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Abstract

We quantify the effect of cyclical systemic risk and economic sentiment on non-financial
corporations and households’ (total) credit growth for Portugal between 1991Q1 and 2020Q2,
following the Growth-at-risk methodology. We focus on the right-hand tail of the future credit
growth distribution, as credit booms are potentially detrimental to financial stability. A set
of measures of the upside tail risk in credit growth is computed to provide policymakers with
more information to anticipate credit build-ups. We find that financial vulnerabilities and
industrial sector economic confidence increase the upper tail risk of credit growth realizations
for non-financial corporations in the short term (4 quarters horizon). At the medium to long
term (12 quarters horizon), the impact of those indicators almost cancels each other out. As
regards households, increasing financial vulnerabilities and consumers’ economic confidence
display opposite effects on the upper tail risk of credit growth, at short and medium to long
terms. Credit-at-risk anticipates credit build-ups preceding financial crises and decelerations
corresponding to recessions. The upper tail to median and the upper to lower tail distances
identify the upper tail dynamics as the main responsible for future credit growth uncertainty.
Expected longrise reinforces Credit-at-risk results while the probabilities of observing future
credit growth above its mean and credit growth one standard deviation above its current value
exhibit high levels before 2008 for both non-financial corporations and households, followed
by deep falls during recessions which signal credit busts. For all the measures, the 2013-2018
increase in tail risk depends on the structural change in credit growth dynamics observed in the
early 2000s. The most recent results highlight the predominant role of confidence indicators,
further dampened in 2020 by the COVID-19 effects on the economic outlook.

Keywords: Macroprudential policy, quantile regression, upside risk, macrofinancial linkages,
financial stability, credit-at-risk.
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1. Introduction

The recent experience with financial crises exposed how excessive credit growth
often causes build-ups of cyclical systemic risk and is usually followed by deep
credit busts that have a negative spillover effect on economic activity (Jorda ef al
PUTT; Schularick and Taylof P0T2; Aikman_ef all PUTH; Alessi_and Detkend DOT8).
Credit booms during an expansion increase the likelihood of subsequent financial
crisis (Jorda“ef all P013) and, as such, they reveal themselves as a good indicator

of a financial crisis (Reinhart and Rogoff 2009; Boissay et all PU16). These findings
point to the need for overseeing the upside tail risks of credit growth.

The importance of monitoring upside tail risks of credit growth brings about
an important research question, which constitutes the motivation for the present
work: whether it is possible to signal excessive credit growth with sufficient advance
so that policy measures can be adopted if needed. The tools that policymakers
currently have to track developments in credit growth can be improved with
complementary measures that allow adopting a more forward-looking approach.
Having additional indicators with these properties would lead to less uncertainty
regarding the analysis of future developments in credit growth, which may translate
into a more efficient toolkit to tackle risks for financial stability.

As we intend to predict the behavior of the highest potential future realizations
of credit growth, we rely on the Growth-at-risk approach to conduct our analysis.
The Growth-at-risk measures are derived from quantile regression models used to
study the future growth conditional distribution of a time series of interest, focusing
on specific percentiles and taking advantage of the non-linear relationship between
dependent and independent variables. Although the most common target in the
literature happens to be GDP growth®, this approach can be applied to several other
variables such as banks’ capital ratio (Lang and Forletta P020), house prices (Alter
and Mahoney P020; Deghi et all P020) and inflation (Korobilid PUT7; Lépez-Salidg
and Loria P020; Korohbilis_ef_al 9(]')1)_

In this work, we explore a new strand of the literature trying to assess the
impact of financial and economic indicators on non-financial corporations (NFCs)
and households’ (HHs) credit growth in Portugal. Chulia et all (P021) closely relates
to our study, as the authors use panel quantile regressions to quantify how US
financial conditions impact on funding markets of the private non financial sector
(both credit and equity) in a large set of countries, mainly focusing on funding
vulnerabilities. Among the main findings, the paper stresses the heterogeneous
effect of the US financial condition index across quantiles — with more pronounced
negative effect on the lower quantiles than on the central quantiles — and across
countries. Hodula“et all (?019) applies panel quantile regression to explore the

1. In DeTorenza RBuratta ef all (2027), we contribute to the literature analysing the role that the
current financial situation plays on the conditional distribution of future GDP growth for Portugal.
We find that both financial vulnerability and cyclical systemic risk have a negative effect on the left
tail of the one-year-ahead GDP growth distribution.
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non-linear relationship between households’ macroeconomic conditions and credit
dynamics. The results, which are limited to a one-quarter horizon, reveal a stronger
procyclicality of credit at lower quantiles for both “good and bad times".

Deviating from the standard quantile-regression framework that aims at
anticipating economic recessions, we focus our analysis on the right-hand tail of the
future credit growth conditional distribution. Our Credit-at-Risk (CaR) measure
estimates the highest realizations of future credit growth, which, in a forward-
looking perspective, are the most potentially damaging for financial stability. The
methodology allows an acceptable level of agnosticism regarding the definition of
excessive credit growth, as we focus on the most extreme values that credit growth
can take and their likelihood. Nevertheless, some arbitrariness in defining what
is perceived as excessive risk to credit growth persists. The policymaker chooses
threshold percentiles - the 90" in our case - even if the corresponding value may
vary over time, and some level of expert judgment might still be needed. The
Growth-at-risk approach also provides a direct way to focus on how the current
economic outlook and financial situation relate to future credit growth, both at the
short and medium to long term horizons. This feature is important to detect the
build-up of upper tail risk before its materialization. Moreover, this methodology
permits exploring the non-linear relationship that may elapse between the current
economic and financial situation and future credit growth. By estimating the whole
conditional distribution of future credit growth, this methodology also allows to
collect additional information regarding credit growth. For instance, the level of
uncertainty regarding future credit growth, the expected average credit growth
that would be observed in case of extreme (tail) events, the probability of observing
credit growth rising above given values and the conditional expected values. With
such information, in addition to CaR, we compute a set of measures of the upside
tail risk in credit growth intending to provide macroprudential policymakers with
complementary indicators to monitor credit build-ups.

This paper contributes to the literature on Growth-at-risk applications to credit
growth in several dimensions. First of all, we analyse both NFCs' and HHs' domestic
credit growth, while Chulia”et all (2021) only target NFCs and Hodula“efall (2019)
focus on HHs. We use domestic indicators instead of global ones, and we include
both vulnerability and confidence indicators for NFCs and HHs.? Compared to
Hodula"ef all (201Y9), we consider the heterogeneous effects across time of our
explanatory variables, as we implement local projections along with the quantile

2. [Chulia—ef_all (2021) include as explanatory variables, in their baseline specification, the US
financial condition indicator, a global macroeconomic factor and a global financial factor. The
two global factors are estimated via Principal Component Analysis (PCA) and Kalman filter. The
global financial factor includes information on real credit growth, stock returns and changes in
sovereign bond yields, while the global macroeconomic factor comprises real GDP growth and
inflation information, plus the global financial factor information. Hodula"ef_all (P019) include a
households’ macroeconomic conditions index, which is intended to approximate the perception of
macroeconomic conditions by the households, and supply-side control variables, which includes a
proxy for bank credit risk profile, a proxy for bank leverage and a proxy for bank profitability.



regressions. We update this strand of the literature by shifting the focus of the
analysis to the upper tail of the future credit growth distribution, instead of
the lower tail. Moreover, we do not limit our study to the estimation of a few
percentiles of the future credit growth distribution as — to our knowledge — this work
represents the first attempt in this context to compute complementary measures
that encompass information of the whole credit growth conditional distribution.
These measures aim at providing a more comprehensive understanding of the upside
tail risk in credit growth and, in this way, improving macroprudential surveillance.

