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Twitter Catches the Flu: EEMHIEZ ALV
AL O RITFE

FEssyst wa s 7t 27 m e

WTAED Twitter DE K & & HIZ, Z 2 H A ERERE M T 2HFEOFERE £
STW5D., KHETIEA v 7 FiiTPloOMBEICESEZHTH. 7,

Twitter »H A 7NV VFICHEE LIRS E2ME T 5. &kIZ, SVM AW 4
MR T, TORSEVDEBRICA L TN U FIThho TWAENE I 2 HET
5. EBRTIE, ERE WS ORI E ik UAHBIRER 0.89 DK E CHAT TIIT D
ZENTE, BEFEOEDMEE R L. B, FAITOBBREEICBW T,
BAMRERIT 0.97 L <, RO TETH D Google Flu kL2 K & A% DR M
‘o=, AHFRIZE - T, Twitter EDOT % 2 FNEREDORFIRIEE KM L TV
L, £, STELHEEINRICLE ST, ZOERNIMEAGETHLZ LERLT.

Twitter Catches the Flu: Detecting Influenza
Epidemics using Factuality Analysis

Eiji ARAMAKI', Sachiko MASKAWA', and Mizuki
MORITA™

With the recent rise in popularity and size of social media, there is a growing need for
systems that can extract useful information from this amount of data. We address the
problem of detecting influenza epidemics. First, the proposed system extracts the
influenza related tweets using Twitter API. Then, the SVM based classifies extracts only
tweets that include real influenza patients. The experiments demonstrated the feasibility
of the proposed approach (0.89 of the correlation to the gold standard). Especially in the
rise of the influenza (early stage of the epidemics), the proposed method shows the high
accuracy (0.97 correlation), which is the same accuracy to the state-of-the-art method.
This paper demonstrated that Twitter texts reflect the real world, and Natural Language
Processing (NLP) technique could extracts the information.

1. [FL®IC

JT4E, Facebookas® Twitterb’e P~ A 7 a7 ua VN ERZED TS, AKBFZE CiX
Twitter IZEE R A HTH. Twitter 1%, FHxO—F»N VA —k] (LLF, BIZRFL
IR LB s EXEERLEECEaIa=r—Yay - P—EATH 3.
BIE, 1.2E2—FRBMLTEY, 550 YA — FBREALY LY S TWs (2011
£ 3 HEAE). Twitter 1%, BEMICEL DT 7Y r—va Db oERY V—2 L
7B AlREME A D TH Y,  Huberman 25[1112 X 5 AMIBIGROMENT, Boyd &[22Ik 5
a3 2= —va UIEBOMNT, Sakaki SE[3]IC X B HUE O A Sk & i B R
RENTET. KFETIE, A 70 o FOHRIT TR ZBEME T 5. Twitter % 5]
LizA v 7N FOFHRITPRNZIIRD 2 DOFENH 5

o [XRFE] (71 WEEAEZRESITIFY 1000 ¥5/8 28 % TWbHNov.
2008- Oct. 2009). ZDF—Z DAY = —Ahi, THETORFEFE, Hl2E, K
FIAZF 1T D EFBEE O & 8L OEFH A JEE T 5 KB e 1 HINSE 2 ATRE & &
5.

o [BNRE] = — VO REEBNET 2720, TNETIZRVENWEE TOEH
IWENFRRTH S, BHREANER SN DA 7 AT RNV T
e 23D CEERMEE CH 5.

PLEo X iz, Twitter AWV A > 7 V2 U PHATTHENIAS 2 W O D Z O EH
Whlz>TE, UTFOXI RESHOLREHRBREREZNELTCLE>BRNLH D ¢

e ... fVIATUFENE LR

o EAGEEILHINI HRA VI AT T A N ANBIE, REICIEEY SOH 5
EFRE LT,

® HLILMNMLTAVINZT U T URRN?

