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Abstract—Artificial intelligence technology brings wide impacts on several 
dimensions. The impact on the education system is that educational technology 
has been disrupted, it radically changed the paradigm of learning management. 
Therefore, this research aimed to study the paradigm shift of the education sys-
tem focusing on the deployment of artificial intelligence technology to support 
the learning model in the era affected by the COVID-19 pandemic. There are two 
research objectives: (1) to study an appropriate self-regulated learning model 
with data mining techniques for designing appropriate online learning manage-
ment, and (2) to study the learning achievement factors of learners by apply-
ing blended learning and self-regulated learning techniques. The samples were 
26 students at the University of Phayao who enrolled in the course 221203 Tech-
nology for Business Application in the 2nd semester of the academic year 2020. 
The research tool is a statistical analysis and machine learning tool. It consists 
of analyzing pre-test scores, post-test scores, midterm scores, final scores, aca-
demic achievement, clustering analysis, and clustering performance. As a result, 
it found that learners had five reasonable clusters for the academic achievement 
learning model. The results specified the different learning styles of the learners 
in two dimensions including online and offline scenarios. Therefore, in future 
work, the researcher looks forward to performing research in the scope of iden-
tifying the suitability and the necessity of converting the face-to-face learning 
model to a fully online learning model.

Keywords—blended learning model, eruptive technologies in learning, 
educational data mining, educational disruptive technologies, self-regulated 
learning model

1	 Introduction

The transformation of today’s technology engages awareness in the context of the 
digital world. There is a serious impact on the dimensions of the education system that 
affects all levels of education [1]–[3]. Along with educational technology and artificial 
intelligence technology, these technologies are incorporated to support the development 
of a new body of knowledge known as “Educational Data Mining: EDM” [4]–[7]. 
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The conducted research included dimensions of behavioral, cognitive, and attitudes 
toward learning styles [6]. On the other hand, there was a researcher interested in the 
development of learning tools for monitoring forecasting [5], [7]. In addition, mod-
ern instructional technologies such as online learning, learning analytics, cross reality, 
machine learning, simulations, and online laboratories have become increasingly essen-
tial for all educational setting levels. This tendency has been reinforced by the growing 
digitalization, personalization, and internationalization of education at various dimen-
sions. Moreover, the COVID-19 pandemic crisis has explicitly created a phenomenon 
of accelerating and strengthening these efforts. Although the COVID-19 pandemic will 
end in the future, many measures taken in the educational process will likely become 
part of the learning management approaches including common methods, tools, and 
technologies.

Consequently, this research aims to study the paradigm shift of the education system 
focusing on the deployment of artificial intelligence technology to explain the learn-
ing model during the COVID-19 pandemic situation. The learning model refers to the 
management in succeeding in the learning achievement. The research objectives are 
(1) to study an appropriate self-regulated learning model with data mining techniques 
for designing appropriate online learning management and (2) to study the learning 
achievement factors of learners by applying blended learning and self-regulated learn-
ing techniques. The researcher hypothesized the belief that the learners clustering 
according to the self-regulated learning behavior could promote higher learning 
achievement.

The scope of the research was 26 students, who enrolled in the course 221203, 
Technology for Business Application in the second semester of the academic year 
2020 at the Department of Business Computer, School of Information and Communi-
cation Technology, the University of Phayao. The research process is a combination of 
two areas of knowledge: (1) the learning theory consists of blended learning and self-
regulated learning, and (2) data mining technology in a new area of research, known 
as “educational data mining”. The researcher selected the process of data mining 
methodology named “CRISP-DM: Cross-Industry Standard Process for Data Mining”. 
It consists of six phases including business understanding, data understanding, data 
preparation, modeling, evaluation, and deployment. The definitions and implementation 
of the process are detailed in the literature reviews and methodological section.

2	 Literature reviews and related works

2.1	 Collaborative learning

Collaborative learning is a learning strategy, a structural design of organizing 
learning activities, and an environment to create learning achievement focused on group 
activities where group members learn to achieve their goals [8]–[12]. The elements and 
importance of the collaborative learning style are implemented in a wide variety of 
formats supported and mastered by instructors of different discipline backgrounds and 
teaching traditions. The learning elements are: (1) learning is an active and constructive 
process, (2) learners are diverse, (3) learning is inherently social, (4) learning depends 
on rich contexts, and (5) learning has affective and subjective dimension [8].
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In addition, collective learning approaches are diverse and depend on the deployment 
process in different disciplines. Examples of collaborative learning management are 
(1) cooperative learning, (2) problem-centered instruction, (3) guided design, (4) dis-
cussion groups and seminars, (5) simulation techniques, (6) peer teaching, (7) cases 
design, (8) supplemental instruction, and (9) learning community activities [8]–[10]. 
These collaborative learning styles play a role in two main areas including the instructors 
and the learners, who participate in the activity together.

