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One of the issues of recommender system is cold-start, which is the problem that recommender system does
not work well under the situation that the user has just started using it. Although it is a common problem in
both content-based and collaborative methods, it is rather serious in content-based method because of the lack of
information. In this paper, we address cold-start in TV recommender system using content-based method. We
propose a method based on cluster model and content data to avoid cold-start and verify its effectiveness through

TV show recommendation.
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