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Abstract 

This paper estimates a nonlinear Interacted-VAR model to investigate whether the 

effectiveness of monetary policy shocks in the Euro area is influenced by the level of 

European uncertainty. Generalized Impulse Response Functions à la Koop et al. (1996) 

suggest that the peak and cumulative effects of monetary policy shocks are lower during 

uncertain times than during tranquil times, and significantly so once times of very high and 

very low uncertainty are considered. 
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1 Introduction

This paper investigates whether the level of European uncertainty influences the effec-

tiveness of monetary policy shocks in the Euro area. Aastveit et al. (2013), Pellegrino

(2015) and Eickmeier et al. (2016) have recently shown that the effectiveness of mon-

etary shocks in the US is significantly reduced in a context of high uncertainty. This

finding corroborates the predictions of several theoretical studies (see Bloom (2009),

Aastveit et al. (2013) and Vavra (2014), among others). However, to our knowledge no

evidence is available as regards the Euro area as a whole. This paper fills this gap by

modeling a vector of Euro area macroeconomic data with a nonlinear Interacted-VAR

model (i.e., a standard VAR model plus an interaction term) for the period 1995-2008.

Such framework allows us to analyze the possibly nonlinear real effects of monetary

policy shocks conditional on different levels of uncertainty. We combine this Interacted-

VAR with nonlinear Generalized IRFs (GIRFs) à la Koop et al. (1996). This method-

ology extends the one by previous studies working with I-VAR models which compute

conditionally-linear IRFs. This extension allows us both i) to precisely estimate re-

sponses (by considering the endogenous reaction of uncertainty to the shock and its

feedbacks on the economy) and ii) to recover time-varying responses (by allowing initial

conditions at the time of the shock to play a nontrivial role).

Following the seminal work by Bloom (2009) we focus on financial uncertainty.

This is important since, on the basis of Ludvingson et al.’s (2016) findings, indicators

proxying this type of uncertainty are likely to capture movements in uncertainty which

are relevant to explain the evolution of the real GDP at business cycle frequencies.

We find evidence of state—dependent effects of monetary policy shocks. Both the

peak and the 5-year cumulative real effects triggered by unexpected movements in the

policy rate are documented to be lower during uncertain times than during tranquil

times. Moreover, we show that these differences are statistically relevant when compar-

ing times of very high and very low uncertainty.

The papers closest to ours are Aastveit et al. (2013) and Pellegrino (2015). Working

with Interacted-VARs, Aastveit et al. (2013) find US uncertainty to influence the

effects of monetary policy shocks in the US, Canada, UK and Norway. Differently

from our work, they do focus neither on European uncertainty nor on the Euro area.

Furthermore, differently from them, our work endogenizes uncertainty and computes

GIRFs. The computation of GIRFs is also present in Pellegrino (2015), who focuses on

the US case only.
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The paper is structured as follows. Section 2 presents the empirical model and the

data, and discusses identification and statistical motivation. Section 3 documents our

empirical findings. Section 4 concludes.

2 Empirical strategy

Interacted-VAR. The I-VAR is a nonlinear VAR model which augments a standard
linear VAR model with an interaction term to determine how the effects of a shock in

one variable depend on the level of another variable. Our estimated I-VAR reads as

follows:

Yt = α+
L∑
j=1

AjYt−j +

[
L∑
j=1

cjit−j · unct−j

]
+ ut (1)

E(utu
′
t) = Ω (2)

where Yt is the vector of the endogenous variables, α is a vector of constant terms,

Aj are matrices of coeffi cients, ut is the vector of error terms whose variance-covariance

(VCV) matrix is Ω. The interaction term includes a vector of coeffi cients, cj, the policy

rate, it, i.e., the variable capturing the stance of monetary policy whose exogenous

variations we aim at identifying, and a measure of uncertainty, unct, that will serve as

our conditioning variable.

The vector of endogenous variables modeled by our I-VAR reads as follows: Yt =

[unct, 100 · lnPt, 100 · lnGDPt, it]′, where unc stands for uncertainty, P for the price

level, GDP for real output and i for the policy rate. We proxy European financial

uncertainty with the quarterly average of the VDAX implied volatility index retrieved

from the Bloomberg database. This is the German-analogous to the VIX index for the

US (the index used in Bloom’s (2009) seminal work) and it has been used in other works

to proxy uncertainty (e.g., Bachmann et al. (2013) and Popescu and Smets (2010)).

