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Resumo

A crescente complexidade do ensino de engenharia e a rdpida expansio dos recursos digitais cri-
aram novos desafios na gestdo, recuperacdo e personalizacdo do acesso ao conhecimento. Esta
dissertacdo apresenta o desenho, implementacdo e avaliacdo de um sistema inteligente de gestdo
do conhecimento desenvolvido para responder as exigéncias especificas do ensino de engenharia.
O sistema proposto integra pesquisa semantica, recomendagdes baseadas em grafos e percursos
de aprendizagem modulares, de forma a apoiar experiéncias de aprendizagem estruturadas e cen-
tradas no utilizador. A arquitetura da plataforma combina uma base de dados PostgreSQL, Elas-
ticsearch para recuperagdo semantica e Neo4j para recomendagdes personalizadas com base nas
interacdes e nos relacionamentos entre conteidos. Foi realizada uma avaliagdo com métodos mis-
tos para analisar o desempenho técnico, a usabilidade e a relevancia educacional da plataforma.
Os resultados indicaram que a funcionalidade de pesquisa semantica permitiu uma recuperacao
de informagdo mais contextualizada do que a simples correspondéncia de palavras-chave (MAP
= (0.627, Recall@5 = 0.714). O sistema de recomendacdes apresentou sugestdes relevantes em
varios contextos da plataforma, com uma precisao elevada na correspondéncia entre os contetidos
recomendados e os interesses e objetivos de aprendizagem dos utilizadores. O feedback qualitativo
destacou também a usabilidade, a clareza da interface e o valor educativo alcancado. No entanto,
a avaliagdo apresentou algumas limitagdes, nomeadamente a escassez e reduzida diversidade dos
recursos e contetidos de aprendizagem disponiveis no sistema, bem como a impossibilidade de
realizar uma avaliacdo de longo prazo que permitisse aferir os impactos reais nos resultados de
aprendizagem. Apesar destas restrigdes, os resultados obtidos demonstram o potencial das tec-
nologias inteligentes para apoiar ambientes educativos inclusivos, adaptativos e centrados nos
estudantes, em conformidade com os principios da Educagao 5.0.

Palavras-chave: Gestdo de Conhecimento, Sistemas de Gestdo de Conhecimento, Educacdo em
Engenharia, Pesquisa Semantica, Sistema de Recomendagdo Baseado em Grafos, Percursos de
Aprendizagem Modulares, Educacdo 5.0
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Abstract

The growing complexity of engineering education and the rapid expansion of digital resources
have created new challenges in managing, retrieving, and personalizing access to knowledge. This
thesis presents the design, implementation, and evaluation of an intelligent knowledge manage-
ment system developed to address the specific needs of engineering education. The proposed
system integrates semantic search, graph-based recommendations, and modular learning paths
to support structured, user-centered learning experiences. The platform architecture combines
a PostgreSQL database, Elasticsearch for semantic retrieval, and Neo4;j for personalized recom-
mendations based on user interactions and content relationships. A mixed-methods evaluation was
conducted to assess technical performance, usability, and educational relevance. Results indicated
that the semantic search feature enabled more context-aware information retrieval beyond basic
keyword matching (MAP = 0.627, Recall@5 = 0.714). The recommendation system provided
relevant suggestions across multiple contexts within the platform, with consistently high preci-
sion in aligning recommendations to user interests and learning goals. Qualitative feedback also
highlighted the usability of the platform, the clarity of the interface and the perceived educational
value. However, the evaluation was subject to certain limitations, including the scarcity and lim-
ited diversity of available learning materials within the system, as well as the lack of a long-term
assessment to measure learning outcomes over time. Despite these constraints, the findings illus-
trate the potential of intelligent technologies to support inclusive, adaptive and learner-centered
educational environments aligned with the principles of Education 5.0.

Keywords: Knowledge Management, Knowledge Management Systems, Engineering Education,
Semantic Search, Graph-Based Recommendation System, Modular Learning Paths, Education 5.0
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Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs) provide a global framework to achieve
a better and more sustainable future for all. It includes 17 goals to address the world’s most press-
ing challenges, including poverty, inequality, climate change, environmental degradation, peace,
and justice.

The specific Sustainable Development Goals mentioned have the following names:

SDG 4 Ensure inclusive and equitable quality education and promote lifelong learning opportu-
nities for all

SDG 9 Build resilient infrastructure, promote inclusive and sustainable industrialization and fos-
ter innovation

SDG | Target | Contribution Performance Indicators and
Metrics
4.3 Facilitates access to affordable and | Number of learning paths com-
4 flexible higher education resources | pleted; User engagement with
through open learning paths and intel- | recommended resources
ligent content discovery.

4.4 Promotes development of technical | Increase in interactions per ses-
and digital skills in engineering stu- | sion; Qualitative feedback on
dents by improving access to struc- | learning support
tured, personalized content.

4.7 Encourages learner autonomy and | User satisfaction with learning ex-
personalized pathways, fostering | perience; Number of personalized
competencies aligned with sustain- | paths completed
able development, digital literacy,
and global citizenship.

9 9.5 Supports research and innovation by | System modularity; Scalability of
proposing a replicable architecture | platform across disciplines
using modern technologies (Node.js,
React, Neo4j, Elasticsearch, semantic
ranking).

9.c Enhances educational infrastructure | System responsiveness and avail-
through intelligent, adaptable tools | ability; Number of distinct users;
that support more efficient and inclu- | Recommendation coverage
sive digital learning environments.
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Chapter 1

Introduction

1.1 Context

Engineering education involves complex and ever-evolving fields of knowledge that require stu-
dents to engage with a wide range of technical content. The continuous advancement of tech-
nology and engineering practices leads to a growing volume of educational resources, including
lecture materials, technical documentation, scientific articles, and online tutorials. Navigating this
abundance of information can be challenging, particularly when students must integrate concepts
across multiple domains such as mathematics, computer science, and applied engineering.

In this context, efficient access to relevant knowledge plays a critical role in supporting stu-
dents’ academic success and engagement. However, traditional systems for managing educational
content often lack the structure, adaptability, and intelligence required to assist learners in find-
ing and organizing the most pertinent resources. These systems typically rely on static reposito-
ries, limited keyword-based search, and generic content listings that do not account for individual
learning needs or content relevance. As a result, students may encounter information overload,
redundant resources, or difficulty locating the materials best suited to their current learning goals.

Knowledge management systems (KMS) have been proposed as a technological solution to
capture, organize, and distribute knowledge within both organizational and educational contexts.
In theory, these systems should enhance knowledge discovery, support resource sharing, and en-
able users to interact with content in meaningful ways. In practice, however, many KMS imple-
mentations in academic settings fall short. They often prioritize document storage over usability
and learning effectiveness, offering limited support for personalization, dynamic exploration, or
progress tracking. Moreover, such systems are frequently designed with administrative goals in
mind rather than student-centered learning processes.

In engineering education specifically, where understanding is built through the accumulation
and contextualization of interrelated knowledge, the shortcomings of traditional KMS become
more pronounced. Students must not only retrieve accurate information but also connect it to

existing knowledge, apply it in problem-solving scenarios, and adapt it to evolving academic or
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professional needs. Without intelligent tools that can facilitate this process, learners are left to

navigate complex resource ecosystems with minimal guidance or support.

1.2 Motivation

The challenges outlined above highlight a growing need for more effective and intelligent systems
that support learning in engineering education. As digital content continues to expand, students
require not just access to resources but structured guidance in navigating and engaging with that
content. Simply providing a collection of documents is no longer sufficient. At this time and age,
learners benefit from tools that adapt to their needs, anticipate their learning goals, and streamline
the discovery of relevant materials.

Intelligent technologies such as semantic search and recommendation systems offer promising
solutions. These tools can analyze user behavior, content relationships, and contextual factors to
deliver tailored learning experiences. In educational settings, this means students could receive
recommendations for resources based on their progress, preferred content types, or learning ob-
jectives. Such capabilities are commonly used in commercial environments like e-commerce and
social media applications but remain underutilized in academic platforms.

In the context of engineering education, integrating intelligent features into a KMS could
bridge the gap between resource availability and educational value. A system that understands
user context can prioritize content that aligns with both short-term goals (e.g., completing an
assignment) and long-term development (e.g., mastering a topic). Additionally, features such
as progress tracking and interactive assessments can reinforce learning and provide meaningful
feedback loops.

This thesis is motivated by the opportunity to combine these capabilities into a cohesive plat-
form designed specifically for students and educators in engineering disciplines. By exploring how
semantic retrieval, personalization, and modular content organization can be embedded within a
user-centered KMS, the work aims to contribute a practical and scalable solution to ongoing chal-

lenges in educational resource management.

1.3 Problem

Despite the availability of digital platforms and content repositories, students and educators often
face difficulties in managing and retrieving relevant knowledge. Existing systems tend to treat
content as static information, presenting it through generic lists or unstructured databases. These
approaches do not support the evolving nature of learning or accommodate individual differences
in background knowledge, learning pace, or educational goals.

Traditional keyword-based search mechanisms remain a dominant feature in many platforms,
but they offer limited semantic understanding and contextual relevance. As a result, students may

receive long, unordered lists of results that do not consider their intent or academic progression.
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This can lead to frustration, cognitive overload, and disengagement, particularly when learners are
forced to manually sift through irrelevant or redundant materials.

Additionally, existing platforms often lack built-in mechanisms for structured learning. Fea-
tures such as module-based progression, milestone tracking, or adaptive content sequencing are
rarely implemented. Without such elements, students are left with a fragmented experience that
fails to guide them through coherent learning paths. Similarly, most systems do not utilize inter-
action data to improve content recommendations or reflect learner progress.

These challenges are particularly critical in engineering education, where building on what
you’ve learned and putting it in context is often necessary for understanding. When systems
cannot adapt to the learner’s needs or guide them effectively, opportunities for deeper engagement
and skill development are lost. Addressing these gaps requires a platform that combines intelligent
content retrieval with personalized learning support. This platform should be able to respond
to how students behave, give useful suggestions, and organize content in ways that meet real

educational needs.

1.4 General Goals

The primary goal of this dissertation is to develop an intelligent knowledge management system
that improves how engineering students and educators access, organize, and engage with educa-
tional resources. This thesis seeks to demonstrate how personalized information retrieval, seman-
tic technologies, and user-aware design principles can be integrated into a single platform that
enhances the learning experience.

The following general goals guided the development of the system:

* Investigate the use of semantic web and recommendation techniques to improve the rele-

vance and precision of retrieved educational content.

* Develop a modular and scalable web-based platform that allows students and educators to

organize and explore knowledge through structured learning modules.

* Incorporate features that enable personalized recommendations based on student prefer-

ences and interaction history.

* Implement mechanisms for tracking progress within learning paths to support continuous

and goal-oriented learning.

* Ensure that the system remains accessible and adaptable by using open-source tools and

lightweight, cloud-compatible technologies.

* Align the platform’s development with current challenges in engineering education, ensur-

ing its usability and relevance for both students and educators.

These goals were shaped by the following research questions, which defined the overall direc-

tion of the platform and guided the approach taken during the design and implementation:
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RQ1: What design strategies can be applied to implement a knowledge management system

that accommodates the varying needs of students and educators in engineering education?

RQ2: How can intelligent technologies enhance information retrieval, personalization, and

resource accessibility in knowledge management systems for engineering education?

RQ3: What are the existing gaps and limitations in knowledge management systems for

engineering education, and how can they be addressed through innovative approaches?

RQ4: How can the effectiveness of an intelligent KMS be evaluated in terms of user satis-

faction, learning outcomes, and system performance in engineering education?

By aligning the design and development of the system with these research objectives, the im-

plemented platform serves as a proof of concept of how intelligent features and learner-oriented

tools can improve knowledge accessibility, organization, and discovery in educational environ-

ments.

1.5

Dissertation Structure

In addition to the introduction, the chapters of this dissertation are structured as follows:

Chapter 2 — Background: Introduces the conceptual and technological foundations of the
project, covering knowledge management systems, engineering education, Education 5.0,

and intelligent technologies such as semantic search and recommendation systems.

Chapter 3 - Literature Review: Describes the methodology used for literature collec-
tion and screening, and synthesizes related research that informed the system’s design and

innovation focus.

Chapter 4 — Implementation: Details the architecture and core components of the devel-
oped platform, including semantic search, graph-based recommendations, learning paths,

and interface features.

Chapter 5 — Evaluation: Presents the methods used to assess the system’s performance,

usability, and educational impact, supported by quantitative and qualitative metrics.

Chapter 6 — Discussion: Interprets the key findings in relation to the research questions,
discusses limitations and methodological reflections, and explores broader implications.

Chapter 7 — Conclusion: Summarizes the main contributions of the project and outlines

directions for future research and development.



Chapter 2
Background

This chapter establishes the conceptual and technological foundations that support the design and
implementation of the intelligent KMS proposed in this thesis. It introduces the core principles of
knowledge management, its relevance in engineering education, and the intelligent features that

enhance knowledge discovery and personalization.

2.1 Knowledge Management and Knowledge Management Systems

Knowledge exists in two primary forms: explicit knowledge, which is formal, codified, and easily
shared (e.g., documents, manuals), and tacit knowledge, which is personal, experience-based,
and harder to articulate [44]. Managing both forms of knowledge is essential for organizational
learning and innovation.

According to Davenport and Prusak [9], knowledge management (KM) is the process of cap-
turing, distributing, and using knowledge effectively within an organization. It involves a sys-
tematic approach to identifying valuable knowledge assets and ensuring they are accessible and
applicable across various organizational contexts. Alavi and Leidner [2] further emphasize that
KM encompasses activities related to knowledge creation, storage, transfer, and application, often
supported by digital technologies.

A knowledge management system refers to a technology-based system designed to support
these KM processes. In the context of education, a KMS serves as a digital infrastructure that fa-
cilitates the creation, organization, and dissemination of institutional knowledge, including teach-
ing materials, curriculum designs, best practices, and research outputs [8, 55]. By making this
collective knowledge accessible to educators and students, KMSs promote collaboration, innova-
tion, and institutional memory. They play a critical role in preserving pedagogical expertise and

improving decision-making in academic planning and delivery.

2.1.1 Knowledge Management Life Cycle

The knowledge management life cycle refers to the systematic stages through which knowledge

is created, organized, shared, and applied within an organization. As the field of KM has evolved,
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various models have been proposed to guide effective knowledge practices that support innovation,
informed decision-making, and continuous learning. These models have become increasingly
sophisticated, reflecting both the complexity of modern organizations and the integration of KM
into digital platforms like Knowledge Management Systems.

One of the earliest and most influential models is the Knowledge Management Process Frame-

work by Bukowitz and Williams [4], which is illustrated in Figure 2.1.

Tactical Strategic
Triggered by market-driven Triggered by shifis in the
opportunity or demand macro-environment

Knowledge-based Assets
Knowledge repositories
Relationships
Information technology
Communication infastr.
Env. responsiveness
Organizational intelligence
Failure
External sources

Lost
opportunity

i

Figure 2.1: Bukowitz and Williams knowledge management process framework. [4]

This framework distinguishes between tactical knowledge processes that address immediate
operational needs and strategic processes that build long-term capabilities. It includes intercon-
nected phases such as use, get, learn/contribute, assess, build/sustain, and divest that align knowl-
edge activities with business value creation and strategic goals.

Building upon this foundation, McElroy proposed a more innovation-centered view in his
Knowledge Life Cycle (KLC) model [38], shown in Figure 2.2.
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r 1
Knowledge processing environment
Kr.mw ledge —p | Organizational |[———p | Knowledge
production knowledge integration
Double-loop learning T l Beliefs and claims
Business processing Single-loop learning Distributed organizational
environment < - , # | knowledge base
L Beliefs and claims
3 4

Figure 2.2: McElroy’s knowledge life cycle [38]

The model distinguishes between a knowledge processing environment and a business pro-
cessing environment, connected through both single-loop and double-loop learning. It illustrates
how organizational knowledge is created, integrated, and stored in a distributed knowledge base.
Knowledge production responds to gaps identified in business processes, while beliefs and claims
feed both learning loops. This cyclical interaction enables continuous innovation, learning, and
refinement of organizational knowledge.

A more recent contribution is the Knowledge Management Cycle (KMC) by Evans et al. [18],

depicted in Figure 2.3.
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Figure 2.3: The knowledge management cycle model [18]
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This model outlines seven iterative phases: identify, store, share, use, learn, improve, and
create, with an emphasis on feedback loops and continuous refinement. It is particularly suited for
environments like education, where knowledge is collaboratively generated, frequently updated,
and context-dependent.

Despite their structural differences, all three models share core phases such as knowledge
identification, creation or acquisition, storage, sharing, and application. What differentiates them
is their emphasis: Bukowitz and Williams [4] focus on strategic alignment, McElroy [38] empha-
sizes innovation and knowledge production, while Evans et al. [18] promote iteration and learning
within a continuous cycle.

In dynamic contexts like higher education, these models are best interpreted as non-linear
and adaptable. For instance, a teacher might gain insights through classroom interactions, apply
them in future lessons, and contribute new learning materials, which demonstrates the fluid and
recursive nature of the KM cycle.

Designing a KMS for education, therefore, requires a flexible interpretation of the KM life cy-
cle. Since educational knowledge is often tacit, collaborative, and evolving, the system should not
only enable structured storage and retrieval but also foster co-creation, reflection, and continuous
improvement.

By drawing on the strengths of these foundational models, educational institutions can develop
KMS platforms that support both operational knowledge tasks and broader strategic goals such as

teaching innovation, curriculum development, and institutional learning.

2.1.2 Knowledge Management Key Components

Effective knowledge management depends not only on life cycle stages but also on the enabling
components that support each stage. These components form the foundation of any KMS, ensuring
that knowledge is created, organized, and applied in a strategic and sustainable manner.

Based on a comprehensive literature review by Usman et al. [53], six key components have
been identified as critical for implementing KM across various organizational contexts, includ-
ing higher education institutions: people, processes, technology, information, governance, and
strategy. These elements are interdependent and must work in concert to ensure successful KM

practices.

* People are the core actors in any KM initiative. They serve as knowledge creators, con-
sumers, and collaborators. In educational contexts, this includes faculty members, students,
and administrative staff. Educators generate and curate pedagogical knowledge, while stu-

dents contribute through projects, feedback, and peer learning [15, 25].

* Processes define the activities and workflows that enable knowledge to be captured, stored,
disseminated, and applied. Well-designed KM processes ensure transparency, consistency,
and adaptability, which are key for academic environments where knowledge evolves rapidly
[24].
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* Technology provides the infrastructure for KM. This includes platforms for content stor-
age, collaborative tools, search engines, and analytics dashboards. In higher education, a
KMS often integrates with existing learning platforms to support efficient content access
and sharing [1, 25].

¢ Information refers to the structured content that is made available to users. This includes
course syllabi, lecture recordings, academic articles, and institutional documentation. KM

ensures that such content is contextually organized and readily accessible [15].

* Governance involves the policies and frameworks that oversee KM activities. This includes
access control, data privacy, knowledge validation, and intellectual property rights. Effective

governance ensures ethical and strategic use of knowledge assets [27, 71].

* Strategy ensures that KM efforts align with institutional goals. In universities, this might
involve promoting interdisciplinary research, enhancing student learning outcomes, or fos-
tering innovation in teaching practices. KM strategy must be agile and continuously adapted

to evolving educational priorities [65].

Together, these components form the structural backbone of a knowledge management sys-
tem. In higher education, they not only enable the management of explicit knowledge but also
support the collaborative creation and sharing of tacit knowledge, such as teaching techniques
and experiential learning. A component-based understanding of KM allows institutions to design
systems that are both technically robust and pedagogically meaningful, contributing to improved

educational outcomes, resource accessibility, and innovation.

2.1.3 Knowledge Management in Education

In the context of higher education institutions (HEIs), the needs and opportunities for knowledge
management are closely aligned with those of business organizations [6]. It is increasingly recog-
nized as a vital strategy for enhancing educational quality, organizational efficiency, and institu-
tional learning. While the foundational concepts of KM originate in business environments, their
relevance in academic contexts has grown due to the complexity of knowledge-intensive activities
such as teaching, research, and administration.

Educators continuously generate diverse knowledge forms: instructional materials, curriculum
designs, assessment strategies, and reflective practices. However, these assets often remain siloed
within departments or individual staff, leading to missed opportunities for reuse, collaboration,
and innovation [31]. KM initiatives in academia aim to systematize the capture, organization, and
dissemination of this knowledge to support continuous improvement and strategic alignment. It
connects educators, students, and administrators within a seamless knowledge-sharing ecosystem

designed to facilitate the collection, sharing, and application of knowledge [20].
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Kidwell, Vander Linde, and Johnson [31] describe how corporate KM practices can be adapted
to HEIs, especially to enhance cross-departmental collaboration, institutional memory, and cur-
riculum development. They argue that a well-implemented KMS can help universities avoid re-
dundant efforts, support knowledge continuity during faculty turnover, and increase responsive-
ness to academic and societal needs.

Similarly, Dalkir [8] highlights that educational institutions must address both explicit and tacit
knowledge. Explicit knowledge (e.g., syllabi, policy documents, recordings) can be easily stored
and retrieved, while tacit knowledge (e.g., teaching experience, informal techniques) requires more
dynamic, community-based approaches to capture and share. This is particularly relevant for
pedagogical improvement and faculty development initiatives.

Beyond institutional knowledge sharing, KM plays a strategic role in engineering education,
where students are expected to master both technical knowledge and applied problem-solving.
Engineering programs face persistent challenges: gaps in foundational skills (e.g., mathematics,
physics), varied learning styles, and uneven exposure to modern technologies [54]. These chal-
lenges can be mitigated by KM systems that provide personalized access to learning resources,
collaborative spaces for students and faculty, and mechanisms to reuse and improve teaching con-
tent over time.

Research by Singh Sidhu et al. [54] examines engineering students’ difficulties in transitioning
from theoretical instruction to practical application. They found that knowledge gaps are often
compounded by traditional lecture-based delivery, which assumes uniform prior knowledge among
students. To address this, the study suggests that additional support mechanisms, such as modular
resources, feedback loops, and peer learning, can help tailor instruction to individual needs.

In this context, a well-structured KMS enables the redistribution of successful practices, fa-
cilitates interdisciplinary teaching, and preserves institutional expertise. KM in education is not
simply about archiving documents but about fostering a culture of knowledge sharing, aligning

with the collaborative and lifelong learning ethos of academia.

