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ABSTRACT

TOWARDS AN EXPLAINABLE COURSE

RECOMMENDATION SYSTEM (XCRS)

The rapid expansion of online learning resources in Information Technology (IT)

necessitates personalized guidance and transparent course recommendations. Learners

face an overwhelming number of courses and career pathways, making it challenging

to find tailored content aligned with their learning objectives. Existing recommenda-

tion systems often lack transparency and explanations for their suggestions. To ad-

dress this gap, this study introduces the Explainable Course Recommendation System

(XCRS)—the first to recommend both career roles and associated courses in an explain-

able manner. XCRS leverages large language model (LLM) embeddings from Google,

OpenAI, MistralAI, VoyageAI, and Cohere to generate personalized suggestions based

on users’ knowledge, experiences, and learning interests. A unique dataset of online

courses was collected and shared publicly to enrich the recommendation resource base.

XCRS utilizes cosine similarity for precise vector matching and Retrieval-Augmented

Generation (RAG) to enhance explanation quality, improving both transparency and

relevance. Evaluated through both user and expert judgment studies, XCRS demon-

strated high performance in transparency and efficiency, rated at 89.6% and 88.8%,

respectively, as well as overall user satisfaction. Experts found recommendations well-

aligned with user needs, validating the system’s capacity to support informed decision-

making in educational and career pathways. All resources needed to reproduce our

results, such as code, datasets, and experimental setup, are openly provided.
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ÖZET

AÇIKLANABİLİR BİR DERS ÖNERİ SİSTEMİNE DOĞRU

Bilgi Teknolojileri alanındaki çevrimiçi öğrenme kaynaklarının hızlı genişlemesi,

kişiselleştirilmiş rehberlik ve şeffaf kurs önerilerini zorunlu kılmaktadır. Bireyler, öğ-

renme hedefleriyle uyumlu içerik bulmayı zorlaştıran, çok sayıda kurs ve kariyer yolu

ile karşı karşıya kalmaktadır. Mevcut öneri sistemleri genellikle önerileri için şeffaflık

ve açıklamalar sağlamaktan yoksundur. Bu eksikliği gidermek amacıyla, bu çalışma

Açıklanabilir Kurs Öneri Sistemi’ni (XCRS) tanıtmaktadır. XCRS, hem kariyer rolleri

hem de bunlara bağlı kursları açıklanabilir bir şekilde öneren ilk sistemdir. XCRS, kul-

lanıcının bilgisi, deneyimleri ve öğrenme ilgi alanlarına dayalı olarak kişiselleştirilmiş

öneriler üretmek için Google, OpenAI, MistralAI, VoyageAI ve Cohere gibi büyük dil

modellerini (LLM) kullanır. Öneri kaynaklarını zenginleştirmek amacıyla çevrimiçi bir

kurs veri seti toplanmış ve herkese açık olarak paylaşılmıştır. XCRS, vektör eşleştirmesi

için kosinüs benzerliği yöntemini ve açıklama kalitesini artırmak için Almayla Artırılmış

Üretim (RAG) kullanır, böylece hem şeffaflık hem de alaka düzeyi iyileşir. Kullanıcı

ve uzman değerlendirme çalışmaları ile test edilen XCRS, şeffaflıkta ve verimlilikte

sırasıyla %89.6 ve %88.8 oranında yüksek performans göstermiş, ayrıca genel kul-

lanıcı memnuniyetini de sağlamıştır. Uzmanlar, önerilerin kullanıcı ihtiyaçlarıyla iyi

uyumlu olduğunu belirlemiş ve sistemin eğitim ve kariyer yollarında bilinçli karar verme

desteğini doğrulamıştır. Sonuçlarımızı ve deneysel kurulumumuzu yeniden üretmek için

gerekli olan tüm kaynaklar, kod, veri setleri ve deneysel yapı dahil olmak üzere, açık

bir şekilde sunulmuştur.
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1. INTRODUCTION

Recommendation systems are systems designed to suggest relevant items to users

based on prior data and preferences, predicting what a user might favor next [1].

Widely utilized across industries such as e-commerce, streaming services, online dat-

ing, and healthcare, these systems enhance user experiences by offering personalized

suggestions. For instance, Tinder [2], a popular dating app, uses personal preferences

and geolocation data to recommend potential matches. Beyond dating and shopping,

recommendation systems have found applications in various domains, including educa-

tion and career development, where they help users navigate complex choices regarding

learning paths and career goals.

The education sector, particularly in the area of distance learning, has seen an

exponential rise in demand for personalized recommendation systems. The growth

of Massive Open Online Courses (MOOCs) has made it easier than ever for learn-

ers to access courses from leading universities and training programs worldwide. In

2021, the number of MOOCs reached over 19,400, serving around 220 million learners

worldwide [3]. The popularity of online learning platforms like Udemy [4], edX [5],

and Coursera [6] reflects the growing desire for accessible, flexible education. How-

ever, while these platforms feature recommendation engines to assist users in finding

courses (“Recommended for You,” “Top Picks”), they often lack transparency in their

decision-making, failing to explain the reasoning behind the recommendations.

Given the surge in demand for Information Technology (IT) related skills and the

increasing number of online courses available for learning these skills, there is a pressing

need for a recommendation system that can not only suggest relevant courses but also

explain its reasoning. The IT sector, with its rapidly evolving technologies, diverse

career pathways, and numerous subfields, requires professionals to constantly adapt

to new tools and concepts. For learners navigating this complex landscape, receiving

targeted and explainable recommendations can play a crucial role in shaping their
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educational and career trajectories. The challenges extend to both computer science

students and self-taught developers. Traditional university students may find it difficult

to choose a specialization or plan their career path due to the variety of emerging roles

in the IT sector [7]. Similarly, self-taught learners who wish to shift their careers into

software engineering often struggle to identify the right courses or career roles that

match their goals and interests. With the plethora of courses available, the need for

guidance that goes beyond ‘black-box’ recommendations becomes even more apparent.

While many existing recommendation systems have effectively integrated content-

based filtering, collaborative filtering, and hybrid models to assist users in finding rele-

vant items, they fall short of providing explainable and tailored guidance. Traditional

systems may recommend courses or career paths based on user behaviors or preferences

of similar users, but they often do not offer insights into why those recommendations

are suitable. As a result, users may lack the understanding necessary to make informed

decisions about their educational and career journeys. In the specific context of the

IT sector, the complexity of subfields, evolving technologies, and diverse skill require-

ments necessitate a recommendation system that can provide clarity and direction with

reasoning. Current recommendation engines, such as those used on MOOCs or other

educational platforms, may offer lists of ‘recommended’ courses but typically fail to

align these recommendations with individual user backgrounds, interests, and career

goals. Furthermore, the absence of explanations for these recommendations can lead to

user disengagement or misalignment between their career aspirations and the suggested

courses.

This thesis proposes the Explainable Course Recommendation System (XCRS),

aimed at providing explainable, tailored recommendations for both courses and career

roles within the IT domain. The primary objective of XCRS is to analyze the user’s

background and preferences to understand their goals, deduce the most suitable courses

and career roles, and present these recommendations in an explainable and personal-

ized manner. By leveraging large language model (LLM) embeddings, XCRS seeks to

enhance both the personalization and transparency of recommendations. The system
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aims to achieve the following objectives:

• Generate career role and course recommendations aligned with users’ back-

grounds, skills, and interests.

• Provide clear explanations for each recommendation, aiding users in making in-

formed decisions about their learning paths.

• Enhance the recommendation process by incorporating multiple LLMs to capture

diverse perspectives and offer varied options.

To achieve these objectives, I developed the XCRS as a system that integrates

LLM embeddings to generate top-k recommendations for users based on their inputted

knowledge units (i.e., courses, concepts, subjects, topics, etc.). The system takes into

account factors such as the user’s background knowledge and areas of interest. It then

provides tailored recommendations for both career roles and corresponding learning

paths, accompanied by explanations that detail the reasoning behind each suggestion.

The system is evaluated using a two-pronged approach:

(i) A user study involving participants from computer science and IT-related back-

grounds to assess the system’s performance based on effectiveness, persuasiveness,

transparency, efficiency, serendipity, and satisfaction.

(ii) An expert judgment study was conducted to collect feedback from domain ex-

perts in education, AI, and career counseling, aiming to validate the accuracy,

relevance, and overall effectiveness of the recommendations, as well as the quality

of the explanations.

The XCRS system is designed with a user-friendly interface that enables easy nav-

igation and provides clear explanations to enhance user trust and understanding. To

support accurate and relevant recommendations, I scrapped a comprehensive dataset

from a MOOC platform Udemy [4], focusing on courses within the IT sector. This

ensures that the recommendations are grounded in up-to-date and practical content.

Moreover, by integrating multiple LLMs, XCRS allows users to explore recommen-
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dations from different perspectives, offering a unique opportunity to compare results

across varied recommendation approaches. These foundational elements set the stage

for the multifaceted contributions of this thesis:

(i) The development of XCRS, an explainable course and career role recommendation

system tailored to the IT sector, leveraging LLM embeddings for transparent and

relevant suggestions.

(ii) The evaluation of multiple LLMs to understand their effectiveness in providing

diverse and high-quality recommendations.

(iii) The creation of a dataset scraped from Udemy, enabling the system to work with

a rich and realistic set of courses.

(iv) A comprehensive evaluation through a user study and expert judgment study,

offering insights into user experience and expert perspectives on the system’s

performance.

The thesis is structured as follows. Chapter 2 provides the necessary background

on recommendation systems, explainability, and LLM embeddings. Chapter 3 reviews

the related work in explainable recommendation systems within educational and career

contexts. Chapter 4 outlines the approach behind XCRS, including data collection,

processing, and model selection. Chapter 5 describes the XCRS web application and

its user interface. Chapter 6 details the evaluation through user and expert studies.

Chapter 7 discusses the findings, limitations, and threats to validity. Finally, Chapter 8

concludes the thesis with key findings, implications, and future work.
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2. BACKGROUND

The emergence of large language models (LLMs) and their applications across

various domains have revolutionized the way information is processed and utilized.

In the context of recommendation systems, the integration of LLM embeddings has

introduced novel ways to improve the relevance and personalization of recommenda-

tions. This chapter provides an overview of the foundational concepts, technologies,

and theories that underpin the development of an explainable career role and course

recommendation system using LLM embeddings. It discusses the key components, in-

cluding recommendation systems, LLM embeddings, and explainability in AI, and sets

the stage for understanding how these elements converge in the proposed system.

2.1. Recommendation Systems

Recommendation systems have been a popular research topic in the fields of

computer science and information technology for many years. Recommender systems

discover patterns in datasets to find out what different users want and need and to

recommend similar items [8]. The term ‘item’ is used to refer to the items that the

recommendation system suggests to the users [9].

There are various methods for constructing recommendation systems, such as

collaborative filtering, content-based filtering, and techniques that blend both collab-

orative and content-based approaches [9]. Figure 2.1 shows the basic frameworks of

collaborative filtering and content-based filtering. In recommender systems using col-

laborative filtering [10–12], recommendations rely only on the historical interactions

between users and things that have been recorded with the name of user-item in-

teractions matrix. Similarities between users are calculated to create groups called

neighborhood [1]. Users receive recommendations based on the ratings from their

neighborhoods. Collaborative filtering can be investigated in two categories: memory-

based and model-based [13]. Alternatively, content-based filtering [14–16] depends on
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the domain since it places greater focus on the evaluation of the characteristics of the

elements to provide predictions [1]. The main principle of the content-based meth-

ods is to determine items that the user favors and their characteristics and then to

recommend unveiled items based on characteristics [9].

(a) (b)

Figure 2.1. (a) Collaborative filtering and (b) content-based filtering recommendation

methods.

In addition to collaborative and content-based filtering, recommendation systems

encompass knowledge-based and deep learning-based approaches. Knowledge-based

recommender systems make use of domain knowledge or logical inferences to match

user preferences with items, offering recommendations that align closely with users’

specific needs or goals [17]. Alternatively, deep learning-based models leverage their

capacity to process large-scale data and identify key features through multiple hidden

layers. These models are particularly effective in handling high-dimensional and sparse

data, as is often the case in educational platforms like MOOCs. Deep learning not
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only enables real-time data processing but also supports feature extraction and perfor-

mance assessment, thereby enhancing the quality of teaching and learning [18]. Such

capabilities make deep learning a powerful tool for understanding learner behavior and

personalizing educational experiences within MOOC platforms. The growing adop-

tion of MOOCs, which offer a wide variety of courses across numerous disciplines, has

significantly increased the demand for personalized course recommendation systems

to navigate extensive course catalogs and tailor educational pathways to individual

learners. However, the opaque nature of these models raises concerns about trust and

interpretability, underscoring the need for explainability in AI-driven recommendation

systems.

2.2. Explainability in AI and Recommendation Systems

Systems may seem enigmatic to the users, such as black-boxes; however, they have

had a significant impact on many facets of their users’ lives through their outputs [19].

These complex software systems have led to a need for transparent and reliable software.

Explainability is an emerging non-functional requirement that mitigates systems’ lack

of transparency [20]. Emerging AI models need to be explainable to disclose the output

information by supplying explanations. Based on this need, Explainable AI (XAI) has

become popular.

Recommendation systems that offer explanations are called explainable recom-

mendation systems [21–23]. Explainable recommender systems try to explain to users

why they would like a specific product, which helps them accept or be satisfied with sug-

gestions and builds trust in recommender systems [24]. There are recommender models

for different application areas that try to satisfy the explainability objective [24–27].

Purposes may differ for each area; however, [28] proposes seven potential goals for

explanations in recommendation systems, which are transparency, scrutability, trust,

effectiveness, persuasiveness, efficiency, and satisfaction. According to [28], the aims of

explanations in recommender systems can be summarized as follows:
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• Transparency: Explains how the system works.

• Scrutability: Allows users to inform the system when it is wrong.

• Trust: Aims to increase users’ confidence in the system.

• Effectiveness: Helps users make informed and good decisions.

• Persuasiveness: Convince users to try or buy recommended items.

• Efficiency: Aids users in making decisions faster.

• Satisfaction: Enhances the ease of use or enjoyment of the system.

Explainable recommendation systems go beyond traditional recommender mod-

els by not only providing suggestions but also offering comprehensible reasons behind

those recommendations. The drive toward explainability in AI stems from the need

for transparency and user trust, especially in domains where recommendations sig-

nificantly impact decision-making, such as career planning and education. Potential

goals for explanations in recommendation systems, as identified by Tintarev and Mas-

thoff [28], serve as transitive subjects bridging user understanding and system outputs.

By addressing these goals, the XCRS helps to cultivate an interactive and adaptive

learning environment, empowering users with more precise insights and control in their

educational journeys.

Explainability in AI and recommendation systems can be classified into two main

categories: model-intrinsic and model-agnostic approaches [29]. Model-intrinsic ap-

proaches create interpretable models with transparent decision-making processes, en-

abling explanations to arise directly from the model’s internal workings [30]. In con-

trast, model-agnostic approaches, also known as post-hoc explanations [31], consider

the underlying model as an unobservable system and generate explanations after deci-

sions are made [29]. In this thesis, the recommendation system follows a model-agnostic

approach, where explanations are generated after the recommendations are made. This

approach allows the system to offer insights into why specific courses or career roles are

suggested to a user by interpreting the contributions of various user inputs. The ex-

plainability methods employed use AI-driven explanations, thereby making the system

more understandable and trustworthy for end-users.
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2.3. LLMs and Embeddings

LLMs have revolutionized natural language processing (NLP), offering unprece-

dented capabilities in understanding and generating human language. These models,

exemplified by architectures like GPT [32] and BERT [33], are particularly valuable in

the context of recommendation systems.

At the foundation of LLMs are embeddings, which serve as dense vector rep-

resentations for words, sentences, or documents. These embeddings encode semantic

relationships within a continuous vector space, positioning semantically related con-

cepts in close proximity [34]. This property makes LLM embeddings especially powerful

for recommendation systems.

In recommender systems in career and education contexts, LLM embeddings play

a pivotal role by translating diverse textual inputs—such as course descriptions, job

roles, or user queries—into meaningful vector representations. These embeddings then

serve as the foundation for generating recommendations. By comparing the embed-

dings of user input with those of available career roles or courses, the system can provide

personalized suggestions based on semantic similarity rather than just statistical pat-

terns. LLM embeddings introduce a more nuanced approach to recommendations by

enabling models to understand relationships between concepts at a deeper level. For

example, an LLM-based career recommendation system can understand that “machine

learning” and “artificial intelligence” are closely related fields. This allows it to recom-

mend roles or courses that align with the user’s interests even if exact matches are not

present in the dataset. This capability is particularly valuable in the rapidly evolving

job market, where new roles and skills emerge frequently.

