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Abstract

In this paper, using the personal credit loan default data of Zhongyuan Bank provided by the CCF
competition, the data cleaning and feature engineering was carried out and the initial 38 features
were reduced to 18 features. Then the important factors affecting the bank personal credit risk
were explored by combining the 5C theory and expected income theory, and the top five factors
ranked by feature importance were: total credit working balance, loan disbursement date according
to the initial date days, borrower’s average loan score, current loan interest rate and anonymous
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variable f0. In order to improve the accuracy of bank personal credit risk assessment, this paper
compared three methods of processing unbalanced data, SMOTE, random under sampling and
SMOTEENN, based on the random forest model, and SMOTEENN combined sampling had the best
effect; then a total of four machine learning models, decision tree, random forest, AdaBoost and
LightGBM, were established and it's showed that LightGBM had the highest accuracy rate after ba-
lancing, reaching 96.1%.
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1. 51§

BEE R EAETFRIRE, ANMIFEEREAS S BRERN . BUFR T RIS &mal s, iz
JEE T AR BUR, M AERRAT R BB & R TS R BRI S0, 2022
SERMEFHSAIEE] T 1,827,315 1270, FEYIEK T 179,152 1276, HS5FER, RITHEEZTH
15 RS gy, FDARAT A RSB R B & B0 LTS . ARt EIR, 2022 RN R
REBUEFN T 29,829 1470, BAEYIEK T 1359 1270, N THRANNAGE R R AER B, FRERAT
TG PRI/ A R R, s 3R 28 38 SR BEAER T A N A5 P XSS 5 ) [R] 3% A0 SO3E PPl DB AN D7 T e 171 2
L AP

FEXT SEMA R 3R AOAR 7T b, I —55(2022) KBS PRS2 7 I SRAE BV . 5 0T & AR 2 54
AT FH RSP 5 8 A 2 1) =A™ B AR 1] Wang 55(2022) & I+ 3k &40 HH AR R AT AN B O)
AR EEEE . HBERAR KEAWON 3507 SRR 2R KA 2RI E.
G4 RBUR AN AR K [2]. IKINHIE(2022)%5 T Kaggle ) Loan Defaulter HE4E, KIMER . KEEA
B AEKNFTIESR T . AR, BN Frj@amlk,. BORAL, TEER., ZHERE. HRR
B, DRGSR MR IS M EERE3].

EFXPEAL 7792, Durand (19418 75 T 26 VA 05PN A S XU [4], Davis (1992) 5 373 250
WLES 2 ) R TR G EE (5] 5 SLEERIER 2 15 ST A 18 A MLES 2% 2] B AT A N M5 FH AR VA, 31
AR, BFERFIRBEN 2N IKAEIEE(2022) 45 &4 R FE R BAEF XGBoost &2 F R
i T R A AR (HEM) RN A, @5 UCT FE AN A S SR ERIE, SR TS0
LR. DT. SVM AHl XGBoost £ FtE A 1] AUC {H-FI3ET T 7.38% [6]. TRFE 2 > FIEMIEETE N KK
M2, Dastile (2021 LA HAR S H B NEIG, 1/ 2D HRUHE M 2% (CNNs)HEAT 1715 VP, 453410
FHABAE VRS I

ACHRYE CCF SEARFR AL R ARAT N NS BB 2 8dE, 2T 5C BB MBI 7047 T 5%
i) AN NA FH AR VP ARG (0 B 3 [RIINHS 2 R PTG SR R TS, T 2 FLES 2% o) B AT
AN NAE RS 24T P4, J8 I PO RO 2, e R vt P8 o vy PO Y

2. RITPANEH RS E R 524
{3 FH B (Credit Risk) 245 T 5 RNFE BT At 3K A 25 6 AT BR80T . AR A G RIRIEL, 1T
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X 73— T3 38 IV 5545 R R T e 1 B B 4 RS, R RV ARAT A2 B A BN R . AT N A
FA B ARARAT ZE 7 NI IS DRI, 7T BTl 2 3 T AE 4R 2R 1 RS, BIAS N DR OE 29 R AU o 3 JXU I
& H TR AT 55 S R UM A5 R OSaR)E . BOA T IR R e I (A1 3K 0T S 2018

