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Abstract

With the development of Internet finance and the increasing demand for personal consumption,
small and micro loans, especially P2P lending based on the Internet, have developed rapidly. How-
ever, due to the lack of platform risk identification ability, some platforms have experienced a large
number of default situations, resulting in losses for investors. To assist the platform and investors
in effectively identifying non-performing users and reducing losses caused by bad debts, based on
data from representative domestic and foreign P2P platforms such as Prospector and PaiPaiDai, this
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article uses three types of models, namely logistic regression, decision tree, and support vector ma-
chine to evaluate the credit of borrowers. Based on the model results, a portrait of non-performing
users of small and micro loans is obtained. The results indicate that the logistic regression model has
low time complexity and superior interpretability, making it more suitable for studying default fac-
tors. Non-performing user loans usually have the characteristics of high-interest rates and long-term
limits; at the same time, users themselves do not have stable jobs and have lower incomes. The gend-
er, age, and educational background, which we often pay attention to, have a lower impact.
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1. 5|

bt LI D 1) J S ATV B A 1 50, FR L IR 2 Rk A TR AT, AN AT SRR
SKAHH RGN, N DT AR R AR B TR IR R[] HLBE R R RN BT BL P2P N BY
(peer-to-peer-lending) . HAT /MUY ARZE/NMUGTLL A R ANEETE N E 1] BTG E DY, XRAET
W 2 (R /NRCBE K 2 B S/ B8 A T IR S a5, T DU A N 8 5 R P B[] P 25 4
T4, W ITE ML fR BRI A A GE T T 2 T HEERER .

TR W 215 D8R RADA B, EATIIRE EF 2 RETIR G, WHVMEE RafE B, FIEW
B R B R B DT S, — B A AR ARG G BRI 2] Rl E P2P K s,
RIN 2/ INEBRAE R T 2 AR N AL R P F I, oA EE TR T P2 R S A e . B, H
TAESEROTE BAXFR, GreAdBatoi[2]. Hk, o 8ms AR R R JTEUIK,  ToidA ROR G
MBI P, X EE RS N HOE L R i — 5 FTH2]. M REMHREEL BN, 2553
TN, BERER, SRS IMEOET G RN A, AR BN T il S R [3]

S PN I S R S v 6 AT | S SR N T 7 N =92 D VN 2 AN e s R ) e R 2 2N s e = W
et Ty BB NOTAT I B S 0 R SR N . A SO T HI /N OE & 1 S bR didls, %
EZRR AR, RSB EE, HFZIE AN R EAR . TG & AR AR
EOEH PR, SR —ANTECATE BN S %, IR 77, iR ROE L R A RIS, X
P 28 /NICER IR PR 1 A FE BRI — LE )

2. WIERESTULE
2.1. HIEKIE

ARSCAE 5 — A Edis 42K E Prosper. Prosper f& 38 E 4l rf A B AUNEIE ST 6, LB IHT 2006
A, I A DY RO WCRUE B 2 DA RS R GE A S AT E R, EE R AR, B (4], %3
PEEEALE Prosper “F- & 2006~2014 4EA] ) 113,937 250, WS MERAMKEE B, MG RS 81 4
RHE,  HORH A R AEAEEAS [FIF2 FE R R R AR D

A SCAE S AR AR R B BY . an bR IR E E K P2P MRS T &, GL T 2007 4, [AIFE
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3 G R Bl AR N B 3BT N I T 9% DU R SR YT A 0 R AR AT R A [5] o AR B f S ROT 1
P2P WA w], AR 1K 5 HIESME BT s - 28R 4R 51 & 2015~2017 4[A] 1 292,539
sHE, 3% 37 NATE . HdiRTEL Prosper Bl MRS, (U ERHIEAT AE AU RS DL o

ALY Prosper U /7 2, P S TEBEEONMIL, [RZMZ /Nt 0L & R BmAGRE,
DRI FL 2 T Ja S0 T

2.2. BuETALIE

T EE AR  FHIEL 2 AR OL, AR T IREER BT, Dy 1R ot 5 5 4y i B A
T RGBT, ASCei@id Python X HAEAT 7 W EHERR . SROMEALEE . FRACIERE. RRADGAS & Hikt
H, mARmE 1R .
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Figure 1. Data preprocessing flowchart

Bl 1. HEmaEniEE

2.2.1. FHERMEERRYILIEF

AR S S A — e T R S G AR B (DR G ' A B S A 9T P TG R I AR B (T & 7 I RS
B55). JRiik )G Prosper B4R R A H 3L 37 4, I TEIRERIRRHE 20 4.

