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Abstract 
Aiming at the analysis of students' learning effect and need for improvement in teaching 
programs under the mixed teaching mode of Guangxi College of Education, taking the 
online learning behavior data of "C Language Programming" course of 71 students 
majoring in mathematics education of grade 2020 as the research object, this paper 
proposes an analysis method of students' online learning behavior based on data mining 
technology. Firstly, the improved K-means clustering algorithm is used to group students 
whose online learning behaviors are similar. Secondly, the Apriori algorithm that 
introduces interest degree is used to analyze the correlation between the learning 
behavior and learning effect of different types of students, and explore the impact of 
students' online learning behavior on the learning effect. The mining results obtained by 
applying the method can not only provide a reference for the improvement of the 
teaching plan, but also help to improve the teaching quality of the course and the 
learning effect of the students. 
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1. Introduction 

The rapid growth of Internet technology and education informatization has led to the rapid emergence 
and widespread use of online learning as a modality of instruction. During the process of students 
engaging in online learning, a significant amount of data pertaining to their online learning behavior 
is produced. Figuring out how to use data mining technology in a way that is both efficient and quick 
in order to mine and analyze this massive amount of data information in order to more effectively 
realize teaching strategies, learning process optimization, and personalized learning method 
recommendation, among other things, has become a topic of intense research interest at the present 
time. Zhao Lei et al. (2021) used data mining methods to predict learners' academic performance and 
group characteristics based on MOOC platform learners' learning behavior data. They also proposed 
teaching strategies and improvement suggestions based on the analysis of learners' group learning 
characteristics[1]. Based on learner learning behavior data in an online distance education platform, 
Li Sa (2018) used association rule mining algorithms to analyze the correlation that exists between 
learners' learning behaviors and learning outcomes, and searched for the main learning behaviors that 
affect learners' learning outcomes[2]. 

At present, most researchers have studied students' online learning behavior in MOOC or online 
courses, while relatively few have studied students' online learning behavior in hybrid teaching mode. 
Therefore, this paper takes students' online learning behavior data in hybrid teaching mode as the 
research object and analyzes students' online learning behavior by using data mining technology. First, 
we use the improved K-means clustering algorithm based on the maximum distance method to select 
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the initial cluster centers to cluster students' online learning behavior data and aggregate students with 
similar learning behavior; then the improved Apriori association rule mining algorithm with interest 
is used to mine all kinds of cluster data, and the mining results are analyzed to explore the influence 
of different types of students' online learning behaviors on the learning effect and some valuable 
information, so as to provide a basis for optimizing teaching strategies and promoting teaching and 
learning. 

2. Overview of Related Algorithms 

2.1 Improved K-means Algorithm 

K-means algorithm is a classical algorithm in clustering algorithm, which is widely used because it 
has the advantages of simple principle, easy implementation and can handle large data sets. However, 
due to the randomness of the initial clustering center selection, the traditional K-means algorithm 
easily leads to unstable clustering results. In order to obtain a better clustering effect, this paper 
combines the ideas of literature [3] and uses an improved K-means algorithm based on the maximum 
distance method to select the initial clustering centers to cluster student online learning behavior data, 
so that students with similar learning behaviors are clustered into one class and students with different 
learning behaviors are clustered into different classes. 

The steps of the improved K-means algorithm are as follows. 

Input: data set X, number of clusters k. 

Output: k clusters and k cluster centers. 

Begin. 

1) Select k initial cluster centers from the data set X. The procedure is as follows. 

(1.1) Calculate the distance between two of the M data objects in the dataset, and take the two farthest 
data objects x1 and x2 as the initial cluster centers. 

(1.2) Among the remaining (M-2) data objects, the data object x3 with the maximum product of the 
distances to x1 and x2 is used as the third initial cluster center. 

(1.3) Among the remaining (M-3) data objects, the one with the maximum product of the distances 
to x1 , x2 and x3 is used as the fourth initial cluster center. 

