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Abstract This study investigates the effect of the semi—supervised learning(SSL) method on predicting
default risk of peer—to—peer(P2P) loans. Despite its proven performance, the supervised learning(SL)
method requires labeled data, which may require a lot of effort and resources to collect. With the rapid
growth of P2P platforms, the number of loans issued annually that have no clear final resolution is
continuously increasing leading to abundance in unlabeled data. The research data of P2P loans used
in this study were collected on the LendingClub platform. This is why an SSL model is needed to predict
the default risk by using not only information from labeled loans(fully paid or defaulted) but also
information from unlabeled loans. The results showed that in terms of default risk prediction and
despite the use of a small number of labeled data, the SSL method achieved a much better default risk

prediction performance than the SL method trained using a much larger set of labeled data.
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1. A& Ol E W8k ool Al d&5d 77t Holo] th=o]
PATE F3l ASH AT [3-5]. 2} AA HYG 3
PZP(Peer—to—peer) &2 AFH o= G878 oA XEslgel dash HolEo| A4 dolgrt 75
A 3] O FF ARAE F871E 1Y §lol & g A uiiEola, g BEAoR Ho)Ee] AHd
QoA ZIRIZE tlES S/NalF= HEA 7|9ke] 55 dlolElE Akt AlRte] Wol 4£8% 1 Hlgou} 2}
HW2olt}, &3 Z A (collaborative economy) & W& Q9] AR Q8| SL HHS g835le] oS 2Zds 5
2ol F§ 0 Aol Mulx el PP tiEL AE S|l e oy o] EAE.
2R1 TR} H’% H}O]e FNelTE 56 *131’\‘4 53] P2P tj&3 2ol N2 =¥ a-5AH 2 Fof
7 Bgo] el Z Yol 39tk F87198e o 53E doly Ut dA vEe] W& Folnz
SNl wE 17}-‘4 *1 H|2<7F Z23 7|Rke] A" = A 13 =2 b A& 59 AT o8 Avprt 24
2 BiAE Zlolth "Bl F87|Fe] AFsld 58 HA 7] @il golEe] AXE vE AgE vl
ARlzET giE oAbAA o] w25l frAdsh Hgo] 4 A2 Adgolth 01 A9 Ao A4S &l
Ay mebA AlagddA a8 ARlEE AR 318 FRA AIES viAlslaL glolEo] A4H AlEERE
Eohs ARFEOARE diEe] 3185 gtk 23y 5§ o2 SL WS &E3te] AFE FasteigiE 2 o
713Ee] U AdA Faetd 98 HrE 3 o) A Felx e dlolEe] AAER] @2 v AH-IEZA 2
QA oz F§ A o] F=53 RIS 9oste] 21l g}kalo] =X =8H5(SSL: Semi—Supervised Learning)
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[14] 5& 23] @l FAlolth P2P th&& A1)
Ape] B} FEAAe] 2ee) S wejsiel F714
9 A% aavt BEAT FARE 2R TAE 919
of thE2 HBT ATAZ HBF 5 Q= AF A

2 BAY (social network) Bz AHE2 FAA A F-#|
o} AR} Tkl SIS AR HAS op7sla [12], F
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behavior) & & e} % gtk [10].
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Skl 53T Weiss, et al. [14]+= &
g A3E 2913 dE9 HF oSS 44

&= Qlof] tigk A5 =33} ). Serrano—Cinca,
=

et al. [12] P2P tjZo] AEH <l diZ A17d<] 218 A
g oin] QA A18-S 7Nt 2 ES Agshs W]
zfolnk Ql& WolBE Y FEo|d s dSehs Q4E F
A3HAl P2P A1) AlF-Eolel 919-& skt &8
5= lokar FAESIch AT A Azt &5, UiE F
A, 218 old, Al FA 43 5 22 8%lo] Fn
g AR ZEFHQIS P2PUIE SHEe] Fold SH=
AF-Eold oSl Foujg 2ol Ge, et al
[15]5= diEAte] Admt]o] AR} Ego] AFAte] A
Eol3) 7FsAel digt &3t ¢S maela 3319
T AET} AFEo18