AT NS AR 2 45437 H R AR, RIARAT 276 RSk < BT AT (5 VAl o FH B0 PP A e
& “5C” ik, RIEFXEEN fA% (Character). B8 7J(Capacity). % 4%(Capital). FH{R(Collateral)Fl 5% £
(Conditions) 5 N5 TS VPl [, FUISONER 8 B H.V. Prochnow 7E 1945 4F 5 k& H, 1%#18
N, AR BN R A A0 DY R BE M B ARiE . W R BN K&, AR U 2 4 )
THERTIL R LAY DR B S, AT AR A ) H Ak 5 Tt SO N AH DG 1) B 4 0

A SCHTHEE R B CCF R¥E 558 Be R SREE ALy, R AT SE bl 553 5 T AN N M5 A Beakid
Z080E . ZEIREAE T 1 I RBaCS, BH 38 MEEAREM 1 MRS, W PR R B A
DIHRAE R . HTEEE R B bR, BARERIE TR I A Wk

A 5C AR FIFUHI N IR H 38 MRHMER BT, Wk 1 Pox. FER, HTAEHRZIE
HEIRAE DR B4R, AAEAEAH R (Collateral)ixX — 4 B 1 £ 4

Table 1. Feature classification based on 5C and expected income theory

= 1. &ETF 5C TN IBILHI4FIE /> 2

F5 SN

del_in_18month fifzk Nid 25 18 M H i 30 R LA FiE L FH A4
scoring_low f& 3K ATEBEEKPE43 H BT I 1 T R Y [
A% Character scoring_high {7 ATESTERIE 4 b i Ja 1) b PR Rl
known_outstanding_loan fifr sk A 52 o 2Rk 2545 A0 B2 B0
known_dero 2 /A FC R HH . pub_dero bankrup A FFic FiE R ECR

employment_type FT{E AR A R H M. EAMI. EiEelk).

fit 11 Capacity industry TAESUR(E G Tk k. BBEM . 4.
work_year TAEFEFR. debt loan ratio &AL
%A Capital home_exist 7 )2 K7

total_loan $EEKBUH. year of loan T¥EEEN)
interest 24 BT H¥ A . monthly payment 73 #A%2k 440
244 Conditions class TEER L)« censor_status i A% 10«
issue_date T¥FHCRIBITH I, use BYaK &5
recircle b {55 KRB AT, recircle u AR X

early_return & AR HATIEZIKEL
TSN early_return_amount fH X A FEATIE K RFE 40
early return_amount 3mon T 3 > W ERTIE R L4

loan_id SEFICREME—FR IR user_id f& K AME—FRIN
initial_list_statu S¥EK ATV TIRIRES . app_type 2T AHIG
earlies_credit_mon {8 A 5 4R 5 1AE AR S0 A 47
title f R ASRAEAI TR L FR . policy code & 75 A FF 0 FH S
post_code fHHRN HIERT BEE S region HbIX 2 |
{ RIIE AR 2 RHE f0~f4, A—Sef R AT A THECREE 1) b 22

HoAt

3. @iEEiE
ARSCHE T Python i 5 AF N0 A AU T B, EBSRAEWA 1 Fos.
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Figure 1. Modeling process
1. BRRIEE

3.1. BEA®
B 5 e (Data Cleaning) 2 Fa K M A2 IEXLHE R AA7E RIS . e, ERES. EMEEHER

AR R, SRR . B AR ENE RS, A RESR s AdE K iR AR
SN, DME TS SR80 o BT AR ASC Bt v e 1 kAT T LU AP ER

3.1.1. FHEXNEELE. BiEABKFEiE

ASCE e MIBR T AR R, FEEO0FME AR loan_id A AME—FRIN user id TESEFRE o
15 AR I 5L 8] earlies_credit_mon {CAZBEFF LI E], 52 E00K. MINITRKA EERR, Hix
HARATAE — 7€ A B [0]

