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Abstract

With the development of internet finance, online credit business has become increasingly im-
portant for commercial banks, and the accompanying risk control of online credit has also become
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increasingly important. Through the research and learning of machine learning related knowledge,
after the corresponding pre-processing of credit data of financial institutions and the splitting of
data sets, this paper constructs multiple risk quantitative decision-making models based on logical
regression, SVM, random forest and so on. After studying and setting the selection of feature indica-
tors, model parameters, and other details, a risk quantification decision model is constructed based
on the training set data to judge the default behavior of credit customers. Then, the test set data is
substituted into the model and the predicted values are compared with the actual repayment situa-
tion of customers to verify the effectiveness of the model. The research and experimental results of
this paper show that the optimized random forest model and SGD Classifier model have good pre-
diction effect, high feasibility and accuracy by building a risk quantitative decision-making model
to predict the repayment of credit customers. When a customer applies for loan business, they only
need to input the corresponding feature information into the prediction model to immediately pre-
dict the customer’s default situation. This plays a significant role in promoting the control of credit
risks and has a positive significance for the stable development of China’s financial credit market.
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BRI B B R EHT )2 AN TS o IER B DY T R ARAT BEAT ML S5 QBT — DN EE T [ (2, HT
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RSS2 X i d B pEAS (28 AtE ., R T MRS T SVM A1 KNN I SR [3]. 2021 4
REENXS T 2R SR R, H T AR EE AL SVM FEAS FHTE 2 SUSER IR HY o AATTRORIT FTIESE 1
X R A A R AE SE BN AR i R [4] . 2021 SRR SEA T SVM A GARCH AU 24 =] (1 i 4 Kodim
BEAT TIRA DT, GG PIE 0 RBEAT 1 B, FLRT FE RO 0 3 R SR it T A 1 9 275 5] - 2022
) S F SCRF VB LT i 23 B 20 AT TRTSE, SRS A R B Al Ay B AR AT
I o i 4 e LR it 1B AIRL AR [6] 0 2024 SEERERAE NIR Y T — P & S R TR SE I Sl R AT AL 252 2] 55
R, TN E S . 2SR IS Th R B &, T AL SRR 7], 2024 EZETAE
NG AR L S E 4 RS L, R SRR I B HL(SVM) R R 1 — AN o Ml /s i b g JRUR: TP Al A8
I SRR, AR T RES AT RO At e Al R 5 U2 [8] -

2.2. e AR AE SN A S EAMSR

FEBEHUARAR L 315 FH XU VA5 7 T, 2018 4 SIS i 73 29 N AN FEREAT AR 404, AR5 I H
BEBLARMR iR R A . S SR 70 AT, VR R IUAERAE Z [AAFAEE S EAEFI[9]. 2019 SEBRFR <55 A
AP BEHUARARSRE X 2 AN 2 M2 B FBORFEAR AT 1 T, FF R 1 — N R 1 0 B A P %
B, AATT A RIE 5 9 [ 5 B B 45 B 4 4L T T ) S B [10]. 2020 475 45 T4 NS5 & BEHLAR MR VAR T —
AR FENLR, I LA SO R B A AR A HEAT T SRR S . BT TN 3R =5 SOAHAT ML R RS
B T EES (1], 2021 4 SR BEHUARMAE AL 2 A ISR 7 AT TS AT, R B T 3
RAFIEGEPERE . BT TR 2 7 S BRI ARt TR 77 1[12]. 2021 SR EBUBSE AN T4 mi bR
A0S TREIU PR A AfR TN ARG 75 5], A3 T — A BE T Pearson REUMBENIARAMAL AL BF LR I IZAR Y
FE LA TR 5 T BAT S 2 AL 5 [13]0 2021 SEANFEHTSE A 45 & Benford jE G 1 BENLARMABE R, JFALIX
— Ot AR T TR RS I, BT TN I 55 IR T TR Bt TR T [14] -

