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Chinese Sentiment Classification Based on Stacking Combination Method

LI Shoushan, HUANG ChuRen
(The Hong Kong Polytechnic University, Department of Chinese & Bilingual Studies, Hong Kong, China)

Abstract Sentimentbased text categorization (for short, sentiment classification) is a task of classifying text
according to the subjective information in the text. Nowadays, it has been closely studied in the research field of
natural language processing (NLP) due to its wide real applications. As a resule many supervised machine learning
classification approaches have been applied to this task. In this paper, we research on four classification approaches
and propose a new combination method based on stacking to combine these four approaches. Experimental results
show that our combination method achieves better performances than the best single one. Therefore, this
combination method can avoid selecting a suitable classification approach according to different domains.
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