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Cost-sensitive Random Forest Classifier with New Impurity Measurement

SHI Yan-wen WANG Hong-jie
(School of Computer Science, Southwest Petroleum University, Chengdu 610500, China)

Abstract For the problem of effective classification on imbalanced data sets,a classifier combining cost-sensitive learn-
ing and random forest algorithm is proposed. Firstly,a new impurity measure is proposed, taking into account not only
the total cost of the decision tree, but also the cost difference of the same node for different samples. Then, the random
forest algorithm is executed, K times sampling for the data set is performed,and K basic classifiers are built. Then, the
decision tree is constructed by the classification regression tree (CART) algorithm based on the proposed impurity
measure, so as to form the decision tree forest. Finally, the random forest algorithm makes the data classification deci-
sion by voting mechanism. In the UCI database, compared with the traditional random forest and the existing cost-sensi-
tive random forest classifier, this classifier has good performance in the classification accuracy, AUC area and Kappa co-
efficient.
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