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Abstract Mining the influencing factors of college students' online learning behavior is of great significance for
optimizing online education. Based on social cognitive theory, this paper constructs a model of influencing factors
of MOOC learners' learning behavior and mines the correlation among factors. Multi-attribute event sequence
analysis of learning behavior data is carried out using feature extraction technology. The principle of minimum
description length (MDL) is introduced in MinDL algorithm to balance the information loss and interpretability of
pattern extraction. The K-means-CE clustering algorithm is proposed to achieve the initial center search through
crown clustering and determine the optimal number of clusters by combining with the “elbow value”, so as to realize
the efficient classification and group portrait of learning behaviors. The MOOC platform learning behavior data is
used as the research object to analyze and explore the categorization of students' behaviors. The results show that
the correlation between the seven learning behaviors reaches up to 0.83, and all of them are negatively correlated
with the dropout results. The students were clustered into 4 categories according to the characteristics of learning
behaviors, which were simple experiencer, good questioner, active explorer, and school bully type.

Index Terms learning behavior influencing factors, multi-attribute event sequence, MinDL algorithm, K-means-CE
clustering algorithm, MOOC data

I. Introduction

MOOC is a new educational model based on network education and developed along with the progress of
information technology [1], [2]. MOOC not only has rich quality course resources in network education, but also
provides a variety of interaction modes [3]. MOOC breaks the time and space boundaries of traditional education,
and is highly respected by students because of its many advantages such as convenient and fast learning,
extremely rich resources, etc., which substantially accelerates the development process of online learning [4], [5].
However, the completion rate of MOOC courses is not high, which is mainly due to the existence of various factors
affecting college students' learning behavior [6], [7].

College students' learning behaviors include operational interaction behavior, intentional interaction behavior, and
creative interaction behavior, etc., which determine whether MOOC students engage in deep learning, and the
factors affecting college students’ learning behaviors mainly include teachers' factors, learning motivation, platform
factors, and student satisfaction [8]-[11]. Teacher factors are mainly the personal charisma and professionalism of
teachers' lectures, including the ability of expression, interesting lectures, affinity, knowledge transfer ability, logical
expression and knowledge reserve [12]-[14]. Learning motivation is the initial intention and goal of MOOC students
for course learning, including students' learning goals, future planning, course preparation, skill enhancement,
environmental drive and pre-preparation courses [15]-[17]. There are abundant digital resources in the platform,
and MOOC students will continue to learn when they have clear learning goals, and students are motivated to
enhance their MOOC learning due to career planning, course preparation, self-improvement, and other needs [18]-
[20]. Platform factors including infrastructure, mutual communication, mutual collaboration, learning tracking and
process record analysis and prediction provide learning services for MOOC students, which is the technical
guarantee of the learning process [21], [22]. And the comprehensive satisfaction degree of students in the whole
MOOC course learning process is called student satisfaction, which is the subjective feeling formed after students
compare the actual experience value with the psychological expectations in an all-round way, and it can be regarded
as the customer satisfaction index in the field of education [23]-[26]. A good MOOC platform user experience will
enhance the satisfaction of MOOC students, so that they will enhance their course participation and improve their
learning motivation [27], [28].
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This paper analyzes the intrinsic influence associations behind learning behaviors by establishing a multi-
dimensional MOOC learner learning behavior influence factor model. Combined with the theory of behavioral
science, the improved MinDL algorithm is introduced to extract the multi-attribute time-series of students' learning
behavior data in the MOOC platform and explore the behavioral feature patterns. Through the K-means-CE
algorithm, learner clustering analysis is performed based on the extracted feature data, and the stability of the
optimal number of clusters is determined by combining crown clustering. Use the learner behavior data of MOOC

platform to practice feature extraction of college students' online learning behavior. Complete the learner clustering
based on behavioral features and compare the differences in learning behaviors of students in different clusters.

An Exploration of MOOC Data Influencing Factors on College Students' Online Learning Behavior and Cluster Analysis Methods

Il. Analysis of techniques related to the mining of factors influencing learning behavior
This chapter establishes a model of influencing factors of MOOC learners' learning behaviors and provides steps
such as feature extraction and algorithmic computation to perform cluster analysis of learners' learning behaviors.

