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Abstract

Although there is a plethora of online learning engagement studies, relatively
little attention has been paid to the relationship between learning engagement
and academic performance in the context of online general education courses.
Accordingly, this study takes an online general education course offered by a
university in eastern China as an example, proposes a model for evaluating
online learning engagement and specific metrics for the model, and conducts
a cluster analysis of the online learning engagement of 422 undergraduate
students who took the course as sample data through a clustering K-means
algorithm. Based on the relationship between learners’ online learning beha-
vioral engagement and academic performance, learners were classified into
three categories: “active learners”, “go-with-the-flow learners” and “passive
learners”. The study concludes that the classification of online learning en-
gagement and academic performance is beneficial for teachers and adminis-
trators to grasp the whole learning process of learners in the context of online
general education courses, clarify the types of online learning engagement and
their characteristics, and provide data reference for students’ personalized
learning support service system, thus promoting the establishment of a
high-quality school-based general education course system.

Keywords

Online General Education Courses, Online Learning Engagement, Academic
Performance

1. Introduction

General education is highly valued in universities in China and abroad for its
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ability to provide educated people with the knowledge and values that pass be-
tween different groups of people in a diverse society. In particular, after the pub-
lication of General Education in a Free Society (James, 1945), general education
in the modern sense has flourished worldwide. Chinese universities have also
gradually started to reform cultural quality education since the mid-1990s (Li,
Yang, & Sun, 2001), aiming to provide more diverse choices for university stu-
dents. However, the implementation of general education programs in many
Chinese undergraduate institutions has suffered for a long time from a lack of
faculty, a lack of diversity and systematization in the curriculum, class time that
easily conflicts with other courses or activities, too little interaction between
teachers and students in large classes, and a lack of student engagement in
learning (Wang, 2008; Hu, 2017; Zhao, 2013; Yang & Ou, 2015).

As an important way to solve the problem of general education in China, on-
line general education courses have become one of the first applications of edu-
cational integration inside and outside of universities to break down the walls.
Relevant studies have found that over 70% of students wish to take public elec-
tive courses through the online learning system (Yang & Qu, 2015), as online
learning is flexible and diverse, with dormitories and libraries becoming impor-
tant places to learn general education courses, and students can earn credits by
studying the videos of their chosen courses and completing the corresponding
assignments, questions, discussions and examinations (Lei, 2016). However,
while bringing various conveniences to teaching reform and innovative teaching
methods, online general education courses also face a series of challenges.
Firstly, it is difficult to ensure the management of the teaching process and
teaching effectiveness across time and space. Secondly, the virtual and net-
worked nature of teaching and learning has led to limitations in the assessment
of learners. In online general education courses, teachers are unable to directly
observe learners’ learning behaviors, and the final assessment is based on the
number of course visits and the final grade, which appears to be in line with the
process evaluation approach, but in fact does not provide an in-depth under-
standing of learners’ commitment to learning, making it difficult to fully reflect
learners’ learning status and effectiveness.

The above problems with online general education courses are in fact prob-
lems that exist in online learning in general. Studies have shown that due to the
spatial and temporal nature of online learning, learners are prone to a lack of
commitment and a high dropout rate in the process of online learning (Wei,
2012). In an era where online learning is widely used in higher education and is
an indispensable way for learners to learn, the dilemma faced by online general
education courses needs to be addressed urgently. Among the studies on online
general education courses, there are more studies exploring the problems of
learners in the learning process by means of theoretical thinking or question-
naire surveys, but relatively few studies have explored learners’ learning situation
through online learning behavior data, and there is a lack of clarity on learners’

actual learning input in online general education and its relationship with aca-
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demic performance. Based on this, this study analyzes learner engagement in
online general education courses and the impact of different levels of learning
engagement on learning performance from the perspective of learning engage-
ment, and classifies the types of relationships between online learning engage-
ment and learning performance, and proposes personalized learning support
services for different types of students, with a view to providing ideas for solving

the current dilemma of online general education courses.

