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CHAPTER 1. INTRODUCTION 

1.1 Overview of the thesis topic 

Recently, the number of students who are forced to drop out of 

universities has been increasing at many institutions, particularly among third- 

and fourth-year students. One contributing factor is that these students often 

lack appropriate study plans. Therefore, identifying the potential of each 

student early on to help them create suitable study plans is one of the necessary 

and supportive research areas for academic advisors [1]. 

To assess the academic ability of students and provide reasonable course 

selection recommendations, many studies have been published on predicting 

the academic ability of students using popular technical methods such as 

Bayesian networks and decision trees [2][3], association rules and sequence-

based association rules [4][5], genetic algorithms, game theory [6], or using 

rough set theory [7], as well as current trends such as deep learning models 

[8][9], or using situation-based reasoning (Case-based reasoning - CBR) [10]. 

1.2 Research problem and significance 

1.2.1 The correlation between ranking prediction and students' academic 

performance prediction 

Recently, the application of Recommender Systems (RS) in predicting 

students' academic performance (PSP) has been invested in research and 

development due to the similarity between predicting students' academic 

performance and ranking prediction in recommendation systems [11]. For 

example, students' academic performance in courses is measured by their 

scores, and product ratings by users are typically on a scale of 1 to 5 stars. 

Figure 1-1 illustrates the similarity between PSP and product rating. 

Figure 1-1: The correlation between ranking prediction and PSP 
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In a recommendation system, there are a list of users (u), a list of items 

such as songs, movies, or products (i), and ratings (r), which are users' 

evaluation scores on the items. Similarly, in the problem of predicting students' 

grades, there are lists of students (s), courses (c), and grades (g). Therefore, 

predicting user ratings in the rating prediction problem of RS is equivalent to 

predicting students' grades (Figure 1-2). This mapping is represented as: {User 

-> Student}, {Item -> Course}, {Ratings -> Gradings}. 

1.2.2 The students' academic performance prediction problem 

The model for predicting students' learning ability is personalized based on 

the idea of Collaborative Filtering (CF) methods in recommendation systems. 

Below are illustrations of the problem of predicting students' ability in three 

groups: Student-based filtering and Course-based filtering (Figure 1-3), and 

Model-based filtering (Figure 1-4). Student-based filtering relies on the 

similarity of abilities between two students and the results of a student who has 

studied to predict the results for a student who has not studied. Similarly, 

Course-based filtering will rely on similar courses to make recommendations 

for students who have studied a similar course.  

Figure 1-2: Mapping student model into recommender systems 

Figure 1-3: Collaborative filtering methods for the similarity 
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Model-based filtering uses latent factor models to predict the results of 

specific courses for each student. 

1.2.3  Recommendation for choosing elective courses 

Before students plan their study schedule for each semester, we explore 

their academic data to provide predictive results. These results serve as the 

basis for a system that recommends suitable elective courses while ensuring 

compliance with the program's curriculum constraints.  For example, suppose 

we have five students: s1, s2, s3, s4, and s5, studying courses C1, C2, ..., Cn, 

C-e1, C-e2, and C-e3, presented in a matrix like Figure 1-5, where each cell in 

the matrix contains the grade of the student for the corresponding course. 

Students who have not studied a course yet will fill the cell with a question 

mark "?". Among these courses, there are three elective courses: C-e1, C-e2, 

and C-e3. Students need to choose two out of these three elective courses to 

obtain the most suitable results. Therefore, the system needs to recommend to 

student s5 which two  elective courses to study among C-e1, C-e2, and Ce3. 

 After running the prediction algorithm for all students and all courses that 

they have not studied, we fill the matrix with the predicted grades. From the 

constraints regarding the number of credits or the number of elective courses 

that students need to study in a semester, the system will provide suitable 

recommendations.  

Figure 1-4: Model-based collaborative filtering method 



 
Page 4 

 

Using the example above, the system recommends that student s5 should 

study two elective courses: C-e1 and C-e2, because the predicted grades of two 

courses are higher than the grade of course C-e3 (3 and 4 > 2) as shown in 

Figure 1-6. 

1.3 Research challenges 

Personalized Prediction: Each learner has different abilities and 

circumstances, so we need to provide personalized predictions for each student, 

while most current research only focuses on general patterns.  

Biased Ratings: In the context of RS, many ratings are influenced by users 

or items, and this bias exists independently of the subjective relationship 

between users and items. This bias is manifested in systematic tendencies in 

the data, where some users will give higher (or lower) ratings than others or 

Figure 1-5: Three courses that need to be predicted for the student s5 

Figure 1-6:The predicted grades and recommendation method 
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some items are more (or less) accepted than others. Similarly, in the educational 

context, there are inconsistent ratings among different instructors (some 

instructors tend to grade higher or lower), as well as different levels of 

difficulty in different courses. This will affect the prediction results and the 

effectiveness of the prediction model, so it needs to be addressed. 

Neglecting the relationships between users and between courses. Students 

in the same environment will influence each other, as well as courses with 

related content, which is a favorable point for us to exploit. 

The accuracy of predictions can also be improved through integrated 

models. As science continues to develop, people always find new successful 

points in this field, which can be applied successfully in other fields. 

1.4 Research issues 

From analyzing the challenges and unresolved issues of related studies, the 

dissertation identifies several research issues, including: predicting students' 

learning abilities through personalization, addressing inconsistencies in 

evaluating students' learning abilities, exploring the potential of considering 

students' friendships in enhancing predictive accuracy, investigating the 

interrelationships among academic subjects, and improving prediction 

accuracy by integrating advanced models. 

1.5 Research objectives and approaches 

The main objective of this thesis is to propose new approaches to "student 

performance prediction" in order to develop a recommendation system for 

suitable course selection for students. 

