wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

EFEREBESHNESRIRERE
AT, KU, NISE

5IAEX

A, K=IE, XUIEE. ETTRBESBNSHERETEN]. T8RS 2025, 52(9): 220-
231.

HU Libin, ZHANG Yunfeng, LIU Peide. Synthetic Oversampling Method Based Noiseless Gradient
Distribution [J]. Computer Science, 2025, 52(9): 220-231.

HUXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETEMANTYEELRFRIREIVNHAR

Imbalanced Online Sequential Extreme Learning Machine Based on Principal Curve

HEHNRIE, 2016, 43(3): 62-67. https://doi.org/10.11896/j.issn.1002-137X.2016.03.012

BES M HEER R EEEGES Y RINA

Rational Fractal Surface Modeling and Its Application in Image Super-resolution

HEHNRIE, 2018, 45(3): 35-45. https://doi.org/10.11896/j.issn.1002-137X.2018.03.006

—HMEFCFDsHINNESE FFIRIRHIETE
Rapid Decision Method for Repairing Sequence Based on CFDs

HEHNRIE, 2018, 45(3): 311-316. https://doi.org/10.11896/j.issn.1002-137X.2018.03.051


https://www.jsjkx.com/CN/10.11896/jsjkx.241000010
https://www.jsjkx.com/EN/10.11896/jsjkx.241000010
https://www.jsjkx.com/CN/10.11896/j.issn.1002-137X.2016.03.012
https://doi.org/10.11896/j.issn.1002-137X.2016.03.012
https://www.jsjkx.com/CN/10.11896/j.issn.1002-137X.2018.03.006
https://doi.org/10.11896/j.issn.1002-137X.2018.03.006
https://www.jsjkx.com/CN/10.11896/j.issn.1002-137X.2018.03.051
https://doi.org/10.11896/j.issn.1002-137X.2018.03.051

0 Vf :ﬁ- *fh 1‘*‘ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 241000010

ETERMEESTHNAERTRETTIE

B R=mIET NEEER

1 VAMAEAFEEAFESIREKR  HFHF 250014
2LEAMERFUHENHNFSEAFK Fw 250014
SLAMAEARFLAAR @4 B ELELRE  JHE 250014
(hlblydx@163. com)

# E 4 TR 5 ik (Synthetic Oversampling Method) 52 3 R-F#5 0 £ P M 04 F & F 8 .12 % 3709 & it R4 o ok £ 4
FLRR o N R P S PN R R R R é‘l’ﬁ":‘fvﬁﬁé\ﬁ&‘ﬁ%ﬁ‘jff%*%/ﬁ”"F’F‘f‘i‘kﬁ&.ﬁ'}‘b&i%7?" ¢ AR R 1) BB B ad
T A R A B A L KRR A E X 3 AR AL R — AT R SA A B KT R, AR A AR
A BT AR AR Ay B g#ii#r/iﬁuﬁéﬁ%‘éﬁf‘f-iiitwi%@“l”é’l""";m#r/iﬁil& ﬁ?“""}ﬂ#i‘ﬂ?ﬁ?fﬁﬁikﬁié’hﬁf M,
HOR AR IEAS B TSR AT A R oA B AL B AR S5 BB R R 6946 B X ), SF b B R A B X 8] A 69 AE R AR B ARAE R AR AR
KO E A LA A RN A RERL TN ERAEZSEZTORM . M BRIET 2RARAHEREERB D, RE.XHTT
AT HRZMMEGZABESFRLEMEE A THEEARTLEHERANEEZARGERLET, ZREEREGOHRS AR T
&&xﬂ)ﬁ%u«ééﬁfﬁﬁj‘ﬂﬁaﬁw H R AW R854 R KA AGRAMHE, £k B KEEL, UCI 4 Kaggle F & 44
BhE L EBREAN, ﬁﬁ%m&é’yﬂ&é&% % Recall 18 44 B & , 4L 7T v 3K 4578 4F #9 F1-Score,G-Mean #= MCC 14,
KR AR B DU MK TR AR B B R A AR «x/\#ﬁ% 5 A A A R AT R A
hESES TPIS

Synthetic Oversampling Method Based Noiseless Gradient Distribution

HU Libin' ,ZHANG Yunfeng® and LIU Peide’
1 School of Management Science and Engineering, Shandong University of Finance and Economics,Jinan 250014, China
2 School of Computer Science and Technology,Shandong University of Finance and Economics,Jinan 250014, China

