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Abstract - This paper examines the likelihood of household default caused by the dramatic increases of household debt. 
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I. INTRODUCTION 

 
The recent financial crisis has highlighted the 
importance of promoting financial stability through 
improved regulations and supervision of financial 
institutions. There is a growing awareness among 
governments and supervisory authorities of the need 
for a macro-prudential approach to regulation and 
improved management of the financial cycle. The 
goal of such an approach is to apply targeted financial 
regulation in national and regional spheres to limit 
systemic risk. Systemic risk is the risk that failure of 
one or more institutionscould lead to a reduction in 
credit availability with the potential to adversely 
affect the real economy. Absent such macro-
prudential regulation, economies run the risk of 
exaggerated amplifiers on top of the normal and 
cyclical macroeconomic fluctuations.Evaluating 
systemic risk is central to designing appropriate 
macro-prudential regulatory policies. Since the recent 
global financial crisis, supervisory authorities and 
international organizations have tried to improve the 
methods and accuracy of systemic risk measurement. 
There are many measurement methods, such as 
systemic expected shortfall, marginal expected 
shortfall, distress insurance premium, and CoVAR. 
These various alternatives to measure systemic risk 
reflect that systemic risk is too complex to be 
measured by one variable.Bisias et al.(2012)identified 
31 quantitative measures of systemic risk in their 
survey of economics and finance literature, including 
the measurement of systemic risk using consumer 
credit data. Buyukkarabacak and Valev (2012) found 
evidence that household credit expansions combined 
with a low national propensity to save are an even 
stronger predictor of banking crises, although both 
firm  and household credit growth increase the 
probability of a currency and a banking crisis. 
Because the consumer credit data is very difficult to 
access due to privacy protection, only one empirical 
study linking systemic risk to consumer credit 
variables exists in the literature. In this study, 

Khandani et al.(2010) found that aggregate consumer 
refinancing combined with low interest rates and 
rising home prices in the US residential housing 
market were strongly linked to systemic 
risk.Systemic risk from expansion of consumer credit 
now hangs threateningly over the Korean economy, 
as the current growth rate of Korean household debt 
continues to outpace that of income. Korea's 
household credit totaled 992 trillion won (US$927.9 
billion) as of September 2013, up 292 trillion won 
(US$273.1 billion) from three years earlier. Korean 
policymakers are already wary of such high 
indebtedness and the potential it has to cramp 
consumer spending and impinge on economic 
growth. Consumers are increasingly stumbling under 
the weight of household debt as their relative 
disposable income falls. Worryingly, lending from 
non-bank financial institutions is on the rise, 
increasing the debt-servicing burden among low 
income and low credit graded households.To 
illuminate the relationship of consumer credit to 
systemic risk, this study examines the multiple 
consumer credit variables using a unique dataset 
supplied by the Korean Credit Bureau (KCB), one of 
two credit bureaus in South Korea. KCB’s credit 
database holds data reported by all lending 
institutions in Korea, from nation-wide commercial 
banks to small size, non-bank financial companies. 
KCB data analysts have been monitoring 52 
candidate variables related to delinquency from their 
database of 8,561 consumer credit variables. We use 
these 52 variables to figure out their impact on 
systemic risk. The Variables include total loan 
amount, number of borrowers, amount of 
uncollateralized loans, amount of loans secured by 
stocks, loans with balloon repayment terms, and loans 
with installment repayment terms.To measure 
systemic risk we use the joint probability of distress 
or default (JPoD) developed by Lee et al. (2012). 
JPoD uses probability of default (PD) of individual 
banks to measure the probability of all the banks in 
the system (portfolio) becoming distressed, which 
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represents the tail risk of the system. Credit default 
swap (CDS) spreads and bond spreads together were 
used to estimate the PDs of individual banks. JPoD 
captures the systemic risk from the inter-
connectedness of banks as well as individual banks. 
Since we have so many explanatory variables, 52 
variables, our empirical tests have several stages. 
First, we analyze the relationship between systemic 
risk and aggregated variables of consumer credit, 
such as total household loans. Second, we select the 
consumer credit variables that affect the systemic risk 
more, using regression analysis. In this stage we use 
both simple and step-wise regression analysis. Third, 
we construct a comprehensive model based on the 
consumer credit variables that are found to have 
statistically significant impacts on systemic risk. 
Using this model, we conduct Granger causality tests 
between the variables. In addition, we provide 
various robustness tests through PCA, cross 
correlations and impulse response functions.The 
remainder of the paper is organized as follows. 
Section 2 reviews related literature. Description on 
the data and research methodology are provided in 
Section 3. Section 4 reports the estimation results and 
Section 5suggests some conclusions and policy 
implications. 

