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Imbalanced Undersampling Based on Constructive Neural Network and Global Density
Information

YAN Yuanting, MA Yingao,REN Yanping and ZHANG Yanping

College of Computer Science and Technology, Anhui University, Hefei 230601, China

Abstract Undersampling is one of the mainstream data-level technologies to deal with imbalanced data. In recent years,research-
ers have proposed numerous undersampling methods,but most of them focus on how to select representative majority class sam-
ples to avoid the loss of informative data. However,how to maintain the structures of the original majority class in the process of
undersampling is still an open challenge. To this end.an undersampling method for imbalanced data classification is proposed
based on constructive neural network and data density. Firstly,it detects the majority local patterns with a simplified constructive
process. Then,two sample selection strategies are designed to maintain the structure of the selected groups according to the origi-
nal majority distribution information. Finally, to solve the problem that the randomness of local pattern learning may lead to non-
optimal sampling results,the bagging technique is introduced to further improve the learning performance. Comparative experi-
ments with 13 comparison methodson 59 datasets verify the effectiveness of the proposed method in terms of three metrics
G-mean, AUC and Fl-score.

Keywords Undersampling,Imbalanced data, Distribution density,Constructive neural network, Ensemble learning
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i AR AE H

L K4y D A 2 034 A Doy 1D B A Do s
t=0;

. repeat

St ={}»Soa={} s t=t+1;
. Stepl : Ry FBAR 38k 1) 2 it
ML HOK R A S=
ARGE R CO T RR A R s, 19 RAESCE Num, 5
ARG GO R BB A I 2R B EGD:
.fors,in S:

10. ZNumy, AF 1S 00 <s0 s B M Sora <55

11. end for

12. Step2 : Z 3 KR HE

13. for s, in Seua:

14, MRAEC6) T (D s, PREAR [ RBEALTE ;

15, REESEHE 1. H CDUST 248 ZHEEFEAR T H Dy 5
16. REEHEHE 2. H CDUS2 # £ Z RO BEAR F 4 D
17. end for

18. M 3K (8) 37 Spese MR AR 1 SRAEAL T

= W o

1321

{S1s825% 58y}

© 0 =N >

[ Dinz | = Numin 5
20. Step3: CDUS 4 i,
21. Diatance = Dint U Dz U Dy 3
22. 8 FH Dpatance VI 25 3 50 25 2% H (15
23. AWK B H=H+H[J;
24. until t="T.

4 ZWE S5

o T ERAEAS SCH A CDUS 23 97 20t J 1R H
KEEL 3048 2V v (4 A 45 i SR k47 52 46
4.1 HESE

AR SCN KEEL 3048 sP i BUT 59 A A 7 fiy 50485 48 b 17
BOEIR ., BB R R R 1.82~129. 44, K E &
WA 0~0. 99, FEAR S = v [l Ry 120~5472, J& P A
2~40, X 59 NAT A ECIE 4 0 TR ATE B a2k 1 Al B
B FE RSB MBI KAR cHES . R 1R IR ROR B S
FI RS- #7536, OR Fon KR W E SR ™, Ater RRFEA N B
PEAH, Sample 2R BEA I B, Major 3R 2RSS 1 5L

