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Abstract: In the context of the rise of online education, learners have generated large-scale learning behavior
records in open education platforms providing sufficient material for educational data mining. In this paper, based on
edX open education dataset, 11 features representing learners' learning status are downscaled by principal
component analysis technique, learners are clustered based on learning status and using the proposed K-means
clustering algorithm, and the number of clusters is determined by the aggregation coefficient method. The
experimental results show that the aggregation coefficient peaks when the number of clusters is 4. Therefore, the
optimal teaching state is categorized into 4 types of spaces, which are general learning space, negative learning space,
interactive learning space, and active learning space. Finally, on the basis of the clustering results, corresponding
teaching enhancement strategies are proposed for the strengths and weaknesses of the groups. The method proposed
in the article can identify and analyze students' learning status in real time and accurately, improve teachers' mastery
of students' classroom performance, and provide a new research idea and technical reserve for the development of
open education.
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1. Introduction

The development of E-learning has entered a relatively mature period after 2010, forming a basic
online learning logic and framework [1]. In recent years, the rapid development and widespread
application of Moocs and other global learning platforms have marked that the informatization of open
education platforms has entered the stage of integrated development and innovation [2]. With the
popularization and gradual deepening of educational information visualization, various digital learning
systems have generated a large amount of educational information, i.e., the analysis and application of
educational big data has become a research hotspot [3-4].

Learning analytics is the application of “big data” in the field of education, which refers to the use of
tools to measure and collect the data of students' online learning to build appropriate models for analysis
[5]. In the field of open education, learning analytics is used to analyze potential problems in student
learning, predict student performance, improve student engagement and retention in new ways, and
provide students with high-quality and personalized learning experiences [6-7].

Principal Component Analysis is a very powerful data processing tool in learning analytics and is a
method for transforming multidimensional spatial problems into low-dimensional spatial problems [8].
The essential idea is the dimensionality reduction of the data, which reduces the complexity of data
analysis by reducing the number of indicators in the original dataset and forming fewer new indicators
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[9]. And the mutual uncorrelation between the new indicators ensures the completeness of the original
information to the greatest extent possible [10]. The idea of dimensionality reduction of principal
component analysis has provided good theoretical and technical support for the evaluation of
comprehensive indicators from the beginning of its creation, and now it has been widely used in a variety
of fields, such as the discrete Calhoun a Lowe transform in the field of signal processing, orthogonal
decomposition and singular value decomposition in the field of mechanical engineering, as well as the
eigenvalue decomposition and function decomposition in the field of linear algebra, all of which are
borrowed from and morphed into the principal component analysis applications [11-13].

With the popularity of online education and open education platforms, the attention of educational
researchers to online learning behaviors continues to rise [14]. Hamada et al. (2011) built an automatic
tool based on the Felder-Silverman learning style model in order to personalize the classroom education,
and used the learner's behavioral data in the webpage to infer their learning style cues [15]. Peng (2017)
constructed an intelligent analysis model of online learning behavior from a multidimensional and
multilevel perspective, analyzed the correlation between learning behavior and learning effect based on
learning data, and also realized personalized course recommendation based on intelligent algorithms [16].
Zhang (2018) analyzed the online learning logs of 1,088 students, and studied the correlation between
students' behaviors through a variety of methods that Revealed the factors affecting learners' learning
process and results, including online learning practices, resource utilization efficiency, social interactions,
etc. [17]. Yan et al. (2019) analyzed the relationship between online learning behavioral characteristics
and course grades, and they found that the correlation between the number of days of online learning
access, the number of clicks, and users' course grades was high, while users' ages and genders had the
lowest correlation with them, and through online learning behavior data teachers can identify students
with learning difficulties and provide assistance in a timely manner [18]. Matcha et al. (2019) explored
the temporal and temporal characteristics of learning strategies and explored their relationship with
feedback from online pre-course activity data from a flipped classroom. Clustering, sequence mining and
process mining were used to detect and explain learning strategies. Inferential statistical tests were used
to find a positive correlation between personalized feedback and positive correlation between effective
strategies [19] rate, recall, precision, and F-value metrics, verifying its feasibility for learning style
identification [20]. Zarzour et al. (2020) investigated students' use of e-books based on Facebook features
based on log data]. Mehenaoui et al. (2019) proposed an online learning behavior analysis model which
mines learners' behavioral data and identifies learners' learning styles in online learning environments.
The study tested the model's behavioral patterns of identifying accurate methods of learning and explored
the differences between high and low engagement students in their learning behaviors [21]. Li et al.
(2023) encapsulated students' online learning behaviors into online learning engagement behaviors,
persistence behaviors, procrastination behaviors, and absenteeism behaviors, and proposed teaching
improvement suggestions based on learners' online learning behaviors in terms of promoting positive
behaviors and avoiding negative behaviors to promote the development of education informatization
[22].

