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a b s t r a c t

This paper proposes a model to conduct macro stress test of credit risk for the banking sector based
on scenario analysis. We employ an original bank-level data set that splits bank credit portfolios in 21
granular categories, covering household and corporate loans. The results corroborate the presence of
a strong procyclical behavior of credit quality, and show a robust negative relationship between the
logistic transformation of non-performing loans (NPLs) and GDP growth, with a lag response of up to
three quarters. The results also indicate that the procyclical behavior of loan quality varies across credit
types. This is novel in the literature and suggests that banks with larger exposures to highly procyclical
credit types and economic sectors would tend to undergo sharper deterioration in the quality of their
32

eywords:
anking system
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inancial crisis

credit portfolios during an economic downturn. Lack of sufficient portfolio granularity in macro stress
testing fails to capture these effects and thus introduces a source of bias that tends to underestimate the
tail losses stemming from the riskier banks in a system.

© 2011 Elsevier B.V. All rights reserved.
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economic sectors, and assesses the extent of differences in the sen-
redit risk

. Introduction

There has been a growing literature on stress testing in the
ecent years. The importance of these exercises has been high-
ighted by the recent crisis and the cascade of bank failures in many
ountries. A deep understanding of the resilience of a banking sec-
or to adverse macroeconomic scenarios is of crucial importance for
he proper evaluation of systemic risk and has a direct connection
ith the development of new regulatory and prudential tools.

This paper describes a model to conduct macro stress test of
redit risk for the Brazilian banking sector based on scenario anal-
sis. The proposed framework comprises three independent, yet
omplementary modules that are combined in sequence. The first
odule uses time series econometrics to estimate the relationship
etween selected macroeconomic variables, and uses the results
o simulate distressed, internally consistent, macroeconomic sce-
arios spanning two years. The second module uses panel data

� The views expressed in this article are those of the authors’ and not necessarily
hose of the institutions they are affiliated with. The authors wish to thank, without
mplicating, comments received from Pedro Rodriguez, Rafael Romeu, Gilneu Vivan,
rom seminar participants at the Central Bank of Brazil and International Monetary
und, two anonymous reviewers and the editor Iftekhar Hasan.
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conometrics to estimate the sensitivity of non-performing loans
NPLs) to GDP growth, and uses the results to simulate the evolu-
ion of credit quality for individual banks and credit types under
istressed scenarios.1 This module exploits a rich database that
racks the evolution of NPLs for 78 individual banks and 21 cat-
gories of credit for the 2001–2009 period.2 The third module uses
he predicted NPLs as a proxy for distressed probabilities of default
PDs) and combines this information with data on the exposures
nd concentration of bank credit (gross loans) portfolios to estimate
ail credit losses, using a credit value-at-risk (VaR) framework.

This paper makes three main contributions to the literature on
tress testing. First, it exploits a rich partition of bank credit port-
olios by borrower types (i.e., consumer versus corporates) and
itivity of credit quality to macroeconomic conditions across credit
ypes. Second, it illustrates that macro stress test models based

1 Non-performing loans (NPLs) for each credit type are computed as the ratio of
oans past due in excess of 90 days relative to the total loans in the corresponding
ategory.

2 The data comes from information reported by the supervised institutions to the
redit registry of the Central Bank of Brazil. In general, the credit portfolios ana-
yzed in this paper cover virtually all the bank credit to the private sector under

arket conditions. This represents about (2/3) of total bank credit, due to the exclu-
ion of credit operations granted under statutory conditions (the so-called directed
ending).
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Our paper contributes to this literature by presenting a macro
stress test model of credit risk that combines the use of bank-level
information, with a granular partition of banks’ credit portfolios

4 See Sorge and Virolainen (2006) for an overview of stress test methodologies.
See also Illing and Liu (2006), Blank et al. (2009), Rodriguez and Trucharte (2007),
Castrén et al. (2010) and Cardarelli et al. (2011). Foglia (2009) provides a very
interesting review of current approaches to stress testing employed by supervisory
0 F. Vazquez et al. / Journal of F

n insufficiently granular data on banks’ credit portfolios may  be
iased in a material way. In particular, macroeconomic stress test
odels based on undifferentiated credit data may  tend to under-

stimate the credit losses stemming from the highly procyclical
redit types (and overestimate the losses associated with the rela-
ively safer credit types). To the extent that the composition of bank
redit portfolios varies across institutions, the use of insufficiently
ranular credit data would tend to underestimate the tail losses
f riskier banks, which runs against prudent principles. Third, we
resent and discuss the results for the Brazilian banking system,
hich is one of the largest banking systems in Latin America.

The results corroborate the presence of a strong procyclical
ehavior of credit quality, as indicated by a robust negative rela-
ionship between (the logit transformation of) NPLs and GDP
rowth, with a lag response of up to three quarters. Comparative
tatic exercises indicate that a 2 percentage point drop in yearly
DP growth, which is akin to the maximum drop observed in Brazil
uring 1996–2008, would cause a twofold increase in NPLs from
heir March 2009 levels, to about 7 percent. In addition, credit
uality displays a strong inertial behavior across all credit types,
ith autoregressive coefficients implying that a one percentage
oint increase in NPLs in a given quarter produces a 0.4 percentage

ncrease in NPLs in the next quarter. Credit to individuals, vehicles,
nd retail commerce were found to be relatively more sluggish.

The models also indicate substantial variations in the cyclical
ehavior of NPLs across credit types, with no statistically signif-

cant differences across state-owned (public) and private banks,
uggesting that the results are not due to likely differences in credit
rigination practices across these two types of banks.3 At the same
ime, some credit types appeared to be more sensitive to changes
n economic activity, particularly agriculture, sugar and alcohol,
ivestock, small consumer credit, and textile. Consequently, the
uality of these credit types would likely undergo more severe
rosion under a protracted drop in economic activity. Banks with
igher exposures to these credit types may  need to be followed up
ore closely.
Overall, the stress tests suggest that the Brazilian banking sector

s well prepared to absorb the credit losses associated with a set of
istressed macroeconomic scenarios without threatening financial
tability. Four alternative macroeconomic scenarios, each one pro-
ected over two years, were analyzed. These comprised a Baseline
eflecting the expected path of GDP growth, and three distressed
cenarios that were deemed to be extreme, but nevertheless likely,
nder current circumstances. Overall, the results of the baseline
cenario indicate that NPLs peak to 6.7 percent in the fourth quarter
f 2010, before recovering. The simulated NPLs for the distressed
cenarios are higher than for the baseline. The more severe dete-
ioration in credit quality is associated with a slowdown in GDP
rowth akin to two standard deviations below its 2001–09 mean,
ith overall NPLs reaching a maximum of 8.5 percent, which is

bout a twofold increase from their starting levels.
The remainder of the paper is structured as follows: Section

 presents a brief literature review, whereas Section 3 discusses
he methodology. Section 4 presents the empirical results. Finally,
ection 5 concludes the paper.

. Literature review
Since the seminal works of Wilson (1997a,b),  which present
 framework to examine credit risk under distressed macroeco-

3 Recent literature for the Brazilian banking system suggests that there may  be
mportant differences across banks due to ownership (Staub et al., 2010; Tabak and
taub, 2007; Tabak et al., forthcoming; Tecles and Tabak, 2010).
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omic conditions, several papers have applied macro stress test
ools to assess the resilience of various banking systems to adverse

acroeconomic shocks (Gerlach et al., 2003; Pesola, 2001, 2005;
røyland and Larsen, 2002; Barnhill et al., 2006; Misina and Tessier,
007; Berkowitz, 1999; van den End et al., 2006; Hoggarth and
hitley, 2003; Boss et al., 2007; Virolainen, 2004; Sorge, 2004,

mong others).4 In this literature, the main objective is to gauge
he vulnerability of a portfolio (market, credit, or both) to adverse

acroeconomic scenarios, or to extreme but plausible events or
hocks. The objective of such tests is to make risks more trans-
arent, assessing the potential losses of a given portfolio under
bnormal markets. These tools are commonly used by financial
nstitutions as part of their internal models and management sys-
ems and to inform decisions regarding risk taking and capital
llocation. In addition, these tools have become increasingly more
sed by financial regulators to evaluate the soundness of the finan-
ial systems under their control.