19, X Sreq BEAT AL BEHLRAE , e85 2 BEHEAR T Do 43 [ Do | + i, Minor FR/R DB REA B B ik .
# 1 KEEL ¥ 5 0 34015 5
Table 1 Detail information of KEEL dataset
¥ & IR OR Attr Sample Major Minor ¥ E IR OR Attr Sample Major Minor
glasl 1.82 0.26 8 214 138 76 shut0 13.87 0.01 8 1829 1706 123
ecol0 1.86 0.03 6 220 143 77 yeasl7 14. 30 0. 84 6 459 429 30
wisco 1. 86 0.03 8 683 444 239 glasd 15. 46 0.65 8 214 201 13
pima 1.87 0.34 7 768 500 268 ecold 15. 80 0.19 6 336 316 20
irisO 2.00 0.00 3 150 100 50 abal9 16. 40 0.92 7 731 689 42
glasO 2.06 0.19 8 214 144 70 derm6 16. 90 0.00 33 358 338 20
yeasl 2.46 0.43 7 1484 1055 429 shut2 20.50 0.95 8 129 123 6
haber 2.78 0. 65 2 306 225 81 shut6 22.00 0.48 8 230 220 10
vehil 2.90 0.42 17 846 629 217 yeas1458 22.10 0. 96 7 693 663 30
vehi3 2.99 0.48 17 846 634 212 yeas28 23.10 0.43 7 482 462 20
glas0123 3.20 0.19 8 214 163 51 lymph 23.67 0. 96 17 148 142 6
ecoll 3. 36 0. 20 6 336 259 77 flare 23.79 0. 80 10 1066 1023 43
newtl 5.14 0.17 4 215 180 35 krone 27.77 0.07 5 2244 2166 78
newt2 5.14 0.17 4 215 180 35 yeasd 28.10 0.83 7 1484 1433 51
glas6 6.38 0.27 8 214 185 29 wined 29.17 0.97 10 1599 1546 53
yeas3 8. 10 0.27 7 1484 1321 163 poker 29.50 0. 85 9 244 236 8
ecol3 8. 60 0. 36 6 336 301 35 kddcg 29.98 0.02 40 1642 1589 53
page0 8.79 0.28 9 5472 4913 559 yeas1289 30.57 0.94 7 947 917 30
ecoll0234 9. 10 0.23 6 202 182 20 abal3 32.47 0.19 7 502 487 15
glas015 9.12 0.90 8 172 155 17 wine9 32.60 0.97 10 168 163 5
yeas02579 9.14 0.17 7 1004 905 99 yeash 32.73 0.33 7 1484 1440 44
yeas0256 9. 14 0.41 7 1004 905 99 wine8 35. 44 0.97 10 656 638 18
ecol046 9.15 0.23 5 203 183 20 ecol0137 39. 14 0.28 6 281 274 7
ecol01 9.17 0.34 6 244 220 24 aball7 39. 31 0.94 7 2338 2280 58
ecol0346 9.25 0.23 6 205 185 20 yeas6 41.40 0.42 7 1484 1449 35
yeas05679 9.35 0.59 7 528 477 51 wine39 58.28 0.98 10 1482 1457 25
glas016 10. 29 0.91 8 192 175 17 shut25 66.67 0.00 8 3316 3267 49
ecol015 11.00 0.23 5 240 220 20 kddcl 75.67 0.00 40 1610 1589 21
glass0146 11.06 0.92 8 205 188 17 aball9 129. 44 0.99 7 4174 4142 32
glas2 11.59 0.92 8 214 197 17

4.2 EMiEER

B AT H T PN 43 A8 RE 19 16 FR A T % (Accu-
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FE bR 7R FL SRR 45 0 /0 B R A o BI GE W 1Y) 2 B RE AR BT
di Ll . PEAF-A 2 > h, G-mean, AUC il Fl-score 72 i ¥ H]
FOBPEMT 48 R » G-mean %5 & 7% J& Precision Fl Recall, i% 48 5 {8 #
L UL RE AR AT . AUC J& ROC HITZE T (¥ 1 AL, 5018 K, %
W 2258 4. Fl-score 52 Precision 1 Recall %3 F1°F 24
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H T UG EAR S A A AT CDUS ik 5 13 #h
Dk kAT X R, AR 7 OFR 4 Oy Bk, 4 A RUSBMY,
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Bagging(UB) , AdaC2 F1 ITVotes(ITV)E ;2 Fhask SR AET7 B2, 43 5
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Table 2 Results of AUC of 15 methods on RF classifier