AR SCAN K F P e & R A B AT T, B LA Kb R 58 BOTR 2 1 S8 3k FE A O B Ab 22 . Bk oh, H
T Prosper *1-& 2009 4F 7 H HEHHa E EHLHIRK AR, TRAUE 2009 4 7 H 5 28,203 SR AT
JEE T RHHAREEEE, FEARMCE =FORES: @i o Ok DUk CIETEREKRT o T
X IEAER T AR S AT MR, AL B S REAR ARy 118,767,
2.2.2. FRE(EALIE

NT G SRR Sk, A SCE AR AR B T AN ER AR,
Prosper £ £EH R a2 1 Fos.

Table 1. Missing data situation on Prosper

52 1. Prosper BUiBER K IENFE

A4 FERmRK B R KR R H (%)
Prosper Rating (numeric) True 28,072 131 0.464
Prosper Score True 28,072 131 0.464
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Occupation True 28,176 27 0.096
Employment Status Duration True 28,194 9 0.032
Debt To Income Ratio True 25,010 3193 11.321

Xt 5% S A [ Prosper Rating (numeric). Prosper Score. Occupation. Employment Status Duration
A, BEREMBRAOCHIFEA . XT3y 11%0) £ {5 4 4% & Debt To Income Ratio, i 5B #EAT AR .

MM GTEIE R BN e . E LR D S B SR OE S S D e B AE () /D B R R A TS, X
IR 2R 33%I1 S @ SAZE R, {3 F P I (B AT A .

2.2.3. ¥HE4RHS

ASAE FH RS R TOV R A PR 7 R AR B, T2 5 B AT AR S AR 7 45 i SR T A A U S A

YT HUAR Z T A7 R RHE, NORFFIUE Z RIJC 1, I bs 5 4E R &/, ASCRI—
P& AT = KA H bR 2 9 ig 75 X WOE 4ifi(Weight of Evidence).

XT Prosper #i#i4E, 5% WOE 4wt )45 & 5 4~: Borrower State. Occupation. Income Range.
Employment Status. Listing Category.

I EEIEE, AR 1L DR AR E . 9 MRISHAIE. WEIANIE. FPAIE. BEER. AEEIA
HE ML FHOIE. AREPIRE . 7 BVAE)BUATCAMAS,  TRXR SUMFEREAT —BEfIwiD . HRE
B RAIEVER, AHELT AR B IUER %2, KIAEH WOE 4wt .

2.2.4. EFHEXMRIFEERE

NT DA, SRTHERIOE . ARSI I R AEAR G AR R AT ORI, TR T — e mT L
WAL R, X Prosper B4 4E, ik T mAHIHE(0.7~1.0)VRFIESL 6 2, 45 & B A L SR AIE SRR A
BRAE LR — A, B MMER T 5 AMFAE: Income Verifiable. Credit Score Range Lowe. Borrower APR.
Prosper Score. Revolving Credit Balance, F4&4HE 31 4o X THIGEEIEE, FREHL, MR T 2 M.
AR 7 SRR IR, FIARRHE 18 /.

e, RN RGO E AR B AT T AR AL .

2.2.5. BB BELIE

TEAS R, EL M EE SR, XMEEE LA P 2 AR ER A I G Tk 2 R R R
GiREFIWT IR, AP DHCR, SRR AR . ARSI Prosper $HiE HROg@ IR ARy 8392, ILTEFE
AN 19,644, FHAEIEE@EIFEA N 9599, CIATEREA N 109,268, HIfFE—EREE _LHEHEAT
17 o

AR RCR FHAS [RRAE T 0 B AT P47, Brade B R A 7 23k 4 B BEAL T RAE . BENL FoRAE,
SMOTE [6]LAf& ADASYN [7]1757%. SR IX PUAh 7 ou Bdl g7~ Fg e, 2 I GRiB AR A Pesims . 52
BRI REAUSER, 8 10 4738 IR I S AR R TE AN R FE 7 30 F B AL R, i B A RS EH T =
A (1) KA 77