Typically, macro stress tests of credit risk involve three major
asks. First, the development of a model to capture the interrela-
ionships between selected macroeconomic and financial variables.
econd, the calibration of parameter vectors linking macroe-
onomic and financial variables to specific measures of loan
erformance. Third, the design of adverse macroeconomic scenar-

os, and the computation of their impact on credit quality and
anks’ solvency. Usually, the macroeconomic variables used in
tress test models include measures of economic activity (i.e., GDP
rowth, the output gap, and unemployment), and measures of
onetary conditions and key prices (i.e., interest rate, exchange

ate, inflation, money growth and property prices).
The investigation of how adverse scenarios may  impact asset

uality and solvency in the banking sector can be done using two
pproaches: top-down or bottom-up. The first one builds on aggre-
ated data on bank credit portfolios, sometimes split by credit
ypes or economic sectors, and simulates evolution of aggregated
redit quality under distressed macro scenarios with the help of
ime series analysis (see for example Virolainen, 2004; Wong et al.,
006). A key shortcoming of this approach is its limited capacity
o assess the financial conditions of individual institutions, which
re frequently the focus of the analysis. The bottom-up approach
ddresses this shortcoming by resorting to the use of bank-level
ata.5 Typically, models based on this approach use panel data
conometrics to gauge the evolution of asset quality under dis-
ressed macroeconomic scenarios, and the results are then mapped
nto banks’ solvency and aggregated to get a systemic picture. Pos-
ibly due to data constraints, however, bottom-up models fail to
xploit granular data on the characteristics of individual banks’
redit portfolios (i.e., portfolio concentration and loan performance
y credit types).6
uthorities.
5 An example is Duellmann and Erdelmeier (2009) which stress-test the credit

ortfolio of German banks using a different approach (Merton-type multi-factor
redit risk model) from ours. The authors show that it is crucial to capture credit risk
ependencies between sectors. The focus is on the automobile sector (key sector)
nd its interdependencies with other sectors.
6 There is to date little research using the bottom-up approach. Interesting exam-

les  are the works of Coffinet and Lin (2010) and Coffinet et al. (2009), which perform
 bottom-up stress test for French banks profitability and income subcomponents,
espectively.
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Fig. 1. Selected macroeconomic variables, first differences, 2000–09.

Table 1
Summary statistics of selected variables.

Variable Obs Mean Std. Dev. Min  Max

D.yc 35 −0.0005 0.0164 −0.0507 0.0514
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Table 1. In order to control for the impact of the global financial
crisis in the system, we add a dummy  variable that equals one for
the last two quarters of the sample (i.e., Q4 2008 and Q1 2009) and
F. Vazquez et al. / Journal of F

etween consumer and corporate loans, classifying the former by
ize and the latter by economic sectors. In particular, we  assess the
ensitivity of credit quality to macroeconomic conditions using a
ank-level dataset that keeps track of 21 credit categories during
001–09. The estimated parameter vectors are used to simulate the
volution of credit quality for individual banks and specific credit
ypes, under adverse macroeconomic scenarios. This information
s then combined using a credit portfolio approach to estimate the
ank-specific capital needs conditional on the realization of the
dverse macroeconomic scenarios.

Overall, the results suggest that the procyclical behavior of
redit quality varies across credit types. By failing to account for
hese differences, current macro stress test models may  be biased
n a material way, underestimating the riskiness of banks that
re more heavily exposed to highly procyclical credit types and
conomic sectors. We  illustrate this bias by running parallel simula-
ions of bank-level NPLs under adverse macroeconomic scenarios,
sing two approaches. The first, akin to typical macro stress test
odels of credit risk, uses bank-level data on credit quality, with-

ut allowing for differences in the behavior of credit quality across
redit types. The second, following the approach presented in this
aper, exploits granular information on the characteristics of bank
redit portfolios. The findings provide strong evidence of a data
ggregation bias that tends to underestimate the impact of macro
hocks on the quality of bank credit portfolios. Papers reporting that
anking systems were resilient to adverse macroeconomic scenar-

os may  have been partly influenced by this underestimation of
redit risk.

. Methodology

.1. Overview of the methodology

The stress test framework presented in this paper comprises
hree components that are integrated in sequence:

A macroeconomic model to estimate the relationship between
selected macroeconomic variables with the help of times-series
analysis. This model is used to simulate distressed, internally
consistent, macroeconomic scenarios, projected over a two-year
horizon.
A microeconomic model to assess the sensitivity of loan qual-
ity to macroeconomic conditions with the help of dynamic panel
econometrics. The model is based on bank-level data, using sepa-
rate equations for 21 credit types. The results are used to simulate
the path of NPLs for each bank and for each of the 21 categories of
credit, under the distressed macroeconomic scenarios produced
in the previous stage.
A credit VaR model to estimate the banks’ capital needs to cover
tail credit losses under the distressed scenarios. The model uses
the simulated distributions of NPLs for each bank and credit type
as a proxy for the distribution of distressed PDs, and combines this
information with data on the credit exposures of individual banks
using the Credit Risk+ approach with the programs developed by
Avesani et al. (2006).

.2. The macro model
Macroeconomic data on key target series are available at a quar-
erly frequency, from the first quarter of 2001 to the first quarter of
009.7 While the length of the time series is somewhat short, the

7 Before 2001 we had the peg regime in exchange rate and a transition to the
oating rate regime. After 2001, floating rate regime was in permanent regime.

t
t
t
(
t
w

D.Lncr 35 0.0399 0.0318 −0.0736 0.0878
D.Lngdp 35 0.0075 0.0124 −0.0372 0.0241

eriod covers some important macro events, including a substan-
ial shock in 2002–03, when the referential interest rate shoot up
y almost 10 percentage points to 26.5 percent and the exchange
ate depreciated from 2.3 to almost 4 Brazilian Real (BRL) per US
ollar (USD). The memory of this shock is important to help model

he dynamics of the global financial crisis, which also impacted
razil, particularly since the third quarter of 2008. The substantial
ontraction in GDP is an important consideration for the VAR spec-
fication as it will, mechanically, force the factor to rebound in a

ay that may  not be completely consistent with macroeconomic
ynamics going forward. We  present credit growth, GDP growth
nd changes in the yield curve for the Brazilian economy in Fig. 1.

The selected specification captures linkages between GDP
rowth, credit growth, and changes in the slope of the domes-
ic yield curve. We  choose a parsimonious specification given
he relatively short length of the time series. The variables were
elected after exploring the relationships between a larger set of
acroeconomic variables restricting the factors to those that were

tatistically more relevant to the VAR specification, also yielding
ighter error bands.8 The selected variables are defined as follows:
i) GDP growth, GDP, computed by taking the first difference to the
atural log of the seasonally adjusted GDP series; (ii) credit growth,
redit, computed by taking the first difference to the natural log of
otal (gross) loans in bank credit portfolios; and (iii) the slope of
he domestic yield curve, YC,  measured by the difference between
he monetary policy rate (i.e., the Selic), and the long-term interest
ate. Summary statistics of the selected variables are presented in
8 The set of variables used in the selection of the specification include: the short-
erm policy rate (i.e., Selic), the spread between bank lending and deposit rates,
he US yield curve (measured by the difference between the 7-year and 3-month
reasury bill rates, the Chicago VIX index, the EMBI spreads, a commodity price index
proxied by the Commodity Research Bureau index), the unemployment rate, and
he exchange rate. We have estimated the correlation for slope between estimations
ith the 7 years −3 months and 10 years −3 months, and it is above 99 percent.
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Table 2
Macro model specification.

Variables Unrestricted model Restricted model

D.yc D.lncr D.lngngdp D.yc D.lncr D.lngdp

LD.yc 0.594*** −0.575** −0.263*** 0.618*** −0.595*** −0.259***

[0.000] [0.022] [0.004] [0.000] [0.007] [0.004]
L2D.yc  −0.027 −0.16 −0.135 −0.054

[0.885] [0.580] [0.205] [0.536]
L3D.yc −0.089  0.178 −0.207** −0.269***

[0.605] [0.511] [0.038] [0.002]
L4D.yc −0.03  0.316 −0.059

[0.868] [0.261] [0.566]
LD.lncr 0.209** −0.391*** 0.148*** 0.239*** −0.306** 0.159***

[0.013] [0.003] [0.002] [0.001] [0.014] [0.000]
L2D.lncr 0.167* 0.051 0.177*** 0.180*** 0.197* 0.197***

[0.054] [0.705] [0.000] [0.006] [0.074] [0.000]
L3D.lncr −0.119  0.212 0.079 −0.137* 0.315*** 0.065

[0.162] [0.112] [0.106] [0.074] [0.008] [0.135]
L4D.lncr −0.264*** 0.261** 0.04 −0.304*** 0.230**

[0.001] [0.032] [0.371] [0.000] [0.028]
LD.lngdp 0.039 1.100*** −0.514*** 0.918*** −0.504***

[0.856] [0.001] [0.000] [0.000] [0.000]
L2D.lngdp 0.182 1.129** −0.524*** 0.656* −0.482***

[0.557] [0.020] [0.003] [0.089] [0.002]
L3D.lngdp −0.001  0.779* −0.425** −0.436***

[0.997] [0.097] [0.014] [0.001]
L4D.lngdp −0.107  0.606 −0.279* −0.304**

[0.696] [0.159] [0.078] [0.019]
Dummy  crisis −0.01 −0.004 −0.044*** −0.044***

[0.280] [0.788] [0.000] [0.000]
Constant −0.002 0.009 0.008*** −0.001 0.014* 0.009***

[0.674] [0.264] [0.005] [0.802] [0.061] [0.001]
Observations 31 31 31 31 31 31
R-Squared 0.63 0.63 0.63 0.56 0.56 0.56
AIC  −16.9 −16.9 −16.9 −16.5 −16.5 −16.5
HQIC  −16.2 −16.2 −16.2 −15.8 −15.8 −15.8
SBIC −14.9  −14.9 −14.9 −14.5 −14.5 −14.5

p-Values in brackets.
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* p < 0.1.
** p < 0.05.

