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Abstract

The empirical research data of this paper is from the contest data of Kaggle website. The data set
is extracted from the user information of a listed company, mainly including the situation and loan
status (default or not) of more than 60,000 borrowers. This paper constructs default prediction
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model based on traditional Logistic regression model, Bayesian decision tree, support vector ma-
chine and random forest algorithm successively. According to the evaluation indexes constructed
in this paper, the prediction effect of random forest model is the best. The results show that the
characteristics and risk prediction models selected in this paper are explanatory, and the default
risk of customers can be predicted through the random forest model, which is conducive to the
development of P2P lending network and greatly reduces the loss of lending companies.
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SO AT TR G, MG P2P 1 & KIS PP R, 2RI T £ 4800 logistic ] A7 |
DU ok S SCRF A EANLMBENLARM S, MET 8T G IR A S Em A, A s
PR SHT AR BRI EE, A 7] R R B R AR

2. HRERA

FESEE GV T E 2K, A NG PP R CHBS . JTCHBLSEE DB, ettt 5 LA G0 2w
ME S, TR TR IS . BN EME e 2t RIS B, SR — A HOR A
BEE (AL S, X5 R B AT AR s 1005 e, RS B DTk, ol T E ORI, A AT

o,
&,
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(253 AT IR A A 4 0 S W i 2 DR DA RS NS FH BB IR A e oy s 2502 05 R R AEAS A
EHIVFOT I PR [4]. S 1941 SFBUON S8 H KIS TR AL Z-score RAUH: Altman E257,  [R] th235E
TABLE AV A F W ST 7 H AL [5]. 1977 4E, Altman. Haldeman #11 Narayanan fE Z-score 57 ({3 1,
TN Z AR AR, TR T 36 —ARME VPN AL, ZETA 15 F XU 12 (ZETA Credit Risk Model) [6]-
ZETA BN & 2 R8O M J71%: Logistic 70T 5 HIA U715 $hEM L ity BRI, Fnlortr
% (Discriminant Analysis, f&#K DA). % Ju# %4> #ri%(Multivariate Discriminant analysis). 2k 7 #1725
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| T S 175 5 7 77 ) R 2 B e 5 A v S A AR Sk i B N A2 8] BURFHES)) 5 T sz AR AR &S
G, RERECCABUM AR 8T A £, DURG SIS AR NS, DU SRR a7 8 E 4,
DA X 25 B3 U HEZE 1) 4 AN A5 A & [9]
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3. {REEA
3.1. Logistic [E]Y34&EHY

R ME AR RS R, BAFMEN 1, FEAFIREN 0. M FILA 76 B MILR M 80R
G347, AR Logistic BURMEAT ST, HUMMBARRER Y 21 0-1 48R, SHfEIR AR R
PRI AR, BIP(Y =1)= £ (X). (KBTS0 R TR A R B Je 75 2

Logit(p) = fy + %, +++ B, X, @
Hifis Logit 24t f95E 3 Logit(p)=In[ p/(1-p)], p/(1-p) PNk L (odds), 1154 Logistic

[ YA
P=exp(,30 +ﬁlxl+...+ﬁpxp)/(1+ﬁo + Bi% +-~-+ﬁpxp) (2

3.2. DIMARRR

D3 e S e —Fh R F 26 5645 S A FR H50HE (7] A [5) )51 0% R O B 43 2895 o ZAE YA 7R B A ARGE
ERRAERHIESHEA, T CER SR S B E R B T (248 1, % ¥ ((Entropy). £ 77 (/) LA
B Je ZHEUGini Index)MENITHEAE B 5. BRERRRHMIVEEANHEENEE, # p € CNrRE
2 U BYEN | B PR AEMEER, BEARRIE s 25, NIFENIAR &R E SUN:

H(p. P2 Lo ps) =2, (P log, p)=H (U) ©)

TEARSCH, s BUEN 2; R HBENEHAEE X, X, X, WEESE i WME 2, FHFKFEkidH
Xik; 4%{%_1%\iﬁ_‘§%xj'\j:

I=HUIX) =0 P(X)HUIX) = Z0,P(X) (-2, P(U X0 )log, (P(U1X,)) ()

Bk, T EARE X, Xy, X EHEXR (U, X)), 1(U,X,) B8R, NERREERE X,
XFF DU e Sk i R B A E 2 ME R, WLk X, s FERRG.

3.3. XFFEEH

SRR EAL(Support Vector Machine, SVM)/&3E T 4iit242] VC 4 18 145 1 XU B /)N 5 HE 3 ] 4
S, B XA T A G AR () B KRR a5 e R B AN R IR, B I 2R 32 2
FE RN S B I e e 3%, BT3RS it 0. B2 S TH4E4R, Cortes A1 Vapnik $2H 7 26 ME 3 7
H=AL, 15 Boser. Guyon 5 Vapnik 5] AZHTS, i TR TR M ENL, ThRERCN 5E R 1 3L HF
AN AT Y45 S L 7. AR, SVM EEARR T IS M, — & F R 2
RS X 2 AR LR W] 4 FOREAR[10] o

T AR LR M e e el BRI ST, Wil 1 BT fBoR ek i SRR m e, Hrp /N ORI 20 [ A5 57
BRI IRFEAR, w RRIZFRFERSE, H M H N BRI s, B4 margin:ﬁﬂyl‘ﬁﬂﬁ%ﬁﬁ%,
H AR E2k .

