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Abstract 
Online learning is a very important means of study, and has been adopted in 
many countries worldwide. However, only recently are researchers able to col-
lect and analyze massive online learning datasets due to the COVID-19 epidemic. 
In this article, we analyze the difference between online learner groups by using 
an unsupervised machine learning technique, i.e., k-prototypes clustering. Spe-
cifically, we use a questionnaire designed by domain experts to collect various 
online learning data, and investigate students’ online learning behavior and learn- 
ing outcomes through analyzing the collected questionnaire data. Our analysis 
results suggest that students with better learning media generally have bet-
ter online learning behavior and learning results than those with poor online 
learning media. In addition, both in economically developed or undeveloped re-
gions, the number of students with better learning media is less than the num-
ber of students with poor learning media. Finally, the results presented here show 
that whether in an economically developed or an economically undeveloped re-
gion, the number of students who are enriched with learning media available is 
an important factor that affects online learning behavior and learning outcomes. 
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1. Introduction 

Online learning has been growing continuously in the past two decades. Distance 
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education has evolved from offline to online settings with the access to the In-
ternet and affected by the COVID-19 epidemic, online learning has become a 
global learning method. Schools and universities have witnessed the unprecedented 
use of online collaboration tools and applications to support the continuing ed-
ucation of students and educators. The scale of digitally supported online learning 
or remote education increased exponentially in 2020, for those who can use dig-
ital devices connected to the Internet and likely changed the way education is pro-
vided forever [1]. There is no doubt that online education will become an important 
part of the new global education landscape. 

During the COVID-19 epidemic, China carried out large-scale online learning. 
The purpose of this study is to research and analyze some of the learning problems 
of students. For this reason, we designed a questionnaire and collected a lot of 
relevant data. We introduced our research questions in detail in Section 1.2, and 
mainly introduced our questionnaire design and data collection and processing in 
Section 2. 

1.1. Online Learning 

Online learning has been on the increase in the past few decades. But many re-
searchers have focused on specific areas of online education such as innovations in 
online learning strategies [2], quality in online education [3], designing sociable 
online learning environments [4], self-regulated learning in Open Online Courses 
[5], challenges of online learning [6], self-efficacy and self-regulation in online learn- 
ing [7], attrition and achievement gaps in online learning [8], and online course dro- 
pout [9].  

[10] reviewed research on online learning from 1993 to 2004. They reviewed 
76 articles and divided the research into four themes: 1) course environment; 2) 
learners’ outcomes; 3) learners’ characteristics; and 4) institutional and adminis-
trative factors. The author describes the first theme as the course environment (n 
= 41, 53.9%) is an overarching theme that includes classroom culture, struc-
tural assistance, success factors, online interaction, and evaluation. [10] for their 
second theme found that studies focused on exploring the learning outcomes in 
the cognitive and affective domains through various research methods that have 
been used in the teaching process (n = 29, 38.2%). Another research theme focu- 
sed on learners’ characteristics (n = 12, 15.8%) and the social interaction, in-
structional design, and demographics of online learners. The final theme of their 
report was the institutional and administrative aspects (n = 13, 17.1%) in online 
learning. Their findings revealed that there was a lack of scholarly research in 
this area and most institutions did not have formal policies in place for course 
development as well as faculty and student support in training and evaluation 
[11]. 

[12] reviewed 695 articles on distance education and online learning from 
2000 to 2008. In this review, the top three topics were interaction and communi-
ties of learning (n = 122, 17.6%), instructional design (n = 121, 17.4%) and learner 
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characteristics (n = 113, 16.3%).The least number of studies (less than 3%) found 
in studies examining the following research themes were these themes: manage-
ment and organization (n = 18), research methods in DE and knowledge transfer 
(n = 13), globalization of education and cross-cultural aspects (n = 13), innova-
tion and change (n = 13), and costs and benefits (n = 12). This study examined 
research areas in online learning, trends, priority areas, and gaps in distance edu-
cation research. 

[11] based on the previous systematic reviews [10] [12] [13], reviewed 619 ar-
ticles on online learning from 2009 to 2018. Online learning research in this study 
is grouped into twelve different research themes which include Learner characteris-
tics, Instructor characteristics, Course or program design and development, Course 
Facilitation, Engagement, Course Assessment, Course Technologies, Access, Cul- 
ture, Equity, Inclusion, and Ethics, Leadership, Policy and Management, Instructor 
and Learner Support, and Learner Outcomes. In this review, the specific themes of 
Engagement (n = 179, 28.92%) and Learner Characteristics (n = 134, 21.65%) 
were the two topics that researchers like to study most. Articles focusing on 
Instructor Characteristics (n = 21, 3.39%) were least common in their statis- 
tics. 

Table 1 shows some of the most and least researched themes on online learning 
in recent years. Current research in online learning is predominately focused on 
engagement and learner characteristics. Engagement themes can be subdivided 
into many areas, such as social presence [14] [15] [16], teaching presence [17] [18] 
[19], learner-learner interactions [15] [20] [21], participation patterns in online 
discussion [22] [23] and so on. Although many studies have been conducted on 
specific online learning topics, there are three problems with these studies: 1) it 
pays more attention to the system research of education and neglects the detailed 
teaching experience; 2) it is almost difficult to collect a large amount of data to 
analyze the research object; 3) there are few studies on the amount of learning me-
dia and the impact of learning behavior on students’ learning effects. The content of 
our research solves these three deficiencies. 

 
Table 1. Topics of previous online learning research work. 

