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Multi-class Imbalanced Learning Algorithm Based on Hellinger Distance and SMOTE Algorithm
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Abstract Imbalanced data is common in real life. Traditional machine learning algorithms are difficult to achieve satisfied results
on imbalanced data. The synthetic minority oversampling technique (SMOTE) is an efficient method to handle this problem.
However,in multi-class imbalanced data,disordered distribution of boundary sample and discontinuous class distribution become
more complicated,and the synthetic samples may invade other classes area,leading to over-generalization. In order to solve this is-
sue, considering the algorithm based on Hellinger distance decision tree has been proved to be insensitive to imbalanced data,com-
bining with Hellinger distance and SMOTE, this paper proposed an oversampling method SMOTE with Hellinger distance
(HDSMOTE). Firstly,a sampling direction selection strategy was presented based on Hellinger distances of local neighborhood
area,which can guide the direction of the synthesized sample. Secondly.a sampling quality evaluation strategy based on Hellinger
distance was designed to avoid the synthesized sample into other classes, which can reduce the risk of over-generalization. Finally,
to demonstrate the performance of HDSMOTE, 15 multi-class imbalanced data sets were preprocessed by 7 representative over-
sampling algorithms and HDSMOTE algorithm,and were classified with C4. 5 decision tree. Precision, Recall, F-measure , G-mean
and MAUC are employed as the evaluation standards. Compared with competitive oversampling methods, the experimental results
show that the HDSMOTE algorithm has improved in the these evaluation standards. It is increased by 17. 07% in Precision,
21.74% in Recall,19. 63% in F-measure,16. 37% in G-mean,and 8. 51% in MAUC. HDSMOTE has better classification per-

formance than the seven representative oversampling methods on multi-class imbalanced data.
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Table 2 Precision of eight oversampling algorithms over fifteen data sets
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hayes-roth 0.9277 0.8892 0.9215 0.8938 0.9031 0.9610 0.9123 0.9092

newthyroid 0.9780 0.9773 0.9820 0.9827 0.9787 0.9649 0.9713 0.9807

plates-faultsl 0.9774 0.9593 0.9612 0.9713 0.9230 0.9766 0.9728 0.9626
plates-faults3 0.9808 0.9731 0.9721 0.9751 0.9512 0.9829 0.9784 0.9691
sat4 0.8859 0.8810 0.8784 0.8748 0.8658 0.8702 0.8757 0.8729
vehicle-mc 0.9436 0.9459 0.9473 0.9483 0.9382 0.9395 0.9471 0.9403
wine 0.9042 0.9083 0.9250 0.9250 0.9229 0.9208 0.9146 0.9083
yeast8 0.9555 0.8564 0.8827 0.9158 0.9257 0.9252 0.7875 0.8903
yeast2 0.9646 0.8765 0.8533 0.9376 0.9397 0.9289 0.8428 0.8879
yeast71 0.9739 0.8644 0.8832 0.9361 0.9287 0.9312 0.8032 0.9257
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Table 3 Recall of eight oversampling algorithms over fifteen data sets

AR & 4 HDSMOTE SMOTE ADA B_S C_S ASU MW SMOM
abalone8discre 0.6980 0.6738 0.6155 0.8090 0.6173 0.6894 0.6340 0.6286
abalonelOdiscre 0.7903 0.6881 0.7801 0.7202 0.6005 0.6625 0.7530 0.7174

balance 0.8440 0.8340 0.8240 0.8325 0.8491 0.8935 0.8823 0.8368
cleveland 0.8365 0.7421 0.7392 0.8396 0.7049 0.8287 0.6280 0.7211
housing5 0.9480 0.9296 0.9415 0.9480 0.9001 0.9254 0.9485 0.9411

hayes-roth 0.8720 0.8906 0.8861 0.9069 0.8164 0.9878 0.8900 0.8805

newthyroid 0.9639 0.9609 0.9591 0.9524 0.9704 0.9702 0.9677 0.9705
plates-faultsl 0.9308 0.9143 0.9271 0.9230 0.8935 0.9081 0.9472 0.8763
plates-faults3 0.9586 0.9347 0.9379 0.9544 0.9027 0.9236 0.9455 0.9319

satd 0.8651 0.8543 0.8866 0.8859 0.8455 0.8460 0.8764 0.8556
vehicle-mc 0.9328 0.9229 0.9146 0.9198 0.9167 0.9138 0.9205 0.9320
wine 0.9340 0.9488 0.9430 0.9551 0.9524 0.9477 0.9554 0.9448
yeast8 0.8955 0.7524 0.7831 0.8512 0.8347 0.7627 0.6872 0.7573
yeastd2 0.9519 0.8352 0.8036 0.8704 0.8825 0. 8806 0.7639 0.8159
yeast71 0.9545 0.8292 0.8692 0.9219 0.9108 0.8535 0.7371 0.8885