Il. A.A Model of Factors Influencing MOOC Learners’ Learning Behavior

Based on the MOOC learner perspective, according to the social cognitive theory and MOOC learning behavior,
MOOC learners' continuous learning intention is influenced by platform factors, learning motivation, course factors,
teacher factors, learning behavior, learner satisfaction and learner stickiness, according to the model of influencing
factors of user interactive continuous learning behavior based on network video, combined with the interaction
relationship between the seven influencing factors Construct the MOOC learner learning behavior influencing
factors model. Figure m shows the modeling results.

Platform factor Learning motivation Course factors Teacher factor Learning behavior
Learnin, Teachin E i tional
Infrastructure aming cacing Xpression . Op erationat
Objectives quality ability interaction behavior
Talk to each . Classroom The interest of Path-finding
Future planning . 1 . . . .
other vitality teaching interaction behavior
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preparation appeal interactive behavior
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Driven by the Create a Logical
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environment situation expression Ba.lance between
independent
; activities and
Analysis and . Extended Knowledge . . s
. Preview course . interactive activities
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|

Learners keep learning

Figure 1: Model of influencing Factors of Learning behaviors of MOOC learners

1) Platform factors

Platform factors include infrastructure, mutual communication, mutual collaboration, learning tracking and
process record analysis and prediction. Infrastructure provides learning services for MOOC learners and is the
technical guarantee for the learning process. Learners need to realize mutual communication, mutual collaboration
and common discussion with peers through the platform, and eliminate the sense of strangeness through multi-
dimensional interaction. The platform needs to keep the learning trajectory of MOOC learners, provide learning
tracking services, record and analyze the learning process of learners according to MOOC big data, and predict the

next learning behavior of MOOC learners.
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2) Learner satisfaction

The comprehensive satisfaction degree of learners in the whole MOOC course learning process is called learner
satisfaction, which is the subjective feeling formed after learners compare the actual experience value with the
psychological expectations in an all-round way, and can be regarded as the customer satisfaction index in the field
of education. A good user experience of MOOC platform will enhance the satisfaction of MOOC learners, make
them enhance their participation in the course, and improve their learning motivation.

3) Learning Motivation

Learning motivation is the initial intention and goal of MOOC learners for course learning, including learners'
learning goals, future planning, course preparation, skill enhancement, environmental drive and pre-preparation
courses. There are abundant digital resources in the platform, and MOOC learners will continue to learn when they
have clear learning goals, perhaps for future career planning, perhaps for preparing for a certain course, perhaps
for improving their own skills, perhaps under the influence of the surrounding environment, or perhaps they need to
pre-study a certain course before the class, etc., and these learning motives will enhance the learning motivation of
MOOQOC learners.

4) Course factors

Curriculum factors determine the quality of teaching, including the quality of lectures, classroom dynamics,
classroom attraction, mind expansion, creating situations and expanding learning. Teachers internalize the course
content and explain the knowledge points and related relationships, reflecting the quality of instruction. If learners
can be helped to realize the expansion of thinking and knowledge expansion learning in the created context, the
classroom vitality and attraction will continue to increase, effectively driving MOOC learners to strengthen course
learning.

(5) Teachers' factors

Teachers' factors are mainly the personal charisma and professionalism of teachers' lectures, including
expression ability, interestingness of lectures, affinity, knowledge transfer ability, logical expression and knowledge
reserve. If the teacher's knowledge reserve is rich enough, the logical and expressive ability of the lecture will be
stronger. If the teacher is gentle and affable, the classroom will be very attractive. Teachers who focus on the
development of learners' knowledge transfer ability will enhance the cohesion and centripetal force of the classroom.