The reason why we use the German-analogous rather than the European-analogous to

the VIX index, i.e. the VSTOXX index, is to maximize the already-low number of

available observations. The VSTOXX is available only from 1999, but it correlates 0.99

with the VDAX over our sample period. To capture the stance of monetary policy, we

use the overnight interest rate (EONIA), while GDP and prices (measured by the GDP

deflator) are aggregates for the Euro area (source: ECB website).1 We use 3 lags to

1The use of synthetic European data is common among researchers (see, e.g., Smets
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ensure that residuals are not serially correlated. The model is estimated by OLS. A

multivariate LR test rejects the null of linearity against our I-VAR (p− value = 0.04).
We study the period 1995Q1-2008Q3. The starting date is dictated by the availabil-

ity of our series and the ending date is motivated by some recent evidence documenting

a policy shift by the ECB after the bankruptcy of Lehman Brothers in September 2008

(Gerlach and Lewis (2014), Castelnuovo (2016)). The ending date also allows us to focus

on conventional monetary policy shocks. In fact, after the collapse of Lehman Brothers,

the ECB has adopted a large number of non-standard policy measures as a complement

to conventional monetary policy (see Cour-Thimann and Winkler (2013)). Provided the

small number of observations in the sample, the use of a parsimonious I-VAR model

is an effi cient choice relatively to more parametrized nonlinear state-dependent model

like Smooth Transition- and Threshold-VARs.

GIRFs. We compute GIRFs à la Koop et al. (1996) to account for the endogenous
response of uncertainty to the monetary shock and the feedbacks this can have on

the dynamics of the economy. GIRFs acknowledge the fact that, in a fully nonlinear

model, responses depend on the sign of the shock, the size of the shock, and initial

conditions. Theoretically, the GIRF at horizon h of the vector Yt to a shock of size

δ computed conditional on an initial history $t−1 = {Yt−1, ...,Yt−L} is given by the
following difference of conditional expectations:

GIRFY,t(h, δt, $t−1) = E [Yt+h | δ,$t−1]− E [Yt+h | $t−1] .

The algorithm at the basis of the simulation of our GIRFs is provided in the Ap-

pendix. In computing the responses, we consider a structural shock. Monetary policy

shocks are identified by means of a Cholesky decomposition as commonly done in the

literature. For the period before 1999, year in which the ECB become to operate, our

estimated reactions to an identified monetary policy shock can be interpreted as the

average reaction across countries belonging to the Euro area (see Smets and Wouters

(2003) and Castelnuovo (2016)).

and Wouters (2003) and Castelnuovo (2016)). The mnemonics for GDP, prices and
Eonia are respectively given by MNA.Q.Y.I8.W2.S1.S1.B.B1GQ._Z._Z._Z.EUR.LR.N,
MNA.Q.Y.I8.W2.S1.S1.B.B1GQ._Z._Z._Z.IX.D.N and FM.M.U2.EUR.4F.MM.EONIA.HSTA.
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3 Empirical results

Time-varying real effects of monetary policy shocks. Figure 1 depicts the re-
sponse of real GDP to an equally-sized expansionary shock equal to a 1 percentage

point decrease in the EONIA rate. The upper panel plots the temporal evolution of the

GIRFs for each given quarter t in our estimation sample, while the mid and bottom

panels contrast, respectively, the peak and 5-year cumulative reactions for a shock hap-

pening in t with the initial level of uncertainty at time t − 1. Two considerations are
in order. First, there is evidence of a time-varying impact of monetary policy shocks

over the sample period considered. Second, both the GDP peak and the cumulative

responses suggest that the effectiveness of monetary policy shocks has been lower during

high uncertainty times than low uncertainty times. The correlation coeffi cient between

the peak (cumulative) effect of monetary shocks and the initial level of uncertainty is

-0.61 (-0.65). The quarters associated to the most effective monetary policy are those

during the years 1995-1997 and 2004-2006, which are characterized by particularly low

levels of uncertainty.

