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In the context of the information age, the rapid growth and increasing diversity of learning resources underscore the urgency of
personalized learning, while learning style is the most crucial factor to consider in personalized learning as it significantly influences
students’ academic achievements and learning experiences. Traditional methods of assessing learning styles, such as completing
questionnaires, have many drawbacks, including subjectivity and time costs. Therefore, in recent years, researchers have been
exploring automatic methods to identify learning styles by analyzing students’ interactive behaviors. Motivated by these limitations,
we propose a learning style detection method using a graph attention network (GAT), named GAT-LS. We originally constructed a
bipartite graph between learners and learning materials, utilizing node features to represent the students’ behavior. Subsequently, we
employ GAT to obtain hidden vectors for the graph nodes. These hidden vectors encapsulate both the overall graph information and
the importance of neighboring nodes. We employ a multi-head attention network to process student nodes and combine a dropout
mechanism with a single-layer attention network to process learning material nodes. Finally, we map the obtained hidden node
features to the Felder-Silverman learning style model (FSLSM) and use K-means clustering to detect learning styles. The proposed
method can be integrated into various types of educational systems or online learning platforms, providing a better educational
experience and learning resource recommendations for both teachers and students. Experiments on the real-world dataset, KDD
CUP 2015, demonstrated the superiority of our method. Our proposed approach achieved outstanding results with average values
of 0.9647 accuracy, 0.9478 precision, 0.9171 recall, and 0.9346 F1 score.

Index Terms—Learning style, Graph learning, Graph attention network, Interactive learning environment, FSLSM.

I. INTRODUCTION

IN the face of information age, the field of education has
undergone profound transformations. Future education is

marked by a series of emerging trends, including but not
limited to online learning, personalized education, and career
development. Presently, numerous online learning platforms
and institutions as well as online learning environments(OLEs)
such as Bilibili, China MOOC, SuperStar Learning, among
others, have enriched the supply of educational resources.
Particularly in the post-pandemic era, online learning has
become a significant trend, providing learners with more
flexible learning methods and achieving a more equitable
distribution of educational resources. However, while online
learning brings convenience to learners, it is also accompanied
by challenges such as information overload and difficulties in
learner navigation and course selection due to a "one-size-fits-
all" [1]approach.

In this context, personalized learning, aimed at providing
tailored educational services through precise learner profiles,
emerges as a key solution to address the aforementioned
issues. Learning style (LS), as one of the crucial characteristics
for delivering personalized learning, becomes a core factor in
realizing personalized education. LS can help learners better
identify their learning preferences and help them understand
what learning methods and tools can help them better grasp
knowledge. And for teachers, better personalized teaching can
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be carried out by identifying LS of students [2]. Therefore,
an efficient and appropriate learning style detection method
that analyzes the interaction data between students and online
platforms is urgently needed.

The research on learning style detection is either col-
laborative or automatic methods in the literature [3]. The
collaborative learning style detection method is through a large
number of questionnaire surveys [4]. Obviously, this is easy to
implement and has good credibility, however, this traditional
methods are static and time-consuming in the process of filling
out questionnaires, also, lacking of flexibility makes it difficult
to conduct in-depth qualitative investigations. In order to detect
changes in student behavior data in real-time and improve the
accuracy and efficiency of learning style detection, research
has focused on an automatic approach to identifying the
learner’s learning style based on their behavior in online edu-
cational systems [1], [5], [6]. Automatic tenhniques analyzes
the behavior of learners during the learning process and uses
data mining, machine learning, or deep learning techniques
to detect their learning styles. Plus, the automatic approach
can be broken down into categories: A literature-based (LB)
approach and a data-driven approach. The core idea of LB
approach is to use the behavior of learners during learning to
infer their learning style and then apply a simple rule-based
method to calculate the learner’s learning style. LB was first
proposed by [7], then many scholars applied this method [8],
[9], [10]. The advantages of LB are its strong universality
and applicability to data collected from any learning system,
while the disadvantages are that the technology is static
and requires pre-set rules. On the other hand, in the data-
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driven approach, researchers use a variety of machine learning
and deep learning methods [11], [12], [13], [14], [15] to
automatically detect learning styles. These automatic methods
can automatically extract data features with high accuracy for
large-scale data, furthermore, the approachs can dynamically
monitor changes in student behavior. However, the interaction
data between students and online platforms is large-scale,
which sets obstacles for capturing changes in learner behavior,
another problem is that the quality of large-scale data cannot
be guaranteed, and there may be issues such as missing,
duplicate, and incorrect data. Also, most existing methods
heavily rely on specific learning environments or educational
systems and have poor transferability, but we need to make
real-time adjustments and optimizations based on the needs
of students.

To overcome these limitations, and inspired by the recent
flourishing development of graph representation learning and
attention mechanisms, we propose a novel Graph Attention
Network for learning style detection (GAT-LS) in online
learning environment. In our approach, the interaction data
between students and online platforms is constructed into a
bipartite graph and node features are used to enhance the
representation of the data, then we build different GAT models
to extract hidden features of nodes with different attributes and
scales, the hidden features are used to cluster learners with
different learning styles according to a suitable learning style
model. We utilized the Felder-Silverman learning style model
(FSLSM) since research has confirmed that it is suitable for
online environments and has stability and reliability [16], [4],
[3], [17].The contributions of the paper are as follows:

1) We proposed a method that utilizes graph attention net-
works (GAT) to determine learning types. This tackles
the issue of efficiently collecting student behavior data
on a large scale. First, we create an S-M bipartite graph
and use node features to capture both the overall graph
information and specific node attribute details. Node
features are more informative and scalable compared to
using edge weights to represent behavioral records.