2.3. ZEEEESMNASENMR

FEIZ R ) VA B 05 XU PRAL T, 2019 F M & 3 3 N AN SE 215 2T I REE A R A5 PP
S, AT NEE T IE AR [ A 4 0 26 S SRR I SR AR A A S [15]. 2019 SR AR M Gt it 2
TR, AR AR R AR B L ARAT 2 (5 PP [16]. 2020 4R34 7 45 R M AR AT 45 5%
HA R K, AL T PLZAR RO LIRS A TN R [17]. 2021 SEXIZRIBAEZ 4R [B] A AL A 2 > 1)
BLAih b, SR TR A TN . LA I 2 H0RI 2 e, BALIE R RIS B A BRI
[18]. 2021 AFEAEE N LA i Aol AL SR e 7o D IE 75 35, R P A ok ol PR 00 e 52 s A I e 3 5
Ry T — R sE . T REEESE, A TRAZE R AR S A S HOF M EIT > . i SHE
orifr, ARE R T AR A E R (5 VA RE NS 525 S T A b Al oxt (4 e (0 URS: 8 BRAICR I DRI
AR I A SCHF[19]. 2023 SESKIRE A ROVE N T R, T )T R VR RRAT (5 R
WAEPIAS SR VRS e AR R BT BE A E 2 E )T, XGBoost A1 LightGBM PU-M 57 BL
AR ER R PUANR A A Sl SIE T, LGN RT AR R 2 S B RAE T 5 AR AT ST Y
WS BAT S VR R BE 71 [20] -

2.4, CERER

A1 BRI FE R AT LA, s s SIAH SR BRAE SR U S AR 3 2, SR GTTEM L,
SR FLAS 27 ST A DR T 3oRoxt 3 3l RELHEAT WY FE I e 20 S v RO TEINAR L JF HLBE R 2 AL R/ s 75
AN, A AR R 2 B RRAE A5 FH XURS: DA 7 T O BIF T K02 AR — (AR ROy Al I FLX A58
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FIS BB E SO0 7 TH EL RO, S AR S ) 2R (R AR R A T S B T AN £

BT, ASCUUE WA SCER N RS, A TR R SRR L. BENLARMR S Z MOk
(IZ AT, AR AT A N S E AL, TR 0 2 MR AT R EL Al . RS, B ROR R
PR F(5 08 % P B 247 N T A .
3. BURALIE SRRV 18 FRIEEE
3.1 ¥R B S/

AV 7 EHE YR T35 E LendingClub A &) B WIS e 8, B8 7KL 5 T AR, JHF 151 4
AF e, AU FOR PR RS L (loan status)ixX — 48 & AE AR A B AR AR 5. X R G B0t 3047 LR 4k
PR K7 RAR S R P I8 25 0 (loan status) HF R A3 2R W 1, A BB v 05 X R A ME—1E 1) 48
BT R AT EE R T 90% R AR kAT 2Rk S PL P TE, KPR SEROEE R T 4952 17, 88 4.

EHIEERTR T, FEBEARRE, B AR ER 90%XI 5 MR FIIZ44E, FEARRER
10%%1 43 IR . BAR B SER 4 500 L35 1.

Table 1. Dataset splitting demonstration table

F 1L BEEFESTER

FEAE A EE
X_train 4456 87
y_train 4456 1
X_test 496 87
y_test 496 1
ISE € /R S 4952 88

3.2. kMGt S

3.2.1. BRSEHG A

G5 P o AKX —RRE T G T 5 e g R 1o AZIE AT AR &A% Rk
Hre DL OZ SR I PR I R T DL A A I e ATt ST LAAS H DL R 458

15T AREME R, GRS E B Al C KR, KIS RS T IX A IR .
X T KON FEE I F A1 G RE T, XHRE 3 B SE S 2 b 1

Brubz oh, BBEMA TS R B, BEE RGN AL F) GBIk, Xt g5 E I BEEOl 5%
A 2 S IR N

PR EELIRLE RAE BB VR LI AT A —FE o SRR GE Ry 43R A (1 Bk 23 A7 B s 48
B3 1 B4 I, BfiJ5 MRS 1M 24s RN AN PR A A 7E C1 A1 C2 |, Bl )5 M Ptk
THERINAEIRZE, S RNE A ISR T AR BB, A A R T S .

BB RS R o B PAET T R, BEER OGN A 7 G AR LR, P R ALY
OB LT NI LR I 1 .
3.2.2. FICO 4% it o4

L B H A FICO VR4 [X 8] _E (R 4 R AR L% 7 (1) FICO R4 IR 55 A0 A B, m LLE Y
BARMABLE I FICO WM % A (e 25 NP X (8] BB AiiRod, Bk o At e WL 2.
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Figure 1. Customer tier statistical analysis chart
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Figure 2. FICO score probability density distribution chart
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ATLAE H, B RIAREL R P FICO # £ ILH T BB M IES MRS . RiEL% 1 FICO i
53 (W5 £ i3 28 3R ) I MEAE 700 £oAq, TMIELIE 1) FICO V43 (38 th S 28 3R /R) 4B 7E 530 A4 o
3.2.3. EWENEMriEIRERE

eGSR, A NBSG KRB N ETE 1:3.9 Zidy, Bl Ak, Tk, AKHE A
FHRORERY (PP 8RR, B Al (Precision). &4 (Recall) (B A A R, ad#, TPR). HIEX
(AR A, FPR). 1 AUC 1373, AT FT 3 BRI IX LE4R bR R AEAT X R 11 A

