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Abstract Online peer-to-peer (P2P) lending, which is a newly personal wealth distribution and
management system, has become a new type of financing mode for Internet users. P2P lending
platform allows borrowers to create borrow listing and investors to bid and invest borrowers’ listing
directly. In the P2P lending, there is a significant issue that is how to reasonably match borrowers and
investors and then allocate the amount of investors, so as to recommend low risk and high rate
investment decisions to the investors. This paper proposes a recommendation framework risk based
total surplus risk total surplus maximize (RTSM). which can solve the problem of allocating the
investment amount into borrowers’ listings. Specifically, we first propose to adapt various methods of
regression to evaluate default risk. Then, we give the hypothesis the surplus of investors and
borrowers under default risk which is based on the theory of surplus in economics. And based on this
hypothesis, we combine the risk assessment and investment recommendation to maximize the total
surplus under default risk. We apply the recommendation framework RTSM into two real-world
datasets (Prosper and PPDai). Finally. experiments and analysis indicate that RTSM can reduce risk

and improve the overall benefits of both investors and borrowers.
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Fig. 1 The framework of P2P lending platform.
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Fig. 2 The framework of P2P lending platform.
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Fig. 3 The borrowing process of P2P lending.
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1) Listings. fif 55 A @ 2 15 3% b5 19 2k 35 5 08 7
FEBE A BE 4. Listings 3 b 2 U8B A5 3N 9 1 B0 LA
LR A m IR AL Y R 8 2 U S 9554 Listing
L2 8 I — 2B A DY

2) Loans. {E3 bR LB LB R S5
bR B K 256 28 I Loan. Loans 2 Hh It W] T i 3K A
) 1 T L.

3) Bids. 24 ff 5 & A6 AR bR 19 )5, $#5T AT
PAXHE 3R 9 47 58 b« BT A 58 A 19 b 19 1) 3845 L
4 B f B AT AE Bids .

4) Groups. #FAL 2 B — LL 40 A A [F] 24808 a5 28 0
IR KR P A&, BHARA I HK
FRHFA B N B A 2 A D — S bR 9. BE ALY
SPBUREE T AL P E AR

5) Members. Members i 5% T 7 Prosper [
ui FEMBHPE R HPATRIA A5
By JF Hoal Re 3 — Al 2 A A

Prosper UG8 445 T M 2005-11—2012-02 11y
J A 38 Gy sk A AR B

R T A3 S A SRR B P2P A BRI L AR S
SR T A 00 RS Ry Ui 19 4 R BSCHE AFS 43 S A 5E 1Y
FROEAZS & BUE A 1 AR BUE B9 R AR A 5. A G I [A]
HFRAE B AR S5 R AR AR A S g 2 s i fE
S5 CAA-HRO B R KU (7~ 0) » Al B M . Group
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Rating(0~5 Stars) . &2 &I A 57~ (No, Yes) # #%
e B {E (0,1) . Prosper Rating 25 45 1F to, g 75 ¥t 1
T AR B EE.

&2 B s WAL B PROSPER %036 4 19
LEMINER 2 FiR. 3R 3 J& Prosper B ¥R 4 10 48 br Pk
B,