6) Learning behavior

Learning behaviors include operational interaction behaviors, path-finding interaction behaviors, intentional
interaction behaviors, creative interaction behaviors, and the balance between independent activities and interaction
activities, which determine whether MOOC learners engage in deep learning. Operational interaction behavior is
learners' personal learning behavior in MOOC platform, such as checking course dynamic information, watching
course videos, etc.; path-finding interaction behavior is learners' mutual collaboration behavior, such as constructing
interest groups, forming learning communities, etc.; intentional interaction behavior is learners' mutual
communication, negotiation and experience sharing behavior, such as initiating discussion topics, answering each
other's questions and solving problems, recommending good resources and so on. Good resources, etc.; Creative
interaction is the behavior of learners' reflection, evaluation and creation, such as evaluating the quality of the course
and submitting assignments; Independent activities are learners' individual learning behaviors, and interactive
activities are interactive behaviors between teachers and students or students and students, if there are too many
independent activities and interactive activities in one aspect, it will lead to an imbalance, so it is necessary to
balance the relationship between the two, and to rationally arrange independent activities and interactive activities
in learning. Promoting MOOC learners to carry out learning behaviors can show the advantages of digital resources
and online education, and is also conducive to MOOC learners to carry out diversified learning.

7) Learner Stickiness

Learner stickiness is the intrinsic motivation of learners who are interested in the course they are studying and
are willing to study continuously, which is influenced by factors such as motivation, course factors, teacher factors
and learning behaviors, etc. MOOC learners with good motivation will be motivated to learn extremely well and
produce positive learning behaviors. MOOC learners who have enough trust and good feelings towards the teacher
will raise the relearning expectation value. Teachers need to improve learner stickiness in order to prolong the
duration of learners' continuous learning.

Il. B.Feature extraction

Il. B.1) Characterization

Behavioral science theory research points out that human behavior is governed by its motivation, and by studying
the motivation and development law of human behavior, we can predict its next behavior. The theory is introduced
to online learning behavior, which is a series of interactive activities carried out by online learners on the learning
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platform in order to achieve certain learning goals. Therefore, the analysis of online learning behavior should be
centered on online course learners, and the characteristics of their learning behavior should be studied from an
individual perspective. Out of different learning goals, learners will take different learning behaviors, combined with
the current characteristics of the MOOC learning platform, online learning behavior can be categorized into the
following categories from the perspective of background records: (O platform access behavior, including logging
into the learning platform, exiting the learning platform, as well as the length of time spent on learning, the span of
learning events and other behaviors, reflecting the learner's learning habits, learner enthusiasm and other situations.
@ basic listening behavior, including watching online class videos, browsing course modules, download and watch
courseware and supporting learning resources and other behaviors, directly reflecting the learners to receive the
course. 3 Homework and test behavior, including submitting homework, answering questions, participating in
tests and other behaviors, reflecting the current learning situation of learners. @ Communication and expansion
behaviors, including mutual questions and answers, forum posting, browsing related materials and other behaviors,
reflecting learners' needs for learning beyond the basic content.

Il. B.2) MDL-based pattern extraction for multi-attribute event sequences

Pattern extraction is one of the key tasks in learning data analysis. Previously, algorithms such as VMSP or MaxSP
are usually used to extract frequent patterns in learning sequences, but they only consider a single attribute. In this
paper, we focus on pattern extraction of multi-attribute time-event sequences in student behavioral data and support
the task of pattern extraction by solving the following four problems, namely:

1) Adjusting the weights of different attributes

Domain experts usually focus on one attribute or a weighted combination of multiple attributes when performing
an analysis. For example, a domain expert may be concerned with the length of a student's video viewing or the
number of video pauses. The analyst should be allowed to adjust the weights of different attributes to focus on the
attribute of interest.

2) Handling of Linked Attributes

Events in a temporal event sequence have multiple attributes, and usually one attribute of an event depends on
the existence of another attribute, e.g., the event of watching a video includes attributes such as video ID and
viewing duration, number of pauses, etc., where the viewing duration and the number of pauses depend on the
attribute of video ID. Previous multi-attribute event sequence pattern extraction ignores the association between
attributes, for example, the editing cost of each attribute is calculated separately when extracting the sequence
pattern, and then the conversion cost of each attribute is summed up to obtain the editing cost of the sequence S
mapped to the pattern. The editing cost of each attribute is calculated separately, which may result in information
loss.

