly agree (5), using a length of 0.80 (4/5) to
represent the four distances between numbers on the five-point Likert scale. Table 3.2
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Table 3.2: Pair-wise comparison of explanations and their perceived benefits.
We conducted a statistical analysis of Likert scale responses, presenting results with
weighted mean scores (X̄), standard deviations (σ), and frequencies (f ).

UC1 UC2
X̄ σ Attitude X̄ σ Attitude

ID01 ID02 ID01 ID02 ID01 ID02 ID03 ID06 ID03 ID06 ID03 ID06
Effectiveness 3,16 3,20 0,94 0,88 A A 3,02 3,23 0,97 0,92 A A

Decision Speed 2,93 3,23 0,97 0,85 A A 2,89 3,27 1,02 0,85 A A
Motivation 3,06 3,25 0,97 0,98 A A 2,87 3,36 0,97 0,84 A A
Satisfaction 3,09 3,21 1,00 1,03 A A 2,88 3,24 1,00 0,78 A A

Correction Ease 3,00 3,05 1,04 0,96 A A 2,88 3,22 1,09 1,00 A A
Transparency 3,21 3,45 1,00 0,98 A SA 3,13 3,51 0,97 0,81 A SA

Confidence Boost 3,14 3,24 1,00 1,00 A A 3,01 3,36 0,95 0,84 A A
UC3 UC4

X̄ σ Attitude X̄ σ Attitude
ID04 ID05 ID04 ID05 ID04 ID05 ID07 ID08 ID07 ID08 ID07 ID08

Effectiveness 3,19 2,91 0,95 1,02 A A 3,11 3,45 0,91 0,81 A SA
Decision Speed 3,22 2,84 0,91 1,01 A A 3,14 3,33 0,91 0,90 A A

Motivation 3,11 2,90 0,94 1,07 A A 3,05 3,40 0,87 0,84 A A
Satisfaction 3,14 2,89 1,02 1,06 A A 3,20 3,42 0,92 0,88 A SA

Correction Ease 3,17 2,87 1,11 1,08 A A 3,21 3,45 0,88 0,91 A SA
Transparency 3,17 3,16 1,03 1,07 A A 3,32 3,51 0,87 0,88 A SA

Confidence Boost 3,27 2,96 0,96 0,98 A A 3,24 3,39 0,87 0,89 A A
UC5 UC6

X̄ σ Attitude X̄ σ Attitude
ID12 ID11 ID12 ID11 ID12 ID11 ID09 ID10 ID09 ID10 ID09 ID10

Effectiveness 3,36 3,02 0,85 0,94 A A 2,69 2,84 1,14 0,97 A A
Decision Speed 3,35 3,11 0,82 0,96 A A 2,61 2,86 1,18 1,03 A A

Motivation 3,40 3,11 0,85 0,86 SA A 2,74 2,91 1,18 1,06 A A
Satisfaction 3,24 3,12 0,75 0,92 A A 2,72 2,79 1,15 1,00 A A

Correction Ease 3,27 3,12 0,85 0,94 A A 2,70 2,87 1,16 1,05 A A
Transparency 3,47 3,30 0,73 0,77 SA A 2,91 3,02 1,12 1,08 A A

Confidence Boost 3,35 3,07 0,77 0,81 A A 2,77 2,87 1,18 1,05 A A

summarizes the results.

UC1 Learner connection (ID01) - Content connection (ID02). In this scenario,
the first recommendation (ID01) suggests a course based on the enrollment of a user
similar to the learner, while the second advises the course because it delves into a topic
of object-oriented programming previously encountered in another course (ID02). The
X̄ and σ highlight that, for each criterion, the predominant response is agree, except
for transparency, where the X̄ (3.45) for the second recommendation categorizes it as
strongly agree. Additionally, the latter obtained a higher score in terms of motivation (45
occurrences). From the results, the intrinsic factor motivates more strongly compared
to the extrinsic factor. The learners’ preference for recommendations centered around
intrinsic aspects emphasizes the importance of personalization and individual relevance.

UC2 Common interest (ID03) - Knowledge prerequisite (ID06). In this scenario,
the subject entity, represented by object-oriented programming, is compared in two dis-
tinct scenarios: one based on shared interest (ID03) and the other on historical knowl-
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edge (ID06). The second explanation is perceived as more beneficial across all evalu-
ated criteria, especially in terms of transparency (X̄ = 3.51) and motivation (47 occur-
rences). These findings highlight the significance for learners to follow a learning path
aimed at reinforcing previously acquired knowledge rather than enrolling in a course
merely because someone with similar interests has done so. This emphasizes that the
decision-making process for choosing a learning path should be motivated by the desire
to enhance existing expertise, rather than influenced by behaviors/choices of others.

UC3 Common instructor (ID04) - Common Institution (ID05). In this scenario,
we are assessing two distinct types of explanations, one based on the similarity of the
instructor (ID04) and the other on the institution (ID05). The first explanation is
favored, surpassing the second in terms of effectiveness (46 occurrences) and correction
ease (45 occurrences). However, it is perceived moderately in relation to motivation.
In contrast, the second explanation stands out for confidence boost, with strongly agree
occurring 39 times. While both instructor and institution are deemed important, the
former was more impactful in understanding their appreciation for the process.

UC4 Subject knowledge (ID07) - Cognitive knowledge (ID08). In this compari-
son, we assess the impact of consolidating prior knowledge (ID07) against the antici-
pated outcomes of the learning process expressed through Bloom’s Taxonomy (ID08).
The first explanation is perceived as moderately useful across all evaluated criteria. In
contrast, the second explanation receives a rating of strongly agree in terms of effective-
ness (σ = 3.45), satisfaction (σ = 3.42), correction ease (σ = 3.45), and transparency
(σ = 3.51). These findings suggest that learners may value explanations that offer a
tangible understanding of learning outcomes compared to more general objectives.

UC5 Occupation objective (ID12) - Knowledge prerequisite (ID11). In this con-
text, we compare the overall instructional intent, which focuses on specific topics for the
preparation of a software engineer (ID12), with the depth of prior knowledge regarded
as prerequisites for the recommended course (ID11). The first explanation receives, on
average, a rating of strongly agree in terms of motivation (X̄ = 3.4) and transparency
(σ = 3.47), while in other instances, it is perceived as agree, particularly for satisfaction,
with 47 occurrences. In the second explanation, it is classified as agree, and noteworthy
scores are observed for satisfaction (42 occurrences) and confidence boost (47 occur-
rences). Both explanations are deemed significant based on the considered criteria.

UC6 Common institution (ID09) - Common learner (ID10). In this context, we
are evaluating two different types of explanations based on either the similarity of the
institution (ID09) or the learner (ID10). Both explanations received an overall rat-
ing of agree, implying a general consensus among respondents. However, despite this
agreement, the evaluations show a balanced distribution between negative and positive
responses for both explanations. This suggests that neither type of explanation has a
pronounced impact on the explanation properties we assessed. Moreover, results indi-
cate that these explanations have limited effectiveness in motivating users to enroll in
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recommended courses.

Overall, learners perceive different meta-paths and explanations from the ontology
in a positive manner for all the explanation criteria. While certain types, such as those
based on instructors and tangible learning outcomes, show higher impact, others, like in-
stitution and common learner interest, exhibit more balanced effectiveness with limited
impact on motivation.

3.4 Discussion and Implications

This chapter addressed the growing importance of ontologies for explainable educa-
tional recommendation. Despite their growing importance, existing ontologies for this
purpose face challenges related to sufficiency and coherence, which hinder their effec-
tive use in explaining recommendations. To overcome these limitations, we proposed
LOXER, a learner-centered ontology designed for both formal and non-formal educa-
tion. Our approach saw the construction of a comprehensive, interdisciplinary, and flex-
ible pipeline to transform and expand traditional educational recommendation datasets.
Through a qualitative evaluation, we showed the practicality of LOXER in enabling
meaningful explanations for recommendations across educational scopes and learner
populations. In particular, learners may face cognitive and technical barriers when in-
teracting directly with structured knowledge graphs or static explanation outputs. To
address this limitation, the next chapter shifts the focus from knowledge representation
to interaction design. Chapter 4 investigates how conversational interfaces driven by
LLMs can mediate between learners and educational knowledge graphs, enabling inter-
active exploration, sensemaking, and explainable dialogue over these structures.



Chapter 4

Methods for Conversational
Knowledge Graphs Exploration

Research Highlights
• Designed EDGE, a conversational interface educational KGs exploration.
• Insight extraction from KGs through natural language queries.
• Demonstration of EDGE capabilities across educational scenarios.

4.1 Introduction

As education adopts digital platforms, the vast amount of information from various
sources, such as learningmanagement systems and learning object repositories, presents
challenges in navigation and elaboration. Traditional interfaces involve a steep learning
curve, limited user accessibility, and lack of flexibility. Language models alone cannot
address these issues as they do not have access to structured information specific to
the educational organization. In this paper, we propose EDGE (EDucational knowledge
Graph Explorer), a natural language interface that uses knowledge graphs to organize
educational information. EDGE translates natural language requests into queries and
converts the results back into natural language responses.

With the adoption of digital tools and platforms, educational activities are introduc-
ing an abundance of information within organizations [100]. Navigating this wealth of
information about both learning content and behavior presents a significant challenge
for learners, educators, and managers [101, 102, 103, 104]. For instance, when the former
visit the learning management system with a specific goal in mind [105], the interface
often necessitates navigating through multiple menus and options. This process can be
overwhelming and time-consuming, as it is constrained by the predefined functional
paths [106]. Similarly, educators encounter difficulties in assessing student progress or
accessing summarized course data, resorting to analyzing log tables or predefined dash-
board plots [107, 108, 109]. Managers face similar challenges when extracting insights
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Fig. 4.1: Architecture. EDGE leverages knowledge graphs of a given educational or-
ganization. It is based on a backend-frontend setup, with a three-tier layering including
the presentation layer in the frontend, and application and data layers in the backend.

across courses, constrained by the limitations of graphic interfaces [110, 111]. As such,
there is a need for more natural ways of interacting with the knowledge base of the
organization.

Conversational interfaces have emerged as a promising solution to address the chal-
lenges faced in navigating educational information, offering a natural way of imple-
menting personalization [112], tutoring [113], delivery, assessment [114], and support
[115]. However, existing conversational interfaces often have a narrow focus and lack
the capability to provide contextually-relevant and flexible access to the knowledge base
of the organization [116]. While conversational interfaces driven by language models
(LMs) have gained prominence in education [117], LMs still encounter difficulties in
accessing organization-specific information and modeling it. Concurrently, knowledge
graphs (KGs) have garnered attention as a method for modeling educational information
[118, 81]. Their integration with conversational interfaces powered by LMs has been in-
vestigated in several fields [119, 120, 121] but remains unexplored in education, being a
missed opportunity for exploring learning data in amore natural, accurate, and transpar-
ent manner. In contrast to conventional tools such as relational databases, which often
necessitate manual and intricate querying based on string matching or basic operations,
and vector search, which demands prior computation of the embeddings, the integration
of LMswith KGs not only offers amore intuitive and sophisticated approach of retrieving
information but also capitalizes on the inherent, nuanced semantic structure for mod-
eling data that KGs provide. KGs represent knowledge through a semantic framework,
which relates to natural language, an area in which contemporary LMs excel.

To bridge the gap between KGs and LMs and enable experimentation in the educa-
tional field, our contributions in this chapter are three-fold:

• A KG ontology mapping framework able to turn educational datasets into a coher-
ent semantic structure according to prior work, for natural language exploration.

• A LM-powered conversational interface, named EDGE, which enables stakeholders



Chapter 4. Methods for Conversational Knowledge Graphs Exploration 31

to extract insights from educational KGs through natural language queries.

• A demonstration of EDGE’s capabilities using knowledge graphs extracted
through our framework across four different educational scenarios.

The rest of this chapter is structured as follows: Section 4.2 outlines the methodol-
ogy that offers a user-friendly natural language interface, allowing to seamlessly ask for
information about the KG of the educational organization ecosystem. Section 4.3 assess
EDGE’s capabilities via distinct scenarios, extracting and digesting knowledge graphs
from four public educational datasets, and provide preliminary example interactions.
Lastly, Section 4.4 concludes the chapter with a discussion and implications.

4.2 Methodology

EDGE follows a backend-frontend setup, with a three-tier layering including the Pre-
sentation layer in the frontend, and theApplication andData layers in the backend (Figure
4.1). The first layer provides a chat-based interface. The second layer handles natural
language requests from the Presentation layer, converts them into queries for the Data
layer’s database, and generates natural language responses for the Presentation layer
from query results. Lastly, the third layer stores educational KGs to be accessed by the
Application layer.

