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Abstract—Since the global epidemic of the coronavirus disease 2019 
(COVID-19) over the past few years, Thailand education sector has been affected 
by the requisites for a digitization system and distance education. This sudden 
change has affected the quality of learning and statistical evaluations in the long 
term. Consequently, data analysis and categorization in learning quality assess-
ment are critical for predicting the number of future students and learning per-
formance after the COVID-19 outbreak. However, vast data analytics might be 
applied to the education sector in many aspects. In addition, machine learning 
can influence the categorization of students that are useful for analyzing the 
performance of different educational systems. Therefore, this study reviews the 
perspective and usability of data analytics and machine learning that influences 
current situations in Thailand education sector.
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1 Introduction

In general, the development of an educational system depends on various factors 
and methods related to the current economic situation and the social environment [1]. 
This heterogeneous data structure is stored and managed as local data for easy access 
and compliance with the requirements of the active education system [2]. Paper-
based data manipulation and reference from academics or administrative staff can be 
carried out offline [3]. Besides, teachers or lecturers can evaluate students’ abilities and 
performance without relying on any special tools or online technologies [4]. However, 
changes in the education system and learning methods since the outbreak of corona-
virus disease 2019 (COVID-19) have resulted in rapid database expansion [5]. As the 
report of UNICEF and UNESCO in Figure 1, 140 million students in Southeast Asia 
education, including Thailand was disrupted by the COVID-19 pandemic and waited 
several years to return to local classrooms in 2020 [6]. Also, 27 million students were 
unable to go to school during the COVID-19 pandemic. Although e-learning has been 
in widespread use in recent years, a large number of students rely on online education 
more than ever.
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Fig. 1. The portion of students who affected by COVID-19 in the Asia education sector [5] 

Differences in database structure, organizational resource constraints, and large 
student data records, it is likely to be captured and analyzed by various methods [7–8]. 
Also, error analysis of data leads to erroneous actions in the future. Nevertheless, 
the general education sectors in Thailand rely on predictions made by informa-
tion technologies such as artificial intelligence and data mining [8]. Consequently, 
data analytics and machine are considered tools that can be adopted to improve the 
educational system.

In the case of data direct access, data analytics is a technology-based approach that 
can be easily applied to statistical prediction [3]. General information about students, 
such as grades along with class hierarchy can be used to strategically build a large 
database. Thus, big data analytics in sophisticated educational programs influence the 
transformation of institutions either in finance or administration [9–10]. Hence, institu-
tions have attempted to analyze the available data sources and anticipate the following 
possible scenarios.

1.1 Educational analytics

Educational analytics can strengthen teacher effectiveness in decision-making 
circumstances [11]. This statistical method supports rational decision-making and leads 
to successful outcomes.

1.2 Decision making support

The efficiency of data analytics depends on the same technological infrastructure 
to store, organize, and search for the desired data [12]. Since the data is stored in the 
same storage, it is not necessary to search for huge numbers of files and folders from 
other sources. Searching from a single source increases the efficiency of checking and 
extracting data in a limited time. 

176 http://www.i-jet.org



Paper—Implementation of Data Analytics and Machine Learning in Thailand Education Sector

It indicates that big data analytics can enhance the efficiency of education sectors that 
rely on statistical data due to the requirements of digitalization during the COVID-19 
pandemic. In addition to predicting the performance of an educational system using 
data analytics, categorizing datasets by specific groups of students is essential to opti-
mizing a personalized learning scheme [13]. Machine learning (ML) transforms learn-
ing and research patterns in problem identification and group-specific performance 
[14]. Researchers engage in problem identification with ML to uncover new insights 
by classifying data clusters. Moreover, ML was adopted as an online learning platform 
through pattern recognition [15], speech transcription [16], bioinformatics classifica-
tion [17], and structured data analysis [18]. Basically, ML offers a student performance 
tracking and evaluation mechanism. It also provides issues addressing and solution 
discovery [19]. Furthermore, the personalized learning-based approaches throughout 
ML implementation encourage educators in defining proper learning pathways accord-
ing to specific groups or individual students [20]. A suitable learning scheme improves 
the self-service capabilities and learning experiences of students. In addition, this 
method also enhances the prediction of outcomes and ensures the students’ success 
each semester.

Therefore, due to the variety of applications and benefits that vary from system 
structure, this study reviews various aspects of research related to data analytics and 
machine learning regarding Thailand education section.