The use of LLM embeddings is particularly beneficial for explainable recommen-

dation systems. By providing a clear, interpretable connection between user preferences

and suggested items, these models can offer insights into why certain careers or courses

are being recommended. This explainability is crucial in career guidance and educa-



10

tional contexts, where users need to understand the rationale behind suggestions to

make informed decisions about their future.

In conclusion, LLMs and their embeddings are crucial in enhancing the personal-

ization, accuracy, and explainability of career role and course recommendation systems.

By leveraging the semantic understanding embedded in these models, such systems can

offer more relevant, context-aware suggestions. This contributes to the overall goal of

making AI-driven career and educational recommendations both more effective and

explainable, ultimately helping users make better-informed decisions about their pro-

fessional and academic paths.
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3. RELATED WORK

This chapter builds upon the concepts introduced in Chapter 2, providing an

overview of relevant research and literature that informs the development of the XCRS.

This chapter examines the intersection of large language models, explainable recom-

mendation systems, and the application of recommendation systems in career and

education contexts. Furthermore, it identifies gaps in the current body of work that

this research aims to address, particularly in integrating explainability into LLM-based

recommendation systems for educational and career guidance.

3.1. LLM-Based Recommendation Systems

The use of LLMs in recommendation systems has seen a significant increase,

mirroring their widespread adoption in other fields. LLMs hold significant potential

as recommender systems in industrial applications, fostering innovative research and

experimentation in both academic and industrial settings [35]. At least three com-

prehensive surveys have already been conducted on the application of LLMs in rec-

ommendation systems [36–38]. These surveys highlight how LLMs are revolutionizing

recommendation tasks by enhancing systems’ ability to generalize, personalize, and

handle complex tasks.

The publication by Wu et al. [36] serves as a comprehensive survey of how LLMs

are applied to recommendation tasks. It provides an overview of the methods, ap-

plications, and model paradigms—both discriminative and generative—for integrating

LLMs into recommendation systems. They divide the existing work into three cat-

egories for the adaptation of LLMs in recommendations: (1) LLM Embeddings +

Recommendation Systems, where LLMs extract features for traditional models; (2)

LLM Tokens + Recommendation Systems, where LLMs generate token representa-

tions for user-item interactions; (3) LLMs as Recommendation Systems, where LLMs

autonomously handle the entire recommendation process.
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The work by Zhao et al. [37] provides a broad analysis of how LLMs are inte-

grated into different stages of the recommendation process. It categorizes LLM-based

recommendation systems into three main approaches: (1) LLMs act as a recommender,

where LLMs directly perform recommendation functions (e.g., top-k recommendations,

explanation generation); (2) Bridge LLMs and Recommendation Systems, where LLMs

provide data augmentation to improve traditional recommendation models; (3) LLM-

based autonomous agents, where LLMs emulate user behaviors and break down com-

plex recommendation tasks into smaller, manageable sub-tasks.

Chen et al. [38] provide an evolutionary perspective on the development of recom-

mender systems, tracing their progression from traditional list-based recommendations

to conversational agents fully powered by LLMs. This work classifies LLM-based rec-

ommendation systems into three categories: (1) LLMs for list-wise recommendations:

Enhancing ranking and feature engineering in traditional recommendation systems; (2)

LLMs for conversational recommendations: Leveraging LLMs to provide interactive,

conversational recommendations; (3) LLM-powered recommendation agents: Fully au-

tonomous agents capable of managing complex, multi-step recommendation processes.

Considering these surveys [36–38], the use of LLMs in recommendation systems

is both widespread and analyzed under various paradigms. In this study, I utilized

the combination of LLM embeddings and recommendation systems with the LLMs

functioning as recommenders, aiding in generating top-k recommendations and expla-

nations.

3.2. Explainable Recommendation Systems

The capacity of recommender systems to clearly explain their recommendations is

a vital factor in enhancing both their usefulness and user experience. A well-crafted ex-

planation should not aim to convince the user to accept a recommendation but instead

empower them to assess the actual quality of the suggested item more accurately [22].
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Wang et al. [39] propose a multi-task learning model for explainable recommenda-

tion by integrating user preference modeling with opinionated content modeling. The

system employs joint tensor factorization to generate not only personalized recommen-

dations but also feature-level explanations based on user-generated reviews. The model

focuses on improving user trust and satisfaction by explaining how certain product fea-

tures align with user preferences. Extensive experiments on Amazon and Yelp datasets

demonstrate that this method outperforms traditional algorithms in both recommen-

dation accuracy and the quality of explanations.

Chen et al. [40] introduce the Neural Attentional Regression model with Review-

level Explanations (NARRE) that utilizes attention mechanisms to assess the useful-

ness of reviews and provide review-level explanations alongside accurate rating pre-

dictions. The model outperforms traditional approaches by selecting more relevant

reviews through attention-based pooling, enhancing both recommendation quality and

explainability. Experiments on Amazon and Yelp datasets demonstrate NARRE’s su-

periority in rating prediction compared to deep learning and matrix factorization-based

models. Additionally, crowd-sourced evaluations show that NARRE-selected reviews

align with user-rated usefulness, making it highly effective for real-world e-commerce

applications.

Wang et al. [41] introduce the Tree-enhanced Embedding Model (TEM), which

combines the interpretability of tree-based models with the generalization ability of

embedding-based models to create explainable recommendations. TEM leverages gra-

dient boosting decision trees (GBDT) to extract cross features and uses an attention

mechanism to assign personalized weights to these features in combination with user

and item embeddings. Moreover, TEM’s transparent and scrutable framework allows

for user-driven adjustments to recommendations.

Wang et al. [42] present a reinforcement learning framework for explainable rec-

ommendations, which can be applied to any recommendation model (model-agnostic)

while ensuring the generated explanations are personalized and high-quality. The
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framework consists of two agents: one generating explanations and another evalu-

ating their consistency and ability to predict user preferences. Extensive evaluations,

including user studies, demonstrate that the framework generates more useful and sen-

timentally aligned explanations compared to baseline models such as NARRE [40].

This model offers improved explainability, flexibility, and control over the quality of

explanations.

Xian et al. [27] propose the Policy-Guided Path Reasoning (PGPR) framework,

which combines reinforcement learning and knowledge graphs to create explainable

recommendation systems. The framework uses multi-hop paths in a knowledge graph

to provide reasoning-based explanations for recommendations, improving transparency

and decision-making. Experiments on Amazon datasets show that PGPR outperforms

traditional methods in accuracy and explainability, generating interpretable paths be-

tween users and recommended items. This approach enhances both the recommenda-

tion process and the ability to explain recommendations in a causal and interpretable

way.

Li et al. [43] introduce PETER, a transformer-based model designed for explain-

able recommendation systems that generates personalized natural language explana-

tions. By linking user and item IDs with words through a context prediction task, PE-

TER achieves a high level of personalization and enhances both recommendation accu-

racy and explanation quality. Extensive experiments show that PETER outperforms

traditional models like ACMLM [44] and NETE [45] in generating diverse, feature-

relevant explanations, while maintaining competitive performance in rating prediction.

This approach provides a unified framework for both recommendation and explana-

tion generation, making it a powerful tool for explainable AI in e-commerce and other

domains.
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3.3. Recommendation Systems in Education and Career Contexts

The application of recommendation systems in the domains of career guidance

and education has garnered significant attention in recent years, driven by the need for

personalized and scalable solutions to help individuals navigate increasingly complex

educational and career landscapes. In educational contexts, recommendation systems

are commonly used to assist students in selecting courses, majors, or extracurricular

activities. Similarly, in career contexts, they can guide users in discovering suitable

career roles, job opportunities, or professional development programs based on their

skills, interests, and goals. Much of the earlier existing work in this area has focused on

implementing content-based [46–49], collaborative filtering [50–53], and hybrid mod-

els [54,55] to generate recommendations. However, there are also a considerable num-

ber of knowledge-based and ontology-based studies [56, 57]. Alternatively, using deep

learning-based methods [58–61] has become quite common among recent studies.

Course recommendation systems have been widely researched topic, with atten-

tion given to various aspects, including goal-based [58], grade-aware [55], job market-

aware [62], work plan recommender [63], learning path recommender [64], and teacher-

oriented recommenders [65–67]. Some studies investigate peer learner recommender

systems [68–71], thread/discussion recommender systems [72–74], question recommen-

dation systems [75–77] in education context.

While some recommendation systems aim to recommend for university course

selection and curriculum recommendation [78, 79], some aim to recommend courses in

educational platforms such as Massive Open Online Courses (MOOCs) and e-learning

[80–82].

In the context of career-oriented recommender systems, research has predomi-

nantly focused on job recommendation models [83–85], career path recommendation

systems [86], skill recommendation systems [87], and course recommendation systems

tailored to career development [88–90].



16

To further understand the current landscape of explainable recommendation sys-

tems in career and education contexts, several studies have been examined, focusing on

their approaches to course and career role recommendations as well as the techniques

employed to achieve explainability. Table 3.1 provides an overview and comparison of

key characteristics across these studies, highlighting their methodologies, domains of

application, and evaluation metrics. The subsequent summaries delve into each work

in greater detail, elucidating how these systems contribute to the field of explainable

career and course recommendation.

In the domain of software engineering education, Vo et al. [7] present a hybrid

course recommendation system (CRS) tailored to the specific needs of SE students and

faculty. The CRS integrates data mining and natural language processing (NLP) tech-

niques to provide personalized recommendations for university courses, career paths,

jobs, and industry-demanded skills. The system solves the cold-start problem by com-

bining a context-aware module, which uses named entity recognition to extract techni-

cal skills from course and job descriptions, with a collaborative filtering model based on

Restricted Boltzmann Machines. Evaluations conducted through a user survey of 94

participants revealed positive feedback, with 75% finding the recommendations useful

for their academic and career planning.

Striebel et al. [88] present a career-based explainable course recommendation

framework that leverages a knowledge graph (KG) to link jobs, courses, and skills. The

system uses a random walk-based inference over the KG to generate course recommen-

dations that align with a user’s career goal, offering transparent explanations based on

the skills taught in each course. Evaluations using datasets from the microelectron-

ics industry demonstrate that the KG-based approach improves both the quality of

recommendations and their explainability when compared to traditional ranking and

similarity-based baselines.
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Jiang et al. [91] introduce a novel reinforcement learning-based framework for

explainable knowledge concept recommendations in Massive Open Online Courses

(MOOCs). The system uses a knowledge graph to capture complex relationships be-

tween entities like students, teachers, courses, and knowledge concepts. By framing

the recommendation problem as a reinforcement learning task, the system generates

recommendations for specific knowledge concepts, rather than entire courses. Ad-

ditionally, the system provides explainable recommendations by navigating through

knowledge graph paths, offering transparency and semantic reasoning for the choices.

Evaluation on a real-world MOOC dataset across 14 learning fields showed that the

model significantly outperformed baseline methods such as collaborative filtering and

Bayesian probabilistic matrix factorization in terms of precision, recall, hit ratio (HR),

and NDCG.

Frej et al. [62] propose a job-market-oriented course recommender system that

aligns course recommendations with real-time skill demands from the job market. The

system uses an unsupervised skill extraction and matching method (SEM) to identify

relevant skills from job postings, course descriptions, and resumes. It employs rein-

forcement learning (RL) to recommend sequential courses that maximize the learner’s

job marketability by increasing the number of applicable job opportunities. Evalua-

tions demonstrated that RL-based models, particularly Proximal Policy Optimization

(PPO), provide efficient and effective recommendations for longer course sequences.

The study offers a novel approach by considering both learner goals and market de-

mands.

Abu-Rasheed et al. [100] present an LLM-powered chatbot system designed to

support student learning by providing personalized learning recommendations along

with conversational explanations. The system leverages a human-curated knowledge

graph to contextualize and enhance the LLM’s outputs, allowing the chatbot to pro-

vide relevant explanations for recommended learning paths. Additionally, the system

enables group chats where students can interact with human mentors for further sup-

port. Evaluation results from a user study showed high satisfaction with the chatbot’s
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design and the quality of explanations provided.

Yang et al. [101] propose CKGE, a novel approach for developing an explain-

able talent training course recommendation system using contextualized knowledge

graph embeddings. By constructing a meta-graph that captures both local seman-

tics and high-order relationships between entities, CKGE provides personalized and

motivation-aware course recommendations. The system leverages a transformer-based

model, KGformer, which incorporates relational attention and structural encoding to

enhance the interpretability of recommendations. Evaluation on real-world and public

datasets demonstrated the system’s superior performance in terms of accuracy and

explainability compared to baseline methods.

Chau [104] introduces a career-oriented explainable recommendation engine that

aligns college courses with career-relevant skills. The system provides two types of ex-

planations: Concept-based, which extracts skills from course content, and DWA-based,

which uses Detailed Work Activities aligned with labor market needs. Using a deep

concept extraction model with BERT and BI-LSTM-CRF architectures, the engine

leverages Sentence BERT embeddings and ranks skills based on cosine similarity for

course recommendation. A diversification algorithm ensures varied skill explanations.

Tailored to students’ enrollment histories and career aspirations, the system aimed to

achieve goals of interestedness, unexpectedness, usefulness, novelty, and serendipity in

explainable recommendations. User studies showed that while explanations did not

significantly boost course interest, they enhanced perceived relevance, particularly for

unexpected recommendations. DWA-based explanations were preferred for aligning

courses with career goals, and statistical analyses confirmed that explanations sup-

ported more informed decision-making.

Zylowski et al. [106] present an AI-based assistant using a large language model

(LLM) for career and educational pathway recommendations, focusing on trustwor-

thiness, usability, and explainability. The study compares the LLM-based assistant

to an intent-based chatbot and a form-based assistant, each offering different levels
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of interaction and recommendation structures. The LLM-based assistant uses open-

ended dialogue to capture user preferences, providing tailored career and educational

suggestions. A user study involving 12th-grade students revealed that while the LLM-

based assistant facilitated more nuanced and personalized interactions, the quality of

recommendations was variable.

Wang et al. [107] present a personalized and explainable employee training course

recommendation system through a Bayesian variational approach. The proposed

Demand-aware Collaborative Bayesian Variational Network (DCBVN) framework uses

variational inference to model employees’ current competencies and integrates collab-

orative filtering for personalized training recommendations. To address challenges in

sparse or missing skill profiles, the Demand-aware Collaborative Competency Attentive

Network (DCCAN) framework constructs competency graphs and uses graph-attentive

networks to infer competencies from neighboring employees. Evaluated on a real-world

dataset of learning records and skill profiles, DCBVN and DCCAN demonstrated su-

perior recommendation accuracy over several baseline models and showed robustness

in cold-start scenarios.
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4. METHOD

The method integrates data collection, model selection, and natural language

processing techniques. The goal is to provide personalized and transparent recommen-

dations, ensuring that they are not only accurate but also explainable, thus empowering

users with insights into why certain roles and courses are suggested. Figure 4.1 presents

the steps taken to implement this work.

Figure 4.1. Summary of the steps in the implementation process of the XCRS.

The method begins with the collection of relevant data (S1), forming the founda-

tion of the recommendation system. This data encompasses course-related information

from Udemy [4] and roadmap structures from roadmap.sh [115] that represent the pro-

gression of knowledge and skills across various career paths. The system constructs a

robust dataset that captures a wide range of learning resources and career trajecto-

ries by leveraging Application Programming Interface (API) integration, web scraping

techniques, and rigorous data processing (S2).

Following the data collection and extraction phase, the method involves employ-

ing state-of-the-art large learning models and their embedding techniques to generate

meaningful representations of both user inputs and available resources (S3). These

embeddings enable the system to conduct precise similarity searches, matching users

with roles and courses that align with their unique profiles.

User input processing is another critical component of the method. The system

interprets the user’s knowledge, preferences, and curiosities to tailor recommendations.

This personalization is further refined through vector similarity searches, which identify
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the most relevant roles and courses based on the user’s conceptual understanding and

learning goals (S4).

To enhance transparency and user trust, explainability is integrated into the rec-

ommendation process. Both role and course recommendations are accompanied by

explanations that clarify the rationale behind the suggestions. These explanations are

generated using advanced language models that process both the user’s input and the

content of the recommended resources to provide clear, contextually relevant justifica-

tions (S5).

