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Massive Open Online Courses (MOOCs) offer vast academic resources like online 

course but also introduce challenges such as information overload, making it difficult 

for users to find relevant content. Recommendation Systems (RS) aim to address this 

issue by predicting user preferences and suggesting suitable courses. However, 

traditional RS methods, such as collaborative filtering, content-based, and hybrid 

approaches, face limitations including data sparsity, cold-start problems, and an 

inability to effectively leverage graph information within MOOCs. 

Graph-based models have been proposed to resolve these limitations, but they often 

struggle with sparsity issues, leading to biased recommendations, or generate graph 

noise due to improper contrasting pairs. Moreover, existing methods typically 

overlook the role of causal inference in user performance, which is crucial for 

providing personalized and meaningful recommendations in MOOCs. 
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To address these challenges, we propose the Hypergraph enhanced Causal 

Recommendation framework with Hyperbolic Graph Contrastive Networks (HGCR-

HGCN), which leverages hyperbolic graph contrastive networks to model user-user 

and concept-concept relationships more effectively. Our approach introduces 

hypergraph representations of user-concept interactions, employs both hyperbolic and 

Euclidean space views of graph structures, and optimizes recommendation accuracy 

through contrastive learning. Additionally, causal inference is incorporated to identify 

key factors influencing user performance. 

The framework is evaluated against state-of-the-art baselines using a large-scale 

MOOC dataset, demonstrating improvements in recommendation accuracy, diversity, 

and novelty. Our findings suggest that HGCR-HGCN offers a robust solution to the 

problems of data sparsity, biased recommendations, and user performance analysis in 

MOOCs. 

In summary, this research presents an innovative approach that combines hypergraph 

modeling, contrastive learning, and causal inference to deliver more accurate and 

personalized recommendations in MOOCs. 

Keywords: Recommendation Systems, Graph Contrastive Networks, Hyper-Graph 

Modeling, Causal Inference 
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Kursus Dalam Talian Terbuka Besar-besaran (MOOC) menawarkan sumber 

akademik yang luas seperti kursus dalam talian tetapi turut memperkenalkan cabaran 

seperti lambakan maklumat, menyukarkan pengguna untuk mencari kandungan yang 

relevan. Sistem Cadangan (RS) bertujuan untuk menangani isu ini dengan 

meramalkan keutamaan pengguna dan mencadangkan kursus yang sesuai. Walau 

bagaimanapun, kaedah RS tradisional, seperti penapisan kolaboratif, berasaskan 

kandungan, dan pendekatan hibrid, menghadapi had seperti kekurangan data, masalah 

permulaan sejuk, dan ketidakupayaan untuk memanfaatkan maklumat graf dengan 

berkesan dalam MOOCs. 

Model berasaskan graf telah dicadangkan untuk menyelesaikan had ini, tetapi sering 

menghadapi masalah kekurangan data, yang membawa kepada cadangan berat sebelah,  

atau menghasilkan bunyi  graf akibat pasangan kontras yang tidak sesuai. Selain itu, 

kaedah sedia ada biasanya mengabaikan peranan inferens sebab-akibat dalam prestasi 
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pengguna, yang penting untuk menyediakan cadangan yang diperibadikan dan 

bermakna dalam MOOCs. 

Untuk menangani cabaran ini, kami mencadangkan rangka kerja Cadangan Sebaban 

Diperkasakan Hypergraf dengan Rangkaian Kontrastif Graf Hiperbolik (HGCR-

HGCN), yang memanfaatkan rangkaian kontrastif graf hiperbolik untuk memodelkan 

hubungan pengguna-pengguna dan konsep-konsep dengan lebih berkesan. Pendekatan 

kami memperkenalkan perwakilan hypergraf interaksi pengguna-konsep, 

menggunakan pandangan ruang hiperbolik dan Euclidean bagi struktur graf, dan 

mengoptimumkan ketepatan cadangan melalui pembelajaran kontrastif. Selain itu, 

inferens sebab-akibat digabungkan untuk mengenal pasti faktor utama yang 

mempengaruhi prestasi pengguna. 

Rangka kerja ini dinilai berbanding dengan asas terkini menggunakan set data MOOC 

berskala besar, menunjukkan peningkatan dalam ketepatan, kepelbagaian, dan 

kebaharuan cadangan. Penemuan kami mencadangkan bahawa HGCR-HGCN 

menawarkan penyelesaian kukuh kepada masalah kekurangan data, cadangan berat 

sebelah, dan analisis prestasi pengguna dalam MOOCs. 

Kesimpulannya, penyelidikan ini mempersembahkan pendekatan inovatif yang 

menggabungkan pemodelan hypergraf, pembelajaran kontrastif, dan inferens sebab- 

akibat untuk memberikan cadangan yang lebih tepat dan diperibadikan dalam MOOCs. 

Kata Kunci: Sistem Cadangan, Rangkaian Kontrastif Graf, Pemodelan Graf Hiper, 

Inferens Sebab 
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CHAPTER 1  

1 INTRODUCTION 

1.1 Background 

MOOC (Massive Open Online Course) refers to an online learning platform that 

provides access to a wide range of courses and educational resources to a large number 

of users from all over the world. MOOCs offer users the opportunity to acquire new 

skills and knowledge, often at no cost, and at their own pace and convenience (Uddin 

et al., 2021). MOOCs data is a valuable resource for researchers and educators who 

are interested in improving the quality and effectiveness of online learning (Zhao et 

al., 2021). However, with the vast number of available courses and resources, users 

often face the challenge of finding the most appropriate and relevant ones that meet 

their individual needs and interests. Undoubtedly, the complex nature of MOOCs 

could lead to information processing overload for users, which could become a major 

bottleneck for online education (Tarus et al., 2017; Fan et al., 2019;  Khalid et al., 

2021). 

To this end, previous research has often focused on utilizing recommender methods 

to reduce the dropout rates or procrastination behaviors in Massive Open Online 

Courses (MOOCs), while also recommending content such as courses and learning 

paths that users might find interesting (Gardner et al., 2019; Yao et al., 2020; Prenkaj 

et al., 2020). MOOCs, as a collective term, can be seen as a series of instructional 

videos, with each video containing various knowledge concepts. For example, in an 

Artificial Intelligence MOOC course, the videos may cover multiple concepts like 

“Machine Learning”, “Deep Learning”, “Neural Networks” and so on. Recently, 
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scholars like (Gong et al., 2020) argue that directly recommending courses or videos 

to users often overlooks their specific interests in certain knowledge points. Piao 

(2021) also contends that the recommendation of courses and videos does not 

adequately consider user interests or learning needs, as a substantial number of 

knowledge concepts covered in courses and videos are not given due attention. In this 

study, the emphasis is on predicting and suggesting knowledge concepts that may 

capture the interest of users on MOOC platforms. 

In addition, MOOCs data is heterogeneous and rich in graph-structured data ( Zhu et 

al., 2020). The different types of entities and their relationships, such as users, courses, 

videos, and knowledge concepts, are expressed as a graph model shown in Figure 1.1. 

Each dashed circle in Figure 2.1 represents an identity of a course with many 

knowledge concepts, and each rectangle represents an online video. Student A is 

shown as learning knowledge concepts that are of interest to them, either because they 

are going to learn them or have already learnt them in previous times. Finally, 

effectively using heterogeneous graph-structured data to provide Personalized 

Recommendations (PR) remains a significant challenge (Wang et al., 2022).  
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Figure 1.1 : The Heterogeneity Graph-Structure RS in MOOCs 

 

A recommendation system (RS), on the other hand, refers to a technique used to 

provide personalized recommendations to users based on their individual preferences 

and behavior. In the context of MOOCs, recommendation systems (Zhang et al., 2019) 

play a crucial role in providing users with customized recommendations for courses, 

learning resources, and activities. 

Recommendation systems are important for MOOCs for several reasons. Firstly, 

MOOCs offer a vast number of educational resources, and a personalized 

recommendation system can help users navigate this content more effectively by 

providing them with relevant and customized recommendations. This can help users 

save time and effort and enhance their overall learning experience (Ye et al., 2021). 

Secondly, personalized recommendation systems (Gulzar et al., 2018) can help 

improve the engagement and retention of users in MOOCs. By providing users with 

recommendations that are tailored to their interests and learning progress, users are 

more likely to remain engaged and motivated to continue learning. Finally, 
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recommendation systems in MOOCs can also help improve the overall effectiveness 

of MOOCs by providing users with recommendations that are more aligned with their 

learning goals and preferences. This can help users achieve better learning outcomes 

and improve their overall satisfaction with the MOOC (Tian & Liu, 2021).Thus, 

recommendation systems play a critical role in enhancing the learning experience and 

outcomes of users in MOOCs, and are a key component of the MOOC ecosystem 

(Chanaa & El Faddouli, 2019). 

Without a doubt, Recommendation System(RS) is the most widely used technology 

for providing personalized recommendations to users (Fu et al., 2016).RS are 

information filtering systems (Ma et al., 2017) that utilizes user’s historical behavior 

and preference data to predict items or content that users may like (as shown in Figure 

1.2). Arguably, RS are essential for online education, as they can help students 

discover relevant learning resources, personalize their learning experience, and 

improve their learning outcomes (Herath & Jayaratne, 2018). According to a study by 

Chen & Lee (2022), the adoption of recommendation systems significantly improves 

the user experience and engagement in MOOC platforms. In addition, 

recommendation systems have been shown to increase the retention rate of users and 

enhance their learning outcomes by providing relevant and personalized course 

recommendations (Assami et al., 2018).  
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Figure 1.2 : Recommendation System General Model 

 

Traditional RS approaches mainly include content-based filtering (CBF) (Son & Kim, 

2017; Huang & Lu, 2018; Neamah & El-Ameer, 2018) , collaborative filtering (CF) 

(Zhang et al., 2016; Bozyi et al., 2018; Obeidat et al., 2019), and hybrid methods 

(Geetha et al., 2018; Cai et al., 2020; Riyahi & Sohrabi, 2020). More generally, these 

algorithms have shown advantages in capture users' preferences and provide 

personalized learning guidance based on user and item’s explicit or implicit feedback, 

such as enrollment and viewing, to improve their learning performance (Xian et al., 

2017). In addition, many traditional methods focus on use correlation in historical data 

to make predictions. For example, collaborative filtering (CF) methods use features 

and similarities between features to predict users' favorite items (Obeidat et al., 2019). 

However, there are many causal relationships in the real world, such as the relationship 

between the learning sequence of certain knowledge, that cannot be measured by 

similarity. Therefore, many researchers have proposed causal inference based 
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recommendation systems (CRS), which extract complex causal relationships within 

data through causal reasoning to improve the performance of personalize 

recommendation (Xu et al., 2023；Zhu et al., 2023). 

Most of the existing approaches for CRS are based on statistical methods (SM) and 

neural network (NN). SM for causal inference rely on regression analysis and 

experimental design to estimate the causal effect of an intervention on an outcome 

variable, by controlling for other factors that may influence the outcome variable. 

Another common technique of NN applied is causal Bayesian network (CBN) which 

represent causal relationships between variables as a directed acyclic graph, and use 

this graph to infer the causal effects of interventions. However, some unpreventable 

limitations from SM method such as cold-start issue (which happens when the user or 

item is new join the RS, SM for causal inference cannot establish causal relationships 

beyond the history data they are trained on) and data bias from NN technique (which 

lead to neural networks learning spurious causal relationships, resulting in inaccurate 

causal inferences) has called on academics to find alternative solutions. 

Recently, the ability of graph-based neural networks (GNNs) to handle structured 

input and explore high-order information has made them the new state-of-the-art 

method for solving traditional reinforcement learning (RL) problems (Gao et al., 

2022). GNNs can learn to represent users and items in a latent space that captures their 

causal relationships, which can then be used to make accurate recommendations even 

for new users and items, and to mitigate the effects of data bias (Norton et al., 2022). 

Besides, MOOCs’ full with a vast of heterogeneous graph-structured data (Ye et al., 

2021), GNNs can take advantage of graph-structured data to learn representations of 
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users and items in hypergraph and hyperbolic spaces, leading to better 

recommendation results. In contrast, traditional neural networks use structured data 

but cannot handle graph-structured data, which contains rich information that can be 

leveraged for improved recommendations (Ming Chen & Zhou, 2020). Many 

advantages of the GNNs approach encourage this research to propose a novel approach 

for addressing the problem of processing heterogeneous graph-structured data in 

graph-based recommendation systems that incorporates causal relationships. Based on 

a thorough search of the relevant literature, it found no prior research on applying 

hypergraph learning to enhance causal recommendation based on hyperbolic graph 

contrastive networks (HGCN) in the MOOCs domain. Therefore, this study 

demonstrates the capability of the GNN approaches based on HGCN algorithm to 

learn the representations of items and users which is more effective in heterogeneous 

graph-structured data in CRS. Both the noise generation problem and the sparsity 

problem of user-concept interactions are addressed by the proposed HGCN method, 

which implements the graph representation on hyperbolic space. Furthermore, due to 

its ability to gather adequate semantic information from contrasting pairings in various 

spaces, the HGCN technique has the potential to significantly increase the quality of 

recommendations (Euclidean spaces and hyperbolic spaces). At last, it leverages 

hypergraph modeling to capture the complex causal relationships between users, 

courses, and other contextual factors to enhance the causal recommendation. 

This research works focus on the development of Hypergraph enhance Causal 

Recommendation (HGCR) based on HGCN approach and introduce hypergraph 

learning and causal inference representation into the graph-based recommendation 

system. To explore the impact of hypergraph learning and causal inference on graph-
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based recommendation, it propose HGCR-HGCN, which enhances HGCN with 

hypergraph-based causal inference to identify the most relevant factors influencing 

user behavior and performance in MOOCs. Furthermore, in order to prove the 

importance of different components in the model and the impact of different 

hyperparameters on the model, it also conducted ablation experiments and sensitivity 

analysis. Lastly, comparison the proposed HGCR-HGCN approach to benchmark 

work by using the metrics of Hit Ratio (HR), Normalized Discounted Cumulative Gain 

(NDCG), and Mean Reciprocal Rank (MRR). The results show that the proposed 

approaches are effetely to recommend personized item to user. 

1.2 Problem Statement 

The popularity of Massive Open Online Courses (MOOCs) has grown significantly in 

recent years, providing users with access to a vast of educational resources. However, 

the large scale and diverse nature of MOOCs pose significant challenges for 

personalized recommendation systems, particularly in terms of accurately modeling 

the complex relationships between users, courses, and other relevant factors. 

Effectively using graph-structured heterogeneous MOOCs data to provide 

Personalized Recommendations (PR) remains a significant challenge. Furthermore, a 

lot of MOOC recommendation systems overlook user interests and learning 

requirements for particular knowledge concepts in favor of promoting courses and 

videos that cover a broad variety of knowledge concepts (Gong et al., 2020; Piao, 

2021;Jiang et al., 2023). 

The core research problem in improving MOOC recommendation systems involves 

enhancing the capability to provide accurate, diverse, and contextually appropriate 
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course recommendations that align with individual user needs and learning behaviors. 

The challenge arises from several interconnected issues: (1) Complex Relationships. 

The dynamic and diverse nature of MOOC platforms results in complex interactions 

between users, courses, and various other factors that are difficult to model accurately 

with traditional methods. Data Sparsity and Cold-Start Problem: New courses and 

users continually entering the system exacerbate data sparsity and cold-start issues, 

leading to recommendations that may not effectively reflect user preferences or course 

relevance. (2) Inadequacy of Current Graph-Based Methods. While Graph Neural 

Networks (GNNs) offer potential solutions, they often assume homogeneous graph 

structures that fail to capture the intricate and heterogeneous relationships prevalent 

in MOOCs. (3) Overfitting in Advanced Models. Techniques like Contrastive 

Learning (CL), intended to address data sparsity, often introduce noise that can lead 

to overfitting, thus degrading the model's ability to generalize and accurately capture 

meaningful relationships. (4) Neglect of Causality. Most existing models focus on 

correlation rather than causation, ignoring the underlying causal relationships that 

influence user behaviors and preferences in educational contexts. The majority of 

conventional recommendation techniques rely on basic user- concept interaction data, 

like enrollment, clicking, watching, and bookmarking, to forecast or suggest the user's 

ideas, such as CF (Rabahallah et al., 2018), CB (Huang & Lu, 2019), or hybrid 

techniques (Geetha et al., 2018). However, these methods often stuck with 

personalized predict users' preferences and learning behaviors, making it challenging 

to provide accuracy and variety recommendations in light of the sparsity, cold start, 

and the problem of cannot effectively deal with graph (Medio et al., 2020a). 
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The introduction of Graph Neural Networks (GNNs) has improved the performance 

of recommendation systems by learning more expressive user and concept 

representations. However, GNNs still suffer from limitations, particularly in 

addressing the data sparsity problem. In MOOCs, with an ever-expanding collection 

of courses and concepts, the limited interaction data available for new users or newly 

introduced courses leads to suboptimal recommendations. Additionally, conventional 

GNNs typically assume a homogeneous graph structure, failing to account for the 

complex, heterogeneous relationships in MOOCs, which can reduce the accuracy of 

recommendations. 

Moreover, while contrastive learning (CL) has emerged as a powerful tool to combat 

data sparsity by leveraging self-supervised signals, it introduces new challenges. 

Methods like the InfoNCE model, which add noise to the embedding space to generate 

contrastive views, risk overfitting due to the introduction of uniform noise. This 

overfitting can degrade the model’s ability to generalize and capture meaningful user-

concept relationships, ultimately impacting recommendation performance. 

