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Abstract When dealing with imbalanced data,traditional classifiers tend to guarantee the accuracy of the majority class and sac-
rifice the accuracy of the minority class.resulting in a higher error rate of the minority class. Aiming at this problem,an improved
XGBoost method for binary imbalanced data is proposed. The main idea is to improve the characters of imbalanced data from three
levels,data,features,and algorithms. Firstly,at the data level, Conditional Generative Adversarial Nets (CGAN) learns the dis-
tributive information of minority samples and then trains the generator to generate a few supple-mentary samples to adjust the
imbalance of the data. Secondly,at the feature level,it uses XGBoost for feature combination to generate new features,and then u-
ses the minimal Redundancy-Maximal Relevance (mRMR) algorithm to screen out a subset of features that are more suitable for
imbalanced data classification. Finally.at the algorithm level,it introduces a Focal Loss function for imbalanced data classification
to improve XGBoost. The improved XGBoost is trained on the new dataset to obtain the final model. In the experimental stage,G-
mean and AUC are selected as the evaluation indicators. The experimental results on 6 sets of KEEL datasets verify the feasibility
of the proposed improved method. At the same time, the method is compared with the existing four imbalanced classification mod-
els. The experimental results show that the proposed improved method has better classification effect.
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o E % TP (True Positives) FP (False Negatives)
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Table 3 Phased G-mean comparison results
HEE
glassl pima ecoli2 glass6 yeast3 yeast6

XGBoost 0.693 0. 644 0.917 0. 830 0.872 0.648
— [ Bkt 0. 665 0.731 0. 880 0.832 0.895 0. 869
W Bt 0. 750 0.753 0.870 0.841 0.902 0. 887

Bt %A 0.769 0.771 0.908 0.959 0.905 0.894

F 4 BBt AUC i g5 R
Table 4 Phased AUC comparison results
HiEE
glassl pima ecoli2 glass6 yeast3 yeast6

Hox

XGBoost 0.787 0.759 0.989 0.913 0.913 0.713
— M Bsk#  0.787 0.770 0.954 0.941 0.962 0.933
WM BB 0.900 0.781 0.936 0. 950 0.970 0.955

% T A 0.922 0.835 0.988 0. 969 0.975 0.963
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Table 5 Comparison results of G-mean of each algorithm

glassl pima ecoli2 glass6 yeast3 yeast6
SMOTE-Boost 0. 623 0.351 0.876 0.917 0.902 0.761
CUS-Boost 0.778 0.611 0. 880 0. 889 0.874 0. 747
RUS-Boost 0.253 0.271 0.573 0.754 0. 685 0.615

KSMOTE-
0.790 0.707 0.882 0. 890 0. 859 0. 704

AdaBoost
K XSk 0.769  0.771 0.908  0.959  0.905  0.894
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Table 6 Comparison results of AUC of each algorithm
A%
5k - -

glassl pima ecoli2 glass6 yeast3 yeast6
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0.779 0.655 0.931 0.930 0.958 0.892
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CUS-Boost 0. 857 0.672 0.921 0. 895 0.963 0.848
RUS-Boost 0.624 0.572 0. 840 0.928 0.927 0. 860

KSMOTE-
0. 889 0.759 0.941 0. 954 0.959 0.932

AdaBoost
A XH % 0.922  0.835  0.989  0.969  0.975  0.963
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