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Motivation and Objectives
Motivation
• Credit risk outweighs the other risks as banks’ loans to companies and households
constitute about 60% of the sector’s assets, loans to the corporate sector is having the
greatest share of 30%
• The increased attention of financial authorities in maintaining financial stability as a part
of the macro prudential framework
• The cyclical nature of bank credit, NPL, and loan loss provisions.

Objectives
 This study aims to capture credit risk in dependence with macroeconomic variables by
modeling the relationship between corporate default rates and macroeconomic factors
 Default rates will be simulated over time by generating macroeconomic shocks to the
system
 Based on the simulation of default rates, estimates of expected and unexpected loss will
be determined in case of a specified corporate loan portfolio
 The model will used for performing macroeconomic stress tests in order to determine the
resilience of the Romanian banking sector against the proposed crisis scenarios

Implementation of objectives


A set of econometric models will be developed in order to determine which are the
macroeconomic variables that can signal the modifications in default rates



Evolution of macroeconomic variables will be forecast under a horizon of 1year



Based on the estimates of macroeconomic fundamentals, the evolution of default rates
per sector under a horizon of 1year



Correlation between individual macroeconomic variables are modeled as to account for
interdependencies



Construct an arbitrarily corporate loan portfolio, considering the percentage distribution
of corporate loans by industry and determine the expected and unexpected loss by using
the estimated paths of default rates



Perform stress testing as to determine the impact of a shock of macroeconomic variables
on default estimates by using extreme worst case historical shocks for all explanatory
macroeconomic variables of default rates

Literature review
Most of the research in the area of macroeconomic credit risk modeling is based on the approach of
Merton(1974) and Wilson(1997a,b) . This approaches were applied in stress testing credit risk for
different countries:
Boss (2002) applied a credit risk model on Austrian corporate sectors’ aggregate data, corporate and
households. The expected and unexpected losses for a defined credit portfolio were estimated, conditional
on the current macroeconomic conditions. He used a stress scenario in both cases.
Virolainen (2004) developed a macroeconomic credit risk model for the Finish sector using industry
specific default rates. Default rates were modeled using the logistic function and a seemingly unrelated
regression model was used to determine the influence of macroeconomic variables on sectoral default
rates. The variables with the best explanatory power were GDPgrowth rate, sectoral indebtedness and
interest rates. In order to estimate default rates the dynamic of macroeconomic factors was described using
autoregressive of order 2 processes.
Latent factor model of Merton's type for the Czech economy is used in Jakubik (2007). Also Jakubik &
Schmieder (2008) model the default rate that is measured by the inflow of non performing loans (NPLs) The
model was applied to household and corporate sectors for the Czech Republic and Germany.
Kattai (2010) investigated the credit risk model that has been developed for the Estonian banking system.
The non-performing loans and loan loss provisions of the four largest banks and the rest of the banking
sector have been modeled conditional on the underlying economic conditions: economic growth,
unemployment, interest rates, inflation, indebtedness and credit growth. The model distinguishes between
consumption credit, mortgage clients and corporate loans.

Definition of concepts
Credit risk can be defined as the risk of changes in the value of the credit portfolio
determined by an unexpected changed in the credit quality(market to market approach)

Credit risk also represents the risk of changes in the value of the credit portfolio triggered by
the default of the counterparty)(default mode approach).
Default risk is the risk that a counterparty does not honor his obligations. Basel Committee
considers that a default has occurred when one of the 2 events has occurred :
a)the bank considers that the obligator it is unlikely to pay its credit obligations without
recourse by the bank
b)the obligator is past due more than 90 days on any material credit obligations to the bank
Stress testing is defined by BIS(2000) as a series of “techniques used by the financial
institutions to gauge their potential vulnerability to exceptional but plausible events”.
Assumptions
-In the current developed model of credit risk for the Romanian corporate portfolio, will be
used the default model approach;
-It will be considered default risk the case in which the obligator is past due more than 90
days on his payment obligations

Methodology for modeling the relationship between default
rates and macroeconomic variables I
The default rate for each sector will be calculated as the ratio of non performing loans(NPL)
in total outstanding loans.
The corporate sectors considered are represented by Agriculture, Industry, Construction and
Services
 As NPL rate rises, banks need more provision to cover losses. Therefore, NPL can
represent a measure of default risk
Blaschke et al.(2001) show that NPL ratio itself can be treated as a default frequency
measure. This is valid in case of normal distribution of credit exposures and when there is
no time variance in the recovery rate
In each case the default rate will be modeled by the logistic function:
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represents the NPL rate of sector i at time t
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represents a macroeconomic index that is
determined by a number of exogenous
factors