 
1993-2004  
(Tallent-Runnels [10]) 

2000-2008 
(Zawacki [12]) 

2009-2018 
(Martin [11]) 

Most number of 
studies 

•Course environment 

•Learner outcomes 

•Interaction and communities of learning 

•Instructional design 

•Learner characteristics 

•Engagement 

•Learner characteristics 

•Evaluation and quality assurance 

Lowest number 
of studies 

•Learner characteristics 

•Institutional and  
administrative factors 

•Management and organization 

•Research methods in DE and knowledge 
transfer 

•Globalization of education and  
cross-cultural aspects 

•Course design and development 

•Leadership, policy, and management 

•Instructor characteristics 
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1.2. The Present Study 

Based on questionnaires designed by education experts and related data sets col-
lected, this study explores what are the effects of different educational resources on 
students’ learning behaviors and online learning results. Lee [24] examined per-
ceptions of adequate resources that could facilitate or inhibited students’ adoption 
of an online learning system. They indicated that improvement of resources is 
necessary to help students to understand and use the online learning system. The 
study of [25] contributes to knowledge about how textbook resources could be lev-
eraged in a bite-sized e-learning environment. Here we explore the difference be-
tween the hardware learning media of students in different clusters. 

Finally, previous work has shown that perceived resources [24] have impacts 
on online learning adoption. The richer the perceived resources, the more positive 
influence on online learning. Accordingly, we will investigate how clusters with di- 
fferent hardware resources are different in online learning and examine the dif-
ference between students’ learning media and their learning effects in economi-
cally developed regions and students in economically undeveloped regions. As such, 
this study was guided by four research questions: 

• Research question 1: How to distinguish online learners through analyzing 
their questionnaire data, i.e., how to separate similar online learners from dissimi-
lar ones?  

• Research question 2: What do the similar online learners have in common? 
• Research question 3: How the online learners’ learning behaviors, e.g., par-

ticipation and learning time, are affected by learning media?  
• Research question 4: What are the impacts of learning media on online learn-

ers’ experiences, such as learning satisfaction and learning outcomes?  

2. Methods 

In order to study our problem, we designed a questionnaire and collected a large 
amount of data, then processed the data and used unsupervised machine learning 
method k-prototypes to cluster, too and statistics the data. Finally, the test method 
is used to test the hypothesis on the cluster data. The third part of our article is 
mainly about data processing and clustering, the fourth part is a statistical analysis 
of the data, and the fifth part is a hypothesis test, and some conclusions are very 
meaningful for the development of online education. 

2.1. Study Design 

This study is the latest data analysis using an unsupervised machine learning app- 
roach. The data for this study were from the questionnaire we collected. There 
are four main subjects of our survey, namely students, teachers, parents and school 
administrators. We invited education experts to design different questionnaires ba- 
sed on different roles. In our research, we mainly study the questionnaire of second-
ary school students. Our questionnaire has a total of 20 questions, including the 
region of the student, the grade the student is attending, the length of study time per 
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day, learning behavior, learning status, learning expectations, etc.  

2.1.1. Participants 
Study participants were primary and secondary school students from an anony- 
mous province in China, their parents, teachers, and their school administrators. 
All participants joined our study by filling out online questionnaires anonymously 
and voluntarily. The area where the students are located is distributed in both ur-
ban and rural areas, and the grade distribution is from primary school to high 
school. 

The choice of participants using the online questionnaire can be found in the 
literature [26]. The total number of students in anonymous provinces in China is 
about 15 million. In China, students in grades 1 - 6, 7 - 9, and 10 - 12 are called 
primary school, middle school, and high school students, respectively. Approxi-
mately 37.5% students, their parents, teachers, and school administrators partici-
pated in the survey. All the people who participated in the questionnaire were 
viewed as ideal for this study as we were interested in what is the learning situa-
tion of students with different learning media in economically developed regions 
and economically undeveloped regions. This is the first large-scale online learn-
ing in an off-campus regular school, which provides important data for our 
study. 

2.1.2. Collecting Data 
We collected a total of 5,791,860 student questionnaires. Other common concerns 
with data we collected include potential cheating or speeding, where we define 
cheating as the inconsistency of the information before and after filling in the ques- 
tionnaire, and we define speeding as clicking through questionnaire tasks as quickly 
as possible, paying minimal to no attention to the task itself. To eliminate the in-
fluence of these two factors, we added questions with consistent information to the 
questionnaire and recorded the time taken by the participants to fill out the ques-
tionnaire. 

2.2. Data Analysis Procedures  
2.2.1. Data Cleaning 
Data cleaning techniques have been extensively covered in multiple surveys [27] 
[28] and tutorials [29] [30]. In our study, we mainly focus on student data, we de-
fined our dirty data into the following three categories:  

• Data entry errors: In our questionnaire, there is a question about how long 
do you study online every day, the time selection range we give is 0 - 15 hours, 
beyond this range is considered to be a wrong input data.  

• Cheating data errors: In the questionnaire we designed, there are two ques-
tions, one of which is what is the location and category of your school, and the 
other is your grade. Based on the content of the first question, we can determine 
whether the answer to the second question filled in by the participant is correct. 
For example, the participant’s first question answered is an urban secondary school, 
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so his grade should be between grade 7 and grade 12 (In our study, the first to 
sixth grades are defined as primary school, and the seventh to twelfth grades 
are defined as secondary school). If his grade is not in this specified range, we 
think his data is cheating data. The same method is used for primary school 
data.  

• “Speeding” data errors: We recorded the time it took for each participant to 
fill in the questionnaire. The questionnaire we designed for students has a total of 
20 questions and 90 options, so it takes at least 90 seconds to complete the ques-
tionnaire. If the time required for the participant to fill out the questionnaire is 
less than 90 seconds, then we regard it as speeding data.  

According to the above three standards, we cleaned up student data, and the 
data of 775,516 participants were deleted. After the data was cleaned, there were 
still 5,015,344 participants’ data. We have also cleaned up some redundant data 
options. After cleaning up, there are still 58 options. 