The subsequent sections of this chapter detail each step of the method, starting

with the data collection methods used to gather and refine course and roadmap data,

followed by the processes employed to model, match, and explain the recommendations.

4.1. Course Data Collection

The initial step in building a robust and relevant recommendation system in-

volves gathering a comprehensive dataset of online courses (S1). This dataset serves

as the foundation upon which the entire recommendation process is constructed, and

its quality is paramount to the accuracy and usefulness of the recommendations gen-

erated. The data collection process was meticulously planned and executed to ensure

that the dataset not only includes a broad range of courses but also contains rich,

detailed information about each course, such as its category, description, and learn-

ing objectives. Our strategy encompassed both API integration and web scraping to

assemble a diverse and complete collection of course data. The subsequent sections

will elaborate on the tools and techniques employed in this process, starting with our

integration of Udemy’s Affiliate API and the additional data enrichment performed

through web scraping.
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4.1.1. Udemy Affiliate API Integration and Web Scrapping

The initial phase of our data collection strategy involved leveraging Udemy’s

Affiliate API to access comprehensive information about public courses available on

the Udemy platform. The API provided a structured source of data, including essential

metadata such as title, URL, headline, whether the course was paid, and price of the

course. To enrich our dataset and capture detailed information beyond the confines of

the API, I employed web scraping techniques using the Selenium [116] framework. By

programmatically navigating to the URLs associated with each course obtained from

the API, I systematically extracted pertinent details directly from the course web pages

on Udemy.

4.1.2. Extracted Features

Our approach focused on extracting specific features to construct a comprehensive

representation of each course:

• Title and Headline: The course title and headline were extracted to encapsulate

the primary focus and theme of each course.

• Category: The course category provided crucial contextual information, aiding

in the categorization and organization of the courses.

• “What You’ll Learn” Section: The “what you’ll learn” section, a key component

of Udemy course descriptions, was extracted to capture the learning objectives

and outcomes associated with each course.

• Course Description: The complete course description was utilized as a fundamen-

tal component, offering a more detailed course content and structured narrative.

Figure 4.2 illustrates the structure of these extracted features for the example

course “HTML5 and CSS3 Fundamentals”.
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Figure 4.2. Structure of the extracted course data for “HTML5 and CSS3

Fundamentals”.

The extracted features were systematically concatenated to form a cohesive tex-

tual representation for each course. This composition ensured that the unique char-

acteristics and content of each course were encapsulated within a singular, coherent

text.

4.1.3. Data Cleansing and Elimination

To refine and prepare the dataset for subsequent stages of our recommendation

system, the following cleansing steps were undertaken:

• Language Selection: Only English-language courses were retained, aligning with

the targeted user base for our recommendation system.

• Category Selection: The scope of our recommendation system was narrowed to

specific categories deemed relevant to our targeted roles and user profiles. Conse-

quently, courses falling under the categories of Development, IT & Software, and

Office Productivity were selectively retained.

• Removal of Duplicates: Duplicate courses were identified and removed to main-
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tain data integrity and prevent redundancy.

• Elimination of Missing Information: Courses lacking essential information, such

as titles, categories, or descriptions, were excluded from the dataset to ensure the

quality and completeness of the data.

Initially, 8180 courses were scraped from Udemy. After applying the aforemen-

tioned data cleansing steps, 7727 courses were eliminated, leaving a refined dataset of

453 courses. This dataset now serves as a focused foundation for the subsequent stages

of our XCRS. The elimination of duplicates, non-English courses, and the restriction to

specific categories enhances the relevance and precision of our recommendation model.

The distribution of the remaining courses across various subcategories within the

selected categories is illustrated in Figure 4.3, where it is important to note that these

subcategories are all under the broader categories of Development, IT & Software, and

Office Productivity.

Figure 4.3. Distribution of courses by subcategory under Development, IT &

Software, and Office Productivity categories.
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4.2. Roadmap Data Collection

Following the acquisition of Udemy course data, our focus extended to enrich

the dataset with comprehensive roadmaps essential for shaping the curriculum of our

XCRS. During this phase, I engaged with Kamran Ahmad, the proprietor of the

roadmap.sh website to secure permission to obtain roadmap data for ten distinct IT

roles. Ten IT roles were strategically chosen based on their popularity and expansive

scope within the IT sector. The selected roles are as follows: AI – Data Scientist,

Android Developer, Backend Developer, Blockchain Developer, Frontend Developer,

Full-Stack Developer, DevOps Engineer, Game Developer, QA (Quality Assurance)

Engineer, UX Designer.

Upon securing permission, I systematically fetched roadmaps for the ten selected

IT roles from the roadmap.sh website. Each roadmap delineates a structured path

encompassing various nodes crucial for the successful attainment of the respective role.

Figure 4.4 illustrates the roadmaps of the two roles: AI & Data Scientist and Android

Developer.

4.2.1. Roadmap Node Classification and Numbering

Nodes within the roadmaps were classified into two distinct categories to facilitate

a hierarchical structure:

• Concepts: Leaf nodes devoid of any sub-nodes.

• Topics: Nodes containing either leaf nodes or other nodes similar to themselves.

Nodes in the roadmap can be either a topic or a concept, and both can be directly

connected to a career role. While a topic may have child topics or concepts, concepts

cannot have any children, as visualized in Figure 4.5. This is the fundamental rule that

distinguishes a topic from a concept.
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Figure 4.4. Roadmaps of AI & Data Scientist and Android Developer roles.

Furthermore, a systematic numbering scheme was introduced to encode the rela-

tionships between roles, topics, and concepts. Each role was assigned a unique number

from 1 to 10, sorted alphabetically. Topics were numbered starting with the role num-

ber, followed by their order among the topics on the same level. For instance, the first

topic under the role ‘backend’ (number 3) is numbered 301, and subsequent topics are

sequentially numbered. To represent the hierarchy, child topics or concepts under each

topic are assigned numbers based on their order among the children.
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Figure 4.5. Structure of the roadmap data.

Throughout the roadmap data collection, a total of 235 topics and 869 concepts

were systematically extracted, providing a comprehensive view of the learning paths

associated with each IT role. Additionally, an analysis revealed the distribution of

concepts under each role roadmap. The average number of concepts under each role

roadmap is 97, showcasing the depth and specificity of the outlined learning trajectories.

Figure 4.6 illustrates the variation in the number of concepts associated with each role,

highlighting the relative complexity or breadth of knowledge required for different roles

within the system.

Figure 4.6. Distribution of concept counts across different roles.
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4.2.2. Data Organization in DataFrame

The roadmap data was organized into a structured DataFrame with the following

columns:

• Id: A unique identifier for each node.

• Name: The name or title associated with the node.

• Content: Descriptive content associated with the node.

• Type: A discriminative column classifying nodes as either ‘Topic’ or ‘Concept.’

This meticulous organization of roadmap data in a tabular form facilitates effi-

cient traversal and analysis, allowing us to establish relationships between roles, topics,

and concepts seamlessly.

4.3. Model Selection and Embedding Generation

To facilitate accurate and relevant recommendations, our system employs five

well-known LLMs to generate embeddings. The selection of these models was guided

by their performance on the Massive Text Embedding Benchmark (MTEB) [117] and

the reputation of the leading companies in the field of natural language processing. The

latest embedding models available for API calls from the following five companies were

chosen: Google [118], VoyageAI [119], OpenAI [120], MistralAI [121], and Cohere [122].

Specifically, the models utilized are ‘text-embedding-004’ from Google, ‘voyage-large-2’

from VoyageAI, ‘text-embedding-3-large’ from OpenAI, ‘mistral-embed’ fromMistralAI,

and ‘embed-english-v3.0’ from Cohere. These models are leveraged for their state-of-

the-art capabilities in generating high-quality embeddings that capture the semantic

essence of textual data, which is crucial for the recommendation process.

The selected embedding model APIs were used for courses and concepts, which

were scraped earlier from Udemy and roadmap.sh, in advance of the XCRS applica-

tion, to save time on initialization. For courses, embeddings were generated from the
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composed text as mentioned in Section 4.1.2, and for each concept, content fields were

used. Therefore, embeddings of each course and each concept were created by five

different models and kept in different DataFrames, as depicted in Figure 4.7. Lastly,

every embedding was checked to ensure that none were empty and that each concept

and course had corresponding embeddings from all five models.

Figure 4.7. Embedding generation for courses, concepts, and user knowledge units

using five LLMs.

4.4. User Input Processing

The user input processing stage is crucial for tailoring the recommendations to

the user’s specific preferences and experiences. Users provide their knowledge and in-

terests as we call knowledge units. In this context, knowledge units refer to any form

of educational content or learning elements, including courses, concepts, topics, sub-

jects, technologies, or theorems. These knowledge units help frame the user’s learning

experiences and guide the system in making personalized recommendations based on

their engagement with these elements. The user assigns these knowledge units into four
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distinct categories, which allow the system to better understand the user’s background

and preferences:

• Courses and Concepts I Enjoyed: This category includes courses the user took,

skills the user mastered, and topics, concepts, or subjects that the user learned

and found enjoyable or liked. In short, it encompasses the knowledge units that

the user positively engaged with.

• Courses and Concepts I Found Neutral: This category covers courses, skills,

topics, concepts, or subjects that the user encountered but felt indifferent about.

The user neither particularly enjoyed nor disliked these knowledge units. They

represent areas where the user’s interest or satisfaction was average.

• Courses and Concepts I Didn’t Enjoy: This category includes courses, skills,

topics, concepts, or subjects that the user learned but did not enjoy or found

uninteresting. These are the knowledge units that the user had a negative expe-

rience with, either due to a lack of interest, difficulty, or other reasons.

• Courses and Concepts I’m Curious About: This category captures the user’s

areas of curiosity and interest for future learning. It includes courses, skills,

topics, concepts, or subjects that the user has not yet explored but is eager to

learn more about. This category helps identify new areas for the user to expand

their knowledge.

By categorizing their knowledge and interests into these four distinct groups,

users provide a comprehensive view of their educational background and preferences.

This approach ensures that the recommendation system can deliver personalized and

relevant suggestions that align with the user’s past experiences and future aspirations.

These categories were carefully chosen to capture a wide spectrum of the user’s

educational experiences and preferences, serving several key purposes:

(i) Holistic Understanding: By including categories for neutral and disliked courses,

the system gains a nuanced understanding of the user’s experiences. This helps
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avoid recommending similar courses that the user may not enjoy and focuses on

areas that have a higher likelihood of being positively received.

(ii) Comprehensive Knowledge Mapping: Including skills, topics, and concepts along-

side courses ensures that the system gathers a richer and more detailed picture

of the user’s educational background. This comprehensive approach helps the

system consider all relevant knowledge areas, broadening the range of potential

recommendations.

(iii) Future Learning Interests: Including the “Curious About” category allows the

system to suggest courses that align with the user’s future learning goals. This

proactive approach helps users expand their knowledge in areas they are interested

in, rather than only reinforcing what they already know.

These categories were selected to understand not only what courses the user has

taken and their level of familiarity with different topics, but also how they felt about

those experiences. Whether they liked, disliked, or felt neutral about a course provides

critical information for modeling each user’s educational journey. Additionally, know-

ing what users are curious about but have not yet explored gives the system the ability

to support their future learning ambitions. This holistic view of interest, curiosity, and

emotional response allows the system to model the user’s tendencies, preferences, and

divergences effectively, resulting in a more personalized recommendation experience.

Each knowledge unit provided by the user is sent to the LLM APIs to generate

embeddings. This process mirrors the one used for the scraped courses and roadmap

concepts, as detailed in Section 4.3. Consequently, five different embeddings are gener-

ated for each user-provided knowledge unit as shown in Figure 4.7. These embeddings

are essential for accurately matching user interests with relevant courses and concepts.

4.5. Vector Similarity Search

To generate accurate and relevant recommendations for career roles and courses,

I selected vector similarity search to work with LLM embeddings. This process enables
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the system to measure the similarity between various embeddings, helping to identify

patterns and relationships between user-provided knowledge units and potential rec-

ommendations. Several similarity metrics are used to quantify the closeness between

vectors, each offering specific advantages depending on the context of the data and

application. Below are some of the most commonly used similarity metrics, along with

their formulas and characteristics.

Cosine Similarity. Cosine similarity measures the cosine of the angle between two non-

zero vectors, focusing on their orientation rather than magnitude [123]. The formula

is

SCosine(x,y) =
x · y

∥x∥∥y∥
(4.1)

where x ·y refers the dot product of vectors x and y while ∥x∥∥y∥ denotes the product

of their magnitudes. Cosine similarity values range from -1 to 1, where a score of 1

implies the vectors are in the same direction, 0 means they are orthogonal, and -1

indicates they point in opposite directions. However, in the context of information

retrieval, the cosine similarity between two documents is typically constrained between

0 and 1, as term frequencies are non-negative.

Dot Product Similarity. By calculating the cosine of the angle between two vectors,

dot product similarity measures their alignment without applying normalization. Its

formula is

SDotProduct(x,y) = x · y. (4.2)

This metric provides a raw measure of similarity that accounts for both the orientation

and magnitude of the vectors. It is useful when the magnitude of the vectors plays a

significant role in the comparison; otherwise, cosine similarity is a more suitable option.
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Minkowski Distance and Variations. Apart from cosine similarity, the most widely used

distance functions for both scalars and vectors are different variants of the Minkowski

distance [124]. Its formula is

DMinkowski(x,y) =

(
n∑

i=1

|xi − yi|p
) 1

p

. (4.3)

When p = 1, it becomes the Manhattan distance, also known as taxicab distance, or

L1-norm, i.e.,

DManhattan(x,y) =
n∑

i=1

|xi − yi| (4.4)

and when p = 2, it is called the Euclidean distance or L2-norm, thus;

DEuclidean(x,y) =

√√√√ n∑
i=1

(xi − yi)2. (4.5)

If the square-root is expelled from the equation, it becomes L2-squared distance, i.e,

DL2-squared(x,y) =
n∑

i=1

(xi − yi)
2. (4.6)

The Manhattan distance determines the distance between two points by mov-

ing strictly along horizontal and vertical lines, similar to navigating a grid. In con-

trast, the Euclidean distance measures the shortest, direct path between two points

in Euclidean space. Manhattan distance is especially relevant for tasks that involve

movement along structured grids, such as in navigation or routing scenarios. While

the Euclidean distance is effective when magnitude differences are important, it can be

sensitive to scaling. For instance, if the magnitudes of the vectors vary significantly,

the Euclidean distance may overestimate or underestimate the actual similarity. Also,

another variation of Euclidean distance, L2-squared distance, is used frequently due to

being computationally less expensive since it omits the square root calculation.

Jaccard Similarity. Jaccard similarity [125] is used to compare the similarity between

finite sets, commonly for binary vectors. The formula is

SJaccard(A,B) =
|A ∩B|
|A ∪B|

(4.7)
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where |A ∩ B| represents the intersection of sets A and B, and |A ∪ B| their union.

Intuitively, this yields a similarity of 1 when both sets are identical, as their intersection

and union would be equal in size, and a similarity of 0 for completely disjoint sets.

Additionally, it’s important to note that these measures are only properly defined for

finite sets [124].

Hamming Distance. Hamming distance [126] is used to measure the number of differing

positions between two binary vectors. The formula is

DHamming(A,B) =
n∑

i=1

(Ai ̸= Bi). (4.8)

The Hamming distance is commonly used to measure the difference between two bit-

strings of the same length by counting how many positions have differing values [127].

Among the various similarity metrics, cosine similarity was selected for this

project due to its specific advantages in handling high-dimensional, sparse data, which

is common in text processing and recommendation systems. Cosine similarity inher-

ently normalizes the vectors, making it invariant to their magnitude. This character-

istic is particularly beneficial in our recommendation system, where the scale of user

inputs (i.e., knowledge units) may vary widely, but the orientation (context) is what

ultimately matters. Two vectors pointing in the same direction will have a similarity

score of 1, regardless of their magnitude, allowing for robust comparison even when

users have different knowledge levels.

Additionally, cosine similarity is computationally efficient to calculate, especially

for large-scale applications requiring numerous similarity calculations. In comparison

to Euclidean distance or L2-squared distance, which are sensitive to the magnitudes of

vectors, cosine similarity focuses solely on the direction of the vectors, making it ideal

for applications in NLP. Despite ongoing debates regarding its interpretation, cosine

similarity remains the most widely utilized similarity metric in NLP research [128].
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4.5.1. Similarity Matrices

With the embeddings for courses, concepts, and user input prepared, the next

step involves calculating the similarity between these embeddings to facilitate accurate

recommendations. This is done using cosine similarity, a metric that quantifies the

similarity between two non-zero vectors based on the cosine of the angle between them.