Methodology for modeling the relationship between default
rates and macroeconomic variables II
y i ,t



The logit transformation of the NPL ratio for each sector i at time t
considered as dependent variable



The variable will be regressed against a set of explanatory factors in case of each
corporate sector i at time t represented by x i ,t



a set of regression coefficients  i that determine the direction and the impact of each
macroeconomic variables on the specific sector index will be estimated
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The systematic component of the credit risk will be captured by x i ,t



The industry specific surprise will be captured by the error term

Data
Quarterly data was used in case of the logit transformation of NPL ratios for Agriculture, Industry,
Constructions and Services, and macroeconomic variables covering the period 2006Q1-2012Q4
All variables were tested for stationarity, the logit transformation proved to have an unit root and first
difference was used
 The explanatory variables considered, the expected sign of the correlation between macroeconomic
variables on default rates , as well as the transformations applied are explained below

Estimation results- modeling the relationship between default
rates and macroeconomic variables I
Results for univariate models(OLS estimates)

In order to establish which
among the macroeconomic
factors can better explain
the change in the
macroeconomic index for
each sector, respectively
the default rate, univariate
regressions were
performed.
The same approach was
also used by Boss(2002)
for the Austrian Central
Bank(OeNB)
Dependent variable
represented by the logit
transformation of default
rate was regressed against
each explanatory variable
considered in case of each
sector.

Estimation results- modeling the relationship between default
rates and macroeconomic variables II
Results for multivariate models(Seemingly unrelated regression (SUR)estimates)
Based on the results of
univariate regression,
multivariate models were created
in order to trace the development
of default rates
The estimation of the link
between the macroeconomic
index for the four industries and
a set of explanatory variables
will be performed using SUR
method.
The same method of estimation
was also employed by Virolainen
(2004) for the Central Bank of
Finland.
SUR estimates were used as to
control for the contemporaneous
correlation in the residuals
induced by correlations in the
dependent variables

Estimation results- modeling the relationship between default
rates and macroeconomic variables I
Interpretation of results from SUR estimates
The volume index GDP, the loan interest rate, foreign direct investments and the industry-specific measures of
corporate indebtedness have the expected sign in all equations

An increase in the cyclical indicator affects positively the demand for goods that companies produce, which in
turn increases their profits and creditworthiness and leads to a decline in default rates.
Firms which are highly indebted are more sensitive when the economy slows down. To honor the obligations to
creditors, are obligated to sell assets and reduce deposits. The asset value will fail and the probability of default
will increase.
FDIs are considered to impact economic growth by functioning as an engine of technological diffusion coming
from the developed countries to the target ones. FDIs are significant only in the case of Industry and Construction
sector, as at the end of 2011, they were channeled primarily to the industry sector (44%) and also significant FDIs
were attracted by construction and real estate(10.7%)
The loan interest rate effect on default rates is positive, as higher interest rates increase firms' costs of loans,
and that can cause problems in their repayment
The R squared value suggest that the specification of the static model is satisfactory, poor results are obtained
in the case of Agriculture sector, this can be explained by the fact that the sector has a small contribution in the
Value Added, it is difficult to distinguish between households farming and firm type farming

Also, in case of Services sector, the explanatory power of the volume index, indebtedness ratio and loan
interest rate is lower, due to the heterogeneity of activities comprised

Estimation results- modeling the relationship between default
rates and macroeconomic variables III
Results for multivariate models(OLS estimates)
Correlation matrix residuals SUR
Agriculture Industry
Agriculture
Industry
Construction
Services

Construction Services

1

0.7254

-0.0675

0.3965

0.7254

1

0.0743

0.6631

-0.0675

0.0743

1

0.3615

0.3965

0.6631

0.3615

1

Correlation matrix residuals OLS
Agriculture Industry
Construction Services
Agriculture
1
0.8097
-0.0450
0.3979
Industry
0.8097
1
0.0394
0.6724
Construction
-0.0450
0.0334
1
0.3613
Services
0.3379
0.6724
0.3613
1

Estimates were also performed by means of OLS and overall the results obtained don't differ
significantly.
Coefficients obtained displayed the same sign in both methods of estimation
Also, the correlation matrix of residuals was computed in both cases, correlation coefficient
among the 4 sectors were lower in case of the SUR estimation

Estimation results- modeling the relationship between default
rates and macroeconomic variables IV
Results for multivariate models(OLS estimates) when a lagged term of the
It has been determined that the logit
dependent variable is introduced
transformation of default rates can be modeled
using an AR(1) process
Due to the poor explanatory power of the
model in case of Agriculture and Services
sector, the lagged dependent variable was also
introduced in the multivariate models.
In case of Industry and Construction sectors
AR term proved to be insignificant, although the
logit transformations of NPL ratios seemed to be
persistent and influenced by past values.

