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Abstract The class imbalance problem in machine learning contains a skewed distribution of data samples among dif-
ferent classes,resulting in a learning bias toward the majority class. In high-dimensional data, the sparseness of the data
makes the classification bias more obvious. For high-dimensional unbalanced data,the two challenging problems of di-
mensional disaster and class imbalance distribution are superimposed.making it more difficult to solve high-dimensional
imbalance problems. This paper proposed an AdaBoost integration method combining random subspace and SMOTE
oversampling technology.named AdaBoostRS (AdaBoost ensemble of Random subspace and SMOTE) ,to deal with the
classification of high-dimensional unbalanced data. AdaBoostRS trains each classifier by selecting partial features in a
random subspace to increase the diversity of the classification samples and reduce the dimensions of the high-dimension-
al data. Then a few classes of dimensionality reduction data are linearly interpolated through the SMOTE method to
solve the class imbalance problem. The experiment is based on 8 high-dimensional unbalanced standard time series data-
set. The results show that AdaBoostRS is superior to the traditional integrated learning method in terms of three per-
formance indicators of F-measure, G-mean and AUC.

Keywords High-dimensional imbalance,Random subspace, SMOTE, AdaBoost
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Table 1 Unbalanced time series set
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ECG200(ECG) 100 100 96 \—1\1 \31\69
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Lighting2(LT) 60 61 637 \—1\1 \20\40
Phalanges
1800 858 80 0\1 628\1172
OutlinesCorrect(POC) 7 \OA \ \
ProximalPhalanx
600 291 80 0\1 194\406
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Table 2 F-measure values of 4 methods on 8 datasets

TNR=

F-measure =

data AdaBoost  SmoteBoost RAdaBoost  AdaBoostRS
DPOC 0.9337 0.9330 0.9374 0.9378
ECG 0.9532 0.9580 0.9536 0.9620
EQ 0.7325 0.7506 0.7312 0.7445
LT 0.9153 0.9235 0.9245 0.9341
POC 0. 8329 0.8241 0.8295 0.8343
PPOC 0.9853 0.9853 0.9853 0.9853
SB 0.9694 0.9658 0.9564 0.9703
WF 0.8688 0.8688 0.8688 0.8535
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Table 3 G-mean values of 4 methods on 8 datasets
data AdaBoost  SmoteBoost RAdaBoost  AdaBoostRS
DPOC 0.3500 0.4492 0.1443 0.3792
ECG 0.9305 0.9297 0.9256 0.9388
EQ 0.5455 0.5806 0.5497 0.5807
LT 0.1882 0.2989 0.1892 0.2859
POC 0.4358 0.4700 0.3910 0.4730
PPOC 0.9733 0.9733 0.9733 0.9733
SB 0.8430 0.8237 0.7268 0.8543
WF 0.1465 0.1507 0.1543 0.2053
FA AFITIRTE 8 M EUESE LY AUC fH
Table 4 AUC values of 4 methods on 8 datasets
data AdaBoost  SmoteBoost RAdaBoost  AdaBoostRS
DPOC 0.6388 0.6750 0.5898 0.6481
ECG 0.9324 0.9326 0.9270 0.9419
EQ 0.6485 0.6716 0.6487 0.6722
LT 0.5461 0.5752 0.5338 0.5814
POC 0.5196 0.5349 0.5037 0.5357
PPOC 0.9347 0.9599 0.9479 0.9599
SB 0.8127 0.7899 0.7150 0.8244
WF 0.7984 0.7984 0.7984 0.7720
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Fig.1 Average ranking of each method under different indicators
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