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Imbalanced heterogeneous data ensemble classification
based on HVDM-KNN

ZHANG Yan, DU Hongle
(School of Math and Computer Application, Shangluo University, Shangluo 726000, China)

Abstract: A novel classification method, the heterogeneous value difference metric-Adaboost-KNN (HVDM-Adaboost-
KNN), is proposed to achieve data resampling, to obtain an ensemble learning algorithm, and to construct a weak classi-
fier for addressing the imbalanced classification of a heterogeneous dataset. This algorithm initially equalizes the data-
set using a clustering algorithm to obtain several equalized data subsets and constructs several sub-classifiers. Further,
the heterogeneous distance is used to calculate the distance between two samples in the heterogeneous dataset to im-
prove the classification accuracy of the KNN algorithm. Subsequently, the Adaboost algorithm is used to iteratively ob-
tain the final classifier. Eight groups of UCI datasets are used to evaluate the classification performance of the algorithm
in imbalanced datasets. The Adaboost experimental results denote that the classification performance of indices, such as
the F1 value, AUC, and G-means, using the heterogeneous imbalanced datasets was better when compared with that ex-
hibited by other algorithms.
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sampling; undersampling
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Table 1 dataset

e VS JE@ JEMEZE S EZe e =]
1 Car 6 65 L 1210 384 3.15
2 Tic-Tac-To 9 9RHL 626 332 1.89
3 Liver 7 TR 200 145 1.38
4 Breast 9 SEIHL, 1HE%L 201 85 2.36
5 Haberman 3 RES 225 81 2.78
6 Blood 4 45HL 570 178 3.20
7 Contraceptive 9 2R, TEHL 844 300 2.81
8 Teaching 5 SHEEL 102 49 2.08

3.1 SEIEVEMISIR
B X6 2 4 RS M B 0 2 22 SR FH A SRS BE A T
BrA8HR, X F AN MR, B 22 O 2 A B

HRMEA ) 3 2 0, 31X B 356 T 40 A 48 40 A o 19 F
MR AR AN BEAR IR 43 2 Bl o 1 X0 4 4 B 3
SR PEHY 78 b5 2 K H Recall, Precision. F-mean .
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Table 2 Obfuscation matrix

250 T 2k T 62k
12k TP FN
i FP TN

MR R VR S 1 T ATHAR B T A 15 AR B 5
NS
TP

Recall = ———— (11)
TP+FN
TP
Precision = (12)
TP + FP
2 X Precision X Recall

k= Precision + Recall (13)

TN TP
G —mean = \/ X (14)

TN+FP TP+FN

Recall &7~ IF 28 ) 42K ; Precision 278 IF28
AU AT UE R ; F-mean [A] i % [ A £ R M iR, H
A 2P RES F-mean BIE A # K, 7T LAY
R A B EE L T 0 25 PR ; G-mean £ 5%
82 R HETH R, AT — R HER R BN, G-

mean P {EAR S H/IN, R L BE A8 B A7 PEAN AN 3 1 4
P T By 2 PERE

ROC Hi 2 ) & DL IE §1 28 1% 49 [l 5 0y Ak pn i,
T8 2o VA AR I AT AR AR — FR SIELRT N A it
22, BT ROC & A BEE B PFAN 73 2 a8 1Y 73 2
Ak, PICH SR H ROC I 4E T T AL AUC SR IFM
IR MERE, AUC (H B AL 20 25 28 10 20
FVERR G, A SCEL g N b1 i 5 PEAN FE A
X AR B PEBE
32 RMEBANERIE

# 3 " HDVM_KNN & $8 % H HDVM I &
1Y K 3 AR5EE , KNN 48 2R HIRK G B 25 19 K <R3
W, Horh KU S B SE IR 45 0, SVM 2R 35 50
A SR AL, SVM T KNN 2
XA A7 5 — AR AR )5 >R FH matlab 57 9 52
e AL L T SC I A 45 2R, Car B4R 42 10 52
B0 2 BRI B B — S5 1 s B — 45 1 Dy e Bl
e, A ERREACAE il A my 25 2R, oAb £ s
B 34 02 A W RS B 2 U 2R B SO I B i 4 2R
S 45 R FE BRI H UL A PR RE TR AR AR A R
ACC, Recall, Precision, F-mean, G-mean #l1 AUC
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Table 3 Experimental result

