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Abstract — This paper aims to analyze the situation of dropout of business 

computer students at University of Phayao. The composition of the goal 

consists of 3 main points, including summarizing the situation from the past to 

the present, statistical analysis and machine learning analysis. Data collection is 

1,888 students from the Department of Business Computer at University of 

Phayao from the academic year 2001-2016. The research tools are percentages, 

decision tree, cross-validation methods, and confusion matrix performance. The 

results showed that the dropout rate of learners in business computer program 

tended to increase even though the number of new students decreased. It was 

found that the academic results had a significant influence on dropout, which 

most of the students who dropped out were obviously in their first academic 

year. Which, the model received is a high-performance prediction level with an 

accuracy of 87.21%. It was found that factors affecting the dropout consisted of 

seven courses: 221110, 221120, 001103, 128221, 005171, 122130 and 128221. 

Based on research findings, it represents a situation that has entered into a crisis 

in which the stakeholders need to focus on the above problems. 

Keywords—student dropout prediction, analysis dropout situation, educational 

data mining, personal learning pathway. 
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1 Introductions 

The current educational research process is the use of educational theories to 

develop learners only [1-2]. In fact, learning styles are very diverse such as education 

in the system, formal education, informal education, etc. [3-4]. All patterns of 

education are consistent with lifelong learning styles. One factor that has a serious 

impact on education is technology. It clearly draws attention from learners from the 

classroom. It causes severe effects in many forms. One of the major problems is the 

dropout of students. The problems of student’s dropout appear in all education levels, 

all ages, and all countries [5-9, 13-15].  

At the same time, the problem of reduced attendance of most students in Thailand 

is appearing. It has problems with dropout of learners at all levels, for example, 

primary school, secondary school, and university levels. Moreover, the dropout rate 

for primary education was at the level of 15% in 2014, up from 6% previous year 

[10], shown in Figure 1. It represents the trend of future problems. 

 

 

Fig. 1. Thailand Dropout Rate [10] 

The issue of dropout is seriously affecting students, society, families, schools, and 

universities. Due to the low birth rate situation, the competition in choosing students 

to enter schools and universities reduces the admission criteria of students. It affects 

the quality of learners and the attitude of attending school without competition. 

Moreover, UNESCO Bangkok reports that most students in Central and Southern 

Asia do not study at school or do not achieve academic results [7]. It has more 

reflective of the student’s disregard for the institution and the future of students. 

Regarding the specific reasons and problems, it inspires the researcher to study and 

research on this topic. 

1.1 Research Purpose 

The research purpose of this paper is to analyze the situation of dropout of business 

computer students at University of Phayao, Thailand. The composition of the goal 

consists of three main points, including (1) summarizing the situation from the past to 



the present of the dropout of business computer students at University of Phayao, (2) 

statistical analysis of dropout situations of students in business computer disciplines at 

University of Phayao, Thailand, and (3) use the machine learning process to analyze 

the current situation of student dropout situations in the business computer disciplines 

at University of Phayao.  

The expectation from the study in this research is to know the past problems, 

trends and opportunities that will occur in the future of business computer students. In 

addition, the research results will be used to plan the problem solving of students in 

the business computer disciplines and will be used to improve the curriculum to 

appropriate future situations. 

1.2 Research Approach 

The research approach is planned into five main processes. The first process is to 

define the consideration of samples and data collection. The sample is 1,888 students 

of business computer disciplines at the University of Phayao. It consisting of students 

who have successfully graduated, non-graduated, and students who are studying. 

There are four curriculums from four periods: academic year 2001-2003, academic 

year 2004-2207, academic year 2008-2011, and academic year 2012-2016.  

The second process is the scope of data for modeling, which is defined only for the 

academic year 2012-2016. The third process is data preparation and data management 

with the goal of preparing data that is divided into five steps: data cleaning, data 

integration, data transformation, data reduction, and data analyzing [11].  

The fourth process is to develop a prediction model and the learning process of the 

machine to create a model [2, 4, 11] to predict student’s achievement. The final step is 

the performance indicator of the prediction model to test the model and forecast [11] 

the data, as shown all steps in Figure 2. 