*** p < 0.01.

ero otherwise.9 This variable is treated as exogenous. Unit root
ests indicate that GDP growth and credit growth are stationary,
ut fail to reject the null for the slope of the yield curve, probably
ue to the short size of the sample. We  therefore use the first dif-
erence of the series to achieve stationarity. All variables are end of
eriod and in real terms. The model is of the form:

t = c +
p∑

s=1

Asyt−s + Bxt + εt (1)

where y =
[

D.yc
D.Ln(Credit)
D.Ln(GDP)

]
, D represents the first difference,

n(.) represents the natural logarithm of the variables, and x stands
or the exogenous regressors.
The ordering of the variables reflects the conjecture that credit
arkets play a role in the transmission of interest rate shocks to

conomic activity. The number of lags is set to four, taking into

9 We tried a number of variables to capture external effects (GDP growth in the
S and the EU, commodity prices, EMBI, VIX) with poor (insignificant) t-statistics.
herefore, this may  suggest that a decline in foreign demand was not the main
eason affecting Brazil. One likely cause is the sharp exchange rate depreciation
ollowing the collapse of Lehman Brothers, partly triggered by the combination of
eavy capital outflows with the sudden unwinding of corporate positions in foreign
xchange rate derivatives, which prompted a number of monetary policy responses
y the Central Bank.

t
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e
e
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ccount the frequency of the data and the results of alternative lag
rder selection criteria (which indicate 2–5 lags).

The estimated coefficients are consistent with a priori expecta-
ions on the relationship between the selected variables. The results
f an unrestricted VAR are presented in columns [1] to [3] of Table 2.
ccording to these, a tightening in monetary policy is associated
ith a drop in credit growth and GDP growth, and there is a strong
ositive relationship between the last two variables. There is also
vidence that the decline of GDP growth during the last quarter
f 2008 and the first quarter of 2009 was larger than otherwise
xplained by the interaction between the endogenous variables
ncluded in the model, as indicated by the coefficient of the dummy
ariable, which is negative and statistically significant. The results
lso indicate that the domestic credit markets were somehow iso-
ated from the effects of the global financial crisis, which is likely
ttributable to the strong expansion of credit by state-owned banks
o compensate for the collapse of credit growth by private banks
uring this period. Similar conclusions can be extracted from the
esults of a restricted VAR, presented in columns [4] to [6]. Post-
stimation tests (not reported to save space), indicate that the mod-
ls are stable, and that the errors are not autocorrelated and pass
tandard normality tests. The impulse response functions, together
ith 95 percent confidence error bands are presented in Fig. 2.

The first difference of the slope of the yield curve would rep-

esent a change in the yield curve slope from one period to the
ext. Changes in yield curve slope are associated with investors’
erception about future monetary policy, vis-à-vis current interest
ates. For example, if GDP decreases from one period to the next,
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stimated quarter-on-quarter. Dlngdp is the first difference in the natural logarithm
djusted GDP series, quarter-on-quarter, using end of the period numbers for GDP
he  monetary policy yield curve (i.e. Selic), and the long-term interest rate.

nvestors may  expect the interest rates to go down in the future,
ausing a drop in the slope of the yield curve.

.3. Microeconomic model

Data on credit portfolios were gathered from the credit reg-
stry of the Central Bank of Brazil, which contains rich information
n individual credit operations granted by the supervised banks.
he registry covers the bulk of credit in the system, leaving
side operations lower than a minimum reporting threshold, and
redits granted by unsupervised entities (such as non-financial
orporations).10 The data used in this exercise, however, focuses on
ending granted with non-earmarked resources, which accounts for
bout 70 percent of total credit, as information on directed lending
as not available.11 For the purposes of the analysis, the data were

ggregated at the level of individual banks and classified in 21 cat-
gories (Table 3). For each one, we have: (i) total (gross) loans, (ii)
on-performing loans (NPLs), (iii) number of loan operations, (iv)
umber of loan operations in default, and (v) (specific) loan-loss
rovisions.

Overall, the database covers the credit operations of 78 banks,

t the quarterly frequency, between 2003q1 and 2009q1. The size
f the credit portfolios included in the analysis is rather continuous
hroughout the sampled period (Table 4). The sample, however, is
nbalanced due to the exit or merge of some banks and the incor-

10 It is important to highlight that the credit registry covers operations which rep-
esent more than 80 percent of the total volume of credit. Also, in Brazil most
redit operations are performed within the regulated banking system. Therefore,
he database is highly representative of the credit operations in Brazil.
11 Non-earmarked resources are credit granted by financial institutions without
mplicit or explicit subsidies from the government.
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 growth, where GDP growth is computed as the natural logarithm of the seasonally
s the first difference in the yield curve slope, measured by the difference between

oration of new ones. As of March 2009, the sample included 49
anks jointly accounting for about 85 percent of total bank credit.12

he time coverage was dictated by data availability. In particular,
he construction of time series going further back in time was not
ossible due to a change in accounts and data reporting defini-
ions introduced in 2002. The quality of the data was deemed to be
ood. Several filters were applied to identify potential inconsisten-
ies, and a few data reporting issues were found to be (generally)
ssociated with a specific subgroup of banks.

A look at the bank-level data indicates that credit quality has
een relatively poor and extremely heterogeneous across credit
ypes. Overall, NPLs averaged 3.6 percent during the sampled
eriod, which is relatively high considering the favorable macroe-
onomic environment and the rapid expansion of credit portfolios.
urthermore, credit quality has been dispersed across banks and
hroughout time, as indicated by the size of the standard devi-
tions of NPLs, which are generally 2–3 times larger than their
orresponding mean values (Table 5). The extent of the disper-
ion of credit quality and the severity of loan nonperformance in
ome institutions is also illustrated by the NPL ratios of banks in the
0th percentile of the distribution, which exceeded 10 percent in
any sectors. Across credit types, the higher average rates of NPLs

ave been associated with credit to individuals (particularly small
nd medium-sized loans), firms operating in the services sector,
roducers of livestock, and electric and electronic equipment.

The evolution of NPLs was also diverse across bank types. Over-

ll, state-owned banks displayed better loan quality during the
ampled period, only interrupted by a sharp increase in NPLs on
xposures to the petrochemical and food industries in 2005–06

12 Credit is highly concentrated in Brazil with the largest 5 banks accounting for
pproximately 70 percent of total credit.
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Table 3
Structure of loan portfolios across bank ownership, March 2009, in percent.

Non-performing loans Share in loan portfolio
Private Private

Domestic Public Foreign Domestic Public Foreign

Consumer (large) 2.9 2.0 3.3 1.4 5.8 2.5
Consumer (medium) 6.5 2.0 7.1 7.5 13.4 10.7
Consumer (small) 8.9 2.9 7.2 28.3 20.3 25.8
Agriculture 2.7 1.0 3.8 2.0 2.2 2.7
Food 3.2 1.4 2.8 2.2 2.7 2.5
Livestock 2.4 1.2 3.9 3.0 3.9 3.2
Vehicles 4.4 2.3 5.1 3.0 2.6 2.5
Electrical and electronic 6.8 2.9 5.0 1.4 1.5 1.5
Electricity and gas 0.0 0.0 1.1 3.2 3.0 3.7
Wood  and furniture 2.9 2.5 2.8 8.8 6.0 8.8
Recreation services 4.7 3.3 4.8 1.8 1.6 1.8
Petrochemicals 2.3 0.7 2.4 3.1 5.6 2.6
Chemicals 3.8 1.6 2.3 1.5 1.6 2.2
Health  services 2.7 1.9 2.6 1.9 1.6 2.5
Other  services 3.9 3.0 4.0 3.8 1.9 3.2
Metal  products 1.3 0.4 1.5 3.2 4.4 2.6
Sugar  and alcohol 1.2 1.4 1.4 3.8 1.5 3.1
Textile  6.5 3.1 5.5 2.5 3.3 3.0
Transportation 1.8 1.0 2.2 6.5 3.2 4.2

S

(
e
2
e
q
i
fi
g
b
t
e

T
S

S

n
o
s
c
i
a

Retail  trade 3.8 1.8 

Other  1.4 0.8 

ource: Central bank of Brazil and authors estimates.

