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An emotion-based method of topic detection from Chinese microblogs

FANG Ran'?, MIAO Duogian'?, ZHANG Zhifei'"
(1. Department of Computer Science and Technology, Tongji University, Shanghai 201804, China; 2 The Key Laboratory of Embedded
System and Service Computing, Ministry of Education, Tongji University, Shanghai 200092, China)

Abstract ; Previous research studies have laid the foundation in the area of traditional topic detection and shown
there are some effective ways to detect topics. However, the traditional algorithms do not work well in special situa-
tions for Chinese microblogs. In order to raise the recall ratio, the focus of this paper proposes to examine methods
for detecting topics. The key to topic detection method, examines how to handle the structure of microblog with e-
motional content weighting, which is based on the argument that the negative words tend to carry more information.
The existing topic detection methods for short messages merge emotional incination into the topic detection by first
raising the weight of short messages containing negative emotion in the topic detection, then clustering the topics by
a clustering method based on self-inquiry. The experiment on a real microblog dataset show that the approach pro-
vided in this paper can cluster topics and detect topics effectively, and also increase the recall ratio.

Keywords: Chinese microblogs; topic detection; clustering; emotion
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