FROBSIZITRT AL TN HF] LWIEBEEATWALELOD, L T71x
PP T NP EETDHZ L] ZEHRLTWARY. 20X BREEE AR TIEA

SRR oM v —
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a http://www.facebook.com/
b http:/twitter.com/
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VINTUOFRERT LS LT D GHIS, A 7T T o e NHE
ETIHE2A VIV U FBERS EES). RIFFEOERRT — & CILHGE (1 v
TNTF] ZERREDI D 42% BA IV FRIEES Tholz. Znkd
BREMEEREHEZVWE, BEREIRATTIHROMICTIN S £, REMRREIED
ncTLEo.

FIT, KFRTIEA V7N FRRER S ZID R 2D, BR7FEICL 559
HHREMWS. £79, BB 2T V2N LT a— "X 2HET 5. KRIZ,
Z @ 3 —s3 A % T Support Vector Machine (SVM) (Cortes and Vapnik[4]) & & 2 35
HEREBET D, EROER, BIHEEEODIEICB W TFIE0.76 &5, —EDR
ECA IV PRSI EMH I EAFRECh o7z, £, 417 W
PPERS S OF B 2 HALIRER 2 L ICEfT 2 &, BEOL I U FHIT (ER
W= OBFH) & OMBIREN 089 L\ BWMEEZ R L, WATTRINAETH D Z
EERLTZ.

FRIZ, WATOBRIARFHIC IV TIE, FEBMRER 0.97 & SWRERE O, RAERDOTF
ETH D Google Flu + L' ROKEEE (Ginsberg et al.[5]) % E[E]-> 7z,

AKX DORA » MIRD 2 K THD -

(1)  SVM IZ X 55584 T Twitter EORENLA 7V PRERSERETE
L5 ERT.

Q) ArI7NZUoVERERSEBRETIZLICEY, BVEBETA 7z iR
T THFAETHDIZ L E2RT.

2. AYINLNIUOVHRTRA

AN o FOFRAT TN, FHOTSRT I FURERLEORIGE R D7D,
MRAECHBOBRBEL LTHENMTON TS, ZRETIRENSOTHICLDE
HnhLTH o= (2.1 &), BIETIE, ITC Hita A KB R A T IE S st
ShtTwsg (2.24).

21 ChETORERZE

%< OENZ, BEOBRMEREDIZDOKEEZMA TS, flIE, 74U DT
Centers for Disease Control and Prevention (CDC), E.U /% EU influenza Surveillance Scheme
(BISS) &3 LT\ A, AT, ESRYYEMZEFT (Infection Disease Surveillance
Center; IDSC) 234 ¥ 7 LV U FOFAT FMZIT- T D, 2R b OMEIZELE LY
ANV ADBIGFIRNT, EROFURRA IR RN & 2 BRI & O W& 12
S THFEIT> TS, FlZ1E, IDSC IXEERK 5,000 DBIEFTH» HIFRE LD, £

FHERAFEL TS, 2L, ZOHEFIIRHR 2250, 1 EFATOFRATIRDLA
FHREINDTD, BRI T TIZHITAYD LTWAAREERH Y, L0 Rl 7 i #
INE~DOHFFRFEE > T be.

22 HFLWRESE
FOVBRI AUV TN FOFITERZ D TI-DOkE L R FIEMERE SN TV A, Espino %
[6] IFEAE MY T =« 7 EAA X (Bl UTERT A 2217729 Ay —
ER) ICHEBL, EHa— A AT ORBRICHERD Y, (7
WATPHRICE D THEREWRIFEICR D Z 2B 6T L.

Magruder [7] 1%, A > 7V YHIKFEDRGE & (over-the-counter drug sales) ZVE
HL7. 2L, A v 7 PR —HoECLARES N TE LT (Bl 2,
A TIEA V7N PO ANNIA T NLE L 72 D), FIZHEDRFETIERV.

A, o & bR STV D FEIL Ginsberg Z5[5]D Google D web #%E 7 =V %
AWEFIETHDL. oA IV PRITEHBEOH 2 M%E 7 =Y (HBIfRED
BV AL S0EE) AFEL, FNHEE=X VLI TDHIET, A T AT FOTH
EIToCWD. PO TRE, 7 AU SO CDC Wi & OMBRE 097 (min=0.92;
max=0.99) &V I EVWMEEZHE L TWD. FEROT A 7 7I2H & DN TiFJRITMIC b
HWE SN TWS.  Polgreen %5 (X [RIEk D FL T Yahoo! ® 7 = VU % A 7z (Polgreen et al.
[8]). Hulth %I A A 2D web ME2HD 7 = U % A 7= (Hulth et al.[9]), Johnson %%
IZHEEREY A b THealthLink] @ web <X— Y& D7 7 & 21 7 % M 7= (Johnson et
al.[10]).

