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Abstract

With the continuous development of the financial market, the proliferation of financial credit
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business has also led to a continuous increase in credit risk. In order to cope with this challenge,
traditional risk assessment methods can no longer meet the actual demand. Currently integrated
models have become a hotspot in the study of default problems, which make full use of the advan-
tages of each algorithm by integrating the prediction results of multiple classification algorithms
in order to improve the prediction accuracy and robustness. In this paper, we study the applica-
tion of two-stage heterogeneous stacked integration model (DH-SEM) in financial credit default.
The model consists of two key phases; in the first phase, SVM, KNN, and plain Bayes are selected as
the three supervised base learners; in the second phase, Random Forest is employed as the me-
ta-learner to predict the classification results. For financial credit default prediction, the predic-
tion accuracy of DH-SEM model is 0.886, which is more accurate compared to the traditional mod-
el prediction.
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1. 518

RIFGERIE R IRRAT BIAZ O 55 o BRI 20450 R R 1) 56 4 B R S Rk b /e W UAA AE B A Rt X 4
iGN . DA, HAT R R TR e 2 IR 0T, Uk FEokE RiFR. B ANguH L £
FEARAIE AT NI R EIL K. W, BRSSO ol k0. E, FIHEHEEIT
RAPHAE, WERRFESIFRS, MR EIRAT UeE & B 1A R e WE KBRS T8 [ VE 4 (1 Tt s
RURFAT 0 N it M AN TR (AN 7. U2 W RERSE R AR AR v b, X it 17—
PR A SRS (s VP e It . X Be v B BEE Gt JriE, a0 51 43 At (Linear Discriminant
Analysis, LDA) [1]41:Z %5 [5] 9 (Logistic Regression, LR) [2], PLE AN TR GEH %, Wi N T2/ 2% (Artificial
Neural Networks, ANN) [3]3Z 5[k & HL(Support Vector Machines, SVM) [4]411 45 # (Decision Tree, DT)
[5]. REHFT N TR RN LR T8, {3 LDA FI LR 258 AU SR & IAT S FE 2 Tk, BENE
115 T it HHER[6] -

] A LE A FH KU DA ST D B, fe ) 1 BT KA I AT VRS, 5 S AP AE MR 2 - SR,
H 2003 4Fif2, HLEE4E 2] JvEdF IR 51 NE F S PPAG . Z=5[7] (2005)F) A 3 B4 7 i 2 Logistic 5] 450
T PEAL P AR AT A5 XU . 8 52[8] (2009)3i i Probit A5 % B HR MY A% w2 1 A5 2245 BRR 0 & S mi S A A5
MM FEERZE . SCREENLE 1995 F8E, & T 02K, nfUR I O EEATdEE o028 kil
MR IR 22[9] (2012) 44 347 ) SATLRL A 115 FH AR DAl IR FL B RAF I RCR « AR5 45[10] (2016)
AL T DM WA S — B, R SVM JTE R I i o BEAE S 15 RILES 22 ST R e, SRR SJAEAS
NAG RS VPl A 202 N o SRR STEIE IR 2 AN 5900 883 4 & L 45 BRI m Tl ROk . ZE Rk
% >] 645 Bagging 1 Boosting PIFFZEAY . BEHLARM S — PP Y Bagging SR, ZERDIVERAT AIHEK
FURINI A iz TTER = IWMWAE[11] (2010)A1 FH BEHLARMAIT Al (5 U, RIS R4 R DL, Boosting /&
—FhERATEE IR 7%, AREHIEA AdaBoost. XGBoost Al LightGBM. I & [12] (2017)#F 7% & Bl XGBoost
8 ELIPE R A5 5% XU Al R R B T oAl B . LightGBM S Bk A1 BATE 2017 4R H (105 2 GBDT B/ 4%
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THESR, BABARHISHEEMATEEFE. KT =[13] (2020)f4% T LightGBM HiAY, I8 HFA> AME K
WrPAl, S T RIFHIRCR. XIBsR[14] (2020) & B Boosting £ B 7 V:EAN AAS FHAEAL b 3 IR AL 1T