We find that rising financial vulnerabilities and high levels of confidence from
the industrial sector increase the upside tail risk of NFCs' credit growth in the short
term (4 quarters horizon). At the medium to long term (12 quarters horizon), these
indicators have opposite effects on future credit growth tail risk of almost the same
magnitude if an increase of one standard deviation is considered. The confidence
indicator has a positive contribution for the upper tail risk. In terms of tail risk
assessment, the estimated CaR measure signals the sharp increase in credit growth
observed before the Great Financial Crisis (GFC), captures the increase in credit
growth realized in 2011 and then anticipates the upward trend in credit growth
observed in 2015. Prior to the GFC, the upper tail to median distance and the
upper to lower tail distance, taken together, point to the upper tail dynamics
as the main contributor to the uncertainty regarding future credit growth. The
expected longrise, comprising more information concerning the upper tail, confirms
the previous findings from CaR. The probability measures, associated with high
and/or fast credit growth, exhibit high levels before the GFC and sharp falls during
the recession periods related to the GFC and the European Sovereign Debt Crisis
(ESDC) (2008Q1-2009Q2 and 2010Q3-2013Q1), signalling credit contractions.
The expected values associated to the probability measures further strengthen the
results, exhibiting an upward trajectory before the GFC. All the tail risk measures
point to an increase in risk between 2013 and 2018. We argue that this result
depends on the structural change in credit growth dynamics that occurred in the
early 2000s: the magnitude of the risk is lower when we exclude data before 1999
from our analysis. In 2020, there is a decline in tail risk driven by a deterioration
of the confidence indicator. Such deterioration is the result of the effects of the
COVID-19 pandemic.

Regarding HHs' credit growth, a rise in financial vulnerabilities and consumers’
confidence has opposite effects on the upper percentiles of the conditional
distribution, both at the short term and at the medium to long term. In terms
of tail risk assessment, the estimated CaR provides information about increases
occurring before the GFC and the ESDC. It anticipates the two falls observed
during the recession periods and the recovery trajectory after 2014. The results
from complementary measures add useful information. Before 2009, the results
from the upper tail to median distance and the upper to lower tail distance
signal higher uncertainty surrounding above-median (central scenario) realizations
of credit growth than below-median realizations, as the mass of the conditional
distribution concentrates on the left side while the upper tail becomes “heavier”.
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When the entire upper tail behavior is taken into account by computing the
expected longrise, CaR findings are confirmed. Regarding the probability measures
related to increases in future credit growth, as for the NFCs, the highest values are
observed before the recession periods and after 2014, indicating the contraction
and recovery in credit growth. The expected values associated to the probability
measures further reinforce the results, signalling build-ups of risk before the GFC
and the ESDC. As for NFCs, the early 2000s structural change in credit growth
dynamics influences the magnitude of the increase in tail risk estimated between
2013 and 2018. The results for 2020 stress the predominant role of the confidence
indicator: a decline in risk is observed, coinciding with reduced HHs' economic
expectations due to the COVID-19 pandemic.

The paper is organized as follows. Section @ presents the methodological
approach, the empirical models to be estimated and an overview of the data used.
Section B presents the results from model estimation and discusses the use of
the CaR measure and other complementary tail risk measures for macroprudential
surveillance and section B concludes.

2. Methodology and Data
2.1. Methodology

Quantile regressions proposed by Koenker and Bassett (1978) and local projections
as introduced by Jord3 (P005) are combined to assess the potential heterogeneous
link between explanatory variables and the percentiles of the distribution of a
variable of interest at different projection horizons. The use of quantile regressions
allows to estimate the whole distribution of the variable of interest while local
projections enable the estimation of the same distribution for different projection
horizons, without the need to extrapolate it from a given model. Thus, we assume
from the start that the relationship between the predictors and the variable of
interest may vary across the percentiles of the distribution and over time. We
follow a two-steps approach as it is commonly used in the literature (e.g., Adrian
ef_al’ 2019). In the first step, we fit a quantile regression to a variable of interest,
as follows:

Oy, (q1Xy) = 62" + 77X, (1)

where Y;‘ih is the dependent variable or variable of interest projected h quarters
ahead at the ¢ percentile, X; is a vector of explanatory variables, &?" represents
the model estimated constant and Bq’h is a vector of parameters that represents the
estimated marginal effect of the explanatory variables on the dependent variable.
The unknown parameters (oﬂvh and quh) are estimated through an optimization
problem, in which the weighted sum of the absolute value of the residuals is
minimized. Koenker and Basseffi (T978) show that the resulting non-parametric



estimators for the unknown parameters are consistent.® Equation (E[]) is, then,
estimated for the percentiles (¢) between 1% and 99% in steps of 1 and for a
projection horizon (h) that ranges between 1 and 12 quarters ahead. As a result,
we estimate, in total, 99 times 12 quantile regression models of the type presented
in equation ().

We estimate the quantile regressions using two distinct information sets based
on data at quarterly frequency (data are described below in more detail). The
first information set uses all the available information to retrieve estimates for the
unknown parameters of the model. We label this exercise as in-sample exercise.
The second information set follows an iterative procedure to define the estimation
sample. We first estimate the quantile regressions using data from 1991Q1 to
2005Q1 for all percentiles and prediction horizons considered.® Then, iteratively
we estimate the quantile regressions adding each time to the estimation sample
one more quarter of information. This procedure is ran until the end of the sample,
2020Q2. The objective is to mimic the information available to policymakers in each
moment. We label this exercise as pseudo real-time exercise. We rely on final data
vintages, meaning that we abstract from periodic revisions to which data is often
subject to, therefore this analysis does not constitute a true real time exercise.
Our focus will be on assessing the performance of the risk measures that result
from this latter exercise since it allows their evaluation in a similar environment to
which they are designed to be used, for macroprudential purposes. However, the
comparison of the results between exercises can also provide insights regarding on
how fast the model “learns” from past events.

As in Adrian_ef all (P01Y) and others thereafter, the second step entails fitting
a distribution to the quantile regression estimates from equation (). The goal is to
obtain a smoothed version of the conditional distribution of the variable of interest
and obtain a probability density function. While Adrian_ef all (2019) fit a parametric
distribution, the skewed t-distribution, we map the quantile regression estimates
into a kernel distribution in order to capture potential multimodality in the
conditional distribution of the variable of interest and to obtain a distribution closer
to the estimated quantiles. The case for multimodality in the joint distribution of
economic and financial conditions was recently introduced by Adrian et all (2021).
A gaussian kernel with optimized bandwidth as proposed by Bowman-and Azzalini
(997) was used to smooth the quantile regression estimates. Also differently from
the related literature, we fit each percentile of the probability density function to its
quantile regression estimate counterpart to increase the accuracy of the resulting
distribution.

3. For a comprehensive discussion on the properties of the quantile regression estimators see
Koenket (7[)[)5)_

4. This estimation sample is also known as the training sample. Since the available time span for
the data is not as long as desired, we decided to end the training sample in 2005Q1 in order to
strike a balance between the minimum number of observations that guarantees the properties of
the estimator and covers the period before the GFC.
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Provided with model estimates (step 1) and with the fitted conditional
distributions (step 2), several measures to detect future periods of excessive credit
growth (upside tail risk) are put forward. This set of informative measures of
upside risks encompasses specific percentiles, the expected longrise measure which
measures the expected severity of upside tail risks and measures that provide
the likelihood of observing positive and excessive credit growth. All metrics are
described in detail in section B.

2.2. Model specifications and data

We apply the above framework to study the relationship between the prevailing
financial environment and future bank credit growth (variable of interest). The goal
is to derive risk metrics that allow detecting, in advance, periods of rapid credit
growth (upside risks). Several factors can motivate credit booms; among them are
an easing of credit standards and financial liberalization.® Periods of loose financial
conditions usually precede credit booms given that there are less constraints
to access credit. The loosening in credit standards might be a response to an
expansionary monetary policy stance (Afanasyeva and Guntner 2014). Competition
across banks can also explain a substantial variation in credit standards as screening
intensity falls during expansions, along with the increase in credit supply, facilitating
lending to riskier borrowers (Rucked 2004; Dick and Tehnert 20T0). Another side
effect of loosening credit standards is the deterioration of bank portfolios along
with lower and more volatile profits.

As the drivers of credit granted to NFCs differ from those of the credit granted
to HHs, we conducted separate analyses for the two credit segments® Credit
granted to the NFCs' sector has usually different volumes and smaller maturities
when compared with loans granted to HHs — especially in the case of mortgages.
Loans granted to NFCs have smaller maturities because they are usually in the form
of revolving credit, although these maturities have increased in the last decade, even
before the introduction of public loans' guarantees in the context of the COVID-19
pandemic. Moreover, a large part of the credit granted to HHs is in the form of
mortgages, a segment that requires collateral and can present different interest
rate spreads.? Therefore, the impact of financial variables may change depending

5. WNanderVeerand Hoeberichid (2016) shows that the level of credit standards has an impact on
credit cycles. Brena ef all (2015) shows that financial liberalization can contribute to the increase in
credit aggregates as 22% of credit booms are preceded by above-median increases in the financial
liberalization index.