 

 

 
 

Fig. 2. Research Approach 



2 Literature Review 

2.1 Challenge in Business Computer Program 

Business computer program has more than 30 years’ experience in the Thailand 

university system. It has organized the educational process since the beginning of the 

computer and technology era. Currently, the program of business computer is still 

being taught in Thailand. The role of knowledge in the field is likely to change from 

the original. The obvious challenge is the higher intelligent technology [13]. It has 

developed learning and can develop various forms of relationships between computer 

technology and business disciplines. Such challenges have a significant impact on the 

field of study and those interested in continuing to study in the business computer 

program. Therefore, those who are involved in the field need to adjust themselves 

urgently to be able to compete in the digital world.  

2.2 The Importance of Predicting Dropout on Universities  

It can be defined that the problem of student dropout is a significant problem in 

every country [5-9, 13-15]. The issue of dropout is not limited to just one level of 

education. The student dropout statistics report in Thailand show that it is still high; 

although it is a basic level of education [10]. Meanwhile, the dropout statistics of 

university students in Thailand still tend to increase at a higher level as well [12]. 

Moreover, the direction of the study of student’s dropout problems has received a 

lot of international attention [13-15]. A prime example is the study of the situation of 

the student’s dropout in Tunisia, where the researchers studied 105 Tunisian schools 

during the 2012-2013 periods to develop 4 critical models for analyzing the issues of 

consideration dropout levels and education environment [14]. Another example is the 

study of the problem of dropout in Italy. The researchers have reported important 

characteristics and problems of studying the impact of dropout at the university. The 

significant problems come along the disciplines that are not consistent with capable of 

the learners [15]. Besides, some researchers have developed more advanced research 

tools by using computational science and machine learning to solve dropout problems 

[11, 13]. Based on the above examples and priorities, it reflects the importance of this 

research. 

3 Research Methodology 

The research methodology follows the research approach which consists of 4 steps: 

defining the population and sample group, data preparation and data management, 

development of predictive models and machine learning steps, and performance 

indicator of the prediction model as shown all details in Figure 2. 



3.1 Consideration of Samples and Data Collection 

The sample is 1,888 students of business computer disciplines at the University of 

Phayao. The data collected is divided into four data sets, as shown in the Table. 1. 

Table 1.  Population and Sampling Group 

Academic 

Year 

Number of 

Students 

Number of Graduates Number of 

Dropouts 

Dropout Classification 

Scheduled Delayed dc_1 dc_2 dc_3 

Data Set 1        
2001 39 31 1 7  0 7 0 

2002 145 122 8 15 0 15 0 

2003 213 133 20 60 0 55 5 
Total: 397 286 29 82 0 77 5 

Data Set 2        

2004 174 116 15 43 2 34 7 

2005 116 83 8 25 1 9 15 

2006 117 73 3 41 4 29 8 

2007 180 84 10 86 11 45 30 

Total: 587 356 36 195 18 117 60 

Data Set 3        

2008 171 83 29 59 5 41 13 

2009 142 96 13 33 1 20 12 

2010 103 49 8 46 10 24 12 

2011 99 48 10 41 17 8 16 

Total:  515 276 60 179 33 93 53 

Data Set 4        

2012 108 38 20 50 9 35 6 

2013 102 29 23 50 15 33 2 

2014 59 26 7 26 3 21 2 

2015 49 33 * Studying 16 8 6 2 

2016 71 * Studying 21 13 6 2 

Total: 389 126 50 163 48 101 14 

Summarize: 1,888 
1,044 

(55.30%) 

175 

(9.27%) 

619 

(32.79%) 
99 

(5.24%) 
388 

(20.55%) 
132 

(6.99%) 

dc-1 = dropout with time’s up, dc-2 = dropout with academic results, dc-3 = dropout with retired 

 

Table 1 details of students from business computer program at the University of 

Phayao that are collected, which includes data from the academic year 2001-2016. 

From the data in Table 1, it shows that the number of students entering the study tends 

to decrease. However, the overall dropout rate constant is approximately half of all 

students, which is a fixed rate (619 students or 32.79%). Moreover, when considering 

the cause of dropout, it was found that most of the results were from the academic 

results (388 students or 20.55%).  

3.2 Scope Data for Modeling  

The second process is the scope of data for modeling, which is defined only for the 

academic year 2012-2016.  



Reasons for choosing and limiting specific data 2012-2016, because it is a current 

data that is in the current situation and there are still students who are studying, which 

the researcher will be able to bring the results to suggest solutions for students who 

are studying. 