Fig. 3). Remarkably, the segments of private and foreign banks
xperienced a moderate, but sustained increase in NPL ratios after
005, despite rapid credit growth and the supportive economic
nvironment. More recently, since the third quarter of 2008, credit
uality deteriorated rapidly and across-the-board, reflecting the

mpact of the global financial crisis on the macroeconomic and
nancial environment. As mentioned before, however, these aggre-

ate figures mask large differences in loan quality across individual
anks and credit types. In general, the smaller banks have tended
o underperform, also displaying higher concentration in their loan
xposures to specific credit types.

able 4
ample coverage.

Number of sampled bank

Public Private Foreign Total Total loans (in
million BRL)

2003q1 6 37 25 68 214,838
2003q2 7 39 23 69 214,368
2003q3 7 39 22 68 219,499
2003q4 7 38 20 65 239,102
2004q1 6 38 20 64 242,760
2004q2 6 38 19 63 258,230
2004q3 6 37 19 62 268,066
2004q4 6 37 20 63 277,670
2005q1 6 37 21 64 291,032
2005q2 6 36 21 63 303,805
2005q3 6 36 21 63 316,163
2005q4 6 35 21 62 343,966
2006q1 5 36 21 62 357,901
2006q2 5 35 20 60 380,806
2006q3 5 35 19 59 401,241
2006q4 5 35 19 59 438,637
2007q1 5 35 19 59 456,863
2007q2 5 34 18 57 490,680
2007q3 5 33 18 56 533,389
2007q4 3 27 15 45 533,458
2008q1 5 33 18 56 619,536
2008q2 5 32 18 55 676,095
2008q3 4 32 17 53 733,894
2008q4 4 32 16 52 767,665
2009q1 4 29 16 49 779,501

ource: Central bank of Brazil and authors estimates.
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The model discussed in this section analyzes the sensitivity of
on-performing loans to macroeconomic conditions with the help
f dynamic panel econometric techniques. The specification was
elected after exploring the sensitivity of NPLs to a combination of
andidate macroeconomic and bank-level variables encompassing,
nter alia, GDP growth, the unemployment rate, credit growth (both
ggregated and bank-specific), long-term and short-term interest
ates, bank lending spreads, and the change of the exchange rate
both in nominal and real terms). The inclusion of credit growth
n the exploratory specifications was motivated by the observa-
ion that credit quality tends to improve in the early stages of an
pisode of accelerating credit expansion. However, after exploring
ith various lag structures and using both aggregate and bank-

pecific credit growth, this variable turned out to be not significant
n the regressions. Similarly, and more in line with expectations,
he real exchange rate was  also not significant, likely reflecting the
ack of material dollarization in the credit portfolios of Brazilian

anks.

The main criteria guiding model selection was the precision of
he parameter estimates and the robustness of the results, reflect-

1

2

3

4

5

2003q1 2004q3 2006q1 2007q3 2009q1

Private Banks Public Banks Foreign Banks

NPLs, in Percent

Fig. 3. Evolution of NPLs across bank types.
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Table 5
Selected statistics of NPLs across credit types and bank ownership, 2003q1–2009q1 in percent.

Private domestic Public banks Foreign banks Total sample

Mean St. dev. Pct. 90 Mean St. dev. Pct. 90 Mean St. dev Pct. 90 Mean St. dev. Pct. 90

Consumer (large) 4.6 14.7 7.3 4.0 6.2 14.0 1.5 4.7 2.7 3.6 11.8 7.1
Consumer (medium) 7.4 12.2 17.6 3.3 3.9 7.9 4.3 7.6 9.9 6.1 10.6 14.7
Consumer (small) 6.9 9.0 14.0 3.0 1.7 4.8 4.7 8.2 10.2 5.9 8.4 12.9
Wood  and furniture 5.0 11.1 12.7 3.6 4.8 7.4 1.3 4.1 2.8 3.8 9.1 8.5
Transportation 4.7 13.6 8.9 5.5 11.5 12.2 1.5 6.9 2.1 3.8 11.8 7.7
Petrochemicals 3.9 10.1 9.6 9.7 23.6 26.8 0.7 2.4 1.8 3.6 11.4 7.4
Metal  products 2.9 12.4 4.2 2.8 6.8 8.8 0.3 1.6 0.8 2.1 10.0 2.9
Electricity and gas 1.8 7.9 3.1 1.3 5.9 1.5 0.6 3.9 0.7 1.3 6.6 1.5
Livestock 5.4 16.7 8.0 5.8 11.4 17.2 1.4 4.5 2.6 4.2 13.8 6.9
Other  services 6.3 14.6 19.3 5.7 8.4 13.6 1.8 5.2 3.1 5.0 12.3 12.7
Sugar  and alcohol 0.5 2.9 0.5 0.3 1.2 0.7 0.8 6.7 0.2 0.6 4.3 0.5
Retail  trade 4.5 13.0 9.0 5.2 8.9 15.5 1.4 7.5 2.3 3.7 11.3 7.1
Textile 4.2 10.1 10.1 5.3 9.2 11.5 2.8 10.7 4.4 3.9 10.2 9.2
Vehicles  3.8 11.5 7.2 3.2 9.1 6.0 0.9 2.1 2.5 3.0 9.6 5.5
Food  4.0 11.7 8.2 14.0 27.2 60.3 1.2 3.9 2.7 4.3 13.5 7.7
Agriculture 2.2 8.9 4.0 2.3 7.3 4.0 0.6 2.5 1.0 1.7 7.3 2.9
Health  services 3.9 12.2 6.7 2.2 3.8 5.2 1.8 7.5 2.1 3.2 10.5 5.0
Chemicals 2.5 9.6 4.3 3.3 4.1 8.8 0.9 3.2 2.3 2.2 7.8 4.1
Recreation services 5.4 14.6 15.3 4.7 5.4 10.0 2.4 7.1 5.3 4.5 12.4 9.9
Electrical and

electronic
5.9 16.1 13.3 5.4 6.1 16.6 2.2 7.1 3.4 4.9 13.4 11.1
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ng the purpose of the exercise (i.e., simulating loan quality under
lternative macroeconomic scenarios). In particular, we postulate
hat the logit-transformed NPLs of each credit type of bank i follow
n AR(1) process and are influenced by past GDP growth, with up
o S lags:

n

(
NPLi,t

1 − NPLi,t

)
= �i +  ̨ ln

(
NPLi,t−1

1 − NPLi,t−1

)

+
S∑

s=0

ˇt−s �ln(GDP)t−s + εi,t (2)

here NPLi,t stands for the ratio of non-performing loans to total
ross loans of each credit type of bank i in period t, and GDPt stands
or GDP in quarter t.13 The inclusion of the lagged dependent vari-
ble is motivated by the persistence of NPLs. The term �i refers to
he bank-level fixed effects, which are treated as stochastic, and
he idiosyncratic disturbances εi,t are assumed to be independent
cross banks and serially uncorrelated (i.e., after the inclusion of the
agged dependent variable).14 The coefficient  ̨ is expected to be
ositive but less than one, and the  ̌ coefficients are expected to be
egative, reflecting deteriorating loan quality during the economic

ownturn.

Under this specification, the short-term effect of a change in
uarter-on-quarter GDP growth on the logit of NPLs is given by the
um of the estimated  ̌ coefficients. By the chain rule, the effect of

13 Since the non-performing loan ratio is bounded in the interval [0,1], the
ependent variable was  subject to the logit transform log(NPL/(1 − NPL)), to avoid
roblems associated with non-Gaussian errors.
14 Therefore, the model assumes that the (positive) correlation of NPLs across indi-
idual banks originates exclusively from their common exposure to macroeconomic
onditions. It also assumes that the effect of macroeconomic conditions on loan qual-
ty  is symmetric during the upturn and the downturn of the economic cycle, and
eglects possible non-linear dynamics and potential feedback effects running from
redit markets to macroeconomic activity. A set of alternative specifications (avail-
ble  upon request) were estimated, exploring for non-linear effects and for potential
ifferences in the sensitivity of loan quality to economic activity throughout the
ycle, with non-significant results.
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 shock to GDP growth on the untransformed NPL ratios, evaluated
t the sample mean of NPLs is given by:

hort-term effect :
�NPL

�ln(GDP)
= NPL × (1 − NPL) ×

∑
s

ˇt−s (3)

ong-term effect :
�NPL

�ln(GDP)

= 1
1 − ˛

× NPL × (1 − NPL) ×
∑

s

ˇt−s (4)

As a first approximation, we estimate equation [2] for the over-
ll NPL ratios of individual banks, without distinguishing between
redit types, which is the typical approach used in macro stress test
odels. The estimation was carried out using several alternative
ethods to assess the robustness of the results. We  then selected

 preferred estimation method and re-estimated equation [2] for
ach of the 21 credit types. All the models were computed over
he entire sample of banks and separately for state-owned, private
omestic, and foreign banks with the help of interacting dummies.
he latter were used to explore for differences in the sensitivity of
oan quality to macroeconomic conditions across bank types, possi-
ly induced by systematic differences in loan origination practices
nd bank clientele across state-owned, private, and foreign banks.
owever, since the results showed no evidence of systematic dif-

erences across bank types, the final specification was computed
ver the entire sample to increase efficiency.