A SCUART LRI A TF S ROE L 8E, AR P EAGEE, we BT — g tr, s
MBI ATRARGE D, FREgRAY, FRAEATA:, FRIEIERSE—Se b s, RASRILT 20 4EMRHIER .
BT B A HE AR, X ARLEEAT U S A4k, it K 33 TR A A AUC fH,
TR AT RVl . A SCEZHHIT 7 W B i B AR U R E SR E IR AP N H, CEFRZY
5 UE W B2 2 SR LA 5 R 2 00 £ 56 00 LA LT T 0L B3 S A 5 B R PR [ 151 4 Rl A BB 20 X
RS T P B FH IR AR A o AR SO 2 AN BN BT AR A7 228 21T Sl B8 U T 347 e, bt
3T AR G AR BITRON, BT B b B A R R T 0T

2. SRRF IR EA
AT EE AR 2] R G — MRAEZE AR A FH SR A bR 3 G SRUL A — By Kk o, 0 FI T T A
fth o 45 K/ N RBOHE SR AN 2 P PR RFALE -
m,D={(x,y)}, 1<i<n, x eR" @
He T2 BT VE A R R 5 s
Yi=(Xx)=6(c.C1¢) )

P LU TR ST ) R RAE SR . I A S A Hhy — A R 00 2R A8 (0 KA AL, 1X 887y 2R 0%
CEAE S AT, X ehm N 7 AR T, XL TR & 7R — A2 DL AR SR A T

G(C1,C2,..Ck) ke

finial
predictions

Figure 1. General framework of Ensemble
[& 1. Ensemble B)—HRRHEZSR

2.1. EhbsAEE

211 ZHEEN

SVM FJEAl2 i Vapnik FFE I, BT SRS AR ERE A& M RE M SR A T . 1A 30Uk
LT SR S B/ MR I, AR FAL GEbL 882 21 77k TR F (A% G 2256 U e /M JE U o

SVM = B FH S RF i 5l A7 0 2. TR 2R ik, H ARl I nT 51 o S i ek ok
SRR, HHSRBEFEAWRIRE L TERRLE, ERRRFtZA. 2 Fr—A 6 R 7
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Figure 2. SVM classification
[ 2. SVM 433

2.1.2. KNN

K A8 (KNN) S — P AR () 4 RN RS i o 12500 R A% O FEL AR 88 e 0 S [ AR A B 2 )
(EE B RIEAT 4028 AR R, KNN 8L G40 5B R A SR el i ZRRE AR, SR 5 iR 1 L 4T
JE AT P B R T B RE AR (200 o AERNA ], KNI B2 2 SR 40 R R A (1 P 3 (SRR TR AR
BTN . KNN SRS H02 K ERER. K ERERS BB e, B/ K EaE
BRI TE NS 2% 25 5 2 BINE 75 -9, ORI KB 2 {F RS 10 S T, (R 0] B2 1 FEAS R R AIE
KNN ByE 5, TRt S8, &HT 202808 LR SUR THE AR Ry, 7R 500 & ORI 1%
BERC s XSRS WEHELME K E. X KNN ByEss, FFFRE 113 H TR 2 sl oA,
WAL KNN. FE TR 45 H KNN (40 KD # . Ball )%, KNN SE7E LB )2 N AR 5
BURAL B, 7 RGO