SRIGHHAT T B R e 4, B M TAESERR work year $¥3K%EZ class. T A/EZ%Y employer type
HMFTAEAT Y. industry 588, 255 map eRECRE R EEATBUB A AL B . IFIG DR BN 8] issue_date i H
to_datetime BRI i b e H ARG 3, SRE 4 H 5 U4 issue_date_year F1H 4 issue_date_mon; KBk
RGN A] issue_data F1CE WA base_time AHYK, 4 H B A BUE BUEAE KA issue_date diff; 7E588
WP R, MR 4G T-BL issue_dateo

ETERN IR, EHIBR T 4 MR, G0 T 3 AMRHIE, 1331 7 37 MR

3.1.2. BikfE, REEELE

ARXCBIRGEF 7 SITFEBRIAE, MR AR FIRRAE A 5, BAI TAEEIR work_year {i I ABGHEAT
7S, WAL G FR AR pub_dero_bankrup FIEE 4445 5 f0~f4 fi F AL BOR AN S5F o T B 44748 & fo~f4
(R R I T AR A S, B fO~F4 IBRRAFTERFIOC R, BB ERRAE TR /3 04T 04T -
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MEFXT B HEE, 7E1E FVEG S, BIMaAEEs BFE L, TRaa s HaaHnER,
—UBIBLE NS . R, FRATA SR G H AT AT . T 07 22 B R /N BOARAE 0 Gn A T AT (5
B% policy code. FEAALE 1 55, {E/GEMFFEILERER —IFAT A3 . (RIS S AN — B 88, BIFEA
FEAEFRHTIEFKIREL early_return 29 0, (HIZHATIEFKE AN early_return_amount Z1A4 0 HE L. % TIXLLHf
AR RTIE S AEART] W, FRAVEIAE 1250 - IR AE K R BIA S iR . Bk, FRA TR 4Tk
R 0 FEIEA 1.

A SCERIAEAN S H A AL BRAHEAT T EAMIME S, BT 7530 10000 ANMFEARFD 37 ANRFE.

3.2. $5EAE

I AR R S, 7T LA 3 A5 BB AT A /) R AR &, gk o A 28 i)
Ao SS AR, ARSCE BRI N LA E A G

O PF4r L FBRPAMFIE scoring_low 1 scoring_high AH YRR &y, (HACGRFE LA EUK . BRI IRATHE VP
oy ENIRAGER, I InECE SME G RFIE T3 73 scoring_ave.

@ FEBRKAEALBERS, FATE H 0~ REKZ AMLPAAERE A R FRATZ0EL £0 AT £1 M5
THRAE £ misso FAABUN AR : M EUE 0 B RoR 1A 0 BANER, MEUE Y 1 BFFRoR £1 R0 Bshok,
1M 4 EUE R 2 BRI 1 BRI 0 Bk .

@ N7 LR “5C” FIR 2 (Condition) K 3K HH AME T I BE A AL 52, FRATTZE FE A R AIE
DY G R AEAY end_year, FH BT 545 A IS 1) 1 oK 22 7= AN [ IF 3 1) A0 58 T S 30 B o 4 BT R T80 [R]
issue_date_year FIH¥R LR year_of loan AHINK#E R, HI end year = issue_date_year + year_of loan.

@ JEII WS early_return 5 isDefault FIFIR 73 A0 B, K I early_return 72 15 KT 0 3P B2 B IX 734 H -+
S RIS ATIE AT NI % P B 2 Fm I T B SR BT I 5KAT A% 7, B AR SCAE SR AT 3R IR H
early_return J&fill BT 2 B ATILK is_early_return IX—4FiE .

SRHIEA S, BT 4 MRHMEIEMIER T 2 MRFE, 31T 39 MRFIE.

3.3. FHEEE

FEAT R PEAMRHEA S J5, BERHERITT 39 ML, 1 2 M4RFAE P AEAEAAAE 5 T JE SR MR AL o
FRAE )RR ANTR], - S it b B B B FIBINE L 5 HARAR B S RFAE,  [RII JE BR A AR S Bl gk
FRRIE, DA B Iz AL RE T AR B3 . BARRHIEIE B P BRI T .