2) Subsequently, we apply an attention mechanism to learn-
ing style detection by processing two types of nodes
separately using different GAT models, with the goal
of extracting deep hidden features. The attention mech-
anism allows us to identify which neighboring nodes
are more crucial. Clearly, not every interaction behavior
with materials equally reflects a student’s learning style.
Finally, using the FSLSM model, we employ the K-means
clustering method to cluster learners and obtain labels,
thereby achieving learning style detection.

3) We finally evaluate the effectiveness of the proposed
method on real-world large-scale datasets (KDD CUP
2015) and compare its performance with other research
results. Our method demonstrates superior performance in
the comparison, and notably, we introduce the concept of
the "middle-of-the-road classification" problem, offering
a novel perspective in academic research.

The remainder of this paper is organized as follows. Section
2 reviews the current research. Section 3 presents problem

definition and formulation about our approach, Section 4
provides a detailed introduction of our proposed GAT-LS
method. Section 5 introduces the evaluation indicators and
gives experiment details. Section 6 summarizes the experiment
and propose future research directions.

II. RELATED WORK

This section provides a detailed explanation of learning style
as well as the existing automatic approach for learning style
detection.

A. Learning Style

Learning styles indicate the way each learner prefers to
receive learning materials and interacts with the learning
environment [1], indicating the habitual learning preferences
or tendencies of individuals. This habit is developed over
the long term and possesses stable and unique characteristics,
playing a crucial role in personalized learning. The formation
of learning styles is influenced by various factors such as
society, school, and family [5].

For individual learners, understanding their own learning
style can enhance the learning experience, fostering increased
confidence and active engagement in the learning process. For
educators, comprehending students’ learning styles contributes
to accurately formulating personalized teaching strategies, pro-
viding more targeted support and guidance, thereby improving
teaching effectiveness. Throughout the entire learning process,
researchers showed [18] that consideration of learning styles
enables the both online education system and conventional
educational system to better adapt to diverse learning needs,
driving education towards a more personalized and flexible
direction.

The detection of learning styles begins with selecting an
appropriate Learning Style Model (LSM)[16]. In the field of
education, several well-known learning style models include
Kolb’s model, Honey and Mumford’s model, Gardner’s mul-
tiple intelligence theory, Dunn and Dunn’s model, Neil Flem-
ing’s VAR/VARK model, Myers-Briggs type indicator, Felder-
Silverman model[16], [1], [4], etc. The design framework
for learning style detection questionnaires is rooted in these
models, similarly, automatic learning style detection methods
rely on these models for detection and classification.

In this paper, we use FSLSM as the basis for learning
style detection with the following reasons. First, FSLSM
draws on the advantages of previous famous models (e.g.
Kolb’s and Myers and Briggs). FSLSM model advocates self-
awareness to enhance the engagement, understanding, and
retention of educators and students in the classroom [19].
Secondly, It can provide a more detailed description of the
learner’s behavior. FSLSM divides learners’ preferences into
4 dimensions with a total of 16 combinations of each dimen-
sion’s two poles, and learners can choose one from the two
poles. These four dimensions include input (Visual/Verbal),
perception (Sensing/Intuitive), processing (Active/Reflective),
and understanding (Sequential/Global), as is shown in fig. 1.
Thirdly, above all, there are experimental experiences [1], [11],
[17] that prove the effectiveness and reliability of the model.
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Figure 1. Dimension and Categories of FSLSM

Compared with other models, FSLSM is the most suitable
model for online learning environments.

B. Existing Automatic Learning Style Identification Ap-
proaches

An automatic approach is suggested as a superior substitute
for the conventional approach of learning style detection,
which often involve the administration of questionnaire or
survey to determine and classify learner’s preferred style of
learning. The literature [20] and [21] suggest that automatic
learning style recognition employ two kinds of methods:
literature-based and data-driven approaches.

The literature-based approach utilizes the learner’s behavior
data to gather insights into their learning style. Subsequently,
a straightforward rule-based method is applied to determine
the learner’s style by counting the number of matching hints.
The subsequent paragraphs present an overview of existing
automatic approaches that utilize the FSLSM. [13] presents a
literature-based approach that utilizes a straightforward rule-
based procedure within a web-based learning management
system to determine a student’s learning style. The methodol-
ogy autonomously identifies the learning styles and affective
states of students by analyzing their preferences and behavior
throughout a course. [22] utilizes a literature-based approach
to propose a MOOC framework that facilitates learner engage-
ment through adaptive provision of learning resources tailored
to their individual learning styles. The author employs a set
of attributes to forecast learning style, as described by [20]. In
2017, [23] utilized a literature-based approach and proposed
a MOOC course by discerning the learning style of the
learners. The authors observe the pattern of learner interaction
by utilizing predetermined threshold values and employ a
straightforward rule-based approach to effectively identify the
learner’s learning style. The evaluation was conducted by
assigning several values to the threshold. Authors recognized
that the accuracy of predictions could be impacted.

In contrast, the data-driven approach leverages data mining,
AI, or machine learning algorithms to build a model based
on the learner’s behavior data. The model is then employed
as clustering or classification input to identify their learning
styles. This approach is characterized by high accuracy and the
utilization of real data for learner categorization. The literature

presents many approaches that utilize data-driven methods and
base their studies on the FSLSM. These approaches employ
either clustering algorithms or classification algorithms to
ascertain the learning style of the learner[24], [25], [26], [27].
Among them, [21] employed four computational intelligence
algorithms (Artificial neural network, genetic algorithm, ant
colony systems, and particle swarm optimization) to detect
learning style based on the extracted learners’ behavior se-
quence. The aim was to enhance precision compared to exist-
ing methods, potentially improving adaptive learning systems
and student learning outcomes. In the same vein, [28] propose
a novel hybrid multi-step architecture based on ant colony
system and artificial neural networks to increase the precision
of learning styles identification.