2.1.3. thR A HT

KR DU SRt — Al B TR o 0 2R, B T DU e BRI IE AR A B S .
WA TSRS BB U TR I, AR DU R R I A O AR R i T B E 2
NRFER SR A ME R EAT 03 E AR N RFAE 5 FARRAE 2 (AR BT, X AN IR — IRl R
BART S, ST DR RIOFEAR, Fh& Ik i R E A KB NG5, JREREA &
o JE S MR R R i 1 3 RS B AR DURH I BRI SG B2 2 ST N K RARFE R 0 A o i
i R AR ORALSRAN T BT I R AR A THIX SR 2 . o DL IR Fb 3% DU 37 0y 4 22 kb 2 DU, A %%
FUAN R DU AN S RS 28 DU 755 . AR DU R RE LU R AL &R, 5 T SC BB fg: X/
BRI RAF: &R T 20K SR, AN DU Sk i Bk 2 PRIk 2 8] R AR G A 17 %%
SRR B, FIRE R RIERE TR, 28 LTk, AhER DUt — M TR Gt i K5k, RA
TR 5 T SEEEI R, RSO3, BRIl e S A T2 R
22. TEIH

RF (Random Forest, RF)7;- 28882 — MR/ K838, EEH —24 CART (Classification and Regression

Tree)BEAT TMI[16]. Wi B B R AR TR) LB ZFEAR I T HR BRI . IX RIRE v] DL 2 L AR A
I A, IO SCARAE G n] BEARASTE &R, Wk 3 B

DOI: 10.12677/m0s.2024.132169 1800 e RSE TR


https://doi.org/10.12677/mos.2024.132169

N\
1 AY ’
g 7 '\ H _/’ \
m—— 4 ~> < v v
= PN S [i=1 SO i3 [iSARSSES
______ > j=1 value value value value value g _==> =1 value value value value value
4 =2 value value value value value 3 > 2 value value value value value
————— e
=->j=3 value value value value value @ = S===” j=3 value value value value value

(@

Figure 3. Training phase
[ 3. WM
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Figure 4. Classification phase

B 4. 5EMER

BEALARIR T KA MR B Be: 1= FEAS, = A28, p= #1%, c= K, s= s, t= fAL d
= ERMHELE, value = &, | TULEAIIARIE. KA=702 KPS ENE PR ) T2
RN AR =70 2 — (FR ARSI d) I T WS SIS IEROR, DL TH T3 RF LR A TR RE .

PERZ A TR AR (OOB) IR 220 BF AR S A RIS A R, T FRARMEEY, A # AL A
JUE SRR (MEry) BEAT IR 73, IXSERHIE R BEHLEREN . B IR ARG IR H P % SRR (Ntree)
BRI TR T 2 I 2 AR o R 25 00 288 TR SRR S T 88 (SRS X480 P A B A 5
IS FORE A ORA o AT, AR SR B b IS ) B SRS AT B R AR e BN, JF HLAR D
PR — R . BB E M SRR R I AR PS4 4).

3. W Rtk AR E

BT B I ZR AN 53 R B B VA B0k ASRAS FUAT () B A S0 H AT B ks P i 4 R . e s A
AFRIBARREI, R HEBARESE. SIRA LI — MR, B TR RER Rk E
WMIEEARFIEN AP, KRR, 58 R k. HEBAE T = EEEZA
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HATFEMA P AEARE ARG R . & 5 NHEBEMREIRN 2 M BG IIZREHE B SR I5HE B M
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Figure 5. Stacked integrated learning algorithm

B HEERFIEE

D RHAE N DNEARTE, RS SR (USRS E), IF ol Gl ERSE. %
IORIA NI ATTE I B, SRR T B E B, R b, AR BN TE R N
AL, BN AR EARR N KA, SRR SREARAT SRR, FRlcs N AN SEA SRR
MEAER, [RLERE, i MANFERE, 8T BRI, XHE M2 N DMERFRNTE, X
LERPRON BB g R . 3N ORIANEZ —Br By KB 24 R Bllgon i > 5k, IRk E1E
NTCF G RISEAGE B FIAE “FEASN” Hodls, XEREATRA T IIGREAER. ot S48
BRI HAS G T FEREA R A TIO,  IFR Bt SR KN 2R R A R LR R 45 R Bm, BRAMEARRK)
Mt Ex S G #AT I, PP TR L

