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An adaptive weighted oversampling algorithm based on density peak clustering
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[ Abstract] Imbalanced data is a challenge in supervised learning. Traditional classifiers usually favor the majority class and ignore
the minority class, while the minority class samples often contain more important information and need more attention. The
oversampling algorithm based on density peak clustering ( DPCOTE) is proposed to deal with imbalanced classification problem. The
main idea of DPCOTE is as follows: (1) The k—nearest neighbor algorithm is used to remove noise samples of majority class and
minority class; (2) Two important factors in the density peaks clustering algorithm (DPC) , namely the local density of the sample
and the distance of the sample to the nearest neighbor with high local density, are used to assign sample weights for each minority
class sample; (3) The distance involved in DPC algorithm is measured by Mahalanobis distance to eliminate the inconsistency of
sample feature dimensions. Finally, comparative experiments conducted on 12 UCI datasets with different indexes show that the
proposed algorithm is superior to other oversampling methods in dealing with the imbalanced data.
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Fig. 1 The schematic diagram of Mahalanobis distance and

Euclidean distance
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Fig. 3 The schematic diagram of synthetic sample distribution
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Tab. 1 Information of the datasets

AEITE S BEA%  FRERC 0 AR
haberman 306 3 81 2.78
yeast4 1484 8 244 5.08
abalonel 4177 8 487 7.58
yeast1 1 484 8 163 8.10
ecoli2 336 7 35 8.60
yeast2 1484 8 115 11.90
ecolil 336 7 25 12.44
libras 360 90 24 14.00
pageblocks2 5473 10 329 15.64
yeast3 1484 8 87 16.06
abalone2 4177 8 229 17.24
pageblocksl 5473 10 231 22.70
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Tab. 2 Comparison results on LR

Kl sE izt SMOTE SLS BS ADASYN CBSO DPCOTE
haberman F 0.787 92 0.846 64 0.784 04 0.785 99 0.780 91 0.832 68
G 0.777 03 0.733 33 0.791 80 0.794 12 0.794 83 0.793 13

yeast4 F 0.886 54 0.877 11 0.883 78 0.876 91 0.876 62 0.890 56
G 0.882 23 0.870 86 0.885 04 0.879 43 0.882 63 0.940 15

abalonel F 0.984 99 0.984 08 0.987 59 0.984 39 0.983 88 0.983 35
G 0.986 46 0.982 13 0.986 93 0.984 12 0.984 05 0.978 11

yeastl F 0.944 06 0.932 53 0.940 82 0.941 64 0.942 52 0.952 53
G 0.936 92 0.930 91 0.940 18 0.929 76 0.935 94 0.981 41

ecoli2 F 0.965 25 0.944 88 0.963 08 0.964 24 0.964 43 0.969 13
G 0.968 12 0.947 85 0.958 09 0.950 73 0.966 94 0.966 70

yeast2 F 0.951 51 0.943 87 0.956 63 0.946 22 0.951 79 0.966 12
G 0.950 67 0.942 08 0.956 16 0.955 62 0.951 54 0.982 03

ecolil F 0.983 66 0.961 36 0.979 09 0.969 49 0.971 63 0.973 55
G 0.980 82 0.961 90 0.986 28 0.979 71 0.980 14 0.998 31

libras F 0.975 55 0.980 56 0.980 22 0.976 99 0.978 69 0.983 33
G 0.973 98 0.980 43 0.987 56 0.979 04 0.984 12 0.998 27

pageblocks2 F 0.961 65 0.959 32 0.965 53 0.961 39 0.960 68 0.978 82
G 0.956 97 0.961 34 0.965 34 0.963 70 0.962 12 0.963 33

yeast3 F 0.948 13 0.951 90 0.947 29 0.949 98 0.950 01 0.959 92
G 0.944 14 0.956 94 0.942 25 0.953 58 0.949 95 0.978 99

abalone2 F 0.945 99 0.950 64 0.948 43 0.944 89 0.944 54 0.954 60
G 0.946 06 0.949 31 0.954 84 0.942 48 0.945 43 0.970 24

pageblocks1 F 0.968 53 0.964 46 0.968 31 0.964 40 0.964 95 0.979 71
G 0.969 04 0.962 91 0.969 34 0.964 80 0.966 14 0.963 77




5 6 1]

BASE, &5 BT R E IR A & I A SRAE 3k 51

B 5 M LR 4325, Kl yeastd 7E4545 F -
measure 1 G — mean LWL IR S5 R, F 2 BRI TE
—NHEIEARR 1T 2 454, AR ) B 2y v
5 W 85 7 o3 & I 1 o A 5 Y B o A
B, K810 98 BE T DA LB 1) P SRR B AR A Y
BT R LR B ROR B ME, M
R/ MEZR AR 5 W Bl . AR5 (a) Hhal L
A i, AR DPCOTE 035 XU I sh Bk, (B 8k s 19