Multiple machine learning models are trained by [29] to
predict students in quarterly courses, then use the most accu-
rate prediction model for each quarter to find the learning style
features that maximize student pass rates. [30] and [31] utilize
a decision tree to detect learning styles by initially constructing
a tree and subsequently pruning it. [15], [22], [32], [33], [34]
automated the extraction of learning styles by constructing
a Bayesian network and employing data mining approach.
Various machine learning techniques, including decision trees,
random forests, neural networks, and K-nearest neighbors,
have been employed by researchers such as [35], [21], [12],
[36], [37], they mean to extract repersentation from students’
behavior and construct classifiers. [38] and [39] advocated for
using a deep belief network (DBN) to classify learning styles
based on FSLSM, evaluating learners’ behavior in MOOC
environments.

A reinforcement learning approach is proposed by [40] to
identify learning styles in E-learning. The method suggests
appropriate learning objects (LOs) based on expert knowledge
and associated learning styles. It employs three reinforcement
strategies tailored for high-performance, low-performance, or
both scenarios. For instance, when students encounter LOs,
their high performance reinforcement from assessments aligns
with the associated learning style. and [41] introduced an auto-
mated method for detecting learners’ styles based on the four
dimensions of FSLSM, aiming to provide adaptive courses on
the Moodle platform. The majority of these methods employ
either human feature engineering or web mining techniques
to extract behavioral features, which are subsequently utilized
in conjunction with a machine learning algorithm to ascertain
their learning style. Ant colony systems and artificial neural
networks are combined in a loose coupling in paper [42],[43]
designed an automatic and reliable learning style recognition
mechanism. Firstly, a learning style label framework based
on multi label fusion (LSDFA) was proposed. In addition, a
two-layer ensemble model based on learner online learning
behavior data (SRGSML) was proposed to identify learner
learning styles.

Recently, [44], [45], and [2] have introduced the use of
graph representation learning (GRL) stechniques to automat-
ically acquire features and utilize them to detect students’
learning styles. For instance, [45] employed graph-based anal-
ysis to capture the activities and behaviors of learners during
the learning process. The author utilized a graph autoencoder



JOURNAL OF NETWORKING AND NETWORK APPLICATIONS, VOLUME 4, ISSUE 2, JULY 2024 63

to transform the graph structure of the constructed bipartite
graph into a low-dimensional representation for various down-
stream machine-learning tasks. Next, the author employs a
K-means clustering algorithm to classify and group learners
who demonstrate similarities according to the selected FSLSM
categories. Furthermore, [2] employs the K-means clustering
algorithm to obtain labels according to the FSLSM categories
and then applies a graph neural network to accurately clas-
sify and forecast the learning style of learners in real-world
scenarios. [46] used an Long Short-Term Memory (LSTM)
autoencoder to transform past and present data about learners
and learning resources into a low-dimensional representation.
They also used a clustering algorithm to quickly find and
group learners who had similar ways of learning. [47] presents
an approach that compares the performance of the K-means
clustering algorithm with the fuzzy C-mean (FCM) to detect
learning styles. It is possible and useful to find learning styles
with the FCM algorithm, as shown by its high precision and
recall compared to the k-means clustering algorithm. While the
approaches yield satisfactory outcomes, there is still potential
for enhancing precision and accuracy.

Learning style based educational systems demonstrates the
importance of learning style and its guiding significance for
students, researchers design learning style-based adaptive edu-
cational systems to improve the effiectiveness of personalized
learning. [48] uses artificial neural networks combined with
the weighted sum model (WSM) to detect learning style in its
individualized tutoring model, and the Honey and Mumford
model is utilized to map. [28] propose a novel hybrid multi-
step architecture based on ant colony system and artificial
neural networks to increase the precision of learning styles
identification.

III. PROBLEM DEFINITION AND FORMULATION

This section provides an introduction to the relevant ideas
used in the study and the notations used in the suggested
strategy.

In general, the problem we are studying can be abstracted
into one sentence, which is to transform a large amount of
unsupervised student interaction data with online platforms
into clustered and classified labeled data. The relevant problem
definitions and formulas will be described in detail in the
following subsections based on the technology we use.

A. Definition of S-M Bipartite Graph and Node Features:

The S-M bipartite graph Gsm = (S,M,Esm), is a bipartite
graph where S and M represent the student set and set
of materials. Esm represents the observed student-material
interaction relations. Students node features Fs represent the
student’s frequency access to learning materials when they
interact with OLEs. Material nodes features Fm is the mapping
relationship with relevant learning style models.

B. Definition of Graph Attention Network :

After constructing the interaction behavior between students
and the platform into Gsm = (S,M,Esm), the goal of the

GAT is to encode all the nodes features Fs and Fm into a
latent representation (Low dimensional representation) using
the different mapping function

Fs → Fs

′

Fm → Fm

′

The mapping function should maintain the inherent struc-
tural and weight information between the set of students and
the set of materials. In the low dimensional spaces, nodes that
contains similar neighbor attention information should have a
shorter distance from each other.

C. Definition of Learning Style identification:

Given the encoded latent representation Fs

′
and Fm

′
con-

taining the low dimensional representation of the set of
learners S = {s1, s2, . . . , sX}, set of learning materials
M = {m1,m2, . . . ,mY }, and the importance of material
nodes to student nodes. The mapping feature between the
encoded learning materials and the selected learning style
model of FSLSM. The goal of our method is to use the map-
ping resulting feature as an input to the clustering algorithm
to identify and cluster similar learners with similar learning
styles.