ERICHI LIEFERENERR R ST EREAVW TN b 00, BEOTEHZE
BRETD2LWOBENDIRREO T 7 e —F Th b Lt s, YK, BFEOITE
D PAULEL K OIEFME IIRFIICIEE T 5 2 E R FREL 72508, T b E1T X HH4E
RO TWDEEWSERH S, FlZIE, web RERIZ VU ZHWHZ N TE D1
B913 Google, Yahoo! <° Microsoft &\ 572N DD H—E R « T r A FIZRE S
5. £IT, AR TIL Twitter &5 web FRER 7 = UV IZHAF)HBE S 72 5K
ERWT, EEREoHELHIET.

3. ALY BE-EEa—1RR

1FEICTHRRZ X DT, Twitter ZANWTA 7 A U WHRATFHIZITR D 7211
AVINZUFREERSEMIBRLERH L. ZNEITR D I, KRR TIEA
VINTZUY c a—N2REMBEL B E), IREANTSVM IZEb 17V
GPERRPIER S O E 2< D 4 F). ZITWIa—RRFIHESEOLD LA 7
N P TEYED T XL DRT B0, IROFIETREE L 7-.

¢ http://sankei.jp.msn.com/life/news/110112/bdy11011222430044-n1.htm
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31 T—AUE
F9, 2008 411 A2 2010 4F 7 HIZH T T Twitter APT & H\ T 30 B85 & U4 Btk(+1),” ®E (Ya4—h) ][y BE FH
L7z, WEMREZX LITRT. RIS, (A7) L0WIEBEEELRSENELE Pk (-1)
(40 H¥Z). EDICIOT—H & 2 SO EI LT, ") s T PR E T o T D
+1 A TN UWTE L
o [bL—=27F—H&] 2008 4 11 ADLEEAIC 5000 KE. ZOF—HIC +1 A VT NEFRIE(_<)FRLIEE S 1 EZT THD
ANFETT /) T— REATWA IV o PEHE-atE o — 2 L LTz, RATEY 7|
° [F2FF—=Z] BoOF—%. AL 7N PFHETOERRIZN. 1 EENDA L INT PRI BB T L 910
+1 Mt a4 oro i s8R Ko7
32 B-EE7/ TFT—2ay b AT
ENENDOEZIZONWTT /) T =F =P E @3B0 7 Vv et 545, o7 o) A T, WER LY O S B
SAMBIEBNT, BREERO 2 SORRERETHOL LE. 1 WEEIZO BV A L I AT FCHMCE Al ote  BENGH
o (KM MEEORBEIE] %5 1R OMED MO A 7 L 2 e e b e e
DVWTHEEICR > TV ORERDHD. T2 TV) [ESHEOMIL) LITREE L . PV SRV == e
FCEEIR T D 2 L MR BHAEL L. bL, BEHLA VT Vx P - o TR LCE BT TR EEE

Mool N & ORRBER R 72356018, B & A7 Lz, [AERIZ, RT (U ¢ —
b MADRSEEZZOEESNHTIES) FEMEE L.

Kl AW e a—x,
[+1) XM Z2 R, (-1 X fEdzRd.

° (&2 Bl /=X ) 7 2 OBREME] BiHlIC oW, BEEZITEVBRETH

12000000

HZERFME LI, Z2Z2TWH HEWVIEE] SIX 24 RHEILINE Lz, #l21E, 5 Test data
MER) 72 8 ZO&MEWIT. XY T 4120 TE, REECEM R L 10000000 | 3 5 g 5 .
A INT U FOEEE BRI MHAOES ) 7 4 RO, 22TV ) BEME o | B g H H il
82X T 4 LIk (UERK), REER BB, fa3), MHEkE (% ’ = ™ w“mu
B, FFE) L L7z, FEMAREEICOWTIRT T —vay s A FIA U EBR 6000000 oM ‘
D Ld. — /M/f

