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In this paper we propose a clustering method from
social bookmark data using PLSI. A social bookmark
service is one of many social services and has features
that many social bookmark users register Web pages and
everybody can browse them. Almost all previous works
use social bookmark data to reevaluate ranking from
search engines but did not use them to group Web pages.
We propose a method grouping Web pages with PLSI
using a social bookmark service, Buzzurl. We confirmed
that the proposed method classified Web pages
appropriately and was superior to a previous work, PCA.
Especially clusters with the proposed method have less
variance than clusters with PCA.
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Fig.1 Graph representation of social bookmarking data
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