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Multi-view sentiment classification of microblogs
based on semantic features

WU Zhonggiang' >, ZHANG Yaowen'**>, SHANG Lin"*

(1. State Key Laboratory of Novel Software Technology, Nanjing University, Nanjing 210046, China; 2. Department of Computer
Science and Technology, Nanjing University, Nanjing 210046, China)

Abstract ; The objective in sentiment analysis is to analyze the sentiment tendency contained in subjective text. Most
sentiment analysis methods deal with text only and ignore the information provided in the corresponding pictures. In
this paper, we propose a multi-view microblog analysis method based on semantic features. Using latent semantic
analysis, we map both the text and image features to the semantic space in the same dimensionality, and use SVM-
2K to obtain and classify the respective semantic features. We conducted experiments by crawling text and pictures
from popular microblogs. The results show that, by combining the semantic features of text and pictures, the
sentiment classification result is better than that obtained using text or image features alone.
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Fig.1 Flow chart of sentiment classification of

microblogs based on semantic features
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B\ trainset, testset;

i

1) txtimgtr«—Text ( trainset) + ixXImage ( trainset) ;

/% Text PREUBCEE A h Y SCAR N | Tmage B
ORGSR AR T g R EEE 1 BB AL i+ /;

2) ixtimage<«—Text ( testset) + i X Image ( testset) ;

3) COMPS_LSA«-300 ;

4) comTxtImgTr«— txtimgtr"

/ #* txtimgtr' A xtimgtr I5EE * /;

5) [US, V"] = svd(comTxtImgTr,COMPS_1SA) ;

6)US«-U(:, 1:COMPS_LSA);

7)SS«— S(1:COMPS_LSA, 1:COMPS_LSA) ;

/s SRR T AT S E i, AT COMPS _LSA =
300 MK AT S8, WD AT LS [ LR + /;
U - inv(SS);
9) comTxtImgTr «—comTxtlmgTr" « US - inv(SS);
/% inv S HRURE PR 30T R pRERL + /5
10) Isa_Tir<—Text( comTxtImgTr) ;

Isa_trainset, lsa_testset,

8) comTxtImgTe«—comTxtImgTe -

11)Isa_Tte<—Text( comTxtImgTe) ;
12) Isa_Itr<—Image ( comTxtImgTr) ;
13) Isa_Ite<—Image ( comTxtImgTe) ;

14) return lsa_Ttr+lsi_Itr, Isa_Tte + Isi_lIte,
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Fig.2 Sina micro-blog data acquisition process

FAT 3 A AR AR 0 T R A

1) i BEGE AY — LE TR AR B, a0 k| %% %
R BT,

2) R AT 2 BRI SR AR 93 18 0 4 5, TR —
SRAIEAY SCA R B Gt 5 A T

3) S3il BTV I DH 531 2R S8 ICTCLAS ) %)
TR SCAS AT 53 30)

4) ZBRA5 TR or i Je 2 B — 2 0 R LR 45
HiAl,
3.2 SRERIT

SR BATICE LSA i XS A4 r =300,
A3 FH 1) 5 25 [R] B (vector space model ) FIAf /R AR
A1 (Bool model) FEAT AL, HF Tan £ ¥ B ZF
AT 15 I3 R, 6 000 4k B 28T L) Fi 4y Fom
A, BR T HEHL 6 000 VEARAAELERE, FATRR T
FRHELERE A 5 000 4 1502

TESCARRRAE SRR, T SO 49 % (( document
frequency, DF)  H.{5 & (mutual information, MI) K
J753 45 ( Chi—squared distribution, CHI) Fl{5F B 14 25
(Information Gain, 1G) iX 4 Pt SCASRRAE 5 £ 1) Jr
2, JFHOAE 13X 4 FRRIEASCR IR I 9 45 28 0 T
PG FATERIR T R A 52 B2 AR AEE | (oA S0
JRIEILAEFE I, AR5 4 42 R RRAE B A LSA St
B —AME L4534 | BT SCRHIE , 55 m /SO
MGG TE SCREAE i SVM-2K #E17 4328, Il H
DCAE A B R R 25 2R, Tl I S g 4 2R
BOIEA SCHR H 1 B T SCA RN G Y T SRR AE 17 J%
SRR ITIEA B
33 KWER

F 1R T SCRRHIER 5 000 4t K2 B il 46



5 5 1

SNG4 T SCRRE 9 2 AR 1 I 20 12 - 749 -

SCARFIE  SEIENR -5 il SCAS AR 25 & 0078 SR
M2 2R BZE R XF e, 22 1 X T DF CHI,
MI 1 1G 3X 4 FSCACRHEBEBE 7 20 F AR 432505
AR, P Y SVM-2K 248 i JL F S0k
FAEZE G MR SCRE R Z IR 3 2 e
R 1 5000 497 /RIEEY
Table 1 5 000 dimensions of Bool model

AR 1 SVM SVM SVM-2K
BRI iR SCAR+EIS
DF 0.75 0.71 0.809
CHI 0.78 0.63 0.812
MI 0.745 0.653 0.806
1G 0.772 0.647 0.81
SR IEH % 0.762 0.66 0.809

2 JBIR T SCRFEER 6 000 i 4% i 432
TTE IR L R A IR AR
R2 6000 LEHMHREER
Table 2 6 000 dimensions of Bool model

ST SVM SVM SVM-2K
4l AR EINEA SCAR+EIGR
DF 0.742 0.623 0.791
CHI 0.763 0.658 0.795
MI 0.76 0.59 0.78
16 0.77 0.61 0.77
SEEEH % 0.759 0.620 0.784

3 RIR T SCRKFE R 5 000 4EFEI {46
SCARRAE S PRIGR-55 fd FH SO TR 255 i) T SO
MEZ L 2R A5 R0 L, [RIAEXT LE T DF \CHI MI
FIIG 3% 4 FRFIEE$E 7 2O T4 Fh o 207 A 45 2R
IR

R3 5000 4EERy @ E = AR
Table 3 5 000 dimensions of VSM

BEREOE SYM SVM-2K
i AR 4R SCAR+ RS
DF 0.62 0.53 0.65
CHI 0.78 0.69 0.81
MI 0.73 0.67 0.79
1G 0.72 0.65 0.806
IR % 0.712 0.635 0.764

4 IR T SUARRFIE R 6 000 2 B 1 25 i 43245
T3 RIS L R R A5 2 6] 25 TR AR
R4 6000 4 EH A= HAER
Table 4 6 000 dimensions of VSM

FEREOTE SYM SVM-2K
ali AR 4R SCAR+ES
DF 0.74 0.74 0.77
CHI 0.79 0.63 0.83
MI 0.72 0.62 0.82
1G 0.78 0.65 0.785
TR IEH % 0.758 0.66 0.801

SEHHR R e T AN T ORI B 22 AL 1R
FER . AT FREX T 25 R 52, 3% 510
BT ARSI R I 7 A I AR BE S 2R

x5 ETENHINSABERRSEFEZSLXBERIT
Table 5 Accuracy of multi-view sentiment classification of

microblogs based on semantic features

BRI £1 F£2  £®3  F4 OFHE
DF 0.809 0.791 0.65 0.77  0.755
CHI 0.812 081 0.81 0.83  0.816
MI 0.806 0.78 0.79 0.82  0.799
1G 0.81 0.77 0.806 0.785  0.793
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