Therefore, the roles of instructors and learners in collaborative learning are indi-
cated as the following functions. As the instructors aspect, they must be the ones who 
embrace the upcoming changes, either in activities that the learners may succeed or 
fail. Instructors need to be flexible and adaptable to various pressures. In addition, 
the instructor must perform four key roles including a facilitator, a mentor, an activity 
manager, and a learner assessor. The facilitator performs three functions providing ser-
vices, providing comfort, and providing the student’s needs. The mentor is responsible 
to provide some information to the learner and controlling learning activities so that 
the learner does not confuse with the knowledge point [13]. In the activity manager 
role, the instructor is responsible for planning group activities, planning the use of the 
activity duration, and controlling the production of work to be consistent with the activ-
ity goals. The final role of the instructor is to evaluate the understanding, knowledge, 
and perception of learners. On the other hand, learners play a five-key role: (1) creator 
of learning objectives, (2) planner for self-activities and solving problems, (3) organiz-
ers of knowledge, work pieces, and projects, (4) presenter of responsible activities, and 
(5) assessor for self-activities.

The collaborative role of the instructor and the learner leads to the process of creat-
ing knowledge. The tools and technologies used to collaborate in the development of 
knowledge for educational innovation are blended learning and self-regulated learning 
theories presented in the next section.

2.2	 Blended learning and self-regulated learning

The concept of blended learning has been defined by academics, educators, and 
information technologists in several ways, such as hybrid, flexible, integrated, multi-
method, and mixed mode learning [14]–[19]. In general, the definition of blended 
learning is a flexible learning model that aims to integrate both learner and instructor 
activities to manage activities through a variety of media and technology.

Educational technologists also define blended learning. It means conducting 
educational theory in combination with modern technology including online learn-
ing, distance learning, e-learning, mobile learning, digital learning model, and so 
on [20], [21]. However, technologies are not the only tool that supports the teaching 
and learning process. For instance, there is a tool that interferes with learning, known 
as “disruptive technologies in the education sector” [14], [22], [23]. These modern 
tools attracted the attention of learners at the same time. Examples of modern tech-
nology are Artificial Intelligence (AI), Augmented Reality (AR), Virtual Reality (VR), 
Chat-based Collaboration Platforms, Web-based services for online booking, Online 
Learning Courses Platforms, and Educational Robots for Internet-of-Things Supported 
Collaborative Learning (IoTSCL) technology [24]–[26]. It offered an enormous of 
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available tools that support and impede the learning process. Therefore, choosing an 
appropriate educational theory for the transformation of technology is very imperative 
along with the behavior of learners who are always addicted to technology and lose 
their interest in learning [27]. The educational theory with a solution to this problem is 
the self-regulated learning theory.

Self-regulated learning (SRL) is the theory of social learning processes [21], [28]–[33]. 
It includes the cognitive, metacognitive, behavioral, motivational, and emotional affec-
tive aspects of learning. Educators influencing the theory of self-regulated learning 
consist of several researchers and educators. There are two very important theories 
including Bandura and Zimmerman Theory. Bandura offers a process for self-regulated 
learning in three components: (1) self-observation, (2) judgmental process, and 
(3) self-reaction. Bandura’s theoretical framework is shown in Figure 1.

Fig. 1. The Bandura’s theoretical framework [30]

According to Figure 1, Bandura’s theoretical framework presents the process of 
the self-regulated learning model which consists of three main phases. The first phase 
is self-observation, which composes of two sub-process including (1) performance 
dimensions (quality, productivity, originality, sociability, morality, and deviancy 
dimension), and (2) quality of monitoring (informativeness, regularity, proximity, and 
accuracy quality). The second phase is the judgmental process, which consists of four 
sub-process including (1) personal standards (personal level, personal explicitness, 
personal proximity, and personal generality), (2) referential performances (standard 
norms, social comparison, self-comparison, and collective comparison), (3) valuation 
of activity (valued, neutral, and devalued), and (4) performance determinants (personal 
and external determinant). The last phase is the self-reaction, which contains three 
sub-process including (1) evaluative self-reactions (positive self-reaction and negative 
self-reaction), (2) tangible self-reactions (rewarding and punishing self-reaction), and 
(3) no self-reaction. The key tenet of Bandura’s theory is being able to assess yourself 
according to your goals and reward yourself.
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On the other hand, Zimmerman’s theory aims to achieve learning with a social and 
cognitive perspective on self-regulated learning styles. His work covered social cog-
nitive theory, such as individuals gaining knowledge by observing others and social 
interaction [34]. The model of self-regulated learning that the researcher attention to 
is a model of cooperation between Barry J. Zimmerman and Adam R. Moylan. It pre-
sented the concept of self-regulation as metacognition and motivation intersect [33], 
shown in Figure 2.

