ISSN 1004-9037,CODEN SCYCE4 http://sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 30,No. 1,Jan. 2015, pp. 137—147 E-mail: sjcj@nuaa. edu. cn
DOI:10.16337/;5.1004-9037. 2015. 01. 013 Tel/Fax: +86-025-84892742
© 2015 by Journal of Data Acquisition and Processing

B T8 = A B R RUERE E XM E iR B B

e T B R A K X X4%

AR B TR KAE R ARG TR, I ,45000D)

M OE: EHRAINEEUMe I NESZREOE A AR AR EBE AT RS HE, AR
FTEEL, R T B EF kA8 s AR, SF B R 8k A BT AR IR 97 95 35 LR & 3 AT IR A
AXRBET —FA T FEAEGBIEIAEELME@RA L&k, AR ARAS KX IRBRIE LI E. LR
WA E A 5 AR AT MR F A W A R R L3 98 AR AR OR 3 i AT YR L A SR kA 5 A
F 38 Z R E AR G AR R, AR X R B H) BT 9 5 R UM s . AR 200 B A I EAT E oA B R L H ok
S5RGHEFHITHIL, FREREAVALE SR THRAT -,

KR MM R B 3B A & 538 F A

FES %S, TP391 jzrﬁkﬁwh‘.%A

Semantic Orientation Identification for Terms From Chinese Micro-blogs Based on Word

Affinity Measure
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(Institute of Information and System Engineering, PLA Information Engineering University, Zhengzhou, 450001, China)

Abstract: How to identify the semantic orientation of terms and build a high-quality sentiment dictionary
to improve the accuracy of sentiment analysis on Micro-blogs has significant importance. Traditional al-
gorithms based on corpus are sensitive to the seed words, and cannot effectively identify semantic orienta-
tion identification on low-frequency terms. To solve this problem, an algorithm based on word affinity
measure is proposed to identify the semantic orientation of terms from Chinese Micro-blogs. Firstly, can-
didate words are extracted by the part of speech combination patterns. Secondly, Micro-blog emoticons
are selected as seed words, and word affinity networks are built. Then, low-frequency words are expand-
ed by a synonyms dictionary during calculating the semantic orientation similarity between candidate
words and seed words. Finally, the semantic orientation is determined according to the threshold. Exper-
iments are conducted on a corpus with two million Micro-blogs using the proposed algorithm and tradi-
tional algorithms respectively. Experimental results show the advantage of the proposed algorithm.
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Fig. 1 Process of identifying semantic orientation of terms from chinese micro-blogs
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Table 1 Examples of some speech combination patterns
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Fig. 2 Diagrammatic sketch of word affinity measure network

2.3 [ERAREY

5k JER TR 42 T 3 B 4 DS 40 < 0] A 2 TORT R R SR IO L . R AR IS SR A IR AR R AR
L w87 R Rl 1 BV Q)= A e R G LB Vi T ST il P i B S =y S R W a MG ST AR CE 1 B
v LA 17 B S B — 2R AR SR B TR 5 5 — e R B 1) R U 3 M 1) . o g e B S B — 2R R S R T
. TS 1 R O R AN A NS v R S AR KRR AR T BB R . A S B
rPE 1) BH S HL AR SRR P R B B e 18 AL IE B 1) 1 R AE A S AR S R iR 1 SO SR AR X 42, B
W SO ) &L, R e T R LR R, Q3R 2 TR

2t ok FAL RS 0 vE R I R] o 22 8 AR IR 5 R R 3R IR D, B BRI TR ] S RN
AR K S SR B i1 BRI T 5T v 1 5 6 550 12 5 R 4% 3% (Adfinity propagation, AP)' x5k AR A 1
5 1 ) 5 PR 1) Sy 7 SR AR] R B R R B B R VE R R . A T R DR IR, AR S| A TR] SCAR] R AR X AP
B ATt B A R T TR i B, R [R] SC AR A AR X R A iR kAT B R L IR s R I AR ) e L R SR AR
5570 ) 22 8] 4 S R Sk S B TR B L

2 BAFHAWMERE

Table 2 Eighteen groups of negative Micro-blog emoticons
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Table 3 Sentiment strength of some words
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06 ; ng++

07, if we& SD
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11:return > sentiScore,
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Table 4 The experimental results compared between different sentiment dictionaries

155 IR ) PP RP FP PN RN FN

HowNet 0.557 0. 659 0. 604 0.298 0.533 0.383
NTUSD 0.501 0. 749 0. 60 0. 644 0.611 0. 627
AR 3L IR 41 0. 541 0.695 0.626 0.627 0. 509 0.562
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