Table 2 Prosper Dataset Feature Description

% 2 Prosper HIEEFEHA

Type of Feature Variable Type Description
Amount Funded Decimal ~ The monetary amount of the listing which has been funded.
Borrower Rate Decimal  The final interest that the borrower will pay if the listing becomes a loan.
Term Integer  The length of the loan in months.
The category of this listing. The category is one of the following numerical
FOL values: 0—Not available; 1—Debt consolidation; 2—Home improvement;
’ 3—Business; 4—Personal loan; 5—Student use; 6—Auto; 7—Other; 8—Baby
Category Integer &. Adoption Loans; 9—Boat; 10—Cosmetic Procedures; 11—Engagement Ring
Financing; 12—Green Loans; 13—Household Expenses; 14—1ILarge Purchases;
15—Medical/Dental; 16—Motorcycle; 17—RV; 18—Taxes; 19— Vacation;
20—Wedding Loans.
Listing Status Boolean  The status of the listing is one of the following values: 0—Paid;1—Defaulted.
Images Boolean  Photograph certification: 0—no;1—yes.
L A three-stage indicator based on Prosper’s verification of the borrower’s
Verification Stage Integer X . .
information,0~3.
. . The debt to income ratio of the borrower at the time the listing was created.
FOB Debt To Income Ratio Decimal . .
This value is capped at 10. 01.
Specifies whether or not the borrower has is a verified homeowner at the time the
Is Borrower Homeowner Boolean o
listing was created: 0—no;1—yes.
Credit Grade String Credit grade of the borrower at the time the listing was created.
Group Rating Integer  The group rating of a group following values,0~5 stars.
FrdN Integer  Number of friends of the borrower.
FOS A_FrdListN Decimal  Average number of listing from friends.
A_FrdListSucPct Decimal ~ Average ratio of success listing from friends.
A_FrdBCredit Decimal ~ Average score of friends’ credit grade.

Table 3 Statistics of the Selected Prosper Dataset
%X 3 Prosper BIIEEZFIEIR

Expected Return

# Lenders Default Rate/ %

# Listings # Biddings # Total Amount/US$

Minimum Rate/%  Maximum Rate/%  Average Rate/ %

49789 60373 23857678 304338314 0.01 49,75 19. 89 56.7

412 AFATE R 4R 3) Bid Info. i A KA 1 AR 1 Ja » BB

MmIn s Ecds £ 2 b 4 5K 3% List Info, User
Info,Bid Info,Friend Info.

1) List Info. fif J5 @ = A5 35 b 19 o 55 5 0F 5 §2
PEATE . A5 PR 4 v 2 UL A8 J7 B0 19 00 FN SR 4 TE
EA i)Y SN PS P AR E S S T NN
B AR OF L AR KRR R L TE AR A0 SE B ik sl
M id A List Info 3.

2) User Info. ic 3R 7EFAFADE W3l F 3 W9 HI P
R PRI DB S0 I H ARSI A
— RN A.

A LA 3505 1 BE AT 56 b o T A 56 A 19 B 19 R S 45
BRI 85 B AR AEAE Bid Info 1.

4) Friend Info. ZEFAFIBE M 25 I H P o] LLE Jingf
J 53K 5 e AL F ORI 4 IR A TD A i) 452

R & T M 2007-06—2011-06 1
FIif 22 G sk A PG B

IR T 40 A P2P i B2 5040 vh & 48 58 iU A K
TLRR BT A3 A SCHI R T b 0 AR 2 g T b 19 4 8 2K
T AR 43 ASHE 56 0 5 AE AR B BO(E A T AR B A AR
AEAZ 5. A DG [H] L BRAE B S A R S5 RRAETE AR
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SO g, b A R AR AT AL B — > 8 b
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Table 4 PPDai Dataset Feature Description
x4 HMERYPEEFRMAL

