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Al Geg T AT, A5 DAL B i R e R AR B SR, R R S S e B B RK
FAF R A

LA Twitter Jyfl, V4t A aift AT R M i 2 —, Twitter A8 5 ACHEMT P, B RK
RIHEL (tweets) BT 3.4 1055, HAF B WA LF a1 I TG N EER AR & EFAF. SR, ot
WK B R, — B IRMEUA TR 5AE Twitter _E PR A I 2 A SIS A 2 1) 52 K8 [ B
SR AT DA, T A A A AR R I B 1 2R IR T A AL

AR, Twitter [FIREE 1 — ML RERIEAIE BAZRF & M. £ Twitter 1, A1 AMY
PR32 S — 30, B ST AEHE SO RIAARATTR R — A S SE K, VRt SR B G e <
S b, Twitter P GICLE 7T LA A SE W, GRS EMRTHE . 84, BEE X LY
PROTAESE B SN, 72 HARRAT RIS -F- & b, IR . SRS, A T ORI A s
R ERROL R, XN R AR Oy 1 N ERE A AR S S AR IR, I8 i S 1
ISR AR A, BRATTAT US4 7 AR 6 JE R AT 5, AT AR BB P o ) 8 A 75 (T ) AR #A R AL

LR 7 E I T OB R R A e v o M, S TR RS PR B R S BRI an gy
A A A OO AR AR TR SR U AR A S DRI, BT T2 T B SN AR A
FHAGUR, IRAETOE . A R R - 6 1) #o 2 8L

BEXS 3R ), FATTEE & O L 1 R TR) R AR T — A S B AR S H B B 3 R I T
% (sentiment-topic detection, STD). 1577 {218 %ol 1175 S MM 12k 40 B JHL o P AR AN SR v B0 SR 73
A, FER ] ESR R A B A B DL R s 2 O T STD & B Rtk 3k
153 HIFE Twitter BRI H S H B P EAT 1 AHRSESS, K STD At #4138 5 Twitter
HTIR I T R s ) B i R AT X B SESR 45 AR W] STD REMS AE CRUEA I BUR A FTH2 T 5E PR iR
A TR, [N, BT STD 454 7 BRI A RAE, BRI 5 32 R0 5 WL A AR BURR, R
g DU RO R I AT SR A A AL G — P T R, e S A 2 N IR 5k
B Twittery FriREEA A EM, EAEARKN)— BN R 1 A2 5 20 s .

gi b, A EE ST AR LU JLAN T 1

(1) S5 G5 R ITEZMRAER T — MR SRR FRHESCH R | 5B I RRE LS
I P B AR, A RS b v 17 A ARG T ) HE AR

(2) REIERAE RN FPAR b 2P T — M2y 0l R B, FOA Rt g v 1 s -F 6 34
R A R

(3) 4rlfE Twitter FUHTIRMIE S KR A BT SL8e, Segn g R RN 75 4
BT EFITIEAREL, FEOCTRAR-F XT3 4 N E 0, AT SE DU R IR 2R, SR 25

2 MxIfE

16 SR DX — B F 3, M FT R =R 15 K2 3T Latent Dirichlet Allocation (LDA) 2= @
B, Diao % W 7 LDA RERYEEAE bk Hhn LA ER AN 5ot A8 2 0E NI 1) 2 FEPERIIE . Gao 46 1)
R HIET HDP B Gibbs KAEFE, I IR IR AIARAE, o FRE L R, BIRIX LR 7T
TAEHS AR PRt 32 AR A LA BRI 45 R, (H2 X 2 TAEAREAL BRI s, Rk AN e S 5K
B R AR R I, T FE SR R RUR BT T, M ATRAT A 3 FhoOvE O oA s RiAT i R AE A
MHIERR, 0T 2 RGBT A e B R . BEAN, Twitter WM SS 7] 388 b obs ook i) RSOk A i =/, IF
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B4 S AR AL R v SRR AN 32 R A SC RS, A 2 T 3E e B P AE 32 R P ) A2 B AT 23
fE Twitter HHE IRk &K BLSLHT 8. Becker 25 B, Cataldi 25 ). Gao %5 [10) 3% i S4BL 5 v,