2 Data analytics influences in Thailand education sector

With advances in technology, data analysis methods have been greatly improved. 
Entrepreneurs have recognized the wealth of information and positive results in sup-
porting business growth. However, the vast amount of collected data cannot be pro-
cessed through traditional software [21]. Regular users, as well as investors, need 
a cloud-based platform for data mining. In many business cases, the COVID-19 
pandemic is an aggressive warning of possible future risks. Information technology 
is not just about keeping big business anymore; education sectors also realize this 
circumstance. They have adopted data analysis and predictive models to predict a 
significant impact on institutional marketing methods and course structure as well 
as a student supporting and tracking. A wealth of information about students and 
faculty insights can be gathered and analyzed to improve learning performance. Data 
analytics is a method of analyzing various data from big data to assist in assessing 
the initial performance of a business or education system that relies on large data sets 
for the desired outcomes. 

Typically, pre-processing educational data is raw data that is difficult to interpret 
so the collected need to be organized into a format that is ready to be processed by 
technology, algorithms, and models that create the knowledge that educators need 
to serve their students [22]. Educators in Thailand can use data analytics to assess 
their data to find patterns that positively impact strategy changes and increase 
student GPA [23]. 
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Behavior, outcomes, strategic developments, and educational needs may depend on 
changing educational requirements. These changes are processed through statistical 
analysis, and data analysis, which pave the way for a better way of learning for students 
in several situations as shown in Table 1. A fundamental aspect of the Extra-trees clas-
sifier from Scikit-learn was used as a data analysis tool for detecting the dependence 
of unsorted student records [24]. Additionally, educators can compare different types 
of classifiers to predict the cumulative scores (grade) for new enrollment based on pre-
vious studies with anonymous enrollment records. Grade predictions are designed to 
recommend the most optimal study plan for individual abilities. This study discovered 
a new dependence between courses’ effect on future curriculum revision to enhance the 
arrangement orders of prerequisites. Besides collectible records, in terms of document 
analysis, analyzing the variables of the research works and synthesizing the factors that 
affected the students’ information literacy (IL) skills were conducted [25]. It indicated 
that the analysis of contents was necessary to categorize the set of factors of IL to per-
sonal characteristics, learning environment, and self-directed learning. These factors 
can be used to predict success in terms of undergraduate students and achievements 
in IL with many studies in documentary research. Grade predictions are designed to 
recommend the most optimal study plan for individual abilities. According to Table 1, 
a fundamental aspect of the Extra-Trees classifier from Scikit-learn was used as a data 
analysis tool via the Weka classifier for detecting the dependence of 28272 unsorted 
student records from Thammasat University [24]. This study discovered a new depen-
dence between courses’ effect on future curriculum revision to enhance the arrangement 
orders of prerequisites. A grade character (A-F, W, S, and U) was mapped to an integer 
to construct a classification model through the 20 most popular courses. The student 
records were sorted by temporal index (TERM) and filled into the subsequent record 
as a feature vector in the training process. TERM was used to compare the Scikit-learn 
with several classifiers including Decision Tree (10 folds validation), Random Forest 
(10 folds validation), Extra-trees (10 folds validation), and Support Vector Machine 
(k=5). The Gini importance was implemented for extracting the dependency of courses 
and acquiring the impurity reduction of feature importance score (FIS) during space 
partitioning processes. As a result, it showed that the dependence detection results were 
reasonably correct since the proposed method can predict the dependence signal from 
the enrollment history and the suggestion in the current curriculum. In addition, it found 
that some courses had no influent on a subsequent subject that was not a prerequisite. 
Nevertheless, the suggestion on dependence detection may be unordered in a specific 
arrangement based on the current curriculum due to the different conditions in student 
backgrounds, course syllabi, teaching methods, etc. 