XF T Prosper 4l 4, Hah g 2 frox, B8 A K& SCHE USRS 7E SMOTE Kif 773X R
T, RS NILEREHL FoRAFE DT 0N R4, B AR T T 2 R e -

W PEEAR A BRI o ASCAE IS RFE S RORFESE & 7 SO 8ds,  Jaidid BEAL KA 77
$EHL 25,000 MNMEVEFEA, FEXTEIARE AT I R FE . 193045 R a5 3 FoR, @RI SO
HUBL RIS AE SMOTE P47 5 X T R ILTE LT, 1 PR S W2 AERE AL bR 77 20N R L4F
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Table 2. Prosper: Evaluation effect of each model under different data balancing methods
= 2. Prosper: AEIHIETE SN T EERITAER

il KRET R Accuracy Precision Recall F1 Score Auc
Random Undersampling 0.675 0.662 0.714 0.687 0.739

Random Oversampling 0.677 0.663 0.718 0.689 0.740

R SMOTE 0.679 0.665 0.723 0.693 0.742
ADASYN 0.658 0.641 0.688 0.664 0.716

Random Undersampling 0.594 0.596 0.587 0.591 0.594

Random Oversampling 0.831 0.773 0.936 0.846 0.831

o SMOTE 0.717 0.704 0.726 0.708 0.717
ADASYN 0.707 0.691 0.707 0.692 0.707

Random Undersampling 0.681 0.661 0.743 0.699 0.74

Random Oversampling 0.712 0.687 0.776 0.729 0.782

SVM SMOTE 0.723 0.697 0.789 0.740 0.795
ADASYN 0.703 0.670 0.777 0.720 0.769

Table 3. PaiPaiDai: Evaluation effect of each model under different data balancing methods
% 3. PaiPaiDai: T EIIEFES R T HEEITHYR

il KRR Accuracy Precision Recall F1 Score Auc
Random Undersampling 0.712 0.682 0.796 0.735 0.800

Random Oversampling 0.711 0.682 0.790 0.732 0.800

R SMOTE 0.712 0.683 0.794 0.734 0.801
ADASYN 0.692 0.655 0.783 0.713 0.774

Random Undersampling 0.867 0.839 0.908 0.872 0.871

Random Oversampling 0.948 0.917 0.985 0.950 0.954

o SMOTE 0.909 0.901 0.919 0.910 0.913
ADASYN 0.894 0.892 0.893 0.892 0.899

Random Undersampling 0.745 0.697 0.867 0.773 0.825

Random Oversampling 0.762 0.719 0.863 0.784 0.840

SVM SMOTE 0.763 0.717 0.870 0.786 0.842
ADASYN 0.740 0.684 0.876 0.768 0.812

2.2.6. BT REHHFEIRIF

ST SR B 1E Ve S IR N R IR, TINS5 R o HER . T BEHL A7 2R B sk
RPAE B B R BATRAE IR 3, 4 X AR S M K AR HE e N B & R o 5 LR B — AR AE S 2 (1 1
B, A KT %P AR B N TSR B b o BRME AR B R 4 -

1). 5 e SRR T SRR (O B, PR v 30 AR R AR B B AT B T HE S 5

2). FRRMIBR—NRRAEE B AR A i, 0 PR A AR R L SRRSO SR A 4

3). LHIAFRFESCR T, SRR RN, PR A A R
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Figure 2. Prosper: Model performance under different number of features
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Figure 3. PaiPaiDai: Model performance under different number of features
B 3. #8A5: FEFFHERE TIRERI

A A BT R B AR TS BRI ] REH IR KRR DAAE FIAR R I SR [R] o £% A 2 REIX T A
IR, RIEERE.

XF - Prosper $¥i4E, fxZkHL T feature_importance = 0.013602 1 J9BIE, XJi%BIE T 45 & (Is Borrower
Homeowner . Current Delinquencies. Income Verifiable. Income Range. Currently In Group. Public Records Last
12 Months. Investment From Friends Amount. Investment From Friends Count)#EATMIl%:, Fl&28 8 22 4.

