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PREFACE

This dissertation consists of nine independent papers that I wrote between 2017 and
2022. To be honest, I can’t remember exactly how I (or my coauthors) came up
with the idea of writing the individual papers at the time. I do know, however,
that I never wanted to commit to a particular topic when I started my dissertation.
Fortunately, I got excited about several topics, which resulted in this colorful bouquet
of topics. The papers contributed to this dissertation were written at a time when the
impact of the Great Recession on the dynamics of macroeconomic variables was still
in the forefront. Nevertheless, since 2020, people as well as institutions in almost all
countries around the world have been struggling with new challenges that are still
being felt since the outbreak of the pandemic. While the situation in most countries
has improved significantly and most economies are recovering from the slump in
economic activity in 2020, the consequences of the pandemic, for example in the
form of supply shortages as a result of pandemic measures, are still clearly felt today.
One bright spot is that research has also made tremendous progress in this area, and
publicly available innovative data sets are helping to conduct structural analyses that
help us better understand, for example, the far-reaching effects of the pandemic.

Many of the following papers are only loosely related. For instance, two papers
are purely model-theoretic, some papers combine both empirical models and insights
from structural macro models, and some papers use only empirical models. On the
following few pages, I will briefly attempt to discuss each paper in order to prepare
and motivate the reader for the individual papers in the main body of this dissertation.

The first paper, Has Monetary Policy Really Become Less Effective in the Euro Area?
A Note, tries to answer the question whether the overall effectiveness of monetary
policy in the euro area became less effective over time. In order to do so, I apply a
time-varying VAR (TVP-VAR) model with both drifting coefficients and a drifting
variance-covariance matrix. This model is well suited to uncover sudden structural
breaks and gradual changes alike in the transmission mechanism of monetary policy
shocks. The results show that, although there are weak tendencies towards less ef-
fective monetary policy, the transmission of monetary policy shocks did not change
significantly over time. However, analyzing unanticipated policy changes begs for
answers of how systematic monetary policy changes potentially affect the economy.
To answer this question, I plant the most recent average policy rule, i.e. the coefficients
in the interest rate equation, into 2005 and re-simulate both the inflation rate and the
unemployment rate. The results indicate that the loose monetary policy rule pursued
by the ECB would not have resulted in a less severe recession.

The second paper, submitted as Mortgage Debt and Time-Varying Monetary Policy
Transmission, studies the role of monetary policy for the dynamics of US mortgage
debt. Household debt in general and mortgage debt in particular are important for
monetary policy, as the build-up of household debt in the US (and also other countries)
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is often interpreted as a potential risk to financial stability. An unexpected monetary
tightening should curb the build-up of mortgage debt. Hence, monetary policy
shocks can have important effects on the overall dynamics of mortgage debt. In this
paper, we use a time-varying VAR model and study the sensitivity of US mortgage
debt to monetary policy shocks. We find that an identically sized policy shock be-
came less effective over time. Using a dynamic stochastic general equilibrium model
(DSGE), we find that a fall in the share of adjustable rate mortgages (ARMs) replicates
this finding. We invoke the concept of the sacrifice ratio to shed light on when a
debt reduction as a result of a monetary tightening is relatively expensive or cheap,
respectively, and find that toward the end of the sample, it is particularly costly in
terms of employment to use a monetary tightening in order to initiate a reduction
in household debt. These results have an important policy implication, as a weaker
transmission of policy impulses to the mortgage market, but not to the real economy,
implies that monetary policy is not the right instrument to reduce household sector
debt. A policy tightening at the end of the sample period to curb the build-up of
mortgage debt is expensive in terms of forgone employment.

The third paper, Do Credit Supply Shocks Have Asymmetric Effects?, also looks at the
role of the credit market, but from a different angle. We examine whether credit
supply shocks in the US have asymmetric effects on macroeconomic variables as well as
on credit variables. A large body of literature points at amplifications and asymmetries
in the propagation of sudden (financial) distortions as, ranging from (i) occasionally
binding borrowing constraints, (ii) market imperfections (in terms of asymmetric
information) to (iii) the role of asymmetric central bank behavior. In order to uncover
asymmetries in the transmission of credit supply shocks, we first identify a credit
supply shock within a linear VAR model and separate this shock into positive and
negative. We then rely on local projections which allow us to directly evaluate the
effect of positive (negative) credit supply shocks for adjacent horizons. Although our
framework is not suitable to trace the exact transmission mechanisms, the contribution
of our paper is rather to see whether credit supply shocks do have asymmetric effects
in general. And they do. Our results clearly point to asymmetric effects concerning
overall private debt, mortgage debt and house prices. For instance, we find that
positive credit supply shocks tend to have stronger and more prolonged effects. Also,
we find key macro headline variables (prices, production, short-term interest rate) as
well as some key variables determining the demand and supply side of the economy to
respond asymmetrically. Overall, following an expansionary shock of credit supply,
our results clearly point to the well established boom-bust cycle. In the case of a
tightening shock, we do not observe such a pattern. Importantly, we get relatively
mild responses for debt and prices in a linear model, such that the true effects tend to
be underestimated when not taking possible asymmetries in transmission mechanism
into account.
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The fourth paper, Optimal Monetary Policy Under Heterogeneous Beliefs, and the fifth
paper, Forward Guidance Under the Cost Channel, are both model-theoretic and focus
in particular on the way households form expectations, albeit in different ways. In
the first of the two papers, I relax the gold standard of rational expectations formation
and examine how optimal monetary policy changes when a fixed share of house-
holds within an economy does not form rational expectations, but instead naively
extrapolates the most recent observations into the future. The twist in this paper
is that the central bank, which conducts optimal monetary policy in a discretionary
fashion, knows that a fixed share of households forms expectations naively, but it does
neither know this share, nor does it know how strongly the non-rational households
extrapolate current observations into the future. In order to incorporate this kind
of model uncertainty, I derive a robust optimal monetary policy plan in a min-max
framework where the central bank plays a zero-sum game versus a fictitious, malev-
olent "evil agent". Calibrating the model to the US economy, I find that the central
bank can improve welfare if it accounts for uncertainty while the model is distorted.
Interestingly, implementing the robust policy plan favorably affects the inflation-
output stabilization tradeoff which results in a reduction of welfare losses even if the
model is not being distorted.

As a result of the economic collapse in the wake of the pandemic, many central
banks, including the Federal Reserve, have lowered the federal funds rate back to
zero percent after previously raising it steadily. When the zero lower bound (ZLB)
on interest rates is binding, central banks rely on unconventional measures such as
Quantitative Easing and Forward Guidance to fight deflationary pressures. The fifth
essay of this dissertation, Forward Guidance Under the Cost Channel, analyzes how the
cost channel of monetary policy affects the credibility of forward guidance. A cost
channel is present when firms’ marginal costs depend on the nominal rate of interest.
In a standard New Keynesian model, this assumption introduces a direct supply-
side effect of monetary policy. In a discretionary framework, I allow for recurring
episodes of binding constraints on interest rates to account for recent observations.
Calibrating the model to the US economy, the results show that, compared to a
standard New Keynesian model, (i) the cost channel makes forward guidance more
powerful by reducing welfare losses at the zero lower bound on interest rates, (ii) the
central bank’s best strategy requires a shorter forward guidance horizon, and (iii) that
these effects depend on the strength of the cost channel. I show that these findings
are a result of the breakdown of the divine coincidence, i.e. the central bank’s ability
to perfectly stabilize demand shocks by adjusting the short-term nominal interest
rate appropriately. Although the cost channel is empirically well documented in the
literature, it is typically ignored when investigating optimal monetary policy. In a
poor man’s approach, I therefore investigate how my findings change if a cost channel
is present but mistakenly ignored by the central bank. I show that ignoring the cost
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channel is costly in terms of steady-state consumption.
In early 2020, the global spread of the COVID-19 pandemic led to a sharp contrac-

tion of economic activity in almost all economies around the world. The sixth essay,
Pandemic Shocks and Household Spending, investigates how pandemic shocks, therein
referred to as the surprise number of fatalities, affects household spending in the US.
Specifically, we derive the pandemic shock as the difference between daily real-time
and unrevised projections on deaths based on a (machine learning) data-driven ap-
proach and the actual reported number of deaths. We allow for state-dependent effects
based on the growth rate of the daily number of new infections as our state variable.
Our results show that a pandemic shock has a negative effect on spending: a surprise
increase in the number of deaths leads to a sharp reduction in expenditures. We also
show that this effect is depending on the position of the US economy with respect
to the infection curve. With the number of new infections increasing, the effect of
a shock is much stronger. If the growth rate of the number of infections is small, in
contrast, the pandemic shock has almost no effect.

The ongoing global integration of financial and goods markets changes are often
assumed to affect the inflation process in general, and the relationship between infla-
tion and economic activity in particular. For instance, the sharp drop in GDP during
the Great Recession did not lead to a further drop in inflation. This phenomenon is
often referred to as the "missing disinflation" in the literature, and such flattening of
the Phillips curve has important consequences for monetary policy: for given infla-
tion expectations, the argument goes, a flatter Phillips curve would require a deeper
recession in order to bring high inflation back to the target. However, quantifying
the extent to which global forces explain inflation is not straightforward. The seventh
paper of this dissertation, The Role of Global and Domestic Shocks for Inflation Dynamics:
Evidence from Asia, studies inflation dynamics and the output-inflation tradeoff in small
open economies. We estimate a series of VAR models for a set of six Asian emerging
market economies, in which we identify a battery of domestic and global shocks
using sign restrictions. Focusing on the co-movement between domestic and global
variables, our identification strategy also allows us to distinguish between global and
domestic shocks. We find that global shocks explain large parts of inflation and output
dynamics. In order to investigate how global shocks affect the Phillips curve, we first
derive counterfactuals in which global shocks are simulated away. We then estimate
reduced-form Phillips curve regressions based on alternative counterfactual scenarios
(i.e. alternative decompositions of output into global and domestic components). Our
results show a positive and significant correlation between inflation and the fraction
of GDP driven by domestic shocks. While including the output component driven
by oil prices seems to flatten the Phillips curve, though the effect is not significant,
the component driven by global demand shocks steepens the inflation-output nexus.
These results highlight the difficulties facing inflation targeting central banks in the
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respective region: while monetary policy primarily affects domestic demand, global
demand, which drives the bulk of inflation, is not under the control of monetary
policy.

In the spring of this year 2022, images went viral on Twitter showing hundreds of
container ships waiting to be unloaded outside the port in Shanghai. This backlog
of container ships was a result of the ultra-restrictive COVID-19 measures taken by
Chinese authorities to contain the spread of the pandemic. There has been a lot of
discussion in the media about the impact of this backlog on inflation, especially against
the backdrop of the lack of inputs in other parts of the world for the production
process due to the containers not being loaded. The eighth paper of this dissertation,
The Macroeconomic Effects of Global Supply Chain Disruptions, picks up such scenarios
and investigates how unexpected disruptions in global supply chains affect economic
activity in the euro area. Specifically, we estimate a structural VAR model using a
novel identification scheme based on a combination of traditional sign restrictions
and narrative sign restrictions to identify a global supply chain shock. The idea of
narrative restrictions is to constrain the admissible set of structural parameters by
ensuring that both model-consistent structural shocks and historical decompositions
align with established narratives around key historical events, in our case namely the
following three: the Tōhoku earthquake in 2011, the Suez Canal obstruction in 2021,
and the Shanghai backlog in 2022 mentioned above. We show that only a handful
of narrative sign restrictions dramatically sharpens and even changes the inference of
SVARs originally identified via traditional sign restrictions. Among other things, our
results show that a global supply chain shock causes a drop in euro area real economic
activity and a strong increase in consumer prices. Importantly, we show that our shock
is uncorrelated with a whole range of other supply-side shocks from the literature,
i.e., that our shock, and hence its consequences, have been previously ignored in the
literature.

The last paper, On the Empirical Relevance of the Exchange Rate as a Shock Absorber
at the Zero Lower Bound, also examines the consequences of the ZLB on interest rates,
but from a different standpoint and with a different set of questions in mind. The
motivation for this paper is based on the common finding in the literature that within
an open economy New Keynesian model with flexible exchange rates, the real ex-
change rate appreciates in response to an asymmetric negative demand shock in a
ZLB scenario and exacerbates the adverse macroeconomic effects. This is because
the real interest rate differential rises from the perspective of the country located at
the zero lower bound on interest rates, as the real interest rate is driven only by
inflation expectations, which in turn rise very sharply at the ZLB. Consequently,
flexible exchange rate regimes cannot stabilize cyclical developments in response to
adverse demand shocks. We show that, when monetary policy is able to accommodate
the adverse effects of the negative demand shock via unconventional measures, the
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model can generate a real depreciation when interest rates are at the ZLB. We further
examine these counteracting exchange rate channels empirically. We estimate the
effect of a negative asymmetric demand shock on the real exchange rate and inflation
expectations as well as output and prices by employing state-dependent and sign-
restricted local projection methods for the euro area vis-à-vis the US, Canada, and
Japan. We find that the real exchange rate depreciates when interest rates are not at
the ZLB but also when they are. Furthermore, our empirical results show that the
real exchange rate can absorb considerable variations in output, confirming its shock-
absorbing capacity before but also during the ZLB episode.
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well aware that during my time as a doctoral student, I have always been very lucky
with the people around me. Nevertheless, I would like to single out a few people. First
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my time here. A very special thanks also goes to my former supervisors at the Deutsche
Bundesbank, Dr. Mathias Hoffmann and Dr. Patrick Hürtgen, for the great time I
had during my internship in 2021. During this time, I learned an incredible amount
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Hafemann, as well as my former office buddies Dr. Jörg Schmidt and Paul Rudel not
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Besides their professional capabilities, they shaped a very pleasant and fruitful working
environment. I would also like to thank our former and current student assistances
Omar Omari, Salah Hassanin, Niklas Benner, Justin Berndt, Svea Lembcke, Svenja
Küchler, Marlene Alt, and our secretary Cornelia Strack for their tireless effort.

Finally, I would like to thank my family, especially my mother Judith, my two
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Has Monetary Policy Really Become Less
Effective in the Euro Area? A Note

DAVID FINCK∗

Abstract

This paper applies a time-varying VAR model with stochastic volatility to the euro area.
In contrast to the literature, we find that (i) monetary policy has not become less effective
and that (ii) the expansionary policy that is currently pursued would not have resulted
in a less severe recession in 2009.
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I INTRODUCTION

Since the recent Global Financial Crisis that started in 2007, the monetary transmis-
sion mechanism has become one of the hottest and most studied fields in monetary eco-
nomics for many currency areas. Focusing on the euro area, there is a heating debate
about whether monetary policy became less effective. In fact, there is a broad range of
literature that discusses potential sources that are able to affect the transmission of mon-
etary policy, ranging from structural, demographic, and institutional changes to the
above mentioned financial crisis itself and globalization (see, for instance, Kara and von
Thadden, 2016; Oinonen and Paloviita, 2014; Georgiadis and Mehl, 2016; Weber et
al., 2009). However, most authors focus on the development of a specific transmission
channel. Therefore, the question whether the overall effectiveness of monetary policy
has weakened, cannot clearly be answered. One reason is that changes in a specific
transmission channel can partly offset effects that possibly influence the effectiveness
of other transmission channels as well.

This paper takes a more general view and tries to answer the question whether the
overall effectiveness of monetary policy in the euro area has changed. Therefore, we
estimate a time-varying VAR model in the style of Primiceri (2005) including three
variables, namely inflation, unemployment and a short-term (shadow) interest rate.
This class of model is well suited to uncover structural breaks in the economy, as
continuous drifting coefficients are able to capture learning dynamics of both, private
agents and policy makers. There are two research questions that we try to answer: (i)
Has the effectiveness of non-systematic monetary policy (i.e. the way the economy
responds to monetary policy shocks) changed over time? (ii) Does a shifting policy
rule explain substantial parts of the fluctuations of our endogenous variables, i.e. would
loose policy have resulted in a less severe recession?

This paper is organized as follows. Section II provides a short model overview.
Section III presents pairwise differences of impulse responses to identified monetary
policy shocks as well as a counterfactual simulation. Section IV concludes.

II THE TIME-VARYING VAR IN A NUTSHELL

We estimate a time-varying VAR model for the euro area. The model contains the fol-
lowing n = 3 variables at quarterly frequency, mainly taken from the AWM database
provided by Fagan et al. (2005): the inflation rate and the unemployment rate rep-
resent the non-monetary policy block.1 Furthermore, a short-term (shadow) interest
rate captures the central bank’s instrument. More precisely, for periods when the
EONIA rate was at the zero lower bound, it is replaced by the shadow rate provided

1Choosing unemployment rather than real GDP aims to minimize the problem of data revisions. While
output is typically revised several years after the first release, revisions of unemployment figures are
very small. In particular, data revisions should matter in a time-varying model, in which drifting
parameters should not be confused with revised data.
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by Wu and Xia (2016).2 To capture structural breaks in the parameters and non-
linearities in the lag structure, the model allows for both time-varying coefficients and
a time-varying variance-covariance matrix. For two lags, the structural VAR takes the
form

Atyt = dt + F1,tyt−1 + F2,tyt−2 + ut ut ∼ N(0,ΣtΣ
′
t), (1)

where yt is an (3 × 1) vector of observed endogenous variables. dt is an (3 × 1) vector
of time-varying intercepts. At, F1,t and F2,t are (3 × 3) matrices of time-varying
coefficients, ut is an (3 × 1) vector of structural shocks. We assume At as the lower
triangular matrix of the form

At =




1 0 0
α21,t 1 0
α31,t α32,t 1




(2)

and Σt is the diagonal matrix of the form

Σt =




σ1,t 0 0
0 σ2,t 0
0 0 σ3,t



. (3)

Multiplying the SVAR in (1) by A−1
t , the model can hence be rewritten into the

reduced form as

yt = ct + B1,tyt−1 + B2,tyt−2 + A−1
t Σtεt, εt ∼ N(0, I3), (4)

where ct = A−1
t dt and Bi,t = A−1

t Fi,t for i = 1, 2. The variance-covariance matrix Ωt of
the reduced form VAR can be reduced to

AtΩtAT
t = ΣtΣt. (5)

We now define the vectors x′t = In⊗ [1, y′t−1, y
′
t−2] and Bt = vec[ct,B1,t,B2,t], where Bt is

a vector of all stacked right-hand side coefficients of (4) and ⊗ denotes the Kronecker
product. Thus (4) can be rewritten as

yt = x′tBt + A−1
t Σtεt. (6)

2The shadow rate refers to the short-term policy rate which reflects unconventional measures such as
Quantitative Easing and Forward Guidance. It is derived from a term structure model as the implicit
short rate consistent with the evolution of long-term rates. In other words it provides an estimate of
how the policy rate would be if the zero lower bound was not binding. We also tested the shadow rate
provided by Krippner (2013) for robustness, the results were very much the same.
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Define αt as the vector of free elements in At, such that αt = [α21,t, α31,t, α32,t]′. Also
define σt as the vector of diagonal elements ofΣt, so σt = [σ1,t, σ2,t, σ3,t, ]′. Summing up,
the following system of equations for our parameters of interest specifies the dynamics
of the time-varying parameters

Bt = Bt−1 + νt, νt ∼ N(0,Q)

αt = αt−1 + κt, κt ∼ N(0,S)

log σt = log σt−1 + ηt, ηt ∼ N(0,W).

The elements of Bt as well as those of At are modeled as random walks. The deviations
σt are assumed to follow a geometric random walk and belong to the so-called class of
stochastic volatility.

All innovations in the model are assumed to be jointly normally distributed. Taken
together, this can be modeled with the following variance-covariance matrix:

V = Var







εt

νt

κt

ηt






=




I3 0 0 0
0 Q 0 0
0 0 S 0
0 0 0 W



, (7)

where Q,S and W are positive definite matrices.3 We construct a Markov Chain using
a two-block Gibbs sampler, as in Del Negro and Primiceri (2015).

More precisely, we draw ΣT using a Metropolis-Hastings step in the first block and
[BT,AT,V, sT] as well as sT in the second block, where BT,AT and sT correspond to the
histories of the respective parameters.4 Summing up, the Gibbs sampling procedure
takes the form

1. Draw a candidate Σ̃T from p̃(ΣT|yT, θ, sT)

Σ(m)T
=


Σ̃T with probability α

Σ(m−1)T with probability 1 − α

2. Draw (θ, sT) from p(θ, sT|yT,ΣT) by:

(i) drawing θ from p(θ|yT,ΣT)

(ii) drawing sT from p̃(sT|yT,ΣT, θ).

3We further simplify inference by specifying S as S = Var(κt) =
[

S1 01×2
02×1 S2

]
, where S1 = Var(κ21,t)

and S2 = Var([κ31,t, κ32,t]′).
4Notice that sT corresponds to the history of mixture of normals. This is necessary since drawing
volatility states requires a state space form with non-Gaussian but logχ2 (1) distributed errors in the
measurement equation.
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The data ranges from 1971Q1 to 2015Q4. The first ten years are used as a training
sample.
We apply a Cholesky-decomposition of the variance-covariance matrixΩt to identify
monetary policy shocks. In particular, we assume that unemployment and inflation
respond to an unanticipated interest rate hike with at least one period of delay. The
ordering of variables is yt = [πt, ψt, rt]′, where πt is the inflation rate, ψt the unem-
ployment rate and rt the short-term (shadow) interest rate. The priors are mainly

Median Mean Min Max 10th 90th

V 14.96 18.91 12.70 143.72 13.48 18.04
ΣT 13.55 16.43 4.99 79.64 6.36 27.86
AT 4.62 8.35 1.30 84.50 1.45 19.00
BT 2.63 3.36 1.30 13.05 1.71 6.26

Table 1: Distribution of inefficiency factors for the entire parameter space.

calibrated as in Primiceri (2005), with only slight modifications for the scaling factors
of kQ(= 0.05), kW(= 0.04) and kS(= 0.2). We get 50000 draws and discard the first
30000 draws. Further, we thin our Gibbs sequence by picking every 20th draw, such
that 1000 draws remain. Relying on inefficiency factors, our Markov Chain seems to
mix fast as reported in Table (1).5

III RESULTS

A. Non-Systematic Monetary Policy

The first question in the introduction we try to answer is whether non-systematic
monetary policy has changed. This is done in two ways. First, we analyze the stochas-
tic volatility of our identified monetary policy shocks. Second, we compare impulse

2000 2002 2004 2006 2008 2010 2012 2014 2016
0

0.5

1

Figure 1: Posterior mean (solid), 16th and 84th (dotted) percentiles of the standard deviation
of monetary policy shocks.

response functions of both, inflation and unemployment at three different points in
5Further convergence checks include the Raftery-Lewis statistics as well as the decay of autocorrelation
between draws which are available on request.
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time. Figure (1) plots the stochastic volatility of our identified monetary policy shocks.
Two things stand out. First, the period 2008 up to now exhibits a substantially higher
variance, which marginally declines after 2009 but remains at a remarkably persistent
higher level than in the pre-crisis period. This is not surprising and reflects the effects
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Figure 2: (a) Impulse response of inflation to monetary policy shocks, (b)-(d) pairwise
differences with 16th and 84th percentiles (dotted) between (b) 1999Q1 and 2007Q1, (c)
1999Q1 and 2015Q4 and (d) 2007Q1 and 2015Q4.

of the Global Financial Crisis that started in 2007 as well as the subsequent European
debt crisis. The reason for this is, given we model a simplified policy rule only taking
unemployment and inflation into account, any other variable which has an impact
on the interest rate is captured as a residual. Since the disturbances that arose as a
result of the Lehman collapse in 2008 for example clearly forced the central bank to
also respond to other movements (such as financial sector disturbances) than mainly to
unemployment and inflation, this in turn is captured as stochastic volatility movements
of structural shocks.

Figures (2) and (3) show the median and pairwise differences of the time-varying
impulse responses for inflation and unemployment, respectively, at three different
points in time, namely 1999Q1, 2007Q1 and 2015Q4, such that Quantitative Easing
that started in 2015 is also included. For the inflation case, it stands out that the
transmission of an unexpected monetary policy shock gradually became weaker on
the course of time. Even though the differences seem to be small, this finding does
also hold for other dates. However, the pairwise differences show that this finding
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Figure 3: (a) impulse response of unemployment to monetary policy shocks, pairwise
differences with 16th and 84th percentiles (dotted) between (b) 1999Q1 and 2007Q1, (c)
1999Q1 and 2015Q4 and (d) 2007Q1 and 2015Q4.

might be spurious as in any case the impulse responses are not significantly different
compared to their counterparts. The impulse responses for unemployment indicate a
similar picture insofar as the transmission became less effective. The perceived time-
variation is higher than in the former case. But also for unemployment we cannot
conclude that the reaction became significantly weaker. Summing up the findings,
we conclude that there is an infirm pronounced trend towards a weaker transmission,
which is however not significant.

B. Shifting Policy Rule

Potentially important implications for the way the economy responds to monetary
shocks are based on how the ECB reacts to economic activity, thus referring to the
second question mentioned in the introduction. To put it differently, analyzing unan-
ticipated policy changes begs for answers of how systematic monetary policy changes
potentially affect the economy. We therefore plant the most recent average policy rule
of 2014Q1-2015Q4 into 2005Q1. This counterfactual simulation helps to analyze
whether different policy rules would have resulted in different outcomes for the non-
policy block, i.e. inflation and unemployment. Figure (4) shows the simulated coun-

17



2005 2010 2015

0

1

2

3

4

inflation

2005 2010 2015

8

10

12

unemployment

actual

error bands

counterfactual

Figure 4: Counterfactual historical simulation of (a) inflation and (b) unemployment with
16th and 84th percentiles.

terfactual paths of both, inflation and unemployment.6 Notice that the simulated path
for inflation lies above, and the counterpart for unemployment below the actual path,
reflecting a more "aggressive" policy rule. However, the loose monetary policy that is
pursued by the ECB, would not have resulted in a significantly less severe recession, as
in both cases the counterfactual paths do not lie outside the 16th and 84th percentiles.
We, therefore, conclude that a shifting policy rule does not explain substantial parts of
the fluctuation of both inflation and unemployment.

IV CONCLUSION

There are weak tendencies towards less effective monetary policy. However, our
results show that neither the impulse responses differ significantly, nor would a shifting
policy rule explain substantial parts of the fluctuation in the real economy.

6Note that potential drawbacks of counterfactual simulations like the Lucas critique are mitigated in
Bayesian frameworks, see Primiceri (2005) for discussions.
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This paper studies the role of monetary policy for the dynamics of US mortgage debt,
which accounts for the largest part of household debt. A time-varying parameter vector
autoregressive (VAR) model allows us to study the variation in the sensitivity of
mortgage debt to monetary policy. We find that an identically sized policy shock became
less effective over time. We use a dynamic stochastic general equilibrium model to show
that a fall in the share of adjustable rate mortgages (ARMs) can replicate this finding.
Calibrating the model to the drop in the ARM share since the 1980s yields a decline in
the sensitivity of housing debt to monetary policy which is quantitatively similar to the
VAR results. A sacrifice ratio for mortgage debt reveals that a policy tightening directed
toward reducing household debt became more expensive in terms of a loss in
employment. Counterfactuals show that this result cannot be attributed to changes in
monetary policy itself.
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I INTRODUCTION

The build-up of household debt in the USA and other countries is often interpreted
as a potential risk to financial stability (see Jordà et al., 2016) and a determinant of the
overall credit cycle (see Mian et al., 2017). Since the recent financial crisis originated
in the US housing market, the mortgage market receives a lot of attention. Mortgage
debt is by far the largest component of household debt, as it reflects the single, most
important financial decision of most households. Monetary policy should affect not
only the value of houses, but also the dynamics of mortgage debt. A monetary tight-
ening should curb the build-up of mortgage debt. This is one important channel for
monetary policy transmission to households.1

In this paper, we study the time-varying sensitivity of US mortgage debt to mon-
etary policy. To do so, a model that allows for time variation in the link between the
Fed and the mortgage market is needed. We therefore use a time-varying parameter
vector autoregressive (TVP-VAR) model along the lines of Primiceri (2005).

