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Abstract

Credit risk is the main risk of bank operation and affects the development of bank. It is necessary
to establish credit risk prediction model to help banks avoid risks and reduce losses. In this paper,
80,000 pieces of thousand dimensional data of a commercial bank are taken as the research object,
and the method of “group principal component” is used to preprocess the data of thousand dimen-
sional variables. Then, the credit risk prediction model is established by using Logistic regression
and random forest respectively. The analysis results of the two models show that the customer’s
credit card level, occupation, value level, basic information of personal business, deposits and for-
eign current holdings have great influence on predicting the probability of default. The area under
the curve of logistic regression model is 0.847, and the prediction accuracy is 75%; the area under
the curve of the random forest model is 0.848, and the prediction accuracy is 85%. Compared with
previous studies, the prediction accuracy of the two models is significantly improved. In practical
application, the two models can be combined with each other to give full play to their advantages.
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PATAE IR 2R VF 2 R, Herb o F XU B 5 KU 38 SR, R i 35 AR RE
ELPAT XS5, SEH RN, SR RIKAI AT ek . 15 XU 2 45 HRAT 5 Rk B 3% BR #2 1
ZUF B SN R . BRCEESAINER1]. Bik, Br AR BIIER, MR45% Bl E R, W
TRIBEEZY, A BT RATIR I BBk PRIEI RS -

15 FH RS TR 2R — ELRRR SR i T 7T, A5 RS TR ATE 7E 10 32 ZERE AR e 1

Table 1. Main models of credit risk prediction

F 1. FERRGEFUNA R EEEE

k7
7S AR AR
Bl IR S HUR
LA 39) 43 BT AR Y 128 I 2% R Y 2% [ P AR Y
(Linear Discriminant Analysis, LDA) (Neural Networks, NN) (Spline Regression Models)
Probit [a] {57 SCHF ) ALY CACIE!

(Probit Regression) (Support Vector Machine, SVM) (Kernel Regression)

Logistic [a] 54! SRR SR LI EREEITE
(Logistic Regression) (Decision Tree) (Local Polynomial Regression)

BEALAR AR

(Random Forest)

B, P2 B[ 255 I 2 200 o Wt 7 VR S A AR PPN ASE RS, 3R [ 2000 4F 106 5K 11T A =] kAT
S3HT, EEL 4 NMERR, TAERRIA R 95.28%. BEZ[3]5EHE T M ARIT 1231 /Ml BE a3,
IEHL 81 M4EHR, H Probit BRI i TFRARAY, FUAERG SR IE ] 60%. Milad Malekipirbazari [4]55 5
THAZMET G R, %8523 MR, HBEYARMA. SVM. Logistic 25 B8 TS F RS, 0000 4 ff
KEEHLARA 88%, SVMA47%, Logistic49 %. Sidney Tsang [5)Z5HIHPA ML . PR bR, 4455 4000
MRVEAT AR, 15 10 DM EFEABRL, HEMZR 5 IS 84.7%. 96.7%. BRAR[61IRYEZ - iH AT
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DB, 8 22 00 F IE R A IR A L AE R VR BRI A, FH YD IEARAT IR 2000 2515 F - 258 (5 S iE i
i, BANEFE 1SA B, TIERFEE 83.91%.

XSRS Gy FRR, AR HERR ML TR LPIRES . R, O 138 X SR AR 047 RS TUON A 5
ZHTHERE—HUN., BEAET 100 MR, S THIREME RN &SR, HeHFEARS. miE
ACFE KA () S AR, IR SRR R AR % B . SERR IR, R R S APIRE TR IR
PEEGT UM R R, T RV R TG IE A B AR LR A, O RIME, — RS E . HLas 2 S
EIRRERAEI I TS LIRS, AR AN BoRFRiA R, TR ZE7]. #—8, S5~E%ML
A ) EEMLE, MM SCRERIEHUERER AR 2 18 F ARG BN RS B AR L T BEAL
ARMA ARSI FE A . AESHOE R AR RS Hook, (AR EE 2 AR BRATNIZREE, s
REEGINE, BRMEEZE.

