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A Short Text Sentiment-topic Model for Product Review Analysis

XIONG Shu-Feng?!:2 JI Dong-Hong?

Abstract
we have to face the text sparse problem in opinion text when the length of text becomes shorter and shorter with popularity

Topic and sentiment joint modelling has been successfully used in sentiment analysis for opinion text. However,

of smart devices. In this paper, we propose a joint sentiment-topic model SSTM (short-text sentiment-topic model) for
short text. Unlike the topic model which models the generative process of each document, we directly model the generation
of the whole review set. In the generation process of corpus, we sample a word-pair each time, in which the two words
have the same sentiment label and topic. We apply SSTM to two real life social media datasets with three tasks. In the
experiment, we demonstrate the effectiveness of the model on topic discovery by qualitative analysis. On the quantitative
analysis of document level sentiment classification, SSTM model achieves better performance compared with the existing

approaches.
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O FE kWi N T kiR R

B AT T A R e, RSB AT RE & 5] AN
HEE (X2 E T 0 R 7 g ). 52 br L
1K S gt R AR Y g 2 ) S AR DN, LR T H
B — LB, W (M, ) R (12, /) #R R
Kt TS H X R S R AR ] A (PP H
BR). XX, FRATE — OB R FER
AN B AT GE AR S i, G g ] G ) S
PR /N WU, a4 PR ng LB
G5 VT BE 04 19 A1 e 255 BB WA AR 1) 67 T B . X 2
GEiteE ) R TR R S T R L. SsE Lk,
W7 SCik [14] DAL, ASUMS dofidi ] 728 T
A XA SRR U T R SRR
Frill 2 ASUM B8, HARE— M) 7 i iir A ) 2
7B HH [ Y B RN R S M FR 28, AE SSTM. 5% v,
AR T ASUM B P il 5%, LA
Y0 BBl PN 45/ N B [ 2 T T PN B .

2.2 SSTM 1&E&

SSTM LT I P A A B AN SCRE SR 10 A2
R IR, BE R, 8 S
FH KT A B ST T HEAT Y, Al 1 i, o
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T, BN 2 MEEREE S | BARAEARAR. HER
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I

(2)

%
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T
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T ™
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HEMS . By, WXEEG B AR

F oz, [ERARE [, FRATVT AR A DL - Hp 58 00 A0
Dirichlet J:HurPEHERIE S50 0. ¢ Fl 7

Nk+Oé
0, = 10
"7 M+ Sa (10)
Nijw + B
o= b 0 11
e =N, YV )
Ny i+ Ve
T = —— " 12
! N, + T (12)

2.4 HERTSCAEA TR RAR M RN R

N T E R SCA G B IR A, SSTM 354 % SCR Y
IR I, AT 2SR — ) P R
R ATAUAE VT ST A8 5 oM R 1. FATH T 2
AU d B AR -

_ @)
L, = arg max N, (13)

Ho, NS RSoy d s EGRZ R | TR,
TG AR R TR, AT EA AN
THEARZ:, Wi A

L, =arg max P(l|lw) (14)

Hor, i) w IYNEIEARE N T AR P(1|w) wT Al s
DU 2 S
2. P(2)P(l|2)P(will, 2)

P(ljw) = ;(g P(2)P(l|2)P(w;|l, z) (o)

2http://www.jd.com
3http://product.it168.com
4http://www.keenage.com/html/c_index.html

Hdr P(z) = 0k, P(llz) = my H Plw|l,2) =
P 1,i-
[l RE AT AL RMG 135 w0 28
P(2) > P(l|z)P(w;|l, 2)
I
2(P(2) 2 P(I]2)P(will, 2))

z

P(zlw) =

(16)

FUAE BRI XAE— PRI 51 7 AR AT )
SCRS AR R A, (R SRR R AR At
5 ] PARE— 2B

3 SCIWE
3.1 g

FRAT I Y A 28 0 ) 3t P TR SO B 2
EIEFRAT I vk — DB R A THR? 1
LA R TR, A2 IT168% [k FAL
P PFE B, FEET PR Z G, FATR AL
HTAER B R br Al B Avs e, fd ikt
HE SRR GHE BN 2 s, ek, 3
AL 50 % AN RE SR TS HL, 5
Hb 50 % HIAEIIRLE.

