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A Study on Chinese Emotion Recognition Method

LIU Huan-huan' LI Shou-shan' ZHOU Guo-dong'™ LI Yi-wei’
(1. School of Computer Science and Technology Soochow University Suzhou Jiangsu 215006 China;
2. Department of Chinese & Bilingual Studies The Hong Kong Polytechnic University Hongkong 999077 China)

Abstract: The emotion recognition method at the sentence level is studied with a Chinese emotion corpus( Ren-
CECps) . Specifically has been investigated the impact of different linguistic features as well as different classifica—
tion methods( NB SVM ME) on the emotion recognition and classification has been compared. Moreover they has
proposed an ensemble learning approach to tackle the problem imbalanced data distribution of the emotion and non—
emotion text. Experimental results have shown that the approach effectively enhances the performance of emotion
recognition when the data distribution has been imbalanced.

Key words: emotion recognition; feature engineering; classification method; imbalanced classification; ensemble
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