2.2.2. Data Analysis 
This study used a combination of unsupervised machine learning (k-prototypes 
clustering) and non-parametric statistical analyses. The objective of clustering is 
to partition a set of data objects into clusters such that data objects in the same 
cluster are more similar to each other than those in other clusters [31]. Partition 
clustering algorithms are widely applied clustering statistical methods. The k-means 
algorithm is used to analyze numeric data and the k-modes algorithm extends the 
k-means to cluster categorical data [32]. The k-prototypes algorithm integrates 
both the k-means and k-modes algorithms, to cluster mixed data [33]. K-prototypes 
clustering has been used education fields, such as virtual learning environment 
[34], educational contents [35], and with student health monitoring system [36] 
and other educational technologies [37]. For an overview of clustering analysis, 
see [38], and for clustering specifically in educational technology applications, 
see [39]. 

We perform k-prototypes clustering using the k modes [40] [41], pandas, and 
metrics packages in python. For k-prototypes clustering, one must determine how 
many clusters the analysis will create. Here, we use the Sum of Squared Errors 
(SSE) Score and Average Silhouette to determine the optimal number of clusters, 
which sometimes are referred to cluster validity metrics. We can invoke these two 
methods from the metrics package under scikit-learn in python language. Scikit- 
learn is a Python module for machine learning built on top of SciPy and is dis-
tributed under the 3-Clause BSD license. It provides various tools for model fit-
ting, data preprocessing, model selection, model evaluation, and many other 
utilities. These methods are implemented according to the ideas of [42]. We used 
Euclidean distance metric when calculating the clusters. Because the data in our 
questionnaire has both numerical data and categorical data, we used the com-
prehensive evaluation method of Euclidean distance and Hamming distance to 
calculate clusters. 
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We also used a variety of non-parametric statistics due to non-normal data dis-
tributions after clustering. All non-parametric analyses were conducted by using 
IBM SPSS 23. SPSS Statistics software offers a range of advanced features, in-
cluding ad hoc analysis, hypothesis testing and reporting. This makes it easier to 
access and manage data, select and perform analyses. We used Mann-Whitney- 
U-tests or Kruskal-Wallace-H tests, and for pairwise comparisons we report p- 
values adjusted with Bonferroni corrections. 

3. Results 

• Research question 1: How to distinguish online learners through analyzing 
their questionnaire data, i.e., how to separate similar online learners from dis-
similar ones? 

We use the unsupervised clustering method k-prototypes to distinguish learners 
with different characteristics. Before using the k-prototypes clustering method to 
cluster the data, we first used Sum of Squared Errors and average silhouette to 
evaluate how the data should be clustered into several categories. The two effects 
of evaluating the optimal number of clusters are shown in the Figure 1 and Fig-
ure 2 respectively. The following pictures respectively show the two effects of 
evaluating the optimal number of clusters. Figure 1 is the evaluation result of 
the sum of squared errors score method, and Figure 2 is the evaluation result of 
the average silhouette method. For picture 1, the k value at the inflection point 
where the score drops faster is the number of groups that should be divided. 
For Figure 2, the k value corresponding to the point with the highest score is 
the number of people that should be divided. According to the evaluation re-
sults, when the number of clusters k is 2, the data classification effect is the best. 
Therefore, we use k = 2 to cluster online learners in developed and undeveloped 
regions. 

 

 
Figure 1. Sum of squared errors score (SSE). 
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Figure 2. Average silhouette score (silhouette coefficient). 

 
• Research question 2: What do the similar online learners have in common, 

and what are the characteristics between dissimilar online learners?  
According to the question types designed by our survey data questionnaire, we 

divide the questions into three major questions, which are our question 2 to ques-
tion 4. Question 2 is mainly the objective information part of the questionnaire 
filled out by online learners. Here we include the following questions:  
• RQ2-1: Your grade? 
• RQ2-2: Which of the following equipment/materials did you use during your 

online learning throughout the outbreak?  
• RQ2-3: What is the longest class time for your online courses?  
• RQ2-4: How long do you study online every day (move the slider to the corre-

sponding number of positions, 0 - 15 hours)? 
• RQ2-5: What content does your online course include?  

We attribute these questions to objective questions. Questions 3 and 4 mainly 
discuss issues related to students’ subjective wishes. In later chapters, we will de-
tail the content of their questions. 

According to the estimated k value, we divide the undeveloped regions into 
two clusters, and the economically developed regions are also divided into two 
clusters. We have made statistics on the results divided into two clusters. Table 2 
is the statistical results of the two clusters in the undeveloped regions, and Table 
3 is the statistical results of the two clusters in the developed regions. In the ta-
ble, we have counted the results of the ten options contained in the above ques-
tions. The main indicators included are the minimum (Min), maximum (Max), 
average (Mean), standard deviation (SD), and percentage (Percent) of the clus-
ter. 

Let’s first compare the data of two clusters in undeveloped regions. In Table 
1, we can clearly see that cluster 1 and cluster 2 are significantly different in the 
distribution of these ten options. In terms of the study online hours, the average 
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learning time of cluster 1 is 4.75, while the average learning time of cluster 2 is 
10.16. In terms of learning media used, cluster 1 and cluster 2 mainly use smart- 
phones for online learning, but cluster 1 and cluster 2 have some gaps in comput-
ers, tablets, and paper materials. The percentages of cluster 2 for these three op-
tions are higher than cluster 1, for example, cluster 1 is 26.5% for online learning 
using computers, and cluster 2 is 30.4%. Computers, tablets, and other learning e- 
quipment can only be purchased under certain economic conditions, which in-
dicate that the second group may be the group with better learning media in eco-
nomically undeveloped regions. At the same time, the percentage of special edu-
cation in cluster 2 is higher than that in cluster 1, which indicates that the educa-
tional resources of the school in cluster 2 should be better than that in cluster 1. 
These results indicate that clusters with richer teaching and learning media may 
have better learning behaviors and learning effects. 

 
Table 2. Cluster data statistics of undeveloped regions.  