 
II. RELATED LITERATURE 
 
2.1. Measuring Systemic Risk 
The listing of possible definitions of systemic risk 
suggests that more than one risk measure is necessary 
to capture the complex and adaptive nature of the 
financial system. Because systemic risk is not yet 
fully understood, measurement is obviously 
challenging, with many competing—and sometimes 
contradictory—definitions of threats to financial 
stability.However, from a theoretical perspective, it is 
now well established that the likelihood of major 
financial dislocation is related to the degree of 
correlation among the holdings of financial 
institutions, how sensitive they are to changes in 
market prices and economic conditions (and the 
directionality, if any, of those sensitivities, i.e., 
causality), how concentrated the risks are among 
those financial institutions, and how closely linked 
they are with each other and the rest of the economy. 
Three measures have been proposed recently to 
estimate these linkages: Adrian and Brunnermeier’s 
(2010) conditional value-at-risk (CoVaR), Acharya, 
Pedersen, Philippon, and Richardson’s (2011) 
systemic expected shortfall (SES), and Huang, Zhou, 
and Zhu’s (2011) distressed insurance premium 
(DIP). SES measures the expected loss to each 
financial institution conditional on the entire set of 
institutions’ poor performance; CoVaR measures the 
value-at-risk (VaR) of financial institutions 
conditional on other institutions experiencing 
financial distress; and DIP measures the insurance 
premium required to cover distressed losses in the 

banking system. 
Furthermore, Bisias et al. (2012) provided a survey of 
31 quantitative measures of systemic risk from the 
economics and finance literature, suggesting a 
taxonomy of systemic risk measures by their data 
requirements: macroeconomic, granular foundations 
and network, forward-looking, stress-test, cross-
sectional, illiquidity and insolvency. 
 
As far as we know, Khandani et al. (2010) is the only 
extant research that employs consumer credit to 
empirically measure systemic risk. They constructed 
nonlinear, non-parametric, out-of-sample forecasts of 
consumer credit risk, using a nonparametric 
estimation technique known as “machine learning” 
applied to bank transactions and credit-bureau data 
for customers of a major U.S. commercial bank. 
However, their study measured systemic risk using 
consumer credit data, rather than analyzing the effects 
of consumer credit on systemic risk. The latter is the 
focus of this paper. 
 
2.2. Systemic Risk of Korean Financial System 
In Korea, the most active research on systemic risk is 
conducted by the Bank of Korea. It developed the 
systemic risk model for macro-prudential policy 
(SAMP) in 2012. The model is a nonlinear 
disequilibrium model to capture tail risks and 
feedback/threshold effects. It is composed of six 
modules: macro risk factor, bank profits and losses, 
default contagion, liquidity shortage contagion, multi-
period, and systemic risk. In particular, the systemic 
risk module uses the probability distribution of bank 
losses to stochastically evaluate the probability of 
systemic risk. That is, the measure of systemic risk is 
based on the risk measures such as value at risk 
(VaR), expected shortfall (ES), and probability of 
distress (PD). However, SAMP depends on quarterly 
data and thus cannot respond to high frequency 
data.The Bank of Korea also uses joint probability of 
distress (JPoD) as the measure of systemic risk. Lee 
et al. (2012) calculate the JPoD using PDs of 
individual banks. PDs are estimated by using CDS 
spreads and bond spreads. Segoviano and Goodhart 
(2009) agree that JPoD embeds not only changes in 
the individual banks’ PDs, it also captures changes in 
the distress dependence among the banks, which 
increases in times of financial distress. 
 
