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Abstract A novel logistic binary matrix factorization (LBMF) was proposed to predict the students” performance and
to classify the exam items. Besides a new algorithm was designed to tackle the non-convex optimization problem in-
volved in LBMF. The experiments are performed on both simulated data and real data. The results indicate that LBMF
can not only predict the students” academic performance but also classify the examination items according to the know-

ledge points they require. And it can be concluded that LBMF outperforms significantly the out-of-date algorithms in the

applications.
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