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Abstract: Text categorization automatically assigns a set of predefined categories or topics to a document. In text classi-
fication, the representation of the document has a great influence on the learning performance of the learning machine.
The aim is to achieve Kazakh text classification, according to Kazakh grammar rules, the stemming of Kazakh texts is
designed to complete the preprocessing of Kazakh text. A sample distance formula based on the latest support vector
machine (SVM) is proposed to avoid the selection of k-parameters. The Kazakh texts are classified by special combina-
tion of SVM and KNN classification algorithms (SV-NN) . Combining the corpus of Kazakh text corpora constructed by
himself, text categorization simulation experiments were conducted. Numerical experiments showed the effectiveness of

the proposed algorithm and confirmed the theoretical results.
Keywords: stemming; preprocessing; support vector machines; text categorization; classification accuracy
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Fig. 4 Term frequency statistical result
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Fig. 9 Comparative analysis of classification accuracy (each category contains 175 documents)
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