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A Additional details on macro-prudential policies

A.1 Macro-prudential measures' impact on the �nancial cycle

For the counterfactual policy scenarios in Sections 5.4 – 5.5 to be meaningful, policymakers must

have access to macro-prudential instruments that are effective in managing the �nancial cycle. Em-

pirical evidence on their effectiveness, however, has only recently emerged. This section provides

a brief and highly selective review of the relevant literature.

Macro-prudential instruments are commonly categorized by the targets they operate on. Capital-

based instruments, such as counter-cyclical capital buffers, aim to increase bank capital during

booms to absorb losses during downturns and curb excessive credit growth. Liquidity-based in-

struments, including liquidity coverage and net stable funding ratios, address maturity mismatches

and funding risks. And borrower-based instruments, such as loan-to-value and debt-to-income

limits, directly constrain household and �rm leverage, often in real estate markets.

An academic consensus has formed that macro-prudential instruments can in�uence their re-

spective targets, particularly in curbing credit growth and house price in�ation (Cerutti et al.,

2017). A meta-analysis by Araujo et al. (2020) points to statistically and economically signi�-

cant effects on credit, despite considerable instrument heterogeneity, and �nds weaker and less

precise effects on house prices. Importantly, their analysis also suggests that tightening actions

(leaning against the wind) have a stronger impact than loosening ones, likely due to imposing

binding constraints on economic agents, akin to the ”pushing on a string” metaphor in monetary

policy. Borrower-based measures consistently prove most effective in moderating household credit

growth and house price dynamics (Ampudia et al., 2021, Richter et al., 2019). The literature also

indicates that macro-prudential tightening and the associated credit slowdown adversely affect eco-

nomic activity primarily in the short term. However, these short-term costs may be outweighed by

long-term bene�ts: by reducing the probability and severity of �nancial crises, macro-prudential

policy could be linked to longer economic expansions, shallower recessions, and thus stronger, less

volatile economic growth (Ampudia et al., 2021).
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Despite evidence of their direct in�uence on credit and asset markets, the ability of macro-

prudential policies to fully “tame” the �nancial cycle, as well as their potential side effects, re-

mains actively debated. Forbes (2019) highlights several critical knowledge gaps. First, under-

standing the implications of leakages and cross-border spillovers is crucial. For example, domestic

regulation might shift credit to less regulated entities or across borders, potentially creating new

vulnerabilities. Second, the optimal calibration and combination of instruments (and approaches

to identifying emerging risks as the �nancial system evolves) are largely unknown. In addition,

long decision and implementation lags can hamper the effectiveness of macro-prudential policies.

Macro-prudential policies may also face signi�cant political economy constraints, given that the

tangible costs of tighter policy are easily felt, while the bene�ts (crises that never materialize) are

hard to quantify.

To sum up, the available empirical literature indicates that macro-prudential instruments can

be effective in targeting speci�c vulnerabilities, especially credit growth and house prices, with

borrower-based instruments being particularly potent. Especially when used in combination, macro-

prudential instruments are increasingly seen as a crucial �rst line of defense against �nancial in-

stability, helping build resilience and mitigate the build-up of systemic risk.

A.2 Continued discussion of the policymaker's loss function

Several further issues regarding the macro-prudential policymaker's objective function (6) / (7)

deserve comment. First, while the speci�c mathematical form of our loss function is based on

the framework in Carney (2020), we emphasize that the underlying principles and objectives that

motivate this form are widely shared among policymakers. For example, also Danthine (2012)

emphasizes the system-wide perspective of macro-prudential policy, distinguishing it from micro-

prudential supervision. He highlights the need to understand how individual actions collectively

generate systemic risk and how risk can build over time. This aligns with our focus on GS, which

inherently captures system-wide downside risk and the potential for collective ampli�cation of

adverse shocks. While not explicitly providing a loss function, his emphasis on preventing se-
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vere and painful economic contractions (as stated in our introduction) underpins the asymmetric

weighting we apply, giving greater importance to avoiding large negative outcomes. Similarly,

Constancio (2016) emphasizes that “The ultimate objective of macro-prudential policy is to pre-

vent and mitigate systemic risk, which includes strengthening the resilience of the �nancial system

and smoothening the �nancial cycle, in order to preserve the effective provision of �nancial ser-

vices to the real economy.” He further stresses that “Our interventions to strengthen the system

have to be expected to support the real economy more in the bad times than they hold it back in

the good.” This sentiment directly supports the concept of balancing risk mitigation with growth

considerations and, crucially, the asymmetric weighting of downside (GS) versus upside (GL) that

forms the core of the loss function (6). The idea of `smoothening the �nancial cycle' as a means

to achieve this objective also reinforces our inclusion of the �nancial cycle in the SQVAR model

below and our counterfactual policy simulations.

Second, one may question the applicability of a loss function articulated by a former Bank of

England governor to the euro area economy. While national speci�cities and institutional frame-

works differ, the fundamental objectives and underlying philosophy of macro-prudential policy

are remarkably consistent across major advanced economies, particularly those that experienced

the GFC (cf. Yellen, 2010, Tarullo, 2011, and Ingves, 2012). This shared experience has led to

a signi�cant convergence in macro-prudential policy design internationally. We emphasize that

we do not assume identical institutional mandates or speci�c quantitative targets, but rather that

the qualitative nature of the macro-prudential objective and the inherent trade-offs are suf�ciently

similar to warrant using this framework as a basis for a quantitative analysis in the euro area.

Finally, the objective function (6) is reminiscent of the mean with downside risk model in

asset allocation; see e.g. Fishburn (1977). Kilian and Manganelli (2008) show that many existing

downside risk measures are special cases of the downside risk notion proposed by Fishburn (1977).

From a normative rather than positive perspective, Suarez (2022) provides a micro-foundation of

a related objective function based on a representative agent with a CARA utility function on GDP

and assumptions regarding the structure of the economy.
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B SQVAR model

SQVAR system

We can reformulate the SQVAR model (9) as

x t = ! (
 ) + A0(
 )x t +
pX

j =1

A j (
 )x t � j + B(
 )dt +
pX

j =0

Cj (
 )zt � j + " 

t ; (B.1)

for a given vector of quantiles
 � [
 1; : : : ; 
 n ]0and state its identifying assumption asQ
 (" 

t j 
 t ) =

0n� 1. We emphasize that matrixA0(
 ) is lower-triangular for any
 . The identifying assumption

Q
 (" 

t j 
 t ) = 0 n� 1 is a stacked (vectorized) version ofn univariate quantile regressions' iden-

tifying assumptionsQ
 i ("

 i
it j 
 it ) = 0 , i = 1; : : : ; n. Importantly, the model does not assume a

particular statistical distribution (such as Gaussian or Student's t) for each error term" it . Instead,

it assumes merely thatQ
 i ("

 i
it j 
 it ) = 0 , or, equivalently, thatFi (" it < 0j 
 it ) = 
 i for some

cumulative distribution functionFi (�). For completeness, we note that each exogenous variable

zvt , v = 1; : : : ; r , is modeled as a univariate quantile autoregressive process,

zvt = Wv(
 �
v ) +

pX

j =1

A j;v (
 �
v )zv;t � j + Bv(
 �

v )dt + � 
 �
v

vt ; (B.2)

for 
 �
v 2 (0; 1).