3.3 Data Preparation and Data Management 

The purpose of data preparation and data management is the screening process for 

data analysis, modeling, and searching for courses that influence student dropout. It 

consists of five steps, including data cleaning, data integration, data transformation, 

data reduction, and data analyzing with the following details [11]: 

Data cleaning is the process of reviewing, correcting, deleting incomplete data 

from the data set. It is an essential step in the database to eliminate imperfections data, 

inaccuracies data, and distorted data. Data integration is a combination of techniques 

used to integrate data from various sources, in order to be meaningful and able to use 

the data with reliability. Data transformation is the process of converting data from 

one structure to another format or structure. It is an important step for analyzing data, 

such as the number of credits of unequal courses that need to be converted to the same 

standard or normalization calculated with the academic results.  

Data reduction is the process of converting digital data, numbers, and letters which 

are compiled into a format that can be interpreted and calculated. For example, the 

grade of the academic result is B+. It required to be converted into values for the 

calculation in the next step by assigning B+ to equal 3.5. Finally, data analysis is a 

process of inspecting, cleaning, transforming, and creating data models to find useful 

information, conclusions, and supporting decisions. 

3.4 Prediction Modeling and Machine Learning 

The construction of a prediction model is a set of techniques for developing and 

using models to make predictions based on patterns obtained from data analyzing [2, 

4, 11]. The technique used in this step is the decision tree. The decision tree is a 

structure that includes the root node, branch, and leaf node. The top node in the tree is 

the root node, which is the most critical part. Each internal node represents the test. 

Each branch feature represents the results of the test, and each leaf node holds a class 

label. The example of the simple decision tree model is shown in Figure 3.  

 

Fig. 3. The Simple Decision Tree Model 



According to Figure 3, it shows a simple decision tree model of exam results. It 

can predict the results of the exam from the factors (attributes) in the model, which 

consists of three factors: students, attendance class, and join the activities. 

3.5 Performance Metrics of Predictive Models Determination 

The purpose of this step is to examine and consider the model obtained from the 

previous step. The tools used in this section consist of five types: confusion matrix 

performance, accuracy measurement, precision measurement, recall measurement, 

and cross-validation methods with the following details [11]. 

The confusion matrix is one of the simplest and easiest metrics used to find the 

accuracy and correctness of the model. It is used for classification problems where 

output can be two or more types of classes. The confusion matrix calculation method 

is shown in Table 2.  

Accuracy is a method for identifying problems from the correct number of 

predictions made by the model over all kinds of predictions. Precision is a measure 

that provides the predictions of the proportion of accuracy obtained from predictions 

in the prototype model. Finally, recall is a measurement unit that shows the proportion 

of truth that has been predicted by the algorithm, whether it is true or not. All 

measurement calculations are shown in Table 2. 

Table 2.  Confusion Matrix 

Predicted / 

Actual 

True Condition 
Precision 

Positive Negative 

Predicted Positive True Positive (TP) False Positive (FP) Precision (Positive) = 
𝑻𝑷

𝑻𝑷 + 𝑭𝑷
 

Predicted Negative False Negative (FN) True Negative (TN) Precision (Negative) = 
𝑻𝑷

𝑻𝑷 + 𝑭𝑷
 

Recall Recall (Positive) = 
𝑻𝑷

𝑻𝑷 + 𝑭𝑵
 Recall (Negative) = 

𝑻𝑵

𝑭𝑷 + 𝑻𝑵
  

 

Final performance testing tool, cross-validation methods are methods for testing 

model performance by dividing data into two parts: one is using data for training, and 

one is for testing models as shown concept in Figure 4. 

 

 
 

Fig. 4. Cross-Validation Methods  



4 Research Results and Discussion 

Research results and discussions are divided into four parts: summary of data 

collection, summary results from model development, summary results from the 

model performance, and research discussion.  

4.1 Summary of Data Collection 

The data collected is 1,888 students as shown in Table 1. It consisting of students 

who have successfully graduated, non-graduated, and students who are studying. 

However, the scope of data for modeling is scheduled for the academic year 2012-

2016 as discussed in Section 3.2.  

Moreover, when classifying the sub-details of the data studied by class level and 

dropout causes, there is a clear detail as shown in Table 3 and Table 4. 

