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Abstract: This paper reports analysis results using Deep Learning conducted at Hackathon hosted by the
Japanese Society for Learning Analytics. This Hackathon’s analysis subject is a history of student programming
behaviors in the programming exercises. The aim of the authors is to infer the characteristics of programming
behaviors. In this research, data mining has been performed on the number of compile errors and compilation
successes. We prepared data for the previous year and the following year, and created the model with Deep
Learning as the teacher data of the result of the conventional method. When the data for the following fiscal year
was applied to this model, the estimation accuracy was 95%. We show that the estimation equivalent to the
conventional method is also possible using Deep Learning.
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