Average difference between states. It is of interest to understand whether it
is possible to conclude that, on average, the real effects of monetary policy shocks are

statistically less effective during times of high uncertainty relatively to times of low

uncertainty. To this aim, a definition of the states of high and low uncertainty has to

be provided (a state is given by a set of initial histories). In what follows we will label

as "Uncertain times" ("Tranquil times") the state identified by starting histories with

unct−1 greater than (less or equal to) the median value of uncertainty in the sample

and by "Very uncertain times" ("Very tranquil times") the state identified by starting

histories with unct−1 greater than (less or equal to) the ninth decile (first decile) of the

uncertainty distribution. Figure 2 plots our uncertainty indicator against its median

in the estimation sample and its first and ninth deciles. This figure helps to visually

identify starting quarters belonging to a state or another. Vavra (2014) also focuses on

the extreme deciles of uncertainty in his theoretical work.

Figure 3 shows the empirical densities of the difference between the peak (left panels)

and cumulative effects (right panels) of monetary policy shocks referring to a low un-

certainty state and those referring to a high uncertainty state. The comparison between

Uncertain and Tranquil times is proposed in the upper panels, while the comparison

between Very uncertain and Very tranquil times is reported in the bottom panels. If

the confidence band for the difference, represented by the shadow area, does not include
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the zero-vertical line then the difference between two states is statistically significant.

On this basis, we can conclude that the peak and cumulative effects of monetary policy

shocks are statistically different between times of high uncertainty and times of low un-

certainty only provided we compare times of very high and very low uncertainty.2 On

top of being statistically significant, the magnitude of the difference is also economically

important. On average, the cumulative increase in output is about 10% larger during

times of very low uncertainty with respect to times of very high uncertainty.

Robustness checks. Figure 4 documents that our baseline results are robust

to: i) the employment of the European Economic Policy Uncertainty (EPU) index

developed by Backer et al. (2016) for the identification of the high/low uncertainty

states;3 ii) an alternative Cholesky-ordering that places uncertainty last; iii) the use of

the unemployment rate instead of GDP;4 and iv) the use of alternative lag orders.5

4 Conclusion

This paper investigates to what extent the level of European uncertainty influences

the effectiveness of conventional monetary policy shocks in the Euro area. Our nonlin-

ear VAR model suggests that both the peak and the 5-year cumulative real effects of

monetary policy shocks are lower during uncertain times than during tranquil times.

Extreme realizations of uncertainty point to a statistically significant difference in the

real effects of monetary policy shocks in the two states.
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Figure 1: The time-varying effects of monetary policy shocks. Upper panel:
Time-varying GIRFs for GDP for each shocked quarter in our sample (shock: one per-
centage point unexpected decrease in the EONIA rate). Colors ranging from red (GIRFs
peak values) to blue (GIRFs trough values). Mid (Lower) panel: GDP time-varying
peak (cumulative) response for a shock happening in t against the level uncertainty at
time t− 1.
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Figure 2: Uncertainty indicator along with the definition of the uncertainty
states. Black starred line: VDAX index over the estimation period 1995Q3-2008Q2
(i.e., for all the possible initial quarters in the sample period). Green solid line: median
of the uncertainty distribution. Red dotted (Blue dashed) line: 9th (1st) decile of the
uncertainty distribution.
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Figure 3: The average difference between the peak and cumulative effects
of monetary policy shocks. Black dashed line: Kernel density of the difference
of the peak or cumulative effects of the monetary policy shock between a low and
high uncertainty state of interest (the density is based on 500 random draws of initial
histories). Grey shaded area: 90% confidence interval accounting for variation over
initial histories. Red dotted line: mean of the difference distribution. Green solid line:
zero-vertical line identifying the "no difference" value.
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Very tranquil times. Black dashed line: kernel density of the difference of the peak
or cumulative effects of the monetary policy shock between a low and high uncertainty
state of interest (the density is based on 500 random draws of initial histories). Grey
shaded area: 90% confidence interval accounting for variation over initial histories. Red
dotted line: mean of the difference distribution. Green solid line: zero-vertical line
identifying the "no difference" value.
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Appendix
Computation of the Generalized Impulse Response
Functions

This Section documents the algorithm employed to compute the GIRFs and their con-

fidence intervals. It follows Koop, Pesaran and Potter (1996), with the modification of

considering an orthogonal structural shock as in Kilian and Vigfusson (2011).