Objective 1: Propose data mining techniques for predicting students' 

learning ability to provide personalized course recommendations. 

Objective 2: Propose methods to address the problem of uneven evaluation 

(as outlined in research challenge two). 

Objective 3: Propose methods to integrate the relationships between 

students and the correlations between courses into the prediction model to 

improve the accuracy of predicting students' academic performance. 
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Objective 4: Propose methods to integrate the relationships between 

courses into the prediction model to improve the accuracy of predicting 

students' academic performance. 

Objective 5: Propose the application of deep learning techniques to the 

prediction model to improve its effectiveness. 

1.6  Objects and scope of the study 

Study objects are prediction models and data mining.The scope of the 

thesis is to focus on methods for constructing prediction models, with 

experiments conducted on two datasets (Vietnam and international sources). 

1.7 Contributions of the thesis 

The first contribution of the thesis proposes a course recommendation 

model for students using a recommendation system approach, while also 

addressing the issue of inconsistent evaluation data (published in [CT1]). 

The second contribution of the thesis proposes an integrated model that 

combines deep learning architecture with the matrix factorization method to 

improve prediction performance (published in [CT4][CT5]). 

The third contribution of the thesis proposes a method that integrates 

user relationships into the student grade prediction model to leverage the 

influence of peer relationships on academic performance and improve 

prediction accuracy (published in [CT2]). 

The fourth contribution of the thesis proposes methods that incorporate 

additional data, such as the correlation between courses, to improve the 

recommendation performance (published in [CT3]). 

After the research and completion of the thesis, the author has published 

02 papers in international conferences proceedings (IEEE/Scopus indexed), 01 

paper in international conference proceedings (Springer/Scopus indexed), 01 

paper in a journal (Scopus indexed 2020), 01 paper in an international journal. 

1.8 Structure of the thesis 

The thesis is structured as follows: chapter 1 - introduction, chapter 2 - 

overview of research status and related works, chapters 3, 4 & 5 - main research 

problems, chapter 6 - conclusion, list of published paper. 
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CHAPTER 2.  THEORETICAL FOUNDATIONS AND RELATED 

WORKS 

2.1 The Intelligent Tutoring System 

The Intelligent Tutoring System (ITS) is a system capable of 

customizing and providing real-time feedback to learners without the 

intervention or assistance of a teacher [12]. ITS is composed of three different 

fields: computer science, education, and psychology. 

2.2 The Recommender Systems 

Recommender Systems (RS) is a type of information filtering system 

used to predict the preferences or ratings that users may give to an item they 

have not previously considered (an item could be a song, movie, book, product, 

article, news, etc.). RS is a subset of information filtering systems.  

2.3 The Educational Data Mining 

Accurate prediction of students' academic performance is highly useful 

in many different contexts in universities. For instance, academic advisors can 

identify outstanding candidates for talent contests or offer scholarships to 

encourage them to work harder. They can also identify students with poor 

performance (at risk of dropping out) and implement appropriate measures to 

support their learning or suggest elective courses in credit-based systems. 

2.4 Related works 

Due to the urgent nature of evaluating students' learning capabilities to 

provide reasonable counseling suggestions, many studies have been published 

on predicting students' academic abilities using traditional techniques such as 

decision trees, linear regression, support vector machine (SVM), Bayesian 

network models [13], sequential combination rules [4], genetic algorithms [6], 

or using rough set theory [7], applying RS to educational data mining and many 

other studies on EDM [14][15][16][17]. However, the RMSE error 

measurement results are still high, and there is a need to improve the accuracy 

of the algorithm. 
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2.5 Chapter conclusion and discussion 

Based on the theoretical foundations and results of related studies, the 

dissertation provides an overview of the problem of recommendation solutions 

in student learning advising. 

 

CHAPTER 3. PREDICTING STUDENTS' ACADEMIC OUTCOMES 

USING A RECOMMENDER SYSTEM APPROACH 

The content of this chapter proposes predictive models for student 

learning outcomes based on a recommendation system approach, such as 

filtering tasks by similar students, similar courses, and in particular, two Matrix 

Factorization techniques and Biased Matrix Factorization. The experimental 

results demonstrate that the proposed methods have better accuracy than 

baseline methods. The content is synthesized from the publication [CT1]. 

3.1 Approaching the problem of predicting students' academic 

performance using a recommender system 

Other problems in the field of data mining, such as building predictive 

systems for student learning outcomes, also follow the standard CRISP-DM 

(Cross Industry Standard Process for Data Mining) process. This process is 

designed to solve data mining problems and consists of six stages, similar to 

the waterfall model in analysis and design of information systems, including: 

understanding the problem, understanding the data, preparing the data, 

modeling, evaluating the model, and deploying the application. 

3.2 Collaborative filtering based on similar students (Student-kNNs) 

The user-based collaborative filtering method [18] is built on the idea of 

using the entire rating matrix to select a set of users with the most similar 

preferences to the current user. By combining ratings from similar users, it 

predicts ratings for the current user on items that have not been rated. Similarly, 

in the field of education, we assume that similar students will have similar 

abilities in similar subjects. Indeed, the user-based collaborative filtering 

method applied to items can be considered for predicting students' learning 
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abilities. The collaborative filtering method using k-nearest neighbors in the 

context of education is referred to as Student k-NNs. 

3.3 Collaborative filtering based on similar courses (Course-kNNs) 

The collaborative filtering method based on similar courses is different 

from the collaborative filtering method based on similar students. Instead of 

computing the similarity between students in the system and the current student 

s, this method calculates the similarity between the course to be predicted and 

the courses that student s has taken. To calculate the similarity between two 

courses, the method considers the set of students who have taken both courses. 

