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Abstract. With the rise ofMassiveOpenOnline Courses (MOOCs) and the deep-
ening of lifelong learning, there is a growing demand for learners to learn on online
learning platforms. The vast amount of course resources provides learners with
massive and easy access while posing challenges in terms of personalized and
precise selection. Traditional recommendation models have room for improve-
ment in performance and interpretability in massive open online course scenarios
while under-utilizing the potential interaction signals in user-course interactions
and ignoring the impact of the user’s learning style as a learner. In order to solve
the above problems, this paper proposes a collaborative graph convolutional net-
works and learning styles model for courses recommendation (CGCNLS). First,
the course prediction rating is obtained by propagating the learner-course interac-
tion information recursively through the graph convolutional networks; further, a
course and learning styles matching scale is created to calculate the course learn-
ing styles similarity score; finally, the course prediction rating is combined with
the course learning styles similarity score tomake personalized course recommen-
dations. The experimental results show that the model proposed in this paper can
effectively recommend courses for learners and outperforms the baseline approach
in terms of Precision, Recall, and NDCG performance metrics.
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1 Introduction

Nowadays, Massive Open Online Courses (MOOCs) are attracting the interest of many
learners as an emerging educational model [1, 2]. With many different MOOC plat-
forms in place, not only is the cost of learning reduced for learners, but they can also
access quality courses from top universities around the world. Online education has
greatly promoted the development of part-time learners. Still, those learners tend to be
self-directed, lack guidance, and learn inefficiently, making personalized course recom-
mendations particularly important for improving their learning efficiency. Therefore,
scholars [3, 4] have devoted themselves to studying personalized learning resource sys-
tems, and customized learning resource recommendations include educational courses,
learning paths, exercises, learning peers, etc.

In general, course recommendationmethods are divided into course recommendation
models based on traditional algorithms and course recommendation models based on
deep learning techniques. Traditional course recommendation models use collaborative
filtering (CF) techniques, which measure the similarity between users or courses to pre-
dict and recommend content that may interest users. In addition, with the development
of deep learning techniques, deep networks are gradually being applied to educational
resource recommendation. Many effective deep network recommendation models have
been proposed to model user preferences in different ways. Deep learning techniques
usually represent users and items as low-dimensional Embedding vectors [5–7] and iter-
atively optimize the parameters of the deep network and the Embedding vectors of users
and items based on user behavior data or item information. Then, personalized recom-
mendations aremade by calculating the prediction rating of users and items or by feeding
the embedding into the deep network to obtain the prediction rating of users for items to
be recommended. Although the above methods are effective, the process of generating
embedding vectors of users and courses lacks information to encode the key collabora-
tion information, which is hidden in the interaction behavior of users and courses. This
information can reveal the behavioral similarity between users/items. Specifically, CF
approaches use only descriptive features (e.g., IDs and attributes) to construct embedding
functions without considering the effects arising from user-course interactions. These
interactions are used only to define the objective function for model training (e.g., inner
product) without applying them to the process of generating embedding vectors.

With the development of online open courses and information technology, a large
amount of data is easily accessible and stored, andwith it comes the challenge of learners’
privacy. Process behavior data mainly refers to human-computer interaction data, i.e.,
information about learners’ course selection, learners’ viewing of learning resources,
etc., which can effectively protect personal privacy. Piao et al. [8] used processive data
to construct Meta-Path-based graph convolutional networks for learning resource rec-
ommendation. Sheng et al. [9] used to process data to construct a heterogeneous infor-
mation network-based model for online course recommendation and achieved good
performance. It follows that learner modeling through processual behavioral data can
effectively address individualized learner needs, i.e., recommending courses or learning
resources that meet learners’ needs.
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In summary, this paper proposes a collaborative graph convolutional networks and
learning styles course recommendation model to solve the above problem. The main
work is as follows:

1. Construct an end-to-end graph convolutional network model to propagate learner-
course interaction information in a recursive form, and apply higher-order interac-
tion information to the embedding vector generation process to better compute the
corresponding predicted course rating of learners.

