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Improved Method for Analyzing Microblog Orientation Based on Association Lexicon

Zhao Jun'*, Wang Hong'*, Zhu Huafang'*

(1. School of Information Science and Engineering, Shandong Normal University, Jinan, 250014, China; 2. Shandong Provincial

Key Laboratory for Distributed Computer Software Novel Technology, Jinan, 250014, China)

Abstract: At present, a larger number of researchers focus on Micro-blog orientation on the emotional
words, adverb and negative words without considering the impact of connectives. To improve the accura-
cy of orientation analysis, a method of analyzing Mico-blog orientation is proposed. In the paper, we suf-
ficiently analyze the structure characteristics of associated words and consider the combination laws of
negative words , adversative words and conjunctions in Microblog. In addition, a specific dictionary is
created based on the existing resources, which contains a turning words lexicon, a connective lexicon and
a negative words lexicon. At the same time, we take into account the impact of new network words and
phrases of the microblog text, so we also build a new network words dictionary. Therefore, the Microb-
log texts are classified into three categories including negative, positive and neutral one by support vector
machine (SVM). By combining Lexicon-based and SVM machine learning method, better accuracy of
classification can be achieved. Experimental results verify that the method achieves higher classification
accuracy through experiments using COASE 2014,

Key words: Chinese microblog; orientation analysis; support vector machine (SVM) ; connectives
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TCPEE SCA B 1] 1 43 A B3 % O R A0 R < BT 5 2% 9R) it = MicDictionary, HowNet i it = HowDic-
tionary , # £ 1] #it = NegDictionary, F&l i ii #t = AdjDictionary. 3¢ 8% ji] #it = ConDictionary, % £& #r i) 1)
.= NetDictionary , 2 {5 {f] #it = EmoDictionary , i) 15 [ B [7] FUE = WO, SCAS B 7] FL{E = SO,

&% 2 Microblog Orientation Analysis

i A : A Microblog Text

#i i : Microblog Orientation

MicDictionary<-HowDictionary J NetDictionary U EDictionary

str<—{Microblog Text} ;

(1)  While(str. read())

(2) For all i€ str. Length DO

(3) IF (str. words, & MicDictionary) THEN

e SO<05 EXIT; // f Jetf i B 4 ¢

(5) ELSE.

(6) IF (str. words; € NegDictionary) THEN

(7 IF(count % 2 == 0) THEN

® WO, <WO,;//HEGE WAL

9 ELSE WO, ~— WO, /& 7 & 5 A8

(10) IF (str. words; € AdjDictionary) THEN

an WO, <=WO,; X Wad, 5 // &l 1] Bt 22 Ji 1) 4% 1 58 2
(12) ELSE WO, ~WO;

(13) IF (str. words; € ConDictionary) THEN

(14) SWITCHC( char ConnetivesType)

(15) CASE 'Coordinative’: //3f51 ¢ £ % A2
(16) WO, ~WO, BREAK;

a7 CASE 'Progressive’: //i% i 56 2 W L 08
(18) WO, <WO, X1.5; BREAK;

(19) CASE 'Adversative': //%E47 % 2 M P %
(20) WO, ~—WO,; BREAK;

2D DEFAULT : EXIT SWITCH ;
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(22) ELSE WO, < WO, ;

(23) END ELSE
N

(24) SO= > WO,//H5 A AWM . N=str. Length
i=1

(25 END FOR
(26) END WHILE

2 EMESW

2.1 HEEMTEMTIE

AR COASE 2014 L 55 4 iy 10 000 % 3 bl S0 A ®2 WKHESGR
VE N SEEG B A 6 2 98 A= %k H s IR ) /F N L AR, i Tab.2 Test Data Set
JE AT BB — ke 1) M AR AN — B SCAS SR IR e Hps 2 A
EXHETHRBE- DA RN XAEFAN. 25155 Bl B8 8 767
8 767 4% FL A7 WY I S 1 {051 1) 1) s 2 5048 s T B8R 1) 23 A 1 0 IE 1 1 ek 1273
mk 2 frs. A 6 284
A F COASE 2014 #2435 (37 ¢ 77 28, LA VE A 2 (Pre- B 16 1 Ja& 1210
cision) . 4 [ 3R (RecalD F1 F, {EAE 2 ¥F 4 b5 o, N
Wl e "
e S
Recall = i K B BT ™
P __2Precision X Recall 8)