CDUSI CDUS2 RBU GSE CU1 cuz BC EE RUSB UB MWM GDO AdaC2 v EUSB

aball7 0.8492 0.8534 0.6994 0.8403 0.8525 0.8069 0.7964 0.8337 0.6907 0.8469 0.7302 0.7265 0.6905 0.6004 0.8145
abal3 0.9944 0.9942 1.0000 0.9959 0.9949 0.9949 0.9990 0.9947 0.9948 0.9949 1.0000 0.9994 0.9656 0.9656 0.9656
aball9 0.7722 0.7774 0.5304 0.7619 0.6997 0.7245 0.5561 0.7730 0.6217 0.7476 0.5225 0.4973 0.5093 0.4989 0.5904
abal9 0.7594 0.7789 0.6913 0.7433 0.7438 0.7443 0.6982 0.7405 0.6571 0.7230 0.6947 0.7032 0.6498 0.6348 0.6951
derm6 1.0000 1.0000 1.0000 0.9441 0.9719 0.9997 0.9985 0.9979 0.9829 1.0000 0.9950 0.9997 0.9750 0.9500 0.9956
ecol0137 0.8922 0.9011 0.8303 0.8619 0.8785 0.8624 0.8045 0.8743 0.8575 0.7614 0.6389 0.8963 0.8191 0.7390 0.6387
ecol01 0.9155 0.9182 0.9081 0.8291 0.8752 0.9059 0.8981 0.8175 0.8153 0.8555 0.8331 0.8717 0.8591 0.7632 0.8859
ecol015 0.9705 0.9523 0.9540 0.9182 0.9423 0.9455 0.9523 0.8841 0.8877 0.9177 0.8982 0.8618 0.8364 0.8591 0.8955
ecol0234 0.9537 0.9542 0.9459 0.8450 0.9379 0.9041 0.9020 0.8711 0.9156 0.8979 0.8940 0.8640 0.9032 0.9141 0.8143
ecol0346 0.9469 0.9491 0.9207 0.8446 0.9342 0.9455 0.8958 0.8965 0.8976 0.8897 0.8826 0.8665 0.8541 0.8534 0.8818
ecol046 0.9473 0.9517 0.9203 0.8370 0.9366 0.9288 0.8781 0.8701 0.9014 0.8855 0.8897 0.8908 0.8038 0.8505 0.8928
ecol0 0.9868 0.9875 0.9822 0.9526 0.9852 0.9864 0.9772 0.9758 0.9843 0.9783 0.9822 0.9806 0.9836 0.9696 0.9801
ecoll 0.9121 0.9061 0.8592 0.8363 0.8945 0.9012 0.8922 0.8609 0.8282 0.8967 0.8734 0.8816 0.8517 0.8656 0.8918
eco3 0.8972 0.8993 0.8241 0.8950 0.8980 0.8915 0.8696 0.8662 0.7917 0.8845 0.8263 0.7838 0.8830 0.8239 0.8763
ecold 0.9450 0.9491 0.9172 0.8909 0.9453 0.9348 0.9152 0.9487 0.9233 0.9141 0.9043 0.9196 0.8889 0.7639 0.9450
flare 0.8339 0.8291 0.7253 0.6954 0.6475 0.8321 0.7355 0.8043 0.7918 0.8226 0.5978 0.5282 0.5000 0.6444 0.8087
glas0123 0.9603 0.9628 0.9591 0.8853 0.9207 0.9219 0.9389 0.9591 0.8991 0.9307 0.9273 0.9209 0.8960 0.8978 0.9244
glas0146 0.7975 0.7924 0.5968 0.7716 0.6548 0.6967 0.6747 0.7970 0.6290 0.7694 0.6324 0.5521 0.5256 0.6657 0.7387
glas015 0.7762 0.7504 0.6400 0.7497 0.5915 0.6448 0.7266 0.6641 0.6339 0.5848 0.6361 0.5933 0.5441 0.4669 0.7608
glas016 0.7948 0.7910 0.6037 0.7795 0.5550 0.6657 0.7200 0.7738 0.5953 0.6573 0.6370 0.5575 0.4831 0.6740 0.7064