3) Controlling the length/truthfulness/continuity of the extracted patterns

In order to allow the analyst to better explore the extracted patterns, he/she should be allowed to control the
length, veracity, continuity, and other characteristics of the extracted patterns.

4) Time-based information metrics

All the activities performed by the students during the course cycle are recorded with exact time stamps. Both
Student A and Student B watched {V1, V2, V3} in sequence, but Student A had a larger time span and Student B
watched more intensively, then there is some difference in the learning behavior of the two students. However, in
previous studies, the K-gram algorithm was used to extract subsequences as features to compute the similarity
matrix to compare the similarity of learning sequences, and compared with the traditional similarity metric (edit
distance), although it can better reflect the similarity of sequences of different lengths, this metric loses the temporal
information.

This paper improves the MinDL algorithm, which introduces the MDL principle to identify a set of sequential
patterns to summarize the data while balancing the loss of information in them. The MDL principle is a well-known
information criterion in statistical model selection. The MDL principle suggests that the optimal model for a dataset
minimizes its description length. The description length of a dataset consists of two parts: 1) the encoding of the
model L(M ) and 2) the encoding of the data by the model L(D|M ). The optimal model M should minimize
the total description length, i.e., L(M )+ L(D |M ) is minimized.

L(P,f)= D L(P)+ D L(S| f(S)) (1)

PeP SeS

An event sequence is an ordered list of events denoted as S =[e,,e,, -,¢,.---,e,] Where ¢, eQ and € is an
alphabet of events. For a given set of event sequences S = {S,,S,,---,S,} , the goal of pattern extraction is to identify
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a set of patterns P ={P|P=[e,,e¢,,-,¢,]} and the mapping f:S —P from event sequences to patterns to
minimize the total description length:

(1) where L(P) is the description length of pattern P and L(S| 7(S)) is the description length of S under
pattern f(S). Since pattern P can be described by listing the events in it, the edit distance can be specified by
the events and the locations involved in the events, and its description length can be regarded as a constant, Eq.
(1)) can be rewritten as:

L(P,f)= len(P)+ay | edits(S, [(S)|+ AP | (2)
PeP SeS
where len(P) is the number of events in the pattern and edits(S, £(S)) is a series of editing operations that can
convert f(S) to S.The parameter , is introduced in Equation (@) to control the effect of minimizing information
loss on reducing visual clutter. The third term plus the parameter A is used to control the total number of generated
patterns. The larger the A the smaller the total number of generated patterns. Thus, the scalability of the pattern
overview can be improved by setting A appropriately.

Il. C.Analysis of the K-means-CE algorithm

Il. C.1) Calculation of the optimal number of clusters

The first part of the K-means-CE algorithm is the determination of the number of clusters. We use the elbow method
based on the sum of squared errors (SSE) metric, which is defined as follows:

SSE =YY dis(f, i) @)

i=1 feC,

where C, isthe ithcluster, 7 and j, are arbitrary feature vectors as well as the centers of C,, respectively,

and qis(f,a,) is the distance between 7 and 4, is the distance between 7 and /,, which is defined as

follows:
dis(F )= |20, @)

where , is the number of elements in the feature vector,  is the jth elementof 7 ,and ,, isthe jth
element of 4, .

From Eq. (3)), we can see that the smaller the value of SSE, the more compact the cluster is. Therefore, we are
looking for the number of clusters that minimizes the value of SSE. However, as K increases, SSE gradually
decreases towards 0. This is because each data point is its own cluster and there is no error between it and the
cluster center. Therefore, the value of K at which the SSE changes the most is called the elbow value, at which
point we should stop dividing the data into more clusters. This process is usually accomplished by plotting a line
graph of SSE for each K value. If the line graph looks like an arm, then the “elbow” on the arm is the best K
value.

Il. C. 2) Initial point set optimization
After determining the number of clusters, we use a crown clustering algorithm to determine the initial center of each
cluster. A crown is a subset of feature vectors within a certain distance threshold from the center. A feature vector
may appear in more than one canopy, and each feature vector must appear in at least one canopy. As a result, the
canopies are usually overlapping. The main idea behind the crown clustering algorithm is that the feature vectors
that do not co-occur in any common crown are far apart from each other and hence they cannot be in the same
cluster. Therefore the distance between two feature vectors that are not in any canopy can be ignored when
performing a strict clustering algorithm. Canopy clustering algorithms are usually executed as a rough division of
the dataset to obtain subsequent more accurate clustering results.

