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Abstract
Credit booms have been found to be one of the best predictors of banking crises in both advanced and
developing countries. The ultimate objective of macroprudential policies is to avoid macroeconomic
costs linked to financial instability. Consequently, the purpose of this study is to investigate whether
macroprudential policies have been effective to deal with credit booms in 41 advanced and developing
countries between 2000Q1 and 2014Q4. Most of the previous empirical literature with cross-country
data assess the effectiveness of macroprudential policies in curbing credit growth. However, in this study
logit 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 causation 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 including five different macroprudential
policy instruments is negatively and significantly associated with domestic bank credit booms.
Moreover, two sub-groups of aggregate indexes with borrower- and financial institution-based
instruments or reserve requirement instruments are also found to be negatively linked to the occurrence
of bank credit booms. The results for aggregate indexes are robust to the inclusion of country and year
fixed effects. In addition, individual reserve requirement instruments with local or foreign currency
denominated accounts are also found to have negative and significant coefficients. This is one of the
first studies showing that macroprudential policies are also effective to reduce the likelihood of
specifically those credit booms that are followed by systemic banking crises. In addition, both individual
and aggregate indexes with macroprudential policies are found to be effective to reduce the likelihood
of booms in household credit. Finally, the results hold for several robustness tests such as estimations
with different time periods, country groups and an alternative method to identify credit booms.
JEL classification: E58, G01, G18, G28
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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 indebtness is a key predictor of banking crises. Jordà, 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. (2012a) find that around one third of the credit booms
in their sample are 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, Rancière, 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 Nicolò 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. (2012a) 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 Ordoñez (2016) show that credit booms begin with an increase in
productivity which falls much faster during booms followed by crisis. Moreover, several studies for
example Mian and Sufi (2014) and Büyükkarabacak 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 (Jordà et al., 2016). Finally, Richter et al.
(2017) find that credit booms associated with house price booms and increasing loan-to-deposit ratios
are considerably more likely to be followed by a 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 several 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.,
2012a).
However, the effectiveness of monetary policy to mitigate rapid credit growth is limited by several
factors. 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 problematic since credit booms
often occur during tranquil macroeconomic conditions as for example in the United States before the
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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 intervention is completely sterilized (Dell’Ariccia
et al., 2012a). 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 (Rancière
et al., 2008).
The empirical evidence for that monetary policy is effective to address credit booms is in general
weak. Dell’Ariccia et al. (2012a) find that the coefficient of monetary policy tightening is unstable and
rarely significant. This suggest 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., 2012a). 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 is
problematic when addressing credit booms that requires a timely response. Dell’Ariccia et al. (2012a)
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 address credit booms
compared to monetary and fiscal policy. The main objective of macroprudential 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. (2012a) conduct an empirical exercise and find
promising results 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 borders 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. Finally, Dell’Ariccia et al.
(2012a) conclude that macroprudential policies show promise to address credit booms but more
analysis is needed to assess their effectiveness.
The main purpose of this study is to systematically investigate whether macroprudential policy
instruments are useful to deal with credit booms. Moreover, it is particularly important to examine
whether the macroprudential instruments are effective to reduce the likelihood of credit booms
associated with systemic banking crises. In addition, the study also aims to shed light on whether
macroprudential tools influence the occurrence of booms in other types of credit.
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The paper is organized as follows. Chapter 2 review the empirical literature on macroprudential
policies. Moreover, chapter 3 describe the data, the empirical approach and the method used to
identify credit booms. Descriptive statistics for aggregate macroprudential indexes and individual
instruments is provided in chapter 4. The main results are presented in chapter 5 and robustness tests
are reported in chapter 6. Finally, chapter 7 summarizes the main findings in the paper.
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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 macroprudential policies and
capital flow 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 (2017) construct a database with macroprudential instruments 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 shows that macroprudential instruments have
been use much more frequently in both advanced and developing countries after the global financial
crisis. Moreover, the authors 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 seems to be more effective particularly in countries with
bank-based financial systems.
Fendoğlu (2017) examine the effectiveness of macroprudential instruments for mitigating 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 domestic 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. (2012a) is also used as dependent variable. The results suggest that borrowerbased 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. (2012a) 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 deviation from trend is greater than
1.5 times its standard deviation and the annual growth rate of the credit-to-GDP ratio exceed 10%, or
(ii) the annual growth rate of the credit-to-GDP ratio exceeds 20 percent. The aggregate
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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.
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3. Empirical strategy
3.1. Data
The dataset encompasses quarterly data for 41 advanced and developing countries during the period
1970Q1-2014Q4. 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). The five macroprudential 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 macroprudential 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 (2017) argues 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 Macroprudential 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 (2015), Kuttner 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% 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 nonbank financial institutions (Cerutti et al., 2017b).
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Reserve requirements (RR) are typically used to conduct monetary policy. However, Cordella et al.
(2014) show that these instruments have also been applied as countercyclical 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 indicate whether deposit
accounts are denominated in domestic or foreign currency.
The individual macroprudential policy instruments are included in three aggregated indexes. The index
mapp_c is the sum of the cumulative indexes for all five macroprudential policy instruments.
Moreover, the borrower- and financial institution- based instruments LTV caps, concentration limits
and interbank exposure limits are included in the aggregate index mapp_b_fi. In addition, an aggregate
index mapp_rr_c is the sum of the reserve requirements on local and foreign currency-denominated
deposit accounts. The measures for reserves requirements have been restricted to only take values 1 or
-1 for tightenings and easings of the policies in the aggregate indexes mapp_c and mapp_rr_c.
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, the lagged growth rate of credit is included. Finally, 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.
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Table 1. Variable definitions and sources
Variable