Small SQVAR example

This section illustrates the general form of the SQVAR model (9) by providing a miniature model

example. Speci�cally, we consider a bivariate model for the data vectorx t = ( yt ; st )
0, whereyt

is the quarterly annualized real GDP growth andst is a coincident indicator of systemic �nancial

stress. We consider one lag (p = 1), no exogenous variables, no deterministic terms beyond the

constant, and only two quantiles:0:1 for GDP, and0:9 for �nancial stress. The system (9) can then
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be written as
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We note, in particular, the lower-triangular matrixA0, the contemporaneous termx t = ( yt ; st )0 on

the right-hand side, and that different quantiles can be (are) considered for different variables. In

this example, a unit-sized shock toyt moves the 0.9 quantile ofst by a021(:9), and a unit-sized

shock tost moves the 0.1 quantile ofyt+1 by a12(:1).

Comment on quantile crossing

Quantile-based statistical models have occasionally been criticized because their predictive quan-

tiles can cross under certain circumstances. For example, in single-equation linear QR models

with slope heterogeneity, the predictive quantiles will cross with certainty when the conditioning

variables are suf�ciently far from their center; see, e.g., Koenker (2005, Ch. 2.5). This does, of

course, not imply that single-equation QR models are problematic: They can point to important

asymmetries in-sample, see e.g. Adrian et al. (2019), and can do well in out-of-sample forecasting,

see, e.g., Korobilis (2017). Quantile crossing is less of a concern in our SQVAR context because

we will simulate data from the model, implicitly reordering them as in Chernozhukov et al. (2010),

rather than focus on itsnq one-step-ahead conditional quantile estimates. We note, in particular,

that we do not need them as inputs to �t a skewed parametric density in a second step (cf. Adrian

et al., 2019).
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C Bayesian estimation

C.1 Gibbs sampler

We obtain posterior inference relying predominantly on established methods for Bayesian quantile

regressions (see e.g. Yu and Moyeed, 2001, Kozumi and Kobayashi, 2011, Khare and Hobert, 2012,

and Korobilis, 2017). We estimate the SQVAR parameters in (9) equation by equation, which is

possible given thatA0(
 ) is lower-triangular and as long as their prior density does not introduce

cross-equation restrictions. We start by considering the endogenous variablex i at quantile
 ,

x it = w0
it � i (
 ) + " 


it ; (C.1)

wherex it is a scalar,i = 1; : : : ; n, t = 1; : : : ; T, wit is a vector of regressors (in our case, con-

temporaneous values and lags of the endogenous and exogenous variables, a constant, as well as

dummy variables), and� i (
 ) is a vector of quantile-speci�c coef�cients. The error term" 

it is

assumed to have an asymmetric Laplace distribution of the form

f (" 

it ) = 
 (1 � 
 ) [� i (
 )]� 1 e� � 
 (" 


it ); (C.2)

where� i (
 ) is a scale parameter, and� 
 (" ) � " (
 � I (" < 0)) is the standard quantile regression

check function; see also Koenker and Bassett (1978) and Engle and Manganelli (2004). It is

clear from (C.2) that minimizing the usual quantile regression objective function, as e.g. de�ned

in Koenker and Bassett (1978), is equivalent to maximizing a corresponding asymmetric Laplace

log-likelihood; see e.g. Yu and Moyeed (2001).

An asymmetric Laplace random variable can be represented as a mixture of a standard normal

and an exponential random variable (Yu and Moyeed, 2001, Kozumi and Kobayashi, 2011). As a

result, (C.1) can be restated as

x it = w0
it � i (
 ) + � (
 )� it (
 ) + ~� (
 )

p
� i (
 )� it (
 )u


it ; (C.3)
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where~� 2(
 ) = 2

 (1� 
 ) , � (
 ) = 1� 2



 (1� 
 ) , u

it � N (0; 1), � it (
 ) � E (� i (
 )) , andE(~e) denotes an

exponential distribution with mean~e.

Since this section exclusively considers univariate regressions at a single quantile
 , we drop

the quantile notation for convenience and leave the dependence implied. The mixture representa-

tion in (C.3) allows us to draw from the conditional posterior distributions using an appropriate set

of prior distributions. We follow Kozumi and Kobayashi (2011) and choose the prior distributions

� i � N
�
� �;i ; � i � �;i

�
; � i � IG

�
� �;i ; � �;i

�
; (C.4)

whereIG (�; � ) denotes an inverse-gamma distribution with shape and scale parameters� and� .

The addition of the scalar� i � 0 to the prior variance of� i in (C.4) lets us control the loose-

ness/tightness of the respective prior. A lower value of� i implies a tight, informative prior, while

a high value of� i implies a loose, uninformative prior. This extra degree of latitude becomes par-

ticularly useful when considering regression quantiles in the tails of the distribution, where much

weight is assigned to only a few observations. Similarly, a different degree of latitude may be

appropriate for different macroeconomic and/or �nancial endogenous variables in the SQVAR. We

give � i its own prior density and let� i � IG (� � ; � � ).

We acknowledge that other prior choices for� i (
 ) and� i (
 ) are possible. As one example, a

global-local shrinkage prior, such as a horseshoe prior centered either on zero or the prior informa-

tion, is one alternative for� i (
 ). Alternatively, a Minnesota or sum-of-coef�cients prior could be

appropriate for� i (
 ). Similarly, a tight “global” prior on� i (
 ), without an i subscript, or without a

dependence on
 , could be an alternative hyperprior for the shrinkage parameter (but probably not

a good one, as it leans against different degrees of prior variance that may be appropriate across

quantiles and/or economic variables; see the discussion just above, and also Web Appendix F.2 on

prior robustness checks and Web Appendix F.3 on a hyperprior robustness check).

With the above priors in place, and continuing to rely on Kozumi and Kobayashi (2011) and

Khare and Hobert (2012), we end up with the following four-step Gibbs sampler for allnq equa-
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tions, dropping subscripti for convenience. Steps 1 – 3 are identical to those in Khare and Hobert

(2012). Step is 4 is new but straightforward; Section C.2 provides a derivation.

1. Draw� jx; w; : : : � IG
�
�� � ; �� �

�
,

where�� � = � � + 3
2T, and�� � = � � +

P T
t=1

(x t � w0
t � � �� t )2

2~� 2 � t
+

P T
t=1 � t .

2. Draw� jx; w; : : : � N
�
�� � ; �� �

�
,

where�� � 1
� =

P T wt w0
t

~� 2 �� t
+ � � 1� � 1

� , and�� � = �� �

hP T wt (x t � �� t )
~� 2 �� t

+ � � 1� � 1
� � �

i
.

3. Draw� � 1
t jx t ; wt ; : : : � IGN (�� 1; �� 2), whereIGN denotes the inverse Gaussian distribu-

tion, with �� 1 =
p

� 2+2~� 2

jx t � w0
t � j , and�� 2 = � 2+2~� 2

� ~� 2 .

