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Abstract In recent years, Social Networking Services (SNSs) are growing in popularity, and generating fresh contents
moment by moment. However, when huge content streams delivered from the SNS, the efficient browsing is not easy because
there are serious possibility for overlook valuable contents. In this study, we propose a method to achieve efficient browsing
by exploiting the behaviors of readers based on the collaborative filtering which is a typical technique of information
recommendation. Based on the behaviors of the users who are similar to the target user's behavior with reading contents, our
system estimates the appropriate presenting time for unread contents of the target user to realize efficient browsing.
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