Nikolov (6] $i2 Hi [ 5 By 1] /72 1) 73 FE A Y A g mT DA ask S Bsf ) 288 70 A SR iff o 3 it 1y 9
i FRRIE FE AR B 51 g BT de i, B, A58 22 3028 18 17 FH OQ 3 S8R 1) AR Ak 1T 220
HESCH S IR B, TS E, P Twitter AR IS & 2 15 BERIE R R W P 6, 15
FT AR WAZHETE Twitter 2087 A B RFERIOOME DL121 303 o0 b W0 A 55 4% B S AR 4k, A TmT LR
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78 H BT 515 BT ARG TAE b, 15 A5 3 T O 2 9. XM 73 21 B Ar a1
BLER 5 2075, ¥ — R AR WU R B SO 7 N IR [ Bt a). AL S8 i IE I et 7t TAE &
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S5 —ANT5 TH A QAT SO RS 2 ST I 729 HLRH T SO S IR 4r 5. Pang 55 18] 2 4B 653 K5
Hia TR PHE IR RIS 0K, AT AR, AhK Bayes SRR . SCRF ) LR B B T
SERTEIG MM (& a5 ). 1999 5, Wiebe 25 U4 gl #8217 R AN UL i v i g —
AR EMIERFEIR). ZIE K, Diao &5 W 1 E IR SRR, TEIE B 222 00, ¥ FE0
MR RAE G R — 2. TR ERE, /£ “FWAFAEE FIM A BB, FMM A5
KB R G, MR, £ ERRIG LT, B SR IR

FANEER T R R EL R, 78 MAEREFE AR R E SR S5 6 Fihip Ay Y R-AE
AL O5) ] T R HLAA B AR 2 B T A IR — FHRRFAE, {BL7E Pang 45 (131 DUANE Bayes FISCHFRIENER
RS REPEATZER R, X R REE 7E Riloff % 16 Al Wiebe 2 171 )55 BbR
VEF S TAE A s B 1 R PR AE B R A BA] AR R R T DL B R IA Y B R AR R AR
BNy 2 AT RIS AR IR RE. AERFIRIG DU, TR 1AL BilTa) o 2 i 44 18] 0 T BE A DA A A2 17 2.
13 el b M e A G s 4 A PR TR [ S

3 HE5RHE

ATHGA LHIRATITHE H A3 T8 ST P AR A PR ASE 7R 2 o S ARSI A o 2R . 15, FRATTAA
TR AR 5405 52 T I B, W2 AEARER T e (0 R Bt AR vk R L 8. 3T, S oA T JK
1B 20 A R 72 1 IR I PP AR 26 B, 5 A IR IR PP AR IR 5L 1 — A A SR #4435 A
RE RIS

3.1 [ERIENX

FERHAR AR, WIS B AR BT 10 AR — R A & ST Rl R S AR U, 3X
LR 1 SNSRI IR, AT R R G Oy L

FERANHRT, BVt — P8, Bt AR NI R R s i, H S oy — A4
PAT UG RS B R ARG IR 9 2L A A, HLE A TR O — M RAT IR (FE AR A NI A i g
PEMIENTR). SEbs b, AT H B b, BT L83 ROy H R AU E AR ST SR K= 3R 1,
URE LU SO IR i) R BB I 6 48, (HR D ARARAE LI 2 — DA I, BRONAR A N &A%
XA FA R A, —SeE U7 S, AR BB B A 4, P R — A
W 2 VAL R R AT U A
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BEXHZ — IR, JA TR R E AE Twitter FUFHIRBLEE & b, AT Ay PASRECE ) Ve B A L 7]
I, BT G 3Rt 7R TR 1, A IR BRI APL, TSR, AL BEAH S H .