2000000 - ,-/‘”‘"‘Jr

[ —;"‘

e —f"ﬂ)\’)\

2008-11
2008-12
2009-01
2009-02
2009-03
2009-04
2009-05
2009-06
2009-07
2009-08
2009-09
2009-10
2009-11
2009-12
2010-01
2010-02
2010-02
2010-04
2010-05
2010-06

1: Twitter 7 B —/b « & —X
Twitter APl OHAREFE D=0 3EFTD R v 77 ¥ b (Dropoutl..3) RNFfET5H. N
Ry 7Ty MR, 5 EIC TR SR LY B

d7/7—var-JdiA K74 http://mednlp.jp/~aramaki/KAZEMIRU/
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4 AUINTUYEE-RESER

3 BICTHRRZa—_"2E2HNT, ANEINERSNA > 7 PR ENE % ¥
FETHNEBREBEST D, ZOXATIE, ANARA =)« T4 VEZ Y v TR
S L WS ENET XA LHEEPLTWD. AHFFETIE, ZhbORFZET—i%
HIRFETHHER LTV DEEDELRE FE ML Lo I L 2 FEEz vk
(X 2). BSRZE ENTETORESHDZD (T4 RT A RX) 41 H) REAZR
Bl FIEDS Ly (42 #) T HFERICKL > THAE L. THERIZAIED K
L—= 7 - TR 10 BEIRERET D LIk TYTo 7.

41 FEOV4 VD -4 X

NI =< AF T 4 R Y« A RUEFTH. K3IZT 0 FY - X LREE
(F ) OBFRERT. BbIWAR T4+ —< o R ILELETFOI L TFF A N% 6 35
THHRE (BOTH=6 %) THLNIZ®, UBOERTIIZDHEEH NS, 1V
TNEWEREET H1DIE, BETXTOFEE AV DHBOTH=2)% A5 D Tl
72, BT TR En0D.

4.2 BEFETFE

FEEE (F ) LB (FHER) L9 2 S0BLEND, xR TE F 5% ik
L7z (B2). MENZHED—FVEHWTZ SVM AL o &L EWEBE L “FBICEWD
HWEAEZRL, INHZEBL, UEOERTIZSVM EZHNWSZ &L L.

5 RE&

[E ST YLEMFZEAT IDSC OF — & & W= EBR & 1T 5 /-
5.1 LEFiE

RETIELBEZ BT B TFTOTEE LB L.

® TWEET-SVM: RE Tk,

® TWEET-RAWH R AFEOHBMEEIC L2 XN—AT7A . LTIV BEA
2R E OMIHREE T 5.

® DRUG: AV (RAERKEIK) oRFTERE. EFEOMEIZLD.

®  GOOGLE: Google flu trend ® H AGE/N—7 3 e, Google web iR D 7 = U & H\»
TV % (Ginsberg et al.[5]) .

€ http://www.google.org/flutrends

TS B Bh o liifro THANR S

L1 R1 R2 R3 R4 R5R6

B 2: ER LT DR (TEUR)) oML kzeFzEL 9%,

0.75
0.7
0.65

0.6

0.55 !
1 2 3 4 5 6 7 8 9 10 oo

mBOTH OIRIGHT [1LEFT

B3 v Ry - g X LAFE(F ).

RIGHT i3> T XA b B EANWTEE, LEFTIZE 3T XA b A% AWn-54, BOTH
Bl oar 7 A bERWESGAEERT. BEOKRFIEY 0 KU - A XER7. oldZ
DFBDOTRTOaLTHANeAWSZ EaRT. filxiX, BOTHoZEH LT\ 5EELS O
TRTCOF/ELEHND.

