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Abstract

The purpose of this study is to investigate whether macroprudential policies have
been effective to deal with booms in bank and household credit. Most of the previ-
ous empirical literature with cross-country data assess the effectiveness of macro-
prudential policies in curbing credit growth. However, in this study estimations are
conducted with a binary dependent variable capturing credit booms. The reason
for why credit boom is the appropriate choice of dependent variable in this study
is threefold: (i) macroprudential policies are likely to be more effective during the
more intense boom phase of the financial cycle, (ii) the problem of reverse causa-
tion that can occur if macroprudential policies are tightened during the peak of the
credit boom (or during the bust phase) can to a large extent be avoided and (iii)
it is possible to investigate specifically those episodes with high credit growth that
are followed by banking crises. The results show that an aggregate index includ-
ing five different macroprudential policy instruments is negatively and significantly
associated with domestic bank credit booms. Moreover, macroprudential policies
are also found to be effective to reduce the likelihood of booms in household credit.
In addition, this study shows that macroprudential policies are effective to address
specifically those credit booms that are followed by systemic banking crises. Finally,
the results also suggest that a tighter macroprudential policy stance is negatively

and significantly associated with the level of systemic risk for banks.
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1 Introduction

Credit booms have been found to be one of the most robust predictors of financial crises
in both advanced and developing countries. Schularick and Taylor (2012) show in a
study covering 14 countries between 1870-2008 that credit booms have been a leading
determinant of financial crises. Furthermore, Gourinchas and Obstfeld (2012) find that
domestic credit expansion and real currency appreciation have been the most significant
and robust precursors of financial crises in both advanced and emerging countries between
1973 and 2010. In addition, Reinhart and Rogoff (2011) confirm that rapidly rising private
indebtedness is a key predictor of banking crises. Jorda, Schularick, and Taylor (2016)
show that financial stability risk originates in the private sector and not in the public
sector in advanced countries. Finally, Dell’Ariccia et al. (2016) find that around one-
third of the credit booms in their sample is followed by a banking crisis and two-thirds
of the booms are succeeded by a banking crisis or below-trend economic growth.

There are several theoretical arguments for how the combination of rapid credit growth
and financial frictions can lead to excessive risk-taking. First, managerial reputational
concerns could contribute to lower lending standards and higher credit cyclicality as
emphasized by Rajan (1994). Dell’Ariccia, Igan, and Laeven (2012b) provide empirical
evidence for that lending standards in the United States declined more in areas with
larger credit booms and house price increases before the subprime crisis. Moreover,
Ranciere, Tornell and Westermann (2008) argue that excessive risk-taking by financial
institutions is more likely with expectations of public bailouts. In addition, banks are
likely to take more risks or correlated risk during the upturn of the financial cycle due
to externalities from strategic complementarities such as cycles in collateral values (De
Nicolo et al., 2012). To conclude, the presence of financial frictions during credit booms
leads to excessive risk-taking which emphasizes the relevance of the banking maxim “the
worst loans are made in the best of times (Dell’Ariccia et al. 2012a)”.

Furthermore, Dell’Ariccia et al. (2016) examine the characteristics of credit booms
followed by banking crises or a prolonged period of subpar growth. The authors find
that credit booms that are larger in size, last for a longer period, and start from a higher
level of credit-to-GDP ratio are more likely to end badly. Gorton and Ordonez (2016)
show that credit booms begin with an increase in productivity which falls much faster
during booms followed by crisis. Moreover, several studies such as Mian and Sufi (2014)
and Biyilikkarabacak and Valev (2010) find that household credit (and not corporate
credit) has been the driving factor of increased vulnerabilities to systemic banking crises.
In addition, normal recessions and those associated with banking crises are much more
severe and prolonged when preceded by a boom in mortgage credit (Jorda et al., 2016).
Finally, Richter et al. (2017) find that credit booms associated with house price booms
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systemic banking crisis.

The main options to deal with credit booms are monetary policy, fiscal policy, and
macroprudential instruments. Monetary policy can influence credit growth through sev-
eral different channels. A tightening of monetary policy increases the cost of borrowing
in all sectors of the economy which lowers the demand for credit. Moreover, a higher
interest rate also influences asset prices and collateral values which reduces the ability
to borrow (Bernanke and Gertler, 1995). In addition, the growth of leverage and bank
risk-taking are reduced by higher interest rates (Dell’Ariccia et al., 2016). However, the
effectiveness of monetary policy to mitigate rapid credit growth is limited by several fac-
tors. First, the most important limitation is the conflict of objectives between addressing
credit booms and to maintain the inflation target. The conflict of objectives is prob-
lematic since credit booms often occur during tranquil macroeconomic conditions as for
example in the United States before the subprime crisis. Second, if interest rates are
raised to reduce credit growth at a time when banks, firms and households already have
weak balance sheets, then the present debt burden would increase even further which
may cause financial instability. Third, the “impossible trinity” implies that countries
with fixed exchange rate regimes and open capital accounts do not have independent
monetary policy. A higher interest rate in countries with flexible exchange rate regimes
can potentially lead to large capital inflows that increase credit growth unless the inter-
vention is completely sterilized (Dell’Ariccia et al., 2016). Finally, a tighter monetary
policy stance may increase financial risks by contributing to a substitution away from
loans denominated in domestic currency to foreign currency loans (Ranciere et al., 2008).

The empirical evidence for that monetary policy is effective to address credit booms
is in general weak. Dell’Ariccia et al. (2016) find that the coefficient of monetary policy
tightening is unstable and rarely significant. This suggests that monetary policy is not
effective to reduce the occurrence of credit booms in general or those booms that are
followed by financial crises or subpar growth. However, endogeneity is a concern in the
estimations since policy makers may tighten monetary policy to reduce the likelihood of
credit booms which would underestimate the effectiveness of monetary policy. In addition,
Merrouche and Nier (2010) provide comprehensive evidence that higher monetary policy
rates did not mitigate the build-up of financial imbalances prior to the global financial
crisis in the 2000s.

Fiscal policy has both structural and cyclical elements that potentially could reduce
the likelihood of credit booms (Dell’Ariccia et al., 2016). Structural policies such as
removing mortgage interest tax deductibility could potentially reduce leverage in the
long-run. Moreover, conducting counter-cyclical fiscal policy is to some extent likely to
influence credit growth via its effect on economic growth. However, traditional fiscal
policy instruments are associated with substantial time lags which are problematic when

addressing credit booms that require a timely response. Dell’Ariccia et al. (2016) find



no empirical support for that the fiscal policy stance is effective to curb credit booms.
To sum up, the empirical evidence suggests that monetary and fiscal policies are not
effective to address credit booms. The reason for this is likely due to the fact that
these policies are relatively blunt instruments with potentially large negative effects on
economic performance.

Macroprudential policy instruments offer a more targeted approach to effectively ad-
dress credit booms compared to monetary and fiscal policy. The main objective of macro-
prudential policies according to Borio (2003) is “to limit the risk of episodes of financial
distress with significant losses in terms of the real output for the economy as a whole
(Borio, 2003, p. 2)”. The purpose of microprudential instruments, on the contrary, is to
limit financial distress at individual institutions irrespective of the effect on the overall
economy. Dell’Ariccia et al. (2016) conduct an empirical exercise and find promising re-
sults that macroprudential policies can reduce the occurrence of credit booms in general
and those followed by financial crises. However, one of the side effects of macroprudential
policies is circumvention that could potentially increase systemic risk by shifting credit
supply away from the banking sector to non-bank financial institutions. Moreover, Buch
and Goldberg (2017) argue that the effects of macroprudential policies can spill over bor-
ders via international bank lending. The authors find empirical evidence suggesting that
the effects of prudential policies on credit growth spill over to other countries but that
these effects on average have not been large.

Furthermore, Dell’Ariccia et al. (2016) mention that their study only includes aggre-
gate bank credit due to data limitations. However, the suitable choice of macroprudential
policies to curb credit booms is most likely dependent on the type of credit. Finally,
the authors emphasize that further research is needed to investigate the effectiveness of
macroprudential policies to deal with booms that differ in the type of credit.

The main purpose of this study is to systematically investigate whether macropru-
dential policies are effective to address booms in bank and household credit. To directly
examine whether macroprudential policies are associated with a lower likelihood of finan-
cial crises is not feasible due to the low frequency of crises. In addition, it is important to
examine whether the macroprudential instruments are effective to reduce the probability
of credit booms associated with systemic banking crises.

De Nicélo et al. (2012) state that “the purpose of macroprudential regulation is to
focus on the financial system as a whole, with the ultimate objective of limiting systemic
risk (De Nicolo et al., 2012, p. 4)”. Consequently, it is essential to not only investigate
whether macroprudential regulation is effective to deal with excessive credit growth which
is an intermediate goal, but to focus on the ultimate target systemic risk. An ancillary aim
of this study is to investigate the impact of macroprudential policies on banks’ systemic
risk.

The paper is organized as follows. Chapter 2 review the empirical literature on macro-



prudential policies. Moreover, chapter 3 describes the data, the empirical approach and
the method used to identify credit booms. Descriptive statistics for aggregate macropru-
dential indexes and individual instruments are provided in chapter 4. The main results
are presented in chapter 5 and robustness tests are reported in chapter 6. Chapter 7 dis-
cusses whether macroprudential policies also could address banks’ systemic risk. Finally,

chapter 8 summarizes the main findings in the paper.

2 Literature review

Bianchi (2011) provide a theoretical framework showing that households fail to internalize
the systemic feed-back effects between borrowing decisions, the real exchange rate, and
financial constraints. By reducing the amount of debt ex-ante a downward spiral in
borrowing capacity can be avoided. The author concludes that correcting the externality
reduces the long-run probability of financial crises more than ten times and that there is
much to gain from macroprudential regulation.

Cerutti, Claessens and Laeven (2017a) compile a dataset on the implementation of 12
macroprudential policy instruments for 119 countries over the years 2000-2013. A binary
variable is used to capture whether a macroprudential instrument is implemented in a
certain year. By means of GMM regressions, they find that aggregate and individual
indexes for macroprudential instruments are generally associated with a reduction in the
growth rate of credit. Moreover, macroprudential instruments seem to be less effective
in developed or open countries. In addition, the results suggest that the effectiveness of
macroprudential policies is higher during the boom phase of the credit cycle. Finally, the
authors emphasize the importance of investigating the effectiveness of macroprudential
policies to reduce the probability of financial crises and systemic risk (Cerutti et al.,
2017a).

Furthermore, Bruno, Shim and Shin (2017) examine the effectiveness of macropru-
dential policies and capital low management tools in 12 Asia-Pacific countries during
the period 2004-2013. Contrary to the study by Cerutti et al. (2017a) the authors use a
quarterly dataset with cumulative indexes measuring the sum of tightening and loosening
actions. The results suggest that macroprudential policies are introduced when monetary
policy is tightened and that macroprudential instruments are more effective when they
complement monetary policy. One venue for future research suggested by the authors is
to examine the direct and spillover effects of macroprudential policies on different types
of credit.

Akinci and Olmstead-Rumsey (2018) construct a database with macroprudential in-
struments in 57 advanced and emerging countries between 2000 and 2013. A cumulative
index with the sum of tightenings net of easings is employed to assess the effectiveness

of macroprudential instruments similar to the study by Bruno et al. (2017). The study
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shows that macroprudential instruments have been employed more frequently in both
advanced and developing countries after the global financial crisis. Moreover, the au-
thors find that a tightening of macroprudential policies is associated with a lower growth
rate in both domestic bank credit as well as household credit. In addition, they find
that targeted policies such as loan-to-value caps seem to be more effective particularly in
countries with bank-based financial systems.

Fendoglu (2017) examine the effectiveness of macroprudential instruments for mitigat-
ing excessive cycles in credit for 18 major emerging market economies between 2000-2013.
The dependent variable is the credit-to-GDP gap where the credit measure includes do-
mestic bank credit as well as credit from non-bank institutions and cross-border credit.
In addition, a credit boom constructed with the method by Dell’Ariccia et al. (2016)
is also used as the dependent variable. The results suggest that borrower-targeted and
domestic reserve requirements are effective to smooth the credit cycle. However, weak
results were found for macroprudential policies related to financial institutions and FX-
related measures. Finally, none of the macroprudential policy instruments in this study
is significantly associated with the probability of credit booms.

In addition, Dell’Ariccia et al. (2016) conduct an empirical exercise to examine
whether macroprudential policies are effective to reduce the probability of credit booms.
They define a credit boom if either of the following two conditions is fulfilled: (i) the de-
viation from trend is greater than 1.5 times its standard deviation and the annual growth
rate of the credit-to-GDP ratio exceed 10 percent, or (ii) the annual growth rate of the
credit-to-GDP ratio exceeds 20 percent. The aggregate macroprudential policy index is
computed as the sum of the number of implemented policies similar to the approach by
Cerutti et al. (2017a). Finally, the study shows that the aggregate index is negatively
and significantly associated with booms in domestic bank credit.