IV. GAT-BASED LEARNING STYLE DETECTION MODEL

Here, we provide a comprehensive description of the pro-
posed GAT-LS method for detecting learning styles. The
objective of this technique is to explore a graph representation
learning algorithm that can enhance the precision and accuracy
of learning style detection. Figure 2 illustrates that the GAT-
LS technique involves three primary steps to accomplish the
detection procedure. The first step involves constructing a
bipartite graph, known as the S-M graph, which is designed
to represent the student’s behavior in a graph format, specifi-
cally focusing on their actions and interactions with learning
resources. These refer to the set of students, the set of learning
materials, and their connections based on the data regarding
the students’ actions and interactions with the learning ma-
terials. In the second phase, we utilize the Graph Attention
Network (GAT) to establish the connections between nodes
and assess the varying significance of neighboring nodes.
This process encodes the graph into a compact representation,
which may be used for further machine-learning tasks. The
final step is detecting the learning style by utilizing the
latent representation and mapping feature of each FSLSM
dimension. This is done through a clustering algorithm, which
helps identify and group learners who have similar learning
styles. Below is a comprehensive description of each part in
further depth.

A. S-M Bipartite Graph Construction

We utilize the interactions between students and materials
to generate a bipartite graph. This grants us two indepen-
dent collections of nodes, comprising the set of students
S = {s1, s2, . . . , sX} and the set of learning materials
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Figure 2. Overview of GAT-LS model for learning styles detection

M = {m1,m2, . . . ,mY }. The interaction data provides the
connection between the independent sets. A 0-1 matrix is used
to represent the connection relationship between two sets of
nodes, so if a student interacts with a learning material and no
matter how many times they do, an edge ek = 1 is designed
between them, otherwise none.

Based on the characteristics of the dataset and the require-
ments of the selected GRL model, we add additional node
features for all nodes. Adding node features to bipartite graphs
can provide contextual or full graph information as additional
information, helping to better understand the meaning and
relationships of nodes.

To determine the feature vector of each student node, we
measure the student’s frequency access to learning materials
when they interact with OLEs, so we obtain a fix-length vertor
that represents interaction information. Each dimension of the
vector indicates how many times did the student visit each
neighbor. For material nodes, the mapping relationship with
relevant learning style models is their node features.

The constructed S-M bipartite network is denoted as Gsm =
(S,M,Esm), where S and M represent the set student set
and learning material set, respectively. Node feature vectors
denoted the observed student-material recorded data, which
depict the student’s actions and interactions with learning
materials while learning. Fig.3 provides an illustration of a
sample S-M graph. The graph embedding techniques would
extract both structural and node features information about
the graph, enabling the conversion of the graph into low
dimensional space for the purpose of learning style detection.

B. Node Features Extraction

Node feature extraction refers to the process in graph-based
machine learning where relevant features are extracted or
learned from the properties linked to nodes in the graph. These
have become the most popular research direction in recent
years [49], [50]. In many real-world applications, nodes in a
graph are often linked with various features or attributes that
contain significant information. Extracting meaningful infor-
mation from these attributes is very essential for constructing
efficient models for subsequent machine-learning tasks such
as node classification, link prediction, and clustering.

Figure 3. An example of S-M bipartite graph

Several researchers have written a lot of works and shown
a lot of interest in the field of graph embedding for feature
extraction and classification since the quantity of data is
increasing at an exponential rate. Graph embedding tech-
niques have been used for various real-world problems like
speech recognition, picture detection, NLP, social networks,
knowledge graphs, and recommender systems after numerous
algorithms, theories, and large-scale training systems were
created. In order to accomplish the extraction procedure, GRL
approaches were recently proposed by [45], which makes
use of graph autoencoder. While this method outperforms its
predecessor, there is still an opportunity for enhancement in
terms of accuracy and precision.

We constructed a bipartite graph with distinct character-
istics: it comprises two types of nodes, student nodes and
material nodes. The number of student nodes is considerably
higher than that of material nodes, and the information of
their node features also varies significantly. Therefore, it is
imperative to consider these two parts of the node feature
extraction task separately due to the substantial differences in
both structure and the number of nodes. Also, apparently, not
every material equally reflects students’ learning preferences.
Hence, we must take into account the varying importance lev-
els of neighboring nodes. For instance, if a student frequently
accesses both material A and material B, these two materials
are of heightened importance to that student compared to
others. Recognizing the need for a more nuanced approach,
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we try to introduce an attention mechanism to the learning
styles detection task.

Based on the above explanation, we employ the use of
Graph Attention Network (GAT) [51] in this paper, a kind
of GRL, to achieve feature extraction process. We proposed a
comprehensive and efficient feature extraction model based on
GAT, which learns non-linear embedding of the S-M bipartite
graph. The model is composed of two parts: one uses a multi-
head attention network to extract hidden node features of
student nodes, and the other uses an drop-edge mechanism
and single-layer attention network for materials nodes. The
workflow of the feature extraction model is illustrated in fig.
4.

In the following paragraphs, We will provide a detailed
introduction to GAT and explain our proposed method.

1) Overview of the GAT

Graphs have aroused great interest among researchers in
tackling problems such as knowledge graphs, social rela-
tionships, and network security. Also, Graph representation
learning has become the most powerful tool for automati-
cally extracting graph features. Attention Mechanism in deep
learning is a method that mimics the human visual and cog-
nitive systems. By introducing attention mechanisms, neural
networks can automatically learn and selectively focus on
important information in the input, improving the performance
and generalization ability of the model. Combining graph
representation learning with attention mechanisms constitutes
GAT. GAT networks have been successfully applied in many
tasks, such as social network recommendations [52], traffic
flow prediction [53], short text classification [54], etc. How-
ever, to our knowledge, the application of GAT techniques has
not been adequately evaluated yet in an educational context
especially in the field of learning style detection. This article
aims to make some preliminary attempts.