A SCEET— R E 2019 A3 K LARAT % 5 BAUE , 1X 0 i 5 80,000 244, 986 M,
T4 B 7 O WSSk PR EEE AR, R BB LR, AT REH T 8VEL T2 44
TFAF BRI, AN A Bid 20 22 SR AR E IR 22, WIRESI K “HERERAE” [8]. Hids
SRR A LA, 6T 4R R 28 A, BE AL A P A A R L SR A R LA R R I LAY
DR A S e SR AR B AT OR A . #E 4, B B . EmADE TR, KRB OIS, 454
BARREA I AS 2 DL K REA KN, tsE R Logistic [8] VA F1BE AL AR AR S0 1245 F KU RS Y, oKy
AT G PR B AR AR 22K o AR SCRREI 77308 N RS, e tEdr . v BH AR & . FE,
RSG5 FEY RS () TR S5 R AT, 45 T S 7R R P ASE R A0 A 2 43 IR 31 75% 0 85%, AHEE T 7K 05 45:(2017)
i Logistic [FNABLARPEAL A NS VP4, BUBE LIRS HEFZN 67.62% (9], HKIEZ(2019)%: T )
(5 5t U AE TR T, BE LR TN AE R 26 77.1% [10], AR SCHEEST RSB TR A 28 42 15
H Logistic [ JT#7 SEEHLAR AR FLE A, BERIE Logistic [ AT ARBEPEIR 3, B A IERENLARM A &
HER RIS

2. BURELA

AR AT A 2ok B XK RARATHI R S B 11], HAE 80,000 2%1dE, 986 M, Hiy
AR & 944 A, FRIMARE 42 4. BUEMABLBM G, WIS X0 17 4, W2, FRMA
I 3,

Table 2. Numerical explanatory variable

=2 QELBREE

A b 2 A AN A5 i AR L

NIZE"v 110 7T A, 32 NEEAL 1 ANIUEE L
R A TR A 91 55 MEESER, 21 NEHAL, 15 MHUE R AL
LR 112 65 MNESER, 41 ANETHUE, 6 MHUE R AL
PR 5% 88 46 MNHESERY, 30 ANBTEUR, 12 AMEUE AL
RN 71 24 NSRS, 25 MR, 22 NHUE R EL

FHURIT AL 60 34 AN, 26 A B

P 2% HRAT b 55 20 14 ANMESA, 64N B R
H bl % 68 40 NIESERY, 16 ANETHUE, 12 AMEUEE A
iR POS HLk % 48 30 MNMESHL, 14 ANEEA, 4 ANEUEE S
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AT POS WK% 40 25 MESAY, 10 NEEAY, 5 AN IUE R
BAT POS MLk % 40 27 MESAY, 10 ANEEEY, 3 ANIUE R
HoAtholl 55 22 14 ANELETY, 6 B
KA 55 32 AAMESR, 4AANEEEY, 24 NIUE
fEH RS 26 10 MBS, 10 DMBIEEL, 6 A HUE AL
SE WO %% 20 13 ANELERL, 7 A BB
BRI ol 55 33 26 NMESET, 7 AR
e 63 49 NMESAL, 12 ANEAL, 2 ANIUEE S

Table 3. Character explanatory variable
F3. FHLUBETE

AT B AT A A Az BRI

B 1 8 fLrfF

TP 1 4 g

LR 1 4 fr g

531 1 HH 1. 2
E- IR /INIEE 2/ 1 Il A, B, C

HR 1 HufE 1-5

ST RAR 21 BERGAYTKS . REARITK . G TS
AR S AL 15 BEFAEBRE, FAEMESRE. DMITHRRE

3. BRGE

AMHEE L EHCE R, AR Vit E AR, WG R EE SRR R AL LN, e
SN R TG BT E R R I, BT R AL, FERUE IR SR AR AR AT 15 B A
BEATREYE, [T ST BRAS B A I 2 .

