H40% A4 it A HL =5 Eire Vol. 40 No. 4
2017 4E 4 A CHINESE JOURNAL OF COMPUTERS Apr. 2017

55 25 5 4 00 A
i%\: 77% ?(1).2)’“ 7% Bﬂ'lw) £ 7'{:{% D5 % &‘ D.3)

DORIERZFEH BB S TR%E R 110819)
D (R R AP &M 350108)
D(EFBT R R E R ESALHERILRY  WH 110819
D R A A SIS KR AE 48 5 0 TR AR TR M 350108)

OE U ST R AL SRS IR P B S 2 TR R U A A A A L B 2 AR U T R
0 e AN AL B A% B8 SR B AN ) SO B RN TR AL AL R e I R A T 2 R A E
2 ) I APl A SR 5 I8 R R 2 VAR DG 1Y . 2RI 1 AU R 43 BT T 1 R A e I R B e
AT IR 53 803 T Il 3 R S A e A b B 25 EORE P OG R T P AR I S R R AR S DA TS BTl A
AT BT 5 G T A RORMER R, e R T — T 2 R AR AlA Y RO 3 S RGZ A B TSMMEF (Topic
Sentiment Model based on Multi-feature Fusion) , %45 B0 15 B3R A% 175 5 (0 H P M A% I 26 FR 1k 95 A 1) 18] 4 75
LDA v 52 B 32 80 5 1% R 7] 25 5. 52 25 R R WL, 5 215 T 46 SCAR G Je 3 AL 925 4l 114 o I A2 282 (J ST, SLDA
5 DPLDA) A %8¢, TSMMF HL A 58 0 i) fof o 32 280 7 oA 00 14 .

REWR R AR s LDA G SOA s 4 8RR T 5 5 SR A
HEES XS TP301 DOI & 10.11897/SP.J. 1016. 2017. 00872

Mining Topic Sentiment in Microblogging Based on Multi-feature Fusion

HUANG Fa-Liang"”'”"” FENG Shi”"® WANG Da-Ling"”? YU Ge""?
D (School of Computer Science and Engineering . Northeastern University, Shenyang 110819)
» (Faculty of Software, Fujian Normal University, Fuzhou 350108)
3( Key Laboratory of Medical Image Computing of Ministry of Education (Northeastern University), Shenyang 110819)
Y (Fujian Engineering Research Center of Public Service Big Data Mining and Application, Fuzhou 350108)

Abstract  Sentiment analysis in microblogging is an important task in mining social media, and
has important theoretical and application value in the terrorist organization identification, personalized
recommendation, public opinion analysis, etc. However, different from traditional texts, messages
in microblogging are short and irregular, and contain multifarious features such as emoticons,
update time and etc, and in microblogging sentiment of a message is closely related to its topic.
Most existing sentiment mining approaches cannot achieve cooperating analysis of topic and
sentiment of messages in microblogging, or do not take factors such as social relations and users
emotional personality into consideration, and this may lead to unsatisfactory sentiment classification
and topic detection. To address the issues, a probabilistic model, TSMMF (Topic Sentiment
Model based on Multi-feature Fusion) is proposed, which introduces emoticons and microbloggers
personality into LDA inference framework, models emotion and personality of microbloggers
under the guidance of emotional psychology theory. uses social relations among microbloggers to

initialize topics of messages, utilizes Gibbs sampling techniques to estimate parameters in the
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model, and finally achieves synchronized detection of sentiment and topic in microblogging.

