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Research and Application of Imbalanced Credit Data Classification Based on
NaN-Bicluster SMOTE

HE Liang, XU Haiyan, CHEN Lu
(College of Economics and Management, Nanjing University of Aeronautics & Astronautics, Nanjing 211106, China)

Abstract: To assess borrower’ s credit risk using imbalanced data, we propose an improved SMOTE,
called NaN-Bicluster SMOTE, which is based on synthetic minority oversampling technique (SMOTE) ,
natural neighbor (NaN) and bicluster. Firstly, we use parameterless NaN to set logical rules for sampling
sample selection, avoiding the instability caused by r nearest neighbor partitioning of samples. Secondly,
based on the neighbor relationship of stable structure, we set logical rules that specify security range to
avoid samples becoming noise samples. Then, we use bicluster to mine local rules, synthetic samples
inherit local rules, and synthetic formula is improved. Finally, we apply several sampling methods and
machine learning models, carry out various experiments of NaN-Bicluster SMOTE and comparative
models on Prosper’s credit data, and further use statistical testing methods to verify the performance of
NaN-Bicluster SMOTE.

Key words: microloans; credit risk; synthetic minority oversampling technique (SMOTE); natural neighbor
(NaN); bicluster
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. S Jo R SMOTE Borderline  Safe-Level NaN-Bicluster SMOTE
(e ] SMOTE SMOTE =001 6=0.10 6=0.30
G-mean 0.000 0 0.830 1 0.856 0 0.852 4 0.902 4 0.902 5 0.878 2
DT AUC 0.500 0 0.880 0 0.880 0 0.890 0 0.9200 0.920 0 0.9100
G-mean 0.5010 0.567 2 0.749 0 0.802 3 0.9114 0.9124 0.914 6
LR AUC 0.760 0 0.680 0 0.8100 0.870 0 0.930 0 0.930 0 0.930 0
G-mean 0.467 6 0.808 3 0.773 9 0.789 5 0.820 4 0.8258 0.822 3
KRN AUC 0.570 0 0.8100 0.8200 0.890 0 0.8200 0.8300 0.8300
. G-mean 0.000 0 0.847 6 0.754 0 0.808 4 0.9391 0.9391 0.9391
SVM AUC 0.5800 0.680 0 0.8100 0.860 0 0.870 0 0.870 0 0.890 0
N G-mean 0.486 0 0.8114 0.890 8 0.905 9 0.824 4 0.8221 0.8257

AUC 0.640 0 0.870 0 0.9100 0.910 0 0.870 0 0.870 0 0.870 0
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%3 NaN-Bicluster SMOTE 5 X bt 4% B 9 SL 06 45 R (k=5)
Table 3 Experimental results of NaN-Bicluster SMOTE and contrast models (k=5)

K S 7[377571‘33 SMOTE Borderline  Safe-lLevel NaN-Bicluster SMOTE
R 2 5 SMOTE SMOTE  $=001 6=0.10 &=0.30
- G-mean 0.000 0 0.881 2 0.848 8 0.8811 0.916 9 0.908 6 0.9210
AUC 0.500 0 0.9100 0.9100 0.890 0 0.940 0 0.940 0 0.940 0
G-mean 0.501 0 0.551 3 0.756 6 0.780 8 0.9227 0.923 6 0.9219
LR AUC 0.760 0 0.670 0 0.8100 0.840 0 0.930 0 0.950 0 0.950 0
G-mean 0.467 6 0.870 0 0.895 2 0.903 5 0.9174 0.918 9 0.913 2
AN AUC 0.570 0 0.870 0 0.880 0 0.900 0 0.940 0 0.940 0 0.940 0
. G-mean 0.000 0 0.726 3 0.767 9 0.792 1 0.939 1 0.939 1 0.939 1
SVM AUC 0.580 0 0.9100 0.8100 0.840 0 0.930 0 0.9100 0.920 0
G-mean 0.486 0 0.869 8 0.886 7 0.899 7 0.876 6 0.864 6 0.873 4
N AUC 0.6400 0.9100 0.9100 0.910 0 0.920 0 0.920 0 0.920 0
%4 NaN-Bicluster SMOTE 5 % bk 8 8 ) SR 10 45 R (k=7)
Table 4 Experimental results of NaN-Bicluster SMOTE and contrast models (k=7)
pi S A JoRHE SMOTE Borderline  Safe-Level NaN-Bicluster SMOTE
BRI SMOTE SMOTE  $=0.01 6=0.10 ¢6=0.30
OT G-mean 0.000 0 0.897 9 0.856 3 0.870 7 0.920 6 0.927 2 0.926 2
AUC 0.500 0 0.930 0 0.890 0 0.890 0 0.960 0 0.960 0 0.950 0
G-mean 0.501 0 0.503 0 0.758 5 0.767 1 0.907 3 0.930 1 0.930 2
LR AUC 0.760 0 0.650 0 0.820 0 0.840 0 0.940 0 0.960 0 0.960 0
KNN G-mean 0.467 6 0.893 0 0.898 4 0.9011 0.920 1 0.922 4 0.9219
AUC 0.570 0 0.890 0 0.880 0 0.890 0 0.950 0 0.950 0 0.950 0
SUM G-mean 0.000 0 0.645 2 0.768 0 0.784 5 0.939 1 0.939 1 0.939 1
AUC 0.580 0 0.740 0 0.8100 0.840 0 0.940 0 0.930 0 0.930 0
N G-mean 0.486 0 0.892 6 0.894 1 0.903 0 0.892 1 0.888 9 0.8950
AUC 0.640 0 0.920 0 0.9100 0.910 0 0.940 0 0.940 0 0.940 0