6. Mortgage and consumer lending have different characteristics and may have different drivers.
Nonetheless, the total HHs credit growth series we use does not diverge much from the series
for mortgage credit growth, as consumer lending - even if shows a different growth rate path -
represents a small share of total HHs' credit in Portugal.

7. At the end of 2019, 19.1% of the credit to NFCs was granted with no guarantees (collateral

and/or other types, such as personal guarantees), against the 0.5% for mortgage and 9.6% for the
total HH credit (which includes mortgage, consumption and other purposes credit). Concerning the



on the credit segment considered. This observation is also in line with the changes
in the regulation of capital-based macroprudential instruments occurred in the early
2000s, namely in terms of the scope of application of the systemic risk buffer. This
buffer can now be used to tackle cyclical systemic risk that is not covered by the
countercyclical capital buffer and as such may be applied as a sectoral buffer to
containing excessive credit growth in a particular sector. Moreover, the regulation
requires the definition of different risk weights for different types of credit. In this
context, it may be useful for policymakers to gauge credit market developments at
the sector level.® Notwithstanding, this information may also be useful to inform
the discussions on the countercyclical capital buffer.

Against this background, the two proposed baseline quantile regression models
have, respectively, as dependent variable the annual rate of change of loans granted
by banks to NFCs (NFC) and HHs (H H). This variable is published monthly by
the Banco de Portugal and is included in a set of information that is regularly
published on monetary financial institutions’ balance sheet.® The set of regressors
considered in the quantile regression models is based on the evidence that periods
of rapid credit growth are often the result of strong economic performance coupled
with overly optimism in the financial system (Bordalo_ef_all POTH; Fahlenbrach
et_all PUT8; Baron and Xiong PU17).

Both baseline models include as explanatory variables the systemic risk indicator
(SRI) and a confidence indicator. The SRI is a composite indicator proposed by
Lang et all (?019), which contains information regarding domestic credit, residential
real estate market, asset prices and external imbalances. This is one of the best
performing early warning indicators of systemic financial crises as documented in
Lang et all (2019). This composite indicator results from an extensive evaluation
exercise comprising a large set of univariate early warning indicators. It can be seen
as a measure that track vulnerability in the financial system. The inclusion of the
SRl in the model, which accounts for the 2-year real total credit growth, allows for
a more parsimonious model where the lagged dependent variable can be excluded

from the regressors, while mitigating endogeneity problems™.

interest rates, the difference between the interest rate applied to NFC credit below 1 million euros
and the interest rate applied to NFC credit above 1 million euros is around 1.5 p.p. on average for
the period from January 2003 to December 2019. For the HH segment, the difference between the
interest rate applied to credit for consumption and other purposes and the interest rate applied to
mortgage credit is significantly larger, being around 5.7 p.p. on average over the same period.

8. For the application of the systemic risk buffer, discriminating credit by sectors of activity would
also be relevant. However, this particular specification is not considered in this analysis.

9. This variable gauges the developments in financial transactions associated with changes in
stock positions, where financial transactions are computed by subtracting from the stock position
the exchange rate effect, the price effect, reclassifications and other adjustments. For a precise
definition, see https://bpstat.bportugal.pt/conteudos/metainformacao/390.

10. For the SRI, we are able to account for the impact of data revisions as we have available a
stream of data vintages.
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The confidence indicator allows to incorporate agents’ expectations in the
model, given that the way economic agents perceive future economic activity may
influence their decisions to apply for bank loans. For the NFCs sector, we consider
the industrial confidence indicator (ICI).™ The ICl is a composite indicator that
reflects entrepreneurs confidence regarding present and future condition of their
businesses in terms of, among others, production, employment, orders and capacity
utilisation. We expect this variable to have a positive effect on credit growth since
improved economic expectations should increase the willingness of firms to finance
their investment plans with new loans. The proposed baseline model for the NFCs
sector is as follows:

Onre., (q/ICL, SRI) = a%" 4 340, 1CT, + 8L} SRI, (2)

The baseline model for credit granted to HHs includes instead the
consumer confidence indicator (CCI). The C'CI provides insights about future
developments of HHs' consumption and saving based upon answers regarding their
expected financial situation, their sentiment about the general economic outlook,
unemployment and capability of savings.™ As for the case of NFCs, we expect
this variable to positively affect credit growth: improved expectations about future
economic conditions incentivize HHs to apply for new loans. Thus, the proposed
baseline model is as follows:

Qwm,,, (4|CCIL, SRI) = a%" 4 &L, CCT, + BL) SRI, 3)

A financial stress indicator, CLIFS (Duprey et al] PUT17), was also considered
for both regressions. CLIFS is an index that aims at identifying, in a timely
fashion, stress in equity, bond and foreign exchange markets. This indicator provides
contemporaneous information about financial stress and it can be considered as a
measure of financial conditions. Nevertheless, this variable was not statistically
significant across most percentiles and projection horizons of interest. From a
demand side perspective, in what concerns NFC, this result can be related to the
characteristics of NFCs business in Portugal, mostly small and medium enterprises
without access to capital markets. As a result, raising financing through financial
markets does not constitute a substitute to bank credit and, as such, stress in
equity and bond markets does not seem to influence funding’ decisions of firms in
Portugal. The case of HHs is slightly different, as developments in financial markets
might influence HHs' wealth and their expectations for economic activity, despite
the limited participation of Portuguese households in equity markets. However,

11. Substituting the industrial confidence indicator with a service sector confidence indicator does
not improve the model. Moreover, the service sector confidence indicator time series is only available
from 1997Q2 onwards.

12. [Angelicd (201R) finds empirical evidence that survey data on households expectations have
strong predictive power for the dynamics of household debt. In the same line, Kfopocka (2017),
using data for Poland, concludes that consumer confidence indexes have strong predictive power
for future household’ credit growth.
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the confidence indicator is also able to reflect these effects. Thus, it could be
the case that the confidence indicator “absorbs” the contribution of CLIFS to
the model. Considering the supply side, stress in the equity, bond and foreign
exchange markets can impact banks’ financing costs and therefore their decisions
of credit supply. Nonetheless, after the GFC, banks in Portugal rely much less on
capital markets’ funding, lowering the impact of financial stress on banks credit
supply. ™™ However, the need to comply with Minimum Requirement for own
funds and Eligible Liabilities (MREL) requirements might increase banks' funding
costs.

We estimate the models specified above in equations (&) and (3) using quarterly
data for Portugal between 1991Q1 and 2020Q2. Table M summarizes the data used
in the estimation of the quantile regression models, the sample available and their
sources.

Variable Category Sample Source
NFC Credit (NFC) Dependent 1980 Q4 — 2020 Q2 BdP
HH Credit (HH) Dependent 1980 Q4 — 2020 Q2 BdP
Systemic risk indicator (SRI) Vulnerability 1991 Q1 — 2020 Q2 BdP

Industrial confidence indicator (ICl)  Confidence 1987 Q1 — 2020 Q2 EC
Consumer confidence indicator (CCI)  Confidence 1986 Q2 — 2020 Q2 EC

Note: NFC, HH, ICI and CCI are converted from monthly to quarterly frequency by taking the value
of the last month of each quarter. EC stands for European Commission.

Table 1. Data overview

Figure 0 shows the behavior of our variables over the estimation sample. Even
though credit to NFC is more volatile than credit to HH, both time series share
a similar behavior over time. The credit variables exhibit a significant change
in volatility and magnitude in the early 2000s, getting smoother and closer to
0 as we approach the end of the sample period. In the second half of the
1990s, the convergence to a low level of interest rate (due to the reduction in
inflation expectations) and the improvement in economic expectations promoted
the fast growth of credit. Afterwards, the increase in interest rates, the slowdown
of economic activity and the large level of indebtedness led to a decline of
credit growth. After 2012, with the lasting negative effects of the GFC, the
ESDC and the prolonged ECB stimulus packages, credit growth has remained
low, even attaining negative values during some periods. SRI co-moves with our
dependent variables, and we can observe how sharp credit growth drops follow its

13.  This argument does not exclude the possibility to use CLIFS to assess other sources of risks
(see DeTorenzo Buratta ef all (2027)).