In this experiment, we aim to generate stable clusters. Therefore, T, is defined as the average distance between

each pair of eigenvectors with the following mathematical expression:

& dis(f. ) 5
L=2 Nx(N-1) ©

i=l j#i
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where 7 (1<i<n) and f;(1S7<N) are two arbitrary eigenvectors, and dis(f.f;) is the Euclidean distance

—

between the point 7 and the point f] , Which are defined as shown in Eq. (6).

To ensure that the number of canopies is equal to K , T is defined:
T =2xT, (6)

Il. C.3) K-mean clustering
We use the K centers of the canopy as the initial centers for subsequent clustering, and the next step in the K-

means-CE algorithm is the K average clustering. In this experiment, this stage will use N feature vectors
F={ff,...fy} and K initial clustering centers ¢ = (L) s Jly st } -

In this paper, the process of K-mean clustering algorithm is as follows:

1) Calculate the distance of each feature vector to each center using equation (6).

2)Divide each feature vector to the center closest to it.

3)For each center, calculate the average feature vectors labeled using it and use these average feature vectors
as new centers.

4)Repeat steps (2) and (3) until the centers are stable and no longer change or a specified number of iterations
have been reached.

5) Generate the final clustering results.

It should be noted that for the K-means clustering process in the K-means-CE algorithm, we do not compute the
distance between two feature vectors that never appear in the same canopy.

lll. Learner behavior analysis practice based on MOOC data
In this chapter, the learner behavior data in MOOC platform is statistically analyzed to extract behavioral features
and cluster learners to determine the difference in behavioral influencing factors of different types of learners.

lll. A. Statistics and Analysis of Online Education Data
lll. A. 1) Statistics and analysis of course data

Mining the influencing factors of MOOC learners' learning behavior requires first analyzing the courses offered in
the MOOC and their archived data. Due to the policy adjustment of MOOC, the data of the latter semesters were
not fully accessible, so the student data of the first 4 semesters of the same course were analyzed. Table 11 shows
the results of course overview and recorded data statistics in the MOOC offered in the last 4 semesters. It can be
found from the course offering data in the first 4 semesters that there is a decreasing trend over time, whether it is
the number of registrants on the MOOC platform, the task records and test records of the course, or the number of
students certified in the class. For example, the number of registrants gradually decreased from 8099 in the first
semester to 1217 in the fourth semester; the task records also gradually decreased from 64,021 in the first semester
to 16,030 in the fourth semester. Analyzing the reasons, it should be that more and more students have studied this
course as the number of times it is offered increases, and since the total number of students does not change much,
the relevant course data shows a decreasing trend. This is in line with the law of conducting realistic courses and
shows that the derived basic data of the course is valid.

Table 1: Course records and statistics of related information

1 2 3 4

Number of registrants 8099 3209 2838 1217

Task Record 64021 30528 28994 16030

Test record 52305 35263 25920 19071

Learning motivation recording 428964 225400 120323 79875

Attendance record 150395 102341 91094 13726
Start date 2020-2-20 2021-03-35 2022-02-23 2022-10-01

Duration of operation (days) 150 150 150 150

Certification quantity (certification ratio) 1417(0.212) 856(0.267) 517(0.182) 270(0.222)

lll. A.2) Categorization of learner characteristics based on course data
Combining the improved MinDL algorithm to analyze and mine the students' learning behavior data during these 4

semesters, important information about the learners can be obtained, such as the learners' motivation, interest in
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learning, ability level, and learning attitudes, so as to better classify the students' characteristics.