Besides collectible records, in terms of document analysis, the framework for 
analyzing variables of the research works and synthesizing the factors that affected 
the students’ information literacy (IL) skills was conducted [25]. It indicated that the 
analysis of contents was necessary to categorize the set of factors of IL to personal 
characteristics (gender, years, GPA, and majors), learning environment (courses, staff, 
library, and facilities), and self-directed learning (self-managing, self-modifying, and 
self-monitoring). These factors were used to develop the questionnaire for predicting 
success in terms of undergraduate students and achievements in IL with many studies in 
documentary research. Although user access information was acclaimed to be effective, 
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there were no evaluation criteria or assessments presented in this study. Due to the 
popularity of the questionnaire in conjunction with data analytics, hierarchical linear 
model (HLM) analysis was presented within the framework of appropriate internet 
behavior among Thai student teachers [26]. The sample contained 1800 student teachers 
in 30 Thai government institutions through the statistical method. A questionnaire was 
adopted as a research tool with content validity and reliability at 0.83–0.92 and statis-
tical methods in internet behavioral usage pre-test via two parts of questionnaires. The 
first part of the questionnaire contained the learning Internet and ethical Internet usabil-
ity. Later, the second part comprised general information, family information, friend 
information, and educational information. In addition, the proper HLM for the internet 
use behavior for Thai student teachers consisted of predictive variables in two levels. In 
the first level, the hypothesized variables had a positive effect on inappropriate internet 
use behavior, ability, affective, family situation, institution situation, professors, and 
friends, and a negative effect on income. The second level offered the positive effect in 
friends and educational institution situations where friends had a direct effect on inter-
net behavior usage. The rating scale of the content validity and reliability was examined 
by the six-behavior level based on the value criteria: Very appropriate (5.50–6.00), 
Appropriate (4.50–5.49), Fairly appropriate (3.50–4.49), Less appropriate (2.50–3.49), 
Least Appropriate (1.50–2.49), and Inappropriate (1.00–1.49). The results showed 
that the appropriate internet usage behavior of Thai students’ teachers was at a high 
level. Results showed that Internet usage of students and teachers at home during the 
research was 65.5% and 41.22% of students’ GPAs ranged between 3.00–3.49 through 
the results of the HLM 7 software program with unconditional and hypothetical mod-
els. The statistical methods proposed in this study encouraged results consistency. Due 
to statistical reliability, the Pearson Product Moment Correlation Coefficient was used 
in data analytics to predict variables while the multiple linear regression analysis was 
used to design strategies for using the satellite distance education system that affect 
student quality in Thailand [27]. Also, the proposed theoretical framework and strat-
egies include four basic rules (school environment organization, visual equipment 
suitability, teacher supervision, and student participation), five management strategies 
(learning management, activity cooperation, visual engagement, learning promotion, 
and learning evaluation), and six teacher implementation (classroom arrangement, 
activity preparation, learning management, content summarization, learning evalua-
tion, and schedule arrangement) were presented as for predicting student performance 
in Ordinary National Educational Test (O-NET). Learners’ Key Competencies as basic 
education core curriculum was used to compose 30 teachers in the Northern region of 
Thailand throughout the questionnaire in 5 level rating scales: 5 denotes most practice, 
4 denotes very practical, 3 denotes moderate practice, 2 denotes Less practice, and  
1 denotes minimal practice acquiring in the proposed strategies. As a result, the pro-
posed strategies can predict student performance through O-NET tests and Multiple 
Linear Regression Analysis Stepwise by using three predictor variables for contributing 
to the development of satellite distance education systems for 36.90 percent statistical 
significance at the level of 0.05 and 57.90 percent statistical significance at the level of 
0.01 along with 0.399 units of the Learners’ Key Competencies in standard core format.

From the point of view of teacher circumstances, a survey was conducted on  
56 Filipino teachers’ perceptions of the specific challenges and conditions of becoming 
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an EFL teacher in Bangkok, Thailand [28]. The questionnaires used in this study were 
designed based on Frederiksen’s theory. Besides, follow-up interviews were used for 
collecting personal information along with the modified questionnaires. The distri-
bution of reasons for teaching in Bangkok in percentage was responded as strongly 
agree, somewhat agree, neutral, somewhat disagree, and strongly disagree. Nonethe-
less, a qualitative content analysis was conducted depending on the data interpretation.  
It found that 70.83% of Filipino teachers experienced some personal and professional 
problems such as low salaries, though the experiences of 70.83% of respondents were 
positive in general cases where. It included problems caused by an unreliable state 
called Non-Native Teacher (NNEST) of English. However, with the Thailand 4.0 strat-
egy, Thailand is pursuing its main goal to increase the trend of long-term educational 
system development. This strategy has made great advancements in automation 4.0 in 
both the industrial and manufacturing sectors. The ETAT project was previously pro-
posed to create a training center called Smart Labs for Automation 4.0 in Thailand [29]. 
This training center aimed to train young and qualified professionals. The survey results 
involved three target groups including 50 students (76% bachelor, 18% master, and 
6% doctorate degrees), 17 teachers, and 27 industry professionals. The questionnaire 
design was carried out in several categories such as objective explanation, participa-
tion background, knowledge level, technical requirement, and training format. Current 
knowledge and Status Quo analysis of qualification in Automation 4.0 was adopted to 
explain the level of satisfaction toward the level of qualification where teachers and 
industry professionals had a homogeneous view in the most practical skills and crit-
ical problems while students had a different problematic aspect. Although a survey 
of students, teachers, and industry professionals, requires further prevail in Thailand 
Automation 4.0, an appropriate direction through descriptive analysis along with pos-
sible teaching styles can attract new applications in the future. Meanwhile, defining 
challenges and opportunities through Snowball Sampling is how educators or teachers 
in Nakhon Pathom, Thailand, reflect the impact of the COVID-19 outbreak [30]. The 
data were collected through in-depth interviews and interpreted along with the cause-
and-effect analysis to determine the challenges and opportunities of 28 experienced 
educational respondents. 