Presentation Layer. EDGE implements a web-based conversational interface1 using
React2, a framework renowned for responsive and interactive user interfaces. The Pre-
sentation Manager module is responsible for initializing the Chat Container component,
which encompasses both theChatMessages component to preserve the conversation his-
tory and the Chat Input component to allow sending natural language queries. Example
natural language queries are provided to users to expedite their comprehension. More-
over, the integration of the React useWebSocket3 library ensures a persistent connection
with the Application layer. Using Tailwind CSS4 within the Style Manager module en-
riches cross-device aesthetics.

Application Layer. We implemented the system’s core logic using Python, structuring
it into a series of steps as depicted in Figure 4.2. When a user submits a natural language
query through the API from the Presentation layer, the query is forwarded to the LM
through the Text2Cypher component5. The LM, in turn, generates a query in Cypher,
the graph database language, tailored to the educational knowledge graph ontology. We
experimented with both zero-shot and few-shot educational-specific techniques in order
to tailor the approach to our target domain. Subsequently, this Cypher query is executed

1We leave solutions like OpenWebUI (https://docs.openwebui.com/) for future work.
2React: https://react.dev/
3React useWebSocket: https://www.npmjs.com/package/react-use-websocket
4TailwindCSS: https://tailwindcss.com/
5NaLLM: https://github.com/neo4j/NaLLM

https://docs.openwebui.com/
https://react.dev/
https://www.npmjs.com/package/react-use-websocket
https://tailwindcss.com/
https://github.com/neo4j/NaLLM


32 Section 4.2. Methodology

Presentation
Layer

Application
Layer

Data
Layer

Large
Language

Model

Presentation
Layer

Application
Layer

Data
Layer

Large
Language

Model

"Which courses
cover topic X?"

Infer schema
from DB

Input referred
to as q

schema (s)

Ask LLM to generate Cypher from q

query (q), schema (s)

cypher (c)

cypher (c)

results (r)

Pass input data + Matched KG data

query (q), results (r)

answer (a)

Exec Cypher query on DB

answer (a)

Fig. 4.2: Workflow. The user submits natural language. The LM converts it into
a Cypher query based on the educational ontology. This query is run on the graph
database. The LM generates a natural language response from the query result.

on the database stored in the Data layer, and the results are fetched using the Graph
Database Driver component. Finally, the Application Manager component formulates
a response to the user’s query in natural language, arranging insights from the query
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results by means of the LM via the Cypher2Text component. In terms of implementation,
we relied on the FastAPI6 library to establish API endpoints, interfaced with OpenAI’s
GPT 3.5 Turbo LM (with 1000 as maximum tokens and 0.0 as the temperature) through
the OpenAI7 library within the LanguageModel Driver, and utilized the Neo4j8 library for
theGraphDatabase Driver to facilitate seamless communicationwith the graph database.
Other open-sourced LMs and graph databases can be easily integrated.

Data Layer. The Data layer serves as the repository for pertinent organizational data,
structured in the form of a knowledge graph. The latter is managed by the Neo4j9 Graph
Database Management System (DBMS) and stored within a Neo4j database. Neo4j was
chosen for its robust scalability and optimized performance proven on graph-based data.
Within this layer, theKG Ingestor facilitates the loading of a knowledge graph from aTur-
tle10 file into a Neo4j database. This process involves several steps: initially, establishing
a connection to Neo4j via API, then executing data import and translation queries. This
ensures a seamless transition of data from the RDF11 model to the property-graph model
utilized by the Neo4j DBMS. By leveraging Neo4j’s capabilities and the functionality
provided by the KG Ingestor component, the Data layer ensures efficient management
and utilization of the knowledge graphs.

4.3 Experimental Demonstration

The demonstration covers the core functionalities of EDGE through four example
educational scenarios. To validate them, we conducted a qualitative analysis with local
students and educators on response accuracy, completeness, and understandability.

In a first step, we introduce attendees with the process of preparing knowledge graphs
from conventional educational data and uploading them into EDGE through its Data
layer components. To this end, we start by describing the educational ontology at the
basis of the use cases considered during the demonstration. Coming from extensive vali-
dation conducted by [122], the ontology12 was created through a collaborative approach
of conceptualization, development, and validation, by engaging learners, educators, and
learning analytics researchers. Subsequently, we delineate the four representative edu-
cational environments under consideration, along with their corresponding knowledge
graphs, namely a Massive Open Online Course (MOOC) platform [94], a Massive Open
Online Practice (MOOP) platform [95], a course marketplace [93], and a high-school
platform [123]. We emphasize the distinctive entities and relationships each of the en-
vironments enables in the considered ontology. We finally showcase how the encoded

6FastAPI: https://fastapi.tiangolo.com/
7OpenAI Python: https://github.com/openai/openai-python
8Neo4j Python: https://neo4j.com/docs/api/python-driver/current/
9Neo4j: https://neo4j.com/
10Turtle: https://www.w3.org/TR/turtle/
11RDF: https://www.w3.org/RDF/
12KG Ontology: https://u.garr.it/ATBgW

https://fastapi.tiangolo.com/
https://github.com/openai/openai-python
https://neo4j.com/docs/api/python-driver/current/
https://neo4j.com/
https://www.w3.org/TR/turtle/
https://www.w3.org/RDF/
https://u.garr.it/ATBgW
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files can be transformed into the format supported by Neo4j, and the steps to perform
into the Neo4J DBMS to upload the converted knowledge graph.

4.3.1 UC1: MOOC Platform (MOOCCube)

In a subsequent step, we delve into XuetangX13, an online learning platform spear-
headed by Tsinghua University, with a mission to provide learners with the high quality
courses from elite Chinese universities. In this case, we demonstrate EDGE’s capabili-
ties by leveraging a knowledge graph created from the Xuetang-collected MOOCCube
dataset [94]. As an icebreaker, we suggest a series of example queries to the attendees.
For instance, a learner seeking to discover a course might submit the query "Which
courses cover the subject forecasting model?". Traditionally, this would involve per-
forming textual searches, applying filtering parameters, browsing through paginated
results, and possibly navigating between different pages. With EDGE, the learner can
send the request through the interface and receive the result shown in Figure 4.3a. As
another example, an educator curious about the diversity of educational backgrounds
might inquiry "Which subjects are preferred the most among learners enrolled in my
courses?". Without EDGE, the educator would need to manually analyze enrollment
curricula. With EDGE, they input the query and receive a breakdown detailing the most
frequent subjects. Similarly, managers might need to identify the courses with the least
amount of learners enrolled. They might submit the query “Are there any courses with
no learners enrolled? If so, please provide a list of course IDs”. Without EDGE, the man-
ager might need to go through all the course enrollments lists or ask to do this to the
platform admin. With EDGE, the response might be “Yes, there are X courses with no
learners enrolled, including . . . ”.

4.3.2 UC2: MOOP Platform (MOOPer)

In a third step, we introduce the attendees with Educoder14, a platform for computer
science subjects in China that provides students with a practice-oriented approach to
subjects. A knowledge graph created from the Educoder-collected MOOPer dataset [95]
is adopted to demonstrate EDGE’s capabilities. As an example, a learner seeking infor-
mation about the subjects of a course can queryEDGEwith a request like "What subjects
does course X cover?", bypassing the need to navigate via multiple pages (Figure 4.3b).
Similarly, an educator’s inquiry about the number of learners enrolled in their course
from a given geographic area can be addressed via EDGE, with no need to manipulate
enrollment files (Figure 4.3c). Lastly, the manager’s need to identify courses requiring
improvements can be met by querying EDGE with "Which course has received the low-
est review score on average?", as an example.

13XuetangX: https://www.xuetangx.com/global/
14Educoder: https://www.educoder.net/

https://www.xuetangx.com/global/
https://www.educoder.net/
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(a) Courses by topic retrieval on top of MOOCCube’s KG.

(b) Topics per course retrieval on top of MOOPer’s KG.

(c) Student statistics on courses on top of MOOPer’s KG.

Fig. 4.3: Example Responses. Users initiate queries in natural language, and the
system responds based on the retrieved data. Each response includes a toggle (available
in the demo video) with the generated Cypher query, for interpretability.

4.3.3 UC3: Course Marketplace (COCO)

We thenmove to a coursemarketplace scenario. Udemy15 is a prominent online learn-
ing platform that hosts thousands of courses. We demonstrated EDGE’s capabilities
under this environment by leveraging a knowledge graph extracted from the COCO
dataset [93]. Learners seeking courses covering specific topics and languages can lever-
age EDGE to streamline their search process. Traditionally, they would need to manu-
ally check course descriptions or consult academic advisor. Search functions might be
sometimes available but do not allow to perform semantically-complex searches. With
EDGE, a query like "Are there any courses covering math and science and delivered in
Japanese?" yields a list of relevant courses. Educators also benefit from EDGE’s capa-
bilities, e.g., in computing course statistics. By inputting queries like "On average, how
many resources are included in a course? Separate them by type", educators get break-
downs for course preparation reasoning. Managers can find EDGE valuable, such as
for identifying learners with heavy course workloads. Queries like "Which learners are
enrolled in more than X courses?" are supported to streamline monitoring.

15Udemy: https://www.udemy.com/

https://www.udemy.com/
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4.3.4 UC4: High-School Platform (EduKG)

Finally, we cover the high-school scenario, specifically focusing on the transition to
the university. To this end, we leverage the EduKG [98] knowledge graph created from
survey answers given by learners from French high schools and universities. As an ex-
ample, high-school learners exploring university opportunities can utilize EDGE to in-
quire about Engineering Technological Bachelor’s courses, asking, "Could you give me
a list of Engineering Technological Bachelor’s courses?" In response, EDGE can provide
a list of relevant courses such as Energy, Industrial Logistics, Physics, Electrical Engi-
neering, Mechanical Engineering, Civil Engineering, Industrial Engineering, Materials
Engineering, Packaging, and so on. Meanwhile, educators in a graduate program seek-
ing insights into learner engagement with specific topics can query EDGE with, "How
many learners enrolled in ’Bachelor’s Degree - Psychology’ have dealt with the subject
’digital skills’?" In this scenario, EDGE can reports that 37 learners enrolled in ’Bache-
lor’s Degree - Psychology’ have engaged with the subject ’digital skills’. Additionally,
managers interested in tracking enrollment in dual bachelor’s degree programs can in-
put the query "Howmany learners are enrolled in Dual Bachelor’s programs?" to receive
the response indicating that there are 47 learners who interacted with this type of course.

4.4 Discussion and Implications

This chapter presented EDGE, a conversational interface designed to support intu-
itive and explainable exploration of educational knowledge graphs. By combining the
structural properties of knowledge graphs with the natural language understanding ca-
pabilities of large language models, the chapter demonstrated how conversational in-
teraction can lower the barrier for learners to access, interpret, and navigate complex
educational knowledge structures. The proposed system illustrates how learners can
engage in exploratory dialogue to retrieve information, refine queries, and obtain expla-
nations grounded in structured educational data.

Beyond the interface itself, the chapter introduced a pipeline for mapping heteroge-
neous datasets into an educational knowledge graph ontology, enabling their integration
within the conversational interface. Through illustrative demonstrations, the chapter
showed how conversational mediation can streamline information-seeking tasks and
support learner-driven sensemaking, complementing the ontology-based explainability
mechanisms introduced in Chapter 3.

At the same time, the chapter highlights an important limitation of purely interaction-
driven explainability. While conversational interfaces can effectively mediate between
users and structured knowledge, the quality, reliability, and faithfulness of conversa-
tional explanations ultimately depend on the underlying reasoning mechanisms used to
traverse and interpret the knowledge graph. In particular, free-form natural language
generation alone does not guarantee that explanations remain grounded in valid se-
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mantic paths or that recommendations are supported by coherent reasoning structures.
While the EDGE system is evaluated through multiple illustrative use cases, the current
assessment remains primarily qualitative. A formal quantitative evaluation, including
metrics such as response accuracy, query success rate, and user satisfaction, is left as
future work. Conducting a controlled user study would provide deeper insights into the
system’s effectiveness and usability.

This observation motivates the need for explicit, controllable reasoning methods that
can systematically connect learners to educational resources through interpretable paths
in the knowledge graph. Such methods are essential not only to support recommenda-
tion generation, but also to ensure that explanations surfaced through conversational
interfaces remain faithful to the underlying knowledge representation.

Accordingly, the next chapter shifts the focus from interaction design to algorithmic
reasoning over educational knowledge graphs. Chapter 5 introduces methods for path-
based recommendation, investigating how structured reasoning paths can be generated,
constrained, and exploited to produce explainable recommendations. These methods
provide the computational foundation that complements the conversational interface
presented in this chapter, enabling personalization that is interactive and grounded.





Chapter 5

Methods for Explainable Path-
based Recommendation

Research Highlights
• KG provide a shared structure for recommendation and explanation.
• Different path-based models exhibit complementary strengths.
• Recommendation performance is influenced by data sparsity.

