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Study on News Header Clustering Based on Singular Value Decomposition
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Abstract ;. Chinese word segmentation and text clustering are important in natural language processing , which are widely used in text infor-
mation organization,, summarization and navigation. As an unsupervised learning algorithm, text clustering is based on the clustering hy-
pothesis ; documents of same category are more similar, while documents of different categories are less similar. We mainly study the ap-
plication of Chinese text clustering algorithms in news headers. First of all, we divide the collected news headlines into word segmentation

and feature extraction,and convert the text after word segmentation into term line matrix. Then the term line matrix is processed by TF-
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IDF technology and a new lexical matrix based on word segmentation weight is obtained. The new lexical matrix is decomposed by
shows that the singular value decomposition of the lexical matrix can effectively reduce the dimension of the vector space, thus improving

singular value and the principal component scoring matrix is obtained. The text features of principal component analysis are extracted and
K-means and hierarchical cluster analysis are performed according to the scoring matrix of principal component analysis. Finally, the
the accuracy and speed of the clustering.
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clustering results are displayed in the form of a word cloud map and the quality of the clustering effect is evaluated. The experiment
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