3.4. BEMLFRIK

B HLAR ARk (Random Forest, fij#x RF)/& Bagging [— M @Ak, & 75 DL S o Fk 52 5] 45 4 & Bagging
SRR MERE L, 3B IE USRI GRS RE TR SIN T BRI R . BEALARMRAR LT Bl 1wk S 5957 Bk
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Figure 1. Schematic representation of the linear classi-
fication
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Figure 2. Random forest algorithm structure
2. BENARME RLEN

3.5. VEAfEHR

VSRR AR A2 F R B AR AL 57K I B0, XT3 RAR Z 48 h5 o] DLW AT VAT, Wik e, HEl
# (precision-recall). %% (error rate). ##%J¥ (accuracy). iz (error). IZRIR%E . ZALIRZESS, T A
T RIER, SRX AR REEL, HRXMIE. AFEAS, H P N RER. ESTHH4,
PATAT LA —/MRWE R (L 1) RE R 7 R IEF S RIS, JFE RS Eat 5
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Table 1. Classifies the resulting confusion matrix

® 1 DRERRFER

T £ 51
B
1EH S
1ER TP (FLIEfH!) FN ({5 1)
Sz 15 FP (0 1E451) TN (& % )

1EAf % (precision/accuracy):  MREE b @A A IE 6 2 R IFEAR ST I E 0 b B
TP+TN

P+N ®)
K (precision/accuracy): RS L@ B B R RIAEAR AT S I H 0 be. B
FP+FN
P+N ©)

I8 3/ HLIE R (sensitive/recall):  BIE A SEBr Y IEFEAR KR OL T, I FIN A IEREAS (1 7 20 LE

B,
TRP=— " @
TP+FN
K i (sensitive/recall): BIRITEFTE TN IEREAR IO R, SEBR LAIEREARTIE 40t B
TP
TP+FP ®)
iR IE % (False Positive Rate, FPR) R[4 Tl Ay 1E (1) G bR AS 45 S 550 57 RE A S 5
FP
==Y ®

F RZEE R (Fy A Fo) FE R DT 20 R A B2 5 3 IR 3 A TH R T VA GG & Jm 2 R A T 755 - 78 LA
Fy R BEAT £ [ 2 [ AP 25

_ 2xprecision * recall
precision + recall

F (10)

Fe INRIBUR B H Bl RN L B A -

(1+ Vig ) * precision * recall

i 11
F /3% * precision + recall (11)

B =10, AR HERG M B R AR

Hp<Lm, HREZEYAER .

Hp> 1, HRHETHEYHARE.

B HTBUEDE R /& 2 8 0.5, BTASORBIAE M HELA R, MRS ber, gt/ n] et
A IEL PR 7 P B A S 2 AR, X BLIR L B Ay 2, RP
E_ 5 precision = recall

= 12
P 4xprecision + recall (12)
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ROC &2 “=ik#& LIFRHE” (Receiver Operating Characteristic), AUC (area under the curve) s
At ROC LRI, W& 45484 AUROC (area under the receiver operating characterstic curve)i
Fro

ROC HiZ&A1 AUC Ml 2k 5 A i & — 70 80 KA E 24545, Horh ROC i ZkbkEEin /o b i WI7E
FPR R/ TRP AR K, AUC 7E 53 # i SR ABL i — R A 7 D9 A X )

AUC € (0.9,1) E¥H L7 (Excellent);

AUC € (0.8,0.9) &tk K 47 (Good);

AUC € (0.7,0.8) =ik i v] (Fair);

AUC € (0.6,0.7) =EIRFH A 4f(Poor);

AUC & (0.5,0.6) &R K I (Fail):

WA 0T AUC VT HE AR T AN 5] PR e«

AUC =1, IRIFI52KEE, T8, AT RIS BIAS I — N BHME I S T 25 2R o (H 2 R4y
FSEIRDL T FHEAN S R B B 1) 732K s

05<AUC<1, RTHENFEN, XApHREERIEFGEMBIE, A TNE;

AUC =0.5, SFEHLEM R BAH R, B8 A A T E i

AUC < 0.5, LLFENUENIEZ

{EANE RPN AE, ERAFERAEE, B AUC{EBRR, 432845 kit .
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et
AW A R B S SRR, MRS SR, GE. R REE, BB 2,

Table 2. Variables introduction table
F=2 TENAR

R ‘ BRAH ‘
o B )7 2 . W72
ID & 44 B — 1D iva HfE
Pk 1n A SRR Hfs
r o A Hfls
Heve B R A Kl R AL Hft
AR 1n R Hfts

HE R AR e 2=w. 1=f
ES Hfts ey Hf
sy (=6, 6=F. 5=E. W3 4 S Bl

4=D. 3=C, 2=B. 1=A
TER SRR [a[ i HiE

3=MORTGAGE.
2=RENT. 1=0WN

B R T AL HfE Yotk 12 M H BT HfE

kIR FEUiIml 3% HfE
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Continued
1 = Verified RS ol
LSl 2=n. 1=y K P ol
B TA AL T EHE SIBGR e HfH
BT 5RAZ Bl SO AR EVLIEN
R —— W4 il NEHME R A EVLIEN
fill—6 N A il PEECRS 1= &E4%, 0= e

R AERIHT A 20 2 )\ ZRE T LN B, )5 i 70 2 RIS, BB R Y
TSR (R 3):

Table 3. Comparison table of the model prediction effect
=z 3. RETUNMR TR

R E#E K Fp
logistic =]y 457 90.75% 90.75% 98.00%
DU S e SRR 90.75% 90.75% 98.00%
KRR E AL 91.90% 90.82% 98.10%
BEAL AR ARAR Y 93.36% 91.41% 98.16%
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ROR, B ROC 4k AUC BT, @il [d 3 v LA Y, BRI ROC Hi 2Rt 25 4t Hl /)
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Figure 3. The ROC plot of the random forest model
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