This study contrasts from the paper by Dell’Ariccia et al. (2016) in several different
ways. First of all, the authors only investigate if macroprudential policies are effective
to deal with booms in domestic bank credit. However, the authors explicitly state that
further analysis is needed to assess the effectiveness of macroprudential policies to address
booms in different types of credit. Consequently, the aim of this study is to examine if
macroprudential policies can address booms in domestic bank credit as well as household
credit. Importantly, several studies show that household credit is much more problematic
for financial stability compared to firm credit (see discussion in chapter 5.3). In addi-
tion, the measure for household credit employed in this study captures total credit to
households provided by both banks and other financial institutions. To conclude, it is
essential to investigate whether macroprudential policies are effective to address booms
in household credit.

Furthermore, the indicator for macroprudential policies employed by Dell’Ariccia et
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using dummy variables for macroprudential policies is that the indicator does not account
for the intensity (tightening and loosening) of the policies (Galati Moessner, 2016). In
addition, it is particularly problematic to employ binary indicators when assessing the
effectiveness of individual macroprudential policies to address credit booms due to the
low variability. However, the indicators used in this study measures the cumulative sum
of tightenings net of easings since the year 2000. Consequently, the indicators measure
the overall “macroprudential policy stance” and have higher variability. Moreover, the
indicators in this paper are measured with quarterly frequency compared to yearly fre-
quency in the study by Dell’Ariccia et al. (2016). Moessner and Galati (2016) emphasize
the importance of using data with higher frequency since it makes it easier to differentiate
the effect of macroprudential policies on credit booms from the impact of other policies.
To sum up, the indicators for macroprudential policies employed in this paper are more
precise since they measure to some extent the tightness of macroprudential policies at a
quarterly frequency.

Finally, the methodology to identify credit booms differ significantly between this
study and the paper by Dell’Ariccia et al. (2016). The authors use the ratio of credit
divided by GDP whereas in this paper credit is normalized by population. Chapter 3.3
discusses why a per capita normalization is preferred to a normalization by GDP. In
addition, this paper also includes several robustness checks such as splitting the data into
different country samples and time periods that further strengthens the reliability of the

results.

3 Empirical strategy

3.1 Data

The dataset encompasses quarterly data for 41 advanced and developing countries during
the period 1970Q1-2014Q4. The countries included in the analysis are listed in Table A17
in the appendix. Data to generate the binary dependent variable (credit boom) has been
collected from the BIS Total Credit Statistics database. Two different types of credit are
used in this study: domestic bank credit and household credit to the non-financial private
sector. The measure on credit to households include domestic bank credit, cross-border
credit, and credit from non-bank institutions.

Quarterly data on macroprudential policies for the period 2000Q1-2014Q4 has been
collected from the IBRN Prudential Instruments Database (Cerutti et al., 2017b). Follow-
ing the categorization of prudential policies in Cerutti et al. (2017a) the five macropru-
dential policy instruments are Loan-to-Value (LTV) caps, concentration limits, interbank
exposure limits, reserve requirements on local or foreign currency-denominated accounts.

A discrete index (indicator variable) is employed to capture changes in the macropru-



dential policy instruments that takes value 1 for a tightening and -1 for an easing of the
instrument. In addition, the reserve requirement instruments can take values higher or
lower than 1 or -1 which better captures the intensity of the changes in contrast to the
other macroprudential policy tools (Cerutti et al., 2017b).

Akinci and Olmstead-Rumsey (2018) argue that the ideal index would measure the
intensity of macroprudential policies such as using the actual percentage requirement
on loan-to-value caps. However, borrowers in different countries can face different LTV
caps depending on where the property is located or the price of the property which
makes it difficult to compare across countries. This problem is not isolated to LTV caps
but also applies for other macroprudential instruments. Consequently, indicator variables
measuring tightenings (+1) and easings (-1) of macroprudential instruments are employed
in this study as well as several other studies with cross-country data.

The main source of the Prudential Instruments Database is the Global Macropruden-
tial Policy Instruments (GMPI) survey and primary information from the IMF or IBRN.
This data has been complemented with secondary sources from IMF datasets compiled by
Lim et al. (2011) and other databases from Akinci and Olmstead-Rumsey (2018), Kut-
tner and Shim (2013), and Reinhardt and Sowerbutts (2015). In addition, the database
has been reviewed by staff from central banks participating in IBRN to ensure that the
dataset is accurate and complete (Cerutti et al., 2017b).

Loan-to-Value (LTV) Ratio Limits is the maximum amount households or firms can
borrow given the collateral. The index for LTV caps measures changes in limits that
affect real estate transactions but not changes in banks risk weights linked with LTV
ratios. This instrument affects the demand for credit independently of the type of lender.
Moreover, concentration limits constrain the fraction of assets held by a limited number
of borrowers. In addition, interbank exposure limits put a ceiling on the fraction of
liabilities held by the banking sector or individual banks (Cerutti et al. 2017a).

The concentration and interbank exposure limits can be altered by modifying five
different characteristics. First, the definition of large exposures “the sum of all exposure
values of a bank to a counterparty or to a group of connected counterparties|...] is equal
to or above 10 percent of the bank’s eligible capital base (Basel Committee on Banking
Supervision, 2014)” can be changed. Second, the level of the limit can be modified by
changing the definition of the exposures by a bank’s capital or in monetary terms. Third,
the weight of the exposures to counterparties as well as the duration of the claims can
be altered. Fourth, the threshold of aggregate concentration limits defined as the sum
of all large exposures for banks can be increased or reduced. Finally, the sectors and
assets covered by the policies can be modified by for example only include depository
institutions or to also include non-bank financial institutions (Cerutti et al., 2017b).

Reserve requirements (RR) are typically used to conduct monetary policy. However,
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cyclical macroprudential tools. The GMPI survey asks respondents whether this tool
has been used as a monetary policy instrument or a macroprudential policy tool which
makes it possible to distinguish when the tool is used as a macroprudential instrument.
Moreover, information on reserve requirements indicates whether deposit accounts are
denominated in domestic or foreign currency.

Following the approach in Akinci and Olmstead-Rumsey (2018) and Buch and Gold-
berg (2017) the individual macroprudential policy instruments are included in three ag-
gregate indexes. Aggregate macroprudential indexes are included in the empirical inves-
tigation since they measure to some extent the overall “macroprudential policy stance”
in a country. However, it is essential to also investigate the effectiveness of individual
instruments to deal with credit booms since aggregate indexes capture the change in any
regulation included in the index. The index MAPP is the sum of the cumulative indexes
for all five macroprudential policy instruments. Moreover, since reserve requirements are
almost exclusively used in developing countries an aggregate index MAPP_RR is con-
structed including both reserve requirements instruments. The borrower- and financial
institution-targeted instruments LTV caps, concentration limits and interbank exposure
limits are included in the aggregate index MAPP_B_FI. In addition, the measures for
reserves requirements have been restricted to only take values 1 or -1 for tightenings and
easings of the policies in each quarter in the aggregate indexes MAPP and MAPP_RR.

Several local and global control variables commonly used in the literature are included
to control for potential determinants of credit booms. An important global factor is the
VIX index (in logs) which is a proxy for the leverage of global banks (Bruno et al. 2017).
Moreover, local factors included are the real exchange rate (in logs), CPI inflation, the
change in the monetary policy rate and real GDP growth. In addition, to control for
country characteristics the level of development is proxied by GDP per capita and the
deepness of the financial market is measured by the ratio of credit to GDP. All variable
definitions and sources can be found in Tables A2 and A3, and summary statistics are
shown in Table Al.

3.2 Empirical specification

Logit regressions with credit booms as the dependent variable are estimated with White-
Huber robust standard errors clustered by country. In addition, Logit estimations with
country fixed effects and/or year fixed effects are also conducted to examine the robustness
of the results. However, credit booms did not occur in some countries or years which
substantially reduces the number of observations in Logit estimations with country or year
fixed effects. Consequently, Linear Probability Model (LPM) estimations with country
and/or year fixed effects are also conducted similarly to in the study by Schularick and
Taylor (2012). In addition, following the empirical approach in Alter et al. (2018) Firth



logit estimations are conducted as a robustness check. Finally, all independent variables
are lagged one period to mitigate issues of endogeneity following the approach in the
study by Cerutti et al. (2017a).

Cumulative indexes (the sum of tightenings net of easings since 2000) are employed
which gives an idea of a country’s “macroprudential policy stance”. The reason cumu-
lative indexes are used instead of quarterly changes is that it is difficult to know when
macroprudential policy instruments become binding constraints which depend on finan-
cial conditions (Akinci and Olmstead-Rumsey, 2018). In addition, cumulative macro-
prudential indexes have been employed also by Bergant et al. (2020) and Chari et al.
(2022).

One of the most important concerns is that macroprudential policies are implemented
just before or in the middle of a credit boom which leads to endogeneity bias. Conse-
quently, a positive relationship between credit booms and macroprudential policies should
be expected. Moreover, Cerutti et al. (2017a) emphasize the risk that macroprudential
policies are tightened exactly when the credit boom is peaking or when credit growth
slows down after the peak. If this was the case then any negative coefficient between
macroprudential policies and credit growth would be due to reverse causation (Cerutti
et al., 2017a). Moreover, Figures 1 and 2 show empirical evidence suggesting that many
macroprudential policies were tightened after 2009 when credit growth was significantly
lower. However, this problem can to some extent be mitigated by using credit booms
instead of credit growth as the dependent variable. In short, the issue of reverse causation
should be less problematic by identifying the specific time of the credit boom and using
macroprudential policy indexes lagged one or more quarters.

Furthermore, Akinci and Olmstead-Rumsey (2018) stress the fact that the macropru-
dential policy indexes are imperfect measures of the magnitude of the policy change and
it is also not possible to know whether the policy is binding. Both these issues create
attenuation bias that influences the significance of the coefficients. To conclude, due to
both endogeneity bias and attenuation bias in the estimations a negative and significant
coefficient for the macroprudential policy indexes should be considered a conservative
result and is a particularly encouraging finding.

Most of the empirical literature assessing the effectiveness of macroprudential instru-
ments use credit growth as the dependent variable. However, there are three reasons why
a credit boom is the appropriate choice of dependent variable in this study. First, the
literature shows that episodes of high or excessive credit growth increase the likelihood of
financial crises. However, these episodes are typically not captured by using the yearly or
quarterly growth rate of credit as the dependent variable. One important argument for
using credit booms as the dependent variable is that macroprudential policies are likely
to be (more) effective when credit growth is stronger. Consequently, GMM estimations
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growth is higher following the approach in Cerutti et al. (2017a). Four different dummy
variables are constructed taking value one for the following quarterly values: top 25%
(credit growth > 3.4%), top 50% (credit growth > 1.9%), bottom 50% (0% < credit
growth < 1.9%) and bottom 25% (0% < credit growth < 1%). Table 1 shows the results
for dynamic two-step GMM estimations with the real growth rate of domestic bank credit
as the dependent variable. All independent variables except the VIX index are treated
as endogenous as in the study by Akinci and Olmstead-Rumsey (2018).

The coefficient for the interaction term between the macroprudential index MAPP
(including all macroprudential instruments) and the dummy variable for the top 25 per-
cent of credit growth observations is found to be negative and highly significant shown
in columns 1 and 5 in Table 1. Moreover, the interaction term with the dummy variable
for the top 50% of credit growth observations is also found to be negative but only sig-
nificant at the 10% level (column 2). However, the coefficients for interaction terms with
the bottom 50% or 25% of credit growth observations are insignificant in all estimations
shown in columns 3, 4 and 5. In addition, Cerutti et al. (2017a) find some support for
that macroprudential policies are more effective during the more intense phase of the
financial cycle (top 10% of observations) and particularly so in advanced economies. In
short, the preliminary findings that macroprudential policies are (more) effective when
credit growth is stronger confirm the relevance of using credit booms as the dependent
variable.

Second, if countries implement macroprudential policies when the credit cycle is peak-
ing (or when credit growth is slowing down after a crisis), then any negative relationship
found between macroprudential policy and credit growth is a consequence of reverse
causality (Cerutti et al., 2017a). However, by identifying the specific time for credit
booms and using one or several lags for the macroprudential policy index the problem of
reverse causality can be significantly reduced.

