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A Survey of Difference Data Mining Techniques and Learning Styles
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Abstract

The population in the country must be equally
educated. Regardless of the person's physical, emotional,
and intellectual disabilities, education is a tool that helps
develop oneself, resulting in better quality of life.
Management of education in accordance with individual
learning. It has a unique educational management style.
This research aims to present educational data mining to
find learning pattern based on data mining techniques
such as Decision Tree, Bayesian Learning, Naive Bay.
Keyword: Learning style, Data mining
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