4. Draw� j�; : : : � IG
�
�� � ; �� �

�
,

where�� � = � � + ~k
2 , �� � = � � + 1

2

�
� � � �

� 0
� � 1

�

�
� � � �

�
, and~k is the dimension of� (the

number of regressors).

To conclude, we note that the Gibbs sampler of Kozumi and Kobayashi (2011) and Khare and

Hobert (2012), steps 1–3 above, comes with theoretical guarantees: draws from the sampler con-

verge to the intractable true posterior, and do so at a geometric rate. To prove this result, Khare

and Hobert (2012) make no assumptions regarding the dimensions of the data (so that the result

continues to hold even if~k were large relative toT).

C.2 Posterior density for �

This section derives the fourth step of the Gibbs sampler in Section C.1. This step estimates a

tightness parameter that determines the weight given to the U.S. parameter estimates in forming

the priors for estimating the euro area model. Allowing the data to help decide on the tightness

of the prior density across quantiles and variables appears particularly appropriate in our case, as

we have no reliable prior knowledge of how informative the Minnesota prior is for the parameters

of the U.S. model at any given quantile, nor how informative the U.S. posterior density is for the

parameters of the euro area model. This issue is particularly acute when modeling tail quantiles
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far from the center of the predictive distribution, and/or when modeling dissimilar variables in the

SQVAR. Bayesian updating of the tightness parameter through a hyper-prior is a solution adopted,

for example, in the literature on shrinkage in Bayesian regression models (see e.g. Huber and

Feldkircher, 2019 and Korobilis and Pettenuzzo, 2019), and in the analysis of sequential medical

trials (see, e.g., Ibrahim et al., 2015 and Ibrahim and Chen, 2000).

To arrive at the conditional posterior distribution for� , again dropping subscripts
 andi for

clarity, we start by writing out the kernel of the joint posterior distribution,P (�), with the terms

relating to� ,

P (� j�) / j � � � j �
1
2 exp

�
�

1
2

�
� � �

�

� 0
� � 1� � 1

�

�
� � �

�

� �
� � � � � � 1 exp

n
� �

�
� � 1

o
;

where the �rst term comes from the normally distributed prior for� and the second term from the

inverse-gamma prior distribution for� . Rewriting the above expression, we obtain

P (� j�) / � � � � �
~k
2 � 1 exp

�
� � � 1

�
1
2

�
� � �

�

� 0
� � 1

�

�
� � �

�

�
+ �

�

��

/ IG
�
�� � ; �� �

�
;

where �� � = � � + ~k
2 and �� � = � � + 1

2

�
� � � �

� 0
� � 1

�

�
� � � �

�
, and ~k denotes the number of

regressors. As a result, we can immediately draw� from its posterior distribution conditional on a

posterior draw of� .

C.3 Speci�cation of prior densities

As explained in the main text, we �rst estimate the SQVAR model's parameters for U.S. data. We

do so using the same model speci�cation (i.e., variables, deterministic terms, number of lags and

zero restrictions). Next, we let these estimates inform the euro area parameters' priors. We are

thus taking advantage of decades of data available for the U.S. between 1973Q1 and 2022Q4.
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Priors for U.S. data

We need to specify the prior parameters� US
�;i

� US
i , � US

�;i , � US
�;i

, � US
�;i , and� US

�;i
. For U.S. data, we

keep the prior parameters homogeneous across quantiles. We have therefore dropped a potential

dependence on
 .

We employ a Minnesota prior for the vector of coef�cients� US
i (see, e.g., Litterman, 1986,

Lütkepohl, 2005, p. 225, Giannone et al., 2015). This means that the prior density is Gaussian, and

pointing to a persistent autoregressive process of order one. Speci�cally, we set the coef�cient in

� US
i referring to variablei 's own �rst lag equal to either 0.9 or 1, depending on the variable. For

the CISS, the �nancial cycle, and the real GDP growth rate, the own-lag coef�cient is set to 0.9;

for CPI in�ation and the Federal Funds Rate the coef�cient is set to one. All other elements of� US
i

are given a prior mean of zero. We further specify the Minnesota prior's covariance matrix� US
�;i

as diagonal, with� US
�;ij;l the element corresponding to thelth lag of thej th endogenous variable in

equationi . The diagonal elements are given by

� US
�;ij;l = � 2

0 if i = j; l = 0

� US
�;ij;l =

� � 0

l � 3

� 2
if i = j; l > 0

� US
�;ij;l =

�
� 0� 1

�̂ i
�̂ j

� 2
if i 6= j; l = 0

� US
�;ij;l =

�
� 0 � 1

l � 3
�̂ i
�̂ j

� 2
if i 6= j; l > 0

� US
� = ( � 0� 2)2 otherwise;

where� 0 is a general tightness parameter,� 1 a tightness parameter on endogenous variables other

than variablei , � 2 a tightness parameter on exogenous variables and deterministic terms, and� 3

a tightness parameter controlling the importance of lags of endogenous variables. We choose

� 0 = 0:2, � 1 = 0:5, � 2 = 105, and� 3 = 1. These are common choices in the literature (see,

e.g., Litterman, 1986). Parameter�̂ i denotes the standard error of the residuals from a univariate

quantile autoregression on endogenous variablei at the median. Finally, we set� US
�;i = � US

�;i = 0:01,

corresponding to a non-informative prior for the scale parameter� . We also set� US
�;i = 3 and

� US
�;i = 6, implying a prior mean and a prior standard deviation of 3 for� i .
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Priors for euro area data

We set the euro area prior parameters for� EA
i (
 ) to match the corresponding posterior moments

obtained from U.S. data. Speci�cally,

� EA
�;i

(
 ) =
1

N S

N SX

s=1

�̂ US
i;s (
 )

� EA
�;i (
 ) =

1
N S

N SX

s=1

�
�̂ US

i;s (
 ) � � EA
�;i

(
 )
� 2

;

where�̂ US
i;s are theN S posterior draws of� US

i . All other euro area hyperparameters are given

values identical to their U.S. counterparts. Speci�cally,� EA
�;i = � EA

�;i
= 0:01, � EA

�;i = 3, and

� EA
�;i

= 6.
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D Quantile IRFs, multi-step-ahead prediction, and counterfac-

tual scenarios

D.1 Quantile impulse response functions

This section presents the simulation algorithm used to obtain quantile impulse response func-

tions (QIRFs). For a given set of coef�cients, we require two sets of conditional distributions to

compare: First, we require the conditional forecast distribution of the data in a baseline scenario

without an initial shock. Second, we require the conditional forecast distribution of the data in a

counterfactual scenario in which a single shock arrives in the �rst forecasting period. The QIRFs

are obtained as the difference between the latter and the former distribution.

To �x the notation, we letH denote the forecast horizon,o the forecast origin,M the number

of posterior draws required for posterior inference of the QIRFs, andS the number of forward sim-

ulations for each posterior draw. We assume thatQ = f 0:05; 0:10; : : : ; 0:90; 0:95g is a suf�ciently

large set ofq = 19 quantiles distributed symmetrically around the median. We obtainN S = 2; 500

draws of each� i (
 ), after discarding a burn-in sample ofN B = 2; 500. The algorithm proceeds

as follows.