By stacking layers in which nodes are able to attend over
their neighborhoods’ features, GAT enable specifying different
weights to different nodes in a neighborhood implicitly [51]. A
single-layer structure, graph attention layer, will be introduced
first as it is the cornerstone of all subsequent GAT structures
in our experiments.

The input of the graph attention layer is a set of node feature
vectors, h =

{
h⃗1, h⃗2, · · · , h⃗N

}
, h⃗i ∈ RF , where N is the

number of nodes and F is the number of node features. The
matrix h with size N ×F represents the characteristics of all
nodes, and R with size F×1 only represents the characteristics
of a certain node. The output of each layer is a new set of node
feature vectors, h =

{
h⃗1

′
, h⃗2

′
, · · · , ⃗hN

′
}
, h⃗i

′ ∈ RF
′

, where

F
′

represents the new node feature vector dimension, which
may not be equal to F .

Then we need to train a weight matrix W ∈ RF
′
×F for all

nodes in order to obtain the transformation between input and
output of a single-layer network, then we implement a self
attention attention mechanism for each node with attention
coefficients:

eij = a
(
Wh⃗i,Wh⃗j

)
(1)

Equation 1 represents the importance of node j to node i
without considering the information of the graph structure.
There are many ways to choose a, the author chose a single-
layer feedforward neural network with parameter a⃗ ∈ R2F

′

in
the paper. GAT introduces attention mechanism into the graph
structure through masked attention, which means that attention
is only allocated to the neighboring node set Ni (j ∈ Ni) of
node i. In order to make the attention coefficients easier to
calculate and easier to compare, we introduce softmax to
regularize the adjacent nodes j of all i:

αij = softmaxj (eij) =
exp (eij)∑

k∈Ni
exp (eik)

(2)

eij and αij are both called attention coefficients, just αij

is normalized based on eij . LeakyReLU nonlinearity was also
added to the output layer of the feedforward neural network
a in the paper. Therefore, by integrating equation 1 and 2, the
complete attention mechanism is obtained as follows:

αij =
exp

(
LeakyReLU

(
a⃗T

[
Wh⃗i

′ || Wh⃗j
′
]))

∑
k∈Ni

exp
(
LeakyReLU

(
a⃗T

[
Wh⃗i

′ || Wh⃗j
′
]))

(3)
The attention coefficients between different regularized

nodes were obtained through the above operation, which can
be used to predict the output features of each node:

h⃗i
′
= σ

∑
j∈Ni

aijWh⃗j

 (4)

W is the weight matrix multiplied by the features, a is
the attention correlation coefficient calculated earlier, σ is
a nonlinear activation function, The j traversed in j ∈ Ni

represents the neighboring nodes adjacent to all i.
In order to improve the generalization ability of the attention

mechanism, GAT chooses to use a multi-head attention layer,
which uses K sets of independent single-layer structure, and
then concatenates their results together:

h⃗i
′
= ∥kk=1σ

∑
j∈Ni

akijWkh⃗j

 (5)

2) Multi-head Attention for Students Node

We train muli-head attention layers on the students nodes
of the obtained S-M bipartite graph with node features, which
includes information about the complex interaction between
students and materials. Obviously, GAT is a powerful feature
extraction tool that can not only reduce dimensionality, but its
biggest advantage is that it can use attention coefficients to
represent the importance level between first-order neighboring
nodes.

The three-head Attention layers is utilized when we want
the output node features to include information about which
neighbor is more important. First, the bipartite graph will
be represented as a 0-1 matrix Aij which is n × n, it is
worth noting that the diagonal elements of this matrix are all
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Figure 4. The architecture of feature extraction model

zero, also, each edge is bidirectional. The following equation
specifically describes the 0-1 matrix:

Aij =

{
Wij = 1, si,mj ∈ E

0, otherwise
(6)

Then, we aggregate the feature vectors of the nodes into a
feature matrix Fs, the example of Fsis as follows:

Fs =


h⃗1 = {· · · · · · }
h⃗2 = {· · · · · · }
h⃗3 = {· · · · · · }

· · ·
h⃗i = {· · · · · · }


Finally, inputting Aij and Fs into three-head Attention

layers model yields a new set of node feature vectors that
we want:

Fs

′
=



h⃗1

′

= {· · · · · · }
h⃗2

′

= {· · · · · · }
h⃗3

′

= {· · · · · · }
· · ·

h⃗i

′

= {· · · · · · }


3) Drop-edge Mechanism and Single-layer Attention for

Materials Node

As discussed before, different feature extraction models
for different sets of nodes and this is the core of the entire
work. However, for learning materials nodes, the difference
in quantity between them and student nodes requires us to
consider an oversmooth problem, which is a unique problem
of the GCN model, that is, as the depth of model deepens,
the node features gradually become similar, so as the network
layers deepen, the node representation tends to converge and
the distinguishability of the node representation will deteri-
orate. Finally, the representation of all nodes will converge
to a fixed point, and the resulting node representation will
be independent of the input features, and it will also cause

the gradient to disappear. As a result, we have lost the
characteristics of materials nodes and become similar to many
student nodes which is a problem that we need to consider
separately.

In order to solve the problem of oversmooth, we introduced
the DropEdge mechanism which is a very simple idea that
randomly removes some edges during feature extraction. Pre-
vious articles have proven the effectiveness of this mechanism
for oversmooth problems [55]. Formally, it randomly removes
some non-zero elements with probability p, the entire process
can be expressed as the following equation:

Adrop = A − A
′

(7)

Where A
′

is a sparse matrix of a random subset removed
by p.

Based on the above explaination, our model for extracting
features of materials node is a DropEdge layer and two single-
layer graph attention layers, detailed structure can be described
in fig. 4. The input can be represented by Aij and Fm,

Fm =


h⃗1 = {· · · · · · }
h⃗2 = {· · · · · · }
h⃗3 = {· · · · · · }

· · ·
h⃗j = {· · · · · · }


and output is a new set of node feature vectors Fm′ .

