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Abstract 
With the development of information technology, online learning has gradu-
ally become an indispensable way of knowledge acquisition. However, with 
the increasing amount of data information, it is increasingly difficult for 
people to find appropriate learning materials from a large number of educa-
tional resources. The recommender system has been widely used in various 
Internet applications due to its high efficiency in filtering information, help-
ing users to quickly find personalized resources from thousands of informa-
tion, thereby alleviating the problem of information overload. In addition, 
due to its great use value, many new researches have been proposed in the 
field of recommender systems in recent years, but there are not many works 
on online course recommendation at present. Therefore, this paper aims to 
sort out the existing cutting-edge recommendation algorithms and the work 
related to online course recommendation, so as to provide a comprehensive 
overview of the online course recommender system. Specifically, we will first 
introduce the main technologies and representative work used in the online 
course recommender system, explain the advantages and disadvantages of 
various technologies, and finally discuss the future research direction of the 
online course recommender system. 
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1. Introduction 

In recent years, the emergence of online education platforms and massive open 
online courses (MOOCs) has attracted widespread interest. The establishment of 
various MOOCs platforms, including XuetangX, Chinese University MOOC, 
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and Coursera, provides convenient education for more than 100 million users 
around the world, and provides a low-cost opportunity to access excellent courses 
in many top universities [1]. Due to its convenience and abundance of teaching 
resources, online learning has gradually become a common way of learning. 
Especially due to the influence of COVID-19 in recent two years, traditional 
teaching methods have become difficult to implement in many places. Online 
learning plays an important role at this time. The rapid development of online 
learning has changed the traditional teaching mode and made people study any-
time and anywhere a reality. Online learning has become an important way for 
people to learn knowledge, expand their skills, and conduct academic research 
[2]. 

However, while online learning brings many conveniences, it also leads to 
the increasingly serious problem of information overload [3]. Due to the rapid 
growth of the number of educational resources, it has gradually become difficult 
for people to choose suitable courses for learning. In order to effectively solve 
the information overload, people first use search engine tools, which take key-
word search as the core. With the help of search engines, users can search re-
levant courses simply by typing in the keywords of the courses they want to 
query. Due to its convenient and easy-to-use features, search engines reduce the 
problem of information overload to a certain extent. However, in online learning 
scenarios, users may not have a clear purpose. In addition, the selection of 
courses usually requires some pre-knowledge, and users usually lack an in-depth 
understanding of the overall knowledge structure, and do not know which courses 
are suitable for them, so they cannot determine their course selection goals. In 
the absence of a definite purpose, the search engine cannot provide effective in-
formation to users due to their self-limiting nature. 

The recommender system is another effective means to solve the information 
overload. Given the historical interaction data of users and items, the recom-
mender system can effectively capture hidden information such as the user’s 
personalized preferences and item attributes based on these data, so as to obtain 
information from appropriate materials filtered out from the massive resources 
and displayed to users [4]. At present, recommendation systems have been 
widely used in the fields of e-commerce and social media platforms, and have 
become an important part of many portals, playing an increasingly important 
role [5]. 

The use of the recommender system effectively solves the problem of infor-
mation overload. For the course recommender system, another problem needs 
to be solved, that is, how to achieve personalized recommendation. Traditional 
recommender systems usually only consider the items that the user has inte-
racted with, and then recommend the next item that the user may be interested 
in, without fully considering the user’s personalized preferences. In the online 
learning scenario, in addition to extracting the user’s preferences based on the 
user’s historical course selection records and their performance in these courses, 
it is also necessary to take the user’s knowledge structure into consideration 
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based on the knowledge dependence between courses. In addition, it is also ne-
cessary to consider the user’s career planning and other factors, so as to help us-
ers select suitable courses from hundreds of courses for learning. In this way, it 
can provide personalized recommendations while avoiding the common cold 
start problem in the recommendation system [6] [7]. For an efficient online 
course recommender system, the recommender system should be able to capture 
users’ interests according to users’ historical course selection records, extract us-
ers’ personalized characteristics, and comprehensively consider users’ majors, 
knowledge structure, career planning and other factors to make accurate and per-
sonalized recommendations for users. 