4. SEHTHERER K AL
4.1. BIEFEBRIHA

FEAHFLH, A8 FH T L SR DT s SR AT TR, 2B R4S 47 SR RE R, 5 %%,
PERE Al oS ERE S EHVEY . WS ERSEAhE, b 15 FNEA AR MikR T Rk aE
BN AR, 4 AT DRI RE A e BRI ™ R R i s, MR8 3.7%. &), fRE 200,000
S LU SE B SR SRAF NI Bt 4R . BB AR P B & PR 2> 7 B 1 o

Table 1. Partial field descriptions
=1 o FERER

FB FBHR

loanAmnt PR LA
term SEH IR (year)

interestRate v ik
installment I FAAT R 4 A
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grade BN
employmentlength Al AR RR
dti UL

42. AT EEFTARSATNL

1E B EE KR IE A B A U, SHTERIRREM RS 5. BRI AEE T HRET ST E
HIFER G &, FRRE AT T YD IR R RS ES 20 JiZac s, HAdEZh 0 i %4 16,052
%, ikt 80.5%; 4N 1 MidaA 38,948 45, L 195%. WLLEH, EMEEARMLLGFIEET 4:1, F7E
FEARAP-f 1] 75, X AE & b XU PEAS P 3 WL . REBAFAS KA.
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Figure 6. Histogram of target features
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EEXSARSCOR AR — 2K i), JE I AT S S AR 2 IR 6 RIEAT T WP . 18] 6 JBoR Tk
FIBUE A, Badt 20 Ji4kicsk, 2408 0 I 16,052 45ic3t, EH4N 1 04 38,948 44idsk, IEMAE
KET 421, AFLEREARN P IR, X2 SRl AR VRS 19 WIS . 14 7 N TR IR 540k R g,
AILVEH, TAEFRED 10 Frttid st m 2, WRefEN TSR, T/ERke, nfiRe e
DK, AR REVELLE N BEAE, B 7 R LUE & TAREIR B LA ZE AR, — sl L
VEEERR A 1 N AZHE N | Bk A, (E2E 400 & B TAE 2 E M4 S E A K, AT NN A
THBRBTEK, &N, FrLOEFR A 7.

8 NBEREES G Lt BIREHIG IS N A~G LS. o, BRSSO B Il C S
W%, MWRESN G HEERD. THHTETRIT RN EET, WREXREFHTESE
P S AD 5 K S BOLE A TR IR R, RUZ S AR HiE BIRAT B3R, ] 9 IR HiEY
WEMRRZREE, ATUEH, SERESNF R G ARt R, CET 40%; 1MHEgHN
A [PIEL) T REVERAIR, 105 5%. BEA& DS ERINPE R, B2 RERHFIK. Bk, FATAT MR bR 5
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Distribution of Default Ratio by Employment Length
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Figure 7. Percentage of work-years in default
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Distribution of Default Ratio by Loan Grade
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Figure 9. Percentage of loan-grade defaults
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Figure 10. Partial characteristic kernel density curves
10. EBSTHFEALER B L

10 RFBATFFIEAZ L I 2k, EIBARMATLMN KM N KDE % R fA e 25, WIS
AP R R — PR, TR R T RS L A R . 15 interestRate H/EIE L FIANIE LR
SFMAMAAEHEES, FEBSIELHP &L . TS L LT 52 mA RE, W LMERE
R G HOE £ TN AT R

B 11 FRoR T BRI D RFE A TG, X B R python A S AT Ak A 22 i,
A DU X SRR A ) A O3 5] AAFTERE AP AT 1B Ol B i) DU H 0 R & 20 2 B R 7
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Figure 11. Visualisation of the distribution of some features
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4.4, BEEBER

TEXF SRR 7T 1) R, A2 B BRI & B BRSO, AT AT S ) A, AR AT AL
SR 0T BB I AT A EE,  Ab PR AL RS s AR B B ST VB T R R . FEAR TSR, id 2 ME—AR
W), WFScievsa B, KMk, I H grade A subgrade #2584 M A RASAE, 31X HU¥E subgrade H54E M
738