14. We tested several alternative variables, both demand- and supply-related (spreads, deposits,
interest rates, capital ratios, etc.) but none of them seem to improve the models we present here.

Credit standards could potentially be a valid candidate variable for our purposes, but the time series
is only available from 2003Q1.
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peaks in 2001 and 2009. The confidence indicators show similar dynamics over
time, with the consumer indicator stably providing more pessimistic sentiment
regarding the economic situation between 1994 and 2020. Nevertheless, the series
show differences in the evolution of economic sentiment before crises, as their
dynamics diverge in 2007 and 2010. Recessions coincide with deep decreases of
both sentiment indicators.
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Figure 1: Time series of variables

3. Results

The discussion of the results starts with the analysis of the estimated marginal
effects of the regressors on the conditional distribution of future credit growth
(computed following the in-sample exercise) and then moves to the analysis of the
proposed measures of upside tail risk (computed following both the in-sample and
the pseudo real-time exercises).
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3.1. Estimated marginal effects

This subsection presents the results associated with step 1 of the approach
previously described. In what follows, we focus the discussion on results from the
in-sample exercise for the sake of brevity. The use of quantile regressions jointly
with local projections allows analysing the results according to two dimensions:
(i) analyse the estimated effects on future credit growth across percentiles for a
given projection horizon; and (ii) analyse the estimated effects on future credit
growth across projection horizons for a given percentile. The estimated effects are
conditional on a one standard deviation increase of each regressor holding constant
all other regressors in the model. Firstly, we present the results for NFCs and then
for HHs.

Non-financial corporations

Figure O displays the estimated marginal effects of the confidence indicator and
of the SRI across percentiles for two projection horizons, h = 4 equivalent to one
year ahead (short term) and h = 12 equivalent to three years ahead (medium to
long term). The results suggest that both the ICI and the SRI have different effects
across the percentiles of the conditional distribution of future credit growth. This
observation justifies the use of quantile regression models to gauge the link between
macro-financial conditions and future events of high credit growth.

ICI SRI
= [ — T

Percentage points
W
Percentage points
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h=4——h=12

Notes: The shaded areas stand for 95% confidence intervals obtained using bootstrapping (xy-pair
method) according to Davino_efall (2013). Estimated marginal effects are conditional on a one
standard deviation increase holding constant all other regressors in the model.

Figure 2: Estimated marginal effects on NFCs credit growth quantiles for projection horizons
equal to one (h = 4) and three years (h = 12).

In the short term, improvements in firms' confidence about economic
conditions, approximated by an increase in ICI, have a positive and statistically
significant marginal effect at all the percentiles, i.e., shifts the whole conditional
distribution of future credit growth to the right. However, the impact is more
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pronounced on the upper tail because the marginal effect is of a larger magnitude
at the higher percentiles than the effect on the median or lower percentiles.
Consequently, the conditional distribution of one-year ahead credit growth will
be characterized by asymmetric tails, with the right tail being slightly “heavier”
than the left tail. This result suggests that changes over time in the distribution
shape of the dependent variable can provide relevant information regarding future
credit growth realizations. We explicitly address this analysis in section B22. In
terms of magnitude, the impact of a one standard deviation unit increase in ICT
on the higher percentiles is between 4 and 6 percentage points. An increase in
cyclical systemic risk, approximated by an increase in SRI, has an impact on
the conditional distribution of one-year ahead credit growth similar to that of an
increase in IC'I. Accordingly, following an increase in cyclical systemic risk and all
else equal, the one-year ahead conditional credit growth distribution will shift to
the right and will be characterized by a “heavier” right tail. Also, the SRI has
positive and statistically significant estimated marginal effects at all percentiles.
These results support the idea that a favorable outlook for economic activity or
an increase in cyclical systemic risk are associated with an increasing likelihood of
observing extreme realizations of credit growth and increasing uncertainty regarding
the credit growth projections. While linking economic sentiment and credit growth
is more straightforward, it is less intuitive to understand how cyclical systemic risk
can lead to a high short-term increase in credit growth. The reason could rely on
the fact that before systemic risk peaks — which often precede crises in our sample
— banks continue to lend regularly, specifically to more profitable NFCs with a
high return on assets.™ The unsustainability of the credit build-up will be then
responsible for the subsequent drop in financial intermediation.

In the medium to long terms, an increase in ICI has an impact on
the conditional distribution of three-years ahead credit growth similar to the
one observed for the one-year ahead. The marginal effects are positive and
heterogeneous across the different percentiles, being more pronounced at the upper
tail. Regarding the SRI, the results change significantly compared to the short
term. Nonetheless, there is still evidence of heterogeneity in the impact of cyclical
systemic risk on the percentiles of the conditional distribution of future credit
growth. The estimated marginal effect of SRI is close to zero or slightly positive
for the percentiles below the 70" percentile and in most cases is not statistically
significant. As we move towards higher percentiles of the conditional distribution,
the estimated marginal effect of the SRI steadily decreases turning negative,
though not statistically significant for most percentiles as before. Accordingly, an
increase in cyclical systemic risk and all else equal implies a conditional distribution
for the three-year ahead credit growth that will be characterized by a higher
concentration around lower values of credit growth and a “lighter” right tail. In

15. [Lopes et all (2021) show this result for Portuguese NFCs before the ESDC.
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terms of magnitude, the impact of a one standard deviation unit increase in SRI
on the higher percentiles ranges between -7 and -10 percentage points.

Figure B shows the estimated marginal effect of each regressor on the 90"
percentile of the conditional distribution of credit growth over different projection
horizons.™ The choice to focus on the 90" percentile is grounded in the fact that
this percentile is analysed below as one of the proposed measures of upside tail
risks.

ICI SRI
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Notes: The shaded areas stand for 95% confidence intervals obtained using bootstrapping (xy-pair
method) according to Davina_ef all (2013). Estimated marginal effects are conditional on a one
standard deviation increase holding constant all other regressors in the model.

Figure 3: Estimated marginal effects on the 90" percentile of the conditional distribution

of NFCs credit growth at different projection horizons.

The estimated marginal effect on the upper tail of an increase in IC1 is positive
and statistically significant at the one to twelve quarters horizon. The impact
seems to be economically large. A one standard deviation increase in this indicator
leads to an increase in the 90" percentile of the conditional distribution of about
4 percentage points one-year ahead and around 6 percentage points three-years
ahead, reflecting the long-lasting impact of higher economic expectations.™ These
results are evidence on how improvements in firms' confidence are associated to
increases in tail risk in credit growth. The estimated marginal effect on the upper tail
of an increase in SRI is positive and statistically significant at the 1 to 6 quarters
horizon. This impact amounts to around 6 percentage points. After that point, the
estimated marginal effect steadily decreases as the projection horizon increases,
turning negative at h = 9. However, it is only statistically significant at the twelve
quarters horizon, in which an impact of -7.8 percentage points is estimated. This

16. This exercise is defined in the reference literature as “term structure” (see Bdrian_ef all PUTS,;
Galan 2020). It can be interpreted as the impulse-response function of credit growth given a unit
increase of the considered explanatory variable, ceteris paribus.