Extensive experiments show that TSMMF outperforms state-of-the-art unsupervised approaches

JST, SLDA and DPLDA significantly in terms of sentiment classification accuracy, and compared

to the typical semi-supervised sentiment analysis algorithm SSA-ST, TSMMEF performs as well as
SSA-ST, but unlike SSA-ST, TSMMEF can work without labeled training datasets. And so it has

promising performance.
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A R G B SR B R AE T LAR 45 5 A |
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YA EFBTR IO S AT L — M Sk &
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R 2 R i Ge 43 A SR m L T DL i f 2 2
Vg A A8 AR 5 A B VR 1 B 9 R 2 DL G

AP BAEMIE LSRR E M E &R 51T
s FRP AT LIRS RIS T 20 B A (oA E1%
B S OAAE) CR R R E S CERIE S CFEE
A SRR BAT R GRS %) e B
O X 54 1 285 B 5 1 Uk



878 it "

Hl

AL
-

i 2017 4F

PR NS PO BLRRE , A% A 5 Z P A [F 7

THT AR AL o 53 Bl A2 A 0 8 RS R AL & 2R W B8 A 0 114 1

SRR AL R Y R Bl 2 AR R Y R R AIE . X PR AR HE

F1 3T A R AR 1 42 5 A @R AN SR 1 . 2 Ak 4

FRAwR ot 1 5 & FRATT R UG 45 R AF X A gl

. 72 TSMME 5B rpr, J AR AT P P 4% 1 25 4R A

& B ERAE AR X RO 32 o 00 FLEAR I 24 S 8

A A G A UL I R B R s 1Y Ak
THH 2 8 He ) TR Ak (D
_ usLuls]

E US[u]ls]

Horp . US J& i 32 5 17 S AL 2 [a] 119 SC I 46 1%
US[u][s A8 I 3 o KA i BA 5 s iR
TH BB AR SO — A5 S 2 01 A 2 Al T
e BRI " /Y L W J& Uid » SSet = { POS, NEG .

T EARE T 2 B0 5 AR (3.3 5 o Y 3 A i
EACRAE R R op Sl 32 U SR A DG 7 i ALBLH
H5Z RNFZAR P A S8 B AR B
M US 2k [ 38 N 19 1.

H R TSMMF #5 BUAY ] 1E £ 1% 18 1 b 451 >
S AR P PEAR I 26 Rk B R R LA AR AT Y
PR AT LAY ) SE LR P R A i3 R AT T
SR S 2 DT 9 N DL i 4 T 2 iR A
T4 RevE. JCRE, 1 Z 1 I8 A 23 R S s 7Y 1y

S AR B DRI i) 6 45 5 3 1) PR DA A U 55 2% B
506 AR 1 BB IS B A P R AT — DT e
B T AE.

3.3 iEEUIELR

f TSMMF #4359 A= o 72 v] 1, 43 A
A.B.H 5 Z ZFRMER A% O 1 X3 265 A 1
flivt AT LA 5 #E S ) B 2 1 0 R 7 3 A 0 ek
WMEAR . T RAR X 23 A, AT ZE X AN T S g
o3 A AT Ak T

pi=t.s;=s[t;ss; wiesas s §) (2
e  Hs Al T m P AL E
LRIt R GAlESCRAE A5 LA HoAth oo & (GAliE
RG4S 1 32 ) i 5 0 SR Pk 1

MHT T 44 AR 2 AN (E A R AR R S B0
F5 1k (2% 43 3 (variational inference)t™", #] B8 L 4%
1 Cexpectation propagation)™ 5 ¥ #i #y ( Gibbs
Sampling) ). A7 R AR S —Fh P = AL MCMC
(Markov Chain Monte Carlo) SR ¥ J5 ¥, & °] DL il
i B AR AE T X A P ME S 0 A LA .
T8 B 3 A Wi R A Y £ 5 B %, TSMMF #8570 2 85 11
i (B R 35 A1 0 R A 5 3k

@)

BTG 56 o A (G20 sk T BN w3
TR e E e SR s MRG0T P (w.estss) R
P P 1 (o) 55 M 4 A5 2 4 ] 0

P(w.estys) =P(wseltys)P(t,s)
=P(w|tys)Ple,|t,s)P(t]|s)P(s) (3)