Definition

Source

cum_ltv_cap

Cerutti et al. (2017b)

log_vix
rgdp_growth
change_cb_policy

Cumulative change (sum of easings net of tightenings) in the
Loan-to-Value (LTV) cap.
Cumulative change in the interbank exposure limit. Limits
banks exposures to other banks.
Cumulative change in concentration limits. Limits banks’
exposures to specific borrowers or sectors.
Cumulative change in reserve requirements on local currencydenominated accounts.
Cumulative change in reserve requirements on foreign
currency-denominated accounts.
Sum of cum_ltv_cap, cum_ibex, cum_concrat, cum_rr_local
and cum_rr_foreign. All individual instruments are adjusted
to have maximum and minimum changes of 1 and -1 in each
quarter.
Sum of cum_ltv_cap, cum_ibex and cum_concrat.
Sum of cum_rr_local and cum_rr_foreign. All individual
instruments are adjusted to have maximum and minimum
changes of 1 and -1 in each quarter.
Cumulative change in general capital requirements. This
index measures regulatory changes in the Basel Accords. The
assumption that the implementation of the Basel Accords
never loosens existing regulation implies that the index never
takes value -1.
Cumulative change in sector-specific capital buffers. This
index measures regulatory changes that are aimed at curbing
bank lending to specific sectors of the economy.
The log of the VIX index.
Growth rate of real GDP.
The quarterly change in the central bank policy rate.

cpi_inflation
log_gdp_cap
log_rer
bankcredit_gdp

Growth rate of the consumer price index.
Log of GDP per capita
Log of the real exchange rate
Ratio of domestic bank credit to GDP.

rbankcredit_growth

Growth rate of real domestic bank credit to the private sector.

hhcredit_gdp

Ratio of private sector household credit to GDP.

hhcredit_growth

Growth rate of real household credit to the private sector.

cum_ibex
cum_concrat
cum_rr_local
cum_rr_foreign
mapp_c

mapp_b_fi
mapp_rr_c

cum_cap_req

cum_sscb
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Cerutti et al. (2017b)
Cerutti et al. (2017b)
Cerutti et al. (2017b)
Cerutti et al. (2017b)
Cerutti et al. (2017b)

Cerutti et al. (2017b)
Cerutti et al. (2017b)

Cerutti et al. (2017b)

Cerutti et al. (2017b)

VIX Historical Price Data (CBOE)
IMF IFS
IFS Central Bank Policy rate if available
otherwise Discount Rate of Repurchase
Agreement Rate. ECB deposit facility
rate for Eurozone countries.
IMF IFS.
BIS, IMF IFS and World Bank Databank
IMF IFS.
Adjusted domestic bank credit to the
private non-financial sector divided by
GDP (BIS). Otherwise depository
corporations’ domestic claims on private
sector (IMF IFS) divided by nominal
GDP (World Bank WDI). All in LCU.
Adjusted domestic bank credit to the
private non-financial sector (BIS),
otherwise depository corporations’
domestic claims on private sector (IMF
IFS); divided by the GDP deflator
(World Bank WDI). All in LCU.
Adjusted household credit to the private
non-financial sector divided by GDP
(BIS).
Adjusted household credit to the private
non-financial sector (BIS); divided by the
GDP deflator (World Bank WDI). All in
LCU.