' Precision + Recall
2.2 RBWHEREHW
AR SO FR e 52 56 19 J7 125 o ol 3 DU SRR AR A BR 5 SR Y 0 3T 58 SR I Y J7 20 0 S BE BE  Jk T
HowNet' " Jy 2 3 F 32 R 1) s LAY ik 0 38 - 7 ) 5 43 07 0 ok A L A8, DI 43 T AR SCHE %5 &
R I T B U] A AT B R PR SVM B PR S FIAS 2 53 Bl PE o I A ROR XS L UL 1~3. DA 3 W X B &1 o
A LLVE W 5 C A B SCAS I A ) P 23 BT 5 AR B AR SR DG B0 D] ML F 0 ] M A3 BT O s BRI T AT Y
ROR . FET HowNet (85 I 1] 14 43 BT 7 125 BORS 18 ROCR S 2 A Sl BRLARL 3t X b 5 2R 1 s i) 32 8 8
PE1% 5 ¥ K 2 ORI TRk v 1 15 JR] 3 ok 8 T SCAR Hh T SR AR IR S B0k S A SCAR e L B
5 PEDACE SCAS rp i I 2855 ] . A0 AL E 1 56 A0 B IR 2 1 L X R AT A B A BRI R 45 H iR
CEE SRR AR AR TR GRS AR OB 0 AR R B L AR AT B BE 9 ICTCLAS 43
) X3 AR SCAR AT VIR 23 e B R SE VBRI T T S b R A BT
“Oh Ok R R T Y A A R GA AR T T AR B O H B A IX R TR 2% b 2R — R e Y
i1 . TSR AN BB B B e B 3k 4 ) 4% 7 1) 35 2 o) 3K G 3R] 1 3 T SO i 5 DA T 3 B0 BT 45 SR AN B8 0K
. FLU, H T HowNet (18 S8 0] 73 Bt J7 ¥ » A 25 T 25 ) R 2 ) 3] X6 1o A 1) 1949 52 0 T 33X 9 288
A T X Gl A 1) 15 J R B ) 2 ) 2 O R B RO AR O R S BRI A BT A SR A HE R . R T SVML Y
650 171 P4 43 BT D7 5 AH B T HowNet J7 125, 76 HER 8 H 4 1] 38 F A 8 $2 05 o {H 2 3 R 5 vk v B2 AR 1 5
AR IR BT 5 A0 SRR I R AR B R 22 L T T I I R ) o R AR B B R AR 25 . R SVML & —Fil
Ak BAR Y 43 2807 1 AHJE B T SRR IA T K 2 Fh 2R ) 5 S5 K BE 2 RIS 25 58 m) 1 1) 25 4 R OG
HEOG R MR 2 AN RE AR AT 3tb 25 P8) - (9 15 06 B4 R0 B SCAE L AT S B0 i 45 SR AT AE — Se 1 22



1226 HIEREEH LA Journal of Data Acquisition and Processing Vol. 31,No. 6, 2016

0.9¢
0.8f
0.7t
0.6}
am 0.5
0.4}
0.3}
02f
0.1}

0.0 0.0 0.0
HowNet SVM Transition Improved HowNet SVM Transition Improved HowNet SVM Transition Improved

SIREE Gy R SFREE
B 4 Pk i ME B 2R L A (K] B2 4 BhG s ny A3 R LA K3 4 RhEEER Fy (EHX
Fig. 1 Accuracy comparison chart Fig. 2 Recall comparison chart Fig. 3 F,-measure comparison chart

