http: /www. jsjkx. com

DOI:10. 11896/jsikx. 190200331

St A 2
COMPUTER SCIENCE

ET OCCHEEIF N MK MIBEE D LT E

#iEE' L£EH EERE P U5
1 BN AFEE TSR M 450001
2T RAFFEERFEIREER L T 315211

(lucyquanquanxu(@163. com)

H E RO EALRESHMALABOE R ML —, FEBRREEGEN G ASABRE, FREATHLE AR
(OCCRAD M » £ FE R SRBFA LA EXAEEREIOEATHEHARG., LPRELF OCCHEARN
P AT LG R T R, BT oA OCCEB ML A RN RERELEFHELTZFESHLEOT ARG ERTFTHIEHN
AWy EN M B R, TAEIEG FARIAAGE LS L, TR PREESELIF RGP, 5 NLPCC2014
P SRR B TFAE S o £ RN S R T AL TR kA RO,

KB oA OCC AL Mot AT M % 51 45 6 o &

FEESES TP391

Emotional Sentence Classification Method Based on OCC Model and Bayesian Network
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Abstract Emotional sentence classification is one of the core problems in the field of emotional analysis. It aims to solve the
problem of automatic judgment of emotional sentence categories. Traditional emotional sentence classification methods based on
OCC sentiment recognition models mostly rely on dictionaries and rules. In the absence of textual information, the classification
accuracy is relatively lower. This paper proposed an emotional sentence classification method based on OCC model and Bayesian
network. By analyzing the emotion generation rules of OCC model, it extracts emotional assessment variables and combines the
emotion features contained in the emotion sentence to construct a Bayesian network of emotion classification. Through probabilis-
tic reasoning,it is possible to identify a variety of emotion categories that the text may want to express and reduce the impact of
missing text information. Compared with the NLPCC2014 Chinese Weibo emotion analysis evaluation sub-task emotional sentence
classification evaluation results,the results show that the proposed method is effective.
Keywords Emotional analysis, OCC model, Bayesian network, Emotion sentence classification
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Fig. 1 Generation of emotion types example
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Table 2 Emotion category mapping table
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Table 3 Table of emotional assessment variables
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Fig. 3 Bayesian network structure example diagram
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17. end
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