With the increasing use of large databases, the details of which are often difficult to understand, the
use of principal component analysis reduces the complexity and improves the interpretability of the data
[23]. Hargreaves et al. (2015) reduced a large number of stock features to a few major influencing factors
and visualized them in a perceptual map by leveraging the data downscaling capabilities of principal
component analysis, a technique that can be used to identify stock features of successful stocks so that
users can select the best stocks [24]. Gleersen et al. (2018) extracted the “major” motor components of
athletes' multistages through principal component analysis, and found that the athletes' competitive level
is related to their “major” motor components and body weight. “major” motion components and body
center of gravity, and principal component analysis simplified existing motion analysis methods [25].
Omuya et al. (2021) developed a hybrid filtering model based on principal component analysis and
information gain for feature selection. The hybrid model reduces the data dimensionality and allows for
the selection of an appropriate set of features, which assists the machine learning technique in obtaining
superior classification performance [26]. Although PCA has achieved wide application in many fields,
there are fewer studies on its application to learning data in open education platforms. Relevant reports in
recent years have revealed that principal component analysis also has great potential for application in
the field of education. Zhang et al. (2019) used principal component analysis to downscale multiple
measures of learning behavior data in MOOCs, and finally obtained three principal component factors,
and then the principal component logistic regression model successfully predicted the course pass rate of
learners [27]. Hershcovits et al. (2019) mined the student data that changed continuously over time from
an independent learning system and used principal component analysis to measure it so as to construct
the trajectory of user activities, and divided the student groups by the way the trajectory changed with the
practice to study the student's participation in the independent learning system [28]. Wang's (2025) study
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used data mining techniques to obtain learners' learning behavior data from open education platforms and
reduced the dimensionality of the data through principal component analysis to improve the
computational efficiency and identification of the data, this analysis helps educators to provide better
personalized learning experiences for students [29].

In addition, Principal Component Analysis (PCA) still has some significant limitations in practice,
such as the inability to effectively deal with nonlinear data or the presence of outliers [30]. For this reason,
De La Torre et al. (2003) used the Geman-McClure loss function in their study, which replaces the L2
paradigm used in PCA in the field of robust statistics, and through this alternative, the sensitivity of the
model to strong noise and outliers can be significantly reduced [31]. Kwak (2013) set up an objective
function determined by an arbitrary p-value of the Lp paradigm and computed the gradient of the
objective function, the proposed method is easy to compute and can find the local optimal solution, and
the performance of the optimized principal component analysis method has been significantly improved
[32]. Li et al. (2021) introduced an £2,p -paradigm regularization term in principal component analysis,
the projection matrix became sparse, and then the learned rows of the sparse and orthogonal projection
matrix were used for selecting features with discriminative features, which improves the convergence of
the algorithm and reduces the computational complexity [33].

Aiming at the problem of large sample size and high data dimensionality in the open education
platform, this paper proposes to comprehensively analyze the collected data through principal
component analysis and complete the dimensionality reduction of the ponderous data under the premise
of ensuring no loss of variable information. Then, the K-means algorithm is applied to the processed
learning state data set, and the learners are aggregated by the clustering algorithm according to their
interactive learning characteristics, and the number of clusters is determined by the aggregation
coefficient method, and the learners will be aggregated into different classes according to their activity
level in the learning platform. At the same time, through the clustering results of the proposed targeted
teaching enhancement strategy, early detection and intervention of online learners' learning risks, for the
teaching staff to provide reasonable help in advance, and to improve the online learning effect and
quality.

2. Underlying conceptual and technical foundations
2.1. Basic concepts

2.1.1. Open Education Platform

MOOC, Massive Open Online Course. Among them, the first letter “M”, that is, Massive; compared
with the traditional classroom lecture system with only a few dozen students, MOOC courses can easily
involve tens of thousands of participants, which are included in the university is global, and the amount
of course data contained is huge. The second letter “O” is Online, the age of information networks,
without leaving home, you can enjoy learning resources through the Internet at any time, without the
limitations of time and space. The third letter “O” is Open, which promotes the open sharing of resources,
as long as a registered account can share MOOC courses. The fourth letter “C” is Course, which refers to
the course resources uploaded to MOOC, which is a large-scale open course on the Internet, and it is an
open course distributed on the Internet for the purpose of enhancing the dissemination of knowledge and
released by individuals or organizations with the spirit of sharing and collaboration. In the Internet era,
MOOC's well illustrate the core concepts of connection and sharing [34].