Over the last decade, researchers have done a lot of work on recommender 
systems. However, there are still few relevant applications of recommendation 
algorithms in online course recommendation at present. How to apply the cur-
rent state-of-the-art recommendation algorithm to online course recommenda-
tion is the main challenge faced by the current online course recommendation 
system. In order to effectively promote the research on online course recom-
mendation, it is necessary to refer to the existing cutting-edge recommendation 
algorithms. Compared with other e-commerce scenarios or social media rec-
ommendation scenarios, online learning scenarios have many differences, and 
the recommendation for online courses has important research value for online 
learning scenarios [8]. Therefore, sorting out, analyzing and summarizing exist-
ing recommendation algorithms plays a very important role in the further study 
of online course recommender system in the future. 

The goal of this article is to comprehensively review the current cutting-edge 
recommendation algorithms and the latest work on online course recommenda-
tion. Researchers and practitioners interested in the online course recommender 
system can have a holistic understanding of the recommender system, and 
quickly learn about the latest developments in the current online course recom-
mender system, and learn how the online course recommender system recom-
mends courses to users. The key contributions of this paper are as follows: 
 We propose a new classification system for online course recommender sys-

tem, which divides recommendation algorithms into general recommenda-
tion and sequential recommendation according to whether the order of course 
selection is taken into account, and distinguishes recommendation algorithms 
according to the technology used, reorganizing the existing course recom-
mender system model. 

 According to the new classification system of online course recommendation 
algorithm, we sorted out the problems to be solved under different technolo-
gies, introduced the most representative work at present, and summarized 
the overall ideas of each recommendation model to explain how they solve 
the problems. 

 We discuss the limitations and challenges of various recommendation algo-
rithms, and point out the shortcomings of current online course recommender 
system research and the possible future development direction. 
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The remaining of this article is organized as follows: The Section 2 is an over-
view of online course recommender system, introducing the basic concepts and 
framework of the recommendation system. In Section 3, we will introduce the 
general recommendation model, mainly introducing the evolution process of the 
general recommendation method, including from the classic collaborative filter-
ing method to the neural network-based model and the recently popular graph- 
based neural network model Section 4 introduces the sequence recommendation 
model. Different from the general recommendation model, the sequence rec-
ommendation uses algorithms commonly used in natural language processing 
such as recurrent neural networks and self-attention mechanisms to take into 
account the interaction sequence of the user’s historical interaction items to im-
prove recommendation effects. We will show how they are applied to the re-
commender system. In Section 5, we will discuss the datasets and evaluation 
metrics commonly used in the current online course recommender system. Fi-
nally, we summarize the online course recommendation algorithm, point out the 
shortcomings and challenges of the current research, and discuss the promising 
future research direction. 

2. Overview of Course Recommender System 

Before we dive into the details of this survey, we start with a brief introduction to 
the basic concepts regarding online course recommender systems. 

Based on the attributes of users and items or the historical interaction data 
between them, the recommender system can infer users’ personalized prefe-
rences and hidden features of items, and further recommend items that users 
may be interested in. Therefore, a typical recommender system task is generally 
defined as generating a list of recommended items for users in a specific recom-
mendation environment or predicting users’ preference for a specific item. As 
for the course recommender system, similarly, it is mainly used to recommend a 
course list for the user or predict the user’s preference for a certain course, so as 
to predict the course that the user may attend next. 

The input data of the recommender system usually includes explicit data (rat-
ings, likes/dislikes) and implicit data (clicking, browsing and other behavioral 
data), or user portraits (gender, age, etc.) and item content (text, image, and 
other description or content), or label, comment and other side information. For 
versatility and ease of practice, this article only considers the interaction records 
between users and items. Such a recommender system is easier to transplant to 
course recommendation. In the course recommender system, we only need to 
pay attention to the user’s historical course selection record information. There-
fore, the item mentioned in this article usually refers to courses, and the interac-
tion record between the user and the item refers to the record of the user select-
ing courses. Adding side information such as course content into consideration 
may improve the recommendation effect. However, due to the fact that there are 
still relatively few related researches and the complexity of the research is in-
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creased, this article will not discuss it. It is worthy of further research in the fu-
ture. 

After the user’s course selection record data is collected, the data needs to be 
input into the model. How to represent these data in the recommender system is 
the first concern. In recommender systems, data is usually represented in the 
form of vectors. For example, using one-hot encoding to represent users and 
items is the easiest way. Assuming there are 3 users and 4 items, user 2 is 
represented by [0, 1, 0], and item 3 is represented by [0, 0, 1, 0]. By inputting the 
user’s course selection data into the recommendation model, different user and 
item representations can be obtained. This kind of representation is also called 
latent representation, which can be used to input into other models for further 
processing, or to generate a recommendation list. The whole processing frame-
work is shown in Figure 1.  

