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Abstract

The purposes of this research were 1) to analyze the factors related to dropout of
undergraduate students 2) to propose a model for predicting dropout of undergraduate students and
3) to compare the data classification performance of the models using Rule Induction, K-Nearest
Neighbor, Decision Tree and Naive Bayes algorithms. The data was collected from the
undergraduate student’s registration database of Rajamangala University of Technology Isanduring
the academic years from 2014 to 2018. The dataset has 14 attributes and 10,151 records. The data
were analyzed the weight of the attributes and showed that 12 factors influencing student’s dropout.
Those 12 factors were used to build models with different techniques. Moreover, the cross-validation
with 10 folds method was also used to evaluate the best prediction accuracy of each technique. The
result suggested that the rule induction model has the best performance among all techniques.It has
an average accuracy of 94.70%. The findings also indicated that students’ decision to dropout was

significantly influenced by the GPA, academic year, former school, major and the occupation of the

father.
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Table 1.List of attributes used to predict student

dropout

No Attribute Direction

1. mmm?ﬁlﬁ (GPA) Input

2. dAnm(Year) Input

3. 1949 (5 e14m Input
(Former school)

4. #1119 (Major) Input

5. a13wden Input
(Father’s occupation)

6. B1TNNNTAN Input
(Mother’s occupation)

7. WHUNNTANEN(Study Input
program)
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9. sellinsauAia Input
(Family's income)

10.  elanngen Input
(Mother's income)

11. LWA(Gender) Input

12, @01uzAIaLAI(Parent Input
status)

13. 7 (Year) Input

14, go1uztinAne Input

(Student status)
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Table 2.The results of the comparison of the

efficiency
Algorithm Accuracy
Rule Induction 94.70%
K-Nearest Neighbor 89.63%
Decision Tree 90.12%
Naive Bayes 90.62%
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Table 3.Factors related to student's dropout
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Table 4. (Cont.)

Algorithm  Accuracy Precision  Recall
Decision  90.12% 96.67% 74.53%
Tree

Naive 90.62% 90.05% 82.36%
Bayes

No Attribute Weight
1. GPA 0.375
2. Year 0.053
3. Former school 0.044
4. Major 0.023
5. Mother’s occupation 0.005
6. Mother’s occupation 0.004
Study program 0.002
8.  Father's income 0.001
9.  Family's income 0.001
10.  Mother's income 0.001
11.  Gender 0.001
12.  Parent status 0.001
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Table4.The result of comparing the efficiency

with the accuracy of the model

Algorithm  Accuracy Precision  Recall
Rule 94.70% 96.46% 88.23%
Induction

K-NN 89.63% 94.44% 74.14%
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