R0 i 3 A 3 SRR R T R T .

WL FE 3L Hn] LA 1, NaN-Bicluster SMOTE 34 7 G 1AV AE G-mean TEM #EN] |, 45 F
Safe-Level SMOTE+NN, 4% T = 3,NaN-Bicluster SMOTE 4 ¥ i 115 248 KR B 942 T+, X33t
B i 25 24 465 e 491 £ 9 2 TF , HLAS 2% S LG T NaN-Bicluster SMOTE 447 5 ) %5 48 4 BAT 97 50 14 23 2%
PERE

M 4 a] LU, NaN-Bicluster SMOTE B 8 4 35 i G ) AH#E T AR BRI &, 4 6 B AR 3,
FLBEA ARG, A 25 B M RE Ty 554k o PR UL B T 25 1A L B 182 5 | LA JR) 3 B 0 e A 2 X
7 A BT e 0y, BLAE S L) k= T LN R .

LA OBT-Adaptive-SVM Jy % LA HY 2485 A0 5 M8 SVM % bR 80 RBE | [ 78 M Bk R % a 7 0.3, %F
SVM ZESI I C & RBF #2450 y 47 40, BAA S BRI 3 5 s . Hrb, NaN-Bicluster SMOTE
1S5 25 5ok A 4% 2~4 v 5 SVM 45 & B i f K fA .
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%5 NaN-Bicluster SMOTE 537 Lt #% %! OBT-Adaptive-SVM [ LI 45 R
Table 5 Experimental results of NaN-Bicluster SMOTE and OBT-Adaptive-SVM

. NaN-Bicluster
OBT-Adaptive-SVM

4 17 L 491) SMOTE-SVM
R C Y a G-mean AUC G-mean AUC
k=3 RBF 1 000 1.0 0.3 0.895 2 0.9100 0.9391 0.890 0
k=5 RBF 1 000 2.0 0.3 0.9138 0.920 0 0.9391 0.9300
r=17 RBF 1 000 2.0 0.3 0.917 3 0.9200 0.939 1 0.940 0

i WSS 2R 5 TN, A5 A SRR R CRlG A IE R % S0 OBT-Adaptive-SVM,, H ¥ fiif fig
S M T SMOTE. Borderline SMOTE . Safe-Level SMOTE HF W BT, B FEEZHNZ,
OBT-Adaptive-SVM i it 2§ 510 52 B M B 1 fie KAk (R S Bt K, &) h Sk 0L 16 1, o
FE T A TR AR S 22 TR A T 45 4 M 5 F AR SCHR HE Y NaN-Bicluster SMOTE,

FRAE L3R S0 56 25 J B8 AR 4538

(1) £F NaN-Bicluster SMOTE BRI PE RE SR AL T LB, AR S E R R o IS B0 F
£ T NaN-Bicluster SMOTE ML &% 2% 2 F B A G-mean . AUC FH %8 T %t FL AR B | 3494 458 R IR BE A 2 71,
VLW T A SCHT R A NaN-Bicluster SMOTE J7 32 09 A 201 .

