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1 Introduction1

Following the financial downturn of 2008, financial policymakers came under height-2

ened pressure to find a new set of rules to regulate bank behaviour and hold bank3

incentives under check. Prior to that, the (relatively) loose set of rules had al-4

lowed banks to change the composition of the balance sheet as well as expand it5

beyond anything seen before. Moreover, a growing international consensus emerged6

on the need to re-orientate the regulatory framework to place stronger emphasis on7

the mitigation of risks in the financial system as a whole. But rather than taking8

away powers from the micro bank-level oriented regulation, the new macropruden-9

tial policy is supposed to complement it and tackle issues beyond the reach of the10

micropudential rulebook.11

One class of policies is the capital-oriented regulation of the Basel III Accord and12

the EU Regulation on Macroprudential Supervision.1The aim of this policy-set in-13

cludes provision for dampening cyclical over-exuberance through a regime of capital14

buffers on top of prevailing microprudential regulatory capital requirements. The15

primary aim of these capital buffers is to prevent excessive build-up in credit (stock)16

in order to generate greater self-insurance for a system as a whole by increasing17

the buffer during a credit boom. Conversely, in busts, this buffer could be lowered18

in order to provide incentives for banks to increase their credit lines and reduce19

the likelihood of a collective credit contraction. Sector-specific capital requirement20

allows the competent authority, in addition, to change buffers on exposures to spe-21

cific sectors of the economy, thereby only mitigating the risks in those sectors where22

credit is growing quickly without dampening credit to the rest of the economy.23

In Spain, the Countercyclical Capital Buffer (CCyB) is currently set at 0, but24

that is likely to change at some point in the future as the situation evolves. In25

addition, following the new regulatory architecture in the Euro Area, the ECB has26

the power to top-up the capital buffers in order to counteract a (possible) inaction27

bias on the part of the national competent authorities. In the case of Spain, the28

top-up is also currently neutral. However, as soon as the Spanish economy and29

credit start to pick up, the attention and temptation of both policy-makers to raise30

the buffer will also increase. As a result, there is also an increasing interest in31

understanding the way capital ratios are likely to affect the economy. While there32

is a body of empirical literature examining the effects of financial market conditions33

1CRDIV and CRR
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(or indirect policies, such as taxes) on credit supply, there is very thin literature on 1

the direct impact of capital regulation on loans, bank balance sheet and the broader 2

economy. The studies that do examine these impacts either do it in a theoretical 3

(DSGE) model, or in a micro-econometric framework. There are some very recent 4

empirical macroeconomic studies examining the impact of changes in capital-based 5

regulation on credit. Albeit they are very interesting and insightful, they take an 6

agnostic identification approach with respect to regulatory shocks. In addition, 7

the studies have a cross-country comparison purpose, and thus do not dig deep into 8

specificities of a country, like in the event study of this paper. Lastly, the time-series 9

sample they use is significantly shorter to the one we use here. 10

The method of analysis that we propose in this paper focuses on the structural 11

economy-wide impact from changes in capital buffers. In particular, we are inter- 12

ested in idetifying changes in bank behaviour triggered by changes in regulatory 13

capital and proceed to measure the impact such changes have on the rest of the 14

economy. Thus it significantly differs from existing aggregate empirical studies on 15

economy-wide impact where alterations in bank behaviour are triggered by other 16

(market-induced) factors (as in Hristov et al (2012). Eickmeier and Ng (2015), 17

Mumtaz et al (2015), Gambetti and Musso (2016) amongst others), or policies that 18

only indirectly may impact credit supplied by banks, such as tax or monetary pol- 19

icy (see Tamasi and Valagi (2011), Barnett and Thomas (2012) for further details). 20

Moreover, our study has a financial stability focus since we are strictly interested in 21

the system-wide impact of regulation and in the combined sector-level adjustments, 22

and not on adjustments of individual banks or heterogeneities within the sector (see 23

De Jonghe et al (2016) or Jimenez et al (2017) for examples of the latter). We em- 24

ploy sign restrictions to identify a genuine credit supply shock that originates from 25

a change in bank capital regulation. Albeit we impose that credit supply will de- 26

crease following an increase in capital buffers (or system-wide capital requirements), 27

the identification scheme is not very restrictive since we only require the model to 28

fully comply with the sign restrictions for one quarter. All subsequent impacts are 29

data-driven only. 30

We estimate the structural Vector Autoregressive (SVAR) model using standard 31

Bayesian methods augmented with a penalty function that penalizes draws with 32

undesired sign restrictions. This method is computationally more demanding than 33

the standard rejection method, but is preferred for two reasons. First, the impulse 34

responses are empirically less biased since they are not a result of a binary choice 35
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mechanism, but are more representative of the true underlying data-generating pro-1

cess. Second, it is more information efficient since it uses information on the entire2

distribution of impulse responses, but penalizes those who are not in line with the3

assumed sign-restriction scheme. In addition, in spirit, the method is closer to the4

pure Bayesian approach since it allows the data to draw inferences about the pos-5

teriors without providing too much space for the researcher to excessively interfere6

in the direction of the computational process.7

We find that a 1p.p. increase in bank capital ratio due to changes in regulatory8

requirements reduces credit to firms by 1,1p.p., credit to households by 1p.p., excess9

return of bank shares by 2p.p., and GDP by 0,35p.p.. For big firms, there is some10

substitution away from bank financing to market financing amid capital increases11

since the issuance of bonds increases by 2,2p.p.. However, the overall impact on12

the macroeconomy (in the short-run) remains negative since only the big firms have13

access to bond markets. Shock to capital buffer is important for driving the model14

since it explains between 15 and 20p.p. of the total variation in the other model15

variables, no matter what specification or time period we use.16

During crises periods, this estimated impact is even more profound (or negative).17

For instance, if we include the sovereign debt crisis period, the negative impact of18

the shock on firm credit increases to 1,5p.p., leading to a larger fall of the excess19

return (-2,1p.p.). The total impact on GDP is also larger and statistically significant20

at -0.4p.p..21

Lastly, we conduct a series of conditional projections at various cut-off dates22

using the estimated model in order to understand the role that expectations play23

for the conduct of capital regulation policy. We find that there are major economic24

benefits from holding higher ex ante bank-system capital ratios and adopt a more25

gradual approach in implementing capital requirements. At the same time, there is a26

solid role for expectations in the implementation of capital regulation. For the same27

capital regulation, an expectation of loose financial conditions results in less costly28

implementation of such regulation compared to a scenario with expectations of tight29

financial conditions and macroeconomic downturn. These results provide support for30

the principle of countercyclical capital regulation since the macroeconomic benefits31

of such regulation are the highest.32

The rest of the paper is organized as follows. Section 2 provides a broad overview33

of the Spanish system including the evolution of the regulatory system over the34

past two decades. Section 3 focuses on the econometric approach, while results are35
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discussed and analyzed in Section 4. Finally, some concluding remarks for Section 1

5. 2

2 Literature review 3

The literature on the impact of macroprudential tools is new, but quickly growing. 4

Since the introduction of the novel tool-kit in 2011, a number of studies have tried 5

to measure the impact of these measures on the total credit supply, corporate sec- 6

tor variables, and the reso of the economy. In this respect, Jimenez et al (2016) 7

measure the impact of dynamic provisioning in capital between 2000 and 2012. Ap- 8

plying difference-in-difference methods on a unique loan-level data and at specific 9

treatment dates, they show that there are significant differences in how Spanish 10

banks react to dynamic provisions over the cycle. In good times, banks don’t reduce 11

their supply of credit to firms. In turn, assets, survival rate, and employment at 12

firms is neither affected. However, they do find some heterogeneity in impact, since 13

smaller firms and banks are more affected by higher requirements, which struggle 14

more to absorb the shocks. In bad times, on the other hand, the contraction in credit 15

is wider and more significant. Credit contracts for those firms that borrowed more 16

from banks that were hit. In a similar type of study, but using Belgian bank-and 17

loan-level data from 2013:Q1-2015:Q4, DeJonghe et al (2016)find that an increase in 18

the required/actual capital requirement shrinks mortgage and term lending, hold- 19

ing of securities, deposit collecting, and bank balance sheet at the same time as 20

cost of credit rise substantially. Moreover, the joint increase in actual and required 21

capital leads to heavy credit supply contraction across all corporate credit lines. 22