Type of Feature Variable Type Description
Amount Funded Decimal ~ The monetary amount of the listing which has been funded.
. The payment option is one of the following numerical values: 1-—monthly
Payment Option Boolean
repayment; O—due repayment.
PPDailR Decimal ~ The final interest that the borrower will pay if the listing becomes a loan.
Loan Duration Integer  The length of the loan in months.
FOL Vouch Boolean  The guarantee state is one of the following values: 0—no, 1—yes.
The category of this listing. The category is one of the following numerical
. values: 0—no category; 1—debt consolidations; 2—home improvement; 3—
Loan Category Integer . .
personal loans; 4—business loans; 5—student loans; 6—automobile loans; 7
other loans.
Listing Status Boolean  The status of the listing is one of the following values: 0—Paid; 1—Defaulted.
Gender Boolean  The gender of borrower, 0—male; 1—female.
Age Integer  The age of borrower.
EduStat Integer  The education level, the higher the score, the higher the degree.
MrgStat Boolean  The marital status, 0—unmarried; 1-—married.
CldStat Boolean  Indicate whether the borrower owns a child, 0—no;1—yes.
IDVertification Boolean  The identity verification,0—noj;1—yes.
FOB
Cellphone Certification Boolean  The mobile phone certification, 0—no;1—yes.
Education Certification Boolean  The education certification, 0—no;1—yes.
Video Certification Boolean  The video certification, 0—no;1—yes.
Credit Grade Integer  Credit grade of the borrower at the time the listing was created.
LCreditS Decimal ~ The score of investing credit grade if the borrower has a role of investor.
BereditS Decimal ~ The score of borrowing credit grade.
FrdN Integer  Number of friends of the borrower.
A_FrdListN Decimal  Average number of listing from friends.
FOS A_FrdListSucPect Decimal ~ Average ratio of success listing from friends.
A_FrdBCreditS Decimal ~ Average score of friends’ borrowing credit grade.
A FrdLCreditS Decimal ~ Average score of friends’ investing credit grade.

Table 5 Statistics of the Selected PPDai Dataset
#x 5 PPDai H{IEBEZRFIERR

# Listings # Lenders 4 Biddings

# Total Amount/CNY

Expected Return

Default Rate/ %
Minimum Rate/%  Maximum Rate/%  Average Rate/ %

10428 3200 294031

67392379

0.01 27 17. 27 32.7

4.2 RXBEiEfELR %
BTk E L%

RESH

o B4 T Ak Y H g 4R
R YA 2 A AR A sk L )1 R A o ML BB A
HaHE (¥ 8024, 7 20 V0 I il RE AR H2 36 FAT] 43 S Aok

Forests) . GBDT 4§ J7 i X Il ik A 1E
T W A A T A 0

Horr AT R AUC {H A1 Accuracy {EVE R
DU PAk S22 56 08 PFAfr 48 A BRI 55 07 X an =X (14)
A (15).

GE2=hEN

F T KNN (k-nearest neighbor) . DT (Decision Tree) .,

NB (Naive Bayesian), LR, ANN, RF ( Random

El(y, = f(x).  Ab

1:1

Accuracy =
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Hop N BB AR T RSN R B y= £ (o) it
1.0 o.

1.0

IR ATAT B BT A A ) B R S B0 L RATTAT L
PO B — A A S0 e . 1] 4 R S R TAE
Prosper % 4l £ Fl 411 471 0% % 48 4 [ & > 818 1Y
Accuracy, AUC fH. iX H b, GBDT % % Jo it
Accuracy & AUC K& 18 2 A5 5 E# O i
.

80

75.97
74.96 74.89 74.83

-
ol

71.79 72.16

69. 45

Accuracy/%
-
(=)

o
(92

60

KNN NB RF GBDT LR DT ANN
Models
(b) Accuracy

Fig. 4 The prediction performance of assessment Prosper dataset.

4 7F Prosper £ 4 I 45 A5 AU i Fo000 ¢ B

2 M+ M)
rank; — #
AUC — 1€ positiveClass (15)
M X N ’
Hopr M OB IERBEARECH N B REARNEH.
1.0
0.8}
L
é - Rondom
2 067 — KNN(4UC=0.78)
a — NB(4UC=0.76)
£ 0.4} — RF(4UC=0.79)
] — GBDT(4UC=0.84)
= — LR(AUC=0.83)
L DT(4UC=0. 83)
— ANN(4UC=0. 83)
0 0.2 0.4 0.6 0.8
False Positive Rate
(@) 4UC
1.0
0.8
2
é - Rondom
2 06 — KNN(AUC=0. 83)
@ — NB(4UC=0. 82)
£ 0.4} — RF(4UC=0. 89)
] — GBDT(4UC=0.92)
& 0.2 — LR(AUC=0.87)
: DT(AUC=0. 88)
— ANN(4UC=0. 85)
0 0.2 0.4 0.6 0.8
False Positive Rate
(@) 4UC
Fig. 5
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B
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The prediction performance of assessment on PPDai dataset.