glas0 0.8759 0.8814 0.8795 0.8393 0.8203 0.8289 0.8312 0.7979 0.7505 0.8519 0.8485 0.8350 0.8028 0.7718 0.8419
glasl 0.8164 0.8164 0.7773 0.7379 0.7504 0.7598 0.7637 0.7607 0.7180 0.7537 0.8160 0.8163 0.7294 0.7064 0.7780
glas2 0.7537 0.7696 0.6570 0.7773 0.6723 0.7411 0.7181 0.7436 0.6346 0.6980 0.6654 0.5891 0.6391 0.5993 0.6414
glas4 0.9247 0.9347 0.8625 0.8692 0.7908 0.9015 0.9312 0.9259 0.8756 0.9092 0.8503 0.8547 0.8258 0.8109 0.9143
glas6 0.9449 0.9476 0.9098 0.8860 0.9419 0.9302 0.9213 0.9197 0.9028 0.9376 0.9274 0.9462 0.9234 0.9005 0.9207
haber 0.6475 0.6302 0.6465 0.5561 0.5599 0.5750 0.5930 0.5774 0.5553 0.6136 0.6062 0.5928 0.5537 0.6432 0.5878
iris0 1.0000 1.0000 1.0000 0.9950 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.9900 0.9800 0.9900
kddeg 1.0000 1.0000 1.0000 0.9991 1.0000 1.0000 0.9998 0.9999 0.9993 0.9998 1.0000 1.0000 0.9991 0.9909 0.9943
kddecl 1.0000 1.0000 0.9853 0.9956 0.9994 0.9972 1.0000 0.9947 0.9881 0.9994 1.0000 1.0000 1.0000 1.0000 1.0000
krone 1.0000 1.0000 0.9986 0.9788 0.9690 0.9902 0.9999 0.9998 1.0000 0.9987 1.0000 1.0000 0.9614 0.9739 0.9965
lymph 0.9195 0.8996 0.7706 0.7635 0.8201 0.8147 0.7566 0.8580 0.6670 0.6666 0.6993 0.8500 0.7394 0.7929 0.6544
newtl 0.9922 0.9894 0.9887 0.9639 0.9539 0.9672 0.9574 0.9663 0.9734 0.9832 0.9612 0.9534 0.9381 0.9286 0.9294
newt2 0.9922 0.9906 0.9853 0.9639 0.9583 0.9553 0.9722 0.9517 0.9706 0.9746 0.9527 0.9385 0.9492 0.9401 0.9579
page0 0.9687 0.9718 0.9598 0.8885 0.8742 0.8905 0.9562 0.9555 0.8693 0.9601 0.9487 0.9339 0.8937 0.9533 0.9515
pima 0.7586 0.7496 0.7373 0.6943 0.7463 0.7445 0.7217 0.7580 0.7086 0.7420 0.7457 0.7504 0.7259 0.7209 0.7252
poker 0.8729 0.8400 0.7586 0.7469 0.6105 0.7896 0.7559 0.7154 0.5211 0.7071 0.5700 0.5800 0.6122 0.6416 0.6482
shut25 1.0000 1.0000 1.0000 0.9972 1.0000 0.9990 1.0000 1.0000 0.9975 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
shut6 1.0000 1.0000 0.9895 0.9932 0.9777 0.9573 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.9955 0.9955 0.9750
shut0 1.0000 1.0000 1.0000 0.9974 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.9997 0.9994 1.0000
shut2 1.0000 1.0000 1.0000 0.9713 0.9900 1.0000 1.0000 1.0000 0.9480 0.8975 1.0000 1.0000 0.9500 1.0000 0.9542
vehil 0.8023 0.7984 0.7973 0.6953 0.7749 0.7673 0.7727 0.7620 0.6865 0.7772 0.7646 0.7504 0.7415 0.7268 0.7929
