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CHOVoIEBIG%, HBAHEICE T H/3—A b EIEL
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*Identifying Bursts of Topics in Time Series News

TYusuke Takahashi, Daisuke Yokomoto, Graduate School
of Systems and Information Engineering, University of
Tsukuba

fTakehito Utsuro, Faculty of Engineering, Information and
Systems, University of Tsukuba

§Masaharu Yoshioka, Graduate School of Information Sci-
enceand Technology, Hokkaido University
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