Fm

′
=



h⃗1

′

= {· · · · · · }
h⃗2

′

= {· · · · · · }
h⃗3

′

= {· · · · · · }
· · ·

h⃗j

′

= {· · · · · · }


Now, the feature extraction task for S-M bipartite graphs

has been completed.

C. Learning Style Detetion

After we uses GAT model to automatically obtain a fixed-
length vectors we want, the next primary task is to select a
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Figure 5. Mapping the encoded learning resources with
FSLSM dimensions

suitable learning style model so we can map the vectors of
learning materials to per model dimensions. By doing so, the
latent representation vector of student nodes can be clustered
because they have information about the entire graph and
interaction with learning materials. The clustering algorithm
uses learning material mapping as feature values to label the
behavior of learners.

In this part, we use FSLSM as the basis for learning style
detection. The specific reasons for choosing this model have
been stated in the related work section. A detailed description
about the FSLSM model is shown in fig. 1.

According to the mapping relationship provided by litera-
ture [56] [32] as shown in Fig. 5 , we can determine the model
dimension to which learners belong based on their behavioral
characteristics.

The resulting material nodes latent representation associated
with each FSLSM dimension are provided as inputs to the K-
means clustering algorithm.

K-means divides a given sample set into K clusters based
on the distance between samples. Make the points within
the cluster as closely connected as possible, while keeping
the distance between clusters as large as possible. Assuming
the cluster is divided into (C1,C2, · · ·,Ck), our goal is to
minimize the squared error Er as well as the following
equation,

Er =

k∑
i=1

∑
x∈Ci

||x− µi||22 (8)

where µi is the mean vector of Ci, sometimes also known as
the center of mass, expressed as:

µi =
1

|Ci|
∑
x∈Ci

x (9)

It is obvious that we take k = 2 because the dimensions of
each of the four categories in the FSLSM model are divided
into two poles. After being processed by mapping fig. 5, the

materials feature related to each FSLSM dimension are fed
into K-means algorithm. Its results can be explained as each
cluster representing a group of students that they are very close
in vector distance.

V. EXPERIMENTAL RESULTS AND PERFORMANCE
ANALYSIS

In this section, we use real datasets to validate the effec-
tiveness of the method we propose. First, introduce the dataset
we use in the experiment and preprocess it, then conduct
the experiment. Second, we introduced the evaluation of the
experimental as well as the analysis and discussion of the
results. Finally, we compare the performance of our approach
with other existing studies.

A. Datasets Description and Preprocessing

To assess the efficacy of the proposed GAT-LS, we utilized
the identical dataset employed in the evaluation of GRL-
LS approach by Muhammad in 2022. The files comprise
behavioral records from the 2015 KDD Cup. The dataset is
sourced from XuetangX, a Chinese MOOC learning platform
established by Tsinghua University. This study documents
the online learning patterns exhibited by students across 40
courses from autumn 2013 to spring 2014. The entirety of the
user’s behavioral data was stored in the enrollment system.
The CSV file comprises seven behavior records: access, con-
versation, navigation, page-close, problem, video, and wiki.
Table I presents a comprehensive breakdown of the dataset
information of the dataset.

Table I. The information about the 2015 kdd cup dataset

Dataset KDD Cup 2015

No. of students 5069

No. of materials 07

event records 27,163

B. Experiment

Interaction information of the dataset was utilized for us to
construct an S-M bipartite graph and each student node has a
node feature vector which represents the frequency of student
access to materials, opposite to it each material node has a
vector shows mapping relationship with FSLSM. The bipartite
graph we obtained has 5069 student nodes and 7 material
nodes, complex interaction information is comprised inside in
high dimensional. For that, we first develop muti-head GAT
to obtain full graph information and most importantly to get
information on the importance of neighbors for each student
node, then drop-edge mechanism and single-layer attention are
used for materials nodes to extract its hidden representations.

Libraries numpy, pandas, pytorch etc. are implemented to
our GAT-LS. A three-head GAT was applied with a dropout
rate of 0.2 to prevent overfitting, also the parameter alpha of
leakyRelu is set to 0.2 to ensure that all nodes have non-
zero values during gradient updates. As for material nodes,
we randomly remove some edges with a probability p = 0.7
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when extracting features, and we set alpha of leakyRelu to
0.2, dropout rate to 0.5 to start experiment.

The latent represention of all nodes have been determined
and the mapping with FSLSM classification makes material
nodes equivalent to getting label. We set k = 2, calculating
the center value of each cluster based on the mapping of ma-
terial resources to per FSLSM pole. Then K-means clustering
algorithm group similar vertors closely and put dissimilar ones
in a different group. The clustering results as well as the results
of learning style detection are shown in Table II.

Table II. The clustering results

FSLSM Dimension FSLSM Categories No. of Learner

Input
Visual 3,104
Verbal 1,968

Processing
Active 1,869

Reflective 3,204

Perception
Sensitive 4,742
Intuitive 330

Understanding
Sequential 1889

Global 3,183

C. Evaluation of GAT-LS

To evaluate the effectiveness of our proposed GAT-LS
method, the accuracy, percision, recall, and F1 score are used
on the obtained clustering results. Machine learning models re-
quire quantitative evaluation metrics to evaluate which models
perform better, the above four indicators are commonly used.
Next is a brief introduction to them.