However, they find that this contractionary effect is strongest for smaller, riskier or 23

less profitable banks which has the strongest impact on large, risky and low borrow- 24

ing cost firms. Gropp et al (2018) perform a similar difference-in-difference analysis 25

but using the EBA 2011 stress test data and show that treated banks reduced their 26

exposures to corporate and retail borrowers. At the same time, they reduced their 27

risk-weighted assets by asset shrinkage rather than via increasing equity. Moreover, 28

banks included in the capital exercise reduced their credit supply of syndicated loans 29

by 17 percentage points more compared to banks in the control group. 30

The majority of these studies show that credit supplied by banks decreases fol- 31

lowing a general increase in capital requirements, but that there is significant hetero- 32

geneity by how much each bank reduces the loan supply, and how firms are affected. 33
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The contractionary effects seem to be stronger during downturns. Moreover, there1

seems to be some (albeit weak) evidence that there are some wider effects of these2

contractions in the rest of the economy. The main shortcoming of these studies3

is that they are based on a very short sample, focusing on a very narrow cycle or4

financial period. They are meant to be thought of as case studies or natural ex-5

periments rather than a general insight into the financial and economic impact of6

(macroprudential) capital measures. Moreover, their focus is to describe in-sample7

heterogeneities rather than to explore the aggregate implications from changes in8

regulatory requirements. For this, another identification strategy is necessary.9

Turning to purely (time-series) aggregate-level studies on the macroeconomic10

impact from changes in credit supply (or credit supply shocks), there are not many11

studies so far. Most of them do not focus on changes in credit supply originating12

from regulatory requirements, but instead focus on supply shocks originating from13

other sources. In this respect, Hristov et al (2012). Eickmeier and Ng (2015), Mum-14

taz et al (2015), Gambetti and Musso (2016) examine the macroeconomic impact15

from credit supply shocks that are generated from markets. Alternatively, there are16

papers that examine the impact of credit supply shocks that are either triggered17

from market movements or policy changes, as in Tamasi and Valagi (2011), Barnett18

and Thomas (2012). However, the policy choices considered in these studies (tax and19

monetary) only indirectly affect the credit supply, since they are not directly aimed20

at altering bank balance sheet, or their supply of credit. The few studies that ex-21

amine the economy-wide impact from regulatory changes are Gross et al (2017) and22

Budnik et al (2018). The first paper does it within a Global Vector Autoregressive23

(GVAR) framework, and the second within a Factor Augmented Vector Autore-24

gressive (FAVAR) model. Both models are large and identify impact of changes in25

capitla regulation in a large number of ocuntries. The focus in both papers is on26

cross-country comparisons of impacts on credit and output. The drawback of both27

models is that they disregard the time-variation in the impacts over the different28

phases of the cycle or discrimination of the cycles. Their sample is too short to allow29

for reasonable time-variation. Moreover, the models disregard country-specific het-30

erogeneities since they assume that the changes in capital regulation are equivalent31

and standard across the sample countries.32

This paper overcomes these drawbacks and innovates in a number of ways. First,33

we only consider one country, but over a much longer period of time. Our sample34

stretches from 1993:Q1-2015:Q4.The policy changes are directed towards one and35
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same banking system during this period, at the same time as the economic drivers be- 1

hind booms and busts have been very similar over the sample period. Moreover, our 2

sample stretches as far back to include the first implementation of the international 3

standardized banking regulation, or Basel I. Besides, we identify a genuine policy 4

shock using a robust identification scheme (based on Noss and Toffano (2016)), that 5

we also test against alternative recursive one. The scheme is cast in a Bayesian 6

SVAR model that is estimated with information-intensive and highly data-driven 7

method. Thus, the inference from this model is truly Bayesian in spirit since the in- 8

terference from our priors is kept to a minimum. Hence, while the shock is carefully 9

identified, the interference with the empirical model is kept to a necessary minimum 10

by requiring the model to comply with the scheme for only one quarter at the same 11

time as applying a truly data-driven estimation method. To conclude, we perform 12

a series of counterfactual exercises both in and out-of-sample using local projection 13

methods to examine the impact of different bank-system capital levels on financial 14

(and economic) stability over booms and busts. As far as we are aware, this has 15

not yet been done in the empirical literature on regulatory requirements and policy 16

impact assessment, but has a robust theoretical counterpart in the DSGE literature. 17

3 Overview of banking and bank regulation in 18

Spain 19

Countercyclical capital buffers are not in place over the sample period of our database, 20

but the introduction of a capital buffer would be equivalent to an increase in capital 21

requirements for, say, microprudential reasons. Eventually, all these prudential deci- 22

sions take the form of an increase in capital requirements, regardless of whether they 23

are introduced through Pilar 1, Pilar 2 or additional buffers. This is the equivalence 24

that we exploit to infer the potential impact of an increase in the Countercyclical 25

Capital buffer, but our findings would also apply to any other form of increase in 26

capital requirements. 27

28

As many other European countries, Spains financial system is largely dominated 29

by banks. Total consolidated assets of domestic banks represented close to 300p.p. 30

of Spains GDP as of Q3 2016 (ESRB Risk Dashboard). In contrast, the non-bank 31

financial sector (insurance companies, pension and investment funds) represents a 32
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Total assets

2008:XII 2016:XII
Commercial-banks(domestic) 1472510591 1437102169
Commercial-banks(foreign) 332029047 156649372

Savings-banks 1324018388 866930495
Credit-cooperatives 124007620 149115644

Total assets in p.p.

2008:XII 2016:XII
Commercial-banks(domestic) 45 55
Commercial-banks(foreign) 10 6

Savings-banks 41 33
Credit-cooperatives 4 6

Table 1: Distribution of total financial sector assets by type of institution. The
numbers represent millions of Euros.

much smaller fraction of GDP. Therefore, Banks play a strong role in the provision1

of credit to the Spanish economy. However, the structure of the Spanish banking2

system has changed dramatically after the 2009-2013 systemic crisis. Up to the3

beginning of the crisis, three types of institutions were the main players: commercial4

banks, savings banks and, to a much smaller degree, credit cooperative banks. In5

terms of total assets held by each type of institution in Table 1, at the onset of6

the crisis in 2008:XII, 45p.p. of total assets of the financial sector in Spain were7

held by domestic commercial banks, 41p.p. by savings banks, and 4 p.p. by credit8

cooperatives. 8 years later, by 2016:XII, the share of commercial banks had increased9

by 10p.p., while those of savings banks had fallen by 8p.p.. Hence, currently more10

than half of total financial sector assets are held by commercial banks, while a third11

is held by what was formerly known as savings banks. If instead of assets we focus12

on credit to non-financial sector, the relative shares between the institution types13

remain largely the same (see Table 2).14

This structure was the result of a profound liberalization that took place be-15

tween the 1970s and the 1980s, in which the banking system was transformed from16

a strongly regulated oligopoly to a highly liberalized in which different actors could17

freely compete in prices and services (Salas and Saurina, 2003). Entry in the Eu-18

ropean Union further intensified the liberalization of the Spanish economy (Santos,19

2014). Specifically, after a first wave of commercial banks mergers, the creation20

of the European Single Market unleashed another wave of national mergers. Af-21

terwards, the resulting two biggest institutions (Santander and BBVA) continued22

growing through international expansion.23
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Total credit

2008:XII 2016:XII
Commercial-banks(domestic) 700569000 610244376
Commercial-banks(foreign) 149045135 83341625

Savings-banks 908787444 482466293
Credit-cooperatives 96150538 85035848

Total credit in p.p.

2008:XII 2016:XII
Commercial-banks(domestic) 38 48
Commercial-banks(foreign) 8 7

Savings-banks 49 38
Credit-cooperatives 5 7

Table 2: Distribution of credit to other non-financial resident sectors (excludes public
administration) by type of institution. The numbers represent millions of Euros.

Meanwhile, savings banks were operationally similar to commercial banks, but 1

they had a much more complex and rigid governance structure. They were also 2

affected by structural restrictions that limited their ability to strengthen their capital 3

to only retained earnings (BdE, 2017). As these institutions expanded out of their 4

traditional geographical areas, some of them started relaxing their credit standards 5

and risk management procedures. Furthermore, many of them funded their growth 6

by issuing covered bonds to international investors. As the financial crisis erupted, 7

international investors fled and the domestic real estate market collapsed, a severe 8

banking crisis ensued in Spain, which forced the recapitalisation of a large number 9

of savings banks and their transformation into commercial banks. 10

In terms of solvency regulation, Basel I was published in 1988 and inspired the 11

EU directives that were later transposed to the Spanish legislation. From the end 12

of 1992, Basel I was fully incorporated to Spanish banking regulation. One of its 13

main elements was the introduction of a minimum solvency requirement of 8p.p.. 14

Later on, Basel II, which was adopted by European directives in 2006, introduced 15

a more risk-sensitive capital framework. Its transposition to the Spanish regulatory 16

framework was started in 2007 and was finalised in 2008, at the same time as the 17

financial crisis began. 18

In parallel to solvency regulation, accounting regulation also experienced sub- 19

stantial progress in Spain. Banco de Espaa has accounting regulatory powers for 20

credit institutions since 1989. In 2000, Banco de España introduced dynamic pro- 21

visions to reduce the procyclicality of credit risk provisions. In 2004, Banco de 22