2. To create a matching scale of course and learning styles based on pedagogical
learning styles theory, and to obtain learners’ corresponding course learning styles
similarity score by cosine similarity calculation.

3. Collaborative prediction rating are obtained by graph convolutional network course
prediction rating and course learning styles similarity score for personalized course
recommendation. Multi-group experimental analysis in the real-world dataset shows
that the course learning styles similarity score mechanism proposed in this paper can
effectively improve the model performance, and the performance of the CGCNLS
model is significantly better than that of the benchmark models.

The remainder of this paper is organized as follows. Section 2 reviews the latest
relevant work. Section 3 describes the proposed approach in this paper. In Sect. 4, the
experimental results and analysis are shown. In Sect. 5, a summary and outlook of this
paper are presented.

2 Related Work

Learning style-based recommendation models have been a hot research topic in recent
years [10–12]. For example,Hajri et al. [13] create learner learning style profiles based on
learner profiles and dynamically provide learning resource recommendations to learners
based on MOOC attributes. Sanjabi et al. [14] conducted a study on the personalization
of e-learning environments based on the Kolb learning style model. Yan et al. [15]
integrate learning style features into collaborative filtering algorithms for association
rule mining. Sensuse et al. [16] surveyed personalization strategies based on Felder-
Silverman learning styles and their impact on learning, finding insufficient theoretical
research and a lack of user relevance studies in the literature. These methods have
experimentally demonstrated the effectiveness of learning styles for the problem of
learning resource recommendation. However, they are limited by the fact that they rely
heavily on manual adjustment of parameters due to their traditional manual approach to
students’ learning styles and the selection of educational resources.

The rise of graph neural networks, especially the success of models such as graph
convolutional network GCN [17], graph attention network GAT, and graph representa-
tion learning GraphSage [18], has led to the rapid development of graph neural network
recommendation [19, 20]. For example, Xu et al. [21] proposed an algorithm combining
knowledge graph and collaborative filtering (FKGCF), which utilizes not only the user’s
evaluation information of the course but also the semantic information of the course
itself for course recommendation. Jibing Gong et al. [22] proposed a heterogeneous
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perspective of attention graph convolutional network for MOOC-oriented knowledge
concept recommendation by an adaptive attention mechanism that incorporates contex-
tual information from different meta-paths to capture students’ different interests and
make effective recommendations. Although these models have been successful, they
ignore the user as a learner and suffer from poor performance in the course recom-
mendation problem. Therefore, this paper proposes a collaborative graph convolutional
network and learning style course recommendation model to solve the above problems.

3 The Proposed Model

Currently, recommendation algorithms based on graph convolutional networks usually
use historical user interaction datawithout considering the influence of the learning styles
possessed by the learners themselves. To address those problems, this paper proposes an
algorithm called collaborative graph convolutional networks and learning styles course
recommendation model (CGCNLS). The algorithm propagates learner-course interac-
tion information in a recursive form, applies higher-order interaction information in the
embedding vector generation process. And integrate the learning styles similarity of the
recommended objects into the course prediction rating of the graph convolutional net-
work, compensating for the shortcomings of existing recommendation algorithms that
ignore the learning styles of the learners themselves. The algorithm model is shown in
Fig. 1.

3.1 Problem Definition: Course Recommendation Models

The goal of the course recommendation algorithm is to predict the learners’ rating for
the untaken course:

ŷu,c = F(Du,Dc) (1)

To be specifically, using a prediction function F to estimate the likelihood that a user
u will favor a course c, given the data Du and Dc, to describe the user u and course c.

3.2 Course Learning Styles Similarity Score

Learning Styles Profile. To clearly illustrate the course learning styles similarity score
in this paper, we first introduce two definitions.