3 Shandong Key Laboratory of Blockchain Finance,Shandong University of Finance and Economics,Jinan 250014 , China

Abstract Synthetic Oversampling Method is an important means to solve imbalanced classification problem, but the current over-
sampling methods still have many problems when dealing with high-dimensional imbalanced classification problem. A synthetic
oversampling method based on noiseless gradient distribution is proposed to address the three issues of error accumulation caused
by noise samples,excessive dependence on sample space distance,and reduced recognition accuracy of negative class samples in
current synthetic oversampling methods. Firstly. the gradient contribution attribute of the sample is used as the metric to mea-
sure the label confidence of the sample and the noise label samples in the data set are filtered to avoid the error accumulation
caused by the noise samples as the root samples. Secondly, the positive samples are assigned to different gradient intervals accor-
ding to the gradient contribution metric and the safe gradient threshold,the samples in the safe gradient interval are selected as
the root samples,and the gradient right nearest neighbor of the root sample are regarded as the auxiliary samples, which not only
gets rid of the dependence on spatial distance measurement, but also ensures that the decision boundary moved to the negative
class samples continuously. Finally,a safe gradient distribution approximation strategy based on cosine similarity is designed to
calculate the number of samples to be generated in each safe gradient interval,and the synthesized sample distribution by which
can make the decision boundary moved toward the negative class samples in a safe way,so the recognition accuracy of the negative
class samples will not be significantly sacrificed. Experiments on datasets from KEEL, UCI and Kaggle platforms show that the
proposed algorithm can not only improve the Recall value of the classifier, but also obtain satisfactory F1-Score, G-Mean and

MCC values.
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Fig. 7 Overall framework of NGDSO
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Table 1  Details of experimental datasets

SRS HARHBE AT T
Australian 690 14 1.25
German 1000 24 2.33
Page-block0 5472 10 8.79
winequality-red-4 1599 10 29.17
Yeast6 1484 8 41.40
Abalonel9 4174 8 129. 44
Credit Card Fraud Detection 284807 28 577.88
4.2 XLLHEE
FIBEFET 8 B TR 43 25 0 2 A R R Bk

YRR o . Hop 4 5 A6 T AR AR 25 ) R AiE 19 07 2,
Sl & SMOTE(Synthetic Minority Over-sampling Technique) ,
ADASYN (Adaptive Synthetic Sampling) » BL-SMOTE (Bor-
derline-SMOTE), SVM-SMOTE ( Support Vector Machine
SMOTE) ,SMOTEN(SMOTE for Nominal) ,1 A~ %2 & 1Y
J i KM-SMOTE(Kmeans-SMOTE) , VA } 2 4~ 1R A R BE Y
J7# SMOTE-Tomek il SMOTEENN (SMOTE-Edited Nea-
rest Neighbors) ,

X 8 Bl i aed SR AE IR B R IE B X AN O R R
B DAL RO | T LUAS [F) 7 B2 32 71 73 28 4% AU P RE L IX S8 B 1Y
TR B R 2 rE), AT LIE WX 8 Rl ek AR
B2 T S {E TR 8 5 AR A A T B A A B A S RORE AR
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Table 2 Idea of comparison methods
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K 3 45 o By — N AE O 4 B A A
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ADASYN RBEEREGNEERRE RO WKL E, o #
Q%K%éwﬂgwﬁﬁﬁﬁ RAEKR, L FAH#KEHAH
. ) | % 1A HE 4R R B M R OBE KL b RO )
BL-SMOTE SMOTE 7 3 4 i th B &
SVM-SMOTE % % % ] & # A F| | SMOTE 7 # & & th # &
. . UL SMOTE 2 3 a8 . 3 4 & % #F A 69 55 4E 18 N R B K
SMOTEN g mreanitgas
KM-SMOTE FIHl K-Means 7 % 3t IE 24 AR £, R8T % 609 iy /2

W E A AR BB LR 5 AL SMOTE 77 % & &
& A H SMOTE 7 % & B Py #F A, 8 5l B A8 2 £ & fF
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ANECH 30,

