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Using Big Data Mining Techniques to Discover Educational Patterns

in Electronic Courses Through the Learning Management System
and Predict the Academic Achievement of University Students
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University University
Abha - Kingdom of Saudi Arabia Abha - Kingdom of Saudi Arabia

Abstract:

The aim of the research is to discover educational patterns in electronic
courses through the learning management system and to predict
academic achievement among university students through big data
mining techniques. To achieve this goal, a group of electronic courses
were selected that are offered to King Khalid University students via the
learning management system (Blackboard). To identify the prevailing
patterns in electronic courses, the “K-Means” clustering algorithm was
used to discover patterns, and the “Linear Regression, Random Forest,
KNN, Tree, SVM” algorithms were used to predict students’ academic
achievement. The results indicated that the “K-Means” -clustering
algorithm grouped students’ grades into three main classes: the highest
grades were the first and second classes and the lowest was the third
class. As for predicting academic achievement, the results indicated that
it is possible to predict students’ academic achievement through
activities and tests. For all courses except the course (111 Ladder), the
results indicated that the academic achievement of students in this course
can be predicted through semester tests only, and that semester activities
do not contribute to predicting students’ academic performance. The
Linear Regression algorithm is the most contributing algorithm in
predicting students’ academic achievement, while the SVM algorithm is
the least, and that there is a strong correlation between educational
patterns in electronic courses designed on e-learning management
systems (Blackboard) and the level of student achievement.

Keywords: Data mining, big data, learning patterns, prediction,
algorithms.
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