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Abstract

As the Internet develops rapidly in recent years, the P2P network lending platform, with its low
threshold, high income and convenient operation, has entered the public view and attracted more

CEREE

SCEIF: FTRERR, K, BRER, RN BT HERIZIRG P2P AT NS AT RO T D). RS 1 5, 2021,
10(4): 991-1002. DOI: 10.12677/m0s.2021.104099


http://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2021.104099
https://doi.org/10.12677/mos.2021.104099
http://www.hanspub.org

—

il

=

farey
=¥

borrowers and investors. How to improve and perfect the risk monitoring ability of P2P network
loan platform, further strengthen the management of P2P network loan platform, especially the
credit evaluation of borrowers, and reduce the investment risk of investors is very important to
the future development of P2P network loan industry. This paper aims at the data given in the offi-
cial website of foreign Lending Club, carries on the characteristic selection to the data advanced,
finally selects the evaluation index to use the traditional classification method respectively in the
research method: the Logistic regression model, the support vector machine model and the deci-
sion tree model. Analysis results show that support vector machine model has the highest predic-
tion accuracy and is suitable for P2P network loan personal credit evaluation model. Based on the
SVM model, the parameters of the model are tuning and improved, and the improved model pre-
diction accuracy is higher, so the model is suitable for application to the P2P online loan personal
credit evaluation.
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ASCHTH#EWE K B Lending Club AR BN, 1% & 243k K P2P (586 A F . ([HEIMZE &,
T T P AR W (0 1, A0 B e AR, R T B A T AR K A 7 (S R
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AN, 7828 KiK. WAARBUATE: —RERMEE, WREHMSE; T RIEKEE), HRANE
WNSE: = RARGHIES, Wi A 55 TRIMBIRERGL, s 55

2.2. WHETRALIE

FEXS RSB, SR EUE 7 AT TAC B . SR T PR BRI BL, A5 T MR AN HE T,
R A BIEHR T4 R, TPHEIR PR — BB R 2 /0 — 2 I R AR 02 TR
BEATHARAOIE D Feffe, FESEHUCEE AR, ASCEZE I EARENITURE L R AT,
P 45 7 T £ 1] AL AT AR B

2.2.1. BIBREBIBE
H T R84 WA . BRME . BRUESSSE, AT EAE @B AT et T 8B e, DL
R, JF R TR R e m. St MEthE, ASCHIBR T UL R JLRE R,
1) SARICHFN G & PR R a@if” ks, n“title”, “hardship_flag”, “verification_status” .
2) BWEER, W “last_pymnt d” , “last_credit_pull_d” , “initial_list_status” .
3) KA AT LA T X T 7B £ WA KM AZ&E, W “disbursement_method ”
“debt_settlement_flag” .
4) Fhit 2 A&, W “earliest_cr_line” ,  “zip_code”

2.2.2. fhocfELIE

Kt B o ) JE IR 22 7 I, P REA F T 0 R AR I RE v R T AR B 2 B0 B dst s, tnl e i1
HHRFFIEASKRBEAAETE, B A TAEMABONIRGR RIS 1), AT a8t T J 3] — S liudfs B 5
FONABRER, I IBNFEA R BRI B DL B8 (10 B 206 B 42 90 i e — 52 (1 s,
TG IS R T (AN P, T RS2 S0 Ul DU BRI 45

ST R I AR, —MCRELCL N LR 7 — R MBS KRS RE, A0 Sdsn, &
BEW R MRS R MR B, RAMA SRR B =R R E A e .

RT3 PRI B 4R th B AS R PR B 2R 1 V0 AN B 2 R, s P A TR) B B0 Bk b B 59

DOI: 10.12677/m0s.2021.104099 993 e RSE TR


https://doi.org/10.12677/mos.2021.104099

%
=
&

1) S FEURFREE R T 8% T 50%MRHIE, JEFERIZARENEMIFR .
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Table 1. County level planning schedule
1. BEFRAK—ER

P B BRAEN B SE IRFS
1 il_util 1108 YA
2 mths_since_recent_ing 569 %~ 0
3 emp_length 495 *h 0
2.2.3. ¥¥{E4mb5