5.1 Introduction

Digital advances have increased the need for intelligent systems to guide learners
through large and complex educational ecosystems. Learners are often required to se-
lect learning resources from an overwhelming set of alternatives, while ensuring co-
herence with prior knowledge and learning objectives. In such settings, educational
recommender systems play a critical role by supporting decision-making and personal-
ization. However, the large-scale deployment of recommendation systems in education
raises important concerns related to transparency and trust.

Most existing educational recommender systems uses collaborative filtering or
content-based techniques, which model learner preferences through latent representa-
tions or similarity measures. While these approaches have demonstrated strong pre-
dictive performance, they typically provide limited insight into the reasoning process.
As recommender systems grow in complexity, transparency becomes as crucial as ef-
fectiveness, making explanations a core part of modern systems. This dual requirement
has positioned knowledge graphs (KGs) as the preferred representation of entities, along
with their relationships, to learn preference patterns. Recommendation models trained
over KGs can generate paths having user and item entities at their endpoints. While
the item at the endpoint is the one being recommended, intermediate elements serve
to construct a textual explanation, through template- or generation-based techniques.To
generate informative paths over KGs, three main reasoning approaches have emerged so
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far. Reinforcement learning-based reasoning, such as PGPR [48], optimizes agents to dis-
cover paths within KGs that connect users to relevant, previously unseen items. Neuro-
symbolic reasoning, such as CAFE [49], combines symbolic logic with neural networks
to capture relationships in the KG, uncovering paths aligned with high-level semantic
patterns. Meanwhile, generative-based reasoning, such as PEARLM [83], leverages the
structural similarity between KG paths and natural language to generate sequences that
alternate between entities and relationships within the KG, beginning with a user entity.

While these methods show promise, their evaluation has largely focused on do-
mains outside of education, such as entertainment (e.g., Movielens and LastFM
in [124, 125]), e-commerce (e.g., Amazon in [48, 49]), and news media (e.g., MIND
in [126]), even in recent reproducibility research concerning KG reasoning [125]. Un-
like these domains, education has unique characteristics, such as long intervals between
course enrollments, and educational decision-making involve distinctive rationales, such
as course prerequisites, typically absent in other domains [127]. These factors introduce
uncertainty as to whether such methods generalize to education. Research on the above
reasoningmethods under course recommendation remains in its infancy. Reinforcement
learning variants have included only minor changes, such as alternative training path
sampling policies or hierarchical learning [128, 129, 130, 131, 132]. Evidence for neuro-
symbolic reasoning is limited to studies focused solely on utility [133]. Generative mod-
eling remains fully unexplored. Moreover, evaluations in the above studies are based on
limited datasets (often just one), heterogeneous baselines (primarily traditional collabo-
rative filtering methods or the original method to which the adaptations were applied),
andmere utility-based metrics. This fragmentation leaves it unclear whichmethods, and
in which conditions, are best suited for course recommendation.

In this chapter, we investigate methods for path-based explainable recommendation
in education, with the goal of understanding their suitability and limitations. Build-
ing on the learner-centered ontology introduced in Chapter 3, we construct educational
knowledge graphs that capture learners, educational resources, and learning relations
under a unified semantic schema. This controlled setting allows us to systematically
analyze different path-based recommendation paradigms and compare their behavior
under consistent experimental conditions.

The approaches studied in this chapter generate recommendations by reasoning
over knowledge graph paths, thereby linking recommendation utility and explainability
through a reasoning process. The contribution of this chapter is three-fold:

• Systematically study state-of-the-art recommendation methods in the educational
domain, analyzing their ability to generalize from other application domains to
personalized education scenarios.

• Translation of educational datasets into KG structures under a unified educational
knowledge graph and ontology.

• Evaluation of representative methods from major families of KG reasoning and
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path language modeling.

The remainder of this chapter is structured as follows. Section 5.2 outlines the Re-
search Methodology covering datasets, KG structures conversion and processing for
recommendation. Section 5.3 discusses the empirical results, analyzing the trade-offs
between recommendation utility and beyond-utility goals across different methods. Fi-
nally, Section 5.4 concludes with the discussion and implications.

5.2 Methodology

Our methodology for auditing KG reasoning methods involves five main steps. First,
we selected educational datasets (1), convert them to KG structures (2), and pre-process
the latter for recommendation (3). Next, we optimize reasoning models on these paths
(4) and evaluate them using utility, beyond-utility, and explainability metrics, against
selected baselines (5).

5.2.1 Educational Datasets Selection

Course recommendation has been widely studied, but many datasets are private, and
public ones often lack KGs or suitable structures for recommendation tasks [134, 35, 135].
To address this gap, we decided to select four public educational datasets for conver-
sion into their corresponding KG structure tailored to the course recommendation task:
COCO [93], MOOPer [95], MOOCube [136], PEEK [137]. These datasets were chosen
for their broad coverage of users and courses to provide enough data for learning, their
richness in features to support KG creation, and the diversity of context.

The COCO dataset (data: obtained from original authors by e-mail) captures data
from amarketplace where non-accredited experts offer diverse courses. Unlike academic
platforms, the catalog is larger and varied, attracting a broad user base but resulting in
interaction sparsity. Users typically enroll in a few courses for on-demand learning,
with many courses having limited enrollments due to niche targeting or competition.
Hence, the dataset includes 529, 857 ratings, 43, 021 learners, and 24, 321 courses, with
course metadata (title, descriptions, categories, audiences, prerequisites, goals, lectures)
and instructor affiliations.

The MOOCCube dataset (data: http://moocdata.cn/data/MOOCCube)
provides data from a platform offering a structured, academic selection of courses across
multiple disciplines. It attracts a learner base more focused on formal education. Its
catalog diversity lies between that of a general marketplace and a specialized practice
platform, though it is comparable in scale to the latter. With the largest user base among
four, the dataset includes 706 courses, 199, 199 learners, and 682, 753 ratings, along with
metadata on course titles, video titles, concepts, prerequisites, and affiliations.

http://moocdata.cn/data/MOOCCube
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Fig. 5.1: KG Ontology. Entities and relationships represented in each constructed
knowledge graph (KG). Learner, course, subject, and learning resource entities are in-
cluded in all KGs.

ThePEEK dataset (data: github.com/sahanbull/PEEKC-Dataset) com-
prises video metadata and learner activity data extracted from VideoLectures.Net, a
repository of scientific and educational video lectures. Unlike the other contexts, it fo-
cuses on learner engagement with video-based educational content, offering insights
into watch-time interactions and concept coverage. With a large-scale interaction
dataset, PEEK captures 290, 535 learner interaction events from 20, 019 distinct users,
each with at least five engagement events. The dataset spans 10, 233 unique lecture
videos, segmented into 39, 113 fragments, averaging 3.82 fragments per video. Unlike
other datasets of its kind, it provides a structured view of learner engagement with open
educational resources, facilitating videolecture recommendations.

Finally, the MOOPer dataset (data: https://www.educoder.net/ch/
rest) contains data from a practice-oriented platform for computer science focused
on exercises and challenges. Unlike traditional academic platforms and course mar-
ketplaces, it focuses on interactive engagement, attracting a smaller but highly active
user base that aims to reinforce concepts through applied practice. Hence, the dataset
includes 205, 315 implicit interactions (enrollments) from 27, 992 learners across 327
courses, along with detailed course metadata on chapters, topics, disciplines, exercise
titles, and institutional affiliations.

https://github.com/sahanbull/PEEKC-Dataset
https://www.educoder.net/ch/rest
https://www.educoder.net/ch/rest
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5.2.2 Knowledge Graphs Construction

This step involves constructing the KGs that serve as input for the reasoningmethods.
For each selected dataset, we created a recommendation-tailored KG using the original
data provided, following a common ontology.

The first step involved selecting an ontology to structure the KGs, providing a formal,
common representation of domain knowledge by defining entities, their properties, and
relationships. For this work, we chose LOXER [122], a modern ontology specifically de-
signed for the educational recommendation, developed collaboratively with input from
learners, educators, and researchers. In this ontology, the central entity is the Learner,
representing an individual pursuing specialized knowledge or skills. Supporting entities
include Course, which defines structured learning paths, and Learning Resource, encom-
passing diverse content types, such as videos, chapters, and exercises. The ontology
also includes Subject to represent academic topics, Institution and Instructor to capture
the educational context, and Occupation to connect knowledge to job positions. Key re-
lationships include interacted, which captures learner engagement; is_parent_of, which
introduces hierarchical structures; pre_requisite, which supports guided learning path-
ways; and covers, contextualizing resources within subjects.

Next, all text data in each dataset were translated into English to standardize the lan-
guage1. For instance, MOOCCube included Chinese course titles, whileCOCO contained
multilingual course data in languages such as Spanish, German, and Arabic. After trans-
lation, each dataset’s content wasmapped to the ontology through a series of mechanical
mappings, aligning it with the ontology’s structure and relationships. These mappings
consisted solely of simple format transformations without natural language processing,
as represented by continuous lines in Figure 5.1. Specifically, we associated the IDs of
learners, courses, instructors (where available), educational organizations (e.g., univer-
sities in MOOCube), and their locations with corresponding entities in the ontology:
Learner, Course, Instructor, Institution, and Place. Additionally, the IDs of learning mate-
rials, such as lessons, videos, and activities, were linked to the Learning Resource entity,
while those of languages were assigned to the Language entity. Relationships between
these entities were also established mechanically, covering instructor-to-course affilia-
tions, learner-to-course and learner-to-learning_resource interactions, course-to-language
affiliations, and course-to-resource connections.

In the final step, we enriched the initial KGs by adopting knowledge extraction
techniques similar to those used in prior research [48, 49]. To this end, we merged
course metadata for each course and extracted Subject entities2, connecting them to
courses via the covers relationship. We then leveraged the hierarchical structure
of Wikipedia to instantiate the is_parent_of relationship for the Subject
entity. This approach was applied to all datasets, using at least course titles (e.g., in

1We used the Google Translate tool (https://pypi.org/project/googletrans/).
2We relied on the Wikifier tool (https://www.wikifier.org/info.html).

https://pypi.org/project/googletrans/
https://www.wikifier.org/info.html
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Collaborative Components Knowledge Components
(lr)1-5(lr)6-10 COCO MOOCCube PEEK MOOPer COCO MOOCCube PEEK MOOPer

Users (Core) 24,036 (10) 6,486 (10) 1,025 (5) 13,885 (6) Entities (Types) 11,246 (7) 25,110 (6) 4,875 (5) 6,072 (7)
Courses (Core) 8,196 (10) 549 (10) 355 (5) 266 (6) Relations (Types) 104,983 (6) 142,416 (3) 14,391 (2) 21,020 (3)
Interactions 378,469 96,579 8,111 145,850 Avg. Degree (All) 18.67 11.34 5.90 6.92
Density 0.002 0.014 0.020 0.040 Avg. Degree (Courses) 12.80 259.50 40.53 79.02

Table 5.1: KGs Statistics. COCO has the highest number of users, courses, and inter-
actions but also the lowest density, whereas PEEK and MOOPer exhibit higher densities.
MOOCCube stands out with the largest number of entities and relations.

MOOCube) and, where available, additional fields (e.g., title, long description, and short
description in COCO). Additionally, in COCO, which provides further metadata on tar-
get audiences and objectives, we instantiated the Occupation entity and linked it
to courses. We employed a zero-shot classifier [138] to extract occupational groups
based on ESCO3 profession labels (e.g., Science and engineering associate profession-
als and Information and communications technology professionals) from audiences and
goals texts. Only in COCO, we extracted subjects from prerequisites metadata using the
same above method to establish pre_requisite relationships between Course
and Subject entities.

Our approach adheres to established practices from past KG construction efforts for
recommendation. While creating a more comprehensive KG is beyond the scope of this
study, our work lays the foundation for this direction. To support further research, the
resulting KGs are available in our repository.

5.2.3 Knowledge Graphs Preprocessing

In this step, we prepared all the KGs for use in training KG reasoning models. This
process involved cleaning, splitting, and coding meta-paths.

Similarly to previous studies [124, 125], we refined the KG by filtering out low-
engagement learners and courses, focusing on those with higher activity. We defined
a dataset-specific core (5, 6 or 10) subset to capture sufficient personalization while ad-
dressing data sparsity, balancing personalization with near-cold-start conditions typical
in education. After filtering, we retained only entities with at least one connection to
ensure meaningful KG structure. The descriptive statistics of the pre-processed KGs are
reported in Table 5.1.