 
Cluster 1 (n = 695,679) Cluster 2 (n = 340,808) 

Min Max Mean SD Percent (%) Min Max Mean SD Percent (%) 

RQ2-1 

RQ2-2 

RQ2-3 

RQ2-4 

RQ2-5 

RQ2-6 

RQ2-7 

RQ2-8 

RQ2-9 

RQ2-10 

7 

1 

0 

0 

0 

0 

0 

0 

0 

0 

12 

4 

8 

1 

1 

1 

1 

1 

1 

1 

8.99 

3.07 

4.75 

0.26 

0.11 

0.86 

0.33 

0.89 

0.77 

0.47 

1.614 

0.881 

1.641 

0.441 

0.318 

0.347 

0.468 

0.317 

0.418 

0.499 

– 

– 

– 

26.5 

11.4 

86 

32.50 

88.70 

77.50 

47.10 

7 

1 

7 

0 

0 

0 

0 

0 

0 

0 

12 

4 

15 

1 

1 

1 

1 

1 

1 

1 

9.18 

3.33 

10.16 

0.30 

0.14 

0.84 

0.39 

0.88 

0.83 

0.55 

1.663 

0.768 

2.253 

0.460 

0.346 

0.362 

0.487 

0.330 

0.371 

0.498 

– 

– 

– 

30.4 

13.9 

84.5 

38.6 

87.6 

3.5 

54.6 

 
Table 3. Cluster data statistics of developed regions. 

 
Cluster 1 (n = 623,367) Cluster 2 (n = 413,120) 

Min Max Mean SD Percent (%) Min Max Mean SD Percent (%) 

RQ2-1 

RQ2-2 

RQ2-3 

RQ2-4 

RQ2-5 

RQ2-6 

RQ2-7 

RQ2-8 

RQ2-9 

RQ2-10 

7 

1 

0 

0 

0 

0 

0 

0 

0 

0 

12 

4 

9 

1 

1 

1 

1 

1 

1 

1 

8.97 

3.09 

5.15 

0.41 

0.19 

0.86 

0.33 

0.89 

0.77 

0.47 

1.631 

0.855 

1.650 

0.493 

0.395 

0.347 

0.468 

0.317 

0.418 

0.499 

– 

– 

– 

41.4 

19.4 

86 

32.50 

88.70 

77.50 

47.1 

7 

1 

7 

0 

0 

0 

0 

0 

0 

0 

12 

4 

15 

1 

1 

1 

1 

1 

1 

1 

9.17 

3.37 

10.17 

0.53 

0.24 

0.84 

0.39 

0.88 

0.83 

0.55 

1.648 

0.728 

2.249 

0.499 

0.427 

0.362 

0.487 

0.330 

0.371 

0.498 

– 

– 

– 

52.8 

24.0 

84.5 

38.6 

87.6 

83.5 

54.6 
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For the two clusters in the economically developed regions, the same phe-
nomenon exists between them as in the economically undeveloped regions. The 
teaching and learning media of cluster 2 are more abundant than the learning 
media of cluster 1. However, the gap between cluster 2 and cluster 1 in econom-
ically developed regions is greater than that in economically undeveloped regions. 
For example, in economically undeveloped regions, the average gap between clus-
ter 2 and cluster 1 that uses computers for online learning is 11.4%, while the 
average gap between clusters 2 of computers for online learning using computers 
in economically undeveloped regions is 3.9%. We can also find this result by com-
paring the standard deviation of learning media and teaching resources in econom-
ically developed regions and economically undeveloped regions, for example clus-
ter 2 developed (computer SD = 0.499) > cluster 2 undeveloped (computer SD = 
0.460). 

Comparing the clusters of economically developed regions and economically 
undeveloped regions, we found some interesting results. We compare cluster 1 
and cluster 2 in developed regions and undeveloped regions respectively, we can 
find cluster 1 developed (computer Mean = 0.41) > cluster 1 undeveloped (com-
puter Mean = 0.26), cluster 2 developed (computer Mean = 0.53) > cluster 2 un-
developed (computer Mean = 0.30), cluster 1 developed (Tablet Mean = 0.19) > 
cluster 1 undeveloped (Tablet Mean = 0.11), cluster 2 developed (Tablet Mean = 
0.24) > cluster 2 undeveloped (Tablet Mean = 0.14). This shows that there are 
not only differences in learning media within the same region, but also differ-
ences in learning media between different regions. However, although the dif-
ferences between different clusters in developed regions are greater than the dif-
ferences between different clusters in undeveloped regions, developed regions 
generally have more learning media than undeveloped regions. And the average 
online learning hours of students in two clusters in developed regions are higher 
than the average online learning hours of students in undeveloped regions. The 
average online learning time of students in the two clusters in developed regions 
is higher than that of students in undeveloped regions, which indicates that stu-
dents with different teacher resources and learning media may have different ef-
fects and feelings in online learning. 

Research question 3: How the online learners’ learning behaviors, e. G., par-
ticipation and learning time, are affected by learning media? 

We divide students’ online learning behaviors into three parts: students’ class-
room learning behaviors, students’ learning behaviors when they encounter prob-
lems, and students’ learning behaviors after class. The details of these three parts 
are as follows: 
• RQ3-1: Homework submission; 
• RQ3-2: In-class test; 
• RQ3-3: Video conference; 
• RQ3-4: In-class commenting; 
• RQ3-5: Viewing homework that achieved an excellent grade; 
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• RQ3-6: Screen sharing; 
• RQ3-7: Live commenting; 
• RQ3-8: Discussion; 
• RQ3-9: Solving independently by searching online; 
• RQ3-10: Re-watch recorded lectures when you encounter knowledge points 

that you have not mastered; 
• RQ3-11: Attend Q&A sessions organized by teachers; 
• RQ3-12: Ask teachers by using social platforms; 
• RQ3-13: Communicate with other students; 
• RQ3-14: Re-watch lecture videos after class; 
• RQ3-15: Carefully studied other course materials provided by your teacher; 
• RQ3-16: Carried out home-based self-study activities; 
• RQ3-17: Ask the teacher when you encounter a problem; 
• RQ3-18: The quality of the work done online be as good as offline. 