3.3.1. FEEEFEE(Variance-Based Method)

J7 ZE I PREARAR AL 07 26 K/NFEFR 1R $ 07 ZEORIR-IE « [R5 22 50/ (R AR AIE 1 BH L 25 4 4
[ERE, SRZARUEE, W7 ZZBORHIRFAE N AT BEA AT (0 X 701k

IEAb G e 7 7 25T 0.1 BIRHIE, 048 A FF ] B SEBE policy_code, FE A4 HRFE £1 AL S N HIE
app_type —/MRFE. FHH policy code HAME—HUE 1, KBLI7 M0, f1 528 0.001, app_type (77
729 0.020. J5 ZE R/ EAN S TR, X4 SR B AN VR F BRI 36 NMRFE .

3.3.2. FRi%H5E (Hypothesis Testing)

A5 (Hypothesis Testing)7> A t 156 F A3, RS, HitHEAR NS &S EE X IR
KT UL, MK R R BB IR A MR, @ E EUE N 0.05. B p fEHAKT 0.05, 1E
#aJFBT, UL ZRREAN H bR AR 8 B A G

ARICHHUA AT AT T F A%, M 26 DMEUERRHETMER 7 A p /0T 0.05 FIFFIE, 3Lt 9
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AR, BLHE T DY EUR total_loan, 4334 K481 monthly payment, & H1iE I HEELZWED post code,
Ho[X gt region, fEak Nid2: 18 AN Al 30 K LA AIHEZFAF4L del in_ 18month, &3k AFEALHE 4
K title, [EALKFE £2, 4, GTFCKA Uy issue date mon, E#F T F4 17 MUEAIA &,

SRJG X AR B Af ] scipy J& HF Y stats.chi2_contingency BREEAT R ITREL, M 10 MEAEMIFR T Bt
H p /T 0.05 FFFE, Lt 5 MR, WFF 7 EA R KA employer_type, ARSI industry, TAF
R work_year, SYEHIEIEH use, DURBIVILEZIZRAIRA initial_list_status, &£ IR 5 DKL

3.3.3. FHEEYIHER

I8 JFHFAEJH B (Recursive Feature Elimination, f##K RFE)/& —Fh3& T ML 2% S RFHIEIE B k. 1%
Pl AR R, B MR BUERACIRE, BREHIRAE T4, B3 T e BoR B0k )18 2
BRI O Ak

AL AF F sklearn.ensemble J& Y RandomF orestClassifier A%, PABEALAR AT AL 43 228883047 2 Vi Sk
FEREAT — RN GR, MR iR A EE R, JFAIH oS SRt e R . B HER R A LR, e
TIEFE 18 MR AN 2 B, BB HEREZE Accuracy IX 3 T 81.3%.
Table 2. Important factors affecting bank personal credit risk after feature selection
2. FHEEREZWRITIAGERRENEZR R

F5 SN

Scoring_ave {3 N BEKIT S F 4145
known_outstanding_loan fH X AN R % Hr R £545 AN 4=

Sh A& Character

fie /1 Capacity debt_loan_ratio 5155 YA LL
PR Capital home_exist 75 @ IRES

interest M HTEYFH T class TR
censor_status B AZ 15« issue_date year TEER NS
%1} Conditions issue_date_diff BYRA I H R 4R H IR %
end_year SEERZE R AF A
recircle_b S A RPE T recircle_u AR EFI I 2

early_return R A IR ATIEZRIKEL
early_return_amount 3K A\ $2&RTIE 3K R4,

i
TR early_return_amount_3mon i 3 1~ H M HERTIE K £
is_early_return & 5 H2 ALK
HoAth A5 0. 13

34. IE P EBIEELE

3.4.1. BEdER A FIMT

BEXRIASCRIRRSE “R—MEL” , R ET B R EBAT NNIEAS 8317 %, RAEHANIN
1683 2%, FEARWBIEGL 5:1, fFE @A PR, £XMELT, HTZEEHREAL L, HR0KER
AREARIF 22 5] DB ELEURFAL, 10 SE AN K T FEASER 0 N 2 S . IR S RO AR R F) HE B RN
ZACRETD, T AR R AT AR T R A B

3.4.2. HERIRERE R
AXHIH T SMOTE i %AFE. ALK FFER SMOTEENN 2H &Rkt = Fh 7 2ol vt $ s 45 317 AN T4
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PERIALEE .