XTI, BEE B R IR I, AR AR B BT, JF BAE 17 DMRHIE 4 Eet
NI I AR R A, DRI AN O A 2R A B g A7 I B

3. WENIGRER

FEARTTH, A EE T AP ISR B HE T A SRR AT 3%, P AT R R T B A .
PEAELL 3:7 HILL BRI 5 AR AR S I 24 . i8Id Python (¥ sklearn Fg (R HE [B] U . R SEMS A0 S 1) AL
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PR B A R AT U S5
3.1. &F Prosper L A&HIERYEBIET
FE TR AT 2 AL Ay ZH AT L, B RIBIA S HOR BSR4 Fs.

Table 4. Model tuning parameters based on the Prosper dataset

F< 4. BT Prosper HBREEREBER ST

it FRETT ZH
ZAEA] A SMOTE C=0.071
LR Random Oversampling random_state = 0, max_depth = 32
AR SMOTE Kernel = ‘rbf’, cache_siz e= 3000

ARG, 152 RE 4 BRI 5 Bk,

Table 5. Model effect based on the Prosper dataset
%= 5. ET Prosper HiEEIREIKR

T KR Accuracy  Precision  Recall F1Score  Auc  Time(s)
bR ACIpE| SMOTE 0.682 0.671 0.723 0.696 0.742 0.23
PSR Random Oversampling 0.796 0.758 0.873 0.811 0.795 0.65
SCHETENL SMOTE 0.712 0.677 0.798 0.732 0.784 74.78

BRI PPAFRbR 7T, PTUAE ], T Accuracy. F1, B4 AUC fEHJLANMERR I, YRRl i
R EAUHT, HOONSCE RN, Z R AR AR T 5B SRR MR T, IR ] AR
TRABNE, LT SAE RN 2 R AR R [B] (R AR R BN O] DU SRR S B, T
PRI B A2 A R3S B AR S o AR KIS [A) S 2 L, SBR[ B ok SR AR T BRI () 25 5
3.2. EF “4HALY” FaBmREENT

BET R UHE R FO A B S AT ML, AR SRS LS 6 PR

Table 6. Model tuning parameters based on the PaiPaiDai dataset

6. ETHPRHEENREBERSHK

] PREVIE ZH
AR SMOTE C=0.03
VSl Random Oversampling random_state = 0, max_depth = 35
A E L SMOTE Kernel = ‘rbf’, cache_size = 3000

ARG, BRI LRI 7 B

Table 7. Model effect based on the PaiPaiDai dataset
= 7. ETHASERENERYR

| KRET = Accuracy  Precision  Recall  F1 Score Auc Time (s)
BRI SMOTE 0.711 0.679 0.800 0.735 0.800 0.89
PR Random Oversampling 0.935 0.901 0.977 0.938 0.942 0.20
SCHEIREAL SMOTE 0.761 0.718 0.865 0.785 0.837 77.46
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5 Prosper Bt R AHEL, FEAEFIVETT T, V02 REMIL T SCHERENL. ZAREIBA, SRS A
TREE b R 1 EE B R R IA R T 0.935. FEI (AR L b, S4B AU U Sz 12 A [m] JH A0 R SRR
B, FERTMRRETE b, JERR R U T A P A

3.3. BAEED

ARATFET L OZ R R AT B B3 R B R R AT I 25 5 R Bl P RFE BB, 5 SRR
FIRFAE B EVEHEE, M TR BIFHE RN B LT AEMERRIR K. TR A R AE 43 751 44 8] U3 R A
FROE S EMERE T HES, 192 Prosper £ 45 b AR A R B B HER BT AL AR B 8 B .