2.2 Digital Transformation in Education

Engineering education faces ongoing challenges related to content relevance, student diversity,
and the rapid evolution of technological fields. Digital transformation offers a strategic approach
to address these issues by enhancing how knowledge is created, delivered, and managed across
learning environments.

Knowledge management systems play a pivotal role in this transformation by facilitating the
organization and dissemination of educational content. When combined with collaborative tools
and intelligent recommendation engines, these systems support personalized learning pathways
that adapt to individual student needs and learning histories [8, 12]. Furthermore, their dynamic
architecture enables continuous updates to instructional materials, helping institutions align cur-

ricula with emerging industry demands and technological trends.
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2.2.1 The Evolution of Information Systems to Knowledge Management Systems

Educational institutions have long relied on information systems to manage their operations and
resources more effectively. One such system is the Education Management Information System
(EMIS), defined by UNESCO as a comprehensive platform for collecting, integrating, processing,
and disseminating data to support decision-making, planning, and management at all levels of the
education system [61]. Shah [50] highlights the value of Management Information Systems (MIS)
in improving school administration, noting enhancements in information accessibility, resource
efficiency, and reporting quality.

As the digital transformation of education progressed, Learning Management Systems (LMS)
emerged to support the instructional side of education. Platforms like Moodle, Blackboard, and
Canvas have become essential tools for organizing course materials, managing assessments, and
enabling communication between educators and learners, especially in hybrid and remote learning
contexts.

However, while LMS platforms are effective for content delivery, they often fall short in ad-
dressing the needs of personalized and adaptive learning. Most are based on fixed course struc-
tures and lack the flexibility to support diverse learning styles, cross-disciplinary engagement,
or dynamic content adaptation. These limitations are especially evident in the context of mod-
ern educational goals that emphasize learner-centered approaches, collaboration, and continuous
improvement.

To address these limitations, knowledge management systems offer a more holistic and adap-
tive solution. Unlike traditional LMS, KMS are designed not only for delivering content but also
for managing the creation, sharing, and reuse of knowledge across educational environments. They
support features such as intelligent content recommendations, dynamic learning paths, semantic
search, and collaborative tools tailored to user profiles and learning progress [8, 20]. These capa-
bilities enable KMS to better support interdisciplinary learning, knowledge co-construction, and
context-aware retrieval.

This evolution aligns with the goals of Education 5.0, which emphasizes personalized, technology-
enhanced, and skill-focused learning experiences [14, 62]. KMS, when well-designed, can bridge
the gap between static content delivery and the dynamic, learner-centered ecosystems required for

future-ready education.

2.2.2 Foundations of Education 5.0 and Future Learning Needs

Education 5.0 reflects the shift towards a more progressive vision of learning that goes beyond
knowledge acquisition to emphasize human-centric, technology-integrated, and values-driven ed-
ucation. It builds on the principles of previous industrial and educational revolutions, particularly
Industry 4.0 and Education 4.0, placing greater emphasis on sustainability, emotional intelligence,
ethics, inclusion, and digital fluency [14, 62]. The goal is to prepare learners not only for the
workforce but also to become socially responsible and innovative contributors to a rapidly chang-

ing world.
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In this paradigm, students are viewed as co-creators of knowledge, and education systems are
expected to be adaptive, flexible, and responsive to diverse learner needs. Knowledge manage-
ment systems, when integrated with intelligent technologies, can support this transformation by
creating dynamic, personalized, and collaborative learning environments. These systems facili-
tate content customization, self-paced progression, and real-time feedback, which are essential to
foster lifelong learning and support diverse cognitive and socioemotional profiles [8, 12].

Advanced tools such as intelligent recommendation engines, learning analytics, semantic search,
and knowledge graphs enable KMS to deliver relevant learning materials based on a student’s pro-
file, preferences, and learning history. These systems can also help educators monitor engagement,
identify struggling learners, and adapt instruction accordingly. Moreover, collaborative platforms
and digital repositories allow for interdisciplinary teamwork and the reuse of institutional knowl-
edge, aligning with Education 5.0’s emphasis on problem-solving, critical thinking, and creativity.

Visualization and simulation technologies further enhance comprehension by transforming
abstract engineering concepts into interactive, visual experiences. These tools are particularly
valuable in STEM education, where students often struggle with conceptual understanding [54].
Adaptive learning environments, in turn, personalize the pace and depth of content delivery, en-
suring that students can advance according to their individual progress and mastery level.

By embedding the principles of Education 5.0 into intelligent KMS architectures, educational
institutions can foster more inclusive, engaging, and skills-oriented learning ecosystems. This ap-
proach not only addresses the limitations of traditional one-size-fits-all models but also empowers
students to become agile thinkers capable of addressing complex societal and industrial challenges
in an increasingly interconnected and digital world.

The shift from traditional educational systems to knowledge-based, intelligent, and adaptive
environments marks a profound transformation in engineering education. By integrating the prin-
ciples of Education 5.0 with advanced KMS architectures, educational institutions can offer more

inclusive, flexible, and future-ready learning experiences.

2.3 Intelligent Features in KMS

The integration of intelligent systems into knowledge management has significantly transformed
KMS from static repositories into dynamic, adaptive platforms capable of supporting complex
educational needs. The application of Al-driven techniques allows KMS to manage not just the
storage of knowledge but also its intelligent organization, retrieval, and utilization [42]. Intelligent
systems enable decision-making, pattern recognition, and contextual awareness in knowledge-
driven environments [43].

Modern intelligent KMS leverage machine learning (ML), natural language processing (NLP),
and knowledge graphs to offer personalized, context-aware learning experiences. These technolo-
gies enable systems to adapt to individual users, streamline information discovery, and deliver
tailored recommendations, making them especially suitable for supporting the goals of Education

5.0 and other learner-centered educational paradigms.
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2.3.1 Adaptive and Personalized Learning Paths

Adaptive and personalized learning paths represent a significant shift in modern education, us-
ing artificial intelligence (Al) to tailor the learning experience to each student’s individual needs.
These systems adjust content delivery, pacing, and assessment methods in real time, which has
been linked to improvements in academic performance, engagement, and knowledge retention
[58]. Integrating cognitive psychology principles with Al algorithms plays a key role in this pro-
cess, enabling learning environments to respond to learners’ preferences, cognitive styles, and
prior knowledge.

Recent studies highlight the importance of learner modeling and technological adaptability in
supporting personalization. Systems that take into account student preferences, learning histories,
and performance data are more effective in guiding learners through tailored educational paths
[67]. The widespread use of smart devices, along with advances in Al and cloud computing, has
further enhanced the ability to deliver personalized learning experiences on demand.

To keep up with these advancements, educational technologies are increasingly combining
both technology-driven and human-centered approaches. This balance is particularly relevant in
the context of Education 5.0, where personalization, collaboration, and social impact are key goals.
In this context, Al is not just a backend engine, it becomes an active part of the learning environ-
ment, helping educators and students make more informed and adaptive decisions [33].

Bringing these capabilities into knowledge management systems greatly improves their poten-
tial to offer adaptive, personalized learning experiences. When systems are designed to align with
learners’ needs and behaviors, they become more effective at supporting diverse educational goals

and preparing students for an evolving, technology-driven world.

2.3.2 Graph-Based Recommendation System

Recommendation systems are a core component of modern digital platforms, designed to assist
users in discovering relevant content by predicting preferences based on past behavior and item
characteristics. Generally, there are two primary types of recommendation systems: collaborative
filtering and content-based filtering.

Collaborative filtering relies on user behavior, such as past ratings or interactions, to suggest
new items. It assumes that if users A and B liked similar items in the past, A may like items B has
rated highly but A hasn’t seen yet [49]. This approach requires substantial interaction data and can
suffer from cold-start problems when dealing with new users or items.

Content-based filtering, on the other hand, recommends items that are similar to those the user
has previously engaged with, based on features or metadata (e.g., categories, tags). This method
works well for new users with little behavioral data but requires detailed item descriptions and
may limit diversity in recommendations [35].

To overcome the limitations of these individual approaches, hybrid recommendation systems
combine both collaborative and content-based filtering. They integrate multiple data sources and

models to improve accuracy and robustness, particularly in sparse or dynamic environments [5].
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Graph-based recommendation systems have emerged as a powerful paradigm that generalizes
and extends traditional recommendation techniques. These systems represent users, items, and
their interactions as nodes and edges in a graph structure. This allows them to model higher-order
relationships, such as user-item-tag triads, co-purchase networks, and shared attributes across do-
mains. Graph representations support richer semantic connections and enable multi-hop reasoning
for more explainable and personalized recommendations [37].

Neo4j, a popular graph database, is frequently used in educational or knowledge management
platforms to power recommendation engines. It enables efficient querying of relationship paths be-
tween users and resources using its Cypher query language. In intelligent knowledge management
systems, such a graph-based approach supports features like personalized learning resource sug-
gestions, expert identification, or collaboration opportunities by leveraging the inherent structure
of domain knowledge and user activity.

Additionally, graph-based recommenders offer explainability, a growing concern in Al sys-
tems. By visualizing the path that leads to a recommendation (e.g., user — resource — topic —
related resource), the system can provide interpretable justifications that enhance user trust and
system transparency [37].

In sum, graph-based recommender systems bridge the gap between collaborative and content-
based methods by leveraging both user interaction data and rich contextual metadata. Their inte-
gration into knowledge management platforms, particularly in education, enhances personaliza-
tion, relevance, and explainability, which are key goals of intelligent and learner-centered systems
aligned with Education 5.0.

2.3.3 Semantic Search for Intelligent Retrieval

Traditional keyword-based search systems often struggle to capture the deeper intent behind user
queries, leading to irrelevant or superficial results. Semantic search addresses this limitation by
interpreting not just the words in a query but also the meaning and context of search terms, leading
to more accurate and meaningful information retrieval.

Semantic search systems build upon techniques from natural language processing, machine
learning, and knowledge representation to better understand user intent. Rather than relying solely
on exact keyword matches, these systems can identify synonyms, infer relationships between con-
cepts, and account for the broader linguistic context of both queries and documents.

One foundational method for enabling semantic search involves the use of ontologies, which
are formal structures that define relationships among concepts within a domain. By linking related
terms, ontologies allow search systems to retrieve relevant results regardless of terminological
variation [70]. These structured representations enhance contextual understanding and facilitate
reasoning across domain-specific knowledge.

Another key advancement in semantic search is the application of vector-based representa-
tions. Techniques such as Word2Vec [40], GloVe [47], and BERT [10] generate high-dimensional
embeddings that capture semantic similarities between words, phrases, or entire documents. These

embeddings enable the comparison of content based on meaning rather than surface form [48].
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A prominent implementation of semantic search in practice is semantic Elasticsearch, which
extends the capabilities of traditional Elasticsearch [16] by incorporating vector-based retrieval
alongside keyword search. By combining dense vector search (semantic) and sparse vector search
(keyword-based) in a hybrid search strategy, Elasticsearch enhances the accuracy and relevance
of search results, particularly in domains where users express queries in diverse and often im-
precise language. Using sentence transformer-based encoders and approximate nearest neighbor
algorithms, Elasticsearch computes and retrieves documents that are semantically aligned with the
user’s intent, even when terminology diverges from indexed content [17, 48].

In the context of educational knowledge management systems, the integration of semantic
search offers substantial benefits. By interpreting learner queries with greater contextual aware-
ness, it ensures more relevant and timely access to educational resources, even when users lack
precise domain knowledge or use informal phrasing. This fosters improved usability, supports

personalized learning, and ultimately enhances the overall learning experience.

The concepts and technologies discussed throughout this chapter establish the theoretical and
technical foundations for the intelligent knowledge management system proposed in this thesis.
The next chapter builds upon this groundwork by analyzing related research and current techno-

logical solutions in the field.



Chapter 3

Literature Review

This chapter presents a literature review conducted to examine existing research related to the de-
sign, implementation, and evaluation of intelligent knowledge management systems in the context
of engineering education. Particular attention is given to studies addressing personalized rec-
ommendation approaches, semantic search techniques, and system design strategies that support
diverse educational workflows and user roles. The review also considers the integration of in-
telligent features and semantic technologies to improve information accessibility and usability in
higher education environments.

Section 3.1 presents the overall methodology adopted for the review, combining systematic
and exploratory strategies to guide the search and selection of literature. Section 3.2 defines the
criteria used to include or exclude studies from the review. Section 3.3 explains the screening and
selection process used to identify the most relevant studies. Finally, Section 3.4 synthesizes the

key trends, technological approaches, and innovations found across the reviewed works.

3.1 Methodology

This literature review adopted a flexible, hybrid methodology that combined systematic search
techniques with exploratory discovery to create a varied and thematically relevant body of liter-
ature. Given the interdisciplinary nature of the topic and the diversity of existing research, this
approach allowed for both structured coverage of key themes and the inclusion of contextually
relevant works that might not have been found using keyword-based search alone.

The review process followed three main stages:

» Systematic Review: Based on predefined research questions, targeted search queries were
executed across selected academic databases. This phase focused on retrieving peer-reviewed
studies in knowledge management, semantic technologies, and intelligent educational sys-

tems.

16
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* Exploratory Expansion: Relevant citations from the systematically retrieved papers were
examined using backward and forward snowballing techniques. Additionally, thematic ex-
ploration was carried out to include conceptual or theoretical works that contributed to the

understanding of emerging technologies and design strategies.

¢ Iterative Filtering and Thematic Grouping: As the review progressed, sources were it-
eratively screened and categorized by topic, allowing for dynamic refinement of inclusion

based on thesis scope, thematic saturation, and methodological variety.

Together, these phases allowed for the collection of a comprehensive and thematically rich
dataset, highlighting related work, methodologies, tools, and research gaps in the development and
evaluation of KMS for higher education. While the review primarily targeted literature addressing
system design and intelligent features (aligned with RQ1-RQ3), it also incorporated works that

discuss evaluation practices, contributing insights relevant to RQ4.

3.1.1 Collection Process

The literature collection process began with a systematic search of academic databases, struc-
tured around the primary research questions. Search queries were iteratively refined to increase
specificity and relevance. The following subsections describe the databases consulted, the search

queries applied, and the exploratory strategies used to expand the dataset.

Databases

Three academic databases were used as primary sources: IEEE Xplore, ACM Digital Library, and
ScienceDirect. These platforms were selected due to their focus on engineering, computing, and
educational technologies, providing access to high-quality, peer-reviewed publications relevant to

the thesis scope.

Search Queries

To align with the research questions, targeted search strings were formulated using relevant key-
words and Boolean operators. Table 3.1 summarizes the main queries used during the systematic

phase of the review.
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Table 3.1: Search queries for literature collection

Research Question | Search Query

RQI1 "knowledge management system" AND education
AND ("methodology" OR "approach" OR
"framework")

("knowledge management" AND "higher
education”) OR ("knowledge management" AND

"engineering education")

RQ2 "knowledge management" AND education
"knowledge management" AND "recommendation
system"

"intelligent" AND "knowledge management
system”" AND education

"semantic search" AND ("information
retrieval"” OR "knowledge management") AND
education

"knowledge management systems" AND

"education" AND "personalization"

Exploratory Collection Process

After completing the systematic search, more studies were found through exploratory methods
such as checking the references of selected papers and following related topics. This allowed the
inclusion of contextually significant works that might not have been captured in the initial search.
These articles were also reviewed to ensure thematic relevance and basic methodological quality

before inclusion.

3.1.2 Management Tools and Collections

Zotero' was used as the primary reference management tool for organizing and storing the liter-
ature. Collected studies were grouped into thematic collections, such as current solutions, design
methodologies, intelligent features, and semantic web technologies, to streamline the review and

support structured analysis.

3.2 Eligibility Criteria

To ensure the relevance and quality of the selected literature, a flexible set of inclusion and exclu-

sion criteria was applied during the review process. The primary goal was to identify studies that

Uhttps://www.zotero.org/
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explored intelligent features within knowledge management systems, with a particular emphasis
on those designed for educational contexts.
Inclusion Criteria

Studies were included if they met the following conditions:

* Publication Date: Published in the last ten years (2014-2025), reflecting the most recent
decade of research on semantic web, intelligent systems, and knowledge management sys-

tems in education.

* Educational Context: Focused on knowledge management systems implemented in or

designed for educational settings, particularly higher education or engineering education.

* Thematic Relevance: Addressed intelligent system functionalities such as semantic web
techniques, semantic search, recommendation engines, personalization, or user modeling,

either in design or evaluation.
* Language: Available in English.

* Conceptual Contribution: Provided theoretical or architectural frameworks, evaluation

strategies, or design approaches that inform intelligent, user-centered system design.

Exclusion Criteria

Studies were excluded if they met any of the following conditions:

* Non-Educational Focus: Focused exclusively on business or industrial KMS, or other do-

mains without clear applicability to education.

» Lack of Intelligent Features: Lacked any technical, intelligent, or system-based dimension
(e.g., purely pedagogical or conceptual papers with no connection to KM tools or platforms).

* Low Technological Relevance: Provided insufficient methodological detail or empirical

grounding to support their inclusion in thematic analysis.

This criteria framework allowed for the inclusion of diverse sources, ranging from theoretical
proposals and system implementations to empirical evaluations, while maintaining a clear focus

on the intersection of knowledge management, intelligent features, and educational relevance.

3.3 Screening and Selection Process

A structured, two-stage screening process was followed to select the most relevant studies:
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* Initial Screening: Titles and abstracts were reviewed to assess basic relevance to the re-
search questions, specifically the inclusion of intelligent features in KMS for educational

use.

* Secondary Screening: For articles passing the initial screen, introductions and conclusions

were reviewed in detail to evaluate thematic alignment and methodological clarity.

Selected studies were prioritized based on their contribution to topics such as user-centered de-
sign in KMS, intelligent search and recommendation components, and system evaluation methods

in educational platforms.

3.3.1 Results

The literature review resulted in a diverse and thematically focused collection of studies, gathered
through a combination of structured database searches and exploratory citation tracking. The final
selection includes a mix of conceptual works, system design studies, empirical evaluations, and
methodological proposals.

Key topics addressed across the selected literature include semantic information retrieval, per-
sonalized recommendation systems, user modeling, intelligent support features, and collaborative
or co-design practices in educational settings. These works vary in scope and depth but collectively
reflect current directions and persistent challenges in the development of intelligent knowledge
management systems for education.

The reviewed studies provide the analytical foundation for Section 3.4, which synthesizes key
findings and highlights design approaches, technological innovations, and evaluation practices

relevant to this thesis.

3.4 Literature Findings

This section synthesizes literature relevant to the research questions presented in Chapter 1, with
particular emphasis on system design (RQ1), intelligent functionalities (RQ2), current limitations
(RQ3), and evaluation practices (RQ4).

3.4.1 Knowledge Management in Education

In the last decade, numerous educational institutions have implemented knowledge management
systems to address the growing complexity of managing learning resources, fostering collabo-
ration, and improving institutional knowledge flows. These practical applications span a range
of technological solutions, from semantic portals to intelligent learning systems, and reflect an
evolving commitment to digital transformation in higher education.

Dneprovskaya and Shevtsova [12] developed a KMS tailored for smart education environ-
ments, designed to support the alignment of educational content with the competencies required

by the digital economy. Their system integrates intelligent databases, co-authorship tools, and
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knowledge networks to enhance the quality and adaptability of instructional materials. Using
a methodology grounded in content modeling and intelligent metadata management, the system
enables dynamic updates and collaborative content refinement by educators and subject-matter
experts.

Yulistia et al. [69] proposed a knowledge transfer model adapted specifically for private higher
education institutions. Expanding on the classic SECI model, they introduced two additional com-
ponents, People and Policy, to better reflect institutional culture and operational constraints. Their
implementation approach included conceptual modeling based on literature synthesis and empiri-
cal analysis of knowledge-sharing practices in academic settings. The resulting model emphasizes
socialization and externalization processes within administrative and pedagogical contexts.

Gulnaz and Balova [23] implemented a semantic portal for managing scientific knowledge
at the university level. The system uses an ontological information model to organize academic
materials thematically and to personalize user access to content. Methodologically, this work
involved ontology engineering and semantic web technologies, including RDF and OWL, to create
a structured, machine-readable representation of institutional knowledge assets.

Fernandez-Nieto et al. [20] reported on the co-design of a KMS to support Communities
of Practice among higher education teaching teams. Their methodology involved participatory
design workshops where educators collaboratively defined system requirements and prototyped
tool features aligned with their day-to-day teaching practices. This human-centered approach
resulted in a system that better reflected pedagogical workflows, institutional values, and user
expectations.

More recently, Skillify [11] was developed as an enhanced learning management platform
integrating generative Al capabilities. The system introduced text-to-speech features to improve
accessibility for visually impaired learners and included a course recommendation engine to guide
users in skill development. Its architecture distinguished user, professor, and administrator roles
and demonstrated how modular KMS design can accommodate diverse educational actors.

Imamah et al. [28] proposed a KMS that dynamically generates personalized learning paths
based on student preferences and content difficulty, using ant colony optimization algorithms.
Their system classifies learning objects by difficulty and continually adapts to user input, offering
a scalable solution for individualized instruction in digital learning environments.

Together, these studies provide concrete evidence of how KMS are being applied to real edu-
cational challenges. Whether through semantic modeling, co-design, intelligent recommendation,
or adaptive learning path generation, these systems demonstrate the practical relevance of KMS
when grounded in pedagogical goals, institutional context, and user needs. They also highlight the
diversity of methodologies used, from formal modeling and intelligent system design to participa-

tory workshops and accessibility-driven engineering.

3.4.2 Human-Centered and Co-Design Approaches

While many educational KMS initiatives have struggled with adoption due to misalignment with

user needs, recent implementations increasingly emphasize human-centered and co-design method-
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ologies to ensure usability, contextual fit, and pedagogical relevance. These approaches involve
active participation from educators, students, and institutional stakeholders throughout the design
and development process, resulting in systems that better reflect real-world workflows and values.

One of the most comprehensive examples is provided by Fernandez-Nieto et al. [20], who
applied participatory design workshops with teaching teams in higher education to co-create a
knowledge management tool. Their methodology involved multiple sessions where participants
explored current knowledge-sharing challenges, mapped pedagogical routines, and collaboratively
defined tool functionalities. The resulting prototype incorporated features directly linked to edu-
cators’ daily tasks, such as lesson planning, collaborative content curation, and reflective practice.
The study demonstrated how co-design not only improves system usability but also fosters greater
ownership and alignment with institutional teaching cultures.

Yulistia er al. [69] also emphasized user-centered principles in their adaptation of the SECI
model for private higher education. Their model addressed institutional challenges such as weak
knowledge-sharing culture and unclear governance structures by emphasizing People and Policy
as explicit components of the system design. The inclusion of these social dimensions was based
on case study analysis of real organizational practices, demonstrating that effective knowledge
transfer depends as much on institutional context as on system features.