Table 4 and Table 5 are statistics on the learning behaviors of students in un-
developed and developed regions respectively. Items 1 - 8 in the table are students’ 
classroom learning behaviors, and items 9 - 13 are students’ learning behaviors when 
they encounter problems, 14 - 18 items are students’ learning behaviors after class. 
These three types of learning behaviors correspond to questions 4, 11, and 14 in 
our questionnaire. Table 4 is the statistics of online learning behaviors of stu-
dents in different clusters in undeveloped regions. By observing the table data, we 
can see that cluster 2 performs better than cluster 1 in these three types of learn-
ing behaviors. In terms of classroom learning behaviors, the most common behav-
iors for students are homework submission, class testing and excellent homework 
viewing. Among them, more than 80% of each cluster has submitted homework, 
and the least common behavior is screen sharing, only about 10%. There is a 
big gap between cluster 1 and cluster 2 in classroom test, cluster 2 undeveloped 
(In-class-test Mean = 0.44) > cluster 1 undeveloped (In-class-test Mean = 0.33), 
When students encounter knowledge they don’t understand in online learning, 
they usually re-watch the recorded lectures or independently searching online to 
solve the problem. They seldom participate in the Q&A sessions organized by tea- 
chers or use social platforms to ask teachers. However, we can still find that the 
data of students in cluster 2 is better than the data of students in cluster 1 in 
terms of participating in the question and answer session of the teacher organi-
zation and using the social platform to ask the teacher, cluster 2 undeveloped (Q&A 
Mean = 0.34) > cluster 1 undeveloped (Q&A Mean = 0.25), cluster 2 undeveloped 
(Ask teachers by using social platforms Mean = 0.34) > cluster 1 undeveloped (Ask 
teachers by using social platforms Mean = 0.25) This shows that cluster 2 may have 
better teacher resources than cluster 1. After the class, most of the students can 
earnestly study other course materials provided by the teacher and carry out self- 
study activities at home. 

Table 5 is the statistical information of different clusters in developed regions. 
In developed regions, we can find that cluster 2 performs better than cluster 1,  
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Table 4. Cluster data statistics of undeveloped regions. 

 
Cluster 1 (n = 695,679) Cluster 2 (n = 340,808) 

Min Max Mean SD Percent (%) Min Max Mean SD Percent (%) 

RQ3-1 
RQ3-2 
RQ3-3 
RQ3-4 
RQ3-5 
RQ3-6 
RQ3-7 
RQ3-8 
RQ3-9 

RQ3-10 
RQ3-11 
RQ3-12 
RQ3-13 
RQ3-14 
RQ3-15 
RQ3-16 
RQ3-17 
RQ3-18 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

0.83 
0.33 
0.19 
0.34 
0.41 
0.10 
0.19 
0.25 
0.57 
0.70 
0.25 
0.34 
0.45 
0.85 
0.88 
0.79 
0.53 
0.64 

0.377 
0.471 
0.390 
0.474 
0.492 
0.302 
0.396 
0.435 
0.495 
0.457 
0.433 
0.475 
0.498 
0.362 
0.324 
0.410 
0.499 
0.480 

82.9 
33.2 
18.7 
34.1 
41.3 
10.1 
19.5 
25.3 
56.9 
70.3 
25.0 
34.3 
45.2 
84.5 
88.1 
78.6 
52.7 
64.0 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

0.87 
0.44 
0.27 
0.42 
0.49 
0.14 
0.22 
0.31 
0.61 
0.72 
0.34 
0.44 
0.51 
0.87 
0.92 
0.85 
0.61 
0.68 

0.340 
0.496 
0.443 
0.493 
0.500 
0.350 
0.411 
0.462 
0.487 
0.447 
0.472 
0.496 
0.500 
0.335 
0.266 
0.356 
0.487 
0.466 

86.6 
44.0 
26.8 
41.8 
48.6 
14.3 
21.5 
31.0 
61.3 
72.4 
33.6 
43.5 
51.2 
87.1 
92.4 
85.1 
61.3 
68.2 

 
Table 5. Cluster data statistics of developed regions. 

 
Cluster 1 (n = 623,367) Cluster 2 (n = 413,120) 

Min Max Mean SD Percent (%) Min Max Mean SD Percent (%) 

RQ3-1 
RQ3-2 
RQ3-3 
RQ3-4 
RQ3-5 
RQ3-6 
RQ3-7 
RQ3-8 
RQ3-9 

RQ3-10 
RQ3-11 
RQ3-12 
RQ3-13 
RQ3-14 
RQ3-15 
RQ3-16 
RQ3-17 
RQ3-18 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

0.87 
0.44 
0.31 
0.51 
0.54 
0.16 
0.27 
0.34 
0.61 
0.72 
0.34 
0.44 
0.52 
0.84 
0.91 
0.84 
0.61 
0.70 

0.334 
0.855 
0.463 
0.500 
0.498 
0.370 
0.442 
0.474 
0.489 
0.450 
0.473 
0.496 
0.500 
0.363 
0.280 
0.370 
0.489 
0.458 

87.2 
44.4 
31.2 
51.5 
54.2 
16.3 
26.5 
34.0 
60.5 
71.9 
33.8 
43.6 
51.7 
84.4 
91.4 
83.6 
60.6 
69.9 

0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 
0 

1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 
1 

0.91 
0.60 
0.42 
0.61 
0.63 
0.23 
0.31 
0.42 
0.66 
0.74 
0.44 
0.57 
0.59 
0.87 
0.94 
0.88 
0.68 
0.73 

0.287 
0.490 
0.494 
0.488 
0.483 
0.421 
0.460 
0.495 
0.475 
0.436 
0.497 
0.496 
0.492 
0.339 
0.239 
0.321 
0.465 
0.446 

91.0 
59.7 
42.1 
60.9 
62.8 
23.0 
30.5 
41.7 
65.5 
74.5 
44.3 
56.5 
59.1 
86.7 
93.9 
88.3 
68.5 
72.7 
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and the gap in some aspects is relatively large. For example, the proportion of 
students in cluster 2 taking classroom exams is 16% higher than that of students 
in cluster 1, and the proportions of students in cluster 2 participating in teach-
er-organized question-and-answer sessions and using social platforms to ask 
teacher questions are 10% and 13% higher than those in cluster 1, respectively. 
This shows that even in developed regions, due to differences in learning media, 
different student groups may have different learning behaviors. Obviously, in terms 
of various learning behaviors, the students in cluster 1 are worse than the stu-
dents in cluster 2, and the gap is larger in developed regions. 