17. Mendicina_and Punzi (P013) findings show that shocks in industrial confidence indicator and
in the economic sentiment indicator account for a significant share of the variance in industrial
production, inflation and unemployment rate. A positive shock on the indicators also has a positive
and long-lasting effect on economic activity.
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means that an increase in cyclical systemic risk has heterogeneous effects on the tail
risk in credit growth across horizons, contributing positively at short-term horizons
and negatively at medium to long-term horizons. This evidence describes the risk
path to credit growth that follows a rise in financial vulnerability: an increase in the
probability of observing extreme (positive) realizations in one year (risk build-up
phase) and a sharp decrease in a three years horizon (risk materialization phase).™®

Households

Figure B displays the estimated marginal effects of the confidence indicator and
of the systemic risk indicator across percentiles for projection horizons h = 4 and

= 12. The estimates suggest that changes in the C'CI or in the SRI have
asymmetric effects over the different percentiles of the credit growth conditional
distribution. A one standard deviation increase in consumers confidence about
economic conditions has a positive and statistically significant effect on all the
percentiles of the conditional distribution of credit growth one and three years
ahead. However, the magnitude of these effects is larger at the upper percentiles,
reflecting that a strong economic outlook entails higher upside tail risks in credit
growth. Similar results were found for NFCs credit growth, even if the difference
between the estimated impact on the 90" percentile and the 50" percentile is
substantially higher for HHs: optimism regarding the economic situation seems to
trigger higher upside tail risks than for firms. In the case of the SRI results are
mixed. For the one year horizon, the impact of the SRI is positive, statistically
significant and relatively stable as we move from the lower percentiles up to
the median. After that percentile, the effects of the SRI start to decrease and
become negative around the 70" percentile but are, in most cases, not statistically
significant. For the three years horizon, the trajectory of the impact of the SRI on
the percentiles of the conditional distribution of credit growth is similar to the one
estimated for the one year horizon. However, the negative impact is only statistically
significant from the 60" percentile onwards. This result flags risk materialization:
when cyclical systemic risk increases, the above-median credit growth distribution
becomes more concentrated, and extreme realizations are more unlikely to occur in
three years. The magnitude of the effects on the upper percentiles is economically
significant and similar to the one obtained for NFCs.

Figure B plots the estimated marginal effects of each regressor on the 9
percentile of the conditional distribution of credit growth over different projection
horizons.

The estimated effect on the upper tail of an increase in consumers confidence
is always positive, statistically significant and very stable over the full range of
projection horizons considered. The impact is estimated to be between 9 and 10

Oth

18. Checking for the marginal contribution of each SRI sub-indicator, we found that the debt
service ratio and the current account deficit-to-GDP ratio contribute most to these results.
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Notes: The shaded areas stand for 95% confidence intervals obtained using bootstrapping (xy-pair
method) according to Davina_ef_all (P013). Estimated marginal effects are conditional on a one
standard deviation increase holding constant all other regressors in the model.

Figure 4: Estimated marginal effects on HHs credit growth quantiles for projection horizons
equal to one (h = 4) and three years (h = 12).

cal SRI
1T T T 1 I T 1 T T T T T T T T T T T
0 |- —
g 10 I
£ £
a a
& &
ol o —5 |
t 5 = =
(9] [9]
I I
a a —10| -
0 | | | | | | | | | | | | | | | | | | | | | | | |
1 23456 7 8 9101112 0123456 78 910111213
Horizon Horizon

Notes: The shaded areas stand for 95% confidence intervals obtained using bootstrapping (xy-pair
method) according to Davina_ef_all (P013). Estimated marginal effects are conditional on a one
standard deviation increase holding constant all other regressors in the model.

Figure 5: Estimated marginal effects on the 90" percentile of the conditional distribution

of HHs credit growth at different projection horizons.

percentage points, which contrasts with the more moderate results obtained for the
case of NFCs.™ The estimated marginal impact of the SRI on the 90" percentile
is negative and statistically significant for all projection horizons of one year and
thereafter. An increase today in cyclical systemic risk is linked to lower credit growth
in the future — when risk will effectively materialize — and as such to lower upside

19. The estimated marginal effects for the confidence indicator are consistent with Barsky and
Sime (2012) findings, where confidence innovations have a positive impact on consumption and
income many periods in the future. Benhabib_and Spiegel (2019) results also confirm the long-
lasting impact that sentiment or consumer confidence shocks have on output and consumption.
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risks in credit growth. This result is in line with the empirical evidence in which
periods of financial stress or of financial crises, characterized by more limited credit
growth and high risk aversion, are preceded by periods of high cyclical systemic
risk. According to the model, the impact is estimated to be around 4.5 percentage
points one year ahead and 10 percentage points three years ahead.

3.2. Measures of upside tail risks in credit growth

In this subsection, we discuss our proposed measures to detect upside tail risks
in credit growth focusing on results for the 4 and 12 quarters ahead projection
horizons.”® These are the horizons relevant from a macroprudential policymaker
point of view given that they provide sufficient time to take preemptive measures if
deemed as necessary.”! The measures related to the percentiles of the conditional
distribution of credit growth are computed using directly the estimates from the
quantile regressions obtained in step 1. The remaining measures are obtained
from the smoothed conditional distributions fitted in step 2. The discussion of
the measures considers both the in-sample and the pseudo real-time estimation
exercises. However, our focus will be on the latter to assess their value for guiding
macroprudential policy decisions. As discussed by Orphanides and van Norden
(2002), in the context of output gaps, and by Edge and Meisenzahl (2011), in
the context of credit-to-GDP gaps, booms are easily identified with the benefit
of future observations while in real-time there is considerably uncertainty. The
proposed measures for monitoring upside tail risks in credit growth are the following:

Credit-at-Risk (CaR):
Refers to the 90" percentile of the conditional distribution of future credit
growth.

Fy, 1%, (CaRpp|Xe) = P(Yiqn < CaRyyn|Xy) = 0.90 (4)

where ﬁYt+h|Xt (y|X¢) is the conditional cumulative distribution of future credit
growth estimated in step 1. To distinguish between the CaR obtained under the

20. All the measures presented in DeLorenza Buratta er all (2022), to which we refer the reader
for details, were tested. We only present the more meaningful measures in this section, but the
other ones are available upon request.

21. Drehmann_and Juselius (2014) argue that early warning indicators to be used for
macroprudential policy purposes should give signals at least one year and a half before a crisis: banks
should have one year to comply with increased capital requirements in order to avoid disruptive
measures, but the timing should also take into account some possible implementation and data
development lags. They also consider five years to be the “too early” upper limit for an early warning
indicator — the timing for which the costs offset the benefits of the measure implementation. Aikman
ef_all (P019) state that the relevant horizons for macroprudential policy are 3 to 5 years, as the
implementation of policy measures requires earlier warning due to implementation lags. Given that
there is no clear agreement in the literature regarding the optimal horizons, we decided to choose
1 year as short term horizon and to be conservative on the “too early” limit, considering 3 years as
medium to long term horizon.
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in-sample exercise from that obtained under the pseudo real-time exercise, we
label CaR as CaR};, and CaRfj‘;udo, respectively. This identification strategy
is used in the remaining upside risk metrics.

Difference between percentiles of the distribution:
Refers to the difference between the 90" percentile (CaR) and the 50"
percentile (median) and to the difference between the 90 percentile and the
10" percentile of the estimated conditional distribution of future credit growth
(henceforth designated as upper tail to median distance and upper to lower
tail distance, respectively). An increase in these metrics signals an increase in
uncertainty regarding future credit growth, indicating a rise in the likelihood
of tail realizations of credit growth that can be either in the left or right tail.

Expected longrise (ELR):
Refers to a measure of the expected severity of an event that occurs in the
right tail of the fitted conditional distribution of future credit growth. It is
the average credit growth rate that would be observed conditional on the
occurrence of a tail event targeted, in our case, to be the 90t quantile. Thus,
an increase in this measure signals rising upper tail risk.

1

1
ELR1h = Ei[Yipnx,[Yern 2 CaReqn] = 010/ Fobx, alXe)da (5)
. 0.9

where ]:'yt+h|Xt (q) is the fitted conditional cumulative distribution.

Probabilities:
We compute:
(i) the probability of future credit growth above the mean
Pmean,t—‘rh = P(Y;H_h > Et‘Xt> =1- fYt+}L‘Xt (Et|Xt>, where Et is the
three-year rolling-window mean of observed credit growth.

(ii) the probability of future credit growth one standard deviation above its
present value R
Pstd,t+h = P(Y;g_|_h > @t‘Xt) =1 _‘FYt+h|Xt(@t|Xt)’ where @t is
the observed credit growth plus one standard deviation of its historical
quarterly increases.

Conditional expected values:
We compute the expected value of future credit growth given: (i) a future
credit growth above the mean and (ii) a future credit growth one standard
deviation above its present value.

