61- (% X% {i 2020 1

*
?
2018 0. 49
2018 12. 05
6. 85 o 2013 2018
* N N N 1100083

o FICO

: wangzhw@ pbesf. tsinghua. edu. cn

zhoucy@ pbesf. tsinghua. edu. cn  liaol @ pbesf. tsinghua. edu. ¢cn zhangwq@ phesf. tsinghua. edu. cn.

(71472100 71790591 71790605)
@ : . .

°

149



2014;

N N . 2018 5
p2p N
o FICO
8.6 3.5 o

( Berg et al. 2019; Duarte et al. 2012;
2015)

[13 ”

o Stiglitz & Weiss ( 1981)

@
150

https: //www. myfico. com/credit — education/whats — in — your — credit — score/ .



61- (% X% {i 2020 1

( Pagano &
Jappelli 1993; Padilla & Pagano 1997) . Jappelli & Pagano ( 2002)

o

( Doblas — Madrid & Minetti 2013; Giannetti & Jentzsch 2013) .
» Barron (2003)

( 2004; 2010) , 2008
» Garmaise & Natividad (2017) FICO

S

o ~

o Karlan & Zinman

(2009)
Dobbie & Skiba (2013)
o Agarwal et al. (2009)
Teletrack
Teletrack
FICO
( 2015) . pP2p N N
( Duarte et al. 2012;
2014; 2014; 2015) . Berg et al. (2019) “
7N 7 “ 7 FICO
Agarwal et al. ( 2009) FICO
Teletrack °

151



()
2016

[13

2: “

152

”»

[43

”»

»

”»



61- (% X% {}; 2020 1

3: o

()
1 2, Probit
Prob( Default;) = ®(a + Bwith_credit, + yX; + &,) (1)
Default, with_credit, “ 7
1 2 43 » R Xl
o & o
o Probit

Prob( Default;) = ®(a + B,bank_credit; + B,huabei_credit, + yX; + &,) (2)

“« ”»

2014 9 2017 7 10000

0 10000 5428

153



2017 4
o “ 7 2015 4
2015 5 2017 4 3814 o
(
1.
60 ( default =1)
( default =0) ; ( overduedays)
(od) . (0d5) . 30 ( 0d30) . 45 ( 0d45)
2.
( #creditcard) ( creditcard)
creditcard 1 0.
3.
“ o “ ” (hb
credit) “ ” ( hd) 0 1 0;
4.
( amount) . (term) . ( rate)
10 highrate
highrate 1. ( male) . (age) .
( highrisk) A-F D-F  highrisk 1
( tierl tier) o
1 o 1371
o 19% 26 18% 40%
o 53% 1 65% “ 7 .
( Agarwal et al. 2009) .
1
1% 25% 75% 99%
default 3814 0. 31 0. 46 0 0 0 1 1
overduedays 3814 27.19 27.28 0 0 14 60 60
creditcard 3814 0.53 0.5 0 0 1 1 1
#erediicard 2020 3.26 2.48 1 1 2 5 11
hb 3814 0. 65 0.48 0 0 1 1 1
hb_credit 2496 3097.24 | 3230. 18 18.92 1000 2000 4000 14500
amount 3814 1370. 59 1102 97. 45 600 1000 1800 5000
term 3814 5.11 3.8 1 2 3 6 12

154



6& (% X% {i 2020 1

1% 25% 75% 99%
rate 3807 5.92 2.49 1 4 5 8 10
male 3814 0.79 0.41 0 1 1 1 1
age 3814 | 26.34 | 5.37 19 2 25 29 43
highrisk 3814 0.4 0. 49 0 0 0 1 1
tierl 3814 0.18 0.39 0 0 0 0 1
tier2 3814 0.4 0.49 0 0 0 1 1
2 o “ oo .
7 “ ” o
“ ” “ ” 7.5 “
7 “ ” 9.6
2 o
2
t
(1) 0 0 752 0.20 0.356 | (2)—(1) 0.025 0.96
(2) 0 1 566 0.15 0.382 | (4)—(3) 0. 005 0.26
(3) 1 0 1042 0.27 0.280 | (3)—(1) | -0.075™ | -3.41
(4) 1 1 1454 0.38 0.286 | (4)—(2) | -0.096™ | -4.17
()
(1) o
3 o
3
- default (1) (2) (3) (4) (5)
i 0. 000 ~0.007
(0.042) (0. 046)
vt ~0.020™ -0.015
(0.009) (0.010)
creditcard_large -0.1277
(0.052)

