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Identifying characteristic time-scales of the burst in Twitter stream
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Bursty behaviors are frequently observed in the web communication such as social networking services and
contents sharing services. They show an abrupt surge of the number of message/query posting within a certain
time period, while some of them are induced by external stimuli such as TV news, seasonal cultural activities
and natural phenomena, and others are endogeneously formed by inter-personal communications such as rumor-
spreading. Each bursting phenomenon has a unique temporal pattern according to its intrinsic growth dynamics.
It is important to identify their characteristic time-scales for the understanding of human and web interaction. We

discuss the method on how to tackle that problem.
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