Modeling Credit Risk through the Austrian
Business Cycle: An Update of the OeNB
Model

In quantitative financial stability analysis, the link between the macroeconomic environment
and credit risk is of particular importance when assessing the risk hidden in loan portfolios.
Macroeconomic stress testing, in particular, which aims at measuring the impact of an eco-
nomic crisis on individual banks or on the entire financial system, depends on means to quan-
titatively assess this link. Hence, the objective of this paper is to provide a methodological
update of the OeNB’s previous credit risk model that improves the capture of the relation
between macroeconomic variables and probabilities of default for the main Austrian corporate
sectors. In addition to the standard model based on individual macroeconomic variables, the
paper explores solutions to two important challenges: first, the challenge related to the exploi-
tation of potential information inherent in a larger macroeconomic data set and second, the
problem that accounts for potential nonlinearity in the relation between credit and business
cycles. The first issue is addressed via a regression model based on a principal components
analysis that takes in a wider range of macroeconomic variables than commonly practiced.
The second issue is addressed via a threshold approach. This paper presents the estimation
results for the three different models and discusses them on the basis of an illustrative

example.
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1 Introduction

In recent years, a lot of effort has been
put into modeling the link between
macroeconomic variables and credit
risk measures. Interest in this issue was
first, driven by the new perspectives on
risk based on the Basel II framework
and has, more recently, been intensi-
fied by the financial crisis. As central
banks and other supervisory authorities
try to assess the impact of the financial
crisis on the real economy and — once
again — on banks’ loan portfolios, un-
derstanding the relation of business and
credit cycles has probably become more
important than ever. This need has trig-
gered a reassessment of commonly used
approaches to measure credit risk with
a focus on the capability of credit risk
models to adequately capture downside
risks, particularly in light of the ongo-
ing crisis.

In terms of Basel II, the objectives
of credit risk models are twofold: First,
under Pillar I of the Internal Rating
Based (IRB) Approach, banks can use
their own credit risk forecasts as input
for calculating regulatory capital. Sec-
ond, banks are required to conduct
stress tests under Pillar II. Forecasts as
well as stress testing, however, not only
matter for banks and their supervisors,
but also for authorities concerned with
financial market stability.

From a conceptual point of view, it
should be possible to perform both
forecasts and stress tests with a single
model. But in practice, there are cer-
tain obstacles that have to be addressed.
First of all, stress tests try to study the
impact of shocks that are severe but
plausible. However, such shocks are by
definition hardly present over the sam-
ple horizon for which credit risk mod-
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els are usually estimated. Second, in
pure forecasting exercises the ability to
identify macroeconomic drivers of
credit risk does not carry the same
weight as in stress testing exercises,
where storytelling is a fundamental
feature. Moreover, Drehmann et al.
(2006) argue that due to the presence
of nonlinearity, standard econometric
forecasting models such as linear vector
autoregressions (VARs) are inadequate
for stress testing.

All these arguments lead to the con-
clusion that time series models are in-
appropriate for stress tests, despite
their superiority regarding the predic-
tive power over the sample period. As
an alternative, Drehmann et al. (2006)
e.g. propose the application of a nonlin-
ear methodology first published by
Jorda (2005). The basic idea of Jorda’s
approach is to overcome the nonlinear-
ity problem through estimating differ-
ent approximation models (e.g. qua-
dratic or cubic approximations) for each
horizon of interest. Drehmann et al.
(2006) emphasize that the results of
their nonlinear VAR are significantly
different to results obtained when
using standard probit models.

Another strand of research focuses
on the identification of threshold ef-
fects in credit risk stress testing. Gasha
and Morales (2004) assess the impact
of economic activity on nonperforming
loans (NPLs) and conclude that ad-
vanced financial systems with low
levels of NPLs appear to have an em-
bedded  self-correcting  adjustment
when NPLs exceed a minimum thresh-
old. Bruche and Gonzalez-Aguado
(2007) propose another econometric
approach which allows for time varia-

2

tion in default and recovery rate distri-
butions via an unobserved Markov
chain, which they interpret as the
“credit cycle.” One of the main conclu-
sions of their empirical investigation is
that the time variation in recovery rate
distributions does amplify risk, but that
this effect is much smaller than the con-
tribution of the time variation in de-
fault probabilities to systematic risk.

Koopman et al. (2007) were pre-
sumably the first to tackle the problem
of a certain degree of arbitrariness,
choosing variables to take into account
the numerous possibilities in modeling
the link between macroeconomic vari-
ables and credit risk measures. They
propose the application of a dynamic
common factor model, as developed by
Stock and Watson (2002), to overcome
this problem. A related model using
frequency domain analysis was imple-
mented by Schneider and Spitzer (2004)
to produce short-term forecasts of real
Austrian GDP.

This paper is most closely related to
the work of Boss (2002), on which the
current OeNB model is based.” But
there is other closely related literature,
e.g. Virolainen (2004), Simons and
Rolwes (2008) and Fiori et al. (2007),
all of which make use of the framework
linking the macro-environment to the
business cycle, as originally proposed
by Wilson (1997a and 1997b). Our
contributions to the empirical credit
risk literature are fourfold: First, we
present the regression models for the
Austrian corporate sectors. Second, we
provide an illustrative example based
on a macroeconomic scenario calcu-
lated with the OeNB’s Austrian Quar-
terly Model (AQM).’ This provides an

Although the methodological foundation of the OeNB model is to link macroeconomic variables to probabilities of

default, the model described in Boss (2002) has been frequently updated and numerous improvements have been

incorporated, most importantly the estimation of multiple models (one for each of the main Austrian corporate

sectors).