Lastly, ignore the causal relationship between users and knowledge concepts. Current 

recommender systems deduce user preferences by analyzing data correlations, 

encompassing behavioral correlation in collaborative filtering, feature-feature 

relationships, and feature-behavior correlation in click-through rate prediction(C. Gao, 

Zheng, et al., 2022).  Unfortunately, the real world is governed by causality rather than 

mere correlation, and it's crucial to recognize that correlation does not the same as 

causation. Moreover, most existing graph-based methods typically focus on the 

relationships between nodes in a graph, without explicitly considering the causal 
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relationships between them, and also fail to reveal their mutual influence and function 

when making recommendation, resulting in the lack of interpretability of 

recommendation.  

Hypothesis: We hypothesize that incorporating hypergraph modeling, causal 

inference, graph contrastive learning, and hyperbolic space representations will 

enhance recommendation accuracy and diversity by overcoming key issues like data 

sparsity, graph noise, and the lack of causal reasoning in current recommender 

systems.  

To address these challenges, this paper proposes a novel approach, called Hypergraph 

Enhanced Causal Recommendation with Hyperbolic Graph Contrastive Networks 

(HGCR-HGCN), which combines hypergraph modeling, causal inference, graph 

contrastive learning, and hyperbolic representation space techniques to provide more 

accurate and effective recommendations for MOOC users. 

1.3 Research Objectives 

The primary objective of this study is to develop a highly personalized 

recommendation system for MOOCs that adeptly accounts for the individual 

preferences and diverse educational needs of users. Given the complex dynamics of 

user-course interactions and the influence of various contextual factors—such as user 

engagement patterns, course popularity, and peer effects—this research aims to 

intricately model these relationships to deliver tailored educational recommendations. 
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To effectively address these challenges, this study proposes a structured approach 

centered around the following refined objectives: 

1. Development of a Hypergraph-Based Recommendation Framework. To 

construct and assess a novel recommendation framework that utilizes 

hypergraph modeling combined with hyperbolic space representation. This 

framework is designed to capture the multi-dimensional and complex 

relationships between users and courses, thereby enhancing the accuracy and 

personalization of course recommendations. 

2. Causal Inference in Recommendation Systems. To introduce and validate a 

causal inference approach that elucidates the complex causal relationships 

between users and educational concepts. This objective is pivotal and directly 

addresses the core research focus on causality, as emphasized in the revised 

problem statement. It seeks to provide a more scientifically grounded basis 

for generating precise recommendations by understanding not just 

correlations but the causative factors that influence user learning and course 

selection. 

3. Graph Contrastive Learning for Enhanced Recommendations. To develop 

and implement a graph contrastive networks method that leverages different 

views of graph representations within embedding spaces. This method aims 

to enhance the robustness and quality of the recommendations by improving 

the model’s ability to generalize across diverse user scenarios and to mitigate 

issues related to data sparsity and overfitting. 

 

Each of these objectives contributes to the overarching goal of this research by 

sequentially addressing the identification of relevant factors, the development of an 

advanced theoretical framework, and the empirical testing and validation of the 

proposed models. This structured approach ensures that the research progresses 

logically from foundational concepts to practical applications, leading to innovations 

in the field of personalized educational recommendations. To accomplish the goal, this 
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study takes the following steps: 

i. To develop and evaluate a new knowledge concept recommendation 

framework that leverages hypergraph modeling and hyperbolic space 

representation to improve recommendation performance. 

ii. To propose a new causal inference representation approach for capture the 

complex causal relationships among the user and concept to improve more 

precise recommendations.  

iii. To propose a new Graph contrastive networks method as different views of 

graph representations embedding spaces to enhance the quality of 

recommendations. 

 

1.4 Research Scope 

This research focuses on the development and evaluation of a novel recommendation 

framework for Massive Open Online Courses (MOOCs). The proposed framework 

HGCR-HGCN involves the exploration of hypergraph modeling, causal inference, 

graph contrastive learning, and hyperbolic space representation techniques, with a 

focus on their application within MOOCs. The study aims to address challenges in 

existing recommendation systems, including data sparsity, cold-start problems, and 

the inability to utilize heterogeneous graph-structured information effectively. The 

goal is to enhance the personalization and effectiveness of course recommendations, 

thereby advancing online education by leveraging hyperbolic graph structures and 

causal relationships in recommendation models. 

The research explicitly aims to develop and evaluate the HGCR-HGCN Framework: 

To provide a robust and comprehensive solution to the challenges faced in MOOC 

recommendation systems by leveraging hypergraph modeling for user-concept 
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interactions, causal inference to establish meaningful relationships, and graph 

contrastive learning to enhance generalization and recommendation quality. 

The scope of the thesis has been structured as follows: 

• Recommendation Systems in MOOCs: Investigating the landscape of 

recommendation systems for MOOCs, highlighting their significance in 

enhancing the learning experience for users. 

• Challenges in Current Recommendation Methods: Identifying limitations in 

traditional recommendation methods, including data sparsity, cold-start 

problems, and challenges with using heterogeneous graph-structured data. 

• Hypergraph Modeling: Developing novel hypergraph modeling techniques 

to represent user-concept interactions within MOOCs, including constructing 

hypergraphs, feature extraction, and hyper-edge weighting. 

• Causal Inference in Recommendation Systems: Focusing on the integration 

of causal inference techniques to establish meaningful causal relationships 

between users and learning concepts, ultimately leading to more targeted and 

precise recommendations. 

• Graph Contrastive Learning: Introducing a graph contrastive learning 

framework to learn from positive and negative samples effectively. This 

approach will involve developing contrastive loss functions and training 

algorithms to optimize the graph neural network for better personalization. 

• Utilizing Hyperbolic Space: Leveraging hyperbolic space representation for 

enhanced flexibility and effectiveness, focusing on its advantages over 

Euclidean spaces in representing hierarchical and complex user-course 

relationships. 

• Evaluation and Validation: Conducting experimental evaluations on real-

world MOOC datasets to validate the performance and effectiveness of the 

proposed HGCR-HGCN framework. 
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• Contributions to Online Education: Demonstrating how the proposed 

framework and findings contribute to the field of recommendation systems 

in online education, with the potential to improve learning experiences and 

outcomes for MOOC participants. 

 

1.5 Research Contribution 

This research has made a positive contribution to the field of MOOCs 

recommendation. In particular, the collection, processing, and utilization of the 

heterogeneous graph structure data in MOOCs can help recommendation systems 

better mine users' personalized needs. The following are the contributions of this 

study, which can help improve the current practice of knowledge concept 

recommendation.  

• A novel knowledge concept recommendation Framework that combines 

hypergraph modeling, causal inference, graph contrastive learning, and 

hyperbolic space representation techniques to provide more accurate and 

effective recommendations for MOOC users. Furthermore, the meta-path 

construction and hypergraph construction were firstly proposed to express 

the heterogeneous graph-structure data of MOOCs for create different types 

of relationship. This framework is not only potentially a major breakthrough 

in the development of personalized recommendation systems for MOOCs, 

but also has important implications for educational technology and online 

learning. 

• A new causal relationship representation approach based on hypergraph 

learning. The proposed research leverages hypergraph based causal inference 

techniques to identify the most relevant factors influencing user behavior and 

performance in MOOCs. This can provide valuable insights into the factors 

that impact learning outcomes in MOOCs and inform the development of 

more effective recommendation algorithms. 
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• A new Graph contrastive multi-view method as different views of graph 

representations from hyperbolic space and Euclidean space to enhance the 

quality of recommendations. This study firstly employs two embedding 

spaces: one hyperbolic and the other Euclidean. By utilizing their increased 

expressiveness, it produces a variety of perspectives of the input graph. These 

techniques can effectively capture the complex, multi-modal nature of 

MOOC data and provide a more accurate representation of the relationships 

between users, courses, and contextual factors. 

 

Arguably, the combination of the new knowledge concept recommendation 

Framework, the new causal relationship representation, and graph contrastive multi-

view model can further improve personalized recommendation in MOOCs in the 

future. 

1.6 Organization of the Thesis 

There are six chapters in the thesis, and each chapter has several sections and 

subsections. Chapter 1 serves as an introduction, providing an overview of the research 

background, outlining the primary issues within existing recommendation systems, 

particularly those related to MOOCs, and presenting the research objectives. The 

specific scope of the research and the significance of the contributions of this work are 

discussed in separate sections in Chapter 1. 

Chapter 2 provides a comprehensive review of the related literature in the field of 

personalized recommendation systems for MOOCs. It discusses the existing 

recommendation techniques, including collaborative filtering, content-based filtering, 

and hybrid approaches. It also reviews the recent advances in hypergraph modeling, 

causal inference, graph contrastive learning, hyperbolic representation space, and their 
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potential applications in enhancing personalized recommendation in MOOCs. 

Chapter 3 presented an overview of the research frameworks, from research planning 

to the proposed method. Firstly, the research steps are briefly introduced. The 

following section detailed introduces the research framework and there five parts. 

Finally, this chapter also discusses the relevant software and hardware used in the 

MOOCs recommendation system. 

Chapter 4 presents the experiments conducted on the proposed HGCR-HGCN 

approaches, including the framework of the algorithms and the experimental settings. 

This chapter focuses on the detailed description of the research framework, the method 

of HGCR-HGCN, and the setting of the experiment, such as the setting of 

hyperparameters. The summary of experimental setup is presented at the end of the 

chapter. 

In Chapter 5, it presents a comprehensive overview of the experimental procedures for 

the HGCR-HGCN approaches with some important questions. A total of four distinct 

experiments were conducted, encompassing hyperparameter optimization, ablation 

studies, sensitivity assessments, and comparative analyses, all of which are elaborated 

upon in this chapter. The chapter culminates in a summary of the key findings derived 

from these experiments. 

Chapter 6 summarizes the research objectives, contributions, and findings, and 

highlights the limitations and future directions of the proposed framework. It discusses 

the potential applications of the proposed framework in other educational contexts 

beyond MOOCs, and suggests possible directions for future research. 
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CHAPTER 2  

2 LITERATURE REVIEW 

2.1 Introduction 

This chapter provides an overview of key methodologies in recommendation systems 

and their limitations. Section 2.2 discusses classical approaches, including 

collaborative filtering and content-based methods, which are foundational but face 

challenges such as data sparsity and inability to model complex relationships. Section 

2.3 explores hypergraph learning, highlighting its capacity to capture high-order 

interactions, though scalability and interpretability remain issues. Section 2.4 reviews 

graph contrastive learning, which enhances representations through self-supervision 

but depends on effective augmentations and hyperparameter tuning. Section 2.5 

introduces causal inference methods aimed at mitigating biases but notes the 

complexity of defining causal structures. Section 2.6 examines hyperbolic 

representation spaces for modeling hierarchical data, with challenges in computational 

efficiency and integration. Finally, Section 2.7 summarizes the strengths and 

weaknesses of these approaches, underscoring the need for integrated solutions.  

2.2 Classical Recommendation Approaches 

Existing roadmap of recommendation system can be categorized into two main parts, 

one is the traditional methods like collaborative filtering, content-based filtering, and 

hybrid approach. Another one is the deep learning-based methods.  

Traditional recommender systems have played a crucial role in personalizing content 

and product recommendations across various domains. Two of the most widely used 
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techniques in this field are Collaborative Filtering (CF) and Content-Based Filtering 

(CBF). Despite their successes, these approaches face several limitations, prompting 

the development of hybrid systems and, more recently, deep learning-based models. 

In this section, we provide an overview of these traditional recommendation methods 

and discuss their associated challenges, as shown in Table 2.1. 

A. Collaborative Filtering 

Collaborative Filtering (CF) (Fan et al., 2019) is one of the most established methods 

in recommendation systems. It operates on the premise that users who have similar 

preferences in the past will also have similar preferences in the future (Onah & 

Sinclair, 2015). CF can be categorized into two main types: user-based (Zheng et al., 

2018) and item-based filtering (Li et al., 2020).  User-based CF recommends items by 

identifying users with similar tastes and preferences, while item-based CF uses item 

similarity to predict what the user might like (Patel & Patel, 2020).  

Obeidat et al. (2019) proposed a collaborative recommendation system designed to 

suggest online courses based on similarities in students' course history. The system 

employs clustering techniques to group students with similar course selections, 

enhancing the quality of association rules generated. Specifically, it compared the 

Apriori algorithm's (Yabing, 2013) performance using the entire dataset versus its 

performance on clusters, finding that clusters improved the coverage of association 

rules. Additionally, they applied the algorithm to analyze course sequences, 

confirming the findings from Apriori regarding the importance of course dependency 

in recommendations. While the study demonstrates the benefits of clustering in 

generating more relevant recommendations, potential limitations include its reliance 
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on pre-existing course history data, which may not address the cold start problem for 

new users effectively. 

A hybrid evolutionary approach introduced by Mohammadpour et al. (2019) to 

enhance clustering in collaborative filtering recommender systems. Their method 

combines Genetic Algorithm (GA) and Gravitational Emulation Local Search (GELS) 

to iteratively optimize item clustering for offline collaborative filtering. The approach 

begins with a population of randomized solutions, which are refined using GA and 

further improved with GELS. Simulations on standard datasets reveal that while the 

hybrid method requires significant runtime, it improves key performance metrics, 

including Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and 

coverage. However, the increased computational demand highlights a trade-off 

between accuracy and efficiency that may limit its practicality in real-time systems. 

Moreover, Xian et al. (2017) addressed privacy concerns in collaborative filtering by 

integrating differential privacy into the SVD++ model, a matrix factorization approach 

that enhances recommendation accuracy by incorporating implicit feedback. 

Recognizing that users' heightened awareness of data privacy impacts the quality and 

availability of data, the authors proposed three privacy-preserving methods: gradient 

perturbation, objective-function perturbation, and output perturbation. Their findings 

demonstrate that these approaches effectively protect user privacy while maintaining 

predictive accuracy. Additionally, they provide theoretical and empirical insights into 

balancing privacy protection strength and recommendation performance. However, 

the study may face challenges in scaling to large datasets or optimizing parameter 

selection for varying privacy requirements. 
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A popular approach, proposed by Rosa et al. (2020), is the Cluster-based Local 

Similarity (CBLS) model, which aims to enhance the accuracy of neighborhood-based 

collaborative filtering by addressing the limitations of global similarity measures. 

Their method incorporates clustering algorithms (affinity propagation and K-means) 

to group similar items and build localized similarity models for each cluster, 

leveraging techniques such as rating normalization and resource allocation. 

Experiments conducted on benchmark datasets demonstrated that CBLS outperforms 

traditional and state-of-the-art collaborative filtering models in terms of accuracy 

metrics, such as mean absolute error (MAE) and root-mean-square error (RMSE). 

However, the study may face challenges in computational efficiency when applied to 

large-scale systems due to clustering overhead. 

Despite its widespread use, CF faces several challenges. One significant issue is the 

cold start problem, which occurs when there is insufficient data for new users or items. 

Without past ratings or interactions, it becomes difficult to recommend items 

accurately (Çano & Morisio, 2017). Furthermore, CF systems often struggle with 

sparsity, as not all users rate all items, leading to incomplete user-item interaction 

matrices. This limits the system's ability to make accurate predictions, especially for 

niche items (Idrissi et al., 2019). Finally, CF is computationally expensive for large-

scale systems, making it challenging to scale as the number of users and items 

increases (Wang et al., 2019). 

B. Content-Based Filtering 

Content-Based Filtering (CBF) approaches recommend items based on the attributes 

of the items and the user's previous interactions. The fundamental assumption in CBF 
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is that users will likely prefer items that are similar to those they have liked in the past 

(Badriyah et al., 2018). CBF systems build a user profile by tracking the features of 

items a user has interacted with, such as categories or keywords, and then recommend 

items with similar characteristics (Shah et al., 2016). 

Patra et al.  (2020) proposed a content-based recommendation system aimed at 

improving the reusability of datasets by connecting datasets from Gene Expression 

Omnibus (GEO) with relevant biomedical literature. The study addresses the weak 

linkage between datasets and related literature, which hampers scientific productivity. 

Using an information retrieval approach, the authors generated semantic features from 

MEDLINE article titles and abstracts and evaluated methods such as TF-IDF, BM25, 

Latent Semantic Analysis, Latent Dirichlet Allocation, word2vec, and doc2vec for 

similarity scoring. The best-performing model, BM25, achieved high precision 

metrics in recommending articles. Novel re-ranking and normalization techniques 

further improved results. Despite its effectiveness, the study acknowledges that this 

work is an initial step and highlights the potential for enhancing dataset reuse through 

refined recommendations. 

In addition, Son and Kim (2017) introduced a novel content-based filtering (CBF) 

approach utilizing multiattribute networks to improve recommendation system 

performance. Their method calculates item similarities by considering multiple 

attributes and analyzing both direct and indirect connections in a network. The 

approach incorporates centrality and clustering techniques to capture mutual item 

relationships and structural patterns, ensuring diverse recommendations and 

mitigating common issues like sparsity and over-specialization. Experiments using 
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MovieLens data demonstrated that the proposed method outperformed traditional 

approaches in accuracy and robustness. Additionally, it effectively addresses the cold 

start problem by relying solely on user-specific historical ratings, making it less 

dependent on external data. However, future work may explore extending its 

applicability to more dynamic datasets or hybrid systems. 

Furthermore, Huang and Lu (2018) addressed the issue of information overload on 

MOOC platforms and the limitations of basic course search and classification 

functions. They proposed a content-based recommendation model for MOOCs, using 

the "iCourse" platform as a case study. Their method emphasizes the use of detailed 

course descriptions to enhance recommendation precision. Experimental results 

demonstrated that the model significantly outperformed random recommendations, 

with accuracy improving as the comprehensiveness of course descriptions increased. 