3.2 HIERIMSLE

[F) R 7> TAERAL, FATHAE M Twitter FIEFET APT RIRBEHE. Twitter BB APL X F—
FEOR P & A U7 1) BR A, I LA LSF- A W] BRI B A0 5 e (R A 2. Twitter AHICSORS BRI E RAE T EL
BIATHE L B 1%. AR BIER APT Y8R 1R 20 REHEE, SRR B #0885 10 GB.
SIRAG T 9 ACRHET, BRI I GREEAINASE. 5N, Twitter APT R HE 7 B4/ N B
AT TR AR RS, FATLENCESE A A i SR 2R, BIEERE T 1400 DB AT UL & —
ANFRZEAAT I AV ER, FH DA B2 32 RAE — R AR WA P[] B I AT 1.

T LR W R R A ST H bR 2 A I — A1 AR AN A2 3 R R AR — s R . AL 4 i) 7 2
I ) SRR R B, AR 1 BT AT &%, (B B 8 5 S — S R ] ok s SOTE R,
HORFR S BN iA] B 44 ], 2R T ABAT T IR . IEAh, MBS RS ] LDA 45, JFAE &0 4
P BEAT S RN

A, ARZERE A A — AN RERLEE A8, — AN bR B & — A 8 1a] 5 — AN, B4 #london-
riot, #twitterparty, #nowplaying. FrZIEH & Twitter H 7€ LI, TEH 7 Z AW LLERAT. Wang
s 08 9T T 60 J3ABENLIREIOIESL, RILAL 14.6% HOHE OS2 b —MhRas. B4, SCh
TR I AT AN SR AR RS BOURAT B2 PR THIRL, SXOREE S 1 17k A 03 6 s Y ) 3R 2R 51 A e 5

FE 9 —ANE R, TS A2 PR ) SR R VR R, S S 7 K S 7D S ] TR U ) — M R i

TEHCRIHGL AL, BAT5 BIEREIE . GOREGIEAT A B, S1%F EREG, FATTRIF Twitter AP 3R
PO RS A A R, (R ot 0 L7 Y [ ot Bt T 448 A, kst 24 /1N
HAF] 4 N R AT, IR B S SN S B (R ] SRR A T B
T A, A6 R I R RSE E 24 /N T DA 2300 G B8 ST BB, £ SRR, e TBEAL
AR 5 R P BT A A AU AT 1 A, AL P AR AR 5 TERE IR0, R B i DEASLA7 AN 3L K B
CpusTEIES )

5 BRI, FA TR AHIRBET & BN T 3 A HOR SR, IR A AL 2 T B
Xt AT ARE AL 2.

TR R, T IR ST E, RATRA T MapReduce HIHES, F—Mr# S
LAFAE R MapReduce H1) Key, & IR FE AT LLE1F /2 Reduce HIHRAE. X T8 — %430, Mapper
P2 — X BRI ID, Reducer ¥ Twitter [ ID A IF A1 bR 28512 H. B A 72, 1T LAK AN
BRAL HL I

3.3 (BRETFHIZ

N T AT A P AR e o R A T A R A, 1 S R BT SR SRS M, i E RN
B TS AR PR AN G B . AEA SO, FRATRIA SVM 4328488 19, JF454 unigram FHAERTHFE IR,
WA Pang Al Lee 20 {URFF0 R I, unigram FEAEFTEEARL, ML SVM 33848 BT IS [RI3LAR 5
P E A RIROR. BEAh, SVM 70 AT BUAIE — S AESCROR P, 3845 7 HESC AR 1k 5
JE. HESCRFIE [ BB B SVM 73 A58V TRz, SRR VR R sy, 26 25 1 RE. PR, A1
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I SVM A3 7 EAE Rt AE. 9 T INZR5r 2838, TATFIAH Go 5 U RATH 160 556 FEMHESCAEN
NGRERL, Z TR FL T 60 2 B AR C R HE SR 73 IE B AR AR .