Fig. 2. The Zimmerman and Moylan’s theoretical framework [33]

According to Figure 2, Zimmerman and Moylan’s theoretical framework presents 
Zimmerman’s Cyclical Phases Model of the self-regulated learning model which 
consists of three main phases [33] including the Forethought, Performance, and 
Self-reflection phase. In the forethought phase, students analyze work, define goals, and 
plan how to reach them. Moreover, several inspiring beliefs will motivate the process 
and influence the motivation of learning strategies. In the performance phase, students 
monitor their progress and employ multiple self-control strategies to keep themselves 
mentally. It engaged and motivated students to complete their tasks. Finally, in the 
self-reflection phase, students assess how they perform their work by identifying their 
successes or failures. These traits generate self-reactions that can be a positive or nega-
tive effect on the way students later approach work in acting.

As the study and review of the literature on blended learning [15]–[18], [35] and 
self-regulated learning [28]–[30], [33], [34], it found that both theories are very 
consistent with current changes in learner behavior, such as mobile addition, social 
media addiction, attention deficit hyperactivity disorder: ADHD [27], [36], [37], and 
so on. However, to make this research valuable and innovative, the researcher applied 
modern technology in data analysis using artificial intelligence technology to make it 
very diverse. This concept is known as “EDM: Educational Data Mining” discussed in 
the next section.
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2.3	 Educational data mining technology

Educational data mining technology refers to the processes of artificial intelligence 
and machine learning technology through techniques, tools, and research designed 
to automatically extract insights, knowledge, and patterns from large-scale data 
repositories generated by related activities. It aims to study and research the scope 
of educational institutions, learners’ behavior, educational models, and academic 
achievement [5], [38].

In addition, the researcher defines the scope of research in educational data mining 
in five areas. The first area is the Academic Analytics (AA) and Institutional Analytics 
(IA), which involves compiling, analyzing, and visualizing the activity of the academic 
program. For example, course analysis, degree analysis, student fee income research, 
course assessment, resource allocation, and management of in-depth understanding of 
the institution. The second area is the Teaching Analytics (TA), which refers to the 
analysis of teaching activities and performance data including the design, development, 
and assessment of learning activities. The third area is Data-Driven Education 
(DDE) and Data-Driven Decision-Making in Education (DDDM). The  systematic 
collection  and analysis of different types of educational data guide a wide range of 
decision-making to improve learners’ and institutions’ success. The fourth area is 
Big Data in Education (BDE), which refers to the analysis of big data applied to data 
from the educational environment. The final area is Educational Data Science (EDS), 
which is defined as the use of collected data from the educational environment to set up 
educational problems [4].

Furthermore, the components of educational data mining are made up of three major 
domains: (1) Computer Science, (2) Statistics, and (3) Education. The conceptual 
framework of the educational data mine is shown in Figure 3.

Fig. 3. The conceptual framework of the Educational Data Mining [4]
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Figure 3 shows the composition of Educational Data Mining. It shows the area 
of overlap in three subsections: (1) Computer based education, (2) Educational 
statistics, and (3) data mining and machine learning. Combining all the elements 
are “Educational Data Mining (EDM) and Learning Analytics (LA)” [4]. According 
to studies and literature review, educational data mining applied a data mining tool, 
known as “CRISP-DM: Cross-Industry Standard Process for Data Mining” [39]. It is a 
tool for controlling research methods. The CRISP-DM model and phases are presented 
in Figure 4.

Fig. 4. CRISP-DM: Cross-Industry Standard Process for Data Mining [39]

Figure 4 shows the CRISP-DM: Cross-Industry Standard Process for Data Min-
ing model that composes of six phases including business understanding, data 
understanding, data preparation, modeling, evaluation, and deployment. The details of 
the CRISP-DM process are described in the research methodology section.

3	 Research methodology

As mentioned in the scope of the research and literature reviews, the entire research 
process consists of six phases. The steps and details can be demonstrated by the 
contents, shown in Figure 4.

3.1	 Business understanding

The business understanding is the first phase in the CRISP-DM process. It focuses 
on understanding the research problems and converting them into research questions 
for analysis of data mining techniques and execution plans [39].
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The purpose of this phase is to create and understand a research problem. This 
research aims to study the paradigm shift of the education system focusing on the 
deployment of artificial intelligence technology to explain the learning model during 
the COVID-19 pandemic situation.

The learning model refers to the management of success in learning achievement. 
Therefore, this research has two objectives: (1) to study an appropriate self-regulated 
learning model with data mining techniques for designing appropriate online learning 
management, and (2) to study the learning achievement factors of learners by applying 
blended learning and self-regulated learning techniques.

The researcher hypothesized the belief that clustering of learners according to the 
self-regulated learning behavior could promote higher learning achievement.

Fig. 5. The architecture of the learning model

Figure 5 shows the architecture of the learning model. There are three main sections 
in this architecture. The first section is the self-regulated learning activities discussed 
in the data understanding section. The second section is the learning model, which 
is explained in the modeling and evaluation section. Finally, the last section is the 
self-regulated learning (SRL) management system section, which explores the applied 
application in the deployment section.

3.2	 Data understanding

The process of data understanding begins with gathering preliminary data and per-
forming activities to familiarize with the common data. After that, the collected data 
will be reviewed to determine the correctness of the data and decide whether all data is 
used, or some data needs to be selected for analysis [39].