Finally, a binary dependent variable that captures episodes with particularly high
credit growth makes it possible to investigate specifically those booms that precede sys-
temic banking crises (bad booms). This differentiation is important since it has been
found by Richter, Schularick and Wachtel (2017) as well as Gorton and Ordofiez (2016)
that bad booms are fundamentally different from credit booms that are not associated

with systemic banking crises (good booms).
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Table 1: GMM estimations with macroprudential policy index

Variables (1) (2) (3) (4) (5)
Real bank credit growth — 0.1813* 0.1769* 0.1121 0.1433 0.1970
(0.0933) (0.0947)  (0.1058)  (0.0920) (0.1512)
Real GDP growth 0.0012%* 0.0012%* 0.0013** 0.0012%* 0.0016%**
(0.0005) (0.0005)  (0.0005)  (0.0005) (0.0006)
Change CB policy rate 0.0003* 0.0003 0.0002 0.0003* -0.0025%*
(0.0002) (0.0002)  (0.0002)  (0.0002) (0.0012)
Log(VIX) -0.0006 -0.0006 -0.0004 -0.0003 0.0006
(0.0021) (0.0024)  (0.0022)  (0.0023) (0.0024)
MAPP 0.0010** 0.0016** 0.0012 0.0005 0.0008
(0.0004) (0.0008)  (0.0011)  (0.0005) (0.0007)
MAPP * Top 25% -0.0014*** -0.0016**
(0.0003) (0.0008)
MAPP * Top 50% -0.0018*
(0.0009)
MAPP * Bottom 50% -0.0017
(0.0027)
MAPP * Bottom 25% 0.0014 0.0003

(0.0026) (0.0031)

Observations 2123 2123 2123 2123 2123
Countries 40 40 40 40 40
Instruments 37 37 37 37 37
AR(1) 0.000 0.000 0.000 0.000 0.045
AR(2) 0.164 0.152 0.375 0.274 0.221
Hansen J-test 0.275 0.232 0.311 0.201 0.184

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1

Notes: Table showing dynamic two-step GMM estimations with the real growth rate of domestic
bank credit as the dependent variable. All regressors are treated as endogenous (including the
interaction term) except the VIX index which is treated as exogenous similar to in the paper
by Akinci and Olmstead-Rumsey (2018). The time period is 2000Q1-2014Q4. The MAPP
index includes all five macroprudential instruments (LTV_CAP, IBEX, CONCRAT, RR_D, and
RR_FX). The focus of this study is to assess the effectiveness of macroprudential policies during
the boom phase of the financial cycle. Consequently, the dummy variables top 25%, top 50%,
bottom 50% and bottom 25% only take value one for observations with positive credit growth.
The four different dummy variables takes value one for the following quarterly values: Top 25%
(credit growth > 3.4%), Top 50% (credit growth > 1.9%), Bottom 50% (0% < credit growth <
1.9%) and Bottom 25% (0% < credit growth < 1%). All independent variables except the VIX
index are lagged one quarter.
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3.3 Identification of credit booms

The dependent variable (credit boom) is a dummy variable identified using the method
by Mendoza and Terrones (2008). The variable takes value one when a boom occurs
which is when credit grows faster than during a typical cyclical expansion otherwise zero
(Calderén and Kubota, 2012). Moreover, credit booms are estimated for a country only
if 10 years of credit data without gaps are available.

Let f;; be the deviation from the long-run trend in (the log of) real credit per capita
in country (i) in year (t) and let o(f; ) be the country-specific standard deviation of this
cyclical component. A credit boom is identified when f; > wo(fi;) for one or several
quarters, where ¢ is the threshold factor (multiple of the standard deviation). Credit
booms are identified with thresholds 1.5, 1.75 and 2 standard deviations using a Hodrick-
Prescott (HP) filter with a smoothing parameter of 1600 which is standard for quarterly
data (Calderén and Kubota, 2012).

Caballero (2016) emphasize that a per capita normalization is preferred to a nor-
malization by GDP. If credit is normalized by GDP, then it is not possible to allow for
different trends in credit and GDP. This is problematic since Drehmann et al. (2012)
find that the financial cycle has a much lower frequency compared to the traditional
business cycle. In addition, if both credit and GDP are falling simultaneously but GDP
is decreasing faster than credit, then the credit to GDP ratio could incorrectly signal a
credit boom.

It is essential to investigate whether the method by Mendoza and Terrones (2008)
identifies credit booms that are supported by the data. Figure Al in the appendix
illustrates the average behavior of the real growth rate of domestic bank credit ten years
before and after a boom episode for the period 2000Q1-2014Q4. The illustration shows
that the real growth rate of credit increases continuously up to the beginning of the
credit boom (vertical line) and then drops to a growth rate of around zero. To conclude,
the descriptive evidence suggests that the method by Mendoza and Terrones (2008) is

suitable to identify credit boom episodes.

4 Descriptive statistics

The development of aggregate macroprudential indexes (averages) and the frequency of
credit booms during the period 2000Q1-2014Q4 is illustrated in Figure 1. Tightenings
and easings of macroprudential policies are recorded starting from 2000Q1. Consequently,
the macroprudential indexes (cumulative sum of tightenings net of easings) are expected
to be close to zero at the beginning of the period which is consistent with Figures 1 and
2. The aggregate index MAPP that includes all five macroprudential instruments (i.e.

LTV caps, concentration limits, interbank exposure limits and reserves requirements on
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accounts denominated in local or foreign currency) show a clear upward trend during the
period. Figure 1 shows that the index MAPP starts to increase more rapidly around 2007
which coincide with an increasing frequency of credit booms. The rise in MAPP at the
beginning of the global financial crisis is almost completely determined by an increase in
the aggregate index for reserve requirements (MAPP_RR).

Moreover, Figure 2 shows that the rise in MAPP is mainly caused by tightenings of
reserve requirements on deposits denominated in local currency. The aggregate index
with borrower- and financial institutions-targeted instruments (MAPP_B_FI) displays a
more stable upward trend until 2009. From around 2010 there is a considerably larger rise
in the index MAPP driven by an increase in both indexes MAPP RR and MAPP B FI.
However, the frequency of the number of credit booms is much lower from 2010 which
suggest that many macroprudential policies were tightened during a period when credit
growth was relatively low.

Table A4 shows that the aggregate index for borrower- and financial institution-
targeted policies (MAPP_B_FI) is correlated with the index for reserve requirement poli-
cies (MAPP_RR). Moreover, MAPP_RR is positively correlated with the central bank
policy rate. However, the index MAPP_B_FI is negatively correlated with the policy rate
and this is probably because policy rates have been kept low in advanced countries while
macroprudential policies have been tightened.

Figure 2 illustrates the development of the five individual macroprudential policy in-
struments between 2000Q1 and 2014Q4. First, the borrower-targeted instrument (Loan-
to-Value caps) shows a relatively stable upward trend until the end of 2009. However,
starting in 2009 until 2014 the average cumulative index for LTV caps triples from around
0.5 to 1.5. Conversely, both financial institution-targeted instruments (i.e. concentration
limits and interbank exposure limits) display a smoother upward trend for the entire
period.

Furthermore, the index for reserve requirements related to foreign currency shows
a relatively flat trend fluctuating around zero until 2010. Starting in 2010 the index
shows a steady upward trend until 2014. Finally, the index for reserve requirements on
accounts denominated in local currency is negative for almost the entire period which
implies that easings were more common than tightenings. However, the frequency (or
size) of the tightenings of the index was more pronounced during the periods 2006-2008
and 2010-2011.

Table A5 shows pairwise correlations between individual macroprudential policy in-
struments. Loan-to-Value caps (LTV_CAP) is positively correlated with all other in-
dividual policies. However, interbank exposure limits (IBEX) and concentration limits
(CONCRAT) are weakly negatively correlated. In addition, the reserve requirement poli-
cies (RR_D and RR_FX) are positively correlated.
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Figure 1: Macroprudential indexes and credit booms 2000Q1-2014Q4
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5 Results

5.1 Macroprudential policies and bank credit booms

Results for estimations with bank credit booms and the aggregate index MAPP including
all five macroprudential policies are shown in Table 2. The MAPP index has a negative
coefficient that is significant at least at the 5% level for all Logit estimations displayed
in columns 1-4. Moreover, the coefficient for MAPP is also negative and significant in
the LPM estimation with country and year fixed effects (column 5). Finally, the MAPP
index is also negative and significant in the Firth logit estimation shown in column 6.

The aggregate index MAPP_B_FI including LTV caps, concentration limits and in-
terbank exposure limits has a negative and significant coefficient in all Logit, and Firth
logit estimations (columns 1-3) shown in Table 3. Moreover, the index MAPP_RR in-
cluding reserve requirements on accounts denominated in foreign or domestic currency is
negative and significant at the 1% or 10% level for the Logit estimations (columns 4-5).
However, the index MAPP_RR is not significant in the Firth logit estimation (column
6). The results for the macroprudential sub-indexes suggests that both borrower- and
financial institution-targeted instruments (MAPP_B_FI), as well as reserve requirement
policies (MAPP_RR), are effective to deal with credit booms.

The number of bank credit boom observations is 61 in all estimations for the aggregate
indexes. However, the number of countries is 41 without country fixed effects but only 24
with fixed effects. The reason for the difference in the number of countries is that almost
half of the countries either did not experience a credit boom or lack data for at least one
control variable during the credit boom episode.

Furthermore, the coefficient for the MAPP index typically remains negative and sig-
nificant for lags up to 6 quarters which provide additional support for the robustness
of the results. Consequently, the aforementioned issue of reverse causality that negative
coefficients are due to a tightening of the macroprudential policy instruments at the peak
or after the peak of the credit boom is not likely to be the case.

The coefficient for the VIX index is found to be positive and highly significant in all
estimations. This is the opposite results to the findings by Bruno et al. (2017) and Akinci
and Olmstead-Rumsey (2018) who find a negative coefficient when using credit growth
as the dependent variable. However, the dependent variable in this study is credit booms
(not credit growth) which are often succeeded by financial crises. During the 2000s many
of the financial crises in advanced countries began almost at the same time as the crisis
in the United States which implies that a positive coefficient for the VIX index lagged
one quarter is not surprising. In addition, it is only the first lag of the VIX index that
is positive and significant while lags 2-5 are negative but not significant. Moreover, the

coefficient for the real exchange rate is positive and significant only in the estimations
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with country fixed effects. Finally, the level of bank credit to GDP is also positive and
significant with country fixed effects.

Results for borrower- and financial institution-targeted instruments are shown in Table
A6. The coefficients for Loan-to-Value caps (LTV_CAP) and interbank exposure limits
(IBEX) are negative but not significant in any of the estimations. The coefficient for
concentration limits (CONCRAT) is not significant in the Logit estimation. However,
the coefficient for CONCRAT is negative and significant at the 10% level in the Firth
logit estimation (column 6).

Finally, results for reserve requirement policies are shown in Table A7. Reserve re-
quirements on local currency denominated accounts (RR_D) are found to be negative and
significant at the 1% level for the Logit estimation with country fixed effects. However,
the coefficient is not significant for Logit estimation without country fixed effects and the
Firth logit estimation. Moreover, the coefficient for reserve requirements on foreign cur-
rency accounts (RR_FX) is negative in all estimations but only significant for the Logit

estimation with country fixed effects at the 5% level .

5.2 Credit booms and banking crises

Credit booms have so far been treated as identical and no difference has been made
between booms that are benign compared to those followed by systemic banking crises.
However, if the purpose of macroprudential policies is to mitigate financial instability,
then it is essential to examine whether these policies can be effective to deal with credit
booms followed by systemic banking crises.

Data on systemic banking crises has been collected from Laeven and Valencia (2013).
The authors define a banking crisis as an event that meets two conditions: “(1) Significant
signs of financial distress in the banking system (as indicated by significant bank runs,
losses in the banking system, and/or bank liquidations). (2) Significant banking policy
intervention measures in response to significant losses in the banking system (Laeven and
Valencia, 2013)”.

A credit boom is defined as “bad” if a systemic banking crisis occurs during the
credit boom or within three years after the end of the boom similar to the approach by
Dell’Ariccia et al. (2016) and Richter et al. (2017). If a credit boom episode coincides
with a banking crisis but begins after the first year of the crisis then these observations
are excluded from the estimations. All credit booms that are not “bad” according to this
criterion are defined as “good”. The total number of observations for good booms is 188
while the number of bad booms is 80 for the period 1970Q1-2014Q4.