s o ” PERETRTR
ACC Recall Precision AUC F mean G_mean
HDVM_KNN 0.8959 0.746 6 0.907 4 0.882 8 0.799 0 0.843 6
Car KNN 0.886 4 0.706 7 0.8810 0.8752 0.793 1 0.826 4
SVM 0.623 6 0377 8 0.5455 0.677 4 0.526 8 0.592 6
HDVM_KNN 0.9553 0.905 4 0.904 0 0.9059 0.8535 0.904 4
Tic-Tac-Toe KNN 0.9329 0.7879 0.772 4 0.7812 0.588 7 0.778 1
SVM 0.5972 0.429 5 0.5877 0.597 1 0.4929 0.558 4
HDVM_KNN 0.918 8 0.903 4 0.930 0 09311 0.903 4 0.916 6
Liver KNN 0.7855 0.803 4 0.8850 0.789 8 0.717 6 0.789 8
SVM 0.684 1 0.609 8 0.680 0 0.675 1 0.6472 0.676 9
HDVM_KNN 0.779 7 0.727 3 0.9303 0.699 0 0.5714 0.765 2
Breast KNN 0.790 2 0.7200 0.9254 0.6553 0.5333 0.7553
SVM 0.716 8 0.520 8 0.7711 0.500 9 0.5525 0.651 8
HDVM_KNN 0.843 1 0.779 7 0.942 2 0.791 3 0.657 1 0.8180
Haberman KNN 0.797 4 0.711'1 0.9422 0.767 6 0.507 9 0.760 0
SVM 0.738 6 0.507 9 0.8622 0.679 1 0.444 4 0.636 8
HDVM_KNN 0.847 6 0.775 9 0.954 4 0.8712 0.6122 0.8172
Blood KNN 0.819 5 0.693 7 0.940 4 0.849 6 0.5329 0.764 0
SVM 0.493 3 0.309 3 0.3614 0.806 7 0.462 4 0.5369
HDVM_KNN 0.863 7 0.779 7 0.771 2 0.661 0 0.707 2 0.773 1
Contraceptive KNN 0.753 6 0.698 6 0.759 0 0.756 3 0.7309 0.7533
SVM 0.758 3 0.6311 0.6714 0.774 3 0.590 5 0.662 6
HDVM_KNN 0.892 2 0.796 3 0.887 4 0.886 8 0.8350 0.864 3
Teaching KNN 0.803 9 0.5652 0.7152 0.666 7 0.547 4 0.664 4
SVM 0.107 8 0.340 6 0.384 1 0.609 3 0.502 7 0.536 8
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FHH) & matlab 1 [ 47 19 5.5 | OK-Adaboost J& 74
SCHT B B (KO AR5 1 R HH BRCIG BB B8 0 47 3
). HK-Adaboost 42 4% SCHr #2581 (K r 4R 5 1k
FH S5 A8 B B BEATHE), Sede b KT SRS Y
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Table 4 Algorithm performance comparison 1

" ; PERETEAR

B i ACC Recall Precision AUC F mean G_mean
KNN 0.886 4 0.706 7 0.8810 0.8752 0.793 1 0.826 4
Adaboost 09222 0.901 0 0.967 3 0.9930 0.848 0 0.9330
Car OK-Adaboost 0.967 4 0.9427 0.9817 0.998 6 0.9930 0.958 8
HK-Adaboost 0.997 5 1 1 1 0.994 8 0.998 3
KNN 0.9329 0.787 9 0.772 4 0.7812 0.588 7 0.778 1
Tie-Tac.Toe Adaboost 0.8163 0.596 4 0.813 4 0.556 4 0.6923 0.7459
OK-Adaboost 0.8413 0.566 3 0.8110 0.5590 0.712 1 0.747 7
HK-Adaboost 0.937 4 0.891 6 0.943 6 0.857 4 0.908 0 0.926 0
KNN 0.7855 0.803 4 0.8850 0.789 8 0.717 6 0.789 8
) Adaboost 0.8116 0.724 1 0.8140 08117 0.763 6 0.796 0
Fiver OK-Adaboost 0.7855 0.648 3 0.776 3 0.773 6 0.717 6 0.757 4

HK-Adaboost 1 1 1 1 1 1
KNN 0.790 2 0.720 0 0.925 4 0.6553 0.5333 0.7553
Adaboost 0.765 7 0.470 6 0.799 1 0.419 1 0.544 2 0.647 4
Breast OK-Adaboost 0.870 6 0.717 6 0.886 8 0.6712 0.767 3 0.8193
HK-Adaboost 0.940 6 0.894 1 0.955 4 0.8585 0.899 4 0.926 6
KNN 0.797 4 0.7111 0.9422 0.767 6 0.507 9 0.760 0
Haberman Adaboost 0.7810 0.407 4 0.8110 0.652 8 0.496 2 0.6107
OK-Adaboost 0.8758 0.691 4 0.894 5 0.777 6 0.746 7 0.807 1

