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Intelligent tutoring systems (ITSs) and learning management systems (LMSs)
have been widely used in the field of education. They allow the collection of log-data from
learners, and especially, students. In this research, we developed the method of educational data
mining that extracts latent skill to acquire knowledge from data, such as ITSs and LMSs.

We have developed the skill modeling which extracts the relationship questions and skills from
examination results. we also have developed the novel educational data mining method using machine
learning that discovers the rule and knowledge from log-data during class.
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Factorization”,4th International Conference on Educational Data Mining(EDM 2011), pp. 41-50, 2011.
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