In the Skillify platform by Dhairya et al. [11], accessibility and learner inclusivity were central
design goals. The system incorporated a text-to-speech module to address the needs of visually
impaired users and offered adaptive recommendation tools to guide skill development. While the
project focused on technical innovation, its modular design (differentiating user, professor, and
administrator roles) was shaped by usability goals and feedback from pilot testing with diverse
learner profiles.

These studies show that incorporating design methods rooted in empathy, participation, and
iterative refinement leads to more effective and widely adopted KMS. Human-centered and co-
design approaches help ensure that systems address not only technical requirements but also the
social, cultural, and cognitive dimensions of educational knowledge work. When educators and
learners are involved as co-creators rather than end-users, KMS become more sustainable, usable,

and meaningful in the academic context.

3.4.3 Intelligent Technologies in KMS

While participatory design improves system alignment with user needs, technological advance-
ments have also introduced new capabilities that can enhance system intelligence and adaptability.

The integration of intelligent technologies, such as machine learning, natural language pro-
cessing, and knowledge graphs, into educational knowledge management systems has enabled
more dynamic, personalized, and scalable solutions. These systems aim to address long-standing
challenges in knowledge retrieval, learner engagement, and content adaptability, often by automat-
ing processes that were previously manual and limited in scope.

Galgotia and Lakshmi [21] explored the use of machine learning algorithms to support decision-

making and interdisciplinary collaboration within higher education. Their implementation applied
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predictive analytics, specifically decision trees, to model academic performance and guide fac-
ulty in aligning resources with institutional goals. Despite demonstrating promising results, the
authors acknowledged limitations in scalability and the uneven integration of intelligent systems
across academic departments.

Wen et al. [64] developed AI-KM, an intelligent desktop-based KMS designed to enhance per-
sonal knowledge management through semantic search, document summarization, and multi-view
knowledge visualization. The system supported Markdown-to-Mind Map conversion, distributed
deployment, and large language model-based interactions. It enabled users to conduct complex
semantic queries and visualize knowledge clusters. However, its reliance on GPU-intensive op-
erations and the absence of robust version control presented challenges for long-term usability in
resource-constrained educational settings.

Liu et al. [34] proposed a personalized academic communication recommender system that
leverages knowledge graphs and NLP to match users with high-quality scholarly resources. The
system architecture combined Neo4j and MySQL to manage both semantic relationships and user
interactions. Functional modules included user profiling, resource classification, and recommen-
dation logic. Although the approach improved search relevance and recommendation precision,
it required continuous metadata curation and graph maintenance, which may be burdensome for
institutions lacking technical support.

Imamah et al. [28] designed a dynamic KMS that generates personalized learning paths using
an ant colony optimization algorithm. Their system adapts to learners’ knowledge preferences and
classifies learning objects by difficulty, enabling an automated path construction mechanism. Eval-
uations showed a significant increase in learner performance compared to traditional e-learning,
demonstrating the pedagogical impact of integrating intelligent adaptive logic into KMS design.

Sugumaran [56] presented a conceptual framework for incorporating semantic technologies,
such as ontologies, RDF, and intelligent agents, into KMS. This architecture provides the founda-
tion for intelligent classification, automated content reasoning, and context-aware retrieval. While
theoretical, the framework remains relevant to modern implementations and has influenced subse-
quent system designs that emphasize machine-readable knowledge structures and interoperability.

Sharma et al. [51] also addressed adaptive knowledge delivery through an ontology-based
e-learning platform. Their system dynamically adjusted lesson plans based on user context and
performance, creating a flexible environment for individualized learning. The methodology in-
volved concept-context graphs and semantic tracking of user behavior, providing an early model
of context-sensitive content adaptation in educational settings.

Across these implementations, intelligent technologies have proven capable of enhancing
KMS in multiple dimensions, from personalization and adaptive learning to semantic enrichment
and automated recommendation. However, challenges remain in terms of infrastructure demands,
metadata dependency, and technical complexity. These studies highlight the need for balancing
innovation with usability and sustainability, particularly in educational institutions with limited

resources or varying levels of digital maturity.
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3.4.4 Semantic Search and Knowledge Retrieval

In parallel with personalization and intelligent features, the ability to locate and retrieve relevant
information efficiently is essential. Semantic search technologies have become increasingly im-
portant in educational KMS as institutions face the challenge of retrieving relevant information
from growing volumes of unstructured and heterogeneous content. Unlike traditional keyword-
based approaches, semantic search systems use ontologies, knowledge graphs, and natural lan-
guage processing to interpret user intent and uncover deeper relationships between concepts,
thereby improving the precision and contextual relevance of search results.

Gulnaz and Balova [23] developed a semantic portal for scientific knowledge management in
universities, leveraging ontological information models to structure academic content thematically.
Their system supported personalized access to knowledge based on user profiles and enabled the-
matic classification of documents using semantic metadata. The model incorporated RDF-based
structures to allow machine-readable content organization and demonstrated improved retrieval
accuracy in academic environments.

Gammack et al. [22] introduced a semantic knowledge management system designed to re-
trieve content from complex technical documents containing heterogeneous data formats, such
as text, figures, and tables. The system employed NLP models trained to associate structured
and unstructured content, enabling users to perform context-aware semantic queries. Tested on
real-world data collections, such as the IPCC Special Report, the system outperformed traditional
search techniques in surfacing relevant content across different media formats.

Sheeba and Krishnan [52] developed a fuzzy ontology-based semantic search system tailored
to educational KMS. Their system dynamically updated student profiles using fuzzy logic and
semantic inference to personalize search results based on learning preferences. The integration of
ontologies enabled more accurate content matching across domains, although the system required
extensive profiling and complex rule sets to function effectively.

Kravchenko et al. [32] proposed a framework for semantic search, classification, and struc-
turing in knowledge-intensive environments. Their model used ontologies and logical reasoning
mechanisms to support automated knowledge integration across heterogeneous sources. Applied
in the context of educational institutions, this system enabled improved knowledge discovery and
reuse, with a focus on transforming data into actionable insights through semantic enrichment.

Sharma et al. [51] applied a concept-context graph methodology to enable adaptive knowledge
retrieval in an ontology-based e-learning platform. Their approach allowed semantic interpretation
of learner input and adjusted lesson paths dynamically based on contextual understanding. The
system demonstrated how semantic modeling could enhance both content delivery and search,
supporting more personalized and relevant educational experiences.

Sugumaran [56] provided a foundational framework for integrating semantic web technologies
into KMS, including RDF schemas, OWL ontologies, and intelligent agents. While conceptual,
this work has informed several later implementations by defining architectural components for

automated knowledge classification, context-aware reasoning, and dynamic search.
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Together, these implementations show that semantic search can significantly improve knowl-
edge accessibility and relevance in educational KMS, particularly in interdisciplinary and data-rich
environments. By combining NLP, fuzzy logic, and ontological reasoning, these systems enable
users to retrieve content based on meaning rather than exact terminology. However, these bene-
fits depend on the availability of high-quality metadata, domain-specific ontologies, and system

architectures that support real-time semantic inference.

3.4.5 Recommendation Systems for Learning

Recommendation systems have become increasingly important within educational knowledge
management systems, particularly in addressing issues of information overload and guiding learn-
ers toward relevant resources. These systems aim to personalize learning experiences, support
adaptive content delivery, and enhance user engagement by leveraging learner profiles, behavior
data, semantic structures, or graph-based relationships.

Lu and Feng [36] proposed a hybrid recommendation algorithm for Al-assisted learning plat-
forms that combines graph convolutional networks (GCNs) with user behavior modeling. Their
system captured real-time preferences and dynamically adapted recommendations based on user
interaction history. The experimental results showed strong performance in accuracy, recall, and
F1-score, validating the system’s effectiveness in surfacing relevant resources. However, the re-
liance on real-time user tracking raised concerns about data privacy and computational overhead.

Liu et al. [34] developed a personalized academic recommendation system based on a knowl-
edge graph architecture. Their system used Neo4j to model relationships between users, topics,
and academic resources, while integrating natural language processing to improve the semantic
interpretation of user queries. The platform included modules for user management, knowledge
description, and recommendation logic. Although effective at increasing the contextual relevance
of recommended content, the system required regular maintenance of graph structures and high-
quality metadata to ensure long-term performance.

Hu et al. [26] addressed information overload in traditional KMS by integrating an intelligent
recommendation module that filtered knowledge based on user context and task relevance. Their
system used a rule-based matching mechanism combined with user profiles to enhance knowledge
discovery. While their model showed improved relevance over generic search, it struggled to adapt
to changes in user needs due to static profiling.

Imamabh et al. [28] also embedded recommendation capabilities in their dynamic learning path
system by classifying learning objects based on difficulty and aligning them with student prefer-
ences. The recommendation component, based on ant colony optimization, played a crucial role
in constructing personalized paths. Their system outperformed conventional e-learning platforms
in terms of learner performance and satisfaction, highlighting the pedagogical value of adaptive
path-based recommendation strategies.

Skillify [11] further demonstrated practical integration of course recommendation with gen-
erative Al features. The platform provided tailored learning suggestions based on user skill gaps

and learning goals. While not fully evaluated through large-scale deployment, the modular design
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of Skillify showed the feasibility of embedding intelligent recommendation logic into LMS-style
environments targeting diverse user roles.

These implementations demonstrate the practical value of recommendation systems in edu-
cational KMS, particularly when they incorporate graph-based reasoning, semantic analysis, or
adaptive modeling. However, challenges persist in maintaining high-quality user models, manag-
ing sparse data in early system use (cold-start problem), and addressing privacy concerns related
to behavior tracking. The literature underscores the need for balanced approaches that combine

intelligent techniques with transparent, user-aligned design practices.

3.4.6 Limitations and Challenges in Current KMS

Despite the growing interest in knowledge management systems for education, many initiatives
face persistent challenges that hinder adoption, usability, and long-term impact. These limitations

are often interrelated, spanning technical, organizational, cultural, and methodological domains.

1. Misalignment with User Needs and Workflows. A recurring issue in educational KMS is
the lack of alignment with the actual practices and routines of educators and learners. Fernandez-
Nieto et al. [20] found that many institutional platforms fail to support how teaching teams nat-
urally collaborate or share knowledge. Their co-design study identified overlooked aspects of
pedagogical culture and routine that, when not accounted for, reduced the perceived usefulness
and engagement with the system. Similarly, Touré et al. [59] observed that redesigning a platform

without meaningful user involvement led to limited adoption despite added functionality.

2. Usability and Adoption Barriers. Educational KMS frequently suffer from poor usabil-
ity and unclear user value, leading to abandonment even when technically functional. Early-
generation systems were often built for administrative efficiency rather than user-centered knowl-
edge practices. Even recent systems, like AI-KM [64], can be hampered by complexity, requiring
high levels of technical literacy or training. Without intuitive interfaces and seamless integration

into existing educational platforms, both students and educators may resist adoption.

3. Data Silos and Lack of Interoperability. Knowledge assets in educational institutions are of-
ten distributed across disconnected systems (e.g., LMS, libraries, repositories), making integrated
knowledge management difficult. Many KMS struggle to interconnect with external platforms or
institutional databases, limiting their ability to provide holistic views of available content. Karna
et al. [30] addressed this issue by proposing a protocol-based recommendation model for interop-

erability, but real-world examples remain scarce.

4. Inadequate Personalization and Adaptability. Traditional KMS generally provide static,
one-size-fits-all access to resources, failing to accommodate individual learner needs, preferences,

or progression. Although newer systems incorporate recommendation engines or adaptive learning
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paths (e.g., [28, 36]), many still rely on rigid user profiles or oversimplified behavior models. Cold-
start problems, metadata sparsity, and lack of dynamic user feedback mechanisms continue to limit

effective personalization.

5. Social and Cultural Barriers. In addition to technical gaps, organizational and cultural
dynamics pose significant obstacles. Fernandez-Nieto et al. [20] found that educators are some-
times reluctant to adopt new platforms due to lack of trust, inadequate support, or unclear benefits.
Yigzaw et al. [68] further highlighted how these challenges are exacerbated in developing regions,

where infrastructure limitations, low digital literacy, and resistance to change hinder adoption.

5. Metadata Quality and Knowledge Representation Challenges. Effective semantic search
and recommendation depend on rich, accurate, and structured metadata which are often lacking
in educational content repositories. Ontology-based systems such as those by Gulnaz and Balova
[23] or Liu et al. [34] demonstrate potential but also highlight the significant overhead required for
initial ontology creation and ongoing maintenance. This limits scalability and long-term system

viability, especially in institutions without dedicated semantic infrastructure or staff.

6. Infrastructure and Resource Constraints. Advanced KMS incorporating Al, NLP, or se-
mantic reasoning often require computational resources and expertise that are unavailable in many
educational contexts, particularly in under-resourced or developing regions. Wen et al. [64] and
Galgotia and Lakshmi [21] noted that system demands, such as GPU processing or continuous data
integration, can pose a barrier to broader adoption, even when the system’s design is pedagogically

sound.

7. Evaluation Gaps and Lack of Evidence. Many KMS implementations are not rigorously or
systematically evaluated, particularly in terms of long-term learning impact, user experience, or
institutional outcomes. Studies often focus on system architecture or prototype functionality rather
than real-world usage, resulting in a gap between technical innovation and educational validation.
As Vyas [63] and Yigzaw et al. [68] suggest, more longitudinal and mixed-method evaluations

are needed to demonstrate value and refine system design.

8. Organizational and Cultural Resistance. Successful KMS deployment is not only a techni-
cal task but also a cultural one. Resistance to change, lack of institutional incentives, and distrust in
digital tools can undermine even well-designed systems. Fernandez-Nieto et al. [20] emphasized
that without strong stakeholder involvement and visible benefits, educators may not adopt systems
consistently. In some regions, as Yigzaw et al. [68] noted, low digital literacy and inadequate

support structures further intensify these barriers.

The limitations of educational KMS reflect deeper tensions between what systems are designed
to do and what users need them to do. As educational environments grow more complex and

data-driven, future systems must move beyond functional completeness to support pedagogical
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alignment, cultural integration, and sustainable maintenance. Addressing these systemic issues is

crucial to realizing the full potential of intelligent knowledge management in education.

3.4.7 Evaluation of KMS

Evaluating educational knowledge management systems requires a multidimensional approach
that accounts for technical performance, user experience, and pedagogical impact. However, ex-
isting studies often focus on limited aspects, such as algorithmic accuracy or system architecture,
while overlooking broader indicators of educational value, adoption, and institutional integration.
The diversity of KMS objectives and implementation contexts has also led to varied and inconsis-
tent evaluation practices across the literature.

In systems enhanced by intelligent features, such as personalized recommendations or se-
mantic search, evaluation often focuses on quantitative metrics like accuracy, precision, recall,
and Fl1-score. For instance, Lu and Feng [36] reported strong evaluation results for their hybrid
recommendation algorithm using graph convolutional networks, achieving over 99% accuracy in
recommending relevant learning resources. Similarly, Imamah et al. [28] measured learning gains
and algorithm performance to demonstrate the effectiveness of their adaptive learning path system.
These metrics are useful for comparing algorithm variants, but they may not capture educational
relevance, long-term usability, or learner satisfaction.

Semantic retrieval systems are often evaluated using task-based or scenario-based testing to
assess contextual relevance and user satisfaction. Gammack ef al. [22] conducted case-based
evaluations with domain-specific queries to validate the ability of their semantic model to retrieve
information across mixed media formats. Their results demonstrated higher accuracy than tra-
ditional keyword search, particularly in retrieving technical content such as figures, tables, and
contextual passages. However, these evaluations rarely include long-term studies of user learning
outcomes or integration with curriculum goals.

Systems developed through participatory or human-centered design typically include qualita-
tive assessments such as interviews, surveys, task completion analysis, or observational studies.
Fernandez-Nieto et al. [20] evaluated their co-designed platform through user workshops and
prototype testing, focusing on the tool’s alignment with educators’ workflows and its perceived
usefulness. Touré et al. [59] conducted structured interviews and iterative usability testing during
the redesign of ALEX, measuring improvements in system engagement and satisfaction. These
studies highlight that usability is often as critical as functionality for long-term adoption.

In studies where systems are still at the design or prototyping stage, evaluation is often theoret-
ical or based on expert review. Karna et al. [30] proposed an interoperable recommendation model
using the OAI-PMH protocol but did not conduct real-world testing. Similarly, Sharma et al. [51]
validated their ontology-based platform through a conceptual walkthrough, illustrating potential
use cases rather than measuring system efficacy. These early-stage validations are valuable but
underscore the need for follow-up empirical testing.

A recurring limitation in the literature is the lack of longitudinal studies that assess the impact

of KMS on teaching practices, institutional knowledge flows, or student learning trajectories over
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time. As noted by Vyas [63] and Yigzaw ef al. [68], many studies remain narrowly focused on
system design or algorithmic performance, with limited attention to educational impact, contextual
relevance, or adoption sustainability. This gap is particularly evident in Al-enhanced systems,

where technological novelty often overshadows classroom utility.

In summary, while a variety of evaluation strategies are used in educational KMS research,
they often remain fragmented and context-specific. More comprehensive frameworks are needed
to integrate technical validation with pedagogical effectiveness, user experience, and institutional
alignment. Such frameworks should also consider longitudinal outcomes and the socio-cultural
environments in which these systems operate, ensuring that evaluation reflects both system perfor-

mance and its real-world educational value.

3.4.8 Summary of Key Insights

This chapter has reviewed the most recent and relevant research on knowledge management sys-
tems in education, with a particular emphasis on real-world implementations from the past decade.
The literature reveals a steady evolution from static, content-centered platforms toward more dy-
namic, intelligent, and user-centered systems that attempt to align with pedagogical needs and
institutional goals.

One of the clearest insights is that successful KMS in education must move beyond traditional
models of information storage and retrieval. Systems designed without integration into teach-
ing practices or collaboration cultures often struggle with adoption and sustainability. Studies
that involved educators in the design process, such as those using co-design or human-centered
approaches, showed better alignment with pedagogical workflows and more meaningful user en-
gagement.

Technological advancements, especially in artificial intelligence and semantic web technolo-
gies, are expanding what KMS can do. From adaptive learning paths powered by optimization
algorithms to knowledge graphs and NLP-enhanced recommendation engines, intelligent tech-
nologies offer significant potential for improving personalization, resource discovery, and learner
support. However, these systems also introduce complexity—requiring high-quality metadata,
consistent user profiling, and scalable infrastructure to be effective.

Semantic search emerged as a key enabler of meaningful information retrieval in educational
KMS, helping users locate resources across disciplines and formats by understanding the concep-
tual intent behind queries. Ontology-based models and linked data approaches enhance contextual
relevance, but they demand significant initial investment in knowledge modeling and ongoing cu-
ration.

Recommendation systems are increasingly central to the user experience in KMS, with graph-
based, hybrid, and behavior-driven techniques enabling more targeted and adaptive content deliv-
ery. Still, many face issues such as the cold-start problem, privacy concerns, and metadata sparsity,

which can limit their effectiveness in diverse and evolving educational settings.
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Across the literature, recurring challenges include usability limitations, poor integration with
institutional systems, fragmented data environments, and a lack of robust long-term evaluations.
While some systems report promising pilot results, few have demonstrated sustained impact on
teaching practices, learning outcomes, or institutional collaboration. These limitations underscore
the importance of not only designing technically sophisticated systems but also ensuring pedagog-
ical alignment, cultural fit, and continuous feedback loops.

The research conducted indicates a clear shift toward intelligent, user-responsive KMS in ed-
ucation. However, realizing their full potential depends on addressing ongoing technical, orga-
nizational, and evaluative challenges. These insights provide a critical foundation for this thesis,
which aims to build on the strengths of existing systems while addressing gaps in personalization,
semantic search, and contextual adaptability through the design of an intelligent KMS tailored to

the needs of engineering education.



Chapter 4

Implementation

This chapter provides a detailed description of the implementation of the intelligent knowledge
management system developed as part of this thesis. It is organized into several key sections: an
initial overview of the system’s requirements, components, and technologies in Section 4.1; the
architecture and deployment model of the platform in Section 4.2; the underlying data model,
including relational, graph, and search-based representations in Section 4.3; and the core features
and functionalities from the user’s perspective in Section 4.4.

Together, these sections offer both technical depth and explanations for the user-centric design
decisions. The platform aims to improve engineering education by integrating intelligent capabil-
ities such as semantic search, personalized recommendations, and modular learning paths. This
chapter also discusses the main implementation challenges and the strategies used to address them,
highlighting the iterative development process and the trade-offs between intended functionality

and practical constraints.

4.1 Overview

The platform developed for this thesis serves as a prototype for an intelligent KMS designed to
enhance engineering education.

The system is composed of four main components: a frontend interface for user interaction,
a backend server that handles application logic, data management, and API communication, a
data layer including a relational database, a graph-based recommendation system, and a semantic
search engine, and external services such as cloud storage. This modular architecture ensures a
seamless user experience and provides scalability for future growth.

Although the system is not fully adaptive or self-learning, it integrates foundational intelligent
features such as semantic information retrieval and graph-based personalization, which represent
an important step toward creating more advanced, intelligent systems. The solution demonstrates
the value of integrating Al-driven techniques to foster autonomous learning, enhance contextual

resource discovery, and improve the overall educational experience in engineering domains.
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4.1.1 Technologies and Tools

The implementation of the platform involved a diverse set of technologies across the frontend,
backend, data storage, and supporting services.

The frontend was developed using React [39] in combination with JSX, a syntax extension for
JavaScript that facilitates the creation of component-based user interfaces. Tailwind CSS was em-
ployed for utility-first styling, enabling rapid and consistent layout design across the application.

On the backend, the platform was built using Node.js [46] along with the Express.js [45] frame-
work to manage routing and application logic. Authentication was handled using Passport.js [29],
and a RESTful API was implemented to facilitate communication between the frontend and back-
end layers.

Relational data management was initially supported through PostgreSQL [57], which was cho-
sen for its familiarity, robustness and wide support for structured queries. To simplify access dur-
ing development and ensure availability across environments, the database was hosted on Aiven',
a managed cloud service. As the design of the recommendation system evolved, Neo4j [41] was
integrated as a graph database to support recommendation logic, further detailed in Section 4.3.