3.2.1. Credit-at-risk (CaR)

The CaR metric for NFC follows:
_——_90 . R
NFCyyp, = a%" + 301 ICT, + BYp SR, (6)
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where mfih“ identifies the estimated 90" percentile of the conditional
distribution of future NFC credit growth, projected for ¢t + h using information up
to t. This measure is informative of the risk of extreme (positive) realizations of
credit growth in the future, and inherently of the materialization of risks itself.
The early warning properties of this measure make it potentially useful from a
macroprudential policymaker perspective, given that the overgrowth of credit may
lead to deep busts and negative spillovers to the real economy. For this reason,
the focus is on the results obtained from the pseudo real-time approach although
we also show the results obtained from the in-sample approach with the goal of
comparing the results and assessing how the model performs once it uses all the
information available.

Panels A and B of Figure B show the comparison between the NFC credit
growth observed at time ¢ with the CaR estimated following both in-sample and
pseudo real-time approaches for h = 4 and h = 12. In both approaches, CaR at
time t is computed using observed values of the explanatory variables at ¢ (see
equation B). For example, CaR; 4, at 2009Q4 is the projection made for 2010Q4
using information up to 2009Q4. In order words, it is the projection for 2010Q4
that a policymaker would make in 2009Q4.

(A) CaR (h =4) (B) CaR (h = 12)
[T T 7 T 17 T 1T T T T
[ [
oD 80
© (0]
) +
c c
[ [9]
O O
5 I
(o (]
o [a
[T
20
[0} [0}
) )
[0} [0}
- -
c c
[ [
I I
o O 9]
o o
| | | [ ¥ IR S B
0O 0DO =N M IO 0RO
COCO OO A"t A~~~ m—~m™—m=—Qa
SO0 0000000000000
NNAANAAIANAANAIAANAA
I Constant [l I1C| I SRI CaRfj_‘;ZTfo Economic recessions

Note: Dates for the economic recessions as defined by Rua (2017)

Figure 6: Credit-at-risk and Credit-at-risk decomposition for NFC credit growth
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In-sample and pseudo real-time exercises provide similar results for the two
projection horizons. Then, even with a relatively small sample, we can argue that
the model “learns” relatively well from past events. With this model we aim to
predict upside tail risks associated to NFC credit growth and link these risks to
both the GFC and the ESDC: a steep increase (from 0% in 2005 to 10% in 2008)
followed by a sharp decrease of growth rate that brings it to persistently negative
values between the end of 2011 and 2018. Ahead of the GFC, the CaR estimated for
both h =4 and h = 12 increases, signalling a rise in upside tail risks in credit growth
that could have justified macroprudential policy action if it was available at the
time. The measures start to diverge one year before the peak of the credit boom in
2008: CaR for h = 4 seems to perform better than CaR for h = 12 in predicting the
imminent decrease in credit growth, showing a more steady and regular increase.
From the policymaker's point of view, the sharp decline in CaR observed between
2008 and 2009 (at both horizons) signals the materialization of risk. CaR for h =4
captures the mild increase in credit observed in 2011 and then anticipates the
upward trend that will only start to materialise in 2015. CaR for h = 12 signals
in 2009 a sharp drop in credit reaching negative regions, meaning that the most
optimistic future expectations about the realizations of credit growth for 2012 are
predicted to be below zero. This result is consistent with the observed credit growth
series, which takes negative values from mid 2011 onwards. The CaR measure for
h = 12 also captures the credit growth recovery starting in 2015, although the
magnitude of such increase seems to be overestimated. We argue that the high
levels and volatility of credit observed before the early 2000s are responsible for
such an increase in risk: in the periods of negative and relatively stable credit growth
values (2012-2018), the model points to a return to fluctuations comparable to the
past. We confirmed this hypothesis considering a shorter dataset (1999-2020) and
conclude that, although still present, the increase in risk after 2013 has a smaller
magnitude than the one observed for the full sample.”2 The CaR measure for both
horizons predicts a drop in credit growth at the end of the sample, signalling a
decreasing likelihood to observe high NFC credit in the future. The sharp decline in
confidence observed in 2020, due to the COVID-19 pandemic, makes the fall more
pronounced.

Panels C and D of Figure B display the drivers of CaR estimates in the pseudo
real-time exercise over our sample. For h = 4, the contribution of the constant
is very high and very stable over time.Z While SRI is the main driver of the
increase in CaR before the GFC, IC'I is mainly responsible for the sharp decreases
in 2009 and mid 2011. After 2012, the SRI contribution is negative: the decrease
in cyclical systemic risk in the aftermath of the GFC — materialization of risk —

22. The results are provided in the Appendix, Figure 2.

23. Given the stable contribution of the constant over time, we argue that its magnitude is not
a source of concern in the analysis: it simply shifts the measure up to match the targeted (high)
percentile. The use of relatively conservative models — including only two explanatory variables to
account for the limited number of observations — can also explain the contribution of the constant.
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decreases the upside tail risks of credit growth peaking in 2016, and then gradually
starts losing power. At the end of the sample, the ICT drives the decline in CaR,
signalling negative expectations about the future economic outlook. The decline is
further exacerbated in 2020, as the expectations are influenced by the COVID-19
pandemic. For h = 12 we observe again a stable contribution of the constant over
time. The contribution of /C'I does not change with respect to the h = 4 exercise,
while the contribution of SRI is reversed: it is negative before the GFC, then co-
moves with the IC'I, exacerbating the 2009 drop, displays a positive contribution
from 2012 to 2020Q1, and finally contributes negatively in the last quarter of the
sample. This result is in line with the marginal effect analysis presented in subsection
B0, where we show that the positive effect of SRI on extreme (positive) credit
growth realizations wears off as we increase the projection horizon, signalling the
risk materialization that follows the build-ups.
The CaR metric for HHs follows:

—— 90 ~ ~
HH,, = &™" 4+ L CCL + By SRI, (7)

where ﬁ[fﬂh‘t identifies the estimated 90'" percentile of the conditional
distribution of future HH credit growth, projected for ¢ 4+ h using information
up to t. Panels A and B of Figure @ show the HH credit growth observed over
our sample period jointly with the CaR estimates for the in-sample and pseudo
real-time exercises for h = 4 and h = 12, respectively. The in-sample and pseudo
real-time CaR estimates are very similar for h = 4 and tail risks to credit growth
have significantly fluctuated over the sample period. In the quarters previous to
the GFC, CaR was increasing. The policymaker could have at the time interpreted
this dynamic as a sign of an imminent boom-bust credit event and reflected upon
the need to implement preemptive measures, upon availability. However, it must
be observed that one year may not be enough to fully implement macroprudential
policy measures to mitigate the impact of a financial crisis and its spillover effects
on economic activity. The CaR metric for b = 4 also signalled increasing tail risks in
mid 2009. Despite the substantial differences between the ESDC and the GFC, the
model is able to anticipate the build-up in risk that precedes the ESDC. For h = 12,
the pseudo real-time estimates are very different from the in-sample estimates, at
least until 2014. This implies that for the period 2005-2013 the pseudo-real time
early warning properties of the CaR regarding increases in upside tail risk in credit
growth were very limited. In fact, the indicator remains stable throughout this
period. After the two crises, the CaR starts to increase signalling the accumulation
of upside tail risks for HH credit growth, which seem to recede or at least stabilise
after the introduction of limits on LTV and DSTI ratios and maturity for credit to
HHs. Even if the model does not explicitly account for such policy measures, SRI
might be indirectly capturing their effect. As for NFC credit, considering a shorter
estimation sample also reduces the magnitude of the increase in risk detected after
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Figure 7: Credit-at-risk and Credit-at-risk decomposition for HH credit growth

20137 while the deep decline at the end of the sample is driven by the marginal
contribution of the confidence indicator.

Panels C and D of Figure [@ display the drivers of CaR estimates in the pseudo
real-time exercise over our sample. As for NFC credit, the contribution of the
constant for tail risks to credit growth is positive, very high and stable over time
for h = 4 and h = 12. Prior to the GFC and apart from the contribution of the
constant, the upside tail risk to credit growth was mostly driven by a negative
contribution of the consumer confidence indicator and to a lesser extent by the
systemic risk indicator. In the aftermath of the ESDC, tail risks to credit growth
rapidly increase partially due to the positive contribution of the SRI and to a
less negative contribution of consumer expectations. This result is not at odds
with the observed recovery in HH credit growth, which remained at extremely
low rates. The contribution of C'CI reduces as we move from a one-year to a
three-years projection horizon, reflecting the greater relevance of this indicator at

24. The results are provided in the Appendix, Figure 2
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shorter projection horizons as argued above. The opposite happens for SRI, with
its contribution slightly increasing when we consider a longer projection horizon.