An explanation might me that in the model
is introduced the indebtedness ratio
calculated as total outstanding loans of an
industry to annualized value added of the
industry, that contains already a lag of 4
quarters and might explain the fact that
dependent variable is influenced by the past
information.
In case of Agriculture and Services the
autoregressive term was significant
However, the goodness of fit didn't show a
significant improvement respective to the first
model.

Methodology and estimates for modeling the evolution of each
macroeconomic variable


The dynamics of each macro variable will be obtained by using ARMA (p,q)models
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Methodology for determining the variance-covariance
structure


Next, the correlation structure of the model is defined.



The model that regresses the logistic transformation of the default rate for each industrial
sector on a set of macroeconomic variables, together with the model which determines
the evolution of each explanatory variable form a system of equations.



The vector of residuals will of dimension (i+j)x1, where i represents the number of
industrial sectors and j the number of macroeconomic variables. The variance covariance
matrix of the system will be of dimension (i+j)x(i+j).

(3)


The covariance matrix of the system is determined as to account for the
interdependences between macroeconomic shocks and their impact on the
macroeconomic indexes, as well as the correlation between sectors.



This assumption is important when constructing stress testing scenarios, as the shock
introduced by one macroeconomic variable may imply also a negative impact on another
variable, if the correlation between the two variables is positive,

Estimation of system correlation matrix








The highest correlation coefficient is between Agriculture and Industry generate a correlation coefficient of
0.7254, the cause of this high interdependence is due to multiple reasons: agriculture supplies inputs to
industry, while industry supplies industrial inputs, such as fertilizer, pesticides, machinery etc. to the
agriculture sector.
A high correlation is also among the Services and Industry of 0.635 due to the main previous reasons.
In this case the correlation coefficients are much lower varying from -0.465 to a maximum value of 0.453.
The direction of the correlations are in line with the economic theory, as the correlation between volume
index GDP and FDIs is positive, while the one between economic growth and loan interest rate is negative.

Mixed results are obtained in case of correlations between economic growth and indebtedness ratio

Methodology - estimation of default rates




In order to estimate default rates per sector for 1 year ahead a Monte Carlo simulation will
be performed:
First the
variance covariance matrix of the system
is decomposed
into a
lower and upper triangular matrices by using Cholesky decomposition

  A' A











Then a vector of Z (i+j)*1 of standard normal variables is drawn
These independent random variables are transformed into correlated normal variables
by multiplying Z with A, i.e. Z*=AZ
The results returned by this vector will represent the value of residuals for the i sectoral
indices and j ARMA structures
One step ahead values for the exogenous variables are forecast and the residuals are
added to simulate the new values
With the simulated values of macro fundamentals and adding the innovations of sectoral
indices the new value of macroeconomic indices will be computed and also the default
rates
As the logit transformation of the default rates was nonstationary, the first difference was
used. As a result in order to calculate the NPL ratios, initial values were inputed

Default rates estimations-baseline scenario
Kernel density distributions of default rates for
the 4 sectors over 1year horizon

-The shapes of the
distributions are skewed to
the right, as expected,
mainly because default rate
is nonlinearly related to the
macro variables
-This implies that the
probability of default in times
of high stress increases
substantially more than in
normal times.

Characteristics of default rates distribution
Agriculture

Industry

Construction

Services

mean

0.094611336

0.073113

0.131627

0.120859

stdev

0.121972347

0.038816

0.101331

0.065323

50% quantile

0.047314076

0.064341

0.103381

0.107001

90% quantile

0.249873558

0.125289

0.265274

0.207186

99% quantile

0.580667776

0.196224

0.499058

0.332849

-The probability of default ,
approximated by the median
of the distribution, varies
between 4% to 10%

Loan loss distribution I
-The sector specific probabilities of default will be used to determine the loss distribution of an arbitrary built
portfolio
-A hypothetical portfolio will be build consisting of 3,000 loans
-At the construction of the credit portfolio there were considered the percentage distribution of corporate
loans by industry
-Then the exposures for each loan was drawn randomly, uniformaly distributed for each business sector in
equal numbers. In case of each sector, random exposures were drawn until the aggregated corresponding
amount for each sector was reached as well as the number of loans
-The simulated probabilities of default are than applied to individual exposures in the arbitrary portfolio and
its loss distribution is estimated over a one year time horizon
- A fixed recovery rate will be used, loss given default will be set to 0.45
-The expected and unexpected losses will be computed as the 50% and 99.9% percentiles of the loss
distribution

Loan loss distribution II
Expected loss= median of the loss distribution

ExpectedLoss i   EAD i PDi LGD i
i

Value at Risk is estimated by taking the relevant quantile qα of
the conditional portfolio distribution:
VaRα = qα
Unexpected loss= VaRα – Expected loss
the 99.9th percentile of the simulated loss distribution implies that another
11.1% of the overall corporate credit exposure would be required as a
capital buffer to avoid bank default in 99.9 cases out of 100.