2. Literature Review

2.1. Practice of Online General Education Courses

With the advent of online open courses, cross-school course selection, course
sharing and the establishment of course consortia are technically guaranteed,
providing an unprecedented opportunity to address the issue of general educa-
tion courses in China. Platforms such as MOOC of Chinese Universities, Zhi-
huishu, Xuetang Online and Chaoxing Erya have joined forces with universities
and social institutions to provide a wealth of online general education courses.
According to official data from Zhihuishu Platform, over 10 million university
students from more than 1900 institutions of higher education in China have
used its online credit course services, and Chaoxing Erya has created a compre-
hensive literacy course system with six modules.

Along with the advancement of MOOCs, some problems have emerged in
practice (Hao, 2013), and online general education courses are no exception.
Based on questionnaires and interviews, Liu Cuiyin and others explored and
summarized the problems in the implementation of university online general
education courses and put forward corresponding countermeasures and sugges-
tions (Liu, Zhang, & Shan, 2018). Chen Wenjuan et al. analyzed four aspects of
the current situation of teaching online general education courses, students’
learning, supervision and assessment, and students’ feedback in two universities
in Gansu Province by means of questionnaires, and the results showed that the
main problems in the process of implementing online general education courses
include: some students are forced to study online general education courses in
order to complete the credit recognition requirements, which leads to their mar-
ginalization in course learning; the supervision of students in the process of
conducting online general education courses is not perfect and the assessment
method is too single; students do not attach much importance to online general
education courses and their active learning is poor (Chen & Chen, 2018). Yao
Yuanfeng and others used the method of data statistics and analysis to analyze
students’ selection, learning progress, learning characteristics and learning ef-
fects of online general education courses, and put forward suggestions for im-
provement (Yao & Zhao, 2016). Hao Xiaona wrote her own scale to measure the
motivation and influencing factors of 220 undergraduate students in Erya’s on-
line general education course at Shanxi Normal University (Hou, 2017). Chen

Shuwei investigated and analyzed the current situation of teaching and man-
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agement of online general education courses in Zhejiang Agricultural Trade and
Vocational College in the form of questionnaires and interviews, and found that
the online general education courses in this institution had several prominent
problems such as students’ lack of attention to the courses, course management

in formality and simple and lenient course assessment (Chen, 2016).

2.2. Relationship between Online Learning Engagement and
Academic Performance

The concept of learning engagement was first introduced by Schaufeli (Schaufeli,
Salanova, Gonzélez-Romd, & Bakker, 2002), who argues that learning engage-
ment is similar to work engagement in that it is a state of sustained, positive af-
fect towards learning exhibited by the learner. It is characterized by energy,
commitment and concentration. Numerous national and international studies
have shown that learning engagement is an important factor in the ultimate
learning performance of learners.

Foreign researchers have selected and classified the relationship between on-
line learning engagement and learning performance from different perspectives.
Kwon identified time management as a significant factor in the success of online
learning and found a relationship between learners’ level of action, time man-
agement and learning outcomes (Kwon, 2009). Jo et al. identified students’
self-regulation, particularly their time management strategies, as an implicit
psychological characteristic that drives normal engagement in online learning
activities and leads to high performance (Jo, Yoon, & Ha, 2013). In their study,
Bolliger et al. found a definite link between students’ engagement awareness and
their learning outcomes in online learning, with the stronger the engagement
awareness and the longer the time invested in engaging in learning activities, the
more likely they were to achieve higher learning outcomes (Bolliger & Halupa,
2018). Carver et al. analyzed learning data from 167 postgraduate students in
nine online courses to see if there was a relationship between students’ learning
achievement and the amount of time they spent in each module of the course,
including four areas: total course learning time, length of learning time for in-
structional videos, length of learning time for learning resources, and length of
synchronous online sessions. The analysis revealed that the more time students
spent in synchronous online sessions, the more likely they were to receive an A
in the exam (Carver, Mukherjee, & Lucio, 2017).

Most of the domestic studies on online learning input assessment are based on
data mining and analysis by combining the basic division dimensions of online
learning input from existing studies.