SCHRLT I 7 35 e A /0 5 4 SCAR 19 ST 180 A A T 3k » 2% 7 9 EC T A b 23 T 5 36 ORI 19
Ir AT A A T X AT A S R AR A R B T T — S ORI L DR R A8 A A o 5 A e A A XY
T A B A9 0] 25 LU i i o 5 2k A BT T e s T BE TR R I AN S BT A B B SO R AR S A R B B
Ayao BT AT RLFA AR SO ik LU A T 3 A s 4 i O ik e R s R RO AR SCR T
COASE 2014 1155 4 (9 %da 4 i Bt 42 2 4 1 G i HE s 5 2 ) 36 B %8 1l A 5% 4 ) X &)
AR SCIY J5 5 SR ORI K R T2 IR B AR X BN L BT AR SO R E O B BRI T A
HERR A . AR5 A HowNet 13§ Bl S i) 5L il b o 5873 5 18 S I 3r) X SOAS i i) P8 ) 82 00 A T 6 T 5K
W3] 1y 2 >0 B K7 122 >0 KL 5 SVM T 3 AR 45 & %0 (o 20 A M6 1 1 23 A7 s Ji o S 3 0 L L IR R T
ol PRI ) RS 5 ) B e A 1) P O AT B MERR A . ANIET 2 T RLFR L AR SO ik 1 A [ RS At Tk A B
I BEAT WS Hh 77 A K ol 45 58 1 D DR R R DA O 5 30 M8l i O B A ) 2 A A SR IR A T AR Y
TR I IR ) 5 0 SRR IR S R B T AR A el

3 HERIE

T AE 24 A Ak S A v 473 3017 0 of AT 10 o 5 O R A AT A o A Xk BORT | e R RS AL A A
S5 R BAT R S AR SO AR AE TR ST B R K DG I 3R] 25 JE I 25 L 08 AR 4 A e S RS T
RAFI S5 R AR WAFAE AR 3 ANMERL: (1) iy T JF AN I B A 19 SCAS ) 5 R 40 5 S an) » JoT L% 5 i 1) 44
WA BT RE . (2) i TOUR ORI IR IS5 R % B 02 ORI A i . () WA B BT
JEE ) i) R 25 ) 14 ) P X AR i R A R 0 AR S R R R S AN TR i DR A ] R A (R T R
T AT M . T — 2 0 TAERIZHE BB DL I 3 AN P25 & DL a8 2% 2 3l SO 56 7 2%, 4R AR
277 35 A0 300 2 DA 32 45 B R AR R A R AR 8 R AT 20 DT 8 g 40 1 1 ) A %6

e Y E

[1] Riloffe SJ. A corpus-based approach for building semantic lexicons[J]. Association for Computational Linguistics, 1997,1:
117-124.

[2] Hatzivassiloglou V., Mckeown K R. Predicting the semantic orientation of adjectives[ C] // Proceedings of the 35th Annual
Meeting of the Association for Computational Linguistics and 8th Conference of the European Chapter of the Association for
Linguistics. Somerset: ACL,1997.174-181.

[3] Miao Qingliang, Li Qiudan, Dai Ruwei. Amazing : A sentiment mining and retrieval system[J]. Expert System with Appli-
cations: An International Journal,2009,36(3):7192-7198.

[4] Jiang Long, Yu Mo, Zhou Ming. Target-dependent Twitter sentiment classification[ C] // Proceeding of the 49th Annual



A

(5]

L6]

(7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

B S — AP OB 69 Ak A K BE1A S 04 AR b AT ok 1227

Meeting of the Association for Compututational Linguistic: Human Language Technology. Oregon, USA: [s. n. ], 2011:
151-160.

EHITC, B, — Rl T 32 A S 43 26 0 U B S R [T A5 M g8 22 4x . 2014,9:17-20.

Wang Mingyuan , Jia Yan. A method of discriminating Microblog topic position based on the text classification with correla-
tion of subject[]J]. Netinfo Security, 2014,9:17-20.

Tang D,Qin B, Liu T, et al. Learning sentence representation for emotion classification on Microblogs[ C] // Natural Language
Processing and Chinese Computing. Berlin, Heidelberg: Springer,2013:212-223.

