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Splitting attribute selection method based on cost performance

LIU Xing-yi
( Department of Radio and TV, Qinzhou University, Qinzhou Guangxi 535000, China)

Abstract: Cost-sensitive decision trees usually concern the discussion of the test cost and misclassification cost. During
the classification process, splitting attribute selection is the most important. The paper analyzed the disadvantages and the
advantages of the existing methods and proposed a novel method that combined the information ratio in information theory with

the cost including the test cost and the misclassification cost to select the split attributes. The experimental results show that

this method outperforms significantly the existing methods.
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