M G AT DUARI, AR SO AR vh I AR B AR IE S, A — SRR Jr BT B XTI
SERRIE, VFEHLEE I OBRAICE A, FERA R R B 3on. TR A FIRR,
TEGmAGHE R, N T RERFFRFFR R, 7T UL BB AR R AR BUE A B IR R R . IR E A
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Table 2. Characteristic encoding of the categorical variables
2. AT ENFHERD
ES - REIESm AT
“Fully Paid”: 1, “Charged Off”: 0, “Default”: 0

loan_status
emp lenath “<lyear”: 0.5 “lyear”: 1, “2years”: 2, “3 years”: 3, “4 years”: 4, “5 years”: 5, “6 years”: 6, “7
p_leng years”: 7, “8 years”: 8, “9 years”: 9, “10+ years”: 10, np.nan:0
home_ownership “Own”: 2, "Mortgage”: 1, "Rent”: 0
“credit_card”: 0, “home_improvement”: 1, “debt_consolidation”: 2, “other”: 3, “ma-
jor_purchase”: 4, “medical”: 5, “small_business”: 6, “car”: 7, “vacation”: 8, “moving”: 9,

purpose
“house™: 10, “renewable_energy”: 11
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Corr(x,y) = (2.5)

Correlation coefficient matrix

1.0
loan_status -.
int_rate - . D 0.8
dti- .

loan_amnt - . 0.6

annual_inc - .
home_ownership - . 04

revol_util - D .

-0.2
mo_sin_old_rev_tl_op - .

tot_cur_bal - . . -0.0
total_bc_limit - .
revol_bal - . . --0.2
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8 ° 5 9 '8 E
3 ° 3 g
£ |
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Figure 1. Person’s correlation coefficient among some variables
1. BBy E[8H Person FHX 3
DOI: 10.12677/mo0s.2021.104099 995 jE L NN


https://doi.org/10.12677/mos.2021.104099

—

‘E:k
=
&

CeI USRI, ORI Y AR B A (A OG R BRI AT I B AR, PRI E AR

i EPTid, AR SO i 20 P IR AR B R 3 s

Table 3. The feature variables selected for the model
= 3. BB MAFET S

FPs e A e fif B
y loan_status BEACIRGL
X1 int_rate Ui
X dti e ONER]]
X3 loan_amnt DY
X4 annual_inc BENFWN
Xs home_ownership EEMER: BANRAE
Xe revol_util SN 1 A )
X7 mo_sin_old_rev_tl_op H f5 1) R K P T S DR ) H 4y
Xg tot_cur_bal BT K IR I 4 R A0
Xg total_bc_limit HRAT RIS E AU
X10 revol_bal i A G598 1) S BT A

2.4. THAIEIR

BEXS O IR0, R PPAG b T2 BRI TRE R R AT . R R IEFERE, B T M F R
TR S HER, P AN R T 70 ISR IR RIE R 28, BBk 4 for.

Table 4. Confusion matrix of the secondary classification problem
F= 4 ZHREBAVRBEM

s TR 25 7
TRIEFERE
0 1
\ 0 TN FP
SR
1 FN TP
MR PR IRIEFE R T A3 a0 N FaAs
PR HERZ Accuracy = TP+TN :
TP+FP+TN+FN
.. TP
RIS HHZ Precision = :
Ihidi TP+FP
A% TPR = —"
TP+FN
FP
{EXFPR=— .
IE = FP+TN

Accuracy FRONIRAIHERGZR, TMHERFEAS & SR Precision FRONRIRERIZER, RN TS5 R
NIEZEHIREA S BR oA IE RG] TPR BN A RI%, RoR SERR N IE SR HIREA P TI IE 28 el . FPR
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T4k, ROC HIZk b J& AUC 15 3 5 3 B R ARy —AH 70 BB R PERe 1) B2 & b5 . ROC I 244 i iE
R FPR E SN x fll, EIEZF TPRESCA Y fl, ML ER5SFER TPR = FPR, ZBEHLFMMSE R, X4
FPR=0, TPR =11, FRIAH KA RIEN, XERMBEREI. SChrd RS EARA T Gk
FIXAEEMEE R WATHBER TR FEin /2 Ay, BRI R 9 RIEM IR 2 T 0 % 1R
PN

3. IRBIE STMSR

MR R E A P T 2 A ARG, X R B8 . B2 i m] DUy AR
RN AR P WS S, IR R I MT AL T Z B

FERESI AR Z |, Sl Bl RGNS . ASCHICEE (1 80% 1 N illlZkde, T 1 20%HH
R

3.1. ZiEEER

311, R

Logistic [B])7J& T HER AR L NE RIS, 52 PAN AR B AR O 0 SRAR B [BIA /34T T3 o S8 I AR 2R [l U
SRt E BT BRA, AT 51 BEAR A PR ZORAR R 3 S R