The results of the exploratory regressions were consistent with
xpectations, and extremely robust under alternative estimation
ethods, including pooled OLS, Within Group estimation, and two

lternative applications of Generalized Method of Moments (GMM)
stimators, treating GDP growth as either predetermined or strictly
xogenous for the panel variables (Table 6). After exploring with

arious lag structures, we  selected four lags of GDP  growth, also
eflecting the frequency of the data. Overall, the coefficients of the
agged dependent variable are around 0.6, reflecting the strong per-
istence of NPLs. In turn, the coefficients of the lagged GDP growth
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Table 6
Results of exploratory panel regressions.

[1] [2] [3] [4] [5] [6]
Pooled OLS Within groups Difference GMM

GDP exog.
Difference GMM
GDP pred.

System GMM
GDP exog.

System GMM
GDP pred.

L.Logit (NPL) 0.905*** 0.569*** 0.589*** 0.597*** 0.602*** 0.631***

[0.024] [0.064] [0.124] [0.123] [0.088] [0.082]
D.LnGDP −7.481*** −7.853*** −9.529*** −8.804*** −7.767*** −6.928***

[2.032] [1.903] [2.198] [2.132] [1.927] [1.939]
LD.LnGDP −2.569 −4.544** −6.081*** −5.729*** −3.922* −3.086

[2.282] [1.935] [2.254] [1.990] [2.026] [2.023]
L2D.LnGDP −7.482X −6.877X −10.675*** −9.152*** −8.123** −5.971*

[3.197] [3.081] [3.627] [3.361] [3.138] [3.077]
L3D.LnGDP 1.597 1.067 0.423 −0.734 1.225 0.828

[3.273] [3.172] [3.433] [3.130] [3.337] [3.322]
Observations 1201 1201 1121 1121 1201 1201
R-Squared 0.83 0.341
Hansen test (p-value) 0.02 0.13 0.04 0.11
AR(1)  (p-value) 0.00 0.00 0.00 0.00
AR(2)  (p-value) 0.184 0.175 0.184 0.191
Number of instruments 70 11 17 13 17
Number of banks 69 69 70 70

Robust standard errors in brackets.
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* p < 0.1.
** p < 0.05.

*** p < 0.01.

re negative, as expected, and significant for up to three lags, falling
ithin a relatively narrow interval.

Based on a comparison across estimation methods, we select
he specification presented in column [4] as the preferred model.
n particular, the estimation in column [1] uses OLS in levels, which
roduce upward-biased estimates of the coefficients associated
ith the lagged dependent variable (the ˛i

′
s) due to the positive

orrelation between the latter and the fixed-effects. The Within
roups estimator in column [2] eliminates the fixed-effects by sub-

racting the mean from the series, but introduces a downward bias
temming from negative correlation between the lagged depen-
ent variable and the transformed errors. Therefore, the consistent
stimator of  ̨ is expected to fall between the OLS and the Within
roups estimators. This is in fact the case for all the models that fol-

ow, which are based on GMM  estimators. The results presented in
olumns [3] and [4] use the Arellano-Bond GMM  estimator in first
ifferences, treating GDP growth as strictly exogenous in the first
ase, and as predetermined in the second (see Arellano and Bond,
991; Blundell and Bond, 1998). The latter seems to be the preferred
reatment, as indicated by the results of the Hansen test presented
t the bottom, which fail to reject the null of orthogonality between
he instruments and the error term. In turn, the results presented
n columns [5] and [6] use the Arellano–Bover System GMM  esti-

ator, which exploit additional information from the equations in
evels, but require the additional assumption that GDP growth is
ncorrelated with the bank-level fixed effects, which may  not be
ealistic. In all the GMM  estimations, the number of instruments
as limited by setting a maximum of 6 lags, to avoid problems

ssociated with instrument proliferation.
The estimates of a full set of parallel regressions, one for each

redit type, are also consistent with expectations and broadly
obust. All the coefficients of the lagged dependent variable are
ositive in the interval [0,1] as expected and statistically significant
t conventional levels (Table 7). The average value across all credit
ypes is 0.4, which is slightly below the estimate obtained for the
ntire loan portfolios, likely reflecting the stronger sluggishness of
he latter induced by diversification. The results also indicate that

he AR(1) specification is adequate to eliminate the autocorrelation
f the errors, as the tests of autocorrelation of order 2 in the first-
ifferenced errors fail to reject the null in all cases. In turn, the sums
f the coefficients of lagged GDP growth are negative in all cases,

c
i
o

ith the exception of credit to transport and “other credits” cate-
ories, and statistically significant at the five percent level in about
ne-half of the cases. The largest autoregressive coefficients are
btained for small credits to consumers, retail, textiles, and vehi-
les, indicating higher sluggishness in loan quality to these sectors.
urthermore, the largest coefficients for GDP growth are obtained
or agriculture, sugar and alcohol, and energy. In order to gauge the
ensitivity of NPLs to economic activity, however, these coefficients
ave to be rescaled by the average NPLs of the corresponding credit
ypes, as shown in equations [3] and [4].

Using these results, we compute “rule-of-thumb” estimates of
he impact of a change in GDP growth on NPLs (Table 8). For
he overall sample, displayed at the bottom, we go back to the
egression presented in column [4] of Table 7, where the coeffi-
ients of GDP growth add up to −24.4. Plugging this into equation
2], and using the average NPLs (2.8 percent), we find that a

 percentage point drop in GDP growth (which is akin to the
aximum drop observed between 1996 and 2008) would cause

 1.3 percentage point increase in NPLs in the short-term (i.e.,
.028 × (1 − 0.028) × 24.4 × 2). Subsequently, using equation [3],
he predicted long-term increase in NPLs would be 3.3 percent-
ge points (i.e., 1.3/(1 − 0.6)), entailing a distressed NPL level of
.2 percent, which is almost two-times higher than their March
009 levels. Carrying out similar calculations for each credit type
ives a range of results. The higher NPL ratios are obtained for con-
umer credit, which reaches 7.6 percent for medium-sized loans
nd 10.4 percent for small loans. Among lending to firms, the sec-
ors reaching the highest NPL levels include textile, electric and
lectronic equipment, retail trade, and vehicles. In relative terms,
he distressed NPL ratios are generally between 1½ and 2 times
igher than their March 2009 values, with the most sensitive sec-
ors being electricity and gas, livestock, agriculture, food, sugar and
lcohol, and retail trade.

. Stress tests
This section summarizes the results of stress test exercises of
redit risk based on scenario analysis. It describes the criteria used
n the construction of the scenarios and provides a brief comparison
f their evolution. It also discusses the main characteristics of the
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Table 7
Results of the dynamic panel regressions for individal credit types, 2003q1–2009q1.

[1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11]
Consumer
(large)

Consumer
(medium)

Consumer
(small)

Wood and
furniture

Transportation Petroche
micals

Metal
Products

Electricity
and gas

Livestock Other
services

Sugar and alcohol

L.Dependent 0.351 0.379 0.665 0.335 0.380 0.398 0.483 0.423 0.498 0.409 0.340
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.000] [0.004]

D.lngdp −6.129  −4.186 −5.906 −3.235 3.759 −2.008 −1.526 −16.453 −7.283 −2.102 −6.134
[0.136]  [0.008] [0.025] [0.070] [0.296] [0.385] [0.581] [0.003] [0.144] [0.265] [0.485]

LD.lngdp −7.951  −2.931 −2.168 −8.643 −4.182 −8.169 −6.355 −3.671 −14.080 −3.057 −11.806
[0.071] [0.032] [0.148] [0.005] [0.045] [0.010] [0.044] [0.609] [0.271] [0.143] [0.117]

L2D.lngdp −2.797  −6.578 −1.730 −4.565 3.592 −2.753 −6.047 −17.539 −0.978 −0.498 −24.826
[0.602] [0.011] [0.377] [0.097] [0.379] [0.282] [0.383] [0.008] [0.876] [0.897] [0.005]

L3D.lngdp −8.132 −0.023 0.333 −2.059 −3.089 1.284 −3.086 −23.542 8.514 −2.879 −24.430
[0.258] [0.992] [0.887] [0.498] [0.538] [0.705] [0.486] [0.006] [0.245] [0.442] [0.122]

