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ABSTRACT

In this paper, we propose the LAR_CF, lafent attribute ratfing-based collaborative filtering, that is robust to data sparsity problem
which is one of fraditional problems caused of decreasing rating prediction accuracy. As compared with that existing collaborative
filtering method uses a preference rating rated by users as feature vector to calculate similarity between objects, the proposed method
improves data sparsity problem using unique atfributes of two target objects with existing explicit preference. We consider Movielens
100k dataset and its item atftributes fo evaluate the LAR_CF. As a result of artificial data sparsity and full-rafing experiments, we
confimed that rating prediction accuracy can be improved ratfing prediction accuracy in data sparsity condition by the LAR_CF.
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