Algorithm:

1. Obtain posterior draws. Obtain and storeN S posterior draws for all the SQVAR's pa-

rameters in (B.1) and (B.2) at all quantiles, see Appendix C.1. We store them in a four-

dimensional array of dimensions[n + r ] � [p(n + r ) + r + 1 + k] � q � N S.

2. Choose forecast origin.Fix the initial conditions for the endogenous variablesxo� (p� 1):o

and exogenous variableszo� (p� 1):o. We use the unconditional median over the estimation

sample for all variables.

3. Setm = 1.
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3.1. Draw parameters. Let �̂ (m) be a random draw from the set ofN S posterior draws, and

�̂ (m)
i (�
 ) the subset of parameters corresponding to the posterior draw of� i for some

quantile�
 .

3.2. Let�̂ o+1 be ann � 1 vector of zeros.

3.3. Sets = 1.

3.3.1. Seth = 1.

3.3.1.1. Draw quantiles at random. Obtainn random draws from the uniform dis-

tribution U(0; 1) and map them to the corresponding quantiles inQ based on

proximity. Stack the mapped quantiles in then � 1 vector%. De�ne ther � 1

vector%� in a similar fashion.

3.3.1.2. Set up SQVAR system matrices.Let f A j

�
�̂ (m)

i (�
 )
�

be a mapping from pos-

terior draw�̂ (m)
i (�
 ) to thei th row ofA j in (B.1). De�ne similar mappings for

the remaining matrix coef�cients. Using these mappings, stack the variable-

speci�c posterior draws into matrices of quantile coef�cients, such that

~Ao+ h
j =

2

6
6
6
6
6
6
6
6
6
6
6
4

f A j

�
�̂ (m)

1 (%1)
�

...

f A j

�
�̂ (m)

i (%i )
�

...

f A j

�
�̂ (m)

n (%n )
�

3

7
7
7
7
7
7
7
7
7
7
7
5

~! o+ h =

2

6
6
6
6
6
6
6
6
6
6
6
4

f !

�
�̂ (m)

1 (%1)
�

...

f !

�
�̂ (m)

i (%i )
�

...

f !

�
�̂ (m)

n (%n )
�

3

7
7
7
7
7
7
7
7
7
7
7
5

~Co+ h
j =

2

6
6
6
6
6
6
6
6
6
6
6
4

f Cj

�
�̂ (m)

1 (%1)
�

...

f Cj

�
�̂ (m)

i (%i )
�

...

f Cj

�
�̂ (m)

n (%n )
�

3

7
7
7
7
7
7
7
7
7
7
7
5

~B o+ h =

2

6
6
6
6
6
6
6
6
6
6
6
4

f B

�
�̂ (m)

1 (%1)
�

...

f B

�
�̂ (m)

i (%i )
�

...

f B

�
�̂ (m)

n (%n )
�

3

7
7
7
7
7
7
7
7
7
7
7
5

for j = 0; : : : ; p. De�ne the corresponding matrices for the exogenous vari-
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ables analogously using%� , resulting in matrices~W o+ h
v ; ~A o+ h

j;v and ~Bo+ h
v .

3.3.1.3. Iterate exogenous variables forward.Compute the conditional forecast of

each of ther exogenous variables,z(s)
o+ h, using (B.2) and the relevant quantile

coef�cients determined in the previous step as

z(s)
v;o+ h = ~W o+ h

v +
pX

j =1

~A o+ h
j;v z(s)

v;o+ h� j + ~Bo+ h
v dt+ h:

3.3.1.4. Iterate endogenous variables forward. Compute the conditional forecast

of x(s)
o+ h using (B.1) and the relevant quantile coef�cients determined in step

3.3.1.2 as

x(s)
o+ h =

�
I � ~Ao+ h

0

� � 1

2

6
4

~! o+ h +
P p

j =1
~Ao+ h

j x(s)
o+ h� j

+ ~B o+ hdt+ h +
P p

j =0
~Co+ h

j z(s)
o+ h� j + �̂ o+ h

3

7
5

3.3.1.5. Ifh < H , seth = h + 1 and return to step 3.3.1.1.

3.3.2. Ifs < S , sets = s + 1 and return to step 3.3.1.

3.4. Obtain predicted quantiles. Let �xo+ h = f x(s)
o+ hgS

s=1 be the set ofS simulated forecasts

of xo+ h. Compute the
 th conditional quantile forecast ofx i;o+ h as

Q
 (x i;o+ h j
 o) = Q
 (�xi;o+ h) ;

whereQ
 (�j 
 o) is the
 th quantile conditional on the information set
 o, and letting

Q
 (�) denote the empirical quantile function. This concludes the baseline (no shock)

forward simulations.

3.5. Choose the shock of interest.Let S be ann � 1 selection vector picking the endoge-

nous variablei to be shocked. (That is, thei th element ofS is 1 and 0 otherwise.)

Rede�ne �̂ o+1 =  S, where is a scalar. A common choice of magnitude is the

estimated standard deviation of quantile shocks obtained at the median. Repeat steps

14



3.3 - 3.4 to obtain the quantile projection conditional on the shock,Q
 (x i;o+ h j
 o;  S ).

3.6. Compute the
 th quantile impulse response functionas

� (m)

;i;o + h = Q
 (x i;o+ h j
 o;  S ) � Q
 (x i;o+ h j
 o)

3.7. If m < M , setm = m + 1 and return to step 3.2.

Posterior inference of the QIRF of the conditional quantile
 of variablei in periodo+ h is obtained

from the sequence
n

� (m)

;i;o + h

oM

m=1
.

D.2 The SQVAR's predictive distribution: tree structure and resolution

Deriving the SQVAR (9)'s multi-step-ahead predictive distribution requires a sequential process

that rapidly increases in complexity. A “tree structure” arises because, at each forecast step, we are

interested in multiple quantiles(
 1; : : : ; 
 q) for each endogenous variable. To build the predictive

distribution at horizonH , we recursively propagate the quantile forecasts through the model; see

Section 3.4. For a model withn endogenous variables andq estimated quantiles, if we consider all

possible combinations of quantiles at each step, the number of potential “paths” through the tree to

a given forecast horizonH grows exponentially. Speci�cally, the number of possible trajectories

of the entire vector of endogenous variables is(qn )H . Even for moderate values (e.g.,q = 19

quantiles,n = 5 variables, and a forecasting horizon ofH = 4 quarters), the number of possible

paths becomes astronomically large, making it computationally infeasible to explicitly enumerate

and store every single terminal node of the “tree.”

Monte Carlo sampling becomes necessary to characterize the predictive distribution as a result.