WIRTRTR, AE5EHT LAES, IR 2 N SUSAE 1 70 KRR IR I b Horp 580 & E o 2 i
NEBRHE, K& TAEA R T 15 BAR 1) 732, i MPQA 71 ANSE2, flde A - i m) T4 4k
IERGE T, S Bl K S O EVA A B R R BT RL, FRATAAIE NGBk B
1% 7 RHIE ], BAERIE R, R SHE ST IS A RAUR.

UEAh, 1E (part-of-speech) #IAATENG IS KT AR AU E. 4430 Zhinl . JEA i F R # 2
FIRERIIG 2548 br. Barboca Fl Feng 22 45 1 X T 1% B 7 b B A 280 4 ANReYE, 43 3 9 B 1a] ]
Buaia i RERS. P, AR E R R AR T 7EIX 4 25 RN, JRATAR A FIR
(1 ] LB ] ATUREAE R 1T DA I IR A R BRE E,  An bR R 1 AR ) S0 I A 1] 2 BE A M BLYE IE
THESCH, IR T AR 73 88, e, MENRHMEGE R i E — 42, A T2 L8 5 )
HH JULAE P R B 2 10 4 S ELART AT AA ) ] 25 B, DA R P A 2Kk

e, N T 78 LB AR BE I AR AL, FRATTGE ST — A1 B PR SR8 7R A SR 175 SRR 1 K
FCRHRLGRIE, W S 1.

EX 1 HEGRE, & [—1,1] B—DSe8Ul, AEER e, IERROR IER . L4000 E 8
R 4 R ey

A2, TEFR ISR, 15570 AR BT AR Lo E. e m) il i, 1R M HERA 1) S — A SO A
Xt smss, RAA ST LRI A G = S Ban, AS[F RS T Rl — 402 A7 A F PR AR
#fE, B0, “I have done a good job”, JLFFr G N# A IEHFIPFAT, H22 good 55 better FE% best
FHECES, AR B 5 3 o B R . B BA, JRATH ey 1945 70 B4R 4 31 [—1,1).

L1 BRI IS BB S, SURT L — B 1 BGOSR e i 2. 2% R8BI B 2 —
AFEXE, 75K — 2 5 A B 7 O AT N . B, BRI A AR, FRATTR FH —Fh e
14 A0 FE H R TRAT B T VE SRS BB AT, B b B 7 B 712 Histogram Equalization. 1XF77
VRIEH RE S IA B A B4 R LU RE, JU R 2 1 A LU BRI B IR, XA TV U 2R BRI
FhJ7 ik — @ R EARAE T RN LU E, R e RR AT Rk S AR SRR FE 1 23 A 1 O, 39 T 4 R RS
LU

T RGBS e 2, FRATIR BB SR ST I I T B — AN TR &, IR Gauss %1
Parzen & Ut TR IR 18] & 1A 15 & A, Bt S A a0 r:

1 _x?
K(x) = Eexp = (2)

Horh, n ARHESCHUE, s ARE et SAESC RIS RME, h IR & R SERE. S, A e x4 —
AN 18] i 1S R AR N A — AR R BE T R AE, IR R A 3 B D9 — AR 17 R 1 Fr 91,

3.4 AREAISLEHE

W 1(a) o, JEAR IR 20 i B s IR AR, ST R E RS N TR,
B b S, AT IN 2 AT, AT AR A BEAT IR AL AR B, 1530 T A 1(b) Frs IR
WA I e 5. BARRIIE AL 5920, RS n DM ZIRHME s[n], THEBFET LA DB
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Figure 1 Time series (a) before and (b) after normalization

(1) Baseline normalization, s(n) = s(n)/ZfV s(4);

(2) Spike normalization, s(n) = (s(n) — s(n —1))%

(3) Smoothing, s(n) =", __ ... o+1)n S(M);

(4) Logarithmic, s(n) = log s(n),
Hrp N ZBARRF K.

