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Abstract Data imbalance will seriously deteriorate the performance of traditional classification algorithms. Imbalance data classi-
fication has become a hot and difficult problem in the field of machine learning. In order to improve the detection rate of minority
samples in imbalance data sets,an improved random forest algorithm is proposed in this paper. The core of the algorithm is to use
hybrid sampling for each random forest subtree data set sampled by Bootsrap. Firstly, inverse weight up-sampling based on
Gaussian mixture model is adopted, then cascade up-sampling based on SMOTE-borderlinel algorithm is carried out,and down-
sampling is carried out in a random down-sampling way,so as to obtain a balanced training subset of each subtree. Finally,adeci-
sion tree-based improved random forest learner is used to implement the unbalanced data classification algorithm. In addition, this
paper uses G-means and AUC as evaluation indexes,and compares them with 10 different algorithms on 15 public data sets. The
results show that the average ranking and average value of the two indexes rank first. Furthermore, this paper compares with 6

state-of-the-art algorithms on 9 data sets. Among the 32 comparisons,the proposed algorithm achieves better results than that of
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other algorithms for 28 times. The experimental results show that the proposed algorithm is helpful to improve the detection rate

of minority class and has better classification performance.
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Table 3 G-mean and AUC of different algorithms
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AUC 0.9291 0.9354 0.9449
Dbls G-Mean 0.9111 0.9251 0.9395
AUC 0.9151 0.9279 0.9412
-
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Fig.3 Performance comparison of different algorithms
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Table 4 G-mean value of different algorithms

D1 D2 D3 D4 D5 D6 D7 D8 D9 D1o D11 D12 D13 D14 D15  Average

RF 0.9617 0.8707 0.4982 0.9886 0.9566 0.9114 0.7990 0.9789 0.9630 0.8959 0.9380 0.7761 0.1782 0.9137 0.8843 0.8343
SMOTE_RF 0.9722 0.8876 0.5690 0.9920 0.9658 0.9412 0.8780 0.9861 0.9746 0.9373 0.9388 0.8984 0.6731 0.9209 0.8952 0.8953
SMOTE_BI_RF 0.9637 0.8898 0.5811 0.9930 0.9658 0.9370 0.8661 0.9771 0.9809 0.9314 0.9024 0.8766 0.2928 0.9103 0.8807 0.8632
ADASYN_RF 0.9721 0.8897 0.6080 0.9946 0.9829 0.9395 0.8719 0.9817 0.9751 0.9452 0.9710 0.8838 0.6778 0.9141 0.8907 0.8999
SMOTEBoost 0.9230 0.8406 0.5576 0.9890 0.9892 0.9347 0.8191 0.9720 0.9247 0.9420 0.9009 0.8044 0.7162 0.9056 0.8751 0.8729
KmeanSmoteRF 0.9657 0.8770 0.5945 0.9934 0.9712 0.9216 0.8571 0.9806 0.9753 0.9126 0.9453 0.8774 0.2368 0.9172 0.8835 0.8606
RUS_RF 0.9680 0.8798 0.6553 0.9925 0.9513 0.9536 0.8780 0.9909 0.9731 0.9702 1 0.9479 0.7229 0.9347 0.9372 0.9170
RUSBagging 0.9677 0.8819 0.6474 0.9905 0.9898 0.9525 0.8825 0.9869 0.9715 0.9839 0.9374 0.9768 0.6451 0.9306 0.9372 0.9121
RUSBoost 0.9541 0.8332 0.5090 0.9925 0.9835 0.7877 0.8823 0.9758 0.9566 0.9542 0.9345 0.8760 0.5775 0.8997 0.8946 0.8674
EasyEnsemble 0.9671 0.8194 0.5797 0.9943 0.9795 0.9515 0.8854 0.9688 0.9768 0.9817 0.9352 0.9517 0.4129 0.9421 0.8751 0.8814
HyCUD_RF 0.9754 0.8900 0.6533 0.9953 0.9951 0.9545 0.9130 0.9915 0.9832 0.9832 0.9998 0.9579 0.8645 0.9436 0.9395 0.9360
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Table 5