AL R BRI AR 0 A P(wsestss)
(825~ R 43 S A 7SR A o A BI85 A1 B3 Al
Z.r A A 5504 H 17 R LB F P(wl,s)
Plelt.s) P(t|s) 5 PGS, Bk W (D,
X G KB HRD.
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{(np i+ Ta in.,y-+WB
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Tl T (9)
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s=1
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S
(b D0 (GpF 20
s=1

Horbat® 5 s 0 SRR BR T 0 m 5 A
Y AT A A A G Y e 1 R e
t 5 s O BIFORBR T O m PSS AL E R
TH AT Ah oA BT A 2 0 A 19 5 1) 1 TR )
(b= RN AERE m op S BRI o W2 0 AL
EHRFAE SR B e R R s B R BT
B Ang b FORTERLE m v BRI e 55 @ AN
R AR SN, BN RO TR s B R AR TR
() - FORTERIAR G C P BRI m 5 ¢ AL
B EMITR AN, B w [F] R T R R R
s BB (ne b RORFEIE SRS C P BRI m
e d ANALE B R TR AL BT Al B A R e A
TR AL s B TR BT 8G (ol ) - RN TERI G
C BRI m 5 ¢ AL E BRI ILR I RAEAT e
[ 6] Jg& T F2 0 ¢ AV AR s A (po ) RO
TERITEE A C P BRBIT m 5 @ DOLE IR
Sb A HA B R AV AP s B9 RAF AR
TR ) - B RO AE B m P BRI m R 2
APLE A RFAE SN  HA AR s A RAE S TR
(- FORTERL I e o BRGAE m P25 0 A LE L
O RFAE SN A A R A 9 B4

AR b3 I 96 20 A o i) LA Bl 55 A i R A R
M Markov B #3875 SR AR AR . DT 552 B 3 8 15 Uk
Jrfii A.B.H 5 Z (iU,

A, = Mt (a1
n%s+*7b
Be, — M (12)
n,, +Wp
<= Pt (13)
po.+EC
s A
H, = (14
na A+ >0 (g 2D
s=1

3.4 HEEER

58 2 B £ B b R 2 56 01U RT DA 4R
TG B A ) BRI PR RE. b T 4T TSMME (1§
18 32 U IR 2T BE ) AR SO IR B S I L RS A
i IR ST I 5 32 R 503X 3 AN T Ik 38 4 A1 Bk
HE SR IR,

(1) )5 16 S 0. SR — A8 T ik ) A2
TV B s DT IS 4l 4 R A A R 1 R B L
— I IR ML AT A A A R ) L X2 TR R
221 I i) ML S S A A0 TR K 7 AR T L T T R TR
o 32 B R R Y. 5 A S A R R 4% S04
() — P Z R I 2 I B rh AR o 2
B IR PR FRATTE R 3 AT A Al A A 15 ] i
(NTUSD,SentiWordNet 5 HowNet) #1744 . 7F
HAE R Ll HowNet S B UE. 17 18 17 8% 5 56 (R
() E A A Ry < 6 T SO B AR G 1 ) B ) R
TIE w7 w Y IAE R R 04 ] e ) DA X
JOE 1) 1 JRAEL » 75 U)K L B L ) 1 TR

(2) FNEFFIG ST, BT RIG MR =2
Y bR BIAR 4 59 A 1% 38 BAE A O TR R R
Gt & B R EMS R G R X R
SRGEMEENASMHEEZ BRAGLHAMTS
SRy 6 R 22 O P A AL AR FR AT P s A
20 D RAEAFS 43 A & R IR IG5 & &
POSE={5, ), ), :P, =), :], (:, 30, XD,
D:, =D, =]} 5 IEEEREF5HE A NEGE=
{:/s r0, = 2 =/, =G =], =L BRI
B BARFRATT H A FRIX 20 P ERAE AT (HIX 20 Rl RS
FFEA AR 9 i AC M 1 A FR AT A0 2 56 Kk 4R
X 20 B AT B BCR TR I A R AT B B0 S
95 % LA b MR N BRI b b AR AR B i R A
FF I 0 55 A TR 9 2 e, H 2 2 A R 28 By 5 [R]
FE A 23707 ofe B Y 1 I ) 52 % B8y T Uk ) E) A2
ARPEIE — 5 R AE AR R HOE UM OC Y B )
OMX (V+P)).