Figure 4.8 illustrates the relation between courses, concepts, user knowledge units, their

embeddings, and calculated similarity matrices.

Figure 4.8. Course - Concept - User entity relation diagram.

For both the “Course × Concept” and the “User × Concept” embeddings similar-

ity matrices, the following steps are undertaken: cosine similarity is used to construct

the similarity matrices. This method measures the cosine of the angle between vec-

tors, providing a similarity score that ranges from 0 to 1, where 1 indicates identical

orientation, and 0 indicates no similarity. For each pair of embeddings (course and

concept, or user and concept), the cosine similarity score is calculated, resulting in

similarity matrices where each cell represents the similarity score between a specific
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pair of embeddings, as illustrated in Figure 4.9. To ensure the accuracy and reliability

of these matrices, multiple checks and validations are performed, including verifying

the integrity of the embeddings and recalculating any discrepancies. The constructed

similarity matrices are crucial components of the recommendation system. They serve

as the foundation for matching courses with relevant concepts and aligning user inter-

ests with appropriate recommendations, ultimately providing personalized and relevant

suggestions.

Figure 4.9. Illustration of the process for creating the similarity matrices.

However, it is important to note that similarity scores can differ for each model.

This variance means that embedding similarity thresholds should vary from model to

model to ensure the most accurate recommendations.
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4.5.2. Similarity Score Thresholds

To address the issue of varying similarity scores across different models, I con-

ducted an analysis to select the optimal similarity score thresholds for each LLM. I

hypothesized that if the histograms of similarity score data points in the Course Em-

beddings × Concept Embeddings Similarity Matrices—these being the only matrices

available at the beginning—follow a Gaussian distribution, I could derive a generic

formulation to apply as a threshold for the similarity matrices of each LLM. There-

fore, I examined the distribution of the similarity scores for each model and plotted

the histograms of the data points in the similarity matrices. As anticipated, the dis-

tributions were Gaussian, allowing us to calculate the mean and standard deviation

for each model. Figure 4.10 illustrates the Kernel Density Estimate (KDE) plots of

the similarity scores, confirming the Gaussian nature of the distributions across the

different LLMs.

Figure 4.10. Kernel Density Estimate (KDE) plots showing the distribution of

similarity scores in the Course × Concept Similarity Matrices across different LLMs.
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We then tested our recommendation models using thresholds set at mean + 2

standard deviations, mean + 2.5 standard deviations, and mean + 3 standard devi-

ations. By comparing the results from these different thresholds, we found that the

best performance was achieved when the threshold was set at mean + 2.5 standard

deviations. This threshold provided the most accurate and relevant recommendations,

balancing the inclusion of high-quality matches with the exclusion of less relevant ones.

4.6. Role Recommendation

By utilizing the User Embeddings × Concept Embeddings Similarity Matrix, we

can identify similar concepts for each knowledge unit provided by the user. These

similar concepts are determined using the thresholds defined in Section 4.5.2. Ad-

ditionally, the category information of the inputs—whether the user likes, is neutral

about, dislikes, or is curious about a concept—is preserved with the resulting similar

concepts.

Each of these categories plays a critical role in our scoring system for role recom-

mendations, which we refer to as the coverage score. The coverage score is designed

to measure the extent to which a user’s knowledge aligns with the required concepts

for various career roles outlined in the roadmap data. By leveraging this score, we can

assess how well the user’s existing knowledge and interests cover the necessary con-

cepts for different career roles. This allows us to prioritize roles that are most aligned

with the user’s strengths and interests, ensuring that the recommendations are both

relevant and achievable. Furthermore, it helps to eliminate roles that may not be a

good fit, thereby narrowing the focus to those roles that offer the best potential match.

Based on this score, and by excluding roles with a coverage score lower than 0.67, a

maximum of three career roles are determined to recommend to the user as depicted

in the flowchart for role recommendation in Figure 4.11.
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Figure 4.11. Overview of the role recommendation flow.

The following section will delve into the Role Coverage Score in detail, explaining

its calculation and the rationale behind its use in our recommendation system.

4.6.1. Role Coverage Score

As its name suggests, coverage score allows us to understand how much the user

covers which role and, therefore, which role they are closest to. To understand this, we

first named categories as TookAndLiked, TookAndNeutral, TookAndDisliked, and Curi-

ous for the sake of convenience in expression. Each category is assigned a coefficient:

0.75 for TookAndLiked, 0.5 for TookAndNeutral, -0.25 for TookAndDisliked, and 1 for

Curious. Then, for each career role, concepts that belong to it are determined. When

a user has that concept under one of these categories, it affects the score of that role

by the coefficient. Total scores for each career role are calculated by summing the

coefficients of the associated concepts. To normalize these points, we divide the total

score for each role by the total number of concepts required for that role.

The total coverage score S(Ri) for a career role Ri is calculated as

S(Ri) =

∑ni

j=1Coef(C
Ri
j )

ni

(4.9)

where:
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• CRi
j represents each concept associated with the role Ri.

• Coef(CRi
j ) is the coefficient assigned to CRi

j based on the user’s interaction cate-

gory.

• ni is the total number of concepts required for the role Ri.

This formula calculates a normalized score that reflects how well the user’s knowl-

edge and interests align with the requirements of each career role. By summing the

coefficients for all relevant concepts and normalizing by the total number of required

concepts, the coverage score offers a clear and quantifiable measure of role alignment,

guiding users toward career paths where their current knowledge and interests are most

applicable.

A potential problem can arise if the user inputs the same knowledge unit into

two different categories, or if two different knowledge units from different categories are

found to be similar to the same concept. This creates a conflict in the scoring process.

To mitigate this issue, we established a priority system for categories during score

calculation. The higher-priority category will always be retained, and the lower-priority

one will be disregarded. To emphasize the importance of curiosity and enjoyment in

influencing recommendations, the priority order is defined as

Curious > TookAndLiked > TookAndDisliked > TookAndNeutral. (4.10)

After calculating the normalized points, we multiply these points by 100. The

resulting points theoretically range from -25 to 100. To better represent coverage scores

on a scale from 0 to 100, we apply a custom activation function to map the values.

The core of this custom activation function is the sigmoid function, which is

commonly used in neural networks. The standard sigmoid function is given by σ(z) =

1
1+exp(−z)

, where z is the input to the function. In this custom activation function,

the sigmoid function is modified by incorporating a scaling factor k and a shift b.

This results in the input to the sigmoid function being transformed into k · (x − b).

After applying the sigmoid function, the result is scaled by a factor of 100, and the
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final output is rounded to two decimal places. The mathematical expression for this

transformation is

f(x) = round

(
100

1 + exp(−k · (x− b))
, 2

)
. (4.11)

where k = 0.2 and b = 25.

Thus, the applied custom activation function for the final coverage scores for each

career role is

f(x) = round

(
100

1 + exp(−0.2 · (x− 25))
, 2

)
. (4.12)

The shift parameter b = 25 translates the input x horizontally, meaning that the

midpoint of the sigmoid function, where the output is 50, occurs at x = 25. The scaling

factor k = 0.2 determines the steepness of the sigmoid curve. A smaller value of k leads

to a smoother, less steep transition from 0 to 100, while a larger value would result in

a steeper transition. The output of this function is constrained to values between 0

and 100, providing a normalized range for the input data. The graph in Figure 4.12

illustrates this custom activation function, showing how the output value varies with

different inputs.

The mapping of input values to outputs by this function can be understood

through the following scenarios: for values of x significantly less than 25, the function’s

output asymptotically approaches 0, corresponding to the lower bound of the sigmoid

curve. Specifically, in the case where all concepts associated with a role are disliked

by the user, x becomes -25, resulting in an output near the lower bound as shown in

Figure 4.12 with the circle marker. If the user has not entered any knowledge unit

input corresponding to the concepts of that role, x will be 0, and the coverage score of

that role will be 0.67, as shown in the figure with the square marker. This is why only

roles with a coverage score greater than 0.67 are considered during the recommendation
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phase. At x = 25, the output reaches 50, marking the midpoint of the function where

the sigmoid curve exhibits its inflection point, as marked in the figure with a cross

marker. If all concepts in the role are known and all are found neutral by the user,

x becomes 50, producing an output close to the upper bound of the sigmoid curve as

marked in the figure with a star marker. When all concepts in the role are known

and liked by the user, x becomes 75, as marked in the figure with a triangle marker,

producing an output on the upper bound of the curve. Finally, if all concepts within

a role fall under the category of “Curious” for the user, x becomes 100, as depicted in

the figure with a diamond marker, causing the output to be the highest possible value.

As a result, if the user has mastered all the concepts necessary to progress in that role

and at least does not dislike it, it will be considered that he has almost completely

covered that role.

Figure 4.12. Custom activation function which maps values from range [-25,100] to

[0,100].

This function ensures that the scores are appropriately scaled and fall within

the desired range, providing a clear and standardized measure of how well the user’s

knowledge aligns with each career role.
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The resulting roles obtained by role coverage score calculation are gathered and

sent to the explanation generation function, which will be explained in the following

section. The detailed flow, including role coverage score and custom activation function

of role recommendation, is illustrated in Figure 4.13.

Figure 4.13. Detailed process flow for the role recommendation.

4.6.2. Role Explanation Generation

The role explanation generation in our system is designed to provide personalized

explanations for the career roles recommended to the user. This function operates

by leveraging the user’s input, which consists of a list of concepts categorized into

four distinct categories as mentioned in Section 4.6.1: TookAndLiked, TookAndNeutral,

TookAndDisliked, and Curious.

For each recommended role, the system generates explanations based on the user’s

concept list. The explanation process considers two primary dimensions: the concepts

the user is already familiar with (regardless of whether they liked, are neutral about,

or disliked them) and the concepts the user is curious about. If the user’s knowledge

covers a broad range of topics under a specific career role, the explanation generation
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emphasizes these topics. Conversely, if the user’s knowledge is more specific and limited

to certain concepts, the explanation focuses on these concepts instead.

The generated explanations follow a structured format. For known concepts, the

explanation begins with the phrase “I assume that you are familiar with,” followed by

the relevant topics or concepts. For concepts the user is curious about, the explanation

starts with “I can see that you are willing to learn,” followed by the corresponding

topics or concepts. This approach ensures that the explanations are tailored to the

user’s knowledge and interests, thereby enhancing the relevance of the recommended

roles.

However, since the names of some concepts might be case insensitive, abbreviated,

or not immediately clear, a Retrieval-Augmented Generation (RAG) [129] technique

is applied to enhance the clarity and quality of the explanations. This is achieved

by integrating the “GPT-4o” model from ChatGPT [130] via API, which refines the

explanations through customized prompts.

The customized prompt provided to the GPT-4o model includes specific instruc-

tions to:

(i) Convert the initial explanations into standard English, correcting any unclear or

meaningless parts.

(ii) Expand abbreviations related to computer science into their full forms.

(iii) Paraphrase the sentences to make them clearer, summarizing and merging key

concepts where appropriate.

(iv) Ensure the sentences effectively explain why the user is well-suited for the rec-

ommended role.

The explanations for up to three recommended roles are processed in batches to

optimize time and computational resources. Once the refined explanations are returned

by the GPT-4o model, they are matched with the corresponding roles and passed on



46

to the subsequent Course Recommendation component of the system. As shown in

Figure 4.14, the process for generating role explanations begins with selected roles and

matched concepts with user data, followed by template-based explanation generation

and enhancement through an API call to ChatGPT.

Figure 4.14. Flow of explanation generation for the role recommendation.

This approach not only enhances the transparency and comprehensibility of the

role recommendations but also ensures that the explanations are contextually aligned

with the user’s specific knowledge and aspirations.

4.7. Course Recommendation

The Course Recommendation component is designed to identify and recommend

specific courses tailored to the user’s needs based on the roles recommended by the Role

Recommendation component. This process begins by retrieving the user’s concept data

alongside the three recommended roles.

For each recommended role, the system assesses the user’s familiarity with the

concepts associated with that role. The user’s familiarity is measured by comparing

the concepts they know against the total set of concepts within the role’s roadmap. If

the user is familiar with more than 30% of the role’s concepts, they are considered to be
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at an intermediate or advanced level, rather than a beginner. In such cases, the system

selects concepts located at the later stages of the role’s roadmap, assuming these are

areas where the user could benefit from further learning. If the user is familiar with less

than 30% of the role’s concepts, they are considered to be at a beginner level. In such

cases, the system selects concepts located at the earlier stages of the role roadmap. In

both scenarios, the system subtracts the concepts already known to the user from the

total set of concepts associated with the role. The remaining, unfamiliar concepts are

then selected as targets for course recommendations.

For each selected concept, the system identifies and retrieves three courses that are

most similar to the concept in question by leveraging the Course × Concept similarity

matrix. This matrix enables the system to pinpoint the most relevant courses. The

identified courses are then aggregated for each role, with their similarity scores and

selection counts (the number of times a course is recommended for a role) recorded. To

maintain diversity in the recommendations, any duplicate courses are removed during

this aggregation process. The detailed flow of the course recommendation is depicted

in Figure 4.15.

Figure 4.15. Detailed process flow for the course recommendation.
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The final step involves sorting the gathered courses based on their selection count

and similarity scores. The top three courses, ranked by both the frequency of selection

and their similarity to the selected concepts, are determined as the final recommen-

dations. These courses are further sorted by their similarity scores to ensure that the

most relevant courses appear first. The selected courses are then passed to the Course

Explanation Generation component, where detailed explanations for each course rec-

ommendation are generated. This process will be elaborated upon in the subsequent

section.

4.7.1. Course Explanation Generation

The Course Explanation Generation process enhances the transparency and com-

prehensibility of the course recommendations provided by the system. This process

begins by taking as input the set of courses matched to the recommended roles and the

concepts within those roles that the user has not yet mastered. The primary objective

is to generate concise, informative explanations that justify why each course is relevant

and beneficial for the user’s progress in the recommended role.

To achieve this, key information about each course, including the title, headline,

description, and the “What You Will Learn” section, is concatenated into a single

field. This field provides a comprehensive summary of the course content and learning

outcomes. The system then prepares a structured prompt, which includes the concate-

nated course information, the list of concepts within the role that the user has not

covered, and the role name. This prompt is sent via an API call to the GPT-4o model

of ChatGPT. The prompt instructs ChatGPT to:

• Infer the key concepts from the provided course information.

• Explain why the user should take those courses to advance in the <role name >

role, utilizing these inferred concepts.

• Avoid including or explicitly mentioning the key concepts in the explanation.

• Where possible, connect these explanations to the concepts the user is missing:
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<remaining concepts for the user>.

The explanations for the three courses are processed in batches, similar to the

role explanation generation, to optimize time and computational resources. Each gen-

erated explanation is returned by ChatGPT as a brief paragraph. These explanations

are then matched with the corresponding courses and assembled into a package that is

subsequently passed on to the application layer. This package, containing the recom-

mended courses and their explanations, is then presented to the user through the user

interface.

Through this approach, the course recommendations become more personalized

and actionable for the user. By providing clear, concise explanations that directly link

the recommended courses to the user’s learning gaps and career goals, the system not

only guides the user toward the most relevant educational resources but also reinforces

the value of each recommendation. This level of customization enhances the overall

user experience, helping users make informed decisions about their learning paths and

boosting their confidence in the system’s recommendations.
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5. XCRS WEB APPLICATION

The XCRS is a comprehensive web application that not only serves as a powerful

backend recommendation engine but also provides an intuitive user interface for seam-

less interaction. This chapter outlines the technology stack utilized in the development

of the XCRS web application, the user interface components, and the overview of the

system architecture.

5.1. Technology Stack

The development of the XCRS web application leveraged a modern technology

stack that ensures both scalability and a smooth user experience. On the frontend, the

application was built using the Nuxt 3 [131] framework, which is based on Vue.js [132].

Nuxt 3 was selected for its advanced features, such as server-side rendering and static

site generation, which contribute to enhanced performance and ease of use. Vue.js,

known for its flexibility and ease of integration, was used to build the interactive

components of the user interface. The use of TypeScript [133] in the frontend further

improved code quality by adding strong typing and error checking, thereby reducing

the likelihood of bugs and enhancing development efficiency.