1) Accuracy
Accuracy is the most straightforward indicator for mea-

suring a classification model, it represents the proportion of
correctly classified samples to the total number of samples. A
correctly classified sample consists of two parts, a situation
where the prediction is positive and the reality is positive,
namely TP ; there is also a situation where the prediction is
negative and the reality is also negative, namely TN . The
calculation equation for Accuracy is as follows

Accuracy =
TP + TN

TP + TN + FP + FN
(10)

2) Precision
Precision represents the proportion of samples with positive

predicted results that are actually positive. The calculation
equation for precision is as follows:

Precision =
TP

TP + FP
(11)

3) Recall
Recall represents the proportion of the actual number of

positive samples in the predicted result to the total number of
positive samples in the entire sample. The calculation equation
for recallis as follows:

Recall =
TP

TP + FN
(12)

4) F1 score
F1 score takes into account both precision and recall factors

and is a weighted average of them. The calculation equation
for F1 score is as follows:

F1 score =
2× Precision×Recall

Precision+Recall
(13)

D. Results and Discussion

This section provides a comprehensive evaluation of the
effectiveness of the proposed GAT-LS in relation to the
clustering outcomes, utilizing four key metrics: Accuracy,
Precision, F1 Score, and Recall. These evaluation metrics will
provide us with a multifaceted understanding of the model’s
performance and enable a thorough analysis and assessment
of the clustering results.

Table III displays the results for accuracy, precision, recall,
and F1 score. The average values obtained were 0.9647,
0.9478, 0.9171, and 0.9346, respectively, for all the FSLSM
dimensions. Based on the results obtained, it is evident that the
proposed GAT-LS approach outperforms in terms of accuracy,
precision, recall, and F1 score when applied to the final
clustering result across all four dimensions of FSLSM. The
experimental results demonstrate that the GAT-LS approach
has strong performance and efficiently accomplishes the task
of learning style detection.

In the next stage of our study, we will compare the
performance of the proposed method against widely adopted
methods in the current domain. This comparison aims to reveal
the superiority of our method or improvements in specific
aspects.

Table III. Evaluation of GAT-LS approach for each classifica-
tion of FSLSM

Metrics

FSLSM
Vis/Ver. Act/Ref. Sen/Int. Seq/Glo. Avg.

Accuracy 0.9864 0.9603 0.9553 0.9568 0.9647

Precision 0.9783 0.9384 0.9309 0.9437 0.9478

Recall 0.9680 0.9054 0.8925 0.9027 0.9171

F1_score 0.9731 0.9216 0.9113 0.9227 0.9346

E. Performance Comparison

In this section, we compare the performance of the GAT-
LS approach with the existing learning style detection and
prediction methods. We have selected a wide range of rep-
resentative methods that uses the same dataset and closely
related as a point of the comparison, however, due to the
different evaluation indicators of different studies, we divided
the results comparison into two parts. The first part is the
comparison of Accuracy and the second part is the comparison
of Precision.
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1) Comparison of the GAT-LS approach with existing ap-
proaches based on Accuracy

We compare our approach, GAT-LS, with the existing
approaches in terms of accuracy. We consider existing ap-
proaches that use the same dataset to perform the comparison
[21], [29], [41], [12], [2], [2], and some other related works.
The performance comparison is shown in Table IV.

Table IV. Comparison of accuracy results

FSLSM dimension Approach Accuracy

Vis/Ver

LSID-ANN 0.8400

Deles 0.7880

KNN 0.881

LGBM 0.8325

GRL-LS 0.9100

GNN-LS 0.9657

GAT-LS 0.9864

Act/Ref

LSID-ANN 0.8020

Deles 0.7990

KNN 0.809

LGBM 0.8325

GRL-LS 0.9300

GNN-LS 0.9665

GAT-LS 0.9603

Sen/Int

LSID-ANN 0.7900

Deles 0.7900

KNN -

LGBM 0.8325

GRL-LS 0.8500

GNN-LS 0.9632

GAT-LS 0.9553

Seq/Glo

LSID-ANN 0.7970

Deles 0.7020

KNN 0.881

LGBM 0.8325

GRL-LS 0.8400

GNN-LS 0.9696

GAT-LS 0.9568

As shown in Table IV, our proposed GAT-LS method
has demonstrated competitive performance in terms of the
accuracy evaluation indicator. Notably, our method exhibits
substantial advantages in accuracy when compared to the
approaches presented in article [21], [41], [12]. In compar-
ison to GRL-LS, our proposed method surpasses it across
all dimensions of FSLSM. However, despite excelling in
the input dimension, we achieved the highest value in the
comparison with our method reaching 0.9864 and GNN-LS
method attained 0.9657, our algorithm exhibits slightly lower
performance than GNN-LS in the remaining three dimensions
and average values. The observed outcome is attributed to

the fact that GNN-LS underwent 200 rounds of high com-
putational power iterations, thereby achieving superior results.
Moreover, GNN-LS uses a classification algorithm to predict
the learner’s learning style in the real world, while our GAT
approach employs the use of a clustering algorithm to detect
learning style. Using classification algorithms in the future to
predict learning styles in the real world can provide a more
effective performance of our GAT-LS approach. Consequently,
in comparison to the results reported in other studies, our
GAT-LS demonstrates competitive performance in terms of
accuracy.

2) Comparison of the GAT-LS approach with existing ap-
proaches based on Precision

We further compare the performance of our approach, GAT-
LS, with the existing approaches based on precision. The
precision results were compared with the existing approach
proposed by [56], [22], [41], [13], [45], [57]. Table V displays
the performance comparison.