3.2. Empirical specification
Logit regressions with credit booms as the dependent variable are estimated with White-Huber robust
standard errors clustered by country. Moreover, estimations with country fixed effects (and year fixed
effects) are also performed to examine the robustness of the results. 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) are employed which gives an idea of a
country’s “macroprudential policy stance”. The reason cumulative indexes are used instead of
quarterly changes is because it is difficult to know when macroprudential policy instruments become
binding constraints which depend on financial conditions (Akinci and Olmstead, 2017).
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. Consequently, 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 2 and 3 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 one or more lagged coefficients of the
macroprudential policy indexes.
Furthermore, Akinci and Olmstead-Rumsey (2017) stress the fact that the macroprudential 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 influence 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 instruments use credit
growth as the dependent variable. However, there are three reasons for 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 credit growth 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 are conducted to assess whether macroprudential policies are more
effective when credit 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 12 in the appendix show preliminary 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 (2017).
The coefficient for the interaction term between the macroprudential index mapp_c (including all
macroprudential instruments) and the dummy variable for the top 25% of credit growth observations is
found to be negative and highly significant shown in columns 1 and 5 in table 12. Moreover, the
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interaction term with the dummy variable for the top 50% of credit growth observations is also found
to be negative but only significant 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. Moreover, the coefficient for interaction terms with the
dummy variable for top 25% of credit growth observations and sub-indexes mapp_b_fi and mapp_rr_c
are also negative and significant shown in columns 6 and 8. 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 peaking (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 systemic banking crises (bad booms).
This differentiation is important since it has been found by Richter, Schularick and Wachtel (2017) as
well as Gorton and Ordoñez (2016) that bad booms are fundamentally different from credit booms that
are not associated with systemic banking crises (good booms).
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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 (Calderón & Kubota, 2012). Moreover,
credit booms are estimated for a country only if 10 years of credit data without gaps are available.
Let fit be the deviation from the long-run trend in (the log of) real credit per capita in country (i) in
year (t), and let 𝜎(fit) be the country-specific standard deviation of this cyclical component. A credit
boom is identified when fit ≥ 𝜑𝜎(fit) for one or several quarters, where 𝜑 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 (Calderón & Kubota, 2012).
Caballero (2016) emphasize that a per capita normalisation is preferred to a normalisation 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 is supported by the data. Figure 1 illustrate the average behaviour of the real growth rate of
domestic bank credit ten years before and after a boom episode. The illustration shows that the real
growth rate of credit increases continuously up to the beginning of the credit boom (at time 0) and then
drops to a growth rate around zero. To conclude, the descriptive evidence suggests that the method by
Mendoza and Terrones (2008) is suitable to identify credit boom episodes.

Figure 1. Average growth rate of real domestic bank credit around boom episodes
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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 2. 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 in the
beginning of the period which is consistent with figures 2 and 3. The aggregate index mapp_c that
includes all five macroprudential instruments (i.e. LTV caps, concentration limits, interbank exposure
limits and reserves requirements on accounts denominated in local or foreign currency) show a clear
upward trend during the period. Figure 2 shows that the index mapp_c starts to increase more rapidly
around 2006 which coincide with an increasing frequency of credit booms. The rise in mapp_c in the
beginning of the global financial crisis is almost completely determined by an increase in the
aggregate index for reserve requirements (mapp_rr_c). Moreover, table 3 shows that the rise in
mapp_c is mainly caused by tightenings of reserve requirements on deposits denominated in local
currency. The aggregate index with borrower- and financial institutions-based instruments
(mapp_b_fi) display a more stable upward trend until 2009. From around 2010 there is a considerably
larger rise in the index mapp_c driven by an increase in both indexes mapp_rr_c 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.
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Figure 2. Aggregate macroprudential indexes (averages) and credit booms 2000Q1-2014Q4
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2005q1