S FH SAS A AT GE it 40 i o AEBLPIRSAE N N AR &, BUE N 1 FoRmReidsdy, BUE N 0 £oR
Axiddy, DG AL I AR SR ATabr, XI5 BRI GREANNREE, 43 87 Logistic [ 15
RUFIBE ML AR A o fJ s B DURAR B FH PR P AR 2 Tt i 29 vl e, FH 521038 AR 7L (receiver operating
characteristic curve, ROC) [ £k [ #(area under the curve, AUC)AN T A 3 Eb %5 75 Foh A5 284 154) TH0000 %
o

3.1. BIETAE

3.1.1. WNBEREEHITHEERST I

B ER I A ESBUE AR B R, 2T AR RIE— €7 Z iR R OL R, BERESEILME4E, T
REVH BRI A RN . ERWIRA T 944 DAEME KA M, SAFERDAE: —. HESREE
Ky FEX 8 JI MK 944 x 944 MG RYGERE, I TR R i, WWHREL TR, —. ik
P22, WA ERD AR 944 NFURAR R LA &, ARRRIVE, RS TR,

BRI, 5 FEAAE — 8 ISR AN DGR 38 50 3 R (R AR FE AN TSR, SR “ o H R B T
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WP AT AR B R AL T . BAORTL, BT AT OO 944 MR R AR BARE AR B X AT 704l
LA BN A A RS R 2 A PR B, TN AR RG] R, 5 BN AR Ry
ANBEAT AN AR E R T, BRI R B B AL B R a2 5, A PURKFRAIR 1 TH S AR
AR, T LA 2 AR 3 ) S

3.1.2. M FFRTEHITRHE

MRPEAR B L, LAy A2 AT proc freq HUHICHE M, @k MBS . G EImISH T, X7
FF AR B AT TG
3.2. Logistic B3 Fm4%3Y

@© RIpHFatE. e A 80,000 NEE T, LI IEGIEHE(TREEL). APIEER(AEL) 2:1 /1
LG 20,000 N EHEAE D IZREE, HRBUARMEAINRAE. @ EINZE LW Logistic M#%: M proc
logistic, Ml class & A4 7 F7 0L 7 KA B 4 IO U D BT, BB M AR R, N5 B0 B 47 B AR 6 DA Bk
THE BRI A N AR B R B [ VA R T VA AR B, i LE TR 1) 8 8 P KT 20 Sl R0 B D 0.05 10,15
O 4 R A BB THE, DR IR s B L AR A A L

3.3. BEHLARMTARARE

{8 proc split BA & proc surveyselect # R HLARM . O proc split & R FN 15 B RFAEEEEAET N
)8 ZH(Gini), BT AR SN 5, IORERIE 20, BN SRRy 50, B ARAS &
RIBLPIRAS B A PR KU S A txt SO @ RIS EdEAR: TR MR 301 [ LRI A DI ZR A AT
RE. @ HEAEEMFEA: {FH proc suveryselect AT —FRMFEALIMEL 30 MER AT E. 6 NFERFEAR
B 2 10% 5750500 A 80% BB s, FIH EMEIN R AT 7 0. @ FsEsk, 70 &40
BN, XK AEIEATFT 0 RTRI, R B Bt L ) PO R A (0P 34E, AR v e I a0 45
v o
3.4. BHFER

XA EE, ) SAS B M _EFEHLH) rocplot 540, £:ffil ROC #h£k[12], 155] AUC A, [FI AT
R LT R, F S DU R TIOI A P IE 2R AS,  H proc freq 15 TRVEFERE, 1145 2 00 AETH 2.
I AUC TR Tl A 1 22 PP AN BB Tl iR 55

A T 21 7 1 4510 K

il e — LV IRV
’ R

4. BIRER SR
4.1. TEMLE

XA B RN 777 AR oy BB T TAL B, 986 MR UG 5 (944 NMUE R +42 N PR IR AR 142
(123 METH19 MR, KIERARYEE, NG SR A R 2%
4.1.1. HERTE