Table V. Comparison of precision results

FSLSM dimension Approach Precision

Vis/Ver

Graf 0.7667

Liyanage 0.7625

Karagiannis 0.9216

Khan 0.6356

Bernard 0.8020

GRL-LS 0.8300

GAT-LS 0.9783

Act/Ref

Graf 0.7933

Liyanage 0.6500

Karagiannis 0.7500

Khan 0.6547

Bernard 0.7410

GRL-LS 0.8700

GAT-LS 0.9384

Sen/Int

Graf 0.7733

Liyanage 0.7500

Karagiannis 0.6600

Khan 0.6496

Bernard 0.7270

GRL-LS 0.7300

GAT-LS 0.9309

Seq/Glo

Graf 0.7333

Liyanage 0.7750

Karagiannis 0.8000

Khan 0.7121

Bernard 0.8250

GRL-LS 0.7100

GAT-LS 0.9437

For each FSLSM dimension, we can see that our GAT-LS
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approach is successful and achieves higher precision compared
to the existing approaches with 0.9783 for visual/verbal,
0.9384 for active/reflective, 0.9309 for sensitive/ intuitive, and
0.9437 for sequential/global precision respectively. Based on
the average, it is evident that the average precision of our
proposed method stands at 0.9478, significantly surpassing
the precision values of other methods listed in Table V. This
suggests the proposed approach exhibits high performance, the
integration of graph-based analysis and attention mechanism
in our method for feature vector creation and label formation
has markedly enhanced the effectiveness of learning style
detection.

We further support our proposed GAT-LS approach by
conducting further comparisons with the existing methods to
show the effectiveness of the proposed approach. For that, we
consider using recall and F1 score to compare the performance
of our approach to that of the existing methods presented by
[12], [29], [45], these methods employ the use of a deep neural
network algorithm (DNN), Light Gradient Boosting Machine
(LGBM), and Graph representation techniques for learning
style detection. Table VI shows the comparison results.

Table VI. Comparison of recall and F1 score results

FSLSM dimension Approach Recall F1 score

Vis/Ver

KNN 0.8800 0.8800

LGBM 0.8457 0.8071

GRL-LS 0.9216 0.852

GAT-LS 0.9680 0.9731

Act/Ref

KNN 0.8100 0.8700

LGBM 0.8457 0.8071

GRL-LS 0.9216 0.852

GAT-LS 0.9054 0.9216

Sen/Int

KNN - -

LGBM 0.8457 0.8071

GRL-LS 0.9216 0.852

GAT-LS 0.8925 0.9113

Seq/Glo

KNN 0.8800 0.8800

LGBM 0.8457 0.8071

GRL-LS 0.9216 0.852

GAT-LS 0.9027 0.9227

As can be seen in Table VI, the recall and F1-score of our
GAT-LS outperform the existing approaches with an average
of 0.9171, and 0.9346 respectively. This shows that our GAT-
LS has superior results and efficiency compared with other
methods. However, it is worth noting that the number of recalls
is relatively lower than the other three indicators, only 0.9171.
This is because the dataset we are using does not have enough
features for our model to fully extract. Finding a suitable
student behavior dataset is also a major challenge for learning
styles.

The results of the experiment and comparisons demon-
strate the superiority and robustness of our proposed GAT-LS
method in efficiently achieving style recognition and detection

in learning. The introduction of an attention mechanism allows
the feature extraction process to focus more on learners’
preferences for learning materials. Our work addresses the
issues of accurately conducting learner behavior analysis in
the era of big data and effectively implementing learner style
detection. Applying our method to online learning systems can
achieve more accurate recommendations of learning resources,
addressing the problem of knowledge navigation. Furthermore,
our approach serves as a pivotal aid for educators and students,
enhancing the overall quality of the learning experience.

Besides, another significant revelation is a puzzle that we
guess the direct application of authoritative learning style
models from the field of education may no longer be suitable
for the current era of big data. The motivation behind this
observation stems from the comparison of different models.
It was observed that, in comparison to GRL-LS, the GAT
model shows minimal differences in accuracy, but substantial
disparities in clustering results. The complexity of student
behavior, after undergoing embedding, results in vectors that
can be categorized into both Visual and Verbal clusters.
This phenomenon is tentatively termed as "Middle-of-the-
road Classification" by us. Investigating the root causes, it
is attributed to the relatively coarse granularity of learning
style models in the field of education. When transposed into
the computer science domain, these models either involve
binary or quaternary classifications. Additionally, the lack of
efficiency in the models prevents precise vector embedding,
leading to inherent fuzziness. A number of papers have already
done some work on refining the learning style model, [34]
proposed a classification model constructed with an algorithm
based on Object-Oriented Bayesian networks, the 16 classifi-
cations of the FALSM model are each divided into balanced,
moderated and strong. [12] divided each dimension of the
FSLSM model into five types instead of two, for instance,
(strong verbal, moderate verbal, balanced, moderate visual,
strong visual) for input dimensions.

VI. CONCLUSION

In this paper, our study abstracts the interaction information
between students and the learning platform into a bipartite
graph with node features. Subsequently, Graph Attention Net-
work (GAT) is employed to extract features from student
and material nodes. Multi-head attention is used for student
nodes, while material nodes employ a dropEdge mechanism
and single-layer attention network to prevent oversmoothing.
Finally, K-means clustering is applied for learning style de-
tection based on the FSLSM model.Our approach provides
an effective means to understand students’ learning styles,
offering potential support for personalized learning in the field
of education. By delving into the interactions between students
and learning resources, we provide educators with a more
comprehensive insight, enabling them to better adjust teaching
strategies to meet the individual needs arising from student
differences.

However, "Middle-of-the-road Classification" problem in-
spires our future research will focus on further refining the
model to better accommodate a broader range of learning
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environments and disciplines. We plan to explore how our
approach can be utilized to offer customized learning expe-
riences for various student populations, while also enhanc-
ing performance to improve the accuracy and robustness of
learning style classification. Then it is worth noting that the
refinement of dimensions in learning style models in the field
of education and the paradigm shift of learning style models
into the computer science domain pose challenges involv-
ing interdisciplinary collaboration and issues of reasonable
evaluation. Addressing the "middle-of-the-road classification
problem" further will involve the collaboration of scholars
from different domains.
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