F4 8 LRFERIEAE 15 MBI 1Y Fomeasure
Table 4  F-measure of eight oversampling algorithms over fifteen data sets

B A & 4 HDSMOTE  SMOTE ADA B_S C_S ASU MW SMOM
abalone8discre 0.7924 0.7496 0.7200 0.8684 0.6757 0.7694 0.7465 0.7037
abalonelOdiscre 0.8534 0.7584 0.8472 0.7877 0.6712 0.7571 0.8338 0.7662

balance 0.8165 0.8099 0.7950 0.8117 0.7992 0.8035 0.8156 0.8002
cleveland 0.8618 0.7587 0.7707 0.8607 0.7395 0.8532 0.6799 0.7353
housing5 0.9537 0.9437 0.9437 0.9546 0.9174 0.9411 0.9597 0.9476

hayes-roth 0.8964 0.8865 0.9007 0.8989 0.8521 0.9738 0.8992 0.8909

newthyroid 0.9709 0.9690 0.9704 0.9672 0.9744 0.9675 0.9694 0.9755

plates-faultsl 0.9533 0.9356 0.9437 0.9461 0.9074 0.9406 0.9597 0.9167
plates-faults3 0.9695 0.9534 0.9546 0.9645 0.9261 0.9521 0.9616 0.9499
satd 0.8753 0.8674 0.8824 0.8802 0.8555 0.8579 0.8760 0.8641
vehicle-mc 0.9489 0.9437 0.9346 0.9367 0.9446 0.9409 0.9492 0.9455
wine 0.9181 0.9277 0.9336 0.9395 0.9365 0.9336 0.9338 0.9258
yeast8 0.9225 0.7965 0.8261 0.8790 0.8731 0.8320 0.7303 0.8158
yeast52 0.9579 0.8544 0.8253 0.9021 0.9079 0.9034 0.8009 0.8478
yeast71 0.9639 0.8456 0.8757 0.9283 0.9190 0.8899 0.7671 0.9062
5 8 R EREERELE 15 MBUEE LAY Gmean

Table 5 G-mean of eight oversampling algorithms over fifteen data sets

B E 4 K HDSMOTE SMOTE ADA B'S C_S ASU MW SMOM
abalone8discre 0.5128 0.4521 0.4142 0.5507 0.3930 0.4443 0.5219 0.4086
abalonelOdiscre 0.6562 0.5308 0.5817 0.6263 0.4925 0.5614 0.5758 0.4997

balance 0.8218 0.8254 0.8202 0.8228 0.8233 0.8347 0.8386 0.8188
cleveland 0.7921 0.7270 0.7112 0.7806 0.6800 0.7558 0.6504 0.6984
housing5 0.8393 0.8148 0.8163 0.8091 0.7915 0.8026 0.8311 0.8170

hayes-roth 0.8125 0.8270 0.8193 0.8318 0.7928 0.8877 0.8235 0.8163

newthyroid 0.9558 0.9533 0.9609 0.9611 0.9616 0.9555 0.9548 0.9641
plates-faultsl 0.8030 0.7888 0.7821 0.7798 0.7505 0.7659 0.7954 0.7591
plates-faults3 0.8458 0.8317 0.8319 0.8403 0.8073 0.8202 0.8329 0.8226

satd 0.9062 0.9024 0.9225 0.9211 0.8935 0.8927 0.9137 0.9016
vehicle-mc 0.9299 0.9265 0.9247 0.9239 0.9159 0.9196 0.9244 0.9286
wine 0.9146 0.9156 0.9224 0.9226 0.9242 0.9211 0.9294 0.9165
yeast8 0.6874 0.5953 0.5863 0.6119 0.6461 0.5739 0.5487 0.5907
yeast52 0.7443 0.6726 0.6556 0.7150 0.6695 0.7208 0.6395 0.6692
yeast71 0.8282 0.7217 0.7478 0.7676 0.7413 0.7507 0.6796 0.7448