Definition 1 (learner profile): It is assumed that learner learning styles are represented
by a real-valued vector LSu from 0 to 1 in Eq. 1, where rea, tra, soc denote realistic,
traditional, and social learning styles respectively. Equation 1 is as follows:

LSu = (rea, tra, soc) (2)

Examples of course-learning styles vectors are shown in Table 1, and these vectors
were calculated using the information in Table 3 through the process shown in Fig. 2.

Definition 2 (course profile): Online courses cover many theoretical concepts. Dif-
ferent theoretical concepts belong to different areas of expertise, and different areas of
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Fig. 1. CGCNLS model.

Table 1. Examples of learner learning styles vectors

Learner rea tra soc

Learner 1 0.1029 0.7402 0.1569

Learner 2 0.8142 0.1858 0.0000

Learner 3 0.0000 0.2137 0.7863

… … … …

expertise have their corresponding learning styles. Therefore, according to the correla-
tion between course-concept-learning styles, the course profile can be represented by a
learning styles vector, as in Eq. 2, which indicates the learning styles category that the
course fits.

LSc = (rea, tra, soc) (3)

Examples of course-learning styles vectors are shown in Table 2, and these vectors
were calculated using the information in Table 3 through the process shown in Fig. 2.
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Table 2. Example of course learning styles vector

Course rea tra soc

Course1 0.7532 0.1265 0.1203

Course2 0.2105 0.5789 0.2106

… … … …

Calculating Learning Styles Vectors. Table 3 shows some examples of a field-
learning styles matching measure based on an authentic questionnaire and guidance
from educational professionals.

Table 3. Field-learning styles type matching metric representation example

Filed Learning styles type

Computer Science and
Technology

Realistic

Agronomy Realistic

Mechanics Traditional

Mathematics Traditional

Psychology Social

Pedagogy Social

… …

The learner learning styles vectors in Table 1 and the course learning styles vectors
in Table 2 are calculated as shown in Fig. 2.

Calculating Learning Styles Similarity Score. Based on the learner learning styles
vector and the course learning styles vector, the cosine similarity was used to calculate
the learning styles similarity between the learner and the course, and obtain the course
learning styles similarity score Simcls(u, c), as shown in Eq. 3.

Simcls(u, c) =
∑n

i=1

(
LSui × LSci

)

√
∑n

i=1

(
LSui

)2 ×
√

∑n
i=1

(
LSci

)2
(4)

where LSui denotes the i-th value in the learner learning styles vector and LSci denotes
the i-th value in the course learning styles vector. The learning styles similarity score
will be integrated into the subsequent collaborative prediction rating.
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Fig. 2. Learning styles vector calculation process diagram

3.3 Graph Convolutional Network Course Prediction Rating

As with current recommendation models, we describe the learner u (course c) using the
embedding vector eu ∈ R

dim
(
ec ∈ R

dim
)
, where dim denotes the size of the embedding

dimension. This process is seen as constructing a matrix of parameters as an embedding
look-up table:

E = [ eu1 , · · · , euN︸ ︷︷ ︸
learners embeddings

, ec1 , · · · , ecM︸ ︷︷ ︸
courses embeddings

] (5)

Themain idea of graph convolutional networks is to propagate learner-course interac-
tion information over a learner-course interaction graph, encoding higher-order interac-
tion information into the embedding vector generation process. The graph convolutional
network course prediction rating model consists of three main components: higher-order
embedding propagation layer, embedding aggregation layer and prediction rating layer.

Higher-Order Embedding Propagation Layer.
As shown in Fig. 3, based on the above idea, we can encode the embedding information
from learner u’s connected course c as learner u’s first-order embedding information for
enhancing learner u’s own embedding information by the following form. Definition as
follows.

e(1)
u =

∑

c∈Nu
αucec (6)

where e(1)
u denotes the first-order connectivity information for learner u, ec denotes the

initial embedding of course c, and αuc denotes the decay coefficient for each propa-
gation on edge (u, c). In this paper, we adopt the same idea as GCN[17] and set αuc

to 1√|Nu|
√|Nc|

, where |Nu| and |Nc| denote the number of first-hop neighbors of the
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learner u and the course c. αuc not only takes on the function of equalizing howmuch the
historical course c contributes to the preferences of the constituent learner u, but also in
the process of embedding propagation different embedding information can be decayed
as the path length changes.