The choice of this model is based on two observations: first, there is strong evi-
dence that the US economy underwent both structural and institutional changes and
also faces structural changes in the world economy, as emphasized by Canova and
Gambetti (2009), Boivin (2006) and Mishkin (2009). Second, financial liberalization
and deregulation changed the process of financial intermediation in the US economy.
These structural changes cannot be picked up by a linear model with constant VAR
parameters and a constant variance-covariance matrix. As a result, there is a danger of
incorrect policy implications for central banks if the econometric model is not flexible
enough to detect possible time-varying effects. We therefore rely on a model which
allows for drifting coefficients and a time-varying variance-covariance matrix.

A model with discrete breaks would be an alternative estimation framework to
describe the sensitivity of household mortgages to monetary policy shocks. However,
a TVP-VAR is far more flexible than a model with discrete breaks and thus captures
any form of structural shifts.2

Our model includes four variables: civilian unemployment, GDP deflator inflation
and the deviation of real debt from its trend, intended to represent the non-policy
block, and a short-term interest rate representing the monetary policy instrument.
We assume that the Fed only responds to inflation and employment and restrict all
time-varying VAR coefficients in the policy rule other than those related to inflation
and employment to zero. Our estimation procedure relies on Markov chain Monte
Carlo (MCMC) methods as in Nakajima (2011).

Our key result is that the reaction of mortgage debt to an identically sized monetary

1See Jordà et al. (2015) for historical evidence of the link between loose monetary policy and real estate
lending booms.

2Huber and Punzi (2020) also use a TVP-VAR model to study the transmission of monetary to the
housing market at the zero lower bound.

22



policy shock became much smaller over time.3 Hence, a monetary policy tightening
today reduces household debt much less than the same shock in the 1970s. For in-
stance, a 25bp tightening in 1960 led to a drop in the cyclical component of mortgage
debt by about 0.09 percentage points after eight quarters, while the same shock today
would result in an insignificant reduction of mortgage debt. Importantly, we show
that non-mortgage debt of households does not exhibit such a decline in its sensitivity
to monetary policy.

We invoke the concept of the sacrifice ratio to shed light on when a debt reduction
as a result of a monetary tightening is relatively expensive or cheap, respectively. We
find that toward the end of the sample, it is particularly costly in terms of employment
to use a monetary tightening in order to initiate a reduction in household debt.

To rule out that the change in the transmission to mortgages stems from shifts in the
systematic behavior of monetary policy itself, we simulate counterfactuals in the spirit
of Sims and Zha (2006) and keep the reaction function of the central bank fixed over
time. The results are indistinguishable from our baseline finding. Hence, our results
fit into the “mortgage rate conundrum” put forward by Justiniano et al. (2022). They
argue that the link between Treasury yields, which party reflect monetary policy, and
rates on mortgages weakened over time. Hence, both papers stress the role of some
underlying structural changes in the mortgage market that impair the monetary policy
transmission mechanism.

In order to understand our finding, we study the interaction of the interest rate
elasticity of mortgages with the share of adjustable mortgages (ARMs). The literature
points to the ARM share as a key determinant of policy transmission to the housing
market (see, among others, Calza et al., 2013; Ehrmann and Ziegelmeyer, 2017;
Garriga et al., 2017). The idea is that as long as mortgages are closely tied to short-
term interest rates, unexpected increases in the policy rate will quickly lead to a shift
in cash flows and mortgage payments, which is particularly important for existing
borrowers. In this sense, changes in the policy rate also affect the initial cost of new
home loans, which in turn affects the demand for housing. The ARM share in the
USA exhibits a decline since the early 1980s, where the ARM share data starts. This
encourages us to employ the dynamic stochastic general equilibrium (DSGE) model
of Alpanda and Zubairy (2017) and examine exogenous variation in the ARM share.
The model features a housing market and an occasionally binding credit constraint
along the lines of Iacoviello (2005). The impact of the ARM share is nonlinear: a drop
in the ARM share causes a less than proportional decline in the interest rate elasticity
of mortgage debt. We calibrate the model to the ARM share in 1985, leaving all
other parameters at their sample average, and to the ARM share at the end of the
data sample. The resulting responses of mortgage debt to a simulated 25bp tightening

3Eickmeier and Hofmann (2013) use a factor-augmented VAR model to study the monetary policy
transmission to the housing market. They show that monetary policy contributed to the housing
pre-crisis housing boom.
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shock quantitatively match the estimated decline in the mortgage response sensitivity
to policy shocks.

Our results have important policy implications. First, a weaker transmission of
policy impulses to the mortgage market, but not to the real economy, implies that
monetary policy is not the right instrument to reduce household sector debt. A
policy tightening at the end of the sample period to curb the build-up of mortgage
debt is expensive in terms of forgone employment. Hence, we would advise against
using monetary policy to counteract financial risks related to household borrowing.
This finding is in line with Alpanda and Zubairy (2017) who find that, for example,
maximum loan-to-value (LTV) ratios are better macroprudential tools to counteract
high household indebtedness.

Second, the results can be interpreted as a case against the “too low for too low”
argument. That is, keeping interest rate low for an extended period of time does
not contribute to inflating a housing credit boom. Our counterfactuals show that
the systematic component of monetary policy contributes little to the time-varying
sensitivity of mortgage debt to monetary policy.

Our results are related to several branches of the literature. In the following, we
highlight only those papers which we consider most relevant for us. The first field
studies structural features of the US mortgage market and relates them to the strength
of the transmission process. Calza et al. (2013) present VAR results consistent with the
notion that the monetary transmission to housing investment is stronger for a high
share of ARM. We extend this line of research by looking at the US economy over
time, not at the cross section of countries which differ in the average ARM share.
Zeev (2016) presents a partial equilibrium model of the housing market, in which a
high share of ARM mortgage contracts amplifies the effect of an interest rate shock.
He also presents empirical evidence consistent with this finding. The ARM share is
used to interact the economy’s response to a credit supply shock. Garriga et al. (2017)
build a general equilibrium model with incomplete asset markets in which monetary
policy affects housing investment by changing the cost of new mortgages. A high
ARM share again intensifies the response of the economy to the monetary policy
impulse.4 Secondly, the result of this paper can be interpreted as an equivalent to
the “mortgage rate conundrum” of Justiniano et al. (2022). They establish the finding
that the connection between mortgage interest rates and Treasury rates broke down in
2003. Hence, the policy tightening of the Fed in 2004 did not lead to higher mortgage
rates. Paul (2020) also uses a TVP-VAR model to study the policy transmission to
various asset prices. He finds that the transmission to house prices was particularly
weak before the 2008-2009 financial crisis.

The remainder of this paper is structured as follows: Section II sketches the evolution

4Harding and Klein (2019) also study the nonlinear impact of monetary policy on the US housing
market. They show that monetary policy is effective in periods of deleveraging but not during the
build-up of household leverage.
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of mortgage debt. Section III introduces the TVP-VAR model and details about the
Bayesian estimation. Section IV discusses the main results. Section V focuses on the
role of adjustable rate mortgages for our results and presents results from a DSGE
model. Sections VI and VII present counterfactual analyses and robustness checks,
respectively. Section VIII concludes. An appendix contains additional information.

II MORTGAGE DEBT

This paper focuses on mortgage debt held by US private households, which is the
main component of overall household debt. The left panel in Figure (1) depicts the
development of postwar real household debt. There has been a steady increase in
household debt and mortgage debt, respectively, until the eve of the Great Recession.

For the purpose of this paper, we look at the cyclical component of real mortgage
debt, which we derive from Baxter and King (1999) filtering the original series. The
filter has a band length of eight and lets frequencies pass that are between 4 and 64
quarters. With this calibration, we account for the average length of financial and
debt cycles in the USA and take into account that these cycles are about twice as long
as the business cycle (Alpanda and Zubairy, 2019). The resulting cyclical series, the
mortgage gap, is depicted in the right panel of Figure (1).

Figure 1: Household debt in the USA
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Notes: The solid line in the left panel is overall real household debt. The dashed line in the
left panel shows real mortgage debt. The right panel shows the cyclical component of Baxter-
King-filtered mortgage debt (in %). The shaded areas reflect NBER-dated recessions.

We find that the mortgage gap fluctuates between 4% and -5% relative to its trend
and peaks before each recession. During a recession, the gap turns negative.
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III THE EMPIRICAL MODEL

We rely on a VAR model with drifting coefficients as well as a drifting variance-
covariance matrix. To introduce a few key elements and fix notation, we start with a
time-invariant VAR model.

A. Structural VAR Model

A standard time-invariant structural VAR is defined as:

Ayt = d + F1yt−1 + ... + Fsyt−s + εt, t = s + 1, ...,T (1)

where yt is a k × 1 vector of observed endogenous variables, d is a k × 1 vector
which includes deterministic components, and A,F1, ...,Fs are k × k matrices of VAR
coefficients. Finally, εt is a k × 1 vector of structural shocks, where εt ∼ N(0,ΣΣ′).

The vector yt contains four variables. The first variable is the unemployment rate,
which is our measure of real economic activity. The second variable is inflation,
measured as the year-on-year growth rate of the GDP deflator. The third variable is
the cyclical component of real mortgage debt derived before. Our fourth variable is
supposed to reflect the Fed’s policy instrument. We therefore use the effective federal
funds rate, augmented with the Wu and Xia (2016) shadow rate during periods in
which the federal funds rate was characterized by the zero lower bound (ZLB).5 Note
that our choice of variables other than the cyclical component of mortgage debt is
almost the same as in Primiceri (2005).6 We refer to the first three variables as the
non-policy block of the VAR system, for reasons to become clear below.

The simultaneous relations of structural shocks are specified by recursive identifica-
tion, assuming that A is lower triangular as:7

A =




1 0 · · · 0

a21
. . . . . .

...
...

. . . . . . 0
ak1 · · · akk−1 1



. (2)

Premultiplying both sides by A−1, the model in (1) can hence be rewritten as

yt = c + B1yt−1 + · · · + Bsyt−s +A−1Σεt, εt ∼ N(0, Ik) (3)

5The appendix provides additional details on the sources of the variables.
6Primiceri (2005) uses the yield on 3-month Treasury bills as opposed to the federal fund as in this
paper.

7Note that the lower-triangular specification (2) of A (and thus A−1) is widely used and enables us to
easily identify structural shocks (e.g., monetary policy shocks) by recursive ordering, although the
examination of implications for the economic structure may require more complicated identification
schemes.
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where c = A−1d and B j = A−1F j for j = 1, ..., s. The standard deviations of the
structural shocks are captured in the k × k matrix Σ which is specified as

Σ =




σ1 0 · · · 0

0 . . . . . .
...

...
. . . . . . 0

0 · · · 0 σk



. (4)

Stacking all elements of c and B j, we get the k + (k2s) × 1 vector B. Defining X′t =
Ik ⊗ [1,y′t−1, ...,y

′
t−s], the model can be rewritten in reduced-form as

yt = X′tB +A−1Σεt. (5)

We order the unemployment rate in yt first, the inflation rate second, mortgage debt
third and the effective federal funds rate last. This ordering of variables implies that
all variables of the non-policy block belong to the information set of the central bank,
such that we allow the central bank to react contemporaneously to these variables. At
the same time, our timing restriction implies that the monetary policy shock, which
we are primarily interested in, does not contemporaneously affect the non-policy
block. That is, we assume that unemployment, inflation and mortgage debt react
to monetary policy shocks with at least one period delay. While this assumption is
standard in the literature (see Christiano et al., 1999) for unemployment and inflation,
it is also reasonable to assume that mortgage debt does not contemporaneously respond
to unexpected changes in the federal funds rate.

Note that including mortgages into a VAR model also implies that, in principle, the
policy reaction function incorporated in the VAR model allows for a feedback from
mortgages to monetary policy. Hence, the Fed could respond to changes in household
indebtedness. Since we want to keep the model as close as possible to the standard VAR
model, even when including mortgages, we restrict the response of monetary policy
to mortgages to zero across all lags.8

The model is estimated on quarterly data from 1955Q3 to 2017Q2. We use s =
2 two lags. This choice comprises a reasonable trade-off between the risk of over-
parameterization of our model on the one hand, and autocorrelated residuals on the
other.9

8It turns out that even if we do not impose these restrictions, our results remain indistinguishable.
9However, while the marginal likelihood might be one natural candidate to find the optimal lag length
within a TVP-VAR, several articles criticized that the harmonic mean method (as was typically used
in the literature) could be biased. Therefore, a rolling window estimation can provide an alternative
indication of the optimal lag length, because the calculation of the marginal (or log) likelihood within
time-invariant VAR models is tractable and well understood. Based on an estimation window of size
160, for each estimation we calculate and store standard information criteria over time. It turns out
that this procedure suggests a lag length of four. Although we estimate our baseline model with two
lags in order not to overload the model, we also estimate our TVP-VAR with a lag length of s = 4.
Besides a significantly increased estimation time, our main results remain qualitatively mostly similar,
as can be seen in the appendix.
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B. The TVP-VAR Model

Our TVP-VAR is specified as:

yt = X′tBt +A−1
t Σtεt, (6)

where all parameters, that is, the VAR coefficients captured in Bt, the simulta-
neous relationships among the endogenous variables captured in At as well as the
stochastic volatility of our structural shocks captured in Σt, are time-varying. Let
at = [a21,t, · · · , akk−1,t]′ be the vector of non-zero and non-one elements in At (i.e.
the lower-triangular elements in At) and let ht = [h1,t, · · · , hk,t]′ with hi,t = log σ2

i,t

for i = 1, · · · , k. Following Primiceri (2005) and others, we assume the following
dynamics of the model’s parameters

Bt+1 = Bt + ηB,t (7)

at+1 = at + ηa,t (8)

ht+1 = ht + ηh,t. (9)

As regards the initial states of the time-varying parameters, we follow Nakajima (2011)
and assume that Bs+1 ∼ N(µB0 ,ΣB0), as+1 ∼ N(µa0 ,Σa0) and hs+1 ∼ N(µh0 ,Σh0).
Finally, we follow Primiceri (2005) and assume that all innovations in the model are
jointly normally distributed as

V = Var







εt

ηB,t

ηa,t

ηh,t






=




Ik 0 0 0
0 ΣB 0 0
0 0 Σa 0
0 0 0 Σh



. (10)

Note that the parameters follow a random walk process. Although the random walk
process is nonstationary, its assumption can capture both gradual and sudden structural
changes.10 We follow the literature and choose the random walk assumption because
we do not want to impose further restrictions on the transition equation a priori
when estimating our state-space model. Moreover, the advantage of the random
walk assumption is that (1) it allows for permanent shifts and (2) drastically reduces
the number of parameters in the estimation procedure.11

10See Nakajima (2011) and Primiceri (2005) for detailed discussions.
11Note that the problem of potential spurious movements is negligible as we choose rather tight priors

for the covariance matrix of the disturbance in the random walk process.
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C. Estimation Algorithm and Priors

In order to estimate the TVP-VAR, we rely on MCMC methods. Our estimation
procedure mainly follows Nakajima (2011) and can be summarized as follows: given
the data y = {yt}Tt=1, ω = (ΣB,Σa,Σh) and our prior density π(ω), we use the following
MCMC algorithm to draw samples from the posterior π(B, a,h,ω|y)12:

1. Initialize B, a,h and ω.
2. Sample B | a,h,ΣB,y.
3. Sample ΣB | B.
4. Sample a | B,h,Σa,y.
5. Sample Σa | a.
6. Sample h | B, a,Σh,y.
7. Sample Σh | h.
8. Go back to 2.13

Priors need to be specified for the starting values of our MCMC algorithm (i.e. for
the initial state of the time-varying parameters (µB0 ,ΣB0), (µa0 ,Σa0) and (µh0 ,Σh0))
and for the ith diagonals of the covariance matrices (i.e. the ith diagonals of ΣB, Σa

and Σh). As regards the initial states for the VAR parameters, there are mainly two
common practices for specifying the initial states. The first approach follows Primiceri
(2005), who uses the point estimates of a time-invariant VAR model estimated from,
say, the first 10 years, in order to calibrate the prior. The potential drawback of this
approach is that we lose these observations for the estimation of our TVP-VAR, as in
a standard Bayesian setting the prior should not contain any information based on the
sample. Second, from the standpoint that we do not have any information about the
initial state a priori, setting diffuse priors for the initial states is another option (see
Nakajima, 2011 for a discussion). In particular, the initial state of our parameters has
flat priors, set as

Bs+1 ∼ N(0, 10 · I), as+1 ∼ N(0, 10 · I), hs+1 ∼ N(0, 10 · I). (11)

Of course, the prior choice for the hyperparameters can affect posterior inference,
although ΣB,Σa and Σh do not parameterize time variation in the first line, but only
prior beliefs about the time variation. However, as emphasized by Primiceri (2005),
Nakajima (2011) and Koop and Korobilis (2010), the priors should be carefully chosen
because our model has many parameters to estimate. This is even more important from
the standpoint that all of our model’s parameters are modeled as nonstationary random
walks. Thus, tight priors for the variance-covariance matrices of the disturbances
in the random walk process should avoid ill-determined (implausible) behaviors of

12Accordingly, B = {Bs+1, ...,BT}, a = {as+1, ..., aT} and h = {hs+1, ...,hT}.
13For a useful exposition of the MCMC algorithm, see Nakajima (2011).
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the parameters. Moreover, it should be noted that in general the time-varying VAR
coefficients require a tighter prior than the time-varying variance-covariance matrix.
To address this problem, we rely on rather tight priors.

In particular, we set the following priors for the ith diagonals of ΣB,Σa and Σh:14

(ΣB)−2
i ∼ Γ(25, 6 · 10−5), (Σa)−2

i ∼ Γ(4, 0.05), (Σh)−2
i ∼ Γ(4, 0.05).

To compute the posterior estimates, we draw n = 20, 000 draws and discard the first
10, 000 draws, as samples that have been generated in early iteration steps are likely to
be not representative for the true posterior distribution. The appendix reports several
convergence checks that are common in the literature, including inefficiency factors
as well as the convergence checks proposed by Geweke (1992) and Raftery and Lewis
(1992). It stands out that all convergence checks justify our prior choice and that our
Markov chain mixes quickly.

We further investigate whether the time variation found in our coefficients is a
feature of the data or driven by our priors. For that purpose, we apply the test proposed
by Cogley and Sargent (2005) and compare the trace of the prior with the trace of
the posterior distribution of Σβ. We would point to time variation in the parameters
stemming from the data rather than the priors if the trace of the prior is below the 16th

percentile of the trace of posterior distribution. As can be seen in the appendix, the
trace of the prior is indeed well below the 16th percentile of the trace of the posterior
of Σβ.

IV RESULTS

The advantage of our TVP-VAR model is that we can show time-varying effects of
monetary policy shocks. This time variation is not only driven by the estimated VAR
coefficients in Bt, but also by the shock impact matrix, A−1

t , as well as the stochastic
volatility of the covariance matrix, Σt.15

A. Responses to a Monetary Policy Shock

In this section we discuss the time-varying effects of monetary policy shocks on the
endogenous variables. To get an impression of the changing nature of monetary
policy transmission that accounts for estimation uncertainty, Figure (2) plots the im-
pulse responses following monetary policy shocks originating in 1985Q1 and 2011Q3,

14We therewith follow Nakajima (2011) by separate priors for the ith diagonals of the covariance
matrices in the transition equations. Primiceri (2005), on the other hand, specifies priors for ΣB,Σa
and Σh based on an inverse-Wishart distribution. Note that the Wishart distribution is nothing but
a multivariate generalization of the gamma distribution. In this case, drawn samples are positive-
definite matrices rather than positive real numbers.

15In the appendix, we also show that the TVP-VAR model delivers a superior fit to the data compared
to a constant parameter VAR model.
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respectively. These dates are chosen among episodes of a high and low ARM share,
which will become important in the next section. The left column shows the im-
pulse responses following a 25bp monetary policy shock in 1985Q1, when the ARM
share was about 60%, whereas the middle column shows the corresponding impulse
responses in 2011Q3, when the ARM share reached a minimum of about 10%.

An unexpected policy tightening in 1985 raises unemployment by 0.05 percentage
points and leads to a significant fall in mortgage debt by about 0.03%. The response
of the inflation rate exhibits a price puzzle, that is, a positive response in the first few
quarters, before it starts to fall. A shock in 2011 triggers a similarly sized increase
in unemployment and a drop in inflation. However, mortgage debt is no longer
responsive to monetary policy.

The right panel shows the difference between the impulse responses in 1985Q1
and 2011Q3, respectively. We would refer to a significantly different transmission of
monetary policy shocks when the error bands do not enclose the zero line. Contrary
to this, the transmission would not be significantly different across the two points in
time when the the zero line lies inside the error bands.

For mortgages the impulse response is significantly stronger in the early 1980s than
toward the end of our sample. The responses of unemployment and inflation, how-
ever, are not significantly different across the two points in time. Hence, the sensitivity
of mortgage debt to monetary policy shocks is lower at the end of our sample period,
while the transmission of policy to inflation and unemployment remains unaffected.
This is the most important finding of this paper.

Notice that this finding does not only hold for the two selected dates, that is, for
1985Q1 and 2011Q3. Rather, we find that the transmission of monetary policy shocks
to mortgage debt gradually decreases. We best see that when we study the cross
sections of the time-varying impulse response functions with their respective 16th and
84th percentiles of the posterior distribution.

Figures (3) to (5) show the time-varying reaction of the endogenous variables 4,
8 and 16 quarters after the shock. The full profiles of impulse responses, that is, the
response as a function of the timing of the occurrence of the shock and the time after
the shock are shown as three-dimensional plots in the appendix.

After four quarters, see Figure (3), the policy tightening has led to higher unemploy-
ment. The response of unemployment is significant between the 1970s and 1990s. For
inflation, we observe a price puzzle in the 1970s. However, the initial significance of
our observed price puzzle begins to vanish over time. Mortgage debt falls significantly
following a policy shock originating in the 1960s and 1970s, but remains unchanged
for shocks occurring more recently.

Eight quarters after the shock, see Figure (4), unemployment is still higher as a result
of the tightening, though the impact on unemployment becomes slightly smaller over
time. The response of inflation 2 years after the shock remains insignificant for most
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Figure 2: Response to a monetary policy shock for selected dates

Notes: The left panel shows the mean responses (red-solid) with 16th and 84th percentiles to a
25bp monetary policy shock in 1985Q1, whereas the middle panel shows the mean responses
to a 25bp monetary policy shock in 2011Q3. The right panel shows the difference between
the responses in 1985Q1 and 2011Q3.
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of the sample period. Importantly, we see a very pronounced tendency in the response
of mortgage debt: the sensitivity falls steadily over time and disappears in the 2000s.

The impact of the policy shock after 4 years is shown in Figure (5). Again, the
response of mortgage debt is negative between the 1970s and the 1990s. After that,
mortgages remain insignificantly different from their trend. From a first glance at
Figure (5), one might mistakenly infer that the mortgage response will regain strength
over time. However, this is due to the fact that the response to a monetary policy shock
becomes somewhat more sluggish over time with the peak response occurring later.
Thus, especially for the last 20 years of our sample, Figure (5) shows the response
of mortgages at the time when the response to monetary policy is strongest, before
mortgages return to the trend.

The persistence of the interest rate response to the monetary policy shock does not
fluctuate much over time.

Finally, we extract the maximum impact of the monetary policy shock on mortgage
debt as well as the time at which the maximum response occurs and show the evolution
of both in Figure (6).16 This allows us to better describe the shift in the sensitivity of
mortgage debt to monetary policy over the sample period. We can see the general
tendency of diminishing effects of monetary policy shocks with responses becoming
insignificant at the end of our sample. We also find that the maximum impact of the
policy shock occurs later over time.

The decline in the sensitivity of mortgage debt has strong implications for monetary
policy, which we will now study in detail. Keeping in mind that the reduced-form
model is not suitable for normative policy analysis, our results suggest that using
monetary policy to curb household debt is difficult. This is because the effectiveness
of monetary policy shocks strongly varies over time. This also implies that the costs
of a debt reduction in terms of unemployment vary over time. We will pick up this
thought in the following section.

B. The Sacrifice Ratio of Debt Reduction

Let us consider a central bank which aims at using an increase in the policy rate in
order to foster a debt reduction of households. How much additional unemployment
does the central bank need to accept? We invoke the concept of the sacrifice ratio
which in its initial form answers the question of how costly a disinflation is in terms of
unemployment. We construct a measure that shows how expensive a debt reduction
is in terms of unemployment. This measure, φt,t+h, is the ratio of the cumulative
response of mortgage debt relative to the cumulative response of unemployment, h
periods after the shock occurs. That is, the nominator and the denominator are the

16The calculation of the peak timing is based on the posterior mean. In a previous version we showed
the median of the peak timing.
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Figure 3: Response to a monetary policy shock after four quarters

Notes: Mean responses (red-solid) after four quarters with 16th and 84th percentiles to a 25bp
monetary policy shock.
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Figure 4: Response to a monetary policy shock after eight quarters

Notes: Mean responses (red-solid) after eight quarters with 16th and 84th percentiles to a 25bp
monetary policy shock.

35



Figure 5: Response to a monetary policy shock after 16 quarters

Notes: Mean responses (red-solid) after 16 quarters with 16th and 84th percentiles to a 25bp
monetary policy shock.
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Figure 6: Peak response of mortgage debt
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Notes: Peak response and timing of the peak response following a 25bp monetary policy shock.

cumulative mean impulse responses:

φt,t+h =

∑h
i=0 IRFdebt

t+i∑h
i=0 IRFunemp

t+i

, (12)

where the horizon h can be interpreted as the relevant horizon for policy-makers.
Consider a policy shock that leads to a reduction in debt and an increase in unem-
ployment. Hence, the ratio is negative. If for the same loss in employment debt falls
more, this reduction becomes less costly. In this case, the index falls. By the same
token, we would observe a drop in the sacrifice ratio if unemployment increases less,
given that the reduction of debt remains unchanged. That is, policy-makers were able
to achieve a high reduction in mortgage debt per unit increase in unemployment. An
increase in φt,t+h would thus be consistent with a more costly reduction, that is, for a
one unit increase in unemployment we only get a relatively small reduction in debt.
We consider two alternative horizons: h = 8 and h = 12 quarters. Since we base
this thought experiment on a reduced-form model, we should stress that we do not
intend to derive normative implications. Rather, we want to find out at what time a
debt reduction as a result of a monetary tightening was relatively expensive or cheap,
respectively.

The blue-solid lines in Figure (7) display the ratio for the two horizons h, whereas
the black-dashed lines plot φt,t+h with h corresponding to the timing of the peak
response. We can see an upward trend in both series. Hence, a debt reduction becomes
more expensive over time. The trend is broken only during the 1990s.

Technically, the break in the sacrifice ratio results from the changes in the impulse
responses of unemployment and mortgages in the first half of the 1990s. The response
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of unemployment eight quarters after the shock remains horizontal at that time, while
the response of mortgages temporarily become somewhat more pronounced. One
possible explanation for the behavior of the unemployment response is the sudden
weakening of Okun’s Law (Owyang and Sekhposyan, 2012). Hence, when the Fed
tightened, both mortgage debt and real economic activity fell. Due to the shift in
Okun’s Law, however, the loss in terms of employment was smaller than before and
the debt reduction appeared more favorably when compared to the loss in employ-
ment. The sudden shift in the responsiveness of mortgages can best be explained in
terms of changes in the ARM share. As shown in below, the ARM share jumped from
20% to more than 50% in the early- to mid-1990s, before it continued its downward
trend. This jump is directly reflected in a stronger response of mortgages to monetary
policy shocks.

Figure 7: The costs of debt reduction
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Notes: The blue-solid lines reflect the ratio φt,t+h for horizon h = 8 (left panel) and h = 12
(right panel) over time. In both panels, the black-dashed line reflectφt,t+h where h corresponds
to the timing of the peak response.