After the rise of the MOOC trend, well-known universities have joined mainstream online platforms
to launch more open education platforms. For example, in 2013, Tsinghua University joined the edX
platform, and in the same year, it created the “Xuedang Online” platform, which provides online courses
for global learners, and the platform is constantly undergoing technological improvements, and is
committed to creating the best Chinese MOOC platform in the world. In addition, in addition to Tsinghua
University, Fudan University, Shanghai Jiao Tong University and National Taiwan University have also
joined Coursera and launched their own high-quality online courses. In addition to China's well-known
universities to join MOOC, network operating companies also follow closely, taking advantage of the
business opportunities of MOOC and China's vast market. NetEase Open Class was the first to join
online education in China and fully cooperated with Coursera in 2013. NetEase provides video hosting
service for Coursera, so that Chinese users can watch the courses directly on NetEase Open Class.
NetEase also opened a Chinese learning community for Coursera to help Chinese learners eliminate
language barriers.

In the era of big data, when MOOC online education is sweeping the world, Chinese universities and
online companies have shown their sensitivity. When MOOC was in the ascendant, top institutions of
higher education in different countries (regions) joined in and brought high-quality educational resources,
so MOOC was labeled as “high class” when it first entered China. Therefore, MOOCs were already
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labeled as “high class” when they first entered China. Moreover, in China nowadays, the concept of
lifelong learning has been accepted by the public, and the Internet has become an indispensable part of
people's life, study and work in the era of big data, and the popularization of China's network has also
provided a new platform for the emergence and development of open education platforms.

2.1.2. Pedagogical state space

Teaching state space is a conceptual framework that integrates mathematical concepts, which
abstracts the state of a course at a certain point in time into a multidimensional space composed of
multiple key variables. Traditional classroom teaching is limited by the teacher's limited energy and too
many students, which makes the information transfer and feedback between the teacher and the students
have certain limitations, and the teacher can not timely and accurately grasp each student's mood,
attention and learning behavior changes. Traditional classroom teaching focuses on the content of the
teacher's teaching and ignores the information of students' emotional changes. In the classroom, students'
emotional changes to a certain extent reflect the overall classroom status and satisfaction with the quality
of teaching, as well as student acceptance of the classroom, which in turn provides feedback on the
overall quality of teaching. However, for the present time when open education platforms are flourishing,
these dynamically changing student state variables (cognitive state, behavioral state, affective state, etc.)
and environmental state variables (resource state, activity state, interaction state, etc.) in the classroom
can be captured. Therefore, classroom teaching state mining based on open education platforms has
become a popular research direction.

On the basis of existing research and methods, it is found that although the existing research methods
have achieved good research results in their respective research tasks, it is difficult to meet the demand of
classroom state mining in complex large-scale open classroom scenarios, and expression feature learning,
expression recognition and classroom state space applicable to classroom scenarios need further research.
Therefore, the main task of this project is to downscale the teaching state space in the open education
platform, aiming to provide a theoretical basis for the subsequent cluster analysis and the development of
teaching enhancement strategies.

2.2. Technical basis
2.2.1. Principal Component Analysis

In order to balance the advantages and disadvantages of multivariate and large samples, the number
of variables should be reduced as much as possible without losing the information of the variables when
comprehensively analyzing the collected data. However, the correlation between variables cannot be
lifted singly from time to time, so it is necessary to synthesize all kinds of information existing in each
variable with a comprehensive index less than the number of variables in the original collected data to
complete the dimensionality reduction of the complicated data, and Principal Component Analysis (PCA)
belongs to the method of this dimensionality reduction.

The specific implementation steps of principal component analysis are as follows:

Step 1, Assume that from m #n -dimensional data, the original data is arranged into a matrix X of
n rows and m columns, i.e.:

T
X =[x,%),%;,...,%,] (1)
where X, (i =1,2,...,m) is the row vector of 1xm .
Step 2, zero-mean X, , i.e., each value in the vector is subtracted from the mean of this row to find the

covariance matrix C':

cov(x,x) - cov(x,x,)
C= : : )
cov(x,,x) -+ cov(x,,x,)

where the covariance of the two vectors can be expressed as:
cov(x,%,) = EI(x, 1) (x, —xe)] G

Step 3, since the covariance matrix C is a real symmetric matrix whose eigenvectors corresponding

to different eigenvalues must be orthogonal and can be diagonalized, the eigenvalues A of the
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covariance matrix C and its corresponding eigenvectors g can be found by performing a diagonalization