Then, the method selects a set of neighboring courses with the course for which 

the student s needs a score prediction. Finally, the method combines the scores 

of student s with this set of neighboring courses to provide a score prediction 

for the student s with the course to be predicted. 

3.4 The Matrix Factorization method 

Matrix factorization technique involves approximating a large matrix R 

into two matrices, 𝑊 and 𝐻, which are much smaller in size than 𝑅, so that 𝑅 

can be reconstructed from these smaller matrices as accurately as possible [19], 

as illustrated in Figure 3-1, which means R ≈ WHT. 

W ∈ ℝ|S|×|K| is a matrix where each row 𝑠 is a vector containing 𝑘 latent 

factors describing the student 𝑠, and H ∈ ℝ|C|×|K| is a matrix where each row 𝑐 

is a vector containing 𝑘 latent factors describing the course 𝑐 

Let 𝑤𝑠𝑘 and ℎ𝑐𝑘 are the elements, 𝑤𝑠 and ℎ𝑐 are the vectors of 𝑊 and 𝐻, 

respectively, then the grade 𝑔 given by a student s to a course c is predicted: 

Figure 3-1: Matrix Factorization Model for Student Performance Prediction 
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 𝑔𝑠𝑐̂ = ∑ 𝑤𝑠𝑘
𝐾
𝑘=1 ℎ𝑐𝑘 = 𝑤𝑠ℎ𝑐

𝑇   (3.1) 

The main issue of this technique is how to find optimal values for the 

parameters 𝑊 and 𝐻 given a criterion such as Root Mean Squared Error 

(RMSE), which is determined by 

𝑅𝑀𝑆𝐸 = √
1

|D𝑡𝑒𝑠𝑡|𝑠,𝑐,𝑔∈D𝑡𝑒𝑠𝑡
∑(𝑔𝑠𝑖 − 𝑔𝑠𝑖̂)

2   (3.2) 

Optimizing the objective function using Stochastic Gradient Descent 

(SGD) method. 

𝑜𝑀𝐹 = ∑ (𝑔𝑠𝑐 − ∑ 𝑤𝑠𝑘̂
𝐾
𝑘=1 ℎ𝑐𝑘̂)

2
(𝑠,𝑐,𝑔)∈D𝑡𝑟𝑎𝑖𝑛 + 𝜆(‖𝑊‖𝐹

2 + ‖𝐻‖𝐹
2 ) (3.3) 

Where ‖∙‖𝐹
2  is a Frobenius norm, λ is a regularization weight 

(0 ≤  𝜆 < 1). The term  ∙ (‖W‖F
2 + ‖H‖F

2) is used for preventing over-

fitting . With this new error function, the values of 𝑤𝑠𝑘 and ℎ𝑐𝑘 are updated 

respectively 

𝑤′ = 𝑤𝑠𝑘 + 𝛽(2𝑒𝑠𝑐ℎ𝑐𝑘 − 𝜆𝑤𝑠𝑘) (3.4) 

ℎ′ = ℎ𝑐𝑘 + 𝛽(2𝑒𝑠𝑐𝑤𝑠𝑘 − 𝜆ℎ𝑐𝑘)

  

(3.5) 

Where 𝑒𝑠𝑐 = 𝑔𝑠𝑐 − 𝑔𝑠𝑐 is the prediction error, 𝛽 is the learning rate. 

After the training process, two optimized matrices 𝑊 and 𝐻 are 

obtained, and the prediction process is carried out. The prediction process is 

calculated as follows: 

𝑔𝑠𝑐̂ = ∑ 𝑤𝑠𝑘
𝐾
𝑘=1 ℎ𝑐𝑘 = 𝑤𝑠ℎ𝑐

𝑇 (3.6) 

3.5 The Biased Matrix Factorization method 

To address the issue of objective evaluation and reduce the gap between 

different high or low requirements of different courses, as well as minimize the 

biased suggestions based on the strengths or weaknesses of students in certain 

subjects, we used the Matrix Factorization algorithm combined with a bias 

offset metric to obtain the Biased Matrix Factorization (BMF) algorithm, a 

method published in [CT1]. To predict the grade of student 𝑠 for course 𝑐, it is 

represented by the following formula. 

𝑔̂𝑠𝑐 = 𝜇 + 𝑏𝑠 + 𝑏𝑐 + ∑ 𝑤𝑠𝑘ℎ𝑐𝑘
𝐾
𝑘=1  (3.7) 
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With the value of µ  as the global mean value, which is the average 

gradings of all students across all courses in the training dataset. 

𝝁 =
∑(𝒔,𝒄,𝒈)∈𝑫𝒕𝒓𝒂𝒊𝒏

|𝑫𝒕𝒓𝒂𝒊𝒏|
    (3.8) 

The student effect (student bias) models how good/clever/bad a student 

is (i.e., how likely is the student to perform a course correctly). The value of 𝑏𝑠 

is the average deviation of a student's ability from the global mean value.  

𝑏𝑠 =
∑ (𝒈−𝝁)

(𝒔′,𝒄,𝒈)∈𝑫𝒕𝒓𝒂𝒊𝒏|𝒔′=𝒔

|{(𝒔′, 𝒄, 𝒈) ∈ 𝑫𝒕𝒓𝒂𝒊𝒏
|𝒔′ = 𝒔}|

   (3.9) 

The course effect (course bias) models how difficult/easy the course is 

(i.e., how likely is the course to be performed correctly). The value of 𝑏𝑐 is the 

average deviation of a course's requirement from the global mean value 

𝑏𝑐 =
∑ (𝒈−𝝁)

(𝒔,𝒄′,𝒈)∈𝑫𝒕𝒓𝒂𝒊𝒏|𝒄′=𝒄

|{(𝒔, 𝒄′, 𝒈) ∈ 𝑫𝒕𝒓𝒂𝒊𝒏
|𝒄′ = 𝒄}|

   (3.10) 

As there are changes in the bias values, the objective function also 

changes according to the following formula: 

𝑜𝐵𝑀𝐹 = ∑ (𝑔𝑠𝑐 − 𝜇 − 𝑏𝑠 − 𝑏𝑐 − ∑ 𝑤𝑠𝑘
𝐾
𝑘=1 ℎ𝑐𝑘)

2
(𝑠,𝑐,𝑔)∈D𝑡𝑟𝑎𝑖𝑛 + 𝜆(‖𝑊‖𝐹

2 +

‖𝐻‖𝐹
2 + 𝑏𝑠

2 + 𝑏𝑐
2)  (3.11) 

After the training process, we obtain two optimized matrices 𝑊 and 𝐻, 

and then the prediction process is performed. 