(1.4) and so on, all k initial cluster centers can be found. 

2) For the remaining data objects, calculate their distances from the centers of the k clusters and assign 
them to the cluster with the smallest distance. 

3) Recalculate the centers of the k clusters. The center is the arithmetic mean of all points within that 
cluster, and the object mean point is used as the new cluster center. 

4) Repeat step 2) and step 3) until the individual clusters no longer change. 

End. 

2.2 Improved Apriori algorithm 

2.2.1 Association Rules 

Association rule mining is an important mining method in data mining, which is mainly used to dis-
cover interesting relationships between different factors in the target database. The strength of 
association rules is generally measured by support and confidence. Suppose the association rule is 
described as (X⇒Y), then the rule support is the proportion of transactions that contain both X and Y 
itemsets in the matter set D, which is denoted as Supp(X⇒Y), as shown in equation (1). And 
confidence is the ratio of the number of transactions containing both X and Y itemsets to the number 
of transactions containing X itemsets in the matter set D, which is denoted as Conf(X⇒Y), as shown 
in equation (2). 
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𝑆𝑢𝑝𝑝(𝑋 ⟹ 𝑌) = 𝑃(𝑋 ∪ 𝑌) =
( ∪ )

( )
                          (1) 

 

𝐶𝑜𝑛𝑓(𝑋 ⟹ 𝑌) = 𝑃(𝑌|𝑋) =
( ⟹ )

( )
=

( ∪ )

( )
                    (2) 

 

The minimum support is generally set empirically and is denoted as Suppmin (0<Suppmin<1) and 
the minimum confidence is denoted as Confmin (0<Confmin<1). If the rule term X⇒Y in the 
association rule algorithm satisfies both Supp(X⇒Y) ≥ Suppmin , and Conf(X⇒Y) ≥ Confmin , then 
the rule is called a strong rule. 

2.2.2 Degree of Interest 

Interest degree refers to the degree of interest of the user in the rule. In this paper, we use the 
difference based idea interest degree from literature [4] for interestingness judgment of rules, which 
has the ad-vantage of removing the uninteresting rules. The interest degree of the associated rule 
(X⇒Y) is expressed as. 

 

𝐼𝑛𝑡𝑟(𝑋 ⟹ 𝑌) =
( ⟹ ) ( )

 ( ( ⟹ ), ( ))
                        (3) 

 

Where, Conf(X⇒Y) is the confidence of association rule (X⇒Y), as shown in equation (2); Supp(Y) 
is the support of Y in association rule (X⇒Y), and its value is count(Y)/count(D); Intr(X⇒Y) takes 
values in the range of [-1,1], when the value of Intr(X⇒Y) is negative means X has negative influence 
on Y, and When the value of Intr(X⇒Y) is positive, it means that X has a positive influence on Y. 
The larger the absolute value of Intr(X⇒Y), the greater the influence of X on Y. 

2.2.3 Introducing the Apriori Algorithm with Degree of Interest 

Apriori algorithm is a classical association rule mining algorithm. The traditional Apriori algorithm 
often mines a lot of meaningless rules because it only uses two thresholds of support and confidence 
to filter the rules[5] . To address this problem, in order to obtain rules of interest to users and improve 
the efficiency and quality of mining, this paper uses Apriori algorithm with the introduction of 
differential thought interest degree to mine association rules. 

The steps of Apriori algorithm for introducing the degree of interest of difference ideas are as follows. 

Inputs: dataset D, support threshold, confidence threshold, interest threshold. 

Output: The eligible rules. 

Begin. 

1) Scan the data set D for all frequent 1-item sets, setting K = 1. 

2) Mining frequent K-term sets. 

3) Let K = K + 1 and go to 2). 

4) Construct rules that satisfy the given confidence threshold and interest threshold using the set of 
frequent items. 

End. 