Overall, our results mirror-image the time-varying sensitivity of unemployment
and debt, that is, that monetary policy-induced debt reductions are (relatively) cheap
if either the sensitivity of unemployment to monetary policy shocks is relatively low
while the sensitivity of mortgage debt is relatively high or vice versa.
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V THE ROLE OF ADJUSTABLE RATE MORTGAGES

Many structural forces could potentially be responsible for the decline in the sensitivity
of mortgages to Fed policy. Calza et al. (2013) highlight key parameters that have
an effect on how sensitive mortgages are to monetary policy. They find that the
transmission of monetary policy shocks to consumption is stronger in countries where
mortgages with adjustable rates dominate. In the US economy, this share declined
over time. Figure (8) plots the ARM share since the early 1980s. While in 1985
the share was about 60%, it fell to only 10% by the end of 2011, implying that

Figure 8: Share of adjustable rate mortgage contracts
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Notes: The data is taken from Federal Housing Agency, Monthly Interest Rate Survey. We
use chained data based on data availability. Thus, we use interpolated data extracted from
annual basis from 1982Q2 until 1984Q4 and end-of-quarter monthly data from 2008Q4 until
2014Q3.

home-buyers mostly prefer fixed-rate mortgages over adjustable rate mortgages.17

As emphasized by Alpanda and Zubairy (2017), under fixed-rate contracts the interest
rate channel of monetary policy can be impaired, as agents are unable to lower the
interest burden on their existing debt by refinancing, especially when their existing
debt levels are high and they do not possess adequate equity. We therefore expect
that the transmission of monetary policy shocks to the economy is linked to the ARM
share. In particular, we expect that the transmission is more powerful when the ARM
share is high.

With this in mind, let us briefly return to Figure (2). We show the impulse responses
for shocks originating at a time when the ARM share is high (1985Q1) and low
(2011Q3), respectively. The two impulse responses are indeed significantly different.

17Moench et al. (2010) discuss the reduction in the ARM share in the USA and explain it in terms of
financial innovations such as an increase in securitization and a shifting term structure of interest
rates.
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A. Illustrative Evidence

We want to obtain some illustrative evidence on the determinants of time variation in
the policy impact on mortgages. For that purpose, we regress the dynamic impulse
response functions on the ARM share. We also control for other characteristics of the
prevailing contracts in this market.18 This is done for both the time-varying impulse
responses and the cumulative effects of mortgage debt for different periods h after the
shock. Formally, we regress

IRFt,t+h = c + γxt + δt + εt,

as well as for impulse responses accumulated up to horizon h,

h∑

i=0

IRFt,t+i = c + γxt + δt + εt,

where t is the period the shock occurs and i denotes the number of periods after the
shock.

The vector γ collects the coefficients for the control variables in xt, c is a constant
and εt is an error term. The matrix xt contains the ARM share, the annual growth
rate of GDP, the S&P/Case-Shiller US National Home Price Index (in logs), the LTV
ratio, and the average effective interest rate paid for mortgage contracts (effective
rate), which is also provided by the Federal Housing Agency’s Interest Rate Survey.
To account for possible nonlinearities between the impulse responses and the ARM
share, xt also includes the squared ARM share. This is primarily motivated by the
implications of our DSGE model, which will be described in the following section.
Lastly, we add a linear trend, which is meant to account for the fact that both the
dependent variable and some of the explanatory variables are very persistent. HAC
standard errors are used with a lag length of eight, as recommended by Wooldridge
(2016).

Table (1) shows the outcome of the regressions for h = 8, 12, 16 and h being equal to
the timing of the peak response. A few things stand out. First, for all horizons under
consideration, the joint explanatory power of our control variables is high and in all
but one case well above 85%. Most control variables also have a significant impact and
can explain some of the variation in the time-varying effects of mortgages. Second,
the coefficient for the ARM share shows the expected negative sign in all cases and is
significant in almost all cases except for h = 8 in the upper panel as well as for the peak
response in the bottom panel. This implies that mortgage debt falls more strongly after
a policy tightening when the ARM share increases, which is in line with the results
found in Alpanda and Zubairy (2017), Calza et al. (2013) and Garriga et al. (2017).

18In the next subsection, we simulate a structural model to corroborate our findings.
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Table 1: Explaining the time-varying policy impact on mortgages

Impulse Response
PEAK h = 16 h = 12 h = 8

Constant 0.025
(0.039)

0.010
(0.021)

0.052
(0.071)

0.054
(0.123)

ARM share −0.349∗∗
(0.158)

−0.207∗
(0.119)

−0.452∗∗
(0.231)

−0.580
(0.370)

ARM share squared 0.706∗∗∗
(0.175)

0.366∗∗
(0.147)

0.948∗∗∗
(0.261)

0.125∗∗∗
(0.039)

Real GDP 0.530∗
(0.317)

0.995∗∗
(0.396)

0.594
(0.544)

−0.192
(0.645)

House prices 0.030∗∗∗
(0.006)

0.012∗∗∗
(0.001)

0.022∗∗
(0.009)

0.026
(0.021)

LTV −2.706∗∗∗
(0.617)

−1.466∗∗∗
(0.255)

−2.99∗∗∗
(0.661)

−3.157∗∗∗
(0.751)

Effective rate 1.065∗
(0.542)

1.818∗∗∗
(0.298)

2.873∗∗∗
(0.746)

2.741
(1.344)

∗

Trend yes yes∗∗∗ yes∗∗ yes

R2 0.877 0.683 0.878 0.875
adj. R2 0.817 0.664 0.870 0.867

Cumulative impulse response
PEAK h = 16 h = 12 h = 8

Constant 0.425
(0.975)

0.640
(1.204)

0.550
(1.133)

0.285
(0.683)

ARM share −3.410
(2.568)

−6.263∗
(3.558)

−5.194∗
(3.261)

−3.015
(1.785)

∗

ARM share squared 0.696∗∗
(0.297)

0.129∗∗
(0.376)

1.080∗∗∗
(0.342)

0.622∗∗∗
(0.204)

Real GDP 2.463
(3.462)

2.273
(6.355)

−0.674
(5.234)

−1.993
(3.145)

House prices 0.127
(0.151)

0.285
(0.185)

0.216
(0.194)

0.113
(0.123)

LTV −19.955∗∗∗
(0.610)

−35.496∗∗∗
(8.362)

−27.583∗∗∗
(6.676)

−13.967∗∗∗
(3.553)

Effective rate 26.151∗∗
(8.424)

26.151∗∗∗
(8.424)

26.395∗∗
(11.427)

12.966
(6.995)

∗

Trend yes yes yes yes

R2 0.872 0.888 0.878 0.872
adj. R2 0.865 0.881 0.870 0.865

Notes: The dependent variable is the response of mortgage debt following a 25bp monetary
policy shock when the response peaks (first column), after 16 periods (second column), after 12
periods (third column), after 8 periods (fourth column). The coefficients and standard errors
of the ARM share, real GDP, the loan-to-value ratio, the short-rate and trend are multiplied
by 1000. The coefficients and standard errors of the squared ARM share are multiplied by
10,000. HAC standard errors are used with a lag length of eight and a Newey-West fixed
bandwidth of 5. A significance level of 1%, 5% and 10% is denoted by ***, ** and *.

Second, the coefficient on the squared share of adjustable rate mortgages is positive
and significant in all cases. Note that a positive coefficient implies that the effect of an
increase in the ARM share is decreasing, the higher the ARM share is. This means that
the response of mortgages after an increase in the ARM share is stronger in absolute
terms when the ARM share is relatively low. If, on the other hand, the ARM share
is relatively high, a further increase in the ARM share will still lead to a stronger
response, this effect is however less pronounced than before.

Third, the coefficient on the LTV ratio is negative and significant in all cases. This
result is in line with Alpanda and Zubairy (2017) and implies that the effects of mon-
etary policy shocks are amplified when the LTV ratio increases.

Overall, our results support our assumption that the ARM share affects the trans-
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mission of monetary policy shocks.

B. A DSGE Model with Mortgage Contracts

While the previous regressions are illustrative, eventually a structural model is needed
to shed light on the impact of a shift in the ARM share on the strength of policy
transmission. Therefore, we resort to the DSGE model by Alpanda and Zubairy
(2017).

The model builds on a closed-economy DSGE with housing and household debt
as well as an occasionally binding credit constraint. The model features two types of
households: patient households (savers) and impatient households (borrowers). In the
model, excessive household debt arises as a result of exuberance shocks on expectations
on house prices, which drives a wedge between actual and fundamental values.

Importantly, the model allows the average duration of the fixed interest rate for loans
to be shorter than the full amortization duration of the underlying loan itself. That is,
the interest rate on new mortgage loans is decomposed into a fraction carrying a fixed
mortgage interest rate and a fraction of existing loans that is refinanced each period.

We use the model to simulate impulse responses to monetary policy shocks for
different calibrations of the ARM share. We simulate impulse responses for mortgage
debt to a 25bp monetary policy shock, which is consistent with the definition of
the policy shock in the TVP-VAR. In the first case, the "low share" case, we use
the same overall calibration as Alpanda and Zubairy (2017), including the interest
rate adjustability of mortgages based on a 10% ARM share, which we can observe at
the end of our sample. In the second case, the "high share" case, we recalibrate the
interest rate adjustability parameter based on an ARM share of 60% as observed in
1985, keeping anything else similar to the benchmark case.19

In Figure (9), we compare the impulse responses to 25bp monetary policy shock
for both the DSGE model and the TVP-VAR. First, similar to our time-varying VAR,
there is a weaker reaction of mortgage debt to monetary policy shocks when the ARM
share is low. Second, the amplitude of both the DSGE and the TVP-VAR are nearly
identical in the high share case with a 0.05 percentage point drop in mortgages. For
the low share case, the TVP-VAR shows a weaker response. However, this can most
likely be attributed to the fact that our recalibration was solely based on the different
fraction of ARM shares keeping all other parameters unchanged. In the model, the
interest rate duration is based on factors other than the ARM share, including home
equity loans and repayments. Additionally, we can see that the relationship between
the ARM share and the size of the mortgage reaction to a restrictive 25bp monetary
policy shock shows a nonlinear pattern.

To conclude this section, we calibrate the DSGE model not just for a high and a low
share, but for the full range of observable ARM shares. Figure (10) plots the resulting

19In the appendix we explain in detail how we account for different values for the ARM share.
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Figure 9: Responses of mortgage debt to monetary policy in the DSGE model and the
TVP-VAR
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Notes: In both cases, the shock is a surprise increase in the interest rate by 25bp. The DSGE
model of Alpanda and Zubairy (2017) is calibrated to a "high share" state with an ARM share
of 60% and a "low share" state with a share of 10%.

peak responses to the monetary policy shock against the ARM share. The sensitivity
to the policy shock increases nonlinearily in the ARM share, which is why we allow
for a nonlinear effect in our regressions reported in Table (1). Nevertheless, although
we also find a nonlinear relationship here, the sign in this case does not match the sign
from the illustrative regression results.

Summing up, the DSGE model provides further evidence for the role of ARM shares
in the transmission of monetary policy shocks. The empirically observed drop in the
ARM share since the early 1980s leads to impulse responses which are quantitatively
very similar to the responses derived from the TVP-VAR.

VI COUNTERFACTUAL IMPULSE RESPONSES

Thus far, our results provide evidence that the transmission of monetary policy shocks
may have become weaker over time. Moreover, from the standpoint that our model is
supposed to uncover the time-varying structure of the economy, relative cumulative
responses provide evidence that periods exist in which reducing debt might be less
costly than in others.

One possible driver of a weaker transmission of monetary policy is the structural
change in the Fed’s policy rule itself. That is, if in the 2000s the Fed responds system-
atically different to inflation and unemployment than in the 1970s, the responsiveness
of the rest of the economy could change. In this section, we want to rule out that
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Figure 10: Model-implied peak response of real mortgage debt to monetary policy
shock for alternative ARM shares
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Notes: Response of real mortgage debt in the DSGE model of Alpanda and Zubairy (2017)
for different calibrations of the ARM share. To provide some orientation, we highlight three
historical ARM shares.

monetary policy itself is driving the change in the transmission mechanism.
We report results for counterfactual experiments that have been widely used (see, for

instance, Primiceri, 2005; and Sims and Zha, 2006) and are an informative possibility
to establish the role of the Fed in the weaker transmission of monetary policy shocks
observed in Section IV. Specifically, we provide counterfactual impulse response func-
tions and counterfactual historical simulations, assuming that the monetary policy rule
under Fed chairman Bernanke (February 2006 to January 2014) prevails over the full
estimation sample. We therefore fix the parameters in the interest rate equation of the
VAR model to the mean from their posterior during the Bernanke tenure, while all
other parameters are allowed to fluctuate.20

The counterfactual impulse responses of mortgages are shown in Figure (11), which
reports also the baseline results from Figure (2) as a benchmark. For both static impulse
responses as well as the responses after four and eight quarters, the impulse responses
almost completely overlap with the baseline results. This corroborates the notion that

20Figure (18) in the appendix shows the corresponding counterfactual historical simulation for the
exercise described above. Here, too, we see that a possible shift in the policy rule has hardly
contributed to a change in the historical development of our endogenous variables. Only the
unemployment rate would have been somewhat lower with the "Bernanke Rule" in the 1980s. The
difference is not significant, however, as the observed data lie within the 16th and 84th percentiles of
the counterfactual simulation.
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the change in the transmission process does not stem from shifts in the Fed’s policy
rule.

Figure 11: Counterfactual impulse responses under fixed policy rule
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Notes: Mean responses from the baseline model (red-solid) and counterfactual responses
(black-dashed) with 16th and 84th percentiles to a 25bp monetary policy shock.

VII ROBUSTNESS

The following section examines the sensitivity of our results to a battery of robust-
ness checks. These checks include the estimation of a rolling window VAR model,
an alternative identification scheme, an analysis of the non-mortgage component of
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household debt, the role of the ZLB and a model with the ratio of mortgage debt to
GDP.

A. Results of a Rolling Window Estimation

The results in the main section are based on a TVP-VAR model in which both the
coefficients and the variance-covariance matrix are time-varying. This provides us
with a set of estimated parameters for each individual period of our estimation sample.
In this subsection, we report the results obtained from the estimation of a conventional
fixed-parameter VAR over a rolling window.

We estimate the fixed-parameter VAR with the same variables and lag order of two
over a fixed estimation window of 40 years, which we move in steps of one quarter
over the sample period. After adjusting for lags as well as for the size of the estimation
window, we thus obtain 86 sets of estimated parameters. As in the main part of the
paper, we identify our shock assuming that the matrix of simultaneous relationships is
lower triangular. In order to compare the results based on the same size of the shock,
we again assume that an unexpected 25bp monetary policy shock hits the economy.
The error bands for the impulse responses are obtained using a standard Monte Carlo
simulation with 500 replications.

In order to save space, we only present the most important results here. The lower
left panel in Figure (12) shows the response of mortgage debt four periods after the
shock over time, and the lower right panel shows the same response eight periods
after the shock over time. The left panel of the top row shows the impulse response of
mortgage debt based on the sample spanning from 1957Q1 to 1996Q4, whereas the
right panel shows the response of mortgage debt based on the sample running from
1977Q3 to 2017Q2.

Note that the results for individual periods are not exactly comparable to those of our
TVP-VAR as the estimated parameters of the rolling window procedure are average
effects over the selected estimation window. As in the main part of the paper, the
sensitivity of mortgages to monetary policy shocks decreases significantly over time.
That is, our results point to a drop in the responsiveness of mortgage debt to monetary
policy. Furthermore, the results show the same pattern as regards the timing of the
peak response, that is, the number of periods it takes for the monetary policy shock to
reach its maximum impact.21

As an additional backup, we repeat the rolling window estimation based on an
optimal lag length which we derive from standard information criteria. Based on the
Bayesian information criterion, we choose seven lags as an alternative lag length.22

Our qualitative results remain untouched, as can be seen in the appendix. Although

21The impulse responses for the other variables are available on request. However, it stands out that the
price puzzle disappears as the impulse response of the inflation rate now shows the expected negative
sign much earlier than before.

22We allow for a maximum lag length of eight lags.
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Figure 12: Response of mortgage debt from a rolling window VAR

Notes: Mean responses (red-solid) with 16th and 84th percentiles to a 25bp monetary policy
shock obtained from a rolling window VAR model with two lags.
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the shape of the impulse responses is not as smooth as before, the trend of decreasing
sensitivity of mortgages is more visible under four lags.

As our TVP-VAR runs into difficulties when we estimate the model in trend station-
ary time series, we further investigate whether our results change when our variables
enter the VAR in (log) levels. We use the following variables: (1) real GDP (in logs),
(2) the implicit price deflator (in logs), (3) real mortgage debt (in logs) and (4) the
effective federal funds rate. We use two lags as suggested by the Bayesian information
criterion and the Hannan-Quinn information criterion.

Figure (24) in the appendix summarizes our results for mortgage debt and shows
impulse responses for the same samples as above as well as the time-varying effect four
and eight quarters after the shock, respectively.23 Here, too, we see that the sensitivity
decreases over time.

Overall, the results from a rolling estimation with different specifications support
our findings from the main part of the paper.

B. Alternative Identifications

Choosing an alternative Choleski ordering can, in principle, affect our results, as we
alter the linear combinations of structural shocks which lie behind the reduced-form
error terms. The question is whether mortgage debt still shows a negative reaction
when we order the short-term interest before mortgage debt. In general, this ordering
implies that mortgage debt does not belong to the information set of the central bank.
At the same time, however, the contemporaneous reaction of mortgage debt is not
restricted as it can react in the same period in which the monetary policy shock occurs.

Figure (13) reports the impulse responses for this ordering for the same selected
dates as in Figure (2) as well as the time-varying response four and eight quarters,
respectively. Overall, the alternative ordering of variables does not change our results
too much. Even when the response of mortgage debt is unrestricted, in almost all
periods we see that the response of mortgage debt shows the same negative sign as
in the main part of the paper. In some periods, the contemporaneous response of
mortgage debt is not different from zero, suggesting that we get the same qualitative
response on impact. We see again that especially toward the end of our sample, the
responsiveness of mortgage debt gradually decreases. This trend, however, is less
pronounced than in the main part of the paper.

As an alternative identification scheme, we rely on restrictions on the signs of the
impulse response functions (see, for instance, Uhlig, 2005; Arias et al., 2018). We
estimate a constant parameter VAR with two lags for the full sample period, using
the same variables as in the baseline model. The nature of the restrictions is consistent
with a wide consensus in the literature and is backed by standard models of the business
cycle. According to our partial identification scheme, a monetary policy shock raises

23The results are similar when we use the unemployment rate instead of (log) real GDP.
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Figure 13: Response of mortgage debt for an alternative ordering

Notes: Mean responses (red-solid) with 16th and 84th percentiles to a 25bp monetary policy
shock.
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the short-rate, leads to a fall in inflation and an increase in unemployment. Finally, the
response of mortgages is constrained to zero. All responses are constrained on impact
only. These restrictions imply that we cannot observe a price puzzle as was found in
the results from our baseline model.

Figure 14: Responses for an identification through sign-restrictions
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Figure (14) contains the impulse responses. While we cannot learn from this graph
about potential time variation, it serves as a consistency-check for our baseline results.
In particular, we find that mortgages react negatively already one period after the
shock. Thus, the direction of the impulse response qualitatively corresponds to the
results from the main section. Moreover, the magnitude of the responses roughly
equals the sample means of the impulse responses shown earlier.

C. Results for Non-Mortgage Debt

We now ask whether the drop in the sensitivity to monetary policy does also hold for
non-mortgage household debt. For that purpose, we estimate our baseline model and

50



replace mortgage debt by Baxter and King (1999) filtered non-mortgage household
debt.

Figure 15: Response of non-mortgage debt
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Notes: Mean responses (red-solid) with 16th and 84th percentiles to a 25bp monetary policy
shock.

Figure (15) reports the resulting impulse responses. A policy tightening in 1985Q1
or 2011Q3 leads to a significant contraction of non-mortgage debt. Importantly,
both impulse responses are statistically indistinguishable. Hence, we are unable to
reject a stable transmission of monetary policy impulses to non-mortgage debt. In
addition, the cross-sectional responses shown at the bottom of the figure suggest that
the responses after four and eight quarters do not fluctuate over the sample period and

51



remain insignificant. From that, we conclude that the reduced sensitivity of mortgages
with respect to monetary policy is indeed a feature of the mortgage market that is not
shared by other types of household debt.

D. The Role of the ZLB

Our sample also covers the period in which the US economy was at the ZLB on
nominal interest rates. In the main parts of the paper, we show results for a VAR
model that includes the federal funds rate for most of the sample period but uses a
shadow short rate for the ZLB episode. We now drop the shadow short-rate and use
the federal funds rate for the full estimation sample. Hence, our model includes a
period when the short rate was constrained by zero.

The resulting impulse responses of mortgage debt are shown in Figure (16). We
find a pattern that is very close to our baseline results. Therefore, we can conclude
that the ZLB or the use of the shadow rate, respectively, does not affect our findings.

E. A Model with Mortgage Debt to GDP

The analysis thus far rests on the cyclical component of real mortgage debt, which
we obtain from band-pass filtering the original time series. Alternatively, one could
express real mortgage debt relative to real GDP. As our estimation framework relies
on stationary time series, however, we need to include this series in first differences.

Figure (17) depicts the key results, that is, the responses of mortgage debt to GDP at
two points in time as well as the evolution of the cross-sectional responses over time.
The similarity with our baseline findings is striking: again, we find that mortgage
debt fell stronger after a policy shock in 1985 compared to the same shock in 2011.
Furthermore, the cross section of the impulse responses document a decline in the
effectiveness of monetary policy which is qualitatively similar to the results from our
baseline model.

VIII CONCLUSIONS

In this paper, we studied the role of monetary policy for the dynamics of US mortgage
debt, the largest and most important component of overall household debt. In the
aftermath of the recent financial crisis, which originated in the US housing market,
the mortgage market received much attention.

The main tool of our analysis, a time-varying VAR model with stochastic volatility,
allowed us to study the sensitivity of mortgage debt to monetary policy over time.
We find that since the 1960s, the impact of monetary policy on mortgage debt has
declined. A policy shock in 2011 has a much smaller effect on mortgage debt than an
identically sized shock occurring in 1985. This finding, which is new to the literature,
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Figure 16: Response of mortgage debt: the role of the ZLB

Notes: The left panel shows the mean responses (red-solid) with 16th and 84th percentiles to a
25bp monetary policy shock in 1985Q1, whereas the middle panel shows the mean responses
to a 25bp monetary policy shock in 2011Q3. The right panel shows the difference between
the responses in 1985Q1 and 2011Q3.
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Figure 17: Response of mortgage debt relative to GDP
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Notes: Mean responses (red-solid) with 16th and 84th percentiles to a 25bp monetary policy
shock.

is robust to variations of the model and the estimation approach and is not observed
for non-mortgage debt.

We also estimate a DSGE model for the U.S. economy in order to replicate our
empirical findings. The ARM share, a key parameter in the determination of the
model-based impulse responses, is shown to have declined strongly since the early
1980s. Once we calibrate the model to alternative realizations of the ARM share, we
are able to replicate the decline in the response of debt to monetary policy quantita-
tively. To the extent the ARM share could be taken as given, this offers a consistent
explanation for our results.

These findings have several implications for monetary policy and the mortgage mar-
ket. First, our results suggest that, nowadays, monetary policy is a blunt and inefficient
tool to engineer a reduction of household debt. The decline in the sensitivity to
monetary policy implies that a large policy adjustment is needed in order to have a
sizable effect on mortgage debt. This, however, would cause a deep recession. Hence,
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our results speak against using monetary policy as an instrument to prevent the build-
up of household debt.

A second interpretation of our results addresses the role of the Fed in the run-up
to the recent financial crisis. It is often claimed that the Fed contributed to inflating
house prices by keeping the federal funds target rate too low for too long. Our results
put this claim into perspective. If the sensitivity of mortgage debt to monetary policy
in the mid-2000s is low, which is our main result, even persistently low levels of the
federal funds rate should contribute little to the rise in mortgage debt before the crisis.
Likewise, tightening monetary conditions, as the Fed did after June 2004, should
translate into a small decrease in mortgage debt.

Our results fit the "mortgage rate conundrum" diagnosed by Justiniano et al. (2022).
These authors argue that the empirical link between mortgage rates and longer-
term interest rates broke. Hence, there seem to be strong structural changes in the
mortgage market and its link to monetary policy.
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APPENDIX

A DATA AND SOURCES

Table (2) reports the four variables which are used in our baseline model. All data
series are taken from the FRED data base of the Federal Reserve Bank of St. Louis.

Table 2: Data & description

unemployment civilian unemployment rate
prices implicit price deflator
short-rate effective federal funds rate
mortgages households and NPO; home mortgages

As the unemployment rate we take the civilian unemployment rate (UNRATE), i.e.
the number of people 16 and older actively searching for a job as a percentage of the
total labor force. We calculate the inflation rate as the year-on-year growth rate of the
implicit price deflator (GDPDEF). As the policy rate, we choose the effective Federal
funds rate (EFFR). For the time when the effective federal funds rate is at the Zero
Lower Bound, we follow common practice and amend this series by the Wu and Xia
(2016) shadow short rate. Lastly, mortgage debt is taken as the cyclical component of
home mortgages to households and nonprofit organizations (HHMSDODNS). This
is obtained by Baxter and King (1999) filtering the original series. Following the
observation of Alpanda and Zubairy (2019) that debt cycles are about twice as long as
the business cycle, we choose a band-length of eight and let frequencies between four
and 64 quarters pass.

B CONVERGENCE DIAGNOSTICS

This appendix assesses the convergence of our MCMC algorithm in the baseline case
presented in Section III in the main paper. We apply different metrics in order to
judge how well our chain mixes. Remember that we use 20,000 iterations and discard
the first 10,000. It stands out that choosing different burn-in periods delivers exactly
the same results.

It is common practice to observe the inefficiency factors for convergence analysis.
The inefficiency factor is the inverse of the relative numerical efficiency measure of
Geweke (1992) and defined by 1 + 2

∑∞
j=1 ρ j, where ρ j is the autocorrelation of jth

order for the underlying parameter. Inefficiency factors of around 20 are regarded as
satisfactory. Table (3) reports the distribution of inefficiency factors of our entire pa-
rameter space. Except for the hyperparameters, the inefficiency factors are on average
far below 20. Not taking single outliers too serious as our parameter space is large, we
conclude that our chain mixes quite fast.
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Table 3: Distribution of inefficiency factors

Mean Median Min Max 10th Percentile 90th Percentile
V 36.98 33.32 22.07 96.15 23.57 62.36
B 4.05 3.04 1.29 15.88 2.06 7.14
A 3.13 2.09 1.00 14.96 1.42 6.79
Σ 4.46 3.05 1.05 34.41 1.61 8.20

Notes: The elements of V are the elements of the covariance matrix of the model’s innovations.
The elements of B, A and Σ are the time-varying coefficients, the time-varying volatilities
of structural shocks and the time-varying simultaneous relations among our endogenous
variables.

As a second check, we look at the Raftery and Lewis (1992) diagnostic. They use
a two-state Markov chain assumption to construct a univariate diagnostic which is
aimed to report the recommended number of iterations needed for a given level of
precision in posterior samples.24 Table (4) reports the corresponding distribution of
the recommended minimum number of draws.

Overall, for both the hyperparameters in V as well as the parameters in B, A and
Σ, we have far more than the required number of draws, conditional on our desired
accuracy goal.

Table 4: Distribution of Raftery-Lewis statistics

Mean Median Min Max 10th Percentile 90th Percentile
V 1330 1115 813 4340 882 2353
B 382 182 157 2340 161 1141
A 245 164 153 1611 157 342
Σ 457 182 157 2640 161 1141

Notes: The elements of V are the elements of the covariance matrix of the model’s innovations.
The elements of B, A and Σ are the time-varying coefficients, the time-varying volatilities
of structural shocks and the time-varying simultaneous relations among our endogenous
variables.

