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Abstract

MahaSarakham University has an application procedure in place that helps students select subjects to study in the
bachelor degree program; there are a large number of applicants each semester. The main problem with the application
procedure is the number of unqualified students recommended to study in the applied fields: some fields have fewer
applicants than shown in the admission plan. According to the admission data, there are a lot of applicants in some
fields when compared with fewer in the admission plan’s proportion. Most applicants appliy for fields they are fond of
regardless of their admission scores. As a result, many applicants were not selected are using their score for
placement.This research has shown how to use the Data Mining via the Decision Tree and Naive Bayes techniques
in order to compare the efficiency model accuracy and develop the model as a decision support system that selects
study field opportunities in the bachelor's degree program. As to the research, there were 69 fields of study with the
highest accuracy from the Decision Tree technique and there was 1 field of study with the highest accuracy from the

Naive Bayes technique.
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PHARM.D. (FHARM.CARE)

B.SC. (EMERGENCY HEALTH SCIENCE)

BATM. (APPLIED THAI TRADITIONAL MEDICINE)

i

76.00 78.00 20.00 82.00 24.00 86.00 28.00 90.00 92.00

[] Maive Bayes [l Decision Tree

Figure 4 Results of Group Health Science
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B.ENG. (ENGINEERING)

B.SC. (COMPUTER SCIENCE)

B.5C. (INFORMATION TECHNOLOGY)

B.SC. (BIOTECHNOLOGY)

B.5SC. (FOOD TECHNOLOGY)

B.SC. (MATHEMATICS)

B.SC. (PHYSICS)

B.5C. (BIOLOGY)

B.5C. (CHEMISTRY)

I

74.00 76.00 78.00 20.00 22.00 24.00 86.00 28.00 90.00 92.00 94.00

[ Maive Bayes [l Decision Tres

Figure 5 Results of Group Science and Technology

BA. (CULTURAL MANAGEMENT)

B.ED. (GENERAL SCIENCE)

B.ED. (ENGLISH)

B.A (HISTORY)

B.A (CHINESE)

B.A. (KOREAN)

B.A. (THAI

B.BA (MARKETING)

BACC. (ACCOUNTANCY)

Ll

78.00 80.00 82.00 84.00 86.00 88.00 90.00 92.00 94.00

[ Naive Bayes [l Decision Tres

Figure 6 Results of Group Humanities and Social Sciences
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GPA8=H And GPA4=(H Or M Or L)

Then Score=Moderate
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Figure 8 Test Results
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