155



> default (1) (2) (3) (4) (5)
0. 054
creditcard_other
(0.051)
-0.036 -0.035 -0.036
log( amount)
(0. 026) (0. 026) (0. 026)
0. 042 0.041™* 0. 042
term
(0.007) (0.007) (0.007)
0. 078 0. 080 0. 081
highrate
(0.053) (0.053) (0.053)
0.258™ 0.257™ 0.268 ™
male
(0. 055) (0. 056) (0. 056)
0.019™ 0.021 ™ 0. 020 ™
age
(0. 004) (0. 004) (0. 004)
o 0.510™ 0. 503 0. 505 ™
highrisk
(0. 046) (0. 046) (0. 046)
, -0.111° -0. 101 -0.113"
tierl
(0.062) (0.062) (0.062)
) -0.080" -0.075 -0.085"
tier2
(0. 048) (0. 048) (0. 048)
—0.488™ -0.453™ -1.362™ —-1.392" -1.390™
constant
(0.031) (0. 026) (0.211) (0.212) (0.212)
3814 3814 3814 3814 3814
R’ 2.46e —08 0.00111 0. 0545 0. 0550 0. 0558
ok 1% 5% 10%
0.02 5%
(43 » [43 ”»
o creditcard_large
N N . @®
1 0; creditcard_other
©) 2019

156



61- (% X% {}; 2020 1

1 0.
o 3
o creditcard_large -0.12
creditcard_other
()
o 4
143 » 1 % R
« » ( 2) o 3 ”» 13
0.15 o 4
“ 7 5%
" ( creditcard_large) “
(2) 5. -0.022 1%

5%

”»

”»

113

5%

157



> default (1) (2) (3) (4) (5)
i -0.2327 -0.121™ -0.1227 -0.114™ -0.113™
(0.044) (0.046) (0.046) (0.0406) (0.046)
0.010
creditcard
(0.047)
-0.012
#ereditcard
(0.010)
-0.116™
creditcard_large
(0.052)
0. 062
creditcard_other
(0.051)
-0.035 -0.035 -0.034 -0.034
log( amount)
(0.026) (0.026) (0.026) (0.026)
0. 041 0. 041 0. 041 0. 041
term
(0.007) (0.007) (0.007) (0.007)
0.078 0.078 0. 080 0. 081
highrate
(0.053) (0.053) (0.053) (0.053)
0.255™ 0.255™ 0.255™ 0. 265
male
(0.055) (0.055) (0.055) (0. 056)
0.019™ 0.018™ 0. 020 0. 020 ™
age
& (0.004) (0.004) (0.004) (0.004)
oo 0. 492 0. 492 0. 487" 0. 489
highrisk
(0.047) (0.047) (0.047) (0.047)
- -0.104" -0.105" -0.096 -0.108"
tier
(0.062) (0.062) (0.062) (0.062)
- -0.073 -0.074 -0.070 -0.080°
12
o (0. 048) (0. 048) (0. 048) (0. 049)
-0.339™ -1.286™ -1.282™ -1.316™ -1.314™
constant
(0.035) (0.212) (0.213) (0.214) (0.213)
3814 3814 3814 3814 3814
R’ 0. 00578 0. 0559 0. 0559 0. 0562 0. 0570
“« ”
“ ”» ?
”»
3715 720

158



61- (% X% {i 2020

1

217
[ ”» 7 R .
« )
o 7
5
> default (1) (2) (3) (4)
) -0.038™ -0.023™ -0.022™ -0.022"
log( hb_credit)
(0. 006) (0.0006) (0.0006) (0.006)
0. 024
creditcard
(0.047)
-0.009
#creditcard
(0.010)
-0.105™
creditcard_large
(0.053)
0. 069
creditcard_other
(0.052)
-0.033 -0.033 -0.033
log( amount)
(0.026) (0.026) (0.026)
0.041™ 0.041™ 0.0417
term
(0.007) (0.007) (0.007)
0.078 0. 080 0.081
highrate
(0.053) (0.053) (0.053)
0.253™ 0.252™ 0.262™
male
(0.055) (0.055) (0.056)
0.019™ 0.020™ 0. 020
age
(0.004) (0.004) (0.004)
o 0. 479 0.475™ 0.4777
highrisk
(0.047) (0.047) (0.047)
) -0. 101 -0.093 -0.103"
tierl
(0.062) (0.062) (0.062)
-0.072 -0.068 -0.077
tier2
(0.0438) (0.048) (0.049)
-0.305™ —1.264™ -1.297™ —1.295*
constant
(0.034) (0.212) (0.214) (0.213)
3814 3814 3814 3814
R’ 0. 00931 0. 0576 0. 0577 0. 0584

