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Abstract

As a classic classification algorithm, random forest algorithm is widely used and has high classifi-
cation accuracy. However, in the process of classification, the classification performance of each
decision tree and the difference between two decision trees are two important factors that affect
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the final classification effect. When some decision trees have similar misclassifications, and they
are used in the final voting on the results of the decision tree, the final classification effect of the
model will be reduced. Aiming at this problem, this paper proposes a method for measuring the
similarity of decision trees based on confusion Matrix. This method takes into account the number
of different categories of trees and the correct and incorrect classification, in order to select deci-
sion trees with weak similarity, and then remove the decision trees with poor classification results,
and finally complete the model selection of random forest. Experimental results show that the
method proposed in this paper has a higher average classification accuracy rate and higher stabil-
ity in the three types of datasets.
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Figure 1. Random forest selection model
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Figure 2. Accuracy comparison results on the Iris dataset
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Figure 3. Accuracy comparison results on the Breast-cancer dataset
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Figure 4. Accuracy comparison results on the Aneal dataset
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