(3) F s, TEMIH R g s 8y
Feix s BN 5AEE 20 B RS R &
HI LIS () i 8 X ok W A — SR B BT R
Bl Hu % AU 48 0 3 4 58 56 R 0 S 17
AT AT 7 FRATTHE s SEAR R T T 32 S )
Ih k.

ELA5 10 B 1 2 o 1 IR O 5 RS A 5 18 Bk
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55 IR M R 28 1) I 25 B 1 A B ARG R )
BRI R 7 WS FiR 0 B M BE &,
TSMMEF #5278 0] 1 2y — A~ 55 Wi B A5 7
gy bk AT T — RN I ) s L R
#: PKlnitializer (Prior Knowledge Initializer). % %
PKInitializer 2 A] 43 Ry PRy 55 1 884> GLIR 1
52558 2) th 58 X i R O S5 3R 1 AR T 00 4h 1 sk
555 2 35y GB R 3~ 0% 7 2 57 B TR A
FH I ZR 11 Bl T = R ) S A
&% 2. PKlnitializer.
A IR E C={m smy - smy )
i+ B T T I D {1 P Y IR o R A LR IR
(g E NS
BEGIN
1. R PG I im) o A 3] o T T 00 2 155 U A 5
2. AR AR N A9 4 X6 0 A9 T 40 B 19 R A
3. MR KA H BRI B ARG R4 T (M M, e
M, s My} Hop Mu={EM, ,IM, } , M, 3 H P
u RAMMIEHE S EM, FRAN v KN EA L
XEBHHABHEB L IM ZR AP « RHANWEAR
=B RO B
4. %t FBEA B MM EM, , 5 br %5t
“peeseee 2t o ML B IO B A O IR R A
5. WA HAEXT IM, i3 BT =B R
EM, 3876 B m wita 46 IM, AR ATH B m 1 32088, 78
By B0 R G o 0 R AT IR e 1 KA B
o] P BE S dist Be/N HL dist BE/NF48 58 1 e [] [ 5
6. IWFTH R s 10 A5 P o R4 2/ H & A
PR R 3 OB P SRR KX 10 AN P
M BT P w BT m HEAT ERR G, -
PR B W 208 5 WAk IM R — 4%
HERSYISES
7. BWENLIER LTS B om M BB R E AT 5 iRk
IM, T — 400 B 328
END
3.5 BEiE#ERESH
7 LT3R TSMMEF 455 5 f) g 8 32 01 Jak 4y
Brid A8 AT R e B XAk B35 TSMME_Miner.
AR R 53 4 ARGy (DS 1 R4 GRER 1D
B TR RO % AL B L 3 AL SRR AE GRS A
FRAGAF) 14 B Crp 343 3] L 98 S stemming L FE AF
FEIBO ) FH 516 565 60 TR A I A 0 0 A 1 TR 5 A
TR IR S5 5 (2) 55 2 W43 L IR 2) 58 iU B 5
B wI A6 Ak R BUR J7 L 4 HRE w MO A2
VW= s s st sn, US T 5 RIERF S
e R AL VE = { Ppores Dovs Mucrrs M s Mo s
US}; (35 3 # GLER 3~ 208 6) 3258 i Gibbs

KRR AR S H TSMMF 58 S B A {E s (4) 5 4
BB CGEBR T MRS SR o A H 5 i 3 R sk
G3AT A VAT IO S ) 32 R SR S ELAAR R X
T E m. A HL > Hy < WZ I B Bk o
Pos , &Nk Neg.