4. (FHIMBE B WARBIME SHRITAE
4.1, ZEEFREEE SHRT

FEREAR 7 TAFSE R, RS 0 S U SR Bt e N 232 A8 [ A A (B S Bl N BRI S 40, R
JEITF IR AT R ISR BRI ZRIF 2 )5, RSy AR BEAT T . o), R IR i B AR AR i S
AR TR A U X5 v ) 1 A R TN LR (Y N AR AT X B, A BRI AR AR 2 ANk 3,

Table 2. Confusion matrix table for logistic regression model
= 2. B EAREE B FR

0 (TR A Z) 1 (T g 4)
0 (SEBRANTEZ) 378 21
1 (SEbridgy) 24 73

Table 3. Experimental results of logistic regression model
7= 3. 1BIBEIARBSLINEER

precision recall fl-score support
0 0.94 0.95 0.94 399
1 0.78 0.75 0.76 97
macro avg 0.86 0.85 0.85 496
weighted avg 0.91 0.91 0.91 496
Accuracy 0.9092741935483871
Area under the curve 0.849973

NEE EF, 2R HER 208 91%, RILLLECAHE . Bhih, AUC #5707y 0.85, 15 WA R F3i0 (Y
RORMAH . MHZER R EHERDY 0.78, BEWAE A R H 2 05BN Heh, SERrE 2 A
B RO 78%. TMZB A E 4%y 0.75, (EPTA KISEBRE LI AN Hrh, SR 7 2019 N
HRIELBI Y 75%. SRR, %324 [ R AR LU R AN

4.2. BEHARMR B SRR

FEREHLAR MBI R, 6 T REN AR SR %, 8L R SCRRAAR S R, X HLUE Y
SRR SH . RHEERAREIUE Y “entropy” 15 808, FRMK b g S i1 B Bk 1000, 1
SR KRB IUE Y None, 747 w4 N 3l 50 BT it (K /MR AR SURCA 10,

FER SR B 5, K Z BTRI G RO ZREE Bt i A BENLAR MR, SRS HEAT BRI R FEAE
RNGRIF 2 e DR AR B 1 AR B NI b AT T . de i, PR DR v ) B AR i S AT
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ok 1A B B BEAT X LE, 73 B 4E R NAE 4 FIk 5,

Table 4. Confusion matrix table for random forest model

= 4. BENARMIRELRIEREME

0 (B AA L) 1 (T AE L)
0 (SEbrANE L) 373 26
1 (SEbrid4) 19 78

Table 5. Experimental results of random forest model
5. M ARMIRBISLIN 4R

precision recall F1-score support
0 0.95 0.93 0.94 399
1 0.75 0.80 0.78 97
macro avg 0.85 0.87 0.86 496
weighted avg 0.91 0.91 0.91 496
Accuracy 0.9092741935483871
Area under the curve 0.869480

MEUE ERE, BENIARMER AR S RAER2(0.91). BhAh, ZAMERE) AUC M(0.87), i B iZ A5
TR AR A A . M A RN 0.75, BWRETEFTA AT 2 S g i 2 M N B, SebriEsy
I NERT 5 I EL By 75%. 4220y 0.80, FERTA MISEPriE L) NE, Bz Siuil s £ i N BB 5 [ B
1555 80% . M ETHEZR | 25 422 (11 I35 F1-score K& , 24 Y AH bk 55 /i THT AR Y SR 150 R B 1%.(0.78)
R ERE IS E Srtan Y i

4.3. BEN AR RS HEN SHERRaE

AU T I ZHOR LT 208 AR R R, @ A 55 28 0 07 oK I A s 2 80 g, JFild
B ST AR H A — I ST A I HSHEAT R S AR PR R VA, e A R IR I I S HORAE
IR B A L5 R . AERAE IS EORI TR, S ZHH TR SHC . RPE FEbR E (criterion) . ok
TR B K IR B (max_depth) 177 s A F R B s 1) d5e/NRE A ES (min_samiples_spllit) .

FESH LT 7 AR AR B R R ORIRFE VG 5. 7. 94 11, 13 Hik#%, FFikik
PEARAENE B0 ) BBk AT R, T SR IR T SR R MEASGE R Y 5, 7, 9, 11, 13, 15.