Kumar S, Morstatter F, Liu Huan. Twitter data analytics M]. New York, USA:Springer, 2014 :134-141.

NG 2 2 . BRI . i A 4 ) o B0 SCAS R i o 1 23 W LD ). 3 H L DR 5803t . 2014.35(12) :4290-4295.

Di Peng, Li Aiping, Duan Liguo. Text sentiment polarity analysis based on transition sentence[ J]. Computer Engineering
and Design, 2014,35(12):4290-4295.

Luciano Barbosa, Feng Junlan. Robust sentiment dection on Twitter from biased and noisy data[ C]// Coling 2010, Interna-
tional Conference on Computational Linguistics. Beijing, China:[s.n. ], 2010:36-44.

Tsolmon B, Kwon A R, Lee K S. Natural language processing and infornation system[ M]. Berlin, Heidelberg: Springer,
2012.:265-270.

Pak A, Paroubek P. Twitter as a corpus for sentiment analysis and opinion mining[ C] // Proceedings of the Seventh Confer-
ence on International Language Resources & Evalution. Velletta, Malta:[s. n. |, 2010:1320-1326.

WA L SR PSS . B T2 U R 1 22 SR M e SCRICI A RS BT RV A il IR LT ). o SO AR AR R . 2012, 26 (1) 1 74-87.

Xie Lixing,Zhou Ming, Sun Maosong. Hierarchical structure based hybrid approach to sentiment analysis of Chinese Micro
blog and its feature extraction[ J]. Journal of Chinese Information Processing,2012,26(1) :74-87.

S BRI R S BT i) A B IR 1 0 U 43 e L) ] AR R 2 2 4 AR B R 2015, 50(1) 1 21-25.

Tang Bo,Chen Guang.,Wang Xingya, et al. Analysis on new word detection and sentiment orientation in Micro-blog[J]. Jour-
nal of Shandong University: Nature Science, 2015,50(1) :21-25.

i RGEE. HF1F SCRLAfe A A SCIRE S  # 2r A L . HHSEHLIE T . 2011.31(8) :2131-2137.

He Fengying. Orientation analysis for Chinese blog text based on semantic comprehension[]J]. Journal of Computer Applica-
tion, 2011,31(8):2131-2137.

TART . REE D7 V. T HowNet il PMI a1 i B A A2 L1 ] 5501 T A%, 2012, 38(15) . 188-193.

Wang Zhenyu, Wu Zeheng, Hu Fangtao. Words sentiment polarity calculaion based on HowNet and PMI[J]. Computer Engi-
neering,2012,38(15) :188-193.

AT BT SRR AL 420 IR (T ] B R 4 5 A F. 2006, 21(3) :334-339.

Xun Bo, Huang Xianwu. SVM multi-class classification[ J]. Journal of Data Acquisition and Processing, 2006, 21(3); 334-
339.

SRR B R A . BT HowNet i35 B 755 0], o 30/ B 274 2006, 20(1) : 14-20.

Zhu Yanlan, Min Jin,Zhou Yaqian. Semantic orientation computing based on HowNet[ J]. Journal of Chinese linformation
Processing, 2006,20(1) :14-20.

LM PR, E— 55 5 W FX I T SVM Y th SCSCA S R 2 i i [T ] A5 2% 41, 2011, 30(4) - 347-352.

Xia Huosong, Tao Min, Wang Yi, et al. The information of stop word removal on the Chinese text sentiment classification
based on SVM technology[J]. Journal of the China Society for Scientific and Techical Information, 2011,30(4) ;347-352.

fE&E B9t -

BE 1989, T W LB 5T

AL WREE TS s RAHE L =0

BB 2 48 4F . E-mail
t’ 1170008793@qq. com,

F4(1966-), &, #H 4%, 1H
A S 0, F 55 7 1) K 3K
i 5 7% P 4% R 8 2 i
£

REETF(1992-) . B WL
FEHE R GET5 i KB L =
TIERBOR 72 4 4




1228 HIEREEH LA Journal of Data Acquisition and Processing Vol. 31,No. 6, 2016