&3£ 3. TSMMF _Miner.

B IR C={m smy s omy )

s ROEERE C BRI R m 1 Bk P

BEGIN

L. RO b B398 L PKInitializer %) 4 b i 5 45
IF Gl 8 R 25 49 1 175 I 45 34

2. MBS (.89 5 O . i (A.B.Z 5 H) FI4E
% US ;

3. XM R C PR AE GRS w FIR ST o
PATA R 3#AE NS 2 VW 5 VW R HERR B
BHREEs 5EB Wi w SREF e, R
LD HR A0S wo e 4 3 57 ) 175 % 3 A%k
CSnew s Lnew )+ 38 FHIE AR Suew 5 FE IR toew B
P EE VW 5 VE, IR 5 R IER () B A

4. HEARVEON 15

A 100 WL ARE F T RALLGE A ALBLH 5 Z
B LW

6. FEAW 3 EHW 5 HEEE LR E

7. TR BN AT B mL A HY > Ho WEZ
SR AR I TR o 5 D Oy 9 A 15 UK.

END

BT B&—1 SXTXW ByFE 4, 4 i B 75 218

W SXTXW I, fr L= A4 B R[] 5 4% 2 O(S X
TXW) T Z2E—"1SXTXE WHFE. AW Z 5
BEA S X T XE WK, VA=A Z (/B [8) 52 4% % 2
O(SKXTXE) i T H j&2—A> M XS By M., fir LA™
EHBBHEREZOMXS) , BT A R4
M X SX T (5B, BT LL7= A A B B 8] & 2% B 2
OMXSX D). X FrAiERE C A 3 iy i
BLOEE XN IR MX (VAP i x4 o # 19
BRI 24 B OM X (VA4P)). B T O(M X S) <<
OMXSXT)<<O(SXTXE)<O(SXTXW)<
OM X (V+P)), i LA B W I [H] 52 4%y O(M X
V+P)).

(<21

4 RBEHH

T i A AT TSMMEF 8280 i) 1 fig L F AT
3 AN Tl B B S Bl 5 4 R AT S 50 L 0 i) A1 R
O3 Sy A, 5 R B T AT v A R ) B L 2
A 5 X A 6 1 5 ) TR R A I 4 S RN HE
R L B FH P 3 B o 15 J% 23 286 T 1 R A S i
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4207 W IEAT 43 M. SCIR BRSO . CPU l Intel(R)
Core(TM) i7-2600, P77 8 GB. OS 3} Windows 7.
4.1 HES

Hy T 0 S U % A3 B I 9 I IR AL T R AR
LN EE R . Twitter Z K01 & &b F
BB 22 4 i BT JLHR A 9 S IR R 55 o LA 45 oA [] B
il 21 T 80 BHIE EAR 047 FH T 52 50 HE 8 1Y)
s o B . R AT 2o 9 BT IR S APT 45
I g 5 o 2 1 o o ) 3t 52 596 B 4 4R (L3R 20 X F
SR B B 1) ST A FRATTHEAT i AL B AR IR
TG BR B 0 i R P CFE — A SR R TR (10 RO T &
IR T 3 2O 5 & P i sk
FH P B JE AR 1R 00 8 B T Ak RS G A TR R 9 4R
(First-Ten.Mid-Ten 5 Last-Ten) 43 %I & f 1 FH
TEHRSE IR B (2011/12/1~2011/12/10,2012/1/1~
2012/1/10 5 2012/2/1~2012/2/10) % & i 1 18 (i
3 ANBR B XS FR K Data-old) , 3F 3l 1 A T )5 2 x)
3 AN KOS AR Hh B BT B BEAT IR bR . 5 R
TS Y ) S 0 0 R R 6 A e T U DA A 4R 3
T S AR B RV L FRATT D3 Ah SR B I 4 36 B 3 1 (]
(2016/3/10~2016/3/19) N () 4 = Data-new , Jf:
HEAT AU 3. A I SN AR e iy b R L AT
T3 A B AR B T A 0T SR S BT R i A 715 R
PEAR I I 0 bR 1 25 2R 1 — Bk 217 Kappa ki 55
G 25 R 2% 2. 5% 08 S bR TS — B0 i 3R AT
HR4E high-voting Y 5% 5% J5 ) o B s H 1 B 1 05
J&. NFE 2 [ IFED ., 5534 First-Ten fl Last-Ten
A8 Mid-Ten BT I8N TAR 245 R — B EAIR
XU Mid-Ten Ho i) i 10 ISR E AF X 4558, AT
RE 23 25 T A% U2 B 3l o0 A B s B R Pk . AE 3R 3
H1, & Pos 5 £ Neg 43 7l J& 48 BURE 8% 5 05 1 v Jek
HEEGEM 248 & A R M5 1 B4, EMP 2
16 oA TR 5 ARG B BB AVL Z48 B
KU BRI PG E B EEF 558 M
A BB N 2 v LLE 1, Datanew [ b5
T — B0k T A 3 S EE 4R L 2Dl A SR 3 AT AL,
Data-new [ 215 #F Lt 4] 5 B A% 15 2% bb 491 b 22 1 1
Fofth 3 A% .