Z
0'co=A=| . @
A

n

computation of C, that is:

where O =[q,,9,,...,q,] is the matrix consisting of the eigenvectors corresponding to the

cigenvalues. Where 4, to A, , ordered from largest to smallest, i.e., 4, >4, >...> 4 .
Step 4, take the matrix composed of the eigenvectors, take the first j eigenvectors to form the

projection matrix P according to the need, and use the P matrix to obtain the projectionof X onit Y,
where Y is the original matrix X after downscaling it to the j dimension:

Y=PX (%)

2.2.2. Cluster analysis

Clustering is the process of dividing a collection of data objects into clusters composed of multiple
groups of similar samples, a cluster is a collection of data objects, which can be divided by clustering so
that objects in the same cluster are similar to each other, and objects in different clusters are different
from each other. Cluster analysis is the basis for further processing data and analyzing data, and is often
applied to various fields as a means of data preprocessing. In this study, it is proposed to use K-means
clustering algorithm to divide the learners according to the degree of active learning state, so that the
classification results in the teaching state space will be more accurate.

The specific implementation steps of K-means clustering algorithm are as follows [35]:

Let X = {xi} , i=1,2,...,n is the set of points of dimension 7 clustered into k clusters
C= {ck k= 1,2,...,k} . The K-means algorithm finds a partition that minimizes the squared error
between the empirical mean of the cluster and the points in the cluster. Let £ be the mean of the cluster

¢, , then the squared error between £, and the other points in the cluster will be defined as:

Je) =Y v - ul (©)

X; €C

The goal of the K-means algorithm is to minimize the sum of the squared errors of all k clusters, i.e.:

JO =3 S - o

k=1 x;ec;

Minimizing this objective function is known to be an NP-hard problem, and K-means is a greedy
algorithm that can only converge to a locally optimal solution.The K-means algorithm starts clustering

into k classes with an initial partition and assigns patterns to the clusters in order to reduce the squared

error. Since the squared error always decreases as the number of clusters & increases, it can only be
minimized for a fixed number of clusters.The main steps of the K-means algorithm are as follows:

(1) Randomly select k& data objects from the dataset as the initial clustering centers;

(2) Assign each data object to the most “similar” cluster;

(3) Recalculate the centers of the clusters;

(4) Determine whether the objective function converges, if so, the algorithm ends; otherwise, return
to the second step.

3. Teaching state space construction and research design
3.1. Teaching state feature selection

3.1.1. Classification of teaching status

Driven by the Internet and computer technology, open education platforms have become an
increasingly popular means of learning. Compared with the learning behaviors generated in the
traditional classroom, open education platforms have their outstanding features, which are not bound by
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space, more abundant in learning resources, and more intelligent and efficient in learning. More crucially,
the behavior generated by online open education in the interaction between learners and the Internet is
easy to collect, mine and analyze, which can provide data and theoretical basis for the improvement of
the level of open education in the future.

The teaching state can be mainly categorized as follows:

(1) Watching course videos

Watching course videos is the main means for learners to learn in MOOC, and through the learning of
video resources, learners can learn the content of the course intuitively by following the instructor.

(2) Submit assignments and quizzes

In the learning platform, as the course progresses, the teacher will assign some homework for learners
to answer. Assignments can not only check the learning effect of learners in time, but also broaden their
horizons and make them summarize and reflect. With the increase of learning content, teachers hope to
understand the learning effect of learners through tests and exams, and at the same time give students the
opportunity to check and fill in the gaps through tests and exams.

(3) Participate in discussion forums

After learning the course video, learners may still have doubts about certain issues of the course, and
then they can go to the corresponding discussion forum to search for problems and see if there are other
learners who have encountered the same problems. You can also post your own questions to seek help
from other learners, or answer questions raised by other learners in the forum to help everyone make
progress together.

(4) Other learning status

Learners in the MOOC course, in addition to video resources for learning, the teaching staff will also
provide learners with other forms of learning resources, such as courseware, bibliography, sample code
and other content, which can be used as a supplement to video learning.

3.1.2. Feature selection

In this chapter's study based on MOOC education data, in order to analyze and predict learners more
accurately, 11 features that can represent the characteristics of their education status are selected from the
behavioral logs produced by learners during the MOOC learning process, and the specific names and
descriptions are shown in Table 1. Among them, the 11 state features characterize the learners' state
characteristics from different dimensions such as the number of activities, the situation of watching
videos, the situation of assignments, and the situation of forum discussions.