Instead of attempting to enumerate every discrete point in the high-dimensional, expanding tree,

we generate a large number of random draws (paths) through the tree structure. Each simulated

path represents a possible future realization of the system. By aggregating the simulated paths, we

can then ef�ciently approximate the full predictive distribution and extract any desired predictive

quantiles (e.g., the 5th, 50th, 95th percentiles of the forecasted variable of interest for a given
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quarter). This is the standard approach for obtaining predictive distributions from non-linear, state-

dependent models where analytical solutions are intractable. Although the underlying structure is

indeed discrete, due to the �nite number of estimated quantiles, the simulation process effectively

provides a re�ned and smooth approximation of this complex distribution.

The SQVAR framework, by estimating a �nite number of conditional quantiles, implies a dis-

crete (albeit highly resolved) representation of the predictive distribution. The “resolution” of the

predictive density is determined by the number of estimated quantiles, the number of endogenous

variables, and the forecast horizon. In our application, we useq = 19 quantiles per variable. For

a single variable at a single step, this gives19 discrete points. However, as we combine these

conditional quantiles acrossn = 5 endogenous variables and propagate them over horizons up to

H = 20 quarters, the number of potential paths – and thus potential “unique values” or points in

the discretized joint predictive distribution – quickly becomes immense. For instance, considering

only the19quantiles for a single variable, atH = 20, there are1920 � 3:76� 1025 possible paths,

which is an extraordinarily large number.

Despite the underlying discrete nature, when a suf�ciently large number of simulations are per-

formed (e.g., tens of thousands as in our study), the resulting predictive distributions for individual

variables appear continuous and smooth. As illustrated in the selected predictive distributions plot-

ted and discussed in Web Appendix G.2, these distributions typically exhibit asymmetry, which is

a key advantage of our quantile framework over mean-based models. They are often skewed,

re�ecting higher downside risks or upside potentials depending on the state of the economy. Im-

portantly, we do not observe signi�cant “clumping” or “bimodality” in the GDP growth predictive

distributions in our empirical application. The distributions tend to be unimodal, albeit asym-

metric. This suggests that the chosen number of quantiles (19) and the simulation methodology

provide a suf�ciently rich and smooth representation of the underlying dynamics without arti�cial

discontinuities.
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D.3 SQVAR-based counterfactual scenarios

Rather than moving through the tree of potential future values ofx t+ h completely at random, we

may sometimes wish to consider only a subset of paths, or even just one path, in isolation. Such

paths can also be thought of as a `counterfactual scenario,' or model-based thought experiment,

that conditions on an arbitrary but �xed sequence of future quantile realizations.

To this effect, let� � denote a design matrix of sizeH � (n + r ). Each element of� � is

either empty or in the interval(0; 1). Any non-emptyhth element of thei th column designates the

quantile path to be traveled by variablei in periodh in all S simulations. An empty element means

that the path is chosen at random. The matrix� � can then be readily applied in Step 3.3.1.1 in the

simulation algorithm of Section D.1 to obtain density forecasts in a counterfactual scenario.

An illustration of this principle is given in Figure D.1. There, a single variable,y, is projected

forward forH = 3 periods using two estimated quantiles,
 2 f u; dg. An unrestricted projection

as in Figure D.1a yields a total of23 = 8 unique paths fory to travel along. Consider now the

counterfactual, in which we requirey to initially increase, then decrease, and then �nally increase

again. This maps to the path satisfying� � = f u; d; ug0, highlighted by the red dashed lines in

Figure D.1b.

Instead of a fully restricted tree, as illustrated above, one may also consider a partially restricted

tree. In a partially restricted tree, the quantile paths are only �xed for some of the periods or

variables. In the example above, one may, for instance, require that the chosen quantile from

period 1 to 2 is alwaysf dg, while leaving the remaining branches unrestricted. In this case, the

total number of paths that can be traveled equals four
�
Qu,d,u; Qu,d,d; Qd,d,u; Qd,d,d

�
.
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Figure D.1: Illustration of counterfactual scenario analysis through quantile restrictions

Left panel: Solid blue lines indicate unrestricted paths. Right panel: The red dashed line indicates a restricted path,

while light blue lines indicate paths excluded by the imposed restrictions.

(a) Unrestricted tree (b) Fully restricted tree
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E Euro area data and time series plots

E.1 GDP and in�ation data

Sections 2 and 5 aim to provide analytical support for macro-prudential policies that safeguard the

stability of the entire �nancial system to support the real economy's overall welfare. Real Gross

Domestic Product (GDP) is the most comprehensive and policy-relevant measure of aggregate

economic activity, encompassing all sectors of the economy, including the crucial services sector.

Macro-prudential authorities, such as the European Central Bank, primarily monitor GDP as their

key indicator of real activity when assessing systemic risks and their potential impact.

We use pre-1999 macro-�nancial time series data for the euro area when available. Such pre-

1999 data were urgently needed for monetary policy analysis during the ECB's early years. As a

result, counterfactual data were constructed “as if” the euro area had already existed earlier. Pre-

1999 euro area data is publicly available;1 see e.g. Fagan et al. (2001). We obtain quarterly real

GDP and monthly consumer price index data between 1990Q1 and 1998Q4 from this source and

splice it with of�cial Eurostat data on real GDP and the Harmonised Index of Consumer Prices

(HICP) between 1999Q1 and 2022Q4. Quarterly consumer prices are then computed as averages

of monthly index levels. This results inT = 132.

E.2 Composite indicator of systemic stress

As a measure of system-wide �nancial distress, we use the revised daily version of the ECB's

composite indicator of systemic stress (CISS) as introduced and described in Chavleishvili and

Kremer (2025). This version of the CISS includes 15 individual market-based �nancial stress indi-

cators that cover the main segments of a typical modern �nancial system: �nancial intermediaries,

money markets, equity markets, bond markets, and foreign exchange markets. The 15 indicators

are aggregated into a single statistic in a way that takes their time-varying cross-correlations into

account. As a result, the CISS takes higher values when stress prevails in most market segments

1https://eabcn.org/page/area-wide-model.
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at the same time, capturing the idea that �nancial stress is more systemic, and more dangerous for

the economy as a whole, whenever �nancial instability spreads widely across different parts of the

�nancial system. The CISS for the euro area (as well as that for the U.S. and other countries) is

updated daily and publicly available via the ECB's Statistical Data Warehouse.2

E.3 The �nancial cycle

The �nancial cycle indicator used in the empirical analysis is based on Lang et al. (2019). It is

designed to capture risks stemming from domestic (real) credit volumes, real estate markets, asset

prices, and external imbalances. Lang et al. (2019) demonstrate that the indicator increases, on

average, three to four years before the onset of systemic �nancial crises and the ensuing economic

recession, and that its early warning properties for euro area countries are superior to those of the

total credit-to-GDP gap, a popular alternative referred to in Basel-III regulation. As a result, the

�nancial cycle measurement offers useful information about both the probability and the likely

cost of systemic �nancial crises several years in advance. In our model, a systemic �nancial crisis

entails a sharp increase in the CISS and a subsequent large drop in real GDP.

Figure E.1 below provides a time series plot of the �nancial cycle indicator. It takes high values

during the dot-com boom years between 1997 and 2000 and during the credit boom years preceding

the 2008–2009 global �nancial crisis. The �nancial cycle takes particularly low values in 2009 and

2011, at times associated with crisis-induced �re sales and �nancial system deleveraging.