Aydin et al. (2011) applied three methodologies—a 
network approach, CoVaR, and distress dependence 
approach—to assess the financial linkages across 
Korean banks and to quantify the risks that this 
interconnectedness may pose to other banks and on 
the system as a whole. The analysis concluded that 
while Korean banks are interconnected, both the 
financial risk and contagion risk from such 
interconnectedness have declined significantly in the 
aftermath of the global financial crisis. 
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III. DATA AND METHODOLOGY 
 
3.1. Data 
This study uses the monthly data of consumer credit 
information from January 2006 to June 2012. As 
stated above, the measure of systemic risk is the joint 
probability of distress or default (JPoD) calculated by 
Lee et al.(2012). JPoD is a measure of the probability 
of all the banks in the system (portfolio) becoming 
distressed, which represents the tail risk of the 
system, using PDs of individual banks. In estimating 
the PDs of individual banks, CDS spreads and bond 
spreads are used.1 Lee et al.(2012) calculated the 
JPoD using the spread data of six Korean banks, 
Hana, IBK, KB, KEB, Shinhan, and Woori. As can 
be seen in the following figure, the JPod of Korean 
banking sector rose sharply in 2008 and 2009 
reflecting the global financial crisis.The unique data 
on consumer credit information is provided by KCB. 
The data set includes various variables such as the 
size of loans, consumer credit grades 2 , multiple 
borrowing, debt to income (DTI) ratios, and so on. 
The appendix describes the items in the data set. 
Stock returns and consumer price index are used as 
control variables. The sources of these data are KIS 
VALUE and the Bank of Korea ECOS (Economic 
Statistics System), respectively. 
 

 
<Figure 1>Joint probability of distress (JPoD) of Korean 

banking sector 

 
3.2.Methodology 
We use regression analyses to find the consumer 
credit variables which cause systemic risk, and then 
conduct formal Granger causality tests with the 
selected variables. Since we have so many 
explanatory variables, 52 variables, our regression 
analyses have several stages. First, we analyze the 
relationship between systemic risk and aggregate 
variables of consumer credit, such as loan sizes. The 
independent variables are lagged in order to test 
whether the independent variables cause the 

                                           

 PDs of individual banks are calculated combining CDS 

premium and bond premium. The calculation of the 
linkage risk across banks uses Consistent Information 
Multivariate Density Optimization (CIMDO) 
methodology which is based on copula functions. For 
more detailed explanations about the calculation of JPoD, 
refer to Lee et al. (2012). 

 
KCB uses ten grades, from 1 to 10, to evaluate a 

consumer’s creditworthiness. 

dependent variables, systemic risk. Second, we select 
the consumer credit variables that affect the systemic 
risk more, using step-wise regression analysis based 
on equation (1). We conduct stepwise regression with 
variables in each sub-category and then another 
stepwise regression for each category with the 
variables that are found to be statistically significant 
from the stepwise regressions for sub-categories. We 
use stepwise regression because we have so many, 
fifty two, explanatory variables that we may have the 
problem of multicollinearity.  There are various 
methods for stepwise regression and we use the 
backward elimination method.4 

 
where the subscript t stands for the month, from 
January 2006 to June 2012, and kis the time lag 
between the dependent and independent variables. 
The dependent variable is systemic risk 
(SystemicRiskt) and the independent variables 
areconsumer credit information such as household 
loan amounts of banks and non-bank financial 
institutions, collateralized and uncollateralized loans, 
multiple borrowing, credit grades.We choose the time 
lags which are the most statically significant in the 
regression analyses. 
 
We select the independent variables that are 
statistically significant in the stepwise regression for 
each sub-category. Using these variables, we conduct 
stepwise regressionsonce again, now for each 
category. The independent variables which survived 
the two-time stepwise regressionare included in the 
comprehensive model of equation (2). 

 
where the dependent variable is systemic risk 
(SystemicRiskt) and the independent variables are the 
consumer credit variables which survived the two-
time stepwise regression. Z is the vector of control 
variables, stock returns and consumer price index. 
 