SMOTE (Synthetic Minority Over-Sampling Technique)& — it REEF A, e il /D BEFEA Z 1] 11
PREPR OV S e, SRIGINILECE, S 24 L CRAESOR (Random Under-Sampling)
D 3 2 B B AL B — A T AR D> 2 BERREAR ) — M5 H A KA (Combining Sampling)
A SR TR RAE TR AL R, 8 N2 B KRR, IWDEEER T Repe, &
B AUFT T BE 5, SMOTEENN w2 — /MRIFIIFI T, E45E 1R RFE(SMOTE) M KA (ENN)
PARREOAR, $R4E 1 S0~ i Beda 4

AT AL B HORE AR DL = RR TR R B HIREA, 1518 6:4 R A IIZRERIMREE, I
BN R AT IS, AR BT B PR, R I 3 P

Table 3. Performance of different sampling methods on Random Forests

3 3. FRIRMEF AR AR ERIRI

s Accuracy F1-Score AUC

WA G T b B 0.849 0.452 0.658
SMOTE i %A% 0.876 0.882 0.876
BEALCRFE 0.795 0.700 0.776
SMOTEENN #H & %k 0.959 0.964 0.956

23 hHER R, ERNIARMAER F SMOTEENN 204 SR FE 5 [ =AM Fe AR 353 7 0.9 BAE, %L
FILLFT SMOTE RAEMBENLRCRAE o H P BEHLCKAE BAE F1-Score M1 AUC RS 5271, (HER (ST
0.8, HZEWAMIT %, AIRELE R TELMARMEEILE D, RSB EERD, FRERT
2 HMEMIREA . FTbARZ& % T SMOTEENN J7 325k P A SC I B 42,

3.5. SrRBILLS AT

A4 SMOTEENN 416 RS BIAEA, THEIRHEW . BEHLARM . AdaBoost 1 LightGBM 4
R HATIE .

432 5 [ AR 53 (Classification and Regression Tree, CART) 5 5-Hi Breiman 25 A#2H[9], KA
FRE(Gini Index) K EA5 DAL, HAEB/MURAEM R, CART E&NWNHTT A LT /&,
B RA R %4 FEHLAR MR (Random Forest)idi i H Bl K Af (Bagging) F1f# AL+ 7% [A]2:(Random  Subspace
Method) 42 2 BRUL T, K F 12V B2 A DL SRR SR G v TR AE AR SR AR € 1 ;- AdaBoost (Adaptive
Boosting) &1 4 2 A~ 73 S5 88 VI ZR B 2 15 IR0 AN [F I S0 EAT DAL EE AR B, 38 It AN WX B R A AR 4 A
70, 4500 REERNZEE R R AR I AR AR &, B 21k B FHUE A AR IR B ml iR 22 205 /2 5
—®{E; LightGBM (LightGradient Boosting Machine){#i F 1~ “leaf-wise” fJHR SR A EmE, TEHEAT RS
NEERREFE AR T B IR 20 e4h, LightGBM i 37 RESE AIASAE A ER AR 1) H AL FE, [RIRS 52
Fromgh, BARES . WU AT IR .

H4 VY53 R B FMIAS A FE . F1-Score Al AUC fEIFATIL S LUEL, 45 4 Fow. R 2] 7 anl&
2 st ROC HiZk.