See section 5 for a detailed description.
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illustration and comparison of the per-
formance of the different models.
Third, in order to exploit the potential
information inherent in a larger macro-
economic data set, we apply a principal
component analysis (PCA) to a set of
24 Austrian macroeconomic variables.”
This approach avoids the — usually arbi-
trary — selection of variables and makes
use of the entire output of large-scale
macroeconometric models such as the
AQM. Fourth, in order to account for
potential nonlinearity in the relation
between credit and business cycles, we
investigate a threshold approach.

The remainder of this paper is
structured as follows: In section 2, we
describe the underlying data set. Sec-
tion 3 specifies the methodologies used
and section 4 presents the results of the
regression analysis. In section 5 we ex-
amine our models on the basis of a mac-
roeconomic scenario to illustrate and
discuss their dynamics. Finally, conclu-
sions are drawn in section 6.

2 Data

When it comes to analyzing probabili-
ties of defaults, we are fortunate in the
sense that long historical time series are
available for the Austrian economy.
Our analysis is based on firm default
frequencies for the period from 1970 to
2007. These default frequencies are
calculated by dividing the number of
quarterly defaults by the total number
of firms in each sector; they are inter-
preted as sectoral default probabilities

Modeling Credit Risk through the Austrian Business Cycle:
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throughout the paper.’ The number of
firm defaults and the total number of
firms were obtained from the Austrian
creditor association Kreditschutzver-
band von 1870 and combined with ad-
ditional information on the number of
firms per sector from Statistics Aus-
tria.

For our analysis, the Austrian econ-
omy was divided into the following
main sectors (with the number of firms
at mid-2008 in parenthesis): agricul-
ture (7,330), production and mining
(22,912), construction (26,916), trade
(56,224), tourism (22,723), transport
(11,637), financial services (6,383),
services (82,120), overall® (228,967).

In chart 1, the default probabilities
of all sectors show an ascending trend
at least for the 1970s. Most of the time
series
breaks, in particular in the beginning
of the 1990s. This is not surprising
given the changes the Austrian econ-
omy underwent at the time, for exam-
ple the privatization of large, formerly
state-owned firms and the preparations
for EU accession.

The macroeconomic variables were
taken from the OeNB’s macroeco-
nomic database. Table 1 presents de-
scriptive statistics of a representative
sample of the Austrian macroeconomic
variables included in our regressions.
For a list of the 24 macroeconomic
variables used for the PCA analysis,
refer to table 8 in the appendix.

show evidence of structural

* See table 8 in the appendix for a complete list of the 24 macroeconomic variables.

* Because of certain data limitations we use the moving average over four quarters in full knowledge of the problems

of autocorrelation.
6 «

Overall” rgFers to the overall Austrian economy, excluding public services and the agricultural sector.
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Chart 1

Probabilities of Default for the Main Austrian Business Sectors (1970-2008)
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Source: Kreditschutzverband von 1870, Statistics Austria.
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3 Methodology

This section includes descriptions of
the three models underlying our analy-
sis (the standard regression model, the
principal components analysis (PCA)
and the threshold model) as well as the
algorithm applied to select the optimal
model.

3.1 Standard Regression Analysis
The average sectoral default probability
at time ¢ is modeled as a logistic func-
tion of an industry-specific “macroeco-
nomic index” which, in turn, depends
on the current values of the macroeco-
nomic variables under observation. The
initial logistic regression equation can
be noted as:
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Table 1

Descriptive Statistics of Quarterly Austrian Macroeconomic Variables
Expected sign | Number of Mean Standard
observations deviation

Cyclical indicators
GDRP, real (YER) - 154 2,71 1,71
Industrial production, real (IPexE)’ - 154 3,57 A4
Household indicators
Private consumption, real (PCR) - 154 2,59 198
PCR/GDP - 158 0,57 0,02
Unemployment rate (URX) + 154 2,83 1,44
Private sector disposable income, real (PYR) - 154 2,74 241
Corporate indicators
Average labor productivity (PRO) - 154 2,25 1,61
Total investment, real (ITR) - 154 2,53 4,80
Investment in equipment, real (IER) - 154 3,16 6,56
IER/GDP - 158 0,08 0,01
Unit labor costs (ULCN) + 154 3,22 342
Storage (SCR) 4 152 —19,72 246,41
External indicators
Exports, real (XTR) - 154 6,31 4,30
XTR/GDP - 158 0,34 0,12
Ol A 154 15,84 51,42
usD 4 154 1,00 0,24
Price stability indicators and interest rates
Consumer price index (CPI) + 152 3,67 2,25
Short-term interest rate, real (STl real) + 154 2,19 1,84
Long-term interest rate, real (LTI real) + 154 3,36 1,56
Short-term interest rate, nominal (STI nominal) aF 154 5,85 241
Long-term interest rate, nominal (LTI nominal) + 154 7,03 1,85

Source: OeNB.

" Real industrial production excluding energy.

Note: All variables are annual growth rates except for URX, USD, STI, LTI (real and nominal) and all ratios.

1

+e
where y, denotes the industry-specific

macroeconomic index at time ¢ for sec-

Gy,)=p, = .

Vs

tor s.”