AR SCR T v HUZE B W T E W 4 28 3% T B B9 F1-Score,
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MFE 3 AT LR 4T LR 40258870 & , NGDSO 8.k L 78
B4 B B AR 0. 8 B A AL F At 8 Bl ik SR BB 0k 7
F1-Score,Recall, AUC,G-Mean, MCC #l KS iX 6 1~ $§#5 4
TRHUAS T B LG, 4 ) e A e SRR AR R T 1. 56, 2. 47,
0.67,1.63,2.36,2. 38 A~ H 45 mis ¥ T LGBM 42851 5
NGGSO 53k 16 % 4= B B B AE B 0. 9 B} 3845 T & iy F1-
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Table 3 Experimental results on dataset 1

R E % F1-Score Recall AUC G-Mean MCC KS
SMOTE 0.8263 0.8519 0.9208 0.8584 0.7100 0.7416
BL-SMOTE 0.8148 0.8148 0.9130 0.8472 0.6958 0.7372
SVM-SMOTE 0.8098 0.8148 0.9169 0.8434 0.6864 0. 7337
ADASYN 0.8199 0.8148 0.9199 0.8510 0.7053 0.7496
LR SMOTEN 0.8415 0.8519 0.9195 0.8702 0.7376 0.7619
KM-SMOTE 0.8383 0.8642 0.9220 0.8686 0.7301 0.7496
SMOTE-Tomek 0.8293 0.8395 0.9192 0.8600 0.7174 0.7390
SMOTE-ENN 0.7123 0.6420 0.8278 0.7588 0.5666 0.5679
NGDSO(0. 8) 0.8571 0.8889 0.9278 0.8849 0.7612 0.7857
SMOTE 0.8024 0.8272 0.9298 0.8381 0.6698 0.7593
BL-SMOTE 0.8171 0.8272 0.9253 0.8498 0.6972 0.7381
SVM-SMOTE 0.8214 0.8519 0.9239 0.8545 0.7010 0.7557
ADASYN 0.8144 0.8395 0.9272 0.8483 0.6899 0.7434
LGBM SMOTEN 0.8313 0.8519 0.9250 0.8624 0.7191 0.7496
KM-SMOTE 0.8193 0.8395 0.9279 0.8522 0.6990 0.7672
SMOTE-Tomek 0.8220 0.8271 0.9271 0.8536 0.7066 0.7381
SMOTE-ENN 0.7778 0.6914 0.9102 0.8081 0.6744 0.7743
NGDSO(0. 9) 0.8391 0.8642 0.9284 0.8607 0.7248 0.7293

TE 2 SRR 4 b 78 NGDSO 5 ¥k 22 4 46 ¥ B fE B 0. 7
A, LR R BRI T 48 6 A48 4o (4 S A8, 43 1) BE G Atb A £
FEAREEES T 5.64,2.17,0.79,4.88,8.93.4.56 M E A, 1E
NGDSO %3k %2 48 i B B 0. 9 A, LGBM BUS T & A iy
F1-Score il MCC #& #5 » 43 5 L J A 35 0L 48 B £ 85 T 0. 04 Fl
0. 11 ANE 4 & [ BT HUE T R B9 Recall fl G-Mean fH., H
72 eofl F R {E 1 L LGBM BUS T He /i 19 Recall {H . H H:
fh AR AR T T 1. 09 A~ F 4345,

16 3 FHEIEE LT LRI F - 78 NGDSO 5 ik % &b
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RACHEFRAE R T 0,99 F 0. 45 4~ 43 A, Recall 48 F5 {0 K F
ADASYN % 3 . {H F1-Score 1§ #x tb ADASYN # i &
14,42 A A 40 25 M2 486 B BE EL 0. 9 BF, NGDSO %2 Bt
18 T &MY F1-Score Hl MCC 18, 23 91 b H At 5% 40 45 b5 32
T 8.75 1 8.02 NH 4 . XF LGBM i & » £ NGDSO 5.
A B EH I 0. 5 B, U T 5 IR 19 F1-Score, AUC Al
MCC {8, 53 5] o Hofth J A0 50 35 48 5 3. 04,0. 19 F1 3. 07 A~ H
Ay W IS T ALK T SMOTE-ENN 19 KS {5 ; {2 2 % 4
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Fr {2 NGDSO Y Recall { b KM-SMOTE & H 19. 76 &~ &
O3 R s 222 4Bk BE A L 1 L NGDSO 8k B T el (i
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Wi ADASYN J7 42 74 1 0. 27 A1 43 45, [\ i F1-
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AR BE A B 1 I, NGDSO 8% U8 T f 4 f9 Recall
A AUC $8 b5 ALK T- KM-SMOTE B MCC #§ #% 1l SMOTE-
Tomek Y KS#§45. ADASYN J5 % U4t T 5 NGDSO % —
B Recall 48 1t {0 NGDSO 55 #: ) F1-Score 1 MCC #8 41 43
B ADASYN J & H T 5. 16 F1 5. 10 M FE 4 A, SMOTEN
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Table 4 Experimental results on dataset 2

