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Research on Text Clustering Based on Semantic Feature Extraction

YIN Shuo, WANG Wei-ya,LIU You—-quan
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Abstract ; Text clustering based on vector space model ( VSM) has the problems of too high vector dimension and lack of semantic infor-
mation, which results in the deviation of clustering effect. In order to solve the above problems, we introduce HowNet as semantic
dictionary and improve the word similarity algorithm. The improved word semantic similarity algorithm is used to compress the text
features semantically so that all feature words are subject—related. The adjusted TF-IDF algorithm is used to weigh the feature items to
complete the text feature extraction and reduce the dimension of the text representation model. In clustering,the text of the same class is
divided into the same cluster,and the semantic features of the cluster are extracted by using the feature words of all the text in the cluster.
The representation model of the cluster has the same form as the representation model of the text. By calculating the semantic similarity
between the clusters, the clusters with similarity greater than the threshold are merged and the features of clusters are updated until the end
of the algorithm. Experiment shows that compared with K—Means and VSM-based clustering algorithm,the proposed algorithm greatly
reduces the vector dimension and improves the clustering effect significantly.
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