vehi3 0.8013 0.7982 0.7835 0.6697 0.7814 0.7692 0.7564 0.7654 0.7086 0.7718 0.7376 0.7331 0.7410 0.7348 0.7588
wine4 0.7077 0.7039 0.6982 0.5360 0.6127 0.6555 0.6356 0.6998 0.5436 0.6642 0.5503 0.5058 0.5701 0.5151 0.5969
wine8 0.8235 0.8224 0.7602 0.6323 0.7704 0.7749 0.7492 0.7754 0.7190 0.8219 0.5669 0.5753 0.5819 0.6494 0.7760
wine39 0.7180 0.7142 0.6576 0.5877 0.6111 0.6715 0.6567 0.6766 0.5822 0.6406 0.5064 0.5405 0.6712 0.5573 0.6333
wine9 0.8228 0.8509 0.8265 0.8167 0.7955 0.7795 0.8198 0.8127 0.7618 0.6710 0.6951 0.7739 0.5781 0.6536 0.8492
wisco 0.9773 0.9779 0.9699 0.9643 0.9735 0.9704 0.9568 0.9736 0.9467 0.9650 0.9734 0.9764 0.9611 0.9577 0.9694
yeas0256  0.8151 0.8188 0.7735 0.6891 0.6802 0.7734 0.8019 0.7947 0.6701 0.8014 0.7807 0.7543 0.6941 0.7496 0.7910
yeas02579  0.9131 0.9101 0.8939 0.8319 0.8083 0.8960 0.9099 0.8906 0.8204 0.9123 0.9040 0.8995 0.8836 0.8682 0.8899
yeas05679  0.8264 0.8320 0.7087 0.8087 0.7392 0.8292 0.8200 0.7960 0.6826 0.8022 0.7577 0.6798 0.7179 0.7515 0.7784
yeasl289  0.7531 0.7470 0.5976 0.6492 0.6368 0.6826 0.6130 0.6794 0.5677 0.7030 0.5766 0.5777 0.6419 0.5935 0.6839
yeasl458  0.6850 0.7029 0.5587 0.6552 0.5949 0.6548 0.6230 0.6313 0.5615 0.6929 0.5440 0.4980 0.4927 0.5379 0.5978
yeasl7 0.7993 0.8076 0.6807 0.7252 0.6872 0.6967 0.7495 0.7655 0.6267 0.7756 0.6317 0.6703 0.6827 0.6050 0.8060
yeas28 0.8109 0.7951 0.7330 0.7753 0.6985 0.7535 0.7687 0.7974 0.6245 0.7476 0.7781 0.7739 0.5457 0.5859 0.7667
yeasl 0.7392 0.7383 0.7150 0.6628 0.7019 0.7084 0.6993 0.7237 0.6947 0.7287 0.7311 0.6970 0.6427 0.7098 0.7084
yeas3 0.9379 0.9367 0.8918 0.8891 0.9174 0.9218 0.9078 0.9192 0.8575 0.9262 0.8818 0.8576 0.8762 0.8952 0.9251
yeasd 0.8491 0.8505 0.6773 0.8476 0.7536 0.8256 0.8207 0.8225 0.7076 0.8417 0.7351 0.6123 0.7329 0.6938 0.8204
yeasb 0.9669 0.9636 0.8882 0.9566 0.9633 0.9603 0.9359 0.9567 0.9383 0.9667 0.8949 0.8644 0.8875 0.8677 0.9569
yeasb 0.8791 0.8818 0.7738 0.8542 0.7841 0.8485 0.8318 0.8594 0.7996 0.8611 0.8063 0.6712 0.7805 0.7506 0.8400
aver 0.8814 0.8808 0.8271 0.8261 0.8234 0.8478 0.8396 0.8514 0.7945 0.8428 0.8034 0.7957 0.7809 0.7823 0.8323
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Table 3 Comparison of average performance and rank of 15 methods