®2 REBRFRE-HEEN

Bt BRIEFRX -2 FREFHFWA-3) FRIEF(2-3)
First-Ten 0. 829 0. 831 0. 828
Mid-Ten 0.783 0. 802 0.794
Last-Ten 0. 828 0. 815 0. 836
Data-new 0. 835 0. 847 0. 842

=3 THHERESIHFME
BARE U E M #Pos #Neg EM EMP AVL
First-Ten 121 243 12364 7053 5311 6264 2749 42.76
Mid-Ten 98 249 10972 5158 5814 4376 2533 44.29
Last-Ten 128 229 11875 6983 4892 5421 2645 41.12
Data-new 146 387 12208 8136 4072 8295 6192 56.68

4.2 ERESKREREDH

T PR TSMMEF () 6 191 B i 6e T . 5 18
F| TSMMF #7122 5 () 76 Wi B, FRATTKs H 5 2wy
e FLAR R 1) 0 W B 15 Jke I AR (JSTHY , SLDA
I DPLDA®) 2 Y 5 Jg 2 o) #E A SSA-ST" A0
FT SVM (A W5 B IE B S BERLAE 3 B0l 4R
(First-Ten,Mid-Ten 5 Last-Ten) 3 71 {8 1F B 4>
FIEH % ACC L #. m Lhd B 19 )2, % 92 5
SVM 8k HAR Ry 3 F 43 16 $R AE (1-gram + 2-gram)
4y 1ibSV M. i 2 i 37 [] 23 A 1) B AL b A 3ok 5 30 42
(First-Ten,Mid-Ten 5 Last-Ten) 43 |l #y1& 8 4 52
0550 . (AR 45 A SVM SR 10-fold J7 5K
HEATYINZER 1 o DRI 7 A — W% S 50 o L 2 4 02 A 4%
ARG AL Y. SEE A R R 4~FK T,
R Ave R & HBURE 73 2K E 1 R 0 B E
(Average). t LR £ T LIE H: (1) TSMMF 7£ $4
&4 First-Ten, Mid-Ten 5 Last-Ten | # ff J&&
Iy T INAY B Ry et (70. 75 %) LI 22 (66. 81%) 5
W#(69.15%). 454 % 3 8145 & (First-Ten,
Mid-Ten 5 Last-Ten 1954 HL 24 51 /& 50. 66 % ,
39. 880 FN 45. 65 %0)  ANHE & I, B s 4L BT & R AE T
1 L X TSMMF 45 & 43 25 IE i 2 H 5 2 5%
Wi s (2) XF e 4 2% (TSMMF, JST, SLDA F1
DPLDA) , JL HJ& Avg 17, Al DL & Bl TSMMF (1) 1%
TR IR0 2 TR A8t e T oAl 3 b IR M I R
J5 1 JST, SLDA # DPLDA, 3% Uit B % 1% #F 41
I 0 A5 R 8 I 25 R AR 1 51 A BB RLER T
T AT T A A R s (3) 5 2 W B T2 o B
% SSA-ST #f . % . TSMMF 7£ 5 3% 4 First-Ten,
Mid-Ten 5 Last-Ten i1 B85 5 i#b — % . 1
7£ Data-new |- TSMMF 1 f5 J& 43 2% 1E B % 2L 1%
s (ORI 4 AR iRk ACC AT LR B, T &
RRH ACC #H BLAE SVM L X 58] SVM B Ay
P G Al A W19 R 4 A B vk e 1 SRR N BB T L T
XIEAF 5 Pang % AU LIRSSV GO RE S
SVM # Lt TSMMF 1 1% & 43 2K 68 1 fF 15 25
B AF 2 18 B A s 25 IR R I 5 80 10 v B AR
FL2E PR A ] DA 52 1Y U R A A AT L 1 48 1
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MBS s (5) HARR 7 H AR (R 4~ 6) 7]
L& B, 45 X T Data-old, TSMMF # Data-new |-
AT M S IE T R A BRI 4R . 5 SVM Y
FIILT-AH Y i HA 4 FpI5EAE Data-old 5 Data-
new b (1 %43 S8 IE A AL A — BOF A BLECR
EAR. Z5 5 3 3.0 B2 U0 % B : Data-new i
HEREREMAE RS TSMME 424t 1 7R HAL 3
AL 2s.