3.6 Evaluation of results 

Dataset - The ASSISTments dataset is published by the ASSISTments 

platform. After preprocessing, this dataset contains 8519 students (users), 

35978 tasks (item), and 1011079 scores (ratings). 

Evaluation - To evaluate the algorithm, we use the hold-out evaluation 

method: randomly selecting 2/3 of the dataset for training and the remaining 

1/3 for testing. Since the task is to predict the learning outcomes of students in 

the form of rating prediction, the most suitable evaluation metric is Root Mean 

Squared Error (RMSE). Moreover, major awards in the RS field use RMSE for 

evaluation, such as Netflix Prize, KDD Cup 2010, etc. 

Hyper-parameter Search - The accuracy of prediction depends on the 

parameters provided to the algorithm. If the parameters are not appropriate, the 
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accuracy of the prediction will not be good even if the algorithm is correct. 

Therefore, finding the best parameters is very important. Hyper-parameter 

search consists of two stages: Coarse Search and Granularity Search.  

We conducted four experiments, and the experimental results are 

displayed in Figure 3-2. Comparing the RMSE error of different methods, the 

graph shows that the error of the proposed approach is the smallest on the CTU 

dataset. The smallest error indicates the best model. 

3.7 Chapter conclusion 

This chapter has introduced an approach using the MF techniques to 

predict students' learning outcomes. Testing on standard datasets showed that 

the proposed process worked well. The application of the method yielded 

promising results. However, the prediction accuracy could be further improved 

by the enhanced methods presented in the next Chapter 4. 

 

CHAPTER 4. DEEP MATRIX FACTORIZATION MODELS FOR 

STUDENT PERFORMANCE PREDICTION 

The content of this chapter proposes the integration of deep learning 

models into the matrix factorization technique to improve the accuracy of 

predictions, which is highly suitable for developing applications in the 

Figure 3-2: Compare the RMSE error of the methods 
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educational recommendation system of the learning advisor. The content of this 

chapter is synthesized from the publication [CT4] 

4.1 Problem formulation and solution methodology 

Recently, there has been increasing interest in applying deep learning 

(DL) to educational data mining. The combination of DL with Matrix 

Factorization (MF) technique holds great promise for achieving significant 

results. In addition, as educational data is being collected more than ever, there 

is a potential for applying big data processing techniques. 

4.2 Integrating deep learning architecture into the matrix factorization  

The main idea of integrating deep learning architecture into the MF 

technique is to reconstruct the matrix factorization process, iteratively 

approximating the output matrix until the best result is achieved. Each step in 

the process is a basic method (MF); the complete model is the sum of matrices 

stored on the stack of factorization steps.  

Figure 4-1 illustrates the operation of the Deep Matrix Factorization 

method (DMF). As in the classical MF method, this matrix 𝑋 will also be called 

𝑋 = 𝐺0 which is the beginning of the process. Approximating a matrix 𝑋 ∈

𝐺|𝑆|×|𝐶| by a product of two smaller matrices, 𝑊0 and 𝐻0, is a form 𝐺0 = 𝑊0 ∙

𝐻0. The matrix 𝐺0 provides all the predicted gradings, and they were stored in 

the stack at the first step. At this step, the recursive is begins. A new matrix 

𝐺1 = 𝑋 − 𝐺0 is built by computing the attained errors between the original 

gradings matrix 𝑋 and the predicted gradings stored in 𝐺0. A factorization 

again approximates this new matrix 𝐺1 into two new small rank matrices 𝐺1 =

𝑊1 ∙ 𝐻1, which produces the errors at the second step 𝐺2 = 𝐺1 − 𝐺1. This 

process is repeated many times by generating and factorizing successive error 

matrices 𝐺1, . . . , 𝐺𝑇. Presumably, this sequence of error matrices converges 

to zero, so we get preciser predictions as we add new layers to the model.  

In a similar manner to the standard MF method (section 3.4), this method 

can be formalized and the approximation can be expressed as follows: 

𝐺0 ≈ 𝐺0 = 𝑊0 ∙ 𝐻0  (4.1) 
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To implement the DMF model, we subtract the approximation 

performed by 𝐺0 to the original matrix 𝑋, to obtain a new sparse matrix 𝐺1 that 

contains the prediction error at the first iteration: 

𝐺1 = 𝑅 − 𝐺0 = 𝐺0 − 𝑊0 ∙ 𝐻0  (4.2) 

Note that positive values in the matrix 𝐺1 mean that the prediction is low 

and need to be increased. Similarly, the negative values in the matrix 𝐺1 mean 

that the prediction is high and need to be decreased. Indeed, this adjustment is 

the main idea of applying the deep learning approach. To do this, we need to 

perform a new factorization to the error matrix 𝐺1 in such a way: 

Figure 4-1: Deep Matrix Factorization for student performance prediction 



 
Page 15 

 

𝐺1 ≈ 𝐺1 = 𝑊1 ∙ 𝐻1  (4.3) 

The approximation process in each step is performed similarly. 