España adapted the Spanish accounting framework to the new international stan- 23
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dards, keeping the prudential elements of the Spanish system, such as dynamic1

provisions.2

In sum, the evolution of the Spanish banking system reflects a combination of3

global factors, including the adoption of different international regulatory frame-4

works, and domestic factors, such as an original provisioning system, and a partic-5

ular structure that was dramatically changed as a result of a banking crisis from6

2009 to 2013. All this offers a very interesting testing ground to study the impact7

of changes in capital requirements8

4 Econometric approach9

To estimate the impact of increases in capital requirements on credit, corporate10

bonds and output, we use the standard Structural Vector Autoregressive model, or11

SVAR. The model is ‘top-down’ in the sense that it uses aggregate capital data12

across all Spanish resident banks and other national macro-variables in order to13

estimate the ‘deep’ relationship between them. This is achieved by a combination14

of a simultaneous equation system involving all model inputs and an estimation of15

their past statistical (cor)relation. The model becomes structural as soon as we16

identify the shocks in the system using a theory-based criterion. We will proceed to17

describe each step in further detail.18

4.1 VAR models19

We follow Uhlig (2005) in defining our SVAR model. Further details can be found20

in the appendix. We start with a generic VAR model:21

Yt = B0 +B1Yt−1 +B2Yt−2....+BjYt−j + ut (1)

where Yt is an mx1 vector of data at date t = 1 − j, .....T , B0 is a constant of22

size m ∗ 1, Bj are m ∗m coefficient matrices and ut is a one-step ahead prediction23

error with Σ = E[u‘tut], its variance-covariance matrix.24

Let xi, i = 1, ...m be the normalized eigenvectors of Σ and λi, i = 1, ...m be the25

corresponding eigenvalues. In addition let a be a vector. Then there are coefficients26

αi, i = 1, ...m (Σm
i=1α

2
i = 1) such that: 1

a = Σm
i=1(αi

√
λi)xi (2)
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Vector a is thus an impulse vector, i.e. it can be shown that there exists A 2

such that AA‘ = Σ and so that a is a column of A. In this vector, there are m− 1 3

degrees of freedom in picking an impulse vector, and so they cannot be arbitrarily 4

long.2 5

Next, we wish to compute an impulse response given the impulse vector a. Let 6

a = [a‘, 01,m(l−1)]
‘, B is the VAR coefficient matrix, and 7

Γ =

[
B‘

Im(l−1) 0m(l−1),m

]
8

and compute rk,j = (Γka)j, k = 0, 1, 2... to get the response of variable j at 9

horizon k. The variance of the k-step ahead forecast error of the impulse vector a 10

is obtained by simply squaring its impulse responses. Moreover, summing over all 11

aj, with aj being the j-th column of some matrix A (A;A = Σ) delivers the total 12

variance of the k-step ahead forecast error. Finally, we assume that the errors u are 13

independent and normally distributed. 14

The exact content of our impulse response vector to a shock in capital supply 15

will be defined below. 16

4.2 Identification scheme 17

Noss and Toffano (2016) noted that the above type of models fail to disentangle 18

adequately shocks to banks’ capital ratios consistent with a change in regulatory 19

requirements. More specifically, if only a shock to capital is considered, then this 20

shock may be associated with (or caused by) a positive shock to realised profits, and 21

thus increase bank lending (or a capital demand shock), or equally, the increase in 22

capital may lead to a lending contraction due to increased microprudential capital 23

increases (or a capital supply shock), as identified in Bridges et al (2014).3Thus, 24

other than the fact that capital increases in both cases, these two events are very 25

distinct. Nevertheless it is impossible to separate these two cases by simply looking 26

at the data.4 27

Looking from the perspective of banks, an increase in banks’ capital does not1

2Cauchy-Schwarz inequality implies that ‖a‖ ≤
√

Σm
i=1|λi|‖xi‖2.

3Another way of viewing capital demand shock is that investors’ belief in the banks’ reduced
risk is higher than banks’ funding costs, making banks look more solid and results in an increase
in demand for credit from those banks. Thus investors’ risk perception, or risk factor is at the core
of that mechanism.

4Because these shocks co-habit with other developments, such as technological change, changes
to creditworthness, or other similar, as well as the fact that regulatory changes have in the past
been rare events.
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necessarily result in a reduction to lending if it does not increase banks’ overall cost2

of funding. However, in a world where firms’ financing composition is not neutral,3

the extent to which the resulting increase in banks’ funding cost is not fully offset4

by investors’ belief in a reduced risk-profile of the bank, banks are likely to pass5

on this cost on to borrowers by raising the interest rate on loans, decreasing the6

quantity of credit, or both. The resulting reduction in the quantity of credit could7

be accompanied by a reduction in their profitability, and thus return on equity.8

To isolate the credit supply shock driven by increased capital requirements, we9

impose a specific vector of restrictions on the variance-covariance matrix Σ specified10

in Table 3. These restrictions impose a negative sign on credit and bank equity11

prices, and a positive sign on issuance of bonds by non-financial private companies.12

The first restriction is motivated by the fact that, faced with a higher capital re-13

quirement, the cost of funding of banks increases, which leads to a reduction in bank14

credit supply, and thus ceteris paribus a reduction in total lending in the economy.15

Next, a reduction in bank credit supply reduces their profitability in the next period16

because they forego profitable lending opportunities, and so ceteris paribus their eq-17

uity price falls. Finally, in response to a contraction in the supply of credit, firms18

turn to markets to demand liquidity, and so the issuance of bonds increases. Hence,19

the positive sign on the third variable.5The identification scheme and its logics is20

summarized in Table 3.21

Given some horizon Z ≥ 0, a credit supply impulse vector is an impulse vector a22

minimizing a given criterion function f(.) ont he space of all impulse vectors, which23

penalizes positive impulse responses of credit and bank equity returns and negative24

impulse responses of firm bond issuance at horizons z = 0, ...Z. In our benchmark25

estimation, we impose the sign-restriction only to hold for one quarter, or z = 1. For26

robustness purposes, however, we will in another exercise extend the period to one27

year, or z = 4. This identification method is called the “penalty-function approach”.28

It is called so because it exactly identifies the capital supply shock by minimizing29

some penalty function. Compared to the “pure sign restriction” approach (the30

method commonly used in the literature), our approach delivers impulse responses31

with small standard errors as it seeks to go as far as possible in imposing certain32

sign restrictions. It leaves the reduced-form VAR in equation 3 untouched, however.33

In the end, the best of all impulse vectors are selected using this penalty-function 1

5For a longer intuitive discussion on the rationale behind this sign restriction scheme, see Noss
and Toffano (2016).
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Table 3: Sign restriction scheme used throughout this paper.

criterion. 2

Formally, given some VAR coefficient matricesB = [B‘
1, ...B

‘
j], some error variance- 3

covariance matrix Σ, and some horizon K, (Λ(B),Σ, K) is the set of all possible 4

capital supply impulse vectors. Since it is obtained from inequality constraints, the 5

set can either contain many elements or be empty. This means that it is not possible 6

to achieve exact identification. For this reason, we additionally introduce a criterion 7

function f(.) on the unit sphere with the objective to minimize, and which penalizes 8

violations of the relevant sign restriction vector. 9

4.3 Estimation procedure 10

Numerically, the penalty function approach is implemented in the following way. 11

For more details, see appendix. 12

First we define a penalty function: 13

f(x) =

{
x ifx ≤ 0

100 ∗ x ifx ≥ 0
14

The function penalizes positive responses in linear proportion and rewards neg- 15

ative responses in linear proportion, albeit with a weight 100 times smaller than the 16

positive penalties.1
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Next, we draw the parameters (B,Σ) from a Normal-Wishart prior.2

Let rj,a(z), z + 0, ...Z be the impulse response of variable j, and σj its standard3

deviation of the first difference of the series for the same variable j. In addition, let4

ιj = −1 if j is the index of the capital in the data vector, and ιj = 1 otherwise. Then,5

the capital supply impulse vector a is the one which minimizes the total penalty Ψ(a)6

for loans, equity price and (following an inversion of signs) of corporate bonds and7

capital at horizons k = 0, ...Z,8

Ψ(a) =
∑∑Z

z=0 f
(
ιj
rj,a(z)