To recognize the data, the researcher determined the scope of the research by 
selecting 26 students who enrolled in the course 221203, Technology for Business 
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Application in the second semester of the academic year 2020. The learning method 
is the provision of online learning. The processes used during teaching and learning 
adopted the blended learning and self-regulated learning approaches in main activities, 
as shown in Figure 6.

Fig. 6. Four main activities in learning process

Figure 6 shows the processes and activities that have taken place in the course 
221203, Technology for Business Application at the School of Information and Com-
munication Technology, the University of Phayao. It consists of four main stages and 
thirteen sub-stages:

The first stage is the learning preparation composed of learner and instructor prepa-
ration. The learner preparation process is carried out by explaining the course descrip-
tion, course content, learning evaluation methods, and learning resources. Instructor 
preparation comprises teaching planning, teaching material, and pretest and posttest.

The second stage is the pre-learning stage, which is the initial process of learning 
management. There are three components including class clarifying, pre-test taking 
and pre-test scores summarizing. In the pre-test, the exam is an online exam with ran-
domized questions and answers. The exam has fifteen minutes as a limited time. Learn-
ers need to complete within the time limit. After the learner completed this stage, the 
instructor will summarize and discuss the initial score.

The third stage is the learning management phase using blended learning and 
self-regulated learning theory in learning management based on four steps. The self-
observation step defines the learning goals for each period. The judgmental process 
is to consider the learning goals at the end of the class. The self-reaction step is a 
self-rewarding or self-punishing phase. For example, if a learner gets a post-test score 
less than the pre-test score, they will commit themselves to resolving it in the next 
exam. The last step is online communication where the instructor allows students to 
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communicate with them either synchronously or asynchronously through online pro-
cesses, such as chat, phone calls, email, etc.

After the learning management process is completed, the final step will assess the 
knowledge of learners who participate in class activities. This stage is the post-learning 
phase. The components in this process consist of four parts: taking the post-test, sum-
marizing the post-test scores, summarizing the assessment results, and discussing the 
class results. The four activities in this class lead to the collection of data that will be 
used for analysis to find suitable learning models and to further discover the factors that 
support learning achievement.

3.3	 Data preparation

This phase is the process of converting the collected data (raw data) into the format-
ted data that can be analyzed in the modeling phase. It consists of five sub-steps: select, 
clean, construct, integrate, and format data [39].

In this research, data preparation is a collection of the designed data as shown in 
Figures 5 and 6. Data gleaned from the learning process-based approach to blended 
learning and self-regulated learning with self-regulated learning strategies through 
online learning management. The attribute’s collected data are listed by the categories, 
shown in Table 1.

Table 1. Collection of attributes classified by category

Blended Learning 
Strategy

Self-Regulated Learning  
Strategy

Academic Scores 
and Academic Results

•	 The number of class 
attendances:

	 There are fifteen 
learning activities.

•	 Self-Observation Phase:
	 It uses pre-test scores as a goal-setting 

tool. The goal is to have an increase in 
post-test scores of more than or equal 
to 30%.

•	 Academic Scores:
•	 Quiz scores,
•	 Midterm score,
•	 Final score

•	 The number of 
participants in the 
pre-test.

•	 Judgmental Process Phase:
	 It uses post-test scores as a goal 

comparison tool.

•	 Academic Results (Criteria):
•	 80.00–100	 = A
•	 75.00–79.99	= B+
•	 70.00–74.99	= B
•	 65.00–69.99	= C+
•	 60.00–64.99	= C
•	 55.00–59.99	= D+
•	 50.00–54.99	= D
•	 0.00–49.99	 = F

•	 The number of 
participants in the 
post-test.

•	 Self-Reaction Phase:
	 It is classified into two types:
	 Positive Reward, Negative Reward

Note: *It contains a total of eight pre-test and post-test activities.
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Table 1 presents a collection of attributes classified by category, which are classified 
into three categories: blended learning strategy, self-regulated learning strategy, and 
academic scores and results.

Attributes in the blended learning strategy contain three attributes that imply the coop-
eration of the learners in the activities. It consists of several class attendances, the number 
of participants in the pre-test, and the number of participants in the post-test. The learn-
ing activities in this course consist of 15 lectures and activities on an online management 
system. The pre-test and post-test activities are the controlled activities aligned with the 
four main activities in the learning process as shown in Figure 6. It has organized eight 
activities to make the learning process with the designed research process.

Attributes in the self-regulated learning strategy are three attributes that govern 
learners in all activities. Self-observation phase uses pre-test scores as a goal-setting 
tool. The goal is to have an increase in post-test scores of more than or equal to 30%. 
The judgmental process phase uses post-test scores as a goal comparison tool. Self-
reaction phase is classified into two types including positive and negative rewards.

Attributes in the academic scores and results are four attributes that determine the 
learner’s academic achievement. It consists of quiz scores, midterm scores, final scores, 
and academic results. Examples of collected data are shown in Table 2.

