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Research on Personal Credit Risk Assessment Based on Improved Active
Generative Oversampling

GU Zhehan, HUANG Baofeng
(School of Economics, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: Aiming at the problems of sample imbalance and category overlap in personal credit risk assessment, an improved active generative
oversampling model is proposed. Firstly, based on the auxiliary classifier generative adversarial network (ACGAN) framework, Wasserstein
distance is introduced to improve the true false discrimination loss function, and gradient penalty is added to prevent pattern collapse; Second-
ly, Focal loss is used instead of traditional cross entropy loss to enhance the ability to identify difficult samples; Finally, the proposed model
is used to oversample imbalanced data to improve classifier performance. Experiments on real credit data show that the model improves the
classifier’s classification performance indicators F1, AUC, and G-means by 11.2%, 1.7%, and 12.8%, respectively. It achieves significant
results in enhancing sample diversity, reducing class overlap, and improving the classifier’s classification performance on imbalanced datas-
ets.

Key Words: deep learning; unbalanced data; class overlap; ACGAN; focal loss; Wasserstein distance
WAE SR ECHE R AT B AN S R 2 B B MR AR AR 2 i 2

BRI 2 RE AU B A R L BT 7 L RSP A e
] HE T OB g 17) TR0 22 K, AL BRI

0 35l

il

VTP A AT 5 3 A P L A SON B DY RS O
il T8 R T O B 2 4R {5 S e RPN R, &
T T AR R Sy £ PR ALAL B BRI AS SR 4 AR ORI
H TR 2 TN ASE B 388 Y (RSO [ 01 B R AR JCRE AN 452

Y f5 B H#A :2024-03-04 i A
A 4 REE . : W=

¥

il JRUBS: PEAL AN R, HL2S TS B4 ] Bl 5 BB AR M DL X
AN TR AN REAS BT T I3 1 A /D B SR A
(SMOTE) il #4108 SR A (Borderline—SMOTE ) %5 4%
5 2 M A (B 7 v A6 b B ) 880 A A7 A AR B0 0 U oy A

TEBRA B4 5 (2000-), B , i bR k 3 2250 2B AT T A& FF 7 5 6 AL A 243t BB A58 % £R(1964-) , B , by 75 o
WK 2R F IR, R T @ A S 2RI BB,



. 164 - BT T

2024 4

E I P i < | B N7 S D T IS L
(Generative Adversarial Networks, GANs) 25V B 22 S H AR
BUE B AT 2% 2] ) B SR AR 437 A AE OB , (AAL B &
B BRI A AR SR BRI AL s an i S B3R AR A i N 2
AL, 2 YA XU PP i R 5 A e iy [l 2

1 HEXHAR

15 FHACHR (0 AP 2 46 5 T S vh 8 29 25 7 Bl
WL T e . IR R S
SR H ) 25 R i 1] T 22402, BIR D HCEFEA R LU BE
JIAS R, TS 2 5 () R 1 R A AR AR A HAT A ] 26
TR Pattaramon%Ls‘?E'tljgktl‘ﬂé%lzﬁatp%%ﬁ%)ﬁ
TARHZE, 23 o AR SR L e) T 282K . Zha
S50 Lee %745 S B ANV 5008 2 0F— 2B oK 4y
RIS D BOEEREAR () 24 ST MERE o BFXTIZ IR, 8 0L 56
AL AGBENL L RAE BEHLRCRAE , ER T 35 RI L EUAL 1T
G S SRS S SO Ve e R e R e S S A L
B O, Chawla 48 H— Bl & B BICK 095 R BE
% (SMOTE) , W/ B A GRSl R &, DA MR A (B 5
Bilt A BUREAS | 4> 78 22 GUAS 2 )iz S (BT A AE 7 2
M B 3 P &5 0] %, Han %['0:%m Borderline—-SMOTE
SV BT AR I 22 B RE AR 9D ) R 3 FERE AR 1 Ak
B AU T T RIS TR R B T BAR R E

B X B4 2 T S ) U, A 2735 T 1% 48 SMOTE HE 42
P&t Safe—leval-SMOTE 5.7k |, 3 20 15 8 42 4 X FIE 75 X AT
ML T L R AR MR AR SR, MR 2R
— T i TR A IR SR 2R Y SMOTE 5% | 38 2o 11 S i
1T GMM R IFFM BRITTRAEA , SR 5 AR P A 8] 43 2 76 B AT
T RAE A RARTE T o3 AR S B R A ROR . H
el 460004 BIC i 19 SMOTEENN—-XGBoost {3 FH - XU F5 i £
BRI HIT Kaggle A TF (5 IR 4, i F 42 7+ 13 20 fi i)
HERRTE