σj
),

j ∈



“GDP ′′

“Bankcredit′′

“Excessreturnofbanks′′

“Bondissuanceoffirms′′

“Capitalratio′′


9

The objective is to find the capital supply impulse vector for each draw from the10

posterior. All accepted draws are kept and their statistics based on these.11

This penalty function is asymmetric insofar it punishes violations a lot more12

strongly than rewarding large and correct responses. Second, it is continuous in13

order to make the standard minimization procedure viable. Third, the penalty14

function punishes all deviations, but not equally. In its current form, even small15

violations of the signs are punished. However, larger deviations are punished more16

than smaller ones, and so there is also a magnitude discrimination.17

To draw inference from the posterior, we employ the Monte-Carlo method and18

take n draws from it. We set n = 10000 and keep n = 1000 out of these in order19

to strike a balance between higher numerical accuracy and time consumption from20

optimizing over the shape of the impulse responses. For each of these draws kept,21

we calculate the impulse responses and the (forecast error) variance decomposition,22

and collect them. Hence in total there are 1000 draws for each point on an impulse23

response function, which allows us to easily calculate the 95 % error bands.24

4.4 Data25

We include variables that capture the credit supply side, the financial sector, and26

the broader economy. In the first category, we have data on bank credit to firms27

and bank credit to households. In the second category, we have included bonds28

issued by private non-financial corporates, and the ratio of returns on Spanish banks29

relative to those on the broader Ibex35 All Share index. Following the logic of the 1

14



sign restriction scheme, we include this last variable in order to capture investors’ 2

response to banks’ foregone profitable lending opportunities as a result from an 3

increase in capital requirements. The best way to capture it is to compare the 4

performance of that segment to the rest of the market. In the final category, we 5

include GDP as a macroeconomic indicator. Following standard unit root tests, all 6

variables are found to be I(1). Hence we convert them to annual growth rates in 7

order to make them stationary. 8

For the capital variable, we use two different series. For our benchmark specifica- 9

tions, we use the broader total capital ratio for all banks operating in Spain in order 10

to capture the effects from a general increase in requirements for all banks involved 11

in lending in Spain. In order to contrast that to a more stringent regulatory change 12

where the authorities only accept an increase in the highest quality of capital, we 13

run a second round of estimations with Tier 1 capital ratio instead of the total ratio. 14

Bear in mind that in both cases, the assets are not risk-weighted. Our motivation 15

for not using risk weights are two-fold. First, they prevent our results being biased 16

by any attempts by banks to adjust their balance sheet in order to obtain a more 17

favourable regulatory treatment. Second, non-risk-wighted series are available over 18

a longer time-period. Hence, using non-risk-weighted assets may provide a more 19

faithful representation of banks’ true leverage. 20

All series are in quarterly frequency. In addition, all series, except for the capital 21

ratios and excess return, are expressed in natural logs. The credit series, GDP, and 22

excess return of bank shares all begin in 1989:Q1. The bond series begin in 1990:Q1, 23

and the capital ratios start in 1993:Q3. All variables end in 2015:Q3. All variables, 24

except for capital ratios, bonds issued by private non-financial firms, and excess 25

return of bank shares have been deflated using the GDP deflator. 26

To get a sense of the evolution of these variables during the period we consider in 27

our sample, we have calculated their descriptive statistics in Table 4, and depicted 28

their evolution in Figure 1. In particular, we have drawn the evolution of credit-to- 29

GDP, Bond-to-GDP ratios, excess returns, and the changes in the two capital ratios. 30

From the figures, it is clear that Spain experienced an unprecedented growth in credit 31

starting from 2000, an in particular during the 3-year period 2004:Q4 to 2007:Q4. 32

For firm credit, this even continues beyond this period, up to 2008:Q3. This coincides 33

with the period of lowest Capital Tier 1 ratio and smallest volatility in excess returns. 34

Hence, simply with this simple graphical inspection, it is clear that there is an 35

important negative correlation between the two. A simple cross-correlation matrix1
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shows that the correlation between credit to firms and total capital ratio is -0,6, and2

even -0,74 with Tier 1 ratio. For credit to households, the two correlation coefficients3

are very close at -0,61 each. On the other hand, the correlation coefficients of the4

two credit series to GDP is highly positive, at 0,79 and 0,74 respectively.5

Table 4: Data description and descriptive statistics

At the same time, credit has on average grown 3 times faster compared to GDP6

during this period. While the sample mean of the GDP series is 2,07, it is 6,14 and7

6,4 for credit to firms and credit to households. But at the same time, the volatility8

of the credit series is also around 3 times higher. Broadly speaking this means that9

credit in Spain is highly procyclical, and has on average, grown 3 times faster than10

GDP. Equally, contractions in credit have both been larger and lasted longer than11

GDP, in particular since the second half of 2008.612

Capital series have, on the other hand, fluctuated at around 11 % for most of13

the sample period. However, an increasing share of that capital has been non-Tier 114

and voluntary. While in 1993:Q3, more than 95 % of the total capital ratio of banks15

was Tier 1, at the onset of the crisis, that share had fallen to just under two-thirds, 1

6Our last observation in 2015:Q3 shows that while GDP rose by 2,83 %, credit to firms con-
tracted by 4,21 % and credit to households by 5,16 %.
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or 64 %. Hence, during the boom period of 2000, a larger share of bank capital 2

was of lower quality. However, since the crisis, this trend has reverted and towards 3

the end of the sample period (2015), the share of Tier 1 capital had increased to 4

just under 90%. Notice also that since 2012 (at the time of the sovereign debt crisis 5

in Europe), both the total capital requirement and the Tier 1 ratio had sharply 6

increased to their highest level in over 20 years. By 2015, total capital ratio was 7

close to 15 % of total assets, and that of Tier 1 reached 12 %. In statistical terms, 8

both series are (near) stationary. 9

However, this change in credit and capital condition of banks does not seem to 10

impact the excess return of the banking sector with respect to total market return 11

very much. The series on excess return seems appears considerably constant and 12

mean-reverting for almost the entire sample period. It is only during the onset of 13

the financial crises around 2008 that it initially falls but than quickly rises to its 14

highest level since 1990, above 20 %. This coincides with a rise in total capital ratio 15

of banks and a leveling off in credit supply growth, which investors seems to perceive 16

as very favourable. Nonetheless, a more structural analysis is necessary in order to 17

establish a causal link between these events. 18

Lastly, there seems to be an almost perfect negative correlation between credit to 19

firms and bonds issued by firms. During the early sample period, when bank credit 20

to firms was at its lowest level, the bonds issued were at their highest. At the end of 21

the sample, on the other hand, the relation had switched. Hence, the substitution 22

hypothesis between these two loan instruments seems to largely hold. Said that, 23

however, the share of bonds to GDP has during the entire sample been much lower 24

than firm credit. Even at it is peak, the bond-to-GDP ratio was only 8 %, while at 25

the same time firm credit-to-GDP was at 20 %, with a peak much later beyond 90 26

%. This shows that while substitution in financing did indeed occur, because only 27

the really big firms can access corporate bond markets the aggregate effect of this 28

substitution possibility is limited. In other words, when banks decrease their supply 29

of credit in downturns, it has significant impact on the corporate sector, proving 30

once again the reliance of the Spanish economy on bank liquidity. 31

5 Results 32

Before estimating, we run a lag length test and found that the optimal length to be 2. 33

We run 20.000 Markov Chain Monte Carlo simulations and save 10.000 for inference.1
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These parameters are relatively standard in the literature and allow for sufficient2

draws in order for the routine to converge.7Once the algorithm has converged and3

the routine has completed, we calculate the impulse responses with 95 % confidence4

intervals (in red), and the (forecast error) variance decompositions. The IRFs are5

reported in Figures 2 to 4. The coefficients for specifications including firm credit6

are also reported in Table 5 and those of household credit in Table 6. Finally, we7

use standard Jeffrey’s prior (Zellner, 1971), which gives a posterior distribution of8

Σ equal to inverse-Wishart, and β to a Normal.9

5.1 Benchmark model10

Results from the benchmark specification are reported in the first line of Table 511

and depicted in the impulse responses of Figure 2. To briefly remind the reader, we12

are examining the impact of an exogenous increase in (total) capital requirements13

on firm credit, bonds issued by firms, excess return of banks, and GDP, via the14

credit supply channel. The sign restrictions need to hold only on impact and the15

2.5th and 97.5th bands are included. We find statistically significant effects from16

a capital requirement shock at 95 %. An increase of 1p.p. in total capital ratio17

results in a drop of 1.1p.p. in firm credit, a rise of 2.2p.p. in bonds, and a drop of 218

p.p. in excess return. Thus the financial impact of a regulatory increase in capital19

requirement is larger than the initial shock. This means that banks are very sensitive20

to increases in capital in the short run, and even if large firms compensate their21

shortage of credit by issuing bonds, the small-and-medium firms are excluded. As a22

result, the market evaluates the foregone profit opportunities as negative, and hence23

why bank return falls below the market average. However, the final transmission24

to the macroeconomy is substantially weaker, since GDP drops only by 0.3p.p. and25

the estimates are not statistically significant at 95 %. If we exchange firm credit26

for household credit in Table 6 (mostly mortgages in the case of Spain), the effects27

are very similar. Household credit falls by 1p.p., excess return drops again by 2p.p.,28

and the GDP impact is not statistically significant albeit at -0.3p.p. These impulse29

responses are depicted in Figure 3.30

For robustness purposes, we re-estimated the same model but imposing the cri-31

terion that sign restrictions need to hold for an entire year, or 4 quarters. That is32

the same as imposing a gradual implementation of a capital increase so that banks 1

7For robustness purposes, we re-estimated the model saving 20.000 draws, but the results were
the same.
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Method IRF IRF IRF IRF
firm credit non-bank credit excess-return GDP

Impact sign-restrictions -1.1 p.p. +2.2 p.p. -2 p.p. -0.3 p.p.
One-year sign-restrictions -1.4 p.p. +1.8 p.p. n.s. -0.3 p.p.