Figures 3 and 4 illustrate the behavior of the average ratio of domestic bank credit to
GDP ten years before and after the first quarter of a credit boom episode. Good credit

booms are on average characterized by a continuous increase in the ratio of bank credit
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Table 2: Aggregate macroprudential policy index and bank credit booms

Variables Logit Logit Logit Logit LPM Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.464***%  1.526%** 2. 873%** 2. 850%**  (.091***  1.469***
(0.404) (0.407) (0.669) (0.798) (0.021) (0.384)
Real GDP growth 0.093* 0.254%** -0.050 0.020 0.001 0.090**
(0.050) (0.068) (0.067) (0.081) (0.002) (0.043)
Change CB policy rate  0.004 -0.001 0.008 0.004 0.000 0.005
(0.004) (0.016) (0.005) (0.018) (0.001) (0.012)
Inflation 0.145%* 0.094 0.048 -0.062 -0.003 0.172%*
(0.060) (0.158) (0.064) (0.150) (0.003) (0.072)
Log(real exchange rate) -1.04 7.592%* -0.140  6.287**  0.137H** -0.088
(0.131) (3.083) (0.135) (3.136) (0.052) (0.093)
Bank credit (% of GDP) -0.003 0.056%** -0.006  0.074%F*  0.002%** -0.003
(0.004) (0.017) (0.005) (0.024) (0.000) (0.004)
Log(GDP per capita) 0.670 7.789%** 0.345 3.016  0.124%%  0.660%**
(0.443) (2.239) (0.465) (2.064) (0.037) (0.234)
MAPP -0.229%*%  _0.489**F*  _(0.182**  -0.270**  -0.005**  -0.220**
(0.078) (0.129) (0.087) (0.130) (0.002) (0.089)
Country fixed effects NO YES NO YES YES NO
Year fixed effects NO NO YES YES YES NO
Observations 2171 1370 1284 1370 2171 2171
Credit booms 61 61 61 61 61 61
Countries 41 24 41 24 41 41
Prob > chi-sq 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

(LPM: F-test)

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1
Notes: Table showing Logit, Linear Probability Model (LPM) and Firth logit estimations with
a binary dependent variable for domestic bank credit booms. The Hodrick-Prescott (HP) filter
is used to identify credit booms and the threshold is 1.75 standard deviations. The MAPP
index includes all five macroprudential instruments (LTV_CAP, IBEX, CONCRAT, RR_D, and
RR_FX) and the time period is 2000Q1-2014Q4. Robust standard errors clustered by country
are reported for Logit and LPM estimations without country fixed effects. All independent

variables are lagged one quarter.
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Table 3: Aggregate macroprudential policy sub-indexes and bank credit booms

Variables Logit Logit Firth logit Logit Logit Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.357#F%  1.363***  1.368***  1.480%**  1.658***  1.483%**
(0.402) (0.403) (0.383) (0.413) (0.408) (0.383)
Real GDP growth 0.074*  0.213%** 0.072* 0.083* 0.24 1%+ 0.080%*
(0.044) (0.061) (0.042) (0.050) (0.066) (0.043)
Change CB policy rate  0.005 -0.001 0.006 0.004 -0.001 0.005
(0.004) (0.015) (0.012) (0.004) (0.015) (0.012)
Inflation 0.127%* 0.081 0.155%* 0.142%* 0.106 0.168%*
(0.061) (0.154) (0.073) (0.056) (0.157) (0.073)
Log(real exchange rate) -0.097 5.393** -0.081 -0.118 5.720%* -0.101
(0.134) (2.688) (0.095) (0.130) (2.861) (0.091)
Bank credit (% of GDP) -0.004 0.057*** -0.003 -0.004  0.0049%** -0.004
(0.004) (0.017) (0.004) (0.005) (0.015) (0.004)
Log(GDP per capita) 0.714*%  4.876%*%F  0.706*** 0.637 5.199** 0.622%**
(0.406) (1.891) (0.230) (0.446) (2.038) (0.237)
MAPP_B_FI -0.306*%*  -0.582***  _0.290**
(0.128) (0.208) (0.127)
MAPP_RR -0.220*%  -0.537H** -0.205
(0.131) (0.192) (0.135)
Country fixed effects NO YES NO NO YES NO
Year fixed effects NO NO NO NO NO NO
Observations 2171 1370 2171 2171 1370 2171
Credit booms 61 61 61 61 61 61
Countries 41 24 41 41 24 41
Prob > chi-sq 0.0000 0.0000 0.0000 0.0002 0.0000 0.0002

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1
Notes: Table showing Logit and Firth logit estimations with a binary dependent variable for
domestic bank credit booms. The Hodrick-Prescott (HP) filter is used to identify credit booms
and the threshold is 1.75 standard deviations.
and financial institutions-targeted macroprudential instruments (LTV_CAP, IBEX, and CON-
CRAT) and the index MAPP_RR includes reserve requirement instruments (RR_D and RR_FX).
The time period is 2000Q1-2014Q4. Robust standard errors clustered by country are reported
for Logit estimations without country fixed effects. All independent variables are lagged one

quarter.
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to GDP up to the first quarter that is above the threshold of 1.75 s.d. illustrated by the
vertical line in Figure 3. After the first quarter of the good boom (66 episodes) the ratio
of credit to GDP stagnate for five years and then continues to climb.

Figure 4 shows that the ratio of bank credit to GDP ten years before a bad credit
boom (24 episodes) start at a higher level on average compared to good booms. Moreover,
the increase in the level of bank credit (as percent of GDP) is slightly higher on average
for bad booms compared to good booms during the decade before the credit boom. When
the bad boom has started the level of bank credit to GDP falls back to the level ten years
before the credit boom. Importantly, the trend of the average ratio of bank credit to
GDP during the decade before both good and bad booms is very similar while the trend
diverges completely after the credit boom.

The behavior of the average real GDP growth five years before and after good and bad
credit booms is illustrated in Figures A2 and A3. The real growth rate of GDP fluctuates
between 4-5 percent during the five years prior to the first quarter of both good and bad
credit boom episodes. Just before the credit boom episode begins the growth rate drops
for both types of booms. However, the fall in the real growth rate of GDP is much
larger for bad booms compared to good booms. Consequently, it is important to examine
whether macroprudential policies can be effective to reduce the likelihood of those credit
booms that cause substantial economic costs.

Table 4 shows results for Logit, LPM, and Firth logit estimations with good booms
and bad booms separately. The coefficient for the aggregate macroprudential policy
instrument MAPP is negative and significant in all estimations with bad credit booms
except for the LPM estimation with both country and year fixed effects. Moreover, the
aggregate index MAPP is negative and significant for the Logit and LPM estimations
with good credit booms but not for the Firth logit estimation. To conclude, the results
suggest that macroprudential policies are not only effective to deal with credit booms but

also specifically those booms that are followed by systemic banking crises.
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Figure 3: Average ratio of domestic bank credit to GDP around good boom episodes
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Table 4: Good and bad credit booms

Good credit boom

Bad credit boom

Variables Logit LPM Firth logit Logit LPM Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.216%%*  0.039** 1.233%* 1.456%*%  0.059***  1.496%**
(0.413) (0.016) (0.514) (0.614) (0.013) (0.628)
Real GDP growth 0.159***  0.002* 0.154%*** -0.023 -0.001 -0.036
(0.039) (0.001) (0.056) (0.070) (0.001) (0.071)
Change CB policy rate  0.001 0.000 0.004 0.017 0.000 0.019
(0.002) (0.001) (0.013) (0.014) (0.001) (0.014)
Inflation 0.086 -0.001 0.147 0.065 -0.002 0.244**
(0.125) (0.003) (0.103) (0.130) (0.002) (0.116)
Log(real exchange rate) -0.078 0.055 -0.057 -0.063 0.021 -0.020
(0.212) (0.042) (0.108) (0.250) (0.032) (0.165)
Bank credit (% of GDP) -0.007  0.001** -0.006 0.005 0.0017%** 0.005
(0.006) (0.000) (0.005) (0.008) (0.000) (0.006)
Log(GDP per capita) 0.494 0.040 0.485%* 1.448%**  (0.047**  1.408%**
(0.743) (0.003) (0.284) (0.320) (0.023) (0.442)
MAPP -0.166*%*  -0.004** -0.141 -0.515%*  -0.000 -0.502%**
(0.081) (0.002) (0.098) (0.203) (0.001) (0.157)
Country fixed effects NO YES NO NO YES NO
Year fixed effects NO YES NO NO YES NO
Observations 2145 2145 2145 2131 2131 2131
Credit booms 35 35 35 21 21 21
Countries 41 41 41 41 41 41
Prob > chi-sq 0.0000 0.0000 0.0091 0.0002 0.0000 0.0001

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1

Notes: Table showing Logit, Linear Probability Model (LPM) and Firth logit estimations with
a binary dependent variable for domestic bank credit booms. The Hodrick-Prescott (HP) filter
is used to identify credit booms and the threshold is 1.75 standard deviations. The MAPP
index includes all five macroprudential instruments (LTV_CAP, IBEX, CONCRAT, RR_D, and
RR_FX) and the time period is 2000Q1-2014Q4. A credit boom is defined as “bad” if a systemic
banking crisis occurs during the credit boom or within three years after the end of the boom
similar to the approach by Dell’Ariccia et al. (2016). If a credit boom episode coincides with a
banking crisis but begins after the first year of the crisis then these observations are excluded
from the estimations. All credit booms that are not “bad” according to this criterion are defined
as “good”. Robust standard errors clustered by country are reported for Logit estimations. All
independent variables are lagged one quarter.

5.3 Macroprudential policies and household credit booms

Mian and Sufi (2010) show using microeconomic data that changes in household leverage
were a powerful predictor of the onset and severity of the Great Recession in the United
States. Furthermore, Biiyilikkarabacak and Valev (2010) investigate the role of household

and corporate credit expansions in banking crises for 37 developing and advanced coun-
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tries. Rapidly increasing credit to the entire private sector is associated with banking
crises. However, decomposing the aggregate credit measure shows that household credit
has been the driving factor of increased vulnerabilities to systemic banking crises. Corpo-
rate credit has a statistically significant effect on the probability of a subsequent banking
crisis although it is weaker and less robust (Biiytikkarabacak and Valev, 2010).

Jorda, Schularick, and Taylor (2016) provide a new disaggregated dataset including
both mortgage and non-mortgage credit for 17 advanced economies since 1870. The
authors show that mortgage lending on banks’ balance sheets has doubled during the 20th
century driven by lending to households. Moreover, both normal recessions and those
associated with financial crises since World War II tend to be considerably more severe and
have a slower recovery when preceded by a large expansion in mortgage credit. Conversely,
non-mortgage credit booms have basically no effect on the likelihood of recessions today
(Jorda et al., 2016).

Figure 5 illustrates that the average ratio of household credit to GDP does not increase
during the ten years preceding a boom in domestic bank credit (32 episodes) that is
not followed by a systemic banking crisis (good boom). However, Figure 6 shows that
household credit as percent of GDP increase considerably before a bank credit boom (20
episodes) associated with a banking crisis (bad boom). The different pattern of the ratio
of household credit to GDP before good booms and bad booms confirm the relevance of
household credit for explaining the occurrence of financial crises.

Figures A4 and A5 in the appendix show the behavior of both household and firm
credit (% of GDP) around good and bad credit booms. The median ratio of firm credit
to GDP increases both before good and bad credit booms. However, while the median
ratio of household credit to GDP show a clear upward trend before bad credit booms this
is not the case before good credit booms. Household credit (% of GDP) does not seem to
increase before good credit booms in contrast to for firm credit. In short, the behavior of
household credit contains information that is useful to identify those credit booms that
are followed by financial crises.

Knyazeva et al. (2009) argue that external financing is essential for private investment
and economic growth. However, this refers almost exclusively to corporate credit and not
household credit. Jappelli and Pagano (1994) provide a theoretical framework showing
that an increase in household credit decreases savings and consequently private investment
which reduces economic growth. The authors also provide empirical evidence for that a
liquidity constraint on households enhances economic growth.

Furthermore, Beck et al. (2012) show that corporate credit is positively correlated
with growth while the relationship between household credit and growth is insignificant.
In addition, Bezemer et al. (2015) find that credit to non-financial firms raises economic
growth. However, financial development was mostly credit to real estate and other assets

since 1990 which does not contribute to growth. In short, new bank lending is not
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Figure 5: Average household credit (% of GDP) around good credit booms
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primarily credit to firms which implies that financial development may no longer be good
for growth.

Finally, Mian and Sufi conclude from the international and U.S. evidence that “Fco-
nomic disasters are almost always preceded by a large increase in household debt. In fact,
the correlation is so robust that it is as close it gets to an empirical law in macroeconomics
(Mian Sufi, 2014, p. 9)”. To sum up, it is essential to examine whether macroprudential
policies can be effective to deal with booms in household credit.

Table 5 shows the results for the MAPP index and household credit booms with
threshold 1.75 standard deviations. The measure of household credit includes not only
domestic bank credit but also credit from non-bank financial institutions and cross-border
credit. Consequently, this credit measure is suitable to assess the effectiveness of macro-
prudential policies since it addresses the issue of circumvention discussed in the intro-
ductory chapter. The macroprudential index MAPP has a negative coefficient and is
significant at the 5% level in all estimations, except for Logit and LPM estimations with
country and year fixed effects where the coefficient is significant at the 10% level.