While effective, the study highlights the need for further exploration into improving 

descriptive data quality to enhance recommendation performance. 

While CBF can overcome the cold start problem for items by recommending new 

items based on their attributes, it faces challenges related to overspecialization 

(Rahman et al., 2022). This occurs when the system recommends only items that are 

similar to those the user has already interacted with, potentially leading to a lack of 

diversity in recommendations (Salehi & Kmalabadi, 2012). Additionally, content-

based systems rely heavily on accurate item descriptions, which may not always be 

available or complete for all items (Kumar & Jadon, 2024). 

C. Hybrid Approach 
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To overcome the limitations of CF and CBF, hybrid recommender systems combine 

the strengths of both approaches. Hybrid approach can alleviate the cold start problem 

associated with CF by incorporating item attributes from CBF, while they mitigate the 

overspecialization issue of CBF by incorporating user interaction data from CF 

(Geetha et al., 2018).  

Yadav et al. (2024) investigated the effectiveness of recommendation systems (RS) 

across various industries, focusing on content-based, collaborative, and hybrid 

approaches. Their study involved both qualitative and quantitative analyses to evaluate 

these methods, emphasizing the unique importance of qualitative metrics for movie 

recommendation systems. Results showed that hybrid systems consistently 

outperformed standalone methods in terms of recommendation accuracy and 

relevance. However, the paper does not deeply explore the computational trade-offs 

or implementation challenges of hybrid approaches, which could provide additional 

insights for practical application. 

The research by Cai et al. ( 2020) introduces a hybrid recommendation model that 

incorporates many-objective optimization to enhance recommendation systems (RS) 

by addressing multiple user-centric factors such as accuracy, diversity, novelty, and 

coverage. By combining three different recommendation techniques, the model 

improves robustness and user satisfaction. The authors employed a many-objective 

evolutionary algorithm (MaOEA) to solve the model and conducted extensive 

experiments to evaluate its performance. The results demonstrate that the proposed 

approach effectively balances accuracy with diversity and novelty, providing more 

comprehensive recommendations. However, the study does not deeply address 
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potential computational challenges in implementing MaOEA for real-time 

applications. 

In addition, Rawaa and Rojalina (2024) proposed a hybrid e-learning recommender 

system called CFISAR, which integrates collaborative filtering models (CFMs) with 

fine-grained sentiment analysis (FSA) to enhance recommendations on educational 

platforms. The system leverages user reviews and ratings to build personalized learner 

profiles, using CFMs to capture latent factors and FSA to refine content rankings based 

on sentiment. A novel mechanism for introducing new items into the system is also 

presented, where initial ratings are predicted using FSA. Experimental results 

highlight the system's effectiveness, with Asymmetric SVD achieving a low MSE of 

0.699 and the Peephole algorithm demonstrating superior accuracy of 92.64%. Despite 

these promising outcomes, the system's reliance on deep learning and word 

embeddings may pose computational challenges for large-scale real-time applications. 

Hybrid recommendation systems offer several advantages and challenges. They 

enhance accuracy by combining multiple techniques like collaborative and content-

based filtering, addressing the limitations of individual methods (Çano & Morisio, 

2017). They improve diversity and novelty by balancing these aspects with accuracy, 

providing a broader range of recommendations. Additionally, they effectively address 

data sparsity and cold-start problems, ensuring better performance for new users or 

sparsely rated items. Hybrid systems are adaptable, integrating dynamic features like 

fine-grained sentiment analysis to ensure continuous relevance. They also optimize 

recommendations for domain-specific needs, providing highly contextual suggestions. 
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However, hybrid methods face challenges such as increased complexity in 

implementation, requiring the integration of various algorithms and substantial 

computational resources (Phalle et al., 2024). The computational overhead from 

training complex models can be significant. Potential overfitting may arise without 

proper validation, particularly in limited datasets. These systems are data-dependent, 

necessitating high-quality and diverse data, which might not always be available. 

Scalability also poses a challenge, as maintaining real-time performance with 

increasing data volume is demanding. Despite these challenges, thoughtful design and 

optimization are crucial for realizing the full potential of hybrid systems. 

D. Deep Learning Approach 

In recent years, deep learning has become one of the most influential methodologies 

in the field of artificial intelligence and machine learning. It functions on the premise 

of learning hierarchical feature representations from data through neural networks 

with multiple layers (Rane et al., 2024). Deep learning algorithms are broadly 

categorized into three main types based on their architecture and application areas. 

Convolutional Neural Networks (CNNs) are primarily used for image and video 

processing, where they leverage convolutional layers to automatically learn spatial 

hierarchies of features, making them highly effective for tasks like image classification 

and object detection (Lecun et al., 2023). Recurrent Neural Networks (RNNs) are 

designed for sequential data, excelling in time series analysis, natural language 

processing, and speech recognition by retaining information over time. Long Short-

Term Memory (LSTM) networks, a specialized RNN, handle long-range 

dependencies more effectively (Hochreiter & Schmidhuber, 1997). Generative 

Adversarial Networks (GANs) consist of two networks, a generator and a 
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discriminator, which are trained in opposition, allowing GANs to generate realistic 

images, videos, and other media (Mahdizadehaghdam et al., 2019). These three types 

of deep learning algorithms cater to different problem domains: CNNs for spatial data, 

RNNs for sequential data, and GANs for data generation. 

Wang et al. (2020) address the challenge of effectively recommending suitable courses 

to learners in the context of Massive Open Online Courses (MOOCs). The proposed 

method utilizes an attention-based convolutional neural network (CNN) to personalize 

course recommendations. The authors first represent learner behaviors and learning 

histories as feature vectors. Then, an attention mechanism enhances the relevance 

estimation by minimizing discrepancies between predicted and actual user ratings 

during the neural network training phase. The final trained model is used to 

recommend the top-n courses to learners. The framework of the recommendation 

system is also introduced. Experimental results highlight the method's potential to 

improve recommendation accuracy and user satisfaction. However, the paper does not 

provide a detailed evaluation or comparison with other state-of-the-art 

recommendation approaches, leaving room for further research on the system's 

scalability and applicability in diverse MOOC contexts. 

Moreover, Zhang et al. (2018) proposed a recommendation model that combines 

collaborative filtering (CF) algorithms with deep learning techniques to address 

challenges such as data sparsity and limited scalability in traditional CF methods. The 

model consists of two key components: a feature representation approach based on a 

quadric polynomial regression model, which improves latent feature extraction by 

enhancing matrix factorization, and a deep neural network (DNN) model that predicts 
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user rating scores using these latent features as input. The model was evaluated on 

three public datasets and demonstrated improved recommendation performance 

compared to existing algorithms. However, the study does not delve into the 

computational efficiency or potential limitations of scalability when applying the 

model to larger datasets, leaving room for further investigation. 

Another research proposed by  Chen et al. (2024) investigates the use of deep neural 

networks (DNNs) to automatically classify the semantic content of MOOC course 

reviews, addressing the challenges posed by the traditional manual coding of 

unstructured textual data. Utilizing a dataset of 102,184 reviews from 401 MOOCs, 

the study develops DNN models, with a focus on recurrent convolutional neural 

networks (RCNNs), to categorize semantic features of the reviews. The findings 

demonstrate that RCNNs perform effectively in identifying and learning semantic 

categories, significantly reducing the manual workload and improving the efficiency 

of feedback analysis. This approach allows for timely insights into learner 

experiences, enabling course providers to implement targeted interventions to enhance 

instructional design. However, the study does not explore potential scalability issues 

or comparative analysis with alternative classification methods, suggesting directions 

for future research. 

In addition, Ahmadian Yazdi et al. (2022) propose a dynamic educational resource 

recommender system that integrates advanced deep learning models, including Multi-

Layer Perceptron (MLP), BiLSTM, and LSTM, enhanced by an attention mechanism. 

The study addresses the challenge of guiding students to suitable learning resources 

within web-based educational systems, which often struggle to match the effectiveness 
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of traditional classrooms. Unlike previous approaches relying on DBN networks, 

which focus on users' recent interests, the proposed system considers both current and 

long-term user preferences. The results demonstrate superior performance, achieving 

an accuracy of 0.96 and a loss of 0.0822, thereby outperforming similar methods in 

delivering personalized recommendations. However, the study does not elaborate on 

computational efficiency or scalability, highlighting areas for future exploration. 

In summary, traditional recommendation techniques such as collaborative filtering 

and content-based filtering have been foundational in the development of 

recommender systems. However, they each face significant challenges, including cold 

start issues, sparsity, scalability, and overspecialization. Hybrid approaches have 

attempted to address some of these limitations, but these systems also introduce 

complexity and scalability concerns. With the advent of deep learning, new models 

have been developed that offer promising solutions, particularly in terms of capturing 

complex patterns in user behavior. Nonetheless, the challenges associated with data 

sparsity, cold start, and scalability remain critical obstacles for the effective 

deployment of recommendation systems in large-scale applications. Future research 

should focus on overcoming these challenges, particularly in the context of dynamic, 

real-time recommendation systems. 
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2.3 Hypergraph Learning 

Hypergraph learning, as an extension of traditional graph structures, has emerged as a 

powerful paradigm for representing and analyzing complex, high-dimensional 

relationships in data. Unlike conventional graphs, which are limited to pairwise 

interactions modeled through edges, hypergraphs introduce hyperedges, allowing 

connections among multiple nodes simultaneously (Kim et al., 2024). This flexibility 

enables the modeling of higher-order interactions, where relationships among entities 

extend beyond simple pairwise connections, capturing intricate data dependencies that 

traditional graphs fail to represent effectively. 

The motivation behind hypergraph learning lies in its ability to represent overlapping, 

hierarchical, and multi-way relationships in diverse contexts. For instance, in social 

networks, hypergraphs can model group interactions rather than just individual 

relationships, offering a richer representation of social dynamics (Sun et al., 2023). 

Similarly, in biological systems, hypergraphs effectively capture the multifaceted 

interactions among genes or proteins, which often involve groups rather than pairs. 

These capabilities make hypergraphs particularly suitable for domains where high-

dimensional and complex relational structures are inherent (Antelmi et al., 2023). 

The adaptability of hypergraph frameworks extends to hierarchical representations, 

allowing nodes and hyperedges to encapsulate data at different levels of granularity 

(Zhang et al., 2023). This makes them particularly advantageous for tasks requiring 

nuanced representations, such as in natural language processing for document and 

sentence structures or in computer vision for multi-object interactions within images 

(Liao et al., 2022). The unique ability of hypergraphs to bridge local and global 
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relationships within data highlights their pivotal role in advancing the understanding 

and analysis of complex systems. 

In deep learning, hypergraphs serve as a powerful framework to model intricate 

relationships in diverse and complex datasets. Unlike traditional graphs, hypergraphs 

can represent higher-order interactions by allowing hyperedges to connect multiple 

nodes simultaneously, thus capturing relationships that are overlapping, hierarchical, 

or multi-faceted. This versatility makes them particularly valuable for domains such 

as social networks, where group dynamics and collective behaviors are key, biological 

systems that demand the modeling of multi-protein or gene interactions, and natural 

language processing tasks, where word and sentence structures often exhibit 

overlapping relationships (Lawson et al., 2024). Additionally, hypergraphs offer a 

robust mechanism to encapsulate both local and global structures within data, enabling 

more comprehensive and nuanced analysis compared to traditional graph-based 

approaches. Their ability to integrate various levels of data abstraction enhances their 

applicability across a wide range of machine learning tasks (Kim et al., 2024). 

Several methodologies have been developed to harness the power of hypergraphs in 

deep learning, focusing on both local and global structural learning. Hypergraph 

Convolutional Networks (HGCN) proposed by   Yadati et al. (2019) employs 

convolutional filters designed specifically for hypergraphs, effectively capturing local 

structural features and interactions around each node. This approach models localized 

relationships and enhances node representations in hypergraph-structured data. 

Another method, HGAT (Hypergraph Attention Networks) utilizes attention 

mechanisms to prioritize the most relevant nodes and hyperedges, focusing on 
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capturing global relationships within the hypergraph. By learning weighted 

connections, HGAT provides flexibility in analyzing varying interaction strengths 

(Chen et al., 2020). The next method HGNN (Hypergraph Neural Networks) combines 

the strengths of HGCN and HGAT by integrating both local neighborhood information 

and global structural relationships. This dual approach enables a more comprehensive 

representation of node and edge features, making HGNN suitable for a wide range of 

applications, from social network analysis to biological data modeling (Feng et al., 

2019). 

Hypergraphs offer significant advantages in modeling higher-order relationships, 

overlapping structures, and hierarchical interactions, which traditional graph methods 

struggle to capture. Their adaptability makes them particularly valuable for tasks 

requiring sophisticated and nuanced data representations, such as social network 

analysis and biological data modeling (H. Tian & Zafarani, 2024). However, 

hypergraph learning faces notable challenges. Designing convolution filters that 

manage multi-node hyperedges without escalating computational complexity is a key 

hurdle (Arya et al., 2024).  Scalability poses another obstacle, as the high 

computational cost limits applications to large datasets (Raghavendra, 2024). 

Additionally, the effective selection of hyperedges, especially in scenarios with an 

overwhelming number of potential connections, remains an unresolved challenge 

critical to improving model efficiency and accuracy. These challenges underline the 

need for further advancements in hypergraph learning methodologies. 

To address the challenges of hypergraph learning, researchers have developed several 

innovative strategies. Higher-order polynomial filters and learnable aggregations, 
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such as Long Short-Term Memory (LSTM) networks, enable efficient feature 

integration by capturing intricate relationships across multi-node hyperedges (Gao et 

al., 2022). To improve scalability, techniques like hypergraph sparsification reduce 

computational complexity while preserving structural integrity, and distributed 

training frameworks facilitate processing on large-scale datasets (Zhang et al., 2022). 

For dynamic hypergraphs, incremental learning and meta-learning schemes provide 

adaptability, allowing models to efficiently update with new data and robustly respond 

to changes in hypergraph structures. These solutions collectively enhance the 

efficiency, scalability, and robustness of hypergraph learning. 

Hypergraph learning represents a powerful and evolving field in deep learning, 

providing a robust framework for analyzing complex data relationships. By 

overcoming existing challenges and refining methodologies, hypergraphs hold the 

potential to drive innovation across domains, including natural language processing, 

computer vision, and social network analysis. This chapter presents a comprehensive 

overview of hypergraph learning, summarizing its definition, methods, applications, 

advantages, challenges, and potential solutions. 

2.4 Graph Contrastive Learning 

Recent advancements in Graph Contrastive Learning (GCL) (Zhong et al., 2021, Liu 

et al., 2022,  Cai et al., 2023) have introduced a variety of methods aimed at improving 

the learning of graph representations through self-supervised learning (SSL) (Liu et 

al., 2023, Liu et al., 2023) techniques. Traditional GCL methods, such as Deep Graph 

Infomax (DGI) (Veličković et al., 2019), use graph convolutional networks (GCNs) 

to maximize mutual information between subgraph patch representations and high-
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level graph summaries. DGI has shown competitive performance in node 

classification tasks but remains limited by its generalization to more complex graph 

tasks and large graphs. In contrast, InfoGraph (Sun et al., 2020) extends GCL by 

maximizing mutual information between graph-level representations and substructure 

representations at various scales, outperforming state-of-the-art methods in graph 

classification and molecular property prediction. The introduction of InfoGraph 

further enhances its semi-supervised learning capabilities, offering competitive 

performance in semi-supervised tasks. 

To capture higher-order information, H-GCL (Zhu et al., 2023) utilizes hypergraphs, 

contrasting representations from both the original graph and its hypergraph view, 

showing improved performance in node and graph classification. This approach also 

uses a diffusion model to bridge the gap between these two views, although scalability 

remains a challenge. Similarly, TP-GCL (Li et al., 2024) transforms graphs into 

hypergraphs using clique expansion and high-order adjacency tensors, significantly 

improving generalization and performance on sparse labeled data. However, further 

exploration is needed to assess its scalability to larger datasets. 

Other recent methods have focused on the robustness and flexibility of GCL. For 

example, GROC (Jovanović et al., 2021) investigates adversarial robustness in GCL 

by introducing adversarial transformations, including edge insertion and removal, 

which increases robustness against attacks. On the other hand, GraphCL (Zhu et al., 

2023)and SimGRACE (Xia et al., 2022) aim to simplify and improve the efficiency of 

GCL. GraphCL employs various graph augmentations to achieve superior 

generalizability and robustness, while SimGRACE eliminates the need for traditional 
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data augmentations, instead using two encoders for contrasting perturbed views of the 

graph, making it more efficient. 

Moreover, GraphMAE (Hou et al., 2022) introduces a masked graph autoencoder that 

focuses on feature reconstruction rather than graph structure, addressing training 

robustness issues in generative SSL for graphs. Extensive experiments show that 

GraphMAE outperforms both contrastive and generative baselines across multiple 

datasets. However, its scalability and broader applicability require further research. 