Tier 1 capital) -1 p.p. +2.5 p.p. -2 p.p. -0.2 p.p.
Excluding non-bank credit -1.1 p.p. - -2.5 p.p. -0.3 p.p.
Cholesky decomposition n.s. +1 p.p. n.s. n.s.

Table 5: SVAR estimates for firm credit specification. The numbers in bold are
significant at 95 % and n.s. denotes not significant estimates at 95% confidence
interval.

Method IRF IRF IRF
household credit excess-return GDP

Impact sign-restrictions -1 p.p. -2 p.p. -0.3 p.p.
One-year sign-restrictions -0.8 p.p. n.s. -0.2 p.p.

Tier 1 capital) -1 p.p. -2 p.p. -0.2 p.p.
Cholesky decomposition n.s. n.s. n.s.

Table 6: SVAR estimates for household credit specification. The numbers in bold
are significant at 95 % and n.s. denotes not significant estimates at 95% confidence
interval.

have a full year to adapt to the new requirements. In that case, from Table 5 the 2

fall in firm credit is stronger, at 1.4p.p., while that of household credit in Table 6 3

is weaker, at -0.8p.p.. Hence, it appears that banks are more hesitant to reduce 4

household credit compared to firm credit amid capital increases, which supports the 5

general impression that household credit is ‘more sticky’ and harder to change com- 6

pared to that of corporates. The impact on the rest of financial variables is, in the 7

case of one-year sign restriction imposition, weaker, since bond issuance increases by 8

1.8p.p. only (or 0.4p.p. less than in the benchmark case), and the effect on market 9

return is not significant. We believe this is due to the fact that a more gradual imple- 10

mentation of capital regulation allows the bank to substitute foregone profits with 11

other methods, and thus why the market does not evaluate it equally negative. At 12

the same time, because the implementation process is slow, fewer firms see the need 13

to go to bond markets to compensate for credit supply reduction, and thus why the 14

fall is smaller. The drop in GDP is, nonetheless, statistically significant at 0.3p.p. 15

for firm credit, and 0.2p.p. for household credit. Thus extending the sign-restriction 16

horizon enhances the transmission from credit cuts to the macroeconomy.8 17

From the impulse responses, we also note a few additional regularities. There 18

is evidence of financial frictions in Spain. The delay between the financial and1

8We also ran anumber of robustness exercises, but we will discuss those results later in the
paper.
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macroeconomic impact from a capital supply shock lies somewhere between 2-42

quarters. In addition, the transmission of credit changes to the macroeconomy is3

quicker for firm credit compared to that of households. While the total impact on4

GDP from both is very similar, the maximum drop in GDP occurs earlier in the5

firm credit specification (2 years after the shock) compared to the household credit6

one (2.5 years after the shock).97

Also the 95 % distribution of the impulse response functions (IRFs) changes.8

While for the 1-quarter restriction, the various distributions are close to symmetric9

around the median IRF, they become very skewed in the 4-quarter sign-restriction10

version. Said differently, while the median impacts are not so different between the11

two identification versions, there is a much higher probability mass in the deeper con-12

traction region in the medium-run for the 4-quarter restriction version. Intuitively13

this means that in periods of economic uncertainty or during cyclical recessions, an14

increase in capital ratios can have more profound macro-financial effects than those15

derived by simply looking at the median estimates. This is a sign of important16

time-variations in our sample, and the need for estimating the model at different17

time intervals.18

5.2 Expanding-window estimation19

We showed already in the data section that the Spanish economy underwent several20

regimes in credit growth and capital ratios. In order to check how robust our struc-21

tural estimates are over time and during the different regimes, we run an expanding22

window (or quasi rolling window) estimation procedure whereby we re-estimate the23

model each time we add on new observations. In particular, we identify ex ante24

key event dates or regimes and add on additional observables related to that regime25

to the existing dataset and re-estimate the same model. This is a crude way of26

allowing the parameters of the model to vary over time.10Due to size of the table,27

the time-varying estimates are reported in Table 10 of the appendix. 1

9The variance decomposition exercise shows that the capital (supply) shock explains between
15 and 20p.p. of the total variation in the other model variables. Albeit not very high, this is
sufficiently high to confirm the importance of the structural shock for the macro-financial linkages
in the short/medium-run.

10The most suitable way would be to estimate the economic structure in a time-varying param-
eter VAR model. However, since our sample is small, the TVP-VAR model is not suitable since
we would loose out a lot of observations in the training sample, and the structural estimates would
be based on a very short sample length. We therefore judged this quasi -TVP method to be the
second best option.
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Our initial model sample stretches from 1993:Q3-2007Q1. We then expand the 2

window by sequentially adding observations up to the following dates: 2007Q3; 3

2009Q2; 2010Q2; 2013Q1; 2013Q4. We do this exercise both for firm credit and 4

household credit. Roughly, the first two sample windows capture the pre-Great 5

Recession periods, the following two include the financial crisis phase, and the last 6

two include as well the sovereign-debt crisis.11 7

We do find significant time-variation in (median) estimates over time. For firm 8

credit specification, the largest drop occured during the sovereign debt crisis period 9

(-1.5p.p.) and the smallest during the financial crisis (-0.8p.p.). A similar relative 10

ordering is true for household credit, albeit the drops are overall smaller (-1p.p. and 11

-0.8p.p.). This means that the sovereign debt crisis had by far the deepest impact 12

on bank behaviour and adjustment in lending was clearly the harshest. On the 13

other hand, the initial financial crisis of 2008-09 had (in relative terms) a smaller 14

impact on bank lending cuts since banks were ex ante in better capital position 15

than in the later phase. This fits with the general impression of Spanish banks that 16

the sovereign debt crisis had a much larger impact on their lending standards and 17

balance sheet adjustment than the Lehman brother collapse and the initial phases 18

of the Great Recession. 19

Along similar lines, the impact of the structural shock on other financial and 20

macro-variables is similar to credit. The drop in GDP is the highest for the subsam- 21

ple including the sovereign debt crisis, at -0.4p.p. for household credit specification. 22

Also the highest surge in corporate bond issuance following the drop in firm credit 23

occured during the same period (+2.2p.p. compared to 2p.p. elsewhere). 24

To summarize our findings so far, the sharpest capital transmission onto credit 25

supply was during the sovereign debt crisis period. By far, banks reduced their 26

credit the most, and the total impact on GDP was also the strongest. On the 27

other hand, the shock transmission during the initial phases of the financial crisis in 28

2008-10 was, in relative terms, the weakest. Hence banks were much more squeezed 29

during the sovereign debt distress and were thus also much more inclined to reduce 30

lending during heavy market turmoil. We also find that while banks are more prone 31

to reduce firm lending in normal times following a capital (supply) shock, during 32

times of high turmoil, banks reduce both credit lines equally sharp. As a result,1

11Our approach is theoretically more robust than the standard rolling window one since the
decision on the size of the windows is determined by a descriptive approach of important (finan-
cial market) events, rather than randomly or agnostically determined. The results from these
estimations are reported in Table 10.
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from a policy perspective the timing of required increases in capital ratios is crucial,2

recognizing that in very turbulent times those increases might be very costly from3

an aggregate macroeconomic perspective. So, while all increases in capital will have4

some short-term costs in credit supply, the point in financial cycle at which these5

requirement are introduced and the flexibility of introducing them gradually are key6

ingredients in minimizing such macroeconomic costs.7

5.3 Robustness checks8

To test the soundness of our benchmark findings, we run a number of robustness9

checks. These can be divided into two categories.10

The first type is of methodological nature. We re-run the same model speci-11

ficaitons, but using the standard rejection method for sign restrictions used in the12

structural Bayesian VAR literature. In short, the routine discards all the draws that13

do not fulfill the complete identification scheme. Structural inferences are based only14

on the draws that completly fulfill the imposed sign restriction. Another robustness15

check we run within this category is identifying the model structure using the stan-16

dard Cholesky decomposition or recursive scheme. Note that we keep the same order17

of variables as in the benchmark layout. With this exercise, we wish to check whether18

our benchmark results are truly structural and therefore only obtained from that19

specific scheme, or if the results appear in alternative (more agnostic) identifications20

and are thus nothing more than results from residuals of a reduced-form VAR.21

The second group of robustness checks focuses instead on the variable speci-22

fication in the SVAR model. For instance, since only large firms can access the23

bond market, they represent a small proportion of the contemporary private non-24

financial corporate sector. Thus, their contribution to overall bank credit is also25

limited. Hence, we re-estimate the same benchmark model, but excluding the series26

for bonds issued by firms. The other specification we test is the one where we check27

only the effects of the highest-quality regulatory capital, and thus define capital28

ratio as the Tier 1 only. Results for the various robustness checks can be found in29

the lower rows of Tables 5 and 6. The impulse responses are depicted in Figure 4.30

