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Abstract Text classification is the foundation and crucial problem of text data mining, it is an application based on the technology of natural
language processing and machine learning. Feature extraction and categorization algorithm are the most crucial technologies for this problem. This
paper proposes that latent semantic indexing (LSI) is used for feature extraction and dimensionality reduction, support vector machine(SVM) is used
for text classification. The result shows that compared with the classifier based on vector space model combined SVM and the classifier based on
LS| combined K-nearest neighbor (KNN), better performance is acheived. It shows that while the number of categories is small, and the categories
are divided distinctly, the method can be used for practical application.
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