SRR e 25, EITREAT SHoR I, AT XL, Zid 5552 )5, BAR 2R
ZHn . {'criterion’: ‘'entropy’, 'max_depth": 11, 'min_samples_split': 15, 'random_state": 123}, fE& IS H0A
5, ¥ BRI NRRSEOT NS HATE . AR5, W mTRI 2 L N 2R 8 i i A\ BEHL
AR, SRIG AT RN, ERANIZRI 2 5, PR IRER i) | AR &g NBRLEHAT Tl . R
PRI T ) H bR AR B SRR T R (AR B N BEAT X b, RIS R A IR K 6 A 7.

MEUE ERFE, o fE BN LAR MR BAT LS I HERA %£.(0.915), S5 Z BT BENLARFRAE AL 0.90
FHELE T Tt . BhAbh, 1ZBR ) AUC 150t 1R 51(0.869), i B Z AR AL th R BN 58 B 1. TR 2R [ 25 o
N 0.78, FMREEFTA R RITN 2 bR A N KR, SeBRiE 2 N BT LBy 78%. AR
0.79, TEFTA WSEhRE L ANBrh, BRI TS 2 19 NBUTT G I 79%. A AERS . B4 1 i Al
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Y% Fl-score KA, BT SGARTHORAL, Kk )a RENLAR MBS A 5251 (0.79) . EAIRUL, BUd)E )
BEATLAR MRS BA AR PR T 28R

Table 6. Optimized confusion matrix for random forest model
7= 6. PUALREH FRIRIEEDUR B FERE

0 (TR A L) 1 (T Ay 2)
0 (SEBRAN L) 377 22
1 (SEBRiEEZY) 20 77

Table 7. Experimental results of optimized random forest model
= 7. MALREA RSB SCIG 45 R

precision recall F1-score support
0 0.95 0.94 0.95 399
1 0.78 0.79 0.79 97
macro avg 0.86 0.87 0.87 496
weighted avg 0.92 0.92 0.92 496
Accuracy 0.9153225806451613
Area under the curve 0.869338

I TV, AL R AITELE 87 MNMFIET S ANMRHMEM EZ M. 18 87 NMEES, RELRET 7 M
fiEA: last_fico_range_low. last_fico_range_high. sub_grade. int_rate. term. dti. fico_range low. IMi#E4
B B TLANRRE M disbursement_method. hargeoff within_12_mths. acc_now_deling. application_type -
tax_liens. deling_amnt. collections_12_mths_ex_med, iXSLHFAE Ry 0, - T-45 54 (1) FIAR A R 2 it
HHEE, EBRI A AR X SRR 51
4.4, XHFEENEEHESHR T

TR BN PR, Sl SZ R E LT SVC RS kernel % BN sigmoid, HAhZ%
HBIANS . SR JEH AR5 1 I SREE B i N SCRE IR LAY, SRS AT AL 2R, AERE AL I 2R
ZJa, KR B AR B AT, B)n, PRI A B AR AR SR T R AR
TAE AT X LG, 32045 R W2 8 Fik 9.

Table 8. Confusion matrix for support vector machine model
% 8. XHEEENIREVREIER

0 (B AA L) 1 (T AE L)
0 (SEBRAEZ)) 356 43
1 (SEbrid4) 29 68

MEE R, SR A R U R BAR B A 5 O HE A7 52 (0.85) , (L5 T T e AL A BE L AR MRS AL AT
P RAT 2. MAh, AR AUC {E04 0.80, BIRMRE U 2R RN 58 4, (H 55 AT AU TR A LL
ARORZER . TR ARy 0.61, EWELE A MBI BN & B 20 N Kb, SRt A%k
JIT 5 BT EE A 619% . B 4240 0.70, fE T A HISEBRE 29 NEHh , R B 000 3 249 59 N B P o (9 e 45D 70%.
MERER . BRI AT L5 Fl-score KA, MR AR LL Tl 1 (B2 R oK 15 R B2 (0.65) -
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Table 9. Experimental results of SVM model
7 9. SVM BTG AR

precision recall F1-score support
0 0.92 0.89 0.91 399
1 0.61 0.70 0.65 97
macro avg 0.77 0.80 0.78 496
weighted avg 0.86 0.85 0.86 496
Accuracy 0.854839
Area under the curve 0.796631

4.5. SGD Classifier #849i& 5¥ R T4

7£ SGD Classifier HE R IRy rh, ¥ param_grid FIZ 0% B P S H0k ik -

kI Z B 4 1: B30 loss % B 4 hinge, %4 class_weight ¥ & Yt [E 4 (None, balanced), 2% warm_start
WHE N True, HARNERINSHL

ik ZH 4 2: 80 loss BN log, B3 class_weight 1% & Vi [ 4(None, balanced), Z:%f warm_start
WHE N True, Z% penalty WEITEA: [I3,11], HALAEINSH.