159



() 3715 720. 57 1609. 95 450. 65
3715 216. 99 265.35 148
() 3715 27.44 18.93 24
7
tdefault | (1) (2) (3) (4) (5) (6)
—-0.045 -0.196™ -0. 060 -0.153™ -0.047 -0.136"
(0.0064) (0.068) (0.062) (0.071) (0.061) (0.074)
0.016 0.019 0. 069 0.013 0. 028 0. 140"
(0.067) (0.067) (0.065) (0.070) (0.064) (0.073)
1851 1963 1869 1945 1891 1923
R? 0. 0549 0. 0582 0. 0441 0.0488 0.0375 0. 0541
()
[ » 60
43
» (143 ” . “ 5 ” . “ 30 . 13 45
7 o 8 o
8
od od5 0d30 od45
-0.288™ -0.247" -0.224™ —0.174™
(0.052) (0.047) (0.045) (0.046)
0.024 -0.024 0.034 0. 038
(0.051) (0.047) (0.046) (0.046)
3814 3814 3814 3814
R? 0. 127 0. 135 0. 0874 0.0811
od od5 0d30 od45
log( —-0.041™ -0.038™ -0.036™ -0.029™
o
. (0.007) (0.006) (0.006) (0.006)
0. 040 -0. 008 0. 050 0. 052
(0.051) (0.047) (0.046) (0.046)
3814 3814 3814 3814
R? 0.129 0. 138 0. 0897 0. 0829

160



61- (% X% {i 2020 1

9 N
default od od5 0d30 od45
-0.196™* -0.200* -0.279™ -0.239™* -0.218™
(0.069) (0.069) (0. 066) (0. 066) (0.067)
0.010 0. 005 -0.010 0.018 0. 031
(0. 060) (0.064) (0. 060) (0.058) (0.059)
2320 2320 2320 2320 2320
R’ 0. 0551 0. 108 0. 120 0. 0704 0. 066
default od od5 0d30 od45
Jos( ) -0.025" -0.025™ -0.035" -0.029* -0.027
o
8 (0. 008) (0. 008) (0. 008) (0. 008) (0. 008)
0.012 0. 007 -0.007 0. 020 0. 033
(0. 060) (0.064) (0. 060) (0.059) (0.059)
2320 2320 2320 2320 2320
R’ 0. 0555 0. 108 0.121 0. 0707 0. 0664
“« »” é“ ”
”
9 o
1 % o

[13

161



2015 ¢ p) o
. . . 2010 ¢ PIKS Yy 1.
. . . . . 2014 ( —_ P2P
y « Yy 1.
NN 2015 { 2 —  P2P Yy « y 3 .
. . 2014 ( : — PP Yy « Y 7 .
. 2004 ¢ PIKS )y 4

Agarwal S. P. M. Skiba and J. Tobacman 2009 “Payday Loans and Credit Cards: New Liquidity and Credit Scoring Puzzles?”
American Economic Review 99 412—417.

Barron J. 2003 The Value of Comprehensive Credit Reports: Lessons from the U. S. Experience Summary.

Berg T. V. Burg A. Gombovii and M. Puri 2019 “On the Rise of Fintechs-eredit Scoring Using Digital Footprints”  Review of
Financial Studies 109( 1) 198—223.

Dobbie W. and P. M. Skiba 2013 “Information Asymmetries in Consumer Credit Markets: Evidence from Payday Lending”
American Economic Journal: Applied Economics 5 256—282.

Doblas-Madrid A. and R. Minetti 2013 “Sharing Information in the Credit Market: Contract-evel Evidence from U.S. Firms”
Journal of Financial Economics 109 198—223.

Duarte J. S. Siegel and L. Young 2012 “Trust and Credit: The Role of Appearance in Peer-to-peer Lending” Review of
Financial Studies 25 2455—2484.

Garmaise M. J. and G. Natividlad 2017 “Consumer Default Credit Reporting and Borrowing Constraints” Journal of Finance
72 2331—2368.

Giannetti C. and N. Jentzsch 2013  “Credit Reporting Financial Intermediation and Identification Systems: International
Evidence” Journal of International Money and Finance 33 60—80.

Jappelli T. and M. Pagano 2002 Information Sharing Lending and Defaults: Cross—country Evidence” Journal of Banking &
Finance 26 2017—2045.