For semantic search capabilities, the platform adopted a hybrid approach using Elasticsearch [16]
combined with transformer-based semantic embeddings generated using the Hugging Face trans-
formers library”. This setup allowed the system to go beyond traditional keyword matching and
retrieve results based on contextual meaning, thereby improving the accuracy and relevance of
search results.

Regarding external services, Cloudflare R2 [7] was used to manage cloud storage of file-based
resources, such as uploaded documents and images. Additionally, Docker [13] was used to con-
tainerize and manage certain components of the system, such as Neo4j and Elasticsearch, facili-

tating easier local development and consistent environment setup.

4.1.2 Requirements and Use Cases

The design of the platform was guided by a set of functional requirements derived from the needs
of its target users, primarily students and educators in engineering education. These needs were
identified during the initial literature review, which highlighted recurring challenges such as lim-
ited access to relevant learning materials, lack of personalized content, and insufficient support for
self-directed learning.

The platform supports the following primary actors:

* Student — the main user who explores learning content, completes assessments, and receives

recommendations.

* Educator — a contributor responsible for uploading resources, designing modules, and

building learning paths and assessments.

Uhttps://aiven.io/
Zhttps://huggingface.co/models?library=transformers&sort=downloads
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 System — the backend intelligent layer that provides personalized recommendations, seman-

tic search, and progress tracking features.

To address the identified user needs, a set of functional requirements was expressed through
user stories. These requirements capture expected system behavior from the perspective of its
users and guided the design of platform features and interactions.

Table 4.1 presents the user stories defined for the platform. These stories are categorized based
on user roles (students and educators) and served as the foundation for designing the platform’s

core features and interactions.

Table 4.1: Functional requirements of the platform expressed as user stories.

ID | User Story

User Requirements

US1 | As a new user, I want to sign up for the platform and select my role (e.g.,
student or educator) so that I can access the platform and perform role-specific
interactions.

US2 | As areturning user, I want to log in securely so that I can access my personal

data and continue my learning journey.

Student-Oriented Requirements

US3 | As a student, I want to update my profile so that my recommendations and
content can be personalized.

US4 | Asastudent, I want to search for resources using keywords and phrases so that
I can quickly find relevant learning materials.

USS5 | As astudent, I want to bookmark resources to my personal library so that I can
easily access them later.

US6 | As a student, I want to see related or recommended resources, modules, and
learning paths based on what I'm currently viewing so that I can discover ad-
ditional relevant materials.

US7 | As a student, I want to browse available learning materials so that I can find
structured learning experiences on specific topics.

US8 | As a student, I want to be able to access modules individually so that I can
study specific topics without enrolling in a full learning path.

US9 | Asastudent, I want to enroll in a learning path so that I can track my progress.
USI10 | As a student, I want to receive personalized recommendations based on my
past interactions and preferences so that I can discover relevant materials more
efficiently.

USI11 | As a student, I want to complete assessments to track my understanding and

progress.
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ID | User Story

US12 | As a student, I want to view detailed descriptions of resources, including type,
category, and tags, to ensure their relevance before accessing them.

US13 | As a student, I want to view my learning progress, including completed mod-
ules and learning paths, so that I can track my achievements.

US14 | Asastudent, I want to filter learning content by different criteria to find content
that matches my current needs.

USI15 | As a student, I want to create my own study paths by grouping modules of

interest so that I can personalize and organize my learning journey.

Educator-Oriented Requirements

US16

US17

US18

US19

US20

As an educator, I want to upload new learning resources to the platform so that
I can share my materials with students.

As an educator, I want to create new modules by selecting and organizing
resources from the library.

As an educator, I want to create new learning paths by arranging existing mod-
ules into structured sequences.

As an educator, I want to view and manage all the learning materials I have
created in a dedicated space.

As an educator, I want to create assessments as part of module creation to

evaluate student knowledge.

34

These user stories provided a direct connection between real user expectations and the result-

ing system design. Each one informed and inspired the implementation of core functionalities

and also contributed to the development of additional features that enriched the overall learning

experience.

4.2 System Architecture

The proposed KMS is implemented as a modular, web-based platform designed to support key

features for educational content management, recommendation, and personalized learning. Its ar-

chitecture follows a layered structure that separates responsibilities across four main components:

the frontend, backend, data storage, and external services. This organization promotes scalability,

maintainability, and a clear division of concerns between user interaction, application logic, and

data processing.
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Figure 4.1: Component and data flow diagram.

Figure 4.1 illustrates the interaction between the system’s components and their respective
responsibilities across the frontend interface, backend server, data management layers, and sup-
porting services such as cloud storage. Each component was selected based on its suitability for
modularity, scalability, and development efficiency, with technology choices grounded in both
practical implementation needs and evidence from related work.

The frontend, developed using React, serves as the primary interface for students and educa-
tors, enabling them to explore content, take assessments, and receive recommendations. React was
chosen for its component-based architecture, responsiveness, and active ecosystem, which support
rapid prototyping and reusable interface logic. User actions are routed to the backend, developed
in Node.js with the Express.js framework. This stack was selected due to its non-blocking I/O
model, lightweight nature, and compatibility with the frontend JavaScript environment. While al-

ternatives such as Django offer robust capabilities, the familiarity with Node.js allowed for faster
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development cycles and simplified integration across the stack. Authentication is handled via
Passport.js, and the backend coordinates services such as progress tracking, semantic search, and
personalized recommendations.

Data is managed across specialized components selected for their alignment with the sys-
tem’s functional requirements. PostgreSQL serves as the main relational database due to its
ACID compliance, support for complex joins, and indexing capabilities, which are essential for
tracking structured user progress, assessments, and content relationships. Neo4j functions as a
graph database, modeling dynamic relationships between users, resources, and modules to support
traversal-based recommendation queries. Its inclusion was motivated by literature on graph-based
recommendation systems and prior academic experience with Cypher, which provided a more ex-
pressive and efficient querying mechanism than relational alternatives. For semantic information
retrieval, Elasticsearch was chosen over ontology-based approaches like OWL and SPARQL, which
proved too abstract and integration-heavy during early development. Combined with transformer-
based embeddings, Elasticsearch enables hybrid queries that support both lexical relevance and
contextual meaning, improving the retrieval of relevant learning materials.

External services enhance the platform’s functionality while supporting modular deployment.
Cloudflare R2 was selected for file storage due to its S3 compatibility and generous free-tier ac-
cess, which made it a cost-effective choice during prototyping without sacrificing performance.
Resources such as documents and images are uploaded and accessed securely via signed URLSs
generated by the backend. To streamline development and maintain environment consistency, key
services like Elasticsearch and Neo4j were containerized using Docker, enabling future integration

of orchestration and deployment automation.

4.2.1 Deployment Overview

Building on the modular architecture, the deployment approach prioritized service independence
and environmental consistency during development. Although a complete Docker Compose setup
was not fully implemented, the initial containerization allowed for consistent local testing, iso-
lated configurations, and simplified dependency management. This approach balanced the needs
of lightweight prototyping with a scalable architecture, facilitating future migration to cloud envi-
ronments with minimal structural changes.

Figure 4.2 presents the local development and deployment setup designed to support modular-

ity, service independence, and environment consistency throughout development.
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<<device>>
Local Host Machine
<<execution environment>>
Web Browser
(Port 5173 exposed)
«Components
ReactJS Frontend <etloudss
Aiven PostgreSQL Service
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(REST API)
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Node.js Runtime
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HTTP Node.js Cloudflare R2 Object Storage
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<<execution environment>>
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<<execution environment>> <<execution environment>>
ElasticSearch Container Neo4j Database Container
(Port 9200 exposed) (Port 7687 exposed)
<<Database>> <<Database>>
ElasticSearch Instance Neod] DB

Figure 4.2: Local development and deployment setup diagram.

As illustrated in the previous diagram, the React frontend is served locally via Vite on port 5173,
while the Node.js backend exposes a RESTful API on port 8080. The backend coordinates mul-
tiple services: a PostgreSQL database hosted on Aiven Cloud for structured data; Dockerized
containers for Elasticsearch (port 9200) and Neo4j (port 7687); a local Hugging Face model
(all-MiniLM-L6-v2) for semantic indexing; and Cloudflare R2 for managing uploaded learn-
ing materials.

Although the system has not been deployed to a production environment, its modular and
loosely coupled architecture ensures portability and scalability. The current configuration supports
future integration with orchestration tools such as Docker Compose, positioning the system for

cloud deployment with minimal adaptation.

4.2.2 Security and Access Control

Authentication is managed using Passport.js. Users are assigned roles (e.g., student, educator) that
define access to features such as content creation, assessment, or progress tracking. File access
from Cloudflare R2 is secured using signed URLs, ensuring temporary and restricted access to
uploaded resources.

Overall, this modular architecture ensures flexibility, maintainability, and scalability, support-
ing future enhancements such as collaborative features, advanced analytics, or additional intelli-

gent services.
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4.3 Data Model and Database Design

The platform’s ability to support intelligent features such as personalized recommendations, se-
mantic search, and modular learning paths relies heavily on a robust and well-structured data
model. This section presents the design and rationale behind the three primary data representa-
tions used in the system: the relational model for structured data storage, the graph model for
recommendation logic, and the search model for semantic information retrieval.

Each model serves a specific purpose:

* The relational model, implemented with PostgreSQL, supports core platform functionalities
such as user management, resource organization, assessment tracking, and learning path

progression.

* The graph model, implemented with Neo4j, enables advanced personalization by modeling

rich, interconnected relationships between users, resources, and educational structures.

* The semantic search model, powered by Elasticsearch and transformer-based embeddings,
allows users to retrieve learning materials using natural language queries and concept-based

search.

The following subsections describe each model in detail, including schema structures, imple-

mentation decisions, and how they contribute to the overall system functionality.

4.3.1 Relational Model (PostgreSQL)

The platform’s core structured data (e.g., users, resources, assessments, modules, and learn-
ing paths) is managed using a relational model implemented in PostgreSQL. This schema was
designed to ensure data integrity, consistency, and scalability, while enabling key features like
progress tracking, personalized content delivery, and learning assessment.

The entity-relationship diagram (ERD) showing the main entities and relationships in the sys-
tem is presented in Appendix A.1.

The database includes the following tables:

* users - stores user account information, authentication data (hashed passwords), prefer-

ences (e.g., interests, education level), and role type (student, educator).

* resources - stores metadata about uploaded learning resources, including title, descrip-
tion, tags, categories, content type, and storage URL. Each resource can be associated with

modules or tagged for recommendation.

* modules - represent standalone learning units. Each module can be part of one or more

learning paths, has a title, summary, objectives, and estimated duration.

* learning_paths - structured sequences of modules. Each learning path can include

metadata such as a title, summary, objectives, difficulty, and estimated duration.
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* learning_path_modules - junction table linking modules to learning paths with a de-

fined order.

* learning_path_progress - tracks each user’s progress through a learning path, includ-

ing completed modules, time spent, and current module status.

* user_module_progress - tracks user progress at the module level, including completion

status, assessment status, and time spent.

* assessmentsand assessment_results - store self-assessable quizzes associated with

modules, including questions, answers, solutions, and user performance data.

* user_interactions -logs user interactions with resources, modules, and learning paths.

This data feeds into the recommendation engine.
¢ bookmarks — tracks resources users have saved for later.

* module_resources - maps resources to the modules they support and controls their dis-

play order.

®* user_searches,user_search_results,user_learning_content_search_results

- store semantic search interaction logs, used for evaluation and analysis.

Foreign key constraints were defined across all relationship tables to maintain referential in-
tegrity. For example, assessment_results enforces foreign keys linking to users, modules,
and assessments, while learning_path_modules uses a composite primary key to manage
ordered modules within a learning path.

The schema also incorporates constraints and checks for data quality, such as uniqueness on
user-resource bookmarks and status enumerations for progress tracking (e.g., not_started,
in_progress, completed). Indexes were defined implicitly by primary keys and selectively
for high-frequency fields like user_id, resource_id, and module_id.

Overall, the relational schema was designed to balance data normalization and performance,
while providing a robust structure for tracking educational engagement, personalization, and learn-

ing outcomes.

4.3.2 Graph Model (Neo4))

To enable personalized recommendations based on user interactions and content relationships,
the platform integrates a graph-based model using Neo4j. This graph structure allows for efficient
traversal of interconnected entities such as users, resources, modules, and learning paths, capturing
complex patterns that are difficult to express using purely relational data.

Data is periodically synchronized from PostgreSQL via a custom Node.js script, presented in
Appendix B, which transforms key entities and interactions into graph nodes and relationships.

Node types in the graph model include:
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* User — represents an individual interacting with the system. Stores profile data such as

education level, field of study, topic interests, and content preferences.

* Resource — learning materials uploaded to the system, containing title, description, tags,
type, and category.

* Module — standalone learning units that aggregate resources.
* LearningPath — structured sequences of modules.
* Tag, Category, ResourceType — represent classification attributes for resources.

* Interaction — logs an event between a user and a content item (e.g., viewed, started,
bookmarked).

Relationships between nodes capture meaningful interactions and associations:
* (:User)-[:PERFORMED]-> (:Interaction) —links a user to an action they initiated.

* (:Interaction)—-[:TARGET]->(:Resource / :Module / :LearningPath) —

identifies the target of the action.
e (:User)—[:BOOKMARKED]-> (:Resource) — marks a saved resource.

®* (:Resource)-[:HAS_TAG]->(:Tag), (:Resource)-[:HAS_CATEGORY]-> (:Category)

— classify content.

* (:Module)-[:HAS_RESOURCE]-> (:Resource) — links learning resources to mod-
ules.

* (:LearningPath)-[:HAS_MODULE]-> (:Module) — links modules to learning path.

* (:Resource)-[:0F_TYPE]-> (:ResourceType) — stores the content format (e.g.,

video, article).

Each Interaction node contains properties such as interaction type, timestamp, and a
computed weight. There is a calculateInteractionWeight () function (line 215 of Ap-
pendix B) that assigns weights based on the type and recency of an interaction. This enables pri-
oritizing recent and meaningful interactions (e.g., completing a learning path has a higher weight
in comparison to viewing a learning path) in the recommendation logic.

Figure 4.3 presents an abstract schema of the graph model used in Neo4j.
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Figure 4.3: Neo4j database graph schema.

The graph structure allows the system to perform personalized content recommendations based
on traversals of relationships such as shared tags, co-interacted resources, or similar learning paths.
Cypher queries are used to retrieve relevant content for each user based on both direct and indirect

connections, enabling a more contextualized and intelligent experience.

4.3.3 Search Model (Elasticsearch)

For semantic information retrieval, the platform leverages Elasticsearch in combination with transformer-
based language models. This hybrid search approach combines lexical matching with dense se-
mantic embeddings to support natural language queries and context-aware search over learning
content.

Dedicated indexes were created for resources, modules, and learning paths, incorporating both
textual metadata and vector representations to enable flexible and meaningful search results.

Three indexes were defined for resources, modules, and learning paths. However,
modules and learning paths are unified under a single learning_content index, as they
are retrieved and displayed together within the same search interface. This consolidation simplifies
query processing and allows joint semantic ranking across different types of learning content.

Table 4.2 summarizes the structure, field types, and semantic indexing used in both the resources

and learning_content indexes.
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Table 4.2: Field structure and types used in the resources and learning_content indexes.

Field Type Description

resources

title text Title of the resource.

description text Full-text description of the resource.

type keyword Type of the resource (e.g., video, pdf).

tags keyword Tags used for filtering and classification.
category keyword Subject category of the resource.

format keyword Resource format or delivery method.
embedding dense_vector | Embedding vector for semantic similarity search.
learning_content (modules)

title text Title of the module.

summary text Summary or abstract of the module.
objectives text Learning objectives and outcomes.

embedding dense_vector | Semantic vector for recommendation and search.

learning_content (learning paths)

title

summary
objectives
difficulty_level
embedding

text
text
text
keyword

dense_vector

Title of the learning path.

Overview of the learning path.

Learning objectives and outcomes.

Level of difficulty (e.g., beginner, intermediate).

Embedding vector for semantic similarity.

The indexed fields can be grouped into three main categories:

e Textual fields: title, description, summary, and objectives are indexed as fext

types. These fields are analyzed using Elasticsearch’s standard analyzer and tokenized for

full-text search using the BM25 [19] ranking algorithm.

¢ Categorical fields: Fields such as type, tags, category, format,anddifficulty_level

are defined as keyword types. These fields are not tokenized and are used primarily for fil-

tering, faceting, and aggregation.

* Embedding field: The embedding property is defined as a dense_vector of 384 dimen-

sions. These vectors are generated using the a11-MiniILM-L6-v2 transformer model [66]

and are indexed with cosine similarity enabled to support semantic search functionality.

To represent content semantically, the vector embeddings were generated using a transformer-

based language model from Hugging Face. The implementation uses the feature-extraction pipeline

with the Xenova/all-MiniLM-L6-v2 model [66], a lightweight and efficient sentence encoder

based on the MiniLM architecture. This model converts input text into fixed-size dense vectors

that capture semantic meaning.

The embedding generation process consists of the following steps:
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1. Preprocessing: HTML tags are stripped from content to ensure clean input.

2. Text fusion: Fields such as title, summary, tags, and objectives are concatenated into a

single input string.
3. Embedding inference: The transformer model generates an embedding vector for the input.

4. Post-processing: The embedding is trimmed or zero-padded to ensure a consistent dimen-

sionality of 384.

The resulting embeddings are stored in Elasticsearch and indexed with cosine similarity en-
abled. This allows the system to measure how similar two pieces of text are in semantic space,
rather than relying on exact word overlap.

When a user submits a search query, the system generates an embedding vector for the input
using the same transformer model used during indexing. This vector is then used in a hybrid query
that combines semantic and lexical matching. The Elasticsearch query uses a bool.should

clause that evaluates:

* A script_score component using cosine similarity to rank documents based on vector

closeness to the query.

* Amulti_match query on fields such as title, description, tags, and category,

with term frequency-based ranking via BM25.

The fields are weighted to prioritize more informative text (e.g., t it le is given higher weight
than category), and fuzzy matching is enabled to allow tolerance for minor typos or variations.
This setup ensures that users receive results that are both semantically and textually relevant, even
in the presence of ambiguous or imprecise queries.

To improve relevance and recall, the platform adopts a hybrid search strategy that combines:

* BM25 keyword search: Elasticsearch’s default scoring algorithm, which ranks results
based on term frequency and inverse document frequency [19]. This is effective for direct

text matches.

* Vector similarity search: Based on cosine similarity between query embeddings and stored
embeddings, this method enables semantically relevant results even when there is no exact

term match.

By combining both approaches, the system improves its ability to retrieve results that are
both contextually relevant and lexically appropriate, particularly useful for students who may not
always use precise keywords in their queries.

Additionally, the semantic search pipeline is tightly integrated with the backend logic. When

a new resource, module, or learning path is added to the platform, it is indexed in Elasticsearch
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immediately. This includes generating an embedding and associating it with the respective con-
tent item. This process ensures that the search system remains synchronized with the primary
PostgreSQL database.

Overall, the use of semantic search significantly enhances the retrieval and discovery of ed-
ucational content. It allows students to find resources that align with their learning intent, even
when their queries are vague, incomplete, or phrased differently than the content stored, thereby

contributing to the intelligent behavior of the knowledge management system.

4.4 Core Features

This section presents the platform’s main functionalities from the user’s perspective. Each feature
is described in terms of its purpose, interaction flow, and integration with the system’s architecture.

The design of these features was directly informed by the functional requirements collected
through user stories, presented in Table 4.1. These user stories captured the needs and expectations
of both students and educators and served as a foundation for translating user needs into practical
system components. By linking each user story to the corresponding implemented feature, the
table provides clear traceability between the requirements gathering phase and the system’s design.

The user interface design was adapted and extended from an open-source React template,
the Material Tailwind Dashboard® by Creative Tim, which provided a foundation for the overall
layout, component styling, and navigation structure.

The following subsections present each core feature in detail, showing how these implemen-

tations respond to the mapped user needs.

4.4.1 User Registration

This feature directly addresses user stories US1, US2, and US3, which express the need for secure

account creation, login, and profile customization to enable personalized learning experiences.
The platform uses a two-step registration process designed to personalize the learning expe-

rience from the beginning. As shown in Figure 4.4, the first step captures basic user details and

allows the selection of a role (student or educator).

3https://www.creative-tim.com/product/material-tailwind-dashboard-react ?ref=readme-mtdr
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Join Us Today

Figure 4.4: Sign-Up Process — Step 1: Personal details and role selection.

This step is essential for establishing a user profile and assigning the appropriate interface
logic. While the platform maintains a unified experience, some features are unique based on the
role to better suit the user’s context. For example, educators may access content creation options,
while students engage more with learning paths and assessments.

Figure 4.5 presents the second (optional) step of the registration process, where users are
invited to provide information about their education level, field of study, topic interests, preferred

content types, and language preference.

Tell Us More About You

Figure 4.5: Sign-Up Process — Step 2: Profile preferences.

This data feeds into the recommendation engine, allowing the system to deliver more relevant

suggestions from the start. However, users who prefer to explore before specifying preferences
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can skip this step. In that case, fallback strategies such as popularity-based recommendations are
applied until the system collects enough interaction data to personalize suggestions. This approach
helps balance personalization with usability, minimizing onboarding friction while still enabling
adaptive learning over time.

The authentication mechanism is implemented using the Passport.js middleware, which man-
ages sessions securely and supports credential-based login.

Upon registration, the backend performs the following actions:
* Validates user input and hashes the password using the bcrypt . js library.
* Stores the user in the PostgreSQL users table with all relevant profile and preference fields.

* Initializes a session using Passport’s req.logIn method to authenticate the user immedi-

ately.

The sign-in flow follows a similar structure, verifying credentials and creating a secure session
upon successful login. This ensures that users can access personalized features immediately after

registering.

4.4.2 Resource Upload and Management

This functionality fulfills the needs outlined in user stories US16 and US19, by allowing educators
to upload and manage their own learning resources through an intuitive interface.

The platform includes a dedicated resource upload feature that is only available to educator
accounts. By restricting this functionality, the system ensures that submitted learning materials
satisfy a standard of academic quality and pedagogical relevance. Educators play a key role in ex-
panding the platform’s repository by contributing structured, diverse, and pedagogically valuable
resources.

As shown in Figure 4.6, the upload interface is designed for clarity and ease of use, supporting

both metadata entry and file attachment.
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Upload New Resource

Resource Example

Description

Nomal ¢ B I U ® == L

Resource description

Resource Type Category

[0 Documentation Artificial Intelligence x  Software Engineering x  Information Retrieval x

Tags

this x is x ax  resource x
URL
Choose File

4

@ Public Private
CANCEL & UPLOAD RESOURCE

Figure 4.6: Resource upload interface (educator view).