on RF classifier

G-mean Rank AUC Rank  Fl-score Rank
CDUS1 0.8763 2.46 0.8814 2.43 0.6089 5.31
CDhUS2 0.8749 2.53 0.8808 2.40 0.6157 4.40
RBU 0.8229 6. 90 0.8271 7.64 0.5632 8.17
GSE 0.8093 9.68 0.8261 9.80 0.5270 11.10
CcuUl 0.8024 8.29 0.8234 8.24 0.5155 10. 71
cuU2 0.8373 6.62 0.8478 6. 64 0.5606 8.75
BC 0.8251 7.28 0.8396 7.34 0.5932 7.32
EE 0.8430 6.67 0.8514 6.79 0.5727 8.52
RUSB 0.7508 11.16 0.7946 11.16 0.5586 9.53
UB 0.8263 6.52 0.8428 6.67 0.5841 6.98
MWM 0.7272 9.47 0.8034 8.97 0.6297 4.81
GDO 0.7006 10. 10 0.7957 9.69 0.6307 5.87
AdaC2 0.7012 11.96 0.7809 11.92 0.5403 10. 55
v 0.7001 12.19 0.7823 12.06 0.5940 7.99
EUSB 0.8086 8.17 0.8323 8.27 0.5527 9.98
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Schematic diagram of one-to-one comparison between CDUSI and 13 methods

(c)F1-score

&l 10 CDUS2 5 13 #yik ke xf b X Rn &

Fig. 10 Schematic diagram of one-to-one comparison between CDUS2 and 13 methods

Fa 15 MOTEEAE RF 402848 1Y Friedman #5040 31 (H

Table 4 Friedman test of 15 methods on RF classifier

ERECED Xe Fr »
G-mean 289. 23 33.34  4.30x10 %!
CDUS1 AUC 270. 10 30.00  4,22X10°°°
Fl-score 166. 68 15.45  8.71X10 2
G-mean 285. 66 32.71  2.39X10° 5
CDUS2 AUC 270. 88 30.14  2,90Xx10 %0
Fl-score 177.99 16.81  4.36x10 3!
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BT RIZK Y, 7 RF 2302545 LY Friedman K 50 %5 i1 & 45
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F 5 CDUSL 13 # 7 1Y rank 3T b
Table 5 Ranking comparison between CDUSI and 13 methods
28 AR CDUS1  RBU GSE CU1 CuU2 BC EE RUSB UuB MWM GDO  AdaC2 v EUSB
G-mean 1.95 6.03 8.69 7.36 5.70 6.35 5.80 10. 22 5.63 8.58 9.23 10. 97 11.24 7.25
AUC 1.93 6.75 8.83 7.29 5.70 6.42 5.90 10. 22 5.76 8. 06 8. 80 10.93 11.10 7.31
Fl-score 4.59 7.36 10. 25 9.83 7.90 6.61 7.64 8.71 6.28 4.26 5.39 9.74 7.36 9.08
aver 2.82 6.71 9.26 8.16 6. 44 6.46 6.45 9.72 5.89 6.97 7.81 10.55 9.90 7.88
F 6 CDUS2 il 13 )y 5 1Y rank Xt Lk
Table 6 Ranking comparison between CDUS2 and 13 methods
AN A AR CDhUS2  RBU GSE CU1 CuU2 BC EE RUSB uB MWM GDO AdaC2 v EUSB
G-mean 2.04 6.02 8.71 7.39 5.69 6.36 5.78 10. 21 5.59 8.58 9.20 10.97 11.22 7.23
AUC 1.90 6.75 8.83 7.34 5.70 6.42 5.90 10. 21 5.75 8.05 8.81 10.93 11.08 7.33
Fl-score 4.11 7.39 10.27 9.83 7.95 6.61 7.73 8. 81 6.36 4.32 5.36 9.75 7.36 9.14
aver 2.68 6.72 9.27 8.19 6.45 6.47 6.47 9.74 5.90 6.98 7.79 10. 55 9. 89 7.90
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