In the model layer, a wide range of models are available, including autoen-
coders, neural networks, reinforcement learning, and so on. In the output layer, 
using the learned latent representation of users and items, the recommended list 
of items can be generated by using inner product, SoftMax, similarity calculation 
and other methods. This article mainly focuses on the advanced technologies 
and algorithms used in online course recommendation, that is, the model level. 
According to whether to consider the order of historical course selection records, 
online course recommendation systems can generally be divided into general 
recommendation tasks and sequential recommendation tasks. 

3. General Recommendation Method 

General recommendation assumes that users have static preferences. Based on 
historical data of interaction between users and items, the similarity between us-
ers and items is modeled based on explicit (e.g., score) or implicit (e.g., click) 
feedback. In general recommendation, the most representative method is colla-
borative filtering, which is one of the most widely used and oldest algorithms in  
 

 

Figure 1. Course recommendation system framework. 
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recommender systems [9] [10]. The recommendation algorithm based on colla-
borative filtering models the user-item historical interaction record data to pre-
dict the user’s preference or rating of the item, and then recommends the top-N 
items that may be of interest to the user, as shown in Figure 2 [11].  

The basic idea of collaborative filtering is to assume that similar users have 
similar preferences. Therefore, other users similar to the target user can be iden-
tified, and then the items liked by these similar users can be recommended to the 
target user. At present, there are many researches on collaborative filtering. For 
example, some early memory-based models realized user (item) based collabora-
tive filtering by calculating the similarity of users (items). Recommendation 
based on collaborative filtering usually expresses user-item interaction in the 
form of a matrix, and then turns the recommendation task into a matrix filling 
task [12]. 

Suppose we have M users ( { }1, , MU u u=  ) and N items ( { }1, , NI i i=  ), the 
interaction between users and projects can be expressed in the form of a matrix, 
usually denoted by M NR ×∈ . For explicit interaction, the interaction matrix is 
also called scoring matrix. The rows of the interaction matrix represent users 
and the columns represent items. We denote row u and column i of the matrix 
as uir , which represents user u’s preference score for item i. Matrix factorization 
algorithm, by decomposing the user item interaction matrix into low-dimensional 
hidden factor vectors as the representation of users and items, and then using 
the trained representation to reconstruct the interaction matrix R̂ , where ûir  
represents the predicted score of user u for item i, therefore R̂  is also called the 
prediction matrix. Matrix factorization is one of the most typical collaborative 
filtering methods by reconstructing the interaction matrix to predict whether the 
user is interested in items that have not yet interacted, so as to further recom-
mend the items that may be of interest to the target user and complete the rec-
ommendation task [12] [13]. Matrix factorization is widely used in various ap-
plications due to its simplicity. However, in the face of an increasing number of 
users and items, matrix factorization in practical applications faces a serious data 
sparse problem. There may be very few items that have interacted with users, 
resulting in poor performance. 

As can be seen from the example of matrix factorization, collaborative filtering 
first obtains the vector representation of users and items in the recommendation  
 

 

Figure 2. The recommendation algorithm based on collaborative filtering. 
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system. By encoding the user ID and item ID into a one-hot encoding, and then 
inputting them into the embedding layer (hidden factor model), the vector re-
presentation of the user and the item can be obtained, denoted by up  and iq  
respectively. This process is also called representation learning. Based on the 
learned representation, the interaction between the user and the item can be 
re-established, and the user u’s preference prediction for item i can be obtained, 
denoted as ûir . This process is also called interaction modeling. For example, it 
can be constructed with the inner product of up  and iq , that is,  

1
ˆ T
ui u i iff

k
ufr p q p q

=
= = ∑ , where k is the dimension of hidden space. The inner 

product can effectively express the similarity between the user’s items. The 
greater the value of the ûir , the more likely the user will like the item. Because of 
its simplicity and efficiency, many works have used this method and achieved 
good results. Many of the current work can be classified as improvements to re-
presentation learning or interaction construction.  