SRJA, BATR A EE T M B %, TR N e i 23X — R AESRAS I 5 22 AR L A 40 o AL

FERATHIBE R b 75 ZRRE IE RG], RARIIE A 5. FATHA Twitter RETEHTIRPTHEHEHI#
R R T A SRR N IERE B, BEAh, HABR) TR, Bl AR I SRR, RAE N SRR 2t
117, AR T A SR B AR, Forp Ry RoRIERERY, R AR 9 SRE49:

> cer, &p(=7 - d(s,c))
Yeer_ exp(=r-d(s,c))’

r R FPRIZEHIBURIE NI S, d(s, ¢) LT AR 5 s 5 R0 a5 m i P ey, 3w i R
AN &Ja, B (3) FritFEHokRE R(s) ERFIWER 75 s 2758 T .

R(s) = (3)

4 I

UGB, BATRAE AT TR A1 Twitter Kt 58 LALCHR M &GS 58 Bt At I, JF 2%
MU AN T T 485 R AT PP A 2 ORISR A 28 A AR R R

4.1 BT

AT IR TR R, AR AR (precision)s A FIZ (recall) PLJ F-score %545 Fr kit
ITVPAL. e EE4B 2, B U AT A A, AR 25 P v 2169k AR AR S
A AR I R AR Rl . DR, R PP SURCE A R R TN R R R b IR TR AR R By
% STD Hefs CRUEEL = i A 1] .

DAL 1 S S P AR TS 5 AR . e SR I 1 Twitter 2045 (VEW 3.2 /hT), &
TR 16 JI5HESC, B 400 ANFAE LA K 300 AN AER RS AL R H SO AR A8 R TR SR A B,
B RZ 24374 2550, B 150 DR LL K 100 SRR RIE ALK
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Table 1 Evaluation of effectiveness between different models

Model Twitter Sina
Precision (%) Recall (%) F-Score (%) Precision (%) Recall (%) F-Score (%)

Bursting model 60.5 48.1 53.6 58.5 50.2 54.0
V-Model 65.3 80.1 71.9 62.3 76.7 68.8
S-Model 57.5 63.7 60.4 55.4 63.1 59.0
V+U-Model 63.5 77.1 68.8 60.8 72.5 66.1
V+S-Model 65.2 82.3 73.3 67.1 83.6 74.4
V+U+S-Model 68.3 78.1 72.9 61.5 75.9 67.9

N T ETF SR ACR, AR Bursting A/ E N HEELLAEAY, [N LLAL 1R AN RIRFAE A
ORI AR DA S BB AR v g i 5 7 TR ALE A 10 A AR R ARYE D S-Model, Rl 1 i i
FRIERIREAYIE Y V-Model, KRl & 1 A AR E ORI 9 U+Model. BRIt Ab, FATIESZI 1K
FHHABRFAE AR, JEXEAS R I RFAE R R AT 1 bkt . BAR A S T Fos:

R(s) = w1 R, (8) + waRs(s) + wzRy,v(s). (4)

SIS FRATTHE B ARSI HE SIS S Twitter DASOBHRMIE BT 2 A 1 # i 1h s 04 k47
XfH, HSIR A SRR 1 s,

WS B AT U, F NS B Tr VR SR, Bursting BUE P RS OUILH 2 T P (OB A TR
—N A BRI SO R Bursting B8 1 H R HURIIK, (25 HABBARUAE L, HAERfRIE 23] [
RERZ TR, LU DU AR RE /2, Bursting BEHLZE I W7 — NS ) 57 51 2 15 22 BONRAT #a 35 BRI Ak B
RO, ARl B384 AR H B 5 I 18] P 4 A Re % i 2 ) ) A

IR, 728N 18], ok 8 2 e A ARRME R RHIE . —, BlE T I 2 R AE P B R L A [
FILARHRL R T HBGR BKHE, 5 A Pl 3R A s AR AU ZE AN 5 AN 2 . AHERLE, S A
I B R U R B 1 R AT BAR AR, XM AT A — SR SRR H R A IR 5] 40 Bursting
RS U 25 Al 1 B8 A e o 2 A Dy i B R N 22—

MR 1 P ERERT LUR BN, Rl 1 15 B IE BB b T R AR IS 1 S AP A S RCR, 193
TR A R AR ORI TR, v 7 A AR IR 45 IR, JATEEEL T S-Model Al H
I RAREE LL K V-Model Rl i) 1 @iFR4%, JEAERR 2 F1 3 thail i 1 Hrh— b i Y REA).

