B3k BTH i+ E N B % Vol. 43 No, 7
2016 %£ 7 A Computer Science July 2016
ETELPAU S EXRBH BT LERERS 2

% E EEE
(LWEXFETENS B EHARFR KK 030006)°
(LEAFWHAFREFXERAEHXEFHERELRE KR 030006)°

H B BHRIANASALERN GRBTRLESBG AR E, 4rab4 4% 230 3 57 REEA) B AR 48 £
BEARVABREARTREERASARAXGINERET A TEI RS EMAGH MR LAKRESEF &,
BB RAN A B ARG A R RO AR, BB AR LN 40 R, B B AR RS AT KA AR iR, L
BHIEIREOAES S EEBAMSFTHER, A7 otk B AFH0R6 5 2RV ok B, £ 5 R ERN, ERIK
ERAEAIABRSFERFE BHEAEREFEMELA LR MANGE, FREH LA R RN AL B L
BB NN G E T HERBREIEE, FBERAN, EFERUA MK E THARE RS AUR, HBE—
EALE LB T A LiFEHERGRH,

XBIH WESE B, LAY FERR,EEE

hEESES TP XRKERIREE A DOI 10. 11896/j. issn. 1002-137X. 2016. 7. 042
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Abstract Cross-domain sentiment classification has attracted more attention in natural language processing field, Given
that tradition active learning can’t make use of the public information between domains and the bag of words model
can’t filter these words not related with sentiment classification, a method of cross-domain sentiment classification
based on optimizing classification model progressively was proposed. Firstly, this paper selected the public sentiment
words as features to train classification model on the labeled source domain, then used the classification model to predict
the initial category label for target domain and selected the texts with high confidence value as initial seed texts of the
learning model. Secondly, we added the high confidence text and low confidence text to the training set at each iteration.
Finally, the feature set was extracted to transform feature space based on the sentimental dictionary, evaluation colloca-

tion rules and assist feature words. The experimental results indicate that this method can not only improve the accuracy

of cross domain sentiment classification effectively, but also reduce the manual annotation price to some extent,
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