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Clustering analysis of Weibo topic based on Text2Vec_AE_KMeans
WAN Wentong, HUANG Runcai

(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: Static text feature extraction methods are short in dealing with irregular expressions and polysemy words in Weibo text,
and results in poor performance in text clustering and topic representations. This paper gives a topic clustering method based on
Text2Vec_AE_KMeans which extracts the deep text features while improving the topic representation result. Firstly, Text2Vec
model based on MacBert and CoSENT is used to extract deep dynamic features from Weibo text, which results better in text
semantic matching tasks compared to the static text feature extraction methods. Then, AutoEncoder is used to catch the key non—
linear features while reducing the compute calculate complexity in clustering afterwards. Finally, for a better performance in
clustering and topic representations, a method combines KMeans and C—TF-IDF keyword extraction is used to analyze the clustering
result, which reveals the distribution feature in the given Weibo topic. Based on a real Weibo topic dataset, the proposed method
shows a better result in clustering metrics and topic representation. The generated topic information is more recognizable.
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Table 4 Clustering analysis results of given topic dataset
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