In summary, while significant progress has been made in GCL, the methods vary in 

their approaches to capturing higher-order structural information, robustness, and 

scalability. Techniques like hypergraph-based GCL (H-GCL and TP-GCL) and multi-

view contrastive learning (GraphCL and SimGRACE) enhance the expressiveness of 

graph representations, while others like DGI, InfoGraph, and GraphMAE focus on 

optimizing mutual information and improving the training process, which is shown in 

Table 2.2. Despite these advancements, challenges remain in scaling these methods to 

larger datasets and improving their generalization to a wider range of graph-related 

tasks. 
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2.5 Causal Inference 

Causal inference has emerged as a pivotal area of study within graph-based deep 

learning, offering novel approaches to uncover causal relationships within complex 

datasets (Wei et al., 2022). Graph-structured data, prevalent in domains such as social 

networks, biological systems, and recommendation systems, necessitates advanced 

methods to model and understand the underlying causal mechanisms that drive 

interactions and dependencies within these systems (Sha et al., 2021). By 

incorporating causal reasoning into graph-based models, researchers can move beyond 

static data patterns and gain deeper insights into the dynamic forces that shape real-

world phenomena. This enhanced understanding of causality enables more accurate 

predictions and facilitates more informed decision-making across diverse applications. 

Several key approaches are employed in graph-based causal inference to address the 

challenges of representing and reasoning about causal relationships. Structural 

Equation Modeling (SEM) defines equations to capture causal interactions within the 

graph, estimating parameters to predict node effects while controlling for confounding 

variables (Arif et al., 2024). Farnell & Mirra (2023) proposed Causal Bayesian 

Networks utilize directed acyclic graphs (DAGs) to infer conditional probabilities of 

nodes based on their parent relationships, providing a framework for elucidating the 

causal structure of the system. Finally, Counterfactual reasoning techniques model 

hypothetical outcomes of interventions, providing valuable insights into potential 

changes within the graph's structure and the resulting consequences (Mu & Li, 

2024).These methodologies collectively enable robust analysis and interpretation of 

graph-structured data, addressing biases and confounding factors to reveal the true 

causal dependencies within the system.  
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Causal graph learning finds valuable applications across various domains. In 

recommendation systems, it facilitates the prediction of user behavior and preferences 

by analyzing historical data and leveraging graph structures to represent users, items, 

and their interactions (Vuong, 2023). By understanding the causal relationships 

between user preferences, item characteristics, and contextual factors, these systems 

can generate more personalized and effective recommendations, improving user 

engagement and satisfaction (Y. Ma & Tresp, 2021). Beyond recommendation 

systems, causal inference in graphs finds applications in understanding complex 

biological networks, modeling disease progression, and simulating the potential 

outcomes of interventions in various fields (Liao et al., 2022).   

Despite its significant promise, causal inference in graph-based deep learning faces 

several challenges. Scalability remains a critical concern, as large datasets and 

complex relationships can significantly increase computational demands, 

necessitating the development of more efficient and scalable models (Gupta et al., 

2020). Furthermore, effective negative sample selection within large datasets, 

particularly in recommendation systems, poses a significant bottleneck (Zhu et al., 

2023).  Addressing these challenges requires innovative solutions, such as advanced 

sampling strategies, including synthetic data generation, causal transfer learning, and 

multitask learning, which can enhance model robustness and generalization (Harianja 

& Lumbantoruan, 2019). Integrating self-supervised learning with causal inference 

can also yield more powerful graph models, further advancing the field (Xu et al., 

2023).  
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Graph-based deep learning for causal inference is a rapidly evolving field with 

transformative potential across diverse disciplines. By addressing the current 

challenges and refining existing methodologies, researchers can unlock deeper 

insights into causal mechanisms, driving innovation in recommendation systems, 

complex system modeling, and beyond. Future research should focus on improving 

scalability, enhancing causal representation methods, and exploring interdisciplinary 

applications to maximize the impact of this promising approach. 

2.6 Hyperbolic Representation Space 

Hyperbolic space, a non-Euclidean geometry with constant negative curvature, has 

emerged as a promising alternative to Euclidean space in deep learning (Chamberlain 

et al., 2017). Its inherent flexibility and ability to effectively model hierarchical or 

tree-like data structures have driven significant advancements across various domains, 

including natural language processing (NLP), representation learning, and graph-

based modeling (Liang et al., 2022). Traditional deep learning approaches heavily rely 

on Euclidean geometry, which, while simple and intuitive, often struggles to represent 

complex, hierarchical relationships within data (Chami et al., 2019). This limitation 

hinders the effective modeling of intricate data interactions observed in domains 

requiring nuanced representations, such as social networks or hierarchical ontologies. 

In contrast, hyperbolic space offers a more suitable framework for these scenarios, 

enabling the representation of data with inherent hierarchy and complex relationships 

more efficiently (Qi et al., 2019; Guo et al., 2021). Its negative curvature allows for 

more compact representations, facilitating efficient data modeling and potentially 

improving the performance of deep learning models.    
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Hyperbolic deep neural networks (HDNNs) have gained popularity recently because 

they can give high fidelity embeddings with few dimensions from deep representations 

in the hyperbolic space, particularly for data with hierarchical structure  (Peng et al., 

2022). A hyperbolic neural architecture of this kind is rapidly applied to various 

scientific domains, including as computer vision, graph embedding, and natural 

language processing. The encouraging outcomes show how much better it is than its 

counterpart in Euclidean space in terms of capability, significant compactness of the 

model, and physical interpretability. 

Hyperbolic neural networks involve using hyperbolic space as the underlying 

geometry for deep neural networks, allowing for more flexible representations of 

complex data (Yang et al., 2022). Hyperbolic embeddings involve mapping high-

dimensional data into hyperbolic space, allowing for more efficient and accurate 

representation learning. Hyperbolic attention networks involve using attention 

mechanisms in hyperbolic space, allowing for more accurate and efficient modeling 

of complex relationships and interactions between entities. 

Hyperbolic space has several advantages over Euclidean space in the context of deep 

learning (Qi et al., 2019). One of the key advantages is its ability to represent 

hierarchical and tree-like structures more accurately, which is especially important in 

natural language processing and other fields where data has a hierarchical or tree-like 

structure. Another advantage is its ability to represent complex data with fewer 

dimensions, reducing the computational complexity of deep learning models. 

Hyperbolic space also has the ability to capture complex relationships and interactions 

between entities that are not easily captured by Euclidean space (Guo et al., 2021). For 
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example, hyperbolic space can represent groups of entities that interact with each other 

in complex ways, such as in social networks or biological systems. 

While hyperbolic spaces show promise for modeling graph-structured data more 

effectively than traditional deep learning methods, there remain several challenges that 

warrant further research attention. Addressing these outstanding issues will help 

realize the full potential of hyperbolic deep learning.  

One key challenge is evaluation methodology (Chami et al., 2019). Unlike Euclidean 

domains, there exists no agreed-upon benchmark datasets and tasks to rigorously and 

consistently assess the performance of hyperbolic models. The development of 

standardized evaluation protocols is needed to objectively measure progress in the 

field. Secondly, optimization in non-Euclidean geometries like hyperbolic spaces is 

more complex than in flat vector spaces (Guo et al., 2021). Existing optimization 

techniques from Euclidean deep learning do not always translate readily. More work 

is required to derive optimization methods tailored for hyperbolic embeddings that 

stabilize training and converge efficiently. A third issue relates to scalability (Xu et 

al., 2022). As graphs modeling real-world systems grow exponentially in size, current 

hyperbolic neural networks do not scale gracefully to massive graph diameters. 

approaches capable of accommodating vast graphs with millions of nodes are urgently 

needed. At last challenge in hyperbolic space-based deep learning is the selection of 

hyperparameter (Dai et al., 2021). In other words, how to select the curvature and 

dimensionality of the hyperbolic space that will provide the most accurate and efficient 

representation of the data. This issue is particularly important for applications such as 

natural language processing, where the structure of the data is complex and difficult 
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to capture with traditional Euclidean space-based models. 

To address this challenge, researchers are exploring different techniques for 

hyperparameter optimization, such as hypergraph neural networks (Li et al., 2021), 

hyperbolic contrastive learning (Yue et al., 2023) and hyperbolic meta-path 

learning(Luo et al., 2023). These techniques aim to find the optimal hyperparameters 

for the hyperbolic space-based deep learning model, while minimizing the 

computational cost and time required for optimization. 

Hyperbolic space provides a powerful framework for learning representations of 

complex relationships and interactions in high-dimensional data (Qi et al., 2019). By 

developing new methods and algorithms that can address the challenges and 

bottlenecks, researchers can unlock the full potential of hyperbolic space in deep 

learning. This will enable new discoveries and insights into the complex relationships 

and interactions that underlie many important phenomena, and will open up new 

avenues for research and innovation in fields ranging from natural language 

processing to social network analysis (Li et al., 2021). 

In conclusion, hyperbolic space presents a transformative paradigm in deep learning, 

offering substantial advantages over Euclidean geometry for modeling hierarchical 

and complex relationships. By addressing the existing challenges, researchers can 

unlock its full potential, driving innovation across various domains, including NLP, 

graph analysis, and social network modeling. Continued advancements in 

optimization techniques, scalable architectures, and hyperparameter tuning will be 

crucial for the broader adoption and impact of hyperbolic deep learning. Future 
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research should also focus on exploring interdisciplinary applications, leveraging the 

compactness and interpretability of hyperbolic space to address novel challenges in 

diverse fields. 

2.7 Summary 

Traditional methods, such as collaborative filtering and content-based filtering, 

struggle to effectively handle the heterogeneous and high-dimensional nature of 

MOOC data. CF suffers from cold-start issues, data sparsity, and scalability 

challenges, while CBF often results in overspecialization, limiting recommendation 

diversity. These limitations necessitate exploring advanced methods to better model 

complex relationships and user preferences. 

Graph-based approaches have made significant strides in capturing complex 

interactions in recommendation systems. However, these methods often rely heavily 

on labeled data, limiting their ability to generalize to unlabeled or sparse datasets. 

While graph contrastive networks (GCNs) offer potential solutions to label scarcity 

and robustness issues, they face challenges such as overfitting and the need for 

effective negative sample selection. Additionally, hypergraph-based learning, which 

can capture higher-order relationships, is constrained by computational inefficiencies 

and difficulties in hyperedge selection and convolution operations, which limit its 

broader application in large-scale educational platforms. 

Emerging techniques such as causal inference and hyperbolic graph contrastive 

networks provide promising avenues for addressing these gaps. Causal inference can 

effectively model cause-and-effect relationships, alleviating cold-start and sparsity 
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issues by analyzing user behavior at a deeper level. Meanwhile, hyperbolic space 

representations allow for more nuanced modeling of hierarchical or tree-like 

structures, offering improved scalability and performance in sparse data scenarios. 

However, challenges remain in seamlessly integrating these advanced methods into a 

unified framework. Future research should focus on developing scalable architectures, 

optimizing computational efficiency, and validating these approaches on diverse 

MOOC datasets to bridge the identified gaps and push the boundaries of online course 

recommendation systems. 
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CHAPTER 3  

3 METHODOLOGY 

3.1 Introduction 

This chapter proposes a technique for enhancing causal recommendation in MOOCs 

using hypergraphs and graph contrastive networks from hyperbolic space. The aim of 

this study is to improve the internal relation representation of complex graph structure 

in MOOC data. The concept of hypergraph modeling is introduced to capture the 

complex relationships among various entities in MOOCs, representing these 

relationships as hypergraphs, a better understanding of the causal dependencies 

between different elements can be achieved, leading to more accurate 

recommendations. Section 3.2 provides an elaborate explanation of the research steps, 

while Section 3.3 offers a succinct overview of the hardware and software utilized, 

followed by a chapter summary. 

3.2 Research Steps 

This section provides an overview of the research steps involves five main phases: 

pre-processing, feature extraction, hypergraph construction, the proposed method, 

classification and evaluation. The overview of the research steps are represented as in 

Figure 3.1. 
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Figure 3.1 : Research Steps. This is the MOOC Recommendation System Workflow. 

The ground truth refers to the actual items a user has interacted with or chosen, 

hypergraph refers to how users, courses, and concepts are linked based on various 

types of relationships. Besides, embeddings are generated as part of the “Hypergraph 

representation”. 

 

3.2.1 MOOCCube Dataset 

MOOCs (Massive Open Online Courses) have emerged as a popular form of online 

learning (Suresh & Srinivasan, 2020), providing users with access to a vast number of 
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courses and educational resources from around the world. As the popularity of 

MOOCs has grown, so has the need for large-scale data warehouses to store and 

analyze the vast amount of data generated by MOOC users. One such data warehouse 

is MOOCCube (Yu et al., 2020) an open-source platform designed to serve research 

related to MOOCs. The data repository is now available at http://moocdata.cn/data/ 

MOOCCube. 

According to Yu et al., (2020), MOOCCube is one of the biggest and most varied 

collections of educational materials. It includes specific data about student behavior, 

like the length of time spent learning, the frequency of learning, and the breaks 

between learning videos. Nearly 5 million student video viewing records, including 

information from almost 200,000 pupils, are included in the database. 2,005 

individuals, 21,037 concepts, 600 courses, 22,403 videos, 137 schools, 138 teachers, 

and their relationships make up the dataset, which offers a rich and varied source of 

information for study and analysis. Of particular interest to researchers and educators 

is the ability to analyze user behavior and make personalized recommendations for 

learning. With over 930,553 interactions between users and concepts, MOOCCube 

provides a wealth of data for modeling user behavior and developing effective 

recommendation systems. By selecting specific courses and videos for processing, 

researchers can analyze user behavior and provide personalized recommendations 

based on individual preferences and learning progress as shown in Table 3.1. 

Overall, MOOCCube plays a critical role in advancing research and understanding in 

the field of MOOCs, providing researchers and educators with a powerful tool for 

analyzing user behavior and developing personalized recommendation systems to 
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enhance the learning experience and outcomes of MOOC users. 

Table 3.1 : Details of the MOOCCube Dataset for Our Research 

 

Entities Statistics Relations Statistics 

users 2,005 user-concept 930,553 
concepts 21,037 user-course 13,696 

courses 600 course-video 42,117 

videos 22,403 teacher-course 1875 
schools 137 video-concept 295,475 

teachers 138 course-concept 150,811 

 

Researchers in course recommendation heavily rely on the MOOCCube dataset, a 

comprehensive open-source resource developed by Yu et al., (2020), This large-scale 

data warehouse goes beyond just courses; it offers valuable insights into student 

behavior, learning concepts, relationships between entities, and even external 

resources.  This wealth of information allows researchers to develop more 

sophisticated and effective course recommendation algorithms (T. Liu et al., 2022). In 

contrast to analogous current educational resource databases, it functions on a grander 

scale and offers a greater variety and depth of data. The database includes information 

on 2,005 users, 21,037 concepts, 600 courses, 22,403 videos, 137 schools, 138 

teachers, and their interrelationships. The wealth of information contained within the 

datasets, makes it an invaluable resource for researchers and educators alike. The 

dataset includes 858,072 interactions in the training set and 72,481 in the test set, for 

a total of 930,553 interactions between users and concepts. Table 3.2 provides a 

comprehensive overview of the dataset's statistics, which clearly demonstrate the 

breadth and complexity of the information that it has collected.  
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Table 3.2 : Summary of Dataset with Number of Each Important Features for    

Training and Testing 

 
Datasets Statistics Datasets Statistics 

users 2,005 concepts 21,037 

courses 600 videos 22,403 
schools 137 teachers 138 

Total interactions:      930,553 

Training set 858,072 Testing set 72,481 

 

3.2.2 Pre-Processing 

The primary goal of the first step is to prepare the dataset for use in the 

recommendation model by cleaning, transforming, and organizing. It involves several 

methods which include NaN filling(Stepanek, 2020), Z-score normalization(Fei et al., 

2021), and Variable selection(Andersen & Bro, 2010). NaN filling is a data imputation 

technique used to replace missing values in a dataset with a suitable substitute. Z-score 

normalization is a data standardization technique that transforms each data point into 

a dimensionless score representing its distance from the mean in units of standard 

deviation. Variable selection is a statistical method that identifies a subset of relevant 

variables from a larger set of variables. It is used to improve the performance of 

statistical models. 

3.2.3 Feature Extraction 

In this phase, the features were selected and extracted. The extracting the relevant 

features from the MOOCCube dataset for constructing a hypergraph based on the 

interactions between users, courses, and concepts. Specifically, it extracts the 

following features from the dataset: user ID, course ID, concept ID, time stamp, and 

interaction type (e.g., view, comment, like). The feature extraction has ability to 

provide detailed information about user behavior. This contains data on how long 
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users spend studying, how often they access course materials, and how long it takes 

them to complete each learning task. Such data provides valuable insights into how 

users engage with course material and can be used to inform the development of new 

and more effective learning strategies. 

3.2.4 Hypergraph Construction 

The next phase is to construct a hypergraph based on the feature extraction of 

interactions between users, concepts, and courses in the MOOC dataset. The 

hypergraph is constructed with users, courses, and concepts as nodes, and interactions 

as hyper-edges that connect the nodes. Construct a hypergraph by identifying nodes 

representing MOOC elements, creating edges linking related nodes, assigning weights 

reflecting relationship strength, and visualizing the graph to uncover patterns and 

relationships. The Hypergraph construction details will be further discussed in Chapter 

4. 