FS5 FA9A DY RO R 1A AL A TN 2 B

Table 6 The Accuracy and AUC on Prosper Dataset and

PPDai Dataset

R 6 Prosper BIEEMMM BT HEE EXEREY
Accuracy 1 AUC 1€
Dataset Prosper PPDai

Evaluation Accuracy|%  AUC  Accuracyl%  AUC
NB 69. 45 0.76 69. 64 0.82
KNN 71.79 0.78 79.33 0. 83
ANN 74.89 0.83 79. 66 0. 85
LR 74.96 0. 83 80. 96 0. 87
DT 74.83 0. 83 83.41 0. 88
RF 72.16 0.79 85. 04 0. 89
GBDT 75.97 0.84 85.95 0.92

% 6 Fros . % T Prosper 3t 4 ,GBDT & &
R . TE Accuracy J5 T8 > b H AR B 55325
BT 1. 3% ~9. 4% 78 AUC J 1 » Ho H Al 5 vk 32 755
T L. 20~100. X P EE & . GBDT H ik [H
PRI U1 A Accuracy J7 . e H AR T+ T
1.1%~23.4% ;48 AUC )51, GBDT £ 3 1 HAfth
BEEET 3.3%~12.2%.

4.3 BRABEHEIHUER

AT 8 T ok B b E R SE RN 44 /) P2P
&G S 14058 Prosper 19 2 506 8 R -4 3%
A7 4 e A A4 1) R R

TR B, FATT P SR A (0 5 1 T 37 3003
FRAT I HL T LS 4 A A3 I (Actual) /F S B HE. 43
B T RSTM kMl TSM B3 By 45 1, 3% 2
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XPEATHEAT T AR o A

N TR A A BATEE T AR AR
1 AR 30 R S35 [ IR 2k 4 ) A S 45 A
AR JC XU A R BAR B an sk 7 o, P2P A5 BF A9 5
FIRMAE TS RAZB T -

TS= > >(Q,; (1 —Default;)ratef™ —ry,.)» (16)

i=1 j=1

Horp Py B — AR 0 T KBS B 35 De fault; 3K
PIRSLPRE L) 5 4 Default; =1 WRIRFEL
De fault; =0 WFEKREAEL.

%5431 8, Actual, TSM, RTSM 1 7 % % #t
CRE A (ED I 25 R an 3k 8 .

F8MEIRAILIE AT HY RTSM HE 42 78
Prosper B4 4 v, S 900 A 0 (6 F1 B — 28/ B — PR AL
4 B T A A (EAT B SE PR BRI T 28. 46 %6, B —
B G T A ARAS A R A AN US $ 0. 043 4 $25
F) US$0. 0558, iXRPFLATHRA T % & 1 80%. 7
FOHA GE RO B v o SR A (B RN B — 2 — B 4
BT A (S AT LSS PR AE B T T 9. 44 %0, 4 — B4

ST LR AT 09 R A% fE L CNYO. 1019 42 71 %1
CNYO. 1116, [F £t 52 Tt 1 5% 4 B9 2. 5 ANl
AR Al g TSMOHE AR L, AT RTSM 4% o
DA S 14 368 RO A XU B B ) 7 3+ O LA R B i 28
iE7/] -
Table 7 Risk Free Interest Rate in China and US
£7 HEERNBRAEE

Risk Free Interest Rate/ %

Year

UsS China
2005 3.22 2.07
2006 4.97 2.52
2007 5.02 3.465
2008 1.92 3.06
2009 0.16 2.25
2010 0.18 2.50
2011 0.10 3.25
2012 0.14 3.25
2013 0.11 3. 00