3.1. Neural Network-Based Method 

In recent years, deep neural network technology has emerged. Due to its excel-
lent nonlinear modeling ability, it has strong expressive ability. Deep learning 
has been widely used in various artificial intelligence applications such as com-
puter vision and natural language processing [14] [15] [16]. Naturally, how to 
introduce deep learning into the recommender system has been a research 
hotspot in recent years. 

For instant, a multilayer neural network can be used to fit the inner product 
operation in the interaction construction function of matrix factorization. Most 
previous models use inner products to model interactions between users and 
items, such as the matrix factorization model described above. Since only linear 
modeling is used, matrix factorization can be regarded as a linear model with la-
tent factors. However, since it only model linear interactions, it may not be able 
to effectively capture the complex relationship between users and items, result-
ing in a suboptimal model [17]. According to the characteristic that neural net-
work can fit any complex continuous function, researchers try to use multi-layer 
neural network to fit the inner product operation of matrix factorization interac-
tion function, and proposed the NCF model [18]: ( )||ûi MLP u ifr f p q= . Due to the 
nonlinear modeling characteristics of neural networks, NCF has better expres-
sive capabilities than matrix factorization models. In addition, the author of the 
NCF model proposed that combining the linearity of the matrix factorization 
and the nonlinearity of the neural network model can further improve the rec-
ommendation effect of the model. 

Referring to the idea of autoencoder, AutoRec [19] and CDAE [20] use neural 
networks to implement encoders and decoders to reconstruct the user item in-
teraction matrix. Taking one row (user-based) or one column (item-based) of 
the interaction matrix R as input, and projecting the input features to a low-di- 
mensional vector space using a neural network, a hidden layer representation of 
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the user or item can be obtained (encoding process). Then use the neural net-
work representation to project the hidden layer representation to the normal 
space, decode it to restore the input features, and the output result is the user’s 
preference prediction (decoding process), as shown in Figure 3. Utilizing the 
characteristics that the target value and input value are similar in the autoen-
coder, the model parameters are optimized by minimizing the reconstruction 
error, so as to reconstruct the ratings of items for which the user has not inte-
racted. Different from AutoRec, in the encoding process, the CDAE model con-
siders the personalization factors of different users, and adds a user factor for 
each user, making the model more semantic. In order to make the model more 
robust, the CDAE model performs noise processing on the input features (im-
plemented by dropout or adding Gaussian noise).  

In addition to directly using the user’s ID to establish a vector representation 
of the user, some methods propose to use the representation of the user’s histor-
ical interactive items to construct a better user representation. For example, a 
simple idea is to directly use the average representation value of all historical in-
teraction items of the user as the user’s representation, as implemented by FISM 
[21]:  

1ˆ
u

T

ui j i
ju

r q qα
∈

 
 ′ =
 
 

∑


                    (1) 

where u  represents the item that has interacted with user u, and α  is the 
hyperparameter that controls the regularization. Similarly, SVD++ [22] adds the 
user representation constructed by ID and the user representation constructed 
by historical interactive items, and uses it as a new user representation. Although 
these methods have achieved good performance, in fact, different items have 
different contributions to user preferences, and equal aggregation of user history 
items will limit their ability to express. 

Obviously, different weights should be given to different items to obtain better 
user representation, higher weights should be given to items that can better re-
flect user interests, and lower weights should be given to items that are less or 
even irrelevant to user interests. The use of attention mechanism can well solve  
 

 

Figure 3. Autoencoder. 

https://doi.org/10.4236/ojapps.2022.121010


J. L. Lu 
 

 

DOI: 10.4236/ojapps.2022.121010 142 Open Journal of Applied Sciences 
 

this problem. For example, NAIS [23] model gives different weights to user his-
torical interaction items according to different target items:  

( )( )
( )( )

ˆ

exp ,

exp ,

u

u

T

ui ij j i
j

i j
ij

i k
k

r a q q

q q
a

q q
β

∈

∈

 
′=  

 

′
=
 

′ 
 

∑

∑









                    (2) 

where ija  is the attention weight, which represents the contribution of the his-
torical interaction item j to the user’s preference for the target item i. ( ),⋅ ⋅  
can be an MLP operation or a simple inner product function. The value range of 
β  is [0, 1], which is a hyperparameter used to smooth the length of different 
historical interactive items of users. By using the attention mechanism, the re-
presentation ability of the model can be effectively enhanced, and the prediction 
effect can be improved. Similar work that uses the attention mechanism also in-
cludes Attentive Collaborative Filtering (ACF) [24], Deep Item-based CF model 
(DeepICF) [25] and Deep Interest Network (DIN) [26], etc. 