F 6 SR FRFESLILAE 15 MEUEAE Y MAUC
Table 6 MAUC of eight oversampling algorithms over fifteen data sets

B E 4 K HDSMOTE SMOTE ADA B_S C_S ASU MW SMOM
abalone8discre 0.8672 0.8051 0.8041 0.8602 0.7913 0.8408 0.8081 0.8111
abalonelOdiscre 0.6163 0.6263 0.6242 0.5877 0.6472 0.5967 0.6481 0.6280

balance 0.9101 0.9167 0.9121 0.9039 0.9001 0.9045 0.9090 0.9055
cleveland 0.8921 0.8450 0.8540 0.8954 0.8252 0.8825 0.8070 0.8376
housing5 0.9496 0.9431 0.9370 0.9364 0.9360 0.9406 0.9441 0.9417

hayes-roth 0.9207 0.9156 0.9186 0.9170 0.8997 0.9436 0.9166 0.9083

newthyroid 0.9792 0.9765 0.9788 0.9731 0.9786 0.9759 0.9787 0.9816
plates-faultsl 0.9605 0.9551 0.9504 0.9549 0.9515 0.9578 0.9571 0.9524
plates-faults3 0.9597 0.9538 0.9536 0.9590 0.9518 0.9571 0.9564 0.9547

satd 0.9643 0.9627 0.9679 0.9678 0.9597 0.9596 0.9679 0.9630
vehicle-me 0.9690 0.9671 0.9645 0.9652 0.9607 0.9645 0.9644 0.9683
wine 0.9371 0.9497 0.9492 0.9507 0.9553 0.9488 0.9511 0.9453
yeast8 0.9372 0.9083 0.9024 0.9178 0.9122 0.9109 0.8921 0.9114
yeast52 0.9426 0.9040 0.8920 0.9196 0.8994 0.9261 0.8924 0.9031
yeast71 0.9630 0.9264 0.9220 0.9427 0.9308 0.9364 0.8961 0.9306
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Table 7 Sampling time of eight oversampling algorithms over fifteen data sets

Az )
BOAE & 4 HDSMOTE SMOTE ADA B_S C_S ASU MW SMOM
abalone8discre 34.4744 7.4698 0.3463 8.3383 5.5288 31.2275 4.6712 14.3642
abalonelOdiscre 81.3533 9.6792 0.4122 12.1184  10.7792  49.6335 6.1597 19.1997
balance 1.0967 0.4933 0.0106 0.6731 0.5867 1.2200 0.0721 0.5691
cleveland 11.1954 1.2017 0.0194 1.4488 1.2974 2.5502 0.1801 0.8597
housing5 7.7944 1.8261 0.0402 2.0156 1.7505 5.0059 0.5019 2.0605
hayes-roth 0.2072 0.0548 0.0040 0.0679 0.0733 0.1842 0.0227 0.2046
newthyroid 1.0046 0.5384 0.0080 0.6740 0.5999 1.1830 0.0604 0.4144
plates-faultsl 46.2955 9.3131 0.5622 21.8247 7.8195 65.0621 9.1125 25.7622
plates-faults3 35.5943 5.9156 0.1639 14.5429 5.7244 15.0510 1.1144 4.3402
satd 30.7180 5.5796 1.5597 14.5863 5.3512  214.5633 27.2138 83.6970
vehicle-me 4.3985 0.9902 0.0811 1.1962 1.0574 8.1575 1.7666 5.2547
wine 0.0005 0.0003 0.0004 0.0002 0.0002 0.0002 0.0003 0.0015
yeast8 35.3110 5.5324 0.1403 6.4866 5.5103 27.6887 2.4222 6.5544
yeast52 26.9518 3.2646 0.0288 3.8179 3.1814 5.9192 0.1805 0.7000
yeast71 45.6017 5.3735 0.1233 6.3620 5.5413 16.8991 2.3328 5.6910