We also conduct Granger causality tests for the 
consumer credit variables and systemic risk. Simple 
tests of Granger causality are based on the two-
variable VAR in equations (3) and comprehensive 
tests on the multi-variable VAR in equations (4). The 
time lags are chosen according to the Akaike 
Information Criterion (AIC) values. 

 

where  is the differences in systemic risk,  is the 
differences in consumer credit variables, and pis the 
time lags chosen according to the AIC values. 
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where  is the differences in systemic risk, and 

,  and are the 
differences in the variables selected or the differences 
in the log values of the variables.In the meantime, we 
conduct stationary tests for time series data of the 
JPoD variable and the consumer credit variables. The 
augmented Dickey–Fuller (ADF) tests show that all 
these variables have unit roots, and thus we take 
differences for these consumer credit variables and 
the JPoD. In the case of the variables which represent 
values or number, we take differences after taking the 
log of these variables. 

 
IV. RESULTS OF THE EMPIRICAL ANALYSIS 

 
4.1Aggregate variables 

 
<Table 1> shows the results of the simple regression 
analysis based on equation (1), whether the systemic 
risk is affected by total household loan amounts and 
the household loans of banks and non-bank financial 
institutions. According to the table, the independent 
variable of total household loans is statistically 
significant when the time lags are 1, 2 and 4. When 
we split the household loans into those of banks and 
non-bank institutions, only the variable of the loan 

amounts of non-bank financial institutions is 
statistically significant. 
 
We also test the relationship with different partitions 
of the household loan data: collateralized loans and 
non-collateralized loans. In addition, we split the 
household loans by non-bank financial institutions 
into four: household loans by credit card companies, 
by finance companies, by credit unions and by 
savings banks. The results of these tests are in <Table 
2>. It shows the parameter estimates and t-values of 
household loan variables with their most statistically 
significant time lag, by collateral and by each non-
bank institution.. According to the table, 
uncollateralized loans are followed by systemic risk 
increases four months later, while collateralized loans 
do not. Household loans by finance companies and 
credit unions have statistically significant effects on 
systemic risk. In the case of the household loans by 
finance companies, all the time lags except three 
months are statistically significant, with the time lag 
of one month the most significant. The household 
loans by credit unions have statistically significant 
effects on systemic risk only when the time lag is two 
months. Household loans by other types do not have 
statistically significant effects on systemic risk. 

 
<Table 1>Effects of household loansby banks and non-banks on systemic risk 

 
 
The results stated up to now are interesting because 
the variables’ statistical significance reflects the 
average creditworthiness of customers by the type of 
lender. Usually banks have the most creditworthy 
customers in Korea. Finance companies and credit 
unions are said to have the least creditworthy 
customers, according to practitioners in the market. 
Credit card companies and savings banks have the  

 
customers whose creditworthiness is in between the  
two groups.The increase in the loans to less 
creditworthy customers can raise systemic risk and 
thus, statistical significance of the variables is closely 
consistent with the creditworthiness of the customers. 
 
We conduct Granger causality tests with the variables 
that are found to be statistically significant in Tables 
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1 and 2, total household loan amounts, household 
loans by non-bank financial institutions and 
uncollateralized household loans. <Table 3> shows 
the test results and the two variables of total 
household loan amounts and uncollateralized  

household loans Granger cause systemic risk when 
the time lag is four months. Household loans by non-
bank financial institutionsGranger cause systemic risk 
when the time lags are one, two and three months. 

 
<Table 2>Effects of household loans by collateral and by each non-bank institution on systemic risk 

 
Moreover, we test the other variables in the category 
of household loans, which are x1 to x13 in the table 
of the Appendix, and we find the following variables 
have effects on systemic risk: the weight of borrowers 
with uncollateralized loans in all borrowers (x1, time  

 
lag: 3 months), the number of borrowers with 
uncollateralized loans (x2, time lag: 3 months), the 
outstanding amount of uncollateralized loans(x3, time 
lag: 4 months). These results are consistent with the 
results so far