Although due to differences in teacher resources/learning media, developed 
regions and undeveloped regions have divided into different student groups, ac-
cording to the data in Table 4 and Table 5, we find that the learning behaviors 
of students in developed regions are generally better than those in undeveloped 
regions. We compare cluster 1 in developed regions with cluster 1 in undeveloped 
regions and compare cluster 2 in developed regions with cluster 2 in undeveloped 
regions. We want to use this comparison to find the differences between the groups 
with fewer learning media in developed and undeveloped regions through this 
comparison, and the differences between the groups with more teacher resour- 
ces/learning media. First, comparing cluster 1, we can find that students in clus-
ter 1 in developed regions are significantly more prominent in learning behaviors, 
such as In-class-test (cluster 1 developed (Mean = 0.44) > cluster 1 undeveloped 
(Mean = 0.33)), video conferences (cluster 1 developed (Mean = 0.31) > cluster 1 
undeveloped (Mean = 0.19)), In-class commenting (cluster 1 developed (Mean = 
0.51) > cluster 1 undeveloped (Mean = 0.34)), and ask teachers through social 
platforms (cluster 1 developed (Mean = 0.44) > cluster 1 undeveloped (Mean = 
0.34)), than students in cluster 1 in undeveloped regions. In terms of other learn-
ing behaviors, there is a gap between cluster 1 in undeveloped regions and clus-
ter 1 in developed regions, but the gap is not large. Secondly, comparing cluster 
2 students in different regions, developed regions performed significantly better 
than undeveloped regions in learning behaviors such as In-class test, video con-
ferences, in class commenting, viewing homework that achieved an excellent grade, 
and attend Q&A sessions organized by teachers. This is a comparison between the 
groups with better learning media in developed and undeveloped regions, but there 
is a big difference between them, which shows that the economic development 
status determines the difference in learning media, which will be to a large extent 
affect students’ learning behavior. 

• Research question 4: What are the impacts of learning media on online learn-
ers’ experiences, such as learning satisfactory and learning outcomes?  

The detailed content of the question can be divided into the following 24 
items: 
• RQ4-1: Your learning statuses; 
• RQ4-2: Like webcast; 
• RQ4-3: Like recording; 
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• RQ4-4: Like resource pack; 
• RQ4-5: Frequency of classroom interaction in online learning; 
• RQ4-6: Poor experience with online learning platforms; 
• RQ4-7: Insufficient communication with teachers; 
• RQ4-8: Eyestrain caused by long staring at screens; 
• RQ4-9: Confusion in setting up the platforms; 
• RQ4-10: Self-learning ability; 
• RQ4-11: Utilization of digital resources ability; 
• RQ4-12: Communication ability; 
• RQ4-13: Webcast satisfaction; 
• RQ4-14: Lecture recording satisfaction; 
• RQ4-15: Teachers’ attitude satisfaction; 
• RQ4-16: Online learning media satisfaction; 
• RQ4-17: Access to courses delivered by famous teachers; 
• RQ4-18: More convenient to review course content; 
• RQ4-19: Achieve better learning performance; 
• RQ4-20: Can learn anytime and anywhere; 
• RQ4-21: Less effective than classroom-based education; 
• RQ4-22: Unstable course quality; 
• RQ4-23: Increased learning efforts; 
• RQ4-24: Lack of teacher-student interaction. 

In addition to differences in teacher resources, learning media, and learning 
behaviors for students online learning, there are also some differences in the learn-
ing experience. Table 6 and Table 7 are the data of developed and undeveloped 
regions that we obtained after clustering the data. Table 6 is the result of statis-
tical data after the undeveloped regions are divided into two clusters. Comparing 
the data of cluster 1 and cluster 2 in undeveloped regions, there are some obvi-
ous differences. Comparing the data of cluster 1 and cluster 2 in undeveloped re-
gions, there are some obvious differences. The students in cluster 1 are not as se-
rious as the students in cluster 1 (cluster 1 undeveloped (Mean = 2.46) > cluster 
2 developed (Mean = 2.30)), and the probability of eyestrain caused by long star-
ing at screens in cluster 2 is higher than that in cluster 1 (cluster 1 undeveloped 
(Mean = 0.75) < cluster 2 undeveloped (Mean = 0.81)). At the same time, Cluster 
2 also has a high probability in terms of confusion in setting up the platforms 
(cluster 1 undeveloped (Mean = 0.17) < cluster 2 undeveloped (Mean = 0.22)) 
and digital resource utilization capabilities (cluster 1 undeveloped (Mean = 0.34) < 
cluster 2 undeveloped (Mean = 0.38)). This indicates that the students in cluster 
2 have more online learning media than those in cluster 1. The students in cluster 
2 use more teaching software and believe that they have cultivated their digital re-
source utilization ability. This result can also be found by analyzing their satisfac-
tion with teachers (cluster 1 undeveloped (Mean = 1.92) > cluster 2 undeveloped 
(Mean = 1.90)) and online learning media (cluster 1 undeveloped (Mean = 2.13) > 
cluster 2 undeveloped (Mean = 2.09)). Students in cluster 2 are more satisfied with 
teachers and learning media. 
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Table 7 shows the statistical results of two clusters in developed regions. The 
result of the difference between the two clusters in the developed regions is basi-
cally the same as the result of the difference between the two clusters in the un-
developed regions, but the differences between some internal clusters in the de-
veloped regions may be greater, for example, digital utilization ability (cluster 1 
developed (Mean = 0.42) < cluster 2 developed (Mean = 0.53)), communication 
ability (cluster 1 developed (Mean = 0.26) < cluster 2 developed (Mean = 0.33)). 