kB % F1-Score Recall AUC G-Mean MCC KS
SMOTE 0.6263 0.6739 0.7936 0.7289 0.4460 0.4987
BL-SMOTE 0.6051 0.6413 0.7962 0.7111 0.4174 0.5073
SVM-SMOTE 0.6146 0.6413 0.8015 0.7176 0.4345 0.5194
ADASYN 0.6207 0.6848 0.7970 0.7258 0.4336 0.4929
LR SMOTEN 0.6138 0.6304 0.7509 0.7157 0.4366 0.4707
KM-SMOTE 0.5970 0.6522 0.7880 0.7061 0.3994 0.4967
SMOTE-Tomek 0.6176 0.6848 0.7843 0.7235 0.4282 0.4904
SMOTE-ENN 0.6188 0.7500 0.7696 0.7256 0.4202 0.4760
NGDSO(0. 7) 0.6827 0.7717 0.8094 0.7777 0.5259 0.5650
SMOTE 0.6129 0.6195 0.7925 0.7137 0.4391 0.4728
BL-SMOTE 0.6489 0.6630 0.8057 0.7426 0.4891 0.5314
SVM-SMOTE 0.6452 0.6522 0.8140 0.7386 0.4858 0.4971
ADASYN 0.6321 0.6630 0.8050 0.7318 0.4593 0.5169
LGBM SMOTEN 0.5632 0.5326 0.7588 0.6694 0.3869 0.3995
KM-SMOTE 0.5829 0.5543 0.7904 0.6849 0.4128 0.4714
SMOTE-Tomek 0.6161 0.6630 0.7921 0.7208 0.4309 0.5086
SMOTE-ENN 0.5625 0.7826 0.7522 0.6606 0.3152 0.4158
NGDSO(0. 9) 0.6493 0.6704 0.7936 0.7393 0.4902 0.5019
NGDSO(1) 0.5703 0.7935 0.7489 0.6681 0.3293 0.4049

F5 BURE 3 LR R
Table 5 Experimental results on dataset 3

o KB 873 F1-Score Recall AUC G-Mean Mcc KS
SMOTE 0.1001 0.9265 0.9812 0.9497 0.2179 0.9190
BL-SMOTE 0.1604 0.8529 0.9328 0.9171 0.2725 0.8458
SVM-SMOTE 0.2022 0.8897 0.9596 0.9380 0.3163 0.8871
ADASYN 0.0309 0.9559 0.9806 0.9299 0.1160 0.9181
SMOTEN 0.7234 0.6250 0.9724 0.7905 0.7322 0.9108
LR KM-SMOTE 0.7235 0.7794 0.9706 0.8826 0.7249 0.8935
SMOTE-Tomek 0.1001 0.9265 0.9810 0.9497 0.2179 0.9189
SMOTE-ENN 0.0957 0.9265 0.9809 0.9491 0.2127 0.9193
NGDSO(1) 0.1751 0.9338 0.9806 0.9596 0.2979 0.9238
NGDSO(0. 9) 0.8110 0.8676 0.9780 0.9313 0.8124 0.9066
SMOTE 0.2222 0.9044 0.9772 0.9463 0.3361 0.9094
BL-SMOTE 0.7870 0.8014 0.9763 0.8951 0.7868 0.8829
SVM-SMOTE 0.4552 0.8971 0.9579 0.9456 0.5220 0.8984
ADASYN 0.0601 0.9412 0.9778 0.9471 0.1663 0.9067
LGBM SMOTEN 0.7955 0.7721 0.9564 0.8786 0.7955 0.9011
KM-SMOTE 0.8192 0.8162 0.9597 0.9033 0.8189 0.9093
SMOTE-Tomek 0.1814 0.8824 0.9816 0.9334 0.2963 0.9020
SMOTE-ENN 0.1820 0.8824 0.9811 0.9335 0.2968 0.9146
NGDSO(1) 0.8496 0.8309 0.9835 0.9114 0.8496 0.9098
NGDSO(1) 0.2854 0.904 4 0.9795 0.9476 0.3897 0.9140

