>

HHELRDX =7y NREDZOHD L —HVHEED X T L

S ‘
RBRZZEWRBIEE T 1 V2V AT 1 TER
E-mail: koya.takahashi.5u@stu.hosei.ac.jp

Abstract

Although there are many services that have introduced mu-
sic recommendation systems, there are cases where the rec-
ommended music does not resonate with the user. In this
study, we propose a user recommendation system for songs
that can limit the target audience for song recommendation.
To predict user preferences, we use 1 million playlists, which
contains multiple songs that users prefer, for a total of 60
million songs. Although the playlists can be used to express
pattern of preferences in an easy-to-understand manner, the
information is sparse due to the huge number of songs. In
this study, we use a hybrid filtering method that combines
music features and matrix factorization to create a matrix
of evaluation values for recommendation. As a result of the
recommendation, we were able to present multiple appropri-
ate recommended users for a single song, and this allowed
us to limit the target audience for song promotion to about
10% of the total.
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