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Abstract

The objectives of this research were to 1) search for courses that affect students’ academic
performance and 2) propose guidelines for curriculum revision and teaching and learning development of
the courses that affect their academic performance. The data used as secondary information was retrieved
from Ubon Ratchathani Rajabhat University Registration System database. The data covered 6,435 items of
the registration of 399 computer science major students between the academic years 2015 to 2019.
ADASYN method was used in selecting and adjusting the imbalanced dataset. Finally, 266 students

and 19 related courses were obtained. The courses were selected through Recursive Feature Elimination.
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The results of the research revealed that there were 9 courses that had great effects on
academic performance. Based on Univariate Selection and Feature Importance, it was found that the Design
and Analysis of Algorithms course was the first priority course that affects academic performance.
Students who achieve a high grade in this course will also have high overall academic performance in

other courses.
Keywords: Imbalanced datasets, Adaptive synthetic sampling, Data analysis
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Logistic Regression 0.607310 0.048928

Linear Discriminant Analysis 0.886550 0.078787
Non Linear

K-Neighbors Classifier 0.816374 0.058301

Decision Tree Classifier 0.715205 0.093925

Gaussian Naive Bayes 0.858772 0.067620

Support Vector Machine 0.870175 0.066495
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