Wang Yonghong used the yaahp hierarchical analysis software to determine
the weights of the assessment index system, and thus constructed a complete in-
dex system for measuring the online learning engagement of university students.
The system was based on three dimensions: online behavior, cognition and emo-
tion, and is based on the application research of the mandatory course “Mobile

Application Design and Development (Front-end)” of the online platform for
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undergraduate education technology students in Northwest Normal University
(Wang, 2020). Lang Bo et al. used a learning vectorization method to classify on-
line learning behavior data and predict online learning performance by a genetic
algorithm (Lang & Fan, 2019). Using data and models, Sun Faqin et al. investi-
gated the primary, secondary, and irrelevant factors that influence online aca-
demic achievement through machine learning related knowledge (Sun & Feng,
2019). Zhao Xifen et al. studied the main influencing factors of online learning
effectiveness using Northern Nationalities University as an example (Zhao, Li, &
Liang, 2019). Guo Fangman et al. studied the correlation between learners’ on-
line learning behaviors and learning outcomes, as well as the differences between
male and female students’ online learning behaviors and learning outcomes
(Guo & Liu, 2018). Chen Yuanyuan et al. further analyzed the relationship be-
tween adult learners’ online learning behavior and learning outcomes based on
data mining. Online learning behavior has been shown to have a strong link with
learning performance, and learning behavior can be used as an important repre-
sentation for predicting students’ learning performance, and monitoring of
learning behavior can guide students to engage in beneficial learning behaviors,
thereby improving their effective learning ratio (Chen, Liu, & Dong, 2019).

From the above research status, it is clear that there are relatively few studies
on university online general education courses, and most of the existing studies
use questionnaire and interview methods. Although such research methods have
their advantages, the final results may be less scientific and objective than those
obtained through data analysis of learners’ online learning records due to learn-
ers’ subjective emotions in their responses. Of course, there are a few empirical
studies that have used data statistics and analysis methods, but these data are
basically at a large granularity of the total number of students who have com-
pleted the course videos, the total number of students who have participated in
discussions, and the overall distribution of student performance. In addition, the
majority of studies show a positive relationship between student engagement in
online learning and learning performance: the higher the engagement, the high-
er the probability of achieving good grades. This positive effect relationship oc-
curs in the context of mandatory university courses, adult education, or distance
education, so would the same conclusions be drawn in the context of university

online general education courses?

2.3. Research Questions

This study seeks to explore the relationship between online learning engagement
and academic performance by collecting and analyzing various indicators and
corresponding data on learners’ learning engagement in the context of online
general education courses. The research questions are as follows.

1) Is the relationship between learners’ online learning engagement and aca-
demic performance in online general education a positive one?

2) Are there different types of online learning engagement in online general
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education, and is there a non-positive relationship between online learning en-
gagement and academic performance?

3) Is there a possibility of assessing the learning engagement characteristics of
learners and giving timely and personalized learning support services according

to their characteristics?

3. Research Design

3.1. Samples and Data Sources

The practical case of this paper selects an online general education course
(Overview of English Countries) offered by a university in eastern China on the
Wisdom Tree platform as the research object, which has been continuously built
from a university-level high-quality online open course in 2017 to being recog-
nized as the first batch of first-class model courses in Zhejiang Province in 2019,
and the course is taught to students of all majors in the third year of undergra-
duate studies, and this study selects the learning behavior data of 432 students
who participated in the online learning course in the fall of 2020-2021 as the re-
search data, and the invalid sample was excluded, and the valid sample was 422
people. The invalid sample presented was students who had never participated
in any learning activities in the course and had a final grade of 0. Of the 422 va-
lid samples, the gender distribution was 10 male students and 412 female stu-
dents, while the subject background distribution was higher for arts students
with 395 students and for science students with 27 students. The online learning
data involved in the study was extracted mainly through the backend. Among
them, basic learner information (gender and major), days of attendance, number
of resource views, number of homework assignments completed, frequency of
using homework modules, number of postings and replies, number of words
posted, number of videos watched can be directly exported from the backend,
and the video viewing regurgitation ratio, homework scores and unit test scores
are obtained by counting the corresponding data of each unit and then finding

the average.

