JIH %S0l XS FHAILE

Lan CIE-L e TR

OlE(MBUL FBATL)
2PB(MBULD FBHUR)
BOIS (ML FBLHLR)

ol
o
of
2
EY
of
=
o
2
>

Z1A Shgell Z12d FHA LY daFe @ A7

Ha, SeungYin(First Author)
AZEta FddTa

Yoo, Yiung Bum(Co Author)
Aot 2 olsk

Jung, Ye Suk(Corresponding Author)
AZdsa A

Abstract

Online content service providers are using recommendation systems as part
of their efforts to increase sales. The recommendation system identifies and
recommends the customer 's preferred content, and it helps the customer to
increase the satisfaction and the loyalty of the service by using the content
suitable for the user’ s taste without searching the content.

In this study, we propose an algorithm for selecting recommendation contents
for individual customers by using the Movie Lens data. The algorithms used in
the existing recommendation systems have the disadvantage that they can not
utilize contents that do not exist in the data since the important words are
selected from the given data and the contents are selected based thereon. On the
other hand, the Latent Dirichlet Allocation algorithm is that can utilize potential
keywords that are not in the data.

Keywords: Recommendation System, Machine Learning, Topic Modeling, Latent
Dirichlet Allocation
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2.2 FFA A 2El (recommendation system)
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