R4 BUEEK First-Ten EHBRSXEMEIE
15 SVM  SSA-ST JST SLDA DPLDA TSMMF
1 72.05 70. 34 58.52 56.29 58.17 70. 62
2 71. 84 71.57 59. 54 52.99 61.38 71.73
3 72.89 71.28 58. 41 58.92 55.42 69.92
4 76. 83 74.41 54. 27 59. 38 57.87 74.33
5 72.01 70.15 53.77 55. 70 55. 54 67.67
6 73.93 71.33 58. 14 62.11 54. 37 72.49
7 70. 85 68.52 59. 34 58.93 56. 35 68. 30
8 71.56 72.09 62. 43 54.53 57. 37 72.90
Avg  72.74 71.21 58. 05 57.37 57.06 70.75

K5 HIEE Mid-Ten FHBERSLEHELLE

e SVM  SSA-ST JST SLDA DPLDA TSMMF
1 71.23 70.07 60. 51 58. 94 58.55 66. 90
2 75. 40 74.72 59. 30 61. 83 56.47 65.31
3 75.40 74.29 62.70 59.13 58. 30 72.37
4 76. 84 71.16 64.61 60. 26 58.19 63. 41
5 75.92 69. 95 61.67 64. 24 56. 31 66. 45
6 76. 66 70.23 63. 80 60. 04 58. 87 68.73
7 71.78 68. 98 54. 01 67.32 60. 44 66. 05
8 70. 42 66. 66 59. 81 64.69 56. 85 65. 21