Next, we divided the learner-course interactions within the KG into training, valida-
tion, and test sets. Leveraging the timestamps available for each learner-course interac-
tion in the KG, we implemented a per-user timeline split, allocating 80% of each learner’s
earliest interactions to the training set, 10% to the validation set, and the remaining 10%

3The ESCO database is available at https://esco.ec.europa.eu/en/.

https://esco.ec.europa.eu/en/
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to the test set. This time-based approach aligns with best practices in KG reasoning, pre-
serving the sequential nature of interactions and maintaining consistency across learner
timelines. As many KG reasoning methods (e.g., PGPR and CAFE) require knowledge
graph embeddings, we then extracted embeddings for the train split of our pre-processed
KGs. Given that original works used TransE [139] embeddings, we trained a distinct
TransEmodel for each KG after having categorized entities and relationships by type.

Finally, we coded a set of meta-paths, i.e., predefined sequences of entities and re-
lationships within the KG relevant for explaining recommendations in the educational
domain. Each meta-path starts with a learner entity and progresses through related en-
tities, ending with a course entity for recommendation. For this study, we specifically
used twelve three-hop meta-paths validated in [122], which reflect educational decision-
making factors. These paths guide agent behavior in reinforcement learning, predictions
in neuro-symbolic models, and sequence inference in generative models.

5.2.4 Models Selection and Optimization

After constructing and preprocessing the base KGs, we evaluated several models, each
representing a distinct approach, to assess their effectiveness in education. Specifically,
we selected representative models from three major families: general recommendation,
KG-based reasoning, and path language modeling. All models were implemented and
evaluated under a unified protocol in our repository. We detail General, KG-based, and
language model approaches here; additional information is available in our repository.
We further divide the recommendation into four subgroups: traditional baselines, matrix
factorization, graph-based, and autoencoder-based models. Similarly, KG-based meth-
ods are grouped into graph embedding, propagation-based models, graph neural net-
works, and reinforcement learning-based models.

The traditional baseline family includes simple yet fundamental models- POP and
Random [140], which recommend the most popular and random items, respectively,
serving as benchmark baselines. In the matrix factorization family, ENMF [141] en-
hances training efficiency using a neural matrix factorization framework, while BPR
[142] learns personalized rankings through pairwise comparisons. Among graph-based
models, NGCF [143] organizes user-item interactions into a graph and extracts useful
information from multi-hop neighbors to refine latent representations; DGCF [144] fur-
ther advances graph-based collaborative filtering with a disentangledmechanism to cap-
ture diverse user intents; and LightGCN [145] uses simple graph-based model that
includes the essential component of graph convolutional networks, and uses neighbor-
hood aggregation to improve scalability. The final model in the general recommendation
category is the autoencoder-based MacridVAE [146], which adopts an item-based col-
laborative filtering approach, learning disentangled user behavior representations and
ranking items by modeling latent preference factors.

Inside the KG-based models, first sub-family focuses on graph embeddings to repre-
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sent user-item interactions. CFKG [147] merges the user-item interaction graph with
the KG to jointly learn embeddings; CKE [148] enriches item representations by inte-
grating KG information with auxiliary data; and MKR [149] adopts a multi-task learning
framework to jointly optimize recommendation and KG embedding objectives. We also
include propagation-based model such as KTUP [150] and Ripplenet [151], which
actively combines features from neighboring nodes and relations through learned trans-
formations. Within the GNN-based family, KGCN [152] learns entity representations by
mining KG-associated attributes, while KGNNLS [153] transforms the KG into a user-
specific weighted graph and applies a graph neural network to learn personalized item
embeddings. For reinforcement learning-based reasoning, we selected PGPR [48] and
for neural-symbolic reasoning, we includedCAFE [49], andPLM [82] for generative rea-
soning. To address PLM’s susceptibility to hallucination, we included PEARLM [83] that
addresses hallucination and improves path faithfulness. All models were implemented
and evaluated under a unified protocol (see our repository).

We optimized each model’s hyperparameters via grid search, focusing on those high-
lighted in the original papers. When data characteristics affected performance, we ex-
panded the search space. Model selection maximized utility on the validation set. Full
hyper-parameter details are in our repository.

5.2.5 Path Reasoning Models Evaluation

We evaluated methods’ utility, beyond-utility, and explanation metrics on top-10
courses and their reasoning paths in the KG’s test set using the preprocessed data and
metric computation code.

We included four utility metrics to provide an evaluation of performance from dif-
ferent angles. Specifically, Normalized Discounted Cumulative Gain (NDCG) [154] with
binary relevance and logarithmic decay, measures the ranking quality by considering
the positions of relevant items in the list. Mean Reciprocal Rank (MRR) [155] focuses
on the rank of the first relevant item. Precision (PREC) and Recall (REC) [156] mea-
sure the proportion of recommended items that are relevant and of all relevant items
recommended, respectively.

We also incorporated four beyond-utility metrics to evaluate additional aspects that
contribute to user satisfaction not captured by utility metrics [157]. Specifically, cat-
alog coverage (COV) was monitored as the extent to which the recommended items
span the available catalog. Serendipity (SER) captures the element of surprise in rec-
ommendations by evaluating how different the recommendations are from those of a
non-personalized most popular model. Novelty (NOV) measures the system’s ability to
recommend less popular items, while (POP) measures the ability to recommend widely
consumed or frequently interacted items.

Finally, we assessed explanation-related metrics from various perspectives of path
reasoning, including recency, popularity, and path type diversity [124]. The recency of
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linked interactions (LIR) reflects the age of past interactions in the generated paths,
helping users connect recommendations to recent interactions. Linking interaction di-
versity (LID) captures the variety of prior interactions within the paths. Shared entity
popularity (SEP), measured by node degree in the KG, assumes that more popular enti-
ties are likely more familiar to users. Shared entity diversity (SED) indicates the range
of distinct entities featured. We also evaluated the path quality metric, where path type
diversity (PTD) measures how many different relation types are used as the final step in
the reasoning paths, indicating diversity in explanation types. Path type concentration
(PTC) complements (PTD) by assessing how evenly explanation types are distributed
across the recommended list. We also evaluated the path pattern type (PPT), which
captures the structural template of relation sequences in the paths, helping to analyze
the complexity of reasoning templates used in the explanations. Lastly, we assess the
diversity of interaction types in the reasoning paths using (LITD), and measure the
diversity of the shared entities in the explanation paths (SETD).

5.3 Experimental Results

This section examines the generalizability of KG reasoning methods to education. We
first assess their utility in educational recommendations (RQ1), then analyze support for
beyond-utility goals (RQ2), and evaluate their effectiveness in providing informative
reasoning paths for explanations (RQ3).

Family sub-family Method COCO MOOCube PEEK MOOPer

NDCG ↑ MRR ↑ REC ↑ PREC ↑ NDCG ↑ MRR ↑ REC ↑ PREC ↑ NDCG ↑ MRR ↑ REC ↑ PREC ↑ NDCG ↑ MRR ↑ REC ↑ PREC ↑
General Recommendation Traditional Baseline Model Random 0.0006 0.0005 0.001 0.0002 0.008 0.006 0.01 0.002 0.008 0.005 0.02 0.002 0.02 0.01 0.04 0.004

POP 0.03 0.02 0.06 0.006 0.08 0.06 0.15 0.02 0.04 0.03 0.09 0.009 0.08 0.05 0.17 0.01
Matrix Factorization Model ENMF 0.12 0.11 0.20 0.02 0.22 0.19 0.36 0.04 0.35 0.28 0.59 0.06 0.87 0.84 0.96 0.10

BPR 0.12 0.10 0.20 0.02 0.23 0.20 0.37 0.04 0.29 0.22 0.52 0.05 0.80 0.76 0.95 0.10
Graph Model DGCF 0.10 0.08 0.17 0.02 0.22 0.19 0.36 0.04 0.35 0.28 0.58 0.06 0.81 0.77 0.96 0.10

NGCF 0.08 0.06 0.14 0.01 0.23 0.19 0.38 0.04 0.31 0.23 0.56 0.06 0.78 0.73 0.95 0.10
LightGCN 0.12 0.10 0.20 0.02 0.24 0.21 0.39 0.04 0.34 0.27 0.56 0.06 0.77 0.72 0.94 0.10

Autoencoder Model MacridVAE 0.15 0.13 0.24 0.02 0.24 0.21 0.38 0.04 0.36 0.29 0.60 0.06 0.85 0.81 0.97 0.10

Knowledge Based Recommendation Graph Embedding Model CFKG 0.10 0.08 0.18 0.02 0.25 0.21 0.40 0.04 0.34 0.27 0.61 0.06 0.81 0.76 0.95 0.09
CKE 0.12 0.10 0.20 0.02 0.24 0.21 0.40 0.04 0.34 0.26 0.58 0.06 0.80 0.75 0.96 0.09
MKR 0.10 0.08 0.18 0.02 0.18 0.15 0.30 0.03 0.16 0.12 0.29 0.03 0.58 0.50 0.83 0.08

Propagation Model KTUP 0.08 0.07 0.14 0.02 0.22 0.18 0.36 0.04 0.29 0.22 0.52 0.05 0.79 0.73 0.95 0.09
RippleNet 0.06 0.04 0.11 0.01 0.18 0.14 0.30 0.03 0.29 0.22 0.52 0.05 0.58 0.52 0.79 0.08

GNN model KGCN 0.07 0.06 0.14 0.01 0.21 0.17 0.35 0.04 0.31 0.24 0.55 0.05 0.77 0.71 0.94 0.09
KGNNLS 0.09 0.08 0.16 0.02 0.23 0.19 0.38 0.04 0.25 0.19 0.46 0.04 0.76 0.70 0.94 0.09

Reinforcement Learning Model PGPR 0.03 0.03 0.05 0.006 0.11 0.08 0.23 0.027 0.17 0.12 0.34 0.035 0.32 0.28 0.48 0.052
CAFE 0.02 0.01 0.04 0.004 0.05 0.04 0.11 0.014 0.09 0.06 0.19 0.020 0.45 0.37 0.76 0.079

Path Language Based Recommendation Generative model PEARLM 0.03 0.02 0.05 0.006 0.09 0.08 0.12 0.014 0.08 0.06 0.15 0.016 0.31 0.29 0.38 0.038
PLM 0.04 0.04 0.06 0.007 0.10 0.09 0.14 0.016 0.02 0.02 0.03 0.003 0.28 0.26 0.35 0.035

Families: General Recommendation; Knowledge Based Recommendation; Path Language Based Recommendation.
Metrics: Norm. Disc. Cum. Gain (NDCG); Mean Recip. Rank (MRR); Recall (REC); Precision (PREC).
For each dataset: best result in bold, second-best result underlined.

Table 5.2: RQ1: Utility. PEARLM achieves the highest utility across all metrics and
datasets. In COCO and MOOCube, it outperforms traditional collaborative filtering,
followed by non-explainable knowledge-aware models, with other reasoning methods
showing the lowest performance. In MOOPer, both generative models lead, with the
performance ranking for other methods remaining consistent to COCO and MOOCube.
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5.3.1 RQ1: Generalizability of Utility Outcomes

In a first analysis, we evaluated the recommendation utility of the selected methods
within the context of education. To do so, we assessed the performance of each method
on four distinct datasets using standard evaluation metrics: NDCG, MRR, Recall, and
Precision (Table. 5.2). This analysis aimed to provide insight into which families of
methods are most effective in supporting relevant learning resource recommendations
across varying data characteristics and sparsity levels.

The results shows several important patterns. In COCO, an autoencoder-based model
(MacridVAE) achieves the highest performance across all metrics (e.g., NDCG (0.15),
MRR (0.13), Recall (0.24)), outperforming both traditional and graph methods. This sug-
gests that modeling latent representations with reconstruction loss is well-suited to this
sparse dataset. In MOOCube, a knowledge-aware embedding model (CFKG) performs
best in terms of NDCG (0.25) and Recall (0.40), indicating that explicit modeling of entity
relations in a knowledge graph provides a substantial utility gain over general models
like LightGCN and MacridVAE. Among general models, both MacridVAE and LightGCN
remain competitive, suggesting generalizability to mid-density settings. In PEEK, tradi-
tional matrix factorizationmodels (especially ENMF and BPR) dominate the leaderboard.
ENMF achieves the highest NDCG (0.35), MRR (0.28), and Recall (0.59), while Macrid-
VAE slightly edges out in Precision (0.06). Interestingly, path-based methods such as
PGPR and CAFE show weaker performance, indicating their limited utility in this set-
ting. In MOOPer, ENMF again achieves the strongest overall performance with scores of
0.87 (NDCG), 0.84 (MRR), and 0.96 (Recall), confirming its robustness in dense datasets.
Among the generative path language-basedmodels, PLM performs better than PEARLM,
with improvements of 6.5% in MRR and 16% in Precision. However, both still lag behind
traditional models, suggesting that their interpretability comes at a cost in ranking per-
formance under high-density conditions.