3.2.2. Complementary risk measures
Non-financial corporations

Figure B presents the results for three of the complementary risk measures
introduced above, considering both in-sample and pseudo real-time exercises for
h =4. In particular, it shows the two distances between percentiles and the expected
longrise.” The goal of the upper tail to median and upper to lower tail distances
is to signal changes in the distance between relevant points of the distribution of
future credit growth. An increase in these distances indicates not only an increase
in the uncertainty surrounding future credit growth but also an increase in the
likelihood of extreme realizations of credit growth. Under the pseudo real-time
approach, the upper tail to median distance (panel A) increases between 2007
and 2009, meaning that the extreme (high) prediction scenarios regarding credit
growth for h = 4 are increasing more than the most likely ones. As the increase
occurs near to the onset of the GFC, this information is not very useful from a
policymaker perspective since the measure is predicting the build-up of risks in
an horizon that precludes the possibility of implementing macroprudential policies.
After the ESDC, the upper tail to median distance exhibits an increase which
signals higher uncertainty surrounding the recovery of credit growth. The upper to
lower tail distance (panel B) is a smoother version of the CaR measure. Although
the measure adds little information compared to CaR, this result identifies the
upper tail dynamics as the main responsible of the uncertainty regarding future
credit growth. The similarity between these measures and CaR suggests that the
median and the lower tail are more stable across time than the upper tail. Given
this evidence, these measures can complement CaR by identifying the sources of
uncertainty and confirming whether it is the 90" percentile that drives changes in
the distances between points in the distribution. The upper to lower tail distance
seems to perform better than the upper tail to median distance: the measure peaks
in 2007Q1, meaning that is predicting the highest uncertainty surrounding the
credit growth to happen in 2008Q1, which is consistent with the fall observed
in the data during the GFC. This measure also properly anticipates the slight
increase, the subsequent collapse and the timid recovery happening between 2010
and 2013. The two distance measures show a sharp increase after 2013 and a
decrease starting in 2018, but becoming prominent only in 2020. As already flagged
when discussing CaR measures, the increase is driven by the substantial change in
credit development occurring in the early 2000s: the high levels and volatility of

25. The results for h = 12 are provided in the Appendix for both NFCs and HHs (Figures 3 to
[H). Nonetheless, the results obtained for the longer horizon do not add useful information for the
discussion on the results analysis.
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Figure 8: Difference between percentiles of the distribution and expected longrise for h = 4

credit growth before the early 2000s induce the model to predict in 2013 a return
to values comparable to the past. The subsequent decrease is due to the negative
marginal contribution of the confidence indicator. In particular, the pessimistic
economic expectations of 2020 in response to the COVID-19 pandemic outbreak
are responsible for the deep decline at the end of the sample. Overall, the changes
in distances are far less responsive in the in-sample exercise than in the pseudo real-
time exercise: both measures are in fact almost flat across time. Given these results
we may conclude that the in-sample approach mainly captures the distribution’s
shifts, being less responsive to changes in the right tail's “weight” with respect to
the other points of the distribution.

The expected longrise (panel C of Figure B) is the average credit growth rate
that would be observed conditional on the occurrence of a tail event, that in our
case is chosen to be the 90" percentile. This measure complements the CaR metric
in the sense that is comprises information about all the extreme possible outcomes
of credit growth weighted by their respective probability instead of relying solely
on the value of the 90" percentile. Even if the dynamics is quite similar to the
one obtained for the CaR, it allows to identify more clearly the falls in upside tail
risk and a similar and consistent upward trend before the two credit contractions,
which makes this measure a potentially useful tool for policymakers. The measure
shows the same characteristics as the previous ones at the end of the sample, with
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the marginal contribution of the confidence indicator driving the effect. The results
are almost indifferent to changes in the sampling approach.

Figure @ displays the different probabilities measures and the respective
conditional expected values for h = 4 and for the in-sample and pseudo real-
time exercises. In panel Al of Figure B, we compute the probability of observing
a credit growth rate for NFCs above its historic three-year mean. It is noteworthy
that the results for this probability are highly conditional on the last observations
of the credit growth and the information that it provides can be seen as a recovery
(deterioration) of credit growth perspectives whenever the probability approaches
one (zero). Before 2008, the probability rapidly increases from near 50% to around
90%, before it sharply drops to lower values in 2009. At the end of the sample, the
probability approaches 1: due to the peculiar change in levels and volatility of credit
that we highlighted above, the measure points to a fast recovery of credit growth.
The associated conditional expected value and CaR share the same dynamics, but
the former seems to show a overall steeper downward trend. This measure seems to
behave better than CaR after 2014: it shows contained and stable values that are
more consistent with the observed credit growth series. The series is flatter when
computed for the in-sample exercise (panel A2 of Figure @).
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Figure 9: Probabilities and associated conditional expected values for h = 4
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To stress the importance of acceleration/deceleration in credit growth at
detecting credit booms and busts, we compute the probability of observing future
credit growth one standard deviation above its present value. We take as an example
the exercise for the h = 4 horizon to illustrate our approach. In such a case, the
value for 2008Q1 reflects the probability of observing in 2009Q1 credit growth
above its 2008Q1 value plus its standard deviation computed with information until
the previous year (2008Q1). In panel B1 of Figure B, we note how the probability
stays relatively high and stable until the GFC, signalling the strong acceleration
in credit growth observed between 2005 and 2008. After 2009, it identifies a
possible acceleration and recovery of the credit growth that does not materialize
and vanishes after 2011, in the middle of the ESDC. After 2014 the increase of
the probability is compatible with the recovery environment, although the model
is again overreacting, probably due to the change in the evolution of credit that
occurred in the early 2000s. From 2019 on, it starts falling, in a magnitude similar
to the one observed during the ESDC, indicating a possible deceleration is the
near future. This fall is sharpened in 2020 by the effect of the economic confidence
indicator, which encompasses information regarding the negative perspective on the
economic effects of the COVID-19 pandemic. The probability measures computed
for the in-sample and the pseudo real-time exercises diverge once again between
2012 and 2017. The associated conditional expected value (panel B2 of Figure )
does not improve the results we observe from CaR, even if we obtain a smoother
indicator especially between 2009 and 2011. The differences between the in-sample
and the pseudo real-time exercises are almost insignificant.

Overall, in-sample and pseudo real-time exercises share the same behavior.
Nonetheless, the fall in the probabilities during the crises is more persistent in
the in-sample exercise, and the estimated recovery is postponed to 2015. These
differences have no material impact on the conclusion concerning the conditional
expected values.

Households

Figures M and [ show the results for the complementary risk measures over
time, considering both in-sample and pseudo real-time exercises for the HHs case.

The upper tail to median distance, considering the pseudo real-time exercise,
adds little useful information with respect to CaR: the measure barely matches
credit growth fluctuations and shows a upward trend across the whole sample,
signalling that the upper tail is constantly moving away from the median (Panel
A). The measure strongly diverges from its in-sample version, especially from 2013
to 2019. The upper to lower tail distance displays a downward trend since 2006,
providing an overly pessimistic forecast of the materialization of risk (Panel B).
Such trend persists until 2009, thus predicting a concentration of the credit growth
distribution over this time span. Along with the results for the upper tail to median
distance, we may conclude that during this period the distribution becomes more
biased to the left with an increase in the likelihood of the lower realizations of credit
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growth.”® Considering the credit growth observed before 2009, one may argue that

these results expose the risks of unsustainable credit growth, as we observe higher
uncertainty around above-median future realizations of credit growth compared to
the uncertainty around below-median ones. From the beginning of the GFC to the
end of the ESDC, the measure is a smoother version of CaR, but a clear anticipation
of the second credit growth peak in 2010 is missing. After 2014, the measure is
again very similar to CaR and does not provide any useful additional information.
The upper to lower tail distance in the pseudo real-time exercise diverges from its
in-sample version until the end of the ESDC but almost matches it from 2013 on
(Panel B).