(2) NaN-Bicluster SMOTE & FARI#LAR = I B HHERe i, TCie 5455 —M DT LRAKNN
gh4y B S S R TR 0 SVM NN 254, NaN-Bicluster SMOTE #4938 I H & 4% T 84yt fg .

(3) NaN-Bicluster SMOTE ¥ 8 71 A S B & A3, BRI 15 B0 o Bl & 326 8 34 i 28 1 17
FEREAR A AR A B, A BUREAS (9 500 Hh B 20 A L o 22 G ORE AR B A R A ] A R0 G 5 | IX
Ay VRV T AEFE T PR AL 2 ST B AL 2 28 MEBE . BN, 3L F Safe-Level SMOTE 9 LR .SVM #L#%
2 BERL L G-mean (AUC Bl 45 £ 0938 i S0 BH 5 04 R B e 44, 1 55 F NaN-Bicluster SMOTE Y #L#%
2 S RERVRLRE T 3o 22 G ORE AR 1 AR VR T 1 B L L G-mean \AUC R FFFE 19 B 3.

(4) NaN-Bicluster SMOTE B9 J& 8 K0 0] 42 B 49 £ K 35 3F 5 4% 22 6 B 4k £ {ff NaN-Bicluster
SMOTE (¥ 4 58 77 1 8% 3l , {H 3% 3k 2 i 3 2 e ), A5 K [] 8 19 NaN-Bicluster SMOTE (1) 34 5 fig
JIRbF R E AT, BT AR LAY

(5) NaN-Bicluster SMOTE & J] Tl ¥ 8 1) {5 B8 8045 , 68 A R0 FHHL& 2 2 BB AE i B0 4R 1
5y PR RE . BT [ AR T AR EE LS 1 SR A R AR 5 1 22 A Y TR ) XOC3R 288 i L) 75 K9 0 LA ukt e g
SMOTE & a0 5 28, #2F7 7 SMOTE B3 85 € 1, ¥ 5% T SMOTE i F 375 .

3.4 HEEGITRE

g i — & # 56 NaN-Bicluster SMOTE /& 7
5T A R AR AR 3 2 R R A BRI 2 A
e 1o HE gt K 5y vk b 9 Al 2 8 Wilcoxon o IEMMEN SMOTE
L FEER B, B NaN-Bicluster SMOTE 5 % H 4

&6 Wilcoxon EEMRIGER

Table 6 Results of Wilcoxon significance test

Borderline Safe-Level
SMOTE SMOTE

G-mean  0.001 0.005 0.009
AR . % F OBT-AdaptiveSVM 001 oo o2 0.012
gD R R U TR g, BT Do SMOTE . G-mean 0.001 0.005 0.011
Borderline SMOTE #l Safe-Level SMOTE Ay B{& 010 AUC 0.001 0.002 0.010
K 4 5115 T4 6 oo Cmean 0.001 0.004 0.011

M6 F ] LLFEH, T4 Wilcoxon B 3 4 ¥ AUC 0.001 0.002 0.010
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88 PAH K T 0.05, B Bl NaN-Bicluster SMOTE 5 SMOTE . Borderline SMOTE I Safe-Level
SMOTE 7776 . 2 P 1 22 5, i — 2 88 3IE T NaN-Bicluster SMOTE (/) 34 1 8 71 48 0 H. 55 5% Fo A 5077 78
T 1 X

4 HRIE

Wit o /N B AT 1 3 5 R L A B IR B4 A 0 A B BN L A R N 2 A SO R AR T XU
AN ORI T B b Z 8 R TR B DR R B A R R g L AR AT 0 R K R R, B R F
SMOTE &b $ = 245 i B0 19 AR 2, A SCFE T AR AT 40544 R AR B A 20 B B 1l 3 P18 8 1) 328 8 0 U,
BT BUA BIF T AR S B0 ) B S A LR T8 4 Y AR S S 5 USRI R R R ) DA e i
N A R AR A R R ER RN S5 BT A A 3T i R N 5E 1 A K B 4 T 5 7E Prosper {5 BEEUHE
£ [ HEAT £ 2 BE T LY 3K 3 9 30 9iF NaN-Bicluster SMOTE [ 2 4 ¥ G , 47 8 7 8 50 76 98 52 b i1y 137

XF T A5 BE47 b bk 56 % 1M 5, NaN-Bicluster SMOTE ] i J T £ #5474 22 87 , 18 4 5 3 A0 A5 B
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