3.2.5 The Propose Method 

This phase proposes a technique for enhancing causal recommendation in MOOCs 

using hypergraphs and graph contrastive networks from hyperbolic space. The 

proposed method involves two main steps: Firstly, the techniques of causal inference 

and hyperbolic space are used to enhance hypergraph representation. Secondly, the 

hypergraph representation embedding is used to training graph contrastive networks 

(GCNs). The propose method details will be further discussed in Chapter 4 subsection 

4.3. 
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3.2.6 Prediction and Evaluation 

The final phase reported the result of the proposed methods. In this phase, the 

prediction process was run by using Bayesian Personalized Ranking (BPR). BPR 

(Rendle et al., 2009), a technique derived from Bayesian analysis. The core idea 

behind BPR is to model user preferences based on pairwise comparisons of items. In 

the training phase, the algorithm learns latent factors for users and items by optimizing 

a pairwise ranking objective function. Once trained, BPR can be used for predictions 

by estimating the preference score for a user-item pair. This is typically achieved by 

computing the dot product of the latent factor vectors associated with the user and the 

item. The higher the dot product, the higher the predicted preference score, allowing 

for the ranking of items to make personalized recommendations. At last, the results 

were evaluated in terms of HR, NDCG, and MRR. The results evaluation details will 

be further discussed below. 

In addition to the commonly employed evaluation metrics that traditional RS used are 

discussed earlier in Chapter 2, various metrics have been introduced to assess the 

performance of prevalent models, including Hit Ratio (HR) (Gong et al., 2021), 

Normalized Discounted Cumulative Gain (NDCG) (Pradhan & Pal, 2019), and Mean 

Reciprocal Rank (MRR) (L. Yang et al., 2018). The subsequent sections will provide 

detailed explanations of these three widely utilized evaluation metrics, serving as the 

evaluation models for this study. 

As stated in Equation 2.1, HR@k is the percentage of pertinent concepts in the test set 

that fall inside the top-k concepts of the recommendations (Gong et al., 2021). 
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HR@k = 
1

𝑁
∑ 𝕀(|𝑅𝑢⋂𝑇𝑢|)𝑢                                                (Equation 2.1) 

To evaluate the performance of the recommendation model, it utilizes the Normalized 

Discounted Cumulative Gain (NDCG) metric at rank k (NDCG@k). NDCG@k 

considers the ranking positions of relevant concepts within a test dataset of size N. 

Here, I(x) represent an indicator function, assigning a value of 1 if x is greater than 0, 

and 0 otherwise (W. Wang, 2022). The specific calculation of NDCG@k is detailed 

in Equation 2.2. 

NDCG@k = 
1

𝑍
∑

2𝕀(|𝑅𝑢⋂𝑇𝑢|)−1

log2(𝑗+1)

𝑘
𝑗=1                                        (Equation 2.2) 

where Z is a normalization factor that represents the score attained by an ideal top-k 

ranking. When positive notions are stated in reciprocal rankings, their mean reciprocal 

rank (MRR) is calculated (Z. Li et al., 2021), which can be expressed as in Equation 

2.3. 

MRR = 
1

𝑁
∑

1

𝑟𝑎𝑛𝑘𝑖

𝑁
1                                                               (Equation 2.3) 

3.3 Hardware and Software Requirement 

To evaluate the performance of our personalized MOOC recommendation system, we 

conducted a series of experiments using Python software. The experiments ran on a 

64-bit Linux Professional machine equipped with an NVIDIA A100 GPU and an Intel 

Xeon processor clocked at 2.20 GHz, with 16.00 GB of RAM. It's important to note 

that while the experiments leveraged Python, diacritic recognition itself relied on a 

separate, established algorithm. 
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3.4 Summary 

This chapter outlines the research methodology employed for feature extraction and 

hypergraph construction of MOOCs datasets. Chapters 4 will delve into the detailed 

methods for hypergraph enhanced causal recommendation (HGCR) and hyperbolic 

graph contrastive networks (HGCNs). Additionally, this chapter discusses the data 

utilized in this research and the hardware and software requirements for conducting 

the study. The chapter concludes with a discussion of the performance measures that 

are used to assess the precision and quality of the suggested techniques. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© C
OPYRIG

HT U
PM



 

 

57 

CHAPTER 4  

4 HYPERGRAPH ENHANCED CAUSAL RECOMMENDATION 

FRAMEWORK WITH HYPERBOLIC GRAPH CONTRASTIVE NETWORKs 

(HGCR-HGCN) 

4.1 Introduction 

The proposed HGCNs approach for Hypergraph enhanced Causal Recommendation 

named as HGCR-HGCN will be presented in this chapter. The algorithm is basically 

analogous to the GCN in (Cai et al., 2023), while GCNs adopts multi-view method 

instead of the traditional Euclidean single-view method. Meta-path structure and 

hypergraph structure will be used as the input of GNN to implement graph embedding 

by learning the representation of the relationships between user-user, concept-concept, 

and user-concept. Subsequently, by leveraging hyperbolic and Euclidean spaces as 

embedding spaces, this multi-view framework creates many views of the input graph 

by utilizing their enhanced expressiveness. The causal inference is used to enhanced 

the hypergraph representation which will then generate the recommendation item for 

each user by using GCNs. The effectiveness of the recommendation rank list is 

evaluated using a variety of metrics. 

This chapter introduces the HGCR-HGCN framework and its methodologies. Section 

4.2 outlines the framework and its algorithm, detailing how hypergraph convolution 

and causal reasoning are integrated. Section 4.3 describes the step-by-step workflow 

of the HGCR-HGCN method, emphasizing its approach to capturing complex 

interactions. Section 4.4 elaborates on the hyperparameter optimization objective, 

focusing on balancing performance and computational efficiency. Section 4.5 presents 

the experimental design, including dataset selection, Pre-processing step, Feature 
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extraction, prediction, and performance measure. Finally, Section 4.6 summarizes the 

chapter, highlighting the methodological contributions and experimental rigor of 

HGCR-HGCN. 

4.2 Framework of HGCR-HGCN 

Hypergraph Enhanced Causal Recommendation with Graph Contrastive Networks 

from Hyperbolic Space in MOOCs is a research study that proposes a new 

methodology for improving recommendation systems in MOOCs by using 

hypergraphs and deep learning techniques. The study aims to address the limitations 

of conventional recommendation systems by introducing hypergraphs, causal 

inference, and hyperbolic space, which allow for a more flexible and expressive 

representation of relationships between entities.  

To tackle the sparsity issue in user-concept interactions and address noise generation 

concerns, the proposal suggests implementing graph representation in hyperbolic 

space, building on recent advancements in geometric graph mining within hyperbolic 

spaces. This approach utilizes graph contrastive targets to project the graph 

representations into an angular space, significantly boosting their ability to distinguish 

between similar and dissimilar graphs.  The framework functions as a multi-view 

system, employing both hyperbolic and Euclidean spaces as embedding spaces. This 

combination leverages the enhanced expressiveness of both spaces to generate diverse 

perspectives of the input graph. 

In addition, to better learn the rich interaction information in heterogeneous graphs, it 

constructed a hypergraph structure and causal inference to learn graph representations, 
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to address the problems of graph structure data not being well utilized and causal 

relationships being ignored. 

 

Figure 4.1 : The framework of HGCR-HGCN 

 

The HGCR-HGCN framework involves several main structures, including Meta-path 

construction, Hypergraph construction, and Causal inference as shown in Figure 4.1. 

The system utilizes a heterogeneous graph that connects users A and courses X in 

MOOC. Meta-path structure will be used as the input of GNN to implement graph 

embedding by learning the representation of the relationships between user-user, 

concept-concept. The hypergraphs are constructed to represent relationships between 

user-concept, and employs various types of GNN, including Vanilla GNN, Hyperbolic 

GNN, and Euclidean Mapping to learn embeddings. These different types of methods 

are along with shared projection heads and feature aggregation modules. The 

prediction layer uses a causal inference approach to make recommendations based on 

the learned embeddings from the hypergraph by using GNN. Finally, the framework 

also includes Graph Contrastive Networks (GCNs), which is used to further improve the 

performance of the recommendation system. This technique involves the comparison of 

© C
OPYRIG

HT U
PM



 

 

60 

different views of the graph structure to learn more robust and discriminative representations 

of entities. By leveraging contrastive learning, the framework can improve its ability to 

distinguish between similar entities and provide more accurate recommendations. The 

algorithm of proposed HGCR-HGCN is shown in Algo. 4.1.  

 

The first step of the algorithm involves preparing the MOOC data by cleaning and 

transforming it into a format compatible with the HGCR-HGCN framework. This 
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involves representing the MOOC data as a heterogeneous graph, which serves as the 

input, and generating a ranked list of MOOCs that the algorithm predicts the learner 

will be most interested in. Before constructing metapaths, initialize the list of 

metapaths to be empty (Line 1). Then, construct metapaths using the heterogeneous 

graph as input (Line 2). The construction of metapaths occurs from Line 3 to Line 4. 

Meta-paths are used to model complex relationships between nodes in a graph. If a 

path can be found, it will be added to the metapaths list. 

Secondly, hypergraphs are constructed using the meta-paths to capture the rich 

relationships between entities in the MOOCs dataset (Line 5 to Line 6). If the path 

type is Vanilla, the Vanilla GNN is used to generate the projection head (Line 6). 

Hyperbolic space, as a non-Euclidean geometry, is used to represent complex 

relationships between entities. The HGCR-HGCN algorithm utilizes both hyperbolic 

and Euclidean space representations of the hypergraphs to learn more comprehensive 

representations of users and concepts. If the path type is hyperbolic, the hyperbolic 

GNN employs Euclidean mapping to generate the projection head (Line 6 to Line 8). 

Thirdly, graph contrastive learning is a technique used to train GNNs by learning from 

positive and negative examples based on similarity (Line 8 to Line 9). The HGCR-

HGCN algorithm uses graph contrastive learning to enhance the recommendations by 

learning from negative examples. Feature aggregation is influenced by causal 

inference (Line 10 to Line 11). Causal inference is used to identify the causal 

relationships between confounders (Line 12). Adjustment for confounders is 

performed using statistical methods (e.g., regression) to estimate the causal effect 

within the feature aggregation module (Line 13 to Line 14). 
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Sensitivity analysis is then conducted to assess robustness, and the causal effect 

estimate is returned to the prediction layer (Line 15 to Line 16). Finally, this 

information is used to generate the prediction result (Line 17 to Line 18). 

4.3 Method of HGCR-HGCN 

This chapter dives into the details of our proposed HGCR-HGCN methods. As shown 

in Figure 4.6, the framework consists of five components, meta-path selection, graph 

representation, causal inference, graph contrastive learning, and recommendation 

prediction. It will discuss each part in more detail in the following paragraphs. 

4.3.1 Meta-path Selection 

According to the previous research(Shi et al., 2019; Piao, 2021), meta-paths have 

demonstrated their capability in establishing entity-entity relationships. This study 

focuses on examining user-user and concept-concept relationships utilizing various 

meta-paths, similar to those employed in the earlier research. The MOOCCube dataset 

incorporates six meta-paths, with four designated for users and two for concepts, as 

detailed in Table 4.1.  

Table 4.1 : Different Meta-Paths Used in MOOCCube Dataset 

 

Type Meta-Path 

User 

user → concept → user 

user → course → user 

user → video → user 

user → course → teacher → course → user 

Concepts 
concept → user → concept 

concept → course → concept 
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The novelty of our proposed meta-path selection approach lies in its dynamic and 

context-aware mechanism that adapts to individual user behaviors and the diverse 

learning paths in MOOCs. Unlike traditional methods that use static meta-paths or rely 

solely on predefined relationships between users and courses, this approach 

incorporates temporal dynamics, such as the sequence in which courses are taken, and 

contextual influences, such as peer interactions and user engagement patterns. By 

leveraging these additional factors, the meta-path selection is capable of capturing the 

evolving learning preferences of users and adapting recommendations accordingly. 

This dynamic selection is further enhanced by utilizing a hypergraph-based 

representation, allowing for the modeling of higher-order relationships that connect 

users, concepts, and content in a multi-faceted way. Such a rich representation ensures 

that recommendations are not only personalized but also responsive to the changing 

educational needs of users over time, thereby significantly improving the effectiveness 

of the recommendation system in MOOCs. 

In order to more clearly show the meta-path selection, it is also necessary to define it. 

Based on a student's viewing history, it utilizes their learned concepts, course 

information, videos, and other pertinent contextual details to predict and recommend 

concepts that align with their interests. Given a set of n users, U = {𝑢1, ..., 𝑢𝑛}, and 

m concepts, C = {𝑐1,, ..., 𝑐𝑚}, it construct an implicit feedback matrix R ∈ 𝑅n×m, 

where each entry 𝑟𝑢,𝑐 = 1 if user u has learned concept c and 𝑟𝑢,𝑐 = 0 otherwise, as 

described in (Piao, 2021). To effectively address this problem, it can represent it using 

a heterogeneous graph denoted as G = (V, E), comprising an object set V and a link 

set E. Additionally, the heterogeneous graph is accompanied by an object type 

mapping function ϕ: V → O and a link type mapping function ψ: E → R. As specified 
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in [31], R represents predefined object and link types, where |O|+ |R| > 2. 

The MOOC database in this study is represented as a heterogeneous graph, which 

effectively captures the complex relationships between various entities within the 

MOOC ecosystem. In this heterogeneous graph, the six main categories of entities are 

users, concepts, videos, courses, schools, and teachers. These entities are 

interconnected through various links that represent their diverse relationships, forming 

a comprehensive network of knowledge and interactions. A network schema provides 

a comprehensive description of a network's meta-structure, complementing its 

heterogeneous graph representation. This schema, denoted as S = (R; O), facilitates 

the extraction of semantically meaningful meta-paths between entities. Formally, a 

meta-path is a path within the network schema represented as 𝑂1 
𝑅1
→ 𝑂2 

𝑅2
→ ... 

𝑅𝑙
→ 𝑂𝑙+1. 

It encapsulates a composite relation R = 𝑅1 ∗ 𝑅2  ∗ ... ∗ 𝑅𝑙  between object 𝑂1 and 

object 𝑂𝑙+1, where the composition operator for relations is shown by ∗. 

4.3.2 Hypergraph Construction 

The hypergraph construction will involve four main phases as shown in Figure 4.2, 

which including hypergraph construction, hypergraph representation, hypergraph 

training algorithms, and recommendation generation. 
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Figure 4.2 : The Phases of Hypergraph Construction 

 

The hypergraph construction process typically involves the following steps: The first 

step in hypergraph construct is to building the hypergraph itself, based on the 

hyperedges and node representations(Yu Zhu et al., 2016). Hypergraph construction 

is a fundamental task in deep learning that involves the representation and analysis of 

complex relationships between entities in a hypergraph. Hypergraphs are a 

generalization of graphs that allow for more flexible and expressive representations of 

relationships between entities. In hypergraphs(Saghafi et al., 2023), an edge or 

hyperedge can connect more than two nodes, allowing for the representation of higher-

order relationships between entities. 

Once the hypergraph has been built, the next step is to learn the hypergraph 

embeddings(Yu Zhu et al., 2016). This can be done using various techniques such as 

deep learning models, graph convolutional networks, or hypergraph neural 

networks(C. Liu et al., 2023). The resulting embeddings must accurately capture the 

relationships between hyperedges and nodes while preserving the higher-order 
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structure of the hypergraph. The graph convolutional network, which are used to 

process the graph structure and extract meaningful information. Graph convolutional 

network have been shown to be effective in capturing the complex relations between 

entities in a graph and are particularly useful in addressing the sparsity and 

heterogeneity of MOOCs data. 

The second phase is to enhance the hypergraph with causal relationships between the 

entities. The causal relationships are identified using a causal inference algorithm, 

which takes into account the temporal order of the interactions and the potential 

confounding factors. Specifically, it uses the do-calculus algorithm(Hyttinen et al., 

2015) to identify the causal relationships between the nodes in the hypergraph, based 

on the temporal order of the interactions and the observed variables. After that add the 

causal relationships as edges in the hypergraph, which allows for more accurate 

representation of the causal relationships between different entities. The methodology 

also involves the use of hyperbolic space for efficient representation of the hypergraph 

(Y. Li et al., 2021)and the use of causal inference algorithm for identifying causal 

relationships(Geiger et al., 2021). The hypergraph representation is enhanced using 

hyperbolic embedding, which allows for efficient representation of the complex 

relationships between different entities. The data sources used in the study include the 

MOOC dataset, which contains information on user interactions with courses and 

concepts, and the hyperbolic embedding algorithm and the causal inference algorithm.  

Thirdly, the enhanced hypergraph is then used to train a graph contrastive networks 

(GCNs) for recommendation(L. Liu et al., 2022). The GCNs is a deep learning model 

(Mengru Chen et al., 2023)that learns the representations of the entities and the 
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relationships between them, and uses them to make personalized recommendations for 

the users. The GCNs is trained using a contrastive loss function, which encourages the 

model to learn the differences between positive and negative examples. Specifically, 

it randomly samples pairs of nodes from the hypergraph, and train the GCNs to 

maximize the similarity between positive pairs and minimize the similarity between 

negative pairs. 

At last, after learning the representations of nodes and hyperedges, HGRS employ 

them to generate recommendations for each user. This process involves various 

approaches, including ranking items based on their similarity to the user's 

representation (J. Wang et al., 2021)and predicting the likelihood of user-item 

interactions(H. Dai et al., 2016). Ranking items based on similarity involves 

recommending items with higher similarity scores to the user, while predicting user-

item interactions involves recommending items based on predicted interaction 

probabilities. 

The network design of a network-based recommendation algorithm is a crucial step 

that significantly influences the algorithm's performance. While traditional networks 

are limited to representing pairwise, point-to-point relationships, hypergraphs offer 

the advantage of capturing higher-order relationships involving three or more nodes. 