Avg  74.21 70.75 60. 08 62. 06 57.99 66. 81

R 6 HIEE Last-Ten TMFRDEXEBELR

4.3 FIRE

TSMMFE [)— 4> H % H 5 gt 2 31 £ a4
rhE G 5 LDA A A, TSMMF 75 #E 47 35 i 2
SN 5 2 2 ST L I A L DRI AT AR 5
TH A0 TR A 7 5% T %o ity B 7% R T G A S e 4
W8 HiZRAT LA R A 3 DB P RS
U B HBA B R a0, 78 U1 T
T » DA B& &5 75 8048 5 First-Ten o i 3 8 ] “ vp [,
—A~ TR R W B 70T LA S O P e e —
] P9 A A A B R A AR Mid-Ten iy &
L] SEAR ARSI A ME RS IS AT AR O P
TETE DF 18 1 W 45 AL 45 DR LI 3l L i A ECHE 2 Last-
Ten i F R AN A HL52 B SR JI GO P AT g
YRV I 8 000 H 2 O ik g ) X S B T P A
X < — [ W R PR B B 5 OB R ) AR
W SCHE RS BRSPS A B R, 7R
TH AR 835 8 7 T B04E 5 First-Ten o [ 3 8 in]
et b, TAE” Remtde nt . b S — 2k TAE
JE 777 2K B AN Tl S5 AR 26 5 2 50 48 Mid-Ten
() AR oy = R B R AR P 3R B S R R
ZEIRVESEAT W AR . T 845 4R Last-Ten Hr i) 380
T AR T T T A B 2% AR X BURF R BB KA
VRS 4a. DN L T8 43 B AT L, 5 4% 0 15 A R A
LDA A L%, TSMMF A] DL Gl {97 5 48 340 42 L
{14 [F) ik 3 47 3 A {55 gt 1) 43 A

%k 8 TSMMF 12 BUH £ B R

GRS TR 155 Je T 1 17 I
41  SVM  SSA-ST  JST SLDA DPLDA TSMMF UNCE TP SR PRI g B, Aot 8 i 3 TAE,
1 72.26  71.95  57.25  60.70  54.72  72.15 First-Ten ﬁﬁgﬁﬁ; I?ﬁ Tﬁ-j;ﬁ L/g ljJL\Ha‘éQEJ IEIT}&K JH&
7~ . —. —. —. —. M) . L . s {H - . s ZXs s .
X 080 68. 82 0. 92 ?9 86 ?6 o 6. 67 R PEL BRI LT L MR
3 72.41  69.06  59.08  55.84  58.74  67.76 R B D AL
_ n _ NEEREE) . . B XL St T . R,
Lo Thoo Tzt B ET 0040 s 1T T 60 MidTen  BAHLBEAELE A, HSCL I % R
5 72.89 71. 86 53. 87 60. 29 55. 56 71.23 WKL A EA L TS, AT U L P PR
6 69.39  68.59  60.40  53.86  58.47  67.91 —F .45, h) B FE—ALT
7 71.03 70.55 55.57 52.99 57.57 67.93 FH LGB AGERE, L. A .. H
8§ 70.59  69.11  58.35  54.05  58.81  68.91 Last-Ten oo IR gL S50 B AR, 36 B Ak 0 A i
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Background

With the fast development of Web 2.0 technology,
microblogging, like Twitter, has become a popular platform
of human expressions. The huge amount of microblogging
data is a useful and timely source that carries massive
information about sentiment and opinions on various topics.
How to automatically detect sentiment polarities and discover
hidden knowledge in microblogging data has become the major
concern for both the academic and commercial communities.
Different from traditional texts, microblogging data are
dynamic and contain multifarious features such as emoticons.
update time etc. Most existing sentiment and topic detection
approaches treat the unique microblogging data as noise.
However, this may lead to unsatisfactoriness in sentiment
classification and topic identification.

In this paper we study the problems which belong to

the field of social media processing and it is also related to
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data mining. We proposed a probabilistic model, TSMMF,
to discover topic and sentiment distribution hidden in microb-
logging based on multi-feature fusion is proposed to overcome
the abovementioned drawbacks. This model extends widely-
used topic model LDA to 4-layer joint topic sentiment model
by adding a sentiment layer between topic layer and word layer.
Secondly, TSMMF introduces emoticons and microbloggers
personality into LDA inference framework and achieves
synchronized detection of sentiment and topic in microblogging.
Finally. the experimental results show that TSMMF outperforms
state-of-the-art unsupervised approaches JST, SLDA and
DPLDA significantly in terms of sentiment classification
accuracy, and it has promising performance.
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