165 SHARAE DX LR AESBNF YL EEAER SO WM 70K T KM-SMOTE i KS ##5 . {5 NGDSO

1 8, NGDSO J7 B8 T L 1 F1-Score, AUC #1 MCC $§
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%o XF LGBM 4 K88 1M 5 . NGDSO B4 7 & 1t 9 Fl1-
1. AUC 1 MCC #8 45 . 43 51 b He At B¢ £ 5 4 42 T

T 2.57,1.26,0.89 Ml 1.86 @ 4 . R W B T LK T
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Table 6 Experimental results on dataset 4

R E g% F1-Score Recall AUC G-Mean mcce KS
SMOTE 0.6726 0.8837 0.9583 0.8982 0.6487 0.8065

BL-SMOTE 0.6585 0.9360 0.9575 0.9147 0.6439 0.8313
SVM-SMOTE 0.6696 0.8953 0.9605 0.9021 0.6476 0.8248

ADASYN 0.6279 0.9419 0.9584 0.9084 0.6156 0.8272

SMOTEN 0.5761 0.9128 0.9289 0.8824 0.5597 0.8256

LR KM-SMOTE 0.7301 0.6919 0.9466 0.8218 0.7017 0.7953
SMOTE-Tomek 0.6756 0.8837 0.9577 0.8989 0.6516 0.8041
SMOTE-ENN 0.6825 0.9186 0.9637 0.9141 0.6641 0.8511
NGDSO(0. 8) 0.7002 0.8895 0.9606 0.9065 0.7076 0.8221

NGDSO(1) 0.6934 0.9446 0.9549 0.8972 0.6928 0.8359

SMOTE 0.8165 0.9186 0.9859 0.9397 0.7987 0.9100

BL-SMOTE 0.7845 0.9419 0.9863 0.9441 0.7685 0.9016
SVM-SMOTE 0.8152 0.9360 0.9895 0.9469 0.7990 0.904 4

ADASYN 0.776 2 0.9477 0.9890 0.9449 0.7610 0.9090

LGBM SMOTEN 0.8385 0.8604 0.9832 0.9171 0.8104 0.8967
KM-SMOTE 0.8810 0.8605 0.9871 0.9226 0.8677 0.9105
SMOTE-Tomek 0.8189 0.9070 0.9862 0.9350 0.8002 0.9200
SMOTE-ENN 0.7845 0.9419 0.9792 0.9441 0.7685 0.8986
NGDSO(1) 0.8278 0.9477 0.9896 0.9527 0.8120 0.9182

FTOBIRLE S LR,

Table 7 Experimental results on dataset 5

kB ok F1-Score Recall AUC G-Mean MCC KS
SMOTE 0.1657 0.8824 0.8785 0.7736 0.2185 0.6064
BL-SMOTE 0.1940 0.7647 0.8693 0.7700 0.2325 0.6200
SVM-SMOTE 0.2553 0.7059 0.8572 0.7790 0.2848 0.6022
ADASYN 0.1404 0.7059 0.8666 0.6996 0.1581 0.5940
LR SMOTEN 0.0678 0.1176 0.6655 0.3278 0.0204 0.3128
KM-SMOTE 0.2027 0.8824 0.8663 0.8132 0.2622 0.7009
SMOTE-Tomek 0.1582 0.8235 0.8674 0.7509 0.1993 0.6150
SMOTE-ENN 0.1455 0.9412 0.8840 0.7490 0.2010 0.6690
NGDSO(1) 0.2745 0.9276 0.8864 0.7637 0.2902 0.6913
SMOTE 0.2192 0.4706 0.7359 0.6494 0.2113 0.4477
BL-SMOTE 0.1013 0.2353 0.5363 0.4537 0.0606 0.1100
SVM-SMOTE 0.0541 0.0588 0.7704 0.2375 0.0165 0.4808
ADASYN 0.1579 0.3529 0.7204 0.5591 0.1342 0.4088
LGBM SMOTEN 0.1081 0.1176 0.5456 0.3363 0.0729 0.1225
KM-SMOTE 0.1509 0.2353 0.7361 0.4680 0.1166 0.4358
SMOTE-Tomek 0.1333 0.2941 0.7630 0.5103 0.1019 0.4456
SMOTE-ENN 0.1429 0.4118 0.7397 0.5882 0.1243 0.4537
NGDSO(1) 0.2449 0.4832 0.7793 0.6371 0.2299 0.4592