We apply two different estimation
methods for this equation. In the first
estimation, we follow the approach
proposed in Wilson (1997a and 1997b)
and calculate “observed” values for the
macroeconomic index y, by simply
taking the inverse of the logistic func-
tion based on the historically observed
default probabilities:

1
y,=—In| —-1
P,

Since the macroeconomic index is
not stationary, we conduct an ordinary
least square regression for Ay =y-y .

This is reasonable for models with a
long-term horizon such as ours (from
1970 to 2007), as such time series are
subject to structural changes. Hence,
an estimation of transformed levels
could lead to wrong parameter esti-
mates. The following regression equa-
tion was estimated:

K
Ay, =2 B Ax, +e,=X B+ with

Ax,, =1

0
where y is the macroeconomic index,

calculated according to the respective
equation above. Ax, AX, .. . AX, denote

7 In the_ﬂ)l]owing, we skip the subindex sfor reasons zyrsimp]icit/v as all sectors are modeled in the same way.
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the set of year-on-year (logarithmic or
absolute) changes of the macroeco-
nomic variables and 8 ,4.5,....3, stand
for the parameters to be estimated.
They determine the direction and ex-
tent of the impact the factors have on
the index and finally on the sector-spe-
cific default probability. These parame-
ters are estimated by means of a linear
regression, where the error term ¢, is
assumed to be an independent, nor-
mally distributed random variable
e~N(0,0,).

Having calculated the coefficient
vector f§, estimates for the default prob-
abilities can be calculated on the basis
of estimated changes of the macroeco-
nomic index Ay, as follows:

. 1 .
=———— where p, denotes the

t 1+ e’(f,,rr”y: )

estimated probabilities of default.

Actually observed lagged values
were used to calculate the first four es-
timations of the macroeconomic in-
dex.

The other method we apply for the
initial logistic regression equation is
based on the work of Papke and
Wooldridge (1996), who estimate the
default probabilities directly but, in
contrast to common logistic regression,
explicitly account for fractional data
between 0 and 1. To account for this
feature, we estimate default probabili-
ties according to the following equa-
tions:
p=G(AXf})+e and
&~N(0,0 GIAXP) {1-GAXB)).

The estimation is done using a quasi-
maximum likelihood method where

the log likelihood is given by

In L(B) = X {p, IN[G(AX, B)]+
+(1- p,) N[G(AX B},

where AX is the t-th row of AX .

This method uses an estimation
technique superior to ordinary least
squares, but which can be applied to
levels of probabilities of default only.
The problems related to the stationar-
ity of the dependent variable could in
this case be dealt with by including an
AR(1) term. To get the maximum de-
pendency on the macroeconomic vari-
ables and consequently a higher impact
of the scenario on the probabilities of
default, however, no AR terms were
included in the models presented in this
paper. Instead, a time variable was in-
cluded to take into account the upward
trend of the probabilities of default de-
scribed in section 2.

3.2 Principal Components Analysis

Instead of estimating the probabilities
of default by the changes of individual
macroeconomic variables, we use a
PCA and take the resulting factors as
input for the regression analysis. A PCA
is an orthogonal linear transformation
that places the projection of the data
with the greatest variance on the first
coordinate. The other coordinates are
chosen subsequently, so that they ex-
plain the maximum remaining variance
subject to the condition of orthogonal-
ity. In this paper, the first five factors
are taken into account and they explain
74% of the variance of the 24 vari-
ables.?

X is the #xn matrix of the standard-
ized macroeconomic variables’ of an-
nual changes. We calculate the diagonal
matrix of eigenvalues 4 and the matrix
of eigenvectors V of X 'X.

¥ Fora complete list of the 24 macroeconomic variables used in this analysis, refer to table 8 in the appendix.

" Macroeconomic variables are standardized by subtraction of the mean and division by the standard deviation.
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X Xv=va

V'X' XV=4

XV)' (xv)=A4

The fraction of each eigenvalue 2, over
the sum of all eigenvectors is the vari-
ance explained by the i-th eigenvector.
The first ¢ eigenvectors sorted accord-
ing to the size of the associated eigen-
values V, constitute the orthogonal lin-
ear transformation of X described
above. The reduced factors F are ob-
tained by F=XV, with F being a rxq
matrix. It is obvious from the equation
that the factors must be orthogonal by
definition. This property is advanta-
geous in the context of a regression
analysis as it helps avoid problems re-
lated to collinearity. However, PCA
models might include variables that are
not significant in explaining probabili-
ties of default at all. In terms of stress
testing, these variables might alter the
results and hence interfere with a
proper risk assessment.

3.3 Threshold Model

To assess the presence of potential
asymmetries regarding the dependence
of probabilities of default on the busi-
ness cycle, we examine whether the es-
timated parameters — or variables in-
cluded in the model selection process
— of our standard model differ signifi-
cantly from those of an exogenous
threshold model. This could be an indi-
cation for an underestimation of risks
of the standard modeling approach. We
re-estimate our models under the fol-
lowing condition:

Modeling Credit Risk through the Austrian Business Cycle:
An Update of the OeNB Model

where y denotes the transformed prob-
abilities of default, with ¢, =/ for be-
low-average growth of the Austrian
economy of two consecutive quarters
else d,,=0 and vice versa for d,, which
identifies the observations correspond-
ing to above-average growth. The same
model can be applied to Ay,."?