LIS 25 R AT LUK B S-Model By #7715 BGRIR R 1H 8, A8 IX L8156 R A 1 Twitter 2
il 8 AN HGT . BT, #TellAFeministThankYou J& H Melissa McEwan K EH), B XL Twitter b
PRI, AT RN TR R E A, RS E RGBT, R RN A A, AR S O iR
A 2B B M GTHRHE, B Twitter 2 FLHEAIIFRA RSO E E L (HZ, fEFHA1H,
Twitter b5 ZAHRRIFEFE MR 51221, HIERRIEIX —IR S-Model X HBEAT 1A R 7. [F]
FER, FERTIRGME AR I # il 2 — #5225

BeAb, I rh FATFEREELRL T RS T 2 AR B SRR, R T SH IR, H
B RHEA N BA BRI TR, R 2 SHECHE LS A, YhRe R TR T s AT L
SR HT, X0% h T F P R A SO IR A S LU 1, (E 2 AT — AR R R A
AN A T S 2 RS DRI A T R RE AR B T ARATT T SR th i RS AR T HE SR DL AR
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#F 2 Twitter HIFEE L V-Model 5 S-Model #i|3=25 s B GIEL 5L
Table 2 Comparison of sampled hashtags detected by V-Modes and S-Model on Twitter dataset

V-Model S-Model
#LoQueMasDeseoEs #HappyBirthdayHarryFromLatinas
#mbv #WaysToPissO?YourValentine #mbv #WaysToPissO?YourValentine
#NXZEROnoEncontro #giornatadellamemoria #NXZEROnoEncontro #giornatadellamemoria
#EresLittleMonsterSi #TuCaraMeSuenalb #EresLittleMonsterSi #TuCaraMeSuenalb
#PraSempreNossoEncantoPF #PraSempreNossoEncantoPF
#RANHariBaru #10TheBestMoviesEver #RANHariBaru #10TheBestMoviesEver
#QueremosBandaCineNoEncontro #QueremosBandaCineNoEncontro

% 3 FURMIEHIEE L V-Model 5 S-Model #il=EZBRI I LR
Table 3 Comparison of sampled hashtags detected by V-Modes and S-Model on sina dataset

V-Model S-Model
# 558 # 55
# TR # I
# XFHIBRAL # XIFHIRAX
# BET TR # Bk ZE
# Wi # HASH AR
# RATFE R # RATFES
# HASHRAR # JERIBIR

LERRNE, FFETA R BRI T f i i) F-score, HIERIE JLF5 V-Model AAH R, FTLA, MEEfRME
BEVPFTT 2, 0 LB VS Model ERSBUR AT RUR.

4.2 MR ITG

PRI A ARy OS2 S T [ AL CH ) SN ABE 2R By A At 1 80 P o [P A (LAS OV, SEIR
FATT0F A RS IS AR T 6P EE. 7R SR R 2, BT AR I ) 52 AN (5] 32 R ) sz el LAk, i BAER
ATTR FH A R 3 R S5 U0 N TR) X — FR AR EAT VAL, S5 a0k 4 F1 5 o,

MK 4 F1 5 AR H 18, FEAELFETY Bursting Model IR i %2, B2 21E Twitter A F E48
et TR EB S 10 SR04 R A B 328, X R AR e 2 P RR SR i HAm LY BE A AE AN
M YER AR T PR T, b Twitter 24 7] BRI i /0. 75 FIRBAY R V4+-S+U-Model A B ()45
18, [A V+S-Model AHEL, HATMIZ AR IEAIT V+S-Model, 1HIH EEEIAH 2R K.