3.4	 Modeling

The modeling phase is the stage of data analysis to find appropriate models from 
the prepared data. There are four processes including selecting modeling techniques, 
generating test designs, building models, and assessing the model.

This modeling aims to study the insight learning models from educational data min-
ing techniques for online learning management. The comparison modeling process was 
designed by pre-midterm and post-midterm activities. It comes up with the developed 
models referred to the qualifications from Table 1 for model comparison. The process 
of creating and comparing models is shown in Figure 7.

Fig. 7. The process of creating and comparing models
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Figure 7 shows the research elements to identify significant factors for the deploy-
ment of the self-regulated learning theory in managing online learning. In this mod-
eling, the researcher wanted to study the correlation of the appropriate cluster for 
academic achievement. The comparisons used for this study were determined with the 
same sample target in different situations and models. In this research, the researcher 
was highly anticipated discovering the differences, similarities, and correlations of pat-
terns that change the situation.

The tool used to cluster learners in this process is data mining. The researcher applied 
the k-means as an appropriate clustering technique. The k-means clustering method is 
one of the most widely accepted grouping methods based on the concept of unsuper-
vised learning in machine learning. The target of k-means is to identify the behavior 
of similar data and cluster them together. At the same time, it separates the distant data 
to create another cluster. The similarity calculation concept can be determined by a 
Euclidean distance or a simple line between two points. The shorter the Euclidean dis-
tance, the score indicates the appropriateness of the clustering of the points.

The k-means algorithm consists of 4 steps. Step 1 is to determine the required num-
ber of clusters. Step 2 is to select a random point for each centroid. Notice that the 
number of centroids is equal to the number of selected clusters. Step 3 is to calculate the 
Euclidean distance, calculated between each point and centroid. The calculated point 
is assigned to the nearest centroid of the cluster by Euclidean distance. Each data point 
can reside in only one cluster. In this step, the result in the centroid will be changed. 
Step 4 is to consider the centroid. If there is any change, repeat step 3; however, in the 
case that there is no change, stop working on any processes.

The major challenge of the k-means clustering is to find the optimal k value. The 
reason is that a good selection of k values is consistent with the characteristics and 
behavior of cluster members. Therefore, the following sections will be presented for 
consideration to select appropriate values of k.

3.5	 Evaluation

In this step, the results of the data analysis using the data mining technique are pre-
sented. However, before the results are put into operation, it is important to measure the 
effectiveness of the results to match the objectives set in the first step.

The results of both evaluation and assessment were aimed at selecting appro-
priate clusters to determine the effectiveness of the selected clusters. The theory 
used to determine the appropriate number of clusters applies a method, known as 
k-Determination [13]. It uses the elbow principle considered by instantaneous change. 
The elbow method is a very popular iterative statistical technique for determining the 
optimal cluster count by running the k-means algorithm on a range of cluster values. 
The elbow method calculates the sum of the square distances from each point to the 
centroid given for each iteration of the k-means. Each iteration runs through a different 
number of clusters. The result is a line chart showing the sum of the square distances in 
each cluster. The result is the acquisition of several segments through structured deci-
sions. The researcher used this theory to compare results in different situations.
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3.6	 Deployment

The workflow of CRISP-DM does not stop with the results obtained from the anal-
ysis of the data using data mining techniques. Although the results show some useful 
knowledge. But the knowledge gained must be applied to the organization or company. 
In the deployment phase, it must take the results of the evaluation and define a strategy 
for the deployment. If a general procedure is specified to create an associated model, 
it will be recorded here for later deployment. Therefore, it is important to consider 
approaches and methods of application in understanding the research problems. There-
fore, it consists of four subsections of deployment including plan deployment, plans 
monitoring and maintenance, producing a final report, and reviewing the project.

In this research, the researcher used the appropriate cluster analysis to design the 
learning style that is consistent with the learners’ behavior in unusual situations. Addi-
tionally, the researcher strongly believes that this research can uncover new learner 
skills and new learning styles judicious for 21st-century learning. The researcher has a 
plan to deploy as follows:

Deployment Plan: Outline the deployment strategy including the necessary steps 
and actions.

Monitoring and Maintenance Plan: Summarize the monitoring and maintenance 
strategy including the necessary steps and performances.

Produce Final Report: Report the data mining involvement. It includes all previous 
deliverables, summaries, and the organization of results.

Review Project: Summarize the important experiences gained during the research.

4	 Research results

4.1	 Population and sample

The population is the students who enrolled in the course 221203, Technology for 
Business Application in the 2nd semester of the academic year 2020 at the School of 
Information and Communication Technology, the University of Phayao, Thailand.