3.4 Model Selection

To find the optimal multivariate model,
we use the following model selection
procedure. All macroeconomic vari-
ables under consideration are assigned
to one of the following groups: cyclical
indicators, price stability indicators,
household indicators, corporate indica-
tors, interest rates and external indica-
tors. Then we estimate all possible
models, including no more than one
variable of each group per regression.
The regression results are sorted by the
value of the adjusted R-squared value
for the logistic regression, respectively
by the highest value for the quasi-likeli-
hood estimator for the fractional logis-
tic regression. The models with the
wrong sign for the coefficients and with
a t-value of below 1.2 are dropped. The
same procedure is conducted for each
sector. In a next step, the best model is
selected from the sorted models, ac-
counting also for other statistical prop-
erties such as AIC and BIC, F test and
ML ratio.

10 This simple threshold model can be extended by including a threshold “kick-in” once growth has breached some low

percentile or in periods where one variable (or a collection of variables) becomes highly volatile by historical

standards.

FINANZMARKTSTABILITATSBERICHT 17 — JUNI 2009



Modeling Credit Risk through the Austrian Business Cycle:
An Update of the OeNB Model

In the PCA analysis, an analogous
procedure is applied with one group
per factor. In addition to the five fac-
tors, the oil price as well as short- and
long-term real interest rates are taken
into account. For the PCA factors no
sign restriction can be applied, which
might lead to statistical artefacts.

4 Estimation Results

This section provides the estimation re-
sults for univariate regressions as well
as for the three multivariate regressions
outlined in the methodology section.

4.1 Results of a Univariate Analysis

In a first step we estimate all univari-
ate'' models with the fractional logistic
regression model and with OLS regres-
sions for the changes of the default
probabilities for each sector. These
estimations provide an indication of the
dependency of the sectoral default
probabilities on macroeconomic vari-
ables. T-values are documented in
table 2.

It can be observed that GDP, pri-
vate consumption, the unemployment
rate and industrial production as well
as the ratios of equipment investment
to GDP and exports to GDP are signif-
icant under both regression methods
for almost all economic sectors. By es-

timating the levels of the probabilities
of default, significant coefficients can
also be found for average labor produc-
tivity, private sector disposable income
and real exports. By contrast, the re-
gressions based on the changes of prob-
abilities of default show significant esti-
mates with the expected sign for real
total investment, real equipment in-
vestment and the oil and consumer
price index for most of the sectors.
Among the cyclical indicators (GDP
and industrial production), GDP has
higher values for the fractional logistic
regression models, while for the OLS
models industrial production has a
higher explanatory power for most of
the sectors.

All PCA factors are highly signifi-
cant in explaining the levels of proba-
bilities of default in most of the busi-
ness sectors. The first and second fac-
tors (which together explain 50% of
the variance of all included macroeco-
nomic variables) have a negative sign,
therefore they move inversely to the
probabilities of default. They are not
significant for the agricultural sector,
but that finding is consistent with eco-
nomic intuition in case the first and
second factors do indeed represent the
business cycle.

n Including a constant and,for thefractional logistic regression, an additional time variable.
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Table 2
t-Values of the Univariate Regression for Probabilities of Default and for the Changes of the
Logit-Transformed Probabilities of Default
Dependent variable: Pt (Method: Fractional logistic regression)

Explanatory variable Expected| Agricul- | Produc- | Con- Trading Tourism | Trans- Financial | Services | Other
sign ture tion struction port services
GDRP, real (YER) — | —4.20%*%* | —372%*kx | —353%kx | —300%** | —1.63*% —1.96%* -1.16 =43y =3
Private consumption, real (PCR) — | =3.28%%* | —1.50 il -216%*% | —0.38 —-0.57 0.66 -099 —1.6*
PCR/GDP - | 2.3 1519 277 16.65 16.76 590 12.85 13.89 15.08
Unemployment rate (URX) Sl I EVE el P A= 099 Afp=s Bl EVSaas A S
Average labor productivity (PRO) = | SBArEE || =SaAREEs | SAFEes || SR | =206 | =7 —2.58%* DAY= || =
Private sector disposable income,
real (PYR) — | —2.70%* —2.01%*% | —4a4%*% | —92%**% | —(.81 —2.00%* 0.34 =g A5
Total investment, real (ITR) - | —0.62 014 0.21 0.03 226 0.06 0.26 —210%* 0.26
Equipment investment, real (IER) - | 104 1.89 1.78 0.60 091 2.02 018 0.37 124
IER/GDP = || SBAOFEE || =GADEE | =4OFES || FAEE | S4areEE | S5 || AR || B IFEEE | =65
Unit labor cost (ULCN) + | -1.24 -3.81 —-6.36 —1.73 —4.54 —3.62 012 -3.01 —-3.86
Exports, real (XTR) - | —1.36 —=3.29%%* | 013 —294%** | —0.51 -023 = =3 || = UF
XTR/GDP - | -1.59 A= || =3 | AR | SRR || =R || a0erEs || =255 | 24
Short-term interest rate,
real (STl real) + | —045 =311 -4.53 -1.57 115 -318 172 -3.35 -2.85
Long-term interest rate,
real (LTI real) + | 1.89% 0.61 -0.07 110 095 0.59 -1.33 0.74 079
Short-term interest rate,
nominal (STl nominal) + | —2.84 -6.57 -4 -4.19 -4.60 -4.78 -079 —-6.24 -6.16
Long-term interest rate,
nominal (LTI nominal) + | —1.85 -5.03 —3.65 -2.99 —3.06 -2.50 -099 —-4.06 -3.89
Industrial production,
real (IPexE)? - | —1.25 —2.57%*% | —1.73* —1.97%* -040 -0.72 —1.54 =3 s || A
Oil + | —3.62 -4.23 -0.61 -3.95 -2.20 —1.05 -0.15 194 -2.76
Consumer price index (CPI) + | —1.36 =701 —-318 -5.37 —947 232 —1.96 —4.69 —-6.27
Factor 1 -044 —4.06%** | —558%** | —1.90%* =FEE || SAFEE | SBAEEE || =4 EFEE | =G
Factor 2 —2.68%* —42TRER | 4 38R | 440k 3 03%EF | 482Kk | ) BYREER | 5 70%K* | —4 88%**
Factor 3 —2.28%* AR 2,02%* 1.75% 127 096 BN Eaad A= 1.84%
Factor 4 1.75% —-0.68 0.00 -094 -0.04 -0.58 A5 -048 -0.39
Factor 5 -1.05 —2.58%% | —3,58%%* —1.7* —1.25 —3.87%F* | —2.21%* —4.68%F* | —312%xk
Dependent variable: 4Yr (Method: OLS regression after logistic transformation)
Explanatory variable Expected| Agricul- | Produc- | Con- Trading Tourism | Trans- Financial | Services | Other
sign ture tion struction port Services