Table 1. Selection of Educational Status Characteristics.

Index Name Explanation

o The number of times one visits the course during the MOOC
X1 | Number of visits to the course ]
learning process

The duration of accessing courses during the MOOC learning
X2 | Duration of the visiting course

process
Visit other modules of the The number of times other modules of the course are accessed
X course during the MOOC learning process
The number of visits to the The number of times one accesses assignments during the
x4 assignment MOOC learning process

The number of times the corresponding forum of the MOOC
X5 | Number of visits to the forum ] o
learning course is visited

The number of visits to Wikipedia during the MOOC learning

X6 Number of visits to wiki
process
The total number of learning activities during the MOOC
X7 Total number of activities )
learning process
X8 Active days There are days of activities during the MOOC learning process




X9 The number of times the web | The number of times a web page is closed during the MOOC
page is closed learning process
The number of times one watches teaching videos during the
X10 Number of video views )
MOOC learning process
) o The number of times web pages are closed during the MOOC
XI11 Video viewing time )
learning process

3.2. Study design

The teaching state mentioned in the study mainly refers to the state of learners' participation in
e-learning recorded in the database on the edX open education platform, which mainly includes: the
number of times of accessing the course (X1), the time of accessing the course (X2), and the access to
other modules of the course (X3). The clustering research process of teaching state space is shown in
Figure 1:

(1) The study first collects and preprocesses data on the open dataset, and divides the dataset into four
modules: course information, basic learner information, learning behavior information and learning
outcome information.

(2) Since the study chose to use the level of teaching status for clustering, the learner behavioral input
factors were extracted here using PCA with factor analysis. PCA was used to determine the initial factor
loadings and factor analysis was used to determine the extracted factors.

(3) The final scores of the learning status level factors were selected based on the purpose of
clustering and used to make the variables in the cluster analysis, using hierarchical clustering to
determine the k-value and then K-means for cluster analysis.

(4) Finally, an exploration of the factors influencing the learning status of different groups of learners
was conducted.

|
| ” :
Data . | Course information :
preprocessing | | — . |
| edX Open || Basic information of learners I .
Dataset . - | Data preprocessing
: Learner status information :
: Leaming results :
| |
r--—-— — - —-—-—-—-—-"=-"- { T T T T T T T T T T T T T
PCA ' Data . |
: standardization / FN S ‘
| Principal Component \ : Dimensionality reduction
: Applicability \ Analysis /| 1 analysis oflcaming
g fee /|| stasdatabased on the
: I open education platform
| | Determine the initial factor clipping :
! |
M — ——
Cluster I| Leaming | || Hierarchical | || Determine the | |
analysis : state factor clustering model value of K :
: i Dimensionality reduction
| K-means clustering model | : analysis of leaming status
i | data based on the open
| ;
: | Teaching K_me ans : education platform
: reinforcement strategy clustering results |
|
[

Figure 1. Research process of clustering in the teaching state space.




3.3. Data sets and pre-processing
3.3.1. edX dataset

The selection of research objects is one of the key aspects of conducting data mining. As a non-profit
open education learning platform, edX has been playing an important role in promoting data openness
and education and teaching research. The platform has a teaching status data set of 16 courses and more
than 600,000 participants, with a large number of detailed information and statistical data, rich learning
objects, and a stable learning process. The social science class has the highest participation rate, and the
humanities and social sciences class has the lowest participation rate, so the dataset selected in this paper
is the social science courses on the edX open education platform.

The open data source comes from the requirements of scientific research and academic innovation,
and the data selected for the study comes from the dataset released by edX in 2019, which contains the
data of five courses offered by Tsinghua University on the edX platform in three semesters. Considering
that the data generated by students enrolled in open courses in the edX platform are protected by the
Family Educational Rights and Privacy Act for the privacy of student records, the dataset has been
de-identified. Open data from learners on the edX Learning Platform are desensitized by the platform's
system to protect learner privacy information through a series of data processing. The processed dataset
is relatively reduced, and the statistics of some data items may be affected, but there is little difference in
the overall data analysis.

3.3.2. Data pre-processing

In this data, the incomplete flag column data is processed first, a value of 1 means that the data is
internally inconsistent and the data is less reliable, so this part of the data is chosen to be deleted. The
learner's performance data is normalized with a range from 0-1, and learners exceeding this range are
classified as abnormal data for outlier processing. And in the dataset, some of the data values were NA,
which indicated that the student had created an edX account before the corresponding student registration
question, so the values were populated based on the previous account. In addition, some of the duplicates
in the data were removed using data processing techniques.