Observations 376 889 983 726 561 570 412 287 477 659 184
Number  of banks 37 58 61 54 43 41 35 25 38 51 18
Hansen  test (p-value) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
AR(1) (p-value) 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.02 0.00 0.01
AR(2)  (p-value) 0.19 0.25 0.95 0.03 0.14 0.57 0.90 0.39 0.92 0.84 0.18
Number  of instruments 146 146 146 146 146 146 146 146 146 146 144
Sum  of GDP coeff. −25.009 −13.72 −9.47 −18.50 0.08 −11.65 −17.01 −61.21 −13.83 −8.54 −67.20
p-Value 0.04 0.02 0.09 0.01 0.99 0.06 0.06 0.00 0.55 0.26 0.01
Long-term effect −38.535 −22.090 −28.272 −27.823 0.129 −19.346 −32.909 −106.075 −27.544 −14.443 −101.812
p-Value  0.03 0.01 0.14 0.02 0.52 0.07 0.09 0.02 0.25 0.18 0.12

[12]  [13] [14] [15] [16] [17] [18] [19] [20] [21]
Retail  trade Textile Vehicles Food Agriculture Health

services
Chemicals Recreation

Services
Electrical and
electronic equipment

Other

L.Dependent 0.628 0.543 0.522 0.465 0.451 0.443 0.468 0.172 0.352 0.287
[0.000]  [0.003] [0.000] [0.000] [0.000] [0.000] [0.000] [0.042] [0.000] [0.000]

D.lngdp −0.798 −0.684 −2.170 −7.343 −11.447 −1.207 −1.794 −3.641 −1.032 −0.957
[0.722] [0.855] [0.370] [0.005] [0.006] [0.743] [0.442] [0.162] [0.786] [0.769]

LD.lngdp −6.651  −10.950 −2.901 −6.508 −11.446 −2.730 −3.751 −5.318 −5.744 0.913
[0.004] [0.000] [0.116] [0.032] [0.000] [0.372] [0.188] [0.148] [0.004] [0.704]

L2D.lngdp −4.095 −7.673 −1.249 −0.124 −5.723 −2.194 0.632 −2.213 1.932 1.008
[0.239] [0.026] [0.689] [0.971] [0.213] [0.584] [0.863] [0.632] [0.629] [0.854]

L3D.lngdp −3.719 −2.667 −5.113 −1.821 −6.605 −2.649 1.060 −3.243 −9.148 2.825
[0.189] [0.557] [0.040] [0.628] [0.029] [0.512] [0.670] [0.381] [0.003] [0.450]

Observations 502 577 509 549 377 515 443 521 469 711
Number of banks 41 44 36 42 30 37 39 41 42 51
Hansen test (p-value) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
AR(1)  (p-value) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00
AR(2) (p-value) 0.11 0.88 0.42 0.35 0.08 0.54 0.85 0.42 0.92 0.82
Number of instruments 146 146 146 146 146 146 146 146 146 146
Sum  of GDP coeff. −15.26 −21.97 −11.43 −15.80 −35.22 −8.78 −3.85 −14.42 −13.99 3.79
p-Value 0.01 0.01 0.07 0.03 0.00 0.33 0.43 0.07 0.08 0.69
Long-term effect −41.030 −48.083 −23.918 −29.525 −64.155 −15.763 −7.242 −17.409 −21.593 5.314
p-Value 0.08 0.26 0.20 0.00 0.00 0.44 0.17 0.17 0.42 0.88



78
F.

 V
azquez

 et
 al.

 /
 Journal

 of
 Financial

 Stability
 8 (2012) 69– 83

Table 8
Effect of a 2 p.p. drop in GDP growth on NPLs, by credit types in percent unless indicated.

Estimates of panel regressions Increase in NPLs Stressed NPLs

[1] [2] [3] [4] [5] [6] [7] [8] [9] [10]
Average  NPLs
2003–09

NPLs March
2009

Coef. lagged
NPLs

Sum coef.
GDP Growth

Long-term
effecta

Scale factorb Short-term
(percentage points)c

Long-term (percentage
points)d

Levele Times
increase

Consumer (large) 3.6 2.5 0.4 −25.0 −38.5 0.035 1.7 2.7 5.2 2.1
Consumer (medium) 6.1 5.0 0.4 −13.7 −22.1 0.057 1.6 2.5 7.6 1.5
Consumer (small) 5.9 7.3 0.7 −9.5 −28.3 0.055 1.0 3.1 10.4 1.4
Wood  and furniture 3.8 2.8 0.3 −18.5 −27.8 0.036 1.3 2.0 4.8 1.7
Transportation 3.8 1.7 0.4 0.1 0.1 0.037 0.0 0.0 1.7 1.0
Petrochemicals 3.6 1.7 0.4 −11.6 −19.3 0.035 0.8 1.3 3.0 1.8
Metal  products 2.1 1.0 0.5 −17.0 −32.9 0.021 0.7 1.4 2.4 2.4
Electricity and gas 1.3 0.3 0.4 −61.2 −106.1 0.013 1.6 2.8 3.1 10.0
Livestock 4.2 2.4 0.5 −13.8 −27.5 0.041 1.1 2.2 4.6 2.0
Other  services 5.0 3.7 0.4 −8.5 −14.4 0.047 0.8 1.4 5.1 1.4
Sugar  and alcohol 0.6 1.3 0.3 −67.2 −101.8 0.006 0.8 1.2 2.5 1.9
Retail  trade 3.7 3.0 0.6 −15.3 −41.0 0.035 1.1 2.9 5.9 2.0
Textile  3.9 5.2 0.5 −22.0 −48.1 0.038 1.7 3.6 8.8 1.7
Vehicles  3.0 4.0 0.5 −11.4 −23.9 0.029 0.7 1.4 5.4 1.3
Food 4.3  2.6 0.5 −15.8 −29.5 0.041 1.3 2.4 5.0 1.9
Agriculture 1.7 2.6 0.5 −35.2 −64.2 0.017 1.2 2.2 4.7 1.8
Health  services 3.2 2.5 0.4 −8.8 −15.8 0.031 0.5 1.0 3.5 1.4
Chemicals 2.2 2.8 0.5 −3.9 −7.2 0.021 0.2 0.3 3.1 1.1
Recreation services 4.5 4.4 0.2 −14.4 −17.4 0.043 1.2 1.5 5.9 1.3
Electrical equipment 4.9 5.3 0.4 −14.0 −21.6 0.046 1.3 2.0 7.3 1.4
Other  2.9 1.2 0.3 3.8 5.3 0.029 −0.2 −0.3 0.9 0.7
Overall  sampled credit 2.8 3.9 0.6 −24.4 −60.6 0.027 1.3 3.3 7.2 1.8

Memo:  Change in yearly GDP growth: −2.
a Computed as [5] = [4]/(1 − [3]).
b The scale factor is computed as: [6] = [1]/(1 − [1]) (i.e., NPL × (1 − NPL)).
c Assuming a 2 pp drop in GDP growth, the short-term increase in NPLs is computed as: [7] = [4] × [6] × (−2).
d The long-term increase in NPLs is computed as: [8] = [7]/(1 − [3]).
e The stressed PD are computed as: [9] = [2] + [8].
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ut-of-sample simulations of NPLs under selected scenarios, and
resents an illustration of the bias that can result from inadequate
ranularity in the credit portfolio data. Finally, the section presents
he results of a credit VaR calculation based on these projections.

.1. Simulation of NPLs under alternative scenarios

The exercises to assess credit risk are based on four macroe-
onomic scenarios, including a Baseline that reflects the expected
ath of GDP growth, and three distressed scenarios. Designing rel-
vant stress scenarios is not a trivial issue. One can use history as
uidance to construct the shocks, but history hardly repeats and
he circumstances surrounding the shocks are almost always dif-
erent, questioning their validity. Alternatively, the shocks can also
e constructed more arbitrarily, considering current conditions
nd incorporating forward-looking considerations. In this paper
e abstract from this discussion and use a mix  of history and cur-

ent conditions to shock the framework. The idea is to illustrate the
odel sensitivity to these various scenarios.
The evolution of GDP growth under the four scenarios consid-

red was determined as follows:

Baseline Scenario: This scenario is taken as reference and aims
at capturing the expected evolution of economic activity. Under
this, the results of the VAR model are projected onwards, without
shocking the system. The resulting GDP growth drops from 5.1
percent in 2008 to −0.6 percent in 2009, followed by a resump-
tion to above 3 percent in the subsequent two years.
Scenario 1: Uses the results of the VAR to simulate the effect of
an 11.6 percentage point increase in the slope of the yield curve
in Q2 2009. The shock is akin to the mean of the slope during
2001-09 plus 2 standard deviations.
Scenario 2: Uses the results of the VAR to simulate the effects of a
negative shock to credit growth equal to 2.4 percentage points in

Q2 2009. The shock is akin to the mean quarterly credit growth
during 2001-09 minus 2 standard deviations.
Scenario 3: Uses the results of the VAR to simulate the effects of
a negative shock to GDP growth equal to 1.9 percentage points
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Fig. 4. Evolution of GDP growth y-o-y under alternative scenarios.

in Q2 2009. The shock is akin to the mean quarterly GDP growth
during 2001-09 minus 2 standard deviations.