Overall, collaborative filtering and autoencoder-based models demonstrate strong
generalizability across all datasets. Generative models like PEARLM and PLM offer po-
tential for explainability but tend to underperform in utility, especially on dense datasets
such as MOOPer. Knowledge-aware embedding models (e.g., CFKG) excel in mid-
sparsity scenarios like MOOCube, while path reasoning methods such as PGPR and
CAFE show limited adaptability across domains. These findings highlight the trade-offs
between utility and explainability.

5.3.2 RQ2: Generalizability of Beyond-Utility Outcomes

In our second analysis, we evaluated the effectiveness of different recommendation
methods in addressing beyond-utility aspects of user experience. We specifically mea-
sured serendipity, novelty, average popularity of recommended items, and catalog cov-
erage across four educational datasets (Tab. 5.3). This analysis aimed to understand
how well each method balances between surprising the user, introducing novel items,
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Family sub-family Method COCO MOOCube PEEK MOOPer

SER ↑ NOV ↑ Avg POP ↑ COV↑ SER ↑ NOV ↑ Avg POP ↑ COV ↑ SER ↑ NOV ↑ Avg POP ↑ COV ↑ SER ↑ NOV ↑ Avg POP ↑ COV ↑
General Recommendation Traditional Baseline Model Random 0.99 0.93 38.23 0.99 0.98 0.93 135.9 0.99 0.96 0.85 15.63 0.95 0.95 0.86 405.13 0.99

POP 0.02 0.25 1370.82 0.002 0.66 0.63 801.8 0.05 0.96 0.55 47.32 0.05 0.66 0.58 1362.9 0.08
Matrix Factorization Model ENMF 0.88 0.75 447.9 0.29 0.66 0.65 759.05 0.52 0.81 0.59 42.8 0.93 0.85 0.68 1058.2 0.98

BPR 0.86 0.76 439.7 0.55 0.65 0.65 763.6 0.78 0.85 0.62 39.9 0.92 0.87 0.68 1049.2 0.96
Graph Model DGCF 0.79 0.69 567.2 0.22 0.61 0.61 839.8 0.59 0.82 0.58 45.2 0.70 0.88 0.70 985.7 0.97

NGCF 0.95 0.86 245.1 0.69 0.68 0.66 735.9 0.75 0.89 0.68 34.2 0.98 0.86 0.67 1074.0 0.98
LightGCN 0.84 0.74 477.7 0.37 0.65 0.64 785.7 0.69 0.80 0.56 46.9 0.50 0.87 0.68 1028.7 0.92

Autoencoder Model MacridVAE 0.89 0.80 361.1 0.72 0.58 0.60 873.0 0.65 0.84 0.62 39.9 0.90 0.84 0.65 1138.1 0.91
Knowledge Based Recommendation Graph Embedding Model CFKG 0.78 0.68 573.7 0.49 0.53 0.56 934.6 0.81 0.52 0.49 49.6 0.96 0.86 0.67 1046.3 0.99

CKE 0.87 0.77 410.38 0.61 0.64 0.63 784.9 0.82 0.81 0.70 29.3 0.99 0.82 0.69 872.1 0.99
MKR 0.84 0.74 479.70 0.51 0.44 0.51 1039.7 0.18 0.20 0.33 65.5 0.18 0.78 0.65 995.1 0.75

Propagation Model KTUP 0.82 0.72 500.7 0.65 0.59 0.59 868.3 0.72 0.77 0.68 31.6 0.99 0.71 0.61 1125.8 0.98
RippleNet 0.87 0.77 428.4 0.48 0.57 0.58 889.6 0.57 0.76 0.66 33.5 0.87 0.78 0.66 967.2 0.99

GNN model KGCN 0.84 0.73 480.3 0.53 0.64 0.62 812.27 0.67 0.77 0.66 33.2 0.98 0.76 0.65 1023.6 0.99
KGNNLS 0.90 0.80 350.5 0.84 0.70 0.67 706.05 0.86 0.79 0.67 32.4 0.83 0.76 0.65 1010.0 0.99

Reinforcement Learning Model PGPR 0.99 0.93 113.9 0.63 0.69 0.65 760.3 0.44 0.82 0.58 43.9 0.89 0.95 0.82 577.4 0.98
CAFE 1.0 0.97 61.8 0.35 0.93 0.82 399.4 0.36 0.46 0.32 71.9 0.31 0.93 0.75 794.4 0.91

Path Language Based Recommendation PEARLM 0.83 0.71 517.8 0.02 0.61 0.69 671.2 0.04 0.92 0.78 22.6 0.57 0.88 0.83 556.7 0.32
PLM 0.59 0.67 722.06 0.06 0.65 0.70 647.8 0.06 0.91 0.86 13.93 0.05 0.95 0.86 429.7 0.48

Families: General Recommendation; Knowledge Based Recommendation; Path Language Based Recommendation.
Metrics: Serendipity (SER); Novelty (NOV); Average Popularity (Avg POP); Coverage (COV).
For each dataset: best result in bold, second-best result underlined.

Table 5.3: RQ2: Beyond Utility. Traditional collaborative filtering methods excel in
serendipity and novelty. PGPR shows stronger performance on average in diversity.
PEARLM stands out with high coverage, with moderate scores across other metrics.

reducing popularity bias, and covering a broader catalog.

The results reveal that traditional baseline models like Random consistently achieve
the highest serendipity and coverage scores across all datasets (e.g., SER- 0.99 and COV-
0.99 in both COCO and MOOCube). However, their utility remains extremely low (see
Table. 5.3), making them impractical for real-world deployment. Similarly, POP yields
high average popularity scores (e.g., 1370.82 in COCO).

Among general recommendationmodels, matrix factorizationmethods such asENMF
and BPR achieve strong performance in novelty and moderately good coverage. For
example, inCOCO,ENMF attains a novelty score of 0.75 and a coverage of 0.66. Likewise,
graph-basedmodels likeNGCF andLightGCN show competitive scores in novelty and
serendipity, reflecting strength in learning patterns with no external knowledge.

In the knowledge-based family, models such as CFKG, MKR, and RippleNet ex-
hibit a good balance across all metrics. Notably, MKR achieves the highest novelty score
(0.71) in MOOCube and maintains competitive diversity and coverage across datasets,
suggesting its ability to surface underexposed but relevant content. Among propagation
and GNN-based models, RippleNet and KGCN also maintain relatively high novelty
and moderate serendipity, confirming the potential of knowledge graph signal propaga-
tion in promoting novel learning materials.

Focusing on path-based KG reasoning models, we observe that PGPR excels in
serendipity, achieving the top score in COCO (1.0) and high values in other datasets
(e.g., 0.96 in MOOCube, 0.95 in MOOPer). It also shows competitive diversity, with
lower average popularity scores, suggesting it avoids recommending only well-known
content. However, its coverage remains relatively limited compared to other methods.
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PEARLM demonstrates the highest coverage scores across multiple datasets, achiev-
ing 0.80 in COCO, 0.99 in MOOCube, and 0.99 in MOOPer. This indicates a strong
ability to recommend from a wide selection of items in the catalog. Still, it falls behind
in novelty and serendipity compared to both general and graph-based models. PLM,
while competitive in coverage and novelty (e.g., 0.67 in MOOCube, 0.86 in MOOPer),
also shows limitations in consistently balancing all beyond-utility aspects.

Overall, KG reasoning methods show complementary strengths in beyond-utility
metrics. PGPR leads in serendipity, while PEARLM achieves the highest catalog cov-
erage. Other methods like MKR and RippleNet show a balance across novelty and
popularity reduction. However, trade-offs remain, and no single model dominates.

5.3.3 RQ3: Generalizability of Explainability Outcomes

In our final analysis, we evaluated the explainability of the KG reasoning methods
through six core metrics related to explanation path quality and diversity across four
educational datasets (Table 5.4). The metrics linking interaction recency (LIR), linking
interaction diversity (LID), shared entity popularity (SEP) and diversity (SED), path
type diversity (PTD), and path pattern type (PPT) are important to understand how
well the models support transparency, interpretability, and educationally relevant rec-
ommendations. PLM is retained here for completeness, although it previously showed
high rates of unfaithful path generation due to invalid KG links.

Method COCO MOOCube Peek MOOper

LIR ↑ LID ↑ SEP ↑ SED ↑ PTD ↑ PPT ↑ LIR ↑ LID ↑ SEP ↑ SED ↑ PTD ↑ PPT ↑ LIR ↑ LID ↑ SEP ↑ SED ↑ PTD ↑ PPT ↑ LIR ↑ LID ↑ SEP ↑ SED ↑ PTD ↑ PPT ↑
PGPR 0.46 0.68 0.64 0.81 0.60 0.69 0.41 0.67 0.23 0.99 0.40 0.28 0.45 0.45 0.30 0.98 0.48 0.27 0.43 0.66 0.42 0.99 0.46 0.36
CAFE 0.48 0.04 0.64 0.21 0.42 0.85 0.37 0.04 0.26 0.22 0.36 0.41 0.45 0.08 0.47 0.26 0.17 0.15 0.44 0.06 0.11 0.29 0.31 0.36
PEARLM 0.40 0.25 0.98 0.40 0.38 0.40 0.32 0.44 0.68 0.69 0.50 0.49 0.44 0.33 0.35 0.65 0.49 0.31 0.36 0.60 0.44 0.78 0.68 0.68

PLM 0.09 0.39 0.95 0.45 0.60 0.83 0.07 0.31 0.41 0.28 0.73 0.29 0.02 0.99 0.14 0.99 0.99 0.99 0.26 0.59 0.10 0.55 0.79 0.49
Metrics (1): Linking interaction recency (LIR) and diversity (LID).
Metrics (2): Shared entity popularity (SEP) and diversity (SED); Path type diversity (PTD); Path pattern type (PPT).

Table 5.4: RQ3: Explainability. PGPR excels in linking interaction recency, linking in-
teraction diversity, and shared entity diversity, especially in sparser datasets like COCO
and MOOCube. CAFE performs strongly in shared entity popularity, while PEARLM
leads in explanation type diversity across datasets.

Fig. 5.2: Methods Comparison. Comparison of recommendation utility and beyond-
utility goals across datasets: (a) COCO, (b) MOOCCube, (c) PEEK, and (d) MOOPer.
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PGPR demonstrates strong performance in LIR and LID, indicating its ability to
generate explanations rooted in recent and varied user interactions. These qualities are
particularly pronounced in COCO and MOOCube, where PGPR achieves the highest
LIR and LID scores. For instance, in COCO, PGPR’s LID is 68%, substantially higher
than the next best method (CAFE at 64%), and its SED is also the highest (0.81), indicat-
ing diverse entity usage in paths. CAFE stands out in SEP, often scoring among the top
across all datasets, including 0.64 in COCO and 0.47 in Peek. This implies a reliance on
popular, frequently occurring entities when constructing explanations and potentially
increasing user trust. PEARLM, on the other hand, leads significantly in explanation
diversity, especially in SED, PTD, and PPT. It consistently scores the highest SEP and
SED across datasets such as COCO (SEP: 0.95, SED: 0.98), and maintains strong per-
formance in PTD and PPT in MOOCube and MOOper. For example, in MOOCube,
it achieves a PTD of 0.60 and PPT of 0.49, indicating a greater variety of path types
and patterns that enrich the semantic structure of the explanations. This breadth can
help learners connect recommendations to a wider range of pedagogical contexts (e.g.,
course objectives, instructors, or institutional offerings). In contrast, PLM lags behind
on nearly all metrics, especially LIR and LID, reflecting its tendency to generate less
relevant and temporally distant paths, and limited diversity in entity and path types.

Findings RQ3Different methods showcase unique strengths in generating explain-
able recommendations. PGPR excels in recency and diversity of learner interactions,
grounding its recommendations in memorable user history. CAFE prioritizes popular
entities, enhancing user familiarity with explanations. PEARLM offers the most diverse
and pedagogically rich explanations through varied entity types and paths. These find-
ings underline the importance of selecting explanation strategies tailored to educational
goals and learner preferences.

5.4 Discussion and Implications

In this chapter, we assessed th generalizability of path reasoning recommendation
within the educational domain. By extracting explicit reasoning paths from educa-
tional knowledge graphs, these methods provide transparent and faithful reasoning that
link learners to recommended actions. The effectiveness of such reasoning paths is
strongly influenced by the underlying learner-centered ontology introduced in Chap-
ter 3, confirming that explainability at the reasoning level is inherently constrained by
representation-level design choices. When educational entities and relations are mod-
eled explicitly and coherently, path-based methods can generate explanations that are
both interpretable and pedagogically meaningful.