S R Ty AR AN PR RN S S T 1 S v 34
13T ARG, {H SMOTE #E S8 R FEAS A iy ¥ 3k T 42 1k
370 (1 325 X DAASE 400 B0 S 85008 9 0 A SRR AIE L 5 T 2R M DA
T RIS U BE 5E ERaE bR 221 . BEE IR
I , Goodfellow 5513 H 1 Az B x4t 199 2% 75 28 3%
G RO R AR B T iz 0m H L A AR A Rl sk T X
Wz A TR 0 b S 5 77 D S P N A5 2R TR A AN R AT ]
SR R A IE IR, B 2 o R AR 43 A0 RRIE AR A
IR AR BB R A o T R AEL DR Z AR R S v R
ST R - B O, AR TAL SR MR AL 1 2 R T 1
TUHE B RN BTR0, vk Ah 1 LA ST 7 b PR 52 2% T 7 B
A5 2R T 00 A Ly B ABR B0 AR R ik TR
FHEE BT 099 28 Xof {55t 25 15 29 R AN HEA 73 SR A, Wl 4
Fh T 38 29 KBS AR L) AUC (F1 A543, 43 85U o 17 A

i REAR R A B AR P A Oh 561 Dong! ™ 484 GAN
45 A1 A= il %t 1 R 2% (Conditional Generative Adversarial
Network , CGAN) W ] e AP K5l A e SRk 25 0%
BIAZASE R ] S G A AL i s BB A, A U e M A (7 12
LSRR , (EURE A ORI R0 28 HE S8 0 T 3EF- 5 EcHis
(14 B0 oL SR FE I, I b GAN 38 & (A FH /0 H0 28 B i £ 7
XFHC IR, B 3 A RO 3ot 73 G T A B2 R AR 3R A
2T ) R o A S R R R — e R E
Gt D BB DA (AR DR A 1 3 BE R
PR 2403 HAZ AL RE Ty, ME DL PR UIE AR URE A (1) o1 1 N 22
BEbE

M, Odena %2254 CGAN 5 DCGAN 4 H 4 B 43 2%
5 BB I 4% (Auxiliary Classifier Generates Adversarial
Network, ACGAN) , FUKG 2 Il 29 {5 B A A i, I 78
) s b S N B oy S A LABR T AR A B X 2
Bt Ak 96 2 BN BRI I T A 28 T A T Y
APHEARAE T, e BT A B 5 2 B B AR 3R
BV 1) 0 2 B AP 0T R 1 () I ) A S5 2 i i 26
HEME.

25 L PTIR BT GAN 19 A8 X R A Ty AR AT
SMOTE 2§ J7 2 Al R 400 5 052 1) B8l , L A 4l B 2 6
) ACGAN HE 7E V- il B £ 1 [ i 22 i R s B [m) . 4K
1T, BUA AR BT [ BEAEAE LLR (0] . D H 128 Jix bt
IR 28 (¢ A 118 235 A A5 X B 1) R0 R A 2R 11 A et P X LA
PRAE AR ORE A 1 ot o, 28 25 7 A W RS T g 0 B AR
L2 Q) THI Xof AW B AN S5 14 A I A3 8 2K 2 R AR
SIS JE ISP B S e A BUREAR JB i TTA% 8 58 SR 6k 2
T WG AR A A [RIA R, f A R R LA 2 > TR MERE 7S 119 93 A
MEZ S N AL 2 BB AR SRR SR P e S R S
PERRAE , 23 U040 BRAT R ) 461 2R pR K 0 2400 2K pR K,
Pt et ) 2 B0 A U SRR (WACGAN_FL) , LAA:
T e B (B AE A, B TSR AN - A a0 U 114 1
Wk

2 EFEMRERFEE

2.1 FHENSY SR AR B 4%

4l By A e A BN BT O 295 S — o A ORI 45 4 47
JE A AR U B vh 5 | A B 23S 45 BE A0 I 2% £ il 3
FUAEE , 0 B ] A BB 26 ), BARHESR &) 1 B o
G N R G A ASRIBRAS ¢ R 51 GAN AR g 2 28
TAREA X, = Gz, ¢) s HR BG5S A AR, 5
A AR 7 A R 2 I RS 5 R A i A S
A AR [R] I UM AR ARSI o B A A A AR I T
SR E A S, RETE B HC B AT 8~ > NP A 0 i 5