4.4.1. CHRLE

AR XOEREES grade FEATRHMESR D, ¥ A~F Ch 1~6;

IR RPEEHOR R H 1 issuedata B 4k R A1 20

IR = B UEEEE IR employmentLength A ERAE F FR AL Bk 78, FEK<1 year HH 0 B3, &5
year JCERRIMIRR, 15 BAH R TAEAERR ;

IR SR EARHES HARMA G RE, 206 EHIBRARDCPE/NT 0.01 FHRHE initialListStatus,
n5, nll, nl2, n8, postCode;

BRSNS installment, interestrate 34T 1 % ;

WIS KT REEURE, AT RN X A RRHIE S HAR R B AIOC R, il —LeRFiE S
o A S HAT A BT R AE 41 grade_to_mean_n0, grade_to_mean_nl %%, M EHEFSMEY FEF) 80 1.

4.4.2. BREREE

HREE train 256 47 41, H 22 NMRAESAGREAE, ERESRKLEIWNE 2, o IR HAAESRRAE
[4FIEA employmentTitle. employmentLength, 4785 n0. nl. n3. nll %%, FH nll 1Lk L)
5K, employmentTitle [k 2 L B/, XFEE 44748 5 n0+ nl. n3. n1l 24T A1 nO. nl. n3 HRRHIEL
H—FE, A REER IR AR R AT, SARRSIGIERS, n0 BRACHIAT, nl. n3. nll HyEe; nll HRH
47, n0. nl. n3 #F4rEke, BERH n1l $2k5 n0. nl. n3 BRAEFFERFIXT N IEER, B n0. nl. n3. nll
FRESOEAEE, EWSRETIUERT ORI, BUES NS, HI 24 mAE, 25T A 0o
FEERIAH; [FIFE employmentTitle BUE %%, H 24 WA, FULXT employmentTitle 44 FH A 47 £k
Kb % o XF T employmentlength X Ff (85 fE, B v H04E £ AF/E 5 2 AH R B HRAE, BT LAY
employmentLength A & SR AN AEBR, X T 70 AR SR A ACBURANGRR A, X T IES R & R A
LB AMR R AE

Table 2. Proportion of partial features missing

2. BROHFAEER S EL 5

FFEA FR SR AAB T 5 ELA5) (%)

employmentTitle 0.000125
employmentLength 5.0849875
dti 0.029875

n0 5.033750

nl 5.033750

n3 5.033750

nll 8.719000
pubRecBankruptcies 0.050625
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Figure 12. Box plot
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ARHIERARIL, @ CABIEMAEE . I B R R RHE R SIS SRR A, ALV LAE
F o i, A LU DY ORI (8] issueDate AIAE A #0 T SL I 7] earliesCreditLine AH sk ok #4) i R fiE
Issue_Earlies Diff: St/ = BE R TBUN A — 5 P40 P2t E]) = issueDate — earliesCreditLine;

B, WKW ERBEN AR M ORE, W LURYE BT R 2 HOm AT 35 1 1 R AE
fico_average, JFR P4 EIRANTBRMIFE; fico B ~F3536 Bl =(fE sk AAE BRI (1) fico @ I T BRYE
+ AR NAE B R RT [1) fico FrJ& 1) E PR YEH)/2 = (ficoRangeLow + ficoRangeHigh)/2;

=, MNEUEEASE M RE, T n0. nl. n3. nll MBREZ AL AEAE SR CEE, 2L, no 1
n11 Jyfl kg EAR4E n0_n1l: BUE Y 0 BF 2R nO Al nl BB, BUE N 1 #7x n0 F1 n1l Kk, BUE A
2 R n0 BRI, nll ANERK,

S0, DA R0 AT R o 52 AN B T 4 28 A 1) S ) 17 TR 4 e i sk S, DAL 2% e i Y
SRR ] issueDate G AE R term AHIISKAAERFE end_year: BYk 4 BT 8] = BERCRAS ] + 5%
FK4E = issueDate + term.

