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Web search query logs are important data for observing

users’ interest, and used for various applications such
as query suggestion and spel |l correction. In this paper,
we propose a method for clustering search queries
reflecting changes in similarities over time. Our
method is based on an evolutionary approach for
clustering a time series of graphs avoiding drastic
changes in clustering results. To calculate
similarities between queries in each time, we use
occurrences of queries in our daily blog archive
including about 1 million blogs. We perform exper iments
on monthly lists of top queries in 2007 provided by
Yahoo! Japan, and show that our method can extract
relevant clusters over time.
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