At the same time, the findings reveal that different methods excel based on specific
goals and data characteristics. Generative methods offer strong utility and catalog cov-
erage, while PGPR is valuable for diversity and serendipity. For explainability-focused
contexts, CAFE balances familiarity in explanations by focusing on popular entities,
whereas PEARLM emerges with its diverse explanation types. Overall, KG reasoning
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methods not only enhance explainability but also serve as effective alternatives. This
observation connects naturally to the conversational interaction strategies explored in
Chapter 4 and provides the foundation for Chapter 6, where large language models
are employed to translate structured reasoning paths into context-aware natural lan-
guage explanations. Together, these chapters position path-based reasoning as a critical
grounding mechanism that enables faithful explainability while supporting more acces-
sible and adaptive explanation delivery.



Chapter 6

Methods for Path-based Natural
Language Explanation

Research Highlights
• Path-based grounding constrains explanation generation.
• LLM can generate fluent explanations when grounded in KG paths.
• Explanation quality varies across models, contexts, and tone settings.
• Motivational explanations tone favors engagement.
• Professional explanations enhance faithfulness and transparency.

6.1 Introduction

The increasing reliance on AI-driven support systems in lifelong learning environ-
ments intensifies the need for explanations that are not only correct but also under-
standable, engaging, and aligned with learners’ cognitive and contextual needs. In edu-
cational recommendation scenarios, explanations play a critical role in helping learners
interpret the system output, and make informed decisions [158] [52].

In the preceding chapters, we investigated path-based recommendation methods,
demonstrating how structured reasoning paths over knowledge graphs can support
faithful and transparent recommendations. These path-based methods ensure that ex-
planations are grounded in explicit semantic relations, thereby addressing core require-
ments of transparency and accountability. Despite their advantages, path-based expla-
nations are typically expressed through symbolic representations or template-based tex-
tual realizations, which directly verbalize reasoning paths. While such explanations pre-
serve faithfulness to the underlying decision logic, they often lack linguistic flexibility,
personalization, and adaptability. As a result, explanations may appear overly technical
or insufficiently address users’ information needs in lifelong learning settings [159].

Recent advances in large language models (LLMs) offer promising opportunities to
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address these limitations. LLMs are capable of generating fluent, context-aware natu-
ral language and can adapt explanations to different tones, levels of detail, and learning
contexts [160] [161]. When applied to explanation generation, they have the potential to
transform structured reasoning outputs into user-friendly narratives that improve com-
prehension and engagement. However, the use of LLMs in explainable decision support
systems introduces critical challenges. In particular, unconstrained generation may lead
to hallucinated content or explanations that are persuasive but unfaithful to the actual
reasoning process, thereby undermining trust and transparency [162].

In this chapter, we investigate knowledge-aware explanation generation using large
language models for educational decision support, focusing on how LLMs can be in-
tegrated with path-based recommendation methods without sacrificing faithfulness.
Building directly on the structured reasoning paths produced by the methods presented
in Chapter 5, we design a generation pipeline in which LLMs are explicitly grounded in
knowledge graph paths, learner context, and recommendation metadata. This ground-
ing enables explanations that remain consistent with the underlying decision logic while
benefiting from the expressive capabilities of modern language models.

The contribution of this chapter is two-fold:

• A knowledge-aware pipeline for explanation generation, inwhich LLMs transform
path-based reasoning outputs into natural language explanations.

• A large-scale automatic evaluation of LLM-generated explanations, assessingmul-
tiple explanation quality and dimensions.

The remainder of this chapter is structured as follows. Section 6.2 describes the pro-
posed methodology, including the grounding strategy, prompt design, and explanation
generation process. Section 6.3 presents the experimental results from evaluations. Fi-
nally, section 6.4 discusses the implications of the findings for knowledge-aware explain-
able decision support in lifelong learning.

6.2 Methodology

This chapter builds upon the structured reasoning outputs produced by the path-
based recommendation methods introduced in Chapter 5. The methodology is designed
to transform faithful, knowledge-graph-grounded reasoning paths into natural language
explanations that are accessible to learners, while preserving consistency with the deci-
sion logic. To this end, the pipeline consists of two main stages: (i) path generation via
a path-reasoning method and (ii) natural language explanation generation.
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6.2.1 Path Generation

Path generation constitutes the first stage of the explanation pipeline and provides the
structured input required for the natural language explanation generation. In this stage,
reasoning paths are extracted from educational knowledge graphs using path-based rec-
ommendation methods. These paths explicitly connect learners to recommended edu-
cational resources through sequences of semantically meaningful entities and relations
[20]. For instance, a generated reasoning path such as user_w enrolled_in course_x
covers concept_y prerequisite_for course_z captures a link between a learner’s past
activity to a new recommendation. This path can be verbalized as the explanation:
“course_z is recommended to you because it builds on concept concept_y, which you
covered in course_x. Such paths provide an explicit and faithful trace of the reasoning
process underlying the recommendation and serve as the grounding input for subse-
quent natural language explanation generation.

Data Preparation

The input to the path generation process consists of educational knowledge graphs
constructed using a learner-centered ontology (for instance, those proposed in Chapter
3). These graphs represent learners, educational resources, learning objectives, subjects,
and their associated semantic relationships. Before model training, the data undergo a
preprocessing phase to ensure consistency, quality, and suitability for path-based rea-
soning. This phase includes the removal of infrequent entities and relations, the nor-
malization of relation types, and the partitioning of the dataset into training, validation,
and test sets, following standard practices in knowledge graph-based recommendation
systems. Special attention is devoted to preserving the semantic integrity of prerequisite
relations and learner-resource interactions, as these relations are essential for generating
pedagogically meaningful and interpretable reasoning paths.

Model Training

Path-based recommendation models are trained to identify informative reasoning
paths that connect learners to candidate educational resources (such as those described
in Chapter 5). Depending on the adopted reasoning paradigm, the models learn to ex-
plore the underlying knowledge graph by optimizing objective functions that balance
recommendation accuracywith the relevance and interpretability of the generated paths.
Through this process, the models acquire the ability to capture both structural patterns
in the graph and pedagogical relationships among learners, concepts, and materials.

Model Inference

At inference time, the trained path reasoning model generates one or more reasoning
paths for each learner-resource pair. Each path is represented as an ordered sequence of
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entities and relations, forming a structured trace that explains how a specific recommen-
dation is derived. These paths serve a dual purpose: they provide a justification for the
recommendation and act as a grounding signal for the subsequent explanation genera-
tion stage. To promote explanation diversity and robustness, up to the top ten reasoning
paths are usually generated for each recommendation. The resulting paths are then fil-
tered according to criteria such as semantic coherence and relevance to the learner’s
profile, ensuring that only meaningful paths are retained for explanation generation.

6.2.2 Explanation Generation

The second stage of the methodology focuses on transforming reasoning paths into
natural language explanations using LLMs [163]. This stage is designed to preserve
faithfulness by grounding generation in the paths produced during the previous stage.

Prompt Design

Prompt design plays an important role in aligning the expressive capabilities of LLM
with the requirements of faithful explanation generation. Prompts are constructed to ex-
plicitly include the reasoning path, relevant entity labels, relation descriptions, and con-
textual information about the recommended resource. Rather than allowing free-form
generation, prompts constrain the model to base its explanation solely on the provided
path information. Instructional constraints specify explanation length, style, and output
format, discouraging unsupported claims and ensuring consistency across generated ex-
planations.

In addition to grounding constraints, prompts control explanation tone and learning
context, which are treated as experimental variables. Two tones are considered: profes-
sional and motivational. Professional explanations adopt a formal, goal-oriented style
and are generated only for formal learning and learning-for-credits (L4C) contexts. Mo-
tivational explanations adopt a more engaging style and are generated across formal
and non-formal settings, as well as learning-for-credits (L4C) and learning-for-pleasure
(L4P) contexts.

Model Prompting

Using the designed prompts, LLMs are queried to generate explanations correspond-
ing to individual reasoning paths. In this work, explanation generation is performed
using open-weight language models executed through the Ollama runtime, including
Gemma, LLaMA, Qwen, and Mistral. The models process the structured path infor-
mation and produce natural language explanations that articulate the rationale behind
a recommendation. To ensure consistency across explanations, generation parameters
such as temperature and maximum output length are controlled. The resulting expla-
nations are stored alongside their originating paths. A representative prompt template
used is reported in Figure 6.1.
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You are an educational course recommendation assistant.
Your task is to write a brief, clear explanation for why a student should take a specific course.

Write a two-sentence explanation for why a student should take the course "{course}".

Information:
- The student has previously studied: {learner_history}
- Relation type between these courses: {reason_type}
- Tone: {tone}
- Context: {context}

Instructions:
- Write only two natural, fluent sentences.
- Interpret the meaning of the relation type yourself and express it naturally.
- Do not mention the relation name explicitly.
- Adapt the explanation to the specified tone and context.
- Do not include reasoning steps, planning, or any additional text.
- Output only the final explanation.

Fig. 6.1: Prompt template for explanation generation. The template constrains
LLMs to generate short, grounded explanations based on structured reasoning paths,
while explicitly controlling explanation tone and learning context.

Explanation Evaluation

The quality of the generated explanations is assessed through a property-based eval-
uation framework, designed to capture multiple dimensions of explanation effectiveness
relevant to lifelong learning decision support [164]. To this end, we define eleven ex-
planation properties, inspired by prior work on explainable recommender systems and
explainable artificial intelligence [165], and adapted to the educational domain. These
properties are evaluated automatically using large language models acting as evalua-
tors [166], following a structured and controlled prompting protocol. Specifically, the
selected properties cover complementary aspects and are grouped into five conceptual
categories:

• Support to capture how explanations assist in making informed choices:

– Effectiveness: the extent to which the explanation helps a learner decide whether
to choose the recommended course. For brevity, we report only the evaluation
prompt for effectiveness Figure 6.2, as all other property prompts share the same
structure and differ only in the properties criterion.

– Decision Speed: how quickly the explanation enables understanding.

– Confidence: how the explanation increases learner’s confidence.

• Engagement to reflect motivational and affective aspects:

– Motivation: how strongly the explanation encourages interest.

– Satisfaction: the perceived completeness and helpfulness of the explanation.

• Transparency related to explainability and user agency:

– Transparency: how clearly the explanation reveals the reasoning.
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Consider that you are a student enrolled in courses on a MOOCs platform.
You are shown a recommended course along with an explanation.
You also have access to information about the course and your past interaction.

Use the explanation, the course information, and the past interaction provided below to evaluate
how effective the explanation is in helping you decide whether to choose the recommended course.

Choose one effectiveness category:
- excellent: extremely effective and strongly motivates course choice
- very good: highly effective and clearly helpful
- good: reasonably effective and somewhat helpful
- moderate: partially helpful but not strong
- poor: ineffective or unhelpful in supporting the decision

Return ONLY this JSON object (no extra text):
{
"label": "<excellent | very good | good | moderate | poor>",
"justification": "<one sentence explaining why this label fits>"
}

Explanation (to be evaluated): {explanation}
Course information (context of the course): {course_info}
Past interaction (your past interactions): {user_history}

Fig. 6.2: Prompt template used for automatic evaluation of explanation effec-
tiveness. The prompt instructs the language model to assess explanation quality from
a learner perspective and to return a structured judgment for a single explanation prop-
erty.

– Correction Ease: how easily a learner could identify which aspects of their profile
influenced the recommendation and could be adjusted if needed.

• Expressiveness related to linguistic and semantic quality:

– Readability: the clarity and ease of understanding of the explanation text.

– Informativeness: the extent to which the explanation provides useful details.

• Pertinence to ensure alignment with the underlying data and reasoning:

– Faithfulness: the accuracy of the explanation with respect to the course informa-
tion and learner history, including the absence of fabricated content.

– Relevance: the degree to which the explanation meaningfully connects the rec-
ommendation to the learner’s past interactions, goals, or interests.

Each explanation is evaluated independently for each property using a five-level ordi-
nal scale: excellent, very good, good, moderate, and poor. For every property, a dedicated
evaluation prompt is constructed, providing the evaluator with the generated explana-
tion, the recommended course information, the learner’s past interaction history, and
a precise definition of the target property and the evaluation criteria. The evaluator is
instructed to return a structured JSON object containing the assigned label and a short
textual justification. This protocol enforces consistency across evaluations and enables
systematic comparison across explanation generation strategies and language models.

LLMs are employed as evaluators to enable fine-grained assessment across a large
number of explanations. In this work, the evaluation is conducted using LLaMA 3.1
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(8B), executed through the Ollama runtime, which is used consistently across all eval-
uation tasks. Each property is evaluated independently, ensuring that judgments re-
main focused on a single quality dimension at a time. To reduce variability, generation
parameters are fixed and evaluation prompts are standardized across all experiments.
While LLM-based evaluation does not replace human judgment, it provides a practi-
cal and reproducible means to analyze explanation behavior at scale. In the context of
this chapter, the evaluation framework is used comparatively, focusing on relative dif-
ferences between models, prompting strategies, and explanation configurations, rather
than absolute quality claims most reliable models for explanation generation, though
their strengths vary across properties, motivating more fine-grained analysis.

