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At the time of the Great East Japan Earthquake, many Tweets of the disaster had posted and Twitter had
been effectively-utilized as an infrastructure for sharing disaster information and confirming safety. However in
Twitter, there have been various kinds of information and also the volume is extremely huge, so some kind of
filtering mechanism to easily catch desired information is assumed to be needed for getting better performance out
of Twitter at the time of disaster. To archive this, first of all characteristics of people actively posting disaster
information should be grasped. This paper quantifies Twitter users on the basis of each user’s posting activities,
and analyzes the characteristics according to user’s attributes. The real Twitter data distributed around the time
of the earthquake is used, and especially in this paper, the difference between bot and human is mainly examined
by using this data. This paper uses entropy to quantify user’s activities.

1.

Twitter

Twitter 2011

3 11 Twitter

Twitter 1

[ 12, 13]

Twitter

[ 13] Twitter

Twitter

Twitter

Twitter

Twitter

bot

:

731-5193 2-1-1

4 319 TEL/FAX: 082-921-6924

E-Mail: s.matsumoto.gk@cc.it-hiroshima.ac.jp

2.

bot

bot

Twitter

Tweet

Twitter

bot bot

3.

5

Ghosh [Ghosh 11]

2 2

Tweet T T j Tweet

Tj ∈ T Tweet h = 1 Reply h = 2

RT h = 3 h i = 0

1



The 27th Annual Conference of the Japanese Society for Artificial Intelligence, 2013

1:

HΔT1 HΔT2 HΔT3 HΔF1 HΔF2

1.977 1.815 1.180 2.556 1.892

2.018 2.005 0.278 2.673 0.667

1.024 1.190 1.338 1.711 2.260

4.574 4.418 4.522 11.875 11.315

2: Bot

HΔT1 HΔT2 HΔT3 HΔF1 HΔF2

1.059 0.939 0.178 2.320 0.357

0.925 0.164 0.000 1.500 0.000

0.861 1.175 0.618 2.615 1.268

4.185 4.278 3.855 11.875 8.355
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HΔTh

pΔTj (Δti(h)) =
nΔti(h)∑nTh

k=1 nΔtk(h)

, (1)

HΔTh(Tj) = −
nTh∑

i=1

pΔTj (Δti(h)) log(pΔTj (Δti(h))), (2)
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HFg

pFj (fi(g)) =
nfi(g)∑nFg

k=1 nfk(g)

, (3)

HFg (Tj) = −
nFg∑

i=1

pFj (fi(g)) log(pFj (fi(g))). (4)
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