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OVERVIEW ON SENTIMENT ANALYSIS OF CHINESE MICROBLOGGING
Zhou Shengchen Qu Wenting Shi Yingzi Shi Xunzhi Sun Yunchen
(Sydney Institute of Language and Commerce ,Shanghai University , Shanghai 201800, China)
Abstract With the sweeping of microblogging, the associated research achieves widespread concerns from academia to business sector. In

the paper, we summarise the studies in light of Chinese microblogging sentiment analysis. We divide the Chinese microblogging text sentiment
analysis into three categories of tasks: the text pre-processing, the emotional information extraction and the sentiment ciassiﬁcation, and
present the conclusion in regard to every research method and its progress. Among them, the emotional information extraction is divided into
emotional words, themes and relationships extraction, the sentiment classification method of microblogging subjective text is attributed to the
semantic dictionary-based affective computing and machine learning-based sentiment classification. In addition, from the perspective of
microblogging site data formation, we extend the analysis on sentiment analysis. In the end, the status quo of microblogging sentiment analysis

is summarised, and the future research directions are proposed as well.
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