3.2. Study Procedures

A number of studies of learning engagement assessment scales have provided
important references for this paper. For example, the National Survey of Student
Engagement (NSSE) (Coates, 2007) was developed by Indiana University in the
United States based on Coates’ five-dimensional framework of learning engage-
ment. The NSSE has become the primary reference for student engagement sur-
veys in colleges and universities in North America and in many countries. Fre-
dricks proposed that engagement in learning is a meaningful combination of
behavioral, affective and cognitive dimensions (Fredricks & Paris, 2004), and
Sun and Rueda developed the “Distance Learning Engagement Scale” based on
the Fredricks Engagement Scale and the characteristics of distance learning (Sun

& Rueda, 2012). Dixson developed the Online Student Engagement Survey
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(OSES), which includes four dimensions: skill, emotion, engagement, and per-
formance (Dixson, 2010). Li Shuang et al. classified distance learners’ behavioral
variables in the learning management system into four dimensions: online par-
ticipation, active interaction, self-monitoring, and performance effort, and used
the Distance Learner Engagement Scale to predict the role of behavioral va-
riables generated by students in four courses at the National Open University on
distance learning engagement (Li, Li, & Yu, 2018). Therefore, this paper intends
to develop an online learning engagement model for online general education
courses by collecting online learning behavior data and by analyzing the learning
behavior data in four dimensions: participation, attention, interaction, and per-
formance efforts, as shown in Figure 1.

In the model, “participation” refers to the time and effort learners put into on-
line learning, the number of videos and texts they access on the online learning
platform, etc. In this paper, the number of weeks of attendance, the number of
days of attendance, and the number of resources browsing behaviors are used as
the measure of “participation”. The combination of weeks of attendance and
days of attendance provides a more complete picture of learners’ time commit-
ment. “Attention” refers to the depth of learners’ commitment in the learning
process, mainly including the retention time of each study, the number of repe-
titions of wrong questions, the number of homework assignments completed,
etc. The number of homework assignments completed is chosen here to reflect
the learners’ depth of learning; the frequency of using homework modules re-
flects to a certain extent the learners’ persistence and concentration in complet-
ing homework assignments. The frequency of use of the homework module re-
flects to a certain extent the persistence and concentration of learners in com-
pleting homework assignments; the regurgitation ratio of video viewing refers to
the ratio of the length of time spent by learners in watching the video to the
original length of the video; a high regurgitation ratio means that learners have
repeatedly watched the content of the video, which may be because learners are

Number of assignments completed
Frequency of use of the
assignment module

Video-viewing ruminant ratio

! 1
! |
! Days of attendance |

1
! Weeks of attendance I

1
i Number of resource views !
! |

t— | Participation Attention | ____1

Online Learning
Engagement Model

F————| Performance Interaction [ ____}
efforts

Assignment grades
Unit test scores

Number of video-viewing

-
1
i Number of main posts
i
I
' Word count for posts
1

1
|
1
Total number of forum posts !
1
|
1

________________________

Figure 1. Online learning engagement model for online general education courses.
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interested in the content and want to deepen their understanding through re-
peated viewing, or may be because learners are not concentrating when watching
and need to replay to learn again. Of course, unexpected situations such as video
lagging due to internet speed cannot be ruled out. “Interaction” refers to learn-
ers’ communication with teachers and other learners in the learning process.
The frequency and quality of communication and interaction can determine
learners’ enthusiasm for learning and reflect learners’ commitment to online
learning. Therefore, in this paper, the number of posts made by learners, the
number of main posts and the number of words posted made by learners are
chosen to reflect learners’ communication and interaction with teachers and
other learners through the forum. “Performance efforts” refer to the efforts
made by online learners to earn course credits or achieve better grades on the
indicators related to the final assessment, and the quality of learners’ assign-
ments, performance on unit tests and the number of videos watched are chosen
as indicators for assessment here.

