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ABSTRACT

Recently, the amount of music that can be heard is increasing exponentially due to the growth of the digital
music market. Because of this, online music service users have had difficulty choosing their favorite music and
have wasted a lot of time. In this paper, we propose a recommendation technique to minimize the difficulty of
selection and to reduce wasted time. The proposed technique uses an item - based collaborative filtering
algorithm that can recommend items without using personal information. For more accurate recommendation,
the user’s preference is predicted by using the metadata of the music source and the top-N music with high
preference is finally recommended. Experimental results show that the proposed method improves the
performance of the proposed method better than it does when the metadata is not used.
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