Figure 2 shows the change of students' course learning behavior over time for 4 semesters. Overall its shows a
decreasing trend and there are three stages of its overall change:

1) Flat growth phase: in this phase (around 0-35 days), the data is a flat growth phase, greatly likely because
many students engage in the course one after another with a positive learning mindset;

2) High point steady state: at about 35 days of the course, the highest number of learning behaviors in the second
semester reached 13,626 and remained somewhat steady;

3) Decreasing data stage: in this stage (60-150 days), the data gradually decreases and the lowest number of
learning behaviors in the first semester is 1332. The great reason for this is that many impatient students, or those
who do not have a learning mindset, or those whose learning mindset has diminished gradually give up the course.
Of course, there is another situation, that is, with the increase of time, many students have mastered the previous
learning content, which led to a decrease in the amount of data.

And through the above analysis, it is possible to classify the characteristics of learners' learning behaviors, namely:
simple experiencer, good questioner, active explorer, and learner type, a total of 4 categories.

15000

35

i

13500
12000
10500

9000

7500

6000 [

Behavioral data

4500

3000 -

1500 -

0 1 i § 1 1 1 1 1 1
15 30 45 60 75 90 105 120 135 150

Course start time/day

Figure 2: Statistics of learners' participation in course records

lll. A. 3) Stability analysis of course data

The stability and reliability of course data is important for data feature mining work. Therefore the course data was
counted. Figure 3/ shows the total number of people who have taken courses in each of the four semesters. From
Fig. @ it can be seen that the number of people taking courses in each semester has been increasing over time,
thus the total number of people taking courses has been increasing, and the total number of people taking courses
in 4 semesters has exceeded 15,000 people. This provides a large and consistent source of data for the analysis
of factors influencing learning behavior, and also indicates that the results of feature extraction are effective.
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Figure 3: Total number of students enrolled in each of the four semesters
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lll. B. Correlation analysis
lll. B. 1) Behavioral correlation analysis

Through the previous analysis, it was found that the MOOC platform records information in two main areas: learning
behavior data and course data. In order to explore the factors affecting students' learning behaviors and analyze
the reasons that may cause students to drop out, the following analysis will focus on behavioral relevance and
course relevance.

In MOOC platforms, active performers usually have higher course completion. The model of influencing factors
of MOOC learners' learning behaviors defines a total of seven different learning behaviors. In order to explore
whether these seven behaviors will have an impact on the dropout results of MOOC courses, a correlation analysis
between behaviors and dropout results will be conducted. Correlation analysis refers to analyzing the correlation
between two or more variables in order to measure how closely they are related.

In this paper, we use Pearson's correlation coefficient (PCC) to measure the correlation between learning
behaviors and dropout outcomes, which measures the degree of linear correlation between two variables. As shown
in Equation (7), for two variables X and Y, the Pearson correlation coefficient of X and Y is defined as the quotient
of the product of the covariance of X and Y and the standard deviation of each of X and Y.

Pyy = COV(X,Y) — E[(X_:ux )(Y_/u)( )] (7)

OxOy OxOy

From the above equation, |p|<1,i.e., p,, takes the value interval of [-1, 1]. Specifically, when p >0, X and
Y are positively correlated; when p <0, X andY are negatively correlated; and when p =0, XandY are linearly
uncorrelated. And when p=1, it means X and Y are perfectly positively correlated; when p=-1, it means XandY
are perfectly negatively correlated.

After calculating the corresponding Pearson correlation coefficients, the results are visualized with a heat map.
Figure @ shows the correlation coefficient visualization. Among them, "Platform factor", "Learning motivation",
"Course factors", "Teacher factor", "Learning behavior", "Learner satisfaction", and "Learner stickiness" represent 7
different learning behaviors, and "label" represents dropout labels. Observing the first row or the eighth column in
the graph, it can be found that there is a significant negative correlation between these seven behaviors and the
dropout results, and the correlation coefficient is less than 0. This is in line with the fact that the more learning
behaviour events occur, the less likely it is that the course will drop out.