However, note that 𝑘1 ≠ 𝑘0 to get various resolutions in the factorization. In 

the general case, if we computed at 𝑡 − 1 steps of the procedure, the 𝑡𝑡ℎ matrix 

of errors can be determined: 

𝐺𝑡 = 𝐺𝑡−1 − 𝐺̂𝑡−1 = 𝐺𝑡−1 − 𝑊𝑡−1 ∙ 𝐻𝑡−1  (4.4) 

At the step 𝑡, we are also factorizing into matrices 𝑊𝑡 and 𝐻𝑡 have the 

𝑘𝑡 latent factors until the sequence of error matrices converge to zero. 

 𝐺𝑡 ≈ 𝐺𝑡 = 𝑊𝑡 ∙ 𝐻𝑡 (4.5) 

Once the deep factorization process ends after 𝑇 steps, the original 

grading matrix 𝑋 can be reconstructed by adding the estimates of the errors as: 

𝑅 ≈ 𝑅̂ = 𝐺0 + 𝐺1 = 𝐺0 +  𝐺1 + 𝐺2 = ⋯ = 𝐺0 + 𝐺1 + 𝐺2 + ⋯ +

𝐺𝑇 = 𝑊0 ∙ 𝐻0 + 𝑊1 ∙ 𝐻1 + ⋯ + 𝑊𝑇 ∙ 𝐻𝑇 = ∑ 𝑊𝑡 ∙ 𝐻𝑡𝑇
𝑡=0    (4.7)  

The error function for the DMF now becomes: 

𝑂𝐷𝑀𝐹 = ∑ (∑ (𝑔𝑠𝑐
𝑡 − ∑ 𝑤𝑠𝑘𝑡

𝑡𝐾
𝑘𝑡=1 ℎ𝑘𝑡𝑐

𝑡 )
2

(𝑠,𝑐,𝑔)∈D𝑡𝑡𝑟𝑎𝑖𝑛 + 𝜆𝑡(‖𝑊𝑡‖𝐹
2 +𝑇

𝑡=0

‖𝐻𝑡‖𝐹
2 )) (4.8) 

Where 𝜆𝑡 is the regularization parameter of the step 𝑡 to avoid overfitting. 

The error function 𝑂𝐷𝑀𝐹 can be derived to 𝑤𝑠
𝑡 and ℎ𝑐

𝑡  resulting in the 

following updated rules for training the model parameters. The 𝑤𝑠𝑘
𝑡  and ℎ𝑐𝑘

𝑡  are 

updated by the equations below (where 𝑒𝑠𝑐
𝑡 = 𝑔𝑠𝑐

𝑡 − 𝑔𝑠𝑐
𝑡 , and 𝑤𝑠𝑘

𝑡 ′
 is the 

updated value of 𝑤𝑠𝑘
𝑡 , and ℎ𝑐𝑘

𝑡 ′
 is the updated value of ℎ𝑐𝑘

𝑡 ). With the new error 

function of the DMF, The values of 𝑤𝑠𝑘
𝑡 ′

 and ℎ𝑐𝑘
𝑡 ′

 are updated respectively 

ℎ𝑐𝑘
𝑡 ′

= ℎ𝑐𝑘
𝑡 + 𝛽(2𝑒𝑠𝑐𝑤𝑠𝑘

𝑡 − 𝜆ℎ𝑐𝑘
𝑡 )    (4.9) 

𝑤𝑠𝑘
𝑡 ′

= 𝑤𝑠𝑘
𝑡 + 𝛽(2𝑒𝑠𝑐ℎ𝑐𝑘

𝑡 − 𝜆𝑤𝑠𝑘
𝑡 )    (4.10) 

Where 𝛽𝑡 is the learning rate hyper-parameter of step 𝑡 to control the 

learning speed. In this way, after finishing the nested factorization, all the 

predicted ratings are collected in the matrix 𝑋̂ = (𝑔𝑠𝑐), where the predicted the 

grading of the student 𝑠 to the course 𝑐 is given by: 

𝑔𝑠𝑐 = ∑ ∑ 𝑤𝑠𝑘
𝑡 ℎ𝑘𝑐

𝑡𝐾
𝑘=1

𝑇
𝑡=0 = ∑ 𝑤𝑠

𝑡 ∗ (ℎ𝑐
𝑡)𝑇𝑇

𝑡   (4.11) 
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Proposed Algorithm 

Algorithm 4.1: Predicting Student Performance DMF 

Input: 𝐷𝑡𝑟𝑎𝑖𝑛, K, betas, lamdas, stopping condition, depth 

Output: 𝑊, 𝐻 

1.  Let 𝑠 ∈ 𝑆 be a student, 𝑐 ∈ 𝐶 a course, 𝑔 ∈ 𝐺 a grade 

2.   Let  𝑊[|𝑆|][𝐾], 𝐻[|𝐶|][𝐾]  be latent factors of students, courses 

3.   𝑊 ← 𝑁(0, 𝜎2) and 𝐻 ← 𝑁(0, 𝜎2) 

4.   k, t, 𝛽, 𝜆 ← pop (K, T, Betas, Lamdas) 

5.   while (Stopping criterion is NOT met) do 

6. for each (𝑠, 𝑐, 𝑔𝑠𝑐) from 𝐷𝑡𝑟𝑎𝑖𝑛 

7.  𝑔𝑠𝑐̂ ← ∑ (𝑊[𝑠][𝑘] ∗ 𝐻[𝑐][𝑘])𝐾
𝑘    

8.  𝑒𝑠𝑐 = 𝑔𝑠𝑐 − 𝑔𝑠𝑐̂     

9.      for  𝑘 = 1..K do 

10.  𝑊[𝑠][𝑘] = 𝑊[𝑠][𝑘] + 𝛽 ∗ (2𝑒𝑠𝑖 ∗ 𝐻[𝑐][𝑘] − 𝜆 ∗ 𝑊[𝑠][𝑘])  