Baseline scenario
Expected loss

0.044060715

Unexpected loss(99.9%)

0.111252812

Stress testing- worst case historical scenarios I
- at first the extreme residuals resulted from ARMA estimates are determined and divided at their standard deviation in order to
be standardized
- the standardized residuals are replaced with the standard normal variables in the vector defined previously which will be
multiplied with the decomposed matrix of variance covariance and added in the estimates of macroeconomic variables
- in some cases, historical worst case values for some variables do not generate bad outcomes for the entire model. This is
caused by the correlation structure between variables.
Standardized residuals

Extreme values

Standard deviation

Standardized

Index_gdp

-0.041119971

0.021322352

-1.928491377

Indeb_agr

0.0188

0.013383035

1.4059

Indeb_ind

0.0295

0.012407779

2.3815

Indeb_constr

0.1697

0.0394

4.3097

Indeb_serv

0.0357

0.01993949

1.7884

-0.0969

0.037732242

-2.5675

0.0354

0.011900212

2.9733

FDI
Loan_interest

Extreme values
-General cyclical shock: Fall in the GDP by 11.61% (observed in 2009Q1 due to the financial turmoil)
- Agriculture Indebtedness ratio shock: Increase of indebtedness of 5.55%(observed in 2012Q3)
-Industry Indebtedness ratio shock: increase of indebtedness of 9%(2008Q1)
-Construction Indebtedness ratio shock: increase of indebtedness of 73%(2008Q1)
-Services Indebtedness ratio shock:: increase of indebtedness of 8%(2007Q4)
-FDI shock : fall in foreign direct investments of 4%(2010Q2)
- Interest shock: increase of loan interest rate of 17%(2010Q1)

Stress testing- worst case historical scenarios II
-In some cases, historical worst case values for some variables do not generate bad outcomes for the entire model. This is
because of the correlation structure between variables
For example, a bad outcome for one variable may also generate a good for another variable, and the final result may be better
than the base scenario. This is due to the positive correlations that exist between index GDP variable and agriculture and
construction indebtedness ratio. In case of this shocks, results obtained are better than in the baseline scenario

Stress testing- extreme GDP shock
An extreme GDP shock will be considered: a fall in index GDP with 15% percentage change
respective to previous period for four consecutive quarters
The evolution explained by the ARMA structure in case of the index GDP will be ignored, this is
different then in the stress scenarios performed previously

Conclusions I
-It was found that determinants of defaults for the corporate sector on bank loans are volume index GDP,
sector indebtedness, FDIs and interest rate on loans
-The effect of most of the variables is contemporaneous, as a fact we can state that default rates react
quickly to modifications in macroeconomic variables
-Construction of a parsimonious model with a small number of variables is useful in performing stress testing
-The sectoral credit risks are related to each other through codependence on macro variables, as well as the
correlation between these variables
-The probability of default varies in a range from 4% to 10% and indicates the heterogeneity of debt
repayment among different economic sectors
-Stress testing was applied to an arbitrarily build portfolios, considering the percentage distribution of
corporate loans by industry . Expected and unexpected loss were determined for the baseline scenario, as
well as for worst cases historical shocks introduced by the macroeconomic variables, or in the case of an
extreme GDP index shock

-In some cases, historical worst case values for some variables do not generate bad outcomes for the entire
model. This is because of the correlation structure between variables, while the results obtained in case of
an extreme GDP shock proved to generate higher losses than in the baseline scenario

Conclusions II
Further developments:
-Incorporation of second round, feedback effects from the financial sector into the real economy

- Having developed a top down, macroeconomic approach, micro levels details are not captured
- Using industry specific cyclical indicators instead of aggregate ones
- Relax the assumption regarding the fixed LGD and consider it dependent on the output gap
- A disadvantage is represented by the fact that NPL ratio was used as a proxy for the default rate,
as this is valid in case of normal distribution of credit exposures and when there is no time variance
in the recovery rate. For further research, NPL ratio can be disentangled between the default
rate(the probability of transition of performing loans to non performing) and the non operating loans
from previous period that remained non performing
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