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Classification of Information in Disaster Situation from Network Structures
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Wide-scale disasters such as earthquakes, hurricanes and so on, occur unpredictably.
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During a disaster, it’s

important to collect information appropriately to save own lives. However, it is difficult to collect information
from mass media, such as TV, Newspapers, which contains information which is of use for the general public.
Under the disaster situation, victims require information which shows place of shelters or danger points. Also, not
only victims but also rescuers require information of victim location or that of shorted supplies. In this paper, we
classify information that was diffused widely on T'witter to clarify what kind of information is required by victims.
A bipartite graph that consisted of tweets and retweeted users to classify the retweeted tweets is used for the
analysis. By analyzing the network of similar tweets using clusters which calculated by the Newman method, we
classified each tweet from the viewpoint of users who have similar interests.

1. #sS

HIFEPHR B & AT o 72 K TRV DL X 2030 B 720,
O 0ECRELTY, A< b7 g (2004), Y r—>
J1 kU —F (2005), PU)IIKHITE (2008), TV HIFE (2010), H
AARKER (2011) 72 EHZ ORKERAL ZHESTND.
Flz, 7 =F=2—R70 B2 HHELITTH 2010 FI2iX
24 [\, 2011 4I21% 20 LRI STV B+,

ZOX D REERIL, FWEERICERSEDDLZ LN
ANMESFDHIZOICEE LD, LLans, Fiferred
Wo Tl A AT 4 TIE— iR a2 L2 A E L
TW5b. 20728, BEEFTOLICK IS L& o,
WRHORBENSLEL L TWARERAEXLT L BRI L TH
AN

ZOXIRRUTT, Y= VAT 4 TICL D HEHROI
PERENTWD. FFiZ, Y=Y VAT AT D—DOTHDHY
A o X =T LD REREOFRILFIZONTE, £< OWENTTF
9% [Vieweg 10] [Heverin 10].

AFFRTHEY A v X —IZFEE L, HHARKELFIZY A >
H— LT INTERIZONT, 2—TFD Y YA — MTENZ
ESHERONEERRET D, BoN7 TAXEZHHTL,
REFEIZ Lo THBESNIEREORBER NI T L E L
BT, EDOXIRERNY A v F— FICHF SNI=0EA L)
23 %.

2. PBELEWHE

VA v —LD I TAKY T RHEICHET LR L
L CTl¥, Herdagdelen 52Xk b2 —H%Dr T 22 1) 7
[Herdagdelen 12] <°, V v 7 #EEZHW-EHE S T 22 &~

G R R, RARURFERERE TR TR v 27
DA, SRRSO KRS 7-3-1, tori@sys.t.u-
tokyo.ac.jp

x1 http://on.doi.gov/Tcqeex

TRELL DV DI FZAX Y 7 [ 11], FEHEELIC
S a—FDr FRE2Y 7 [ith 10] 72 &, =—HFD5E
ZHME LIRS TnD.

Flo, VA= FEOLODOFEHFILELE LTIE, TweetMotif
Wiz b ey 7 2L 03T Brendan 10], Ny a X
7AW T [Rosa 1] R ERSH L. —HT, KFIET
YA — FaxG e LT, S Ny oy 7 EIERO
WAEZFAETIZ, VYA — MIESS Ry T =T DHRINE
JIARY T HEATHZET, BELTHa—FOR—MEND
HwENETHZ L EARL TS,

3. XY MI—VUBEZRAVEYYLA—D
o
3.1 ZEISIICLBFRY FT—Y DEE

HDHZODOY A — FNERIFIZY YA — b L —W 2385k
ANWT256, Zo0Y A — M@ U7 Bk A Rrio i 2 R &
ALTWhEEZBND., 22T, VYA —hLiza—VOH
BENSY A — NI TAZY U THEETHY, ThZEhos
TABONKEND, BRI SRR Z I S i
TEHLEEZLND. ZOLIIE, VYA — MNHROREFIH
LTI TARRZV T HEITHZ LT, SR FAZ Y T
TESELNR TEET 52— O/EEE] IZXoTY A —
NESHT D2 ENARETH D, ZhICL - T, ERONEA]
TIERVRAED DAREE LT F a7 5.

AW TIEZH 77 7 [Wasserman 94] I K> THEB LT
Iy NI =7 ZHANTYA = DI TR T EITH. &
P, HUPLENEZEET 572012, RT 21To-a—Hick
LR EAToT. ZODI YA — b rty,rt; IO L, £
ROV YA — N &fToloa—YE# U, U; OEEEIENY
VA—bFRILEBEY YA~ LB X, Xy MU= BN
T HZETELY YA — 2RV HT. T72bh, Y A—h
) — REOEHBEEORBNY A — NN Lixok U v 7icko
Txy NT—7 PR END. 728, HOREL OB TR



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

FollERE R ET 272D, SENLY YA — M 100 LA

EOY A — b DHZERGRE L TRy T —7 ZHEE LT
IDEE, 2—PEEOEBER Oy 1T Jaccard £ % AV T

UTDEIITkDD.