With respect to the first category of robustness checks, we find very comforting31

results confirming the robustness of our benchmark estimates. On rejection method32

identification scheme, we find that the coefficients are very similar to the benchmark33

model, but with tighter confidence intervals. If anything, the impact on credit is 1

22



slightly higher (-1.3p.p. for firm credit, and -1.1p.p. for household credit).12That 2

is ex ante expected since all the accepted draws strictly follow the identification 3

scheme and so there is no room for estimate uncertainty. Said that, the discussed 4

impacts from the benchmark model still hold. Regarding the estimation based on 5

the recursive identification scheme (Cholesky decomposition), we find that they 6

completly change and most impacts are statistically non-significant at 95 % level. 7

The only coefficient that is significant is that on the bond issued by firms, which 8

rises by 1p.p. following a capital supply shock. We interpret this as a confirmation 9

that our benchmark estimates are indeed derived from a structural model capturing 10

the capital-credit supply channel and are not simply results from random relations 11

in the data, or residuals from a reduced-form VAR. 12

Regarding the second category of robustness checks, we find minimal effects from 13

these alternative variable estimations. For Tier 1 capital specification, the effect on 14

household credit from a capital shock is the same, while for firm credit it is 10p.p. 15

lower at -1p.p.. Also bond issued by firms increase by a bit more (2.5p.p. compared 16

to 2.2p.p.) but that is only a marginal difference. For the model without bonds 17

issued by firms, the coefficients on credit remain the same. Thus, while there is 18

evidence of firms substituting the drop in firm credit by issuing bonds, this does not 19

affect the ex ante impact of capital ratio changes on credit supply. 20

In sum, all robustness checks have confirmed that the channel we have identified 21

in our bnchmark estimation is indeed the one we are looking for, and that the 22

estimates we have found are unbiased. 23

5.4 The role of expectations and gradual capital adjustment 24

in economic projections 25

One very important channel of capital-based tools is the impact it has on financial 26

sector expectations. The objective of these tools is to create a stable financial system. 27

The tools are then used to anchor those expectations of banks and incentivize actions 28

that move in this direction (or penalize those that do not). This is similar in spirit 29

to the inflations expectations anchoring mechanism for monetary policy. Therefore 30

it is crucial to understand to what extent and magnitude the changes in capital 31

buffers affect banks’ expectations. Moreover, our other interest lies in verifying1

12For the sake of space, we do not report those figures here. Those results are available from
the authors upon request.
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the theoretical findings from DSGE models that more gradual implementations of2

capital regulation are beneficial since they reduce the short-term costs from credit3

supply cuts. While the first hypothesis is related to the instrumentalization of4

macroprudential policy, and the second to the particular implementation horizon of5

such policy, both are currently very relevant for policy-makers. To do so, we make6

local out-of-sample projections conditional on the specific ex ante level and path of7

capital ratios. In other words, we estimate the path of the capital ratio and the8

economy in an unconditioned and conditioned environment where we impose the9

condition that the capital level in the conditional economy is ex ante 1p.p. higher10

than the unconditional one, and we estimate the path of the capital ratio and the11

rest of the macro-financial structure conditional on this. Moreover, we run the out-12

of-sample estimation at different cut-off dates to compare whether the prevailing13

bank capital level and economic structure at the different cut-off-dates impacted14

the projection of the economy. This is in order to check whether the out-of-sample15

projections are robust and truly conditional on the information available up to the16

point of the cut-off date.17

All of our projections extend up to 2018:Q4, but begin at different dates. The18

cut-off dates are: 2004Q3, 2006Q3, 2009Q3, 2010Q4, 2011Q3, 2014Q4, 2015Q4. We19

have selected these dates because they represent key moments for Spanish financial20

sector.13We use the usual degrees of freedom corrected - Litterman priors for our21

main projection models. For robustness purposes, we also re-ran the projections22

with the normal-Wishart prior, without altering qualitatively or quantitatively our23

findings.24

In Table 7 we report the projections of three key model variables: Capital ratio,25

Firm credit, and GDP. The numbers in the table represent the difference in (peak)26

impacts between the conditional and unconditional projection, i.e. the version with27

the ex ante 1p.p. higher capital ratio minus the one without that condition.The28

values in coloured blue are those when the value of conditional is higher than un-29

conditional, and vice versa for those in green. Moreover, the sign in brackets shows30

whether the projections are within the negative or positive interval. For instance,31

under crises periods, credit growth is negative (albeit temporary) and so we show 1

13The first is related to the announcement of Basel II. The second and third date are the
announcement times of the first and second revisions of Basel II. Moreover, 2009Q3 coincided with
the midst of the financial crisis in Spain. 2010Q4 is officially when Spain was out of the financial
crisis, while 2011Q3 is when Spanish sovereign debt was under distress and ECB announced the
introduction of the OMT programme. The last two dates are related to QE. 2014Q4 is when ECB
announced the extensive QE programme, and 2015Q4 is one year into the programme.
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that with a (-). During business cycle expansions, on the other hand, credit growth 2

is positive, and thus we show this with a (+). As we mentioned earlier, no matter 3

where our projections starts, they all end in 2018Q4. Logically, the closer our pro- 4

jections begin to that date, the more accurate they are as they incorporate new and 5

larger information set. However, since we are interested in the relative performance 6

of the conditional vs unconditional version for our policy exercises and in the relative 7

time-variation in those performances, the absolute values of those projections play 8

a smaller role for our purposes. 9

Table 7: Results from the projection exercises for different cut-off dates (row) and
for different projection horizons )columns). The reported numbers are the difference
between the values between the conditional and unconditional projections

From projections on capital ratio, we find that there are additional benefits to 10

begin with higher ex ante capital ratio in terms of additional space for maneuovre. 11

First, it allows banks to initially release some capital to smoothen the impact on 12

credit. Second, the adjustment path to the new capital ratio is also less abrupt 13

and more gradual. For almost all cut-off periods in the conditional projection, the 14

transition path to the new capital ratio is smoother and involves at least some 15

temporary release of it compared to the unconditional projection. Said that, we 16

do find some important differences over time. While for projections performed in1
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the pre-sovereign debt crisis period we see a significant path difference between the2

conditional and unconditional capital ratio, that difference becomes minimal during3

the debt crisis, and remains very minor during the post-2011 period. This means4

that during periods of bank distress, it doesn’t matter what level of capital a bank5

starts from, the adjustment to new capital ratio will be equally costly.6

The difference in the impact on credit is significant. We see that starting from7

a higher ex ante level of capital ratio reduces the (short-term) costs on credit from8

adjusting to a new level. In other words, while increasing capital ratios will in9

all cases lead to a reduction in credit supplied by banks, that reduction will be10

considerably smaller if the banks already had to begin with a higher level of capital.11

The same pattern is also true for the difference in GDP path between the conditional12

and unconditional projection. All these are evidence in support of our hypothesis13

that ia more gradual implementation of capital regulation is beneficial in terms of14

smaller credit losses. Thus even before a regulatory capital increase, it is beneficial15

for banks to have higher (voluntary) capital ratios as it gives them larger space for16

maneuovre and the possibility to adopt the new regulatory requirements in a more17

gradual fashion, which would reduce the macroeconomic (short-term) costs of such18

adjustments.19

We also see significant variation over time in the projected path of the economy.20

While in the pre-Great Recession period, the current and expected path of credit21

is positive, since the Great Recession, the short-term credit expectation is negative.22

First, this is evidence that the various projections indeed incorporate the latest23

available information int he structural model to predict the future path of the econ-24

omy. Second, it means that the expectations channel of policy plays an important25

role. Expected capital ratio adjustments affect the economy in very different ways26

in booms compared to busts. Under loose financial conditions, expected capital27

adjustments will have some downward effect on capital and GDP, but not enough28

in order to generate future capital or GDP contraction. Credit is still predicted to29

grow, as well as GDP, despite a higher capital ratio for banks in both the conditional30

and unconditional models. Under tight financial conditions, on the other hand, the31

same adjustment in capital ratio will result in a credit supply-and GDP contraction.32