The expected longrise dynamics provides some anticipation about future credit
growth behavior until the onset of the ESDC, and can usefully complement the
CaR measure, but after 2010 this measure adds little information regarding future
credit growth. This result is not affected by changes in the sampling approach.

The sharp increase observed after the crises for the measures described so far
are caused again by the magnitude of the oscillations prior to the early 2000s. These
results are influenced by the fact that the model expects credit growth to go back
to its past dynamics. The drop observed at the end of the sample is sharpened by
the negative expectations for 2020 related to the COVID-19 pandemic which are
captured by the confidence indicator.

The probability of credit growth exceeding the three-year mean has a behavior
similar to the CaR, providing a good anticipation of the boom-bust cycles happening
between 2005 and 2013 (panel Al of Figure M). Namely, starting from a high
probability that gets closer to 1 in 2007Q1 it falls in the following quarters
reaching a very low probability (near but different from zero) in 2008Q1, when
the observed credit growth was still 8.9%, signalling one-year in advance the
trough of the credit growth. Later on, in 2009Q1, the probability reaches zero
despite one year later the credit growth reaches his peak. This is mainly due to
the high credit growth observed between 2006Q1 and 2009Q1 (Whose mean is
used for the probability computation) and the low economic expectations during
the crisis. During the ESDC a similar behavior is observed, with the probability
falling during the economic recession period (reaching the lowest probability in
2011Q3) anticipating the trough despite it only happens one year and a half
later. From policymakers' point of view, the results — indicating a sharp fall in
the probability of observing credit growth above the three-year mean — would have
signaled the increasing likelihood of credit build-up materialization for the following
year. Nevertheless, one year in advance can be short to fully implement preemptive
measures to preserve financial stability and mitigate the contagious effects between
the financial system and the real economy. The in-sample and pseudo real-time
approaches share similar evolution over time. The associated conditional expected

26. If the median to upper tail increases and the lower to upper tail does not, the distribution is
more concentrated around the lowest realizations: one half of the probability is concentrated in a
smaller interval at the left-hand side of the distribution.
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Figure 10: Difference between percentiles of the distribution and expected longrise for h = 4

value shows smoother oscillations with respect to CaR (panel A2 of Figure [).
Considering the in-sample or the pseudo real-time exercise does not substantially
change the results.

The probability of credit growth exceeding the relative standard deviation of
credit growth exhibits a close behavior to the one observed for the probability in
panel Al, with strong reductions in the beginning of the economic recession periods.
This result indicates a tendency of a deceleration with some delay. The same is true
for the periods with stronger acceleration. Overall, it does not accurately predict
the acceleration/deceleration behavior of credit growth, although it sheds some
lights before the GFC with the downward trend in the probability and a strong
fall in 2008Q1. After 2008, the evolution of the measure over time is not different
from those described above (panel B1 of Figure ), and the same applies to the
associated conditional expected value (panel B2 of Figure ). All the probability
measures and relative conditional expected values show a sharp increase in 2013
and a decrease at the end of the sample. As we discussed above, these results
are deeply influenced by the change in credit development that happened after
the early 2000s and by the effects of the COVID-19 pandemic on the economic
outlook. Nonetheless, the most recent developments in the probability of of future
credit growth one standard deviation above its present value (panel B1) might
reveal the slowdown in credit growth recovery and indicate its stabilization around
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Figure 11: Probabilities and associated conditional expected values for h = 4

more contained values. The stabilization of credit growth is also followed by a
convergence of the conditional expected value (panel B2) to lower values, entailing
lower tail risks. As for the difference between in-sample and pseudo real-time
exercise is concerned, we observe the series mainly diverging after 2013, in line
with the previously analysed measures.

4. Conclusions

In this paper, we aim to quantify the effect of financial and economic indicators on
non-financial corporations and households’ credit growth for Portugal following the
Growth-at-risk methodology. In particular, we refer to the right tail of the future
credit growth distribution: credit build-ups can undermine financial stability, as they
are often followed by deep falls that have deleterious spillovers on economic activity.
A set of measures of the upside tail risk in credit growth are put forward with the
aim of providing policymakers with information to better anticipate credit build-
ups: CaR, distances between percentiles of the credit growth distribution, expected
longrise, probability to observe future credit growth above its mean, probability to
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observe future credit growth one standard deviation above its present value and
associated conditional expected values.

Rising financial vulnerabilities and industrial sector confidence regarding present
and future overall business conditions increase the upper tail risk of non-financial
corporations’ credit growth in the short term. At the medium to long term, they
have opposite effects on future credit growth tail risk and an increase in one
standard deviation nearly cancel each other. The confidence indicator has a positive
contribution for the upper tail risk. The estimated CaR measure signals the credit
growth rise before the GFC, detects the increase in credit growth observed in
2011 and then signals the upward trend in credit growth that will only occur in
2015. Before the GFC, the joint analysis of the measures concerning the distances
between percentiles of the distribution allows us to identify the upper tail evolution
as responsible for the uncertainty about future credit growth. The expected longrise,
adding extra details about the upper tail behavior, gives us information consistent
with the CaR measure. The probability measures show high values before the
GFC and signal credit busts with swift decreases during recessions. The upward
trajectory before the GFC of the expected values associated to the probability
measures confirms the results observed for the other measures. The 2013-2018
results suffer from the structural change in credit growth dynamics that occurred
in the early 2000s. The predominant role of the confidence indicator is responsible
for the decline in tail risk at the end of the sample, especially in 2020 when the
COVID-19 pandemic has downgraded economic expectations.

As for the households, an increase in financial vulnerabilities and in consumers’
confidence have opposite effects on the upper tail risk of credit growth, both at
the short term and medium to long term. The estimated CaR detects increases
in upper tail risks before the GFC and the ESDC, signals the two sharp credit
growth drops observed during recessions and the recovery trend of credit growth
after 2014. Before 2009, the results from the measures concerning the distances
between percentiles of the distribution signal higher uncertainty regarding above-
median (central scenario) realizations of credit growth, when compared to the one
regarding below-median realizations. This result is due to the fact that the mass
of the conditional distribution is concentrated on the left side while the upper tail
becomes “heavier”. The expected longrise, taking into account the entire upper
tail behavior, confirms the results we observed for CaR. The probability measures
are coherent with non-financial corporations’ results, showing high levels before the
recessions. The expected values associated to the probability measures strengthen
the results of the previous measures signalling build-ups of tail risk before the
GFC and the ESDC. As for non-financial corporations, the results for households
between 2013 and 2018 are influenced by the structural change in the evolution
of credit growth occurred in the early 2000s. The marginal contribution of the
confidence indicator - which points to a deterioration in the economic outlook,
especially in 2020, following the COVID-19 pandemic - leads the results at the end
of the sample.
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Appendix
Alternative sample length (1999Q1 to 2020Q2)
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Figure 12: Credit-at-risk for the full sample (Baseline) and a shorter sample starting in the
first quarter of 1999 (Shorter sample)
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Complementary measures: results for h = 12
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Figure 13: Difference between percentiles of the distribution and expected longrise for h = 12
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Households

(B) Upper to lower tail distance

(A) Upper tail to median distance

a8ejuadiag

a8ejuadiay

a8ejuadiad

N —~H O

~
’
-

_
“

[— Lt
, |
o o o
[a] —
a8ejuadiagd

0c0¢
610¢
810¢
L10T
910¢
G10C
Y102
€10¢
¢10e
TT0C
0T0C
600¢
800¢
002
900¢
S00¢

020T
610C
810¢
LT10¢
910¢
g10C
Y102
€10¢
¢10T
1T0¢
0T10¢
600¢
800T
L00T
900T
00T

(c) ELR

LHS)

(

Pseudo real-time (RHS)
- - - In-sample (RHS)

HH credit growth
Economic recessions

a8ejusdiag

o O
< N

n 60
0

=

I
I
=

7284

S
=Y.

LS
\(’
- -

~

’

Op=-=-=-=

|
S0
—

a8ejusdisd

-5

020¢
6102
810¢
L10C
910¢
G10C
¥10¢
€10C
¢10G
T10¢
010C
600C
800¢
L00c
900¢
G002

7).

Figure 15: Difference between percentiles of the distribution and expected longrise for h = 12
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the probability reaches zero and the associated expected value cannot be calculated.

Figure 16: Probabilities and associated conditional expected values for h = 12
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