As a last check, we also apply the Geweke (1992) convergence diagnostic test, which
can be sketched as follows: for each single parameter, the idea is to compare the mean
of the first n0 draws of the chain to the mean of the n1 draws by dropping the cor-
responding draws in between.25 It turns out that for 97.67% of the hyperparameters

24We follow the most common values (see, for instance, Raftery and Lewis, 1992; Primiceri, 2005) and
set our quantiles of the marginal posteriors to 2.5% and 97.5%, the minimum probability needed to
achieve our stationary posterior distribution of 95% and the desires accuracy of 2.5%, such that our
reporting based on a 95% interval result in the true posterior values with a probability lying between
92.5%-97.5%.

25The statistics are calculated as G = (x̄0 − x̄1)/
√
σ̂2

0/n0 + σ̂2
1/n1, where x j = (1/n j)

∑m j+n j

i=m j
xi with xi

being the ith draw. σ̂2
j/n j is the standard error of x̄ j for j = 0, 1, where σ̂2

j is computed using a Parzen
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in V, for 99.99% of the parameters in B, for 99.92% of the parameters in A and for
100% of the parameters Σ, the chains converges to the target distribution within the
first 2000 draws, suggesting that the influence of the priors decays fast.

To sum up, the convergence diagnostics seem satisfactory and justify our prior
choice, considering the large parameter space of our model.

C DETAILS ON THE DSGE MODEL

We use the DSGE model from Alpanda and Zubairy (2017). For our purposes, the key
element of the model is the description of the mortgage market, which we present here
in order to facilitate the interpretation of our results. The rest of the model can best
be found in Alpanda and Zubairy (2017).

The law of motion of the stock of mortgage debt is

Dt

Pt
= (1 − κ)

Dt−1

Pt
+

Lt

Pt
. (13)

Here, Dt is the stock of nominal mortgage debt, Pt is the price level, Lt are new
mortgages and κ is the amortization rate, which is assumed to be constant.

The fixed interest rate on new mortgages is RF
t . Each period, a fraction Φ of the

stock of mortgage debt is refinanced at the rate of new mortgages, RF
t . The effective

interest rate on the stock of mortgages RM
t is the weighted average of the previous

effective rate, RM
t−1, and the rate on new mortgages. The weights are given by the

share of old loans which are not refinanced and the sum of new loans and refinanced
existing loans, respectively. Hence, the expression for the effective rate is

RM
t = (1 −Φ)

(
1 − Lt

Dt

)

︸              ︷︷              ︸
share of old loans not refinanced

RM
t−1 +




Lt

Dt︸︷︷︸
new loans

+ Φ
(
1 − Lt

Dt

)

︸       ︷︷       ︸
share of old loans refinanced




RF
t

The calibration of Φ proposed by Alpanda and Zubairy (2017) contains information
on the ARM share, among other things. In short, the ratio of repayments result-
ing from refinance originations to the stock of mortgages in Alpanda and Zubairy
(2017) relies on data in Greenspan and Kennedy (2005) and Greenspan and Kennedy
(2008) and averages around 4.35% quarterly, which corresponds to a duration of 31.16
quarters (7.79 years) using the half life formula.26 Alpanda and Zubairy (2017) then

window. We follow common practice and choose n0 as the first 10% and n1 as the last 50% of our
Markov chain. Note, however, that G is of course below 0.05 if the whole chain is stationary, saying
that the means of the first n0 and the last n1 values are quite similar.

26That is, the duration is calculated as 31.16 = 2 × ln 0.5
ln(1−0.0435) .
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calculate an average duration assuming a 10% share for adjustable rate mortgages:

Φ = 1 − exp
(

ln 0.25
4 × (0.9 × 7.79 + 0.1 × 1)

)
.

This results in a duration of 28.43 quarters (7.11 years) which is converted back to a
Φ = 0.0475 used in the paper:27

In our simulation exercise, we assume different ARM (FRM) shares ranging from
5% to 80% and calibrate the ratio of repayments resulting from refinance originations
to the stock of mortgages Φ according to

Φ = 1 − exp
(

ln 0.25
4 × (

FRM share × 7.79 + ARM share × 1
)
)

For each Φ under consideration, we then re-simulate the model, keeping the entire
calibration of all remaining parameters unchanged, i.e. identical to the calibration as
in Alpanda and Zubairy (2017).

Note that for a larger ARM share, Φ is closer to one, such that there is a closer
connection between the effective interest rate and the rate on new mortgages.

D EXPLANATORY POWER

Table (5) compares the empirical fit of the TVP-VAR model and the constant parame-
ter VAR model, respectively. We use the R2 as a metric of explanatory power. In both
cases, i.e. for the restricted and the unrestricted short-rate equation, the TVP-VAR
has a superior empirical fit for unemployment, inflation and mortgages. Only for the
short-rate, the fit of the constant parameter VAR is superior.

Table 5: Comparison of R2

RESTRICTED POLICY RULE
Unemployment Inflation Mortgages Short-Rate

TVP-VAR 0.962 0.984 0.978 0.900
CONSTANT PARAMETER VAR 0.953 0.977 0.950 0.911

UNRESTRICTED POLICY RULE
Unemployment Inflation Mortgages Short-Rate

TVP-VAR 0.962 0.984 0.978 0.906
CONSTANT PARAMETER VAR 0.953 0.977 0.950 0.913

Notes: The upper part of the table refers to the model where the coefficients of the short-rate
equation to changes in mortgage debt are restricted, whereas the bottom part of the table
refers to a specification where all parameters in the short-rate equation remain unrestricted.

27We are thankful to Sarah Zubairy for insightful comments and for providing us data and details on
the calibration of Φ.
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E ADDITIONAL RESULTS ON COUNTERFACTUAL SIMULATIONS

Figure 18: Counterfactual historical simulation

Notes: Counterfactual historical simulation for unemployment, inflation and mortgage debt.
The parameters for the short-rate equation (monetary policy rule) are drawn from the
posterior mean distribution of the Bernanke tenure.

F ADDITIONAL RESULTS FOR TVP-VAR MODEL

Figures (19) and (20) report the full three-dimensional profiles of the time-varying
impulse responses.
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Figure (21) shows the posterior mean as well as the 16th and 84th percentiles of the
standard deviation of the structural shocks.28 Remember that stochastic volatility is
meant to capture possible heteroscedasticity in shocks. In this sense, the conditional
variance of the shocks is a possible driver of time variation in the linear structure of
our model. Overall, our results indicate time variation in the volatility of shocks.
Thus, some of the variation in the model’s linear structure comes from the variance-
covariance matrix in addition to the VAR coefficients. Besides the high volatility of
structural shocks from the short rate equation around 1980, it is particularly notice-
able that the volatility of structural shocks from the inflation equation and from the
mortgages equation is much more persistent.

To investigate whether the time variation in our paper is a feature of the data or
driven by our priors, we follow the formal test proposed by Cogley and Sargent (2005)
and compare the trace of the prior for the variance-covariance matrix of Σβ with the
trace of the posterior distribution of Σβ. Following Cogley and Sargent (2005), we
would point to time variation in the parameters stemming from the data rather than
the priors if the trace of the prior is below the 16th percentile of the trace of posterior
distribution.

Table 6: Trace test

16th 50th 84th Prior
0.053 0.054 0.056 0.034

Notes: The first three columns report the 16th, the 50th and the 84th percentiles of the trace of
the posterior of Σβ, respectively. The fourth column reports the trace of the prior for Σβ.

These results suggest that the data rather than the priors are the source of the time
variation in the coefficients.
28Note that our MCMC algorithm obtains draws from ht = [h1,t, · · · , hk,t]′ with hi,t = log σ2

i,t for
i = 1, · · · , k. Therefore, the volatility of structural shocks is obtained by calculating σi,t =

√
exp(hi,t).

63



Figure 19: Mean responses to a monetary policy shock

Notes: Mean responses to a 25bp monetary policy shock.
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Figure 20: Mean responses to a monetary policy shock

Notes: Mean responses to a 25bp monetary policy shock.
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Figure 21: Stochastic volatility

Notes: Posterior mean and 16th and 84th percentiles of the standard deviation of structural
shocks.

G ADDITIONAL RESULTS FOR ROLLING WINDOW VAR MODEL

The main text reports the results from a rolling window VAR with two lags. Here,
we show the results from a rolling window VAR with the optimally chosen lag order.
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For each estimation within our rolling window procedure, we calculate the log
likelihood as

loglik = −kT
2

(1 + ln 2π) − T
2

ln det Σ̂,

where k is the number of endogenous variables, T is the sample size and det Σ̂ is
the determinant of the estimated variance-covariance matrix. Note that also for the
TVP-VAR, the marginal (or log) likelihood would in general be a natural candidate
to determine the optimal lag length. However, several articles criticized that the
harmonic mean method (as was typically used in the literature for TVP-VARs) could
be biased.29

Figure 22: Optimal lag order for the rolling window VAR Model

Notes: Distribution of preferred lag length by different information criteria.

We use the log likelihood to calculate the values of standard information criteria.
Figure (22) shows the share of each lag length as preferred by the different information
criteria. As the Bayesian Information Criterion penalizes the complexity of the model
the most among all information criteria, we choose seven lags as an alternative lag
order.

For the alternative lag order, our results remain qualitatively unchanged, see Figure
(23). If anything, the shape of the impulse responses is not as smooth as with a lag
length of two.

29We are grateful to Jouchi Nakajima and thank him for several helpful and insightful comments on
this topic.
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Figure 23: Response of mortgage debt from a rolling window VAR

Notes: Mean responses (red-solid) with 16th and 84th percentiles to a 25bp monetary policy
shock obtained from a rolling window VAR model with four lags.
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Figure 24: Response of real mortgage debt from a rolling window VAR in (log) Levels
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Notes: Mean responses (red-solid) with 16th and 84th percentiles to a 25bp monetary policy
shock obtained from a rolling window VAR model in (log) levels.
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They do. Partly. We identify credit supply shocks via sign restrictions in a Bayesian
VAR and separate them into positive and negative. Using local projections, we find that
positive credit supply shocks leave notably different prints in private debt, mortgage debt,
and debt-to-GDP, as opposed to negative credit supply shocks. This pattern is caused by
the response of household mortgage debt. Furthermore, we find evidence that positive
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I INTRODUCTION

The financial crisis and the subsequent Great Recession made sternly clear that credit
markets can take a leading role for economic activity. As such, there is a renewed
interest in the nexus between credit supply shocks and economic activity.

One common finding in the literature is that an unexpected contraction in credit
conditions has adverse effects. For example, Gambetti and Musso (2017) estimate a
time-varying vector autoregressive model (VAR) model with drifting parameters and
stochastic volatility for the US, the UK, and the euro area for 1980 to 2011. They find
significant effects of credit supply shocks which increase over time. Their results also
imply that the effects of credit market distortions are stronger during recessions. In
another seminal paper, Gilchrist and Zakrajšek (2012) show that lower credit spreads
improve the costs of debt finance, which increases spending and production and, in
turn, increases asset prices and thus stimulates economic activity through the financial
accelerator mechanism (for further recent contributions, see Jordà et al., 2013; Mum-
taz et al., 2018; Mian et al., 2017; and Gertler and Gilchrist, 2018, among others).
However, these analyses have in common that they examine symmetric responses to
distortions in credit supply, i.e. the impact of a positive shock is identical to the impact
of a negative shock in absolute terms.

The contribution of this paper is to examine asymmetries (and potentially non-
linearities) in the propagation of credit supply shocks. The objective here is to provide
new evidence on the transmission of credit supply shocks by relying on a simple, yet
flexible framework. We follow Tenreyro and Thwaites (2016), who investigate asym-
metric effects of monetary policy shocks on key macroeconomic variables via local
projections. The advantages of local projections over vector autoregression (VAR)
models are well documented (Jordà, 2005). Above all, it is not necessary to impose
dynamic restrictions as is done in VAR models. Moreover, local projections allow us
to parsimoniously test for asymmetric effects. We do so by splitting an identified credit
supply shock à la Gambetti and Musso (2017) into its positive and negative parts which
are then planted into a set of seemingly unrelated equations. This allows us to directly
evaluate the effect of a credit supply shock for different adjacent horizons.1 Our set of
variables includes key variables for the US on the overall debt cycle of households, but
also various variables describing real activity as well as the demand and supply side of
the economy ranging from the early 1970s until late 2018.

Overall, our results clearly point to asymmetric effects concerning the different debt
measures considered in this paper. More specifically, we find that the response of
overall household indebtedness to an unexpected increase in credit supply is substan-

1Such a credit supply shock can be associated with various events, such as unexpected changes in bank
capital availability for loans due to changes in regulatory capital ratio requirements or unanticipated
changes in the degree of competition in the banking sector. More precisely, an exogenous drop in
credit supply is assumed to lead to an increase in the lending rate, which ultimately leads to a drop in
economic activity and deflationary pressure.
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tially stronger in absolute terms than in the opposite case of an unexpected decrease.
That is, we find that an expansionary shock of one standard deviation leads to a
significant increase of household indebtedness by about 1.5 percent after roughly three
years. However, a negative shock of the same size leads to a decrease of household
indebtedness which is significant only for the first year and also significantly different
from the response following a credit supply easing. Importantly, this result is shown
to clearly be driven by the responsiveness of households’ mortgages. Also, we find key
macro headline variables (prices, production, short-term interest rate) as well as some
key variables determining the demand and supply side of the economy to respond
asymmetrically. Overall, following an expansionary shock of credit supply, our results
clearly point to the well established boom-bust cycle. In the opposite case we do not
observe such a pattern.

While our framework allows us to flexibly uncover asymmetric responses following
shocks, tracking the exact mechanisms that drive our results is beyond the scope of
this model and, thus, of this paper.

Nevertheless, a large body of literature points at amplifications and asymmetries
in the propagation of sudden (financial) distortions as, for example, (i) occasionally
binding borrowing constraints, (ii) market imperfections (in terms of asymmetric
information), or (iii) the role of asymmetric central bank behavior.

Regarding occasionally binding constraints, suppose an unexpected easing of credit
conditions. In this case, both, firms and households that previously were excluded
from the credit market are now able to borrow. The resulting increase in demand
will in turn stimulate the economy. Following an unexpected deterioration in credit
conditions, in contrast, the credit constraint could eventually become binding for
both, households and firms. In this case, firms and households alike could either (i) no
longer being able to rely on financial intermediaries to borrow externally or (ii) not
being able to borrow the amount demanded.2

Another important mechanism relies on the role of asymmetric information. In
general, the external finance premium is the premium that banks charge due to asym-
metric information regarding a project to be financed. As such, the balance sheet or
net worth is of particular importance for the financing decision. Fluctuations in the net
worth could thus increase the effect of shocks hitting the economy. Consider again a
negative credit supply shock which reduces the availability of credit in the economy.
In this case, the role of the balance sheet with respect to the credit conditions of firms
will become more important than before. A positive credit supply shock, in contrast,
increases the availability of credit. A firm with a given balance sheet may therefore

2In this respect, as pointed out by Sedláček and Sterk (2017) and emphasized by Barnichon et al. (2022),
episodes of high financial stress can prevent high-potential firms to emerge. More precisely, Sedláček
and Sterk (2017) show that cohorts of large firms tend to be born during periods of booming consumer
demand, i.e., when it is easy for firms to acquire new customers. Phases of booming consumer demand,
in turn, may depend on credit conditions.
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find it easier to borrow money, but disproportionately more difficult to borrow money
in the case of a negative shock.

Finally, the central bank may play an important role in the transmission of credit
supply shocks. Central banks monitor the lending behavior to firms and households
very closely. Eventually, the central bank has asymmetric preferences when it comes
to stabilizing shocks stemming from the credit market. For example, it is possible that
the central bank reacts stronger during boom phases than during bust phases. Also,
the central bank eventually reacts different when overall credit conditions are loose
already. Finally, the reaction of the central bank may also depend on the zero lower
bound. For example, if the key interest rate is close to zero, the central bank has
less scope to counter inflationary pressures and may have to resort to unconventional
monetary policy measures. These effects on the systematic component of monetary
policy can all contribute to making the transmission of credit supply shocks non-linear
or asymmetric.3

Overall, our paper fits well into a relatively new strand of literature which inves-
tigates non-linearities and asymmetries in the transmission of credit supply shocks.
The first paper to mention is of Colombo and Paccagnini (2020), who estimate a
smooth transition VAR (STVAR) and investigate the role played by credit supply
shocks across the business cycle. They find that contractionary credit supply shocks
trigger asymmetric and negative effects. However, the paper that fits closest is Bar-
nichon et al. (2022), who estimate a vector moving-average (VMA) with functional
approximations of impulse responses. They find that the effects of financial shocks on
the economy depend on their sign and size. That is, their results imply that the mild
and short-lived effects of financial market disruptions typically found in SVAR models
can be explained by asymmetric effects. However, we do not solely focus on key
macro variables, but also investigate whether asymmetric effects can be found in credit
volumes as well as different measures of both, aggregate supply and aggregate demand.
Finally, investigating asymmetries helps not only to get a better understanding of the
consequences of credit supply shocks but rather is crucial for policymaking. This is
because the events leading to and following the latest financial crisis raised the question
whether monetary policy should take credit developments into account when making
policy decisions. For this reason, it is not surprising that many economists propose that
the central bank should eventually lean against the credit cycle. If this is the case, it
is crucial for policy design to know whether credit shocks propagate symmetric or
asymmetric before adjusting the short-term nominal interest rate.

The remainder of this paper is organized as follows. Section II explains the method-
ology. Section III contains our main results. In Section IV, we conduct a battery of
robustness checks. Section V concludes.
3As will be shown in the robustness section, we find that the central bank’s systematic response to credit
volumes and lending conditions has no important role in the transmission of credit supply shocks and
is thus not a driving force for the asymmetric effects we find in our paper.

74



II METHODOLOGY

Before we show our results, we introduce our methodological approach in this section.
First, we describe the derivation of our credit supply shock. We then explain our
econometric methodology to uncover asymmetries in the transmission of these shocks.
Finally, we set out our approach to statistical inference.

A. Deriving the Credit Supply Shock

In order to derive a credit supply shock, we use an auxiliary structural VAR model
identified by means of sign restrictions for the US. Let yt be an n× 1 vector including
real GDP, consumer prices, loan volumes, a composite lending rate, and a reference
short-term (shadow) interest rate. The SVAR reads

y′tA0 =

J∑

j=1

y′t− jA j + c + ε′t , (1)

where εt is an n × 1 vector of structural shocks, A j is an n × n matrix of structural
parameters for 0 < j ≤ J lags with A0 invertible and c is a 1 × n vector of parameters.

The SVAR model in (1) can be rewritten as

y′tA0 = x′tA+ + ε
′
t , (2)

where A′+ = [A′1, ...,A
′
J, c
′] and x′t = [y′t−1, ...,y

′
t−J, 1] for 1 ⩽ t ⩽ T. Hence, we estimate

the reduced-form VAR
yt = x′tB + u′t , (3)

where B = A+A−1
0 , u′t = εtA−1

0 , and E[utu′t] = (A0A′0)−1.
Since the structural parameters are not identified, we need to impose some restrictions.
We therefore rely on the identification strategy of, among others, Gambetti and Musso
(2017) who draw inference concerning the response of (log) real GDP, (log) consumer
prices, (log) loan volumes, a composite lending rate, and a reference short-term in-
terest rate to four structural shocks: (i) aggregate supply, (ii) aggregate demand, (iii)
monetary policy, and (iv) credit supply.4 The latter is of main interest for our further
analysis. Table (1) summarizes the identification restrictions. The identification of an
aggregate supply shock, an aggregate demand shock and a monetary policy shock is
quite standard, we therefore will not discuss it here.5

The identification of the expansionary credit supply shock, on the other hand, de-
serves further discussion. As pointed out by, inter alia, Christiano et al. (2010) and
4In order to estimate (3), we rely on Bayesian techniques using a Minnesota prior. Inference is based on
20000 draws, where the first 10000 draws are discarded, as samples that have been generated in early
iteration steps are likely to be not representative for the true posterior distribution. Data is compiled
as in Gambetti and Musso (2017) (see supplementary material therein) and extended until 2018Q4.

5For a comprehensive description, see Gambetti and Musso (2017).
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Table 1: Identification restrictions

Shock Real GDP Prices Short-term interest Lending rate Loan Volume

Aggregate Supply + - No restriction No restriction No restriction
Aggregate Demand + + + + No restriction
Monetary Policy + + - No restriction No restriction
Credit Supply + + + - +

Notes: The identifying assumptions are imposed on impact, where ’+’ means an increase and
’-’ a decrease in the underlying variable. All shocks are normalized as leading to an increase in
real GDP.

Gambetti and Musso (2017), a credit supply shock can be associated with various
events, such as unexpected changes in bank capital availability for loans due to changes
in regulatory capital ratio requirements or unanticipated changes in the degree of
competition in the banking sector. The identification we use can be thought of as
(i) shocks to the bank funding technology or bank reserve demand, as in Cúrdia and
Woodford (2010), as well as (ii) shocks to bank’s capital quality and bank’s net worth,
as in Gertler and Karadi (2011). An expansionary credit supply shock consequently
leads to an increase in real GDP and prices. This notion is in line with the identifi-
cation scheme of all model-specific credit supply shocks in the models of Cúrdia and
Woodford (2010) and Gertler and Karadi (2011) as well as some specific credit supply
shocks in Gerali et al. (2010) and Christiano et al. (2010).

An exogenous increase in loan supply (credit supply) is also assumed to lead to a
contemporaneous drop in the lending rate as well as an increase in the short-term
interest rate, which is under the control of the central bank. An exogenous expansion
of the supply of loans to the private sector via a decrease in the lending rate has
expansionary effects as the lower costs of external funds enable to expand consumption
while firms can expand their investments.6 The central bank counteracts the resulting
price pressure by increasing the short-term interest rate.

Finally, note that while it is common practice to derive shocks from an auxiliary
SVAR model, our hybrid VAR-LP approach is internally inconsistent. This is because
in the SVAR model, structural shocks are identified under the assumption that the data
generating process is linear and symmetric, as pointed out by Barnichon et al. (2022).7

Of course, one might consider deriving the structural shock in a state-dependent
local projections model as well. However, this approach has two limitations: first,
also within an LP approach along the lines of Plagborg-Møller and Wolf (2021), we
need to proceed in two steps, where, in the first step, a linear local projections model
is fitted to the observed data to extract a credit supply shock. In a second step, this

6We take a closer look at this transmission channel in Section III.
7They directly estimate a vector moving-average model to derive financial shocks and rely on
functional approximations of impulse responses (FAIR). However, their robustness checks imply that
a hybrid VAR-LP approach (as ours) and the internally-consistent approach using FAIR yield very
similar results.
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shock is then used in another local projections model to uncover possible asymmetries
in the transmission of credit supply shocks. The reason is that within both, an LP
framework as well as a VAR framework, it is not possible to separately identify positive
and negative credit supply shocks a priori without knowing the shock in advance.
The second point is more of a technical nature. Structural identification in a local
projection approach works very similarly to a VAR approach, whereby the variance-
covariance matrix is derived from the h = 1 projection residuals for the identification.
The (only) crucial difference, as pointed out by Plagborg-Møller and Wolf (2021),
is that within a local projections framework, the reduced-form impulse responses
come directly from the direct projections rather than from iterative forecasts as in
a VAR model. Importantly, as pointed out by Plagborg-Møller and Wolf (2021), the
projection residuals from a local projections approach equal these Wold innovations.
As a result, the variance-covariance matrix Σ as obtained within a local projections
framework contains the same information as obtained from a VAR framework. Hence,
if and only if we restrict the responses of the endogenous variables on impact only,
as is done in this paper, then we get the same set of structural shocks in the local
projections framework as in the VAR framework. Since we are not interested in the
impulse responses from the first stage but only in the identified credit supply shock
for the second stage, it makes no difference to us whether we identify our shock in a
VAR framework or a local projections framework.

Nevertheless, we use an alternative measure of a credit supply shock obtained from
a proxy SVAR in the robustness section.

B. Econometric Setup

In order to uncover the asymmetric effects of structural shocks, we follow Tenreyro
and Thwaites (2016) and rely on local projections, as proposed by Jordà (2005). The lo-
cal projection method provides a flexible framework and is easy to implement. More-
over, it is well documented that local projections have several advantages over VAR
models. Above all, local projections are more robust to possible misspecifications, at
least under a finite lag structure. Moreoever, they allow us to parsimoniously model
asymmetric effects and, in effect, saves degrees of freedom relative to a multivariate
approach. That is, even though we lose observations from adjusting for leads and
lags, we ultimately save degrees of freedom because our set of control variables on the
right-hand side is relatively sparse as we do not need to describe the dynamics of the
endogenous variables conditional on the shock.

Local projections base on the idea to directly regress the dependent variable at
different horizons t + h for h = 0, 1, ...,H, conditional on an information set Ωt that
consists of a set of control variables. In the linear case, the regression equation reads

yt+h = αh + γhxt + βhshockt + et+h , (4)
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where yt+h is the variable of interest at horizon t+h, xt is a vector of control variables,
and shockt is the identified structural shock.8 The coefficient βh measures the average
response of the dependent variable to the shock that hits the economy at time t. Thus,
one constructs the impulse responses as a sequence of the βh’s estimated in a series of
separate regressions for each horizon.

Note that (4) is easily adapted to estimate a model that allows for non-linear effects.
More precisely, we want to test whether positive shocks have the same impact as
negative shocks. This can be done by regressing

yt+h = αh + γxt + β
+
h max{shockt, 0} + β−h min{shockt, 0} + et+h . (5)

While the information sets in (4) and (5) do not differ, the coefficients β+h and β−h do
now allow us to test for sign-dependent impulse responses. In particular, the response
of yt+h on a shock in t is now given by

∂yt+h

∂shockt
=


β+h , if shockt ⩾ 0,

β−h , if shockt < 0.
(6)

It is important to stress that a perfectly symmetric transmission of credit supply shocks
would imply that β+h = β

−
h . That is, exogenous expansions and contractions of credit

supply would have the same effects in absolute terms. Contrary to this, we would
point to asymmetric effects when the divergence between β+h and β−h is significantly
different from zero.

Our vector xt contains control variables that are supposed to have an effect on the
endogenous variable yt. We therefore include p = 2 lagged values of the short-term
federal funds rate, the consumer price index, and real GDP, where consumer prices
and real GDP are in logs and multiplied by 100. Finally, xt also includes q = 3 lags of
the dependent variable.9

C. Inference

Regressing the dependent variable at different horizons on the same set of control
variables will likely result in autocorrelated residuals. In order to calculate standard
errors that account for the possibility of serially correlated residuals within and across

8More precisely, xt summarizes p lagged values of a vector of control variables, controlst, and q lagged
values of the dependent variable. Hence, we get γhxt ≡ γcontrols

h

∑p
j=1 controlst− j + γ

y
h

∑q
k=1 yt−k.

9The choice of p and q is based on the Schwartz Bayesian Information Criterion given by −2 ln(̂L) +
k ln(n), where k is the number of parameters, (̂L) is the maximized value of the likelihood function,
and n is the effective sample size after adjusting for leads and lags. We tried different combinations of
p and q ranging from 1 to 4 lags each. For each combination of p and q, we follow the strategy of
Tenreyro and Thwaites (2016) and sum up the resulting information criteria over both, the horizon h
and over all different dependent variables. Finally, the minimum value of this operation results in the
optimal lag length of p = 2 and q = 3.
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equations, we follow Ramey and Zubairy (2018) and Tenreyro and Thwaites (2016)
and estimate seemingly unrelated equations as proposed by Driscoll and Kraay (1998).
To be more precise, we estimate the parameters of interest of each equation separately
and, in a second step, average the moment conditions across horizons h = 0, ...,H when
deriving Newey-West standard errors. In effect, the Driscoll-Kraay standard errors
account for autocorrelation across both, time t and horizons h. We follow standard
practice (see Jordà, 2005) and set the maximum autocorrelation lag for the Newey-
West procedure L = h + 1.