Fig. 3. An illustration of the learner-course interaction graph and the high-order interactive
information

According to the form of propagation of first-order embedded information, the form
of l-order embedded information for learner u in this method is as follows:

e(l)
u =

∑

c∈Nu

1√|Nu|√|Nc|e
(l−1)
c (7)

Similarly, an expression for the l-order higher-order embedding informationof course
c can be obtained in the form:

e(l)
c =

∑

u∈Nc

1√|Nc|√|Nu|e
(l−1)
u (8)

Embedding Aggregation Layer.
As shown in Fig. 4. After performing the embedding propagation of the L-layer, multiple

higher-order information
{
e(0)
u , · · · , e(L)

u

}
of the learner node u was obtained, and the

same for the course node. The outputs of the different layers emphasise the connectivity
information of different orders. Therefore, an aggregation mechanism is used to aggre-
gate the embedding information of each order into a single vector, as shown in Eqs. 8
and 9:

e∗
u =

∑L

l=0
ple

(l)
u (9)

e∗
c =

∑K

l=0
ple

(l)
c (10)

where pl is 1/(L + 1) to balance the effect of each layer of embedding propagation
on the final embedding representation. The node embedding representation obtained
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Fig. 4. An illustration of GCN model architecture

by aggregating the embedding information at each level in this way contains different
semantic information in the graph structure, and the final embedding representation
obtained will be more comprehensive.

Prediction Rating Layer. Finally, we perform inner product operations on the aggre-
gated embedded representations of learner u and course c to predict the predicted rating
of learner u for that course c:

ŷ(u, c) = e∗�
u e∗

c (11)

where ŷ will be integrated into the subsequent collaborative prediction rating, which is
used to generate the recommendation list.

Loss Functions and Trainers. The only parameter that needs to be trained in the whole
graph collaborative filtering model is the embedding lookup table described earlier, i.e.
the embedding representation of layer 0. To optimize the graph collaborative filtering
model, the BPR loss function is chosen, which calculates the overall loss of the model
by assuming that learners should have higher prediction values for learned courses than
for unlearned courses.

LBPR = −
∑

(u,i,j)∈Oln σ
(
ŷui − ŷuj

) + λ‖�‖2 (12)

where O = {
(u, i, j) | (u, i) ∈ R+, (u, j) ∈ R−}

denotes the training set, where R+
denotes the set of courses that learners have learned. R− is the set of courses that
learners have not learned through a random negative σ is the sigmoid function; λ is used
to control the L2 regularization strength, and� denotes the parameters of the model as a
whole, i.e. the layer 0 embedding representation.We use the mini-batch Adam optimizer
to optimize and update the model parameters.
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3.4 Collaborative Prediction Rating

The prediction rating ŷCGCNLS(u, c) of the CGCNLS model is a fusion of the graph
convolutional network course prediction rating ŷ(u, c) and the learning styles similarity
score Simcls(u, c).

For each learner u, after obtaining a list of predicted ratings of the course
by learner u through the graph convolutional network recommendation algorithm
{ŷ(u, c1), ŷ(u, c2), . . . , ŷ(u, c|C|)}, the predicted ratings ŷ(u, c) obtained from the graph
convolutional network model are optimized by calculating the learning styles similarity
between learner u and course c. The optimization equation is as follows.

ŷCGCNLS(u, c) = ŷ(u, c) + ε × Simcls(u, c) (13)

where ε is the predictive scoring collaborative weights. Based on the collaborative pre-
dicted rating, the Top-K courses of the collaborative predicted rating are selected as the
final course recommendation results R(u){c1, c2, . . . , cTop−K }.