&

Table 1. Summary of Previous Research

Researcher | Data source Research methodology
Herzenstein, et Prosper Multivariate regression
al. [1] Sp Logit models
. Chi—squared & T—test
Serrano—Cinca, et . .
LendingClub Cox regression
al. [12] Logisti .
ogistic regression
Non—parametric test
Emekﬁg]et al. LendingClub Binary logistic regression
Least square regression
Weiss, et al. Prosper Multinomial logit regression
[14] Sp Standard OLS regression
Greiner & Wang Prosper Elaboration likelihood model
[16] P Hierarchical multiple regression
Support vector machines
Logistic regression
Costel[l;gi& Lee LendingClub K—nearest neighbor
Random forest
Deep neural network
3 -
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3} ] -‘?4?'?} AFE —’FEE }OﬂE‘r Rosenberg,

+ K—-NN(K—-Nearest Neighbor)Z} SVM
(Support Vector Machine)©|t}. o] ¥ 72 SSL&
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Fig. 1. SSL Process based on Self—training Algorithm
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Table 2. Description of Research Dataset

Learning method SL SSL_1 SSL_2
Defaulted = 6,224 3,052 1,213
Labeled = Fully paid 18,430 9,275 3,718
i data set Loans
rain set § 5
defaulted 25.2% | 24.8% 24.6%
Unlabeled _
data set ratio 0% 80%
Defaulted 1,622
s i 5
Test set Labeled = Fully paid 4,541
data set Loan
oans 26.3%

defaulted

ENPASEAE PEA] 97 %
& UEFS oFg 717 ol B A8 v

=91 “AA (Fully paid)” 15202 423511

#3E LendingClub °JT/<].o] Eof

SSL_3
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1,867
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Table 29} o] & A7-9]
9%k HF vlolE] AMEe= F 30,835719] Hlo]E]7k
o] QlaL, 58 80%, HIAES 20% = T4 5o
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Table 3. Definition of Variables

Variable Definition

Status of the loan

Output | “pefauited” or “Fully paid’
Loan Characteristics

The listed amount of the loan applied for by the
Loan Amount
borrower
Term The number of total payments on the loan
LendingClub Assessment
Interest Rate = Interest rate on the loan

Loan grade assigned by LendingClub ranging from A

Gr A

rade to G(the riskiest)

Verification | If the income was verified by LC, not verified, or if
Status the income source was verified

Borrower’s Characteristics

Employment = The number of years the borrower has been with

Length his/her current employer
Home The home ownership status of the borrower during
Ownership | registration

Annual Income The self—reported annual income of the borrower

The total of all the borrower’s liabilities divided by

Debt to Income his/her gross monthly income

Borrower’s Credit History

Revolving The total of the borrower’s credit that goes unpaid at
Balance the end of a billing cycle

Revolving The amount of the borrower’s credit used compared

Utilization | to the total amount of credit available

Delinquency 2 The number of 30+ days of delinquency in the
Years borrower's credit file for the past 2 years

Inquiries Last 6 The number of inquiries by the borrower in the past
Months 6 months for a credit

The number of the borrower’s derogatory public
Public Records records (financial obligations that were not paid as
agreed)

The number of open credit lines in the borrower’s file

Accounts Ratio| y;i404 by that of all the credit lines

Table 3¢ 170¢] ZFH<=(Output) 2t 15718 ¢
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52 AASIGY, B3 U5 F 5, AR 5 5 3
Aurk £ WeEg AASI

Fou Bl AR W BAS Fasig vl
W AR Sasel S B A4 el B
OASE ) RS Fase] i FAANS
SRRIsT), Soje e B4 A3 oiEFy S} g