III RESULTS

In this section, we present the baseline results of our paper. In the baseline setting,
the idea is to uncover possible asymmetries in the responses of the economy to a
credit supply shock. Hence, the baseline regression focuses on the asymmetric effects
of positive and negative shocks on the economy. The sample size covers data from
1975Q3 to 2018Q4, consisting of 174 observations. After adjusting for leads and lags,
the effective sample size starts in 1976Q2 and ends in 2013Q4 and, hence, consists of
151 observations.

A. Baseline Results

Do credit supply shocks have asymmetric effects? Before we answer this question, it
is important to bear in mind that throughout the paper, we present impulse response
coefficients rather than impulse responses.10 So, for example, a positive value of β−h
indicates that after a negative shock (i.e., an unexpected credit curtailment), the effect,
i.e. impulse response, is negative. In other words, there is a uniflow response to the
shock.

This being said, Figures (1) - (4) read as follows: The rows correspond to the
dependent variables that are affected by the credit supply shocks. The first column
depicts the impulse response coefficients β+h (red-solid lines) following a positive credit
supply shock. In contrast, the second column depicts the impulse response coefficients
β−h (red-solid lines) describing the response following a negative credit supply shock
to the particular dependent variable, both accompanied by their respective 90 percent
confidence bands. For further comparison, dashed lines represent the impulse response
coefficients from the linear model (equation 4), i.e. βh.

The third column shows t−statistics testing the null hypothesis H0 : (β+h −β−h ) = 0 for
adjacent horizons h = 0, ...,H, where the shaded area covers the t−critical values for a
90 percent confidence interval, i.e. ±1.645. If the t− statistics (red-solid) lie outside the
shaded-area, we reject the null that the difference in the response of the endogenous
variable is not distinguishable from zero in favor of the alternative hypothesis that

10In order to get impulse responses, one simply needs to flip the impulse response coefficients.
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they are significantly different from zero at the 90 percent confidence level and thus,
indicate non-negligible asymmetric effects.

Figure 1: Response of credit volumes to credit supply shocks
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Notes: The first column shows the impulse response coefficients (red-solid) β+h for h = 0, ...,H
for a positive (one standard deviation) credit supply shock, the second column shows the
impulse response coefficients (red-solid) β−h for a negative (one standard deviation) credit supply
shock. In both cases, the dark (pale) red-shaded area corresponds to the 68 (90) percent
confidence interval, relying on Driscoll-Kraay standard errors. The red-dotted lines in the
first two columns show the impulse response coefficients βh from a linear model without
testing for asymmetric effects. The third column shows the t−statistics testing the null that
H0 : (β+h − β−h ) = 0 for each horizon h using the Driscoll-Kraay method. The dark (pale)
red-shaded area covers the t−critical values for a 68 (90) percent confidence interval, i.e.
±0.995 (±1.645). The rows show, from top to bottom, the responses of overall debt volume (in
percent), the volume of consumer credit (in percent), mortgage credit volume (in percent),
and the share of debt-to-GDP (in percentage points).

80



Figure (1) shows the impulse response coefficients corresponding to different debt
volumes, namely overall household debt, consumer credit, mortgages, as well as the
response of debt-to-GDP for each horizon h (x-axis) after a shock hits the economy in
t. Given a positive credit supply shock, overall debt steadily and significantly increases
by 1.5 percent. This effect is highly persistent as it holds for more than 20 quarters.
The volume of consumer credit increases significantly, reaching a peak of 0.9 percent
after ten periods before it wears out. The effect of a credit supply shock on consumer
credit is more short-lived than overall debt. The response of mortgages shows where
the sluggish behavior of overall debt stems from: mortgages respond very similar to
a positive credit supply shock as does overall debt in both, magnitude and duration.11

The positive effect proceeds over more than 20 quarters with a peak response of 1.5
percent. Debt-to-GDP shows a picture similar to both, the response of overall debt
and mortgage debt. The positive response, which peaks at 0.025 percent, becomes
significant after five periods and remains thereafter, shows evidence that debt is more
sensitive to a credit supply shock than real GDP.

Turning to the responses to a negative shock, recall that a positive response co-
efficient indicates a concurrent reaction such that, e.g., concerning overall debt, a
detrimental credit supply shock leads to a decrease in overall debt for two quarters. In
the medium-term, i.e., after roughly ten quarters, the negative shock goes into reverse
and leads to an increase of debt, though not significant, as the confidence bands of the
response coefficients comprise zero. This is true for all debt categories, as well as the
debt-to-GDP ratio. Above all, it stands out that the responses are in all cases other
than the response of consumer credit, less pronounced than in the case of a positive
credit supply shock. By the same token, when not accounted for asymmetries, one
gets misleadingly rather mild responses to credit supply shocks.12

Furthermore, the responses in all cases are more sticky than in the case given a
positive shock. Even though the response of the overall indebtedness, mortgage debt,
and the debt-to-GDP ratio is slightly significantly different from zero, the concurrent
effect is short-lived, at most, and tends to increase debt in the medium-term, with
response coefficients significantly different from zero at the 90 percent confidence
level.

Most importantly, in all cases except consumer credit, the responses to a positive
(negative) shock reside well above (below) their symmetric counterparts, indicating
that there are non-negligible asymmetric effects.

The third column of Figure (1) underpins this visual impression. The t−statistics
for overall debt, mortgage debt, and the debt-to-GDP ratio show that we reject the
null whereupon private debt equally responds to positive and negative shocks. Solely
for consumer credit, we do not reject the null hypothesis based on our t−statistics

11This comes at no surprise as the share of mortgage credit to the overall indebtedness amounts to over
90 percent in the mid-2000’s which further explains the results.

12A finding in line with Barnichon et al. (2022) statement regarding financial shocks.
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and conclude that, following an exogenous shock to credit supply, consumer credit
responds similarly in absolute terms.

Three insights from this first exercise need to be highlighted: first, in the linear
model, the responses are driven by the positive component of the shock, thus, suppress-
ing a debt-increasing effect of adverse shocks in the medium-run, as seen in the second
column of Figure (1).13 Second, the differences in the responses between the linear
and non-linear models are most pronounced for overall debt, mortgage debt, and
debt-to-GDP; measures that are central to the debate whether central banks should
actively lean against the credit cycle in their policymaking.14 Third, not accounting
for asymmetries leads to misleadingly attenuated responses of the aforementioned debt
measures.

Turning to the effects on key macro variables, the first column of Figure (2) reports
the results for real GDP and consumer prices (both in logs) as well as for the short-term
(shadow) interest rate. Following a positive credit supply shock, real GDP increases
immediately by about 0.25 percent, peaking at 0.5 percent after four quarters and
steadily reverts afterward. This effect is significant for about seven periods. What
stands out is that the effect of the shock does not wear out but instead leads to a
subsequent decline in real GDP. After 16 quarters, there is a significant drop in output
of 0.5 percent. This is in line with the well-established notion that credit supply
expansions lead to subsequent episodes of economic downturn, as in, e.g., Schularick
and Taylor (2012) or Mian et al. (2017).

The economic upturn caused by additional availability of credit leads to an increase
(though not significant) in consumer prices by up to 0.2 percent which starts to
decline after 10 quarters. As real GDP subsequently decreases, so do prices, leading
to deflationary pressure after 18 quarters which is significantly different from zero.
In light of the responses of debt-to-GDP both, the responses of real GDP and prices
add up to Fisher’s debt-deflation hypothesis whereupon an economic slowdown increases
the real burden of debt, which in turn puts downward pressure on aggregate demand,
slowing down economic activity even further.

As the monetary authority responds to output and prices in the conduct of its poli-
cies, it follows the boom-bust pattern. First, it increases its short-term interest rate in
response to the increase in those indicators. The peak response is an increase of one
percentage point after four quarters. As the economic downturn comes into action,
interest rates respond with a substantial decrease.

The effects following an unexpected credit crunch are not very different to those
from the linear model. A negative credit supply shock leads to a significant decrease

13For example, the response coefficient for mortgage debt given an expansionary credit supply shock
is three times higher than the equivalent response coefficient from the linear model.

14See, for example, Lambertini et al. (2013) and Svensson (2017). In the robustness section, we evaluate
the role of monetary policy in the transmission of credit supply shocks in a counterfactual experiment
and derive policy implications.
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Figure 2: Credit supply shocks and headline variables
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Notes: The first column shows the impulse response coefficients β+h (red-solid) for h = 0, ...,H
for a positive (one standard deviation) credit supply shock, the second column shows the
impulse response coefficients β−h (red-solid) for a negative (one standard deviation) credit supply
shock. In both cases, the dark (pale) red-shaded area corresponds to the 68 (90) percent
confidence interval, relying on Driscoll-Kraay standard errors. The red-dotted lines in the
first two columns show the impulse response coefficients βh from a linear model without
testing for asymmetric effects. The third column shows the t−statistics testing the null that
H0 : (β+h − β−h ) = 0 for each horizon h using the Driscoll-Kraay method. The dark (pale) red-
shaded area covers the t−critical values for a 68 (90) percent confidence interval, i.e. ±0.995
(±1.645). The first row shows the response of real GDP (in percent), the second row the
response of consumer prices (in percent), and the third row shows the response of the effective
federal funds rate (amended by the Wu-Xia shadow rate) in percentage points.

in output and prices, and as such, interest rates decrease to counteract the economic
downturn. Here, after four years, prices hint to patterns of asymmetry, mounting to
a stronger deflationary pressure in the presence of negative shocks. This also explains
the asymmetric effects of real debt variables in the mid-run, because the strong re-
sponse of prices following a negative shock seem to dampen the overall response of
real debt following an unexpected negative credit supply shock.

Summing up, our results point to symmetric effects in the short-run, as the t-
statistics fluctuate within, rather than outside of its critical values for the first four
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years or so. Thereafter, however, we find that all three key variables respond asym-
metrically. More precisely, in all three cases, the response following a positive credit
supply shock is stronger in absolute values than in the case of a negative credit supply
shock. Furthermore, it is worth noting that our results suggest that in the presence of
a negative shock, prices exhibit stronger deflationary pressure, which are underesti-
mated in a linear model.

B. Digging Deeper

There are different channels through which a credit supply deterioration can transmit
into the (real) economy. An expansion in credit supply, therewith decrease in lending
rates, could, for example, boost the supply side of the economy through additional
(funds for and realizations of ) investments due to decreasing credit costs, as argued
by inter alia Gilchrist and Zakrajšek (2012), which in turn would lead to an increase
in employment. Aggregate demand, on the other hand, can be stimulated by means
of credit expansion by enabling households to increase consumption as their balance
sheets improve, as noted by i.a. Mian and Sufi (2014) and Gertler and Gilchrist (2018).
For this reason, we search for traces of asymmetry in the responses of some surrogates
for both, aggregate supply and aggregate demand to credit supply deteriorations.

Beginning with the supply side, Figure (3) shows how external financing, measured
via the credit spread provided by Gilchrist and Zakrajšek (2012), the total non-farm
payroll employment, investments, and real credits to non-financial corporations re-
spond.

As the top panel shows, we find that, following a negative credit supply shock, the
response of the external finance premium is different from zero only on impact and
indistinguishable from zero afterwards. This is contrary to the response following a
positive credit supply shock. Here, we see no significant response on impact and the
subsequent three years. Afterwards, however, the finance premium increases, which
coincides with the responses to the bust pattern we observe for our macroeconomic
variables.15

In the case of employment, total non-farm payrolls clearly exhibits the boom-bust
pattern. If a positive credit supply shock hits the economy, employment significantly
increases on impact by 0.05 percent and increases up to 0.2 percent before it reverts
and becomes significantly negative after almost four years. In the case of a negative
credit supply shock, total non-farm payrolls co-move by 0.1 percent for 12 periods,
which translates into an decrease in payrolls. Both results are mostly indistinguishable,

15As financing conditions can play a crucial rule for economic fluctuations (see, for example, Adrian et
al., 2010 or Bruno and Shin, 2015), we have also looked at the subcomponents of the Chicago Fed
National Financial Conditions Index (NFCI), which comprise a wide range of indicators concerning
volatility and funding risk, credit conditions, as well as debt and equity measures. In short, the impulse
responses of the subindexes are remarkably similar to the impulse responses of the GZ spread, which
is why we refrain from presenting them in the paper. Of course the results are available upon request.

84



Figure 3: Credit supply shocks and the supply side
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Notes: The first column shows the impulse response coefficients β+h (red-solid) for h = 0, ...,H
for a positive (one standard deviation) credit supply shock, the second column shows the
impulse response coefficients β−h (red-solid) for a negative (one standard deviation) credit supply
shock. In both cases, the dark (pale) red-shaded area corresponds to the 68 (90) percent
confidence interval, relying on Driscoll-Kraay standard errors. The red-dotted lines in the
first two columns show the impulse response coefficients βh from a linear model without
testing for asymmetric effects. The third column shows the t−statistics testing the null that
H0 : (β+h − β−h ) = 0 for each horizon h using the Driscoll-Kraay method. The dark (pale) red-
shaded area covers the t−critical values for a 68 (90) percent confidence interval, i.e. ±0.995
(±1.645). The first row shows the response of the Gilchrist and Zakrajšek (2012) spread (in
percentage points), the second depicts the response of total non-farm payrolls (in percent), the
third shows the response of real investments (in percent), and the last row shows the response
of real credits to non-financial corporations (in percent).
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except, as before, at the long-end of our analysis, and a result of the changes in
economic activity given the respective shocks.

Investment responds very similarly to both, positive and negative credit supply
shocks, as does real GDP. After a significant and somewhat persistent increase on
impact, peaking at 1.5 percent, the response mean-reverts and becomes significantly
negative by 1.5 percent after 11 quarters. As before, we observe asymmetric effects
after 16 quarters, i.e. at the farther end of our projection. Also here, we find that the
response of a positive credit supply shock is stronger in absolute value than in the
case of a negative credit supply shock, as indicated by the significantly negative
t-statistic in the respective panel.

Taken together, the responses of the external finance premium, non-farm payrolls,
as well as real investments represent the well established boom-bust cycle caused by a
credit supply deterioration.

Finally, real credits to non-financial corporations exhibit a significant and persistent
increase in response to a positive credit supply shock. The peak median response,
which amounts to 3.4 percent, is observed after 13 quarters, before the response re-
verses. The timing also matches the responses of overall debt and mortgage debt,
which comes at no surprise, as these variables follow the same cycle. The same is true
in the case of a negative credit supply shock: the initial decrease in real credits wears
out after roughly two years and tends to increase thereafter. As in the case of the other
credit variables, the responses show significant asymmetries.

Mian et al. (2017) stress that the boom-bust cycles of the past four decades were
primarily driven by household debt operating through the household demand chan-
nel. For example, the combination of rising house prices (and thus improvement in
the household’s balance sheet) and declining lending rates (i) led to an increase in
residential investments and (ii) enabled additional consumption of both, domestic and
foreign goods and services.16 Hence, we take a look at the responses of house prices,
real residential investments, and real household expenditures, which are depicted in
Figure (4).

The first row shows that the response of house prices (real Shiller Index) resembles
remarkably well the response of mortgage debt. Positive credit supply shocks lead to
a persistent and also significant increase in house prices. While negative shocks lead
to quite similar opposite effects, we find clear patterns of asymmetry as the t-statistics
are very close at or above the critical values from quarter 4 onwards. This is because,
at the back-end, house prices (i) remain on a relatively high level after a positive shock
and (ii) tend to exhibit mean-reverting behavior after a negative shock, which in turn
increases the difference between the β coefficients. Furthermore, the linear response
is mitigated by the response to a negative shock, underestimating the stark effect of

16For further impressions, see the evolution of real mortgage rates depicted in Figure (10) in the
appendix.
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Figure 4: Credit supply shocks and the demand side
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Notes: The first column shows the impulse response coefficients β+h (red-solid) for h = 0, ...,H
for a positive (one standard deviation) credit supply shock, the second column shows the
impulse response coefficients β−h (red-solid) for a negative (one standard deviation) credit supply
shock. In both cases, the dark (pale) red-shaded area corresponds to the 68 (90) percent
confidence interval, relying on Driscoll-Kraay standard errors. The red-dotted lines in the
first two columns show the impulse response coefficients βh from a linear model without
testing for asymmetric effects. The third column shows the t−statistics testing the null that
H0 : (β+h − β−h ) = 0 for each horizon h using the Driscoll-Kraay method. The dark (pale) red-
shaded area covers the t−critical values for a 68 (90) percent confidence interval, i.e. ±0.995
(±1.645). The first row shows the response of house prices (real Shiller index, in percent).The
second row depicts real residential investments (in percent). The last row shows the response
of real personal expenditures (in percent).

positive credit supply shocks on house price inflation.
The response of residential investment is similar to the response of total investments.

This can be explained by higher demand for housing due to an improvement in the
household’s balance sheets. The response of residential investment peaks at one percent
after one year before it mean-reverts, exhibiting the boom-bust pattern. After 20
quarters, residential investments significantly decrease by approximately two percent.
Concerning a negative credit supply shock, the same story applies as in the case of
total investments.
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It stands out that for both shocks, consumption expenditures follow the response of
consumer credit and real GDP very closely. Given a positive credit supply shock, ex-
penditures increase initially and show mean-reverting behavior that eventually results
in a significant decrease. That is, beneficial credit conditions improve the household’s
balance sheets (e.g. through higher asset prices such as housing) such that they increase
borrowing (especially consumer credit) with which they expand consumption. In the
case of a contractionary credit supply shock, expenditures decrease significantly by
0.2 percent and tend to remain declining in the long-run.

To summarize, three things stand out: First, the responses of consumer credit, real
GDP, the interest rate, non-farm payrolls, total and residential investment, as well as
personal expenditures to a positive credit supply shock all contribute to the notion that
credit supply expansions lead to a vicious boom-bust cycle.

Second, the response of credits to non-financial corporations, house prices, and
mortgage debt is highly persistent and does not follow the boom-bust pattern. One
explanation could be the following: Positive credit supply shocks increase funding
possibilities for corporations as well as house prices and, thus, stimulate economic
activity, which in turn leads to an increase in demand for (new or the expansion
of existing) mortgage loans. As the economy, however, transits into the bust-phase,
monetary policy steps into place, decreasing interest rates. This decrease, in turn, leads
to an increase in asset prices, such as house prices. Thus, while the economy shows the
boom-bust pattern, house prices do not. For example, a closer look at the responses
of house prices and real GDP reveals that the pace of change in house prices decreases
after 6 to 10 quarters; the period where the boom goes bust.

Last, asymmetries appear in the back-end of the responses and are primarily driven
by the positive portion of the shock.17 In turn, this implies that not accounting for
asymmetries leads to underestimated effects of credit supply shocks in the medium to
long-run.18

IV SENSITIVITY ANALYSIS

So far, our results indicate that the transmission of credit supply shocks is asymmetric.
This section seeks to underpin our results via a battery of robustness checks, includ-

17At the back-end, the t-statistics are either (i) overwhelmingly negative, as in the case of consumer
prices, non-farm payrolls, as well as total and residential investments or (ii) significantly negative, as
consumer prices, non-farm payrolls, investment-to-GDP, and expenditures, which indicates stronger
responses to positive than negative shocks.

18Another observation, that an anonymous referee thankfully brought to our attention, is that we
observe a boom-bust pattern in the impulse responses of economic variables, on the one hand, but
no such pattern in the responses of the debt variables, on the other hand. One potential reason is the
difference in the underlying cycles. As far as credit and debt variables are concerned, these variables
are rather sluggish compared to classical economic variables and are merely linked to the credit cycle.
There is much evidence that the letter is twice as long as the business cycle (see, for instance, Alpanda
and Zubairy, 2019). This could explain why, for some variables, we do not yet observe a change in
the sign of the response over our 20-quarter horizon.
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ing an alternative choice of credit supply shock as well as several alternative model
specifications.

A. Credit Supply Shocks from a Proxy SVAR

Our results in Section III rely on the identification strategy following Gambetti and
Musso (2017) through sign restrictions. Since the identified credit supply shock comes
from a different model and enters our local projection framework exogenously, we
crosscheck our results using an alternative credit supply shock. Using a Monte Carlo
experiment, Mumtaz et al. (2018) provide detailed evidence that the performance
of various structural vector autoregression models seeking to identify credit supply
shocks varies substantially.19 Using data for the US, they find that the Gambetti and
Musso (2017) identification performs well in replicating DSGE model-implied impulse
response functions. Several other authors use alternative proxies for credit supply,
including Gilchrist and Zakrajšek (2012), Bassett et al. (2014), and Lown and Morgan
(2006), and use it as an endogenous variable in an otherwise standard VAR, where a
shock to the proxy is interpreted as a credit supply shock. However, Mumtaz et al.
(2018) show that proxy variables in a recursive SVAR do not perform well due to a
large attenuation bias increasing in the variance of the measurement error. They also
show that the measurement error has little effect on the performance of proxy VARs
because the proxy of credit supply does not enter the model directly. We, therefore,
extend the sample of Mumtaz et al. (2018) and estimate a proxy SVAR model where the
excess bond premium of Gilchrist and Zakrajšek (2012) is considered as an instrument
rather than an additional endogenous variable.20

The correlation of the estimated credit supply shock from our proxy SVAR and
our credit supply shock identified as in Section II is 0.59. Both series show the same
pattern most of the time and the dynamics during periods of financial turmoil as in
2008 overlap almost perfectly.21

Figures (11) to (14) in the appendix show that in most cases, the qualitative directions
of the impulse responses do not change. Also, the difference between the coefficients
19The authors consider three different DSGE models featuring credit supply in order to construct

artificial data, namely the DSGE model by Gertler and Karadi (2011), the estimated DSGE model
from Christiano et al. (2014) and, finally, the model by Cúrdia and Woodford (2010). In a nutshell,
Mumtaz et al. (2018) use these DSGE models as the true data generating processes and consider
various competing SVAR models with different identification strategies in order to shed light on
their replication performance of the true impulse responses following the model-implied credit supply
shocks.

20We use the same time span as in Section III, namely 1975Q3 to 2018Q4. Our estimation is based on
one lag, as suggested by the Bayesian Schwartz Information Criterion. For details on the estimation,
see Mumtaz et al. (2018).

21The reliability statistic proposed by Mertens and Ravn (2014), as the squared correlation between
the proxy and the credit supply shock, is 0.16 in our case and notably higher as in Mumtaz et al.
(2018), thus indicating higher reliability as a strong instrument. Most strikingly, however, is that
all impulse responses within our proxy SVAR show the expected sign. This is interesting from the
standpoint that in our proxy SVAR, the identification is far less restrictive than in our baseline model
from Section II.
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β+h and β−h looks very much like in our benchmark case. However, while the t−statistics
for the macro variables still point to asymmetric effects, uncertainty in the impulse
response coefficients of debt volumes after a positive shock is remarkably higher than
after negative shocks, resulting in t-statistics that are not statistically different from
zero. Overall, we conclude that our results still point to asymmetric effects in most
cases when we use a credit supply shock from a proxy SVAR instead of a shock
identified by means of sign restrictions.

B. A Note on the Role of Estimation Uncertainty Surrounding the Shock

So far, our impulse response coefficients are the mean responses to the median of a
series of identified shocks, that satisfy the imposed restrictions. Consequently, es-
timation uncertainty surrounding the shock is not taken into account. Our set of
B = 10000 draws for the credit supply shock from the VAR nevertheless allows us to test
how representative our shock is. For each series shock(1)

t , ..., shock(10000)
t , we therefore

estimate our baseline model and report the uncertainty across all draws. Note that the
potential disadvantage of the median is that the median in t and t + 1 can come from
different draws (and thus different models, see Fry and Pagan, 2011 on this). By using
the entire time series for each draw, we avoid this inconsistency.
Figure (5) reports the baseline point estimates (red-solid) with the 68 percent and
90 percent confidence bands (red-shaded areas) as well as the median over all point
estimates (black-solid) and 90 percent (black-dashed) confidence intervals across all
10000 draws. It stands out that our median shock seems to be very representative of
the population, as the median across all 10000 estimates is very close to our baseline
impulse responses.

C. Is Monetary Policy a Potential Cause for Asymmetric Effects?

As mentioned in the introduction, it is quite conceivable that monetary policy deci-
sions can be a cause of asymmetric responses, if, for example, monetary policy system-
atically responds differently to expansionary shocks than to contractionary shocks. To
examine the role of monetary policy in the transmission of credit supply shocks in our
setup, we re-estimate the VAR model based on the assumption, that the policy rate
does not react to contemporaneous and past movements of the composite lending rate
and credit volumes by means of block exogeneity. In this scenario, the policy rate
only reacts to movements in those variables via feedback from the remaining variables
of the model, but not directly to movements of those variables.

In a second step, we repeat our baseline estimation

yt+h = αh + γhxt + β
+
h max

{
shockc f

t , 0
}
+ β−h min

{
shockc f

t , 0
}
+ et+h,

where yt+h is the variable of interest at horizon t+h, xt is a vector of control variables,
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Figure 5: Impulse responses across all draws of the credit supply shock
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Notes: Point estimates (red-sold) with the 68 and 90 percent confidence bands (red-shaded
areas) from the baseline model as well as the median over all point estimates (black-solid) and
90 percent (black-dashed) confidence bands across 10000 draws.

and shockc f
t is the credit supply shock of this counterfactual exercise.

Figure (6) compares the credit supply shock from our baseline setup with the shock
we obtain in this exercise. Here, the red-solid line reports the mean of the baseline
specification with the corresponding 90 percent confidence bands (shaded area), re-
spectively. In contrast, the black-solid line corresponds to the median shock of the
counterfactual scenario. As can be seen, the two shocks mostly overlap.

Figure (7) reports the corresponding impulse response coefficients for this exercise
together with the original impulse response coefficients for a subset our endogenous
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Figure 6: Baseline shock versus counterfactual shock
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variables, in order to conserve space.22 The red-solid line corresponds to the baseline
impulse response coefficients, whereas the black-solid line corresponds to the impulse
response coefficients obtained from the counterfactual experiment credit supply shock.
Note that we only report the baseline specification’s 68 percent and 90 percent confi-
dence bands.

In all cases, there is virtually no difference in the responses to the shocks, as the
impulse response coefficients are basically alike. In other words, our findings suggests
that the central bank’s systematic response to credit volumes and lending conditions
has no important role for the transmission of credit supply shocks and is thus not a
driving force for the asymmetric effects we find in our results.

What are the policy implications for monetary policy? The results of the coun-
terfactual analysis by no means imply that monetary policy does not influence the
transmission of the credit supply shock at all. This is because the restriction within
the counterfactual experiment merely restricts the central bank’s systematic response
to credit volumes and the composite lending rate. However, a credit supply shock
also affects other variables, including real GDP and prices, i.e., variables to which the
central bank reacts. Consequently, monetary policy acts in the background, but is
not in the position to directly influence the course of events. In other words, leaning
against the credit cycle would not meet the desired objectives. Hence, from a policy
point of view, it is necessary to asymmetrically respond to unexpected disruptions in
the credit market by means of macroprudential activity. One conceivable measure
would be to implement buffers whose amount is aligned with the sign or size of the
credit shock – similar to the counter-cyclical capital buffers, which are determined by
the business cycle. However, we would like to leave a more thorough analysis of this
to further research.
22The impulse responses for the remaining variables are available on request.
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Figure 7: Baseline IRFs vs counterfactual IRFs
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Notes: Impulse response coefficients for the baseline (red-solid) and counterfactual (black-solid)
credit supply shocks. Dark (pale) red-shaded areas are the 68 (90) percent confidence intervals
of the responses to the baseline shock, relying on Driscoll-Kraay standard errors. The last
column shows the t−statistics testing the null that H0 : (β+h − β−h ) = 0 for each horizon h using
the Driscoll-Kraay method. Here, the dark (pale) red-shaded areas cover the t−critical values
for a 68 (90) percent confidence interval, i.e. ±0.995 (±1.645). All responses are expressed in
percent.
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D. The Effects of the Overall Business Cycle and Credit Conditions

One explanation for our observed asymmetries could be that the distribution of our
identified credit supply shocks itself is asymmetric, depending on either the overall
business cycle or credit conditions. First, we devote ourselves to the effects of the
overall business cycle.