4 Experiment Process

To evaluate the performance of our proposed collaborative graph convolutional network
and learning style course recommendation model, we conducted experiments to answer
the following research questions.

RQ1: How does our proposed CGCNLS course recommendation model perform
compared to some existing baseline approaches?
RQ2: What is the impact of different co-weighting factors ε on the performance of the
model?
RQ3:What is the performance of our proposed model when changing hyperparameters?

4.1 Experimental Environment and Data Set Processing

This paper conducted experiments on the real-world dataset MOOCCube [23] collected
by XuetangX. In this paper, users with 10–20 course subscriptions were selected, and
a total of 5738 users and 649 courses were used for the experiment. Detailed statistical
information on these data is shown in Table 4. Each positive instance is paired with a
randomly sampled negative instance during the training process. During testing, each
historical course in the test set is considered a target course, and the corresponding course
for the same user in the training set is considered a historical course. Finally, all courses
of the user except the training set are rated, and the Top-K course recommendation list
is obtained by sorting according to the predicted ratings.
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Table 4. Statistical table of data sets

Dataset #Courses #Users #Interactions

MOOCCube 649 5738 72148

To more accurately measure the performance of the algorithm, this paper uses five-
fold cross-validation. That is, the experimental data are randomly grouped into 5 parts,
one of which is used as the test set and the other 4 parts are used as the training set. A
total of five tests were conducted and the average result of the five tests was used as the
final evaluation result of the algorithm. All experiment results are obtained on a machine
with Python 3.8, 3.80 GHz CPU, 12 GB of Video Memory and 32 GB of RAM。

4.2 Evaluation Metrics

Several metrics widely used in recommender system evaluation are used to measure the
performance of our proposed model in different aspects, including the precision rate of
Top-K items, the recall rate of Top-K items, and the normalized discounted cumulative
return of Top-K items. In our experiments, we set the Top-K to 5, 10, 20, and 30.

Let R(u) represent the list of recommendations calculated by the model for the user
based on the user’s behavior on the training set, and T(u) represent the list of target
courses for the user on the test set.

Precision@K is the calculation of how many courses in the predicted recommenda-
tion list are actually of interest to the user. The definition is as follows.

Precision =
∑

u∈U |R(u) ∩ T (u)|
∑

u∈U |R(u)| (14)

Recall@K is a calculation of how many of the courses in a user’s true favorite list
are predicted by the recommendation algorithm. The definition is as follows.

Recall =
∑

u∈U |R(u) ∩ T (u)|
∑

u∈U |T (u)| (15)

where R(u) represents the list of recommendations calculated by the model for the user
based on the user’s behavior on the training set, and T(u) represents the list of target
courses for the user on the test set. Another ranking metric we use in our evaluation is the
Normalized Discounted Cumulative Gain NDCG@K, which measures the performance
of the retrieval system based on the hierarchical relevance of the retrieved entities and
is a precision-based metric. The definition is as follows:

DCGu@K =
∑K

k=1

2rel
i
u − 1

log2(i + 1)
(16)

IDCGu@K =
∑K

k=1

1

log2(i + 1)
(17)
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NDCG@K = 1

|U |
∑U

u=1

DCGu@K

IDCGu@K
(18)

whereDCGu@K indicates the discounted cumulative gain of theTop-K recommendation
list for the user u, reliu indicates the relevance (0 or 1) of the i-th recommendation result
to user u, and IDCGu@K indicates the maximum discounted cumulative gain under
ideal conditions.

4.3 Comparison with Baseline Method (RQ1)

To validate the performance of our proposed method CGCNLS, we will compare it with
the following baseline approach.

GMF [24] decomposes the scoring matrix R into a user matrix U and an item matrix
I. The product of U and I get closer to the true scoring matrix in a continuous iterative
training.

NeuMF [24] combines GMF and MLP to operate on the embedding of target users
and candidate courses to find the predicted ratings of users on candidate courses.