Despite existing studies manipulated in data analytics, it shows that derived data 
and statistics can assist educators in preparing technology-driven initiatives such as 
online classrooms, e-books, and online exam platforms in a limited scope. The knowl-
edge gained from data analysis can be effectively used to determine the potential costs 
of purchasing new software licenses for educational institution technology develop-
ment. With the advent of data analytics in the education sector, institutions reach bet-
ter prediction in the characteristics of analysis and applicants the factors according to 
the application process. This in-depth knowledge allows an educational institution to 
adapt its strategies for recruiting applicants and allocating funds to international stu-
dents. Incorporating data analysis methods can result in better institutional incomes and 
sustainable student productivity. However, massive amounts of data such as big data 
remain a barrier in several cases in educational data analysis. Although big data analyt-
ics is not popular in education research in Thailand, it is considered a very important 
method that should be presented in the next session. 
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2.1 Big data influence in Thailand education sector

Big data analytics refers to the vast amount of data generated and collected from each 
operation [30]. Enormous data has become so problematic in analytics that traditional data 
management and document-keeping software cannot manipulate it. As the volume of data 
has grown exponentially due to the digital revolution after the COVID-19 pandemic, the 
requirements for efficient data analytics programs are a strategic necessity. Additionally, 
educators can adopt data analysis to record and analyze the following sample datasets:

Student: name, age, weight, height, gender, and religion.
Instructor: name, age, ethnicity, gender, salary, and responsible subjects.
Course: Course ID, number of registered students, list of subjects, academic year, 

and grade.
Others: Classroom number, number of hours, and number of seats.

In the education sector, a large amount of data is collected from the early level to 
high school. In higher education, data storage by leveraging technology can be used 
to track student development over the long term. The data analytics approach allows 
educators to delve into the performance of their students. Additionally, the big data 
analytics approach supports discovering the way how students learn and experience 
their classes [31]. It also affects policy deployment for the course syllabus arrangement 
each semester. Previously, the National Academy of Education demonstrated that the  
United States divides education data into two categories including Education Adminis-
tration and the Learning Process [32]. Education Administration involves administra-
tive data for the education sector, which is information on student behavior and school 
achievements, such as student scores, standardized tests, and awards. Public and private 
schools rely on this big data to evaluate the feasibility of achievement each semester. 
Learning Process is the learning information that is continuously collected. This infor-
mation on the learning process is considered large data because it is collected from 
many learners. The data is broad because there are differences in variables and varia-
tions in individual learning patterns, called personalized learning.

The UNESCO Institute for Statistics reported that the international corporate large-
scale data collection for educational monitoring consistent with the Sustainable Devel-
opment Goals (SDGs) suggests that collected data requires coordination between 
organizations and a standardized framework [33]. However, due to budget and tech-
nology constraints in some countries, formal data has not yet been collected. Although 
big data analytics is widely implemented by Thai researchers in several areas, it is 
not popularly applied in the Thai education sector as a few recent research works are  
represented in Table 1.

Recently, intelligent real-time series analysis for intelligent universities has been 
introduced within the framework of big data analytics [34]. The proposed system 
was used to increase student learning efficiency and support the school administra-
tion’s planning. To accommodate the unexpected changes during the COVID-19 pan-
demic, the proposed conceptual framework aimed to improve educational standards 
and develop a sector strategy. Besides, the adoption of big data analytics engages in 
saving time, increasing class arrangements, and increasing the efficiency of school 
management without relying on communication systems.