2010q1
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Figure 3 illustrate the development of the five individual macroprudential policy instruments between
2000Q1 and 2014Q4. First, the borrower-based instrument Loan-to-Value caps show a relatively
stable upward trend until the end of 2009. However, starting in 2009 until 2014 the cumulative index
for LTV caps triples from around 0.5 to 1.5. Conversely, both financial institution-based 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 show 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.
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Figure 3. Macroprudential policy instruments (averages) 2000Q1-2014Q4
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5. Results
The results for logit regressions with aggregate indexes for macroprudential policy instruments when
the dependent variable is defined as a bank credit boom (1.75 s.d.) are shown in table 2. The aggregate
index mapp_c including all five macroprudential policies has a negative coefficient that is significant
at the 1% level for the estimation with robust standard errors by country (column 1). Moreover, the
coefficient for mapp_c is also negative and highly significant in the estimation with only country fixed
effects and with both country and year fixed effects (columns 2 and 3).
The aggregate index mapp_b_fi including LTV caps, concentration limits and interbank exposure
limits has a negative and significant coefficient in the estimation without and with country fixed
effects (columns 4 and 5). However, the coefficient is not significant for both country and year fixed
effects (column 6). Furthermore, the aggregate index for reserve requirements on local and foreign
currency-denominated deposit accounts mapp_rr_c has a negative coefficient significant at the 10%
level without country and year fixed effects (column 7). When only country fixed effects or both
country and year fixed effects are included the coefficient for mapp_rr_c is negative and significant at
least at the 5% level.
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 roughly 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 lagged coefficient for the real growth rate of domestic bank credit is positive and
highly significant. This suggest that the estimates of the lagged coefficients for the aggregate
macroprudential policy indexes represent the “macroprudential policy stance” during the upturn of the
credit boom episode and not the bust phase. Moreover, the fact that the results also hold for OLS with
fixed effects and when lagging the coefficients for the aggregate macroprudential indexes up to 6
quarters provide additional support for the robustness of the results. Consequently, the aforementioned
issue of reverse causality that negative coefficients is 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 (2017)
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 completely 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.
The inflation rate is found to be positive and significant in all estimations. Moreover, both real GDP
growth and the real exchange rate are positive and significant only for the estimations with country
fixed effects. The lagged coefficient of the change in the central bank policy rate is positive and
significant while the contemporaneous coefficient is negative and significant in estimations without
fixed effects. Finally, the level of bank credit to GDP is positive and significant with country and year
fixed effects.
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Table 2. Aggregate macroprudential indexes and bank credit booms

Notes: Table showing Logit estimations with a binary dependent variable for bank credit booms (1.75 s.d.). The HodrickPrescott (HP) filter is used to identify credit booms. The time period is 2000Q1-2014Q4. Robust standard errors clustered by
country for estimations without country fixed effects. All independent variables are lagged one quarter.

Results for individual macroprudential policy instruments are shown in table 3. The coefficient for
Loan-to-Value caps (cum_ltv_cap) is negative but not significant in any of the logit estimations.
Moreover, interbank exposure limits (cum_ibex) is negative and insignificant without country fixed
effects but positive and significant with fixed effects. However, the coefficient is not significant when
using OLS fixed effects. In addition, the coefficients for concentration limits (cum_concrat) are
negative in both estimations but not significant. It should be emphasized that when conducting the
estimations with OLS and country fixed effects the coefficients for both Loan-to-Value caps and
concentration limits are negative and significant at the 10% level.
Reserve requirements on local currency denominated accounts (cum_rr_local) is found to be negative
and significant at the 1% level both for logit and OLS estimations with country fixed effects.
Moreover, the coefficient for reserve requirements on foreign currency accounts (cum_rr_foreign) is
negative and significant for logit (but not OLS) estimation with country fixed effects. In addition, logit
estimations without country fixed effects yield negative but insignificant coefficients for both types of
reserve requirements.
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Table 3. Individual macroprudential indexes and bank credit booms

Notes: Table showing Logit estimations with a binary dependent variable for bank credit booms (1.75 s.d.). The HodrickPrescott (HP) filter is used to identify credit booms. The time period is 2000Q1-2014Q4. Robust standard errors clustered by
country for estimations without country fixed effects. All independent variables are lagged one quarter.
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5.1. Credit booms and banking crises
Credit booms have so far been treated as identical and no difference has been made between credit
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 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. (2012a) 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 4 and 5 illustrate the behaviour 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 to GDP up to the first quarter that is
above the threshold of 1.75 s.d. illustrated by the vertical line in figure 4. After the first quarter of the
good boom the ratio of credit to GDP stagnate for five years and then continues to climb.
Figure 5 show that the ratio of bank credit to GDP ten years before a bad credit boom start is 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 behaviour of the average real GDP growth five years before and after good and bad credit booms
is illustrated in figures 6 and 7. 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 begin 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.
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Figure 4. Average ratio of domestic bank credit to GDP around good boom episodes