To make the submission process easier, the form is separated into user-friendly sections:

* Title and Description: A rich-text editor (Quill) allows educators to provide a formatted

description of the resource, enhancing readability and structure.

» Categorization: Users select the resource type (e.g., Article, Video, Document) and assign
one or more subject categories (e.g., Artificial Intelligence, Mathematics) for classification.

» Tagging: Tags can be freely added to improve searchability and semantic indexing.

» Estimated Time: Indicates the expected duration to consume the resource, supporting bet-

ter time management for learners.

* Format and Visibility: Files in various formats (PDF, DOCX, PPTX, PNG, JPG, etc.) can

be uploaded. Educators may choose to make resources public or restrict them to private use.

This feature supports pedagogical consistency by encouraging educators to provide metadata
that aligns with instructional design principles, such as setting clear learning expectations and
categorizing materials by topic and duration. The resource submission workflow promotes inten-
tional content curation, ensuring that materials are discoverable and suited to different learners’
goals, pacing, and learning preferences.

Upon submission, the platform processes the input data by storing the resource metadata in the
PostgreSQL database, optionally uploading the file to Cloudflare R2, and generating semantic em-
beddings for indexing in Elasticsearch. This ensures that each uploaded resource is immediately
searchable and retrievable through both keyword and semantic queries, reinforcing the system’s

intelligent capabilities and content consistency across services.
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An example of a submitted resource as seen by users is shown in Figure 4.7, which displays
an embedded YouTube video, resource metadata, and two recommendation sections for both re-

sources and modules.

Arduino in 100 Seconds ) Recommended Modules

PUBLISHED ON: May 21, 2025 at 15:01  ADDED BY: Educator Doe

Arduino is a programmable circuit board that makes it possible for the average developer to build custom hardware products.
Getting Started with Arduino and

Learn about Arduin's architecture, microcontroller, programming language, and IDE in 100 seconds Embedded Systems
Resource Type: Covers the basics of Arduino boards,
Video programming, and its role in e.

® 15min

Estimated Time:

2 min

Categories:
Robotics, Programming Languages

Tags:
ARDUINO ROBOTICS

Content:

4

Ver mais t. Partilhar

M) Arduino in 100 Seconds ©

Verno @BYouTube

Recommended Resources <
[ Documentation A [ Cheat Sheet A A
Getting Started with Arduino Arduino Cheat Sheet Role Of Arduino In Real World
The Arduino platform has since its start in This is a page or poster-sized cheat sheet Applications
2005, grown to become o. for Arduino programmers. Arduino is the physical programmable

board. A wide array of sensors

Categories: Programming Languages, Robotics, Categories: Interet of Things (IoT), Robotics,
Internet of Things (IoT) Categories: Programming Languages, Robotics Programming Languages
DOCUMENTATION ~ GUIDE  ARDUINO. CHEAT-SHEET  ARDUINO 10T ARDUINO

Figure 4.7: Resource details page.

4.4.3 Modules and Learning Path Progress

The design of modules and learning paths aligns with several user stories (US8, US9, US15, US17,
US18, and US20), which highlight student expectations for modular learning, progress tracking,
and educator-driven content creation and assessment.

To structure the learning experience and support personalized progression, the platform orga-
nizes resources and learning content into modules and learning paths. This design reflects com-
mon educational strategies such as scaffolded learning and mastery-based progression, ensuring
that learners advance in a coherent and purposeful way. Tracking progress at both the module and
path level reinforces learner engagement and provides clear feedback on achievements, which are

both important aspects of self-regulated learning.
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Modules

The implementation of modules addresses user stories US8, US17, and US20, which highlight
the need for structured, standalone content delivery and educator-driven module creation with
embedded assessments.

Modules serve as structured learning units that integrate educational resources with a formative
assessment. This combination aligns with blended learning principles and supports active learning
by encouraging students to engage with content and apply knowledge through practice.

The module creation interface is designed as a guided three-step process for educators.

In the first step, shown in Figure 4.8, educators input a title, summary, and objectives and
select relevant categories. By prompting educators to define objectives, the system encourages

instructional alignment and outcome-driven design.

Add Module Details

Module Example

Nomal ¢ B I U & 1

i
iii
N

This is @ module.

Nomal ¢ B I U % i

il
il
i~

By the end of this module you will..|

CATEGORIES:

Web Development x Full-Stack Development x

Figure 4.8: Module Creation Process—Step 1: Module metadata form.

Next, educators manually select resources or choose from system-generated suggestions. This
approach supports both educator autonomy and assisted planning. Drag-and-drop ordering pro-

vides flexibility in structuring the learning flow, as illustrated in Figure 4.9.
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Add Resources

Search Resources

Recommended Resources  All Resources

X Video
100+ JavaScript Concepts
you Need to Know

The ultimate 10-minute
JavaScript course that

T Presentation Slides
Applied Criativity

Applied Criativity resource
description

T Presentation Slides
How to Build Outstanding
Products

How to build outstanding
products description

X Video
Next.js in 100 Seconds //
Plus Full Beginner's Tutorial

Learn the basics of Nextjs in
100 Seconds! Then build your

Selected Resources

X Video
100+ JavaScript Concepts you
Need to Know

The ultimate 10-minute Javascript
course that quickly breaks down o.

quickly breaks down o first s.

Categories: Technology and
Society, Web Development

Categories: Full-Stack Development

Categories: Full-Stack Categories: Web Development Categories: Full-Stack

Development

JAVASCRIPT  YOUTUBE

Development CREATIVITY  DESIGN-THINKING BUILD  PRODUCT

JAVASCRIPT  YOUTUBE NEXTJS

¥ Video ¥ Video [ Cheat Sheet

Python in 2 minutes! What is Node.js? datacamp: Python Basics

Cheat Sheet

Get to know Python and why
it's hated by C++
programmers!

What is Node.js? This short
video explains it in 3 minutes. Getting started with Python
Cheat Sheet

Learn Python online
Categories: Full-Stack Categories: Programming

Categories: Full-Stack Development Languages, Full-Stack

Nevelonment

BACK NEXT

Figure 4.9: Module Creation Process—Step 2: Resource selection.

Finally, educators create a short multiple-choice quiz to assess comprehension. A minimum
of three questions is required. Questions can be added manually or imported/exported in standard
formats (e.g., JSON or XML) for reusability and efficiency (Figure 4.10).

‘Add Assessment

IMPORT EXPORT

Passing Percentage* Number of Questions # IMPORT XML

IMPORT JSON
Question 1+

Option 1+

Option 2*

Option 3+

Option 4+

Question 2+

Option 1+

Option 2+
Option 3+

Option 4+

Figure 4.10: Module Creation Process—Step 3: Assessment creation.

An example of a completed module from the student perspective is shown in Figure 4.11.
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Getting Started with Arduino and Embedded Systems Recommended Learning Paths
PUBLISHED ON: May 21, 2025 at 15:42

Learning Path
Summary g

Covers the basics of Arduino boards, programming, and its role in embedded systems. Introduces how microcontrollers interface with the physical Foundatlons of Robotics and loT

world. with Arduino

This learning path introduces core
Objectives concepts in Robotics and the Int
By the end of this module, learners will be able to: ® 39 min

« Identify the basic components and functions of an Arduino board, including digital and analog pins, power inputs, and communication ports.
« Explain the role of Arduino in embedded systems and its relevance in robotics and loT applications.

« Understand the structure of a basic Arduino sketch, including the setup () and loop () functions.

« Interpret simple Arduino code snippets that perform input/output operations with LEDs and sensors.

+ Recognize how sensors and actuators are connected and interact with the Arduino for physical-world interfacing.

Resources
X Video N [ Cheat Sheet A
Arduino in 100 Seconds Arduino Cheat Sheet
Arduino is a programmable circuit board that makes it possible for This is a page or poster-sized cheat sheet for Arduino
programmers
Categories: Robotics, Programming Languages Categories: Robotics, Programming Languages
ARDUINO | ROBOTICS ARDUINO  CHEAT-SHEET
[ Documentation Q ® Tutorial D
Getting Started with Arduino Arduino Blinking LED Tutorial
The Arduino platform has since its start in 2005, grown to become A tutorial for connecting an LED to an Arduino board and writing co.
o
Categories: Internet of Things (10T), Robotics, Programming Languages Categories: Robotics, Internet of Things (IoT)
ARDUINO  GUIDE  DOCUMENTATION ARDUINO  TUTORIAL  IoT
Test Your Knowledge
Recommended Modules <
Sensors, Actuators, and Real-World Middleware and Integration Criativity & Design Thinking
Applications This module explores middieware Criativity & Design Thinking summary
This module introduces the key hardware platforms that enable interoperabil

©® 45min

components that allow micro. © somin

® 24min

Figure 4.11: Module details page.

When viewing a module, students can access all related resources and are encouraged to com-
plete the corresponding assessment to test their understanding. Personalized module and learning

path recommendations are also shown to promote continued and interest-driven learning.

Learning Paths

The design of learning paths responds to user stories US9 and US18, which emphasize the impor-
tance of progress tracking and the ability for educators to build sequenced, goal-oriented learning
journeys.

Learning paths are designed to offer a sequenced and goal-oriented learning experience. By

chaining together multiple modules, educators can construct structured journeys that foster skill
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acquisition over time. This approach aligns with instructional scaffolding and supports learning
progression by building upon previously acquired knowledge.

The sequential module unlocking mechanism reinforces the pedagogical principle of mastery
learning: learners can only advance after demonstrating sufficient understanding. This guides
students through a logical flow of topics and helps prevent gaps in foundational knowledge.

Learning path creation is done through a two-step form.

In the first step, shown in Figure 4.12, educators enter key details including the title, summary,
learning objectives, difficulty level, categories, and visibility settings. This encourages educators

to define the intended outcomes of the path clearly.

Learning Path Details

Learning Path Example

Normal s BIUS® E= kL
This is a leaming path

Normal s BIUS® E= L
By the end of this leaming path you will
DIFFICULTY LEVEL:

Intermediate
CATEGORIES:

Internet of Things (loT) *
VISIBILITY:

@ Public Private

Figure 4.12: Learning Path Creation Process—Step 1: Learning path metadata form.

Next, educators select which modules to include in the path. This can be done manually or

based on system recommendations, as seen in Figure 4.13.
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Add Modules

Search Modules

Recommended Modules  All Modules Selected Modules

Module Module Module Module Module
Sensors, Actuators, and Introduction to CPS and loT Getting Started with Arduino Security and Dependability Introduction to CPS and loT
Real-World Applications This module introduces the and Embedded Systems This module addresses the This module introduces the
This module intraduces the foundational concepts of Covers the basics of Arduino crucial aspects of security, foundational concepts of Cyber-
key hardware components Cyber-Physical . boards, programming, and its privacy, and Physical ...
that allow micro © 6hr roleine. ®© 50min ® 6hr
® 24min © 15 min
— e D
Module
Module Module
Getting Started with Arduino and
Middleware and Integration Devices and Connectivity in Embedded Systems
CPS/loT
This module explores Govers the basics of Arduino
middleware platforms that This module focuses on edge boards, programming, and its role in
enable interoperabil... devices, connectivity e
© 50 min technologies, and. & 15min
© 50 min

REMOVE

G TS
Figure 4.13: Learning Path Creation Process—Step 2: Module selection.
When students view a learning path, such as the one shown in Figure 4.14, they are presented

with a clear visual representation of their current progress. The interface is designed to promote

focus, motivation, and continuity which are key factors in effective self-paced learning.
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Foundations of Robotics and loT with Arduino

ESTIMATED DURATION: 39 7
Summary

utes

By the end of this learning path, learers should be able to;
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Figure 4.14: Learning path details page.

Modules are displayed sequentially, with access controlled by assessment completion. This
ensures structured progression and reinforces competency before moving forward.

All interactions, such as starting a module, passing an assessment, or completing a learn-
ing path, trigger backend updates that are reflected in both the user_module_progress and

learning_path_progress tables. This enables:

* Accurate real-time progress tracking.
* Unlocking of the next module, based on logic managed by both the frontend and backend.

* Display of visual cues for progress and performance (e.g., green “Completed” button states).

Once all modules are completed and assessments passed, the learning path is marked as com-

plete.



4.4 Core Features 55

Study Paths

This feature directly implements user story US15, which expresses the need for students to create
and personalize their own study paths. Study paths enable students to create their own learning se-
quences, promoting self-directed and interest-driven learning. Although learning paths are created
by educators, study paths give students autonomy to assemble content according to their personal
goals, learning styles, or revision needs.

This feature supports learner agency, a key principle in personalized education. By empower-
ing students to take ownership of their learning journey, the platform fosters motivation, reflection,
and lifelong learning habits. The ability to arrange modules around individual preferences mirrors
flexible learning models often used in higher education.

Study paths are private by default and support:

* Custom grouping of modules by topic or interest.

* Individual progress tracking.

* Revisiting and organizing content for review or deeper exploration.

Their flexibility also lays the foundation for future adaptive learning features, where personal-

ized paths could dynamically evolve based on student performance and preferences.

4.4.4 Assessments and Learning Evaluation

As described in user story US11, students expressed the need to evaluate their progress. This
feature provides a formative mechanism to reinforce learning and unlock sequential content. The
assessment component is a core mechanism in the system for validating students’ understanding
and enabling structured module progression. Each module includes a multiple-choice quiz defined
by the educator, which must be successfully completed for the module to be marked as complete.

Assessments serve two primary pedagogical purposes:

* Formative evaluation: Enabling students to test their understanding and receive immediate

feedback, supporting self-assessment and reflection.

* Progression control: Ensuring learners achieve a minimum level of mastery before advanc-

ing to more complex content, reinforcing structured learning progression.

This dual function aligns with widely accepted educational frameworks such as mastery learn-
ing and formative assessment theory. By embedding quizzes at the end of each module, the plat-
form fosters active recall and metacognitive engagement which are both critical for long-term
knowledge retention.

Each assessment consists of:
* A set of educator-defined multiple-choice questions.

* A solution array specifying correct answers.
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* A configurable passing threshold (default 70%) that determines whether the learner has

achieved sufficient understanding.

Figure 4.15 shows the assessment interface where students interact with quiz content.

Test Your Knowledge

Question 1: What is the primary role of the setup() function in an Arduino sketch?

To loop the code continuously after startup

To define and initialize code that runs once at the beginning

@ To declare global variables only

To upload code to the Arduino board

Question 2: Which of the following is a valid use for a digital pin on the Arduino Uno?

Reading temperature from an analog sensor

Calculating delay between code loops

@ Turning an LED on or off

Displaying values on a screen without a library

Question 3: According to the Arduino Starter Guide, what must be installed to program an Arduino board from your computer?

An SQL database

A serial monitor app

‘ @ The Arduino IDE

The Arduino cheat sheet

Current number of attempts: 2

Score: 67 /100

Figure 4.15: Module assessment interface.

The interface is designed for clarity and cognitive ease, using radio buttons for answer selec-
tion and providing immediate visual feedback upon submission. This setup supports fast feedback
loops that help learners identify misunderstandings and adjust their thinking in real time.

Students are allowed multiple attempts, promoting a growth mindset and reinforcing the idea
that learning is an iterative process. While past results are not yet stored or visualized, this
is planned as a future enhancement to support deeper reflection, progress monitoring, and self-
regulation.

The assessment logic operates in two distinct modes:
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* Independently, for standalone modules, enabling flexible and modular content usage.

* Sequentially, within learning paths, where passing an assessment unlocks the next module

to maintain a coherent learning flow.

By requiring students to actively engage with quizzes to complete modules, the platform re-
inforces principles of active learning, discourages passive browsing, and gives educators indirect
feedback on content effectiveness and learner comprehension. This strengthens the learning expe-

rience while promoting accountability and goal-oriented progression.

4.4.5 User Dashboard

The dashboard supports key elements from user stories USS and US13, providing access to book-
marks and tracking progress in a centralized, personalized view. The user dashboard page (see
Appendix C) serves as the central hub of the platform, offering students a personalized overview of
their learning journey. It was designed to promote autonomy and motivation by making progress,
achievements, and next steps clearly visible and easy to navigate.

From a pedagogical standpoint, the dashboard supports key principles of self-regulated learn-
ing, helping users monitor their activities, set goals, and reflect on progress. By consolidating
critical information such as ongoing and completed content, personalized recommendations, and
study paths, it reduces cognitive load and fosters purposeful engagement.

The dashboard consists of several distinct sections, each supporting a different phase of the

learning process:

* Recently Viewed Resources: Enables quick return to previously accessed content, rein-

forcing learning through repetition and supporting continuity.

* Recommended Resources: Displays personalized suggestions based on user preferences
and interactions. This supports adaptive learning by aligning content with learner interests

and context.

* My Study Paths: Lists custom paths created by the user, reinforcing ownership, planning,

and self-direction in the learning process.

* In Progress: Highlights active learning paths and modules with visual progress indicators.
This provides immediate feedback and sustains momentum by acknowledging ongoing ef-

fort.

* Completed: Presents a record of completed modules and paths, supporting motivation

through visible achievement and progress tracking.

* Bookmarked Resources: Offers a space for strategic content saving, supporting time man-

agement and goal-oriented study planning.
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These sections are displayed in a horizontally scrollable layout to present a variety of elements
without visual clutter. This design follows usability principles suited to educational platforms:
maintaining clear visual hierarchy, minimizing distractions, and offering intuitive access to task-
relevant content.

By combining real-time progress data and context-aware recommendations, the dashboard
becomes more than a navigation tool, it serves as a learning companion that encourages reflection,

agency, and intentional exploration.

4.4.6 Recommendation System

In response to user stories US6 and US10, the system provides personalized recommendations
based on profile data and usage history. Building upon the graph model detailed in Section 4.3,
this section describes how the recommendation system leverages those relationships to deliver
personalized content suggestions across the platform.

The recommendation system is a core pedagogical component designed to enhance the user
experience by offering personalized learning content. By analyzing user interests, past interac-
tions, and profile data, it helps learners discover relevant resources, modules, and learning paths
aligned with their individual goals and preferences.

From an educational perspective, personalized recommendations reduce the cognitive burden
of content discovery, increase relevance, and promote learner engagement. By aligning content
with a learner’s needs and context, the system supports differentiated instruction, which is an es-
sential principle in modern educational technology. Furthermore, it encourages exploratory learn-

ing by surfacing content that extends or complements what the learner is currently engaging with.

Recommendation Queries and Their Locations

The recommendation system operates through six distinct queries, strategically located across the
platform to provide meaningful suggestions at the right moment in the learning process. These
queries ensure that users receive meaningful suggestions wherever they are, enhancing their expe-
rience by providing relevant learning materials based on their activity and preferences.

For example, on the user dashboard (Appendix C), users are immediately greeted with per-
sonalized content upon logging in. At first, recommendations are generated based on the user’s
specified preferences and topic interests. If no preferences are provided during sign-up or profile
setup, the system defaults to suggesting the most popular resources across the platform. As the
user begins interacting with content, the recommendation engine dynamically incorporates both
their stated preferences and behavioral data to deliver increasingly personalized suggestions. This
approach ensures that users quickly re-engage with the platform and discover new content that
aligns with their ongoing learning journey.

When users view a resource details page (Figure 4.7), the system analyzes the specific resource

they are engaging with and recommends additional resources or related modules. By assessing
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content similarity and category matching, this query suggests complementary materials, expanding
the user’s understanding of the topic.

Similarly, when viewing a module details page (Figure 4.11), the system recommends related
modules and learning paths that align with the current module being explored. The query used in
this location considers both the user’s learning history and the content of the current module to
suggest additional modules or paths that will help continue the learning journey. By recommend-
ing content that complements the current module, the system ensures that users are exposed to a
logical progression in their studies.

Within the learning path details page (Figure 4.14), the system suggests resources that align
with the user’s learning path, allowing users to deepen their knowledge in the subjects they are
currently studying. The recommendation query used here is designed to expand the user’s learning
journey by offering resources that directly support the completion of their current path, ensuring a
continuous and enriched learning experience.

Throughout the platform, the system tracks users’ interactions with resources, modules, and
learning paths, such as which items they have viewed, bookmarked, or completed. The interaction-
based query uses this data to recommend new content based on similarities to previously engaged
materials. This query is crucial across all sections of the platform, as it provides personalized
recommendations that evolve with the user’s journey.

Each of these placements is designed to serve a pedagogical function: bridging gaps, rein-
forcing knowledge, or extending learning. The system supports both discovery-driven and goal-

oriented learners by responding to diverse learning styles.

Recommendation Logic and Scoring Model

The recommendation engine applies a consistent graph-based logic across all queries, regardless
of whether it is suggesting resources, modules, or learning paths.

Each query evaluates candidate items based on a combination of semantic similarity, struc-
tural proximity within the graph, and user-specific interaction patterns. While the specific Cypher
queries differ depending on the recommendation context, they generally share the following logic

components:

* Content-Based Similarity: Compares shared categories and tags and uses string similarity
metrics (e.g., Sgrensen—Dice) to measure how closely titles and descriptions match the tar-
get content. These comparisons are implemented using the APOC plugin in Neo4j, which
provides advanced string functions such as apoc.text.sorensenDiceSimilarity.

This supports both topical alignment and semantic association within the graph structure.

* Interaction-Based Weighting: Enhances recommendations by factoring in user-specific
interactions (e.g., viewed, bookmarked, completed). More meaningful actions are weighted

more heavily, and recent activity is prioritized using a recency function.
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* Graph Structure Awareness: Uses relationships between nodes, such as HAS_CATEGORY,
HAS_TAG, and PERFORMED/TARGET, to inform recommendation paths. This supports both

semantic association and collaborative relevance based on user behavior.

* Score Calculation: Each candidate receives a total score computed as a weighted sum of
the above factors. Items are then ordered by this score to produce the final ranked recom-

mendations.

This logic is applied uniformly but tailored per context. For instance:

* On a resource details page, the system recommends related resources or modules by com-

paring metadata and usage patterns.

* On a module details page, it suggests modules or learning paths that share topics or are

frequently explored by similar users.

* On a learning path details page, it identifies supporting resources relevant to the learning

objectives of that path.

A domain-specific formula is applied to interaction nodes to reflect the pedagogical signifi-

cance of user actions, as shown in Equation 4.1:

Weight = BaseWeight x max(1, 10 — DaysSincelnteraction) 4.1)

This formula is applied during the graph synchronization process and directly affects rec-
ommendation ranking, ensuring that the most recent and meaningful behaviors influence recom-
mendations. More details on the weighting logic and interaction synchronization can be seen in
Appendix B.