Table 8. Prosper: Comparison of feature importance levels
%< 8. Prosper: 4FfEEEFZESTLL

AR REER
Borrower APR Borrower APR
Term Stated Monthly Income
Occupation Employment Status Duration
Loan Original Amount Available Bankcard Credit
Stated Monthly Income Investors
Credit Score Range Lower Total Trades
Employment Status Borrower State
Borrower State Revolving Credit Balance
Listing Category (numeric) Debt To Income Ratio
Total Trades Occupation

£ Prosper #¥E S, U PRI A 4G HRRAE H BEAE FE A = AR B AT 22 0, (R 5 N RHE R [ E
BAEA

o, 7R AR v B M A v O ARFAIE Y D9 15 R 2 (Borrower APRY), £ Prosper ~F- 5 Hi A i R 24 iy
Prosper W4t 4h th, VP 224 i AT ARS8 AR I AR R 26 . IR G A K R 26 70 Prosper 3 201X /54
AR ] B B 2 T -4y L

MER P s B 510, P BrE i (Borrower State) A K 24 i Rl (Occupation) i 9 25745 & 2 Tl i
Pt rh B B S SeVE Y . P BEERE 17T, W\ (Stated Monthly Income) BA K. 24 1ij 715 () 5% 3% 2 & (Total
Trades), X P 27L&t N il 9 2% B2 1Y) F Ao

TR LT R AR b AE A R AR B A HE A AT AL AR B K 9 R .

Table 9. PaiPaiDai: Comparison of feature importance levels

9. HIAGY: FHEERIZEXILL

fEr A Al A PR AR

1 (CEGIES (CEGIES

2 AR R

3 EEesSil P S R A
4 FHIAE i

5 P SR AE K S AR

6 FHAAGE EEesSil
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7 LS e iES P SE BRI S IR E
8 PATNAIE LS e iES
9 J73 Sk 3 I SR H sl
10 P SE BRI S IR E EIONT

FEAR IR S T, O PIRRLR [l AR E R R A R L 2, B 6 M IEE R
TR e B VB RN X AR R TC IR R AR [ I R AE DR RS 2 rh R f R
Z, AT B RBA TS A FOR . “HIRVFR” REE R, Wt Ui T I YIaa T
FASBAAT TN EE BEAEA, T AR “fEFOIRY FREFRERE. DI e
W7 CPSEER b P S E R R =R R B N N SN

34. BRI FER

ARHTRE T ESCE R AR R AT P R ARG . AR PUA B BOR R AR AT 1 bt
e, TEER TR ZE S, XA IR R vh R AR ) (B R B A R Rk . T e R RO
P 286 DU o PR A 8 3 40 RN S0 50K

AT A BIE P B A DU BRI AL, BT AR . T2 %) T Prosper $dlaRiE L 1 [81)H &
B R T 0.15 /9 10 NE, @I £ 1977 23 T Prosper @321 ER AT fEoR, 13 E1A RH]
FrEganiE 4 pros, PSR A 5 TR .

BniEr 1
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Figure 4. Non-performing user profile based on Prosper
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Figure 5. High-quality user profile based on Prosper
& 5. £F Prosper 9L R A AP ES
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Figure 6. Non-performing user profile based on PaiPaiDai
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Figure 7. High-quality user profile based on PaiPaiDai
E 7. ETHERNNRAFES

4, &5ig

ATy FE T E AN NI T 6 - Prosper M AR TE B AT TSR b, @I 2 SR AR )
R B SCHE R BV RLR AT E VP4, AP I DLt AT T, S HE B 5 S AR RV A 4R A R AT
TRRBCR XL, JHRIEHR LIRS R VIR R, SER 1 /MIEEAS B mR ) 2 m .

AT, TG PR =D T 418 -

1) fEH PP R HOR L AL

ARSI = SRR AR AT A DTl £ B R B Ty =SB ARUM BN 5« ST R LR R [ 33
MR T Z AR R, (BRTREIERAR, FHER, WNRERE RS, 8RR B R
AT ARRENE, FLIR A R BONUT DS R AE EE B, [N AT DO IR R R T4 TR AR R
TR [N IR R 2% A, (BB TN SRR T DR S RN S ) AU . DR SRS [T BAT I ] SR %
BARHIRE s, RIS RO = i A, RPNV T T it T2 AR BT . SR R IR
PR RRR IR . TIAESERRR T, 2R B C AU mT R, 9 4 52 245 PV PAS AR 2

2) BLRMA R

RS DA T IZ 8 0] R 3 [m] F) 45 REAT TR ZEVERI X EL, 193] 7 X L6 DR AR
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