Hence, the interaction between tough market conditions coupled with higher costs33

for banks exerts such a strong downward pressure on current and future credit that34

it remains negative for several (two to four) years after the announced path to new35

capital level. That is also why GDP experiences negative growth during the same 1
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projected period. 2

To summarize our findings on projections, we find that there are major economic 3

benefits from holding higher ex ante bank-system capital ratios and adopt a more 4

gradual approach in implementing capital requirements. At the same time, there is a 5

solid role for expectations in the implementation of capital regulation. For the same 6

capital regulation, an expectation of loose financial conditions results in less costly 7

implementation of such regulation compared to a scenario with expectations of tight 8

financial conditions and macroeconomic downturn. These results provide support for 9

the principle of countercyclical capital regulation since the macroeconomic benefits 10

of such regulation are the highest.14 11

5.5 Comparison to other national and international studies 12

To put our results into a broader perspective, we compare our findings with those 13

found so far in the literature. We do this in two manners. First, we make a quan- 14

titative comparison by comparing our results on the effects of capital regulation to 15

those found elsewhere in the literature for Spain in Table 8. While the models might 16

not necessarely be the same (nor the sample length), the fact that they use they 17

examine same variables for the same country makes the numbers comparable (since 18

elasticities are comparable).15Second, we make a cross-country comparison of results 19

with other studies using very similar (or same) methodology. This allows us to make 20

a qualitative assesment of the strength of our results compared to those found for 21

other countries. The results for these are reported in Table 9. The first comparison 22

(for Spain) is reported in the upper table, and the second (cross-country) in the 23

lower. 24

Let us begin with the first table where we compare results for Spain. All studies 25

that higher capital ratios lead to significant (short-term) costs in terms of foregone 26

credit supply. The estimates on total credit, household credit, firm credit, and GDP 27

are significantly negative in all cases. However, while we can compare our quanti-1

14In other words, countercyclical capital regulation is most effective in tackling the problem of
excessive credit boom and the negative externalities therein while at the same time minimizing the
macroeconomic costs from such regulation.

15Our contribution in terms of the originality is first the length of the data-sample that we use
for Spain, spanning over 25 years. The other studies have a considerably shorter sample length.
Second, we use a non-standard way to estimate our model, which maximizes the use of information
and improves on the structural relationship being estimated. The other studies for Spain are either
less structural or non-econometric. Third and last, we estimate time-varying coefficients. The other
studies report only time-fixed coefficients.
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Table 8: Comparison of results with other studies on Spain. The table reports the
results for Spain using different methodologies. The lower table reports the results
for other countries using very similar methodology. The results from the current
paper are included i the table for easy inspection.

tative results directly to the 3D model (they report peak IRF impacts), with the2

FAVAR and linear probability-IV models, we are not able to as they only report3

the accumulated IRF impacts. Our results are very close to those found in a struc-4

tural model such as the 3D. In particular, the impact on total credit and GDP are5

quantitatively very close. The only difference is that household credit int heir model6

is more elastic and so drops by more, meanwhile firm credit is more elastic in our7

model. Nonetheless, overall the impacts are very similar, indicating additional ev-8

idence that our capital channel has been well identified and that the estimates are9

indeed structural. On an intuitive level, if we also attempted to ocmpare our results10

to the FAVAR study by accumulating our impacts over a year, we would also be11

close to theirs. With the linear probability-IV model, on the other hand, our cumu- 1
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lative impact on total credit would be somewhat smaller even if we accumulated it 2

over 3 years. However, since their sample only includes the crisis period, we expect 3

to end up with something similar if we performed our estimation only within that 4

period.16 5

Table 9: Comparison of results with other studies. The table reports the results for
other countries using very similar methodology. The results from the current paper
are included i the table for easy inspection.

Compared to other SVAR studies in the literature in the lower table, we find 6

somewhat stronger impact for Spain compared to either the UK or the Euro Area. 7

That is not surprising since in the case of Euro Area, stronger impacts in some 8

countries cancel out the weaker impacts in others, and thus the overall area impact 9

is smaller. Compared to the UK, we believe that the differences can be explained 10

by multiple factors. First, in Spain only banks supply credit, and these banks are1

16However, as we mentioned before, our estimation method requires longer sample length to
estimate and so we are not able to do it at this point in order to have a complete comparison.
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uniformally bound by the same capital regulation. In the UK, the picture is more2

diverse, since non-bank intermediaries also supply credit, and there is a big shadow3

banking sector which is not bound by the same capital regulation. Hence the impact4

of bank capital-regulation on credit supply and GDP should be ceteris paribus lower.5

Second, we use bank-level consolidated data while Noss and Toffano (2016) do not,6

which means that their estimates are very likely underbiased. Third,our samples7

differ considerably. While their model is almost entirely estimated during the Great8

Moderation period, our model includes the Great Recession, when banks underwent9

the historically largest deleveraging and balance sheet adjustment process. Thus,10

we should expect our estimates to be higher. Fourth and final, while we employ11

the same identification strategy, our estimation method is more robust and we save12

many more draws in our estimation so to ensure convergence. Thus, we expect our13

estimates also to be more robust and efficient.14

6 Conclusion15

Our analysis has revealed several facts regarding the impact of capital-based mea-16

sures on the economy, and the power it has to tame the macro-financial cycles.17

We find that increases in capital requirements make banks reduce credit supply in18

the short-run. The impact on firm credit is statistically significant and larger than19

the initial shock. Faced with increased capital costs, banks seem to prefer to re-20

duce firm credit by more than household credit in relative terms. Nonetheless, both21

credit lines are reduced following a capital (supply) shock, in particular during crisis22

times. The final transmission to GDP, however, is weaker (at around -0.3p.p.) and23

not statistically significant at 95 %.24

We also find that during crisis periods, the estimated (non-time-varying) impacts25

are even more profound (or negative). For instance, if we include the sovereign debt26

crisis period, the negative impact of the shock on firm credit increases to 1,5p.p.,27

leading to a larger fall of the excess return (-2,1p.p.). The total impact on GDP is28

also larger and statistically significant at -0.4p.p..29

We also run a series of robustness checks and confirm the solidness of our findings.30

We also provide evidence that our estimates are indeed structural, and not driven31

randomly by data or by residuals of the reduced-form VARs.32

We also conduct a series of conditional projections at various cut-off dates uding33

the estimated model in order to understand the role that expectations play for the 1

30



conduct of capital regulation policy. We find that there are major economic benefits 2

from holding higher ex ante bank-system capital ratios and adopt a more gradual 3

approach in implementing capital requirements. At the same time, there is a solid 4

role for expectations in the implementation of capital regulation. For the same 5

capital regulation, an expectation of loose financial conditions results in less costly 6

implementation of such regulation compared to a scenario with expectations of tight 7

financial conditions and macroeconomic downturn. These results provide support for 8

the principle of countercyclical capital regulation since the macroeconomic benefits 9

of such regulation are the highest. 10

To put it briefly, we find sufficient evidence that capital regulation has been 11

effective in taming the macro-financial cycles in Spain, especially if applied in a 12

countercyclical manner. 13

Our results are important as they do not only evaluate the impact of capital 14

regulation on the economy, but they also take into account the expectations chan- 15

nel of macroprudential policy as well as the time-variation of the regulation over 16

the cycle. However, the focus of our study is on the short-run effects of increases 17

in capital regulation, focusing in particular on the supply-channel of credit. It is 18

important to remember that there may be demand-channel effects from increased 19

capital, counteracting the negative effects from a reduction in supply. Also, we do 20

not explicitly consider the longer-term implications of higher capital ratios of banks 21

in terms of higher resilience of the financial system and lower future probability of 22

default of banks.17 23

However, in order to get a complete picture ont he effects of capital-based mea- 24

sures on the financial sector and the macroecocnomy, the short-term effects should 25

be weighted against the long-term effects and evaluated using a policy preference 26

function. This is, however, not simple since calculating future probabilities of default 27

and the level of resilience of a financial system are difficult metrics. Moreover, it is 28

not clear what utility/preference function should be modelled for the policy-maker. 29

While interesting, we leave these questions for future work. 30
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Appendices 3

A Technical details of the model 4

A.1 SVAR model 5

We follow Uhlig (2005) in defining our SVAR model. Further details can be found 6

in the appendix. Formally, a VAR is given by: 7

Yt = B0 +B1Yt−1 +B2Yt−2....+BjYt−j + ut (3)

where Yt is an mx1 vector of data at date t = 1− j, .....T , B0 is a constant of size 8

mx1, Bj are mxm coefficient matrices and ut is a one-step ahead prediction error 9

with Σ = E[u‘tut], its variance-covariance matrix. If v is the vector of fundamental 10

innovations, then its relation to u is represented by a matrix A: 11

ut = Avt (4)