A comparison on the evolution of GDP growth under these four
cenarios is provided in Fig. 4.

Using the results of the panel estimations we conduct an out-of-
ample simulation of NPLs for each bank and credit type under each
f the four scenarios. The results indicate deteriorating loan qual-
ty during 2009 (Fig. 5), followed by a relatively quick and steady
ecovery in 2010. For the baseline scenario, NPLs peak at 6.7 percent
n the fourth quarter of 2010, before recovering. This out-of-sample
imulation tracks reasonably well the ex-post observed data on
PLs for reference credit operations during the second and third
uarters of 2009 (NPLs reached 5.8 percent in September 2009).
he simulated NPLs for the distressed scenarios are higher than for
he baseline, but following a qualitatively similar dynamics. The

ore severe deterioration in credit quality is associated with Sce-

ario 3, with NPLs reaching a maximum of 8.5 percent, which is
igh at about two times the maximum observed during the sample
eriod. Across credit types (not shown), the higher levels of NPLs
re associated with credit to consumers, sugar and alcohol, textiles,
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1997) formulation and the exposures of each bank as of March
2009. Under CreditRisk+ and assuming that default probabilities
are random, the probability generating function G(z) of the nor-
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Fig. 6. Evolution of NPLs by sc

lectricity and gas, and vehicles, which is roughly consistent with
he results of the static exercise.

.2. Portfolio aggregation bias

As mentioned before, the use of granular data on bank credit
ortfolios is a key contribution of this paper. Existing macro stress
est models try to map  the impact of the macroeconomic environ-

ent on credit quality using two approaches. The first one exploits
ggregate data on credit quality, sometimes split by economic sec-
ors, and applies econometric techniques to compute (elasticity)
arameters linking macroeconomic conditions to credit quality.
his approach is frequently used to assess systemic financial sta-
ility, but it has important shortcomings, as the profiles of banks’
redit portfolios, and the cushions to absorb credit losses, are likely
o differ across banks. The validity of the results under this approach
ecomes weaker as bank sizes, solvency, and risk profile of their
redit portfolios, depart from the population mean.

The second approach exploits bank-by-bank data on credit qual-
ty, albeit without differentiating between types of credit, and

ithout taking into account information on large exposures and
ther measures of portfolio concentration. While this approach
llows the assessment of bank solvency at the level of individual
nstitutions, it has its own  shortcomings and potential sources of
ias. In particular, the estimated elasticities linking macroeconomic
onditions to credit quality reflect average values, mixing divergent
lasticities between types of credit.

Arguably, the latter approach would tend to lead to biased
stimations, as the sensitivity of credit quality to macroeconomic
onditions is likely to differ between economic sectors. A bank with
arger exposures to highly cyclical sectors would tend to be more
ulnerable to credit losses under an adverse economic scenario.
herefore, simulations based on this approach would underesti-
ate the potential losses of riskier banks, which is contrary to a

rudent principle. In addition, the lack of information on portfo-
io concentration is a critical shortcoming, as concentration plays a
ajor role in the risk profile of banks’ credit portfolios.
To illustrate the bias stemming from the use of insufficient gran-

larity in banks’ credit portfolios, we use the results of the previous
ection to estimate the bank-specific NPLs under two approaches.

t
l

2003q1 2006q1 2009q1 2012q1

s and computation methods.

he first one, akin to typical macro stress test models of credit
isk, simulates the evolution of bank-level NPLs without exploit-
ng information on specific credit types (Joint Portfolios), while the
econd exploits a partition of banks’ credit portfolios in specific
redit categories (Granular Portfolios). The two  approaches share
he same estimation techniques and the two-year macroeconomic
cenarios described above.

The results are consistent with the presence of a bias stemming
rom inadequate granularity in the credit portfolios. In particular,
he weighted average of the simulated NPLs using joint portfolios
s always lower than the simulated NPLs under the granular port-
olios (Fig. 6). The kernel densities of the simulated NPLs under
he two  approaches also illustrate this portfolio aggregation bias
Fig. 7). In particular, the mean and the median NPLs under the
ranular approach exceed those of the joint approach in all cases
Table 9). Similarly, the probability mass at the (right) tail of the
istributions is also thicker under the granular approach.15 On the
ther hand, the skewness and kurtosis of the granular approach
re lower than those of the joint approach, reflecting the bias
nduced by the latter. Paired t-tests of mean differences confirm
hat the population mean under the granular approach exceed
hose resulting from the joint approach in all cases, while differ-
nces in their population variances are not statistically significant
Table 10).

.3. Credit VaR

This section uses the previous results to compute a Credit VaR
nd come up with an estimate of banks’ (unexpected) credit losses
nder an adverse macroeconomic environment. For each bank, we
odel the distribution of credit losses using the CreditRisk+ (CSFP,
15 The maximum value under the granular approach, however, was smaller than
he joint approach due to a small bank that starter the simulation period with very
ow credit quality.
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Fig. 7. Kernel densities of simulated

alized total expected losses of a portfolio of n credit types, can
e written as (Avesani et al., 2006):

(z) = exp

{
−

n∑
k=1

1

�2
k

ln[1 − �2
k · pk(z)]

}
(5)

here default rates are assumed to be distributed according to a
amma  distribution, � (ak · ˇk) with ˛k = �2

k
/�2

k
and ˇk = �2

k
/�k.
n turn, �k is estimated as �k = εk/�k, where εk is the expected
oss and �k the exposure to credit type k. We  use the bank-specific
stimates of NPLs for each credit type under Scenario 1 as a
roxy for distressed PDs. In particular, we take the average of the

able 9
ummary statistics of simulated NPLs by scenarios and estimation methods.

Baseline Scenario 1

Granular Joint Granular Joint

Mean 5.690 4.630 7.225 5.943
St. dev. 6.643 6.168 7.616 7.361
Minimum 0.007 0.014 0.013 0.021
Median 3.358 2.520 4.963 3.521
90th percentile 14.412 11.114 17.452 13.910
95th percentile 19.694 18.488 22.108 23.804
99th percentile 33.272 32.054 36.733 35.435
Maximum 36.171 41.186 38.682 42.489
Skewness 2.241 2.975 2.049 2.666
Kurtosis 8.529 12.784 7.545 10.138

Scenario 2 Scenario 3

Granular Joint Granular Joint

Mean 6.116 5.010 6.572 5.300
St. dev. 6.954 6.567 7.313 6.939
Minimum 0.008 0.016 0.009 0.016
Median 3.756 2.699 4.011 2.880
90th percentile 15.468 11.476 16.335 12.623
95th percentile 21.083 19.914 21.858 21.009
99th percentile 35.474 34.621 37.529 36.631
Maximum 37.170 42.671 39.367 46.367
Skewness 2.182 2.923 2.122 2.937
Kurtosis 8.281 12.418 8.090 12.670
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NPLs, in Percent

 in 2011q4, by estimation methods.

ut-of-sample simulation of NPLs for each bank and credit type
ver the first simulated year of Scenario 3 (the more severe) as a
roxy for distressed PDs of the corresponding credit categories. To
ccount for uncertainty on the true value of the PDs (�k) we  use the
tandard deviation of the NPLs over the corresponding first year of
he out-of-sample simulation. Admittedly, NPLs are an imperfect
roxy for PDs due to their “backward-looking” nature. While PDs
re intended to capture the likelihood of borrower’s default within

 given horizon (i.e., one-year ahead), NPLs typically measure the
roportion of loans that are more than 90 days past due in total
redit portfolios. Therefore, PDs would vary in response to changes
n the repayment capacity of a given borrower, which may not
mmediately translate into changes in NPLs. Using NPLs as a proxy
or PDs is prone to various sources of bias that may  operate in
pposite directions. During the upturn of the economic cycle,
hich tends to be associated with strong credit growth, NPLs
ay  underestimate the risk profile of banks’ credit portfolios. In

ontrast, NPLs may  overestimate credit risk during the downturn,

s banks defer loan write-offs.

For each credit type, we conduct an initial calculation of
he average exposures to individual borrowers, by dividing the
orresponding total exposures over the number of loan oper-

able 10
omparison of simulated kernel distributions of NPLs.

Baseline Scenario 1 Scenario 2 Scenario 3

Mean paired t-test
[1] Granular (mean) 5.690 7.225 6.116 6.572
[2] Joint (mean) 4.630 5.943 5.010 5.300
Difference [1]–[2] 1.060 1.282 1.105 1.273
H1: mean diff < 0 (p-value) 1.000 1.000 1.000 1.000
H1: mean diff ∼ 0 (p-value) 0.000 0.000 0.000 0.000
H1: mean diff > 0 (p-value) 0.000 0.000 0.000 0.000
Variance ratio test
[1] Granular (st. dev.) 6.643 7.616 6.954 7.313
[2] Joint (st. dev.) 6.168 7.361 6.567 6.939
Difference [1]–[2] 0.475 0.254 0.387 0.374
H1: mean diff < 0 (p-value) 0.933 0.754 0.876 0.856
H1: mean diff ∼ 0 (p-value) 0.134 0.493 0.247 0.288
H1: mean diff > 0 (p-value) 0.067 0.246 0.124 0.144
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Table 11
Selected credit risk parameters used in the calculation of the credit VaR.