Since there are still a large number of missing values in the learner data in this data, the forward
filling method was chosen to remove the overall learner data that still had missing values after filling, and
the processing and deletion of duplicate value data was carried out, and the final test yielded 52,327
status data for 835 learners.

4. Analysis of PCA downscaling and clustering results
4.1. PCA downscaling analysis

Through data preprocessing, the streamlined 52,327 data were obtained, but due to the large number
of data dimensions and the fact that most of the learning states could not be quantified exactly, this paper
is based on PCA and factor analysis methods for dimensionality reduction, and cluster analysis of
learners with superior performance than the original variables when the loss of information reaches the
minimum.

(1) Data standardization and applicability test

The software used for principal component analysis in this paper is SPSS version 21, and the original
data were subjected to Z-score (standardization) to generate processed data. The standardized data were
subjected to KMO and Bartlett's spherical test, i.e. factor analysis applicability test. The test results are
shown in Table 2, which shows that the KMO value is equal to 0.805>0.6, and the sample data have
quantitative correlation between the indicators, which is suitable for factor analysis. The approximate
chi-square value of Bartlett's spherical test is 152053.27 (significance level p is 0.0001<0.001), and the
result rejects the null hypothesis that there is a certain correlation between the variables of the sample
data, which is suitable for PCA analysis.

Table 2. Results of the Applicability Test of Factor Analysis.

KMO and Bartlett tests
The measurement of the suitability of KMO sampling 0.805
Approximate chi-square 152053.27
Bartlett sphericity test Degree of freedom 31
Significance 0.0001
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(2) Principal component analysis

Through the gravel diagram can determine the number of principal factors, gravel diagram can show
each component feature root “steep slope potential energy” change process, the larger the magnitude of
the difference indicates that its corresponding component is more important, the stronger the ability to
explain, generally the first few features fall in the magnitude of the difference is larger, and the more the
more after the more gentle. The results of the gravel map of the common factor characteristics are shown
in Figure 2, in which the component number of the coordinate represents the number of factors, and the
vertical coordinate is the characteristic value of the factor, and generally the factor is selected to have an
eigenvalue greater than 1 and the steeper part of the gravel map. As can be seen from the figure, the first
two factors have larger eigenvalues (both greater than 1) and steeper connecting lines, which can be
determined as the main factor.
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Figure 2. Common factor feature lithotripsy map.

The main purpose of principal component analysis is for indicator dimensionality reduction, but at
the same time, it is also important to ensure that the loss of information is minimized as much as possible.
Therefore, on top of using the gravel plot to determine the basis of the principal factors, the cumulative
variance contribution rate of 80% is also required under ideal conditions. However, this is not a strict
criterion, and in the actual practice of the data, a cumulative variance value of 70% or more is sufficient.

The total variance interpretation is shown in Table 3, the first two principal components explain
73.15% of the total variance, and 73.15% of the original 11 indicators of teaching status can be
represented in the two principal components extracted. The first principal component explains 53.01% of
the information of the teaching status in the 11 indicators, and the second principal component explains
20.14% of the information. The weights of the two principal components are 53.01/73.15 = 72.47% and
20.14/73.15 = 27.53%. Therefore, it was finally determined that two principal components could be
extracted, which were set as Z1 and Z2.

Table 3. Results of the Applicability Test of Factor Analysis.

Initial eigenvalue Extract the sum of squares of the loads

1 Total % Cumulative % Total % Cumulative %
2 4.011 53.01 53.01 4.011 53.01 53.01

3 1.524 20.14 73.15 1.524 20.14 73.15

4 0.739 9.77 82.91

5 0.501 6.62 89.53

6 0.222 293 92.47

7 0.182 241 94.87




8 0.115 1.52 96.39

9 0.103 1.36 97.75
10 0.081 1.07 98.82
11 0.052 0.69 99.51

(3) Principal component naming

In this paper, based on the two initial loadings obtained from PCA, the parameters in the two public
factors Z1 and Z2 were further determined using factor analysis and these two public factors were
extracted.

From the factor analysis model, the first common factor consists of the number of visits to the course
(X1), the length of visits to the course (X2), the number of visits to assignments (X3), the number of
visits to assignments (X4), the total number of activities (X7), the number of times of watching the video
(X10), and the time of watching the video (X11), which are a total of seven state features. These seven
state features all reflect the number of learner behavioral events, and the more learning events there are,
the higher the learner's learning state usually is. Here, the learning behavior events in the first public
factor are used to characterize the learner's learning state level, i.e., Z1 is named as the student learning
state factor.

