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Abstract: = This paper describes a text categoriza,tion method that uses Support'Vector
Ma,chmes (SVMs). The accuracies of learning-based text, categorization systems depend .
not only on frequent words but also on infrequent ones. However, high dimensionality .of
the data sometimes causes overfitting that harms the o_y'erall, performance of the system.
SVMs avoid the curse of dimensionality by using a quadratic optimization method. In
-addition, SVMs can also learn Non-linearity by introducing Kernel functions.. We tested .
method from the following three. perspectives: 1. word vectors of different dimensions,
2. different Kernel functions and 3. extended cost function. The results clearly show the
effectiveness of SVMs for the text categorization task.
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