11.  𝐻[𝑐][𝑘] ← 𝐻[𝑐][𝑘] + 𝛽 ∗ (2𝑒𝑠𝑐 ∗ 𝑊[𝑠][𝑘] − 𝜆 ∗ 𝐻[𝑐][𝑘])  

12.  end for 

13. end for 

14.  end while 

15.  if (is-empty(𝐾)) return new stack (〈𝑊, 𝐻〉) 

16.  else  

17.    𝐺 = 𝐺 − 𝑊 ∙ 𝐻 

18. Params-Stack=Deep- Matrix-Factoriztion (𝐺,K,T,Betas,Lamdas) 

19.    Return push(〈𝑊, 𝐻〉, Params-Stack) 

20.  end else. 

21. end function. 

4.3 Deep Biased Matrix Factorization method 

Similar to the DMF method (presented in section 4.2), this proposed 

method uses the Biased-MF as input for the multi-layer decomposition process 

instead of using MF. This method is called Deep Biased Matrix Factorization 

(DBMF). This method is to synthesize research results from the work [CT5]. 
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4.4 Evaluation of results  

The hyperparameters for the models on the ASSISTments dataset and 

the complexity of these algorithms are presented in Table 4.1.  

Table 4.1: Hyper-parameters on ASSISTments dataset 

Methods Hyper Parameter Complexity 

MF 𝛽=0.03, #iter=50, k=4, 𝜆=0.05 O(s×c×i) 

DMF Deep (d)= 4; numFactors (k)= [3, 6, 3, 3];  

numIters (i)=[50, 50, 50, 50];  

learningRate (𝛽)=[0.01, 0.1, 0.1, 0.1];  

regularization (𝜆) = [0.01, 0.1, 0.1, 0.01]) 

O(s×c×i×d) 

DBMF DMF, RegS, RegC O(s×c×i×d) 

The experimental results are shown in (Figure 4-2), which indicates that 

the RMSE of the proposed approach (DBMF) is the smallest (0.332) on the 

Assistment dataset. The smaller the error, the better the model performance. 

4.5 Chapter conclusion 

This chapter has introduced an approach using deep learning architecture 

to implement the MF and Biased-MF methods in order to improve the accuracy 

of predictions. Applying deep learning architecture for the MF technique may 

slow down the training time, but parallel algorithms can be applied to solve this 

problem. Integrating additional information (meta-data) to improve prediction 

accuracy is presented in the next Chapter 5. 

Figure 4-2: Experimental results on the dataset ASSISTment 
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CHAPTER 5. INTEGRATING DATA RELATIONSHIPS IN 

PREDICTING STUDENT PERFORMANCE 

This chapter presents in detail the methods to improve the accuracy of 

predictions, such as integrating the relationships of students (based on their 

relationships with classmates) and the correlations of courses (based on the 

knowledge and skills of each course). The results are tested on published and 

internal datasets, all showing better results compared to non-integrated 

methods [CT2][CT3]. 

5.1 Problem formulation and solution methodology 

Integrating the relationships of the student's classmates 

With the increasing development of online social networks, integrating 

social networks into RS has become a topic of interest for many researchers 

[20]. The use of social network integration is different from finding similar 

users, as it utilizes the relationship components of another system such as 

Facebook, Twitter, Zalo, etc. to supplement information and improve 

prediction accuracy. Assuming that 'If A is a friend of B, and A performs well 

in studying and is diligent, it may influence B and vice versa'. To test this 

assumption, the thesis integrated the friendships of students into the model 

predicting their academic performance, and achieved better results 

Integrating course relationships 

Similarly, adding relationships between items to the prediction model in 

a recommender system also improves prediction performance [21]. With a 

similar idea: 'If two problems A and B require similar skills, and a student can 

solve problem A, then they may be able to solve problem B'. Therefore, 

effectively exploiting these relationships can enhance the prediction accuracy 

of a student's academic performance. 

The advantage of having data suitable for integration 

In the ASSISTments dataset, the Student_Class_Id field (the student's 

class) is used as a measure of students' friendships, and the Skill_Id field (the 
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required skill for the course) is used to find relationships between course. These 

two fields are significant in improving the effectiveness of prediction. 

5.2 Method for integrating the relationships of the student's classmates 

To integrate the relationships of students into matrix factorization 

technique, the friendships among students in the same class will be transformed 

into a binary relationship matrix (Figure 5-1). 

In the relationship-based approach, each student 𝑠 has a set 𝑁𝑠 

representing their friend relationships with 𝑠. The value 𝑇𝑠,𝑛 represents the 

probability of the relationship between student 𝑠 and student 𝑛, and is a binary 

number; 𝑇 = 0 means that the two individuals 𝑠 and 𝑛 are in different classes, 

and 𝑇 = 1 means that they are in the same class. Figure 5-2 illustrates the 

model of integrating user relationships into the MF technique. 

To incorporate the relationship, we only need to replace the matrix 𝑊𝑠 

with 𝑊̂𝑠 using (5.1) and then proceed similarly to the basic MF technique. 

