FUBUH B SR ek P AT RO B 48 S B Z TSR

Domain Dependent Word Polarity Analysis for Sentiment

Classification

A1 Ho-Cheng Yu
BIRVAE2- F- T GBI L
Department of Computer Science and Information Engineering

National Taiwan University
p98922004 @ntu.edu.tw

=#t5 Ting-Hao (Kenneth) Huang
BT EEREER TS &
Department of Computer Science and Information Engineering

National Taiwan University
196944003 @ntu.edu.tw

f5{=45 Hsin-Hsi Chen
BT EE R ER TSR &
Department of Computer Science and Information Engineering

National Taiwan University
hhchen @ntu.edu.tw

R

T4 T ST SR AR e U — BAF IR SRR 1. 2] > BRI SR RO R F & 2
B REFREFEIRRE - Hoot > DUE SR SR s s R AL 2 SR 7R C /A1 - 2800

TEsh a2 1B RN R S HAT R B SSOUAR h Z AT Rl A 35 2808 ] - A e BB IR 4
sl A ERBOCA T Z AT Ry > B ~ TREE ~ MBS = A B SR T 7y
fr > AEEFRER T FSE A A R RECCA TSI ME A =R - B2 0EZE - 1t
Hh o BRIk s 2 T IRESEE L o ERPE SRR AT RE ARy T REISAR K

a5 o L BNEE Y - AU A FsE R E TR Rt ERIIA SRS
oG - £ LIBSVM HYRMERZ BT - S © ke ~ NIEEE=1E
s HE A S KA S g T A AT 8 - B REURATIEH 2 TFSSIDF 3854 » 45
& TFIDF ~ 278 A5 G R at RBeh < SHsbi M (75 U A A2 2 (SO) - s {bRssskAl
(58] R BSR4 5 2 HEER - A8 AR E AU TS I SR SREL3 4]



Abstract

The researches of sentiment analysis aim at exploring the emotional state of writers. The
analysis highly depends on the application domains. Analyzing sentiments of the articles in
different domains may have different results. In this study, we focus on corpora from three
different domains in Traditional and Simplified Chinese, then examine the polarity degrees of
vocabularies in these three domains, and propose methods to capture sentiment differences.
Finally, we apply the results to sentiment classification with supervised SVM learning. The
experiments show that the proposed methods can effectively improve the sentiment
classification performance.
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