Figure 5. Average ratio of domestic bank credit to GDP around bad boom episodes
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Figure 6. Average real growth rate of GDP around good boom episodes

Figure 7. Average real growth rate of GDP around bad boom episodes
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Table 4 shows results for logit estimations with good booms and bad booms separately. The
coefficients for the aggregate macroprudential policy instruments mapp_c, mapp_b_fi and mapp_rr_c
are negative and significant for bad credit booms. However, none of the three macroprudential policy
indexes are significant in the estimation with country fixed effects for bad credit booms which might
be due to relatively few credit boom observations. The aggregate index mapp_c is negative and
significant both with and without country fixed effects for good credit booms. In addition, the indexes
mapp_b_fi and mapp_rr_c have negative and significant coefficients only for estimations with country
fixed effects.

Table 4. Aggregate macroprudential indexes and different types of bank credit booms

Notes: Table showing Logit estimations with a binary dependent variable for bank credit booms (1.75 s.d.). The HodrickPrescott (HP) filter is used to identify credit booms. The time period is 2000Q1-2014Q4. Robust standard errors clustered by
country for estimations without country fixed effects. All independent variables are lagged one quarter. A boom that is
followed by a systemic banking crisis within three years after the boom has ended is defined as a bad boom otherwise it is a
good boom.
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5.2. 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,
Büyükkarabacak and Valev (2010) investigate the role of household and corporate credit expansions in
banking crises for 37 developing and advanced countries. 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. Corporate credit has a statistically significant effect on the probability of a subsequent
banking crisis although it is weaker and less robust (Büyükkarabacak and Valev, 2010).
Jordà, 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 (Jordà et al., 2016).
Figure 8 illustrate that the ratio of household credit to GDP does not increase during the ten years
preceding a boom in domestic bank credit that is not followed by a systemic banking crisis (good
boom). However, figure 9 show that household credit as percent of GDP increase considerably before
a bank credit boom associated with a banking crisis. 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.
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 reduce 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 raise 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 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 “Economic 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.
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Figure 8. Average ratio of household credit to GDP around good booms in bank credit

Figure 9. Average ratio of household credit to GDP around bad booms in bank credit
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Table 5 show the results for aggregate indexes of macroprudential policy instruments and household
credit booms. 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 macroprudential policies since it addresses the issue of
circumvention discussed in the introductory chapter. The aggregate macroprudential index (mapp_c)
has a negative coefficient and is statistically significant at the 1% level in both the estimations with
and without country fixed effects. Moreover, the coefficient for the index with borrower- and financial
institution-based policies (mapp_b_fi) is also negatively and significantly associated with the
likelihood of household credit booms. Finally, the index for reserve requirements (mapp_rr_c) is only
negative and significant when including country (but not year) fixed effects.

Table 5. Aggregate macroprudential indexes and household credit booms

Notes: Table showing Logit estimations with a binary dependent variable for household credit booms (1.75 s.d.). The
Hodrick-Prescott (HP) filter is used to identify credit booms. The time period is 2000Q1-2014Q4. Robust standard errors
clustered by country for estimations without country fixed effects. All independent variables are lagged one quarter. The
measure for household credit include in addition to domestic bank credit also credit from non-bank institutions and crossborder credit.
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In table 6 the results for individual macroprudential instruments and household credit are shown. The
coefficients for loan-to-value caps (cum_ltv_cap) and concentration limits (cum_concrat) are negative
and highly significant for household credit contrary to the results for domestic bank credit (table 3).
However, only the coefficient for reserve requirements on local currency denominated accounts
(cum_rr_local) is found to be negative and significant for household credit, while both types of
reserve requirements are significant for bank credit.