FRAEL 4 A 2 rigfE R, JRATAT LS H LT 4518

B, AT LR BT AR FHER % Accuracy 130 &R R &, Mt 7 092, He, LightGBM #4Y
BA m e HEmRZEE5, 80961,
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Table 4. Performance of different classifiers based on SMOTEENN
%2 4. #F SMOTEENN ARG 4221

e Accuracy F1-Score AUC
PR 0.927 0.935 0.927
BEHLARK 0.959 0.964 0.956
AdaBoost 0.958 0.962 0.956
LightGBM 0.961 0.966 0.959
1.0 1 7
,/
//
,/
,/
,/
4
0.8 / ,/’
ﬁ 0.6 1 ,/,/
[] ,/
© /,
<
2 0.4 ad
3 e
o ,/
g
= R
0.2 4 Decision:l'reeCIassifier()(area=0.92)
RandomForestClassifier()(area=0.95)
AdaBoostClassifier(base_estimator=DecisionTreeClassifier(max_depth=2),
n_estimators=500)(area=0.95)
0.0 A ol LGBMClassifier()(area=0.95)

0.4 0.6 0.8 1.0

False Positive Rate (1-specificity)

0.0 0.2

Figure 2. ROC curves for different classifiers based on SMOTEENN
2. £F SMOTEENN KA [543 2888 ROC Hhzk

HR, SHIRTE F1-Score LRI, #7E 0.93 LA b, Ui BIIX S R 47 0 P4 1 v = A0 3 1
K, BAME, LightGBM #AILE F1-Score L RILELF, £E]T 0.966.

g, BAVEE AUC 7380, &2 Hif) ROC M4 ml DL rT Ak i 77 20, T SRR 1 A 5 A 28 1) g 2
RES, KT LLE e E B i S 3 U e %2, (i T RENLARM . AdaBoost. LightGBM FI45 L
FHIT, DRI TR B8 I s b B AR EUE I . RIS RTLAE Y, 76 AUC 194371, LightGBM £85I X —
R, KB T 0959, B E T HAL = AR,

KM LEE R E, TATAAEIX UM 2, LightGBM KA R IR . SAEMERI . F1-Score
A AUC 375 7RI AR H B ORI, RN &m 1E 0. e A, AT DU %
LightGBM B [ 52 U RIERE 55, K Z AR N T 4R1T A A5 F RS PPl 4k, DAPR 2 g v g
KB

3.6. HBHEEEMHF

I RTHIATRIRTEE, BT AR 47 9 SMOTEENN 414 KAEAT LightGBM 432 ge i@ iR, i
plot_importance B& %45 ZIRHIEHE T U1 3 s
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Figure 3. Feature Importance Ranking

B 3. FHEEEMHT

4. &g

bl EREF, AL 458

1) EFXFERATA NS FRB 52 ma R 2, A I B Pe ARHE TAE, M 38 NMRFIERLEH T 18 A4
FHEWZ 4 fin. BRTERAZE 0 M 3 HTRENELES IS, #akPm 18 MEIELE 5C (BRELR)
ATt R R 43 A, FRRIAIE T 454 5C BB FIFURR N IS AR 2= [RIINHAR 4 1=
3 RAE B EEHEY , FoAT0] LLE HHEE AT T R FONE SRR RAG TE L SRR E AR 46 R
RN T 5 RO R R AE 24 & 0, UERAFEARAT AN NS PR, A B i Bk 4
PERME RN SRS A2 U R R A R B R 3, N U T 5 A A .

2) X TIPS AL BE, SMOTEENN ZH A RAEEHERIZE . F1-Score Ml AUC {H LHIRINIER] T
0.9 LA b, BIRIZIFT SMOTE RFEFBANLCREE, R B AR Hd ab 2 75 30, BALE R |,
LightGBM FRUR I f, #ERIZFIL S 96% LA I, HERATEECE: F1-Score 4 0.966, 15t B AL HERf % A1 H
Bl 2 P L. AUC B2 0,959, StBIR R BB BRI AIRRAEE ). 47 b, ACEHTE
it SMOTEENN 4H & K FE G HIREAR T Light GBM B4, H A 1R I A vEERf I Ay 1k B
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