In this paper, data were collected using the online learning engagement model
metric for online general education courses as a data base for measuring online
learning engagement. Academic performance is the ability of learners to apply
their newly acquired knowledge and skills, not only in terms of the acquisition of
basic knowledge and skills, but also in terms of their ability to apply them flexi-
bly (Zhong & Liang, 2006). Academic performance is a measure of learners’
learning outcomes and is one of the most important items in the assessment of
teaching quality (Zheng, Cao, Chen, & Wu, 2013). Although academic perfor-
mance is not the whole content of learning performance, a quantitative result of
academic performance as other assessment part of students’ learning process has
the characteristics of objectivity and comprehensiveness. Therefore, learners’
summative exam scores are used as an academic performance metric in the pa-
per.

Based on the above online learning input metrics and academic performance
metrics, the paper uses data mining methods to analyze the data, explore the re-
lationship between online learning inputs and academic performance, and try to
clarify the types of online learning inputs and their characteristics of online
learners, in order to provide ideas for personalized learning support services for

teaching general education courses.

3.3. Methods

Data mining is the process of carefully analyzing large amounts of data to reveal
meaningful new relationships, trends and patterns (Wang & Jiang, 2004). In this
paper, cluster analysis is used, which divides a large collection of data points into
classes such that the data in each class are maximally similar to each other and
the data in different classes are maximally different from each other (He, Wu, &
Cai, 2007). Moreover, the data object of the cluster analysis is unknown (Zou &
Zhu, 2005). These algorithmic features are consistent with the purpose of this

paper, which is to explore whether online learning inputs are positively corre-
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lated with academic performance. Besides, SPSS 24.0 was used to do the cluster-
ing analysis and the K~-means algorithm was chosen as the main clustering algo-
rithm and the R language was used as the data processing method, which is a
statistical, arithmetic and graphical based data processing method that is ideal

for large data processing work (Song & Zhu, 2012).

4. Results and Discussion

4.1. Data Standardization

Based on the online learning input model proposed in the previous section, the
data collected included data on 422 learners on a total of 12 behavioral variables
across four dimensions of participation, attention, interaction and performance
efforts, as well as summative exam results. As the range of values between the
data varies widely, for example, the number of completed assignments ranges
from 0 to 16, while the total number of resource views ranges from 0 to 2743.
Without data transformation, the number of completed assignments will be ig-
nored in the calculation, so the data needs to be uniformly transformed to the
range [0, 1]. The specific conversion calculation is as follows.
P—-min(N)

- max(N)-min(N)

’

wherein P e N

p

Compared to online learning engagement data for each dimension, learners’
summative grades can be used as a more independent and important category
classification feature, so they were converted to the range [0, 2] and calculated as
follows:

P—-min(N)
max (N)-min(N)

P'=2% wherein P e N
In the equation, P denotes the original data, P’'denotes the transformed data

and NV denotes the original data set.

4.2. Determination of the Number of K-Means Cluster Classes

The choice of K-value in the K-means clustering algorithm directly affects the
effect of clustering. To obtain a better clustering effect, the elbow method is ap-
plied to select the K-value. The core index of this method is SSE (sum of the
squared errors)

SSE=3 3 [p-mf

i=1 peC;

In the equation, C;is the ith cluster, pis the sample points in C, m; is the cen-
ter of mass of C; (the mean of all samples in ;) and SSE is the clustering error of
all samples, representing how well the clustering works.

The core idea of the elbow method is that as the number of clusters Kincreas-
es, the sample will be more finely divided and the degree of aggregation of each

cluster will gradually increase, so the sum of squared errors and SSE will natu-
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rally gradually become smaller. Moreover, when K is smaller than the true
number of clusters, the SSE decreases significantly because increasing Kincreas-
es the degree of aggregation of each cluster. When K reaches the true clustering
number, the return on the degree of aggregation obtained by increasing K again
will rapidly become smaller, so the decline in SSE will plummet and then level
off as the value of K continues to increase, meaning that the graph of SSE versus
Kis the shape of an elbow, and the value of K corresponding to this elbow is the
true clustering number of the data.

In this paper, the 422 samples of standardized data were firstly selected using
the elbow method to find the best clustering number K. According to previous
research results of online cluster analysis, most of the catechism learner groups
are divided into 3 - 6 (Qiao & Jiang, 2020), so in this paper, the value range of X
was set to 2 - 8, and each K value was clustered and the corresponding SSE was
noted, and the relationship between Kand SSE is shown in Figure 2.