The process of constructing the hypergraphs involves two main steps: hyper-edge 

definition and hypergraph building. Hyper-edge definition involves identifying the 

entities that make up the hyper-edges and defining the hyper-edges themselves, which 

are constructed using various techniques such as clustering, community detection, or 

spectral partitioning. The resulting hyper-edges are then transformed into a matrix or 
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tensor representation for easy processing by deep learning algorithms. Hypergraph 

building involves constructing the hypergraph itself, based on the hyper-edges and 

node representations. A hypergraph is referred to be "homogeneous" when all of the 

nodes connected by hyperedges are of the same kind; otherwise, it is called 

"heterogeneous." In this research, it employs a heterogeneous hypergraph to represent 

the relationships between users and items, allowing the algorithm to capture the 

intricate interactions between these entities. 

Just as it defined meta-path in Section A, the users set U = {𝑢1, ..., 𝑢𝑛}, and concepts 

set C = {𝑐1 ,, ..., 𝑐𝑚 }, m, n ∈ N denoting the number of users and concepts, 

respectively. In this setup, hyperedges connecting concepts and users are represented 

as the sets of the form 𝑒 ⊆ 𝑉, where 𝑉 denotes the combined set of users 𝑈 and 

concepts C. We define a user-concept hypergraph 𝐺 as the tuple 𝐻𝑔 = (𝑉, 𝐸, 𝒘), where 

𝐸 = {𝑒1, 𝑒2, …, 𝑒𝑚} is a collection of hyperedges connecting nodes in 𝑉, and 𝒘 = 

{𝑤1, 𝑤2, …, 𝑤𝑚} is a corresponding set of weights associated with these hyperedges. 

The number of nodes in hyperedge 𝑒𝑖 is termed the hyperedge's degree, calculated as 

d (𝑒𝑖) = ∑ h(𝑉𝑗 , 𝑒𝑖) 𝑀+𝑁
𝑗=1 , where h (𝑉𝑗,𝑒𝑖) is an element of the incidence matrix H 

between nodes and hyperedges. 

4.3.3 Graph Representation  

For the requirements of the model for graph representation, two methods are adopted 

here and directly implemented using neural network models, where A is the derived 

adjacency matrix and X is the matrix of node feature vectors. The model incorporates 

two graph encoders. One, denoted as 𝒈𝑬, operates within the standard Euclidean space 
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commonly used in deep learning.  The other, 𝒈𝑯, leverages the more recently explored 

hyperbolic space for encoding. In the graph encoder, the common graph convolutional 

network (GCN) (Kipf & Welling, 2017) is adopted, which can learn the node 

representation of the graph by checking the neighbors of the graph. To learn the user 

(concept) representation related to the meta path, it applied the linear formula of the 

hierarchical propagation rule as shown in Equation 4.1: 

𝑍𝑖
𝑙+1 = 𝑊𝑖

𝑙+1 ∙ 𝑍𝑖
𝑙+𝑏𝑖

𝑙+1                                                    (Equation 4.1) 

Where 𝑍𝑖
𝑙 denotes the representation of node i in layer l,  𝑊𝑖

𝑙+1 denotes the weight 

matrix of node i in layer l +1, and 𝑏𝑖
𝑙+1 denotes the bias vector of node i in layer l +1. 

To learn the representations of users and concepts in the hypergraph, it adopts the non-

linear formula of the hierarchical propagation rule. The non-linear formula can be 

implemented by adding a non-linear activation function, such as ReLU(Agarap, 2018) 

activation function, to capture more complex relationships as shown in Equation 4.2: 

𝑍𝑖
𝑙+1 = 𝜎(𝑊𝑖

𝑙+1 ∙ 𝑍𝑖
𝑙+𝑏𝑖

𝑙+1)                                (Equation 4.2) 

In the equation, 𝑍𝑖
𝑙 denotes the representation of node i in layer l,  𝑊𝑖

𝑙+1 denotes the 

weight matrix of node i in layer l+1, and 𝑏𝑖
𝑙+1 denotes the bias vector of node i in layer 

l+1. Subsequently, the representation in Euclidean space of a user u for a meta-path 

𝑀𝑃𝑖 will be 𝑒𝑢
𝑀𝑃𝑖 and for hypergraph 𝐻𝐺𝑖 will be 𝑒𝑢

𝐻𝐺𝑖 . The embeddings for users in 

Euclidean space and hyperbolic space can be represented as follows: 

𝑒𝑢 = 𝑒𝑢
𝑀𝑃𝑖 ⊙ 𝑒𝑢

𝐻𝐺𝑖=  𝒈𝑬(𝑋, 𝐴) ⊙ 𝒈𝑬𝑓(𝑋, 𝐴)                (Equation 4.3) 

ℎ𝑢 = 𝑒ℎ
𝑀𝑃𝑖 ⊙ 𝑒ℎ

𝐻𝐺𝑖= 𝑒𝑥𝑝𝑥
𝑐 (𝒈𝑬(𝑋, 𝐴) ⊙ 𝒈𝑬𝑓(𝑋, 𝐴))               (Equation 4.4) 
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Here, the method of combining representations is to cross-embed them, where ⊙ is 

the Hadamard product and f is the representation function. For example, it can use 

graph convolutional neural networks (GCN) to learn hypergraph representations. In 

GCN, the representation function f is a graph convolutional layer. Graph convolutional 

layers can capture the neighbor relations in hypergraphs through the adjacency matrix 

A. And the embeddings in Euclidean space and hyperbolic space for concept is derived 

as 𝑒𝑐 and ℎ𝑐 , respectively. 

4.3.4 Causal Inference  

Graph embeddings are essential to the entire system, as they have strong 

representation power. To improve graph representation embeddings, causal inference 

is another method used to enhance hypergraph representation. This approach is 

predicated on the idea of a causal graph, which illustrates the causal connections 

between different variables. Variables are shown as nodes in a causal graph, and 

directed edges represent the causal links between the variables. The direction of the 

edge indicates the causal relationship.  

For example, if there is a directed edge from variable A to variable B, then this means 

that variable A effect variable B. The formula is shown in Equation 4.5. 

P(Y|do(X)) = ∑ 𝑃(𝑌|𝑋, 𝑧)𝑃(𝑧)𝑧                                       (Equation 4.5) 

Where P(Y|do(X)) is the probability of Y given an intervention on X, 𝑃(𝑌|𝑋, 𝑧) is the 

probability of Y given X and z, 𝑃(𝑧) is the probability of z. This formula is known as 

the backdoor adjustment formula. It can be used to estimate the effect of an 
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intervention on X on Y, even if there are confounding variables that affect both X and 

Y. 

4.3.5 Graph Contrastive Learning  

Over Euclidean embeddings, hyperbolic representations perform better in taxonomic, 

hierarchical, and entailment data. This is because disconnected subtrees from the latent 

hierarchical structure detangle and cluster in the embedding space due to the negative 

curvature of the embedding space. By contrasting pairs of embeddings from these 

distinct spaces, it can extract rich semantic information. To leverage this advantage, it 

proposes a contrastive learning approach that constructs pairs from both Euclidean and 

hyperbolic spaces. The goal is to use graph contrastive learning of Euclidean and 

hyperbolic embeddings to extract informative semantics from the opposing viewpoints 

of the input graph. It is not possible to compare embeddings directly from one space 

to another without mapping one space to the other, when a different embedding is 

present. To compare Euclidean and hyperbolic embeddings, it first translates the 

Euclidean graph embedding into hyperbolic space using an exponential function: 

e→ (ℎ𝑢
𝑀𝑃𝑖 ⊙ ℎ𝑢

𝐻𝐺𝑖)= 𝑒𝑥𝑝𝑥
𝑐  (ℎ𝑢

𝑀𝑃𝑖 ⊙ ℎ𝑢
𝐻𝐺𝑖)                                  (Equation 4.6) 

e→ (ℎ𝑐
𝑀𝑃𝑖 ⊙ ℎ𝑐

𝐻𝐺𝑖)= 𝑒𝑥𝑝𝑥
𝑐  (ℎ𝑐

𝑀𝑃𝑖 ⊙ ℎ𝑐
𝐻𝐺𝑖)                                 (Equation 4.7) 

Following that, the representations are run through a shared projection head f, a 

multilayer perceptron MLP with two hidden layers (Pinkus, 1999) and parametric 

rectified linear unit PReLU (M. Zhao et al., 2021) nonlinearity, to obtain the final 

graph representations  ℎ𝑢
𝑀𝑃𝑖 ⊙ ℎ𝑢

𝐻𝐺𝑖  and e→  (ℎ𝑢
𝑀𝑃𝑖 ⊙ ℎ𝑢

𝐻𝐺𝑖)  for user, the ℎ𝑐
𝑀𝑃𝑖 ⊙

ℎ𝑐
𝐻𝐺𝑖  and  e→ (ℎ𝑐

𝑀𝑃𝑖 ⊙ ℎ𝑐
𝐻𝐺𝑖) for concept. To bolster the discriminative and resilient 
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qualities of representations within generalized spaces like hyperbolic spaces, we 

suggest integrating a contrastive loss mechanism with residual components in the 

angular space, thereby enhancing the discriminative power of the loss function. 

Angular θ𝑖𝑗  will be represented as: 

𝜃𝑖𝑗
𝑢  = arccos(

 (ℎ𝑢
𝑀𝑃𝑖⊙ℎ𝑢

𝐻𝐺𝑖) e→ (ℎ𝑢
𝑀𝑃𝑖⊙ℎ𝑢

𝐻𝐺𝑖) 

‖ (ℎ𝑢
𝑀𝑃𝑖⊙ℎ𝑢

𝐻𝐺𝑖)‖∙‖e→ (ℎ𝑢
𝑀𝑃𝑖⊙ℎ𝑢

𝐻𝐺𝑖)‖
                         ( Equation 4.8) 

Insufficient decision margins can result in erroneous decisions when minor 

disturbances arise around the decision boundary. To address this issue, it introduces a 

novel training objective for graph representation learning of positive pairs, 

incorporating an additive angular residual m between contrastive pairs as the 

formulated shown in Equation 4.9 and 4.10. 

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡
𝑢 = –log

𝑒cos(θ𝑖𝑖∗
𝑢 +𝑚)/𝜏

𝑒
cos(θ𝑖𝑖∗

𝑢 +𝑚)/𝜏
+∑ 𝑒

cos(θ𝑖𝑗
𝑢 )/𝜏

𝑗≠𝑖

                       (Equation 4.9) 

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡
𝑐 = –log

𝑒cos(θ𝑖𝑖∗
𝑐 +𝑚)/𝜏

𝑒
cos(θ𝑖𝑖∗

𝑐 +𝑚)/𝜏
+∑ 𝑒

cos(θ𝑖𝑗
𝑐 )/𝜏

𝑗≠𝑖

               (Equation 4.10) 

This is the formula for the final contrastive loss: 

 

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡=𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡
𝑢 +𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡

𝑐                                       (Equation 4.11) 

4.3.6 Recommendation Prediction  

At last, the user features and the concepts features are aggregated in the Euclidean 

space of each meta-path and hypergraph construction for the final prediction as 

follows:𝑒𝑢 = ∑ 𝑒𝑢

𝑀𝑃𝑗⊙𝐻𝐺𝑗

𝑗∈||𝑀𝑃⊙𝐻𝐺|| , and 𝑒𝑐 = ∑ 𝑒𝑐

𝑀𝑃𝑗⊙𝐻𝐺𝑗

𝑗∈||𝑀𝑃⊙𝐻𝐺|| . As the same 

way, it aggregates the features in hyperbolic space, ℎ𝑢 = ∑ ℎ𝑢

𝑀𝑃𝑗⊙𝐻𝐺𝑗

𝑗∈||𝑀𝑃⊙𝐻𝐺|| , and 
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ℎ𝑐 = ∑ ℎ𝑐

𝑀𝑃𝑗⊙𝐻𝐺𝑗

𝑗∈||𝑀𝑃⊙𝐻𝐺|| . Drawing from the user and concept representations and 

embeddings that have been obtained 𝑒𝑢, 𝑒𝑐, and  ℎ𝑢, ℎ𝑐. Based on the acquired users 

and concepts representations or embeddings, the following calculation formula can be 

used to obtain the preference score of user u for concept c using the matrix 

factorization framework: 

𝑦̂𝑢,𝑐  = 𝑒𝑢
𝑇𝛩𝑒𝑒𝑐 + α ∙ ℎ𝑢

𝑇𝛩ℎℎ𝑐                                                        (Equation 4.12) 

The preference score for user u and concept c, denoted by 𝑦̂𝑢,𝑐 , is determined using 

two trainable matrices, 𝛩𝑒 and 𝛩ℎ, which project user and concept representations into 

a shared space. The trainable parameter α is used to balances the prediction scores 

from these two different views. It uses Bayesian individualized Ranking (BPR) for 

individualized ranking (Rendle et al., 2009), a technique derived from Bayesian 

analysis. In a collection of new concepts, BPR recommends that a learned concept be 

placed higher than a random one. This can be expressed mathematically as follows: 

𝐿𝑟𝑎𝑛𝑘 = ∑ −ln (𝜎(𝑤(𝑢, 𝑖)𝑦̂𝑢,𝑖 − 𝑤(𝑢, 𝑗)𝑦̂𝑢,𝑗))𝑢,𝑖,𝑗,𝑖≠𝑗 +𝛾‖Θ‖2                (Equation 4.13) 

The notation u, i, j represents a triplet relationship involving a user u, an interacted 

concept i, and an unknown concept j for that user. Term 𝑦̂𝑢,𝑖 − 𝑦̂𝑢,𝑗 signifies the 

preference discrepancy between interacted and unknown concepts. The loss function, 

modulated by the sigmoid activation function σ, prioritizes interacted concepts in its 

first term, promoting their higher ranking. The causal weight of user u on item i is w 

(u, i).and causal weight of user u on item j is w (u, j). The parameter γ acts as the 

regularization parameter for the L2 norm, controlling the severity of the regularization 

penalty. Θ represents the collection of parameters that need to be learned. Our 

proposed HGCR-HGCN's ultimate loss function can be expressed as follows: 
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L = 𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡  +β𝐿𝑟𝑎𝑛𝑘                                                             (Equation 4.14) 

where the multitask learning coefficient is represented by β. 

4.4 Hyperparameter Optimization Objective 

In the realm of deep learning, the challenge of hyperparameter optimization, or tuning, 

revolves around selecting an optimal set of hyperparameters for a given learning 

algorithm. Hyperparameters are parameters utilized to govern the learning process, 

influencing the algorithm's behavior and performance. The objective is to strategically 

choose values for these hyperparameters to enhance the efficiency and effectiveness 

of the learning algorithm.  

In this study, hyperparameter optimization objective is to obtain the optimal values of 

the parameters α and β in Eq.12 and Eq.14, angular residual m in Eq.9 and Eq.10 

respectively. The reason for hyperparameter optimization is that the parameters α, β, 

and m have a great impact on the performance of the model. Sections 5.3.1 and 5.4.1 

provide specific instructions for adjusting the hyper-parameters. 

4.5 Experimental Setup 

The specific experimental setup of the proposed method in this study are shown in 

Table 4.2. First, the proposed method is run on the real MOOC dataset MOOCCube. 

In the second step, the preprocessing stage is performed, which mainly includes 

processing of null values and outliers. Then, the heterogeneous graph feature 

extraction stage mainly adopts aggregation and transformation methods. Among them, 

two methods are mainly used for graph construction representation, namely, the meta-
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path construction method and the hypergraph construction method. The meta-path 

construction corresponds to the aggregation method, and the hypergraph construction 

uses the hyperbolic space feature mapping method, which corresponds to the 

transformation-based method. Then, GCN is used for contrastive learning, and causal 

inference are added when clustering features in the last layer of contrastive learning. 

Finally, the BPR method is used to obtain the predicted ranking results, and the 

obtained results are measured by HR, NDCG, and MRR. 

Table 4.2 : The Experimental Setup of HGCR-HGCN 

 

SETUP METHOD 

Dataset Used MOOCCube 

Pre-processing Step 

• NaN filling 

• Z-score normalization 

• Variable selection 

Heterogeneous Graph Feature 

Extraction 

• aggregation method 

(meta-path construction) 

• transformation method 

(hypergraph construction ← hyperbolic space) 

Contrastive Learning GCN 

Prediction BPR 

Performance Measure 

• HR 

• NDCG 

• MRR 

 

4.6  Summary 

In this chapter, the proposed method HGCR-HGCN involves several advanced 

techniques, including Meta-paths Construction, Causal Inference, and Heterogeneous 

Graph. The system utilizes hypergraphs to represent relationships between entities and 

employs Vanilla GNN, Hyperbolic GNN, and Euclidean Mapping to learn 

embeddings. To predict MOOC recommendations, a shared Projection Head and 

Feature Aggregation Module are utilized. Additionally, the system includes a Causal 

Inference layer to improve the recommendation accuracy. Overall, the system aims to 
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provide more accurate and effective recommendations for MOOC users, thereby 

improving their learning experiences. In addition to the introduction of the above 

methods, this section also proposes several hyperparameters and experimental Setup 

that need to be optimized, so as to prepare for the experiment and the analysis of 

experimental results in the next chapter. 
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CHAPTER 5 

5 EXPERIMENTAL RESULTS AND DISCUSSION 

5.1 Introduction 

This section starts by outlining the research questions. It then describes the baseline 

methods and deeply discussion the experimental results of this proposed method. The 

datasets and evaluation metrics were already shown detail in chapter 3.2.  

5.2 Baseline Methods 

To demonstrate the effectiveness of our method, it compares with several state-of-the-

art methods including:  

• CMF (Z. Zhao et al., 2015) tackles the challenge of analyzing multiple 

behavior types by decomposing their data matrices simultaneously. 

