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Comparative Study of Clustering Algorithms in the Context of
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Abstract

Educational data mining turns raw data in education systems into useful information that
could potentially have a greater impact on research and academic performance. So, the
question is how a university can harness the power of this academic data for its strategic
use. To find the answer, this paper focuses on a comparative study of clustering
algorithms as an application in academic data mining. Compares partition-based (K-
Means), density-based (DBSCAN), and hierarchical (BIRCH) methods to determine
which technique is best suited for performing clustering analysis in an educational setting.
Studies show that the classification-based K-Means algorithm performs better than the
hierarchical BIRCH algorithm and the density-based DBSCAN algorithm.

Keywords: EDM; Clustering; Algorithm; Technique; Data Mining
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