The recommendation system integrates semantic, structural, and behavioral dimensions into a
flexible and adaptive scoring model. This enables context-aware recommendations that reflect both
the learner’s profile and their evolving engagement with the platform, reinforcing personalization,

learner progression, and exploratory learning.

Fallback Strategies

To ensure continuity of support, especially during cold-start scenarios, the system incorporates
multiple fallback strategies that maintain recommendation quality when interaction data is sparse
or unavailable. These strategies are essential for maintaining engagement and providing valuable
content to users who may have limited interaction history or are new to the platform. In cases
where personalized recommendations cannot be generated, fallback queries are used to deliver
recommendations based on aggregate data, such as the popularity of resources or a random se-
lection. This ensures that users are always presented with content to explore, regardless of their

interaction history or profile completeness.
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To ensure continuity of support for all users, the system incorporates multiple fallback strate-
gies. These maintain a personalized experience even when user-specific data is unavailable, which

is a common challenge in educational platforms during the cold start phase.

* Profile-Based Fallback: When the system is unable to generate recommendations based
on user interactions, it defaults to recommending content based on the user’s profile data,
including topic interests and preferred content types. This guarantees that users still receive

content aligned with their general preferences.

* Popularity-Based Fallback: For users with limited interaction data or when no profile-
based recommendations can be generated, the system offers content that is popular across
the platform. These recommendations are drawn from the most frequently accessed or
highly rated resources, ensuring that users are exposed to well-regarded and commonly

used materials.

* Randomized Fallback: In cases where there is no data available (e.g., very new users
or those with minimal activity), the system resorts to recommending a random selection
of resources or modules. This approach ensures that users are not left without content to

explore, allowing them to begin engaging with the platform and discover new materials.

These strategies collectively ensure that learners are never left without guidance, supporting
uninterrupted engagement and fostering a sense of progress. As user data accumulates, the system
gradually shifts from generalized to personalized recommendations, enabling a smooth transition

toward adaptive learning.

4.4.7 Semantic Search Engine

The semantic search functionality was designed to meet the needs expressed in user stories US4,
US7, US12, and US14, providing an efficient and intuitive way to discover relevant content. The
semantic search engine enables users to quickly find relevant resources, modules, and learning
paths that match their interests or specific educational needs.

From an educational perspective, search supports self-directed and inquiry-based learning. It
allows students to take initiative, ask their own questions, and retrieve content on demand——principles
that align with learner autonomy and lifelong learning. By encouraging exploration outside of

structured learning paths, the platform fosters curiosity and deeper engagement.

Search Pages and Dynamic Filtering

The platform includes two dedicated search pages: one for resources and another for learning
content (modules and learning paths). Figure 4.16 shows the resource search page, where users

can enter natural language queries and apply dynamic filters to refine the results.
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Figure 4.16: Search page for resources with filtering options.

Filters on this page help narrow down results by:

* Resource Type: Filter by type, such as articles, videos, tutorials, and more.

» Category: Filter by academic subject or course area (e.g., Computer Science, Mathemat-

ics).

» Tags: Filter by thematic tags such as “Al,” “Data Science,” or “Sustainability.”

Figure 4.17 presents the learning content search page, which displays both modules and learn-

ing paths and includes additional filters designed to support instructional alignment and user

choice.
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Filters available here include:

* Learning Type: Distinguishes between standalone modules and sequential paths.
* Difficulty: Enables learners to choose content that matches their current proficiency.

* Duration: Helps users find content that fits their available study time, supporting better

planning.

These filters operate together with the main search query, ensuring results are not only relevant
but also tailored to individual learning preferences. Filters can be toggled on or off, making the

search process flexible, intuitive, and responsive to diverse learning needs.

Search Results

Currently, the system limits the number of results displayed to the top 10 per query. This deci-
sion was due to the scarcity of available resources and to simplify validation during the evaluation
phase. However, in a real-world scenario, promoting focused browsing and limiting cognitive
overload, especially for new users, can enhance decision-making and engagement within the plat-

form.

4.4.8 Alignment with Functional Requirements

To reinforce the alignment between the system’s design and the functional needs expressed by its
users, Table 4.3 provides a detailed mapping of each core feature to the corresponding user stories.
These user stories capture both student and educator perspectives and served as the foundation for

translating user expectations into practical, usable features.
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Table 4.3: Detailed mapping of core features to user stories and functional requirements.

Core Feature

User Story ID

Functional Requirement

User Registration US1 Sign up and select role (student or educator)
US2 Secure login and resume learning
US3 Set preferences to enable personalized experi-
ence
Resource Upload and | US16 Upload new learning resources
Management
Modules and Learning | US8 Access modules individually
Path Progress
US9 Enroll in learning paths
US13 Track progress across modules and paths
US17 Create modules as an educator
US18 Create learning paths as an educator
US20 Add assessments to modules during creation
Assessments and Learn- | US11 Complete assessments to monitor understanding
ing Evaluation
User Dashboard US5 Bookmark and revisit learning resources
US13 Display user progress and completion status
US19 Manage all created content in one place
Recommendation System | US6 Discover content related to current context
US10 Receive personalized suggestions based on pref-
erences and history
Semantic Search Engine | US4 Search using natural language or keywords
us7 Browse available learning materials
US12 Inspect detailed metadata before accessing re-
sources
US14 Apply filters by category, content type, and more
Study Paths US15 Create custom study paths by grouping modules

of interest

4.5 Implementation Challenges and Solutions

Several implementation challenges emerged throughout the development of the platform, requiring

iterative adjustments and technical workarounds.

One of the most challenging difficulties involved the integration of an ontology into the back-

end. Although WebProtégé [60] provided a user-friendly interface for designing and exporting

ontologies, integrating the generated OWL file into the backend logic was a struggle. Much of the
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available documentation was either too outdated or abstract, and it was unclear how to operational-
ize the concepts defined in the ontology within the functional architecture of a Node.js application.
After experimenting with various approaches and attempting to extract and map relevant concepts,
the effort ultimately proved too complex and time-consuming for the available timeframe. While
the ontology remained useful as a design reference to define entities and relationships, its direct
integration was discarded. Instead, semantic capabilities were implemented using a more prag-
matic and educationally effective solution: semantic Elasticsearch following a hybrid approach,
enabling concept-aware retrieval without formal reasoning. This shift preserved the system’s abil-
ity to offer contextually rich and intelligent search results, aligning with the pedagogical goals of
supporting meaningful knowledge discovery.

This strategic realignment directly informed the subsequent challenge of embedding semantic
capabilities into the search engine itself. The initial approach used a transformer-based model
via the HuggingFace Inference API, but this method proved unreliable, as repeated authentication
token failures interrupted the embedding process. To maintain control and performance, the model
pipeline was installed and run locally using the HuggingFace transformers library. This ensured
stable and fast embedding generation for resources and learning content. The resulting vectors
were indexed in Elasticsearch alongside traditional fields, enabling hybrid semantic search with
improved performance and full autonomy over the inference environment.

Containerizing services using Docker Compose introduced additional challenges, especially
in managing the backend. While Elasticsearch and Neo4j ran reliably in containers, the backend
encountered repeated build issues due to Node.js module resolution errors and inconsistent en-
vironment variables. These issues, combined with slow rebuild cycles and high system resource
consumption, ultimately led to a compromise: running backend and frontend services in local
development mode while keeping the data services containerized. This hybrid setup balanced
development agility with reproducibility and allowed prioritization of implementing user-facing
features without delays.

Another key challenge was synchronizing data between PostgreSQL and Neo4j to support
the recommendation system, which relied on relationship data derived from user interactions.
A custom Node.js script (Appendix B) was developed to extract users, resources, modules, and
interactions from the relational database and transform them into graph structures suitable for
Neodj. This script was designed to be modular, efficient, and rerunnable, enabling the graph
database to reflect the most recent learning behaviors and thereby generate accurate and relevant
recommendations.

These technical decisions were always guided by the need to deliver a functional, pedagogi-
cally valuable system. Each workaround or adjustment preserved the integrity of the platform’s
educational objectives, ensuring that features like personalized search, adaptive recommendations,

and structured learning paths remained central to the user experience.

The challenges encountered throughout the implementation phase shaped a system architec-

ture that prioritized flexibility, reliability, and educational value. These experiences also highlight
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the trade-offs often faced in real-world educational software development, where technical fea-
sibility must be balanced with pedagogical intent. The resulting system, while not without its
compromises, was able to support the core learning features envisioned during the design stage

and serve as a solid foundation for both evaluation and future refinement.
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Evaluation

This chapter presents an evaluation of the intelligent knowledge management system developed
in this thesis, with a focus on assessing its performance in three core areas: personalized recom-
mendations, semantic information retrieval, and structured content progression. The evaluation
was designed to reflect realistic usage within the context of engineering education and is directly

aligned with the fourth research question:

RQ4: How can the effectiveness of an intelligent KMS be evaluated in terms of user

satisfaction, learning outcomes, and system performance in engineering education?

To answer this question, a mixed-methods approach was adopted, combining system-level
performance metrics with user-centered feedback. Ten students from the Faculty of Engineering
of the University of Porto (FEUP) participated in guided testing sessions lasting 30-40 minutes.
These sessions simulated the end-to-end experience of using the platform, from signing in and con-
figuring preferences to exploring recommendations, performing topic-based searches, completing
structured learning paths, and submitting feedback.

The evaluation was conducted along three dimensions:

1. Semantic Search and Recommendation Performance — measured through quantitative
metrics such as Precision@k (P@k), Recall@k (R@k), average precision (AP), and mean
average precision (MAP).

2. Usability and User Satisfaction — assessed via post-session surveys, Likert-scale responses,
and the System Usability Scale (SUS).

3. Educational Value and Content Progression — analyzed through assessment scores and

user reflections on the learning paths.

This chapter outlines the evaluation methodology, tasks and data collection methods in Section
5.1. Next, in Section 5.2, the quantitative analysis of the system performance across different
features is presented. The qualitative user feedback and usability outcomes is summarized in
Section 5.3. Finally, Section 5.4 discusses the key findings and triangulates results from both

evaluation perspectives.

67
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5.1 Methodology

This section outlines the evaluation methodology adopted to assess the system’s technical per-
formance, usability, and educational value. The study used a task-based user testing protocol
combined with interaction logging and post-session surveys. Although sessions were conducted
locally on a single computer, the evaluation methodology was designed to simulate realistic plat-

form usage.

5.1.1 Participants

A total of ten participants were recruited for the evaluation. All were enrolled in the Informatics
and Computing Engineering program at FEUP. The group included both bachelor’s and master’s
students, ensuring a diverse set of user profiles across academic levels and topic familiarity.

Prior to the test, participants self-reported the following information to contextualize results:
* Current education level

* Year of study

* Prior knowledge of the topics covered during the testing session

This demographic data helped contextualize their feedback and interpret results such as search

success and learning outcomes based on their academic experience and topic familiarity.

5.1.2 Evaluation Tasks

Participants completed a structured sequence of five tasks designed to simulate the system’s in-

tended use:

1. User Onboarding
» Task: Participants registered into the system, selected their preferences, and config-
ured their profiles.
* Purpose: To test the cold-start logic of the recommendation engine and capture profile-
based personalization.

2. Resource Exploration and Recommendation Validation

» Task: Users interacted with their personalized dashboard. They were encouraged to
bookmark useful resources, interact with recommendations, and rate their relevance

based on the submitted preferences at sign-up.

* Purpose: To test the performance of the Neo4j-based graph recommendation system

and assess perceived personalization quality.

3. Semantic Search Task
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» Task: Participants searched for predefined topics using natural language queries. After

reviewing the results, they rated the relevance of the retrieved resources.

* Purpose: To evaluate the semantic search engine’s ability to return contextually accu-

rate results using Elasticsearch and embedding-based matching.
4. Learning Path Interaction

» Task: Participants selected one of two learning paths and completed its modules. Each

module included resources and an assessment to verify knowledge gained.

* Purpose: To assess the structured delivery of educational content, the usability of

learning progression logic, and the effectiveness of assessments.
5. Feedback Submission

» Task: At the end of the session, participants completed a feedback form to evaluate
usability, visual design, task clarity, recommendation quality, search performance, and

learning outcomes.

* Purpose: To collect qualitative data about user experience and satisfaction and iden-

tify areas for improvement.

Each session lasted approximately 30—40 minutes.

5.1.3 Data Collection

To ensure a comprehensive assessment, multiple types of data were collected throughout the user

testing sessions, including interaction logs, performance metrics, and participant feedback.

Interaction Logs. User activities were logged during each session, including search queries, rel-
evance ratings, resource views and bookmarks, and assessment completions. These logs enabled

reconstruction of user behavior and interaction patterns across different stages of engagement.

Quantitative Metrics. Standard information retrieval metrics were applied to evaluate the se-
mantic search and recommendation performance. These include Precision@k, which measures
the proportion of relevant items among the top-k retrieved results (Equation 5.1); Recall@k, which
captures the fraction of all relevant items that were retrieved (Equation 5.2); Average precision,
which averages the precision at ranks where relevant documents appear (Equation 5.3); and mean
average precision, which aggregates AP scores across all queries (Equation 5.4). Relevance judg-

ments were manually assigned to the top-k results for each query based on content-topic alignment.

* Precision@k: Proportion of relevant items in the top-k results.

Number of relevant items in top k

X (5.1

Precision@k =




Evaluation 70

* Recall@k: Proportion of relevant items retrieved among all relevant items available.

Recall @k — Number of relevant items in top k

. 52
Total number of relevant items (5:2)
* Average Precision: Average of precision values at each rank where a relevant item is re-

trieved. |
AP=—) P(k)-rel(k .
kEZI (k) -rel(k) (5.3)

where R is the number of relevant items, P(k) is the precision at rank &, and rel (k) is a binary

indicator (1 if the item at rank k is relevant, O otherwise).

* Mean Average Precision: Mean of AP values across all queries.
1 £
MAP = — }" AP(q) (5.4)
05

where Q is the total number of queries.

Controlled Scenarios. Predefined test cases were used to simulate three recommendation states:
cold start (no preferences), profile-based (preferences only), and personalized (after user interac-
tions). These controlled conditions allowed for consistent comparison of fallback and personalized

recommendation strategies.

Qualitative Feedback. Post-session surveys combined Likert-scale questions with open-ended
prompts, capturing participants’ perceptions of usability, content relevance, system clarity, and

educational value.

Assessment Outcomes. Assessment results from completed modules were used to analyze short-
term learning progression. Each assessment included auto-graded questions based on the module’s
objectives. While not measuring advanced mastery, these results offered insight into comprehen-

sion and content accessibility.

5.2 Quantitative Evaluation

This section presents the results of the quantitative evaluation of the semantic search and recom-
mendation features of the developed system. The goal is to assess how effectively the system
retrieves and recommends relevant content based on user context and queries.

The evaluation focuses on two core functionalities:
* Semantic Search — evaluated using a set of predefined natural language queries.

* Recommendation System — evaluated across different user states and platform contexts.
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All metrics used in this section, including Precision@k, Recall@k, Average precision, and
mean average precision, were described in Section 5.1 and applied using manually assigned rele-
vance labels.

5.2.1 Semantic Search

The semantic search engine was tested using seven representative queries designed to reflect real-
istic information needs within an educational context. These queries were entered into the system,

and the top 5 results were evaluated for relevance. Table 5.1 presents the queries used in this test.

Table 5.1: Evaluated semantic queries.

Query ID | Query Text

Ql What is knowledge management?

Q2 Arduino for beginners

Q3 How to use Al in Manufacturing?

Q4 Industry 4.0 vs Industry 5.0

Q5 Differences between NoSQL databases
Q6 Introduction to Cyber-Physical Systems

Q7 Design Thinking and Product Development

Each query returned a ranked list of up to 10 results, of which the top 5 were evaluated.
Relevance was judged based on alignment between the resource content and the query intent.
Tables 5.2 and 5.3 summarize Precision@5, average precision, and Recall@5 for each query.

Figure 5.1 visualizes comparative performance.

Table 5.2: Precision@5 and average precision per query.

Query ID | Relevance | P@5 | Total Relevant | AP Calculation AP
Ql 10111 0.80 5 1.0, 0.67, 0.75, 0.80 0.644
Q2 11101 0.80 6 1.0,1.0, 1.0, 1.0 0.667
Q3 10101 0.60 4 1.0, 0.67, 0.60 0.568
Q4 11101 0.80 6 1.0, 1.0, 1.0, 0.80 0.633
Q5 11111 1.00 6 1.0 (x5) 0.833
Q6 01100 0.40 4 0.5,0.67 0.292
Q7 11100 0.60 4 1.0, 1.0, 1.0 0.750

MAP | 0.627
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Table 5.3: Recall@5 per Query

Query ID | Relevant Retrieved | Total Relevant | R@5
Q1 4 5 0.80
Q2 4 6 0.67
Q3 3 4 0.75
Q4 4 6 0.67
Q5 5 6 0.83
Q6 2 4 0.50
Q7 3 4 0.75

Average Recall@5 | 0.714

Precision@5 vs Recall@5 per Query

[ Precision@5
1.0k mm Recall@5

Q4
Query ID

Figure 5.1: Precision@5 and Recall@5 scores across evaluated queries.

The semantic search system demonstrated reliable performance, achieving a MAP of 0.627
and an average R@5 of 0.714 across the set of queries. As shown in Figure 5.1, P@5 and R@5
values were closely aligned for most queries, indicating that the top-ranked results were generally
relevant and comprehensive. Q1 and Q5, for example, achieved both high precision and recall,
suggesting effective retrieval and ranking for well-defined topics.

While Precision@5 and Recall@5 were generally aligned, some divergence was observed;
for example, in Q3 and Q7, where recall was slightly higher than precision. This implies that
relevant documents were present among the retrieved results, but not always concentrated at the
top of the ranking. The highest-performing query, Q5, reflected strong alignment between query
intent and available resources. In contrast, lower-scoring queries like Q6 suggest potential areas

for improvement, such as expanding topic coverage or refining indexing strategies.
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5.2.2 Recommendation System

The recommendation system was evaluated through a series of controlled user scenarios to test
how well it adapts to different recommendation contexts and personalization states. As described
in Section 5.1, these scenarios simulated different stages of user interaction, including cold-start
behavior and progressively personalized responses. Table 5.4 outlines the main locations within

the platform where recommendations appear.

Table 5.4: Recommendation locations within the platform.

Location Description

Dashboard Personalized recommendations based on interactions and preferences.
Resource Page Recommended resources and modules related to a specific resource.
Module Page Recommended modules and learning paths related to the current one.

Learning Path Page | Recommended resources to expand knowledge beyond the current

learning path.

Dashboard Recommendations

The dashboard was tested under three conditions: cold start (no preferences), profile-based (us-
ing selected preferences), and personalized (after multiple interactions). These scenarios were

designed to evaluate the fallback strategies and personalization logic used in the system.

1. Cold Start: A new user without preferences triggered a fallback query that returned the

most popular resources on the platform.

2. Profile-Based: After setting preferences for preferred topics (e.g., Fullstack Development,
Artificial Intelligence, and Internet of Things) and content types (e.g., Articles, Videos, and
Presentation Slides), recommendations were filtered according to the first fallback query,

based on user preferences.

3. Personalized: After interacting with several resources, recommendations were tailored us-

ing both preferences and behavior history.

Table 5.5 shows the number of relevant items returned and the resulting Precision@6 for each

scenario.
Table 5.5: Recommendation quality on the dashboard across user states.
User State Fallback Used Items Shown (k) | Relevant | P@k
Cold Start Yes (popular content) 6 - -
Preferences Only | Yes (preference match) 6 6 1.00
After Interactions | No 6 6 1.00
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In the cold-start scenario, the system returned the most interacted-with resources overall (e.g.,
“100+ JavaScript Concepts You Need to Know” and “Al & Machine Learning in Manufacturing”).
These results are ranked based on total interaction counts across all users of the platform. Since
these recommendations are not specific to any user profile or behavior, relevance was not formally
evaluated in this scenario.

In the profile-based scenario, all recommended resources were aligned with the selected topics
and content types. For example, resources such as “Next.js in 100 Seconds // Plus Full Beginner’s
Tutorial” (Video, Full-Stack Development) and “Concepts and Architectures for CPS and loT”
(Presentation Slides, Internet of Things) clearly matched the specified interests. This consistency
resulted in a perfect Precision@6 of 1.00.

In the personalized scenario, the recommendation engine effectively filtered out previously
viewed and bookmarked content while still adhering to the user’s interests. Although two re-
sources were repeated from previous stages, these had not yet been interacted with. This demon-
strates that the system correctly avoids recommending content already explored, while still priori-

tizing relevance, once again achieving Precision@6 of 1.00.

Resource Page Module Recommendations

This test focused on how well the system recommends modules when viewing a resource. Two
cases were considered: when the resource is already part of a module and when it is standalone.
Table 5.6, displays the results obtained for the evaluation of module recommendation relevance

on the resource page.

Table 5.6: Recommendation relevance based on resource context.

Resource Type Items Shown | Relevant | P@k | Fallback Used
Part of Module 1 1 1.00 No
Standalone Resource 2 2 1.00 Yes

In the first scenario, a resource that is part of an existing module, for example, "What is a
Knowledge Management System," included in the "What is Knowledge Management" module, was
selected. The system recommended only one module (its own), which aligns with expectations,
given that the resource is not reused in other existing modules. This reflects a correct and focused
recommendation, though limited in scope due to current platform content.

In contrast, for standalone resources not currently associated with any module, such as "Database
System Concepts," the system returned two modules: "What is Knowledge Mangement" and "In-
troduction to Cassandra Wide-Column Store NoSQL Database." While still below the expected
maximum of five, this outcome is attributed to the limited quantity of module content available
in the system. Importantly, the recommendations were contextually appropriate: both modules
include resources categorized under topics like "Database Systems," "Software Engineering," and

"Knowledge Management Systems," which match the standalone resource’s categories.
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These results demonstrate that the recommendation engine is capable of establishing thematic
similarity through shared metadata such as categories. However, the number of recommended
items remains limited due to the current size of the content database. As more modules are added
to the system, the recommendation space is expected to expand and yield more varied and precise

results.

Module Page Learning Path Recommendations

Next, the system was tested on the module page, where it recommends learning paths. The test
compared results for modules that already belong to learning paths and those that do not.
Table 5.7, displays the results obtained for the evaluation of learning path recommendation

relevance on the module page.

Table 5.7: Recommendation relevance in module contexts.