Karlan D. and J. Zinman 2009 “Observing Unobservables: Identifying Information Asymmetries with a Consumer Credit Field
Experiment”  Econometrica 77 1993—2008.

Padilla A. J. and M. Pagano 1997 “Endogenous Communication among Lenders and Entrepreneurial Incentives” Review of
Financial Studies 10 205—236.

Pagano M. and T. Jappelli 1993  “Information Sharing in Credit Markets” Journal of Finance 48 1693—1718.

Stiglitz J. E. and A. Weiss 1981 “Credit Rationing in Markets with Imperfect Information” American Economic Review 71
393—410.

162



61- (% X% ﬁi 2020 1

Informational Content of Consumption Behavior in

Consumer Credit Risk Evaluation

WANG Zhengwei ZHOU Congyi LIAO Li and ZHANG Weiqiang
( Tsinghua University PBC School of Finance)

Summary: With the recent development of Fintech massive amounts of financial market information can be processed at

much higher speed than ever before. New information sources and advanced information processing methods have brought
salient changes to the finance industry especially the consumer credit market in which increasingly diverse information is
used to evaluate consumer credit risk. In this paper we study whether borrowers” consumption behavior predicts personal
credit risk. By using individualevel data from a Chinese cash loan platform we innovatively explore the informational
content of consumption behavior in consumer credit risk evaluation which is important to both the theory and practice of
consumer finance.

Consumers ~ borrowing history and past repayment performance is always at the core of mainstream credit scoring
systems represented by FICO scores because historical performance reveals the borrower s repayment capability and
willingness which strongly predict credit risk ( Barron 2003) . However the effectiveness of such credit scoring systems
varies among groups. For consumers with limited borrowing history credit risk cannot be assessed based on a traditional
credit scoring system. There is growing literature showing severe information asymmetry in the high—cost lending market
( Karlan & Zinman 2009; Dobbie & Skiba 2013) . Recent studies on online lending products have shown that various
information outside of the traditional credit scoring system is highly correlated with borrower credit risk ( Berg et al. 2019;
Duarte et al. 2012; Li et al. 2014; Liao et al. 2015) .

In this paper we focus on borrowers” consumption behavior. Different from past borrowing and repayment records
consumption data are of higher frequency and easier to collect in the mobile Internet era. However the relation between
consumption behavior and repayment performance is not straightforward. Therefore we add to the literature by exploring the
informational content provided by consumer behavior information in credit risk evaluation.

We obtain loandevel data from a large Chinese cash loan platform and we observe loan performance to measure
borrower credit risk. Cash loans are a high-cost short-erm online lending product of small size. Cash loan borrowers are
usually subprime borrowers subject to tight financial constraints and they tend to apply for multiple consumer credit
products such as credit cards from banks and Ant Credit Pay ( ACP) from Ant Financial one of the largest Fintech
companies in China. It is noteworthy that credit cards and ACP are almost identical in providing consumer credit services
but differ in the information collected to evaluate credit risk and process applications. Banks use traditional credit scoring
methods and collect information regarding applicants” employment and income which directly prove repayment capability;
whereas ACP mainly uses consumption data from the e-commerce platform Alibaba. The cash loan platform obtains
borrowers” permission to check their personal shopping and payment accounts which makes it possible to observe credit
cards and ACP held. We use credit cards and ACP to measure borrower predicted credit risk based on traditional credit
scoring information and consumer behavior information respectively. We use a representative sample of 3 814 loans on the
platform from May 2015 to April 2017 for a regression analysis comparing the predictive power of different information-based
credit risk evaluation systems and we find that both credit cards issued by large banks and ACP can significantly predict
the default of cash loan borrowers. When credit card holding is controlled the holding and credit limit of APC is still
significantly negatively related with the probability of default which means that consumption behavior provides additional
power to traditional credit scoring for predicting consumer credit risk. We conclude that consumption data provide different
information from the data used by traditional credit scoring methods.

Our study sheds light on the importance of utilizing new information beyond traditional credit scoring systems to reduce
information asymmetry in the consumer credit market. For consumers with insufficient credit records such as cash loan
borrowers incorporating consumption behavior data provides additional information and improves risk evaluation results
which benefits consumers who struggle to obtain low-cost financing services and makes it possible for them to establish
personal credit.

Keywords: Consumption Behavior; Risk Evaluation; Credit Scoring Information; Consumer Credit
JEL Classification: D14 D82
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