Table 6. Individual macroprudential indexes and household credit booms

Notes: Table showing Logit estimations with a binary dependent variable for household credit booms (1.75 s.d.). The
Hodrick-Prescott (HP) filter is used to identify credit booms. The time period is 2000Q1-2014Q4. Robust standard errors
clustered by country for estimations without country fixed effects. All independent variables are lagged one quarter. The
measure for household credit include in addition to domestic bank credit also credit from non-bank institutions and crossborder credit.
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6. Robustness
To examine the robustness of the results it is essential to identify credit booms with different
thresholds. Figure 10 illustrate the frequency of credit booms for thresholds with 1.5, 1.75 and 2
standard deviations. The general pattern suggest that credit booms with a lower threshold are
significantly more frequent and occur for a longer time than booms with a higher threshold. Table 7
show that the number of credit boom episodes double 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 s.d. which is
only half of the number of episodes compared to for a boom threshold of 1.75. In short, the number of
credit booms and the magnitude of these booms differ considerably depending on whether the boom
threshold is 1.5, 1.75 or 2 standard deviations.
Table 7 show that the coefficient for the macroprudential policy index (mapp_c) is negative and
typically significant at least at the 5% level both for small credit booms (1.5 s.d.) and larger credit
booms (2 s.d.). The aggregate index (mapp_b_fi) including loan-to-value caps, concentration limits
and interbank exposure limits is also negatively and significantly associated with both smaller and
larger credit booms. In addition, the aggregate index for reserve requirements (mapp_rr_c) is only
negative and significant for credit booms with a threshold of 1.5 standard deviations. To conclude, the
findings suggest that macroprudential policies are effective to deal with both smaller and larger credit
booms.
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Figure 10. Distribution of credit booms with different thresholds between 2000Q1-2014Q4
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Bank credit boom (1.75 s.d)

Table 7. Aggregate macroprudential indexes and credit booms with different thresholds

Notes: Table showing Logit estimations with a binary dependent variable for bank credit booms with thresholds 1.5 or 2
standard deviations. The Hodrick-Prescott (HP) filter is used to identify credit booms. The time period is 2000Q1-2014Q4.
Robust standard errors clustered by country for estimations without country fixed effects. All independent variables are
lagged one quarter.

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 OlmsteadRumsey (2017). 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. The coefficient for the general macroprudential index
(mapp_c) is negative and significant during the periods both before and after 2007. However, the
coefficient for mapp_c is only significant in the later period when including country fixed effects. It
should be emphasized that more than two thirds of the booms occurred during the period 2007-2014.
Moreover, the index mapp_b_fi is only found to be negatively and significantly associated with credit
booms in the period after the crisis. In addition, the coefficient for the aggregate index for reserve
requirements (mapp_rr_c) is found to be negative and significant during the period both before and
after the global financial crisis.
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Table 8. Aggregate macroprudential indexes and estimations for different periods

Notes: Table showing Logit estimations with a binary dependent variable for bank credit booms (1.75 s.d.). The HodrickPrescott (HP) filter is used to identify credit booms. Separate estimations for periods 2000Q1-2006Q4 and 2007Q1-2014Q4.
Robust standard errors clustered by country for estimations without country fixed effects. All independent variables are
lagged one quarter.

Furthermore, Akinci and Olmstead-Rumsey (2017) report that a majority of the tightenings of
macroprudential policies during the period 2000-2013 were in emerging economies. Figures 11 and 12
illustrate the development of individual macroprudential policies for advanced and developing
countries separately. The index for Loan-to-Value caps display 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 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 compared to for developing countries as shown in figures
11 and 12. In advanced countries reserve requirements related to foreign currency deposits is basically
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
requirement on deposits denominated in local currency.
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Figure 11. Macroprudential policy indexes (averages) in advanced countries
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Figure 12. Macroprudential policy indexes (averages) in developing countries
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Following the approach by Cerutti et al. (2017a) separate estimations are made for advanced and
developing countries shown in table 9. One third of the 41 countries are classified as developing
countries and two thirds as advanced countries. The overall index (mapp_c) is found to be negatively
and significantly associated with credit booms both for advanced and developing countries. In
addition, the results for mapp_c hold also when including country fixed effects. Moreover, the index
for borrower- and financial institution-based macroprudential instruments (mapp_b_fi) is only
significant for developing countries but not for advanced economies. However, estimations with
country fixed effects show that the coefficient for mapp_b_fi is negative and significant at the 5%
level in advanced economies and at the 10% level for developing countries. Finally, the coefficient for
the aggregate index for reserve requirements (mapp_rr_c) is negative and significant only in
developing countries which is consistent with the pattern for the individual indexes in figures 11 and
12.