One could argue that positive credit supply shocks occur mainly during periods
of expansion, while adverse credit supply shocks could predominantly occur during
recessions. If this was the case, we probably would have to account for this state
dependence in our regression analysis. In order to test for this possibility, we compare
the distribution of shocks during different phases of the business cycle. To do so, we
follow the procedure of Tenreyro and Thwaites (2016), which amounts to estimating
state-depending probability distributions via a smoothly increasing logistic function
F(zt) as a weighting function of the kernel, where zt is an indicator of the state of
the economy. To do so, we take the annualized quarterly growth rate of real GDP.
Since this series is very volatile, we smooth out short-term volatility by filtering the
series using a seven-quarter moving average. Subsequently, we calculate the logistic
function over time. We follow Teräsvirta and Granger (1993) and employ a function
of the form

F(zt) =
exp

(
κ

zt−µ
σz

)

1 + exp
(
κ

zt−µ
σz

) , (7)

where µ is used to control the proportion of the sample the economy spends in either
state (boom or recession), and σz is the sample standard deviation of the state variable
zt. The parameter κ controls how abruptly the economy switches from one state to the
other following movements of the state variable. That is, higher values of κmean that
rather small movements of the state variable are needed to induce a switch from one
regime to the other. We follow Auerbach and Gorodnichenko (2012) and Tenreyro
and Thwaites (2016) and choose a value of κ = 3, indicating an intermediate degree
of intensity of the regime-switching. We calibrate µ such that we spend 11.3% of the
time in recessions. According to the NBER recession indicators, this corresponds to
the share of periods we spend in recessions within our sample.

With the logistic function at hand, we estimate both, a probability density func-
tion (PDF) and cumulative density function (CDF) using our logistic function F(zt)
and 1 − F(zt), respectively, for weighting our (Normal Gaussian) kernel function in
order to get state-dependent distributions of our credit supply shock. The resulting
state-depending PDFs and CDFs are shown in Figure (8). The bottom panel shows
the weighting function F(zt) (black-solid line), where the red-shaded areas highlight
NBER recessions. As expected, we observe drops in our function F(zt) during reces-
sions. This happens with a short delay since we use a moving average.
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Figure 8: Estimated state-dependent PDFs and CDFs
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Notes: Estimated probability density functions (top panel), cumulative density functions
(middle panel) and transition function F(zt) (bottom panel) over time. The green lines show
the estimated distributions of credit supply shocks during booms, and the red lines show the
estimated distributions during recessions using F(zt) and 1 − F(zt) for weighting our kernel
function. The black-dotted lines correspond to the average distributions of credit supply
shocks using a normally distributed kernel. In the bottom panel, the red-shaded areas highlight
NBER recession dates.

Turning to the estimated probability distribution functions, the average PDF of our
credit supply shock appears to be normally distributed, which is not surprising because
our shock is distributed as shockt ∼ N(0, I) by construction within our VAR. The
distribution during booms almost perfectly overlaps the average distribution. The es-
timated PDF during recessions is also clearly centered around zero. Not surprisingly,
we observe that large (negative) shocks occur mainly during recession. This is also
visible in the estimated CDF, where the probability of getting a shock of minus one
standard deviation or less (in absolute terms) in size is slightly higher during recessions.
Nevertheless, the overall picture clearly points to common central tendencies of the
distributions across the business cycle. We therefore conclude that the distribution of
shocks does not depend on the business cycle.

However, it is possible that positive credit supply shocks primarily occur when
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financial conditions are looser than average, whereas negative credit supply shock
may predominantly occur when financial conditions are tighter than average. If we
find this to be true, this would imply that we possibly would have to take different
states of financial conditions into account and therefore have to adjust our regression.
We, therefore, take the NFCI Credit subindex and repeat our exercise in order to
investigate whether the distribution of our credit supply shock systematically depends
on financial credit conditions.23

Figure 9: Estimated state-dependent PDFs and CDFs | zt : Financial Conditions Credit
Subindex
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Notes: Estimated probability density functions (top panel), cumulative density functions
(middle panel) and transition function F(zt) (bottom panel) over time. The green lines show the
estimated distributions of credit supply shocks during booms. The red lines show the estimated
distributions during recessions using F(zt) and 1 − F(zt) for weighting our kernel function.
The black-dotted lines correspond to the average distributions of credit supply shocks using
a normally distributed kernel. In the bottom panel, the shaded areas highlight the NBER
recession dates.

Starting with the dynamics of F(zt) at the bottom panel of Figure (9), it turns out that
23We repeat this exercise for different state variables, namely, the output gap and the adjusted Chicago

Fed National Financial Conditions Index. The resulting estimated probability density functions as
well as the estimated cumulative density functions can be found in appendix (B), Figures (19) and
(20), respectively.
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whenever we are in a recession as indicated by the red-shaded area, credit conditions
are above average, i.e. tighter on average. The estimated probability density functions
at the top panel show that small shocks in absolute values are slightly more likely
when credit conditions are below average, i.e., when credit conditions are relatively
loose (red line), whereas larger shocks in absolute terms seem to be somehow more
common during periods of credit tightening (green line). However, both estimated
state-dependent distributions are clearly centered around zero and not much different
from the estimated average probability distribution. This finding is mirror-imaged in
the middle panel, where the cumulative probability distributions do not differ notably.
We conclude that, similar to the previous exercise, the distributions of credit supply
shocks both, when credit conditions are above and below average, follow common
central tendencies.

E. Altering Specifications

In order to further stress test our results, we make changes to the sample size as well
as take a closer look at the role of lags and trends in order to ensure that these factors
do not distort our results.

First, we take a look at the role of the Great Recession. Throughout the paper, we
estimate our model over an effective period from 1975Q3 to 2013Q3. The asymmetric
effects we found so far could possibly be a relic of the Great Recession. We test for
this possibility and estimate our model, excluding NBER recession dates that mark the
Great Recession. The blue-dashed line in Figures (15)-(18) in the appendix show the
results of this exercise. In short, the results are generally similar to our baseline such
that we conclude that our findings are not driven by the Great Recession.

The next exercise is to investigate the effects of lags and trends. In our baseline
setting, we do not include a log-linear trend into our regression equation in order
to keep the regression equation consistent across our endogenous variables.24 This
subsection examines whether adding a trend changes our main results. We do so by
estimating

yt+h = δt + αh + γxt + β
+
h max{0, shockt} + β−h min{0, shockt} + et+h , (8)

where δ denotes the effect of a log-linear time trend t, while the remainder is similar
to our baseline regression (5). The results do not change, as can be seen form the
course of the black-dotted line in Figures (15)-(18).

As explained in Section II, the choice of lags for both, the endogenous variable
as well as the set of control variables other than the endogenous variables, relies on
the Bayesian Schwartz Information Criterion. We, therefore, test whether the re-

24Note that our effective sample size runs from 1975Q3 to 2013Q4. For some variables under
consideration during this time span, it can be seen with the naked eye that adding a linear time
trend would probably deliver misleading results.

97



sults change if our lag lengths are chosen according to the more restrictive Akaike
Information Criterion (AIC) given by

2k − 2 ln(̂L) . (9)

The AIC suggests p = 4 lags of the endogenous variable and q = 3 lags for the remain-
ing variables, as opposed to the benchmark case where two lags of the endogenous
variable have been used. Overall, we find that the choice of lags does not change our
results remarkably, as the respective impulse responses (black-dashed line) are very
similar to our baseline results (red-solid), as Figures (15)-(18) show. Furthermore, the
t−statistics as well show the same pattern as in Section III.

V CONCLUSION

The Great Recession has renewed the interest in the nexus between credit cycles and
economic activity. One important finding is that credit developments can lead to
vicious boom-bust cycles. That is, what starts with a stimulation of economic activity
eventually results in economic downturn (e.g. Schularick and Taylor, 2012; Jordà et
al., 2013). Another finding is that the boom-bust phases observed in the past four
decades goes back to credit supply expansions (e.g. Mian et al., 2020; Justiniano et al.,
2019). However, the research so far is limited to symmetric effects of credit supply
developments. As pointed out by Barnichon et al. (2022), this may lead to somewhat
counterintuitively lenient results. One reason is that originally differently operating
shocks will eventually level out in a symmetric setup. This, as well as the theoretical
literature that shows asymmetries (and non-linearities) in the response to financial
shocks, raises the question, whether credit supply shocks cause asymmetric effects.

They do. Especially overall private debt, mortgage debt, debt-to-GDP, and house
prices exhibit asymmetries in the response to credit supply shocks. In this respect,
positive credit supply shocks tend to have stronger and more prolonged effects.

Furthermore, our results underpin the narrative of the boom-bust cycle in the pres-
ence of financial distortions which, again, is more pronounced in the presence of posi-
tive credit supply shocks. After an initial increase in economic activity (output, prices,
investments, expenditures, and consumer credit) that lasts for five to ten quarters, the
economy transits into a bust phase with a notable slowdown in economic activity. In
contrast, negative credit supply shocks cause notably stronger deflationary pressure.

Looking at some surrogates of aggregate demand and aggregate supply, the boom-
bust narrative is further confirmed, yet it does not explain the highly asymmetric and
persistent response of overall debt, mortgage debt, and debt-to-GDP. However, even
though this paper does not aim at tracing down the specific causes of asymmetries, we
find that house prices, and thus the household-driven demand channel (e.g. Mian and
Sufi, 2018) are key for the persistence in the response of mortgage debt and debt-to-
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GDP to credit supply shocks.
Lastly, if we abstract from asymmetries, we get relatively mild responses for debt

and prices in the presence of credit supply shocks, such that the true effects tend to be
underestimated.

However, we do not trace down the causes of asymmetries, which may be rooted
in a variate of reasons: occasionally binding borrowing constraints, asymmetric in-
formation due to market imperfections, or behavioral biases, to name a few. We leave
further going down the rabbit hole for future research.
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APPENDIX

A OTHER FIGURES

Figure 10: Real mortgage rates over time
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Notes: Real mortgage rate from 1990Q1 to 2019Q3 as the difference between the 30-year
fixed mortgage rate and different measures of inflation expectations: GDP deflator-based one
year-ahead inflation rate forecast (light grey-dotted), CPI-based one year-ahead inflation rate
forecast (dark grey-dotted) and CPI-based 10 years-ahead inflation rate forecast (black-solid).
The 30-year fixed mortgage rate is taken from the FRED, and the SPF forecasts are taken
from the Philadelphia Fed.
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Figure 11: Impulse response of credit volumes to alternative credit supply shock
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Notes: The first column shows the impulse response coefficients (red-solid) β+h for h = 0, ...,H
for a positive (one standard deviation) credit supply shock from the proxy SVAR, the second
column shows the impulse response coefficients (red-solid) β−h for a negative (one standard
deviation) credit supply shock from the proxy SVAR. In both cases, the dark (pale) red-shaded
area corresponds to the 68 (90) percent confidence interval, relying on Driscoll-Kraay standard
errors. The red-dotted lines in the first two columns show the impulse response coefficients
βh from a linear model without testing for asymmetric effects. The third column shows the
t−statistics testing the null that H0 : (β+h −β−h ) = 0 for each horizon h using the Driscoll-Kraay
method. The dark (pale) red-shaded area covers the t−critical values for a 68 (90) percent
confidence interval, i.e. ±0.995 (±1.645). The first row shows the response of overall debt
volume (in percent), the second row the response of consumer credit volume (in percent), the
third row the response of mortgage credit volume (in percent) and the fourth row shows the
response of the share of debt-to-GDP (in percentage points).
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Figure 12: Impulse responses of headline variables to alternative credit supply shock
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Notes: The first column shows the impulse response coefficients (red-solid) β+h for h = 0, ...,H
for a positive (one standard deviation) credit supply shock from the proxy SVAR, the second
column shows the impulse response coefficients (red-solid) β−h for a negative (one standard
deviation) credit supply shock from the proxy SVAR. In both cases, the dark (pale) red-shaded
area corresponds to the 68 (90) percent confidence interval, relying on Driscoll-Kraay standard
errors. The red-dotted lines in the first two columns show the impulse response coefficients
βh from a linear model without testing for asymmetric effects. The third column shows the
t−statistics testing the null that H0 : (β+h − β−h ) = 0 for each horizon h using the Driscoll-
Kraay method. The dark (pale) red-shaded area covers the t−critical values for a 68 (90)
percent confidence interval, i.e. ±0.995 (±1.645). The first row shows the response of real
GDP (in percent), the second row the response of consumer prices (in percent) and the third
row shows the response of the effective federal funds rate (amended by the Wu-Xia shadow
rate) in percentage points.
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Figure 13: Impulse responses of supply side variables to alternative credit supply shock
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Notes: The first column shows the impulse response coefficients (red-solid) β+h for h = 0, ...,H
for a positive (one standard deviation) credit supply shock from the proxy SVAR, the second
column shows the impulse response coefficients (red-solid) β−h for a negative (one standard
deviation) credit supply shock from the proxy SVAR. In both cases, the dark (pale) red-shaded
area corresponds to the 68 (90) percent confidence interval, relying on Driscoll-Kraay standard
errors. The red-dotted lines in the first two columns show the impulse response coefficients
βh from a linear model without testing for asymmetric effects. The third column shows the
t−statistics testing the null that H0 : (β+h −β−h ) = 0 for each horizon h using the Driscoll-Kraay
method. The dark (pale) red-shaded area covers the t−critical values for a 68 (90) percent
confidence interval, i.e. ±0.995 (±1.645). The first row shows the response of the Gilchrist and
Zakrajšek (2012) spread (in percentage points), the second depicts the response of total non-
farm payrolls (in percent), and the third shows the response of real investments (in percent).
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Figure 14: Impulse responses of demand side variables to alternative credit supply
shock
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Notes: The first column shows the impulse response coefficients (red-solid) β+h for h = 0, ...,H
for a positive (one standard deviation) credit supply shock from the proxy SVAR, the second
column shows the impulse response coefficients (red-solid) β−h for a negative (one standard
deviation) credit supply shock from the proxy SVAR. In both cases, the dark (pale) red-shaded
area corresponds to the 68 (90) percent confidence interval, relying on Driscoll-Kraay standard
errors. The red-dotted lines in the first two columns show the impulse response coefficients
βh from a linear model without testing for asymmetric effects. The third column shows the
t−statistics testing the null that H0 : (β+h −β−h ) = 0 for each horizon h using the Driscoll-Kraay
method. The dark (pale) red-shaded area covers the t−critical values for a 68 (90) percent
confidence interval, i.e. ±0.995 (±1.645). The first row shows the response of house prices
(real Shiller index, in percent).The second row depicts real residential investments (in percent).
The last row shows the response of real personal expenditures (in percent).
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Figure 15: Robustness checks: response of credit volumes
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Notes: The first column shows the impulse response coefficients β+h for h = 0, ...,H for a positive
(one standard deviation) credit supply shock from the baseline model (red-solid) alongside the
impulse responses given alternative model specifications such as a model including a linear
trend (black-dotted), a model with an alternative lag specification (black-dashed) as well as the
results from an estimation of the baseline model, where the great recession has been excluded
(blue-dashed). The second column shows the impulse response coefficients β−h for a negative
(one standard deviation) credit supply shock. In both cases, the dark (pale) red-shaded area
corresponds to the 68 (90) percent confidence interval from the baseline model, relying on
Driscoll-Kraay standard errors. The third column shows the corresponding t−statistics testing
the null that H0 : (β+h −β−h ) = 0 for each horizon h using the Driscoll-Kraay method. The dark
(pale) red-shaded area covers the t−critical values for a 68 (90) percent confidence interval,
i.e. ±0.995 (±1.645), from the baseline model. The rows show, from top to bottom, the
responses of of overall debt volume (in percent), the volume of consumer credit (in percent),
the responses of mortgage credit volume (in percent), and the share of debt-to-GDP (in
percent).
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Figure 16: Robustness checks: response of headline macro variables

0 10 20
-1

0

1
Positive Shock

R
ea

l G
D

P

0 10 20
-1

0

1
Negative Shock

baseline with trend alt. lags without rec.

0 10 20
-4

-2

0

2

4
t-statistics

0 10 20

-0.2

0

0.2

0.4

C
on

su
m

er
 P

ric
es

0 10 20

-0.2

0

0.2

0.4

0 10 20
-4

-2

0

2

4

0 10 20
-2

0

2

In
te

re
st

 R
at

e

0 10 20
-2

0

2

0 10 20
-4

-2

0

2

4

Notes: The first column shows the impulse response coefficients β+h for h = 0, ...,H for a positive
(one standard deviation) credit supply shock from the baseline model (red-solid) alongside the
impulse responses given alternative model specifications such as a model including a linear
trend (black-dotted), a model with an alternative lag specification (black-dashed) as well as the
results from an estimation of the baseline model, where the great recession has been excluded
(blue-dashed). The second column shows the impulse response coefficients β−h for a negative
(one standard deviation) credit supply shock. In both cases, the dark (pale) red-shaded area
corresponds to the 68 (90) percent confidence interval from the baseline model, relying on
Driscoll-Kraay standard errors. The third column shows the corresponding t−statistics testing
the null that H0 : (β+h −β−h ) = 0 for each horizon h using the Driscoll-Kraay method. The dark
(pale) red-shaded area covers the t−critical values for a 68 (90) percent confidence interval, i.e.
±0.995 (±1.645), from the baseline model. The first row shows the responses of real GDP (in
percent).The second row depicts the responses of consumer prices (in percent). The last row
shows the responses of the effective federal funds rate (amended by the Wu-Xia shadow rate
(in percentage points).
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Figure 17: Robustness checks: supply side variables
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Notes: The first column shows the impulse response coefficients β+h for h = 0, ...,H for a positive
(one standard deviation) credit supply shock from the baseline model (red-solid) alongside the
impulse responses given alternative model specifications such as a model including a linear
trend (black-dotted), a model with an alternative lag specification (black-dashed) as well as the
results from an estimation of the baseline model, where the great recession has been excluded
(blue-dashed). The second column shows the impulse response coefficients β−h for a negative
(one standard deviation) credit supply shock. In both cases, the dark (pale) red-shaded area
corresponds to the 68 (90) percent confidence interval from the baseline model, relying on
Driscoll-Kraay standard errors. The third column shows the corresponding t−statistics testing
the null that H0 : (β+h −β−h ) = 0 for each horizon h using the Driscoll-Kraay method. The dark
(pale) red-shaded area covers the t−critical values for a 68 (90) percent confidence interval, i.e.
±0.995 (±1.645), from the baseline model. The first row shows the responses of the Gilchrist
and Zakrajšek (2012) spread (in percentage points).The second row depicts the responses of
total non-farm payrolls (in percent). The last row shows the responses of real investments (in
percent).
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Figure 18: Robustness checks: demand side variables
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Notes: The first column shows the impulse response coefficients β+h for h = 0, ...,H for a positive
(one standard deviation) credit supply shock from the baseline model (red-solid) alongside the
impulse responses given alternative model specifications such as a model including a linear
trend (black-dotted), a model with an alternative lag specification (black-dashed) as well as the
results from an estimation of the baseline model, where the great recession has been excluded
(blue-dashed). The second column shows the impulse response coefficients β−h for a negative
(one standard deviation) credit supply shock. In both cases, the dark (pale) red-shaded area
corresponds to the 68 (90) percent confidence interval from the baseline model, relying on
Driscoll-Kraay standard errors. The third column shows the corresponding t−statistics testing
the null that H0 : (β+h −β−h ) = 0 for each horizon h using the Driscoll-Kraay method. The dark
(pale) red-shaded area covers the t−critical values for a 68 (90) percent confidence interval, i.e.
±0.995 (±1.645), from the baseline model. The first row shows the responses of house prices
(real Shiller index, in percent).The second row depicts real residential investments (in percent).
The last row shows the responses of real personal expenditures (in percent).
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B STATE-DEPENDENT DISTRIBUTIONS OF SHOCKS

Figure 19: Estimated state-dependent PDFs and CDFs | zt : output gap
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Notes: The state variable zt is the output gap. The smoothed series relies on seven lags. The
calibration is chosen to κ = 3 and µ = 0. Red-shaded areas in the bottom panel show NBER
recession dates.
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Figure 20: Estimated state-dependent PDFs and CDFs | zt : adjusted CFNFCI
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Notes: The state variable zt is the adjusted Chicago Fed National Financial Conditions Index.
The smoothed series relies on seven lags. The calibration is chosen to κ = 3 and µ = 0. Red-
shaded areas in the bottom panel show NBER recession dates.
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Abstract

We use a New Keynesian model that features rational and non-rational households.
Assuming that both the fraction of rational households and the expectations formation
process are uncertain from the perspective of the central bank, we derive robust optimal
discretionary monetary policy in a simple min-max framework where the central bank
plays a zero-sum game versus a fictitious, malevolent evil agent. We show that the
central bank is able to improve welfare if it accounts for uncertainty while the model is
distorted. Even if the central bank accounts for the worst possible outcomes while the
model is undistorted, the central bank can still reduce the welfare loss by implementing a
more aggressive targeting rule that favorably affects the inflation-output stabilization
trade-off.
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I INTRODUCTION

Over recent decades, New Keynesian models have become the workhorse in both
monetary policy and theory, acknowledged by researchers and policy makers alike.
In its basic version (see, for instance, Woodford, 2003; Walsh, 2017; Galí, 2015), the
assumptions for price flexibility as well as perfect competition among producers are
relaxed which - in a nutshell- implies nonneutral effects for monetary policy. In
fact, there is a broad consensus that the New Keynesian framework has been both
an effective and intuitive tool as it provides guidance on expectations management
which is an important aspect for stabilization policy.

However, the broad strand of literature on New Keynesian models reflects that some
important aspects are missing in the standard framework. Among others, abandon-
ing the strong assumption of rational expectations has proved to provide important
evidence on business cycle theory. In fact, central banks increasingly care about the
importance of the development of households’ expectations. This is because on the one
hand, households’ inflation expectations signal future inflationary risks, while on the
other hand, heterogeneous expectations are regarded as potential drivers of business
cycle amplification (see, for instance, King, 2012; Mokhtarzadeh and Petersen, 2021).

Understanding the nature of expectations is particularly important at the Zero
Lower Bound. To the extent central banks rely on the management of expectation
through policies such as forward guidance, the effectiveness of these policies rests on
the assumption that the central bank knows how agents receive and process
information and generate forecasts about economic variables in the future (see, for
instance, Andrade et al., 2019; Hommes and Lustenhouwer, 2019; Beqiraj et al.,
2019).

The failure of the rational expectations framework is well documented in survey data
and laboratory experiments alike, which is ultimately based on the criticism that agents
(1) are assumed to have too much information available in general and (2) can process
an unlimited amount of information in particular. In particular, rational agents must
know the true structure and probability distribution of the economy to form rational
expectations (see, for instance, Evans et al., 2001; and Carroll, 2003). To overcome this
issue, Branch and McGough (2009), Di Bartolomeo et al. (2016), Gasteiger (2014) and
Massaro (2013) incorporate a fraction of non-rational households into an otherwise
standard New Keynesian framework and show that both determinacy and optimal
monetary policy properties are strongly affected when non-rational households are
incorporated.

However, it is important to stress that incorporating heterogeneous expectations
into stochastic equilibrium models ultimately stems from empirical and experimen-
tal evidence in laboratories that provide strong evidence that a significant share of
agents use simple heuristics and adaptive mechanisms for forecasting (see, for instance,
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Branch and McGough, 2016; and Hommes, 2011). Branch (2004) uses data from
the Michigan surveys of consumers and finds that belief formation across participants
is both heterogeneous on the one hand and dynamic on the other. Distinguishing
between vector autoregression (VAR) based, adaptive and naive expectations when
forming beliefs, he finds that respondents switch their predictor depending on the
size of relative mean-squared errors. Pfajfar and Žakelj (2014) study the process of
inflation expectation formation by focusing on both rational and adaptive agents and
find that on the one hand, they cannot reject the hypothesis of rational expectations
for at least 40% of the laboratory subjects, while on the other hand 20% of the subjects
are best described by adaptive learning models. In another paper, Pfajfar and Žakelj
(2018) explore the formation of inflation expectations within a New Keynesian frame-
work. Similar to their previous paper, they find that about 40% of households form
rational expectations, while 35% extrapolate expectations more than one-to-one into
the future. 20% of households seem to employ adaptive learning models. Chavas
(2000) investigates beef price equations under different expectations regimes and finds
that nearly half of the market participants seem to form naive expectations.

Even though the recent literature well documents how optimal monetary policy
is affected in models with heterogeneous expectations, all above mentioned authors
mostly assume that central bankers do precisely know the fraction of non-rational
households and also how expectations of these non-rational households are formed. It
is however likely that these parameters (the fraction of non-rational households and the
expectation formation process) are unknown, as reflected in different shares of adaptive
agents in the empirical (experimental) literature. Therefore, a natural question is how
optimal monetary policy is affected if the central bank is uncertain about the true
distribution of rational and non-rational households.

This paper tries to fill this gap by modeling uncertainty in a New Keynesian frame-
work with heterogeneous beliefs. We use a simple min-max mechanism where the
central bank plays a zero-sum game against a fictitious, malevolent ’evil agent’ that
draws the potentially distorted parameters from a feasible set of models such that
welfare loss is maximized. The application of a min-max framework is based on
two reasons. First, if the central bank conducts discretionary monetary policy (as
assumed in this paper), the specific targeting rule depends on both the fraction of
non-rational households as well as the adaption parameter (as a part of the expectations
formation process). In simple words, the trade-off of output gap and inflation stabiliza-
tion depends on the possibly mispecified parameters. A central bank that is uncertain
about the distribution is therefore able to shield the economy against perturbations by
accounting for uncertainty. Second, a min-max approach has proven to be a simple
and intuitive tool to model uncertainty (see, for instance, Giannoni, 2002; Giannoni,
2007; Hansen and Sargent, 1993; and Tillmann, 2009). Typical outcomes in min-
max equilibria imply that the central bank is better-off accounting for uncertainty by
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implementing worst-case beliefs into its targeting rule, i.e. it can reduce welfare losses
if it accounts for uncertainty while the worst-case beliefs turn out to be warranted (see,
for instance, Giannoni, 2007; and Tillmann, 2009).

In this paper, we derive a robust optimal policy plan that accounts for uncertainty.
Hereby, we refer to the same definition as in Giannoni (2007), i.e. those policy plans
that perform best in a worst-case scenario, i.e. a scenario that delivers the worst
possible welfare outcomes within a pre-specified set of parameter configurations.1

We assume that the central bank does not know the true values of the unknowns,
but it knows ranges (i.e. intervals) where the true values lie within. Calibrating our
model to the US economy, we find that a central bank that accounts for uncertainty
can substantially reduce welfare losses if it implements a robust policy plan. From the
standpoint that the fraction of non-rational households is indeed unknown, our results
are important insofar as they reveal that welfare losses can become large if the worst
possible parameter perturbations turn out to be true. Interestingly, a central bank that
implements the robust policy is able to further reduce welfare losses, relative to the
case of certainty, i.e. when the true values are known. In other words, we find that
the central bank can reduce the well known stabilization bias by incorporating a more
’aggressive’ policy plan relative to the case of certainty. The reason for this finding
is that discretionary monetary policy suffers from the stabilization bias as long as the
supply shock is not white noise. That is, in the absence of commitment, inflation is too
volatile. We find that adopting a robust policy approach can reduce the stabilization
bias. A desire for robustness thus makes monetary policy more aggressive. As a
result, inflation volatility is reduced and welfare improves compared to the rational
expectations solution.