On the backend, Python 3 [134] was the primary programming language, devel-

oped within an Anaconda [135] environment to manage dependencies effectively. The

choice of Python was driven by its rich ecosystem of libraries, which made it ideal for

handling data processing and implementing machine learning models. FastAPI [136]

was chosen as the web framework due to its high performance and support for asyn-

chronous operations, making it suitable for building the Representational State Trans-

fer (REST) API that powers the application. To ensure that the application could

handle a large number of concurrent connections, Uvicorn [137], a fast Asynchronous

Server Gateway Interface (ASGI) server, was employed to run the FastAPI applica-

tion. Additionally, the backend heavily relied on libraries such as NumPy [138] and
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Pandas [139] for data manipulation and numerical computations. The recommendation

engine within the XCRS web application integrates several APIs to create embeddings,

which are crucial for generating personalized recommendations. The APIs used include

Google Generative AI [118], VoyageAI [119], OpenAI [120], MistralAI [121], and Co-

here [122]. Each of these APIs offers unique embedding capabilities, ensuring that the

system can effectively analyze user inputs and generate relevant recommendations.

5.2. User Interface

The frontend of the XCRS web application is meticulously designed to provide a

smooth and engaging user experience across various devices. The application employs a

responsive design approach, ensuring that the layout and components adapt seamlessly

to different screen sizes and resolutions, making it fully accessible on mobile devices

as well as desktops. This responsiveness enhances usability, allowing users to interact

with the system conveniently from any device.

The user interface is structured around two primary pages: the Home (Input)

Page and the Result (Output) Page.

Home Page, Figure 5.1(a): This page serves as the starting point for users, where

they input detailed information about the courses and concepts they have taken, liked,

disliked, or are curious about. The design is clean and minimalist, focusing on ease of

use and clarity. An essential feature of this page is the inclusion of a color-coded cheat

sheet, as shown in Figure 5.1(a), which categorizes information according to different

broad topics. This cheat sheet is visually designed to remind users of the names of

courses, concepts, and knowledge units relevant to their inputs, aiding in the quick

identification and selection of options.
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(a) (b)

Figure 5.1. (a) Home page and (b) course cheat sheet of the XCRS web app.

Result Page, Figure 5.2: After processing the input data, the system directs users

to the result page, where the recommendations are displayed. This page presents three

career role recommendations along with three course recommendations for each role.

Each recommendation is accompanied by a detailed explanation, helping users under-

stand the reasoning behind the suggestions. Additionally, the result page allows users

to toggle between different LLMs to explore how various models generate different rec-

ommendations. This dynamic model-switching capability offers users a comprehensive

view, enabling them to compare and select the most suitable recommendations.
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(a) (b) (c)

Figure 5.2. Example result page for career roles of the XCRS web app displaying

Model-4 recommendations: (a) the first career role, (b) the second career role, and (c)

the third career role.

The application’s layout is intuitive, ensuring that users can navigate through the

input and output stages effortlessly. The integration of the cheat sheet on the Home

Page and the clear presentation of recommendations on the Result Page work together

to provide a user-friendly and informative experience.

5.3. Workflow Overview

The operation of the XCRS web application can be summarized through a series

of key steps that connect the user inputs to the final recommendations. When a user

inputs information about the courses they have taken and concepts they are interested

in, the frontend collects this data and sends it to the backend via an API.
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Upon receiving the input, the backend processes the information using its four

components: embedding generation, role recommendation, course recommendation,

and explanation generation, as illustrated in Figure 5.3. The embedding generation

component is responsible for making API calls to services mentioned in detail in Sec-

tion 4.3 generating embeddings for the user’s input data. These embeddings represent

the user’s inputs in a format that can be understood and processed by LLMs. The role

recommendation and course recommendation components then utilize the embeddings

to produce personalized career role and course recommendations.

Once the recommendations are generated, they are sent to ChatGPT for expla-

nation generation. The explanations and recommendations are then combined into a

package and sent back to the result page, where they are displayed to the user in an or-

ganized and user-friendly manner. The frontend ensures that the recommendations are

easy to interpret and interact with, enabling users to effectively explore the suggested

career paths and courses. The system also allows users to switch between different

models to view alternative recommendations, providing a comprehensive and flexible

decision-making tool.

Figure 5.3. System architecture diagram of the XCRS, illustrating key components

and data flow for generating personalized recommendations and explanations.
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6. EVALUATION

The evaluation of the XCRS is a critical aspect of this research, aimed at assessing

various dimensions of the recommendations generated by the system. This chapter

details the methodologies and outcomes of the evaluation processes, which include

both a user study and an expert judgment study. These complementary approaches

provide a comprehensive understanding of the system’s performance from multiple

perspectives.

The user study focuses on the end-user experience, gauging how well the system

meets the needs and expectations of its intended audience. Participants in the user

study interacted with the system and provided feedback on various aspects, including

the effectiveness, satisfaction, persuasiveness, transparency, and serendipity of the rec-

ommendations and explanations, as well as the overall efficiency of the system. This

study is designed to capture real-world usage scenarios and identify areas where the

system excels or requires improvement.

In parallel, the expert judgment study brings in domain-specific insights to eval-

uate the technical soundness and practical applicability of the system. Experts in

the fields of education, career counseling, and artificial intelligence reviewed the sys-

tem’s outputs, offering a critical assessment of the recommendation logic, the quality

of explanations, and the overall coherence of the system’s design. Their feedback is

instrumental in validating the system’s approach and ensuring alignment with best

practices in the respective fields. The overall feedback-gathering process is presented

in Figure 6.1.
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Figure 6.1. Feedback-gathering process used in the evaluation studies.

The evaluation chapter is organized into two main sections: the User Study and

the Expert Judgment Study. Each section presents the method, participant demo-

graphics, data collection procedures, and key findings from the respective studies. By

combining these two evaluation approaches, this chapter provides a robust analysis

of the system’s performance, highlighting both its strengths and potential areas for

enhancement.

The insights gained from this evaluation will not only inform potential improve-

ments to the current system but also contribute to the broader discourse on the devel-

opment of explainable AI systems in the context of career guidance and education.
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6.1. User Study

The User Study was conducted to evaluate the XCRS from the perspective of

end-users, focusing on various aspects of the system’s performance. The study aimed

to assess how well the system meets the needs of its target audience, particularly in

terms of the effectiveness and transparency of its recommendations, as well as the

overall user experience.

6.1.1. Participants

Participants for the User Study were selected based on availability from the sys-

tem’s target audience, which included both students and professionals in the IT field.

The study targeted individuals in computer engineering or related disciplines, such

as computer science, management information systems, electrical and electronics en-

gineering, industrial engineering, and mathematics. This approach ensured that the

system’s recommendations would be relevant to a broad audience within the IT sec-

tor, as the scope of XCRS is limited to courses and career roles within the computer

engineering domain.

6.1.2. Procedure

The study began with participants interacting with the system by inputting their

knowledge units, which included courses, concepts, subjects, and skills. Participants

were given time to carefully consider all the concepts they knew and every course they

had taken related to the computer engineering and computer science domains. After

this reflection, they categorized these knowledge units into four distinct groups:

(i) Knowledge units they had mastered and enjoyed.

(ii) Knowledge units they had mastered and were neutral about.

(iii) Knowledge units they had mastered but did not enjoy.

(iv) Knowledge units they had not yet mastered but were curious about.
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Following this input, the system processed the data and returned recommendation

results based on five different models, each offering career role and course recommen-

dations tailored to the user’s input. Participants were encouraged to carefully examine

the results from each model. After reviewing the recommendations, they could access

a survey by clicking a form provided at the end of the page.

6.1.3. Survey Structure

The survey was designed to collect both demographic information and detailed

feedback on the system’s performance. The demographic section gathered data on

the participants’ educational background, current employment status, and job expe-

rience. This information provided context for interpreting the evaluation results (see

Appendix A for the detailed survey questions).

The core of the survey focused on evaluating the system’s recommendations and

overall user experience across several dimensions:

(i) Usefulness of Recommendations: Participants were asked to rate the usefulness

of career role and course recommendations provided by each of the five models.

This section aimed to identify which model delivered the most relevant and helpful

suggestions.

(ii) Model Satisfaction: Participants were asked to identify the model with which

they were most satisfied, providing insights into the effectiveness of each model

in meeting user expectations.

(iii) System Outputs Evaluation: The survey included several questions that assessed

the system’s outputs based on the model participants considered the best. These

questions covered:

• Effectiveness: How satisfied participants were with the relevance of the role

and course recommendations.

• Satisfaction: Participants’ likelihood of using the system to assist with their

career planning and recommending it to peers.
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• Persuasiveness: The likelihood that participants would consider enrolling in

a course recommended by the system.

• Transparency: How easy participants found the explanations provided for

the recommendations.

• Efficiency: The ease of navigating and using the system to obtain the nec-

essary recommendations.

• Serendipity: Whether the system helped participants explore courses outside

of their usual preferences.

(iv) Overall Experience: Participants were invited to share any additional feedback

or comments about their experience with the recommendation system, offering

qualitative insights that could guide future improvements.

6.1.4. Participants’ Demographics

The survey was completed by 25 participants, offering a snapshot of the demo-

graphic makeup of the study group and their feedback on the system’s performance.

Participants were a mix of students and professionals within the IT field, with a signif-

icant portion currently engaged in computer engineering, computer science, or closely

related disciplines. Figure 6.2 provides a combined overview of the participants’ edu-

cation level, employment status, and job experience.

In terms of education, 12 participants held a Bachelor’s degree, while another

7 were currently enrolled in Bachelor’s programs. A smaller segment of the group

consisted of individuals pursuing or holding Master’s degrees, as shown in Figure 6.2(a).

Most participants had an academic background aligned with the system’s focus,

with 24 individuals confirming their studies in fields such as computer engineering,

computer science, or related areas like management information systems, electrical

and electronics engineering, industrial engineering, and mathematics. The remaining

participant had a background in Physics, which, while not directly within the system’s

primary focus, still bears relevance to the technical and analytical domains.
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(a) (b)

(c)

Figure 6.2. Results of demographic questions: (a) education level, (b) employment

status, and (c) job experience.

Regarding employment status, 13 participants were currently working, 6 were

studying, 3 were both studying and working, and 3 were unemployed, as illustrated in

Figure 6.2(b). Of those employed, 16 were working within the IT sector, underscoring

the relevance of the system’s recommendations to their professional paths.

When considering job experience, the survey revealed a diverse range among

participants. As presented in Figure 6.2(c), six participants reported having no pro-

fessional experience, while another six had one year or less. Seven participants had

between two and four years of experience, and six participants had five or more years

of experience in the field.
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6.1.5. Survey Results

Participants were asked to rate the usefulness of the recommendations provided

by each of the five models, which correspond to different LLMs created by various

companies. The models used were as follows: text-embedding-004 by Google, voyage-

large-2 by VoyageAI, text-embedding-3-large by OpenAI, mistral-embed by MistralAI,

and embed-english-v3.0 by Cohere. It is important to note that participants were

not provided with any information about the specific LLMs; instead, the models were

simply labeled as Model 1, Model 2, Model 3, and so forth during the survey.

These ratings, collected on a scale from 1 to 5, were converted to percentage

values for better readability, as shown in Table 6.1. It is evident that participants

found mistral-embed by MistralAI particularly effective for course recommendations,

achieving the highest average rating of 3.72, corresponding to 74.4%. In terms of

career role recommendations, voyage-large-2 by VoyageAI slightly outperformed the

others with a 72.8% usefulness rating. Overall, the results suggest that while some

models had slight advantages in specific areas, all models were generally perceived as

useful by the participants.

Table 6.1. Average ratings and percentage values for the usefulness of

recommendations provided by each model. The highest scores are highlighted, and

the second-highest scores are underlined.

Model (LLM)
Career Roles

(Avg. Rating / %)

Courses

(Avg. Rating / %)

text-embedding-004 (Google) 3.52 / 70.4% 3.40 / 68%

voyage-large-2 (VoyageAI) 3.64 / 72.8% 3.32 / 66.4%

text-embedding-3-large (OpenAI) 3.32 / 66.4% 3.40 / 68%

mistral-embed (MistralAI) 3.60 / 72% 3.72 / 74.4%

embed-english-v3.0 (Cohere) 3.56 / 71.2% 3.52 / 70.4%
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When asked which model’s recommendations they were most satisfied with, the

participants showed preferences that slightly diverged from the average ratings of use-

fulness. The most satisfaction was reported with text-embedding-004 by Google, which

was selected by 8 participants as delivering the most satisfactory recommendations.

This was followed by mistral-embed by MistralAI, favored by 6 participants, and

embed-english-v3.0 by Cohere, chosen by 5 participants. Although voyage-large-2 by

VoyageAI and text-embedding-3-large by OpenAI had fewer participants identifying

them as the most satisfying, these results indicate a diversity of preferences among

users, with no single model overwhelmingly dominating in both usefulness and satis-

faction. Figure 6.3 shows the distribution of participants’ satisfaction with each model.

Figure 6.3. Distribution of participants’ satisfaction across different large language

models used in the study.

This slight divergence between the highest-rated models for usefulness and those

that received the most satisfaction votes suggests that other factors, such as perceived

relevance, clarity, or personal alignment with the recommendations, might play a sig-

nificant role in overall user satisfaction.
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In addition to assessing the usefulness of the recommendations, participants were

asked to evaluate various aspects of the system’s outputs, focusing on effectiveness,

persuasiveness, transparency, efficiency, serendipity, and satisfaction. The responses to

these questions provide deeper insights into how users perceived the overall performance

and usability of the XCRS. The following sections summarize the key findings, with

references to corresponding figures for visual representation.

Effectiveness. Q1) How satisfied are you with the relevance of the role and course

recommendations?

Participants were asked how satisfied they were with the relevance of the role

and course recommendations provided by the system. The results indicate that the

majority of participants found the recommendations to be quite relevant, with an

average satisfaction rating of 4 out of 5, i.e., 80%. Specifically, 10 participants rated

their satisfaction at 4, and 8 participants gave the highest rating of 5 (Figure 6.4).

Figure 6.4. Distribution of participant satisfaction regarding the relevance of role and

course recommendations provided by the system.

1: Not satisfied at all, 5: Very satisfied.
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Persuasiveness. Q2) How likely are you to consider a course that was recommended to

you?

When asked how likely they were to consider a course recommended by the sys-

tem, participants responded with an average rating of 3.8, i.e., 76%. This suggests

that the system was relatively persuasive in encouraging users to consider the sug-

gested courses. The majority of participants rated this question at 4, with 13 people

providing this rating, followed by 5 participants who rated it at 5 (Figure 6.5).

Figure 6.5. Participants’ likelihood of considering a course recommended by the

system.

1: Not likely at all, 5: Very likely

Transparency. Q3) How easy do you find the explanations provided for the recommen-

dations to understand?

The system’s transparency was evaluated based on how easy participants found

the explanations provided for the recommendations to understand. This aspect received
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one of the highest ratings, with an average of 4.48, i.e., 89.6%. All participants rated

this either 4 or 5, with 13 giving a rating of 4 and 12 giving the highest rating of

5 (Figure 6.6). This strong positive response highlights the system’s effectiveness in

clearly communicating the rationale behind its recommendations. While this question

primarily aims to measure the system’s transparency, as one of the key purposes of

explanations in recommender systems [28], it is essential to note that the clarity of

these explanations may also influence other dimensions of the user experience.

Figure 6.6. Participants’ ratings on the ease of understanding the explanations

provided for the system’s recommendations.

1: Very difficult, 5: Very easy

Efficiency. Q4) How easy is it to navigate and use the system to get the recommenda-

tions you need?

Regarding the ease of navigating and using the system to obtain the necessary

recommendations, participants gave an average rating of 4.44, i.e., 88.8%. The majority

of participants found the system very easy to use, with 15 participants giving it the
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highest rating of 5 (Figure 6.7). Only 2 participants rated it below 4, indicating a

generally high level of usability.

Figure 6.7. Participants’ ratings on the ease of navigating and using the system to

obtain necessary recommendations.

1: Very difficult, 5: Very easy

Serendipity. Q5) Do you feel that the system helps you explore courses outside of your

usual preferences?

To gauge whether the system helped users explore courses outside of their usual

preferences, participants were asked if they felt the system introduced them to new

options. A significant 84% of participants (21 people) responded positively, indicating

that the system successfully broadened their horizons (Figure 6.8).
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Figure 6.8. Participants’ responses on whether the system helped them explore

courses outside of their usual preferences.

Satisfaction - Likelihood to Use. Q6) How likely are you going to use the system to

help with your career plan?