In Figure 4, the correlations between not only the seven learning behaviors and dropout outcomes are marked,
but also the correlations between different behaviors. It can be seen that there are three groups with high correlation
coefficients, namely "Learning motivation" and "Learner stickiness", "Platform factor" and "Learning motivation",
"Platform factor" and "Learner stickiness", all of which have correlation coefficients greater than 0.81 and values of
0.84, respectively. 0.83 and 0.82. These three groups of behaviors are concentrated between "learning motivation",
"Platform factor" and "Learner stickiness", indicating that there is a high correlation between these three behaviors.
This may be because after students have the motivation to learn, they will take the initiative to open the MOOC
platform to find relevant courses to learn, and at the same time, it is better than the motivation psychology and
produces learner stickiness to the platform. Therefore, these three behaviors are a coherent process, so they show
a high correlation.

Label

Learner stickiness 4 0.82 0.84 0.55 0.32 025 0.73 |
Learner satisfaction 1 0.71 0.63 0.52 046 042 1 0.73

Learning behavior 10.26 0.22 0.16 0.43 1 042 025 -0.17

Teacher factor10.35 027 028 1 043 046 0.32 -0.15|

Platform factor

Course factors 10.64 0.66 1 028 0.16 0.52 0.55

Learning motivation{0.83 1 0.66 027 0.22 0.63 0.84

Platform factor4 1 0.83 0.64 0.35 0.26 0.71 0.82
T T

=
S
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Platform factor -

Course factors -

Teacher factor
Learning behavior

Learner stickiness

5
=
5
3
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Figure 4: Visualization of correlation coefficients
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lll. B. 2) Curriculum relevance analysis

MOOC platform provides rich course resources, so students often choose multiple courses in the process of learning.
After analyzing the students' course selection in the first 4 semesters, it was found that most of the students took
only 1 course, and only 4580 students among 15363 students took more than 2 courses, accounting for only 29.81%.
In this subsection, the course selection data of these 4580 students are selected for correlation analysis of course
selection behavior.

Improved MDL algorithm is used to mine the association rules of 10 courses in the course selection behavior data.
Table 2 shows the results of association rules obtained from mining based on course selection behavior. A total of
18 association rules with a confidence level greater than 0.3 were filtered in the experiment. For each association
rule, it indicates the magnitude of the probability of taking another 1 course if a student takes a certain 2 courses in
the course selection behavior. For example, the 1 association rule with the highest confidence level is “{Course
6,Course 2)—Course 107, which has a confidence level of 0.318, and it indicates that if 1 of the students chooses
Course 6 and Course 2, then there is a 31.8% likelihood that they will choose Course 13. It can also be found that
there are several courses with high correlation with other courses, such as course 4. it indicates that there is partial
similarity among the students who used the MOOC platform to select courses to study in these 4 semesters, it is
possible that the students in the same majors need to concentrate on the online study of the courses in a certain
direction, or it is possible that the students are very fond of a certain instructor so they concentrate on choosing the
courses offered by that instructor.

Table 2: Association rules obtained from course selection behavior mining

Association rules Credibility Association rules Credibility
{Course 1,Course 2}—Course 3 0.302 {Course 1,Course 2}—Course 3 0.303
{Course 3, Course 5}—Course 4 0.304 {Course 3,Course 5}—Course 4 0.305
(Course 7,Course 3)—Course 6 0.305 (Course 7,Course 3)—Course 6 0.301
{Course 6,Course 1}—Course 3 0.306 {Course 6,Course 1}—Course 3 0.300
{Course 8,Course 7}—Course 6 0.307 {Course 8,Course 7}—Course 6 0.303
{Course 8,Course 9}—Course 6 0.305 {Course 8,Course 9}—Course 6 0.306
[Course 10,Course 4}—Course [Course 10,Course 4}—Course

N 0.303 9 0.305

{Course 6,Course 4}—Course 4 0.305 {Course 6,Course 4}—Course 4 0.307
{Course 6,Course 2)—Course {Course 6,Course 2)—Course

10 0.311 10 0.318

Ill. C. K-clustering group portrait analysis

The K-means-CE algorithm was used to perform clustering analysis of the above behavioral characteristics data,
setting K between 2 and 7, respectively, and carrying out clustering for many times, and better clustering results
were obtained when K took the value of 5, which was the same as the results of the characteristics of the preliminary
analysis.