* 8 B 6 BRI ER

Table 8 Experimental results on dataset 6

a kB Hx F1-Score Recall AUC G-Mean MCC KS
SMOTE 0.2593 0.7000 0.9127 0.8004 0.3054 0.6881
BL-SMOTE 0.2979 0.7000 0.9094 0.8073 0.3388 0.7083
SVM-SMOTE 0.2727 0.6000 0.9115 0.7493 0.2989 0.6945
ADASYN 0.2154 0.7000 0.9216 0.7893 0.2656 0.7087
LR SMOTEN 0.2133 0.8000 0.9103 0.8339 0.2808 0.7202
KM-SMOTE 0.2609 0.6000 0.8748 0.7475 0.2887 0.6463
SMOTE-Tomek 0.2545 0.7000 0.9202 0.7994 0.3012 0.6995
SMOTE-ENN 0.2414 0.7000 0.9140 0.7964 0.2895 0.6991
NGDSO(1) 0.3095 0.8000 0.9222 0.8333 0.3487 0.7202
SMOTE 0.4667 0.7000 0.7810 0.8241 0.4794 0.6771
BL-SMOTE 0.5217 0.6000 0.8429 0.7684 0.5139 0.5991
SVM-SMOTE 0.5000 0.6000 0.8615 0.7675 0.4939 0.6280
ADASYN 0.4667 0.7000 0.8135 0.8241 0.4794 0.6771
LGBM SMOTEN 0.3636 0.4000 0.8581 0.6266 0.3492 0.6349
KM-SMOTE 0.5556 0.5000 0.8558 0.7047 0.5501 0.6028
SMOTE-Tomek 0.4375 0.7000 0.7883 0.8221 0.4551 0.6794
SMOTE-ENN 0.3043 0.7000 0.8463 0.8084 0.344 3 0.6518
NGDSO(1) 0.5217 0.7000 0.8469 0.8253 0.5596 0.6667
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Table 9 Experimental results on dataset 7
ok B Bk F1-Score Recall AUC G-Mean Mcc KS
SMOTE 0.0296 0.6667 0.8107 0.7264 0.0776 0.5703
BL-SMOTE 0.0254 0.5000 0.7843 0.6395 0.0567 0.6160
SVM-SMOTE 0.0240 0.3333 0.7819 0.5393 0.0425 0.6152
ADASYN 0.0284 0.6667 0.8090 0.7220 0.0747 0.5559
LR SMOTEN 0.0215 0.1667 0.7164 0.3939 0.0265 0.5512
KM-SMOTE 0.0432 0.5000 0.7963 0.6692 0.0887 0.5469
SMOTE-Tomek 0.0294 0.6667 0.8098 0.7257 0.0771 0.5487
SMOTE-ENN 0.0256 0.6667 0.8249 0.7108 0.0682 0.6047
NGDSO(1) 0.0308 0.6667 0.8001 0.7301 0.0801 0.5791
SMOTE 0.0373 0.5000 0.6806 0.6626 0.0793 0.3781
BL-SMOTE 0.0449 0.3333 0.6242 0.5583 0.0745 0.2684
SVM-SMOTE 0.0506 0.3333 0.6267 0.5607 0.0815 0.2764
ADASYN 0.0373 0.5000 0.6792 0.6626 0.0793 0.3781
LGBM SMOTEN 0 0 0.7718 0 0.0052 0.6251
KM-SMOTE 0.0317 0.1667 0.6238 0.3990 0.0403 0.2708
SMOTE-Tomek 0.0256 0.3333 0.6727 0.5420 0.0456 0.3420
SMOTE-ENN 0.0302 0.5000 0.6634 0.6510 0.0665 0.3476
NGDSO(1) 0.0580 0.6667 0.7966 0.7735 0.1268 0.6274
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