Participants were also asked how likely they were to use the system to assist

with their career planning. The average rating for this question was 3.48, i.e., 69.6%,

indicating a moderate level of satisfaction. The distribution of responses shows that

while 12 participants rated their likelihood of using the system at 4, a smaller group

of participants expressed lower likelihoods, with 2 participants rating it at 1 and 4

participants at 2 (Figure 6.9).
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Figure 6.9. Participants’ likelihood of using the system to assist with their career

planning.

1: Not likely at all, 5: Very likely

Satisfaction - Likelihood to Recommend. Q7) How likely are you going to recommend

the system to your peers?

Finally, participants were asked how likely they were to recommend the system to

their peers. The average rating for this question was 3.88, i.e., 77.6%, suggesting that

most participants would consider recommending the system. Ten participants gave the

highest rating of 5, while 7 rated it at 4 (Figure 6.10). The lower ratings were fewer,

with 1 participant rating it at 1 and 3 participants at 2, showing that while the system

was generally well-received, there is still room for improvement in encouraging users

to recommend it more strongly.
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Figure 6.10. Participants’ likelihood of recommending the system to their peers.

1: Not likely at all, 5: Very likely

These results provide a comprehensive view of the system’s performance from

multiple perspectives, highlighting areas where it excelled and others where it could be

further refined. The high scores in transparency and efficiency suggest that the system

is user-friendly and clearly communicates its recommendations, while the moderate

satisfaction ratings indicate opportunities for enhancing user engagement and perceived

relevance.

6.1.6. Statistical Analysis of Survey Data

To gain deeper insights into the survey responses, I performed several statistical

analyses, beginning with the Shapiro-Wilk test [140] to assess the normality of the data.

The results indicated that the data did not follow a normal distribution, prompting

the use of non-parametric tests to analyze the variations in responses across different

participant groups. The following sections detail the tests conducted, along with the

key findings.
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Normality Test. The Shapiro-Wilk test was applied to the data from the six linear

scale questions. The null hypothesis (H0) of the Shapiro-Wilk test posits that the data

is normally distributed. However, with p-values less than 0.01 for all questions, the

null hypothesis was rejected at a 99% confidence level, indicating that the data is not

normally distributed. Consequently, non-parametric tests were deemed appropriate for

further analysis.

Group Comparisons. Given the non-normal distribution of the data, the Kruskal-Wallis

H test [141] was employed to examine differences in responses across groups based on

participants’ education level, employment status, and job experience. Participants

were categorized into relevant groups within each dimension to identify any significant

differences in their responses to the survey questions.

Participants were categorized into three groups for education level dimension:

those currently enrolled in a Bachelor’s degree program, those who have completed a

Bachelor’s degree, and those enrolled in or holding a Master’s degree. The Kruskal-

Wallis H test results for the education status dimension, as shown in Table 6.2, revealed

a significant difference in responses only for the Persuasiveness question (Q2), with a

p-value of 0.0234, indicating a 97% confidence level. This suggests that participants’

education level influenced how persuasive they found the course recommendations. For

the other questions—Effectiveness, Transparency, Efficiency, Serendipity, Satisfaction

(Likelihood to Use), and Satisfaction (Likelihood to Recommend)—no significant dif-

ferences were observed between the groups, with p-values above 0.05 threshold.
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Table 6.2. Kruskal-Wallis H test results for the education level dimension.

Question Statistic p-value Result Confidence L.

Effectiveness (Q1) 5.9859 0.0501 No significant difference 95%

Persuasiveness (Q2) 7.5095 0.0234 Significant difference 97%

Transparency (Q3) 0.7399 0.6908 No significant difference 95%

Efficiency (Q4) 0.2962 0.8623 No significant difference 95%

Serendipity (Q5) 1.2959 0.5231 No significant difference 95%

Satisfaction

(Likelihood to Use, Q6)
5.5652 0.0619 No significant difference 95%

Satisfaction

(Likelihood to Rec., Q7)
4.5680 0.1019 No significant difference 95%

For employment status, participants were divided into four groups: Unemployed,

Studying, Working, and Studying and Working. The Kruskal-Wallis H test results for

employment status, as summarized in Table 6.3, no significant differences were found

in any of the questions, with p-values consistently above the 0.05 threshold. This

uniformity in responses suggests that the system’s performance, as perceived by the

participants, is robust across different employment contexts, whether the users are

unemployed, studying, working, or balancing both study and work.

Table 6.3. Kruskal-Wallis H test results for the employment status dimension. Values

highlighted in yellow indicate statistically significant differences.

Question Statistic p-value Result Confidence L.

Effectiveness (Q1) 4.3278 0.2282 No significant difference 95%

Persuasiveness (Q2) 7.4516 0.0588 No significant difference 95%

Transparency (Q3) 0.6765 0.8787 No significant difference 95%

Efficiency (Q4) 1.4296 0.6986 No significant difference 95%

Serendipity (Q5) 3.1209 0.3734 No significant difference 95%

Satisfaction

(Likelihood to Use, Q6)
3.8654 0.2764 No significant difference 95%

Satisfaction

(Likelihood to Rec., Q7)
5.5944 0.1331 No significant difference 95%
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For job experience, participants were divided into four groups: having no job

experience, 1 or less than 1 year of experience, 2 to 4 years of experience, and 5

or more years of experience. The Kruskal-Wallis H test results for job experience,

as summarized in Table 6.4, a significant difference was observed in the Persuasive-

ness question (Q2), with a p-value of 0.0128, suggesting that participants’ level of

professional experience influences how persuasive they found the system’s course rec-

ommendations. However, for other questions—Effectiveness, Transparency, Efficiency,

Serendipity, and both Satisfaction—no significant differences were detected, indicating

a consistent perception of the system’s effectiveness and usability across varying levels

of job experience.

Table 6.4. Kruskal-Wallis H test results for the job experience dimension. Values

highlighted in yellow indicate statistically significant differences.

Question Statistic p-value Result Confidence L.

Effectiveness (Q1) 4.5163 0.2108 No significant difference 95%

Persuasiveness (Q2) 10.8046 0.0128 Significant difference 98%

Transparency (Q3) 0.7399 0.8638 No significant difference 95%

Efficiency (Q4) 1.0222 0.7959 No significant difference 95%

Serendipity (Q5) 2.5714 0.4625 No significant difference 95%

Satisfaction

(Likelihood to Use, Q6)
6.1253 0.1057 No significant difference 95%

Satisfaction

(Likelihood to Rec., Q7)
6.0869 0.1075 No significant difference 95%

These findings suggest that the XCRS provides a generally consistent user expe-

rience across diverse educational backgrounds, employment statuses, and levels of job

experience. The significant differences found in the Persuasiveness dimension indicate

that factors such as education and job experience may play a role in how users perceive

the recommendations’ ability to influence their decisions.
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Friedman Test. To further investigate whether there were any significant differences

in how participants rated various aspects of the XCRS, a Friedman test [142] was

conducted. The Friedman test is a non-parametric test used to detect differences in re-

sponses across multiple related groups, making it suitable for evaluating the consistency

of participants’ ratings across the different questions used to assess the system.

The Friedman test was applied to the responses to all the questions that evaluated

the system, which included aspects such as effectiveness, satisfaction, persuasiveness,

transparency, efficiency, and serendipity. The null hypothesis (H0) for the Friedman

test posits that there is no significant difference between the responses to the different

questions. The results of the test yielded a statistic of 27.9194 with a p-value of

0.0000377. This p-value is well below the conventional significance threshold of 0.05,

leading to the rejection of the null hypothesis at a 99% confidence level. This finding

indicates that there is a significant difference in how participants rated the various

aspects of the system.

6.2. Expert Judgment Study

To further evaluate the XCRS, an expert judgment study was conducted involving

three distinguished professionals with diverse backgrounds and expertise. The experts

included:

• An academic specializing in LLMs and active in the education sector.

• An academic whose research focuses on Recommender Systems.

• A senior manager in the telecommunication sector with extensive experience men-

toring IT professionals and a deep understanding of the industry’s workforce

needs.

These experts were selected for their ability to evaluate the system from different

perspectives, ensuring a comprehensive assessment of the XCRS. Each expert’s unique

viewpoint allowed the system to be examined through a multidisciplinary lens.
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6.2.1. Study Design and Method

The expert judgment study was designed to parallel the user study but with the

added depth and rigor appropriate for professionals with advanced knowledge in their

respective fields. Three distinct personas were created, each representing a different

background within the IT field. Figures containing knowledge unit information for

each persona are shown in Figure 6.11.

(a) (b)

(c)

Figure 6.11. Personas used in the expert judgment study: (a) computer science

student, (b) graphic design graduate, and (c) computer engineering graduate.
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These personas were carefully crafted by analyzing relevant undergraduate pro-

grams to ensure their knowledge and backgrounds were realistic, albeit fictional. The

experts were provided with detailed information about each persona’s mastered con-

cepts, neutral concepts, disliked concepts, and areas of curiosity.

The expert judgment study began by providing personas to the XCRS, which

then generated role and course recommendations using five different LLMs. The ex-

perts were tasked with thoroughly reviewing these recommendations and evaluating

the system based on various criteria, including relevance, accuracy, quality of expla-

nations, and overall effectiveness. The evaluation aimed to capture both quantitative

and qualitative insights, with the experts offering their professional judgment on the

system’s performance across the different personas.

The core of the expert evaluation focused on several key dimensions to assess the

system’s performance and the quality of its recommendations:

(i) Model Satisfaction: Similar to the user study, experts were asked to identify

which model’s recommendations they were most satisfied with for each persona.

Additionally, they were asked to select the models they found most reliable over-

all, offering insights into the comparative performance of the different LLMs used

in the system.

(ii) Relevance and Accuracy of Recommendations: Experts were asked to evaluate

how relevant and accurate they found the recommended roles and courses for each

persona, considering both the personas’ known concepts and completed courses,

as well as their background and interests. This dimension aimed to determine the

system’s effectiveness in aligning recommendations with the persona’s knowledge

and career goals.

(iii) Clarity and Quality of Explanations: Experts assessed the clarity and under-

standability of the explanations provided for the recommended roles and courses.

This evaluation was crucial in determining whether the system could effectively

communicate the rationale behind its recommendations to users.
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(iv) Overall Effectiveness: The experts were also asked to rate the overall effectiveness

of the system in recommending suitable roles and courses for each persona. This

dimension provided insights into the system’s ability to deliver comprehensive

and relevant recommendations that align with users’ professional development

needs.

(v) Qualitative Feedback and Suggestions: Beyond the quantitative ratings, experts

were invited to provide qualitative feedback on the system’s performance. This

included detailed observations on the relevance and accuracy of recommenda-

tions, the quality of explanations, and suggestions for improving the system. The

experts also compared the XCRS with other recommendation systems they had

used or evaluated, offering valuable perspectives for future enhancements.

The combination of quantitative assessments and qualitative feedback provided a

thorough evaluation of the XCRS, highlighting both its strengths and areas for potential

improvement. The insights gathered from this expert judgment study are crucial for

refining the system to better meet the needs of users with diverse backgrounds and

expertise. To provide a clear understanding of the specific areas evaluated, the survey

questions used in this expert judgment study are detailed in Appendix B.

6.2.2. Results

The expert judgment study aimed to evaluate the performance of the XCRS

across different personas by utilizing the expertise of professionals with deep knowl-

edge in LLMs, Recommender Systems, and IT industry practices. The study focused

on the satisfaction levels of the experts with the recommendations provided by five dis-

tinct models, as well as their overall assessments of the system’s relevance, accuracy,

explanatory quality, and overall effectiveness.

Model Satisfaction. Similar to the user study, the experts in the judgment study

evaluated the recommendations generated by five models. The models used were the

same as in the User Study: text-embedding-004 by Google, voyage-large-2 by VoyageAI,
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text-embedding-3-large by OpenAI, mistral-embed by MistralAI, and embed-english-

v3.0 by Cohere. The models were labeled as Model 1 through Model 5 during the

study to prevent any bias, but the actual model names are used here for reporting the

results.

Table 6.5 presents the model preferences of the three experts for each persona,

based on the question: Which model’s recommendations were you most satisfied with

for the persona? For the junior-level computer science student persona (Persona A),

two experts preferred the recommendations generated by text-embedding-3-large by

OpenAI (Model 3), while one expert favored mistral-embed by MistralAI (Model 4).

For the graphic design graduate persona (Persona B), the experts were divided, with

one expert each preferring the recommendations of voyage-large-2 by VoyageAI (Model

2), text-embedding-3-large by OpenAI (Model 3), and embed-english-v3.0 by Cohere

(Model 5). Similarly, for the computer engineering graduate persona (Persona C),

preferences were again varied, with one expert each selecting text-embedding-004 by

Google (Model 1), text-embedding-3-large by OpenAI (Model 3), and mistral-embed

by MistralAI (Model 4).

Table 6.5. Model preferences of the three experts for each persona, displaying the

selected models for Persona A, B, and C.

Model 1: text-embedding-004 (Google) Model 2: voyage-large-2 (VoyageAI)

Model 3: text-embedding-3-large (OpenAI) Model 4: mistral-embed (MistralAI)

Model 5: embed-english-v3.0 (Cohere)

Computer

Science

Student

Graphic

Design

Student

Computer

Engineering

Graduate

Expert 1 Model 3 Model 3 Model 3

Expert 2 Model 4 Model 5 Model 1

Expert 3 Model 3 Model 2 Model 4
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In addition to evaluating models for each persona, the experts were asked to

select up to two models they were most satisfied with overall. The results of this

question are visualized in Figure 6.12, which shows the distribution of model selections

by experts. The figure highlights a clear preference for text-embedding-004 by Google

(Model 1) and mistral-embed by MistralAI (Model 4), each receiving two votes, while

text-embedding-3-large by OpenAI (Model 3) received one vote. These results suggest

that while individual personas may lead to varied model preferences, overall satisfaction

tends to cluster around certain models.

Figure 6.12. Distribution of model selections by experts, showing the total number of

selections for each model across all personas.

The following analysis delves into the system’s performance in its most refined

form, focusing on the results produced by the best-performing LLM. Expert evaluations

were based on key aspects such as relevance, accuracy, quality of explanations, and

overall effectiveness of the recommendations. The experts provided ratings for seven

quantitative questions using a Likert scale [143] (from 1 to 5), assessing the system’s

ability to generate suitable roles and courses for three distinct personas. These ratings,
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presented in Table 6.6, offer a numerical summary of the system’s performance across

these key dimensions, providing valuable insights into how well the recommendations

align with the personas’ needs.

Table 6.6. Expert ratings on evaluation dimensions.

Dimension

Expert 1 Expert 2 Expert 3 Average

for each

dimension

Scale Personas

1 ... ... 5 A B C A B C A B C

Relevance - Role Not relevant Very relevant 2 2 5 5 3 5 4 3 5 3.78

Relevance - Course Not relevant Very relevant 3 2 5 4 4 4 4 4 5 3.89

Accuracy - Role Not accurate Very accurate 5 3 4 5 3 5 4 3 5 4.11

Accuracy - Course Not accurate Very accurate 5 4 4 4 4 4 5 4 5 4.33

Quality of Explanations

- Role

Not clear and

understandable

Very clear and

understandable
5 5 3 4 2 5 5 4 5 4.22

Quality of Explanations

- Course

Not clear and

understandable

Very clear and

understandable
5 5 4 5 4 5 5 4 5 4.67

Overall Effectiveness Not effective Very effective 5 3 5 5 4 5 4 4 5 4.44

Average for experts’ ratings for persona 4.29 3.43 4.29 4.57 3.43 4.71 4.43 3.71 5
4.21

Average for experts’ ratings 4 4.24 4.38

Relevance. Q1-Q2) How relevant do you find the recommended roles/courses for the

persona’s knowledge, considering only known concepts and completed courses, excluding

personal interests?

The experts found the relevance of the recommended roles for the personas’ knowl-

edge to be generally high, with an average rating of 3.78 out of 5 (75.56%). The ma-

jority of ratings were concentrated in the higher end, with four ratings of 5, indicating

strong alignment with the personas’ knowledge. The relevance of the recommended

courses was rated slightly higher, with an average of 3.89 out of 5 (77.78%). This sug-

gests that the system was particularly effective in recommending courses that matched

the personas’ known concepts and completed courses (Figure 6.13).
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Figure 6.13. Experts’ ratings on the relevance of role and course recommendations.

1: Not relevant at all, 5: Very relevant

Accuracy. Q3-Q4) How accurate do you find the recommended roles/courses for the

persona when considering both their background and interests?