In addition, we assume that Σ is positive and definite and that the identity 12

matrix to be the variance-covariance matrix of v. Our immediate aim is to charac- 13

terize all possible impulse vectors. To do so we use the observation that any two 14

decompositions Σ = AA‘ and ÃÃ‘ have to satisfy: 15

Ã = AQ (5)

for some orthogonal matrix Q, QQ‘ = I. For our purposes, we are only interested 16

in responses to one shock. There is therefore no reason to identify the other m− 1 17

fundamental innovations of A. We therefore concentrate on finding the innovation 18

corresponding to the capital supply shock (which we will define below). This is the 19

same as identifying a signle column a ∈ Rm of the matrix A. We define its properties 20

below. 21

Let xi, i = 1, ...m be the normalized eigenvectors of Σ and λi, i = 1, ...m be the 22

corresponding eigenvalues. In addition let a be a vector. Then there are coefficients 23

αi, i = 1, ...m (Σm
i=1α

2
i = 1) such that:1

a = Σm
i=1(αi

√
λi)xi (6)
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Vector a is thus an impulse vector, i.e. it can be shown that there exists A2

such that AA‘ = Σ and so that a is a column of A. In this vector, there are m− 13

degrees of freedom in picking an impulse vector, and so they cannot be arbitrarily4

long.185

Next, we wish to compute an impulse response given the impulse vector a. Let6

a = [a‘, 01,m(l−1)]
‘, B is the VAR coefficient matrix, and7

Γ =

[
B‘

Im(l−1) 0m(l−1),m

]
8

and compute rk,j = (Γka)j, k = 0, 1, 2... to get the response of variable j at9

horizon k. The variance of the k-step ahead forecast error of the impulse vector a10

is obtained by simply squaring its impulse responses. Moreover, summing over all11

aj, with aj being the j-th column of some matrix A (A;A = Σ) delivers the total12

variance of the k-step ahead forecast error. Finally, we assume that the errors u are13

independent and normally distributed.14

Given an impulse vector a the following thing is to calculate the part of the15

one-step ahead prediction error u, which is attributable to shocks proportional to16

that vector. We call it va ∈ R, (or the scale of a shock attributable to a) if there17

exists a matrix a with AA‘ = Σ, of which a is the j-th column for some j so that18

va = (A−1u)j. va is calculated using the following two equation system, where19

b ∈ Rm:20 [
0 = (Σ− aa‘)b
1 = b‘a

]
The solution to this system is:21

va = b‘u (7)

This is the scale of the shock at date t in the direction of the impulse vector a,22

and vat a is a part of ut which is attributable to that impulse vector. In other words,23

b is the appropriate row of A−1.24

To conclude we wish to define variance decomposition. Consider the k-step25

ahead forecast revision Et[Yt+k] − Et−1[Yt+k] due to the arrival of new information26

at date t. The fraction φa,j,k of the variance of this forecast revision for variable j 1

explained by the shocks in a is given by: 2

φa,j,k =
(ra,j(k))2

Σm
i=1(ri,j(k))2

(8)

18Cauchy-Schwarz inequality implies that ‖a‖ ≤
√

Σm
i=1|λi|‖xi‖2.
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where j picks the entry corresponding to variable j. With these tools one can 3

perform forecast error variance decomposition. 4

The exact content of our impulse response vector to a shock in capital supply 5

will be defined below. 6

A.2 Estimation procedure 7

Numerically, the penalty function approach is implemented in the following way. 8

First we define a penalty function: 9

f(x) =

{
x ifx ≤ 0

100 ∗ x ifx ≥ 0
10

The function penalizes positive responses in linear proportion and rewards neg- 11

ative responses in linear proportion, albeit with a weight 100 times smaller than the 12

positive penalties. 13

Next, we draw the parameters (B,Σ) from a Normal-Wishart prior. For our 14

purposes here, before we go on to explain the caclulation of posteriors, we will 15

re-write the generalised VAR system in 3 as a stacked system with lag l: 16

Y = XB + u (9)

where Xt = [Y ‘
t−1, Y

‘
t−2, ....Y

‘
t−l]

‘ is the lagged VAR system, Y = [Y1, Y2, ....YT ]‘ 17

is the matrix of current endogenous variables, X = [X1, X2, ....XT ]‘ is the matrix 18

of past endogenous variables, u = [u1, u2, ....uT ]‘ is the forecast error, and B = 19

[B1, B2, ....Bl]
‘ is the matrix of VAR coefficients. The Normal-Wishart distribution 20

is parametrized by a mean coefficient matrix B̄ of size mlxm, a positive covariance 21

matrix S of size mxm and a positive definite matrix N of size mlxml. Given the 22

priors B̄0, N0, S0, and v0, the posteriors (vT , NT , B̂t, ST ) are: 23

vT = T + v0

NT = N0 +X ‘X

B̄t = N−1T (N0B̂0)

ST = v0
vT
S0 + T

vT
Σ̂ + 1

vT
(B̂ − B̂0)

‘N0N
−1
T X ‘X(B̂ − B̂0)

24

With weak priors, i.e. N0 = 0, v0 = 0, and S0 and b̂0 arbitrary, then: 25

vT = T

B̂T = B̂

ST = Σ̂

NT = X ‘X

1
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Let rj,a(k), k + 0, ...K be the impulse response of variable j, and σj its standard2

deviation of the first difference of the series for the same variable j. In addition, let3

ιj = −1if j is the index of the capital in the data vector, and ιj = 1 otherwise. Then,4

the capital supply impulse vector a is the one which minimizes the total penalty Ψ(a)5

for loans, equity price and (following an inversion of signs) of corporate bonds and6

capital at horizons k = 0, ...K,7

Ψ(a) =
∑∑K

k=0 f
(
ιj
rj,a(k)

σj
),

j ∈



“GDP ′′

“Bankcredit′′

“Excessreturnofbanks′′

“Bondissuanceoffirms′′

“Capitalratio′′


8

The objective is to find the capital supply impulse vector for each draw from the9

posterior. All accepted draws are kept and their statistics based on these.10

This penalty function is asymmetric insofar it punishes violations a lot more11

strongly than rewarding large and correct responses. Second, it is continuous in12

order to make the standard minimization procedure viable. Third, the penalty13

function punishes all deviations, but not equally. In its current form, even small14

violations of the signs are punished. However, larger deviations are punished more15

than larger ones, and so there is also a magnitude discrimination.16

As in Uhlig (2005), to perform the numerical minimization of Ψ, we were required17

to parametrize the space of vectors (αj)
6
j=1 of unit length for each draw from the18

posterior. The parameter values used are:19

α =



cos(γ1) cos(γ2) cos(γ3)

cos(γ1) cos(γ2) sin(γ3)

cos(γ1) sin(γ2)

sin(γ1) cos(γ4) cos(γ5)

sin(γ1) cos(γ4) sin(γ5)

sin(γ1) cos(γ4)


where (γj)

5
j=1 ∈ R5.20

To draw inference from the posterior, we employ the Monte-Carlo method and21

take n draws from it. We set n = 10000 and keep n = 1000 out of these in order 1

to strike a balance between higher numerical accuracy and time consumption from 2

optimizing over the shape of the impulse responses. For each of these draws kept, 3

we calculate the impulse responses and the (forecast error) variance decomposition, 4
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and collect them. Hence in total there are 1000 draws for each point on an impulse 5

response function, which allows allows me to easily calculate the 95 % error bands. 6

B Results 7

B.1 Figures and tables 8

”ñ 9
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Figure 1: Time series evolution of the variables used in the SVAR model since late
1980’s. In the first graph from above we report the evolution of firm credit-to-GDP
(green line), household credit-to-GDP (purpule line) and bond issuance-to-GDP
(blue line). The left-hand axis is for the credit-to-GDP series, and the right-hand
axis for the bond-to-GDP one. In the second graph, we report the evolution of Total
capital ratio for all Spanish resident banks (dark blue) and the Tier 1 ratio for the
same banks (light blue). In the third graph, we report the evolution of the excess
return of banks with respect to the rest of the market.
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Figure 2: Impuse responses to a 1p.p. shock in capital requirement for specification
with credit to firms. From upper-left to right, the responses are of: GDP, credit,
excess return, bonds issued by firms, and total capital ratio.

Figure 3: Impuse responses to a 1p.p. shock in capital requirement for specification
with credit to households. From upper-left to right, the responses are of: GDP,
credit, excess return, bonds issued by firms, and total capital ratio.
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Table 10: Expanding window estimation of the benchmark models. The upper figure
depicts the results for the firm credit specification, and the lower for household credit.
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Figure 4: Impuse responses to a 1p.p. shock in capital requirement for specification
with Tier 1 capital ratio. From upper-left to right, the responses are of: GDP, credit,
excess return, bonds issued by firms, and Tier 1 capital ratio.
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