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Abstract

Classification is a hot research content in the field of machine learning. Unbalanced data leads to
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great difficulties in classification. According to the data of enterprise bankruptcy, it can be con-
cluded that there is only a part of the prediction of enterprise bankruptcy loss, but there is only a
small part of the prediction of enterprise bankruptcy loss according to the data of enterprise
bankruptcy. For the unbalanced data in the enterprise bankruptcy forecast, this paper proposes a
weighted random forest algorithm (BSWRF) based on G-mean. For the unbalanced sub-training set
collected from random forest, the self-help sampling method is used for under sampling. Most
classes are sampled to be consistent with a few classes to form a balanced sub-training set. The
cart decision tree is used as the base classifier to train on each sub training set. At the same time, it
is tested on the Out-of-Bags samples. Each decision tree is given weight according to G-mean, and
the final classifier is obtained by weighted voting, which improves the classification performance.
The bankruptcy data set of Taiwan companies is selected for the experiment. In G-mean and AUC
evaluation indexes, the classification effect of BSWREF is better than random forest and AdaBoost
algorithm.
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Figure 1. Functional block diagram
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Table 1. Sample data set
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Table 3. Performance comparison of three models
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Figure 2. ROC curves of three models
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Table 4. Sample data set after ENN algorithm cleaning
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Table 5. Performance comparison of three models
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