GDRP, real (YER) = | =LA | AR || =4S | =FOARE || =LSARESS | =AerEEs 1.25 118 =46
Private consumption, real (PCR) — | —2.34%* -1.33 =3.33%** | —0.59 —1.66%* | —2.38%* 1.08 017 =192
PCR/GDP - | 231 1519 277 16.65 16.76 590 12.85 13.89 15.08
Unemployment rate (URX) + | 2.38%* 251 il I [ A A5 Auiaress || e 0.00 5[0ress S
Average labor productivity (PRO) - | —1.62 0.16 -1.20 —-0.75 123 318 0.89 0.84 -073
Private sector disposable income,
real (PYR) — | —2.29%* 1.03 —2.94%*%% | 018 -1.09 -110 142 0.84 -0.45
Total investment, real (ITR) = | FABETS | DG || @A | =AARET | =4 | =4 1.58 -0.68 —6.56%**
Investment in equipment, real (IER) —2.09%* =4 MR | =45 || =4asess | DA | S0 0.66 —1.57 A5
IER/GDP — | S5.70%** | —620%%* | —408%** | —J4exk* | —F44kkx | 351k | 174 —5.73%%F | —6.66%FF*
Unit labor costs (ULCN) + | —1.63 016 -1.20 -0.75 123 -318 0.89 0.84 -073
Exports, real (XTR) -| 033 =AAREEE || =LA —2.65%** | —0.95 140 -099 =4S =
XTR/GDP - | —1.59 —2339%**% | —730%** | —20,30%** | —2793%*%* | —7Q3%k* | —14,08%** | =1 55%** | —)491%*x*
Short-term interest rate,
real (STl real) +|-028 -2.39 —-3.69 -1.78 -4.08 177 238 -3.20 -344
Long-term interest rate,
real (LTI real) + | 094 2.05 -0.01 0.82 0.58 019 0.60 -046 0.87
Short-term interest rate,
nominal (STl nominal) + | —2.84 -6.57 -4 -4.19 —-4.60 —-4.78 -079 —6.24 —6.16
Long-term interest rate,
nominal (LTI nominal) + | —1.85 -5.03 —3.65 -2.99 —-3.06 —-2.50 -0.99 —4.06 —-3.89
Industrial production,
real (IPexE)? - | —1.64* —8.32%** | —5,60%** | —452%%k | —) 60%*k* | —323%** | 014 —=5.78%%* | —6.50%**
Oil +| 013 0.56 140 A3 A== || JATFESS A= -0.26 2.25%
Consumer price index (CPI) + | 245%* 1.81% Aibrss BiD 3.01%%* | 114 045 AIFE A==
Factor 1 0.68 —142 -1.07 0.57 -0.31 0.29 DI -091 -0.55
Factor 2 0.64 —3.03%** | —3.07*%**% | —179% 148 —1.85% -1.39 —318%** | ) B7H**
Factor 3 AN 0.24 1.98% —-1.33 —-1.03 -096 -0.81 —-0.63 -041
Factor 4 -0.77 3.03*** | 0.33 040 315%*%* | —0,03 -0.26 3.06%** LA
Factor 5 -092 -1.74 —3.66%*%*% | =116 =192 =4 (055 148 —2.09%* =N JE==
Source: OeNB.
1% % gnd *** indicate significance at the 0.1, 0.05 and 0.01 level, respectively.
? Real industrial production excluding energy.
Note: Data (1970—2007) include 155 observations per sector.
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Table3  scribed in subsection 3.4 and

Results of the Standard Regression Model

present the results of the two

(Method: OLS for the changes of the logistically models in table 3 and 4."

transformed probabilities of default)
Sector: Overall

Time period: 1970-2008

Quarterly observations

Number of observations: 153

For the fractional logistic
regression method we present
two different models. The
model presented in table 4 has