The second common factor consists of four state characteristics, namely, the number of visits to the
forum (X5), the number of visits to the wiki (X6), the number of days of activity (X8), and the number of
times the webpage was closed (X9), which mainly represent information about the educational
environment of the learner before he/she enters the course or after he/she finishes the course. Therefore,
the second common factor Z2 is named as the educational environment state factor.

4.2. Results of K-mean cluster analysis

In this study, the data records left by learners in the edX open education platform are studied by
clustering learners into different groups using the method of K-mean cluster analysis. That is, the data
indicators are compared and analyzed, and learners are clustered into one class if their behavioral
characteristics are similar, and vice versa, they are divided into different classes. In this case, the
hierarchical clustering method was chosen to determine the number of clusters, and then the K-Means
algorithm was used to cluster the learners.

This study uses SPSS to complete the hierarchical clustering, the specific clustering method selected
intergroup linkage method, the distance measurement interval is selected as the square distance
measurement interval, and the “number of categories” as the horizontal coordinate, “aggregation
coefficient™ as the vertical coordinate to draw a line graph, specifically as shown in Figure 3. As shown in
Figure 3. Analysis shows that the folding line tends to slow down when the number of categories is 4~7,
so the number of clustering categories of the teaching state space is considered to be taken in this interval,
and after many attempts, the number of categories of the teaching state space in this study is finally set at
4.

Hierarchical clustering
2500

2000

O:I:I:I:I_I_Illllllllllllll-
0 2 4 6 8 10 12 2

14 16 18 20
Number of categories

Polymerization coefficient

2

Figure 3. Hierarchical clustering results.
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According to the specific idea of K-Means algorithm, firstly, N learners from 835 learners in edX
dataset are arbitrarily selected as the initial center node of the clustering, and then the distance between
the remaining samples and the center node is repeatedly counted, and then based on this, the
corresponding sample object is divided, and finally, if it meets the corresponding conditions, then the
calculation is stopped. In this study, SPSS was chosen to cluster all the learning behavior samples, and
the visualization results of K-Means clustering are shown in Figure 4.The number of categories of
K-Means algorithm can be established as 4, and the results show that 835 learners are distributed in
Cluster I as 182, Cluster II accounts for 334, Cluster III accounts for 241, and Cluster IV accounts for 78.
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Figure 4. K-Means clustering visualization results.

In order to confirm the reasonableness of the clustering results, the quality of clustering needs to be
tested, i.e., to confirm the existence of significant differences among the four categories of learning
groups in each behavioral indicator. The analysis of each behavioral variable was found to be consistent
with normal distribution, so the study was grouped according to the categories of the learning groups, and
the results of one-way ANOVA were shown in Table 4. It can be seen that the asymptotic significance of
the four categories of learning groups in each behavioral indicator is less than 0.05, that is, there is a
significant difference, indicating that the clustering quality is good. In addition to this, according to the
size of the resultant F-value, it is also possible to determine which category of factors contributes the
most to the clustering. The analysis shows that the length of access to the course (X2, F=138.304) is a
significant influence on the spatial clustering of learners' learning status, followed by the number of
access to assignments (X4, F=104.382).

Table 4. Results of one-way Analysis of Variance.

Status Clustering Error
o F Sig.
indicator | Equal square DF Equal square DF
X1 0.971 3 0.914 834 4.285 0.0270
X2 0.819 3 0.786 834 138.304 0.0004
X3 0.712 3 0.915 834 28.442 0.0009
X4 0.799 3 0.862 834 104.382 0.0013
X5 0.532 3 0.533 834 13.741 0.0024
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X6 0.492 3 0.108 834 0.992 0.0272
X7 0.391 3 0.241 834 33.350 0.0008
X8 0.784 3 0.640 834 72.458 0.0003
X9 0.735 3 0.451 834 93.487 0.0001
X10 0.228 3 0.287 834 29.33 0.0001
X11 0.803 3 0.771 834 78.212 0.0004

Through cluster analysis, learners can be clustered into four categories by the learning status
indicators extracted from the edX open education platform, and the results show that there are obvious
differences between each category of learning groups. And each category of learners is defined as
follows:

(1) Learners in category 1 perform well in general, have a longer access time to the course, and their
interactive performance in the forum is comparable to that of category 4, but the number of active days in
this category is low, so this category is defined as “general learners”.

(2) The overall performance of the learning group in category 2 is poor, and the observation of the
length of accessing courses, watching videos and time are all lower, which is specifically analyzed to be
due to the lower average test length of this group. Moreover, the procrastination of this group is high, so
this group is defined as “negative learners”.