Figure 5-1: The transformation of the friendship into relationship matrix 

Figure 5-2: Model for integrating user relationships into MF techniques 
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𝑤̂𝑠 =
∑  𝑛∈𝑁𝑠 𝑇𝑠,𝑛𝑤𝑛

∑  𝑛∈𝑁𝑠 𝑇𝑠,𝑛
=

1

|𝑁𝑠|
∑  𝑛∈𝑁𝑠

𝑤𝑛   (5.1) 

Where 𝑊̂𝑠 is the estimated latent feature vector of s given the feature 

vectors of his direct neighbors. Since 𝑇𝑠,𝑛 is a binary matrix so that all non-zero 

values of 𝑇𝑠,𝑛 = 1 and ∑ 𝑇𝑠,𝑛 = |𝑁𝑠|𝑛∈𝑁𝑠
. To integrate relationship into the MF, 

we need replace 𝑊𝑠 by 𝑊̂𝑠 in the prediction function, and it become: 

𝑔𝑠𝑐 = ∑  𝐾
𝑘=1 𝑤̂𝑠𝑘ℎ𝑐𝑘 = 𝑤̂𝑠 ∙ ℎ𝑐

𝑇   (5.2) 

The objective function of the SocialMF technique is still calculated as in 

the MF technique, but with an additional coefficient for the relationship: 

𝑂SocialMF = ∑  (𝑠,𝑐,𝑔)∈𝐷train (𝑔𝑠𝑐 − ∑  𝐾
𝑘=1 𝑤̂𝑠𝑘ℎ𝑐𝑘)

2
+ 𝜆(∥ 𝑊 ∥𝐹

2 +∥ 𝐻 ∥𝐹
2 ) +

𝜆𝑇 ∑  𝑆
𝑠=1 (𝑤𝑠 −

1

|𝑁𝑠|
∑  𝑛∈𝑁𝑠

𝑤𝑛)
2
 (5.3) 

The values of 𝑤 and ℎ are also updated after each iteration as follows:  

𝑤𝑠𝑘
′ = 𝑤𝑠𝑘 + 𝛽(2𝑒𝑠𝑐ℎ𝑐𝑘 − 𝜆𝑤𝑠𝑘) + 𝜆𝑇 (𝑤𝑠𝑘 −

1

|𝑁𝑠|
∑  𝑛∈𝑁𝑠

𝑤𝑛𝑘) −

𝜆𝑇 (∑  𝑡∈𝑆𝑠

1

|𝑁𝑠|
(𝑤𝑡𝑘 −

1

|𝑁𝑠|
∑  𝑤∈𝑁𝑠

𝑤𝑤𝑘)) (5.4) 

 ℎ𝑐𝑘
′ = ℎ𝑐𝑘 + 𝛽(2𝑒𝑠𝑐𝑤𝑠𝑘 − 𝜆ℎ𝑐𝑘)    (5.5) 

Where 𝑒𝑠𝑐 = 𝑔𝑠𝑐 − 𝑔𝑠𝑐 ;  𝛽 is the learning rate; 𝜆 is the regularization 

for matrices 𝑊 and 𝐻; 𝜆𝑇 is the regularization for the relationship matrix 𝑇; 𝑆𝑠 

is the set of all students; 𝑁𝑠 is the set of classmates of student 𝑠; |NS| is the total 

number of classmates with student s. After the optimization process, we obtain 

the optimized values of matrices 𝑊 and 𝐻. The prediction function is as: 

𝑔𝑠𝑐 = ∑  𝐾
𝑘=1 𝑤𝑠𝑘ℎ𝑐𝑘 = 𝑤𝑠 ∙ ℎ𝑐

𝑇    (5.6) 

5.3 Method for integrating the relationships of courses 

Similarly, we need to convert this relationship into a binary relationship 

matrix 𝑅. Each course has a set 𝑅𝑐 representing the relationship between course 

𝑐 and course 𝑚. The value of 𝑅𝑐𝑚 is either 0 or 1. If 𝑅𝑐𝑚 = 1, then courses c 

and m are related, otherwise 𝑅𝑐𝑚 = 0. The MF model still serves as the basis 

for integrating the relationship between courses into the model. 

Similarly to SocialMF, we calculate the value of ℎ̂ to replace ℎ as: 

ℎ̂𝑐 =
∑  𝑚∈𝑅𝑐 𝑅𝑐,𝑚ℎ𝑚

∑  𝑚∈𝑅𝑐 𝑅𝑐,𝑚
=

1

|𝑅𝑐|
∑  𝑚∈𝑅𝑐

ℎ𝑚     (5.7) 

The prediction still follows the MF formula, but replaces ℎ with ℎ̂ 
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𝑔𝑠𝑐 = ∑  𝐾
𝑘=1 𝑤𝑠𝑘ℎ̂𝑐𝑘 = 𝑤𝑠 ∙ ℎ̂𝑐

𝑇     (5.8) 

The new objective function (CRMF) is calculated: 

𝑂CRMF = ∑  (𝑠,𝑐,𝑔)∈𝐷train (𝑔𝑠𝑐 − ∑  𝐾
𝑘=1 𝑤̂𝑠𝑘ℎ̂𝑐𝑘)

2
+ 𝜆(∥ 𝑊 ∥𝐹

2 +∥ 𝐻 ∥𝐹
2 ) +

𝜆𝑅 ∑  𝐶
𝑐=1 (ℎ𝑐 −

1

|𝑀𝑐|
∑  𝑚∈𝑀𝑐

ℎ𝑚)
2
 (5.9) 

The values of 𝑤 and ℎ are also updated after each iteration as follows: 

𝑤𝑠𝑘
′ = 𝑤𝑠𝑘 + 𝛽(2𝑒𝑠𝑐ℎ𝑐𝑘 − 𝜆𝑤𝑠𝑘)   (5.10) 

ℎ𝑐𝑘
′ = ℎ𝑐𝑘 + 𝛽(2𝑒𝑠𝑐𝑤𝑠𝑘 − 𝜆ℎ𝑐𝑘) + 𝜆𝑅 (ℎ𝑐𝑘 −

1

|𝑀𝑐|
∑𝑚∈𝑀𝑐

 ℎ𝑚𝑘) −

𝜆𝑅 (∑𝑟∈𝐶𝑐
 

1

|𝑀𝑐|
(ℎ𝑟𝑘 −

1

|𝑀𝑐|
∑𝑦∈𝑅𝑐

 ℎ𝑦𝑘))  (5.11) 