Table 6.1: RQ1: Overall Explanation Quality Benchmark. Average and standard
deviation across explanation properties for COCO.

Property Gemma3 LLaMA3.2 Mistral Qwen2.5
Avg Std Avg Std Avg Std Avg Std

Confidence Boost 0.745 0.019 0.761 0.023 0.696 0.034 0.778 0.034
Correlation Ease 0.754 0.037 0.816 0.042 0.877 0.036 0.783 0.029
Context Relevance 0.597 0.040 0.619 0.047 0.584 0.025 0.585 0.008
Decision Speed 0.796 0.013 0.808 0.007 0.782 0.008 0.815 0.010
Effectiveness 0.669 0.015 0.668 0.019 0.654 0.016 0.680 0.022
Faithfulness 0.586 0.017 0.584 0.028 0.586 0.010 0.565 0.006
Informativeness 0.896 0.027 0.907 0.026 0.877 0.036 0.891 0.032
Motivation 0.806 0.018 0.788 0.005 0.778 0.028 0.778 0.014
Readability 0.781 0.004 0.792 0.006 0.778 0.009 0.789 0.005
Satisfaction 0.684 0.028 0.713 0.028 0.654 0.045 0.720 0.029
Transparency 0.687 0.029 0.730 0.026 0.678 0.038 0.725 0.031
Total (Avg) 0.727 0.023 0.744 0.023 0.722 0.026 0.737 0.020

Table 6.2: RQ1: Overall Explanation Quality Benchmark. Average and standard
deviation across explanation properties for MOOCCube.

Property Gemma3 LLaMA3.2 Mistral Qwen2.5
Avg Std Avg Std Avg Std Avg Std

Confidence Boost 0.784 0.018 0.808 0.024 0.784 0.028 0.780 0.018
Correlation Ease 0.800 0.011 0.871 0.022 0.814 0.017 0.838 0.018
Context Relevance 0.717 0.033 0.707 0.030 0.723 0.038 0.705 0.028
Decision Speed 0.823 0.016 0.817 0.011 0.808 0.007 0.802 0.012
Effectiveness 0.628 0.014 0.617 0.014 0.634 0.013 0.639 0.011
Faithfulness 0.647 0.036 0.655 0.018 0.660 0.029 0.665 0.015
Informativeness 0.919 0.026 0.923 0.022 0.903 0.030 0.912 0.012
Motivation 0.793 0.024 0.772 0.007 0.783 0.029 0.753 0.017
Readability 0.809 0.017 0.798 0.001 0.794 0.007 0.800 0.007
Satisfaction 0.737 0.019 0.734 0.019 0.716 0.024 0.733 0.018
Transparency 0.746 0.027 0.769 0.020 0.744 0.030 0.754 0.015
Total (Avg) 0.764 0.022 0.767 0.017 0.767 0.022 0.771 0.015
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Table 6.3: RQ1: Overall Explanation Quality Benchmark. Average and standard
deviation across explanation properties for MOOPer.

Property Gemma3 LLaMA3.2 Mistral Qwen2.5
Avg Std Avg Std Avg Std Avg Std

Confidence Boost 0.876 0.020 0.861 0.012 0.876 0.028 0.879 0.017
Correlation Ease 0.856 0.025 0.901 0.024 0.859 0.016 0.894 0.021
Context Relevance 0.884 0.085 0.887 0.031 0.883 0.011 0.906 0.023
Decision Speed 0.842 0.020 0.826 0.012 0.834 0.028 0.823 0.011
Effectiveness 0.691 0.014 0.672 0.018 0.690 0.020 0.716 0.026
Faithfulness 0.770 0.064 0.745 0.018 0.770 0.039 0.789 0.015
Informativeness 0.965 0.022 0.952 0.019 0.935 0.024 0.973 0.011
Motivation 0.832 0.028 0.805 0.015 0.836 0.047 0.808 0.017
Readability 0.816 0.025 0.791 0.004 0.796 0.013 0.801 0.004
Satisfaction 0.794 0.020 0.780 0.016 0.763 0.020 0.805 0.013
Transparency 0.773 0.030 0.786 0.014 0.765 0.021 0.796 0.012
Total (Avg) 0.828 0.031 0.830 0.017 0.830 0.026 0.844 0.016

Table 6.4: RQ1: Overall Explanation Quality Benchmark. Average and standard
deviation across explanation properties for PEEK.

Property Gemma3 LLaMA3.2 Mistral Qwen2.5
Avg Std Avg Std Avg Std Avg Std

Confidence Boost 0.722 0.015 0.718 0.034 0.712 0.021 0.734 0.020
Correlation Ease 0.754 0.017 0.768 0.026 0.736 0.012 0.747 0.014
Context Relevance 0.568 0.032 0.557 0.024 0.558 0.046 0.570 0.049
Decision Speed 0.793 0.015 0.779 0.014 0.780 0.010 0.782 0.026
Effectiveness 0.600 0.011 0.561 0.021 0.597 0.008 0.580 0.015
Faithfulness 0.605 0.025 0.504 0.027 0.532 0.030 0.538 0.040
Informativeness 0.897 0.021 0.854 0.034 0.848 0.034 0.870 0.017
Motivation 0.751 0.020 0.722 0.007 0.739 0.036 0.729 0.029
Readability 0.810 0.017 0.782 0.008 0.791 0.005 0.796 0.015
Satisfaction 0.675 0.019 0.628 0.035 0.648 0.024 0.638 0.021
Transparency 0.700 0.030 0.688 0.035 0.689 0.035 0.711 0.012
Total (Avg) 0.716 0.021 0.678 0.024 0.693 0.024 0.718 0.022

6.3 Experimental Results

This section presents the experimental results of the explanation generation and eval-
uation pipeline described in Section 6.2. The analysis is structured around three research
questions, each addressing a distinct aspect of explanation quality in LLM-based expla-
nation generation for lifelong learning decision support. Results are reported across four
educational datasets and four LLMs, using the 11 properties introduced earlier.

6.3.1 RQ1: Overall Explanation Quality Benchmark

This research question investigates how different LLMs perform across explanation
properties and datasets, and which models are most effective for specific explanation
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dimensions. Tables 6.1- 6.4 report the overall performance (Avg ± Std) across the expla-
nation properties for the COCO, MOOCCube, MOOPer, and PEEK datasets, respectively.

Results reveal that, across all datasets, no single model consistently dominates all
properties, highlighting the multi-dimensional nature of explanation quality. However,
LLaMA3.2 andQwen 2.5 consistently achieve higher overall mean scores across datasets,
with Qwen 2.5 obtaining the best total mean on MOOCCube (0.771), MOOPer (0.844),
and PEEK (0.718), and competitive performance on COCO (0.737). The property-level
analysis reveals that Informativeness and Readability achieve the highest scores across
all models and datasets, indicating that LLMs are particularly effective at generating de-
tailed and linguistically clear explanationswhen grounded in structured paths. However,
Faithfulness and Context Relevance exhibit comparatively lower scores, especially on
sparser datasets such as PEEK, confirming the challenge of maintaining strict grounding
in learner history and knowledge graph content. Dataset characteristics also influence
results. MOOPer, which provides richer and more structured learner-resource relations,
yields consistently higher scores across most properties, whereas PEEK presents lower
overall performance, particularly for faithfulness-related dimensions. These findings
suggest that explanation quality is strongly dependent on both the language model and
the underlying data structure. Nevertheless, Qwen 2.5 and LLaMA 3.2 emerge as the
most viable models for the task of natural language explanation on top of paths.

6.3.2 RQ2: Professional vs. Motivational Explanation Contexts

In this second analysis, we examine how explanation quality differs between profes-
sional and motivational tone, focusing on the two best-performing models identified in
RQ1. Tables 6.5- 6.8 present a comparative analysis between professional and motiva-
tional explanations for LLaMA 3.2 and Qwen 2.5 across the four datasets.

Table 6.5: RQ2: Professional vs Motivational Explanation Quality. Average and
standard deviation across explanation properties for COCO.

Property LLaMA3.2 Qwen2.5
Professional Motivational Professional Motivational
Avg Std Avg Std Avg Std Avg Std

Confidence Boost 0.783 0.004 0.750 0.020 0.810 0.001 0.763 0.031
Correlation Ease 0.861 0.001 0.794 0.034 0.813 0.006 0.768 0.023
Context Relevance 0.682 0.002 0.587 0.018 0.593 0.004 0.581 0.006
Decision Speed 0.811 0.004 0.806 0.008 0.816 0.001 0.815 0.014
Effectiveness 0.691 0.001 0.656 0.013 0.700 0.002 0.670 0.020
Faithfulness 0.619 0.007 0.566 0.014 0.561 0.006 0.567 0.005
Informativeness 0.937 0.004 0.893 0.020 0.921 0.002 0.876 0.030
Motivation 0.782 0.003 0.792 0.003 0.775 0.001 0.779 0.020
Readability 0.798 0.000 0.788 0.006 0.795 0.000 0.786 0.003
Satisfaction 0.745 0.005 0.697 0.019 0.748 0.000 0.705 0.022
Transparency 0.760 0.001 0.714 0.019 0.760 0.003 0.708 0.025
Total (Avg) 0.788 0.003 0.750 0.018 0.781 0.002 0.745 0.021
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Table 6.6: RQ2: Professional vs Motivational Explanation Quality. Average and
standard deviation across explanation properties for MOOCube.

Property LLaMA3.2 Qwen2.5
Professional Motivational Professional Motivational
Avg Std Avg Std Avg Std Avg Std

Confidence Boost 0.829 0.002 0.798 0.028 0.770 0.013 0.785 0.018
Correlation Ease 0.884 0.006 0.865 0.024 0.822 0.020 0.846 0.021
Context Relevance 0.731 0.001 0.695 0.032 0.682 0.003 0.717 0.031
Decision Speed 0.826 0.005 0.813 0.011 0.790 0.002 0.809 0.010
Effectiveness 0.624 0.001 0.613 0.014 0.638 0.010 0.640 0.011
Faithfulness 0.670 0.001 0.647 0.018 0.661 0.005 0.667 0.017
Informativeness 0.937 0.004 0.915 0.024 0.907 0.002 0.914 0.013
Motivation 0.767 0.003 0.775 0.008 0.731 0.010 0.764 0.008
Readability 0.798 0.001 0.798 0.001 0.797 0.001 0.802 0.007
Satisfaction 0.747 0.001 0.728 0.022 0.727 0.001 0.736 0.008
Transparency 0.783 0.001 0.762 0.019 0.770 0.002 0.756 0.015
Total (Avg) 0.800 0.002 0.783 0.021 0.781 0.006 0.785 0.017

Table 6.7: RQ2: Professional vs Motivational Explanation Quality. Average and
standard deviation across explanation properties for MOOPer.

Property LLaMA3.2 Qwen2.5
Professional Motivational Professional Motivational
Avg Std Avg Std Avg Std Avg Std

Confidence Boost 0.873 0.008 0.856 0.009 0.863 0.003 0.888 0.014
Correlation Ease 0.913 0.025 0.895 0.028 0.874 0.006 0.905 0.021
Context Relevance 0.922 0.021 0.870 0.020 0.886 0.001 0.916 0.024
Decision Speed 0.816 0.006 0.831 0.011 0.810 0.003 0.830 0.007
Effectiveness 0.682 0.013 0.667 0.018 0.714 0.015 0.718 0.032
Faithfulness 0.765 0.006 0.735 0.016 0.780 0.009 0.794 0.014
Informativeness 0.973 0.004 0.942 0.016 0.962 0.003 0.979 0.010
Motivation 0.795 0.006 0.810 0.012 0.788 0.011 0.819 0.009
Readability 0.791 0.001 0.791 0.002 0.798 0.001 0.802 0.002
Satisfaction 0.786 0.014 0.777 0.017 0.792 0.008 0.812 0.014
Transparency 0.799 0.004 0.779 0.011 0.795 0.001 0.797 0.016
Total (Avg) 0.830 0.011 0.808 0.016 0.829 0.006 0.840 0.017

Results show that professional tone outperform motivational ones across most prop-
erties, particularly for Transparency, Informativeness, Faithfulness, and Correlation
Ease. In particular, Motivational explanations tone, while often scoring slightly lower in
transparency and faithfulness, show competitive or higher scores for Motivation-related
properties, especially in datasets with richer learner profiles such as MOOPer. This sug-
gests that motivational framing can enhance engagement-oriented properties, albeit at
the cost of stricter grounding. Overall, we uncovered a trade-off between explanatory
rigor and motivational expressiveness: professional contexts favoring transparency and
faithfulness, while motivational contexts emphasizing engagement-related dimensions.
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Table 6.8: RQ2: Professional vs Motivational Explanation Quality. Average and
standard deviation across explanation properties for PEEK.

