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These days social media services are widespread and make social networks in the Internet. Community detection
and knowledge discovery are realized analyzing the networks. A social bookmarking service is one of the social
media services and is paid attention to as a new information resource. In the social bookmarking service users
shared their bookmarks with other users. Our aim is to make web pages’ graph from social bookmarking data
and to analyze it. We especially propose a method to construct the graph from the social bookmarking data and
evaluate the proposed method using real social bookmarking data. Concretely similarities between web pages are
defined using tag vocabulary for each user and the similarities are integrated to construct all web pages’ graph. To

integrate the similarities we use Bayes estimation.
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