The rest of this paper is organized as follows: Section II sketches the underlying
baseline model. In Section III, we introduce the min-max framework and derive the
robust optimal policy plan and equilibrium outcomes. Section IV reports simulation
exercises and discusses our most important results in detail. Section V argues that the
implementation of robust optimal policy rules is preferable over a standard Taylor rule.
Section VI concludes.
1Gasteiger (2021) also investigates expectations mismeasurement by comparing long-run losses for
three different reference models. Therein, robust optimal monetary policy is defined as being a
policy plan that yields determinacy across reference models for given determinants that characterize
expectations heterogeneity. Di Bartolomeo et al. (2016) also consider a case where the central bank
is being unable to recognize how households form their beliefs and explore a robust optimal policy
consisting of minimizing the maximum regret of choosing a wrong share rational households. They
find that implementing a wrong share of rational households always results in higher welfare losses,
even though this effect is stronger if the central bank implements a belief that is greater than the true
value.
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II THE MODEL

Our underlying model substantially relies on recent work of Branch and McGough
(2009) and Gasteiger (2021) who incorporate heterogeneous expectations into a simple
New Keynesian model. The economy is populated by a continuum of households,
firms and the central bank. Time is discrete and indexed by t ∈ (0, ...,∞). The IS-
curve (1) and the New Keynesian Phillips curve (2) can be summarized as

xt = Êtxt+1 − σ−1
(
it − Êtπt+1

)
(1)

πt = βÊtπt+1 + ϕxt + et, (2)

where xt is output gap, it the short-term interest rate, πt inflation and et a cost push
shock which follows an AR(1) process specified as

et = ρet−1 + ε
e
t , ∼ N(0, σ2

e ).

Similar to the recent literature, we assume that aggregate expectations are a linear
combination of two types different types of agents, namely rational households (in-
dexed R) and non-rational households (indexed B), such that aggregate expectations
for a generic variable zt read

Êtzt+1 = αRERt zt+1 + αBEBt zt+1.

As is common in the specific literature, we assume that rational agents have a one-
step ahead perfect foresight on economic variables, i.e. for a generic variable zt it
holds that ERt zt+1 = Etzt+1, where Et corresponds to the rational expectations operator
in t. However, rational households are supposed to be not "hyperrational" in a sense
that they do not know the expectation formation process of non-rational households.2

As regards the non-rational households, we assume that expectations of non-rational
households are specified as EBt zt+1 = γzt.3 That is, we depart from the assumption
as in Branch and McGough (2009) and assume that non-rational households, besides
the variables they seek to maximize, can observe current outcomes. In simple words,
tomorrow’s expectations equal today’s observation, adjusted for an adaption param-
eter γ which is equal for all outcomes.4 For any variable zt this implies that, when
forecasting in period t what will prevail in t + 1, these households simply look at
zt and extrapolate it forward. The parameter γ therefore is an adaption parameter.

2This is an important axiomatic assumption. It implies that ERt EBt zt+1 = ERt zt+1, see Branch and
McGough (2009) for a detailed discussion.

3Albeit this assumption is admittedly crude, it does in no way affect our assumptions on aggregate
expectations. However, it is likely that many people are more sophisticated in their expectation
formation process.

4We could also assume that different values for γ prevail for different aggregate variables, i.e. (in our
case) that γx , γπ.
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γ < 1 implies that non-rational households place less weight on current outcomes
while γ = 1 means that today’s expectation of tomorrow’s outcome is equal to the
current observation. γ > 1 states that non-rational households are ’extrapolative’ in
a sense that they overweight today’s observation by extrapolating it more than one-
to-one into the future. It should be stressed that in our assumption, both households,
i.e. rational and non-rational households, are able to solve the underlying model, but
only a fraction α is able to form rational expectations while the remainder does not.

Since we focus on two types of households, it holds that αB = 1 − α, such that
aggregate expectations read

Êtzt+1 = αEtzt+1 + (1 − α)γzt.

It follows that our IS-curve and New Keynesian Phillips curve read

xt = [αEtxt+1 + (1 − α)γxt]︸                     ︷︷                     ︸
Êtxt+1

−σ−1
(
it − [αEtπt+1 + (1 − α)γπt]︸                      ︷︷                      ︸

Êtπt+1

)

πt = β [αEtπt+1 + (1 − α)γπt] + ϕxt + et.

Importantly, both the IS-curve as well as the New Keynesian Phillips curve are mi-
crofounded and nest the standard model in the absence of rational expectations. More
precisely, our model collapses to the textbook model when α = 1.

III UNCERTAINTY ABOUT HETEROGENEOUS EXPECTATIONS

It is assumed that the central bank does neither know the share of rational households,
nor the exact value of the adaption process, i.e. there is uncertainty about the true
values of α and γ. However, the central bank knows that α and γ lie within an interval
of a lower bound and an upper bound, respectively, i.e.

α ∈ [αl, αh] , γ ∈ [γl, γh] ,

where αh > αl > 0 and γh > γl > 0.5 This assumption enables us to model uncertainty
about α and γ in a simple min-max approach. More precisely, we assume the central
bank plays a zero-sum game versus an evil, malevolent agent who chooses the vector
ψ = (α, γ) ∈ Ψ, where Ψ =

[
ψ1, ..., ψm

]
is a feasible compact set Ψ ∈ Rm satisfying

Ψ ≡ {
ψ = (α,γ) | αl ⩽ α ⩽ αh, γl ⩽ γ ⩽ γh

}
,

such that welfare loss is maximized.
The game consists of four stages. In the first stage, the evil agent and the cen-

5Even if the central bank does not know the true lower and upper bounds for α and γ, we can interpret
these as the desire for robustness, i.e. a measure of caution.
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tral bank as well as the entire private sector observe the cost push shock et. After
observing the shock, in the second stage the central bank implements a policy plan
f (ψ) ∈ F, where F denotes the compact set of all feasible non-inertial policy plans,
i.e. F =

{
f (ψ) | f (ψ) ⩾ 0

}
satisfying F ∈ Rn, and designs optimal monetary policy in

a discretionary fashion while still being uncertain about the true values of α and γ.
Then, in the third stage, uncertainty is resolved, i.e. it turns out whether the model
is distorted or not. Finally, the equilibrium outcomes are realized in the last (fourth)
stage.

A. The Robust Optimal Monetary Policy Plan

As mentioned above, the central bank adopts a policy plan f (ψ) ∈ F after observing
the shock, but beforeψ ∈ Ψ is known. For simplicity, we assume that no commitment
technology is available, such that the central bank conducts optimal monetary policy
in a discretionary fashion by minimizing output and inflation volatility subject to
the Phillips Curve. In particular, the central bank is assumed to be concerned about
household’s well-being by minimizing both output gap and inflation volatility due to
monopolistic competition and sticky prices.6 The objective function reads

Lt = Et

∞∑

k=0

βk 1
2

[
π2

t+k + λx2
t+k

]
,

where λ is the relative weight the monetary authority places on the output gap.
Recall that the central bank is assumed to be concerned about potential parameter
perturbations, that is in a min-max equilibrium it implements a policy plan f⋆(ψ⋆)
that takes the worst possible outcomes into account. Formally, the resulting robust
policy plan f⋆(ψ⋆) reads

f⋆(ψ⋆) = arg min
f∈F

{
max
ψ∈Ψ

E
[Lt( f (ψ)), ψ

]}
.

6Notice that the loss function as used here is only model consistent as long as we focus on a standard
utility function in the homogeneous expectations framework, i.e. in the absence of non-rational
households. That is, the loss function we assume here is actually ad hoc in a sense that we ignore
additional terms due to the presence of heterogeneous expectations. As shown by Di Bartolomeo
et al. (2016), a model-consistent loss function in the presence of heterogeneous expectations and
backward-looking agents requires two additional components, implying eight additions terms in the
case of two types of expectation formation, one of them being due to higher price dispersion caused
by adaptive agents. The second term is based on a dispersion in consumption across households types.
See Gasteiger (2021) for a detailed discussion that justifies the application of an ad hoc loss function as
opposed to the model-consistent loss function.
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It can be shown that the specific targeting rule for the discretionary case is given as

πt = − λϕ
[
1 − β(1 − α)γ

]

︸                ︷︷                ︸
f (ψ)

xt.

Assume that the central bank is faced with a positive cost-push shock which creates
a trade-off between inflation and output stabilization objectives. The policymaker
balances them by creating a negative output gap.

The malevolent fictitious evil agent will try to harm the central bank by maximiz-
ing the loss function with respect to the unknown parameters, i.e. α and γ. The
maximization problem reads

max
α, γ


f (ψ)2 + λ

[
f (ψ)

[
1 − β (

αρ + (1 − α)γ
)]
+ ϕ

]2


.

Proposition 1. If the central banker is uncertain about the true value of α and γ, a robust
policy rule will incorporate α⋆ = αl and γ⋆ = γh.

Proof. (i) The first order condition with respect to α is given by

∂Lt

∂α
= − 2β f (ψ)

(
γ − ρ)

[
ϕ + f (ψ)

[
1 − β(αρ + (1 − α)γ)

] ]3

(
f (ψ)2 + λ

)

The derivative is negative for the entire parameter space under consideration, i.e. ∂Lt
∂α <

0. It follows that α⋆ = αl maximizes Lt.
(ii) The first order condition with respect to γ is given by

∂Lt

∂γ
=

2β f (ψ) (1 − α)
[
ϕ + f (ψ)

[
1 − β(αρ + (1 − α)γ)

] ]3

(
f (ψ)2 + λ

)

The derivative is positive for the entire parameter space under consideration, i.e. ∂Lt
∂γ >

0. It follows that γ⋆ = γh maximizes Lt. The worst-case belief of the central bank is
thus ψ⋆ = (α⋆,γ⋆) = (αl,γh). ■

In what follows, we mainly focus on three possible scenarios. In the first scenario,
the worst-case scneario, the central banker implements the robust policy plan and the
model is distorted, such that the realized outcomes for output, inflation and the short-
term interest rate are given as xt( f⋆(ψ⋆), ψ⋆), πt( f⋆(ψ⋆), ψ⋆) and it( f⋆(ψ⋆), ψ⋆). In
the second equilibrium, the approximating equilibrium, the central bank implements
f⋆(ψ⋆) but the model turns out to be undistorted. The equilibrium outcomes are
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therefore given as xt( f⋆(ψ⋆), ψ), πt( f⋆(ψ⋆), ψ) and it( f⋆(ψ⋆), ψ).7

Now that we have derived the robust optimal policy plan f⋆(ψ⋆), we next de-
rive the equilibrium outcomes for both the worst-case and the approximating out-
comes. In equilibrium, inflation, output gap and the interest rate will be linear func-
tions of the supply shock et. The worst-case equilibrium outcomes are thus given as
πt( f⋆(ψ⋆), ψ⋆) = bmin-max

π et, xt( f⋆(ψ⋆), ψ⋆) = bmin-max
x et and it( f⋆(ψ⋆), ψ⋆) = bmin-max

i et,
where

bmin-max
π =

f⋆(ψ⋆)
ϕ + f⋆(ψ⋆)

[
1 − β(αlρ + (1 − αl)γh

]

bmin-max
x = − 1

ϕ + f⋆(ψ⋆)
[
1 − β(αlρ + (1 − αl)γh

]

bmin-max
i =

σ − (
f⋆(ψ⋆) + σ

) [
αlρ + (1 − αl)γh

]

ϕ + f⋆(ψ⋆)
[
1 − β(αlρ + (1 − αl)γh

] .

In the approximating equilibrium, the central bank still implements the robust opti-
mal plan f⋆(ψ⋆), where, however, the model turns out to be undistorted. The out-
comes for the three endogenous variables are πt( f⋆(ψ⋆), ψ) = bapprox

π et, xt( f⋆(ψ⋆), ψ) =
bapprox

x et and it( f⋆(ψ⋆), ψ) = bapprox
i et, where the respective coefficients are

bapprox
π =

f⋆(ψ⋆)
ϕ + f⋆(ψ⋆)

[
1 − β(αρ + (1 − α)γ

]

bapprox
x = − 1

ϕ + f⋆(ψ⋆)
[
1 − β(αρ + (1 − α)γ

]

bapprox
i =

σ − (
f⋆(ψ⋆) + σ

) [
αρ + (1 − α)γ

]

ϕ + f⋆(ψ⋆)
[
1 − β(αρ + (1 − α)γ

] .

Notice that the only difference between the min-max and the approximating equi-
librium are the realized outcomes for ψ. That is, in the worst-case equilibrium, ψ⋆ =
(α⋆,γ⋆) = (αl,γh) while in the approximating equilibrium it holds that ψ = (α,γ). In
both cases however, the robust optimal policy plan f⋆(ψ⋆) is implemented which is
given as

f⋆(ψ⋆) = f⋆(αl,γh) =
λ
ϕ

[
1 − β(1 − αl)γh

]
⩾ 0

and is non-negative by assumption.
At this point, we can see that the stabilization between the output gap and inflation

clearly depends on the set of models Ψ. To better understand how the central bank
shields the economy against uncertainty, notice that the derivative of the policy plan

7We will later investigate a scenario in which the central bank does not account for uncertainty while
the model turns out to be distorted, i.e. the central bank implements f (ψ) while ψ⋆ holds. The
equilibrium outcomes therefore read xt( f (ψ), ψ⋆), πt( f (ψ), ψ⋆) and it( f (ψ), ψ⋆).
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Figure 1: Inflation and output gap variance for λ ∈ [0, 1] and different worst-case scenarios,
in which the model is undistorted.

f (α,γ) = λ
ϕ

[
1 − β(1 − α)γ

]
with respect to α and γ are given as

−∂ f (ψ(α))
∂α

= −λ
ϕ
γβ < 0,

∂ f (ψ(γ))
∂γ

= −λ
ϕ
β(1 − α) < 0.

The derivates imply an important result for later purposes. If the lower bound of the
interval α ∈ [αl, αh] increases, i.e. if the central bank considers a larger fraction of
non-rational households and implements the corresponding robust policy plan, this
implies that inflation can be stabilized with a smaller fall in the output gap. A similar
argumentation holds for γh.

Confronting these results with equilibrium outcomes, Figure (1) plots inflation vari-
ances and output variances for different beliefs where the worst-case, however, does
not occur, i.e. the worst-case beliefs are unwarranted.8 More precisely, the black
and the red line correspond to scenarios where the central bank implements α = 0.7
(black line) and α = 0.6 (red line), given γ = 1.1, whereas the blue line corresponds to
the case where the central bank implements worst-case beliefs αl = 0.5 and γh = 1.2
for different values for λ between 0 and 1. Notably, the central bank can achieve a
smaller inflation variance when values for α are implemented that are below the actual
outcome. At the same time, however, the output gap variance increases if the desire
for robustness increases, i.e. if the central bank widens its interval for α. This is an
interesting result for the next section where it is shown in a simulation exercise that
implementing the robust policy plan reduces welfare relative to the case of certainty,
i.e. without parameter perturbations. Trivially, there will be an improvement in terms

8The plots in (1) rely on the calibration in Table (1), i.e. it is assumed that the ’true’ values for α and γ
are 0.8 and 1, respectively.
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Parameter β ϕ λ σ ρ αl αh γl γh

Value 0.99 0.15 0.25 1 0.35 [0.5; 0.7] 0.8 0.8 [1.1; 1.2]

Table 1: Baseline calibration

of lower welfare loss if the effect of lower inflation variance dominates the effect of
higher output variance, which depends on λ, i.e. the weight in the loss function the
central bank places on the output gap.

IV A SIMULATION EXERCISE

To investigate the consequences of uncertainty, we calibrate our model to the US
economy and compare different scenarios for pairwise different sets of worst-case
parameters ψ⋆ = (αl,γh).9 More precisely, we compare inflation and output volatility
as well as welfare losses for the min-max equilibrium, the approximating equilibrium
and the case where the model is distorted but the central bank does not account for
uncertainty, i.e. it does not implement the robust policy plan.

A. Calibration

We calibrate out model to the US economy with the parameters as in Table (1). The
values for β = 0.99 and λ = 0.25 and σ = 1 (log utility) are standard in the literature.
We follow Surico (2008) and set the slope of the Phillips curve to ϕ = 0.15.10 Setting
ρ = 0.35 implies a medium persistent cost-push shock, as in Woodford (2003). The
bounds for αl are set to 0.5 and 0.7 which imply shares for non-rational households
of 50% and 30%, respectively. These are even larger values the share of non-rational
households than found in most of the literature and thus intended to represent a grave
misspecification. γh = 1.2 and γh = 1.1 are common values for the investigation of
heterogeneous beliefs in New Keynesian models (see, for example, Beqiraj et al., 2019;
and Gasteiger, 2021) and intended to represent the upper bounds of the interval that
is known to the central bank.

B. Results and Discussion

Table (2) reports the results for our simulation exercises for different pairs of αl, γh

and ρ. We assume that the share of non-rational households in the ’true model’ is
20% which implies α = 0.8. We further assume that non-rational households in the
baseline model are naive in a sense that they forecast via a simple random walk rule,
i.e. we assume that the true γ takes a value of one. Comparing the first row in a case

9Section A in the appendix investigates the determinacy properties of the model. We find that the
Blanchard and Kahn (1980) condition is not satisfied, saying that our system of equations does not
have a unique stationary solution. Hence, we cannot rule out that stationary sunspot equilibria exist.

10We also tried other values for ϕ, as for example in Christiano et al. (2005) who find ϕ = 0.2. The
results are not presented but available on request.
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ρ = 0.35 ρ = 0.0

ψ⋆ (αl,γh) π2 x2 L π2 x2 L
no parameter uncertainty (case A)

α = 0.8, γ = 1.0 2.464 1.379 1.405 1.196 0.670 0.682
robust policy, undistorted model (case B)

αl = 0.7, γh = 1.1 2.306 1.832 1.382 1.420 0.907 0.684
αl = 0.6, γh = 1.1 2.136 2.414 1.370 1.082 1.223 0.694
αl = 0.5, γh = 1.1 1.916 3.325 1.374 1.001 1.737 0.717
αl = 0.7, γh = 1.2 2.264 1.967 1.378 1.127 0.980 0.686
αl = 0.6, γh = 1.2 2.063 2.696 1.368 1.055 1.379 0.700
αl = 0.5, γh = 1.2 1.795 3.919 1.387 0.954 2.084 0.738

non-robust policy, distorted model (case C)
αl = 0.7, γh = 1.1 3.392 1.898 1.933 1.621 0.907 0.924
αl = 0.6, γh = 1.1 4.552 2.548 2.594 2.184 1.223 1.245
αl = 0.5, γh = 1.1 6.426 3.597 3.663 3.103 1.737 1.768
αl = 0.7, γh = 1.2 3.796 2.125 2.163 1.751 0.980 0.998
αl = 0.6, γh = 1.2 5.431 3.039 3.095 2.464 1.379 1.405
αl = 0.5, γh = 1.2 8.403 4.703 4.789 3.724 2.084 2.122

robust policy, distorted model (case D)
αl = 0.7, γh = 1.1 3.139 2.493 1.881 1.536 1.219 0.920
αl = 0.6, γh = 1.1 3.756 4.245 2.409 1.908 2.157 1.224
αl = 0.5, γh = 1.1 4.343 7.536 3.114 2.345 4.068 1.681
αl = 0.7, γh = 1.2 3.418 2.971 2.080 1.629 1.416 0.992
αl = 0.6, γh = 1.2 4.192 5.480 2.781 2.063 2.696 1.368
αl = 0.5, γh = 1.2 4.843 10.576 3.743 2.538 5.543 1.962

only rational households
α = 1.0,γ = n.a. 1.809 0.651 0.986 0.842 0.303 0.459

Table 2: Simulation results for different policy scenarios, see Table (1) for the calibration.

of no parameter uncertainty to the standard New Keynesian model in the absence of
heterogeneous expectations, we can see that incorporating non-rational households
always results in both higher inflation and output volatility as well as higher welfare
losses.

In the first scenario (case B), the approximating equilibrium, we assume that the
central bank implements the robust policy plan f⋆(ψ⋆) while the model is undistorted,
i.e. we report inflation variance π2( f⋆(ψ⋆), ψ), output variance x2( f⋆(ψ⋆), ψ) and the
loss functionL( f⋆(ψ⋆), ψ). In the second scenario (case C), we assume that the central
bank does not implement the robust policy plan while the model is distorted, i.e. the
equilbrium outcomes are π2( f (ψ), ψ⋆), x2( f (ψ), ψ⋆) and the loss functionL( f (ψ), ψ⋆).
In the last scenario (case D), the min-max equilibrium, the central bank implements
the robust policy plan f⋆(ψ⋆) while the model is distorted, i.e. the evil agent draws
ψ⋆. The equilibrium outcomes in this case are π2( f⋆(ψ⋆), ψ⋆), x2( f⋆(ψ⋆), ψ⋆) and the
loss function is L( f⋆(ψ⋆), ψ⋆).

A few things stand out. First, when accounting for uncertainty, the central bank
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Figure 2: Difference between welfare when the central bank implements the robust policy
plan and the model is and the case where there is no parameter uncertainty.

can substantially reduce welfare losses when the model is distorted relative to the case
when the central bank ignores possible parameter perturbations. For instance, when
the true share for non-rational households turns out to be 50% (i.e. α = 0.5) and
households are extrapolative (with γ = 1.2), inflation volatility is 8.403 and output gap
volatility 4.703. If the central bank however incorporates the worst-case beliefs into
the targeting rule, i.e. implements αl and γh, inflation volatility is substantially reduced
to 4.843 while output volatility is increased to 10.576. Importantly, the central bank
does not place a weight of one on the output gap in the loss function, which results in
an overall reduction of losses from 4.789 to 3.743. This is one key result in this paper
and holds for all worst-case configurations under consideration, i.e. that lie within the
set ψ⋆ ∈ Ψ.11 Figure (2) plots this difference for different values for αl between 0.5
and 0.7 and for γh between 1.1 and 1.2. Not surprisingly, welfare always improves,
meaning that the central bank can always achieve welfare gains when accounting for
uncertainty, given the worst-case beliefs turn out to be warranted. Moreover, the
improvement monotonically increases with respect to γh and decreases with respect
to αl. That is, the largest welfare improvement is achieved when the central bank is
highly uncertain about the true values and these values are actually the true ones.12

11Note that this qualitative result, i.e. a lower welfare loss, is robust in the case where shocks are
uncorrelated.

12Notice that Figure (2) also confirms that the min-max equilibrium is a global Nash-equilibrium. This
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Figure 3: Difference welfare when the central bank implements the robust policy plan and
the model is undistorted and the case where there is no parameter uncertainty.

Second, comparing the results for the case where the central bank incorporates the
worst-case beliefs αl and γh into the specific targeting-rule but the model is undistorted
with the case of no parameter uncertainty at all, we can now confirm that there is an
improvement in the stabilization between inflation and the output gap.

Interestingly, we observe the largest improvement in the case where we imposed
the largest interval (that is known to the central bank) for the uncertain parameters.
Notice that, identical to the former cases, this improvement is grounded on lower
inflation volatility while output gap volatility is increased. If cost-push shocks are
however uncorrelated, i.e. if ρ = 0, this improvement vanishes and welfare loss
is higher than in the case of no parameter uncertainty. This result confirms our
observation from Figure (1). Naturally, the question arises whether the central bank
could not just implement α = 0 and a γ that is greater than the worst-case belief to
further exploit the improvement described above. Therefore, Figure (3) plots the loss
difference between the approximating model and the model without uncertainty, i.e.
L( f⋆(ψ⋆), ψ)−L( f (ψ), ψ). As can be seen, there seems to exist an α for every given γ
that maximizes the welfare improvement which (e.g. for γ = 1.2) is about α = 0.6.13

Discretionary monetary policy suffers from the stabilization bias as long as the supply
shock is not white noise. The reason is that in the absence of commitment, inflation is

means that there is no pair of α̃ and γ̃ that violates L( f⋆(ψ⋆), ψ⋆) > L( f⋆(ψ̃), ψ̃).
13Widening the intervals to αl = 0, i.e. no rational agents exist, results in a negative value (not reported).
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too volatile. However, we find that adopting a robust policy approach can reduce the
stabilization bias. A desire for robustness makes monetary policy more aggressive. As
a result, inflation volatility is reduced and welfare improves compared to the rational
expectations solution.

Overall, we conclude that, given there exists a non-negative share of non-rational
households, the central bank has an incentive to incorporate the worst-possible beliefs
into its targeting rule, even if the model is undistorted. Figures (4) and (6) show the
immediate response of the short-term interest rate when, in both cases, the central
bank implements the worst-case beliefs, i.e. f⋆(ψ⋆). Not surprisingly, the responses
monotonically increase in the share of worst-case beliefs for the share of non-rational
households (i.e. decrease in αl) and the adaption parameter. However, we can see that
in the case where the central bank implements the worst-case belief, the immediate
interest rate response is systematically lower than in the case where parameter uncer-
tainty is ignored. This is based on the degree of dispersion about the true values for α
and γ and the worst-case beliefs αl and γh, respectively. As a result, it turns out that in
the worst-case equilibrium, the response of inflation is lower than in the case where
the central bank does not take perturbations into account, as can be seen in Figures
(7) and (8). At the same time, the opposite is true for the output gap, as the robust
policy plan results in a larger contraction of output in order to stabilize the economy,
see Figures (10) and (11).

V THE GAIN OF DISCRETION OVER A TAYLOR RULE

Taylor (1993) argues that US monetary policy is well described as a simple interest-
rate feedback rule that responds to inflation, output, or other economic conditions. It
is well known that Taylor rules also mimic optimal discretionary policies, at least under
certain circumstances, i.e. they may lead to similar dynamics as in the discretionary
case. In this section, we argue that a central bank that accounts for expectations hetero-
geneity in general and uncertainty about expectations heterogeneity in particular, as
implemented in the previous section, is able to achieve gains in terms of lower welfare
costs relative to the case of an implemented Taylor rule. We follow Di Bartolomeo et
al. (2016) and focus on a feedback rule that responds to current inflation πt and current
output gap xt, i.e. our reference Taylor rule takes the form

it = ϑππt + ϑxxt,

where ϑπ = 1.5 and ϑx = 0.125. That is, the Taylor principle, stating that the interest-
rate should respond by more than one-to-one, is satisfied. Since we have no backward-
looking variables in our model, it is easy to derive the equilibrium outcomes for xt and
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ρ = 0.35 ρ = 0.0

ψ⋆ (αl,γh) π2 x2 L π2 x2 L
no parameter uncertainty

α = 0.8, γ = 1 1.722 4.307 2.799 0.975 1.925 1.456
Taylor rule, distorted model

αl = 0.7, γh = 1.1 2.144 6.606 3.659 1.251 2.710 1.928
αl = 0.6, γh = 1.1 2.561 8.200 4.611 1.576 3.774 2.520
αl = 0.5, γh = 1.1 3.047 11.438 5.907 2.022 5.518 3.401
αl = 0.7, γh = 1.2 2.301 6.817 4.005 1.330 2.953 2.068
αl = 0.6, γh = 1.2 2.813 9.754 5.252 1.722 4.307 2.799
αl = 0.5, γh = 1.2 3.386 14.528 7.018 2.274 6.683 3.945

only rational households
α = 1,γ = n.a. 1.303 2.869 2.020 0.694 1.235 1.003

Table 3: Simulation results for scenarios if a Taylor rule with ϑπ = 1.5 and ϑx = 0.125 is
implemented.