The results for the macroprudential sub-indexes MAPP B FI and MAPP RR are
shown in Table A8. The MAPP_B_FI index is negatively and strongly associated with
the occurrence of household credit booms in all estimations. However, the coefficient
for the MAPP_RR index is negative but only significant at the 10% level in two of the
estimations. In addition, the MAPP_B FI index has a higher statistical significance in
estimations with household credit booms compared to the results for bank credit booms
(Table 3) while the opposite is true for the MAPP_RR index. Finally, it should be em-
phasized that only 10 developing countries are included in the estimations with household

credit booms compared to 14 countries for bank credit booms.

5.4 Economic interpretation

The results above show that aggregate macroprudential indexes are negatively associated
with the probability of booms in both bank and household credit. However, it is important
to assess how large the effect is in economic terms of an increase in the macroprudential
indexes on the likelihood of credit booms. Consequently, average marginal effects for the
macroprudential policy indexes are estimated following the approach by Kirschenmann
et al. (2016).

Table 6 shows the average marginal effects for the macroprudential index MAPP
(column 1 in Table 2, and columns 1 and 4 in Table A9) from estimations with bank credit
booms. The average standard deviation for the MAPP index is approximately 1.261 for
bank credit booms. An increase in the MAPP index by one standard deviation reduces the
likelihood of bank credit booms with threshold 1.75 standard deviations by approximately

0.77 percentage points. This effect is relatively large in economic terms since the sample
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Table 5: Aggregate macroprudential policy index and household credit booms

Variables Logit Logit Logit Logit LPM Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 0.020 0.064 1.594***  1.629* 0.040** 0.039
(0.624) (0.527) (0.609) (0.989) (0.020) (0.474)
Real GDP growth 0.268%**  (0.482*%**  (0.230*%*  0.431*** 0.006***  0.263***
(0.072) (0.095) (0.114) (0.123) (0.002) (0.051)
Change CB policy rate -0.002 0.028 -0.002 -0.020 -0.000 0.005
(0.003) (0.243) (0.005) (0.280) (0.001) (0.014)
Inflation 0.170%* 0.214 0.128 0.128 0.000 0.219%*
(0.087) (0.197) (0.091) (0.210) (0.002) (0.104)
Log(real exchange rate) 0.137 16.541%%*  0.136 11.378* 0.059 0.139*
(0.127) (4.407) (0.121) (5.840) (0.051) (0.078)
HH credit (% of GDP) 0.016* 0.074*** 0.020*  0.238*** 0.003***  0.015**
(0.009) (0.028) (0.011) (0.059) (0.001) (0.007)
Log(GDP per capita)  0.180 11.718%**  -0.032 7.879* 0.066* 0.190
(0.461) (3.410) (0.500) (2.765) (0.039) (0.274)
MAPP -0.304%%*  _0.708%**  _0.304**  -0.475*  -0.004* = -0.204***
(0.099) (0.170) (0.146) (0.250) (0.003) (0.089)
Country fixed effects NO YES NO YES YES NO
Year fixed effects NO NO YES YES YES NO
Observations 1990 1031 1276 1031 1990 1990
Credit booms 49 49 49 49 49 49
Countries 37 19 35 19 37 37
Prob > chi-sq 0.0019 0.0000 0.0000 0.0000 0.0000 0.0000

(LPM: F-test)

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1
Notes: Table showing Logit, Linear Probability Model (LPM) and Firth logit estimations with
a binary dependent variable for household (HH) credit booms. The measure for household
credit includes in addition to domestic bank credit also credit from non-bank institutions and
cross-border credit. The Hodrick-Prescott (HP) filter is used to identify credit booms and
the threshold is 1.75 standard deviations. The MAPP index includes all five macropruden-
tial instruments (LTV_CAP, IBEX, CONCRAT, RR_D, and RR_FX) and the time period is
2000Q1-2014Q4. Robust standard errors clustered by country are reported for Logit and LPM
estimations without country fixed effects. All independent variables are lagged one quarter.
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frequency of credit booms with this threshold is only 2.81 percent. Moreover, the results
in Table 6 also show that sub-index MAPP_B_FT reduce the probability of bank credit
booms (threshold 1.75 s.d.) by about 0.66 percentage points compared to 0.37 percentage
points for sub-index MAPP_RR. This finding is not entirely surprising, since reserve
requirements on accounts denominated in local or foreign currency are mainly used in
developing countries.

Furthermore, the effectiveness of macroprudential policies could be different between
credit booms of different size. Accordingly, average marginal effects for bank credit booms
with thresholds 1.5 and 2 standard deviations are shown in columns 1 and 3 in Table
6. An increase in the MAPP index by one standard deviation reduce the likelihood of
smaller credit booms (threshold 1.5 s.d.) by about 1.35 percentage points compared to
0.46 percentage points for larger credit booms (threshold 2 s.d.). However, the sample
frequency of smaller credit booms (5.48 percent) is significantly higher compared to larger
credit booms (1.47 percent). Consequently, the effect of an increase in the MAPP index
on the occurrence of credit booms relative to the sample frequency is higher for larger
credit booms compared to smaller booms. In addition, similar results are also found for
the aggregate index MAPP and household credit booms with thresholds 1.5 and 1.75
standard deviations.

It could be of interest to examine whether the effectiveness of macroprudential policies
differ between booms in bank and household credit. Since MAPP_RR is only significant
for smaller household credit booms it is suitable to compare the results for the sub-index
MAPP_B FI. An increase in the MAPP_B FI index by one standard deviation reduces
the occurrence of smaller household credit booms (threshold 1.5 s.d.) by 1.09 percent-
age points compared to 1.06 percentage points for bank credit booms of the same size.
However, the sample frequency for household credit booms is only 3.92 percent compared
to 5.48 percent for booms in bank credit. This implies that the effect of an increase in
MAPP_B_FI on the probability of household credit booms is higher compared to booms
in bank credit even though the sample frequency is significantly lower. Moreover, similar
results for the MAPP_B FI index are also found when comparing bank and household
credit booms with threshold 1.75 standard deviations. In addition, these findings are
robust to only including advanced countries in the estimations which implies that the
country sample is the same for household and bank credit booms.

To sum up, the results suggest that the effect of an increase in the MAPP index on
the probability of credit booms is relatively large in economic terms, and moreover this
effect seems to be greater for larger credit booms. In addition, borrower- and financial
institution-targeted macroprudential policies (MAPP_B_FI) seem to be more effective to

deal with booms in household credit compared to bank credit booms.
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Table 6: Average marginal effects for macroprudential indexes

Bank credit

Household credit

Variables 1.5 s.d. 1.75 s.d. 2 s.d. 1.5 s.d. 1.75 s.d. 2 s.d.
(1) (2) (3) (4) (5) (6)
MAPP -0.011%%* -0.006*** -0.004** -0.011%** -0.007** -0.004
(0.003) (0.002) (0.002) (0.004) (0.003) (0.002)
Observations 2171 2171 2171 1990 1990 1990
Countries 41 41 41 37 37 37
Credit booms 119 61 32 78 49 25
Std. Dev. 1.261 1.261 1.261 1.080 1.080 1.080
MAPP BFI  -0.013** -0.008** -0.006** -0.014** -0.010** -0.006**
(0.005) (0.004) (0.003) (0.006) (0.005) (0.003)
Observations 2171 2171 2171 1990 1990 1990
Countries 41 41 41 37 37 37
Credit booms 119 61 32 78 49 25
Std. Dev. 0.810 0.810 0.810 0.755 0.755 0.755
MAPP _RR -0.012%** -0.006* -0.002 -0.009** -0.006 -0.003
(0.005) (0.003) (0.002) (0.006) (0.005) (0.003)
Observations 2171 2171 2171 1990 1990 1990
Countries 41 41 41 37 37 37
Credit booms 119 61 32 78 49 25
Std. Dev. 0.629 0.629 0.629 0.497 0.497 0.497

***p<0.01, **p<0.05, *p<0.1

Notes: Table showing average marginal effects for domestic bank and household credit booms.
The MAPP index includes all five macroprudential instruments (LTV_CAP, IBEX, CONCRAT,
RR_ D, and RR_FX). The indexes MAPP_B_FI includes borrower- and financial institutions-
targeted macroprudential instruments (LTV_CAP, IBEX, and CONCRAT) and the index
MAPP_RR includes reserve requirement instruments (RR_D and RR_FX). The time period
is 2000Q1-2014Q4.
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6 Robustness tests

To examine the robustness of the results it is essential to identify credit booms with
different thresholds. Figure A6 illustrates the frequency of credit booms for thresholds
with 1.5, 1.75 and 2 standard deviations. The general pattern suggests that credit booms
with a lower threshold are significantly more frequent and occur for a longer time than
booms with a higher threshold. Table A9 shows that the number of credit boom episodes
double from 61 to 119 when the boom threshold is 1.5 instead of 1.75 standard deviations.
Similarly, the number of credit booms is 32 with a threshold of 2 standard deviations
which is only half of the number of episodes compared to for a boom threshold of 1.75
standard deviations. In short, the number of credit booms and the magnitude of these
booms differs considerably depending on whether the boom threshold is 1.5, 1.75 or 2
standard deviations.

The coefficient for the MAPP index is negative and significant at the 1% level in all
estimations with small credit booms (1.5 s.d.) shown in Table A9. For larger credit
booms (2 s.d.) the MAPP index is negative and significant at the 5% level in the Logit
estimation but only at the 10% level in the Firth logit estimation. The coefficient is not
significant for LPM with both country and year fixed effects. To conclude, the findings
suggest that macroprudential policies seem to be effective to deal with both smaller and
larger credit booms.

The global financial crisis originated in the United States in 2007 and later spread to
the rest of the world with large consequences for economic growth and capital flows. A
majority of the tightenings of macroprudential policies were after the beginning of the
crisis according to Akinci and Olmstead-Rumsey (2018). Consequently, it is essential to
examine whether macroprudential policies were effective to reduce the likelihood of credit
booms both before and after the start of the crisis.

Similar to the approach by Bruno et al. (2017) separate estimations are conducted for
the period 2000Q1-2006Q4 and 2007Q1-2014Q4 shown in Table A10. The coefficient for
the macroprudential index MAPP is negative and typically significant for both the period
before the crisis (2000Q1-2006Q4) and after (2007Q1-2014Q4). However, the coefficient
for the MAPP index is not significant for LPM estimations with both country and year
fixed effects. It should be emphasized that more than two-thirds of the booms occurred
during the period 2007Q1-2014Q4.

Furthermore, Akinci and Olmstead-Rumsey (2018) report that a majority of the
tightenings of macroprudential policies during the period 2000-2013 were in emerging
economies. Figures A7 and A8 illustrate the development of individual macroprudential
policies for advanced and developing countries separately. The index for Loan-to-Value
caps displays a similar pattern for both advanced and developing countries although the

index is generally at a higher average level in developing countries. Moreover, the index
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for concentration limits increases gradually over the entire period in advanced countries
while in developing countries the index rises until around 2007 and then remain stable
until 2014. In addition, interbank exposure limits show a similar pattern to concentration
limits for the two country groups. However, the index for interbank exposure limits was
in 2014 twice as high on average in advanced countries compared to developing countries,
while the index for concentration limits was at a similar level for both country groups in
this year.

The use of reserve requirements is completely different in advanced economies com-
pared to for developing countries as shown in Figures A7 and A8. In advanced countries,
reserve requirements related to foreign currency deposits were almost never used during
the entire period. Reserve requirements related to local currency, on the other hand,
show a large drop in the index in 2000 followed by an almost constant trend until 2011
when the index falls to an even lower level. However, in developing countries both types
of reserve requirements are being used frequently and show a similar pattern, albeit with
higher fluctuations for reserve requirements on deposits denominated in local currency.

Following the approach by Cerutti et al. (2017a) separate estimations are conducted
for advanced and developing countries shown in Table A11. One-third of the 41 countries
are classified as developing countries and two thirds as advanced economies shown in
Table A17. The MAPP index is negative and significant at the 1% or 5% level in all
estimations for developing countries shown in Table 17. In addition, the coefficient for
the MAPP index is also negative and significant for advanced economies except for LPM
estimation with both country and year fixed effects.

In addition, re-estimating the specifications in Table A1l for the macroprudential
sub-indexes shows that index MAPP_B_FI is negative and typically significant for both
advanced and developing countries. In addition, the sub-index MAPP_RR is found to
be negative and significant in all estimations for developing countries. However, the
MAPP_RR index is not significant in Logit and LPM estimations for advanced economies,
which is consistent with the pattern for individual reserve requirement policies illustrated
in Figures A7 and AS.