To compare the difference between developed regions and undeveloped re-
gions, we also compare the developed regions cluster 1 and the undeveloped re-
gions cluster 1, and the developed regions cluster 2 and the undeveloped regions 
cluster 2 are compared. For cluster 1, groups in developed regions have better 
experience in learning status (cluster 1 undeveloped (Mean = 2.46) > cluster 1 
developed (Mean = 2.31)), satisfaction with teachers (cluster 1 undeveloped (Mean 
= 1.92) > cluster 1 developed (Mean = 1.79)), satisfaction with online learning 
 

Table 6. Cluster data statistics of undeveloped regions. 

 
Cluster 1 (n = 695,679) Cluster 2 (n = 340,808) 

Min Max Mean SD Percent (%) Min Max Mean SD Percent (%) 

RQ4-1 

RQ4-2 

RQ4-3 

RQ4-4 

RQ4-5 

RQ4-6 

RQ4-7 

RQ4-8 

RQ4-9 

RQ4-10 

RQ4-11 

RQ4-12 

RQ4-13 

RQ4-14 

RQ4-15 

RQ4-16 

RQ4-17 

RQ4-18 

RQ4-19 

RQ4-20 

RQ4-21 

RQ4-22 

RQ4-23 

RQ4-24 

1 

0 

0 

0 

1 

0 

0 

0 

0 

0 

0 

0 

1 

1 

1 

1 

0 

0 

0 

0 

0 

0 

0 

0 

5 

1 

1 

1 

5 

1 

1 

1 

1 

1 

1 

1 

4 

4 

4 

4 

1 

1 

1 

1 

1 

1 

1 

1 

2.46 

0.52 

0.24 

0.15 

2.59 

0.23 

0.22 

0.75 

0.17 

0.78 

0.34 

0.23 

2.26 

2.24 

1.92 

2.13 

0.39 

0.79 

0.15 

0.56 

0.67 

0.29 

0.21 

0.59 

1.187 

0.500 

0.428 

0.358 

1.191 

0.419 

0.417 

0.431 

0.379 

0.411 

0.472 

0.418 

0.801 

0.797 

0.752 

0.757 

0.488 

0.410 

0.352 

0.497 

0.468 

0.454 

0.410 

0.491 

– 

51.9 

24.2 

15.1 

– 

22.7 

22.4 

75.4 

17.4 

78.5 

33.6 

22.6 

– 

– 

– 

– 

39.1 

78.6 

14.5 

55.8 

67.5 

29.1 

21.3 

59.2 

1 

0 

0 

0 

1 

0 

0 

0 

0 

0 

0 

0 

1 

1 

1 

1 

0 

0 

0 

0 

0 

0 

0 

0 

5 

1 

1 

1 

5 

1 

1 

1 

1 

1 

1 

1 

4 

4 

4 

4 

1 

1 

1 

1 

1 

1 

1 

1 

2.30 

0.55 

0.25 

0.17 

2.64 

0.24 

0.24 

0.81 

0.22 

0.82 

0.38 

0.28 

2.22 

2.20 

1.90 

2.09 

0.44 

0.81 

0.19 

0.56 

0.66 

0.32 

0.28 

0.58 

1.170 

0.497 

0.432 

0.376 

1.099 

0.430 

0.435 

0.394 

0.414 

0.385 

0.486 

0.447 

0.821 

0.818 

0.772 

0.776 

0.497 

0.396 

0.392 

0.496 

0.472 

0.466 

0.448 

0.493 

– 

55.4 

24.8 

17.1 

– 

24.5 

23.6 

80.7 

21.9 

81.9 

38.3 

27.6 

– 

– 

– 

– 

44.1 

80.6 

19.0 

56.5 

66.4 

31.8 

27.9 

58.2 
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Table 7. Cluster data statistics of developed regions. 

 
Cluster 1 (n = 623,367) Cluster 2 (n = 413,120) 

Min Max Mean SD Percent (%) Min Max Mean SD Percent (%) 