The determination of sample size is the selection of purposive sampling. It is a sam-
ple selection based on the decision of the researcher. The nature of the group selected 
the purposes of the research. The sample group was 26 students who enrolled in course 
221203 Technology for Business Application in the 2nd semester of the academic year 
2020 at the School of Information and Communication Technology, the University of 
Phayao, Thailand. In conclusion, the data based on the sample is shown in Tables 3 and 4.
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Table 3. Data collection analysis

Gender Quiz 
Score

Midterm 
Score

Final 
Score

Academic Results
Total

A B+ B C+ C D+ D F

Male 24.03 18.21 29.83 5 3 7 2 1 0 0 1 19

Female 27.51 19.29 29.36 2 2 3 0 0 0 0 0 7

Average 24.97 18.50 29.71 7 5 10 2 1 0 0 1 26

Table 3 shows the analysis of the collected data consisting of quiz scores, midterm 
scores, final scores, and academic results. The collected data contained more male than 
female students (19:7). However, overall scores of females were slightly higher than 
males. In the academic results dimension, females had higher grades than males com-
pared to the amount of gathered data.

Table 4. Average activity scores

Gender Activity Scores Average

Average Pre-Midterm Activity Scores

Pre-1 Post-1 Pre-2 Post-2 Pre-3 Post-3 Pre-4 Post-4 Pre Post

Male 2.26 7.53 3.68 7.79 4.47 7.58 2.74 7.47 3.29 7.59

Female 4.86 9.00 5.86 9.85 6.00 9.43 4.43 9.71 5.29 9.50

Average 2.96 7.92 4.27 8.35 4.89 8.08 3.19 8.08 3.83 8.11

Average Post-Midterm Activity Scores

Pre-5 Post-5 Pre-6 Post-6 Pre-7 Post-7 Pre-8 Post-8 Pre Post

Male 5.26 6.63 3.63 8.68 3.58 8.79 3.63 8.37 4.03 8.12

Female 5.86 9.71 5.43 10.00 4.43 9.71 3.43 9.71 4.79 9.78

Average 5.42 7.46 4.12 9.04 3.81 9.04 3.58 8.73 4.23 8.57

Note: Pre = Pre-test, Post = Post-test, Maximum score = 10 scores.

Table 4 shows the average of the activities in each section. It is classified into two 
parts as shown in the pre-midterm activity score and the post-midterm activity score. 
According to Table 4, it was found that female learners had higher learning advantages 
than males. It can be determined by the average across all activities.

4.2	 Model’s analysis and evaluation

The objective of the model’s analysis and evaluation was to study insight learn-
ing models from educational data mining techniques for online learning management. 
The scope of the modeling process is presented in Figure 7. It consists of two parts: 
pre-midterm and post-midterm activities. The four-stage elements in all activities are 
the same as shown in Figure 6. There are learning preparation, pre-Learning, learning 
management, and post-Learning stage.
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In conclusion, the attributes used in the analysis of the model are pre-test scores and 
post-test scores for constructing the appropriate clusters as shown in Figures 8 to 9 and 
detailed in Tables 5 to 8. Finally, members of each cluster will be considered for com-
parative academic results within the cluster as shown in Tables 6 and 8.

Fig. 8. Optimal k-Value from pre-midterm activities

Figure 8 shows the selection of the appropriate k-Value based on k-Determination 
from pre-midterm activities. It was discovered that the k-Value that should be used for 
the next part of the research was k equal to 5. In addition, the researcher presented the 
centroids of each attribute as shown in Table 5, and Table 6 shows members in each 
cluster.

Table 5. Centroids from pre-midterm activities analysis

Attributes Cluster_0 Cluster_1 Cluster_2 Cluster_3 Cluster_4

1st Pre-Test Score 0.00 0.00 2.00 5.62 0.29

1st Post-Test Score 1.00 7.67 8.00 8.69 8.57

2nd Pre-Test Score 3.00 3.67 3.00 4.38 4.86

2nd Post-Test Score 0.00 7.67 7.00 9.31 9.43

3rd Pre-Test Score 2.00 8.33 0.00 4.92 4.86

3rd Post-Test Score 0.00 6.33 0.00 10.00 8.71

4th Pre-Test Score 0.50 1.00 2.00 3.54 4.43

4th Post-Test Score 1.50 2.00 10.00 9.77 9.14

Table 5 shows the centroids from the pre-midterm activities analysis. It consists of 
five clusters, with each cluster member showing a correlation to the learner’s achieve-
ment. It is presented in Table 6.
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Table 6. Correlation between cluster members and academic results

Cluster
Academic Results

Members
A B+ B C+ C D+ D F

Cluster_0 0 0 0 0 1 0 0 1 2

Cluster_1 0 0 1 2 0 0 0 0 3

Cluster_2 0 0 1 0 0 0 0 0 1

Cluster_3* 5 2 6 0 0 0 0 0 13

Cluster_4 2 3 2 0 0 0 0 0 7

Total 7 5 10 2 1 0 0 1 26

Table 6 shows the correlation between cluster members and academic results. It was 
discovered that most of the members were in cluster_3. Most of the members had high 
academic results within this cluster. It can be concluded that online learning activities 
(pre-midterm activities) can be categorized into 5 clusters. Thus, the cluster with the 
most members and the high learning outcome was cluster_3.