Table 9. Aggregate macroprudential indexes and estimations for different country groups

Notes: Table showing Logit estimations with a binary dependent variable for bank credit booms (1.75 s.d.). The HodrickPrescott (HP) filter is used to identify credit booms. Separate estimations for advanced (27) and developing (14) countries
over the period 2000Q1-2014Q4. Robust standard errors clustered by country for estimations without country fixed effects.
All independent variables are lagged one quarter.
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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 component (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 between the realized value (yt) 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) suggest that the residual can be obtained by conducting an OLS regression of
the following form:
𝑦𝑡 = 𝛽0 + 𝛽1 𝑦𝑡−ℎ + 𝛽2 𝑦𝑡−ℎ−1 + 𝛽3 𝑦𝑡−ℎ−2 + 𝛽4 𝑦𝑡−ℎ−3 + 𝑣𝑡
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 10 show the results for the aggregate macroprudential policy indexes and credit booms
identified with the Hamilton filter. The coefficient for the aggregate index for reserve requirements
(mapp_rr_c) is negative and highly significant for bank credit booms with thresholds 1.5, 1.75 and 2
standard deviations. Furthermore, the index for borrower- and financial institutions-based
macroprudential instruments (mapp_b_fi) is not significant in any estimations contrary to the findings
in tables 2 and 7. Finally, the general macroprudential policy index (mapp_c) has a negative
coefficient in all estimations but is only significant for credit booms with a threshold of 2 standard
deviations.
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Table 10. Credit booms estimated with Hamilton filter and different thresholds

Notes: Table showing Logit estimations with a binary dependent variable for bank credit booms with thresholds 1.5, 1.75 or
2 standard deviations. The Hamilton filter is used to identify credit booms. The time period is 2000Q1-2014Q4. Robust
standard errors clustered by country for estimations without country fixed effects. All independent variables are lagged one
quarter.
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6.2. Additional control variables in the analysis
It is important to verify whether the results hold when controlling for other prudential policies. Table
11 report results for estimations including general capital requirements (cum_cap_req) and an
aggregate index for sector-specific capital buffers (cum_sscb) as additional control variables. Data on
capital requirements and capital buffers has been collected 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, II.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 take 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 11. Estimations including bank-capital-based prudential policies

Notes: Table showing Logit estimations with a binary dependent variable for bank credit booms with thresholds 1.5, 1.75 or
2 standard deviations. The Hodrick-Prescott (HP) filter or the Hamilton filter is used to identify credit booms. The time
period is 2000Q1-2014Q4. Robust standard errors clustered by country for estimations without country fixed effects. All
independent variables are lagged one quarter. The bank-capital-based prudential policies are capital requirements
(cum_cap_req) and sector-specific capital buffers (cum_sscb).
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Table 11 show that the coefficient for the macroprudential index (mapp_c) is negative and significant
for credit booms identified with the Hamilton filter and boom threshold 1.75 (except when including
country fixed effects). The coefficient has a higher statistical significance compared to in table 10 for
the same boom threshold. In addition, the coefficient for mapp_c is negative and highly significant
both with and without fixed effects for booms generated with the HP filter. Moreover, the index
mapp_b_fi has a negative and significant coefficient only for the HP filter. Finally, the coefficient for
the index with reserve requirements (mapp_rr_c) is negative and significant only for the credit booms
based on the Hamilton filter.
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7. Conclusion
Credit booms have been found to be one of the most important determinants of financial crises in
advanced and developing economies. The ultimate objective of macroprudential policy is to avoid
macroeconomic costs related to financial instability. Consequently, the aim of this study is to
investigate whether macroprudential policies have been effective to deal with credit booms.
The results strongly suggest that aggregate indexes with macroprudential policies are negatively and
significantly associated with booms in domestic bank credit. Moreover, individual indexes for reserve
requirements denominated in foreign or local currency are also found to reduce the occurrence of
credit booms.
Furthermore, 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 financial crisis.
The empirical literature clearly show that household credit is much 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 polices on household credit and not only on the
aggregate measure with domestic bank credit. The results show that the aggregate macroprudential
indexes are negatively linked to the likelihood of household credit booms. Moreover, individual
policies such as loan-to-value caps and concentration limits are found to be negatively associated with
booms in household credit.
Finally, 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, estimations 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.
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Appendix
Table 12. GMM estimations with aggregate macroprudential indexes

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 (2017). The time
period is 2000Q1-2014Q4. All independent variables except the VIX index are lagged one quarter. 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%).
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