It can be seen that the corresponding K value in the graph is 3. Therefore, the
optimal number of clusters for this dataset should be chosen as 3.

4.3. Clustering Results and Analysis

The standardized 422 sample data were subjected to K-means cluster Analysis in
SPSS 24.0, and the number of cases in each cluster was obtained by setting the
cluster number Kvalue to 3 as shown in Table 1.

It can be seen that the number of cases included in the three clusters is 232, 85
and 105, which represent 55%, 20% and 25% of the total sample size, respective-
ly.

From Table 2, it can be seen that learners from category 1 have a high overall
performance, learners from category 2 have a low overall performance, and
learners from category 3 have a medium overall performance. In order to more

clearly determine the specific score levels of the three categories of learners’

425

400 -+

375 A

350 A

SSE

325 +

300 +

275 T T T T T T

Figure 2. Relationship between K and SSE.
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Table 1. Number of cases in clusters.

Cluster 1 232.000
Cluster 2 85.000
Cluster 3 105.000
Effective 422.000
Ineffective 0.000

Table 2. Clustering center results.

Clusters

1 2 3
Weeks of attendance 0.983 0.942 0.912
Days of attendance 0.748736 0.717436 0.674876
Number of resource views 0.924284 0.884736 0.820494
Number of assignments completed 0.995746 0.802834 0.797363
Frequency of use of the assignment module 0.998473 0.928477 0.847857
Video-viewing ruminant ratio 0.084636 0.098463 0.093726
Number of main posts 0.018863 0.003483 0
Total number of forum posts 0.084736 0.038445 0.00
Word count for posts 0.074632 0.038473 0.026351
Assignment grades 0.948574 0.894736 0.784363
Unit test results 0.897433 0.847463 0.749483
The number of video-viewing 1.000000 0.864642 0.765893
Summative exam results 0.867564 0.007564 0.728746
Overall results 1.943773 1.384735 1.645332

learning inputs in each dimension and the overall performance, the mean values
of the learning behavior scalars and the mean values of the overall performance
of each cluster member’s inputs in each dimension were compared, as shown in
Table 3.

As can be seen from the table above, the first category of learners has an over-
all average score of 92. In the participation dimension, the average number of
weeks and days of attendance and the average number of resource browsing are
significantly higher than the last two categories of learners, especially the average
number of days of attendance, which is nearly twice as high as the third category
of learners, and is basically close to the total number of activities; in the concen-
tration dimension, the average number of homework assignments completed
and the average frequency of homework modules used are also significantly
higher than the other two categories of learners, and the video-viewing ruminant
ratio mean is smaller than the last two categories of learners. In the interaction
dimension, the mean value of the number of main posts, the mean value of the
total number of forum posts, and the mean value of the number of words posted
were also significantly higher than those of the last two categories of learners. In
the performance effort dimension, the mean values of all learning behaviors
were significantly greater for the first category of learners than for the second
and third categories of learners.

The second category of learners has a mean score of 74, which is the lowest

score among the third category of learners. In the participation dimension, the
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Table 3. Mean value of each dimensional variable.

Variables Category 1 Category 2 Category 3

Average number of weeks of attendance 8.54 8.02 7.45
Average number of days of attendance 63.67 46.76 23.97
Average number of resource views 478.89 479.43 278.45
Average number of assignments completed 9.45 7.34 5.32
Average frequency of use of assignment modules 10.62 8.91 7.27
Video-viewing ruminant ratio mean 1.068473 1.274634 1.184737
Average number of main posts 1.34 1.12 0.00
Average value of total number of forum posts 3.67 3.42 0.45
Average word count of posts 7.85 3.45 0.89
Assignment grade mean 94.5643 89.7632 87.5632
Mean value of unit test results 92.6533 83.3464 81.562
Average number of video views 56.00 48.42 46.89
Mean value of summative exam results 89.57 0.89 85.72
Mean value of overall results 92.08 74.26 84.35