3. Experimental Results and Analysis 

The experimental hardware environment is Intel(R) Core(TM) i7-10700 CPU @ 4.10GHz, 16GB 
RAM, 512GB SSD, Windows 10 OS, Anaconda 4.4.0 IDE, and Pycharm IDE for python. 

3.1 Experimental Data Set and Pre-processing 

The experimental data of this study were obtained from the online teaching platform of Guangxi 
College of Education, and the learning records of mathematics education students in class of 2020 in 
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the first semester of academic year 2021-2022 for the course "C Language Programming", which 
contained all the online learning data of 71 students for one semester. The course adopts a hybrid 
teaching mode combining online and offline, and is taught in three segments: online independent 
learning before class, offline interaction and guidance during class, and online consolidation and 
expansion after class. This experiment mainly ex-tracts 12 online learning behavior indicators from 
the platform, which are: the number of times to enter the course (A), the number of times to browse 
the pre-class task list (B), the number of times to watch the micro-lesson video (C), the length of 
watching the micro-lesson video (D), the completion rate of micro-lesson video (E), the number of 
times to watch the PPT teaching courseware (F), the completion rate of PPT teaching courseware (G), 
the number of times to participate in class response (H), the class response correct rate (I), number of 
homework test submissions (J), homework test correct rate (K), and length of online time (L), while 
the students' offline final exam results (S) were used as the basis for learning effectiveness. Before 
analyzing the learning behaviors, some pre-processing is needed to remove some redundant data, and 
the raw data are discretized (the discretization criteria are shown in Table 1) and normalized. 

 

Table 1. Discretization criteria 

Indicator 
Variables 

Attribute 
Value 

Description 

A 0,1,2 
The number of times to enter the course, [0,30) is 0, [30,60) is 1, [60,+∞) 

is 2 

B 0,1,2 
The number of times to browse the pre-class task list, [0,15) is 0, [15,30) is 

1, [30,+∞) is 2 

C 0,1,2 
The number of times to watch the micro-learning video, [0,45) is 0, 

[45,90) is 1, [90,+∞) is 2 

D 0,1,2 
The length of watching the micro-learning video (minutes), [0,300) is 0, 

[300,600) is 1, [600,+∞) is 2 

E 0,1,2 
Micro-learning video completion rate, [0,60%) is 0, [60%,85%) is 1, 

[85%,100%) is 2 

F 0,1,2 
The number of times to watch the PPT courseware, [0,15) is 0, [15,30) is 

1, [30,+∞) is 2 

G 0,1,2 
PPT courseware completion rate, [0,60%) is 0, [60%,85%) is 1, 

[85%,100%) is 2 

H 0,1,2 Number of classroom responses, [0,15) is 0, [15,30) is 1, [30,+∞) is 2 

I 0,1,2 
Classroom response correct rate, [0,60%) is 0, [60%,85%) is 1, 

[85%,100%) is 2 

J 0,1,2 
Number of homework test submissions, [0,15) is 0, [15,30) is 1, [30,+∞) is 

2 

K 0,1,2 
Homework test correct rate, [0,60%) is 0, [60%,85%) is 1, [85%,100%) is 

2 

L 0,1,2 
Length of online time (minutes), [0,500) is 0, [500,1000) is 1, [1000,+∞) is 

2 

S 0,1,2,3 Final exam results, [0,60) is 0, [60,75) is 1, [75,90) is 2, [90,100] is 3 

3.2 Cluster Analysis 

In order to better mine the online learning behavior patterns of students, the experiment uses a 
modified K-means algorithm to cluster and analyze the obtained online learning behavior data of 
students, which aggregates students with similar learning behaviors and helps to discover the potential 
learning patterns of different types of students. To find the optimal K value, this study used Davies 
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Bouldin Index (DBI) to determine the optimal number of clusters K. A smaller value of DBI means 
a better clustering effect. The range of K values is set from 2 to 9, and the values of DBI corresponding 
to different K values are shown in Table 2. From Table 2, it can be seen that when K=3, the 
corresponding DBI value is the smallest and the clustering effect is the best. 