 
<Table 3>Granger causality between aggregate household loans and systemic risk 

 
4.2.Borrower characteristics 

 
After the analysis with aggregate variables, we test 
the relationship between systemic risk and the 
variables of borrower characteristics. Analysts at 
KCB selected and provided 39 candidate variables in 
explaining default risk and systemic risk, which are 

multiple borrowing or credit grades for example. All  
 
the variables related with multiple borrowing have 
causality relationship with systemic risk and the 
outstanding amounts of limit loans of multiple 
borrowers statistically significantly affects systemic 
risk with its p-value of 99%. In addition, 
characteristics variables of borrowers with mid-high 
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credit grades (4th and 5th grades), mid-low grades (6th 
and 7th grades) and the lowest grades (8th to 10th 
grades) are found to affect systemic risk. Particularly, 
characteristics variables of borrowers with mid-low 
grades have the biggest effects on systemic risk. On 
the contrary, variables related with DTI ratios do not 
have any statistically significant relationship with 
systemic risk3. 
 

<Table 4>Effect of household loans classified by borrower 
characteristics on systemic risk-Stepwise regression 

 

 
 
We conduct stepwise regression analysis on the 
variables that are found to be statistically significant 
in simple regression. The results are in <Table 4>. 
Panel A of the table shows that the following three 
variables are statistically significant at the 1 % level: 
multiple borrowers’ outstanding amounts of 
uncollateralized loans and limit loans and the number 
of borrowers whose credit grades deteriorated in one 
year. The variable of the number of limit loan 
borrowers is statistically significant at the 5% level. 
Panel B shows the relationship between systemic risk 
and the variables related with credit grades. In the 
case of mid-high credit grades, the variable of weight 
of mortgage loans is statistically significant. 
Outstanding amounts of uncollateralized loans and 
the weight of borrowers with balloon payment loans 
are significant in the cases of mid-low and the lowest 
grades, respectively. These empirical findings imply 
that the macro-prudential policy authorities should 
provide different policies to the borrowers with 
different grades. 
 
It is noticeable that the following two variables have 
negative impacts on systemic risk: weight of 
mortgage loans of mid-high grade borrowers and 
weight of balloon payment loans of the lowest grade 
borrowers. 

 
4.3. Borrower characteristics classified by 
financial institutions 
Following the analysis in the previous section, we 
classify the borrower characteristics variables by 
financial institutions and examine the causality 

                                           
 Test results are not appeared in manuscript due to space 

limitation. 

relationship between systemic risk and the variables. 
Panel A in <Table5> shows that two variables related 
with loans from banks and four variables related with 
non-bank loans have significant effects on systemic 
risk. The appropriate time lags for the bank loan 
variables are 4 and 6 months, and for the non-bank 
loan variables 3 months. 
 
<Table5>Effect of household loans by financialinstitutions on 

systemic risk-Simple regression 

Panel A. Banks 
T

ime 
lag 

Coeff
icient 

t-
value 

38  

Mult
iple 
borrowin
g 

Mortgage loans 
newly 
contracted 

6
0.002

6 
(2.

12**) 

40  

Mult
iple 
borrowin
g 

Limit loans 
newly 
contracted 

4
0.002

5 
(1.

74*) 

Panel B. Non-bank 
financial institutions 

 
  

45  

Mult
iple 
borrowin
g 

Number of 
borrowers 

3
0.171

0 
(2.

78***) 

46  

Mult
iple 
borrowin
g 

Weight of the 
number of 
mortgage loan 
borrowers 

3
-

0.7621 
(-

2.84***) 

48  

Mid-
low 
grades 
(6~7) 

Total 
outstanding 
loan amounts 

2
0.115

1 
(2.

74***) 

50  

Mid-
low 
grades 
(6~7) 

Number of 
borrowers with 
uncollateralize
d loans from 
more than 3 
companies 

3
0.029

6 
(2.

06**) 

 
As in the previous section, we conduct stepwise 
regression analysis on the variables that are found to 
be statistically significant in Tables 5. The results in 
<Table 6> shows that the two variables related with 
bank loans and three of the four non-bank loan 
variables have causality relationship with systemic 
risk: mortgage loans newly contracted and limit loans 
newly contracted; number of borrowers, weight of the 
number of mortgage loan borrowers and total 
outstanding loan amounts of the mid-low grade 
borrowers. 
 