4.5.1. ¥FEIESFE
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Figure 13. Feature importance
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46. RESHRE

B, FIBENLI AT o B S5 NI 2k 8E, (i BRIA S BO @ RENLAR ALY, A BRI 2 10
K2 5 RFEAE ) R G E A E IR, H TP BENUARAR AR RO . LR, i WS 2R BE AL
M IESHEAT R . AR NRESEIE 3 fic. KNN A SVM FIMRISH g 4, %5 fr

Table 3. Random forest parameter settings
= 3. B AMS IR E

ZH {21
n_estimators 180
min_sample_split 10
min_sample_leaf 5
max_feature 10

Table 4. KNN parameter settings
F 4. KNN BHIEE

24 {121
n_neighbors 5
weights uniform
algorithm auto
leaf_size 30
p 2
metric minkowski

Table 5. SVM parameter settings
F 5. SVM SHIRE

24 H
penalty 12
loss squared_hinge
tol 0.0001
C 6
Intercept_scaling 1
kernel RBF
max_iter 1000

A7. VA AE

N T PPAEBATRRER, BA T 1 DA FH VPR 4R R, RIVEERS 3 ORI 3 4 [B1 R A0 FL 340 CE),
XA VPSSR 7 R SR 59
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EATRTHEINE T
Accuracy = TP+TN ?3)
TP+TN +FP+FN
Precision = P 4
TP+ FP
Recall = Ll (5)
TP+FN

1 Precision x Recall
F1(Macro)==>» 2 6
( ) nz Precision + Recall ©

TP (LR TE) 27 BHPEREAS TN B YE, TN (A PE) 3R s B PERE AT S BT, FP (fBBH ) %o
R FAVEREASTII G BEE,  FN (fEA 1) 2270 8 BH PAEAE AR 000 D B A
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BAEEE S N 80%IHI I ZREidE AN 20% (1 IR B I i, FFR bR e N AN 1, ANELN 0. F Tl ZRsim
PR RS —A 2.4 GHz BIZRe/RIUHZ i5 AbFEERAN 12 gb MIBENLF I3 . Python &5 H TS
Jupyter ZE 104 H ) VLA

K SRR AL KNNL AR DU E R BE a2 2] 3% BEHLARARIE A onsi o) 8, T HERR AR A
EHE SVM RS Rk b (1 —Fh B, DR e 7E /N EOHE S AT 28 BH 2 23 B PR A 0L N SR I R A« £ FH KNIN
se RN E BEE B EE SR, RA N SR ERE, I HIZR 2% B . AR DU
SN EERBE R R A, T IR SR T AN AR . S A B B AL AR AR G A ) B
X FEA A ST AR TR AT A, R E IR At ) 88 SR PR o 75X 5 SR AT HE B AR U B3I 2 2
BT, St 38 A )RR AR RN o6 2 2] 25 (U aCRG FE AT 1IN xS is UL RS 5 il I BE M)
MRS 6 Fs. SRR SR, SR IT S I BAHLE, 137 =N AR (11 BEAH R 22
B2, USRS R I kX Be 5 L Gk, TR — A m FERG IR, X2 e 5 AL % ST 4
ARHIX 5 6

Table 6. Comparison of stacked models with individual algorithms

6. HEBRASBNBEIANLLE

Model Accuracy
BEHLARA 0.853
KNN 0.804
AhER T 0.753
SVM 0.822
B 0.886

ROC gh%k

224l 7 ROC M2 RAFAE LM TAE R . ROC LR TR AR R T 702888 X 40 2K 5] 2 [0 2 I FE
J . AUC i, REIBIRIZE X 0 IESSRI 12, an S —AME A R 1009 1) R 14, A0 A B/ AUC A 1,
T T3 IR TR AT 25 ) A AL ) AUC Ry 0. 141 15 &R T 5 FE R i) ROC HiZ:.
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