HRAS s PRSI BN (] )2 S-Model. XUt BH, 7E 3 — F MUK T AR B, FI A i 1 5o B2 s 7 H R
B — et HBA TR O I 28, I — R ANORT DA Bl e S 32 R R RT DASE R
R RIREM, 3215 R AE A R0, V4+-S-Model HIEET V-Model A7 5 R (16 I F ).

FEARSCH, TATIR T — I T8 B 21 A E S H0 U AR 12775 32538 1 ol o8 15 S 1k 73 #r
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& 4 Twitter BURERSTRANETE LS

Table 4 Evaluation of detecting time between different models on Twitter dataset

Model Detecting time (min)
Bursting model 10.5
V-Model —18
S-Model —33
V+U Model —15
V+S-Model —22
V+4U-+S-Model -5

* 5 FURMIERIRER ST E LR

Table 5 Evaluation of detecting time between different models on sina microblog datasets

Model Detecting time (min)
Bursting model 9
V-Model —16
S-Model -30
V+U Model —14
V+S-Model -20
V+U+S-Model -3.5

Lo R AR RAT SR I P A, FF A _ER R AEAL S — N S SRR DU L G R o 44 o 2 R
N T IRTTE A Rk, A1 FE Twitter FUBTIR IH 45 5 S Bm 4R h b AT 1 AHSCSRYG, RGN H
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PRAUEAS ISR AT $ T R AR LA il RIS, T IUESE & 1R I P AR, R+ 5
AU R AU A RURK, RENS PR AT RS I ) BAT o i Ik (1. S L 2 M B, S
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S0
1 Kwak H, Lee C, Park H, et al. What is Twitter, a social network or a news media? In: Proceedings of the 19th
International Conference on World Wide Web. New York: ACM, 2010. 591-600
2 Sakaki T, Okazaki M, Matsuo Y. Earthquake shakes twitter users: real-time event detection by social sensors. In:
Proceedings of the 19th International Conference on World Wide Web. New York: ACM, 2010. 851-860
3 Agarwal A, Xie B, Vovsha I, et al. Sentiment analysis of twitter data. In: Proceedings of the Workshop on Languages

in Social Media. Stroudsburg: Association for Computational Linguistics, 2011. 30-38

4 Diao Q, Jiang J, Zhu F, et al. Finding bursty topics from microblogs. In: Proceedings of the 50th Annual Meeting of
the Association for Computational Linguistics: Long Papers. Stroudsburg: Association for Computational Linguistics,
2012, 1: 536-544

5 Gao Z J, Song Y, Liu S, et al. Tracking and connecting topics via incremental hierarchical dirichlet processes. In:
IEEE 11th International Conference on Data Mining (ICDM), Vancouver, 2011. 1056-1061

6 Nikolov S. Trend or no trend: a novel nonparametric method for classifying time series. Dissertation for Ph.D. Degree.
Boston: Massachusetts Institute of Technology, 2012

7 Mathioudakis M, Koudas N. Twittermonitor: trend detection over the twitter stream. In: Proceedings of the 2010
ACM SIGMOD International Conference on Management of data. New York: ACM, 2010. 1155-1158

8 Becker H, Naaman M, Gravano L. Beyond trending topics: real-world event identification on twitter. In: International

1555



ZEX P A8 B A7 T TR 2 81 ) Al 1 A o T A

10

11

12

13

14

15

16

17

18

19
20

21

22

AAAT Conference on Web and Social Media, Barcelona, 2011, 11: 438-441

Cataldi M, Di Caro L, Schifanella C. Emerging topic detection on twitter based on temporal and social terms evaluation.
In: Proceedings of the 10th International Workshop on Multimedia Data Mining. New York: ACM, 2010, 4

