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An adaptive double-weighted oversampling technique
based on Mahalanobis distance for imbalanced classes with missing values
ZHOU Dihao, SONG Yan

(School of Optical-Electrical and Computer Engineering, University of Shanghai for
Science and Technology, Shanghai 200093, China)

[ Abstract] Imbalanced problem with missing values is a huge challenge in the classification task. However, most available
techniques now to deal with the imbalanced problems are based on the completed datasets. To solve this problem, an adaptive double
—weighted oversampling technique based on Mahalanobis distance for imbalanced classes with missing values (MAWOTE) is
proposed in this paper. The main idea of MAWOTE is 4—fold as follows: (1) considering the larger optimal solution space in the
information of global features, an non-negative latent factor matrix factorizations method (NLFs) with MBGD rules is put forward
to impute missing values precisely according to the original distribution; (2) Mahalanobis distance is introduced to be a measure
which can eliminate the different standard among features; (3) an adaptive double—weighted assignment strategy is proposed to
synthesize the new samples more safely; (4) in order to maintain the original distribution information of dataset, k—nearest neighbor
idea is introduced in oversampling process. Finally, experiments on six public datasets with different missing rates show that the
proposed method is capable of dealing the imbalanced datasets with missing values and out—performs other 5 advanced algorithms.
[Key words] Classification; imbalanced data; missing values; latent factor; Mahala Nobis distance; double — weighted;
oversampling
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Fig. 1 The schematic diagram of SMOTE and K-means SMOTE
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Fig. 2 Schematic diagram of Euclidean distance and Mahalanobis
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Tab. 3 Comparison results on 0.1 missing rate

HnLE I MISM RIMW KNBS EMAD FID MAWOTE
letter ACC 0.921 0.722 0.862 0.905 0.937 0.945
Precision 0.278 0.538 0.875 0.478 0.722 0.559
Recall 0.864 0.291 0.578 0.866 0.375 0.852
G-Mean 0.793 0.539 0.714 0.917 0.611 0.806
AUC 0.837 0.601 0.868 0.916 0.736 0.918
pageblocks ACC 0.900 0.893 0.876 0.925 0.967 0.934
Precision 0.415 0.256 0.525 0.436 0.824 0.554
Recall 0.875 0.858 0.904 0.928 0.390 0.930
G-Mean 0.829 0.864 0.914 0.921 0.628 0.927
AUC 0.869 0.852 0.908 0.905 0.702 0.925
libras ACC 0.916 0.930 0.930 0.930 0.887 0.895
Precision 0.833 0.923 0.730 0.714 0.771 0.829
Recall 0.833 0.750 0.916 0.909 0.744 0.738
G-Mean 0.877 0.858 0.924 0.926 0.750 0.928
AUC 0.899 0.866 0.857 0.848 0.798 0.833
ecoli ACC 0.835 0.881 0.836 0.850 0.924 0.936
Precision 0.867 1.000 0.928 0.894 0.973 0.904
Recall 0.591 0.667 0.565 0.680 0.918 0.902
G-Mean 0.751 0.774 0.743 0.804 0.931 0.945
AUC 0.846 0.927 0.870 0.964 0.959 0.951
ilpd ACC 0.620 0.703 0.686 0.794 0.793 0.794
Precision 0.749 0.700 0.831 0.867 0.656 0.781
Recall 0.500 0.667 0.669 0.476 0.720 0.793
G-Mean 0.745 0.653 0.693 0.687 0.703 0.707
AUC 0.773 0.734 0.810 0.783 0.868 0.844
spambase ACC 0.916 0.903 0.884 0.913 0.847 0.932
Precision 0.909 0.884 0.850 0.856 0.881 0.867
Recall 0.882 0.823 0.832 0.933 0.696 0.936
G-Mean 0.901 0.873 0.867 0.917 0.810 0.917
AUC 0.912 0.874 0.858 0.908 0.819 0.863

x4 0SEHEAERTHLLRERE
Tab. 4 Comparison results on 0.5 missing rate

HELE RZIEELD MISM RIMW KNBS EMAD FID MAWOTE
letter ACC 0.762 0.734 0.803 0.767 0.957 0.955
Precision 0.203 0.124 0.213 0.182 0.804 0.267
Recall 0.750 0.708 0.708 0.800 0.432 0.804
G-Mean 0.766 0.802 0.836 0.782 0.656 0.889
AUC 0.843 0.779 0.788 0.883 0.815 0.903
pageblocks ACC 0.925 0.888 0.896 0.952 0.945 0.926
Precision 0.382 0.590 0.443 0.688 0.633 0.627
Recall 0.863 0.762 0.695 0.871 0.544 0.909
G-Mean 0.900 0.853 0.729 0.916 0.713 0.882
AUC 0.894 0.766 0.747 0.905 0.759 0.912
libras ACC 0.902 0.930 0.958 0.944 0.915 0.936
Precision 0.882 0.700 0.857 0.727 0.867 0.884
Recall 0.750 0.778 0.923 0.889 0.765 0.941
G-Mean 0.849 0.860 0.932 0.920 0.858 0.923
AUC 0.895 0.865 0.929 0.855 0.864 0.933
ecoli ACC 0.955 0.955 0.761 0.895 0.939 0.958
Precision 0.889 0.952 0.647 1.000 0.875 0.958
Recall 0.941 0.909 0.523 0.611 0.875 0.942
G-Mean 0.950 0.930 0.675 0.741 0.916 0.950
AUC 0.934 0.942 0.723 0.919 0.917 0.931
ilpd ACC 0.703 0.786 0.720 0.762 0.853 0.863
Precision 0.781 0.583 0.767 0.735 0.758 0.776
Recall 0.490 0.689 0.683 0.681 0.730 0.754
G-Mean 0.681 0.642 0.657 0.814 0.743 0.808
AUC 0.758 0.685 0.768 0.885 0.847 0.860
spambase ACC 0.874 0.888 0.926 0.952 0.899 0.961
Precision 0.808 0.902 0.747 0.917 0.926 0.882
Recall 0.887 0.822 0.815 0.966 0.751 0.889
G-Mean 0.877 0.876 0.907 0.917 0.852 0.936
AUC 0.886 0.855 0.904 0.973 0.858 0.965
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