— I Z LRI R T

f(X)=@X +@%, ++ @y X +b= 0" x+b
7 BRSO R TR, TR RN SR AR .
y= g’l(a)Tx+b)

XL RN :

TR ABLER R B AR I «
In p(y; [%:@0) = yipy (% 8)+ (1= ) o (X:8)

H bR R BN B KA AR R, ARIRALSRTIUR] DA, KAl L AR T e/ M L (B) -
1(B) = Z(—yiﬁTf(i + In(1+ e ))
T, HARREE A m L ] S R, SRS AR IR RE T B AR EUESE B,
MRS 5 o A b P THE .

3.1.2. FZER
FHZ %8 Bl A B AR AR AT T, 1S BVREHRE WL 5 Fon. IR, BRI Accuracy A
0.6078, Horb A i@ #A 1B 8 3 SRR A 730, 3@ 1 P IE A 43 25 FE451 >4 1000 4 78 K Precision 24 0.6101,
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Table 5. The logistic regression model predicts the confusion matrix
= 5. ZEEIRBTFNRBEM

T2
TRIHH
0 1
L 0 1000 440
HR
1 700 730
R H) ROC #hiZktni& 2 frzx, AUC{EH4 0.65.
10 ROC Curve
0.8/
06"
®© -
[&] e
i -
0.4
0.2
,// — AUC =065
0.0 T T . :
0.0 0.2 0.4 0.6 0.8 1.0
Fall-out

Figure 2. The ROC curve of the logistic regression model
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3.2. XFEEHYER

3.2.1. [

SCRE ) AL JF R TR AL SR AL H AR 2 T4 — 0 B I, Rl T AN [F 200 20 O, K
HINLTF AR BN I 7> BV A A fEURERAL b, SCRemE LR H R 3-8 — AN e 0% 45 18] [ 55 K 1 F
Sy BT . [RIREXT LG 2 RIS R . X T —/MEAR ST S, HIEE 5 S PR B, XT3
SR AR OBRMER MG . TR, RMASCHF M SNV A R AR LR 1) AR Ak )

argmin 1||a>||2
wb 2
sty (@'x+b)2Li=12,,n,
3.2.2. FNEER

S Wz R B SRR E AUV AY, AR AT IO, /S BNRIEFE R 6 Fm. BEARER S

Accuracy 4 0.9048, R H IR 7 R AOREG Y 1200, JEIAA FOIERG > RFEGI DY 14000 HEHER

Precision 4 0.9148, #[5]% 4 0.9062.
THFEEMNLE ROC #iZkan% 3 frn, AUC BN 0.65.
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Table 6. The logistic regression model predicts the confusion matrix
i< 6. B EAIRB TR A ERE

T 2L A
TRVE R
0 1
) 0 1400 27
HSERR
1 250 1200

10 ROC Curve

08
— 0.6
I P
[&] 7
@ g
D: 7

0.4 1 /z”

0.2

/’/ — AUC = 0.65
0.0 T " . .
0.0 0.2 0.4 0.6 0.8 1.0
Fall-out
Figure 3. Support vector machine model ROC curve
3. ZFEENRE ROC Hizk
3.3 RITWIER
331 JRIE

RFAENLAS 7 2 R [ — SR ML, M0 AT . R SR B A2 R4 25 € 1 I 25
Hm R — SRR, e RS SERIREAT IER I 7238, LA A UITZREE R 9 H 7 SR R
B U2 B I RO SR A T 2 PP . DR SRR SR 451 % R i — SO IE AL OO AR R Hi, - %7
RFRTIR Y o M R BR R, A R DR DR A AR R 25 5 450 5% R B

3.3.2. FMZER

FH R SR AR TR R S AT T, S RNRE I 7 s . BAKUERI Accuracy iy 0.7368, J:r
AE I P IERf 2 R IRE] S 870, @A P IE#R 2 A1 1300, K5 HEZE Precision 24 0.7659, #[A1%
4 0.7397,

Table 7. Decision tree model confusion matrix
= 7. RRPHEBLR AR

TR 25 7
TRVE R R
0 1
‘ 0 1300 150
R it
1 620 870
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Figure 4. Decision tree model ROC curve