Gao W, Li P, Darwish K. Joint topic modeling for event summarization across news and social media streams. In:
Proceedings of the 21st ACM International Conference on Information and Knowledge Management. New York: ACM,
2012. 1173-1182

Hayashi K, Maehara T, Toyoda M, et al. Real-time top-R topic detection on Twitter with topic hijack filtering. In:
Proceedings of the 21th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining. New
York: ACM, 2015. 417-426

Pang B, Lee L. Using very simple statistics for review search: an exploration. In: International Conference on
Computational Linguistics (Posters), Manchester, 2008. 75-78

Pang B, Lee L, Vaithyanathan S. Thumbs up?: sentiment classification using machine learning techniques. In: Pro-
ceedings of the ACL-02 Conference on Empirical Methods in Natural Language Processing. Stroudsburg: Association
for Computational Linguistics, 2002. 79-86

Wiebe J M, Bruce R F, O’Hara, et al. Development and use of a gold-standard data set for subjectivity classifications.
In: Proceedings of the 37th Annual Meeting of the Association for Computational Linguistics on Computational
Linguistics. Stroudsburg: Association for Computational Linguistics, 1999. 246-253

Liu B. Sentiment analysis and opinion mining. Synthesis Lectures on Human Language Technologies. Morgan Claypool
Publishers, 2012, 5: 1-167

Riloff E, Wiebe J, Wilson T. Learning subjective nouns using extraction pattern bootstrapping. In: Proceedings
of the 7th Conference on Natural Language Learning at HLT-NAACL. Stroudsburg: Association for Computational
Linguistics, 2003. 25-32

Wiebe J, Riloff E. Creating subjective and objective sentence classifiers from unannotated texts. In: Gelbukh A, ed.
Computational Linguistics and Intelligent Text Processing. Berlin: Springer, 2005, 3406: 486—497

Wang X, Wei F, Liu X, et al. Topic sentiment analysis in twitter: a graph-based hashtag sentiment classification
approach. In: Proceedings of the 20th ACM International Conference on Information and Knowledge Management.
New York: ACM, 2011. 1031-1040

Joachims T. SVM-Light Support Vector Machine. Dortmund: University of Dortmund, 1999

Pang B, Lee L. A sentimental education: sentiment analysis using subjectivity summarization based on minimum cuts.
In: Proceedings of the 42nd Annual Meeting on Association for Computational Linguistics. Stroudsburg: Association
for Computational Linguistics, 2004. 271

Go A, Bhayani R, Huang L. Twitter Sentiment Classification Using Distant Supervision. CS224N Project Report,
Stanford, 2009. 1-12

Barbosa L, Feng J. Robust sentiment detection on twitter from biased and noisy data. In: Proceedings of the
23rd International Conference on Computational Linguistics: Posters. Stroudsburg: Association for Computational
Linguistics, 2010. 36-44

1556



RHERY FEERY B 45 H H 12 4

Incorporating sentiment series into trending topic detection on
microblog
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Abstract Twitter plays a significant role in information diffusion, and it has evolved to become an important
information resource as well as news feed. There is a widespread interest in what is happening on Twitter, and
the instantaneous news information that is passed on. However, with the large amount of data, it is impossible
to manually determine what topic is trending, which makes real-time topic detection attractive and significant.
Furthermore, Twitter provides a platform for the sharing of opinions and providing feedback for events, news,
and products, etc. Because users tend to express their real thoughts on Twitter, it is recognized as a valuable
source of opinions. Nevertheless, most works about trending topic detection fail to consider sentiments. In this
work, we develop a non-parametric supervised real-time-trending topic-detection model with a sentimental fea-
ture. By performing experiments, we show that our model successfully detects trending sentimental topic in a
short time. After applying a combination of multiple features, e.g., tweet volume and user volume, the proposed
model demonstrates impressive effectiveness with an 82.3% recall rate, surpassing all of the competitors.

Keywords sentiment analysis, trending topic detection, sentiment series, real-time tracking, microblog
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