L) Precision N PEM FRAER , HDSMOTE . SMOTE
FEFHT 4. 08% 5 7 cleveland B ¥H4E LW R br 42 T
11.12% . HDSMOTE 435t ADA.B_S.C_S.ASU. MW #i
SMOM 8N T 2. 77% 1. 16 % 4. 41%,1. 42% . 4. 04 %
F 3. 93%; Fe oy AR T T 11, 13%. 5. 68% ., 14. 19%,
5.97%,17. 07% A1 13. 56%. LA Recall Jy 3 # 45 #E B},
HDSMOTE [t SMOTE “F# 427 T 4. 43 %6 5 7E yeast8 B 4R
LR & T 14. 31% ., HDSMOTE 451 lb ADA,
B_S,C_S,ASU.MW Hl SMOM F¥3 1T 3.77%.0.57%,
5.19%,2.55%.5. 59 % F 4. 52 % s fe = 43 B4R T+ T 14. 83 % .
8.15%,18. 98%.13. 28%,21. 74% M1 13. 82% ., LA F-mea-
sure NIEMFRAER, HDSMOTE [t SMOTE 3 ¥ 42 J+ 7
4.36% ;7F yeast8 B4 LM R A 4P & T 12, 60%.,
HDSMOTE 435 It ADA,B_S,C_S, ASUMW #l SMOM -
YR T 3.54%,0.86%,5.03%,2.26%.5. 15% Fil 4. 42%;
T AR T T 13.26%,6.57%.8.22%,9. 63%,19. 63%
12, 65%. L G-mean g 3T #t % #E A, HDSMOTE te
SMOTE E# 427+ T 3. 77% ; 1€ abalonelOdiscre 3T 3 4 I ¥
MBI 20 T 12.54% ., HDSMOTE 43 5l It ADA,B_S,
C_S, ASU, MW #l SMOM F-# 8 Jn T 3.69%,1. 24%,
5.11%,2.95%,3.93% F0 4. 63 % s fem A B4R TH T 10. 11 %,
7.55%,16.37%,11.35%,14. 86% #1 15. 65% . L MAUC
RN bR fER, HDSMOTE e SMOTE P34 48 T+ T 1. 42% 5
1E abalone8discre ¥ ¥E 4 F RO R M iF. | T 6. 21%,
HDSMOTE 43 %1t ADA,B_S,C_S, ASU, MW 1 SMOM -
BT 1.59%.0.78%,1.79%.,0.82%.1.86 % 1 1.51%;
BRI T 6.31%,2.86%.7.59%,2. 66%,8. 51% £l
5.61%.

TE R ks 470 8] J7 18 ., 5 SMOTE, ADA,B_S,C_S, MW
A1 SMOM # Lt , HDMOTE iz 17 B ] 38+ (H [t ASU (1
BATHY )4, BT HDSMOTE 8876 UL [ 5 ST b
WELEPERE A r g . N, 7 yeast8, yeast52 Fil yeast71
I, HDSMOTE #yia 47 B ] L 5 iy 380 2 A4 (B 7E B | 5 A
TEANFR U LR RE XA R B 4R T,

BRITE , HDSMOTE 8 % b SMOTE, ADASYN, Bor-
derline-SMOTE, Cluster-SMOTE, A-SUWO, MWMOTE #i

SMOM $575 7 RIPPER 402538 A7 S 41 43 K A0R

GEHRIE X B ROV B A SR T — R T
MRS BE 8 A SMOTE B9 RABESE VL . A0k 1 de o 2 F Ik
K B A SRR T 1) % 7% SR W, 3 oL L 3 A0 B K SRR AR AR
AT I8 P 1 T ARORS BRI SR B A BURE AR 9 T Tl
FLYR 57 B T 1 MRS HE S 109 SR T o T A SR L XA R R
A AT VRAR S LA 5 A YRR AR SR A At 2 0 Y IX
FJf 15 N2 RRTHBIEE FoRA 7 AR R AT
2 HDSMOTE 38 2 % 45 #E 47 Bl Ab 3, % T C4. 5 Yok
B RIPPER 48 8 88 647 4328, SL I 45 S # W] HDSMOTE 5.
A A A 2R . BRI BB TR K R R R
L i A FRVRL A AR T, LR R AT AR I LA R, T — 45
V5 AR5 B 43 A A SCR 3T 48 40, TR 0 2 A K v A
P 0 O N R B CRRE P D P 2 2R T A 2 )
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