• Metapath2vec (Dong et al., 2017) utilizes meta-path-based random walks 

alongside heterogeneous skip-gram models to adeptly capture the diverse 

neighborhood of a node. 

• NMTR (C. Gao et al., 2019) employs a joint optimization technique rooted 

in multitask learning to effectively integrate the strengths of NCF modeling.  

• EHCF (Chong Chen et al., 2020) stands as a model that adeptly captures 

fine-grained user-item interactions and efficiently optimizes its parameters 

without relying on negative sampling. 

• ACKRec (Gong et al., 2020) tackles the knowledge concept 

recommendation problem by framing it as a rating prediction task, where a 

concept's rating is determined by the frequency of interactions between a user 

and that concept. 

• LightGCN (X. He et al., 2020) streamlines the Graph Convolutional 
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Network (GCN) architecture to enhance its comprehensibility and suitability 

for recommendation tasks. 

• MOOCIR (Piao, 2021) utilizes learned user and concept representations to 

predict a user's preference for selecting specific concepts. 

• ROME (Luo et al., 2023)is a graph contrastive multi-view framework for 

MOOCs recommendation, utilizing hyperbolic angular space to effectively 

capture the intricate relationships between users and concepts. 

 

5.3 Experimental Results  

5.3.1 Hyperparameter Optimization 

To initialize various parameters, including user and concept nodes, the meta-path list, 

and the loss function, the Gaussian distribution (mean value = 0, standard deviation = 

0.1) is employed without any prior pretraining (Qiu et al., 2019). To effectively 

optimize the model and prevent overfitting, we implement Adam (Kingma & Ba, 

2015) as the optimizer and incorporate the 𝐿2 norm as the regularization method. The 

model will be trained for 500 global steps, with a learning rate of 0.01 that doesn't 

decay over time. Each batch will contain 1024 samples and there will be 30 batches 

per epoch. The maximum argument of the hyperbolic tangent function is set as 15 and 

the small epsilon value used for numerical stability is set as 1e-5 in Eq.4.7. Lastly, Eq. 

4.13 sets the dimension of latent features for user (concept) embeddings to 10 and 100, 

respectively, and the regularization parameter λ to 1e-8. The details of all the 

important parameters for our research are summarized in Table 5.1. 
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Table 5.1 : Summarize All the Important Parameters for Our Research 

 

Parameter Value 

Gaussian Distribution Mean = 0, Std. Deviation = 0.1 

Optimizer Adam (Kingma & Ba, 2015) 

Regularization Method L2 Norm 

Training Steps 500 Global Steps 

Learning Rate 0.01 (No decay) 

Batch Size 1024 Samples 

Batches per Epoch 30 

Max Argument for tanh Function 15 

Epsilon for Numerical Stability 1e^-5 

Latent Feature Dimensions (Users) 10 

Latent Feature Dimensions (Concepts) 100 

Regularization Parameter (λ) 1e^-8 

Validation Set Construction Last interacted concept per user 

Epochs for Training 500 

Model Selection Metric Highest MRR (Mean Reciprocal Rank) 

Baseline - CMF Embedding Size 64 

Baseline - Metapath2vec Embedding Size 128 

Metapath2vec Walk Length 40 

Baseline - NMRT Embedding Size 64 

NMRT L2 Regularization Weight 0.001 

Baseline - EHCF Embedding Size 128 (Two Layers) 

EHCF Dropout Rate 20% 

Baseline - ACKRec Embedding Size 128 (Two Layers) 

ACKRec Dropout Rate 20% 

LightGCN Layers 2 

LightGCN Hidden Unit Embedding Size 64 

LightGCN Dropout Rate 20% 

ROME and MOOCIR Regularization 

Parameter 

1e^-8 

ROME and MOOCIR Learning Rate 0.01 

Latent Feature Dimensions (Matrix 

Factorization) 

30 

Latent Feature Dimensions 
(Users/Concepts) 

100 

 

To prevent overfitting, the model constructs a validation set using each user's last 

interacted concept. It randomly pairs each known concept with 99 unknown ones and 

runs for 500 epochs, monitoring performance on the validation set (details in Section 

5.3.2). Ultimately, it chooses the model with the highest MRR (Mean Reciprocal 

Rank) on the validation set. MRR measures how high the ground truth concept ranks 

among 100 candidates. Other metrics can also be used based on preference. 
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To optimize performance, the research meticulously tuned hyper-parameters 

identified as crucial in existing research for each baseline method, leaving others at 

their default settings. In CMF, it uses linear regression with stochastic gradient descent 

to learn the parameters and set the embedding size as 64. For Metapath2vec, both user 

and item embedding dimensions were set to 128 and the walk length as 40. In NMRT, 

the embedding size between user and item set of 64 and L2 regularization weight 

choose 0.001. For EHCF and ACKRec, it first both used two layers and 128 as 

embedding size, the second one is dropout rate set as 20%. LightGCN's best 

performance occurred with two layers and a hidden unit embedding size of 64, for 

dropout rate sets of 20%. Finally, ROME and MOOCIR first set the regularization 

parameter as 1e-8 and the learning rate is set as 0.01, second the dimensionality of 

latent features for matrix factorization (MF) was set to 30, while user (concept) 

embeddings were 100-dimensional. 

5.3.2 Comparison with Benchmark Work  

To evaluate the performance of the proposed method, the MOOC dataset is split into 

training and test sets. The evaluation metrics used include HR@k, NDCG@k, and 

MRR. This research will compare with several state-of-the-art baselines on a real-

world dataset (MOOCCube). The comparison results are reported in Table 5.2 and 

5.3, from which we have the following observations: 
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Table 5.2 : The Recommendation Accuracies of Method Measured by HR@K. 

Bold Denotes Indicate the Best Model Performance during All of the Methods, 

and Underline Indicates the Best Model Performance in This Type 

 

Methods HR@5 HR@10 HR@20 HR@50 

CMF 0.620 0.741 0.828 0.859 
NMTR 0.651 0.772 0.829 0.891 

EHCF 0.649 0.768 0.833 0.898 

ACKRec 0.659 0.764 0.842 0.881 
LightGCN 0.688 0.759 0.851 0.894 

MOOCIR 0.704 0.836 0.872 0.919 

Metapaht2vec 0.642 0.773 0.873 0.906 

ROME 0.710 0.855 0.907 0.938 

HGCR-HGCN (ours)  0.728 0.895 0.928 0.952 

 

Table 5.3 : The Recommendation Accuracies of Method Measured by NDGC@K 

and MRR. Bold Denotes Indicate the Best Model Performance during All of the 

Methods, and Underline Indicates the Best Model Performance in This Type 

 

Methods NDCG@5 
NDCG 

@10 

NDCG 

@20 

NDCG 

@50 

MRR 

CMF 0.432 0.479 0.499 0.509 0.418 
NMTR 0.470 0.516 0.542 0.591 0.449 

EHCF 0.475 0.521 0.547 0.593 0.462 

ACKRec 0.503 0.538 0.557 0.601 0.475 
LightGCN 0.515 0.548 0.569 0.617 0.477 

MOOCIR 0.520 0.562 0.594 0.637 0.484 

Metapaht2vec 0.468 0.511 0.537 0.582 0.440 

ROME 0.539 0.587 0.612 0.655 0.497 

HGCR-HGCN (ours) 0.569 0.625 0.651 0.667 0.518 

 

HGCR-HGCN, our proposed model, consistently demonstrates superior performance 

compared to all the baseline methods. For instance, it is noteworthy that HGCR-

HGCN outperforms all baseline models by a substantial margin of 2.54% 

(0.710→0.728), 4.68% (0.855→0.895), 2.32% (0.907→0.928) and 1.49% 

(0.938→0.952) of HR metric for Top-k recommendation. As for the NDCG metric, 

AGNN achieves the obviously highest score when k = 5, 10, 15, 20 with the 

improvements of 5.57%, 6.47%, 6.37%, and 1.83%, respectively. This demonstrates 

the validity of our hyperbolic GCN-based solution and the benefits of introducing 

hypergraph representation and causal inference. 
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A. Traditional similarity-based recommendation methods like CMF, NMTR, 

and EHCF, which these methods rely on various techniques to measure item 

or user similarities. It is evident that Method EHCF exhibits the best 

performance among three similarity-based recommendation methods and it 

also used as a comparison model for analysis in this research. In comparison 

to these methods, our approach demonstrates superior performance across 

key metrics, including HR@k, NDCG@k, and MRR. The hybrid nature of 

our method, incorporating graph neural network and graph contrastive 

learning, contributes to higher HR@k compare with the EHCF which 

improve as 10.62% (0.649→0.728), 20.18% (0.768→0.895), 17.65% 

(0.833→0.928), 6.01% (0.898→0.952) respectively in Table 5.2. This shows 

the indicating a better ability to place relevant items within the top-k 

recommendations. NDCG@k values showcase the enhanced ranking quality 

of our recommendations compared to similarity-based models. It achieves a 

better score compare with EHCF model when k=5, 10, 20, 50 with the 

improvements of 19.79%, 19.96%, 19.01%, and 12.48%, respectively in 

Table 5.3. Moreover, our approach demonstrates a notable improvement of 

12.12% (0.462→0.518) in the MRR metric when compared to the EHCF 

model, which represents the best-performing among the three similarity-

based models. signifying the effectiveness in ranking the first relevant item 

in Table 5.3. These results collectively suggest that our method excels in 

providing accurate, diverse, and well-ranked recommendations, 

outperforming traditional similarity-based recommending methods across 

multiple evaluation metrics. 

B. Compared to similarity-based recommending methods (like CMF, NMTR 

and EHCF), graph-based recommending methods (such as ACKRec, 

LightGCN and MOOCIR) generally outperform similarity-based methods. 

Compare these two graph-based approaches, the result in Table 5.2 and Table 

5.3 shows the model of MOOCIR get better performance during these 

methods. As a result, it infers that efficient exploitation of graph semantic 

information can result in discriminative abilities. Second, almost all of the 

evaluation metrics show that our proposed method performs significantly 

better than other baselines. Take the Hit Ratio for example, it shows 
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comparatively high scores at 0.895 and 0.928 when k = 10, 20, which is 

7.06%, and 6.42% over the second-best baseline. In regard to NDCG, it 

achieves the obviously highest score when k=5, 10, 20, 50 with the 

improvements of 9.42%, 11.21%, 9.60%, and 4.71%, respectively. As for 

MRR, our method still achieves the obviously highest score 0.518, which is 

7.02% over the best baseline MOOCIR.  

C. Meta-path enhanced graph-based methods (i.e., Metapath2vec, ROME, and 

HGCR-HGCN) have a significant improvement over traditional graph-based 

method (ie., ACKRec, LightGCN and MOOCIR) as shown in Table 5.2 and 

Table 5.3. This is because meta-paths allow for the definition of meaningful 

relationships, enabling the model to capture diverse and higher-order 

connections within the graph. This flexibility, absent in traditional methods, 

leads to more comprehensive representations that better reflect the intricacies 

of the graph structure. By considering task-specific meta-paths, these 

methods adapt to specific applications, providing personalized and accurate 

solutions. The ability to mitigate data sparsity, capture nuanced interactions, 

and enhance expressiveness makes meta-path enhanced graph-based 

methods more effective in modeling complex relationships within graphs, 

leading to superior performance across various tasks. 

D. As the value of K increases, HGCR-HGCN consistently maintains its 

superior performance across the benchmarks. The results presented in Figure 

5.1 demonstrate the effectiveness of HGCR-HGCN in enhancing the 

performance of the ranking recommendation task, specifically Top-K 

recommendation. Compare our method with three different types baseline in 

Figure 5.2, the K=10 shows the best preference of HR@K and NDCG@K. 
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Figure 5.1 : Results of HR@K and NDCG@K in Top-K Recommendation 
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Figure 5.2 : Improve Results between Ours and Different Types 

 

These results demonstrate our method is effective because of these three ways: (i) It 

leverages hypergraph embeddings that are able to capture richer structural information 

about nodes beyond the pairwise relationships in a traditional graph. By modeling 

higher-order connections between nodes, the hypergraph embeddings may better 
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represent the complex relationships in MOOC data, including both direct and indirect 

influences. (ii) It performs causal recommendation in a hyperbolic space rather than 

Euclidean space. Embedding the graph in a hyperbolic geometric setting allows it to 

naturally model hierarchical properties that are inherent in MOOC datasets. (iii) It 

employs contrastive learning on the hyperbolic graph embeddings to induce clusters 

of similar nodes. This could result in embeddings that better discern semantic 

similarities and produce higher quality recommendations. 

5.4 Experimental Analysis 

In order to assess our HGCR-HGCN method's performance even further, this part 

undertakes a number of in-depth experiments, such as the ablation study and the 

impact of hyper-parameters. 

5.4.1 Ablation Study 

This approach involves using hypergraphs to represent the users and courses in the 

MOOCs, and using hyperbolic space to model the relationships and interactions 

between them. Hypergraph based causal inference will be applied to identify the most 

relevant factors influencing learner behavior and performance in MOOCs.  The HGCN 

model uses contrastive learning to learn representations that capture the similarities 

and differences between users and courses, and uses a hyperbolic space-based distance 

metric to measure the similarity between the representations.  
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Table 5.4 : Components Included in the Variants of HGCR-HGCN, Include with 

Checkmarks (√) or Blanks Indicating Not Include. Ignore This Part Checkmarks 

() 

 

Methods HG
a 

CI
b
 HB

c
 HGCI

d
 HGCN

e
 

Ours\HG (no HG)  √ √  √ 

Ours\CI (no CI) √  √  √ 

Ours\HB (no HB) √ √  √  

Ours\HGCI (no HGCI)   √  √ 

Ours\HGCN (no HGCN) √ √  √  

HGCR-HGCN (Ours) √ √ √ √ √ 
aThe Hypergraph constructure (HG) component.  
bThe Causal Inference (CI) component. 
cThe Hyperbolic space (HB) component. 
dThe Hypergraph enhanced Causal Inference (HGCI) component. 
eThe Hyperbolic space Graph Contrastive Network (HGCN) component. 

To understand the individual contributions of HGCR-HGCN's components, an 

ablation study was conducted. Each component was systematically removed or 

replaced, and its impact on MOOC recommendation performance was observed. Table 

5.4 outlines the components included in each HGCR-HGCN variant, which are 

defined as follows:  

• Ours\HG (no HG): This is to demonstrate the important of the hypergraph 

representation component, which is a variant of HGCR-HGCN via getting 

use and concept interaction from it. That is, it only uses meta-path 

constructure to learn user-user and concept-concept’ representations. 

• Ours\CI (no CI): This is to show the necessity of considering the Causal 

Inference component, that is, learning the hide relation removing causal 

relationships between users and concepts from HGCR-HGCN. 

• Ours\HB (no HB): This is to evaluate the importance of the hyperbolic space 

capture the complex, multi-modal nature of MOOC data. That is a variant of 

HGCR-HGCN via substitutes the hyperbolic representations in the multi-

view framework with vanilla Euclidean representations. 

• Ours\HGCN (no HGCN): This method removes the multi-view framework 

by excluding hyperbolic representations and contrastive learning in HGCR-
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HGCN. The objective of this variant is to validate the effectiveness of 

hyperbolic graph contrastive networks in extracting meaningful semantic 

information from input graphs by employing graph contrastive learning of 

both Euclidean and hyperbolic embeddings.  

• Ours\HGCI (no HGCI): This is to evaluate how important of the 

hypergraph construction and causal inference component in the model of 

HGCR-HGCN.  

 

Table 5.5 : The Impact of the Components to the Recommendation Performance 

 

Methods 
HR 
@5 

HR 
@10 

HR 
@20 

HR 
@50 

NDCG

@5 

NDC

G@10 

NDC

G@20 

NDC

G@50 
MRR 

Ours\HG 0.706 0.869 0.903 0.932 0.553 0.612 0.643 0.657 0.507 
Ours\CI 0.710 0.868 0.901 0.939 0.556 0.613 0.639 0.655 0.501 
Ours\HB 0.713 0.866 0.896 0.934 0.552 0.611 0.641 0.658 0.505 

Ours\HGCN 0.701 0.863 0.887 0.924 0.548 0.601 0.632 0.647 0.491 
Ours\HGCI 0.699 0.857 0.891 0.928 0.541 0.604 0.634 0.645 0.494 

Ours   0.728 0.895 0.928 0.952 0.569 0.625 0.651 0.667 0.518 

 

To verify the impact of each part of the model on the overall model, the following 

analysis can be performed based on the results shown in the Table 5.4: 

i. HGCR-HGCN consistently outperforms its other variants, as illustrated in 

Table 5.5. Compared to the Ours\HG (no HG) variant, our model achieves 

improvements of 3.12%, 2.99%, 2.77%, and 2.15% for k values of 5, 10, 20, 

and 50, respectively. This demonstrates the crucial role of the HG 

component, as relying solely on user-user or concept-concept embeddings 

derived from the meta-path structure is insufficient for achieving optimal 

results. 

ii. As evident from Table 5.5, Ours\CI (no CI) consistently underperforms 

compared to HGCR-HGCN, exhibiting declines of 2.54%, 3.11%, 2.99%, 

and 1.38% in HR@K, respectively. This performance gap underscores the 

importance of the CI component, as relying solely on learners' or concepts' 

similarity relationships without considering their latent causal connections 

can only yield suboptimal results. 
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iii. HGCR-HGCN surpasses Ours\HB (no HB), demonstrating clear 

performance gains as evident from Table 5.5. On average, it achieves a 2.74% 

improvement in HR@K. These results highlight the significance of exploring 

the hyperbolic geometric perspective for multi-view representation learning, 

emphasizing that limiting representation learning to Euclidean space may 

lead to suboptimal outcomes. The multi-view representation learning 

enhances semantics and addresses recommendation challenges, as removing 

hyperbolic representations significantly reduces performance. This 

highlights importance of incorporating such representations. 

iv. HGCR-HGCN outperforms Ours\HGCN (no HGCN), that is, when it 

replaces the hyperbolic graph contrastive network with the GCN method, the 

results drop by 3.80% on average for HR@K.  It demonstrates the 

effectiveness of the HGCN model uses contrastive learning to learn 

representations that capture the similarities and differences between users 

and concept, and uses a hyperbolic space-based distance metric to measure 

the similarity between the representations. 

v. To understand the impact of the two components, hypergraph representation 

and causal inference, on the HGCR-HGCN model, the following detailed 

analysis will be conducted below.  