Btk 7 E Tk FiE FE R ()

AdaBoost (Freund [11]) 0.592 40.192
Bagging (Breiman [12]) 0.739 530.310
Decision Tree (Quinlan[13]) 0.698 239.446
Logistic Regression 0.729 696.704

Naive Bayes 0.741 7.383

Nearest Neighbor 0.695 22.441

Random Forest (Breiman [14]) 0.729 38.683

SVM (RBF kernel) (Cortes and Vapnik [4]) 0.738 92.723
SVM (polynomial kernel; d=2) 0.756 13.256

2 WBFEFIEL AT+ —~ X (FAE L FEEER)
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52 E7—4ETRA MY+
IEfif7—# (gold standard) & LT IDSC 2> L EH#ME SN TNDEA V7NV U PFER
Bio v OREFRER . Zhix, BEZHE - BYEY —<_T U AFHEIZLIY, &
EK 5,000 DA 7N T o PFEREREEALZZZ LEBEREPNBI LICRE SN D
DTHD. ZNHELUTD 4 >OMBIZHT T, FFETTFHEIT- =,

® Seasonl (2008 %)

® ScasonlIl: (2009 &) C#ZEHuER (/3

® SeasonIIl: (2009 %)

® SeasonIV: (2010 &)
X VMR HB 24T 72 9 72012, A > 7V IR TRIT T D &0, WATHT (before peak)
LiAT% (after peak) @ 2 ’DU)ﬂ;@F'EJ CHEI L7z, EICH > TEY— X Th o
ELMENE Do TR R ZBERUCE N BART &2 JiATRT, VLA 2 i Tk & A7 L.
[E2EhER] BT — % O#IfH, Season IT & Season 11T @ before peak (3% A
7Y (swine flu; HINT flu)lZ BT 2 HES BB L TW R TH D (K 4). Z
OERHNIFIANN 2B R TH D OT, ZOWMZIBAMER L IFY, N EEAINAEE

7 X v 7 EREIR))

FEAM L7z
@ .com/health
HOME ASIA EUROPE US, WORLD WORLD BUSINESS TECHNOLOGY ENTERTAINMENT WORLD SPC YOMIURI ONLINE
‘ll’!l!r’lsmz
Swine flu 'not stoppable,’ World T
Health organlzat‘on says o Bl S A URE, BELEES
AR ¥ ‘;;ﬁ;;'g::::f;;‘:e ¢ bdoes notmean. R REEREEEN L

[t bakrs, Jusl st ha sprsad b mors * - W L — B, HRANEE DL SRED
countries, he WHO said,
SR EA TV Y, BRRT ORI

A=Y FO—FBHER 0 8 6 BIT. BEBAOFASER
0 LEEFEA, AKBRFSA. ERZA

The last previous pandemic ocourred in 1958

As of Thursday, the virus had spread to 74
countries, the health agency said. There were
28.774 confirmed cases and 144 deats.

[ 4:2009 4 6 H O CNN == — 2 (M) & 2009 44 HOFEA > T =a—A
T=hnA7 (HK) .

79 &
Season | Season Il Season Il Season IV
2008/11/9- 2009/4/12- 2009/7/12- 2010/2/21-
2009/4/5 2009/7/5 2010/2/14 2010/7/4
2258 13 8@ 26 8 18 5@
TATHI FiTiR FeATHI FiTiR
2008/11/9- | 2009/2/1- 2009/7/12- | 2009/12/6-
2009/1/25 2009/4/5 2009/11/29 | 2010/2/14
12 8 10 ;8 15 & 118
THE B BAERIE By THE
#3TAMEY FONT v LI GH)
TWEET-RAW TWEET-SVM DRUG GOOGLE
(REF)
18 B R B B 0.001 0.060 0.844 0.918
TER 0.831 0.890 0.308 0.847
0.683 0.816 -0.208 0.817
FRATHI 0.914 0.974 -0.155 0.962
Season | FiTiE 0.952 0.955 0.557 0.959
Season Il -0.009 -0.018 0.406 0.232
0.382 0.474 0.684 0.881
TRATHI 0.390 0.474 0.919 0.924
Season |l TR 0.960 0.944 0.364 0.936
Season IV 0.39 0.957 0.130 0.976

* 4 FBER (FHERE) .
KO FIXEMT — % LA EITHE L TV D E 27557 (p=0.05). THf & 05T X
%I TR b W O AHBIR S 2 R T
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5.3 FREA =

S B ERET — & A FEOEOMBGRE (7 Y o oMB%RE) 2Hy, Tl
DI EEWPSTI=.