When considering both the personas’ backgrounds and interests, the accuracy

of the recommended roles received an average rating of 4.11 out of 5 (82.22%). The

experts consistently rated this aspect highly, with four ratings of 5 and no ratings

below 3, indicating strong confidence in the system’s ability to match roles with the

personas’ profiles. The accuracy of the recommended courses was rated even higher,

with an average of 4.33 out of 5 (86.67%). This reflects the system’s effectiveness in

integrating both background knowledge and interests into the course recommendations,

ensuring that they are not only relevant but also well-suited to the personas’ career

aspirations (Figure 6.14).
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Figure 6.14. Experts’ ratings on the accuracy of role and course recommendations.

1: Not accurate at all, 5: Very accurate

Quality of Explanations. Q5-Q6) How clear and understandable are the explanations

provided for the recommended roles/courses for the persona?

The clarity of the explanations provided for the recommended roles was also

evaluated positively, with an average rating of 4.22 out of 5 (84.4%). The experts

appreciated the system’s ability to clearly communicate the reasoning behind the role

recommendations, which is crucial for building user trust and understanding. The

explanations for the recommended courses were rated even higher, with an average of

4.67 out of 5 (93.33%), indicating that the system was highly effective in making the

course recommendations easy to understand and actionable (Figure 6.15).
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Figure 6.15. Experts’ ratings on the quality of explanations for the role and course

recommendations.

1: Not clear and understandable at all, 5: Very clear and understandable

Overall Effectiveness. Q7) How effective do you find the system overall in recommend-

ing suitable roles and courses for the persona?

Finally, the overall effectiveness of the system in recommending suitable roles

and courses for the personas received an average rating of 4.44 out of 5 (88.89%).

This high rating underscores the system’s capability to deliver comprehensive and

relevant recommendations that align with the users’ professional development needs

(Figure 6.16).
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Figure 6.16. Experts’ ratings on the system’s overall effectiveness.

1: Not effective at all, 5: Very effective

These results demonstrate that the XCRS performs exceptionally well in deliver-

ing relevant, accurate, and clear recommendations, particularly in the context of course

recommendations. The system’s ability to integrate and articulate the relationship be-

tween the user’s background, interests, and the recommended roles and courses is a

key strength, as evidenced by the high ratings across multiple dimensions. The fig-

ures accompanying this section further illustrate the distribution of expert responses,

highlighting the system’s strengths in these critical areas.

6.2.3. Qualitative Feedback and Suggestions

The qualitative feedback provided by the experts offered valuable insights into

the strengths and areas for improvement of the XCRS. The experts evaluated the

system’s performance based on the relevance and accuracy of the recommendations, the

quality of the explanations, and the overall effectiveness. Their feedback also included

suggestions for enhancing the system and reflections on the models’ reliability.
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The experts generally found the recommendations to be relevant and accurate,

although the effectiveness varied depending on the persona and the balance between

background and interests. Expert 1 noted that for Persona A and Persona B, the

recommendations were less relevant when personal interests were excluded, particularly

highlighting Model-3 for its ability to incorporate interests effectively. However, for

Persona C, which had a more diverse background, the system made recommendations

that were closely aligned with the persona’s educational history, resulting in higher

relevance but slightly lower accuracy when interests were considered less.

Expert 2 provided a more critical view, noting that the recommendations for

Persona C were particularly well-suited but pointed out that some course recommen-

dations, such as SSL, seemed unexpected and less relevant. Expert 3 also praised

the system’s performance for Persona C but highlighted that Persona B, with a back-

ground less aligned with computer science, received less relevant and somewhat forced

recommendations. This expert suggested that the system should consider not making

recommendations when the user’s profile does not closely align with the available career

roles or at least acknowledge when a recommendation is weaker.

The experts generally agreed that the explanations provided by the system were

clear and sufficient, particularly for Persona A and Persona B. Expert 1 mentioned that

while the explanations for Persona C were slightly weaker, they were still understand-

able. Expert 2 observed that the quality of explanations tended to correlate with the

quality of the recommendations themselves—when the recommendations were strong,

the explanations were strong as well, but when the recommendations were less fitting,

the explanations felt forced. Expert 3 echoed this sentiment, confirming that the ex-

planations were adequate and clear, making it evident why certain roles or courses were

recommended.

In terms of overall effectiveness, Expert 1 suggested that the system was generally

effective, especially for Persona A and Persona C, but noted a gap in the recommen-

dations for Persona B, where expected roles such as UX Designer or Game Developer
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were missing. Expert 2 highlighted that at least one of the five models consistently

provided good recommendations, affirming the system’s effectiveness. Expert 3 offered

a broader perspective, suggesting that the system could be even more effective if it

incorporated a mechanism to express confidence in its recommendations, potentially

refraining from making recommendations when confidence is low.

The experts provided several constructive suggestions to enhance the system:

(i) Balancing Background and Interests: Expert 1 recommended adjusting the bal-

ance between background and interests in the recommendation algorithm, sug-

gesting a 60% background and 40% interest split. They also proposed a dynamic

approach where the system could shift the balance based on whether the user’s

interests align with their background, potentially offering feedback if the system

detects a misalignment.

(ii) Course Recommendation Criteria: Expert 2 emphasized the need to prioritize

courses with broader coverage of relevant concepts, potentially integrating addi-

tional input from the user to clarify whether they prefer recommendations based

on their background or their interests. They also suggested presenting the con-

cepts associated with each course recommendation to the user.

(iii) Diversity of Models: Expert 3 proposed retaining multiple LLMs in the final

system rather than relying on a single “best” model. By allowing users to re-

ceive recommendations from 2-3 models, the system could provide more diverse

options, thereby enhancing user satisfaction and the perceived value of the rec-

ommendations.

When asked to compare the XCRS with other recommendation systems, the ex-

perts generally noted the novelty and effectiveness of the XCRS. Expert 2 suggested

that the system might offer distinct advantages over existing platforms like Udemy,

particularly in its approach to integrating content and providing personalized recom-

mendations. While the other experts did not have direct comparisons to other systems,

they recognized the potential of the XCRS to set a new standard in educational and
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career recommendation systems.

In terms of model reliability, Model-3 (text-embedding-3-large by OpenAI)

emerged as a strong performer, particularly for Persona A, with Expert 1 explicitly

stating that it provided the most relevant and accurate recommendations. Experts 2

and 3 identified Model-1 (text-embedding-004 by Google) and Model-4 (mistral-embed

by MistralAI) as reliable across different personas, with Model-3 also performing well in

specific cases. However, Model-5 (embed-english-v3.0 by Cohere) was criticized for its

weaker performance, particularly when it recommended roles that seemed inconsistent

with the persona’s background.



87

7. DISCUSSION

This chapter presents a comprehensive analysis of the evaluation findings for

the XCRS, aiming to elucidate the system’s capabilities, limitations, and areas for

enhancement. By synthesizing results from both a user study and an expert judgment

study, the discussion delves into the system’s performance in generating course and

career role recommendations based on large language model (LLM) embeddings. The

discussion reflects on key themes, including user experience, model efficacy, and expert

insights, situating these findings within the broader context of explainable AI systems

in educational and career recommendation domains.

The evaluation results underscore XCRS’s strengths, particularly in terms of

transparency, usability, and relevance of recommendations. The user study, involving

participants from various IT-related backgrounds, reveals that the system’s design

effectively supports users in navigating the recommendations and comprehending the

accompanying explanations. High satisfaction ratings for transparency (89.6%) and

efficiency (88.8%) highlight the system’s success in not only conveying the rationale

behind its recommendations but also providing an intuitive interface that aligns with

user expectations.

Parallel insights emerged from the expert judgment study, which provided an

in-depth critique from domain experts in education, recommender systems, and in-

dustry practice. The expert evaluations affirmed the system’s ability to generate rec-

ommendations that are both relevant and accurate, particularly within the context

of course recommendations. Experts noted that XCRS effectively integrates users’

educational backgrounds and interests, thereby facilitating precise and personalized

guidance. Moreover, the experts commended the system’s explanation clarity, which

enhances the interpretability and transparency of the recommendations, contributing

to the overall perceived effectiveness of XCRS.
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The user study results provided a multifaceted evaluation of the recommendations

generated for both career roles and courses. Across key dimensions—effectiveness, per-

suasiveness, transparency, efficiency, serendipity, and satisfaction—the XCRS received

generally positive feedback.

In terms of effectiveness, participants rated the relevance of the recommenda-

tions highly (80%), indicating that the system’s LLM embeddings effectively aligned

with their backgrounds and interests. Persuasiveness was similarly strong (76%), sug-

gesting that the recommendations were compelling enough for users to consider new

courses or career roles. These results highlight the system’s potential to influence users’

educational and career pathways.

Transparency, as previously noted, was a standout aspect of XCRS, with par-

ticipants finding the explanations clear and comprehensive, contributing to a higher

level of trust and engagement. The user interface was well received, as reflected in the

high efficiency ratings, supporting seamless navigation through the recommendation

process. The system also demonstrated strong serendipity (84%), guiding users toward

exploring new and diverse courses outside their usual preferences.

Satisfaction levels varied, with a 69.6% likelihood of future use and a 77.6%

likelihood of recommending the system to others. While these ratings suggest general

contentment, the moderate score for personal use indicates room for further refinement

to enhance engagement and perceived relevance.

To further clarify, this thesis used several evaluation dimensions from [28], which

are effectiveness, persuasiveness, transparency, efficiency, and satisfaction, to assess

XCRS. While these dimensions primarily focus on explanations in recommender sys-

tems, our evaluation expands to include the system’s overall functionality. For example,

effectiveness in [28] refers to decision-making support, but in our study, it measures

the perceived relevance of the recommendations, thereby indirectly supporting decision-

making. Similarly, efficiency in [28] relates to decision speed, whereas by asking about
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the ease of use in our study, we are indirectly measuring how quickly users can make

decisions with the system.

The statistical tests applied in the user study—Shapiro-Wilk, Kruskal-Wallis H,

and Friedman tests—validated the robustness of the XCRS evaluation. The Shapiro-

Wilk test’s confirmation of non-normality justified the use of non-parametric tests,

ensuring that the analysis aligned with the data’s characteristics. The Kruskal-Wallis

H test revealed that while user demographics such as education level and job expe-

rience influenced perceptions of persuasiveness, other dimensions, like transparency

and efficiency, were perceived consistently across diverse groups. This highlights both

the system’s broad applicability and the need for targeted improvements in persuasive

capability.

The Friedman test’s identification of significant differences across user perceptions

of various system dimensions emphasizes the need to balance the overall user experi-

ence. While transparency and efficiency received high praise, focusing on enhancing

satisfaction and persuasiveness could lead to increased engagement and likelihood of

use. These insights underscore how statistical analyses can guide targeted refinements

in recommendation systems like XCRS to address diverse user needs more effectively.

Insights from the expert judgment study largely corroborate the findings of the

user study, offering a complementary perspective that reinforces the key strengths of

the XCRS. The experts, representing a range of relevant fields, evaluated the rec-

ommendations across multiple personas, focusing on relevance, accuracy, explanation

quality, and overall effectiveness. These evaluations are consistent with user feedback,

particularly in the high ratings for transparency and the system’s ability to provide

accurate and contextually relevant recommendations. Both studies noted that course

recommendations, in particular, were highly aligned with user needs, indicating the ro-

bustness of XCRS in understanding and mapping user knowledge units to appropriate

educational pathways.
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The qualitative feedback from the experts underscores the importance of refining

the balance between background knowledge and personal interests in the recommen-

dation process. While the system generally performed well, especially in providing

clear explanations and effective recommendations for users with strong alignments to

the computer science domain, it faced challenges when dealing with less traditional

profiles. The experts’ suggestions for improvement, particularly in course selection cri-

teria and the diversity of models, offer valuable guidance for enhancing the XCRS. By

addressing these areas, the system can improve its ability to cater to a broader range

of users and provide more personalized and confident recommendations.

Prior work [36] emphasizes the growing role of LLMs in enhancing the personal-

ization of recommendation systems. Another study [144] underlines that LLMs intro-

duce new opportunities for recommendation systems by offering zero-shot and few-shot

recommendation capabilities. Due to their nature, they are a probable solution to cold-

start problems in recommendation systems. These models are capable of generalizing to

unseen candidates because of their extensive pre-training on factual knowledge, domain

expertise, and common-sense reasoning, allowing them to make accurate recommenda-

tions even for items or users they haven’t encountered before [36]. The XCRS builds

on this paradigm by successfully leveraging LLM embeddings to offer top-k recommen-

dations, coupled with explanations that are accessible and meaningful to end-users.

According to the categorization of existing literature, XCRS fits into multiple frame-

works: it aligns with the ‘LLM Embeddings + Recommendation Systems’ model as

described by Wu et al. [36], where LLMs are used to extract features for traditional

models; it also corresponds to Zhao et al.’s [37] category of ‘LLMs act as a recom-

mender,’ where LLMs directly perform recommendation functions; and it fits into the

‘LLMs for list-wise recommendations’ framework defined by Chen et al. [38], enhancing

ranking and feature engineering within traditional recommendation systems.

Furthermore, explainable recommendation systems, as examined by Wang et

al. [39, 41], Chen et al. [40], and others, have been shown to enhance user trust and

engagement through clear explanations that highlight the alignment between user pref-
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erences and recommended items. The strong user and expert responses to the trans-

parency of XCRS resonate with these findings, underscoring the importance of expla-

nation quality in fostering an informed and satisfactory user experience.

The comparative analysis of LLMs within XCRS revealed distinct user and expert

preferences, indicating that different models excel in various recommendation contexts.

For instance, mistral-embed by MistralAI performed best for course recommendations,

while voyage-large-2 by VoyageAI excelled in career role recommendations. This sug-

gests that while each model performs well in specific scenarios, there is no single model

that universally outperforms others across all recommendation types.

Interestingly, user satisfaction did not always align perfectly with usefulness

scores. text-embedding-004 by Google, despite not having the top rating for usefulness

in either career or course recommendations, was the model with which users reported

the highest overall satisfaction. This divergence highlights the importance of consid-

ering both objective metrics (e.g., accuracy, relevance) and subjective user preferences

(e.g., satisfaction, perceived clarity) when evaluating recommendation models. Expert

feedback mirrored these findings, showing varied model preferences across different per-

sonas. While text-embedding-3-large by OpenAI received consistent recognition for its

relevance in particular scenarios, mistral-embed by MistralAI and text-embedding-004

by Google were highlighted as reliable performers across multiple contexts. This dis-

tribution of preferences across both user and expert evaluations underscores the value

of model diversity within XCRS, suggesting that providing users with access to recom-

mendations from multiple models may enhance the overall experience by catering to

varied needs and preferences.

7.1. Comparative Analysis with the Related Work

When comparing XCRS to other recommendation systems summarized in Ta-

ble 3.1, several key differentiators emerge, particularly in its approach to explainability

and the use of LLM embeddings. While many systems, such as those developed by Vo
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et al. [7] and Striebel et al. [88], apply knowledge graphs (KGs), collaborative filtering,

and data mining techniques, XCRS uniquely leverages LLM embeddings to provide

transparent and contextually rich explanations for both career role and course recom-

mendations. This approach enables a more flexible, user-specific alignment of educa-

tional background and interests compared to template-based explanations or KG-based

recommendations.

Other systems, such as those by Jiang et al. [91], and Frej et al. [62], use reinforce-

ment learning to enhance recommendation precision and align skills with market needs.

Although XCRS does not directly focus on market demand alignment, it provides di-

verse recommendations that balance user interests and educational profiles through

LLMs, broadening its relevance to both career guidance and academic development.

Recommendation models like those presented by Abu-Rasheed et al. [100], and

Zylowski et al. [106] employ LLMs within conversational interfaces, aiming to enhance

user experience through dialogue. However, XCRS’s distinction lies in offering recom-

mendations from multiple top LLMs, allowing users to compare results across different

models and offering a more varied and flexible recommendation experience, rather than

being limited to a single model’s conversational outputs.

XCRS also stands out in its ability to provide comprehensive, explainable rec-

ommendations that cater to both education and career contexts, unlike more domain-

specific systems such as the one proposed by Yang et al. [101] (focused on talent train-

ing) or Chau [104] (aligning courses to career activities). By leveraging multiple LLMs,

XCRS aims to enhance both the accuracy and the perceived relevance of its recom-

mendations, offering a balance between the exploration of new pathways (serendipity)

and relevance to user profiles.

In contrast to the model proposed by Wang et al. [107], which uses Bayesian vari-

ational networks for employee training recommendations, XCRS’s multi-model LLM

approach provides explainability directly tied to user inputs in educational and career
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trajectories, ensuring transparency and personalized guidance without a heavy reliance

on predefined competency graphs or domain-specific knowledge.