 

Table 2. Different number of clusters and their corresponding DBI 

K 2 3 4 5 6 7 8 9 

DBI 1.469 1.201 1.235 1.286 1.373 1.435 1.421 1.392 

 

In order to observe the differences between different class clusters more intuitively, this study 
normalized all variables, converted them into Z scores and then averaged the data before presenting 
them by drawing line graphs, as shown in Figure 1. 

 

 
Figure 1. Mean values of different class clusters on each variable after normalization 

 

In figure 1, we can see that Cluster 1 belongs to "excellent learners", which usually have clear learning 
objectives, can actively complete the learning of teaching resources such as PPT teaching materials 
and micro-learning videos before class, actively participate in classroom responses during class, 
actively complete homework and tests after class with high quality, and actively participate in every 
teaching session. The students have high learning quality and strong learning ability. Cluster 2 
belongs to "moderate learners", because the course has certain requirements for students to study 
online teaching resources for a certain period of time, so the number of times this type of students 
enter the course, the number of times they watch micro-lecture videos, the length of micro-lecture 
videos, the number of times they watch PPT teaching materials and the length of time they are online 
are not very different from the Cluster 1 of students. However, students in this category have average 
performance in other learning behaviors, and the learning effect is not outstanding. Cluster 3 belongs 
to the "risky learners". These students do not have clear learning goals, and are poor in learning online 
teaching resources, participating in classroom responses and completing homework tests, and have 
insufficient self-discipline. 

3.3 Analysis of Association Rules 

In order to find out the important factors affecting the learning effectiveness, we use the improved 
Apriori algorithm to mine the online learning behavior data of different types of students, and analyze 
the strong rules related to the final grade to know the relationship between students' learning behavior 
and learning effectiveness. In order to investigate the important factors that can help improve the 
learning effect, this paper takes "good learners" as an example to analyze. After repeated experiments, 
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we set Suppmin =0.1, Confmin =0.68, and Intrmin =0.6, and obtained some strong rules for "excellent 
learners" as shown in Table 3. 

 

Table 3. Some strong rules 

Serial number Strong Rules Confidence Interest level 

1 B2⇒S3 0.735 0.602 

2 E2⇒S3 0.812 0.701 

3 G2⇒S3 0.761 0.689 

4 I2⇒S3 0.903 0.768 

5 J2⇒S3 0.824 0.721 

6 K2⇒S3 0.928 0.827 

 

As seen in Table 3, students who viewed more pre-class task sheets, had higher completion rates of 
micro-learning videos and PPT instructional courseware, had higher correct class response rates, 
submitted more homework tests, and had higher correct homework test rates were more likely to 
achieve a final exam score of 90 or higher. This also indicates that these six online learning behaviors 
have a positive impact on student learning outcomes. 

4. Conclusion 

Learning behavior is the basis of learning analysis, and it is important to analyze students' online 
learning behavior data and explore the influence of students' online learning behavior on learning 
effect to improve the quality of course teaching. This paper takes students' online learning behavior 
data in hybrid teaching mode as the research object and analyzes students' online learning behavior 
data by using data mining technology. Firstly, the improved K-means clustering algorithm is used to 
aggregate students with similar learning behaviors, and secondly, the Apriori algorithm with the 
introduction of interest degree is used to mine association rules for different types of students' learning 
behaviors and learning effects. The mining results can not only provide reference for the improvement 
of teaching programs, but also help to improve the teaching quality of the course and the learning 
effect of students. Since this study only analyzes the data of one course on the online teaching 
platform, the scale of the collected learning behavior data is small, and the research conclusions have 
certain limitations. The follow-up study will further expand the scale of the study and conduct 
application research in more courses. 
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