Dependent variable: AY, OLS

the smallest quasi-maximum

Variable (lag) ‘ Coefficient ‘ t-Statistics
Constant 0.02 1.60
Industrial production -1.30 —8.81
Unemployment rate 0.08 3.99
Unit labor costs (2) 2.63 4.89
@]] 0.10 5.75
Long-term interest rate, real 0.01 1.32
R-squared 0.55

Adjusted R-squared 0.54

Source: OeNB.

likelihood, the model pre-

Results of the Standard Regression Model
(Method: Fractional Logistic Regression)

Sector: Overall

Time period: 1970—2008
Quarterly observations
Number of observations: 153

Dependent variable: P, fractional logistic regression

Variable (lag) Coefficient ‘ t-Statistics
Constant —3.78 —33.07
Time 3.79 42.04
Industrial production —1.03 —7.38
Unemployment rate (4) 0.06 2.84
Investment in equipment/

GDP (4) —18.45 —12.72
Exports/GDP (4) =511 —27.56
Quasi-maximum likelihood =5.31

AIC 22.61

BIC 40.64

Source: OeNB.

Probabilty  cented in table 5 has a smaller
0.11 AIC.

8:88 Depending on whether we

000  estimate the levels or the

000 changes of the logistically

017 transformed probabilities of

default, we include different

variables in the selected mod-

els. The driving cyclical indi-

cator for almost all models is

e industrial production, but for

the fractional logistic model

industrial production can be

replaced by GDP without los-

ing much of the model’s ex-

planatory power. Surprisingly,

the macroeconomic variables

‘ Probability in our models are very similar

for almost all industrial sec-
288 tors. For the fractional logistic
0oo  models, the variables used be-
001 sides industrial production are
0.00 the unemployment rate, the
000 Investment in equipment-to-
GDP ratio and the exports-to-
GDP ratio. For the trade and
tourism sectors, the nominal

short-term interest rate was

4.2 Results of the Standard
Regression Analysis

In a second step we estimate multivar-

iate regression models for the differ-

ences of the transformed default prob-

abilities as well as for their levels. We

follow the model selection process de-

found to be significant, too.
Variables for the services sector include
the consumer price index, while for the
transport sector they include oil instead
of the exports-to-GDP ratio. For the
models based on the changes of the
macroeconomic index, industrial pro-
duction, the unemployment rate, unit

12 Model results for all business sectors are available from the authors upon request.
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Table5 4.3 Results of the Principal

Results of the Standard Regression Model
(Method: Fractional Logistic Regression)
without Ratios

Sector: Overall

Time period: 1970-2008

Quarterly observations

Number of observations: 153

Components Analysis
Moving on to the PCA, we re-
estimate multivariate regres-
sion models for the levels of
default probabilities, this time,
however, including the five

Dependent variable: P, fractional logistic regression

factors obtained from the PCA

Variable (lag)

Constant =5.06 —67.25
Time 0.75 9.26
GDP —6.78 —6.36
Unit labor costs —12.37 —6.77
Exports (4) =111 —2.91
Quasi-maximum likelihood -5.32
AIC 20.63
BIC 35.65

Source: OeNB.

Coefficient ‘ t-Statistics ‘ Probability

(lag 1 to 4). As not all 24 mac-
roeconomic variables have
000  been available since 1970,
8'88 time series for the PCA start
000 in 1986. This obvious disad-
000 vantage might be set off by the
fact that structural breaks in
the Austrian economy pose a
lesser problem for the shorter

time horizon. On this account

and given the results of the
Table6  univariate case, we only esti-

Results of the Regression Model Based on
Principal Components

Sector: Overall

Time period: 1970-2008

Quarterly observations

Number of observations: 153

mate the fractional logistic
models for the PCA factors.'
The inclusion of the PCA fac-
tors in the selection procedure
is limited to one occurrence

Dependent variable: P, fractional logistic regression

by factor in the final model. In

Variable (lag) Coefficient ‘ t-Statistics
Constant -5.15 —150.79
Time 0.49 744
Factor 1 (3) —-0.01 —2.02
Factor 2 (4) —-0.02 —3.63
Factor 3 0.03 6.55
Factor 4 0.11 13.00
Factor 5 —-0.03 —3.43
Long-term interest rate, real 0.02 2.08
Oil (2) 0.25 912
Quasi-maximum likelihood -3.70

AIC 2541

BIC 47.50

Source: OeNB.

Probability

addition, we include real in-
terest rates as well as the oil
000  price; in these cases, the max-
8:8(5) imum likelihood estimator
000 and the expected sign are the
000  selection criteria. As shown in
8‘88 table 5, all five factors, the oil
004  price and the interest rates en-

000  ter the selected model.

4.4 Results of the Threshold
Model

labor costs or investment in equipment,
oil and the short-term interest rate
(real)”’ are significant in most of the
sectors.

3 When including interest rates in the models, restrictions
about 1.2, which corresponds to a p-value of about 0.2.

Finally, we estimate the thresh-
old model. Our intention is to
verify that the data point segmentation
of the threshold model is superior to an
arbitrary selection when it comes to
providing statistical proof for the as-

concerning the t-value must be very tolerant, coming to

* Results of the OLS regression were not as promising as those of the fractional logistic regression.
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sumption that the model is consistent.
However, we fail to verify this state-
ment, which might be related to the
fact that our threshold model approach
is still very basic. Overall results do not
look very promising, however. Further
research to capture the nonlinearity of
the business cycle will be necessary.
For the downside part of the model, no
cyclical indicators are significant; only
exports and unit labor costs have statis-
tically relevant explanatory power. For
the upside part of the model, industrial
production, unit labor costs and the oil
price are significant variables."