0.8925
0.890 0
0.8875 %

0.8850
0.8825

0.880 0

0.8775 5 é ‘i

SMOTE ~ SLS BS  ADASYN CBSO DPCOTE

(a) F — measure

HERLL R DU BRI T X L RE R, EELS
(b) H1,DPCOTE 5.3 (% B A0 L | F PU 4305 B2 AH
PR, #6 #6 K F8 B J7 1T, BR T ADASYN 3.3k,
DPCOTE v 1 %8s I sh t F & 7 ik, B2
ADASYN Bk e S (EH, &l 6 I SVM 1y af
Ak, 855 8 7% DPCOTE 832 i FR B A b R U4y
MHUERT X HLEIER,

0.94 =]

e

ADASYN CBSO DPCOTE
(b) G — mean

0.92

0.90
0.88
0.86

SMOTE

0

B 5 {EFMA LR 5 K2581F yeastd BIFELLE
Fig. 5 A boxplot using LR on yeast4
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Tab. 3 Comparison results on SVM
EVEITES Eiztan SMOTE SLS BS ADASYN CBSO DPCOTE
haberman F 0.843 70 0.843 29 0.841 82 0.843 83 0.840 01 0.834 81
G 0.825 64 0.795 33 0.858 37 0.840 88 0.838 89 0.871 14
yeast4 F 0.897 71 0.878 78 0.898 10 0.886 84 0.890 53 0.903 62
G 0.918 09 0.915 77 0.925 93 0.917 24 0.924 61 0.932 72
abalonel F 0.988 21 0.994 05 0.992 40 0.986 76 0.988 55 0.988 50
G 0.988 21 0.994 05 0.992 39 0.986 75 0.988 55 0.987 37
yeast1 F 0.955 99 0.938 72 0.958 79 0.955 37 0.952 19 0.968 99
G 0.970 29 0.963 91 0.969 52 0.970 72 0.962 70 0.969 96
ecoli2 F 0.968 16 0.959 88 0.968 77 0.967 20 0.968 56 0.970 25
G 0.979 89 0.978 52 0.983 58 0.957 88 0.984 97 0.981 85
yeast2 F 0.953 63 0.947 74 0.958 86 0.945 19 0.954 73 0.974 62
G 0.961 65 0.965 87 0.966 74 0.969 36 0.967 42 0.975 78
ecolil F 0.989 70 0.987 04 0.989 64 0.988 60 0.988 92 0.990 32
G 0.989 51 0.996 76 0.993 91 0.993 29 0.996 65 0.991 87
libras F 0.984 59 0.985 22 0.986 45 0.984 86 0.984 01 0.987 69
G 0.994 34 0.989 11 0.997 12 0.997 03 0.995 46 0.998 81
pageblocks2 F 0.969 03 0.965 27 0.972 07 0.964 44 0.964 82 0.983 65
G 0.974 98 0.971 50 0.983 79 0.979 33 0.979 06 0.986 10
yeast3 F 0.948 47 0.949 40 0.949 17 0.948 12 0.947 00 0.963 51
G 0.956 03 0.967 59 0.958 07 0.963 53 0.963 05 0.968 49
abalone2 F 0.940 52 0.944 98 0.946 83 0.941 69 0.940 71 0.956 52
G 0.959 69 0.963 47 0.965 71 0.956 41 0.961 19 0.967 38
pageblocks1 F 0.971 07 0.967 70 0.972 16 0.966 94 0.968 14 0.981 92
G 0.978 03 0.977 82 0.977 68 0.976 61 0.975 29 0.985 59
&4 {EF LR,SVM 5723547 Wilcoxon LI 4R
Tab. 4 Wilcoxon experimental results on LR,SVM
. F G
et XF LG5
R + R - p —value a = 0.05 R + R - p —value a = 0.05
LR DPCOTE vs SMOTE 70 8 0.015 rejected 69 9 0.018 rejected
DPCOTE vs SLS 70 8 0.015 rejected 74 4 0.006 rejected
DPCOTE vs BS 73 5 0.007 rejected 60 18 0.099  not rejected
DPCOTE vs ADASYN 77 1 0.002 rejected 68 10 0.022 rejected
DPCOTE vs CBSO 77 1 0.002 rejected 65 13 0.041 rejected
SVM DPCOTE vs SMOTE 72 6 0.009 rejected 75 3 0.004 rejected
DPCOTE vs SLS 71 7 0.012 rejected 68 10 0.022 rejected
DPCOTE vs BS 68 10 0.022 rejected 62 16 0.071 not rejected
DPCOTE vs ADASYN 73 5 0.007 rejected 73 5 0.007 rejected
DPCOTE vs CBSO 72 6 0.009 rejected 71 7 0.012 rejected
3 G BRSO R B BB REAS . [W]IF, 72 DPC 5%
== =]

ARSCHR T —Fh I T2 A R E Y A S
AL AR HI DPCOTE 35002 K it AN P-4
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