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Abstracts

The Bachelor of Science Program in Information Technology of Faculty of Information Technology, King Mongkut's
Institute of Technology Ladkrabang (KMITL) is a program that focuses on four different subject areas, namely software
engineering, network and system technology, multimedia and game development, and business intelligence. However,
many students are not yet to realize their strengths and preferences making it difficult to choose the one that works best
for them. To alleviate this problem, the authors had developed “major subject selection decision support system” which
can be used as a tool to help students choose their most suitable subject area. The system employs relevant information
determining a student’s academic performance such as GPA and several other factors. It uses the information to create a
predictive model based on five data mining techniques and an additional technique called “Ensemble”. As a result, we
found that the average accuracy is at 72.92 percent. The subject area of software engineering achieves the best accuracy
at 86.67 percent. Since the results are ranked in descending order, students will easily know which of four subject areas

are the best and worst for them. The authors believe that the aforementioned system will help students make a better

decision and improve their chances in successful learning.

Keywords - Data mining; Academic major selection; Study Performance Prediction ; Classification
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2.3.1 DATA MINING APPROACH FOR PREDICTING STUDENT
PERFORMANCE [2]
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