Where 𝑒𝑠𝑐 = 𝑔𝑠𝑐 − 𝑔𝑠𝑐 , 𝛽 is the learning rate, 𝜆 is the regularization for 

matrices 𝑊 and 𝐻; 𝜆𝑅 is the regularization for the relationship matrix R; 𝐶𝑐 is 

the set of all courses, 𝑀𝑐 is the set of courses that are related to each other; |𝑀c| 

is the total number of courses in the same related group. After the optimization 

process, the prediction function is as follows: 

𝑔𝑠𝑐 = 𝑤𝑠 ⋅ ℎ̂𝑐
𝑇     (5.12) 

5.4 Evaluation of results 

The ASSISTments dataset after processing includes 8519 students, 

35978 problems, and 1011079 performances. The CTU University dataset 

includes 4017 students, 353 courses, and 279536 scores. We use the hold-out 

cross-validation method and the (RMSE) measure for experiments evaluation. 

The hyperparameters and complexity described in detail (Table 5.1). 

Table 5.1: Hyper-parameters on ASSISTments dataset 

Methods Hyper-Parameters Complexity 

Student-kNNs k=5, simMeasure=Cosine O(s2×c) 

Course-kNNs k=5, simMeasure=Cosine O(c2×s) 

MF =0.01, i=60, k=32, =0.1 O(s×c×i) 

Social-MF k=80,=3,=0.01,SocialReg=5,i=500 O(s3×c×i) 

CRMF k=80, =3,=0.01,ItemReg=3, i=300 O(c3×s×i) 

From the comparison chart (Figure 5-3), it can be seen that when 

applying the user relationship integration algorithm to the predicting students' 
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academic performance, it achieved the lowest RMSE error compared to other 

algorithms when experimented on 2 datasets from Vietnam and international. 

Similarly, from the chart (Figure 5-4), it can be seen that when applying 

the CRMF algorithm to the problem of predicting student performance, it 

achieves the lowest RMSE error (0.423) compared to other algorithms. 

5.5 Chapter conclusion 

The thesis has introduced two approaches to integrate the social 

relationships among students and the correlations among courses into 

predicting students' academic performance, illustrated through two techniques, 

SocialMF and CRMF. With these approaches, we can leverage additional 

information from the existing dataset to integrate into the prediction model, 

improving the prediction results. 

Figure 5-3: Comparison of RMSE error on 2 datasets CTU and ASSISTment 

Figure 5-4: The RMSE error comparison chart of integrated algorithms 
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CHAPTER 6. CONCLUSION AND FUTURE WORKS 

6.1 Conclusion 

The thesis aims to address a topic of theoretical and practical 

significance in computer science that is of particular interest to the research 

community and educators, which is the investigation of recommendation 

solutions in academic advising and the development of its applications. 

Theoretical contributions 

The thesis has presented fundamental and expanded research on 

educational data mining techniques in predicting students' academic 

performance personalized to their needs, and has shown that applying 

recommendation systems in academic advising has somewhat positively 

supported students in choosing suitable courses for each individual student. 

Although the application of recommender systems in predicting student 

academic performance has shown promising results, the issue of improving the 

accuracy of algorithms and utilizing additional information remains open. 

Therefore, the thesis proposes some methods to integrate data relationships into 

matrix factorization techniques to improve the prediction effectiveness. Indeed, 

integrating interaction information (such as student friendship relationships, 

relationships between courses) into the prediction model increases the accuracy 

of the predictions. Through experiments, it has been shown that these 

integration methods are more effective than other methods. 

Currently, deep learning is a popular technique in prediction, 

recognition, and classification problems applied in many fields. With the idea 

based on the superiority of deep learning techniques, we combine deep learning 

architecture with matrix factorization technique in the recommendation system 

to provide more accurate prediction results. From there, it can be applied to the 

problem of predicting students' academic performance to serve as a basis for 

recommending suitable elective courses. 

Practical contributions 

In practical terms, to apply data mining techniques to solve the problem 

of predicting students' learning abilities and supporting study advice 
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recommendations, it is necessary to build an intuitive tool (website) that assists 

students in making decisions about planning their studies based on their own 

abilities. Therefore, the thesis proposes a model architecture to build a flexible 

and easily upgradable or improved course selection recommendation system. 

6.2 Limitation and future works 

Limitations 

Although the proposals put forward in the thesis have addressed the 

problem of suggesting courses for students, which is an important and time-

consuming task for academic advisors, there are still some limitations that have 

not been resolved in the proposed solutions: 

 The problem of suggesting courses to students in an order that is suitable 

for each individual student. 

 The issue of limited supplementary data, such as students' social network 

data or digitized content data for courses. 

Future works 

The learning capability of students will change over time, affecting the 

prediction results. Therefore, researching the technique of time series matrix 

factorization (Time Series MF) will be a potential direction for the study.  

Moreover, the order of courses that students take will also affect the 

learning outcomes and the prediction results of the algorithm. Predicting results 

using sequential matrix factorization technique (Sequence MF) is also a 

promising development direction.  

In addition to applying matrix factorization techniques to predict student 

learning outcomes with great success, there are still open questions about 

applying modern methods to solve this problem, such as distance measurement 

in recommendation systems, or new methods such as Graph Neural Networks 

that leverage the prediction power of deep learning for rich data structures that 

describe objects and their relationships as points connected by edges in a graph. 

In the future, these are potential methods to solve the problem of predicting 

student learning outcomes. 
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