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Abstract

As the use of ICT in the field of education is advancing, learning analytics, which
aims to analyze educational data to improve learning effectiveness, is becoming popu-
lar. On the other hand, since learning data is related to privacy issues, its utilization
must be carefully considered. In this paper, we focus on differential privacy as a tech-
nical privacy protection measure and investigate the usefulness of applying differential

privacy to educational data analysis using public datasets.
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DP: privacy budget vs utility (n=50)
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16  LDP: privacy budget vs utility (n=50,000)
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0 Scores Dataset:Average Accuracy over 10-fold Cross Validation
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Students' Performance Prediction Accuracy
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