6.1 Alternative definition of credit booms

Hamilton (2017) argues that detrending the data with a Hodrick-Prescott (HP) filter can
lead to spurious dynamic relations in the data that have no basis in the underlying data
generating process. Consequently, an alternative method to identify credit booms from
Richter, Schularick, and Wachtel (2017) is employed to test the robustness of the results.

The detrending method suggested by Hamilton (2017) assumes that the trend com-
ponent (t) is the value that could have been predicted with historical data. First, denote

(h) the horizon used to build the prediction. The cyclical component is the difference
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between the realized value (y;) and the expectation of the value at (t) formed at time
(t-h) based on data available at that time (Richter et al., 2017). Hamilton (2017) suggests

that the residual can be obtained by conducting an OLS regression of the following form:

Y = Po + B1Yi—n + Boyi—n—1 + B3Yi—h—2 + Bali—n—3 + V¢

The value for horizon (h) is based on the assumption about the cyclical component.
Hamilton (2017) suggest a horizon of 2 years for business cycles and 5 years for debt
cycles. Since the objective is to identify credit booms the choice of horizon in this study
is 20 quarters which correspond to the 5 years for debt cycles. Furthermore, Hamilton
(2017) argues that using more than 4 lags, including more variables or a non-linear
specification are unnecessary to extract the stationary component. In addition, including
more parameters to estimate the regression has a considerable drawback. The more
parameters included the more the small-sample estimates are expected to differ from the
asymptotic predictions.

Once the country-specific residuals have been estimated with the Hamilton filter the
method by Mendoza and Terrones (2008) is used to identify credit booms. Consequently,
a credit boom is identified if the detrended credit measure is above a threshold which is
a multiple of the country-specific standard deviation (Richter et al., 2017).

Table A12 shows the results for the MAPP index and credit booms identified with the
Hamilton filter. The coefficient for the aggregate index MAPP is typically negative and
significant at the 10% level for bank credit booms with thresholds 1.75 and 2 standard

deviations.

6.2 Additional control variables in the analysis

It is important to verify whether the results hold when controlling for other prudential
policies. Table A13 reports results for estimations including general capital requirements
(CAP_REQ) and an aggregate index for sector-specific capital buffers (SSCB) as addi-
tional control variables. Data on capital requirements and capital buffers has been col-
lected from Cerutti et al. (2017b). The general capital requirements index is constructed
from the changes in the regulatory framework in the Basel Accords and revisions I, II,
I1.5 and III. Moreover, it is assumed that the implementation of the Basel Accords never
loosens the existing regulation which implies that the index for capital requirements never
takes value -1. The sector-specific capital buffer index measures regulatory changes that
aim to reduce the growth in bank claims to specific sectors of the economy.

Table A13 shows that the coefficient for the MAPP index is negative and significant
at the 5% level for credit booms identified with the Hamilton filter and boom threshold
1.75 (except for LPM with country fixed effects). In addition, the coefficient for MAPP

is negative and significant at the 5% level in all estimations with the HP filter.
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7 Macroprudential policy and banks’ systemic risk

It has been shown in this study that a tighter macroprudential policy stance is negatively
associated with the likelihood of credit booms. This part of the study aims to investigate

the impact of macroprudential policy on banks’ systemic risk.

7.1 Data and descriptive statistics

The dataset encompasses yearly data for 460 banks in 54 advanced and developing coun-
tries between 2000-2015. Variable definitions and sources are shown in table A14. In
addition, the countries included in this study and the number of banks in each country
are listed in table A18.

The measure of systemic risk employed in this study is SRISK developed by Brownlees
and Engle (2017). SRISK measures the capital shortfall of a bank conditional on a severe
market decline (Acharya et al., 2012). In other words, SRISK tells us how much capital
a bank is expected to need, in addition to reserves, during a financial crisis. Moreover,
SRISK can be interpreted as a measure of a bank’s exposure to systemic risk and is
informative when assessing the resiliency of a bank (Gehrig and Iannino, 2021).

Benoit et al. (2017) provide empirical results showing a strong link between a firm’s
marginal expected shortfall and the systematic risk of the firm measured by beta. SRISK
includes both the marginal expected shortfall and market capitalization which is a proxy
for the size of the firm. Consequently, the SRISK measure takes into account both the
“too-interconnected-to-fail” and the “too-big-to-fail” paradigms (Benoit et al., 2017).

Table A15 shows that both beta (systematic risk) and market capitalization (size) are
positively and significantly correlated with SRISK as expected. In addition, the evolution
of average positive SRISK between 2000 and 2015 is shown in Figure 7.

Moreover, the SRISK measure has been found to be useful to identify those institutions
that may have a large influence on systemic risk. Brownlees and Engel (2015) show in
their study that those banks that were most likely to be bailed out by the US government
and receive support from the Federal Reserve had the highest levels of SRISK before the
crisis.

Several control variables which have been found to influence systemic risk are included
in the estimations (see table Al4 in the appendix). First, the bank-level measures are
“size” and “leverage” similar to the papers by Altunbas et al. (2018) and Karolyi et
al. (2017). The variable “leverage” is divided by ten thousand to ease interpretation.
Second, in addition to the bank-specific measures a number of country-level variables are
also included following Karolyi et al. (2017). Real GDP growth controls for economic
performance and is likely to affect systemic risk. Moreover, non-interest income is a proxy
for non-core banking activities and concentration measures the share of assets held by

the three largest banks. In addition, market return and volatility are included to take
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into account the development on the stock market. Finally, the variable log (GDP per
capita) is included to control for the level development.

Finally, the macroprudential policy indexes are constructed in the same way as before,
with the only difference that the cumulative sum of tightenings net of easings in the fourth

quarter is used when aggregating the data to yearly frequency.

Figure 7: Evolution of positive SRISK between 2000-2015
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7.2 Results

OLS regressions with only year fixed effects or combined year and country (or bank) fixed
effects are estimated to examine the link between macroprudential policy conditions and
the level of systemic risk for banks. Since this is a cross-country study SRISK has been
scaled by GDP in all estimations following the approach in Karolyi et al. (2018) and
Sedunov (2021).

Moreover, Gehrig and Iannino (2021) show in their study that the evolution of SRISK
for European banks has been non-linear during the period 2000-2015. They find that the
very large build-up of SRISK since 2000 has been driven mainly by the upper two quintiles
of banks. Consequently, quantile regressions are estimated to address the presence of non-
linearities following the approach in the study by Gehrig and Iannino (2021). The quantile

regressions are estimated for the 0.25, 0.50 and 0.75 quantiles including country effects
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and year dummies with standard errors clustered for banks (Parente et al., 2016). As
an approximation for country “fixed effects” the Mundlak-Chamberlin devise is applied
which include time averages of all time-varying regressors (Wooldridge, 2010; Chamberlin
Ricker-Gilbert, 2016).

Estimations with aggregate macroprudential indexes and SRISK scaled by real GDP
are shown in Table A16. The coefficient for the aggregate index MAPP has a negative
and highly significant coefficient in estimations with year and country fixed effects. How-
ever, the coefficient is negative but not significant in the estimation with year and bank
fixed effects. Moreover, the index including borrower- and financial institutions-targeted
instruments MAPP_B FI is not significant in any of the estimations. In addition, the co-
efficient for the index MAPP_RR is negative and significant at the 1% level with country
and year fixed effects (but only at the 10% level with bank and year fixed effects).

Results for 0.25, 0.50 and 0.75 quantile regressions are shown in Table 7. The coeffi-
cient for the MAPP index is negative and highly significant for 0.50 and 0.75 quantiles
but not for the 0.25 quantile. Interestingly, in contrast to the previous results both in-
dexes MAPP_B FI and MAPP_RR are negative and highly significant for the 0.50 and
0.75 quantile regressions. The results suggest that a tighter macroprudential stance is

negatively associated with SRISK-to-GDP for banks at upper quantiles.
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8 Conclusions

Credit booms are one of the most important determinants of financial crises in advanced
and developing countries. The objective of macroprudential policy is to avoid macroeco-
nomic costs related to financial instability. Consequently, the main contribution of this
study is to investigate whether macroprudential policies have been effective to deal with
booms in bank and household credit.

The results strongly suggest that aggregate indexes with macroprudential policies are
negatively and significantly associated with booms in domestic bank credit. In addition,
the results also show that aggregate indexes with macroprudential policies are suitable
to address specifically those credit booms that are followed by systemic banking crises.
This finding suggests that macroprudential policies are not only effective to reduce credit
growth but may also be useful to curb credit booms that lead to a financial crisis.

Furthermore, the empirical literature clearly shows that household credit is more
important for the occurrence and severity of financial crises compared to corporate credit.
This implies that it is essential to examine the effectiveness of macroprudential policies
on household credit and not only on the aggregate measure with domestic bank credit.
The results show that macroprudential policies are negatively linked to the likelihood of
household credit booms.

The findings also suggest that the effect of an increase in the aggregate macropruden-
tial index (including all instruments) on the likelihood of bank credit booms is relatively
large in economic terms.

Several robustness tests are conducted to check if the results are reliable for example
using different boom thresholds, time periods and country groups. In addition, esti-
mations with an alternative method to identify credit booms and including additional
control variables provide further support for that macroprudential policies are effective
to address credit booms.

Finally, this study also suggests that the macroprudential policy stance is negatively
associated with the level of systemic risk for banks. This association seems to be more

pronounced for banks’ systemic risk at upper quantiles.
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Appendix

Table Al: Summary statistics of variables

Variables Mean Median Min Max  Std.Dev. Obs
Dependent variables

Bank credit boom 1.75 s.d. 0.029 0 0 1 0.167 2448
Household credit boom 1.75 s.d. 0.026 0 0 1 0.160 2197
Real bank credit growth 0.013  0.011 -0.178 0.190 0.028 2192
Prudential policy indexes

LTV_CAP 0.874 1 -3 8 1.935 873
IBEX 0.665 0 0 4 0.872 738
CONCRAT 0.458 0 -1 4 0.829 1455
RR._D -0.226 0 -5 13 1.600 2448
RR _FX 0.081 0 -6 11 0.857 2448
CAP_REQ 0.259 0 0 2 0.581 2388
SSCB 0.312 0 -2 6 1.022 2448
MAPP 0.776 0 -5 25 3.191 2448
MAPP B FI 0.784 0 -2 9 1.581 2448
MAPP_RR -0.008 0 -5 16 2.141 2448
Control variables

Log(VIX) 2976  2.961 2.401 4.071 0.348 2448
Real GDP growth 2960 2938  -14.376  26.509 3.577 2385
Change CB policy rate -0.086 0 -102.010 135.760  3.697 2286
Inflation 0.798  0.596  -17.799  20.532 1.309 2448
Log(GDP per capita) 6.680  7.009 3.413 8.513 1.045 2432
Log(real exchange rate) 1.680  1.025 -0.675 9.852 2.365 2432
Bank credit (% of GDP) 83.300  84.450 8.500  229.300 41.837 2448
Household credit (% of GDP) 53.908 53.100 0.600  139.500  32.002 2193

Notes: The table shows summary statistics for all observations between 2000Q1-2014Q4.
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Table A4: Correlation between MAPP and other policies

MAPP B FI MAPP RR  CB policy rate ~CAP REQ  SSCB

MAPP_B FI 1.0000

MAPP_RR 0.4574* 1.0000

CB policy rate  -0.0822* 0.1269 1.0000

CAP REQ 0.2726* -0.0093 -0.1518* 1.0000

SSCB 0.0781* 0.2422%* 0.0374 0.1485%* 1.0000

Notes: The table shows the correlation between aggregate macroprudential indexes
and other policies in 41 countries between 2000Q1-2014Q4. The aggregate indexes are
MAPP _B_FI (including LTV_CAP, IBEX, and CONCRAT) and MAPP_RR (including
RR_D and RR_FX). The other policies are the Central Bank policy rate (CB policy
rate), capital requirements (CAP_REQ) and sector-specific capital buffers (SSCB).
*signifies that the correlation is significant at the 5% level.

Table Ab: Correlation between individual macroprudential policies

LTV_CAP IBEX CONCRAT RR_D RR_FX
LTV_CAP 1.0000
IBEX 0.4542%* 1.0000
CONCRAT 0.4180* -0.0973 1.0000
RR_D 0.5711* -0.0089 -0.0839* 1.0000
RR_FX 0.2660* 0.0119 -0.0505 0.3811* 1.0000

Notes: The table shows the correlation between the cumulative indexes for five macro-
prudential policy instruments in 41 countries between 2000Q1-2014Q4. The policies are
Loan-to-Value Caps (LTV_CAP), interbank exposure limits (IBEX), concentration limits
(CONCRAT), reserve requirements on accounts denominated in local currency (RR_D)
and foreign currency (RR_FX).