3.2. Graph Neural Network-Based Method 

In recent years, Graph Neural Network (GNN) technology has been widely used 
in many fields due to its outstanding performance in graph structure data learn-
ing [27]. In the recommender system, most of the information essentially has a 
graph structure. For example, user item interaction data can be represented us-
ing a bipartite graph structure, as shown in Figure 4, which is more intuitive 
than using a matrix to represent the interaction between users and items. By us-
ing the graph structure, graph algorithms can be naturally applied to model user 
item interaction data. Since GNN has obvious advantages for representation 
learning and can effectively model the bipartite graphs of user items, there have 
been many attempts to apply graph algorithms to recommender systems. 

By observing the bipartite graph structure, it can be found that the user’s his-
torical interaction items are actually the first-order neighbors of the user node in 
the graph. The traditional deep learning method only models the user’s histori-
cal interaction data, that is, only considers the first-order neighbors in the user  
 

 

Figure 4. User-item bipartite graph. 
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interaction data, and does not consider its second-order neighbors (other users 
who have the same interactive items as the user) and other high-order neigh-
bors. Therefore, a natural extension is to encode the high-order interaction in-
formation between users and items into their representation, and model the 
high-order connectivity in the graph structure to improve the expression ability 
of the model. 

The GNN-based recommender system first uses the user item representations 
0P  and 0Q  constructed by ID as 0-order representations, and then iteratively 

transmits and updates the node information on the graph through the graph 
neural network layer. The ( )th1l + -order representation of a user 1l

up +  (item 
1l

ip + ) can be constructed from its thl -order item (user) neighbor representation. 
For example, the ( )th1l + -order representation 1l

up +  of user u can be calculated 
as:  

( )
( )

1 ,

Agg |

l l l
u u u

l l
u j u

p p n

n q j

+ =

= ∈




                     (3) 

where l
jq  is the representation of item j at layer l, u  is represented as the 

item connected to user u in the bipartite graph, l
un  is the representation ob-

tained by aggregating the neighbor representations of user u, and   is graph 
neural network operation. By iteratively updating the nodes on the graph, after 
the L-layer graph neural network operation, each node in the graph will contain 
the information of the entire graph and the high-order connectivity between us-
ers and items. After obtaining the L layer representation, directly using the last 
layer as the final node representation usually cannot achieve the best results, and 
the increase in the number of layers is likely to cause the problem of over- 
smoothness [28]. Moreover, different layers can capture different semantic in-
formation. For example, the first layer constructs direct interaction information 
between users and items, and the second layer captures users or items with 
overlapping interactions. Blindly using the nodes of the last layer as the final re-
presentation may lose a lot of useful information. Therefore, NGCF [29] conca-
tenates the node representations of all layers as the final representation, and 
LightGCN [30] proposes to use the weighted summation or average value of the 
representations of all layer nodes to obtain the final representation. 

4. Sequential Models 

In practical application scenarios, user preferences are usually not static, but 
change over time. For example, in a course recommendation scenario, users of-
ten change their learning direction over time. Different from modeling the user’s 
static preferences in general recommendation, sequence recommendation cap-
tures the sequence pattern between consecutive items, so as to recommend the 
user the next item that may be of interest to the user [31]. 

4.1. Markov Chain-Based Method 

Some work assumes that the items that users recently interact with reflect their 
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dynamic preferences [32] [33], and adopts Markov Chain (MC) model to cap-
ture the transition information from item to item. The Markov chain-based me-
thod calculates the transition probability based on the transition matrix, and 
predicts the user interaction at the next time through the interaction at the pre-
vious moment. FPMC [33] combines matrix factorization and MC method to 
integrate the static and dynamic preferences of users. 

However, because the Markov chain-based method only considers one or sev-
eral recent interactions in prediction, it can only capture short-term dependen-
cies and ignore the long-term dependencies in the sequence, which leads to its 
failure to achieve good results in practical applications. 