2N

H o o

ACGAN 451 5% pRECAT 73 1 £ 58 J4 5 4 % 0l B 7 26 45



29 1

BT, B R T A A B SR A A TR AT AR BT 5T 165 -

REA FL BT REASII

WP AEARC

(ember )

( amé/T« )

Fig.1 ACGAN modeling framework
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Fig.2 WACGAN_FL model process
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Fig. 3 Visualization results of data distribution
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Table 2 Evaluation metrics for classifiers based on different oversam-

pling methods
®2 BETAREREFEN S EF[ENIER

Model F1 AUC G-mean
GBDT 0.746 0.937 0.775
SMOTE-G 0.741 0.949 0.871
BSMOTE-G 0.602 0.946 0.865
SMOTEENN-G 0.781 0.927 0.801
GAN-G 0.822 0.9515 0.844
WGAN-G 0.834 0.952 0.856
ACGAN-G 0.825 0.952 0.847
WACGAN-FLG 0.829 0.953 0.874
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Table 3 Basic information of the dataset
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gy S UEiES EZ IS FHIERL IR
page—blocks 559 4913 10 8.79
ecoli 71 259 7 3.36
yeast 429 1 055 8 2.46
pima 268 500 8 1.87
haberman 81 225 3 2.78
wine 199 1 400 11 7.04
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Table 4 Comparison of GBDT classification results

#4 GBDTHELRILER

B
febR M page— ' ' A
Blocke ecoli yeast pima haberman wine

GBDT 09867 09136 0.8407 0.8054 0.8028 0.9743
SMOTE-G 0.9820 0.9308 0.8013 0.7622 0.7692 0.942 4
BSMOTE-G  0.9740 0.9045 0.8020 0.7580 0.7634 0.968 6
SMOTEENN-G 0.9739 09103 0.7684 0.7170 0.6949 0.9059
f GAN-G 0.9880 0.9367 0.8275 0.8000 0.8292 0.9569
WGAN-G 09877 09375 0.8394 0.7973 0.8296 0.9629
ACGAN-G 09856 0.9367 0.8359 0.8056 0.8148 0.9629
WACGAN-FLG 0.9887 09500 0.8411 0.8243 0.8182 0.9819
GBDT 0.9908 0.9028 0.7626 0.7958 0.6049 0.7162
SMOTE-G 0.9908 0.9025 0.7581 0.7935 0.6778 0.6956
BSMOTE-G 09902 0.8997 0.7611 0.7861 0.6655 0.760 4
SMOTEENN-G 09856 09117 0.7562 0.7845 0.6961 0.789 2
Auc GAN-G 09901 09312 0.7611 0.8109 0.6707 0.797 4
WGAN-G 0.9903 0.9000 0.7700 0.8036 0.6836 0.7246
ACGAN-G 0.9908 0.9327 0.7672 0.8044 0.6777 0.8042

WACGAN-FLG 09913 0.9469 0.7700 0.8282 0.6926 0.7740

GBDT 09353 0.7706 0.6121 0.7256 0.4822 0.2423

SMOTE-G ~ 0.9622 0.8549 0.6792 0.6980 0.5913 0.4025
BSMOTE-G ~ 0.9443 0.8108 0.7073 0.7083 0.5661 0.4132

G- SMOTEENN-G 0.9544 0.8374 0.6952 0.6926 0.5987 0.663 4
mean GAN-G 0.9499 0.8812 0.6455 0.7587 0.6513 0.5324
WGAN-G 0.9443 0.8607 0.6579 0.7333 0.6513 0.5293
ACGAN-G 09505 0.8812 0.6555 0.7527 0.6202 0.4750
WACGAN-FLG 0.9588 0.8930 0.6591 0.7643 0.6637 0.667 8

Focal loss {85 1% 5t 28 XU 45 2k bR BIOR 5% £0 A5E 7 5% X 43 A
AR FERETT . TLHF W, WACCAN_FLAE RUAS{UFE A K,
ZFEA TN /D 26 6] H B FEAS T T R I 6, o e PP AL
JT 1A ) AUC . G—mean & O F X LA AL UFE B T %5 fig
UL 249 AR TR ) R 1 [ B, i 2 4 T i 2 R AR L
Fo WA ES AU EA SEFEANE P AT BE
BTG 4 R MILAG (%) 45 FH XURS: (i Ak £ DR 487 3L, o DR A R AR &R
flFE R o Ik, WACGAN_FL B A A4 4 7 Fe b 4 1
b FETH A R T A BEITAR T AR A TR R

Ja 2 B ik — D AR AR R 25 AR 43, ASR TR A AE 45
FhBE 5 ERTERE

Sk

[1] FAND X, YE C M. Fusion clustering oversampling algorithm for credit
imbalance data classification[ J]. Software Guide, 2021, 20(11):70-74.
AR, PR . RARESRALEOETRFHRESE])] &
#4571 ,2021,20(11) : 70-74.