Table 3.  The dropout characteristics of each data set  

Academi

c Year 

Students : 

Dropouts* 

Class level of students 

1st year 2nd year 3rd year 4th year 5th year 6th year 7th year 8th year 

2012 108 : 50 31 (28.70%) 13 (12.04%) 2 (1.85%) 2 (1.85%) 0 1 (0.95%) 1 (0.95%) 0 

2013 102 : 50 33 (32.35%) 12 (11.76%) 5 (4.90%) 0 0 0 0 0 

2014 59 : 26 18 (30.51%) 5 (8.47%) 2 (3.39%) 1 (1.69%) 0 0 0 0 

2015 49 : 16 9 (18.37%) 5 (10.20%) 2 (4.08%) 0 0 0 0 0 

2016 71 : 21 5 (7.04%) 15 (21.13%) 1 (1.41%) 0 0 0 0 0 

Total: 389 : 163 96 (24.68%) 50 (12.85%) 12 (3.08%) 3 (0.77%) 0 1 (0.26%) 1 (0.26%) 0 

* The total number of students per number of students who have dropped out because of their academic results 

 

Table 3 displays the number of students who drop out by showing data over the 

last eight academic years because the program allows students to take twice the 

duration of curriculum. It was found that most of them are students at the first year 

level (96 students or 24.68%). While the cause of dropout is shown in Table 4.  

Table 4.  The 1st year student’s dropout 

Academic Year Number of Dropouts 
Dropout Classification 

dc_1 dc_2 dc_3 
2012 31 2 (6.45%) 24 (77.42%) 0 

2013 33 4 (12.12%) 25 (75.76%) 2 (6.06%) 

2014 18 2 (11.11%) 14 (77.78%) 2 (11.11%) 

2015* 9 1 (11.11%) 5 (55.56%) 0 

2016* 5 4 (80.00%) 0 1 (20.00%) 

Total: 96 13 (13.54%) 68 (70.83%) 5 (5.21%) 

dc-1 = dropout with time’s up, dc-2 = dropout with academic results, dc-3 = dropout with retired 

 

Table 4 shows details of 1st year student’s dropout from the academic year 2012-

2016. It shows that the majority were from class 2, which dropout from academic 

results (68 students or 70.83%). Some examples of data are shown in Table 5. The 

results of all students appear on the website at https://bit.ly/2LjXeFP. 

https://bit.ly/2LjXeFP


Table 5.  Examples of Student’s Academic Results 

Student 
Semester 1 Semester 2 Results 

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 Graduated Dropout 

sid001 F B+ C+ A D+ F F F F C F F F /  

sid002 F A B B+ D+ D D+ D+ D C+ B D+ C /  

sid003 F C C+ C+ D+ W B+ C D D+ D+ D+ A /  

sid004 F A C+ B+ D W F D D D+ D+ D C  / 

sid005 D A B A C+ C B+ C D+ B B C+ B /  

C1 = 001111, C2 = 004152, C3 = 005171, C4 = 005173, C5 = 126100, C6 = 221100, C7 = 221110, C8 = 001103, C9 = 001112, C10 = 00313x,  

C11= 122130, C12 = 128221, C13 = 221120, C1-C7 is the course that is studied in Semester 1, C8-C13 is the course that is studied in Semester 2 

 

After preparing the data, the next part is the presentation of data analysis results, 

modeling results and model performance results.  

4.2 Summary of Model Development 

After having the data, the next is a development model that is used as a decision 

tool to predict the academic results. The results have been created as a rule model as 

shown in Table 6. 

Table 6.  Rule Model 

If  Then  Interpretation 

221110 = A Graduated (10 / 0) The opportunity to graduate is 3.88% and 0% drop out. 

221110 = B Graduated (27 / 0) The opportunity to graduate is 10.47% and 0% drop out. 

221110 = B+ Graduated (20 / 0) The opportunity to graduate is 7.75% and 0% drop out. 

221110 = C and 221120 = A Graduated (3 / 0) The opportunity to graduate is 1.16% and 0% drop out. 

221110 = C and 221120 = B Graduated (4 / 0) The opportunity to graduate is 1.55% and 0% drop out. 