4.2. Recurrent Neural Network-Based Method 

Benefiting from the advantages of Recurrent Neural Network (RNN) in se-
quence modeling, RNN-based recommender systems use RNN units to capture 
the sequence patterns between user and item interactions, and model the de-
pendencies of a given interaction sequence to predict the next possible interac-
tion. For example, Hidasi et al. applied Gated Recurrent Unit (GRU), a variant 
of RNN, to a session-based recommender system for the first time, and proposed 
GRU4REC [34] and GRU4REC+ [35], respectively. By inputting the current 
item information in the sequence into the GRU unit, the hidden state is updated, 
and the next item that the user may be interested in is output according to the 
current hidden state. In order to effectively capture the development of item de-
pendencies over time, GRU4REC designed session-parallel mini-batches to 
avoid the problem that the use of batch for accelerated training in RNN requires 
a unified sequence length. Apart from the use of GRU, some works [36] also ap-
plied another variant of RNN, Long Short-Term Memory (LSTM) to the re-
commender system. For example, Quadrana et al. [37] used hierarchical RNN to 
capture more complex dependencies in the interaction sequence. RNN brings a 
good effect to sequence recommendation. However, because RNN assumes that 
there is a certain dependency between any adjacent interactions in the interac-
tion sequence, in actual scenarios, such an overly strong assumption usually 
leads to overfitting problems, generating wrong dependencies, and reducing the 
recommendation effect. 

4.3. Convolutional Neural Networks-Based Method 

Convolutional Neural Networks (CNN) are often used in image processing fields 
such as computer vision. Some researches [38] [39] apply CNN to sequential 
recommendation. Different from the RNN-based method, for a given interaction 
sequence, the CNN-based method composes the embedding vector of historical 
items in the form of a matrix, and treats the matrix as an image in time and la-
tent space. Then, the local features of the image are obtained by learning the se-
quence mode, and operations such as convolution filtering are used to obtain the 
user’s representation for subsequent recommendations. For example, Caser [38] 
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is a representative work, which solves the problem that only point-level sequen-
tial patterns can be modeled in Markov chain-based methods, but not union- 
level patterns. Moreover, because the CNN-based recommendation algorithm 
learns the pattern in the image region instead of directly learning the depen-
dence between the sequences, it will not produce the problem of excessive as-
sumptions in the RNN-based method, and to a certain extent make up for the 
shortcomings of the RNN-based method. However, due to the limitation of the 
size of the convolution kernel, the CNN-based method is affected by the size of 
the local receptive field. It is usually more advantageous for short-term prefe-
rence modeling and cannot effectively capture long-term dependencies. 

4.4. Attention Mechanism-Based Method 

None of the aforementioned sequential methods pay attention to the importance 
of different items in the sequence. However, considering all historical interactive 
items equally will reduce the recommendation effect. Using the attention me-
chanism to integrate the item sequence and the items that have recently inte-
racted can effectively improve the recommendation effect. For example, the au-
thor of NARM [40] found that most users’ interests are concentrated at the end 
of the interaction sequence, but not all interaction items are related to the next 
interaction item. Therefore, they designed an Encoder-decoder structure. The 
encoder part includes Global encoder and Local encoder, both of which are 
composed of stacked multi-layer GRUs, which respectively model user behavior 
sequences and main intentions, and use the attention mechanism to learn the 
main intentions. Similarly, STAMP [41] designed different structures to model 
long-term interest and short-term interest in a session. By using RNN to model 
the interaction sequence to extract the user’s long-term interest, the last interac-
tion item is used to characterize the user’s short-term interest, and the attention 
mechanism is added to improve the recommendation effect. 

Due to the outstanding performance of Transformer on NLP tasks, some works 
use self-attention mechanisms to model sequence interactions, which adds flex-
ibility to capturing item-to-item transition information. For example, SASRec 
[42] uses a self-attention mechanism to model the entire user historical interac-
tion sequence, without any loop and convolution operations, and has achieved 
good results. Similarly, AttRec [43] also uses a self-attention mechanism to ex-
tract users’ short-term interests, and uses metric learning to obtain users’ long- 
term preferences to improve the recommendation effect. BERT4Rec [44] be-
lieves that the one-way structure will cause certain restrictions on the modeling 
of historical sequences, and the two-way Transformer structure is used for mod-
eling to avoid the impact of the interaction sequence of high similarity items on 
the recommendation results. 

4.5. Graph Neural Network-Based Method 

When considering the interaction order of the interaction sequence, the se-
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quence data can be expressed in the form of a graph structure, and then the 
GNN model can be used to model it. For example, the interaction sequence can 
be constructed in the form of a sequence graph, as shown in Figure 5.  