944 NMEERIAS &, MFERATAEBUE N E R R, @8 832 4y, A ES Y nlsr 17 A, iH
proc princomp X A3 2H AR & 73 AT 43 2 o b, ARUE BT ZETTHRRIE 70% 447, &SR TG
APk 123 NS, EARESLMEER P fabr. % 4 RSB T s .
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Table 4 Before and after variable processing

= 4. TERBRIERE

JRAGAS A4

A ) CE R B IR E Ha AN Bl 5 ZTtkoE
A NS5 B AL 109 17 70.55%
TFR AN T R A 76 7 66.21%
LEREN2 106 17 68.77%
AR 5% 76 8 67.82%
HLIEAL 5% 49 5 70.38%
FHRAT 55 60 6 70.00%
W 25 ARAT ML 55 20 4 66.39%
B Bl g% 56 7 68.27%
SRR POS B 5 44 5 68.91%
47 POS Mk % 35 4 68.31%
BAT POS MLk %% 37 6 66.37%
Hoftbolk %% 22 4 66.71%
KA 55 8 2 94.27%
fEHFAES 20 4 65.10%
SE MR 5% 20 8 67.08%
BRI 7= ol %% 33 6 71.97%
Halk %% 61 13 68.24%

4.12. FHEATE

R2AFRRE, SN, RABEIE 19 1.

1) MER 6 A BUEME—R 44, 052 MemARE., 2 MEARERTE; A NHBEmA KN
24, BFEETF LA EARSEA

2) IEFEMEIRER 20 A W HEARE EEAY, AFEF ST WIS BUEME. & X aSHEE,
FrA 1 Fbs S R E GRS, AR —: T prop freq R I7HS, & AT, ASAH B RS
AR, 3 MRV = MR ERE R 4 MEERESEN TR, 2 HIURE 1.

3) BEHIID 16 > 4 16 NMRIMEHIFA RAME RN S M EE ERE. R EasEL 2 b
15 Fhc, AR “lem RO AR, AEXCERMNNEEHEILR. 25EH R 25ER R 25 E
MR ERRER., B0UAEESCEREBUER 0. 1, BI 1 90, 0 AR, 15H K& G 4% I8 R M
TFHE . AR S I HUE L 5, 5 REHIRENE 6.
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Table 5. User defined variable value after the original variable is recoded

=5 R EERDENBEEXEZENE

JEUEE V&S
A fid f5H [ Br H fEH RS

/TS 1 0 1 0 0
Wk 1 0 1 0 0
FILFR 1 0 1 0 0
TR 1 0 0 1 0
[EEaS 1 0 0 1 0
e R 0 1 1 0 1
[ PR 0 1 1 0 2
[ bk 0 1 1 0 4
TRV ER 0 1 1 0 5
Bk 0 1 0 1 2
PR R 0 1 0 1 3
FEAL R 0 1 0 1 4
SEITIRS 0 1 0 1 3
itk 0 1 0 1 5
TR 0 1 0 1 6

Table 6. Credit card type and grade and quota
6. AR -FH - FENRE

EHF £ B
fEidF 0 0
YR/ E bR R 1 ST~
& R/IERR R 2 1~5 73
S HISERS 3 5~10 /i
FEAER/EES R 4 10~30 J3
BhiAR/E bR AR 5 30~100 Jj
TR+ 6 100 73 LA |

4.2. FAMIRBEHTMSGRERELB

Logistic [A/H BB AL 1 69 NACE, H0RMUETHELE 7, NRPATUEH, H—4%
FULHINAE G Fe @t s R 98N . R ST 2B 7 i, A AE 2R 21, T s e
RN A VLR 1, AR S . BENLARMR BRI B 4 7 100 BRULHN, Bhit
B, B AR B B LR 8. RPN RN FRORAE R B P AT R, BLiZAR
A AE B AE N S A5, S e B RoRAS RN P 45 R I ERR L, R LAE
I POS BLAZ &y iy BT St IS e, XIS LR ECR . 1 SAS EM &)
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DAL IZ AR 2 2 P 1 B AR R AR, AHEL T Logistic [B1VH, W52 RESR AL ST BOULZ) 1 (M 20 A RE, %