_Uiny;

- U; U Uj

EEE O BEIME th L EOXT %Y 7 THORE, Xv b
U—J BfERT 5. 22T, th DRV Fitk-oTxry hv—
7 OWEENENT D, B, ARl th=0.05 & L7z, £z,
SELTE =R, ThbbLMO ) — REFER L TV — R
ST OREN A LT,

EBI, BonERy hU—212o0nWT, aa=F il
ZATOBRMEDIENY A — FOESZ ST, 232=T 4
FHHIZIE, Modurality % #:# & 9°% Newman ik [Clauset 04]
& VT,

32 YM—btbRYy+ED—%

BonlyA—rxy NT—27 %K 1ITRT.

oD/ —REzala=7 fHc R0 B L7oRR, 5
BNTZY FAZIZONWTHD. BoNTZT T A XU 2048 T
HY, HHRKEVWII2=FT 4 T613 /—FBFIELTND.

KT TAZICEEND ) — FEOSAEK 2 12T, Zh
XV, K77 A2EEND  — RIS T A 2k L
TWDZ ENgmoiz.

Osj (1)

10000
2
g 1000 *
-
g 100 .
o ‘%
E 10 ¢
z 4%,
1 - * 4 ¢
1 10 100 1000 10000
Num of Nodes

X 2: 75 AED ) — RS

4. NITT7HOU rOEE

AR TRET DHERONEFIEE, £ O—FR[FEIF
WZYYA—hLIZYA—ME, BROHLERTHD E VIR
EWZHESNTWD., —FT, 7407 DOEWNT 22—V REE
THE, Bga—VDOVA—MNIZL DTHraTIcL>sTIY
A= ENDTD, VITAZERRLLT V. £, "T2—
PRV YA =R L7V A= bZDOT7 4T 2N L TULRE DR
.

FIT, BRI TAREREHEOEREL, Arvarisn
o —FOR—MEIZ L > TR 5.

4.1 REEORPE
FAEHDEPEIFRET bo b — k> THOIT 5. 1§
Ty bo e —lg,

H(X):—ZPiIOgPi (2)

*2 Q@username

WL TROONDETHS. 72771, P bbb 7 AXIZET
BTV — b DI ba—F i N LI bODEE LT 5.
FEHT bOE—=NENT T AZL, xR ANHOY A —
Lo TR ENTWE 2 FRZTHY, BEET fub—
DIENT T 221%, FFED NI A — ML > TR SN T
WABTTFAZTHD.

KT TAZIZOWTREEOHRETZ Pr bt —%2RkHT-
WA 3IORT. BTy b o e, ) REEE TH
H, IhE, 277 AXD624% H=r burt—0, 372
bbhb—ADa2—FIZLoTEMEYA— IR FEEHLNTD
DTHSTZZ DR gnoT-. RIS, = hrE—1RKmDY
A — FBERD 80%LL L& KTz,

INED, RFECL > THEINTZEZL O T AN, H

“F IO —PIZE DY A — M h o THEREIN WD
ZEBHALMNE ST

ZIT, Ty RIS WS T A4 (H(X) < 0.5)
DFT) = FEDOLNEDONE AL 10 7 T AZ IO, &
L ERBELITo W a2 —F a2 L7z, 20 E%
£ 1LIDRT. ZORE, WVTNOTHT U RE~YAXAT 4T O
ANRT I N ThHoTeV, ZRRADT I N ThoT2h &
WhWHHEHNDT I N Thotz, kY, FEDIEH
FEEOVA— BRI TAZEZBHR L TND I ERHLNE
ot

0.9
0.8
0.7
0.6

Cumulo-frequency

05 T T T 1

Entropy

M 3: 77 AXD ) — NG

’ Nodes ‘ H(X) ‘ Top User Rate ‘ Top User

|

153 0.434 0.843 RIS FRETR T — A
128 0.273 0.953 Btk b —r — 15

107 | 0.146 0.972 KT

74 0.072 0.986 PR L

73 0.00 1.00 fET R

69 0.409 0.899 NHK JE&#

62 0.00 1.00 WESILE

50 0.00 1.00 NHK == — X%

45 0.00 1.00 Xy T X =Ry b

41 0.00 1.00 TY—=TF Y-




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

?%%fiy

%”“‘ L{ A ,( {
/ﬁyvgk?ﬂ
AN

SO

JET LN
Lo P/“%-\ // / AFEY

R B N
wxpwqx/-/x}ru\\&’\vv
\'&«\’“\*&\}%*\"“"%\ﬂ“f’f’f’l‘
AL SR Y S
\\JN‘('\‘&R),\:///\y(mw\
/u“*ﬂ{—ﬂ .‘/{gkaf}vxﬁ#)‘%&»&,xk;ﬁxk\
B U G AL LAL L e
Q"'\//&Y?‘T*&\*‘*/)«‘}"'\NOIK\"V’-{/C—Q{?/N
B A S B e o P

RS JEA [T N A KT P LT
[t St SR S

s,
R e A SN
RPN BRI M E AL S A NN
AR PN AN S L LA AR AR,
SRSV LA =T F 2 b
S

ANV

1: Retweet Network
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