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Classification of Social Media Data for Disaster Information Support

il AR

Fujio Toriumi

Y A R R S TS
The University of Tokyo

e

Mitsuo Yoshida

il ] s 3

Takeshi Sakaki

CERBANTRIE R R - B LR

Toyohashi University of Technology

SHRA2t Ay VU

Hotto Link

During a disaster, appropriate information must be collected. For example, residents along the coast require
information about tsunamis and those who have lost their houses need information about shelters. Twitter can
attract more attention than other forms of mass media under these circumstances because it can provide such
information. Since Twitter has an enormous amount of tweets, they must be classified to provide users with the
information they need. By assuming that users who retweet the same tweet are interested in the same topic, we
can classify tweets that are required by users with similar interests based on retweets. In this paper, we analyze
three twitter dataset under the disaster situation by the disaster information support system.
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