By using GNN to model the sequence graph and learning the item transition 
mode in the interaction sequence, it is possible to dig out the complex interac-
tion relationship between the user’s items. Taking SRGNN [45] as an example, it 
first constructs a directed session graph for the interaction sequence, and uses 
Gated Graph Neural Network (GGNN) to learn a unified representation of all 
nodes in the session graph. Then, the embedding representation of the last inte-
raction node in the sequence is taken as the user’s current local interest embed-
ding to highlight the importance of the final interaction item, and the soft-at- 
tention network is used to obtain the global embedding representation to represent 
the user’s long-term interest. Finally, the two representations are combined by 
simple linear transformation to obtain hybrid embedding, and the predicted 
value is obtained by inner product of the final representation and candidate item 
representation, thus completing the recommendation task. 

Similar work also includes GC-SAN [46], MA-GNN [47], etc. The GNN-based 
method has shown excellent recommendation effect in sequence recommenda-
tion and has become a new trend and deserves further research in the future. 

4.6. Reinforcement Learning-Based Method 

It can be seen from many previous works that deep learning has made great 
progress in many applications of recommender systems. At the same time, some 
recent reinforcement learning work has also achieved good results. The basic 
idea of reinforcement learning is to learn the optimal strategy to complete the 
goal by maximizing the cumulative reward value obtained by the agent from the 
environment [48]. Therefore, compared to deep learning, reinforcement learn-
ing focuses more on learning problem-solving strategies. 

Taking hierarchical reinforcement learning (HRL) as an example, HRL can 
solve different problems in the same system through hierarchical tasks or strate-
gies. Try to consider the problem of attention dilution in the NAIS model. User  
 

 

Figure 5. Sequence graph. 
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historical noise items will dilute the attention weight of the user’s truly relevant 
items. Irrelevant items that are not related to majors will even get higher predic-
tion scores than truly related items, leading the system to recommend items that 
do not meet user preferences. Zhang et al. [49] proposed that by removing noise 
items from user history items, a better recommendation effect can be achieved. 
Therefore, they built a hierarchical network structure and used NAIS model or 
NASR [40] model as the basic model to train the denoised data. By building a 
reinforcement learning framework on the upper layer of the basic model, build-
ing a user profile modifier, trying to eliminate irrelevant items to obtain higher 
rewards, thereby constructing a new user profile. Experimental results show that 
HRL has achieved a significant improvement compared to NAIS and other mod-
els. However, the model does not consider the different order of the interaction 
sequence, and ignores the user’s dynamic interest at different times, which leads 
to a decrease in the effect of the model. In order to take the user’s dynamic in-
terest into account, DARL [50] designed a dynamic attention mechanism based 
on hierarchical reinforcement learning, which automatically captured users’ dy-
namic preferences in each interaction and adaptively updated the attention weight 
of corresponding items in the session to improve the adaptability of the model. 
It can be seen that the HRL method decomposes the final goal into multiple le-
vels of subtasks, processes the subtasks of each layer separately to learn hierar-
chical strategies, and then combines the strategies of each subtask to form an ef-
fective global strategy. In many complex recommendation tasks, the strategy 
learning directed by the final goal often leads to low efficiency, but the hierar-
chical method can effectively improve the recommendation efficiency. 

In addition to hierarchical reinforcement learning, some frontier research di-
rections of current reinforcement learning also include multi-task transfer rein-
forcement learning, multi-agent reinforcement learning, and reinforcement learn-
ing based on memory and reasoning, etc. 

5. Commonly Used Datasets and Evaluation Metrics 
5.1. Datasets 

In the course recommender system, the data used is mainly the interaction 
record between the user and the course, that is, the record information of the 
user’s course selection. The dataset is used to evaluate the effectiveness of the 
recommendation method, so a good large-scale dataset is very important for the 
research of the recommender system. However, there are not many public data-
sets currently used in the course recommender system. The most commonly 
used datasets include MOOCCourse and MOOCCube, both of which are col-
lected and organized from XuetangX. Among them, the MOOCCourse data set 
was compiled by Zhang et al. [49], and it contains 82,535 users and 1302 courses 
related to course selection records, and each user has registered at least 3 
courses. The historical average number of courses per user is 5.55. The MOOC-
Cube dataset is collated from [51] which is an open data repository serving mas-
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sive open online courses related research. The student behavior records include 
the student behavior information such as learning duration, times of learning 
and the interval of learning videos. The student behavior records include student 
behavior information such as learning duration and video viewing times. In the 
course recommender system, the information usually used is only the informa-
tion of the user’s course selection record, so we only pay attention to the infor-
mation of students’ course selection. MOOCCube contains 55,203 users and 706 
courses, and each user has registered at least 4 courses. On average, each user 
enrolls in 6.42 courses. The detailed statistics of these data sets are shown in Ta-
ble 1.  