E.4 Short-term interest rates

To construct a consistent time series of short-term euro area interest rates, we splice together

three time series, as follows. From 1999Q1 to 2022Q4, we use quarterly averages of the three-

months-ahead euro Overnight Index Swap (OIS) rate, a risk-free interest rate. Between 1994Q1

and 1998Q4, we use the three-month Euro Interbank Offered Rate (EURIBOR), corrected for

the average EURIBOR-OIS spread between 2000Q1 and 2007Q2. Finally, between 1990Q1 and

2https://sdw.ecb.europa.eu/
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1993Q4, we use the German Frankfurt Interbank Offered Rate (FIBOR), additionally adjusted for

the average FIBOR-EURIBOR spread between 1994Q1 and 1998Q4. All interest rate data are

taken from London Stock Exchange Group. Web Appendix E.5 provides a time series plot.

E.5 Time series plots
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Figure E.1: Euro area and U.S. time series

Time series data plots. Annualized in�ation and growth rates are calculated as 400 times the log difference between

quarterly averages. Sources: European Central Bank, U.S. Bureau of Labor Statistics, U.S. Bureau of Economic

Analysis, Board of Governors of the Federal Reserve System, LSEG, Haver Analytics, and authors' calculations.
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F Model adequacy & robustness checks

F.1 In- and out-of-sample assessment of predictive quantiles

This section provides a selective in- and out-of-sample assessment of the SQVAR model's predic-

tive density.

In-sample assessment: Maximizing the asymmetric Laplace likelihood function (C.2) (or,

equivalently, minimizing the Quantile Regression “check function;” see the discussion below

(C.2)) virtually guarantees the correct calibration of the time-varying one-step-ahead conditional

quantiles for all endogenous variables in-sample. Put differently, getting the unconditional cover-

age (of the model's one-step-ahead time-varying quantiles) right is what the QR objective function

is designed to deliver.

In a Bayesian setting, the correct calibration of all one-step-ahead in-sample conditional quan-

tiles will continue to hold provided the model parameters' priors are not particularly dogmatic/ill-

chosen. For the full-sample posterior mean estimates used in Sections 5.3 – 5.5, we report that

90,4% of theT = 132 in-sample observations for euro area real GDP growth lie above the model's

estimated time-varying .1 quantile for that variable, 75,0% lie above the model's time-varying .25

quantile, 51,9% lie above the model's time-varying median, 26,9% lie above its time-varying .75

quantile, and 9,6% lie above its 0.9 quantile. As a result, the SQVAR's one-step-ahead predictive

quantiles for euro area real GDP growth are virtually perfectly calibrated in-sample.

Out-of-sample assessment: In principle, many variables, forecasting horizons, alternative

models for comparison, and different prior speci�cations for each of these models' parameters

could be considered in an all-encompassing out-of-sample assessment exercise; see e.g. Surprenant

(2025) for a welcome and important �rst step in this direction. To keep the discussion on point,

we continue to focus on the above �ve quantiles of the SQVAR model's one-step-ahead predictive

density for euro area real GDP growth, and study whether nominal and out-of-sample empirical

con�dence levels are approximately aligned. Real GDP growth is the key variable of interest in

the empirical study presented in Section 5.
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To assess the calibration of our quantile forecasts, we conduct an out-of-sample evaluation

using the Dynamic Quantile (DQ) test proposed by Engle and Manganelli (2004), which in turn

builds on insights by Kupiec (2000) and Christoffersen (1998). When discussing testing outcomes,

this section implicitly (and exceptionally) adopts a frequentist perspective.

The core intuition behind the DQ test is that, for a quantile forecast to be well-calibrated, two

conditions must hold: unconditional coverage and independence. Unconditional coverage implies

that the actual proportion of observations falling below the
 -quantile forecast should be equal

to 
 . Independence implies that whether an observation falls below the quantile forecast should be

independent of all information available at the time the forecast is made.

The DQ test is constructed as follows. The “exceedance” variableHit 
;t +1 is de�ned as

Hit 
;t +1 � I (x t+1 < Q 
 (x t+1 j 
 t )) � 
;

whereI (�) is the indicator function, taking value 1 if the condition in parentheses is true and zero

otherwise. In this context,Q
 (x t+1 j 
 t ) represents the
 quantile forecast based on the information

set
 t at timet. If the quantile forecast is correctly calibrated, the sequenceHit 
;t +1 should be a

martingale difference sequence with mean zero. To test this, we regressHit 
;t +1 on a constant, one

lag of the exceedance variable, and the quantile forecast itself. The regression is limited to a single

lag of the exceedance variable due to the relatively small out-of-sample period. Since the quantile

forecast is derived from variables in the information set, the quantile itself should not provide any

predictive power for the exceedance in the subsequent period. If the quantile model is correctly

calibrated, none of the regression coef�cients should be signi�cantly different from zero. This can

be tested using a standard F-test.

We applied the DQ test to the one-step-ahead quantile forecasts for euro area real GDP. The

model was estimated using data up to 2008Q4, and the DQ test was conducted on an out-of-sample

basis for the subsequent period, from 2009Q1 to 2022Q4, yielding a total of 56 out-of-sample

observations. Table F.1 reports the p-values from the F-test for three speci�cations of the DQ test.
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Table F.1:Dynamic quantile tests

P-values of Engle and Manganelli (2004)'s dynamic quantile tests for �ve quantiles of the one-step-ahead predictive

real GDP growth distribution. Estimation sample: 1991Q1 – 2008Q4. Evaluation period: 2009Q1 – 2022Q4.

Model Q10 Q25 Q50 Q75 Q90
1. Constant 0.07 0.35 0.35 0.03 0.00
2. Constant + hit lag 0.43 0.97 1.00 0.95 0.57
3. Constant + hit lag + quantile forecast 0.10 0.18 0.14 0.14 0.07

The �rst speci�cation (“1. Constant”) tests only for unconditional coverage and is equivalent to

Kupiec (2000)'s test. The second speci�cation (“2. Constant + hit lag”) incorporates a test for the

independence of hits (similar to Christoffersen (1998)'s test). Finally, the third speci�cation (“3.

Constant + hit lag + quantile forecast”) constitutes the full DQ test, where the quantile forecast

itself is included as an explanatory variable. Since the quantile forecast is derived from variables

in the information set, the quantile forecast should not provide any additional predictive power for

the exceedance in the subsequent period if the model is well-calibrated.

Table F.1 indicates the following: For unconditional coverage (�rst row), the upper tail (Q75,

Q90) quantiles' p-values are below 5%, suggesting a departure from unconditional coverage in the

right tail over the out-of-sample evaluation period. A closer inspection suggests that the predictive

density's dispersion may be on the low side following the 2020 Covid-19 recession, which in turn

may be related to our decision to use Covid-dummies to neutralize their effect on the full-sample

posterior estimates, coupled with the energy crisis / Russian war of aggression against Ukraine that

follows shortly afterwards in 2022. When we test for independence of hits (second row), the p-

values are high across all quantiles, ranging from 0.43 to 1.00. This result indicates that the quantile

exceedances are largely independent and that the model captures the dynamic dependencies well,

without a systematic pattern of under- or over-predicting the tails. For the full DQ test (third row),

the p-values for all �ve quantiles are above a conventional 5% signi�cance level, indicating a good

calibration over the entire support of the predictive distribution.