Module Type Items Shown | Relevant | P@k | Fallback Used
With Learning Path 1 1 1.00 No
Without Learning Path 3 2 0.67 Yes

For example, when viewing the module "What is Knowledge Management," which is part of
the "Introduction to Knowledge Management System" learning path, the recommendation system
correctly returned that specific learning path. While the module could theoretically belong to
multiple learning paths, the system’s response is accurate given the current amount of content.

In contrast, when accessing a standalone module such as "Creativity & Design Thinking," the
system recommended all three available learning paths. However, only two of them were judged to
be topically relevant. Since the module had no predefined learning path associations, the fallback
strategy relied on global learning path popularity to populate the recommendation list.

These results indicate that while the recommendation logic successfully prioritizes actual
module-to-path relationships when available, its fallback strategy could benefit from additional
filtering based on content similarity or category alignment. As the number of modules and learn-

ing paths increases, the precision of these recommendations is also expected to improve.

Learning Path Page Resource Recommendations

The final test assessed resource recommendations shown on learning path pages. Since each learn-
ing path covers different topics, the goal was to determine if recommended resources were distinct

and relevant.

e LP1 - Introduction to Knowledge Management System
e LP2 - Getting Started with Arduino

e LP3 - Cyberphysical Systems and Internet of Things
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Table 5.8 shows the number of items shown, how many were unique, and how many were

considered relevant.

Table 5.8: Resource recommendations by learning path.

Learning Path ID | Items Shown | Unique Recommendations | Relevant | P@6
LP1 6 0 3 0.50
LP2 6 0 2 0.33
LP3 6 2 4 0.67

The same six resources appeared for both LP1 and LP2, despite covering different topics. This
overlap led to low uniqueness and only moderate relevance. LP3, however, included two distinct
items aligned with the learning path theme, which resulted in a higher Precision@6 of 0.67.

These results highlight a limitation in the current scoring strategy, which relies mostly on
textual similarity and popularity. Integrating additional filters such as tags or semantic embeddings

could reduce overlap and improve relevance across learning paths.

5.3 Qualitative Feedback

To better understand how users experienced the platform, qualitative feedback was collected at
the end of each evaluation session. Participants completed a feedback form (Appendix D) that
included Likert-scale statements and open-ended questions. These responses covered ease of use,
clarity of the interface, usefulness of recommendations, effectiveness of learning content, and
general satisfaction with the system. This section presents an overview of the responses provided

by the 10 participants who completed the evaluation.

5.3.1 Participant Information

All 10 participants were enrolled in the Informatics and Computing Engineering program and
represented a balanced distribution between bachelor’s and master’s students (5 each). They had
different levels of academic experience and familiarity with the topics covered during the session.

Figure 5.2 shows the breakdown by academic level, while Figure 5.3 shows their year of study.
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Bachelor’s (n=5)

Master’s (n=5)

Figure 5.2: Distribution of participants by academic level.

Bachelor’s 3rd Year (n=4)

Bachelor’s 2nd Year (n=1)

Master’s 1st Year (n=1)

Master’s 2nd Year (n=4)

Figure 5.3: Distribution of participants by year of study.

The academic year distribution shows participants primarily from advanced stages of their
studies, with the majority in their third year of bachelor’s studies (40%) or second year of master’s
studies (40%). This distribution ensures representation from both undergraduate and graduate
perspectives, with participants having sufficient foundational knowledge to engage meaningfully
with the evaluation materials.

Additionally, participants were asked to self-assess their prior knowledge of the topics ex-

plored during the evaluation, as illustrated in Figure 5.4.
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Basic (n=2)

None (n=2)

60%

Intermediate (n=6)

Figure 5.4: Self-assessed prior knowledge distribution.

Figure 5.4 shows that the majority of participants considered themselves to have intermediate
knowledge, while fewer identified as having only basic or no prior familiarity. This distribution
helps contextualize the evaluation results, as differences in prior knowledge may have influenced
how participants understood the questions and how they performed in the assessments.

A more detailed view of the participants’ profiles is provided in Table 5.9.

Table 5.9: Detailed participant profiles.

Participant ID | Education Level | Year of Study | Prior Knowledge Level
P1 Bachelor’s 3rd Basic
P2 Bachelor’s 3rd Intermediate
P3 Bachelor’s 2nd Intermediate
P4 Master’s 2nd Intermediate
P5 Master’s 2nd Basic
P6 Bachelor’s 3rd None
P7 Bachelor’s 3rd Intermediate
P8 Master’s 1st Intermediate
P9 Master’s 2nd Intermediate
P10 Master’s 2nd None

5.3.2 Usability and Visual Design

Participants were asked to rate their agreement with several usability-related statements on a 5-
point Likert scale (from Strongly Disagree to Strongly Agree). The statements focused on how
easy the platform was to use, how intuitive the interface felt, and how well users understood what

actions to take.

1. Ifound the system easy to use.
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2. The visual design and layout of the platform were clear and intuitive.

3. Tunderstood what to do at each step.

4. The learning path structure was clear.

5. The assessments were relevant.

6. I felt that I learned new or useful information from the learning paths/modules.

7. The search system seemed to understand the meaning of what I typed, not just the keywords.

8. I would use a system like this in my studies.

Figure 5.5 presents the distribution of responses.

.| 0% I 100%
2.1 0% e 100%
3.0 0% I 100%
4. 0% I 100%
5.0 0% e 100%
6. | 0% P 30%
7.1 0% I 80%
8. | 0% I 90%

B Strongly Disagree M Disagree I Neutral = Agree M Strongly Agree

Figure 5.5: Participant agreement on usability and visual design.

Most participants responded positively, especially in relation to ease of use, task clarity, and

layout.

5.3.3 Recommendation Perception and Semantic Search

Participants were asked about their impressions of the recommendation system and semantic
search. All users observed that recommendations changed throughout the session, which con-
firmed that the platform successfully transitioned from fallback suggestions to personalized re-
sults. This was seen as a positive feature.

Table 5.10 presents some example queries and their corresponding relevance ratings, along

with participant comments.
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Table 5.10: Example queries and search result ratings.

Query User Rating (1-5) | Comments
"actuator flow" 4 Returned relevant Arduino-related resources.
"intro to javascript" 4 Included resources related to javascript and

programming languages.
"industry systems" 4 Resources contained relevant mentions of in-

dustry topics.

"arduino sensors" 3.5 Mostly relevant Arduino resources; some
mismatches.

"difference between nosql 4 Result #3 should be ranked higher.

databases"

"introduction to cyber- 4 Only 4 relevant resources in the top 5

physical systems"
"basics arduino" 4 First result was off-topic (Python); others

were relevant.

Most users felt that the system returned results that matched what they meant, not just the exact
words they typed. However, a few responses pointed out occasional mismatches or limitations,
which can be due to the scarce number of resources and variety.

5.3.4 Learning Path Outcomes

Participants completed one of two possible learning paths during the session:
e LP1 - Introduction to Knowledge Management Systems
¢ LP2 - Getting Started with Arduino

Table 5.11 shows which learning path each participant selected and their assessment scores
(out of 100). Most participants achieved full scores in both modules, regardless of their prior

knowledge.
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Table 5.11: Learning path selection and assessment scores.

Participant | Learning Path | Assessment Score Module #1 | Assessment Score Module#2
P1 LP1 100 100
P2 LP2 100 100
P3 LP2 100 100
P4 LP2 100 100
P5 LP1 100 100
P6 LP2 67; 100 100
P7 LP1 100 100
P8 LPI 100 100
P9 LP1 100 100

P10 LP2 67; 100 100

While all users completed the paths successfully, these assessments were focused on basic un-
derstanding. More advanced or varied question types would be needed to evaluate deeper learning

in future iterations.

5.3.5 Frustrations and Suggestions

Although the overall feedback was positive, participants shared a number of valuable suggestions

and minor frustrations they experienced that can inform future improvements:

» Assessment Review: Users wanted the ability to revisit the answers of submitted assess-

ments.

* Recommendation Placement: When completing a learning path, seeing unrelated recom-
mendations inside modules was seen as confusing and distracting, disrupting the expected

flow.

* Search Persistence: Search queries were lost after clicking a result and navigating back to
the search page.

* Performance: Dashboard loading was slow, especially on first access.
e UI Suggestions:

— Locked module cards showed a pointer cursor, which was misleading.

— Sidebar cards should remain fixed while scrolling to improve readability of page con-

tent.

— The dashboard had too many sections and felt visually cluttered.

Some feedback also pointed to future opportunities:
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“If integrated with my course units, the system could recommend materials based on

my weaknesses, which would be incredible.”

This comment supports the idea of using assessment results to guide recommendations, which
is a feature considered but not implemented in the current prototype.

Another participant noted:

“Yes,  would use it regularly. Particularly in engineering, there is a lack of centralized

systems where we can find useful information on different topics.”
This highlights the current gaps in KMS for education, where resources are not easily discov-
erable to support the educational trajectory of a student.
5.3.6 System Usability Scale

To complement qualitative feedback, the 10-item system usability scale was used to assess per-
ceived usability. SUS is a widely recognized and reliable tool for measuring system usability,
originally developed by John Brooke in 1996 [3]. It gives a score from O to 100, with higher
values indicating better perceived usability. Each participant completed the questionnaire after
finishing the session.

The 10 statements included in the SUS questionnaire are as follows:
1. I think that I would like to use this product frequently.
2. I found the product unnecessarily complex.
3. Ithought the product was easy to use.
4. 1 think that I would need the support of a technical person to be able to use this product.
5. I found the various functions in this product were well integrated.
6. I thought there was too much inconsistency in this product.
7. Iimagine that most people would learn to use this product very quickly.
8. I found the product very awkward to use.
9. I felt very confident using the product.
10. I needed to learn a lot of things before I could get going with this product.

The SUS score is calculated using a standard formula: for each of the 10 items, odd-numbered
statements (positive) are scored as the response value minus 1, while even-numbered statements

(negative) are scored as 5 minus the response value, as defined in Equation 5.5:

Response; —1 if i is odd
S = (55)
5 —Response; ifiis even
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The adjusted scores for all ten questions are then summed and multiplied by 2.5 to produce a

final SUS score on a scale from 0 to 100, as shown in Equation 5.6.

SUS Score = (i s,-) X 2.5 (5.6)
i=1
Figure 5.6 summarizes the responses to each statement.

L | 0% I 90%

2. | 1007 [ N 0%
3. 0% I 100%
4. | 1009 I, (0%
5.1 0% I 1009
6. | 100% N N, 0%
7. | 0% I 100%
8. | 100% IS 0%
9. | 0% I 100%
10. | 1007 N N 0%

B Strongly Disagree M Disagree " Neutral = Agree M Strongly Agree

Figure 5.6: System usability scale question responses.

The average SUS score was 93.0, which is considered excellent. This confirms the positive

experience reported throughout the session and suggests that the system is easy to learn and use.

5.4 Discussion of Results

Although the user testing sessions were limited in duration and sample size, the evaluation phase
revealed several key insights regarding the system’s technical performance, usability, and educa-
tional value.

The semantic search engine showed consistent performance across a range of queries, achiev-
ing a mean average precision of 0.627 and an average Recall@5 of 0.714. Queries with specific
scopes generally produced highly relevant results, while broader or interdisciplinary queries had
lower relevance due to limited resource coverage. These results suggest that the semantic search
approach is effective when sufficient and topically aligned content is available.

The recommendation engine, particularly in personalized contexts that combined profile pref-
erences and interaction history, achieved strong results with a Precision@6 of 1.00. This indicates
that the system was able to match users with relevant content based on their interests and actions.
However, limitations emerged in content-specific recommendation scenarios, especially on the
learning path details page. In some cases, the same resources were recommended across different

learning paths, even when those paths addressed different topics. This reflects a limitation in the
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current scoring strategy, which relies mainly on textual similarity and interaction frequency. With-
out deeper metadata, for example, topic tags, semantic categories, or graph-based embeddings,
the system tends to favor popular or generic resources. The performance of LP3, which demon-
strated better recommendation diversity, reinforces the idea that more refined content filtering and
similarity modeling could improve precision in future iterations.

All participants were able to complete their selected learning paths and successfully pass the
associated module assessments. This suggests that the learning content was generally clear and ac-
cessible, even for users with limited prior knowledge of the topics. However, the high success rate
and the intuitive nature of the assessments point to a limitation in their ability to evaluate deeper
levels of understanding. One likely contributing factor is the absence of input from professional
educators during the design of the assessments. As a result, the current evaluation materials focus
primarily on basic recall and conceptual understanding. Future iterations of the system would
benefit from collaboration with educators to design more diverse and cognitively demanding as-
sessment types that better align with educational goals and learning outcomes.

User perception was highly positive across all evaluated dimensions. The platform received
a SUS score of 93.0, which is considered excellent in terms of usability. Likert-scale responses
and open-ended feedback further supported these results. Participants highlighted learning paths,
search filters, and various personalized recommendations as features they enjoyed the most. Re-
ported issues, such as the inability to review assessment answers or the disappearance of search
queries upon navigation, were relatively minor and can be addressed in future iterations.

A common theme across all evaluation data is that the system’s performance is highly depen-
dent on the availability, diversity, and structure of content. Both the semantic search and recom-
mendation components perform well under the right conditions, but their effectiveness is limited
by gaps in topical coverage, lack of deeper metadata (e.g., semantic relationships), and limited
learning materials. This points to the importance of continuous content expansion and metadata
enrichment as the platform evolves.

The combination of quantitative metrics and qualitative feedback provides a comprehensive
perspective on the system’s performance and user experience. In general, the two data sources
reinforce each other: the high Precision@k and MAP scores observed in the semantic search and
recommendation tests align with the positive user perceptions reported in post-session surveys.
Participants noted that the system “understood what [they] meant, not just the keywords,” which
supports the improved relevance observed in semantic search metrics. Similarly, the high precision
across different recommendation contexts is reflected in users’ agreement that the recommended
materials matched their interests and preferences.

At the same time, a few contradictions were also informative. For example, while the Pre-
cision@k values for learning path recommendations were only moderate (ranging from 0.33 to
0.67), participants still expressed appreciation for the overall structure and flow of the learning
content. This highlights how users may value content structure and flow even when specific rec-
ommendations are not perfectly contextually perfect.

In summary, this mixed-methods evaluation confirmed the potential of the platform while
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also identifying concrete areas for improvement. The results validate core design decisions, such
as using modular learning paths, semantic retrieval, and graph-based personalization, but also
highlight the importance of content quality, recommendation diversity, and ongoing refinement of

both algorithms and user-facing features.



Chapter 6

Discussion

This chapter reflects on the results obtained during the development and evaluation of the intel-
ligent knowledge management system for engineering education. It interprets the key findings,

connects them to the four guiding research questions, and discusses challenges and limitations.

6.1 Key Findings

The development of the platform aimed to address key limitations in knowledge management for
engineering education by combining intelligent technologies with a user-centered design. The fi-
nal solution focused on three main areas: improving information retrieval through semantic search,
offering personalized content recommendations through a graph-based approach, and guiding stu-
dents through structured learning experiences via modular learning paths. These components were
designed in response to the project’s research questions and were evaluated using a mix of quali-
tative and quantitative methods.

Figure 6.1 presents a conceptual model of the solution.

Objectives Functionalities Expected Impact

h 4
h 4

Improve access to educational
resources

Semantic Search

¥

Improved Resource Discovery

¥

Graph-Based

Support personalized learning » Recommendations

Increased Learner Engagement

Y

Modular
Learning Paths

¥

Enable structured progression = Improved Knowledge Retention

Figure 6.1: Conceptual model linking system objectives, functionalities, and impact.

This model helps clarify how the developed features respond directly to core educational lim-
itations such as resource discoverability, relevance of content, and structured progression. These

functionalities were not developed in isolation but as part of an integrated platform designed to

86
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improve the learning experience through personalization, usability, and intelligent content deliv-
ery. Together, they demonstrate how even a relatively lightweight solution can address meaningful

gaps in current knowledge management systems.

Semantic Search

The semantic search system helped improve how users find relevant content, going beyond basic
keyword matching. By combining Elasticsearch with a transformer-based language model, the
system could interpret natural-language queries and return more meaningful and context-aware
results. This addressed a common issue in existing educational platforms where search tools often
return shallow or irrelevant matches. Testing with a small but carefully curated set of queries,
along with participant feedback, showed that users generally found the results more relevant and
helpful.

Recommendation System

The recommendation engine was built using Neo4j and focused on generating personalized sug-
gestions by analyzing relationships between users, resources, and learning materials. The graph
structure made it possible to capture connections based on user interactions and content similar-
ity. Although relatively simple in scope, the recommendation logic adapted over time as users
engaged with the system. Evaluation through predefined user scenarios and user feedback sug-
gested that the recommendations became more relevant after initial interactions. This confirmed
the system’s potential for personalization, even if some areas, such as recommendation diversity,

still have room for improvement.

Modular Learning Paths

To support structured and progressive learning, the platform included modular learning paths with
integrated assessments. Each module included a defined set of resources with a short quiz that
had to be completed before progressing. User progress was tracked and stored in the database,
updating automatically based on assessment results. While the assessments were basic and not
created with educational experts, they still provided a way to verify concept understanding and
maintain learning flow. The modular structure also helped break down topics into manageable
steps, offering a clear and trackable learning experience. This structure lays the groundwork for

future enhancements such as adaptive learning or feedback based on user performance.

6.1.1 Research Questions

The findings discussed above relate directly to the research questions defined at the beginning of
this thesis:
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RQ1. What design strategies can be applied to implement a knowledge management system
that accommodates the varying needs of students and educators in engineering education?
To support both student and educator needs, the system followed a human-centered design ap-
proach. Different user roles were considered early in the design phase by creating personas and
mapping their typical workflows. This helped identify essential features such as resource cre-
ation, search, progress tracking, and personalized recommendations. The concept of creating
low-fidelity prototypes made it easier to test and refine interface decisions, improving the system’s

overall usability.

RQ2. How can intelligent technologies enhance information retrieval, personalization, and
resource accessibility in knowledge management systems for engineering education? To en-
hance information retrieval and resource accessibility, the system integrated two intelligent tech-
nologies: semantic search and graph-based recommendations. Semantic search was implemented
by generating dense vector embeddings from resource titles and descriptions using a transformer-
based language model (al1-MiniLM-L6-v2). These embeddings were indexed and queried
using Elasticsearch, enabling the system to match semantically similar content even when users’
queries did not contain exact keywords. This approach addressed common limitations of tradi-
tional keyword-based search by allowing more natural language interaction and improving the
relevance of retrieved resources.

For personalization, a graph-based recommendation engine was developed using Neo4j. The
graph modeled relationships between users, learning resources, modules, and topics, incorporating
interaction data such as resource views and completed modules. Based on these connections, the
system was able to suggest context-aware learning materials aligned with each user’s activity and
preferences. A fallback strategy based on popular resources was also implemented to support new
users with no prior interactions.

Together, these technologies made the platform more adaptive to individual learning needs
and enhanced the discovery of relevant content. By supporting semantic understanding and per-
sonalization, the system advanced beyond static or manually curated approaches and demonstrated
how intelligent components can improve both accessibility and engagement in educational KMS

environments.

RQ3. What are the existing gaps and limitations in knowledge management systems for engi-
neering education, and how can they be addressed through innovative approaches? Many
existing educational platforms still struggle with outdated interfaces, rigid workflows, ineffec-
tive search tools, and limited support for personalization. This project aimed to address these
issues by developing a modular system that supports structured learning progression and person-
alized content discovery. The use of semantic search helped address the limitations of traditional

keyword-based retrieval by enabling the system to interpret the meaning behind user queries rather
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than relying on exact word matches. In addition, the recommendation engine introduced a foun-
dational approach to personalized learning by suggesting relevant content based on user behavior
and individual preferences.

The project also focused on maintaining a clean and consistent user experience. Design de-
cisions were influenced not only by academic research but also by real student needs and expe-
riences. This helped avoid common usability issues found in other platforms, such as confusing

navigation or disconnected learning features.

RQ4. How can the effectiveness of an intelligent KMS be evaluated in terms of user satisfac-
tion, learning outcomes, and system performance in engineering education? The effective-
ness of the system was evaluated through a combination of quantitative and qualitative methods,
focusing on the relevance of semantic search results, the quality of personalized recommenda-
tions, and the overall user experience. As detailed in Chapter 5, the semantic search system was
evaluated using a manually constructed set of user queries and expected results, enabling preci-
sion and recall analysis. In addition, qualitative feedback was collected through participant user
testing sessions, where users interacted with the search feature and commented on the relevance
and usefulness of the results. Together, these methods helped verify the system’s ability to return
contextually appropriate resources, addressing the information retrieval aspect of system perfor-
mance.

Personalized recommendations were evaluated using two approaches. Gathering qualitative
feedback through user testing sessions, in which participants interacted with the system and shared
their impressions regarding the usefulness and relevance of the suggested resources. Additionally,
predefined user scenarios were used to simulate a consistent interaction path, allowing for a more
detailed examination of the system’s recommendation behavior in different contexts.

Learning outcomes were not evaluated through formal empirical studies due to time and re-
source constraints. However, partial insight into learning effectiveness was obtained by tracking
the completion of a learning path, which required users to complete associated assessments to
progress through the modules. These assessments provided a basic measure of understanding,
although their design was simple and lacked input from educational professionals, limiting their
validity as formal evaluation instruments. Nonetheless, the system’s architecture, built around
modular content delivery and assessment-based progression, lays a foundation for future studies
that could explore educational impact more rigorously. Overall, the applied evaluation methods
offer an initial indication of system quality and effectiveness, particularly in terms of semantic
retrieval, recommendation relevance, and alignment with the needs of learners in engineering ed-

ucation.

6.2 Main Challenges

The main challenge during the implementation of the solution was integrating and evolving several

complex subsystems (a relational database, a semantic search engine, a graph database, modular
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learning paths, and assessment logic) within a limited development period. The balance between
the breadth of these components and the depth of their implementation required continual trade-
offs between functionality and refinement.

Although a pre-existing UI template was used to speed up the design of the frontend, most of
the platform’s logic still had to be developed from the ground up. This included implementing
user registration and authentication flows, API endpoints, state management, modular learning
logic, and real-time progress tracking. The template mainly helped with layout and styling, but it
didn’t provide the logic needed to support the platform’s functionality. Building and connecting
everything added more work than expected.

Unexpected bugs appeared on a near-daily basis during development, particularly as new com-
ponents were added or existing ones became interconnected. Debugging and fixing these issues
often consumed considerable time and energy, diverting focus from more research-oriented com-
ponents such as the recommendation engine and semantic search configuration. Addressing com-
patibility issues between services, fixing state inconsistencies, and debugging asynchronous be-
havior in the frontend were frequent and time-consuming tasks.