Table 3 shows the mean values of the learning behavior characteristics of each classification of learners and the
acquisition of course completion certificates for each group of learners. Through the analysis of Table @ MOOC
learners are classified into 4 types of groups---simple experiencers, good questioners, active explorers and
academic learners. The following is a comparative analysis of the portraits of the 4 types of groups
respectively:15,363

Category 1: The number of this group is 7,063, accounting for 45.97% of the total number of learners. After their
MOCC platform accounts were registered, they only occasionally logged in to make simple course selections and
studied only part of the course content at the end of the course, and the number of log-in days, study interactions,
and forum postings were much lower than those of learners in other categories. In addition, most of the test scores
of this category of learners were 0, and the number of those who obtained certificates was only 3.55%. This category
of learners almost did not study seriously from registration to the end of the course, and the learning effect was
extremely poor, and it can be judged from the learning behavior that the initial intention of this category of group to
participate in MOOC learning is only for experience. Therefore, they are categorized as simple experiencers.

Category 2: In the process of MOOC learning, the number of forum posts of this group is much higher than that
of other groups, with a mean value of 3.26. It reflects that this group lacks the prerequisite knowledge of the course,
and has to resort to the forum to solve the problem in order to complete the course successfully. It also reflects that
this kind of group has high enthusiasm for learning, strong purpose and expects to obtain the course certification,

although all of them insist on studying and take the examination of the course, but the effect is average, more than
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2/3 of the students did not meet the requirements for obtaining the certificate. Therefore, they are categorized as
good questioners.

Category 3: This kind of group has almost completed the chapter study of the course at the end of the MOOC
course, and its number of course selections, number of interactions, number of days of login, number of video
playbacks are all at a medium level, but the number of forum posts is very small, reflecting that this kind of learners
have a better knowledge mastery and seldom solve problems with the help of the forums, but the purpose of
obtaining the course certification is clear, and the rate of obtaining certificates is more than 50%. This group of
learners is passionate about learning, invests moderate time and energy in course learning, and has good learning
results, so they are categorized as active explorers.

Category 4: The learning behavior of this type of group is particularly outstanding, with the number of course
choices, the number of classroom interactions, the number of days of course access, and the number of videos
played exceeding that of the previous three types of students, and with an average score of 0.89 on the final exam
(based on a score of 1 out of 1), and with a certificate acquisition rate of 84.15%, this type of learner is categorized
as an Academic Explorer.

An Exploration of MOOC Data Influencing Factors on College Students' Online Learning Behavior and Cluster Analysis Methods

Table 3: Mean situation of the learning behavior characteristics of each category

Cluster Number of Average value Average Average Chapter Average Average Total number
number classified of course number of playback mean Posting score of certificates
people selection days value value value
Cluster 1 7063 0.72 10.25 38.54 3.52 0.03 0.04 251
Cluster 2 3571 1.00 50.73 421.77 10.85 3.26 0.36 763
Cluster 3 2729 1.23 91.22 501.82 13.57 0.01 0.48 1576
Cluster 4 2000 2.10 120.67 1209.75 17.84 0.25 0.89 1683

IV. Conclusion

This paper analyzes the learning behavior data of college students in MOOC platform, extracts relevant learning
features and clusters students. Students' learning behavior data in MOOC can be divided into three phases over
time: flat growth phase, high point steady state, and decreasing data phase. The correlation between seven different
learning behaviors and dropout results is less than 0, which is a negative correlation. The more data on students'
learning behaviors, the lower the likelihood of dropping out. 7 different learning behaviors have a positive correlation
with each other, and the highest correlation coefficient reaches 0.83. 18 correlation rules with a confidence level of
more than 0.3 are mined based on the course selection behaviors, and it is found that after selecting 2 courses,
students are likely to continue to select a third course. Students are clustered into 4 categories according to
behavioral characteristics: simple experiencer, good questioner, active explorer, and learner type, and their MOOC
learning effect shows a sequential increasing law. Analyzing students’ learning behavior pattern can assist MOOC
platform teachers to optimize their courses. In the future, the impact analysis between students' learning behavior
data and specific professional courses can be further refined to provide course teachers with refined course
modification suggestions.
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