(3) The overall performance of Category 3 learners is comparable to that of Category 4, with a good
number of hours and visits to the course, and more active completion of tasks. However, in terms of
interaction, this group achieved the highest discussion results and actively replied to posts in the forum,
so this group was defined as “interactive learners”.

(4) Learners in category 4 achieved excellent results in all teaching states, had the highest efficacy in
homework tests among the four categories, participated more actively in topic interactions, and had low
procrastination in completing tasks, thus defining this group as “active learners”.

4.3. Instructional Reinforcement Strategies

For the four types of learners obtained from the cluster analysis in the open education platform, the
following teaching enhancement strategies are proposed:

(1) The proportion of positive emotions of “active learners” is the highest among the four types of
learners, indicating their affirmation and support for open courses. Combined with the analysis of the
online learning behavior and topics of interest of this type of learners, it is found that they are highly
motivated to learn and also express their affirmation of the teacher's lecturing methods in the forum area,
but there are still a small amount of neutral emotions in this type of learners. However, this group of
learners still has a small amount of neutral emotions. Therefore, teachers can guide students to maintain
their positive emotions, but they also need to combine work and rest and pay attention to learning styles.

(2) Although “negative learners” have negative emotions, the proportion of their positive emotions
still reaches 60%, indicating that this group still has a certain degree of enthusiasm for learning.
Analyzing the online learning attitudes of this group of learners, it is found that their learning time is
short and their procrastination is high. Therefore, teachers should pay more attention to this group of
learners, and because of their low grades, teachers can adjust the teaching progress according to their
concerns about the course content to realize the tailored teaching for this group of learners.

(3) The emotional distribution of “interactive learners” is similar to that of “active learners”, and the
analysis of their online learning behaviors reveals that this group of learners has the highest frequency of
posting in the MOOC comment area and discussion forum. Therefore, teachers can take corresponding
measures, such as liking their posts or guiding them according to the content of their posts, to give full
play to the activity of this group.

(4) Although “general learners” do not have any negative emotions, the proportion of their positive
emotions is the lowest among the four groups, while the proportion of neutral emotions is the highest.
Analyzing their learning attitudes on the open education platform, we can see that this group has lower
test scores and longer delays in completing tasks, but they indicated in the comment section that the
course content is easy to understand and learn, which indicates that they are highly malleable. Therefore,
teachers should pay attention to this type of learning group and provide more guidance to promote the
positive transformation of neutral emotions, thus mobilizing learning motivation.

12



5. Conclusion

In this paper, from the perspective of the large amount of learning status data generated in the learning
process of open education platform, for the problem of poor learning effect of open education platform,
through the data analysis means such as principal component analysis and cluster analysis, the learning
status data are mined and analyzed, and the results of the obtained cluster analysis are used to put forward
targeted teaching and learning enhancement strategies The research in this paper is not only important for
perfecting the analysis of the learning status, the construction and the development of in open education
platform plays an important role, and at the same time, through the monitoring of learners' learning status,
the learning risk of online learners can be found in advance, for the teaching staff to provide reasonable
help in advance, and to enhance the online learning effect and quality. The main contents of this paper are
summarized as follows:

On the basis of the preprocessing of learners' learning status data in edX open education platform,
PCA dimensionality reduction technology is used to reduce the dimensionality of the 11 learning status
features extracted. Then, the K-means algorithm was used to cluster the learners, and the number of
clusters was experimented from 2 to 5 respectively, and the profile coefficient method was used to make
comparisons, and the results showed that the coefficient of aggregation reached the peak when the
number of clusters was 4, that is, the choice of clustering the learners into 4 classes. Specifically, active
learners, negative learners, interactive learners and active learners. Finally, targeted instructional
reinforcement strategies are proposed for the clustering results.

However, as far as the definition of behavioral indicators is divided. Although this study refers to the
state analysis division indexes in the existing university MOOC research when constructing the teaching
state space, and also combines the real learning behaviors of learners in the edX open education platform,
the final state indexes are still to be considered, and the learning groups divided by richer teaching state
indexes are more representative. For this reason, subsequent research will expand and extend the
methodology of this paper, carry out real-time collection and analysis of other dimensions of classroom
performance data, and try to combine with the learning status data to carry out multi-dimensional,
multi-scale comprehensive research and judgment, in order to make full use of the advantages of a
variety of cutting-edge intelligent technologies for the deep mining of teaching behaviors and
measurement and diagnosis, to accelerate the construction of smart classrooms, smart schools, and to
help the realization of lifelong digital education. The following is a summary of the results of the research
and evaluation.
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