5 An lllustrative Example

To illustrate the applicability of our re-
search, we analyze the impact of an ad-
verse economic shock on probabilities
of default according to the different
models presented above.

5.1 Scenario Description

We assume a severe global recession
which heavily impacts on the Austrian

economy. This assumed downturn af-

fects the Austrian economy mainly via

three channels:

— a decline in demand for Austrian
exports;

— a global reassessment of risk that
drives up risk premiums on interest
rates in Austria and thus causes a
decline in investment and consump-
tion. In addition, equity prices are
assumed to fall in this scenario, ex-
erting negative wealth effects on
consumption.

— negative confidence effects, which
amplify the negative wealth effects.
Austrian households are assumed to
step up their precautionary savings,
and firms are assumed to postpone
investment projects.

The impact of the downturn on the
Austrian economy is simulated using
the OeNB’s Austrian Quarterly Model
(AQM) (see Fenz and Spitzer, 2004,
and Schneider and Leibrecht, 2006); it

turns out to be severe (see table 6).

Box 1

The OeNB’s Model for Quarterly Macroeconomic Analysis

The OeNB’s model for quarterly macroeconomic analysis (Austrian Quarterly Model — AQM)
is a small to medium-size macroeconomic model in the tradition of neoclassical synthesis. It is
therefore in line with most models used by Eurosystem central banks. The long-term relation-
ships are derived from a neoclassical optimization framework, whereas short-term dynamics
are data driven. Adjustment to the real equilibrium is sluggish. Imperfections on goods and
labor markets typically prevent the economy from adjusting instantaneously to the long-term
equilibrium. In the current version of the AQM, the formation of expectations is strictly back-
ward looking. The relatively small scale of the model keeps the structure simple enough for
projection and simulation purposes, while incorporating a sufficiently detailed structure to
capture the main characteristics of the Austrian economy. The main behavioral equations are
estimated using the two-step Engle-Granger technique. The model currently consists of 146
variables.

5 Result tables are available from the authors upon request.
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Table 7

GDP Growth According to the Assumed Scenario

Year 1 ‘ Year 2 ‘ Year 3

Q1

Year-on-year change in %
Austrian GDP growth 19 |

Quarter-on-quarter change in %

Q2 ‘Q3 ‘Q‘* ‘Q1 ‘Q2 ‘Q3 ‘Q4 ‘Q1 ‘Ql ‘Q3 ‘Q‘*

-16 | —-04

Austrian GDP growth 0.6 0.4 01 =04 ‘ -09 =07 =05 —0.3‘ =01 041 0.3 0.5

Source: OeNB.

In this three-year scenario, the
GDP growth rate for Austria in quar-
ter-on-quarter terms turns negative at
the end of the first year and remains
negative for six consecutive quarters.
The trough is reached in the first quar-
ter of the second year with a quarterly
decline of GDP of —0.9%. In the third
year of our scenario, GDP growth
turns positive, but remains below po-
tential growth until the end of the sce-
nario horizon. Such a long economic
downturn is an extraordinary event,
which in reality has not been observed
in Austria since World War II. The
slump in economic activity in our sce-
nario is mainly caused by a decline in
exports and business investment, while

the negative impact on private and
public consumption is significantly
smaller.

Given the scenario described above,
different sensitivities of the probabili-
ties of default can be observed that de-
pend on (1) the model as well as (2) the
sector. In the following two subsections
we present the impact of the scenario
on the overall sector according to the
standard regression and the PCA mod-
els presented in section 3.'°

5.2 Impact of the Scenario Based on
Standard Regression Analysis

The graph presented in chart 2 is based
on the regression estimations presented
in table 3. It shows the impact of the as-

Chart 2

Probabilities of Default (PD) for the Overall Sector: OLS Regression

Graph and Scenario Impact

%
12

10
0.8
0.6
04
02

0.0
Starting in 1970

MJ

== PD PD estimates (changes) == PD scenario (changes)

Source: OeNB.

16 Graphs and impact tables for all other sectors are available from the authors upon request.
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Chart 3

Probabilities of Default (PD) for the Overall Sector: Fractional Logistic

Regression Graph and Scenario Impact

%
14

12
1.0
0.8
0.6
04
0.2

0.0

Starting in 1970
= PD
PD estimates (table 4)

== PD estimates (table 5)
== PD scenario (table 4)

Source: OeNB.

«= PD scenario (table 5)

sumed scenario according to standard
regressions based on the differences of
transformed default probabilities. This
model has a rather small impact under
the scenario. The changes of the prob-
abilities of default depend on a lag of
four quarters; therefore the impact of
the variables is time delayed and shows
a seasonal trend.

Chart 3 shows the impact of the
fractional regression models presented
in table 4 and 5. The graph based on
the estimation presented in table 4 has
a better fit than the graph based on ta-
ble 5 results, but in the scenario the
probabilities of default increase only by
about 30%, which is quite similar to
the model based on changes. The
smaller impact of the scenario on the
probabilities of defaults for the model
based on table 4 results, which includes
ratios of macroeconomic factors as ex-
planatory variables, might be due to the
fact that in the scenario in which both
macroeconomic variables move in the
same direction the change in the ratios

is smaller than the change in the mac-
roeconomic variable itself.