*signifies that the correlation is significant at the 5% level.
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Table A6: Borrower- and financial institution-targeted macroprudential policies

Variables Logit Firth logit Logit Firth logit Logit Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.367** 1.405* 1.478%%* 1.462* 0.773 0.796
(0.660)  (0.731)  (0.466)  (0.822)  (0.479)  (0.494)
Real GDP growth -0.061 -0.059 0.163* 0.141 0.170%**  0.164***
(0.075)  (0.081)  (0.091)  (0.143)  (0.053)  (0.055)
Change CB policy rate 0.921***  (.981** 0.864* 0.644 0.001 0.002
(0.271)  (0.436)  (0.474)  (0.822)  (0.003)  (0.012)
Inflation -0.024 -0.088 0.169 0.172 0.108 0.156
(0.061)  (0.096)  (0.329)  (0.433)  (0.069)  (0.096)
Log(real exchange rate) -0.102 -0.025 0.031 0.068 -0.170 -0.136
(0.340)  (0.192)  (0.197)  (0.237)  (0.210)  (0.138)
Bank credit (% of GDP) 0.002 0.001 -0.001 0.000 -0.004 -0.004
(0.009)  (0.007)  (0.006)  (0.010)  (0.006)  (0.005)
Log(GDP per capita)  0.953%  0.847%*  0.850* 0.664  1.145%% 1,097+
(0.203)  (0.421)  (0.496)  (0.738)  (0.558)  (0.311)
LTV_CAP -0.158 -0.141
(0.204)  (0.182)
IBEX -0.776 -0.637
(0.500)  (0.465)
CONCRAT -0.647 -0.565%*

(0.454)  (0.306)

Country fixed effects NO NO NO NO NO NO
Year fixed effects NO NO NO NO NO NO
Observations 807 807 645 645 1275 1275
Credit booms 16 16 16 16 38 38
Countries 25 25 14 14 25 25
Prob > chi-sq 0.0001 0.0544 0.0000 0.5924 0.0000 0.0050

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1

Notes: Table showing Logit and Firth logit estimations with a binary dependent variable for
domestic bank credit booms. Loan-to-Value Caps (LTV_CAP) is a borrower-targeted instru-
ment while interbank exposure limits (IBEX) and concentration limits (CONCRAT) are finan-
cial institution-targeted policies according to the categorization of macroprudential policies by
Cerutti et al. (2017a). The Hodrick-Prescott (HP) filter is used to identify credit booms and
the threshold is 1.75 standard deviations. The time period is 2000Q1-2014Q4. Robust standard
errors clustered by country are reported for Logit estimations without country fixed effects. All
independent variables are lagged one quarter.

45



Table A7: Reserve requirement policies

Variables Logit Logit Firth Logit Logit Logit Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.478%F*  1.677HF* 1.486%*F*  1.389%F*  1.508%*F*  1.389%**
(0.412) (0.410) (0.383) (0.403) (0.402) (0.378)
Real GDP growth 0.079*  0.241%** 0.076* 0.065 0.217*** 0.061
(0.047) (0.066) (0.043) (0.045) (0.062) (0.041)
Change CB policy rate  0.005 -0.001 0.006 0.005 -0.001 0.006
(0.004) (0.015) (0.012) (0.004) (0.015) (0.012)
Inflation 0.140** 0.114 0.167** 0.128%* 0.087 0.152%*
(0.056) (0.155) (0.074) (0.059) (0.155) (0.072)
Log(real exchange rate) -0.113 5.700%* -0.096 -0.130 4.565% -0.110
(0.127) (2.733) (0.091) (0.135) (2.738) (0.094)
Bank credit (% of GDP) -0.004 0.049** -0.004 -0.005  0.050%** -0.005

(0.005)  (0.015) (0.004) (0.005)  (0.015)  (0.004)
Log(GDP per capita)  0.663  5.136%¥%  0.648%%*  0.653  4.232%%  (.647F**
(0.440)  (1.930) (0.236) (0.411)  (1.925)  (0.236)

RR_D -0.215  -0.655*** -0.208

(0.145)  (0.245) (0.147)
RR_FX -0.363 -1.613%* -0.114

(0.332) (0.746) (0.407)

Country fixed effects NO YES NO NO YES NO
Year fixed effects NO NO NO NO NO NO
Observations 2171 1370 2171 2171 1370 2171
Credit booms 61 61 61 61 61 61
Countries 41 22 41 41 24 41
Prob > chi-sq 0.0000 0.0000 0.0002 0.0000 0.0000 0.0002

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1

Notes: Table showing Logit and Firth logit estimations with a binary dependent variable for
domestic bank credit booms. The macroprudential instruments are reserve requirements on ac-
counts denominated in domestic currency (RR_D) and foreign currency (RR_FX). The Hodrick-
Prescott (HP) filter is used to identify credit booms and the threshold is 1.75 standard de-
viations. The time period is 2000Q1-2014Q4. Robust standard errors clustered by country
are reported for Logit estimations without country fixed effects. All independent variables are
lagged one quarter.
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Table A8: Aggregate macroprudential policy sub-indexes and household credit booms

Variables Logit Logit Firth logit Logit Logit Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) -0.101 -0.106 0.039 -0.027 0.126 -0.006
(0.600) (0.525) (0.474) (0.643) (0.522) (0.471)
Real GDP growth 0.239%FFF  0.462%**  (0.263%F*  (.238%**  (.492%FFF  (.233***
(0.075) (0.096) (0.051) (0.072) (0.092) (0.049)

Change CB policy rate -0.001 -0.084 0.005 -0.001 -0.028 0.006
(0.003) (0.230) (0.014) (0.004) (0.242) (0.014)
Inflation 0.143 0.167 0.219** 0.139 0.162 0.193*
(0.094) (0.202) (0.104) (0.085) (0.196) (0.110)
Log(real exchange rate) 0.159 21.461%** 0.139* 0.088 10.523%** 0.090
(0.120) (4.883) (0.078) (0.103) (3.546) (0.073)
HH credit (% of GDP) 0.014 0.075%* 0.015%* 0.012 0.062 0.011%*
(0.009) (0.030) (0.007) (0.009) (0.026) (0.007)
Log(GDP per capita) 0.244 15.828*** 0.190 0.110 6.523** 0.115
(0.439) (3.963) (0.274) (0.463) (2.726) (0.275)
MAPP B FI -0.441%%F  _1.205%FF  -(.204%H*
(0.159) (0.273) (0.089)
MAPP_RR -0.245 -0.444* -0.240*

(0.158)  (0.236) (0.131)

Country fixed effects NO YES NO NO YES NO
Year fixed effects NO NO NO NO NO NO
Observations 1990 1031 1990 1990 1031 1990
Credit booms 49 49 49 49 49 649
Countries 37 19 37 37 19 37
Prob > chi-sq 0.0373 0.0000 0.0000 0.0036 0.0000 0.0003

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1

Notes: Table showing Logit and Firth logit estimations with a binary dependent variable for
household credit booms. The measure for household credit includes in addition to domestic bank
credit also credit from non-bank institutions and cross-border credit. The Hodrick-Prescott
(HP) filter is used to identify credit booms and the threshold is 1.75 standard deviations.
The indexes MAPP_B_FI includes borrower- and financial institutions-targeted macroprudential
instruments (LTV_CAP, IBEX, and CONCRAT) and the index MAPP_RR includes reserve
requirement instruments (RR_D and RR_FX). The time period is 2000Q1-2014Q4. Robust
standard errors clustered by country are reported for Logit estimations without country fixed
effects. All independent variables are lagged one quarter.
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Table A9: Credit booms with different thresholds

Boom threshold 1.5 s.d.

Boom threshold 2 s.d.

Variables Logit LPM Firth logit Logit LPM Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.632%**  (.085%* 1.622%#% | 1.789%#*  0.077*HK 1. 7814
(0.393) (0.027) (0.304) (0.644) (0.015) (0.511)
Real GDP growth 0.077* 0.005%** 0.076** 0.092 0.001 0.090
(0.045) (0.002) (0.033) (0.056) (0.001) (0.063)
Change CB policy rate 0.712*%**  0.005%**  (0.687*** 0.005 0.000 0.018
(0.187) (0.001) (0.172) (0.006) (0.001) (0.018)
Inflation 0.250%** -0.003 0.255%** 0.025 -0.002 -0.022
(0.079) (0.004) (0.084) (0.084) (0.003) (0.188)
Log(real exchange rate) -0.184*  (0.330%**  -0.172%* 0.013 0.044 0.034
(0.109) (0.069) (0.075) (0.151) (0.039) (0.117)
Bank credit (% of GDP) 0.003 0.0047%** 0.003 -0.010*  0.001***  -0.010*
(0.004) (0.000) (0.003) (0.006) (0.000) (0.006)
Log(GDP per capita) 0.536 0.267*FF*  (.524%** 1.113** 0.050* 1.072%**
(0.345) (0.048) (0.176) (0.482) (0.027) (0.332)
MAPP -0.221°F%% - _0.009%*F*  _0.214%** | -0.259%** -0.002 -0.242%*
(0.067) (0.003) (0.063) (0.095) (0.002) (0.125)
Country fixed effects NO YES NO NO YES NO
Year fixed effects NO YES NO NO YES NO
Observations 2171 2171 2171 2171 2171 2171
Credit booms 119 119 119 32 32 32
Countries 41 41 41 41 41 41
Prob > chi-sq 0.0000 0.0000 0.0000 0.0000 0.0000 0.0003

(LPM: F-test)

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1
Notes: Table showing Logit, Linear Probability Model (LPM) and Firth logit estimations with
a binary dependent variable for bank credit booms. The Hodrick-Prescott (HP) filter is used to
identify credit booms with thresholds 1.5 or 2 standard deviations. The MAPP index includes
all five macroprudential instruments (LTV_CAP, IBEX, CONCRAT, RR_D, and RR_FX) and
the time period is 2000Q1-2014Q4. Robust standard errors clustered by country for Logit

estimations. All independent variables are lagged one quarter.
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Table A10: Estimations for different time periods

2000Q1-2006Q4

2007Q1-2014Q4

Variables Logit LPM Firth logit Logit LPM Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.968%** 0.007 1.832%* 1.392%*%*  (.109%**  1.392%**
(0.711) (0.043) (0.742) (0.380) (3.161) (4.006)
Real GDP growth 0.332%*%  0.009***  (0.317*** 0.054 0.004 0.053
(0.089) (0.003) (0.088) (0.050) (1.436) (1.398)
Change CB policy rate  0.896*  0.005***  0.744*** | 0.875%**  0.027* 0.863%**
(0.450) (0.001) (0.268) (0.339) (1.869) (3.234)
Inflation 0.141 -0.004 0.181 0.344** -0.003 0.343***
(0.194) (0.005) (0.246) (0.160) (-0.400) (2.495)
Log(real exchange rate) -1.756%**  0.489*** -1 455%** -0.068  0.556*** -0.059
(0.580) (0.087) (0.553) (0.124) (3.049) (-0.767)
Bank credit (% of GDP) 0.005 0.002%** 0.005 0.001 0.007*** 0.001
(0.009) (0.001) (0.008) (0.004) (7.902) (0.222)
Log(GDP per capita)  -1.051*%%  0.330***  -0.909** 0.658%  0.524***  (.635%**
(0.490) (0.069) (0.457) (0.398) (4.415) (3.217)
MAPP -0.966* -0.010 -0.923*%** | -0.207***  -0.008 -0.198%***
(0.493) (0.008) (0.331) (0.067) (-1.316) (-3.532)
Country fixed effects NO YES NO NO YES NO
Year fixed effects NO YES NO NO YES NO
Observations 938 938 938 1233 1233 1233
Credit booms 31 31 31 88 88 88
Countries 37 37 37 41 41 41
Prob > chi-sq 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

(LPM: F-test)

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1
Notes: Table showing Logit, Linear Probability Model (LPM) and Firth logit estimations with a
binary dependent variable for bank credit booms. Separate estimations for time periods 2000Q1-
2006Q4 and 2007Q1-2014Q4. The Hodrick-Prescott (HP) filter is used to identify credit booms
with threshold 1.5 standard deviations. The MAPP index includes all five macroprudential
instruments (LTV_CAP, IBEX, CONCRAT, RR_D, and RR_FX). Robust standard errors clus-
tered by country for Logit estimations. All independent variables are lagged one quarter.
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Table Al11: Estimations for different country samples