[2] LIYX, CHAIY, HUY Q, et al. A review of unbalanced data classifica-
tion methods[ J]. Control and Decision Making, 2019, 34(4):673-688.
FHERB,AAR, F.ORFHEAEs LT RER[]] 245k
#,2019,34(4) :673-688.

[3] LIUHL, CAOSJ,XUJY, etal. Progress of anti—fraud research on digi-
tal credit transactions[J]. Computer Science and Exploration, 2023, 17

(10):2300-2324.



%5 9 W] JERPTI0A , JR e et B AR e SR A A T RURS: A T 5 - 169
XA Ak FEN, FRFERAISRREFRSE]] HE der unbalanced samples[J]. Systems Engineering Theory and Practice,
WA 53R % ,2023,17(10) :2300-2324. 2022, 42(10):2617-2634.

[4] YANGL, SHIBF, DONG Y Z. Modified cross—entropy unbalanced sam- ek, T AR, ERAEAT AT A s W &t AR Ky
ple credit risk evaluation model based on class balanced loss [J]. Journal NEMEAFEHRNIETRMAT[]]. 24 T2 L 5 5%,2022,42
of Systems Management, 2022, 31(2):255-269. (10):2617-2634.

M, G EY, FE Y. LT Class Balanced Loss 16 0B 3 SUNS 4F ¥ #7 4% [18] OHJ, HONG Y J, BAEK J. Oversampling method using outlier detect-
AAE AR TEM AR [J], 24532 53R ,2022,31(2):255-269. able generative adversarial network [l Expert Systems with Applica-

[5] PATTARAMON V, EYAD E. Improved overlap—based undersampling for tions, 2019,133:1-8.
imbalanced dataset classification with application to epilepsy and parkin- [19] DONG Y F, XIAO H X, DONG Y. SA-CGAN: an oversampling method
son’s disease[J]. International Journal of Neural Systems, 2020, 30(8): based on single attribute guided conditional GAN for multi-class imbal-
2050043. anced learning[ﬂ. Neurocomputing, 2021, 472: 326-337.

[6] ZHUY, YANY, ZHANG Y, et al. EHSO: evolutionary hybrid sampling [20] WANG X Y, WU X L, FENG Y J. Fusion of over—undersampling and
in overlapping scenarios for imbalanced learning [J]. Neurocomputing, GAN for network intrusion detection [J/OL]. Small Microcomputer Sys-
2020, 417:333-346. tems, 2024-04-13. http://kns.  cnki.  net/kems/detail/21. 1106.

[7] LEE D, KIM K. An efficient method to determine sample size in oversam- TP. 20240130. 1526. 018. html.
pling based on classification complexity for imbalanced data[J]. Expert EHFEFA L KE . kA - R RA S GAN 8 W & A A7 ]
Systems with Applications, 2021, 184:115442. F[J/OL]. A 4 A 3t S 4L & %5, 2024-04-13. hitp://kns. enki. net/ke-

[8] LIY, LIUZD, ZHANG H J. A review of integrated classification algo- ms/detail/21. 1106. TP. 20240130. 1526. 018. html.
rithms for unbalanced datal J]. Computer Application Research, 2014, 31 [21] CHAIM T, ZHU Y P. Advances in generative adversarial network re-
(5):1287-1291. search and application [J]. Computer Engineering, 2019, 45 (9) :
P RAEREE . RPHMIB RS R RERRT] e 222-234.