54 #R

FERER AICRT. EEFIZBON T, METFEE b bRWEELZ R L (HHE
£%%% 0.890). ZAuix, GOOGLE OFEE & [R% T, BETFILEORLEHEL T LB b
L. L LAans, BEESGERICRO T, BOWEEEZRL, =2—RA L5247
AEZITTNWB I ERSND.

6 B

6.1 SVM IZ& 5P EIIREICERT S
%< OHIM T, WEFIETWEET-SVM)IT A7) OMEZ¥Z 5 Fik
(TWEET-RAW) X D & @\ EEZ R LTz, HEOFEEEIA A > M 0.196 (max 0.56;
min-0.00)TH Y, HIFIZ L o TIHARICHEEZ RO TV D. Z OREFIL S ELE
ERHWDT 7o —FOZYMERLTWD. B TR a0 5381 FIE 76%
WZ& EEDN, FRERMICE D @RERSENAIEE L eniE, SFEABEZHW=7 7o
—FOEMEITEIVEEDZTHASD.

6.2 BERBERTOEE
IFET R TOPREITEEHERFICBS W TRHE 2 T T 5. FFIZ Twitter X— A D Fik
WX, BIBICKSEN TR -2 TV 5. 2T Twitter MO FIE L R L T, SREDONA T
AEZTRT NI L ERLTWAS, ZOHBHO—2L L TEZLND DX, Twitter |X
BRIy R ELESTaIashr—aY—LThY, ZZTORSIIMOBM
FIZEBEEZI)DZ0OLTHAY. ZOHBITHLT D5 LN TENELSE, L0
BEOTHNAREE 2D THA .

6.3 ERMBEANOHI Twitter DAV IILI UV RHEROEMEB R
FEHMRE A STV EREICA v 7 VT P ORLT & BRI AT 5 2 B b
A, ZOREX, WATHIOT —4# (Season I VifTHI & Season IIT FRATHI) Z i~
Eonsd. WEEICBIT & FEOMEER S 272y M L.

Season I (X 5 7£) CITIRE FE (TWEET-SVM) 2N b VEEE (FHEE4R% 0.974) %
HETWD. ZOfEIE, TWEET-RAW (FHBEIfREK 0.914) LV @<, GOOGLE DfE
FEFRBAMR % 0.962) L R ThH 2 (MHBMREOBAEZOKRE). ik web E I/ =V
O XD BRRANKNEEZT — % 2 AW &b Twitter DR TRISRBEENSELND Z
CERRLTEY, ~7u7aZOmiEEE2 R RBT 56D THAS.

—7J5, Season Il (IX] 5 )%, WEAHERFTHY, RETFEZEDETXTOTED
FEENMEV, ZOWBERERICBWT, 4 HoA 7 L= FiiERs & 6 4 O WHO

DNRUTIvIESEWVI 2HEOHKENARELS =22 —ATRY LFoniz. bx o
LIS &S LT Twitter X— 2 O F{E(TWEET-SVM and TWEET-RAW) Tid 2 F 7
FIZ20DE =2 2R LNRTES. 202 LB Twitter 1T = = — AP K
JGLTWAZ ENGNnDE. SHOBELELT, 20X REHICBW L RELEZT
B EAT72 D Hiinkd b s.

6.4 FATRIDO ARBIZBBICRIET S

X 6 |2 Season 1 {Z81F 5 2 2O FIEIZ L5 THIfE (TWEET-SVM & GOOGLE) & IFE
fig5"— % (gold standard) & DAHBIZ R LIZHcAi K A9 (GRATRIE [+, FiTHi
[—] TRENTWND). HEESNIEFEARNIC, EMfT—4& & pIRERICH L LD
O, T+ B T—] TV EEWEIZHD. 2%, FREOA V7= o FifT L
JNZEBWT, WATRIOFBIATE LD bRERKISEFREILTWDZ ERGnb. 2
ik, T DI AN RKRELSIST DI EERLTWS. 5%, ZOWEEBIC
BOANTEETNVEBERST L ENTENIE, LVEBERA 7= AT TR
NAREL 2D EEZLND.