221110 = C and 221120 = B+ Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 

221110 = C and 221120 = C Graduated (9 / 0) The opportunity to graduate is 3.49% and 0% drop out. 

221110 = C and 221120 = C+ Graduated (6 / 0) The opportunity to graduate is 2.33% and 0% drop out. 

221110 = C and 221120 = D Graduated (3 / 1) The opportunity to graduate is 1.16% and 0% drop out. 

221110 = C and 221120 = D+ Graduated (4 / 0) The opportunity to graduate is 1.55% and 0% drop out. 

221110 = C and 221120 = F Graduated (3 / 0) The opportunity to graduate is 1.16% and 0% drop out. 

221110 = C and 221120 = W Graduated (0 / 1) The opportunity to graduate is 0% and 0.39% drop out. 

221110 = C+ and 001103 = B Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 

221110 = C+ and 001103 = C Graduated (11 / 0) The opportunity to graduate is 4.26% and 0% drop out. 

221110 = C+ and 001103 = C+ Graduated (7 / 0) The opportunity to graduate is 2.71% and 0% drop out. 

221110 = C+ and 001103 = D Graduated (4 / 0) The opportunity to graduate is 1.55% and 0% drop out. 

221110 = C+ and 001103 = D+ Graduated (9 / 0) The opportunity to graduate is 3.49% and 0% drop out. 

221110 = C+ and 001103 = F Dropout (0 / 2) The opportunity to graduate is 0 % and 0.78% drop out. 

221110 = D and 128221 = B Graduated (2 / 1) The opportunity to graduate is 0.78% and 0.39% drop out. 

221110 = D and 128221 = C Graduated (9 / 0) The opportunity to graduate is 3.49% and 0% drop out. 

221110 = D and 128221 = C+ Graduated (4 / 0) The opportunity to graduate is 1.55% and 0% drop out. 

221110 = D and 128221 = D Dropout (3 / 4) The opportunity to graduate is 1.16% and 1.55% drop out. 

221110 = D and 128221 = D+ Graduated (9 / 4) The opportunity to graduate is 3.49% and 1.55% drop out. 

221110 = D and 128221 = F Dropout (0 / 9) The opportunity to graduate is 0% and 3.49% drop out. 

221110 = D and 128221 = W Dropout (0 / 1) The opportunity to graduate is 0% and 0.39% drop out. 

221110 = D and 005171 = B Dropout (0 / 1) The opportunity to graduate is 0% and 0.39% drop out. 

221110 = D and 005171 = B+ Dropout (0 / 1) The opportunity to graduate is 0% and 0.39% drop out. 

221110 = D and 005171 = C+ Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 



If  Then  Interpretation 

221110 = D+ and 122130 = B Graduated (6 / 0) The opportunity to graduate is 2.33% and 0% drop out. 

221110 = D+ and 122130 = B+ Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 

221110 = D+ and 122130 = C Graduated (11 / 2) The opportunity to graduate is 4.26% and 0.78% drop out. 

221110 = D+ and 122130 = C+ Graduated (10 / 0) The opportunity to graduate is 3.88% and 0% drop out. 

221110 = D+ and 122130 = D Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 

221110 = D+ and 122130 = D Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 

221110 = D+ and 122130 = D+ Graduated (3 / 2) The opportunity to graduate is 1.16% and 0.78% drop out. 

221110 = D+ and 122130 = F Dropout (0 / 2) The opportunity to graduate is 0% and 0.78% drop out. 

221110 = D+ Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 

221110 = F and 128221 = C Dropout (0 / 4) The opportunity to graduate is 0% and 1.55% drop out. 

221110 = F and 128221 = C Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 

221110 = F and 128221 = C+ Graduated (1 / 0) The opportunity to graduate is 0.39% and 0% drop out. 

221110 = F and 128221 = D Dropout (3 / 16) The opportunity to graduate is 1.16% and 6.20% drop out. 

221110 = F and 128221 = D+ Dropout (0 / 5) The opportunity to graduate is 0% and 1.94% drop out. 

221110 = F and 128221 = F Dropout (0 / 11) The opportunity to graduate is 0% and 4.26% drop out. 

221110 = F and 128221 = W Dropout (0 / 2) The opportunity to graduate is 0% and 0.78% drop out. 

Correct (93.80%): 242 out of 258 training examples. 