182 http://www.i-jet.org



Paper—Implementation of Data Analytics and Machine Learning in Thailand Education Sector

The ability to analyze big data within the framework of the education sector’s 
requirements enables educators to improve educational outcomes. However, due to the 
need for continuous collection of educational resources, big data analytics is not preva-
lent in the Thailand education sector currently. Nonetheless, to encourage improvement 
in personalized learning of students, a prediction and analysis system is far better than 
relying on big data analytics in the future.

3 Machine learning adoption in Thailand education sector

From the perspective of general higher education institutions, improving student 
performance is of the utmost importance. However, it is necessary to classify student 
groups according to personal abilities or problems to be consistent with personalized 
learning before designing performance improvement models. Machine learning differs 
from traditional computing techniques where it relies on a set of model principles that 
have been trained to explain or solve problems [35]. Data inputs for scientific research 
can be provided using a computer-based learning approach, called the training set. The 
implementation and analysis process in a built-in machine learning model does not 
require manual processes throughout the operation process as with data analytics [36]. 
Consequently, this study reviews machine learning schemes deployed in the Thailand 
education sector.

According to Table 2, our previous research proposed a suitable method for group-
ing students’ academic achievement (GPA) [37]. This proposed method supported the 
individual learning styles and attitudes levels toward different academic achievements 
among college and university students of Phayao, Thailand. The conceptual frame-
work consisted of five important components including target group design, tool 
development, target group selection and data collection, data preparation, and model 
development and performance.

The target group design shared the knowledge in developing educational quality 
and patterns of different learning styles of students at the University of Phayao via the 
three sections of the questionnaire. The first section explained the data collection while 
the second section indicated the general information and backgrounds of respondents. 
In addition, the third section demonstrated the level of attitude in factor analysis. The 
essence of 195 questionnaires contained several perceptions in visual, kinesthetic, and 
auditory learning styles. The grade point average of students (GPA) (x is equal to 2.90) 
was used for grouping the cluster density through k-Means and x-Means. Two optimi-
zation results from the quantification of the machine learning technology process for 
clustering included k-optimization for k-Means and x-Means clustering. In addition, 
each dataset was extracted and analyzed by the decision tree through cross-validation 
and Euclidean distance. It found that the proposed decision Tree model provided the 
maximum efficiency at a depth of 7 with a 10-fold cross-check method, which matched 
different students’ attitudes and learning styles in suitable educational programs. How-
ever, there were some aspects of research, such as dynamic responses, intent coverage, 
dataset size, and quality of training phrases that can be considered in further studies 
due to the limitation of interactive activity and workshop. Hence, interactive learning 
through machine learning, gamification, and social context was presented for STEM 
education in Thailand [38]. 
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Linear Regression and AI challenge based on agriculture was applied in RapidMiner 
application to engage 84 middle school students (grade 7 to 9) in 3 days of learning 
in the process and create machine learning models in the form of games with four 
P’s of Creative Learning (projects, passion, play, and peers) principles. There were 
three phases of prediction workshops including sweetness, quality, and market chal-
lenges. Students were assigned to build a machine learning model within 6 hours using 
mangoes as a prediction assessment throughout these phases. The accurate prediction 
yielded different scores that indicated that the middle school level students performed 
better in machine learning model building in the second phase as the average accuracy 
was 66.67% compared to 60.89% in the first phase of the workshop. 

Meanwhile, another project also proposed an online curriculum to improve the 
English skills of Thai students via machine learning concepts [39]. With global acces-
sibility in current online classes, performing AI builders online summer school was 
considered a meaningful project that satisfies K-12 education in Southeast Asia during 
the COVID-19 pandemic.