5.2. Evaluation Metrics 

The evaluation of recommendation results is an important part of recommender 
system research. The performance of a recommendation algorithm in the evalu-
ation metrics reflects its performance. The most commonly used evaluation me-
trics in current course recommender systems include: Precision (P), Recall (R), 
Hit Rate (HR) and Normalized Discounted Cumulative Gain (NDCG). 

Precision: The proportion of the number of correct items recommended to 
the total number of recommendations. The definition of precision is as follows: 

( ) ( )
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where R(u) is a list of recommendations made to the user based on the user’s 
behavior on the training set, and T(u) is the list of user behaviors on the test set. 

Recall: The ratio of the number of items that meet the user’s requirements in 
the recommended results to all the numbers that meet the requirements. The de-
finition of recall is as follows: 
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Hit Rate: It is a recall-based metric that represents the percentage of items in 
the test set that were successfully recommended to users. The definition of hit 
rate is as follows:  
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Table 1. Course recommender system dataset. 

Dataset Users Courses Interactions Average interactions 

MOOC Course 82,535 1302 458,453 5.55 

MOOC Cube 55,203 706 354,541 6.42 
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where GT represents the ground-truth set in the test set, and Hitsu@K represents 
the number of top-k recommended items of user u belonging to the test set, and 
|·| represents the size of the set. 

Normalized Discounted Cumulative Gain: It is a precision-based metric used 
to explain the predicted position of different users’ recommendation lists. The 
definition of NDCG@K is as follows:  
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where DCG is used to measure the relevance of the recommendation result, and 
i
urel  represents the relevance of the item at position i in the recommendation 

result to the user u. The more relevant items are arranged in the front of the 
recommendation list, the better the recommendation effect, and the greater the 
value of DCG. When the recommendation lists are all sorted by relevance, the 
DCG of this sequence is IDCG, which represents the ideal discount cumulative 
income of the best recommendation list obtained by the user. 

6. Conclusions and Future Directions 

Both artificial intelligence and recommender systems have been research hots-
pots in the past decade. A large number of relevant new technologies and new 
models appear every year, and the foregoing various recommended models have 
empirically proved their superior recommendation quality. We hope that this 
survey will give researchers a comprehensive overview of the most cutting-edge 
course recommendation model, and help readers to fully understand the key as-
pects of the field. At present, recommendation systems have been widely used in 
various applications such as e-commerce and social media, and have become an 
important part of online services in these application fields. However, the cur-
rent course recommendation program is far from satisfactory, and there are still 
many opportunities in this field. We discuss some possible directions, from the 
data used, to the combination and improvement of various models, which de-
serve more research efforts. 

Dataset: Although both MOOCCourse and MOOCCube provide useful stu-
dent selection records, their data sources are all from XuetangX, which is not 
enough to represent the current online learning environment. In addition, the 
amount of data provided for students’ selection of courses is still relatively small, 
which easily leads to problems such as insufficient generalization ability of the 
trained model. Therefore, the current research on the course recommender sys-
tem still needs more high-quality and large-scale datasets to effectively evaluate 
the recommendation effects of various models. 

Data category used: The current course recommender system mainly uses the 
user’s historical course selection record data, without considering other available 
side information; For example, the student’s own gender, age, major and other 
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information, or information that reflects the quality of the course, such as course 
introduction, category, instructor, etc. If these side information can be taken in-
to consideration, technologies such as knowledge graphs can be introduced to 
further enhance the effect of course recommendation. 

Hybrid model: Many current researches use a single type of recommendation 
algorithm without considering the characteristics of other algorithms. If the ad-
vantages of various algorithms can be comprehensively considered and different 
recommendation algorithms can be combined, the effect of online course rec-
ommendation may be further improved. 
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