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In this paper, we propose a graph-based recommender systems which shows recommend items with a selected
metadata from a hierarchical metadata tree, such as genres. The item’s metadata suitably chosen for users may

explain the item well to them or even improve the user’s impression of the results.

Especially, in case that

recommended items have many metadata, system must make a reasonable selection of the metadata considering
user’s familiarity. The basic idea is that the system calculates the proximity score from active user to items and
metadata by using Random Walk with Restarts(RWR) and PageRank. Although RWR can predict items to be
recommended, it tends to rate higher the metadata in the higher hierarchical metadata. In order to choose the
metadata of the item, our proposed method uses a score obtained by dividing RWR score by PageRank score.
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