JABFA,2014,31(5):1287-1291. A RET . A RKXMRMEH LS 5 MR AT,

[9] CHAWLA VN, BOWYER W K, HALL O L, et al. SMOTE: synthetic 2019,45(9):222-234.
minority over—sampling technique [DB/OLJ. https://arxiv. org/abs/ [22] ODENA A, OLAH C, SHLENS J. Conditional image synthesis with aux-
1106. 1813. iliary classifier GANs[C 1/ Proceedings of the 34th International Confer-

[10] HANH, WANG W Y, MAO B H. Borderline—-SMOTE: a new over—sam- ence on Machine Learning,2017:2642 - 2651.

pling method in imbalanced data sets ]earning(c—‘// International Confer- [23] ZHANG Z M, LYU J, LIU Y. Research on personal credit risk assess-
ence on Intelligent Computing, 2005 :878-887. ment model based on optimized ACGAN-GBDT [J]. Financial Theory

[11] BUNKHUMPORNPAT C, SINAPIROMSARAN K, LURSINSAP C. and Practice, 2022, 43(5):84-89.

Safe-Level-SMOTE: safe—level-synthetic minority over—sampling tech- RAEZE,B4E, % F . K THALACCGAN-GBDT 69 AN AAZ A M e R4 42

nique for handling the class imbalanced problem [C]// Pacific—Asia Con- MEr[]]. M&Z®ikhs % %,2022,43(5) :84-89.

ference on Advances in Knowledge Discovery & Data Mining, 2009: [24] JIANG H X, JIANG J Y, LIANG X. A review of machine learning—

475-482. based credit card transaction fraud detection research[J]. Computer En-
[12] TAOY H, ZHAO S W. An improved SMOTE algorithm based on gauss- gineering and Applications, 2023, 59(21):1-25.

ian hybrid clustering for unbalanced data [J]. Software Guide, 2022, 21 Pkl TR, RE. R TR F T 645 0 RS HEA N AR 4R

(5):110-114. #[J]. s AL 2 ,2023,59(21) :1-25.

M vt R A A L R AT ROE R T & A A TR K 09 SMOTE it [25] LIHF, XU G H, HUANG S X. Bearing fault diagnosis based on active

ST, BAE591,2022,21(5):110-114. generative oversampling and deep stacked network [1]. Computer Inte-
[13] TIANY, GUOHL, JI Q. Credit card risky customer prediction based grated Manufacturing Systems, 2023, 29(1) : 146-159.

on SMOTEENN-XGBoost[J]. Software Guide,2024,23(7) :138-143. FRF RAE ARE. AT EHERXE R R & W %8

|, 3z, S5 AT SMOTEENN-XGBoost #4943 JA F ke % 7 1 S ARBIFL T[], 3+ SALGE Ml 2 £ %6,2023,29(1) £ 146-159.

MT]. BA4F59),2024,23(7) :138-143. [26] CHENFJ, ZHU F, WU Q X, et al. A review of research on generative
[14] FAN D X, YE C M. A credit assessment method for high—dimensional adversarial networks and their applications in image generati()n[ﬂ. Jour-

missing unbalanced data[J]. Computer Application Research, 2021, 38 nal of Computer Science, 2021, 44(2):347-369.

(9):2667-2672. Mot AR, 2R ik, 4 . AR A P 6 B A B AR A R P W A BT

BERBE, TRV — A @ @ & Y B R R AR 9 15 AR k()] RaE )], AR, 2021, 44(2):347-369.

HSAU R R AF 5, 2021,38(9) :2667-2672. [27] GULRAJANII, AHMED F, ARJOVSKY M, et al. Improved training of

[15] GOODFELLOW I, POUGET-ABADIE J, MIRZA M, et al. Generative Wasserstein GANs[ DB/OL]. https : //arxiv. org/abs/1704. 00028.

adversarial nets[ DB/OL]. https : //arxiv. org/abs/1406. 2661. [28] ZHU Y M, GUORY, JUJIJ, etal. A boosted tree classification algo-

[16] MAT, JIANG F W, TANG G H. Deep learning and factor investment in rithm for unbalanced datasets incorporating focal loss [J]. Software

Chinese stock market based on generative adversarial network approach Guide, 2021, 20(11):65-69.

[J]. China Economic Quarterly, 2022, 22(3):819-842. AEE, IR, ERW, 5. — A2 4 Focal Loss 09 R -F 3 38 £ 32
Lar, G, ERR. REFISTAREFHAFTHA—AT F#t o K3 1] #Ak$71,2021,20(11) :65-69.

A XA %5 k(1] 2553 (F5)),2022,22(3) :819-842. [29] LINTY, GOYALP, GIRSHICK R, et al. Focal loss for dense object de-

[17] YAOX, LIK, YUL A. Research on corporate bond default risk predic- tection DB/OL]. https : //arxiv. org/abs/1708. 02002.

tion based on generative adversarial network oversampling technique un-

(FrAE 2 4% 3] 5 30)