Advanced countries

Developing countries

Variables Logit LPM Firth logit Logit LPM Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.779%%%  0.100%%*  1.769%** 1.535 0.076* 1.591°**
(0.355) (0.035) (0.345) (1.377) (0.040) (0.648)
Real GDP growth 0.052 -0.000 0.051 0.153***  0.008*** 0.171**
(0.053) (0.003) (0.040) (0.030) (0.003) (0.067)
Change CB policy rate 0.931***  0.037**  0.901*** | 0.560***  0.005%** 0.017
(0.326) (0.016) (0.273) (0.191) (0.001) (0.017)
Inflation 0.294** -0.004 0.294* 0.235* 0.001 0.192**
(0.128) (0.007) (0.157) (0.138) (0.005) (0.082)
Log(real exchange rate) -0.347*  0.603***  -0.323** -0.091 0.378*** -0.053
(0.189) (0.134) (0.126) (0.160) (0.096) (0.120)
Bank credit (% of GDP) 0.005 0.003*** 0.005 0.008 0.008*** 0.008
(0.005) (0.001) (0.003) (0.012) (0.001) (0.008)
Log(GDP per capita)  1.094**  (0.502*%**  1.081*** 0.771*  0.296%** 0.760%*
(0.491) (0.116) (0.258) (0.432) (0.047) (0.442)
MAPP -0.214**  -0.003 -0.211%%* | -0.237%*  -0.015***  -0.196**
(0.103) (0.006) (0.081) (0.097) (0.003) (0.094)
Country fixed effects NO YES NO NO YES NO
Year fixed effects NO YES NO NO YES NO
Observations 1563 1563 1563 608 608 608
Credit booms 96 96 96 23 23 23
Countries 27 27 27 14 14 14
Prob > chi-sq 0.0000 0.0000 0.0000 0.0000 0.0000 0.0036

(LPM: F-test)

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1

Notes: Table showing Logit, Linear Probability Model (LPM) and Firth logit estimations with
a binary dependent variable for bank credit booms. Separate estimations for advanced and
developing countries. The Hodrick-Prescott (HP) filter is used to identify credit booms with
threshold 1.5 standard deviations. The MAPP index includes all five macroprudential instru-
ments (LTV_CAP, IBEX, CONCRAT, RR_D, and RR_FX). Robust standard errors clustered
by country for Logit estimations. All independent variables are lagged one quarter.
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Table A12: Credit booms identified with the Hamilton filter

Boom threshold 1.75 s.d. Boom threshold 2 s.d.
Variables Logit LPM Firth logit | Logit LPM  Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) -0.080 0.055%** -0.058 0.123 0.016 0.165
(0.570) (0.016) (0.362) (0.686)  (0.012) (0.556)
Real GDP growth 0.090%** 0.002 0.088** 0.099** 0.001 0.096*
(0.045) (0.002) (0.038) (0.040)  (0.001) (0.057)
Change CB policy rate  0.002 0.000 0.006 0.003 0.000 0.008
(0.003) (0.000) (0.012) (0.002)  (0.000) (0.013)
Inflation 0.194** 0.007 0.210%** | 0.224** 0.006 0.240%***

(0.082)  (0.005)  (0.063) | (0.092) (0.003)  (0.071)
Log(real exchange rate) -0.303*** -0.007***  -0.287*** | -0.453* -0.004**  -0.400**
(0.104)  (0.002)  (0.097) | (0.253) (0.002)  (0.163)
Bank credit (% of GDP) 0.010** 0.000* 0.010%** 0.008 0.000 0.008%*
(0.004)  (0.000)  (0.003) | (0.008) (0.000)  (0.005)

Log(GDP per capita)  -0.214 -0.011 0.212 | -0.761%  -0.012  -0.724%**
(0.311)  (0.012)  (0.174) | (0.364)  (0.009)  (0.252)
MAPP 0.111  -0.003*  -0.101* | -0.228% -0.002*  -0.199%

(0.075)  (0.002)  (0.052) | (0.130) (0.001)  (0.108)

Country fixed effects NO NO NO NO NO NO
Year fixed effects NO YES NO NO YES NO
Observations 2149 2149 2149 2149 2149 2149
Credit booms 79 79 79 33 33 33
Countries 41 41 41 41 41 41
Prob > chi-sq 0.0021 0.0004 0.0003 0.0101 0.0000 0.0005

(LPM: F-test)

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1

Notes: Table showing Logit, Linear Probability Model (LPM) and Firth logit estimations with
a binary dependent variable for bank credit booms. The Hamilton filter is used to identify
credit booms with thresholds 1.75 or 2 standard deviations. The MAPP index includes all five
macroprudential instruments (LTV_CAP, IBEX, CONCRAT, RR_D, and RR_FX) and the time
period is 2000Q1-2014Q4. Robust standard errors clustered by country for Logit and LPM
estimations. All independent variables are lagged one quarter.
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Table A13: Estimations with bank-capital-based prudential policies

Hodrick-Prescott filter

Hamilton filter

Variables Logit LPM Firth logit Logit LPM Firth logit
(1) (2) (3) (4) (5) (6)
Log(VIX) 1.178%F%  0.037**F*  1.198%** 0.208 0.010 0.230
(0.447) (0.012) (0.408) (0.578) (0.014) (0.398)
Real GDP growth 0.080 0.005*** 0.077* 0.113**  0.008***  (.112%**
(0.053) (0.001) (0.045) (0.045) (0.002) (0.039)
Change CB policy rate  0.004 0.000 0.005 0.002 -0.000 0.005
(0.004) (0.001) (0.012) (0.003) (0.001) (0.012)
Inflation 0.129** -0.000 0.157** 0.202** 0.000 0.217***
(0.058) (0.003) (0.073) (0.083) (0.004) (0.063)
Log(real exchange rate) -0.126  0.146™** -0.108 -0.308%#* 0.172%Fk  _(0.201***
(0.116) (0.051) (0.094) (0.101) (0.058) (0.098)
Bank credit (% of GDP) -0.003 0.001*** -0.002 0.009**  0.002***  (0.009***
(0.005) (0.000) (0.004) (0.004) (0.000) (0.003)
Log(GDP per capita) 0.568 0.143***  0.556** -0.229  -0.109%** -0.228
(0.384) (0.035) (0.245) (0.321) (0.040) (0.178)
CAP_REQ -0.748 -0.016%* -0.591 0.414 0.001 0.432%*
(0.576) (0.007) (0.439) (0.451) (0.008) (0.206)
SSCB -0.461 -0.006 -0.430 -0.033 -0.002 -0.025
(0.470) (0.006) (0.282) (0.186) (0.006) (0.132)
MAPP -0.238%*  -0.007***  -0.219** -0.129%* -0.003 -0.119%*
(0.097) (0.002) (0.101) (0.065) (0.002) (0.052)
Country fixed effects NO YES NO NO YES NO
Year fixed effects NO NO NO NO NO NO
Observations 2156 2156 2156 2134 2134 2134
Credit booms 61 61 61 79 79 79
Countries 40 40 40 40 40 40
Prob > chi-sq 0.0000 0.0000 0.0003 0.0013 0.0000 0.0003

(LPM: F-test)

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1
Notes: Table showing Logit, Linear Probability Model (LPM) and Firth logit estimations
with a binary dependent variable for bank credit booms. The boom threshold is 1.75 stan-
dard deviations in all estimations. The Hodrick-Prescott (HP) filter or the Hamilton filter is
used to identify credit booms. The MAPP index includes all five macroprudential instruments
(LTV_CAP, IBEX, CONCRAT, RR_D, and RR_FX) and the time period is 2000Q1-2014Q4.
Robust standard errors clustered by country for Logit estimations without country fixed effects.
All independent variables are lagged one quarter. The bank-capital-based prudential policies
are capital requirements (CAP_REQ) and sector-specific capital buffers (SSCB).
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Table A15: Correlation between banks’ SRISK, beta, and market capitalization

SRISK Beta Market Cap.
SRISK 1.0000
Beta 0.315%* 1.0000
Market Cap. 0.545%* 0.187* 1.0000

*signifies that the correlation is significant at the 5% level.
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Table A16: Estimations with macroprudential policy indexes and SRISK-to-GDP

Variables (1) (2) (3) (4) (5) (6)
Size 2.207F¥*  _2.072FF¥*F  2.140%FF*  _2.213%F*  2.209%*F*  _2.036%**
(0.297) (0.563) (0.291) (0.543) (0.300) (0.543)
Leverage 0.001 0.002%* 0.001 0.002%* 0.001 0.002%*
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Real GDP growth -0.302%**  -0.172*%** _0.320%**  _0.176*** -0.302*%** _0.171%**
(0.068) (0.062) (0.071) (0.062) (0.069) (0.063)
Market return -0.012%* -0.000 -0.006 0.003 -0.010* 0.000
(0.006) (0.006) (0.006) (0.007) (0.006) (0.006)
Volatility 0.106%** -0.020 0.116%** -0.018 0.111%** -0.18
(0.025) (0.032) (0.025) (0.031) (0.026) (0.032)
Non-interest income  0.005 -0.027 0.006 -0.028 0.004 -0.027
(0.044) (0.060) (0.044) (0.060) (0.043) (0.060)
Concentration 0.010 -0.021 0.022 0.017 0.010 -0.021
(0.022) (0.027) (0.022) (0.027) (0.022) (0.026)
MAPP -0.368*** -0.102
(0.080) (0.085)
MAPP B FI -0.296 0.073
(0.183) (0.258)
MAPP RR -0.465%** -0.164*
(0.101) (0.090)
Year fixed effects YES YES YES YES YES YES
Country fixed effects YES NO YES NO YES NO
Bank fixed effects NO YES NO YES NO YES
Observations 2958 2958 2958 2958 2958 2958
Countries 54 54 54 54 54 54
Banks 387 387 387 387 387 387
R-squared 0.5425 0.8148 0.5393 0.8146 0.5428 0.8150

Robust standard errors in parenthesis. ***p<0.01, **p<0.05, *p<0.1
Notes: Table showing OLS regressions with SRISK scaled by real GDP as the dependent vari-
able. The MAPP index includes all five macroprudential instruments (LTV_CAP, IBEX, CON-
CRAT, RR_D, and RR_FX). Moreover, the sub-index MAPP_B_FI is the sum of LTV_CAP,
IBEX, CONCRAT. In addition, MAPP RR include both reserve requirement instruments
(RR_D, and RR_FX). Macroprudential indexes measure the cumulative sum of tightenings net
of easings since 2000 (Akinci Olmstead-Rumsey, 2017). The time period is 2000-2015 and all
independent variables are lagged one period. The standard errors are clustered for banks.
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Table A17: List of countries for credit booms

Advanced countries

Developing countries

Australia
Austria
Belgium
Canada
Czech Republic
Denmark
Finland
France
Germany
Greece

Hong Kong
Ireland

Israel

Italy

Japan
Luxembourg
Netherlands
New Zealand
Norway
Portugal
Singapore
South Korea
Spain
Sweden
Switzerland
United Kingdom
United States

Brazil

China
Colombia
Hungary
India
Indonesia
Malaysia
Mexico
Poland
Russia

Saudi Arabia
South Africa
Thailand
Turkey
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Table A18: List of countries for systemic risk

Advanced countries #Banks Developing countries #Banks
Australia 6 Argentina 4
Austria 6 Brazil 5
Belgium 4 Chile 6
Canada 8 China 25
Czech Republic 2 Colombia 4
Denmark 5) Croatia 2
Finland 2 Hungary 2
France 14 India 40
Germany 10 Indonesia 11
Greece 8 Kuwait 5
Hong Kong 7 Lebanon 2
Ireland 5 Malaysia 9
Israel 4 Mexico 4
Italy 18 Nigeria 3
Japan 31 Peru 5
Luxembourg 1 Philippines )
Malta 2 Romania 2
Netherlands 4 Russia 7
Norway 3 Saudi Arabia 10
Portugal 4 South Africa 6
Singapore 3 Thailand 7
Slovak Republic 1 Turkey 13
Slovenia 1 Ukraine 2
South Korea 9 Vietnam 3
Spain 11

Sweden 5

Switzerland 11

Taiwan 18

United Kingdom 8

United States 67
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Figure A1l: Average growth rate of real domestic bank credit around boom episodes
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Figure A2: Average real growth rate of GDP around good boom episodes
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Figure A3: Average real growth rate of GDP around bad boom episodes
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Figure A4: Median ratio of household and firm credit (% of GDP) around good booms
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Figure A5: Median ratio of household and firm credit (% of GDP) around bad booms
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Figure A6: Distribution of credit booms with different thresholds between 2000Q1-
2014Q4
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Figure A7: Macroprudential policy indexes (averages) in advanced countries

0 |
o
o —
w M_\;_\______,——/——————\
I T T T T
2000q1 2005q1 2010q1 2015q1
Quarter
Loan-to-ValueCap == ————- Concentration Limits
----------------- Interbank Exposure Limits —— —— — Reserve Requirements (local)
—--— Reserve Requirements (foreign)

Figure A8: Macroprudential policy indexes (averages) in developing countries
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