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Education Data and Analytics:
A Review of the State of the Art
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With the increase of education data, there have been many studies on the application of various analytics to improve
students’ performance and educational environments over the past decade. This paper first introduces the cases of uni-
versities that successfully utilize the analysis results and, more specifically, examines which data and analytical techniques

are used for each analysis purpose. Based on the findings, the limitations of the current analytics and the direction
of future analysis are discussed.

B Keyword : Education Data, Learning Analytics, Educational Data Mining, Student Performance Prediction
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