7 BEEHE

RRFEOTLLRDEMIBES 2B/ BIECOET2FETHD. O AT
negation (identification) & FFIX4L 5 EERBLOF WL L ORI LI X 24 A7 LFHEIL
TWo. ZoZ A7 3 EERMmH, FFICERSETOT 2 ML, THLICHIE SR
THY, FERBMEOT L TY XA (EHEHNL—LOEE) & LT NegEx (Chapman
et al.[15]), Negfinder (Mutalik et al.[16])X> ConText (Chapman et al.[17])3 48R X TV 5.
F o, BT E I L 2B EXRB O & 58 Z 4 Ty 2 (Elkin et al.[18]) (Huang and H.J.
Lowe[19]).

TID DFATHIZE & IRBTFIEDEVIL, JEATHFIED negation 23 HEFEMI 2B ERBL 4
REZTHDEDITH LT, AFRETIEA > TLZ o PTOFEE VI BENSOHETH
b, HOEOBERNRX G THLIHRTHD. MEOHEDRRY 2K 51277, —
BT, EREVLBITEEL VR, RONTZ RAA T, Lind, Btk IErEe v —fE
HIE L WD RES NI H1F, BRI L ATRETH D Z & 2 ARFFRIT R L T
W5,

(©2009 Information Processing Society of Japan
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gold standard

— tweet-5VM

=== tweet-RAW

Negation A7z
[ =3
ATV YIRS Positive A 7z PR
AL TN LMo Te Negative A v 7Nz e
A TN PFITONTRIGRF Positive S 7T PRk
ATV UFRIEL R, .. Negative A 7T PR

2008/11 2008/12 2009/01 2009/02

2009/04 2009/05 2009/06

5: Season I ([X|75) & Season III (X £5).
XEIAfMZRL TS, YIS TR L2 TR E Efff T — X 27,

TWEET-5VM
0.001
0.0008
2
® 0.0006 -
g +
g 0.0004 + =
0.0002 irJF_LH -
P e — '
0 10 20 30
gold standard

+BEFORE —AFTER

40

GOOGLE

] 10 20 30 40
goldstandard

+BEFORE —AFTER

6: Season I (28T D IATHI & FifT#H DITH) (Tweet <> web HiZR) DKL,
EffT — % L ZFEOTRO4AR (K TWEET-SVM & K45 GOOGLE).
[+ W3R ZRd. [—) 3T ErT.

£ 5 FATMROGERBIHE (Negation) & ARBFZEDEGME /B2 E.

AR DOH 9 1 DORHIL, Twitter Z WA Th D, FEEMBLSE CTlX Twitter
I named entity recognition (NER) (Finin et al.[20]), sentiment analysis (Barbosa and Feng
2172 EHMEH T 7 r—a DGR L. R TIE, Fox OB & OATEIC
BNLOT TN r— 3 IR A Y T

8 BhHYIC

AL T Twitter 2 W24 7V U FHATFRIZIT>72. SVM ZRW A v 7
N SRR S O B BRI 21T o o HER (FA0.76), @WIEE T 7T
PIAT 2 PRI CE 7= (FEREMRER 0.89). H5iC, WATOBIMEFYICH W TIL, MHBEREK
097 LEWKHEZETRY, ZHITEED ICT #Hifz AW THoOh TR OLEEN S
WHRETHD. L, AT U HREDSEA L TV DR CIIREE LI EE N H
T, BEAFERF COWMY VRS HOFEE L THE-> TWA. AIFRIE, Twitter 7 %
A MIFEMREBELZFRBZENL WD L, 72, SELABICLY ZDEHRE —
EORETHMHTESLZ 2R LT,

BE ARUTZEIE, IST BKAAIEIFCHE R (SR T X4 7)) MEHRERRE & A
KO, BHFZ B CE FaFsE A) BRI ZR)IC L 5. AKX EELITHIL > THI
TREhm & W2 T2 W T FUR R B E M B R B L T 1K, oMb v ¥ — [l b
ERICEA TR OEELERT D.

S5 X

1)  B. Huberman and D. R. F. Wu. Social networks that matter: Twitter under the microscope. First
Monday, 14, 2009.