(1). From the Table 5.5, Ours\HGCI (no HGCI): achieves worse results than 

HGCR-HGCN on MOOCCube dataset, decreasing by 4.15%, 4.43%, 

4.14%, and 2.59% on HR@K, respectively. HGCR-HGCN outperforms 

Ours\HGCI (no HGCI), demonstrating the necessity of the hypergraph 

representation and causal inference components.  

(2). To further understand the impact of the two components on the model, we 

conducted the following experiments: First, we removed hypergraph 

representation alone, which is defined as Ours\HG (no HG) variant. The 

experimental results showed that the HR@K performance decreased by 

an average of 2.76%. Second, we removed causal inference alone, which 

is defined as Ours\CI (no CI) variant. The experimental results showed 

that the HR@K performance decreased by an average of 2.51%. Finally, 
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we conducted an experiment by removing HG and CI simultaneously, 

which is defined as Ours\HGCI (no HGCI) variant. The experimental 

results showed that the HR@K performance decreased most significantly 

by 3.80%. As shown in Figure 5.3, the comparative experiments again 

proved that HG and CI have a significant impact on the model. When our 

HGCR-HGCN model includes these two components, it significantly 

improves the model performance.  

 

 

Figure 5.3 : The Results of HGCI vs Ours 

 

(3). To further evaluate the impact of the two components on the model, we 

also introduced the calculation of weights. At the same time, we 

summarized the methods and functions of the two components, as shown 

in Table 5.6. The weight calculation here used sensitivity analysis, which 

can be used to calculate the sensitivity of the part to the model output. 

The greater the sensitivity, the greater the impact of the part on the model 

output. Using sensitivity analysis to calculate the weight of a part in the 

entire model, the following formula can be used: weight = sensitivity / 

total sensitivity. According to the data in Table 5.6, the weights of 

hypergraph representation and causal inference can be calculated to be 

0.32 and 0.27, respectively. 
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Table 5.6 : Hypergraph Construction and Causal Inference 

 

Hypergraph construction in MOOCs recommendation 

Method One Hypergraph representation 

Describe 
Constructing a hypergraph to model relationships among various 

elements in online MOOCs, such as users, courses, and resources. 

Strength 

Captures complex relationships and dependencies among different 

components in online MOOCs, providing a comprehensive and 
flexible representation for analyzing and understanding the structure 

and dynamics of the MOOC ecosystem. 

Metric 0.32 

Causal Inference in MOOCS recommendation 

Method One Propensity Score Matching 

Describe 
Estimating causal effects by matching treated and control groups 

based on their propensity to receive a treatment. 

Strength 

Enables the identification of causal relationships between variables 
in online MOOCs, providing insights into the impact of 

interventions or treatments on user outcomes. 

Metric 0.27 

 

In summary, the results of our method and its variants provide valuable insights into 

the effectiveness of different components. The multi-view framework with hyperbolic 

representations and contrastive learning proves to be crucial in enhancing the 

recommendation system's performance. Furthermore, the additional mapping in the 

angular space and the utilization of hyperbolic representations contribute to further 

improvements. These findings emphasize the significance of incorporating multi-view 

graph representation learning, exploring geometric views, and leveraging contrastive 

learning in recommendation systems. 

5.4.2 Hyperparameters Sensitivity Analysis 

In this section, it investigates the effects of three hyperparameters on our model's 

performance. These hyperparameters include two balance coefficients, denoted as α 

and β, in Equations 12 and 14, and the margin of the angular space, represented as m, 

in Equations 9 and 10. To evaluate their impact, it conducts experiments using the HR 

metric. It began by varying the value of the hyperparameter α from 0.1 to 0.9 while 
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holding other parameters fixed. α controls the influence of representations derived 

from the hyperbolic space on the overall model. As shown in Figure 5.4, it observes 

that higher values of α lead to improved recommendation performance, indicating that 

incorporating representations from hyperbolic space enhances the expressiveness of 

our HGCR-HGCN model. Notably, the model's results remained relatively stable 

when α was within the range of 0.6 to 0.7.  

 

Figure 5.4 : Hyperparameters Sensitivity Analysis of α, β, and M 

 

Next, it fixed all other hyperparameters and explored the impact of varying β from 0.1 

to 0.9. β determines the balance between the two optimization objectives. Based on 

our sensitivity analysis, it found that the model's performance was not significantly 

impacted when β was close to 0.5. 

Regarding the margin parameter M of the angular space, it incrementally varied it 

from 0 to 40 degrees in steps of 10 degrees. M directly affects the discriminative 

capability of the model. Our experiments revealed that performance remained stable 

as M ranged from 10 to 20 degrees. 
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Informed by these sensitivity analyses, it set the hyperparameters α, β, and M to values 

of 0.8, 0.3, and 20 degrees respectively, as these settings yielded favorable results. α 

was set higher to emphasize representations from hyperbolic space, while β was set 

lower to slightly prioritize proximity over contrastive learning. M was allocated an 

intermediate value within the stable range noted. Together, these configurations 

facilitated effective recommendation performance as demonstrated through our 

empirical evaluations. 

5.5 Discussion 

In addition to the aforementioned points, the proposed hypergraph-enhanced causal 

recommendation framework with graph contrastive networks (GCN) for MOOCs also 

addresses the challenge of sparsity in recommendation systems. In MOOC platforms, 

the number of available courses and resources can be vast, and users' interactions with 

these items are often sparse. Traditional recommendation methods struggle to provide 

accurate and diverse recommendations in such sparse scenarios. However, by 

leveraging the hypergraph structure, the proposed framework can effectively capture 

high-order relations among items and users, even in sparse data situations. This 

enables the framework to make more informed and accurate recommendations. 

Furthermore, the framework incorporates graph contrastive networks (GCNs) to learn 

representations of items and users. GCNs have shown great success in capturing 

complex relationships in graph data. By applying GCNs to the hypergraph structure, 

the framework can learn meaningful representations that capture the dependencies and 

interactions among items and users. The graph contrastive loss function used in 

training encourages the representations of positive samples (i.e., items that users have 
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interacted with) to be closer to each other in the embedding space compared to 

negative samples (i.e., items that users have not interacted with). This learning 

mechanism helps improve the discriminative power of the representations and 

enhances the recommendation accuracy. 

The evaluation of the proposed framework involves extensive experiments on a real-

world MOOC dataset. This dataset likely contains information about users, courses, 

resources, and their interactions. The experiments compare the performance of the 

proposed framework against several state-of-the-art baselines, which may include 

traditional collaborative filtering methods, matrix factorization techniques, or graph-

based recommendation models. The evaluation metrics used could include accuracy 

measures, such as precision, recall, or mean average precision, as well as diversity 

measures to assess the variety of recommended items. 

The experimental results demonstrate the superiority of the proposed framework over 

the baseline methods in terms of recommendation accuracy and diversity. This 

indicates that the hypergraph structure, along with the GCN-based model and the 

graph contrastive training, effectively address the limitations of traditional 

recommendation methods in MOOC platforms. The framework's ability to leverage 

high-order relations, capture complex interactions, and learn meaningful 

representations contributes to its improved performance. 

By analyzing the performance of different components, such as the hypergraph 

structure and the GCN model, the study provides insights into their individual 

contributions to the recommendation accuracy and diversity. This analysis helps 
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validate the effectiveness of each component and provides a better understanding of 

their role in enhancing the recommendation performance. It also helps guide future 

improvements and optimizations of the framework. 

Overall, the proposed hypergraph-enhanced causal recommendation framework with 

graph contrastive networks presents a novel approach to addressing the limitations of 

traditional recommendation methods in MOOC platforms. It leverages the hypergraph 

structure to capture high-order relations, employs graph contrastive networks for 

representation learning, and demonstrates promising results in terms of 

recommendation accuracy and diversity. The study contributes to the field of graph-

based learning by showcasing the application of hypergraph structures and graph 

contrastive networks in the context of MOOC recommendation systems. Future 

research directions could involve exploring further enhancements to the framework, 

such as incorporating additional contextual information or evaluating its performance 

on larger and more diverse datasets. 

5.6 Summary 

The paper tackles the challenge of recommending online MOOCs (Massive Open 

Online Courses) by introducing a novel approach that leverages graph representation 

learning from two distinct spaces. This approach not only utilizes the standard 

Euclidean space representations learned by vanilla Graph Neural Networks (GNNs), 

but also incorporates the rich semantic information captured by GNNs operating in the 

hyperbolic space.  To effectively combine these perspectives, we map both 

representations into a unified hyperbolic space and employ a contrastive learning 

framework with an angular margin to achieve more discriminative representation 
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learning.  Extensive experimentation on the widely used MOOCCube dataset 

demonstrates the superiority of our proposed method compared to several state-of-the-

art recommendation algorithms. Looking towards the future, we envision extending 

our method to a broader range of relevant applications, including semi-supervised 

recommendation systems and other real-world scenarios with complex relational data. 
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CHAPTER 6 

6 CONCLUSION AND FUTURE WORK 

6.1 Introduction 

The thesis's main contributions are wrapped up in this chapter. It also describes the 

possible ways to expand or enhance the work that is offered in the thesis. In light of 

this, this thesis is a significant attempt to suggest a similarity check method for online 

MOOC recommendations. This research contributes to the field by developing the 

HGCR-HGCN framework, which integrates hypergraph construction, causal 

inference, and hyperbolic space representation to improve personalized 

recommendations in MOOCs. The use of contrastive learning on hyperbolic 

embeddings further enhances the quality of user and concept representations, leading 

to more accurate and context-aware recommendations. Additionally, the proposed 

method has been comprehensively evaluated against state-of-the-art baselines, 

demonstrating its effectiveness in advancing personalized learning in online 

education. 

6.2 Conclusion 

Massive Open Online Courses (MOOCs) have revolutionized the learning landscape, 

offering individuals convenient access to a wide range of educational resources and 

courses from prestigious institutions. However, the sheer abundance of available 

courses and resources presents a significant challenge for users in discovering the most 

relevant ones that align with their interests and goals. To tackle this challenge, MOOC 

platforms have developed recommendation systems that leverage users' preferences 

and behavior to provide personalized and pertinent course recommendations. These 

© C
OPYRIG

HT U
PM



 

 

98 

recommendation systems aim to enhance the learning experience and outcomes, 

ultimately assisting users in achieving their educational objectives. 

Traditional recommendation methods employed in MOOC platforms, such as 

collaborative filtering and content-based filtering, possess certain limitations. These 

include issues like the cold start problem, where it is challenging to provide 

recommendations for new users or items with limited data, sparsity in the user-item 

interaction matrix, which hinders accurate recommendations, and scalability problems 

when dealing with large datasets. To overcome these limitations, recent research has 

delved into the utilization of graph-based models, specifically graph neural networks 

(GNNs), to bolster the performance of recommendation systems. These models 

leverage the inherent relationships among users, courses, and resources in a MOOC 

platform to offer more precise and effective recommendations. 

In this paper, it proposes a novel hypergraph-enhanced causal recommendation 

framework, complemented by graph contrastive networks (GCN), tailored specifically 

for MOOCs. Our framework capitalizes on the hypergraph structure, enabling the 

capture of higher-order relationships among users and items. It employs a GCN-based 

model to learn representations of items and users, which are crucial for making 

accurate recommendations. Furthermore, the GCN model is trained using a graph 

contrastive loss, which encourages the representations of positive samples (users who 

liked a particular course) to be closer to each other than the representations of negative 

samples (users who did not show interest in the course). The proposed HGCR-GCNs 

framework has the potential to significantly advance the state-of-the-art in 

personalized recommendation systems for MOOCs, by leveraging the unique 

© C
OPYRIG

HT U
PM



 

 

99 

advantages of hypergraph modeling and graph contrastive learning. This research can 

contribute to the development of more effective and efficient recommendation systems 

for MOOCs, and ultimately promote better learning outcomes for MOOC users. 

The task of this research is to develop and evaluate a new recommendation framework 

that leverages hypergraph modeling to capture the complex relationships between 

users, courses, and other contextual factors, and graph contrastive learning to enhance 

the quality of recommendations by learning from negative examples. 

More specifically, the objectives of this research including developing a hypergraph-

based model for representing MOOC user-concept interactions, which captures the 

complex, multi-modal nature of MOOC data. To investigate the use of hypergraph-

based causal inference to identify the most relevant factors influencing user behavior 

and performance in MOOCs. To develop a graph contrastive learning framework that 

can effectively learn from negative examples and enhance recommendation quality. 

And to evaluate the proposed HGCR-GCNs framework against state-of-the-art 

recommendation algorithms on large-scale MOOC datasets, and demonstrate its 

effectiveness in improving recommendation accuracy, diversity, and novelty. 

To evaluate the effectiveness of our proposed framework, it conducted comprehensive 

experiments on a real-world MOOC dataset. The results clearly demonstrate that our 

framework outperforms several state-of-the-art baselines in terms of recommendation 

accuracy and diversity. Additionally, it conducted ablation studies to further validate 

the effectiveness of each component within our proposed framework. 
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Looking ahead, there are several promising avenues for future research in the field of 

MOOCs recommendation systems. One potential direction is exploring the integration 

of hypergraph-based models, which have shown promise in capturing higher-order 

relationships, with graph-based models to further enhance the recommendation 

performance. Additionally, incorporating additional data sources, such as user 

feedback and social network information, could contribute to improving 

personalization and relevance in recommendations. Evaluating recommendation 

systems using diverse metrics, including novelty, serendipity, and fairness, would 

provide a more holistic understanding of recommendation quality. Finally, ensuring 

scalability and efficiency in recommendation systems to handle larger datasets and 

cater to a growing user base is critical for real-time personalized recommendations. 

In summary, our proposed framework has demonstrated its potential to enhance the 

recommendation performance in MOOC platforms. However, further research is 

needed to explore the integration of different graph-based models, incorporate 

additional data sources, evaluate using diverse metrics, and improve scalability and 

efficiency. Addressing these areas of research will contribute to the ongoing 

development and improvement of recommendation systems in MOOCs, ultimately 

benefiting users by enhancing their learning experience and helping them achieve their 

educational goals. 

6.3 Future Works 

Although our proposed framework showed promising results, there are several 

avenues for future research in the field of MOOCs recommendation systems. Firstly, 

further investigation can be conducted to explore the integration of other graph-based 
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models, such as hypergraph-based models, to enhance the recommendation 

performance. Hypergraph based models have shown potential in capturing higher-

order relationships among users, courses, and resources, and their combination with 

graph-based models could lead to improved recommendations. Possible paths include 

developing hybrid graph-hypergraph architectures that can dynamically switch 

between different types of relationships based on the context of the recommendation 

or experimenting with hypergraph attention mechanisms to better capture the relative 

importance of various connections. 

Secondly, the incorporation of additional data sources, such as user feedback and 

social network information, can be explored to further enhance the personalization and 

relevance of the recommendations. User feedback, such as ratings and reviews, can 

provide valuable insights into users' preferences and help refine the recommendation 

algorithms. Social network information, on the other hand, can be leveraged to identify 

influential users or communities that can contribute to more accurate 

recommendations. Possible paths could involve developing multi-modal 

recommendation frameworks that combine textual reviews, ratings, and social 

interactions into a unified model or employing graph-based clustering techniques to 

identify community structures that can inform the recommendation process. 

Furthermore, the evaluation of recommendation systems can be extended to include 

other metrics and dimensions, such as novelty, serendipity, and fairness. These metrics 

can provide a more comprehensive understanding of the quality and effectiveness of 

the recommendations and ensure that they are diverse, unexpected, and unbiased. 

Possible paths include conducting user studies to assess user satisfaction with novelty 
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and serendipity in recommendations, or implementing fairness-aware algorithms that 

mitigate biases based on user demographics or other sensitive attributes. 

Lastly, the scalability and efficiency of the recommendation systems can be further 

improved to handle larger datasets and serve a larger user base. As MOOC platforms 

continue to grow in popularity and attract more users, it is crucial to develop scalable 

algorithms and infrastructure to deliver personalized recommendations in real-time. 

Possible paths include exploring distributed computing frameworks such as Apache 

Spark to parallelize the recommendation process, or employing approximate nearest 

neighbor search techniques to enable real-time performance on massive datasets. 

In conclusion, the proposed framework has demonstrated the potential to enhance the 

recommendation performance in MOOC platforms. However, there are still 

opportunities for future research to explore the integration of different graph-based 

models, incorporate additional data sources, evaluate using diverse metrics, and 

improve scalability and efficiency. Addressing these areas will contribute to the 

ongoing development and improvement of recommendation systems in MOOCs, 

ultimately benefiting the learning experience and outcomes of users. 
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