NSRBI UG, WAl i 288 i N SGD Classifier #4191, SR 5 AT AL
Gho MERANZIF )G, BT B AR S AR b AT Rl . 5 fm, FRRIAE T i AR AR R
R TR L R )7 R 1) UM AT 6T L, 19 3 45 SR L9 10 Ak 11,

Table 10. Confusion matrix for SGD classifier model
5= 10. SGD classifier 15 BR & %5 b

0 (WM N AN 2Y) 1 (P i)
0 (SFrAE2) 362 37
1 (SEFriE) 8 89

Table 11. Experimental results of SGD classifier model
7 11. SGD classifier ##BISLIR4ER

precision recall F1-score support
0 0.98 0.91 0.94 399
1 0.71 0.92 0.80 97
macro avg 0.84 0.91 0.87 496
weighted avg 0.93 0.91 0.91 496
Accuracy 0.9092741935483871
Avrea under the curve 0.912397

MEE K%, SGD Classifier B 8 HAG R & #ERH2£.(0.91) . LAk, XA AUC 25(0.91), SHTTH
MR AR LU PR AR B, X R I — B R AR & 1. MR B ey 0.71, BURETERTA AL
RTINS G5B L M NER, SERRE 2 ANEO BN 71%. B4 0.92, TEATA ISERREZ A
Ko, WASERITIIE LN I 92%. MEHER . B AR RIS Fl-score KA, %A%
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TRAH BG4 7 TR (RS2 Sk 13 2 I S A7 199 (0.80) o RIS, X TR ASE AL A F0 0 B8R 2+ L 5 1
4.6. #RBIX L SRR

AU T I 7 AR A A AR UGB LAR MR DUALBERLAR MR AL . SGD Classifier 157
LR, Ry 4456 IIREASEOR AT AR RN 25, AERE AR ZR 58 B XS 495 NIl ER A A
BEATH, JF i 2Ok T 45 R 5 SEhRiB 28 DT X HE . IR AR BN SLIR S5 R WA 12:

Table 12. Comparison table of experimental results evaluation metrics
< 12. IRERITFMIsFRFTEER

A % AUC 5% ik EAR f1-score
R EAEIPRY Rt 0.91 0.85 0.78 0.75 0.76
FEHLARAR R 2R 181 0.91 0.87 0.75 0.80 0.78
BEHLARAMR AR AL AT 0.92 0.87 0.78 0.79 0.79
SCHF AR ALY 0.85 0.79 0.61 0.70 0.65
SGD Classifier 17! 0.91 0.91 0.71 0.92 0.80

MAER X —FEhR kG, LA B R A ALY B By (O TR A S (e, e R IR 7 R Ak
DL I BEATLARRASE Y (HEAf 22 9 92%), B T SCREIAEAUBBLR LA 2 /0 (T 28 85%), Hifth =AM Al
Y3 HAG 58 v ) TR A A

M AUC 1553 1X —F8br kG, HARRM R IR IEH AR . R SR E AU R R IS 7 (AUC
13559 0.79), {HALZHE AT 0.75, J& TREHZAVEH . il 4 AL AUC 15503514 %) 0.85 LA |,
PR AR AR, PO b, R IR /2 SGD Classifier #51, HA53704 0.91. HIRHEZBEHLAR
MR, H AUC 44 0.87.

MAEHERKFE, Br 7 SRR BN U R IR 22 (B AR N 61%)4h, Fifth 4 AMBALISZE 70%LL 15 M
BRERE, B 7RSI R IR 22 (A 2208 70%) 78, oAl 4 MERIISE 75%LL .

M Fl-score K&, Bk 7 SZHFmA BN RIS 2 (65%) b, HAth 4 MALILLE 80% A7, BRI,
A AR Ak FT S RIBENLAR MR AR DL K2 SGD Classifier PUANRIE G BE S 55 i A

ARSI L 54 % AN 4:1, BdEa BRI R . KFik, R — BRI GER
b SR WSS RTINS . AR AR, WUV BT EAIE 4L Fl-score SR
. ZELLE, RPL AUC, Fl-score W MEFR KM & L EAR KGR . KHEIX AN FEPR, ATLUAIE 5
AN o T 25 5 A B f A 7R 2 SGD Cllassifier FR F140AL UL BB L AR AR

XF T SGD Classifier B4, KM T — RIIBLE TR KM SE, BRI SCER IR L. X T8
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