HK-Adaboost 1 1 1 1 1 1
KNN 0.8195 0.693 7 0.940 4 0.849 6 0.5329 0.764 0
Adaboost 0.8142 0.3539 0.826 0 0.720 9 04755 0.5823
Blood OK-Adaboost 0.907 8 0.809 0 0.940 2 0.889 1 0.806 7 0.8714
HK-Adaboost 0.963 9 0.927 0 0.977 2 09729 0.924 4 0.950 9
KNN 0.753 6 0.698 6 0.759 0 0.756 3 0.730 9 0.753 3
Contraceptive Adaboost 0.720 1 0.5191 0.708 5 0.9373 0.6128 0.6719
OK-Adaboost 0.843 8 0.780 3 0.844 9 0.976 0 0.809 9 0.833 8
HK-Adaboost 0.9579 0.949 0 0.962 2 0.998 2 0.950 6 0.956 7
KNN 0.803 9 0.5652 0.7152 0.666 7 0.547 4 0.664 4
Teaching Adaboost 0.8533 0.6250 0.844 8 0.9853 0.7317 0.774 9
OK-Adaboost 0.746 7 0.2500 0.7353 0.9853 0.387 1 0.495 1
HK-Adaboost 0.9333 0.958 3 0.979 2 0.996 7 0.902 0 0.939 8

HT T I 2R AN AR AR ), 2545303 14 4% T30
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Table 5 Algorithm performance comparison 2

A o _ PERETEAR
ACC Recall Precision AUC F_mean G_mean
KNN 0.8657 0.8385 0.944 6 0.9797 0.750 6 0.856 3
Adaboost 0.8833 0.8750 0.957 1 0.9857 0.778 5 0.880 5
Car OK-Adaboost 0.849 4 0.994 8 0.997 9 0.999 0 0.761 0 0.893 9
HK-Adaboost 0.8657 0.9792 0.992 1 0.996 5 0.778 5 0.901 4
KNN 0.772 4 0.469 9 0.768 4 0.438 4 0.588 7 0.662 1
Tie-Tac.Toe Adaboost 0.730 7 0.524 1 0.784 2 0.480 6 0.6237 0.693 2
OK-Adaboost 0.699 4 0.747 0 0.8019 0.499 6 0.6250 0.704 7
HK-Adaboost 0.780 8 0.7711 0.843 3 0.539 4 0.657 8 0.734 4
KNN 0.641 6 0.465 8 0.663 8 0.877 1 0.523 1 0.598 9
. Adaboost 0.7399 0.5205 0.720 0 0.921 6 0.628 1 0.684 5
biver OK-Adaboost 0.669 4 0.712 3 0.766 7 09108 0.666 7 0.701 1
HK-Adaboost 0.751 4 0.698 6 0.770 8 0.940 8 0.681 5 0.727 5
KNN 0.7203 0.3095 0.756 3 0.2758 03939 0.5252
Adaboost 0.6713 0.238 1 0.728 8 0.2027 0.298 5 0.450 3
Breast OK-Adaboost 0.6923 0.714 3 0.8519 0.488 0 0.576 9 0.698 6
HK-Adaboost 0.734 3 0.761 9 0.879 5 0.550 7 0.627 5 0.742 1
KNN 0.758 2 0.236 8 0.786 8 0.591 8 0.3273 0.469 4
Haberman Adaboost 0.712 4 0.1579 0.773 0 0.543 0 0.2400 0.386 9
OK-Adaboost 0.712 4 0.631 6 0.858 6 0.689 0 0.5217 0.683 2
HK-Adaboost 0.761 6 0.710 5 0.8817 0.728 4 0.5510 0.718 8
KNN 0.767 4 0.3299 0.796 9 0.694 9 0.423 8 0.5511
Adaboost 0.663 1 0.226 8 0.780 0 0.6827 0.346 5 0.469 3
Blood OK-Adaboost 0.703 2 0.773 2 0.887 8 0.724 8 0.539 4 0.692 1
HK-Adaboost 0.778 1 0.773 2 0.8872 0.727 3 0.543 5 0.694 9
KNN 0.7150 0.366 7 0.788 4 0.8979 0.402 9 0.554 6
Contraceptive Adaboost 0.8129 0.4333 0.824 7 0.970 5 0.548 5 0.640 9
OK-Adaboost 0.702 8 0.653 3 0.859 5 09146 0.556 8 0.701 9
HK-Adaboost 0.725 5 0.366 7 0.7912 0.907 0 0.4120 0.5539
KNN 0.6133 0.160 0 0.666 7 0.865 6 02162 0.366 6
Teaching Adaboost 0.680 0 0.480 0 0.750 0 0.865 6 02162 0.6119
OK-Adaboost 0.680 0 0.680 0 0.7419 0.904 8 0.492 8 0.559 3
HK-Adaboost 0.666 7 0.680 0 0.804 9 0.8912 0.576 3 0.669 9
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