Table 8 Results on Total Surplus with RTSM, TSM and Without Framework
& 8 Actual TSM.RTSM {ER T BRI KM EF AR KN E

Prosper

PPDai

Dataset

Evaluation TS/US$ (TS/Listing)

(TS/capita)

Default Rate/ %5 TS/CNY

(TS/Listing) (TS/capita)

Default Rate/ %

/US$ /US$ /CNY /CNY
Actual 13216721 265. 45 0.0434 56.7 6870562 658. 86 0.1019 32.7
TSM 16 865283 338.74 0.0554 56.5 7517 381 720. 88 0.1115 32.5
RTSM 16977759 340. 99 0.0558 45.3 7519358 721.07 0.1116 25.3

[ FRATTIR 50 M7 1 FH RTSM i 2 HE 42 i B
e LU T 0 KU B 18 B AT T A TSM
FI RTSM HEZETC & N A 3Chn 1Y 35 29 26, 7F Prosper
v, S2 bR T 2 % R 56.7%., TSM [ 35 249 % Wy
56.5% .1 RTSM (35 295 H A 45. 3%, L SZBR 9
TR T 11,4 % 5 M FEHA 40 58 b, 52 Br b 29 %
N 32.7% , TSM i 25 % 2 32.5% .1 RTSM (1
BRI 25.3% BRI T 7. 4%, BB RTSM 47
RCH AR T T 3 P i XU

5 HFRiE
KI5 B TR R G I 5] A B B ok

P TH V20 B (%) S0 v A M L 61 40 RMSE, MAE 45,
(HRRAR DA SCR AT A A Rl 09 B bR [

o AR M AT S T S 2257 O HLUEE ATl fif Rk,

AR SCHE T IR £ o) 0RO 28 5 o I A o T —
AHTHETRE R G HE 2. #E RTSM HESL b, 3R AT 58 43
H8 T P2P VAT A R R AR R T A T 5 A
HE 2 AR R — XU 5 e AT e
KA BN A1 B8 T« Wi 4 de K AR I8 AN A2 LA 2
HSLT G T AL BT LG TCT XU PP A . A [R]
TALGE R AR VAl i T L 5 28 56 0BT B0 8 T 46
W FATRHLA 27 > 18 B AR 58 XU DAY - i i
Sl LU . GBDT AR Al LLAR Gl S g KU
B S5 R ARG IR B D0 T - AT 8 voE ST 4%
BENTI AN A AN R AN (B O B T3 —
SR T BT A A E B AR 4R L FRA T
E T 25 BB WU B 1 B0 T o 1A KU DFAdi X 8 A>T 37
(A 28 B A TR T
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P2P 5 5% Z GeAE Ry T 41O 2456 11 4 T 1 £ % A
PERL B AR 2 AN R 4% 56 09 4 A 0F 1 fE 4
VRS s BB T P2P fEBEF & A B 1 XU 32 1) A %
JEERNB R R 05 BORXEFR . P2P B AR T
AND )R AT 3 Ay e (E AR FR AT i —
ST

D) BT RBE 4> 19 P2P A5 4% 4 Rl XU 42 7

P2P 5 HF o (8 KU AN A B A 50N 09 35 29 XU
B B — 2 2 RS 2% 0 KU S A FE A FH XU | -
3 KU A JRUR: 55 B T KB 43 A @24 & P2P
i BRASE = B KU 42 1 o 25 R 4R T P2P 5 B2 °F & %
7 ) B

2) FFITRH AR T P2P K OB T4

FEHEAT N — ELIRAT N & Rl b i 3 225 L A
HERXIFR B P2P A5 BE AT, X — B4 G o i A,
X P2P A SR 5 B A% 3 5 FEREAT A 4 A, AT
DA S 8 0 4 R B AL ik — ) AT DA % g Al B
P 5 0% AR AR B 1 A R D& I

3) P2P {Eh¥ 5 v 4 & e 77

PG A5 AT AAR G b o3 S0 98 N B XU 22
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