RQ4-1 

RQ4-2 

RQ4-3 

RQ4-4 

RQ4-5 

RQ4-6 

RQ4-7 

RQ4-8 

RQ4-9 

RQ4-10 

RQ4-11 

RQ4-12 

RQ4-13 

RQ4-14 

RQ4-15 

RQ4-16 

RQ4-17 

RQ4-18 

RQ4-19 

RQ4-20 

RQ4-21 

RQ4-22 

RQ4-23 

RQ4-24 

1 

0 

0 

0 

1 

0 

0 

0 

0 

0 

0 

0 

1 

1 

1 

1 

0 

0 

0 

0 

0 

0 

0 

0 

5 

1 

1 

1 

5 

1 

1 

1 

1 

1 

1 

1 

4 

4 

4 

4 

1 

1 

1 

1 

1 

1 

1 

1 

2.30 

0.59 

0.22 

0.16 

2.51 

0.22 

0.22 

0.77 

0.18 

0.81 

0.42 

0.26 

2.08 

2.10 

1.79 

1.98 

0.34 

0.81 

0.16 

0.55 

0.68 

0.28 

0.22 

0.56 

1.136 

0.492 

0.414 

0.363 

0.981 

0.411 

0.413 

0.423 

0.384 

0.392 

0.493 

0.440 

0.791 

0.800 

0.728 

0.751 

0.474 

0.393 

0.369 

0.497 

0.467 

0.451 

0.415 

0.496 

– 

58.7 

21.9 

15.6 

– 

21.5 

21.9 

76.6 

18.0 

81.0 

41.6 

26.2 

– 

– 

– 

– 

34.0 

81.0 

16.2 

55.2 

67.9 

28.4 

22.1 

56.4 

1 

0 

0 

0 

1 

0 

0 

0 

0 

0 

0 

0 

1 

1 

1 

1 

0 

0 

0 

0 

0 

0 

0 

0 

5 

1 

1 

1 

5 

1 

1 

1 

1 

1 

1 

1 

4 

4 

4 

4 

1 

1 

1 

1 

1 

1 

1 

1 

2.21 

0.62 

0.24 

0.19 

2.61 

0.25 

0.24 

0.83 

0.22 

0.83 

0.53 

0.33 

2.04 

2.06 

1.78 

1.94 

0.39 

0.84 

0.21 

0.58 

0.68 

0.32 

0.31 

0.56 

1.114 

0.486 

0.430 

0.389 

0.942 

0.430 

0.429 

0.376 

0.417 

0.371 

0.499 

0.470 

0.810 

0.823 

0.754 

0.772 

0.488 

0.371 

0.408 

0.493 

0.467 

0.468 

0.464 

0.496 

– 

61.7 

24.4 

18.5 

– 

24.5 

24.4 

82.9 

22.4 

83.5 

52.6 

32.9 

– 

– 

– 

– 

38.9 

83.6 

21.1 

58.2 

67.7 

32.4 

31.5 

56.3 

 
media (cluster 1 undeveloped (Mean = 2.13) > cluster 1 developed (Mean = 1.98)), 
and the ability to use digital resources (cluster 1 undeveloped (Mean = 0.34) < 
cluster 1 developed (Mean = 0.42)) than those in undeveloped regions. On the 
contrary, compared with developed regions, groups in undeveloped regions lack 
teacher-student interaction (cluster 1 undeveloped (Mean = 0.59) > cluster 1 de-
veloped (Mean = 0.56)), and are better able to access courses delivered by famous 
teachers (cluster 1 undeveloped (Mean = 0.39) > cluster 1 developed (Mean = 0.34)). 
For cluster 2, the difference between developed and undeveloped regions is similar 
to that of cluster 1. This indicates that the difference in learning media will lead 
to differences in students’ online learning experience. In general, there is more 
learning media in developed regions, and the higher their satisfaction with online 
learning, the better their experience. At the same time, they also feel more tired 
and use more online teaching software. Students in undeveloped regions are not as 
good as those in developed regions in terms of online learning satisfaction and 
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learning fatigue, but they believe that online education has changed the inequal-
ity of educational resources to a certain extent, allowing them to hear more fa-
mous teacher courses. 

4. Conclusions 

In the previous sections, we counted the data when answering the questions. 
Although the statistics of different groups in different regions are different, are 
their distributions the same? To this end, we performed a Mann-Whitney-U- 
Test. We have done four types of Mann-Whitney-U-Test, namely, developed re-
gion cluster 1 and cluster 2, undeveloped region cluster 1 and cluster 2, devel-
oped region cluster 1 and undeveloped region cluster 1, as well as developed re-
gion cluster 2 and undeveloped region cluster 2. According to these four tests, 
we tested their performance in question 2 to question 4 respectively, and their P 
values were all at the level of 0.000** < 0.001, which indicates that the distribu-
tions between different groups are not the same. Therefore, our research method 
of collecting data from different groups and comparing them is very meaningful. 
Online education has always been a research direction of educators. Due to the 
COVID-19 epidemic, large-scale online learning by students provides a good 
case for our research. This allows us to collect large-scale data that is difficult to 
collect normally, because, under normal circumstances, there are not so many 
people who choose to study online. When most scholars research online learning, 
the participants are often relatively limited. For example, many online learning 
participants may be data from a certain website or data from a certain university. 
This has led to very little research on the online learning situation of students in 
different regions. Our research can provide good reference for future research on 
online learning and economic development. Education plays an important role 
in economic development, and at the same time, the economy provides an im-
portant guarantee for the development of education. Higher education has pro-
vided a positive and significant impact on economic development, and engineer-
ing and natural science majors have played the most prominent role in this pro- 
cess [43]. The research of Mishra and Agarwal [44] showed that for undeveloped 
countries, economic growth often corresponds to an increase in education ex-
penditure. Our research is also based on the different conditions of economic 
development, to study the differences in the online learning status of different 
student groups. We asked four questions in total and answered them based on 
the results of statistical data. We can summarize the results of these four ques-
tions as follows: 

1) Whether in developed or undeveloped regions, students have different group 
gathering effects based on their own learning media, teacher resources, and learn-
ing behaviors; 

2) Within the same area, the differences between different groups are relative-
ly large in terms of learning media. The difference between different groups in 
undeveloped regions is smaller than the difference between different groups in 
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developed regions; 
3) Learning media in developed regions are better than those in undeveloped 

regions. This leads to students in developed regions that perform better than stu-
dents in undeveloped regions in terms of online learning behavior, and the learn-
ing experience is better than that in undeveloped regions; 

4) For students in developed regions, spend a long time on online learning on 
average, have more learning software installed, and the number of times teachers 
tutor students is relatively large, so they feel more exhausted than students in un-
developed regions; 

5) For students in undeveloped regions, their study time, learning behavior, and 
good learning experience are not as good as in developed regions, but they can 
feel that online education has brought them better courses and let them hear the 
courses of famous teachers. 

This is very helpful for us to carry out online learning in areas where the eco-
nomic development of different learning media is unbalanced in the future. With 
the hardware supporting facilities, online learning can help us change the un-
balanced state of teacher distribution. 

However, our research also has some shortcomings. Our data did not have test 
scores, which makes it very difficult for us to analyze whether the performance 
of online learning students is better than offline students in the future. And we 
can also study whether students’ good online learning behaviors will affect stu-
dents’ academic performance. We may try some more on this.  
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