 

Table 6 concludes the rule model of the student achievement prediction model. It 

has the ability to predict at a very high level (Correct = 93.80% or 242 out of 258 

training examples). The results of the model can be used to guide and plan student’s 

learning in the business computer program at the University of Phayao. The model 

also shows the factors that are important to the student’s study plan, which consisting 

of 221110, 221120, 001103, 128221, 005171, 122130, and 128221.  

The next step is to test the model selection, which shows the performance of the 

model with details in the summary of model performance step. 

4.3 Summary of Model Performance 

This step is intended to test and select the best model by using the four types of 

performance evaluation tools, including confusion matrix performance, accuracy 

measurement, precision measurement, recall measurement, and cross-validation 

methods. The model performance results are shown in Table 7 and Table 8. 

Table 7.  Decision Tree’s Performance 

Depth of Model / 

Accuracy 

Cross Validation 

5-Fold 10-Fold 15-Fold Leave-one-out  

Depth 3* 86.45% 86.05% 87.21%* 87.21%* 

Depth 5 82.95% 82.57% 83.73% 86.43% 

Depth 7 82.95% 82.57% 83.73% 86.43% 

 

Table 7 shows that the model is reasonable with the decision tree model at depth 3 

with used the 15-fold and leave-one-out cross-validation methods, with the accuracy 

of 87.21% as shown the significant model testing in Table 8. 



Table 8.  Significant Model Testing 

Predicted / Actual 
True Condition 

Precision 
True Graduated True Dropout 

Pred. Graduated 177 21 89.39% 

Pred. Dropout 12 48 80.00% 

Recall 93.65% 69.57%  

4.4 Research Discussion 

From the results of data collection and the results of the implementation of the 

research methodology, there are two important issues in discussions: the number of 

student dropout and the model obtained from machine learning. 

Number of student dropout 

Table 1 presents clearly that the number of students who drop out is very high (619 

students or 32.79%). In addition, it was found that the cause of dropout was the result 

of the study of 388 students (20.55%). At the same time, it was found that 96 students 

(24.68%) in the first year had the highest dropout as shown in Table 3. It can be 

concluded that the impact of dropout mainly comes from academic results as shown 

in Table 1 and the number of students in the 1st year with the highest dropout as 

shown in Table 3. Therefore, those involved in business computer programs at 

University of Phayao should be aware of such problems and facts. 

Model obtained from machine learning 

Models that were created and performance tests, as shown in Table 7 and Table 8, 

show that the model is suitable for which the model being developed is shown in 

Table 6. Table 6 details that can be accurately predicted at a high level (Correct = 

93.80% or 242 out of 258 training examples). It can be concluded that courses that are 

important to the achievement of students’ predictions consist of seven courses: 

221110, 221120, 001103, 128221, 005171, 122130, and 128221. Where the most 

important course is 221110, in which the course acts as a root node. Thus, it can be 

concluded that this developed model is suitable for predicting student’s achievement. 

In addition, the model has been tested for the performance as shown in Table 8. It 

shows the performance values from the student achievement prediction model and the 

accuracy of the model is 87.21%. The model shows that the model is suitable to be 

accepted and deserves to be used to expand future results. 

5 Conclusions 

The objective of the research is to study the factors that are important to predict 

student achievement at the University of Phayao. It consists of identifying factors, 

studying the relationship of factors, and testing the relationship model. The data 

collected is 1,888 students from the Department of Business Computer at University 

of Phayao from the academic year 2001-2016.  



It clearly shows that the number of students who drop out has a very high number 

of students, which raises concern for those involved (619 students or 32.79%). At the 

same time, it was found that the dropout was the academic results (388 students or 

20.55%). It also found that the level with the most dropout is the 1st academic year. 

For this reason, when analyzing data and creating predictive models, it was found 

that factors related to student dropout consisted of seven courses: 221110, 221120, 

001103, 128221, 005171, 122130 and 128221, which the model being tested 

significantly. It obtained a high performance with an accuracy is equal to 87.21% as 

shown in Table 7 and Table 8. For future research, researchers should expand the 

sample to be more diverse. For example, use all data for analysis, compare data in 

each period of the curriculum, and so on. Additional research is to gather student 

information from a network of researchers, such as from universities in Thailand, to 

provide more diverse examples. In addition, researchers should develop a mobile 

application to facilitate future use. 
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