average number of weeks and days of attendance for this category of learners is
smaller than that of the first category of learners, but larger than that of the third
category of learners, but the average number of resource views is the highest,
slightly higher than that of the first category of learners; in the concentration
dimension, the average number of homework assignments completed and the
average frequency of homework modules used rank second among the three
categories of learners, but the average video-viewing ruminant ratio is the high-
est; in the interaction dimension, the average number of forum posts and the to-
tal number of forum posts for this category of learners rank second, but only
slightly lower than that of the first category of learners. The average value of the
total number of forum posts and the average value of the total number of forum
posts ranked second, but only slightly lower than the first category of learners; in
the performance effort dimension, the average value of homework scores, the
average value of unit test scores and the average value of the number of videos
watched were also in the middle level, significantly lower than the first category
of learners and slightly higher than the third category of learners, and the aver-
age value of summative exams was the lowest among the three categories of
learners and less than 1 point, so it can be inferred that most of the learners in
this category did not take the test. This inference was confirmed after checking
that most of the students in this category had zero test time.

The third category of learners had a mean summative score of 84, which is in
the middle of the three categories of learners. As can be seen, this category of
learners is smaller than the first two categories of learners in all four dimensions
(except for the second ranking of video-viewing ruminant ratio mean) and be-
longs to the category of the lowest participation, but the mean value of summa-
tive exam scores is lower than that of the first category of learners and signifi-
cantly higher than that of the second category of learners.

In summary, the first category of learners has a high level of participation and

motivation in the course activities throughout the learning process, and their
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Table 4. Correlation analysis of clustering results.

Category 1 Category 2 Category 3
Correlation coefficient r value 0.52 -0.23 -0.37
Significant level p value 0.01 0.02 0.01

final grades are high, so they can be regarded as “active learners”, while the
second category of learners has a medium level of participation and motivation
in the course activities among the three categories of learners, and their overall
grades are the lowest among the three categories of learners because they are not
involved in the final course exams. The second group of learners has the lowest
overall grade among the three groups of learners because they do not participate
in the final exams, so this group of learners is considered as “go-with-the-flow
learners”. The third category of learners has the lowest level of participation and
motivation in learning activities in the course, although the average overall grade

is at the middle level, so they can be considered as “passive learners”.

4.4. Correlation Analysis of Clustering Results

The results of the correlation analysis of the data in categories 1 - 3 are shown in
Table 4. The significant level of correlation between the sum of the converted
values of the factors of academic performance and learning engagement in each
cluster is within 0.02. The correlation coefficient of the first category is positive,
and there is a positive correlation between learning engagement and academic
performance, accounting for 55% of the total sample size, while the correlation
coefficients of the second and third categories are negative, with a negative cor-
relation between learning engagement and academic performance, but the
second category of learners has a lower overall score because they did not take
the summative examination, which can be considered an anomaly. Therefore, if
only the third category of learners is classified as having a negative relationship
between learning engagement and academic performance, it accounts for 25% of
the total sample, which shows that there is a non-positive relationship between
learning engagement and academic performance for a quarter of the learners in

the online general education course.

5. Conclusions and Implications

This study takes a representative online general education course offered by a
university in eastern China as an example, refers to the existing research on on-
line learning engagement and combines the characteristics of online general
education courses to construct an online learning input model for online general
education courses. The K-means clustering algorithm was used to classify the
learners into three categories: “active learners”, “go-with-the-flow learners” and
“passive learners”. Only about 55% of the learners had a positive relationship
between online learning engagement and academic performance, about 25% of

the learners did not have a positive impact on their learning performance, and
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about 20% of the learners were anomalous because they did not take the sum-
mative exam, and it was not possible to determine whether they had a positive
relationship. In addition, the correlation between gender, subject background
and achievement was not analyzed as only 10 of the 224 students in this study
were male and 90% of the students were in Arts.