o> PR I 1

FAID:1
gitE g RiE
0 90. 25% 90. 24%
1 9.75% 9.76%
i 55998 24002
IR AAE 5 480
<.0.3793526=M§| 1 >-0.3793
T AID:2 FIHID:3
ZiitE g% RiE gitE g RiE
0 95.10% 95. 01% 0 77.30% 77. 66%
1 4.90% 4.99% 1 22.70% 22. 34%
i 40732 17405 i 15266 6597
&P ES ﬁ%%kﬁﬁﬁ%é%ﬁ%ﬁﬁ
C [ ] BA <0.0058BLERK [ |20.0058
I AID:4 I HID:5 T 5ID:6 I EID: 7
giteE g RIE giite g RiE giteE g RIE giite g RIE
0 89. 22% 88. 80% 0 97.43% 97. 52% 0 83.92% 83. 66% 0 67. 19% 68. 20%
1 10.78% 11. 20% 1 2.57% 2.48% 1 16.08% 16. 34% 1 32. 81% 31.80%
it# 11566 5008 i 20166 12397 T 9223 4034 g 6043 2563
Figure 1. Part of the specific process of decision tree in random forest
B 1. BEHLAR PR — IR R B IR0 B HI B
Table 7. Analysis results of some variables in logistic regression model
%z 7. Logistic EVARB AT ER N ITLER
A it bRt iR 2 Wald &7 PRI
HEHARE & 7% 22 ) & 0.01029 0.0182 32.1088 <0.0001
JEHAE -~ N R g hnfE 0.3418 0.0774 19.5105 <0.0001
T BRI 7 R AT 5 4 AU I 0.325 0.0277 137.3748 <0.0001
&P MESEH(A) —2.4561 0.1868 172.9554 <0.0001
BUlk(1) —-0.4217 0.1549 7.4068 <0.0001
T R B AR SRR RS 2 B BUE A S B .
Table 8. Analysis results of some variables in random forest model
%= 8. M AMIER BN TEM HHER
A h FT AN FJe BB
1 POS HLAS 5 440 4 1
B 7 0.435939617
I S A 12 0.434289408
1T HAAR 8 4 4 7 0.347330495
A TR IE R A0 7 0.324201205
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PN B FAAEE, FH rocplot 7261, £l ROC #14k, H Youden $EEUEFBA AW &5 2054
0.37283. 0.49551, B Logistic [FIVATRMIEL 2T 0.37283, FANLARMRIINNE L) FIME2HEE 0.49551,
WOAAIZE P AT REIE L) EAXTEL, SCE LR TR, =Ry (RVE R R W2 9. MR DUE H,
XFF Logistic [FIAREAL,  JR4E 60,000 N, TR SERR# AT BRIELIIEIE A 2514 4, HARSEBRAT
REIBZIBRI 75.39%, RINASSCE SURTRIUERZR . X T-RENLARABERY, IIR4E 20,000 NEHEF,  FMIA
SERRER T BEE LI EHEA 1507 A, TRIAERR 84.95%. X THRFMARL, R4 20,000 NEET, A
SLERE AT e A I BIEG 1380 AN, TR N 77.79%, BT Logistic [B1JA TSRS, (H LRI A2,
T BEATUARAR SRR AT L e e A AR e b R B A0 35 . PR O ) ROC HZR LU LIS 2. B
2215951, Logistic [AJATRMAFET, AUC = 0.847, TRIMUHEREZR N 75%; BENIARM IS, AUC =0.848, T
DIAERAZE A 85% . — % AUC [HIFRZERIAK, {HFENTARMA Y [ O #EAf 32 4L Logistic [RIHBEAYA B &1 T