2) D. Boyd, S. Golder, and G. Lotan. Tweet, tweet, retweet: Conversational aspects of retweeting on
twitter. In Proceedings of HICSS43, 2010.

3) T. Sakaki, M. Okazaki, Y. Matsuo, Earthquake shakes Twitter users: real-time event detection by

(©2009 Information Processing Society of Japan



MR TS
IPSJ SIG Technical Report

4)
5)

6)

7)

8)

9)

10)
11)
12)
13)

14)
15)

16)

17)

18)

19)

20)

social sen-sors, Proceedings of the 19th international conference on World Wide Web (WWW).

C. Cortes and V. Vapnik. Support vector networks. In Machine Learning, pp 273-297, 1995.

J. Ginsberg, M.H. Mohebbi, R.S. Patel, and L. Brammer, Detecting influenza epidemics using
search engine que-ry data, Nature Vol. 457, 19. 2009.

J. Espino, W. Hogan and M. Wagner, Telephone triage: A timely data source for surveillance of
influenza-like diseases. AMIA: Annual Symposium Proceedings 215-219, 2003.

S. Magruder, Evaluation of over-the-counter pharma-ceutical sales as a possible early warning
indicator of human disease. Johns Hopkins University APL Tech-nical Digest 24, 349-353, 2003.
PM. Polgreen, Y. Chen, D.M. Pennock, F.D. Nelson, 2008. Using Internet Searches for Influenza
Surveil-lance, Clinical Infectious Diseases Volume 47 (11) pp. 1443-1448.

A. Hulth, G. Rydevik, A. Linde. 2009. Web Queries as a Source for Syndromic Surveillance. PLoS
ONE 4(2),

HA. Johnson, MM. Wagner, WR. Hogan, W. Chapman, RT. Olszewski, J. Dowling, G. Barnas.
2004. Analysis of Web access logs for surveillance of influenza. Stud Health Technol Inform.
107(Pt 2):1202-1206.

Y. Freund and R. Schapire, Experiments with a new boosting algorithm. In Machine Learning
Interna-tional Workshop, pp148—-156, Morgan Kaufmann Publishers, 1996.

L. Breiman, Bagging predictors. Machine learning, 24(2):123—-140, 1996.

J. Quinlan. C4. 5: programs for machine learning. Mor-gan Kaufmann, 1993.

L. Breiman, Random Forests. Machine learning, 45(1):5-32, 2001.

W. Chapman, W. Bridewell, P. Hanbury, G.F. Cooper, and B. Buchanan,
identifying negated findings and diseases in discharge summaries. Journal of Biomedical
Informatics, 5:301-310, 2001.

P.G. Mutalik, A. Deshpande, and P.M. Nadkarni, Use of general purpose negation detection to

A simple algorithm for

augment con-cept indexing of medical documents: A quantitative study using the umls. Journal of
the American Medi-cal Informatics Association, 8(6):598-609, 2001.

W. Chapman, J. Dowling and D. Chu, ConText: An algorithm for identifying contextual features
from clinical text. Biological, translational, and clinical language processing (BioNLP2007),
pp.81-88, 2007.

P.L. Elkin, S.H. Brown, B.A. Bauer, C.S. Husser, W. Carruth, Larry R. Bergstrom, and Dietlind L.
Wahner Roedler. A controlled trial of automated classification of negation from clinical notes.
BMC Medical Informatics and Decision Making 5:13, 2005.

Y. Huang and H.J. Lowe, A novel hybrid approach to automated negation detection in clinical
radiology re-ports. Journal of the American Medical Informatics Association, 14(3):304-311, 2007.
T. Finin, W. Murnane, A. Karandikar, N. Keller, J. Mar-tineau, and M. Dredze. 2010. Annotating
named entities in Twitter data with crowdsourcing. In Proceedings of the NAACL HLT 2010

21)

Workshop on Creating Speech and Language Data with Amazon's Mechanical Turk (CSLDAMT
'10), 80-88, 2010.
L. Barbosa and J. Feng. Robust Sentiment Detection on Twitter from Biased and Noisy Data. In

Proceedings of the 23rd International Conference on Computational Linguistics (COLING), 2010.

(©2009 Information Processing Society of Japan



