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Abstract

Currently, Thailand has a shortage of skilled labor. Ministry of Education policy requires that between B.E 2554 and
2561, the proportion of vocational students compare with the common line should increase from 40:60 to 60:40, the
year of the second decade of education reform education. The private Vocational College was working to meet the
government’s policy to solve the shortage of skilled labor, increase the number of graduates, and develop the best
performance. This research compares performance of models for predicting student success in vocation education.
This research using six powerful techniques in modeling is C4.5, Random Forest, Random Tree, Reduced Error
Pruning (REP Tree), k-Nearest Neighbors (k-NN) and Support Vector Machine (SVM) A set of test data performance
measurement and prediction of models with accuracy, precision and recall found that the C4.5 model was effective in

predicting educational success. Most vocational certificate levels reached 95.36%
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Table 1 The number of students in the academic year 2014-2015

School 2014 2015
1. Kalasin Commercial Technology College 176 197
2. Kamalasai Technology College 38 35
3. Perm Poon Business Administration Technology College 21 19
4. Lampao Vocational College 13 14
5. Sahassakun Technology College 15 16
6. Samchai Technology College 9 11
7. Thai Tech Kalasin Vocational College 12 15
8. Thai Tech Esan Vocational College 23 12
9. Somdet Commercial Technology College 132 268
10. Pattanabandit Technology College 18 10
11. Thai Tech Asia Vocational College 130 82
12. Natchavin Technology College - -
Included 587 679
Total 1,266
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Table 2 Variable details (continue)

J Sci Technol MSU

Variables Variable types Description Variable value
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Tambol Nominal Tambol Actual data
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Thai Nominal Thai Actual data
Math Nominal Math Actual data
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Social Nominal Social Actual data
Health Nominal Health Actual data
Art Nominal Art Actual data
Career and Technology Nominal Career and Technology Actual data
Foreign language Nominal Foreign language Actual data
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Industry 2
Graduate Nominal Successfully 1
(Class) Unsuccessful 2
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