4, REFIHRE ROC Bhzk

4. 1RBIXTEE 51T

7 8 X AR T 45 R AT 7B, DUE T LA B R o SRR RE . 0 8 PR

Table 8. Predictive comparison
< 8. TUMIxTEE

AR K HER 2 (Accuracy) ¥ 2 (Precision) 7 81 % (Recall) AUC 18
oA E| 0.6078 0.6101 0.6061 0.65
SCRRIA AL 0.9048 0.9148 0.9062 0.65
TR SRR 0.7368 0.7659 0.7397 0.66

Bou_EIREOTINESE R, AT LARR A SR A T RE /0, SRR ) AU A T 24 SR B2 4 [ ) Y
AP R R ORI T3 — 2R, B8 G MR AL BERAR N (IR 55 %, R A S AL

O R BL R MY JECRE - T 45 ASRRY f 46
BRI BAT P AR5 5 2 R 9 P

Table 9. Comparison of the three models

9. ZMERMELE

REEEEFS P

T

IR A A (Logistic [MARERY)  BEREALER 73 il At E A BEAE 2% )

KeB/NEASRE ST RS AR AR 1)
SCHRFIAEHL(SVM ) AU RAZARE ), Rl R 2R
R AL

Ke PR RN eSS F B B A2

R TRk i R At ok s 5 5 KA
FLAERFAIE 223 18] L AOR I 1 e L 2

XA AU IR R 2 5
MR R IR

TEIEAL PR IAG ;2 AT R RO AR

v, Parary g «H—ﬂ:u
RIFH(CS.0 BRE) B R, (BB SRE: 5B
DOI: 10.12677/m0s.2021.104099 1000 e RSE TR


https://doi.org/10.12677/mos.2021.104099

%R 45

FEASEIG AT SE Rerh s SCHRF IR AL TINS5 R, 7T DA T A v sz 56 B A P ) 500 o S (L4
by I B R MR I Bl T A5 U 25 30 4 R T I e UM s SRR AL AT AT S BAEAS, Tt
KETURREARIFEN, Bt ARG - S R 0 RIE R A i sy REEM R,
SR SR A5 R B IO IE AR AR AR e B, 2% s AR P /MR R R B, A DSt SHEmRy
BRAR I ER AR R B /D, 7T DAHEWT B SR R R S, SRR PRI SRR B E A B 1 )
SR ZAE R R TINRCR e 22, AT AR B 2R A T B T RIS IELR . DLREE SR
FRRFAE 2 (] EEBOR, O T2 AR R SR B b B g PR X

B L BTN EE R, Oy 17— B AR K TN RE F0 4T BTt DR Y a5 £ 1) SH Al B U AR it AT
i, LAAS B L (T

5. SVM &8I grigt

i scikit learn =[] GridSearchC V #7230 . EIRREMSHSHIIER, KBSHIREER
BN CTE0.1 2] 10 2 [HHUE, gamma 7E 0.01 £ 1 Z [RIEUE, XAEMEAE R B aa 2S5 5317
Gk, AR —NINGIRBENBRBEAE . FOARSCINGHEARER, Frbldsd XuER#r 80y 10, 428
IR i 10 Dy EAT A8 IR AIE o f 5 79 5t 45 Rl 28U &, C HUA 1.7, gamma HUH 0.0156 I 71
iy 0.84. ARG S E0 0 me R e A 5 IR HEAT TR, 79 BVRIEFEFE Q2 10 FR.

Table 10. The modified SVM model predicted the confusion matrix
= 10, iftfE X FFEENIERTUNR BREM

T

B
Y

N K =
TR VA AE
0 1
o 0 1450 40
FLSERA
1 100 1300

HR T LA H, AT 45 R U e 2 0 0.9516, FE#E#N 0.9701, HIRIF N 0.9286. AR T
ACHE AT R SN R AR AR AT S AR, U T i PR R T 45 SR T BE O HE . DLAZAR TR 3 ST £ DY Y]
AT TINAR AL AT LU R E (15000 LA (¥ 00 o P P A 7

6. B4
6.1. &g

ASOR A Se AT PUALEE, AT, e BB AR AERT FU 07 1% L A AR G 73 2K T3
i%: Logistic [FIVARAL SCHFF AU RN R AR . A 25 BRI, SRR ) AU TR X 45 SR 0 v
FEfim, AELZTN, AR [EEA SRR (R IO RE AR L AL ZE 4 . (R SCHF A B AU Y O At |, A
RS HEAT S, ook o AR R T i B S v, SEE A S B PP A2

6.2. Bl

FERBHE T SR AR AAE A 2R BB SR SUERIT FU 46 R, 2230 BL R = AN J7 14 LH AR 32 2 33
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