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[ Abstract] The random forest prefers to majority classes rather than minority classes on imbalanced data. The
cost sensitive method can be combined with random forest to solve the imbalanced problem. But the traditional cost-
sensitive algorithm based on random forest does not consider the actual distribution of data set and feature weight.
And in the voting stages of random forest, it does not consider the performance differences of base classifiers. An
improved cost-sensitive algorithm was proposed based on random forest ICSRF, which constructs a cost function
based on the actual distribution of imbalanced data set and introduced the weight distance, then takes weighted vot-
ing according to the performance of the base classifier. It can improve the classification accuracy. The experiment
results show that the ICSRF algorithm has higher accuracy rate and can effectively improve the recognition rate of
the minority classes.

[ Key words] cost-sensitive random forest imbalanced data weight distance