It is interesting that the newly contracted mortgage 
loans from banks have impact on systemic risk, while 
the outstanding mortgage loans from banks do not 
have such impact. This result supports the recent 
attempts of the Korean supervisory authority to 
impose limit on the increase in mortgage loans. 
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Another interesting point is that multiple borrowing is 
still the most important factor affecting systemic risk. 

 
 

<Table6>Effect of household loans classified by financial institutions on systemic risk-Stepwise regression 

 
 
4.4Comprehensive analysis 
This section provides comprehensive analyses using 
the results in the previous sections. Since there could 
be multicollinearity problems between the variables 
in Section 2 and 3, we conduct the comprehensive 
analysis for the groups of variables separately. The 
first comprehensive analysis is another stepwise 
regression analysis using the seven significant 
variables in <Table4> and two control variables, 
stock returns and consumer price index. As a result, 
wefind that the following four variables have 
statistically significant effects on systemic risk: ratios 
of mortgage borrowers with deteriorated credit grades 
in 1 year(x14, time lag: 1 month), Outstanding 
amounts of limit loans(x24, no time lag), Outstanding 

amounts of uncollateralized loans of mid-low grade 
borrowers(x34, time lag: four months), Weight of 
borrowers with balloon payment loans of lowest 
grade borrowers(x36, time lag: 1 month). These 
results are in Panel A of <Table 7>.The same 
approach is applied to the five variables in <Table6> 
and we find the following three variables statistically 
significant: newly contracted limit loans by banks 
(x40, time lag: 4 months), weight of the number of 
mortgage loan borrowers in non-bank borrowers(x46, 
time lag: 6 months), and non-banks’ total outstanding 
loan amounts of mid-low grade borrowers(x48, time 
lag: 2 months).The results are in Panel B of <Table 
7>

 
<Table7>Comprehensive analysis with borrower characteristics 

 
 
V. DISCUSSION 
 
The key contribution of this paper is that this is the 
first empirical test to examine the relationship 
between systemic risk and consumer credit variables. 

The empirical results underscore the impact certain  
consumer credit variables have on systemic risk. The  
variables of loans by non-bank financial institutions 
and uncollateralized loans have bigger and more 
significant effects on systemic risk. Multiple 
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borrowing patterns and the particular credit grade of 
borrowers also correlate to systemic risk. These 
findings provide a concrete empirical basis upon 
which policy makers can design specific financial 
regulations and household sector policies. 
 
CONCLUSION 
 
This paper examines the relationship between 
systemic risk and consumer credit variables, based on 
various empirical analyses, simple and stepwise 
regression analysis and Granger causality tests. Using 
joint probability of default as the measure of systemic 
risk, we find that many consumer credit variables 
have significant effects on systemic risk. In particular, 
the variables of loans from non-bank financial 
institutions and uncollateralized loans have bigger 
and more significant effects on systemic risk. 
Additional variables that correlate to systemic risk 
include multiple borrowing patterns and the particular 
credit grade of borrowers.These empirical results 
highlight the impact certain consumer credit variables 
have on systemic risk and provide a concrete basis 
upon which policy makers can design specific 
financial regulations and household sector policies. In 
South Korea, systemic risk from expansion of 
consumer credit now hangs threateningly over the 
national economy, as the current growth rate of 
Korean household debt continues to outpace that of 
income. Consumers are increasingly stumbling under 
the weight of household debt as their relative 
disposable income falls. Another important problem 
is that lending from non-bank financial institutions is 
on the rise, increasing the debt-servicing burden 
among low income and low credit graded households. 
 
The empirical studies between systemic risk and 
consumer credit variables can shed a light on what 
policies should be made to tackle the current 
problems in South Korea. It is because consumer 

credit information of credit bureaus can provide 
important messages to the policy makers in 
measuring and protecting systemic risk. Credit 
bureaus collect credit information from almost all 
financial institutions from nation-wide commercial 
banks to small-size non-bank financial companies. In 
this regard, their information provides a better view 
of the whole financial system. The outcomes of this 
analysis which is based on credit information of a 
credit bureau can be used by the supervisory or policy 
authorities for their macro-prudential regulations. 
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