The design and implementation of the modular learning path structure also required careful
thought. The logic for unlocking modules, tracking progress, and validating assessment com-
pletion had to be clearly defined and consistently maintained across the frontend, backend, and
database layers. Designing this system in a way that was both flexible and reliable required care-
ful coordination of user interactions, backend logic, and relational data integrity. This complexity
increased the risk of introducing logical inconsistencies, especially when modifying the flow of
learning path progression.

Despite these challenges, the project successfully delivered a working prototype that integrated
several intelligent features and served as a proof of concept for a more comprehensive platform.
The process also revealed valuable areas for further optimization, such as tighter integration be-
tween learning analytics and recommendations, improved debugging workflows, and more robust

user modeling strategies.

6.3 Limitations and Threats to Validity

6.3.1 Limitations of the Evaluation Process

This subsection outlines the main limitations of the evaluation phase, especially regarding content
availability, the number of participants, and the testing conditions. These factors influenced how
far the results could be interpreted or generalized.

One of the biggest limitations was the small number and variety of resources available on the
platform. Since all materials were added manually and came from a limited range of sources, the
system lacked broader topic coverage. This affected the quality of semantic search results and

reduced the range of possible recommendations. In some cases, especially when fallback logic
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was used, the system couldn’t return the expected number of recommended items due to a lack of
diverse content.

The creation of learning paths, modules, and assessments was also affected by the lack of input
from educational experts. As a result, the assessments remained relatively simple, which limited
their ability to measure deeper levels of understanding. However, their inclusion still provided a
useful way to track user progress and gather preliminary insights into how learners interacted with
the learning content. The scarcity of available learning paths further limited the ability to evaluate
how well the recommendation engine could adapt across different learning scenarios.

The evaluation itself was also limited by the short testing sessions and the small number of
participants (n=10). Since all sessions were done locally on a single device, it wasn’t possible
to simulate a real-world learning environment or observe how users might interact with the sys-
tem over time. This made it difficult to assess things like evolving user preferences, longer-term
learning progress, or system performance in more realistic conditions.

Additionally, although the recommendation system offered basic personalization based on user
interactions and graph relationships in Neo4j, more advanced techniques such as machine learning
or collaborative filtering were not implemented due to time constraints and the complexity of
integrating them into the existing tech stack. As a result, the system had limited ability to adapt to
user behavior or improve its recommendations over time.

Finally, the platform was only tested in a prototype environment. No formal testing was done
on performance aspects such as speed, scalability, or behavior under heavier usage. So, while the
system worked during testing, its technical reliability in real-world conditions remains unknown.

Even with these limitations, the evaluation helped confirm that the system’s main features
(semantic search, personalized recommendations, and modular learning) functioned as intended. It
also provided useful feedback and ideas for improving the platform in future iterations, especially

in terms of expanding the content and refining recommendation logic.

6.3.2 System-Level Limitations

Beyond the evaluation itself, the knowledge management system developed faced some broader
limitations that affected its overall scope and potential impact. These included technical con-
straints, design choices, and the lack of real-world deployment.

One major limitation was that the system was never tested in an actual classroom or used by
students and educators over an extended period. This meant it wasn’t possible to track how users
might engage with the platform in the long term, how learning might progress over time, or how
useful the recommendations would be in real educational settings.

From a technical point of view, although the platform includes semantic search and a graph-
based recommendation engine, some features remain isolated. For example, assessment results
were stored in the relational database but weren’t connected to the graph. Because of that, the
recommendation system couldn’t take into account user performance or adjust suggestions based

on assessment outcomes.
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An ontology was also created early in the project using WebProtégé to model relationships
between concepts. However, integrating it into the system turned out to be too complex due
to limited documentation and lack of support in the Node.js environment. As a result, the idea
was dropped, and a more practical solution using vector-based semantic search was implemented
instead.

Finally, given the system’s overall complexity and the limited development timeframe, the
project focused on three core components: modular learning, semantic search, and graph-based
recommendations. It was necessary to prioritize features that were both technically feasible and
central to the system’s objectives. This focus ensured that key functionalities could be properly
designed, implemented, and evaluated. However, it also meant that other potential features, such
as collaborative tools, adaptive feedback, and real-time learning analytics, were not explored in

depth and are proposed as directions for future work.

6.3.3 Threats to Validity

When interpreting the results of this thesis, a few potential threats to validity should be kept in

mind:

 Internal Validity: Because there were no pre- or post-tests and the assessments were sim-
ple, it’s hard to say whether users actually learned something or were just able to guess

correct answers.

» External Validity: All participants were students from the same degree program, and the
system wasn’t used in real courses, so it’s unclear how well the results apply to other con-

texts or users.

* Construct Validity: Key ideas like “learning outcomes” or ‘“recommendation quality” were
mostly measured using user impressions and task completion, not standardized or validated

instruments.

* Conclusion Validity: Since the project was exploratory and the sample size was small, the
results should be seen as early indications rather than solid proof of the system’s effective-

ness.

These limitations don’t take away from the contributions made, but they do define the bound-

aries of what can be concluded from this work.

Ultimately, the work developed in this thesis resulted in a functional prototype that combines
intelligent retrieval, structured learning, and personalized recommendations. While several limi-
tations remain, the system provides a practical foundation for future research and more advanced

implementations in engineering education.



Chapter 7

Conclusions

This chapter summarizes the main contributions of the thesis and outlines directions for future
research and development. Building on the findings and evaluation results discussed previously,
it highlights what was achieved through the implemented prototype and what remains open for

further exploration.

7.1 Main Contributions

The main contribution of this thesis is the development of a functional prototype of an intelli-
gent knowledge management system tailored to the needs of engineering students and educators.
The platform integrates intelligent capabilities, such as semantic search and personalized recom-
mendations, alongside modular learning paths to support personalized and structured knowledge
exploration. In doing so, it addresses core challenges identified in the literature and aligns with
the four research questions guiding the study.

From a scientific perspective, the project demonstrates how combining transformer-based se-
mantic retrieval with graph-based recommendations can improve the relevance and adaptability of
educational content delivery. Unlike traditional platforms that rely on keyword-based queries, the
implemented semantic search engine interprets user intent and contextual meaning, addressing the
well-documented limitations of surface-level retrieval mechanisms.

The recommendation engine further responds to the identified lack of personalization and
adaptability in many educational KMS by dynamically suggesting resources based on user inter-
actions and preferences. The use of a Neo4j graph database enabled the modeling of meaningful
relationships between users, resources, and learning paths, contributing to more personalized and
context-aware suggestions.

Another important contribution lies in the practical implementation of modular learning paths
with integrated progress tracking and assessment checkpoints. This design addresses the absence
of structured, goal-oriented learning progression in many reviewed systems, providing users with

clearer learning trajectories and opportunities for self-assessment.
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In terms of usability, the platform was designed based on human-centered principles and in-
formed by real student needs. This helped mitigate common barriers to adoption, such as rigid
workflows, unintuitive navigation, and fragmented interfaces. The simplified user experience con-
tributes to addressing the misalignment between KMS design and actual educational workflows
noted in several studies.

This thesis also demonstrates that intelligent, personalized KMS solutions can be developed
using open-source technologies and deployed without requiring extensive institutional infrastruc-
ture. This positions the system as a viable option for smaller educational institutions, independent

learning contexts, or initiatives exploring the integration of intelligent tools in education.

7.2 Future Work

Several limitations identified throughout the development and evaluation process suggest oppor-
tunities for future research and platform improvement.

A key priority is to expand the content base, both in quantity and diversity. A larger and
more thematically varied set of resources would improve the performance of semantic search and
recommendation features. In parallel, integrating data-driven personalization techniques, such as
collaborative filtering, user profiling, or reinforcement learning, could significantly enhance the
adaptability and accuracy of recommendations over time.

From a pedagogical standpoint, future iterations should involve educational experts to im-
prove the design and validity of assessments. Aligning learning modules with formal curriculum
standards and incorporating more cognitively demanding tasks would strengthen the system’s ca-
pacity to support deeper learning. Adaptive learning features, such as feedback based on quiz
performance or progress-based content recommendations, remain essential future enhancements.

To further validate educational impact, a more rigorous evaluation design is proposed. This
could include a controlled experimental setup with two groups: one using the developed platform
and the other using more traditional methods or standard LMS platforms. Pre- and post-tests could
be administered to both groups to measure differences in knowledge acquisition and engagement.
While this was not feasible within the scope of the current study, such an approach would provide
more robust evidence of the platform’s effectiveness in real-world educational settings.

In terms of integration with existing workflows, future versions of the platform could explore
interoperability with established LMSs such as Moodle. This could involve exporting learning
paths, importing user progress, or embedding intelligent components (e.g., semantic search and
recommendation engines) within traditional LMS environments. By doing so, the platform could
enhance (not replace) existing educational infrastructures, offering intelligent features as modular,
plug-and-play extensions to conventional systems.

Other suggested improvements include:

* Integrating assessment data into the graph structure to support performance-based recom-

mendations.
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» Exploring ontology-based reasoning as a complement to vector-based semantic search.

* Conducting long-term user studies in real educational settings to better understand engage-

ment, retention, and system impact.

» Extending collaborative features to support content sharing, peer feedback, or educator-

student interaction.

Although this prototype has a heavy focus on students, future work could further develop
the educator interface to support learning analytics and classroom management. These additions
would contribute to a more comprehensive and collaborative knowledge management environ-
ment.

This thesis sets the groundwork for intelligent educational systems that not only manage con-
tent but also actively support learning. With further development, the platform has the potential to

evolve into a more robust, scalable, and impactful solution for engineering education and beyond.
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Appendix A

Entity Relationship Diagram

This appendix displays the entity relationship diagram that represents the structure of the Post-
greSQL database of the platform. It illustrates the main entities, their attributes, and the relation-
ships between them, serving as the foundation for managing users, resources, modules, learning
paths, assessments, and user interactions. The diagram supports the understanding of the system’s

data model and its alignment with the implemented functionalities.
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Appendix B

PostgreSQL to Neo4j Synchronization

Script

This appendix includes the Node.js script used to synchronize structured data between the rela-

tional PostgreSQL database and the Neo4j graph database. The script handles users, resources,

modules, learning paths, and interactions and generates weighted relationships for the recommen-

dation engine.

Listing B.1: Node.js Script for Syncing PostgreSQL to Neo4j

require ("dotenv") .config () ;

const { pool } =

const { driver }

const syncData =

const pgClient

require ("./postgres");
= require("./neodj");
async () => {

= await pool.connect ();

const neoSession = driver.session();

try {

console.log ("

'Starting data synchronization...");

await neoSession.run(‘MATCH (n) DETACH DELETE n‘');

console.log("Cleared existing Neo4]j data.");

/

const users

// Sync Users

await pgClient.query (

"SELECT user_id, first_name, last_name, user_role, education_level,

field of_study, topic_interests, preferred_content_types,

language_preference FROM users"

)

for (let user of users.rows) {

await neoSession.run(
‘MERGE (u:User {id: $id})
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45
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47
48
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50
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PostgreSQL to Neo4j Synchronization Script

SET u.first_name = S$first_name, u.last_name = $last_name,
u.user_role = Suser_role,

u.education_level = S$Seducation_level,

u.field_of_study = $field_of_study,

u.topic_interests = S$topic_interests,
u.preferred_content_types = S$Spreferred_content_types,
u.language_preference = $language_preference

’

id: user.user_id.toString(),

first_name: user.first_name,

last_name: user.last_name,

user_role: user.user_role,

education_level: user.education_level,

field_of_study: user.field_of_study,

topic_interests: user.topic_interests,
preferred_content_types: user.preferred_content_types,

language_preference: user.language_preference,

// Sync Resources
const resources = await pgClient.query (

"SELECT id, title, description, category, tags, type FROM resources"
)i

for (let resource of resources.rows) {
const category = Array.isArray (resource.category)
? resource.category
[1;

const tags = Array.isArray(resource.tags) ? resource.tags : [];

// Merge Resource node
await neoSession.run(
‘MERGE (r:Resource {id: $id})
SET r.title = $title, r.description = $description, r.type = S$type,
category = S$category, r.tags = $tags?,

id: resource.id.toString(),

title: resource.title,
description: resource.description,
type: resource.type,

category: resource.category,

tags: resource.tags,

)i

// Sync Categories
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for (let cat of category) {
cat = cat.trim();
if (cat) {

await neoSession.run (

\

PostgreSQL to Neo4j Synchronization Script

MATCH (r:Resource {id: $id})

MERGE (c:Category {name:

Scat})

MERGE (r)-[:HAS_CATEGORY]->(c)

\
’

{ id: resource.id.toString(),

)i

}

for (let tag of tags) {
tag = tag.trim();
if (tag) {

await neoSession.run (

\

MATCH (r:Resource {id: $id})
MERGE (t:Tag {name: S$tag})

MERGE (r)-[:HAS_TAG]->(t

\
14

{ id: resource.id.toString(),

)i

// Sync Resource Type
if (resource.type) {

await neoSession.run (

\

)

MATCH (r:Resource {id: $id})

MERGE (rt:ResourceType {name:

MERGE (r)-[:O0F_TYPE]->(rt)

\
14

{ id: resource.id.toString(), type:

)i

cat }

tag }

Stypel)

resource.type }

// Sync User Interactions using Interaction nodes

const userInteractions = await pgClient.query (

"SELECT user_id, resource_id,

module_id,

timestamp FROM user_interactions"

)i

learning_path_id,

for (let interaction of userInteractions.rows) {
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if (interaction.user_id && interaction.interaction_type) {
const timestamp = interaction.timestamp
? interaction.timestamp.toISOString()

new Date () .toISOString();

const weight = calculatelInteractionWeight (
interaction.interaction_type,
interaction.timestamp

)i

const interactionId = ‘${interaction.user_id}_${interaction.

interaction_type}_S${timestamp} ‘;

// Create Interaction node
await neoSession.run (
\
MERGE (i:Interaction {id: S$interactionId})
SET i.type = S$type, i.timestamp = datetime ($timestamp), i.weight = S$weight

\
4

interactionId,
type: interaction.interaction_type.toUpperCase(),
timestamp,

weight,
)i

// Create PERFORMED relationship

await neoSession.run(
MATCH (u:User {id: SuserId}), (i:Interaction {id: S$SinteractionId})
MERGE (u)-[:PERFORMED]-> (i)

\
’

userId: interaction.user_id.toString(),

interactionId,
)i

// Create TARGET relationship to Resource / Module / LearningPath
if (interaction.resource_id) {
await neoSession.run (
MATCH (i:Interaction {id: $interactionId}), (r:Resource {id: S$targetId})
MERGE (i)-[:TARGET]->(r)

\
’

interactionId,

targetId: interaction.resource_id.toString(),
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)i
} else if (interaction.module_id) {

await neoSession.run (
MATCH (i:Interaction {id: $interactionId}), (m:Module {id: S$targetId})
MERGE (i) -[:TARGET]-> (m)

\
’

interactionId,

targetId: interaction.module_id.toString(),

)i
} else if (interaction.learning_path_id) {
await neoSession.run (

\

MATCH (i:Interaction {id: $interactionId}), (lp:LearningPath {id: S$targetId

MERGE (1i)-[:TARGET]->(1lp)

interactionId,

targetId: interaction.learning_path_id.toString(),

)i
} else {
console.log(
‘Skipping TARGET relationship due to missing target: ${JSON.stringify (
interaction
)
)i
}
} else {
console.log (
‘Skipping interaction due to missing user_id or interaction_type: ${JSON.
stringify (
interaction
)1
)i

console.log("Data synchronization completed successfully!");
} catch (error) {

console.error ("Error syncing data:", error);
} finally {

pgClient.release () ;

await neoSession.close();
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}i

function calculateInteractionWeight (interactionType,

let baseWeight = 0;

switch (interactionType) {

case "viewed_resource":

case "viewed_module":

case "viewed_learning_path":
baseWeight = 2;
break;

case "started_module":

case "started_learning_path":
baseWeight = 3;
break;

case "bookmarked":
baseWeight = 4;
break;

case "completed_module":
baseWeight = 5;
break;

case "completed_learning_path":

baseWeight = 6;

break;
default:
baseWeight = 1;
}
const now = new Date () ;

const interactionDate = new Date (timestamp) ;
const timeDiff = now - interactionDate;

const daysDiff = timeDiff / (1000 * 3600 * 24);
const recencyFactor = Math.max (1, 10 - daysDiff);
return baseWeight * recencyFactor;

}

module.exports = { syncData };

timestamp)

{
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Listing B.1 shows the partial implementation, including the interaction weight formula de-

scribed in Chapter 4.



Appendix C

User Dashboard Section Screenshots

This appendix presents the student user dashboard interface. The dashboard functions as a per-
sonalized homepage, offering quick access to key features such as recently viewed resources,
personalized recommendations, learning progress, and bookmarked content. It is designed to sup-
port user engagement and self-regulated learning by highlighting current activity and suggesting
relevant next steps.

The following figures follow the sequential flow of the user dashboard page, from top to bot-

tom, as it is displayed to the user during typical interaction.

Search Resources

Recently Viewed <>
(X Video N 07 Book N 11 Book N
Arduino in 100 Seconds Database System Concepts Fund: Is of Datab y
Arduino is a programmable circuit board that This textbook provides a comprehensive This book offers a comprehensive and in-depth
makes it possible for introduction to the fundamen introduction .
Categories: Robotics, Programming Languages Categories: Database Systems, Software Engineering Categories: Database Systems, Software Engineering
ARDUINO  ROBOTICS SQL  RELATIONAL-DATABASES SQL  RELATIONAL-DATABASES
Recommended Resources < D
(X Video . (X Video . (X Video .
Python in 2 minutes! What is Node.js? Next.js in 100 S ds // Plus Full Beg 's
Get to know Python and why it's hated by C++ What is Node.js? This short video explains it in Tutorial
programmers! 3 minutes Learn the basics of Next.js in 100 Seconds!

Then build your first s

Categories: Full-Stack Development Categories: Full-Stack Development Categories: Full-Stack Development

TUTORIAL  PYTHON NODEJS NEXTJS

Figure C.1: User dashboard interface displaying the Recently Viewed and Recommended Re-
sources sections.
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My Study Paths <>

Learning Path @

My Study Path
I want to check these modules.

® 0min

BEGINNER

In Progress < >

Viodule
Getting Started with Arduino and Embedded
Systems

Covers the basics of Arduino boards,

programming, and its role in e

® 15min

Figure C.2: User dashboard interface displaying the My Study Paths and In Progress sections.

Completed < D>
Learning Path Module @ Module @
My Study Path Devices and Connectivity in CPS/loT Introduction to Cassandra Wide-Column Store
| want to check these modules. This module focuses on edge devices, NoSQL Database
® 0min connectivity technologies, and This module explores the characteristics,
©® 50min architecture, and use cas
®© 1hr2min
Bookmarked <>
(X Video . (X Video . (X Video .
Next.js in 100 ds // Plus Full Begi 's What is Node.js? Python in 2 minutes!
Tutorial What is Node.js? This short video explains it in Get to know Python and why it's hated by C++
Learn the basics of Next js in 100 Seconds! 3 minutes programmers!
Then build your first s
Categories: Full-Stack Development Categories: Full-Stack Development Categories: Full-Stack Development
NEXTJS NODEJS PYTHON  TUTORIAL

Figure C.3: User dashboard interface displaying the Completed and Bookmarked sections.



Appendix D

Feedback Form

This appendix presents the feedback form used during the evaluation phase of the platform. The
form was designed to collect both quantitative and qualitative feedback from participants regarding
their experience using the system. It includes sections for basic participant information, overall
user experience, perceived usefulness, and suggestions for improvement. The figures follow the

sequential layout of the form as presented to users.
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Feedback Form

Figure D.1: Feedback form displaying inputs for the participant information.

KMS Feedback Form

Evaluation Phase - Feedback Form for the testing of the Intelligent Knowledge
Management System for Engineering Education

* Indica uma pergunta obrigatdria

Name / Initials =

A sua resposta

Field of Study *

A sua resposta

Current Education Level *

Selecionar v

Year of Study *

() st
O 2nd
O 3rd

Previous Knowledge of the Topics Covered

O None
O Basic

O Intermediate

O Advanced

Seguinte

Limpar formulario
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| found the system easy 1o use. *

O Strongly Disagree
() Disagree

O Meutral

() Agree

O Strongly Agree

The visual design and layout of the platform were clear and intuitive. *

O Strongly Disagree
O Disagree

O Meutral

() Agree

O Strongly Agree

| understood what to do at each step. *

O Strongly Disagree
O Disagree

O Meutral

() Agree

O Strongly Agree

The learning path structure was clear. *
O Strongly Disagree

() Disagres

O Neutral

O Agree

O Strongly Agree

Figure D.2: Feedback form questions about the overall user experience of the platform (Part 1).
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The learning path structure was clear. *

() strongly Disagree
() Disagree

O Neutral

() Agree

O Strongly Agree

The assessments were relevant. *

() strongly Disagree
O Disagree

() Neutral

() Agree

O Strongly Agree

| felt that I learned new or useful information from the learning paths/modules. *
O Strongly Disagree

O Disagree

O Neutral

O Agree

O Strongly Agree

Figure D.3: Feedback form questions about the overall user experience of the platform (Part 2).
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| experienced technical or usability issues during the session. *

O Yes
O No

If Yes, please describe the issue(s) encountered.

A sua resposta

Did you notice a change in the recommendations during or after using the *
system?

O Yes
O No

O Not Sure

How would you rate the search experience using keywords or phrases?

1 2 3 4 5

Poor O O O O O Excellent

The search system seemed 10 understand the meaning of what | typed, not just  *
the keywords.

O Strongly Disagree

O Disagree

() Neutral

O Agree

O Strongly Agree

Anterior Seguinte Limpar formulario

Figure D.4: Feedback form questions about the overall user experience of the platform (Part 3).
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*
| would use a system like this in my studies.

O Strongly Disagree
Disagree
Meutral

Agree

O
O
O
() strongly Agree

What (feature) did you like most? *

A sua resposta

What did you find confusing or frustrating? *

A sua resposta

*
What would you improve if this sysiem was deployed in your university?

A sua resposta

*
Would you use it regularly? Why or why not?

A sua resposta

Any final comments or suggestions?

A sua resposta

Anterior Enviar Limpar formulario

Figure D.5: Feedback form questions about the overall usefulness and suggestions of the platform.
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