One of the most important reasons for the high online engagement but low
summative test scores for “go-with-the-flow learners” is that most students do
not take the final exam, making it impossible to accurately determine their
learning effectiveness. However, it may also be due to the fact that the learners
are only committed to online learning in order to complete the number of online
learning clicks required by the school, but do not really invest time in learning,
or they may have a weak learning foundation or inappropriate learning methods.
And for the “passive learners”, there are two possible reasons for the low online
commitment and high final exam scores: first, the learners only pay attention to
the final exam scores and do not seriously commit to online learning; second,
learners do not like or are not accustomed to online learning and learn mainly
through paper books, face-to-face classes, offline communication with teachers
and other non-online learning methods, and the data indicators of online learn-
ing input do not fully reflect learners’ learning input. To address the situation of
these two types of learners, teachers and administrators should obtain relevant
information about these two types of learners in a timely manner, regularly
check their learning progress, and intervene in a timely manner to prevent
learners from not participating in course learning activities for a long time and
completing tasks unexpectedly during concentrated periods or late in the course.
Interviews and questionnaires should also be used at different stages of learning
to understand learners’ specific situations in more depth and to adopt targeted
and personalized learning support services. In addition, the final course assess-
ment should not only be based on superficial data, but should also explore more
indicators reflecting students’ deep learning, such as learners’ concentration on
learning, interaction after forum discussion and video viewing, and the quality
of homework completion.

In addition, during the implementation of the study, the writer noticed that
students did not attach enough importance to online general education courses
because they are elective courses, for example, 20% of the learners in the
“go-with-the-flow learners” did not take the summative examination which is an
important part of the final performance. The root causes for this are many local
undergraduate institutions in China lack a deep understanding of general educa-
tion, lack scientific planning of the online curriculum system, and lack standar-
dization of course management, and tend to treat general education as an educa-
tion to expand knowledge, which is usually developed in unsystematic individual
courses that are easily detached from the realities of life and thus fail to arouse
students’ interest, resulting in general education being promoted mainly at the

knowledge level (Zhao & Wei, 2017). Therefore, in the process of promoting the
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reform of general education, local undergraduate institutions in China can take
advantage of the spring breeze of “Internet+”, that is, the rapid development of
MOOC in China, to build a perfect school-based special general education sys-
tem based on high-quality and diverse online courses, so that teachers can teach
and students can learn efficiently. At the same time, the responsibilities of
teachers of online general education courses are clearly defined and an assess-
ment system is established, and a human-computer integrated learning support
service system is set up. Learning support services for online courses are a guar-
antee of learners’ commitment to learning. Research has shown that teachers
have an important role in guiding students’ participation, and that teachers can
promote learners’ learning engagement by issuing encouraging messages, asking
thought-provoking questions, and giving feedback when they do (Liu, Zhang, &
Liu, 2017). On the one hand, learning support services are provided through
personalized recommendations and adaptive learning paths using the big data
and artificial intelligence of online course platforms, while on the other hand,
teachers help learners answer questions, correct assignments, and implement
manual learning support services through the Internet. At the school level, ad-
ministrators should develop corresponding regulations, assessment standards
and mechanisms according to school-based conditions to motivate teachers, cla-
rify their responsibilities and improve their learning support services, so as to
increase the learning input of online general education learners and guarantee
learning quality.

Although the author has made a lot of efforts in conducting the study and
achieved some results, there are still some shortcomings in this paper, mainly
including the following two points: firstly, the sample is not representative. On-
line general education courses contain many types, and different courses differ
in terms of the number of students taking them and the way they are assessed.
This study only uses one course as an example for analysis, and the sample size is
small, so the conclusions drawn may have certain limitations. In future studies,
the research sample should be expanded and different types of courses should be
selected for comparative analysis, with a view to obtaining more comprehensive
research results. Secondly, the data collection of learners’ online learning en-
gagement assessment is not yet comprehensive, for example, the completeness of
resource browsing, the number of weeks of attendance and the time interval of
assignment submission, and the relevance of the content of forum postings to
the course are not yet collected due to the author’s limited authority and capaci-
ty as they are closely related to the software development of the online learning
platform. In future research, more data mining and analysis techniques will be
attempted to further expand the collection of learning input data, to dig deeper
into the types of learners’ online learning input in the context of online general
education courses, and to provide reference and basis for the development of
personalized human-computer integrated learning services support, as well as to
lay the foundation for the improvement of the school-based special general edu-

cation curriculum system.
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