Fig. 9. Optimal k-value from post-midterm activities

Figure 9 shows the selection of the appropriate k-Value based on k-Determination 
from post-midterm activities. It was discovered that the k-Value that should be used 
for the next part of the research where k was equal to 5. In addition, the researcher 
presented the centroids of each attribute as shown in Table 7. Moreover, Table 8 shows 
members in each cluster.
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Table 7. Centroids from pre-midterm activities analysis

Attributes Cluster_0 Cluster_1 Cluster_2 Cluster_3 Cluster_4

5th Pre-Test Score 5.60 8.00 7.00 2.50 4.50

5th Post-Test Score 9.50 0.00 0.00 0.00 2.00

6th Pre-Test Score 4.45 0.00 0.00 6.00 3.00

6th Post-Test Score 9.95 0.00 0.00 8.50 9.50

7th Pre-Test Score 3.90 0.00 3.00 4.50 4.50

7th Post-Test Score 9.55 0.00 10.00 7.50 9.50

8th Pre-Test Score 3.85 0.00 3.00 3.50 3.00

8th Post-Test Score 9.80 0.00 10.00 9.50 1.00

Table 7 shows the centroids from the pre-midterm activities analysis. It consists of 
five clusters. Each cluster member shows a correlation to the learner’s achievement. 
It is presented in Table 8.

Table 8. Correlation between cluster members and academic results

Cluster
Academic Results

Members
A B+ B C+ C D+ D F

Cluster_0* 6 3 10 1 0 0 0 0 20*

Cluster_1 0 0 0 0 0 0 0 1 1

Cluster_2 0 1 0 0 0 0 0 0 1

Cluster_3 1 0 0 1 0 0 0 0 2

Cluster_4 0 1 0 1 0 0 0 0 2

Total 7 5 10 2 1 0 0 1 26

Table 8 shows the correlation between cluster members and academic results. It was 
discovered that most of the members were in cluster_0. Most of the members had high 
academic results within this cluster. It can be concluded that online learning activities 
(pre-midterm activities) can be categorized into 5 clusters. Thus, the cluster with the 
most members and the high learning outcome was cluster_0. The next section discusses 
the research findings based on the research objectives.

5	 Research discussion

The discussion in this section is defined by two main objectives: (1) to study the 
insight learning model from educational data mining techniques for online learning 
management, and (2) to study the learning achievement factors of learners applying 
blended learning and self-regulated learning.

Note that the learning model refers to the provision of learning to achieve academic 
achievement.
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5.1	 Insight learning model

According to the modeling process, shown in Figure 7, there are two main processes 
for classifying and comparing models. It consists of pre-midterm and post-midterm 
activities.

The reasonable clustering process for k-Value from pre-midterm activities is illus-
trated in Figure 8. A detailed description of the centroid values for each cluster is given 
in Table 5. In addition, the members and the relationship of the learners’ academic 
achievement from pre-midterm activities are shown in Table 6. On the other hand, the 
judicious clustering process for k-Value from post-midterm activities is demonstrated 
in Figure 9. An explanation of the centroid values for each cluster is shown in Table 7. 
Additionally, the members and the relationship of the learners’ academic achievement 
from post-midterm activities are shown in Table 8.

Based on the research results, two points can be drawn up as follows. (1) The opti-
mal number of clusters for both online and offline learning was not different. It can be 
compared in Figures 8 and 9. (2) The number of cluster members will change as the 
learning management model or learning environment changes. In this dimension, the 
researcher discovered that learners were clustered according to their learning environ-
ment and activity. The evidence is clearly shown in Tables 6 and 8.

However, it may be questioned how pre-midterm and post-midterm cluster members 
have dispersed or changed. Therefore, the researcher summarizes the members and 
clusters altered from pre-midterm and post-midterm activities in Table 9.

Table 9. Members and clusters altered from pre-midterm  
and post-midterm activities

Instance Gender Academic 
Results

Pre-Midterm 
Cluster

Post-Midterm 
Cluster

Instance 01 Female B Cluster_3 Cluster_0

Instance 02 Male B Cluster_2 Cluster_0

Instance 03 Male B Cluster_3 Cluster_0

Instance 04 Male B Cluster_3 Cluster_0

Instance 05 Male B Cluster_1 Cluster_0

Instance 06 Male A Cluster_3 Cluster_0

Instance 07 Male C+ Cluster_1 Cluster_0

Instance 08 Male B Cluster_4 Cluster_0

Instance 09 Male A Cluster_3 Cluster_0

Instance 10 Female B+ Cluster_4 Cluster_0

Instance 11 Male A Cluster_4 Cluster_3

Instance 12 Male B+ Cluster_3 Cluster_2

Instance 13 Female B Cluster_3 Cluster_0

Instance 14 Female A Cluster_4 Cluster_0

Instance 15 Male A Cluster_3 Cluster_0

Instance 16 Male F Cluster_0 Cluster_1

(Continued)
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Instance Gender Academic 
Results