FISM [25] is an item-based collaborative filtering method for recommendations
based on the average embedding of all historical courses of the user and the embedding
of the target course.

NAIS [26] is also an item-based collaborative filtering method but distinguishes the
weights of different historical courses through an attention mechanism.

NGCF [19] is the current baseline algorithm for recommendations based on graph
neural networks.

Table 5 shows the experimental results of comparing our proposed model with some
baseline methods on offline datasets. The experimental comparison shows that our pro-
posed CGCNLS outperforms other baselines in all evaluation metrics, indicating the
effectiveness of CGCNLS in MOOC course recommendations. Compared with the tra-
ditional neural network model, our graph convolutional network can better learn to
model the complex interactions between learners and courses, thus improving accuracy,
recall, and normalized discount cumulative gain. Compared with the graph neural net-
work baseline model, our proposed collaborative learning style strategy is somewhat
advanced and further enhances the overall interpretability of the model while ensuring
its performance.
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4.4 Experiments of Different Collaborative Weight Factor ε (RQ2)

The predictive scoring co-weight ε controls the proportion of learning style similarity
score in the final collaborative predictive rating and is a key factor in the proposed
algorithm. We vary the predictive scoring co-weights ε in the set of {0, 0.001, 0.005,
0.01, 0.02, 0.05} for the experiments. In addition, layer number l is set to 3, embedding
dimension d is set to 64, and compared under different list lengths Top-K. The final
experimental results are shown in Fig. 5. We can see that different weights ε settings
affect themodel differently.When theweight ε is less than 0.02, the evaluation indexes of
the proposed algorithm are better than our proposed single graph convolutional network
model.When the weight ε is 0.005, the accuracy and recall of the proposedmethod reach
the best value. The results prove that The cooperative graph convolutional network and
learning style approach can make our model more reliable and accurate.

Fig. 5. Comparison of results for different prediction score fusion weights ε

4.5 Parameter Settings (RQ3)

Here, we investigate the sensitivity of different parameters and report the results of
CGCNLS under each of them. As shown in Fig. 6 and Fig. 7.

Experiments of Different GCN Embedding Dimension d. When training a predic-
tive scoring model for graph convolutional network, using different embedding dimen-
sion d produces different results. We vary the embedding dimension d in the set of {16,
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32, 64}, in addition, the layer number l is set to 3, and the prediction scoring co-weight
ε is set to 0.0, and conduct experiments at different recommendation list lengths Top-K.
The final experimental results are shown in Fig. 6. We can see that the model has better
evaluation indexes when d is 64, the overall performance of the model is stable when
changing the embedding dimension, and the model performance gradually increases
with dimensionality.

Fig. 6. Comparison of the results of the different embedding dimensions d

Experiments of Different GCN Layers l. Meanwhile, the higher-order information
contained in the final embedding representation of the learner (course) obtained for
different Graph convolutional network layers (GCNL) is different. We vary the layer
number l in the set of {1,2,3}. In addition, the embedding dimension d is set to 64,
the prediction scoring co-weight ε is set to 0.0, and the experiments are conducted at
different recommendation list lengths Top-K. The final experimental results are shown
in Fig. 7. We can see that different layers of the graph convolutional network have a
large impact on the model performance, and the model performs best when l = 3.
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Fig. 7. Comparison of the results of the different number of GCN layers l

5 Conclusion

In this paper we propose a collaborative graph convolutional network and learning style
course recommendation model (CGCNLS), which uses a graph convolutional network
to learn embedding information that can effectively represent the relevance differences
between learners and courses. We also introduce a collaborative weighted to synergize
course prediction score and learning styles similarity score. The accuracy of the rec-
ommendations is improved while considering the learning styles of the learners. We
conducted extensive comparative and ablation experiments on the public dataset, and
the experimental results show that the performance of CGCNLS is advanced compared
to the baseline methods.
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