We emphasize that the model is not re-estimated during the out-of-sample period. The �xed
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estimation window (up to 2008Q4) means that the model does not adapt to structural changes or

new information that emerged post-2008. Given the signi�cant shocks in the evaluation period,

we interpret these results as pointing to an adequate out-of-sample performance. In particular, the

model successfully captures the dynamic dependencies (as shown by the high p-values for lagged

hits).

F.2 Robustness to different priors for the euro area SQVAR's parameters

This section demonstrates the insensitivity of our main results to alternative prior choices, support-

ing the credibility of the empirical �ndings as presented in Section 5. To explicitly demonstrate

the robustness of our results, we perform two additional estimation exercises, deliberately moving

away from the U.S.-data-based informative prior. First, we estimate the euro area SQVAR model's

parameters using a standardMinnesota prior . The Minnesota prior is a commonly used empirical

prior for VAR models that shrinks coef�cients towards a random walk, favoring parsimony. Sec-

ond, we estimate the euro area SQVAR model's parameters using anuninformative (�at) prior .

This choice re�ects maximal prior ignorance, allowing the euro area data alone to dominate the

estimation.

The quantile impulse-response functions (QIRFs) resulting from these two alternative prior

speci�cations are presented in Figures F.1 and F.2. For direct comparison, the QIRFs from our

primary analysis – using U.S.-data-based informative priors – are included as dotted lines in these

�gures.

The key �ndings from our prior robustness checks can be summarized as follows:

First, we observe an overall qualitative consistency, particularly for GDP. As expected, the

QIRF estimates show some variation across prior speci�cations. However, the qualitative pat-

terns remain largely consistent, particularly for real GDP growth (the central variable for assessing

macro-prudential downside risks). The direction, persistence, and especially the asymmetric na-

ture of responses (e.g., larger downside shifts in the left tail than in the median or right tail) for

GDP to shocks (e.g., to �nancial stress or the �nancial cycle) are preserved across all prior set-
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tings. This consistency for GDP is paramount, as our macro-prudential analysis critically relies on

accurately characterizing the downside risks to economic activity.

Second, we do observe some interesting differences in the response of HICP in�ation. When

using the Minnesota prior, both the lower and upper tail quantiles of in�ation tend to rise in re-

sponse to a �nancial stress (CISS) shock. In contrast, our baseline model showed these quantiles

moving in opposite directions, suggesting a reduction in in�ation uncertainty. Additionally, the

response of in�ation to an interest rate shock becomes positive under the Minnesota prior. With

the uninformative prior, the response of in�ation to an interest rate shock is notably more nega-

tive than in our baseline model. The differences in in�ation responses highlight the sensitivity of

certain macroeconomic relationships, particularly in�ation dynamics, to prior assumptions when

data are limited or when speci�c relationships are less strongly identi�ed by the likelihood alone.

The informative U.S. prior, by bringing in information from a larger sample, helps to pin down

these relationships more precisely, re�ecting the common in�ation dynamics observed in major

advanced economies.

Despite the noted differences in in�ation responses, we conclude that our primary �ndings

related to macro-prudential policy and downside risks to GDP are robust to the selection of priors.

The critical aspect for our analysis, the behavior of GDP growth, especially its left tail and its

asymmetric response to �nancial shocks, remains qualitatively stable across all considered prior

speci�cations. This robustness provides strong con�dence in the policy implications derived from

our framework.

F.3 Robustness to a different hyperprior parameterization

Our empirical results are robust to adopting plausible alternative priors for the SQVAR model's

parameters and hyperparameters. Figure F.3 presents QIRF estimates using a tighter hyperprior on

the shrinkage parameter� i (
 ). The prior on the 'looseness' parameter,� i (
 ), is set to� � = 3 and

� � = 0:5. The estimation sample is 1990Q1 to 2022Q4. Dotted lines denote the baseline QIRFs.
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Figure F.1: Quantile impulse response function estimates with a Minnesota prior and no U.S. shrinkage

QIRF estimates are based on 400 draws from the posterior distribution, and2 � 20; 000simulations per posterior draw to obtain shocked and baseline quantiles of all

variables. The shock size is equal to one standard deviation of the shocked variable's median regression residuals. Credible intervals are at a95%level. The estimation

sample is 1990Q1 to 2022Q4. Dotted lines denote the baseline QIRFs.
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Figure F.2: Quantile impulse response function estimates with an uninformative prior and no U.S. shrinkage

QIRF estimates are based on 400 draws from the posterior distribution, and2 � 20; 000simulations per posterior draw to obtain shocked and baseline quantiles of all

variables. The shock size is equal to one standard deviation of the shocked variable's median regression residuals. The estimation sample is 1990Q1 to 2022Q4. Dotted

lines denote the baseline QIRFs.
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Figure F.3: Quantile impulse response function estimates using a tighter prior on�

QIRF estimates are based on 400 draws from the posterior distribution, and2 � 20; 000simulations per posterior draw to obtain shocked and baseline quantiles of all

variables. The shock size is equal to one standard deviation of the shocked variable's median regression residuals. The prior on the 'looseness' parameter,� , are set to

� � = 3 and� � = 0 :5. The estimation sample is 1990Q1 to 2022Q4. Dotted lines denote the baseline QIRFs.
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F.4 Robustness to modeling the data at a monthly frequency

Our empirical results are robust to modeling the macro-�nancial data at a monthly instead of a

quarterly frequency. This is reassuring as our shock identi�cation approach relies predominantly

on timing restrictions, which could potentially be affected by the data sampling frequency.

Figure F.4 presents quantile impulse response functions for the monthly euro area B-SQVAR.

The QIRFs are quantitatively similar. For this exercise, real GDP growth and the �nancial cycle

indicator (SRI) for the U.S. and the euro area are interpolated from quarterly data, using industrial

production to obtain monthly real GDP data. The monthly SQVAR model includes four lags,

dummies for each quarter in 2020, and the same identifying timing restrictions as the quarterly

model. Growth and in�ation are annualized month-on-month log differences. The estimation

samples are 1973M2 – 2022M12 for the U.S. and 1997M2 – 2022M12 for the euro area.

The interpolation details are as follows: The quarterly real GDP data – both for the U.S. and the

euro area – are interpolated to the monthly frequency using state space methods and monthly indus-

trial production as an interpolator variable; see Litterman (1983). The disaggregated monthly real

GDP data add up to the quarterly values of real GDP by construction. Estimation is implemented

using the procedure DISAGGREGATE.SRC in WinRATS (see Doan (2016)). The procedure is

similar to the approach advocated by Stock and Watson (2010) and recently applied in Jarocinski

and Karadi (2020). The quarterly data of the Systemic Risk Indicator (SRI) is interpolated to the

monthly frequency using the procedure by Chow and Lin (1971). This procedure regresses the SRI

on a constant, and the error is assumed to follow a stationary AR(1) process. Estimation is again

based on the procedure by Doan (2016).