2 A= p2p EH% T Af-Eold of ol gk #lo]
= dlo]e ] u]Eol| wz}h SSL 7|Rke R
3 TSR d S dRlshs v 85
T}, Table 3—6- SL¥} SSL 7|ko.2 5 Hw9]d
=3 99| Precision Recall Curve(PR Curve)eol <]
3k 3= (Accuracy) 9ol M7= (Sensitivity ) 2F 5]
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Table 4. SL Model Performance in Test Set
SL base learner DT RF XGB
Accuracy 65.5% 67.1% 71.2%
Sensitivity 50.1% 56.6% 39.2%

Specificity 71.2% 70.8% 82.6%
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Table 4= SSL 29| A5 H|wE fJ3te] 753t 9
AFARUE(DT), Random Forest(RF) ~L#]al Extreme
Gradient Boosting(XGB)& 7]HFo & &+ A 7}x] 7] &
5715 Sgsle] 753 SL REle] Ayjol), Aok
= 713 57 T XGB7F 71% = 7F =2 A9E 1
QA AT E 39%% 7H Sk

Table 5—7-2 SL& 93k 2] k54 dlolE] ZF 70%,
80%, 90%2] ERHAFE 2HAsle] SSLE wdls &3
o] o]Eo] AAHA 2 o]y H|Ed w2 2o
A5 vashr] 8 vlolel AE SSL_1, SSL_2,
SSL_3& AHg-3te] FAg mdle] Azjolrt. mig]a 7}
dlole] MEL SSLE 913 Al 71%] 713 &57](DT, RF,
XGB)o] AFEERom R = 97)2] SSL ®dlo] Ak

Table 5. SSL Model based on DT Performance in Test

Set
DT
SSL base learner
SSL_1 SSL_2 SSL_3
Accuracy 63.3% 63.4% 63.4%
Sensitivity 63.4% 64.7% 62.0%
Specificity 63.3% 62.9% 64.0%

# HlolE nlgol] wh} g, Wik
62%~64%%tt. DT 7|9+ SSL RS- #lo]Eo] 24 Y
o2 dloly &} wARlo] A =

A Fths 2le Boleth

Table 5¢] DT 7]%}F SSL 29le] A9 glo]Eo] 24
Eo A=l
]

Table 6. SSL Model based on RF Performance in Test

Set
RF
SSL base learner
SSL_1 SSL_2 SSL_3
Accuracy 64.1% 64.9% 65.2%
Sensitivity 65.3% 58.3% 58.0%
Specificity 63.6% 67.2% 67.7%

Table 69] RE 7]9F SSL Zdlo] Ao 3w o} Eo]
T glolEo] AAE A ¢ dlo|E Bl&o] 70%~90%
7kl whEbA tha STFSIAAIT, Wi eE dlolEe]
AAE A k& dlolE H|&o] 80%, 90% = FolR|HA]
65%°14 58% = A SrolA

Table 72] XGB 7|4}k SSL 29le] 7% RF 7|4t SS
R ghe] Jgee) Bolw Wi Ho|Eo] AA A
2 7

2 dloJE] H]E0] 70%~90% ZF7Vaol weka 7hAas

=

Aoz vttt e dlojEe] A4 E 10% vl&9
SSL_3 Hlo|E & &5t mule] WI7FET} 66% 2 Ve

31, o]= 9719] SSL¥ 370] SL ®Elo| o3 4k
e F 7P =& gholth o= XGB 714k SSL 2o
P2P ti& AlFellA F= f19s Ashe ol Aot &

chaL S E 9l

Table 7. SSL Model based on XGB Performance in Test

Set
XGB
SSL base learner
SSL_1 SSL_2 SSL_3
Accuracy 66.0% 63.3% 62.6%
Sensitivity 61.0% 65.0% 66.2%
Specificity 67.9% 62.6% 61.4%
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e
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