Overall, while the systems in Table 3.1 showcase various strengths—ranging from

market-oriented skill alignment to conversational explanations—XCRS differentiates

itself by combining LLM embeddings with explainable recommendations across diverse

educational and career roles. Its emphasis on user-centered explanations, coupled with

access to multiple LLMs, offers a robust and transparent recommendation experience

that can cater to varied user preferences and needs, situating it effectively within the

evolving field of explainable AI-driven recommendation systems.

7.2. Scope and Limitations

The scope of XCRS focuses on providing course and career role recommendations

primarily within the IT domain. This design choice was made to address the needs

of a clearly defined target audience, including students and professionals in computer

science, engineering, and related disciplines. All courses, roadmap data, and the appli-

cation interface are in English, which allows for standardized content processing but

may limit accessibility for non-English speakers. While this scope allows for a more tai-

lored recommendation experience within a global IT audience, it also inherently limits

the applicability of the system to users outside the IT field. Consequently, the sys-

tem’s performance and insights drawn from evaluations may not generalize to broader

educational or career contexts, such as humanities, social sciences, or other domains.

One significant limitation of the system lies in the number of career roles covered

and the reliance on community-created roadmaps. The career paths and steps in the

roadmaps are largely user-generated, which can result in varying levels of accuracy

and comprehensibility. Some roadmaps may not fully capture the current demands of

certain roles or may contain steps that are unclear or potentially misleading to users.

However, the open-source and community-supported nature of these roadmaps offers

a unique advantage: as users contribute their experiences and knowledge, the content
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continuously evolves and improves, much like other collaborative platforms. As a

result, XCRS is expected to improve over time in tandem with the roadmap.sh project,

benefiting from the ongoing refinement and enhancement of these career roadmaps.

From a technical perspective, while the system provides transparent explanations

for recommendations, the current framework for explainability could be further refined

to better cater to users with varying levels of domain knowledge. Additionally, the

selection of LLMs within XCRS was guided by factors such as availability, computa-

tional efficiency, and the provision of APIs to generate embeddings. The embedding

models used in XCRS are from some of the most prominent companies in the LLM

field. However, this selection does not encompass all available models, and other mod-

els not included in this study might offer different recommendation quality or better

alignment with diverse user needs. Future work could explore additional models to

enhance recommendation performance and user satisfaction.

7.3. Threats to Validity

In evaluating the XCRS, several threats to validity must be considered to ensure

that the findings are reliable, meaningful, and generalizable. To identify and categorize

these threats, I followed the definitions provided by Wohlin et al [145]. This section

addresses potential biases and limitations that could affect the integrity of the study’s

results. Where possible, strategies implemented to mitigate these threats are discussed,

highlighting the steps taken to enhance the validity and robustness of the evaluation.

Internal Validity. The internal validity of this evaluation may be influenced by partic-

ipants’ familiarity with recommendation systems and their previous experiences with

educational platforms. Such background knowledge could shape perceptions of XCRS’s

effectiveness and usability, introducing potential biases in survey responses. For in-

stance, users with more experience using recommendation systems might possess dif-

ferent expectations or biases compared to those unfamiliar with similar tools. To miti-

gate this, a protocol was established to ensure consistent conditions for all participants
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in both the user and expert judgment studies. I was present throughout the entire

study, either face-to-face or online, to explain the system and address any questions

according to the protocol. This ensured that all participants received the same level of

information about the system and its usage, minimizing disparities in understanding.

Additionally, although the language of the user study and expert judgment study

was English, the native language of all participants was not English, posing a potential

threat to internal validity. However, all participants had graduated from universities

where the language of instruction was English, and their education levels were sufficient

to mitigate any significant comprehension issues during the evaluation process.

External Validity. The external validity of the study is limited by its focus on users

primarily within the IT sector, which might constrain the generalizability of the results

to other fields or populations. Participants were students and professionals in computer

engineering and related disciplines, whose engagement with the recommendations may

differ from users in non-technical fields. To address this limitation, efforts were made to

include participants with varying educational backgrounds and professional experience

within the IT domain, enhancing the representativeness of the feedback within this

scope. However, to further strengthen external validity, future studies should aim to

include participants from a broader range of fields, such as the humanities or social

sciences. This would provide a more comprehensive assessment of XCRS’s applicability

across diverse user contexts.

Additionally, the roadmap data used in the XCRS was sourced from a community-

contributed GitHub project, which presents another challenge to external validity.

Since the data is crowd-sourced, its alignment with real-world career development needs

may not always be precise. Nonetheless, the roadmap project chosen is one of the most

highly regarded resources on GitHub, ranked as the 7th most-starred project out of

28 million, which lends credibility to its use. Its active community and widespread

adoption help mitigate some concerns, though future iterations of XCRS could benefit

from using more rigorously validated data sources to further improve the accuracy and
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reliability of the recommendations.

Construct Validity. Construct validity is concerned with the alignment of evaluation

metrics to the key constructs of interest, such as effectiveness, transparency, persua-

siveness, satisfaction, and efficiency. While these metrics were carefully chosen to

capture essential aspects of user experience, they may not fully encompass all factors

influencing participants’ decision-making in career and course selection. Additionally,

experimenter expectancy could threaten construct validity by unintentionally shaping

participant responses. To mitigate this, the consistent use of a protocol minimized

unintentional communication, ensuring that participants did not receive cues or guid-

ance that could influence their perceptions. Furthermore, open-ended questions in the

survey allowed for qualitative feedback, providing richer insights into the user experi-

ence and uncovering additional factors that structured metrics may not have captured.

This strategy supported construct validity by broadening the range of responses and

maintaining neutrality throughout the feedback process.

Conclusion Validity. Conclusion validity concerns the degree to which the study’s

findings accurately reflect the relationships being investigated and the soundness of

inferences drawn from the data. One potential threat arises from the limited statisti-

cal power of the study due to the relatively small number of participants, which may

reduce the ability to detect subtle but meaningful differences in user responses across

various dimensions. Additionally, while non-parametric tests like the Kruskal-Wallis

H and Friedman tests were appropriately used to account for the non-normal distri-

bution of survey data, their sensitivity might be limited when interpreting complex

user feedback. Moreover, variations in participant backgrounds and their subjective

interpretations of survey questions could introduce noise into the results, affecting the

precision of conclusions. To address these concerns, the study emphasized transparent

data analysis and careful interpretation of the statistical outcomes, recognizing the

limitations inherent in small sample sizes and diverse user experiences. Future work

can enhance conclusion validity by expanding the participant pool and refining survey

instruments to ensure more precise and consistent measurement of constructs.
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8. CONCLUSION

The research presented in this thesis introduced and evaluated the XCRS, a novel

framework designed to provide both career role and course recommendations tailored

to users in the IT sector. The system integrates state-of-the-art LLMs for embedding

generation and employs an explainable recommendation approach to enhance user trust

and understanding.

XCRS distinguishes itself by leveraging course data scraped from Udemy and

structured roadmaps from roadmap.sh, encompassing a diverse range of IT roles and

learning resources. This comprehensive dataset serves as a robust foundation for the

recommendation system. The core components of XCRS—course and roadmap data

collection, embedding generation, role recommendation, course recommendation, and

explanation generation—were designed to provide personalized recommendations tai-

lored to the user’s background, preferences, and future learning interests.

The use of five advanced LLMs—Google’s text-embedding-004, VoyageAI’s

voyage-large-2, OpenAI’s text-embedding-3-large, MistralAI’s mistral-embed, and Co-

here’s embed-english-v3.0—enabled a precise generation of embeddings for both user

inputs and knowledge units. Cosine similarity was employed as the metric to match

these embeddings effectively, providing accurate role and course recommendations. The

system’s explainability was achieved through a RAG approach, utilizing GPT-4o via

ChatGPT to enhance the clarity and relevance of explanations provided for both career

roles and courses.

The XCRS makes several key contributions to the field of educational and career

guidance, supported by significant data points:

Development of XCRS. A unique course and career role recommendation system was

developed specifically for the IT sector, utilizing LLM embeddings to ensure that rec-
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ommendations are not only relevant but also explainable. The system successfully

provides users with transparent justifications for both role and course suggestions, ad-

dressing a critical gap in current recommendation systems.

Evaluation of Multiple LLMs. Five different LLMs were employed to generate em-

beddings and subsequently evaluated for their performance in the role and course rec-

ommendations. The comparative analysis revealed that mistral-embed by MistralAI

demonstrated superior performance in course recommendations with a usefulness score

of 74.4%, while voyage-large-2 by VoyageAI was the top performer in career role rec-

ommendations, achieving a usefulness rating of 72.8%. Additionally, the model text-

embedding-004 by Google was noted for its user satisfaction, indicating the importance

of considering both usefulness and user preference when selecting an embedding model.

Creation of a Publicly Shared Dataset. The dataset created for this study was scraped

from Udemy and filtered to contain 453 courses across the categories of Development,

IT & Software, and Office Productivity. The original dataset of 8180 courses underwent

cleansing and elimination to ensure relevance and quality, which improved the precision

of the recommendations and contributed to the robustness of XCRS.

Comprehensive Evaluation through User and Expert Judgment Studies. A user study

with participants from diverse IT-related backgrounds demonstrated high satisfaction

levels in transparency (89.6%) and efficiency (88.8%), with effectiveness and persua-

siveness scoring 80% and 76%, respectively. The study also revealed that users found

the system serendipitous (84%) in guiding them toward new learning opportunities,

while satisfaction ratings indicated potential areas for improvement in user engage-

ment and likelihood to use (69.6%) and recommend (77.6%) the system. The expert

judgment study confirmed these findings, with experts highlighting the system’s accu-

racy, contextual relevance, and well-structured explanations. Feedback from domain

experts suggested further refinement in the course selection process and the diversi-

fication of models to improve recommendation relevance for non-traditional profiles.

The qualitative comments underscored the need to enhance the balance between back-
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ground knowledge and personal interests, ensuring that recommendations are not only

accurate but also aligned with diverse user profiles and goals.

Comparative performance of LLMs within XCRS was analyzed, revealing that

mistral-embed by MistralAI performed best for course recommendations, achieving a

usefulness score of 74.4%, while voyage-large-2 by VoyageAI was found most effective

for career role recommendations with a usefulness score of 72.8%. However, user sat-

isfaction highlighted text-embedding-004 by Google as a model preferred by users for

overall experience, reflecting the balance between objective metrics and subjective user

preferences in model performance.

In summary, the XCRS makes significant contributions to the field of educational

and career recommendations. Offering explainable, transparent, and personalized rec-

ommendations enhances user experience and provides insights into role and course

selection aligned with individual learning paths. The methodology and results indicate

the effectiveness of LLM embeddings in delivering relevant content, and the use of RAG

for generating contextually meaningful explanations adds value to the overall recom-

mendation process. The evaluation of XCRS, through both quantitative metrics and

qualitative feedback, underscores its potential to support users in navigating complex

educational and career landscapes, while also providing a foundation for future work

to refine and expand its capabilities.

8.1. Future Work and System Improvements

While the XCRS demonstrates strong performance and user satisfaction, several

areas present opportunities for future improvements and expansion. One area is the

expansion of the scope of recommendations. Currently, XCRS is focused on providing

suggestions for courses and roles within the IT sector based on specific roadmap struc-

tures. Broadening the system to encompass recommendations for other professional

domains and integrating a wider variety of knowledge sources would enhance its ap-

plicability to a more diverse range of user profiles. Additionally, refining the process
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for role and course matching by incorporating additional contextual data, such as skill

levels, current industry trends, or real-time job market demands, could improve the

accuracy and relevance of recommendations. This is particularly important for users

with less traditional career paths or those exploring emerging roles in the market.

Another avenue for enhancement involves user input categorization. The current

model categorizes input based on whether users enjoy, feel neutral about, dislike, or

are curious about specific concepts. Extending this framework to include additional

dimensions, such as preferred learning styles (e.g., hands-on or theory-based courses)

or available learning time, would enable even more precise and tailored recommenda-

tions. Furthermore, advancing explainability techniques remains a priority. While the

present use of RAG with GPT-4o produces clear and meaningful explanations, explor-

ing alternative methods like generating visual explanations or incorporating interactive

feedback mechanisms could further improve user trust and the comprehensibility of the

recommendations. Finally, conducting longitudinal user studies would provide valuable

insights into the system’s long-term impact. While the existing user and expert stud-

ies have yielded significant findings, observing how users’ learning journeys and career

paths evolve over extended periods based on the XCRS recommendations would deepen

our understanding of its effectiveness and influence in real-world applications.

In conclusion, the XCRS demonstrates significant potential in bridging the gap

between recommendation systems and explainability, offering users both actionable ca-

reer and course guidance and transparent, personalized explanations. Its contributions

to the IT educational field are reinforced by its robust dataset, comprehensive use

of LLM embeddings, and extensive evaluation through user and expert studies. The

findings from this work pave the way for future advancements in explainable AI and rec-

ommendation systems, fostering enhanced user trust, engagement, and empowerment

in learning and career development.
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APPENDIX A: USER STUDY SURVEY QUESTIONS

Demographic questions:

• What is your current education status and highest continuing education degree?

• Is the department you are studying/graduated at university computer engineer-

ing, computer science, or a similar department (management information systems,

electrical and electronics eng., industrial eng., mathematics, etc.)?

• Current employment status:

• Do you work in the IT sector?

• Year of job experience:

Model-related questions:

• How useful are Model 1’s recommendations regarding career roles?

• How useful are Model 1’s recommendations regarding courses?

• How useful are Model 1’s recommendations regarding career roles?

• How useful are Model 1’s recommendations regarding courses?

• How useful are Model 2’s recommendations regarding career roles?

• How useful are Model 2’s recommendations regarding courses?

• How useful are Model 3’s recommendations regarding career roles?

• How useful are Model 3’s recommendations regarding courses?

• How useful are Model 4’s recommendations regarding career roles?

• How useful are Model 4’s recommendations regarding courses?

• How useful are Model 5’s recommendations regarding career roles?

• How useful are Model 5’s recommendations regarding courses?

• Which model’s recommendations were you most satisfied with?

System performance evaluation questions:
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• How satisfied are you with the relevance of the role and course recommendations?

(Effectiveness)

• How likely are you to consider a course that was recommended to you? (Persua-

siveness)

• How easy do you find the explanations provided for the recommendations to

understand? (Transparency)

• How easy is it to navigate and use the system to get the recommendations you

need? (Efficiency)

• Do you feel that the system helps you explore courses outside of your usual

preferences? (Serendipity)

• How likely are you going to use the system to help with your career plan? (Sat-

isfaction - Likelihood to Use)

• How likely are you going to recommend the system to your peers? (Satisfaction

- Likelihood to Recommend)

• Considering the entire recommendation experience, is there anything you would

like to share?
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APPENDIX B: EXPERT JUDGMENT STUDY SURVEY

QUESTIONS

For each three persona:

• Which model’s recommendations were you most satisfied with for the persona?

• How relevant do you find the recommended roles for the persona’s knowledge,

considering only known concepts and completed courses, excluding personal in-

terests?

• How relevant do you find the recommended courses for the persona’s knowledge,

considering only known concepts and completed courses, excluding personal in-

terests?

• How accurate do you find the recommended roles for the persona when considering

both their background and interests?

• How accurate do you find the recommended courses for the persona when con-

sidering both their background and interests?

• How clear and understandable are the explanations provided for the recommended

roles for the persona?

• How clear and understandable are the explanations provided for the recommended

courses for the persona?

• How effective do you find the system overall in recommending suitable roles and

courses for the persona?

For the overall experience:

• Which models’ recommendations were you most satisfied with in overall? (up to

two models)

• Can you describe how relevant you find the recommended roles and courses for

the persona’s knowledge when considering only known concepts and completed

courses, and excluding personal interests?
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• In your opinion, how accurate are the recommended roles and courses for the

persona when considering both their background and interests? Please explain

your reasoning.

• How would you describe the quality of the explanations provided for the recom-

mended roles and courses for each persona? Are they clear and sufficient?

• How effective do you believe the system is in recommending suitable roles and

courses for each persona? Please provide specific examples or observations.

• What improvements would you suggest for enhancing the role and course recom-

mendation aspects of the system?

• How do the recommendations from our system compare with other recommenda-

tion systems you have used or evaluated?

• Do you think any particular model among the five provided more reliable recom-

mendations? If so, which one and why?