The impact of the scenario on the
model based on table 5 shows a 100%
increase in the probabilities of default.
Independent of econometric argu-
ments, from a supervisory perspective
we feel more comfortable using this
model because of its quicker response
and the more pronounced increase in
probabilities of default, and because it
provides more conservative estimates
of stress impact.

5.3 Impact of the Scenario Based on
the Principal Components Analysis

The graph in chart 4 is based on the
PCA model; regression estimations are
the same as presented in table 6.7 We
observe a good fit and an increase of
the probabilities of default of about
100% in the scenario. However, the
probabilities of default show a consider-
able increase in the first quarter of the
scenario and a drop in subsequent quar-
ters. This property could not be ob-

17 Since no broad macroeconomic dataset is available for the period before 1987, the estimation period of the PCA
model is shorter than the periods considered in the other models.
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Chart 4

Probabilities of Default (PD): PCA Fractional Logistic Regression Graphs and

Scenario Impact

%
12

1.0
0.8
0.6
04
02

00
Starting in 1970

= PD PD estimates == PD scenario

Source: OeNB.

served at any point in time over the ho-
rizon of our input time series. Further
research is called for to analyze this
surprising result.

6 Conclusion

With this paper we aim at achieving the
methodological improvements neces-
sary to bridge the gap between macro-
economic forecasting and credit risk
modeling in order to run consistent
macroeconomic stress tests. The ongo-
ing crisis, in particular, highlights the
need to quantitatively assess the impact
of a possible economic deterioration on
individual banks’ loan portfolios or
even on the entire financial system. In a
period of systemic fragility it is of ut-
most importance to have a clear view of
potential future credit defaults, as poli-
cymakers are more than ever called
upon to help draft the appropriate pol-
icy response.

In that light, the objective of this
paper — i.e. improving the OeNB mod-
els that link Austrian default probabili-
ties to macroeconomic variables — is as
timely as it could be. Next to standard
regression models, we explore a PCA
of 24 macroeconomic variables and an
external threshold model. The models
based on factors derived from the PCA

are statistically significant and show a
good fit. An economic interpretation of
these factors, and hence the story-tell-
ing capacity based on this model, how-
ever, suffer from the methodology’s
lack of transparency and tractability.
Moreover, results from our illustrative
example were quite surprising. Under
the assumed scenario, the probabilities
of default increased rapidly in the first
quarter but decrease later on. These re-
sults are not in line with economic in-
tuition. For the threshold approach, no
consistent models were found, as simu-
lations based on arbitrary data point
segmentation suggest that the models
were driven by statistical artefacts.
However, including the nonlinearity of
the business cycle might increase the
value of our threshold model and will
be subject to further research at the
OeNB.

As our attempt to address two of
the main shortcomings in modeling the
link between credit and business cycles
— namely arbitrary variable selection
and nonlinearity — has yielded no con-
vincing results so far, we returned to
more traditional modeling approaches.
Two different methods to estimate
standard regression are presented in
this paper, each with its individual ad-
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vantages and disadvantages. Regres-
sions based on the changes of the trans-
formed probabilities of defaults avoid
problems like the nonstationarity of the
default probabilities and other concerns
related to structural breaks in eco-
nomic time series. Fractional logistic
regression, however, is a superior esti-
mation method to OLS and is especially
suited for data between 0 and 1.
Moreover, models for the changes
of the logarithmically transformed
probabilities of default react rather
weakly to the scenario of our illustra-
tive example. The increase in probabili-
ties of default was comparatively small
for such a severe scenario. In our ex-
ample, models based on fractional lo-
gistic regression show a higher sensitiv-
ity than other models. In fact, probabil-
ities of default double under the pre-
sented scenario. Surprisingly, in almost
all corporate sectors, similar macro-
economic variables prove to be signifi-

cant, but they differ depending on

References

whether we estimate on the basis of
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Appendix

Table 8

Macroeconomic Variables Transformed in the Principal Component Analysis
(PCA)

Variables included in the PCA Number of Mean Standard
observations deviation
Total capital cost (CAC) 84 543 2.79
Private credit, amount outstanding (CPN) 84 6.46 2.67
Domestic demand, real (DDR) 84 2.22 1.29
Government budget balance (GB) 84 279 1317
Government debt gross (GDN) 84 5.20 412
Government disposal income (GYN) 84 4.27 3.97
Harmonised index of consumer prices (HICP) 84 1.94 0.83
Interest payments on government debt (INN) 84 3.94 6.26
Total investment, real (ITR) 84 249 2.37
Real marginal product of capital (MPC) 84 0.03 0.00
Imports, real (MTR) 84 571 3.83
Net foreign assets (NFA) 84 3.04 20.70
Net factor income (NFN) 84 34 74
Private consumption, real (PCR) 84 2.24 146
Direct tax paid by households (PDN) 84 4.82 543
Average labor productivity (PRO) 84 1.83 0.72
Private sector disposal income, real (PYR) 84 247 2.08
Total tax revenues (TOTREV) 84 3.60 3.77
Unit labor costs, adjusted (ULA) 84 0.63 0.04
Unemployment rate (URX) 84 3.97 0.60
Value added tax (VAT) 84 3.29 3.29
Real compensation per employee (WURYD) 84 0.95 0.84
Export, real (XTR) 84 6.20 349
GDP, real (YER) 84 248 1.07

Source: OeNB.
Note: All values are annual growth rates, except MPC, INN, ULA and INN levels.
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