Following Koop et al. (1996), the theoretical GIRF of the vector of endogenous

variables Y, h periods ahead, for a starting condition $t−1 = {Yt−1, ...,Yt−L}, and a
structural shock in date t, δt, can be expressed as:

GIRFY,t(h, δt, $t−1) = E [Yt+h | δt, $t−1]− E [Yt+h | $t−1] , h = 0, 1, . . . , H

where E[·] represents the expectation operator. The algorithm to estimate our state-
conditional GIRF reads as follows:

1. Pick an initial condition $t−1 = {Yt−1, ...,Yt−L}, i.e., the historical values for the
lagged endogenous variables at a particular date t = L + 1, . . . , T . Notice that

this set includes the values for the interaction terms;

2. randomly draw (with repetition) a sequence of (n-dimensional) residuals {ut+h}s,
h = 0, 1, ..., H = 19 , from the empirical distribution d(0, Ω̂), where Ω̂ is the

estimated VCV matrix. To preserve the contemporaneous structural relationships

among variables, residuals are assumed to be jointly distributed, so that if date t’

s residual is drawn, all n residuals for date t are collected;

3. conditional on $t−1, on the estimated model (1)-(2) and using {ut+h}s, simulate
the evolution of the vector of endogenous variables over the following H periods

to obtain the path Ys
t+h for h = 0, 1 . . . , H. s denotes the dependence of the path

on the sequence of residuals used;

4. conditional on $t−1, on the estimated model (1)-(2) and using {ut+h}s, simulate
the evolution of the vector of endogenous variables over the following H periods

when a structural shock δt is imposed to ust . We Cholesky-decompose Ω̂= CC′ ,

where C is a lower-triangular matrix. Then, we recover the structural innovation
associated to ust by ε

s
t = C−1ust and add a quantity δ < 0 to the scalar element
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of εst that refers to the FFR, i.e., ε
s
t,ffr . We then move again to the residual

associated with the structural shock us,δt = Cεs,δt to proceed with simulations as

in point 3. Call the resulting path Ys,δ
t+h;

5. compute the difference between the previous two paths for each horizon and for

each variable, i.e. Ys,δ
t+h −Ys

t+h for h = 0, 1 . . . , H ;

6. repeat steps 2-5 for a number of S = 500 different extractions for the residuals and

then take the average across s. Notice that in this computation the starting quar-

ter t− 1 does not change. In this way we obtain our consistent point estimate of
the GIRF for each given starting quarter in our sample, or our history-dependent

GIRFs, i.e. ĜIRF Y,t(δt, $t−1) =
{
Ê [Yt+h | δt, $t−1]− Ê [Yt+h | $t−1]

}19
h=0
. If

a given initial condition $t−1 brings an explosive response (namely if this is ex-

plosive for most of the sequences of residuals drawn {ut+h}s, in the sense that
the response of the shocked variable diverges instead than reverting to zero), such

response is discarded and not considered for state-conditional responses at the

next step;6

7. compute the state-dependent GIRFs of interest. To compute them a definition of

states is needed. A state is given by a set of initial conditions. An initial condition

$t−1 = {Yt−1, ...,Yt−L} is classified to belong to a certain state θ according to the
level of unct−1 (the definition of the states we adopt is provided in Section 3 of the

paper). To obtain the GIRF for a state θ: i) a set of initial conditions of number

D = 500 is randomly extracted among the set of initial histories belonging to the

state; ii) a GIRFs is obtained for each given initial history according to point 2-6

of this algorithm; iii) the average across the set of histories extracted is computed.

This represents the state-dependent GIRF of interest, i.e., ĜIRF Y,t(δt, state θ).

8. compute the difference of the peak and cumulative effects of the monetary policy

shock between two states. The difference is computed on the basis of two state-

conditional GIRFs of interest. 90% bands for the difference are obtained by taking

the 5th and 95th percentiles of the distribution of the difference over the 500 initial

conditions extracted.
6This never happens for our baseline responses.
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