Table 9. Confusion matrix of three models

F 9. ZMMRBURYIRIERERE

S S
HE HIME
ANexidigy CIEEes) AeiEdy W BEIEL
Logistic [a] )91 FHIIME Aeiddy 9980 1734 43060 820
Tl ReiEL) 3003 5283(75.29%) 13606 2514(75.39%)
BEALAR MY T (E st 38628 813 12844 267
AlfEIEL 15342 5217(86.52%) 5382 1507(84.95%)
TR A TRME Aexidigy 36742 1239 13453 394
EI:3EED] 17228 4791(79.45%) 4773 1380(77.79%)
P T4 TR
1.00
0.75
E o050
L /
} LogisticEl)#& &
! - - - - PEFREE
0.25
0.00
0.00 0.25 0.50 0.75 1.00
1- BRE

Figure 2. ROC curve of two models

2. FAFRHERS ROC Bh%Zk
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5. i1ig

H A ARAT BRI AT 32 Bk FAE SR 45, WA A B B TS B XU, A RO R . DRAFERAT
Faft R Je B BT . @ LAY, E RS FHBORIB By, BLR AT e 4 1 b 2% J8 mT A s e ids 20 4R
MRE, WEEAEREA . A IE 5%, ZoE BFARR EHR. BV maE. 72U
RIS T E B RS, R FORBIRGITE . R KRR, AT R
FEFTA AT RERITEARAE &, SN TRIR (L 2 7 T 015 B o AR K HE vh P29 P 78 AR AT T, o 75 22
X4y BT F BB AT AL BE . F B o ATt — P B S 2 AR BRI MM 2 0 Geit i 13], K=
JEaaAR B b G AR R R AR AR S B XA ARG D B R R . ER T AR ) A AR 5
RS, & SRR . AR SCE et E AR AR B A, BRI S R B e, T RSy, AL SUH
KRR, DR T ER TR . ERAR TG B REA b, RIS EE TR, @ TieA.

Logistic AR 7 vE R B, I Zhmal. TRE Joieim, s /A0 R & s mafe . (AR 5
N, Logistic A AZLELL AN E . TRINGE Rt AR & m) 1 SL R M Uk TR ERZ WAL &, WinT &
RO IR e D R IE AR B, B BT G Brds b, & AEA PR AT SN A AE T AT Be A
S X TAHRAT RS VRS LSS, W RAEA DR, WS —NMEF B, RR S s e A )
WIEEH, EIR Logistic FIHARIREH —@ = X, HPHE4asiafd 2 1B A AN A . 1T BENLARMAE A
—PPAESUEARNLER I, AR R SRR, R W E N &, TERMIEERERRIE /7%y GINI
RE, KRR R A AR AR DA . B, WOEREE R, wTUAE PR
W 5 1 ) B

ASCHESL T Logistic [F1VA TR BFNBEA AR IR, HBE T PR B0 AT 45 FH XU F T 2%
Fo R IEIR, Logistic AR AUC = 0.847, TMHERIZF AN 75%; BENLARMBIR AUC = 0.848, Tl
HEFIHN 85%. FENLARFR TR (1 H 28 T HABE IR T Logistic EIETRMAEAY, —FXHIAK, T
DRt 22 W] B A

Logistic [ A%yt &5 R oR, S PO E = I ) 52 i s KR Sk O 5 AR 20 BROVEUE 3/5.
FPMMAESER By N A IEARIE DL AFHK ARG TREA R, XTI 26 471 [ 5 0 5 K PR AR S AR R
BRFEHAN BPMMEZER AC. BUVEUE 1/2/4. SRS . BV AR &\ Z S0, H2
AT AR AR IO NS ARG DL B IMESER . G IARSTRAEH. KBS EE%. W
PR AL 0 A 4 AR, BRI ARE, TS SR T 5. 4 RITR, BPMGEHRZG. Bk, &/
PESEG . NN T ARG DL AF 3K ARSI T HREA AU 24 KU SRR o

6. &g

LR LA, BENUARMAE AR5 YRS B TN BOR B SKBRSL I, ATEMEDY Logistic [ Tl 45
RN AN, Fe RIEPIAM BRI o SRAT FE IS HY ARSI, AE AR ARG B R H (5 B,
Sz EEREN RGO BE. 2P ESER . DS RO A A R SR,
ROUXLEARIR R H, SRR R (T F i, HUEES P B 20 7] BEHr R A 1 2K o
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