Pre-Midterm 
Cluster

Post-Midterm 
Cluster

Instance 17 Male B+ Cluster_4 Cluster_4

Instance 18 Female B+ Cluster_3 Cluster_0

Instance 19 Female A Cluster_3 Cluster_0

Instance 20 Male B Cluster_3 Cluster_0

Instance 21 Male C+ Cluster_1 Cluster_4

Instance 22 Male B Cluster_3 Cluster_0

Instance 23 Male A Cluster_3 Cluster_0

Instance 24 Male B+ Cluster_4 Cluster_0

Instance 25 Female B Cluster_4 Cluster_0

Instance 26 Male C Cluster_0 Cluster_3

Table 9 shows the changing members and clusters of pre-midterm and post-
midterm activities. When considering Cluster_3 from pre-midterm activity analysis 
and Cluster_0 from post-midterm activity analysis, it seems that these two clusters are 
extremely similar by comparison to the centroid. However, some members are not in 
this relationship.

Based on these findings, the researcher studied the latent factors that influence the 
learning model as discussed in the next section.

5.2	 Learning achievement factors

The attributes mentioned in the research are presented in Table 1. It consists of three 
main categories including blended learning strategy attributes, self-regulated learning 
strategy attributes, and attributes of academic scores and academic results.

Based on the results of the research, the researcher found that activity participation 
was related to classroom activity. The collected data in Table 2 and the collected data 
are presented on the website: https://bit.ly/3u0u5T5.

The significant finding is that learners place more emphasis on post-test activities 
than pre-test activities. The important evidence is the sixth, seventh, and eighth activi-
ties. It found that the learners had the highest scores after the activity (post-test) and had 
very low scores before the activity (pre-test). In addition, some learners do not agree 
to cooperate in pre-test and post-test activities even if they attend as normal. More-
over, the pre-midterm scores (online learning) are lower than the post-midterm scores 
(offline learning). It can therefore be concluded that learners still need close supervision 
even if they are in the higher education system.

In summary, the factors of blended learning and self-regulated learning benefit learn-
ers’ support of the learning model. It is suggested by the researcher that the students 
still need control and supervision at a close level. Instructors should have activities that 
focus learners on the learning goals of each class. Finally, the instructors should also use 
the findings of this research as a guideline for designing an appropriate learning model.

Table 9. Members and clusters altered from pre-midterm  
and post-midterm activities (Continued)
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6	 Conclusion

The COVID-19 pandemic has forced a sudden change in the educational process in 
Thailand. Universities were restricted to providing an online learning model only. The 
consequences have a severe impact on the learners in raising boresome in the online 
learning style. Therefore, this research aims to study the paradigm shift of the education 
system focusing on the deployment of artificial intelligence technology to support the 
learning model during the COVID-19 pandemic situation. The purpose of the research 
is (1) to study an appropriate self-regulated learning model with data mining techniques 
for designing appropriate online learning management, and (2) to study the learning 
achievement factors of learners by applying blended learning and self-regulated learn-
ing techniques. The samples were 26 students who enrolled in the course 221203, Tech-
nology for Business Application in the 2nd semester of the academic year 2020 at the 
University of Phayao. The research tool was statistical analysis and a machine learn-
ing tool. It consists of analyzing pre-test scores, post-test scores, midterm scores, final 
scores, academic achievement, clustering analysis, and clustering performance.

As a result, the researcher achieved the stated research objectives. This study sum-
marized the results and discussed the following key points. The first point indicated that 
there was no difference in the analysis of the student clustering of the two time periods 
comprising before midterm (pre-midterm) and after midterm (post-midterm). Although 
the researcher encourages teaching with different teaching methods and techniques, the 
findings from the questionnaire to assess learning management after the course, it found 
that the learners had been bored with online teaching for the past two years. In addition, 
learners need educational interaction and practice in the university’s laboratories.

The second point demonstrated that the researcher wanted to study the factors that 
drive and motivate the learners. The researcher found that the self-regulated learning 
theory obtained gaining popularity and recognition. However, it was not appropriate 
for learners to control and set goals for their learning entirely without the involvement 
of an instructor. Moreover, the general online learning process was a major obstacle to 
setting learning goals as mentioned in the research discussion section.

However, the analysis result is the selection of five clusters suitable for both envi-
ronments in online and offline learning in Figures 8 and 9. A detailed description of 
the centroid values for each cluster is given in Tables 5 and 7. In addition, the mem-
bers and the relationship of the learners’ academic achievement from pre-midterm and 
post-midterm activities are shown in Tables 6 and 8. Finally, it can be concluded that 
there was a little difference in organizing the learning online and offline. Therefore, in 
future research, the researcher needs to perform research in the scope of identifying the 
suitability and necessity of converting the face-to-face learning model to a fully online 
learning model. In addition, other teaching techniques and methods should be discov-
ered to motivate students.
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