While the monthly QIRFs remain quantitatively similar to their quarterly counterparts, the

reaction of monthly real GDP to a shock to the three-month OIS rate may deserve a brief comment.

In the monthly model, an increase in short-term interest rates appears to have a positive impact on

the left tail and a negative on the right tail of the real GDP distribution. This would be consistent

with the shock reducing the overall volatility of real GDP. While this �nding may be of interest for

future work, it does not alter our main conclusions regarding the asymmetric impact of �nancial
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stress or the effectiveness of counter-cyclical macro-prudential policy in mitigating downside risks.

F.5 Robustness to adopting different sample endpoints

Figures F.5 and F.6 present QIRFs based on subsample parameter estimates. Speci�cally, Figure

F.5 is based on an estimation sample from 1990Q1 to 2008Q2, excluding the euro sovereign debt

crisis, Covid-19 period, and 2022 energy crisis. Figure F.6 is based on an estimation sample from

1990Q1 to 2019Q4, excluding the Covid-19 period and 2022 energy crisis. The QIRFs remain

approximately similar to those based on the full sample, particularly the response of the real GDP

growth rate to shocks.

F.6 Robustness to removing the transmission lag

This section studies the effect of removing the transition lag mentioned in Section 5.1. Speci�cally,

we impose a restriction on the immediate (�rst-lag) structural impact of short-term interest rates

on HICP in�ation and real GDP growth within theA1(
 ) matrix. I.e., the direct coef�cients from

interest rates to in�ation and to GDP in the �rst lag are restricted to zero. This implies that while

short-term interest rates (monetary policy) can still affect in�ation and real GDP at the �rst lag,

they must do so indirectly via the �nancial cycle variable, given its ordering as the �rst endogenous

variable in our recursive (triangular) identi�cation scheme forA0(
 ).

Our primary motivation for imposing this transmission lag is to prevent the occurrence of

the “price puzzle” for the euro area data. The price puzzle, a common empirical anomaly in

VAR models of monetary policy, manifests as a counter-intuitive positive response of in�ation to a

monetary policy tightening (i.e., an increase in short-term interest rates). As highlighted by Estrella

(2015), imposing a transmission lag can be an effective and economically sensible way to address

this issue. Indeed, our preliminary estimations con�rmed that this simple restriction resolves the

price puzzle in our dataset for the euro area.

To study the impact of this timing restriction, we can temporarily remove the transmission

lag, allowing for an immediate direct impact of interest rates on in�ation and real GDP. Figure

32



F.7 plots the QIRFs from this alternative speci�cation. For ease of comparison, the QIRFs from

our baseline model with the transmission lag are shown as dotted lines. The results for most

variables and relationships are numerically and qualitatively very similar to our baseline model,

underscoring the general robustness of our macro-�nancial dynamics. Unsurprisingly, the primary

exception is the reaction of in�ation to an interest rate shock. Without the transmission lag, the

price puzzle reappears, with in�ation showing a counter-intuitive initial increase in response to a

monetary policy tightening. This con�rms that the imposition of the transmission lag effectively

serves its intended purpose of resolving this speci�c anomaly.
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Figure F.4: Quantile impulse response functions for the monthly euro area QVAR

QIRF estimates are based on 400 draws from the posterior distribution, and2 � 20; 000simulations per posterior draw to obtain shocked and baseline quantiles of all

variables. Real GDP growth and the �nancial cycle indicator for the U.S. and euro area are interpolated from quarterly data, using industrial production for the former.

The monthly model includes four lags, dummies for each quarter in 2020 and the same zero restrictions as the quarterly model. Growth and in�ation are annualized

month-on-month log-differences. The estimation samples are 1973M2 – 2022M12 for the U.S. and 1997M2 – 2022M12 for the euro area. The shock size is equal to

one standard deviation of the shocked variable's median regression residuals. Credible intervals are at a95%level.
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Figure F.5: Quantile impulse response function estimates using data until 2008Q2

QIRF estimates are based on 400 draws from the posterior distribution, and2 � 20; 000simulations per posterior draw to obtain shocked and baseline quantiles of all

variables. The shock size is equal to one standard deviation of the shocked variable's median regression residuals. The estimation sample is 1990Q1 to 2008Q2. Dotted

lines denote the baseline QIRFs.
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Figure F.6: Quantile impulse response function estimates using data until 2019Q4

QIRF estimates are based on 400 draws from the posterior distribution, and2 � 20; 000simulations per posterior draw to obtain shocked and baseline quantiles of all

variables. The shock size is equal to one standard deviation of the shocked variable's median regression residuals. Credible intervals are at a95%level. The estimation

sample is 1990Q1 to 2019Q4. Dotted lines denote the baseline QIRFs.
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Figure F.7: Quantile impulse response function estimates with no transmission lag

QIRF estimates are based on 400 draws from the posterior distribution, and2 � 20; 000simulations per posterior draw to obtain shocked and baseline quantiles of all

variables. The shock size is equal to one standard deviation of the shocked variable's median regression residuals. The estimation sample is 1990Q1 to 2022Q4. Dotted

lines denote the baseline QIRFs.
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G Additional euro area results

G.1 Euro area posterior estimates

Figure G.1: Posterior inference for the euro area,! (
 )

Posterior mean and 95% credible intervals obtained from 2,500 posterior draws. Least squares estimates (in red) for

the conditional mean are provided for comparison.

Figure G.2: Posterior inference for the euro area,A0(
 )

Posterior mean and 95% credible intervals are obtained from 2,500 posterior draws. Least squares estimates are

provided for comparison.
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Figure G.3: Posterior inference for the euro area,A1(
 )

Posterior mean and 95% credible intervals are obtained from 2,500 posterior draws. Least squares estimates are

provided for comparison.

Figure G.4: Posterior inference for the euro area,A2(
 )

Posterior mean and 95% credible intervals are obtained from 2,500 posterior draws. Least squares estimates are

provided for comparison.
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Figure G.5: Posterior inference for the euro area,A3(
 )

Posterior mean and 95% credible intervals are obtained from 2,500 posterior draws. Least squares estimates are

provided for comparison.

Figure G.6: Posterior inference for the euro area,A4(
 )

Posterior mean and 95% credible intervals are obtained from 2,500 posterior draws. Least squares estimates are

provided for comparison.
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Figure G.7: Posterior inference for the euro area exogenous variables,C(
 )

Posterior mean and 95% credible intervals are obtained from 2,500 posterior draws. Least squares estimates are

provided for comparison.

Figure G.8: Posterior inference for the euro area dummy variables,B(
 )

Posterior mean and 95% credible intervals are obtained from 2,500 posterior draws. Least squares estimates are

provided for comparison.
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Figure G.9: Posterior means for the euro area tightness parameter,� i (
 )

Posterior mean estimates of� i (
 ) are obtained from 2,500 posterior draws.
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