%2 EHSIEE
Table2 Statistics of the text corpus

LSRR FHL

ORI 20 32
PB4 3988 2289
NS NN 7964 8787
IETETFEEL 1993 1146
TR AL 1995 1943

3.2 fHRAH

DRI Ay 1 ) S R % B2 (16 00 2 % R0 TH T T
T AR M, FRATEE M (HowNet)* 15 % i ity
SSTM AU F AL SE 555 L. 1M 155 ] i 76 K 2
5000 IETEFI 5000 AR, A% 2.2 A4,
FA IO R SR S Se g 2 4 8.
3.3 XEEFEMESHIRE

TEE R B3 L, 31 54504E LDA F1 BTM
AT T XFEE AT, SR ILEE 4 . X T RAT
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%, BARIRANW g o E2- ) (1Rl E BAUR T
1T 57 ), (HJ2 Rk T A m s SSTM [MERE, BT
PERE AR B R ST S X Ak, FRATTIA %
1T 54 BN 288855 SVM Xt LS g

FE2% VR A SO R R AR R AT e 1
A R R AR P L E I R R, et s 2
IR EAE R SCR A . LDA 228 BLpy F2 i 78 gy
¥, BTM 3l F A4t 2% SSTM. BTM., JST
A ASUM &4 SCEEHITH B /23t

FESCIG Hp, X T H A T AR Y (6 4% AR
WICHH A R B S UCE. X SSTM R, KA1k
TIXFRSEL o WIEH 0.03. v AN 0.02. S48 3
HAEXIFR, WS 3.2 AT A, BATREREARH T 5
HI{E>H 0.05.

4 LWHERSHH
TPl SSTM BRI PR, JATBT T =4

155 TR O 9K 14 A BT SCAS ) 15

4.1 FHEM

X T RS e B A e — A AR ST T
N BA TR Bt R ZEAT W AR AT, A
L bs B AR 11 R B . FA) e 2 AU H
BCE O 25 I, T RASRAT B i) A B 1 A
PEDURRCR. R, AR5 By i S g Al B i
B3R 3 MR A Rl T SSTM KL il A
AR A AR, R 1A 5 24 B i
ATE o, Wt FAR AT RA . AT A £
SSTM A BTM 1 £/ 5 /T LDA B (G
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Table 3 Example topics discovered from LAPTOP dataset
SSTM BTM LDA
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Table 4 Example topics discovered from MOBILE dataset
SSTM BTM LDA
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Table 5 CM (%) on laptop dataset
I RERTD O AER 2 FRER3 ARER 4 CPIE
LDA 58 50 60 56 56
BTM 70 66 75 72 70.75
SSTM 69 64 72 67 68
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Table 6 CM (%) on mobile dataset
Dk RRERL O BRER2 BMER 3 ARER 4 P
LDA 69 65 71 74 69.75
BTM 76 74 81 81 78
SSTM 75 72 79 78 76
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Table 7 Example sentiment-specific topics discovered by SSTM
EATRES Tl
1ET pili} i) palii]
ik M S L G By S 74 AL 55
AL N /h AR iR} fa it et BfE 5%
VN ks s S I8 AN S FIE AL ] 2%
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Jid s fEH & T Egiid Wy b3 pas kS T
b Ee S HhrE bei HE L k(e P& il
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N ity WE JRE H& [ES BLE HFIR P RiAF5 Wig
8GRI ER (FEEH BB 25)
Table 8  Sentiment identification results (The number of topics is 25.)
B JST ASUM SSTM SVM (Uni) SVM (Bi)
ESITRRN 0.637645 0.50677 0.57754 0.65503 0.66047 0.70021
FHL 0.602188 0.53698 0.43694 0.64201 0.64476 0.68953
Laptop Mobile phone
_—HIST-O—ASUM—/A— SSTM _—HIST “O-ASUM 44— SSTM
0.65 0.65F
2 0.60 . 060
g g
3 055k 5 0.55F
< <
0.50|F—O——0—p— o M
0.45F
045 é 1I0 1I5 2IO ZIS 3I0I 5I 1I0 1I5 2IO 2IS 3IO )
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Bl 5 SERURCH X = A J U R s R L RE A 52 )
Fig.5 The impact of topic numbers in three topic models
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