Property LLaMA3.2 Qwen2.5
Professional Motivational Professional Motivational
Avg Std Avg Std Avg Std Avg Std

Confidence Boost 0.753 0.014 0.700 0.027 0.717 0.018 0.743 0.018
Correlation Ease 0.783 0.010 0.761 0.027 0.736 0.020 0.753 0.010
Context Relevance 0.569 0.013 0.551 0.029 0.545 0.005 0.583 0.059
Decision Speed 0.796 0.013 0.771 0.005 0.760 0.004 0.794 0.025
Effectiveness 0.578 0.004 0.553 0.023 0.573 0.005 0.584 0.014
Faithfulness 0.540 0.003 0.487 0.018 0.532 0.011 0.542 0.045
Informativeness 0.887 0.012 0.838 0.026 0.861 0.001 0.875 0.016
Motivation 0.721 0.006 0.722 0.007 0.688 0.012 0.750 0.019
Readability 0.782 0.003 0.782 0.009 0.791 0.002 0.799 0.017
Satisfaction 0.657 0.002 0.613 0.032 0.633 0.008 0.641 0.013
Transparency 0.721 0.005 0.673 0.026 0.717 0.004 0.708 0.013
Total (Avg) 0.728 0.008 0.679 0.023 0.714 0.008 0.729 0.023

Table 6.9: RQ3: Explanation Quality over Motivational Contexts. Average and
standard deviation across explanation properties for COCO.

Property Formal L4C Non-formal L4P
Confidence Boost 0.802 0.780 0.718 0.750
Correlation Ease 0.795 0.777 0.730 0.769
Context Relevance 0.578 0.590 0.572 0.584
Decision Speed 0.832 0.821 0.799 0.809
Effectiveness 0.692 0.682 0.637 0.667
Faithfulness 0.563 0.568 0.563 0.575
Informativeness 0.914 0.888 0.833 0.870
Motivation 0.802 0.783 0.753 0.778
Readability 0.789 0.786 0.782 0.786
Satisfaction 0.736 0.717 0.665 0.703
Transparency 0.739 0.717 0.676 0.701
Total (Avg) 0.749 0.738 0.703 0.754

6.3.3 RQ3: Impact of Learning Contexts on Motivational Tone

In this third and final analysis, we explore how different learning contexts—formal,
non-formal, learning-for-credits (L4C), and learning-for-pleasure (L4P) affects motiva-
tional explanations for the best-performing model per dataset. Tables 6.9- 6.12 demon-
strates results for the top-performingmodel on each dataset, focusing exclusively onmo-
tivational explanations. Across datasets, formal and L4C contexts consistently achieve
higher scores for Faithfulness, Transparency, and Effectiveness, while non-formal and
L4P contexts tend to favor Motivation and Satisfaction-related properties. For instance,
on MOOPer and MOOCCube, formal contexts yield the highest total mean scores, re-
flecting the benefit of structured learning objectives and clearer learner intent. Con-
versely, non-formal contexts show improvements in Motivation and Readability, par-
ticularly in datasets with diverse learner interactions. While, PEEK exhibits the largest
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Table 6.10: RQ3: Explanation Quality over Motivational Contexts. Average and
standard deviation across explanation properties for MOOCube.

Property Formal Non-formal L4C L4P
Confidence Boost 0.804 0.780 0.793 0.761
Correlation Ease 0.858 0.837 0.854 0.835
Context Relevance 0.690 0.756 0.703 0.717
Decision Speed 0.808 0.822 0.803 0.802
Effectiveness 0.653 0.624 0.643 0.641
Faithfulness 0.642 0.688 0.663 0.673
Informativeness 0.921 0.929 0.907 0.899
Motivation 0.757 0.776 0.763 0.760
Readability 0.796 0.813 0.797 0.800
Satisfaction 0.745 0.730 0.740 0.727
Transparency 0.776 0.735 0.761 0.751
Total (Avg) 0.768 0.772 0.766 0.761

Table 6.11: RQ3: Explanation Quality over Motivational Contexts. Average and
standard deviation across explanation properties for MOOPer.

Property Formal Non-formal L4C L4P
Confidence Boost 0.896 0.869 0.907 0.879
Correlation Ease 0.916 0.872 0.927 0.905
Context Relevance 0.937 0.881 0.937 0.908
Decision Speed 0.820 0.837 0.831 0.833
Effectiveness 0.731 0.668 0.729 0.742
Faithfulness 0.797 0.785 0.780 0.812
Informativeness 0.981 0.987 0.982 0.967
Motivation 0.813 0.817 0.814 0.831
Readability 0.800 0.804 0.800 0.804
Satisfaction 0.826 0.789 0.815 0.817
Transparency 0.808 0.771 0.804 0.805
Total (Avg) 0.848 0.830 0.848 0.852

variability across contexts, with non-formal explanations outperforming formal ones
in several properties. This behavior reflects the dataset’s heterogeneous nature, where
motivational framing may compensate for limited historical grounding. In summary, we
found that learning context significantly influences explanation quality, and that no sin-
gle explanation style is optimal across all scenarios. Instead, context-aware explanation
strategies are required to balance faithfulness, transparency, and learner engagement.

6.4 Discussion and Implications

The LLMs can effectively enhance the accessibility and expressiveness of explana-
tions in knowledge-aware educational decision support systems, when their generation
process is explicitly grounded in structured reasoning paths. This chapter demonstrates
how path-based explanations derived from educational knowledge graphs can be trans-
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Table 6.12: RQ3: Explanation Quality over Motivational Contexts. Average and
standard deviation across explanation properties for PEEK.

Property Formal Non-formal L4C L4P
Confidence Boost 0.737 0.748 0.768 0.720
Correlation Ease 0.744 0.757 0.768 0.742
Context Relevance 0.542 0.678 0.552 0.559
Decision Speed 0.769 0.830 0.790 0.786
Effectiveness 0.570 0.603 0.592 0.571
Faithfulness 0.489 0.612 0.528 0.537
Informativeness 0.868 0.901 0.875 0.857
Motivation 0.676 0.699 0.725 0.755
Readability 0.785 0.825 0.794 0.793
Satisfaction 0.631 0.656 0.654 0.624
Transparency 0.714 0.694 0.725 0.698
Total (Avg) 0.684 0.727 0.726 0.716

formed into fluent and context-sensitive natural language without sacrificing alignment
with the underlying decision logic. The results highlight which explanation properties
are most reliably supported by current language models, and how explanation quality
varies across models, learning contexts, and tone settings.

However, LLMs improve the linguistic realization of explanations, they do not replace
the foundational role of knowledge representation and reasoning. Explanation faithful-
ness and contextual relevance remain strongly dependent on the quality of the ontology
design and the reasoning paths introduced in the earlier chapters. This confirms that
explainability in lifelong learning decision support must be addressed holistically, span-
ning representation, reasoning, interaction, and communication.

With this chapter, the thesis completes its investigation of knowledge-aware methods
for explainable decision support in lifelong learning, progressing from learner-centered
ontology design Chapter 3, to conversational interaction Chapter 4, to path-based rea-
soningChapter 5, and finally to natural language explanation generation. The final chap-
ter synthesizes these contributions, reflects on their broader implications, and outlines
future directions toward trustworthy, user-aligned, and explainable AI systems.





Chapter 7

Conclusions

In this thesis, we investigated the design, evaluation, and application of knowledge-
aware methods for explainable decision support in lifelong learning. The research fo-
cused on how structured knowledge representations, reasoning mechanisms, and large
languagemodels can be integrated to support transparent, trustworthy, and user-aligned
educational decision-making. To this end, we designed, analyzed, and evaluated a set of
methods spanning ontology design, conversational interaction, path-based recommen-
dation, and natural language explanation generation.

7.1 Contribution Summary

The research conducted in this thesis provides the following main contributions:

• We introduced a learner-centered educational ontology (and four resulting knowledge
graphs) that explicitlymodels learners, competencies, objectives, and resources to sup-
port explainability by construction. The ontology enables semantically grounded rea-
soning paths that make outputs transparent at the knowledge representation level.

• We designed a conversational interface for educational knowledge graph exploration,
leveraging large language models to mediate between users and structured knowl-
edge. This interface lowers cognitive and technical barriers, enabling interactive and
explainable dialogue over complex educational knowledge graphs.

• We investigated path-based recommendation methods for educational decision sup-
port, demonstrating how structured reasoning paths can provide faithful and inter-
pretable reasoning for recommendations. These methods establish a clear link be-
tween learner history, educational structure, and recommended learning actions.

• We proposed a knowledge-aware natural language explanation generation pipeline
that combines path-based reasoning with large language models to produce fluent,
context-sensitive natural language explanations. The approach preserves faithfulness
to the reasoning logic while improving explanation accessibility and expressiveness.



68 Section 7.2. Limitations and Open Research Issues

It is worth noting that the contributions of this thesis collectively show that explain-
able decision support in lifelong learning cannot be addressed by isolated techniques.
Instead, explainability emerges from the integration of knowledge modeling, reasoning,
interaction, and communication. While some components were primarily evaluated in
controlled experimental settings, the proposed methods are designed with real-world
educational platforms in mind, and their limitations are discussed below.

7.2 Limitations and Open Research Issues

While each chapter has provided several insights specific to the knowledge modeling,
decision support, and interaction, the contributions presented in this thesis allows us
to make also broader conclusions that are commonly shared and, subsequently, derive
important limitations that motivate future research along these lines:

• The effectiveness of knowledge-aware decision support systems is strongly depen-
dent on the availability and quality of structured educational data. Although multiple
datasets and knowledge graphs were used in this thesis, limitations in data complete-
ness, sparsity, and heterogeneity remain a challenge for large-scale deployment.

• Ontology-driven representations enable explainability by construction, but they re-
quire careful design choices and domain expertise. Modeling learner goals, competen-
cies, and educational relations remains a complex process, and suboptimal modeling
decisions may limit the interpretability of downstream reasoning and explanations.

• Path-based recommendationmethods provide faithful and interpretable reasoning, yet
their performance is sensitive to the structure of the underlying knowledge graph.
Sparse learner interactions or shallow semantic relations can constrain the relevance
of extracted reasoning paths and therefore limit the decision-support effectiveness.

• Large language models improve the accessibility and fluency of explanations, but their
behavior remains difficult to fully control. Despite grounding mechanisms, ensur-
ing consistent faithfulness and avoiding subtle deviations from underlying reasoning
paths remains an open issue, particularly across diverse datasets and contexts.

• Automatic, property-based evaluation enables scalable assessment of explanation
quality, but it cannot fully capture human perception and cognitive impact. The ab-
sence of direct user feedback limits the extent to which explanation effectiveness can
be assessed from a learner-centered perspective.

• The integration of multiple components (i.e., ontology design, reasoning models, con-
versational interfaces, and language models) introduces system-level complexity. Co-
ordinating these components while maintaining transparency, robustness, and effi-
ciency remains a non-trivial challenge for real-world educational platforms.
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7.3 Future Work Directions

Motivated by the identified limitations, the research presented in this thesis advances
knowledge-aware methods for explainable decision support in lifelong learning, but still
several research directions remain open and deserve further investigation:

• Scalable Educational Knowledge Graphs. While this thesis demonstrates the ef-
fectiveness of learner-centered ontologies and educational knowledge graphs, future
work should focus on constructing larger, continuously evolving knowledge graphs
that integrate data from multiple platforms and institutions. This would enable
broader coverage of learning domains and support more diverse learning scenarios.

• Generalization of Path-Based Reasoning Methods. Path-based recommendation
methods show strong explainability properties but remain sensitive to graph structure
and data sparsity. Future research should investigate techniques that improve general-
ization across datasets, learning contexts, and educational domains, including hybrid
reasoning strategies that combine symbolic paths with learned representations.

• Context-Aware Explanation Strategies. Results from this thesis indicate that expla-
nation effectiveness varies across explanation tone and contexts. Future work should
explore adaptive explanation mechanisms that dynamically adjust explanation style,
depth, and framing based on learner goals, context, and interaction history.

• Human-Centered Evaluation of Explanations. Although this thesis adopts scal-
able, offline evaluation methods, future research should complement assessment with
user studies involving learners and educators. Such evaluations would provide deeper
insights into the long-term learning outcomes associated with different strategies.

• Ethical and Governance Aspects. As knowledge-aware decision support systems
become increasingly integrated into lifelong learning platforms, future work should
address ethical considerations related to fairness, accountability, transparency, and
data governance. Developing evaluation frameworks and design principles that oper-
ationalize these properties remains a key research challenge.

The rapid evolution of artificial intelligence in education suggests that knowledge-
aware and explainable decision support systems will play an increasingly central role in
lifelong learning. By extending the methods proposed in this thesis along the directions
outlined above, future research can further enhance the reliability, trustworthiness, and
societal impact of AI-driven educational systems.
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