RN R OB R &% Vol.11 No.4
2016 4 8 H CAAI Transactions on Intelligent Systems Aug. 2016

DOI ; 10.11992/tis.201606007
I £& R i HE ; htp : // www.enki.net/ kems/ detail /23.1538.TP.20160808.0830.020. html

EFim M LDA EiEHN T mE TR DX

ok WIE FAEER R E  HBRE
(ABRBEIKRF FLEIAFER, LB T+ 030600)

W E R BRG] LA A SR IBGE L 0 RS B B ], AR SCER X I 381 IR A B 1k R )
[X 43 BE A AR AY IR) B H T —Fhial A LDA B.3% (weighted latent dirichlet allocation algorithm, WLDA ) | % 8.3% a] LA 5z
B\ WA A = O ST N = T B = 7 S M R TR 1=/ e 1 S d e T S s 7 N T B B2
FIACER , R R A~ JE R A% O e 1] S DR = A0 108 55 SRt o, 8 T 75 381 s SCRS A B A AT . IXRR 7 VRS 3 T LA 1 IRk
1 ) ) RV A SR R R AR B2 e, TG T R 1 X e . SEER R | 5 IST (Joint Sentiment/ Topic model ) 15 7Y
AH LG, WLDA AS{UTERAE s AH B D, o BB A% 0 Jug S B0 = R BRURD IR R 26

SRR GBS RN R ST s UL s LDA ; IAU Rk

FESES: TP391 XHFRERD:A XEHS:1673-4785(2016) 04-0539-07

35| A iE, IR, AER, . ETRMM LDA EEN T BEBRSRK[I]. BRRALKFER, 2016, 11(4) ; 539-545.
FE X 5| A#&3 :HAO Jie, XIE Jun, SU Jinggiong, et al. An unsupervised approach for sentiment classification based on weighted
latent dirichlet allocation[ J]. CAAI Transactions on Intelligent Systems, 2016, 11(4) : 539-545.

An unsupervised approach for sentiment classification
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Abstract ; The topic and sentiment unification model can efficiently detect topics and emotions for a given corpus.
Faced with the low discriminability of topics in sentiment/topic analysis methods, this paper proposes a novel meth-
od, the weighted latent dirichlet allocation algorithm ( WLDA ), which can acquire sentiments and topics without
supervision. The model assigns weights to terms during Gibbs sampling by calculating the distance between seed
words and terms, then counts the weights of key words to estimate the sentiment orientation of each topic and obtain
the emotional distribution throughout documents. This method enhances the impact of words that convey emotional
attitudes and obtains more discriminative topics as a consequence. The experiments show that WLDA, compared
with the joint sentiment/topic model (JST), not only has a higher iteration sampling speed, but also gives better
results for topic extraction and sentiment classification.
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