ARBE M AUC H

AUC value of different algorithms

D1 D2 D3 D4 D5 D6 D7

D8 D9 D1o D11 D12 D13 D14 D15  Average

RF 0.9619 0.8733 0.5744 0.9886 0.9583 0.9145 0.
SMOTE_RF 0.9723 0.8880 0.5818 0.9920 0.9667 0.9420 0.
SMOTE_BI_RF 0.9637 0.8899 0.5937 0.9930 0.9667 0.9379 0.
ADASYN_RF 0.9723 0.8898 0.6127 0.9946 0.9833 0.9401 0.
SMOTEBoost 0.9236 0.8416 0.5762 0.9890 0.9894 0.9358 0.
KmeanSmoteRF 0.9658 0.8779 0.6096 0.9934 0.9722 0.9237 0.
RUS_RF 0.9680 0.8803 0.6600 0.9925 0.9527 0.9537 0.
RUSBagging 0.9677 0.8820 0.6560 0.9905 0.9899 0.9527 0.
RUSBoost 0.9544 0.8370 0.5588 0.9925 0.9838 0.8153 0.
EasyEnsemble 0.9672 0.8201 0.5863 0.9943 0.9797 0.9518 0.
HyCUD_RF 0.9754 0.8905 0.6625 0.9953 0.9951 0.9546 0.

8233 0.9791 0.9637 0.9012 0.9444 0.8021 0.5299 0.9174 0.8911 0.8682
8862 0.9862 0.9749 0.9391 0.9444 0.9035 0.7326 0.9240 0.9007 0.9023
8767 0.9774 0.9810 0.9337 0.9167 0.8835 0.5704 0.9143 0.8879 0.8858
8794 0.9818 0.9754 0.9467 0.9722 0.8898 0.7456 0.9177 0.8967 0.9065
8310 0.9722 0.9267 0.9436 0.9152 0.8233 0.7558 0.9090 0.8827 0.8810
8683 0.9808 0.9757 0.9168 0.9500 0.8842 0.5640 0.9206 0.8904 0.8862
8819 0.9910 0.9732 0.9707 1 0.9493 0.7461 0.9355 0.9380 0.9195
8844 0.9870 0.9716 0.9841 0.9430 0.9771 0.6798 0.9322 0.9382 0.9157
8875 0.9760 0.9576 0.9557 0.9422 0.8850 0.6769 0.9043 0.8998 0.8818
8865 0.9689 0.9769 0.9819 0.9430 0.9529 0.4460 0.9425 0.9385 0.8891
9147 0.9916 0.9833 0.9833 0.9998 0.9584 0.8784 0.9449 0.9412 0.9379
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Table 6 Performance comparison between the proposed algorithm and state-of-the-art algorithms

A CPG GELM  LIUBoost RUTSVM-CIL SPE KmeanSmoteRF HyCUD_RF
G-mean — 0.9802 — - — 0.9657 0.9754
bl AUC — — — — — 0.9658 0.9754
D3 G-mean — 0.6488 - 0.4874 - 0.5945 0.6533
AUC — - 0.6470 0.6270 - 0.6096 0.6625
D4 G-mean 0.9930 - - - - 0.9934 0.9953
AUC — - — — — 0.9934 0.9953
G-mean — 0.8916 — — — 0.9216 0.9545
Do AUC — — 0.9880 — — 0.9237 0.9546
b7 G-mean - 0.9397 — 5 - 0.8571 0.9130
AUC — — — 0.7 — 0.8683 0.9147
G-mean — 0.9493 - - - 0.9753 0.9832
b AUC - - - - - 0.9757 0.9833
D12 G-mean — 1 — — — 0.9453 0.9998
AUC — — — — — 0.95 0.9998
bl G-mean — — — — — 0.2368 0.8645
AUC - - 0.7920 - - 0.5640 0.8784
D17 G-mean — — — — 0.8550 0.8835 0.9395
AUC — - — - - 0.8904 0.9412
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