Distressed PDs Credit exposures

Mean Median Max. Median size
(million BRL)

Number of
operations

Median credit
(million BRL)

Agriculture 0.141 0.089 0.859 915 1802 0.508
Food  0.032 0.023 0.110 999 4344 0.230
Livestock 0.088 0.028 0.687 1360 2513 0.541
Vehicles 0.062 0.045 0.215 1185 7728 0.153
Electrical and electronic equipment 0.113 0.062 0.507 624 4944 0.126
Electricity and gas 0.028 0.001 0.442 1376 175 7.867
Wood  and furniture 0.049 0.053 0.121 3369 17,700 0.190
Recreation services 0.036 0.034 0.086 742 9708 0.076
Other  0.024 0.009 0.174 3755 7098 0.529
Petrochemicals 0.091 0.039 0.424 1559 4121 0.378
Consumer (large) 0.066 0.043 0.290 1103 1782 0.619
Consumer (medium) 0.109 0.118 0.223 4114 66,188 0.062
Consumer (small) 0.096 0.091 0.228 10,814 814,219 0.013
Chemicals 0.015 0.013 0.066 701 3760 0.187
Health  services 0.046 0.036 0.202 809 5741 0.141
Other  services 0.068 0.050 0.294 1318 11,036 0.119
Metal  products 0.028 0.015 0.167 1421 1770 0.803
Sugar  and alcohol 0.222 0.202 0.773 1351 172 7.860
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Textile  0.176 0.132 

Transportation 0.020 0.019 

Retail  trade 0.100 0.051 

tions. This treatment, however, may  underestimate portfolio
oncentration and therefore the results of the Credit VaR. We  thus
onsider an alternative exercise by assuming that 80 percent of
he exposures under each credit category are concentrated in 20
ercent of the number of credit operations (and the reminder
0 percent of the exposures correspond to 80 percent of the
umber of credit operations). Since we do not have information
n losses given default (LGDs), we choose a generic value of 50
ercent for all credit types. We  recognize that this is also a critical
ssumption in our assessment of banks’ solvency, as higher LGD
ould mechanically lead to higher unexpected losses in the credit
aR calculation. Moreover, LGDs are likely to vary across credit

ypes, also depending on the existence of collateral on individual
redit operations, which we cannot observe. There is also evidence

hat LGDs tend to vary throughout the cycle, increasing during
he economic downturn. On the other hand, to the extent that
otential differences in the sensitivity of LGD’s to the economic
ycle across credit types go in tandem with the dynamics of their

t
n
(

able 12
esults of the credit VaR, in million BRL, unless otherwise indicated.

Bank number Credit VaR Credit VaR/Net
exposure (percent)

1 4689 5.0 

2  11,095 12.8 

3  6865 10.1 

4  8181 14.0 

5  1479 9.3 

6  906 5.8 

7  1152 10.9 

8  551 11.4 

9  286 6.3 

10  347 10.2 

11 20  0.6 

12  506 16.3 

13  185 10.0 

14  161 9.1 

15  200 11.4 

16 71 4.6  

17  309 20.7 

18  116 9.1 

Total 37,118 9.8 

ote: Net exposures are computed by subtracting the estimated recovery values from the
arameters:  VaR level: 0.99; Model: Poisson defaults/FFT; LGD: 0.5.
667 1184 12,264 0.097
078 2173 7222 0.301
810 1213 11,631 0.104

espective PDs, which is likely the case, our relative assessment of
ndividual banks’ solvency would not be biased. Furthermore, our
ssumption of a 50 percent LGD is likely to be conservative.

The parameters used in the Credit VaR are bank-specific. While
he sensitivities of credit quality to macroeconomic conditions are
he same for each credit type, the quality of individual banks’ credit
ortfolios in each of the distressed scenarios would vary accord-

ng to their staring conditions. Overall, consumer loans and credit
o the textile industry, agriculture, and sugar and alcohol are the

ost pro-cyclical, and concentration to the latter more pronounced
Table 12). Using these parameters, the distribution of credit losses
s computed using the probability generating function defined in
quation [5] and the unexpected losses are estimated as the 99th
ercentile of the expected losses distribution.
The results suggest that the banking sector is well prepared
o undergo the credit losses associated with the distressed sce-
arios considered without threatening financial stability. The
unexpected) credit losses associated with a 99 percent credit VaR

Credit VaR/gross
exposure (percent)

Gross
exposure

Share of loans in
sample (percent)

2.5 189,052 24.3
6.4 173,172 22.2
5.1 135,276 17.4
7.0 116,957 15.0
4.7 31,798 4.1
2.9 31,378 4.0
5.5 21,118 2.7
5.7 9642 1.2
3.2 9046 1.2
5.1 6839 0.9
0.3 6348 0.8
8.1 6216 0.8
5.0 3675 0.5
4.5 3538 0.5
5.7 3502 0.4
2.3 3113 0.4

10.4 2985 0.4
4.5 2563 0.3
4.9 756,218 97.0

 gross credit exposures.
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or the 18 banks with the largest credit portfolios in the sample
mount to around BRL37 billion, or 4.9 percent of their gross
xposures (Table 11). As a reference, these losses are roughly
quivalent to about 19 percent of the joint tangible capital of
hese banks. Our measure of tangible capital equals regulatory
apital minus the sum of specific loan loss provisions included in
anks’ own resources, deferred taxes, and goodwill. Therefore, the
apital cushions of the largest banks appear sufficient to absorb
he credit losses associated with the scenarios considered without
hreatening financial stability.

. Final considerations

The econometric estimations presented in this paper provide
trong evidence of a cyclical behavior of loan quality. The estima-
ions substantiate the existence of a robust inverse relationship
etween GDP growth and NPLs, with the effects operating with
p to three quarter lags. The results also indicate differences in
he persistence of NPLs across credit types, and in their sensitiv-
ty to economic activity. Loan quality in Brazil appears to be more
ensitive to GDP growth for small consumer loans, credit to agricul-
ure, sugar and alcohol, livestock, and textile. In addition, credit for
ehicle acquisition and electric and electronic equipment displayed
igh level of NPLs under distressed macroeconomic scenarios.
anks with relatively higher exposures to these sectors are likely to
xperience larger credit losses under a macroeconomic downturn.

While intuitive, the modeling of differences in the sensitivity of
oan quality to macroeconomic conditions at the level of individual
anks is novel to the macro stress testing literature. Existing models
ased on bank-level data do not allow for a differential response
f credit quality to macroeconomic conditions across credit types,
ossibly due to lack of data availability. On the other hand, existing
acro stress test models that exploit variations in the sensitivity of

oan quality to macroeconomic conditions across credit types are
ased on aggregated data, and are therefore less suited to assess
he adequacy of bank capital at the level of individual institutions.

The results presented in this paper show that the lack of suffi-
iently granular data on the composition of bank credit portfolios
an bias the results in a way that is contrary to a prudent criterion.
o the extent that the sensitivity of credit quality to macroeconomic
onditions varies between different credit types, the lack of differ-
ntiation would tend to underestimate the deterioration of credit
uality for the highly procyclical credit types and sectors under

 distressed macroeconomic environment (and overestimate the
eterioration of credit quality for the relatively safer credit types).
hese biases would translate in a systematic way into the assess-
ent of bank risk profiles, leading to an underestimation of tail

osses in the more vulnerable institutions in the banking system
nder analysis.

The model presented in this paper represents an improvement
ver existing literature but is still subject to several important
aveats. First, the model assumes a linear relationship between
oan quality and macroeconomic conditions which may  fail to
apture potential non-linear relationships during periods of
evere macroeconomic distress. Second, the model assumes that
istoric correlations between loan quality and macroeconomic
onditions are symmetric during the upturn and the downturn
f the economic cycle, and remain valid during periods of severe
istress. Third, the model fails to capture potential feedback effects
etween credit quality and economic growth, as it does not fully

ntegrate the macro and microeconomic modules. In particular,

he macroeconomic module allows credit volumes to vary over
ime, while the microeconomic module assumes that individual
anks maintain constant credit portfolios. To the extent that credit
uality tends to deteriorate during periods of slow credit growth,

W
W
W

ial Stability 8 (2012) 69– 83 83

he model presented in this paper may  underestimate banks’ loan
osses. All these caveats may  likely bias the results in the same
irection during periods of financial distress, causing a potential
nderestimation of bank credit losses. Further analysis is needed
o address these shortcomings.
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