A practical deep learning called Fast.ai was applied in coders to create the nine-
weeks curriculum with 4 modules including the introduction of AI, machine learning, 
artificial intelligence techniques, and AI ethics. The in-class Kaggle competition along 
with the Mak Pin Lom dataset was used for student project correlation. The designed 
in-class competition encouraged students in learning to build the datasets relying on an 
open-source license or local machine learning datasets and submit the group project 
to a GitHub repository for further project explanation and evaluation. Besides learn-
ing through AI workshops in a middle school, an artificial intelligence curriculum or  
AI course with three competencies comprising AI Knowledge, AI Skill, and AI Attitude 
was designed to enhance kindergarten, K3–5 students (5–7 years old) education in AI 
knowledge [40]. The proposed AI curriculum framework consisted of four key com-
ponents including achievements, contents, methods, and evaluations where students 
can learn about machine learning with study cases and face recognition via PictoBlox. 
This research work attempted to solve the problem of lacking AI curriculum standard-
ization. Moreover, the social robot was used as a learning material to assist students 
in AI principles. It can be concluded that this AI teaching method can be performed 
as an effective learning method. Although the structure and application of machine 
learning or artificial intelligence technology are quite complex, they can be adopted by 
young students. Machine learning might not only enhance the education sector system 
or student performance but also can be applied as the main lesson in general educa-
tion administration and academic services. To support the availability of online support 
in higher education in Thailand, Facebook Page was applied to evaluate the benefits 
of chatbot implementation for the end-to-end development process [41]. The chatbot 
was designed using Google Dialogflow as Natural Language Understanding (NLU) 
platform and Facebook Messenger for chatbot Dialogflow with 807 sentences from 
125 online users. The proposed chatbots solved the problems faced by page adminis-
trators and end-user with 5-Fold cross-validation and satisfying results that achieved 
0.984, 0.884, and 0.897 for precision, recall, and F1-score in 33 intents. Furthermore, 
the AI technology (AIT) model via Natural Language Processing was designed for  
40 Thai high school students who studied English in 2020 [42]. The designed AIT model 
engaged students in understanding the sentence structure and vocabulary in English 
throughout the English training program development process. There are 40 items of 
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quizzes assisted with AI technology algorithms including speech identification, vocab-
ulary correctness, sentence patterns and grammar aspects, and pronunciation fluency. It 
revealed that the AIT algorithm prototype improved English skills with high satisfac-
tion of students where IOC consistency ranged between 0.60–1.00, a difficulty between 
0.26–0.75, and discriminant power was 0.74. Though analyzing results showed that the 
English knowledge of students was improved through the implementation of the AIT 
algorithm, the size of a dataset of students and the educational record is limited to the 
scope of specific affiliation use. On the other hand, the data might occasionally be col-
lected continuously until reached significantly high dimensional data record, especially 
in graduate employment data, machine learning was proposed to solve the problem of 
the larger dataset for Thai graduates by predicting employability in 703777 records col-
lected from 2013 to 2017 [43]. Several algorithms comprising K-NN, logistic regres-
sion, random forest decision tree, and random forest were considered and performed 
as reliable and comparative results based on the prediction quality in various variables 
including university name, year of graduate, education level, study major, type of uni-
versity, ranking of the university, national research university, and region. In the case 
that the training set and the testing set were separated by a 70:30 ratio with 10 k-folds 
cross-validations and parameter tuning in R programming software, it showed that 
K-NN offered the most suitable models for employability prediction with an accuracy 
of 70.554% and 70.158%, 0.746, and 0.762% in AUC while the random forest model 
provided the best prediction in variables. As a result, it can be concluded that machine 
learning was applied in different ways in Thailand education sector.

4 Conclusion and discussion

According to the existing methods in several applications of data analytics in the 
Thailand education sector, it found that most of the research relied heavily on data 
collection, questionnaires, and surveys combined with statistical processes [25–29], 
while other academic works preferred different methods, such as classification [24] 
and snowball sampling [30]. Even if statistical methods provided satisfactory effective-
ness for data analysis in different situations where the size is not very large [44], mas-
sive data volumes induced by the economic conditions during the COVID-19 outbreak 
have affected the accuracy of data assessment and analytics, whether it is a study plan  
[37–40] or an employment projection after each academic year [43]. Currently, though 
big data analytics is significantly applied to the Thailand education sector, this method 
is possibly considered a very suitable method for the development of the Thailand edu-
cation sector in the future.

Additionally, machine learning is another interesting method for industrial, busi-
ness, and several technological-applied areas in Thailand excluding the education sec-
tor. There were just a few numbers of research works existing in the field of Thailand 
education sector along with distinctive statistical methodologies as the latest stud-
ies explained in Tables 1 and 2. Due to the need for technicians and experts, various 
education sectors in Thailand focused on providing training sessions to increase AI or 
machine learning knowledge for different groups of students [37–40]. In addition, an 
adaptation of machine learning in various forms of learning systems such as providing 
training [37–40], specific development of students’ skills [42–43], as well as providing 
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online academic support [41]. Furthermore, implementing machine learning techniques 
can accurately predict performance and employability through continuously increasing 
amounts of data [45]. Therefore, even if data analytics and machine learning techniques 
are not prevalent in the Thailand education sector at present, they can be expected to 
gain sustained popularity in the future due to reliability and usability in many areas.
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