πt in this case and thus derive output and inflation variance

A



xt

πt


 = B



Etxt+1

Etπt+1


 +Det,

where A and B contain appropriate parameters and D is a vector of zeros and ones.14

Table (3) reports simulation results with the same calibration as in Table (2). Com-
paring the results with those in the previous section, it stands out that welfare losses
are higher in all scenarios under consideration. That is, if there is no parameter
uncertainty at all, in the absence of non-rational households as well as in the case
where the evil agent draws the worst-case parameter perturbations while the central
bank implements the Taylor rule. Even though inflation volatility is higher than
under discretion, the overall effect of lower welfare losses ultimately stems from higher
output gap volatility. Furthermore, if the cost-push shock is serially uncorrelated, the
central bank can achieve substantially gains with an optimal policy plan, independent
of whether the policy maker implements the robust policy plan or not. For example,
if the true value for α and γ turn out to be 0.5 and 1.1 respectively, while shocks
are correlated with ρ = 0.35, inflation variance is 3.047 and output variance 11.438
which results in a loss of 5.907. However, if the robust optimal policy plan f⋆(ψ⋆)
is implemented and the central bank shields the economy against uncertainty, in-
flation variance is 4.343, output variance is 7.536, which results in a loss of 3.114.
Even if the central bank ignores possible parameter perturbations and implements
the discretionary policy plan, our simulation exercise implies that welfare losses are
always lower relative to the case where the Taylor rule is implemented. Summing up,

14Here, A =
[
1 − (1 − α)γ + σ−1ϑx σ−1φπ − σ−1(1 − α)γ

−ϕ 1 − β(1 − α)γ

]
, B =

[
α σ−1α
0 βα

]
and D =

[
0
1

]
.
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we conclude that if the central bank has the opportunity to conduct a discretionary
policy plan rather than following a Taylor rule, it should do so because of two reasons.
First, a Taylor rule ignores expectations heterogeneity at all, that is, it only responds
to changes in inflation and output while not accounting for different expectation
formation processes. The policy plan (i.e. the specific targeting rule) under discretion
however was shown to account for non-rational households as it implements both α
and γ into the plan f . Second, and more importantly, this argument is even stronger if
the central bank has a desire for robustness, i.e. if the central banker wants to account
for uncertainty.

VI CONCLUSION

This paper uses a simple New Keynesian model that features fixed shares of rational and
non-rational households, mainly as in Branch and McGough (2009), Gasteiger (2014),
Gasteiger (2021) and Di Bartolomeo et al. (2016). Since laboratory experiments and
expectations surveys alike imply that (i) a non-negative share of households does not
form rational expectations and (ii) the share of non-rational households substantially
varies across experiments/surveys, we implement model uncertainty about the de-
terminants of heterogeneity across expectations. Given that both the fractions of
rational and non-rational households as well as the expectation formation process is
uncertain to the central bank, we derive robust optimal plans in a simple min-max
equilibrium as pioneered in Giannoni (2002) and Giannoni (2007). Even though
we implemented a very simple way to model adaptive expectations, our results have
important implications. First, a central bank should account for uncertainty if it does
not know the distributions of different households that are characterized by different
expectation formation processes. In particular, in a simulation exercise calibrated to the
US economy, we show that a central bank that accounts for uncertainty can substan-
tially reduce welfare losses relative to the case where both heterogeneous expectations
in general and uncertainty about the distribution of both household types in particular
are uncertain.

Second, a central bank that seeks to implement a notable desire for robustness is
better-off when it implements the worst-case beliefs, even if these beliefs turn out to
be unwarranted. This is based on the fact that a policy rule (i.e. the targeting rule in
the discretionary fashion) that incorporates the worst-case beliefs favorably affects the
trade-off between output gap and inflation stabilization.

Finally, it has to be mentioned that a model that implements a more sophisticated
learning process would probably better map the outcomes that are observable in labo-
ratory experiments (see, for instance, Pfajfar and Žakelj, 2018). However, even though
we abstract from backward-looking adaptive expectations formation processes, our
model allows the application of a simple min-max approach that is shown to give
fruitful structural insights into the mechanism behind robust optimal monetary policy
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when the strong paradigm of purely rational expectations is abandoned.
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APPENDIX

A DETERMINACY PROPERTIES

In order to establish determinacy properties of our model in the case where the central
bank conducts optimal (robust) monetary policy, first rewrite the model in matrix
form as functions of our forward-looking variables. To eliminate the short-term
interest rate, recall that, in equilibrium, the interest rate is a function of the deep
structural parameters and exogenous driving forces, i.e. it = biet. Rewrite the model
as



α σ−1α

0 βα





Etxt+1

Etπt+1


 =



1 − (1 − α)γ −σ−1(1 − α)γ
−ϕ 1 − β(1 − α)γ





xt

πt


 +



σ−1bi

−1


 et

Define Ω =


α σ−1α

0 βα



−1

, the model can, without loss of generality, be rewritten as



Etxt+1

Etπt+1


 = Ω



1 − (1 − α)γ −σ−1(1 − α)γ
−ϕ 1 − β(1 − α)γ





xt

πt


 +Ω



σ−1bi

−1


 et



Etxt+1

Etπt+1


 = A



xt

πt


 +Ω



σ−1bi

−1


 et,

where

A = Ω



1 − (1 − α)γ −σ−1(1 − α)γ
−ϕ 1 − β(1 − α)γ


 .

Blanchard and Kahn (1980) show that a system like the one above has a unique sta-
tionary solution if and only if the number of eigenvalues of A outside the unit circle is
equal to the number of forward-looking variables, which is two in our case (xt+1 and
πt+1). It can be shown that the vector z of eigenvalues of A is given by

z =




(
ϕ + σ(1 + β) − √

(βσ)2 + 2βσ(ϕ − σ) + ϕ(ϕ + 2σ) + σ2 − 2βσγ(1 − α)
)

2αβσ(
ϕ + σ(1 + β) +

√
(βσ)2 + 2βσ(ϕ − σ) + ϕ(ϕ + 2σ) + σ2 − 2βσγ(1 − α)

)

2αβσ



.

It is easy to see that the only difference between both eigenvalues is the opposite sign
before the square root expression. It turns out that for our entire parameter space, the
first eigenvalue is always below one while the second is greater than one. Since the
Blanchard and Kahn (1980) condition is not satisfied, our system of equations does not
have a unique stationary solution, i.e. it is possible that stationary sunspot equilibria
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exist.
Notice that the same solution prevails across all different scenarios that we investigate
in the main part of the paper. This is because the solutions for all three scenarios, when
written as above, only affect bi, i.e. the vector of eigenvalues z is unaffected by any
policy rule f (ψ(α,γ)) ∈ F.
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nominal rate of interest. As a result, there is a supply-side effect of monetary policy. We
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I INTRODUCTION

In many advanced economies, short-term interest rates have reached the effective
lower bound. In an environment of low interest rates, central banks have not much
ammunition left to fight deflationary pressures. In response to the corona pandemic,
the Federal Reserve cut interest rates to zero following two unscheduled meetings in
March 2020.1 In addition, in his statement on September 16, Fed chairman Powell
showed projections by the FOMC that consider an increase in interest rates before
the end of 2023 very unlikely.2 It is therefore time to get used to the idea that
the ZLB remains a constraint on monetary policy even after the recovery from the
financial crisis. Central banks have established forward guidance, i.e. the central bank’s
commitment to future policy actions based on its assessment, as very effective tool to
provide stimulus to the economy (for a recent overview, see Bernanke, 2020).

An early branch of the literature discusses the credibility of forward guidance in
simple analytical frameworks and finds that the ZLB is not a serious constraint on the
implementation of optimal monetary policy as long as the central bank can commit
to future actions (Eggertsson and Woodford, 2003; Nakov, 2008, and Jung et al.,
2005). However, models in these papers rely on the assumption that, once the ZLB
episode is over, it never reoccurs in the future. Recent models have been extended in
a way to allow for frequent ZLB episodes in order to analyze the power of forward
guidance, even when there is no commitment technology available. According to
Nakata (2018), an optimal Ramsey plan can credibly sustain as long as there is only a
marginal probability that a binding zero lower bound will reoccur in the future.Walsh
(2018) shows that also under discretionary policy, forward guidance can be credible
as long as there are recurring episodes of binding constraints on interest rates.

This paper analyzes how the cost channel of monetary policy affects the credibility
of forward guidance. A cost channel is present when firms’ marginal costs depend on
the nominal rate of interest. As a result, there is a supply-side effect of monetary policy.
Investigating whether and, if so, how the cost channel changes the credibility of
forward guidance is not least important because the cost channel is empirically relevant
(see, for instance, Barth and Ramey, 2001; Ravenna and Walsh, 2006; Chowdhury
et al., 2006 and Tillmann, 2008). We build on the approach of Walsh (2018) who
proposes two conditions that must be satisfied to render forward guidance credible.

First, the gain of forward guidance must be positive. That is, the present discounted
value of losses at the ZLB must be smaller under forward guidance compared to a
reference policy (i.e., discretionary policy in our case). Second, the central bank must

1The Fed also began to purchase treasuries and mortgage-backed securities in order to stimulate
economic activity.

2Even before this statement, the New York Fed’s survey of primary dealers as of July 2020 reveals that
95% of respondents expect the federal funds rate to be equal to or below the range of 0.00-0.25% at
the end of 2020. Also for the end of 2021 (2022), 77% (61%) of respondents expect interest rates to be
within this range.
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have no temptation to defect from promises made in the past. In other words, in every
period until the promised lift-off date, fulfilling promises made in the past must be the
central bank’s best strategy.

We show that, compared to a standard New Keynesian model, the supply-side effect
of the cost channel significantly changes the nature of forward guidance and the
conditions under which promises about future policy actions are credible. Overall,
our results are threefold.

First, we find that across both models, past promises might be honored, which is,
however, only the case when fulfilling past promises is the central banks’ best strategy
at any point until the promised lift-off date. Across both models, we observe that
the reason for forward guidance to be credible is that it improves outcomes at the
ZLB by raising expectations of inflation and the output gap after exiting the ZLB.
That is, we find that the promised path of zero interest rates leads to an anticipated
overheating of the economy which, in turn, leads forward-looking households to
increase consumption and firms to increase prices, accordingly. Nevertheless, in our
calibrated model, we find that the optimal communicated horizon is shorter under
the cost channel. Second, however, following the optimal strategy leads to larger
improvements at the ZLB, which is found to be based on the breakdown of the divine
coincidence. Finally, we find that these effects depend on the strength of the cost
channel. More precisely, we find that both the improvement at the ZLB as well as
the optimal horizon are strongly affected by the strength of the supply-side effect in
the Phillips curve. We take these results as motivation and investigate what happens
if the cost channel is simply ignored in the central bank’s optimization problem. We
find evidence that if the cost channel is present but ignored by the central bank and
if the central bank behaves optimally under the perceived model it believes to be the
true one, this can result in foregone improvements at the ZLB in terms of steady-state
consumption.

This paper connects two strands of literature. The first strand assumes that each
period, there is a fixed probability of leaving the ZLB. This Markovian structure is also
used in, to name a few, Eggertsson and Woodford (2003), Eggertsson (2011), Bilbiie
(2019).3 However, in all of these papers, the problem is that ZLB episodes are one-off
events. Even though the central bank can improve outcomes at the ZLB, following
the insinuated path is of no further use if ZLB episodes cannot reoccur, because in
such a situation, the central bank’s best strategy is to renege on past promises. As is
shown by Nakata (2018), things change if there is only a slight probability of recurring
ZLB episodes. However, while Nakata (2018) considers the optimal Ramsey policy
in his paper, we follow Walsh (2018) and assume that optimal monetary policy is
discretionary. This is because, as discussed in Bernanke (2020), the limits of forward

3Other papers (see, for instance, Kiley, 2016 and Cochrane, 2017) assume that the ZLB is binding for
a fixed number of periods.
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guidance are rendered by how the public understands the central bank’s communi-
cated objective. In this respect, as pointed out by Walsh (2018), the simplicity of
discretionary policy makes it easier to communicate to the public, even if discretionary
policy might be suboptimal relative to the Ramsey policy. We find that similar to the
results in Walsh (2018), also under the cost channel forward guidance can only be
credible when recurring ZLB episodes are possible and if the length of horizon is
not too long. Morevoer, we find a non-linear effect of the combination of high ZLB
persistence and simultaneously high probability of recurrent ZLB episodes on the
gain of forward guidance. More precisely, we find that even with one-period forward
guidance, the gain can be negative if these two probabilities are not too high at the
same time. Importantly, our results imply that this non-linear effect is much stronger
under the cost channel.

The second strand of literature examines the role of the cost channel in the im-
plementation of optimal monetary policy (including forward guidance) at zero lower
bound. As we do in this paper, most of these papers rely on the Ravenna and Walsh
(2006) framework which nests the standard New Keynesian model. For example,
Pathberiya (2016) finds that within a discretionary framework, the optimal forward
guidance horizon is longer when a cost channel is present. In his framework, he
assumes that agents have perfect foresight in order to simplify the analysis. Chat-
topadhyay and Ghosh (2020) show that the cost channel plays an important role under
forward guidance. They show that the implementation of forward guidance reduces
welfare losses relative to discretion.

However, the problem in these papers is that they include simplifying assumptions
(e.g., ZLB episodes as one-off events, perfect foresight) and abstract from various
sources of uncertainty. For example, while perfect foresight might simplify the analy-
sis, it also implies that both the central bank as well as households know exactly when
and how long the ZLB will bind. Contrary to this, in our framework uncertainty
about future ZLB episodes plays a key role in the expectation formation process. We
therefore model the evolution of the economy in different states, namely at the ZLB,
away from the ZLB and during every period within the forward guidance horizon.

The remainder of this paper is structured as follows. In Section II, we introduce
the model and show how to solve it with numerical techniques. In Section III, we
investigate how the cost channel affects equilibrium outcomes away from the ZLB in
the absence of forward guidance. The latter is introduced in Section IV, where we
first present the results for one-period forward guidance and subsequently extend the
model to the multiperiod case. A battery of robustness checks and further results are
presented in Section V. Section VI concludes.
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II METHODOLOGY

A. The Model

Consider a simple New Keynesian model that features the cost channel as proposed in
Ravenna and Walsh (2006). The private sector can be summarized by

xt = Etxt+1 − σ−1 (it − Etπt+1 − rt) (1)

πt = βEtπt+1 + κ
[(
σ + η

)
xt + δit

]
, (2)

where xt is the output gap in period t, it is the short-term nominal interest rate, πt

is the current inflation rate, and rt is an exogenous stochastic process. Contrary to
the standard New Keynesian model, the Phillips curve now also includes a supply-
side effect, δit, such that the short-term nominal interest rate appears both on the
demand and the supply side. This effect relies on the assumption that firms’ marginal
costs depend on the nominal interest rate because firms need to raise nominal debt to
finance production. Importantly, the Phillips curve as in (2) nests the conventional
Phillips curve for δ = 0.

We assume that the nominal interest rate must not be smaller than zero. That is, it
must hold that4

it ⩾ 0. (3)

We assume a two-state (states n and z) Markov chain process, so rt can have two
different values in either state, namely rz < 0 or ρ > 0. Define P as the matrix of
transition probabilities which is equal to

P ≡


Pr(n | n) Pr(n | z)
Pr(z | n) Pr(z | z)


 =




s 1 − q
1 − s q


 .

In particular, we assume that in state z (ZLB is binding) when rt = rz, then rt+1 = rz

with probability q and rt+1 = ρwith 1−q. We can therefore think of q as the probability
of staying at the ZLB. Accordingly for state n , when rt = ρ (ZLB not binding), then
rt+1 = ρ with probability s and rt+1 = rz with 1 − s. In other words, once we exit the
ZLB, we assume that a non-negative probability 1 − s exists that periods can occur
where the ZLB becomes binding (i.e. a reversion to the ZLB). This is the crucial
difference to the Eggertsson and Woodford (2003) framework, where state z is a one-
off event, i.e. where the probability of staying away from the ZLB is equal to s = 1.

An appropriate specification of monetary policy closes the model. It is assumed that

4For simplicity, we do not differentiate between the ZLB and the ELB, i.e., the rate below which it
becomes profitable to exchange reserves for cash.
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monetary policy minimizes the microfounded loss function

Lt =
1
2

Et

∞∑

k=0

βk
(
π2

t+k + λx2
t+k

)
, (4)

by means of discretionary policy, where λ is the relative weight the central bank places
on the output gap.5 Hence, we assume that the central bank reoptimizes the trade-off
between the of output and inflation and there is no mechanism that allows the central
bank to commit to future actions. The central bank minimizes (4) subject to (1)-(3)
and takes households’ expectations as given. The resulting targeting rule reads

λxt + κ
[
σ(1 − δ) + η

]
πt = 0. (5)

That is, once the shock rt occurs in state n, the central bank sets the nominal interest
rate in a way that (5) always holds. Keep in mind that in the absence of the cost
channel, the resulting targeting rule reads λxt + κ

[
σ + η

]
πt = 0. In the next section,

we will discuss the implications of this change in the targeting rule.

B. Solving the Model

In the absence of forward guidance, we need to solve the model for two different states,
namely for state n when the zero lower bound is not binding and for state z when the
zero lower bound is binding. Recall that in state n, there is a non-negative probability
1 − s that the zero lower bound will bind in the subsequent period. Accordingly,
we remain away from the zero lower bound with probability s. Rational agents are
able to solve the model and form expectations accordingly. Hence, under discretion,
expected outcomes for the output gap and inflation in state n are weighted averages
of the equilibrium values in state n and z, respectively, and read

Et(xt+1|n) = sxd
n + (1 − s)xd

z

Et(πt+1|n) = sπd
n + (1 − s)πd

z ,

where the superscript d denotes outcomes under discretionary policy. The central
bank implements the targeting rule (5) such that the resulting equilibrium condition
in state n is given by

λxd
n + κ

[
σ(1 − δ) + η

]
πd

n = 0. (6)

5Note that in this paper, we assume that the appropriate reference for welfare consideration is the
efficient economy, i.e., the output gap is measured as the difference between the actual output that
would prevail in the absence of nominal rigidities and (in the cost channel economy) financial frictions.
The advantage is that the corresponding loss functions of the central bank perfectly coincide across
models. Importantly, in the standard New Keynesian model, price stickiness and market power are
the only sources of inefficiency. Common practice is to introduce a fiscal subsidy of employment that
is financed via a lump-sum tax. In this case, the output under flexible prices is also efficient.
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The resulting equilibrium conditions for state n are obtained by using the expectations
for output and inflation given we are in state n and read

xd
n =

[
sxd

n + (1 − s)xd
z

]
− σ−1

(
id
n −

[
sπd

n + (1 − s)πd
z

]
− ρ

)
(7)

πd
n = β [sπn + (1 − s)πz] + κ

[(
σ + η

)
xd

n + δid
n

]
. (8)

We can apply the same procedure when the economy is stuck at the zero lower
bound. In this case, the nominal interest rate is already determined and equal to zero.
The model-consistent expected values of the output gap and inflation, given we are
in state z, are

Et(xt+1|z) = qxd
z + (1 − q)xd

n

Et(πt+1|z) = qπd
z + (1 − q)πd

n.

As a result, the equilibrium conditions as implied by the supply and demand side are
given by

xd
z =

[
qxd

z + (1 − q)xd
n

]
+ σ−1

([
qπd

z + (1 − q)πd
n

]
+ rz

)
(9)

πd
z = β

[
qπd

z + (1 − q)πd
n

]
+ κ

(
σ + η

)
xd

z . (10)

Importantly, the equilibrium conditions in state z coincide across the models, i.e.,
equations (9) and (10) do not directly depend on the presence of the cost channel. This
is because in state n, the supply side effect disappears when the short-term interest rate
is equal to zero. Nevertheless, outcomes at the zero lower bound, i.e., in state z, may
differ across models because households attach a positive probability to equilibrium
outcomes in state n.

We summarize the five unknowns in a vector y = [xd
n πd

n id
n xd

z πd
z]′ and solve the

model

Ay = c,

where the matrix A contains the reduced-form coefficients and c is an appropriate
vector that contains the corresponding entries of the stochastic process rt, i.e. the
corresponding entries of either ρ and rz or zero otherwise.6

6In the appendix it is shown how to numerically solve the model. Because the system is purely forward-
looking, we use this procedure throughout the paper. Note that many papers (see, for instance, Adam
and Billi, 2006; Adam and Billi, 2007 and Nakata, 2018) model both a zero lower bound on nominal
interest rates as well as a normal distribution for stochastic disturbances, which in combination renders
the model highly non-linear. This is in part circumvented throughout this paper because we assume
that the natural rate of real interest follows a two-state Markov process and we assign different states
to equilibrium outcomes at and away from the ZLB. This simplifies our solution method.
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C. Calibration

The baseline calibration for the structural parameters and the shock is summarized in
Table (1).

Parameter β σ η κ λ rz ρ
Value 0.99 2 2 0.02(η + σ)−1 0.003 -0.005 0.01

Table 1: Baseline Calibration

The values of the deep structural parameters for β, σ, η, and the value for λ are com-
monly used in the literature (see Eggertsson and Woodford, 2003; McKay et al.,
2016; and more recently, Walsh, 2018).7 While rz is calibrated to model a shock
with an annualized size of −2%, the value of β implies a long run real interest rate of
ρ = β−1 − 1 = 0.01. It is worth noting that we need to multiply the value of κ in our
model with (σ + η)−1 to get a value of κ = 0.02 which corresponds to the slope of the
Phillips curve as in the papers cited above. Throughout the paper, we compare our
results from the textbook model, that is the New Keynesian model as in Clarida et al.
(1999), with the model that features the cost channel as in Ravenna and Walsh (2006).
For the former case, this amounts to setting δ = 0, such that the model collapses to
the textbook model. However, when the cost channel is considered, we use δ = 1.8

Finally, we need to calibrate benchmark values for s and q. We follow Walsh (2018)
and Nakata (2018) and discipline our choice by confronting the transition probabilities
for states n and z with historical data for the effective federal funds rate running from
1960Q1-2019Q4. For this sample, the federal funds rate has been below 25bp for
11.81% of the time, while for 88.19% it was above or equal to 25bp. Thanks to the
nature of Markov Chains, we can derive the steady-state behavior of our chain. For
the limiting case lim

k→∞
Pk, it must hold that

Ψ = ΨP,

where Ψ contains the long-run fractions of being in either state n or state z, respec-
tively. After some algebra, one can show that

Ψ(n) =
1 − q

2 − s − q
!
= 0.8819, Ψ(z) =

1 − s
2 − s − q

!
= 0.1181.

Following Walsh (2018) and Eggertsson and Woodford (2003) we choose values for
q that are close to 0.9 and satisfy both conditions above, in particular q = 0.875 and

7The model-consistent value of λ is equal to λ = κ(σ+ η)θ−1 where θ is the price elasticity of demand
faced by firms. We follow Walsh (2018) and apply the same value for θ as in Woodford (2003), i.e., θ
is equal to θ = 7.88, which implies a relative weight of the output gap of λ = 0.003.

8This is the empirically estimated value for δ for the US. In order to test the sensitivity of our results
with respect to this parameter, we will also try different values for δ.
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calibration q s
A 0.875 0.98326
B 0.85 0.97991

Table 2: Baseline values for q and s.

q = 0.85. That is, once the economy is stuck at the ZLB, there is a 87.5% (85%)
chance of staying at the ZLB in the next period. This in turn translates into a value of
s = 0.98326 (s = 0.97991).

Recall that in state n, when the zero lower bound is not binding, the nominal interest
rate needs to satisfy the non-negativity constraint, i.e. it must hold that in ⩾ 0. Hence,
we need to ensure that our benchmark calibration results in an interest rate which
satisfies (3).9 Table (2) reports our baseline calibrations which we label as calibration
A for s = 0.98326 and q = 0.875 and calibration B for s = 0.97991 and q = 0.85,
respectively.
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Figure 1: Short-term interest rate in in equilibrium for different combinations of s and q. The
black squares (triangles) mark the corresponding equilibrium values under calibration A (B).
Values are multiplied by 100.

Figure (1) plots the equilibrium values of in (in percent) for different combinations
of s and q. The upper panel plots in in the absence of the cost channel, i.e., when
δ = 0, whereas in the bottom panel, the cost channel is included with δ = 1. The

9This is why we cannot use a value of q = 0.9, as a 90% probability of staying at the ZLB violates the
non-negativity constraint, see Figure (1).
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shaded areas highlight the region in which the model violates the ZLB. Although we
will discuss the effects of the cost channel later on in detail, it stands out that under
both calibrations A and B, the interest rate in both models is positive so condition (3)
is not violated.

Figure (1) also presents the schedule for in when q = 0.90. This is only presented
because this value for the probability of staying at the ZLB is the same as in Eggertsson
and Woodford (2003). Nevertheless, throughout the paper, we mainly present our
results for q = 0.875 and q = 0.85.

To sum up, the baseline calibration ensures that the non-negativity constraint is
satisfied for both models. However, we should be cautious when trying different
combinations of s and q, as the equilibrium outcomes for in are very sensitive to s
when the probability of staying at the ZLB is high.

III EQUILIBRIUM IN THE ABSENCE OF FORWARD GUIDANCE

In this section, we first examine how the cost channel affects the equilibrium values in
both states n and z in the absence of forward guidance. We do so by comparing the
equilibrium outcomes both without and with the cost channel. Abstracting from the
cost channel amounts to setting δ = 0, such that the model collapses to the textbook
model. On the contrary, we set δ = 1 as the baseline value for the interest rate pass-
through.

A. How the Cost Channel Works in this Framework

Before discussing the effect of the cost channel on the equilibrium outcomes of the
output gap, inflation and the short-term interest rate, this subsection aims to clarify
where and, if so, how the cost channel can make a difference at the ZLB in general
and in this framework in particular.

We say that a cost channel is present when firms’ marginal costs depend on the
nominal rate of interest. This can be motivated under the assumption that firms need
to hold working capital in order to paying factors of production before receiving their
revenues. Technically, the cost channel translates into an additional term, δit, on the
supply side of the model. That is, contrary to the textbook model, where the short-
term interest rate solely appears on the demand side, under the cost channel it also has
a direct effect on the supply side. The cost channel also introduces a direct effect on the
specific targeting rule, that is the optimal relationship between output and inflation
that must hold when the central bank adjusts its interest rate. Note that the targeting
rule reads

πt = −
(
λ
κ

) 1[
σ(1 − δ) + η

]xt.
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For δ = 0, the targeting rule collapses to the textbook case πt = −λ (κ̃)−1 xt, where κ̃ ≡
κ
(
σ + η

)
. However, under the cost channel, i.e. when δ > 0, the optimal relationship

between inflation and the output gap changes. Comparing the targeting rules across
models, we see that in the presence of the cost channel, a given change in xt goes
in hand with a larger change in inflation compared to the textbook model. In other
words, stabilizing inflation becomes more costly in terms of the output gap. Hence,
the central bank needs to move the nominal interest rate by more compared to the
case in the textbook model.

Another important aspect is that the cost channel represents a simple friction that
leads to a breakdown of the divine coincidence. That is, given a shock on the demand
side of the economy, the central bank can no longer perfectly stabilize the shock by
counteracting appropriately. Hence, a shock on the demand side leads to inflation and
output gap fluctuations under optimal discretionary policy. This is contrary to the
standard New Keynesian model of Clarida et al. (1999), where an optimal response
of the central bank to demand shocks guarantees that neither inflation nor the output
gap deviate from their steady-state equilibrium values.

One advantage throughout this paper is that it is easy to trace back the source of
diverging results from the models with and without the cost channel, respectively.
Keep in mind that we have different states in our framework, namely one state away
from the zero lower bound (state n), one state at the zero lower bound (state n) and, in
the case of forward guidance, one additional state for each period of forward guidance
until the lift-off date. To keep things simple, let us for a moment concentrate on the
case without forward guidance. Importantly, in state z the short-term interest rate
at the zero lower bound is already determined and equal to zero. This is important
because in this case, the equilibrium conditions in state z across the textbook model
and the model featuring the cost channel effectively coincide. Keeping this in mind
helps us a lot when analyzing the sources of different results across models, because
we know that any difference in equilibrium values in state z must effectively originate
(via households’ expectations) in state n. This argument is also true under forward
guidance. That is, because the short-term interest rate is held at zero although the
ZLB is no longer binding, the equilibrium conditions across models coincide in any
forward guidance period until the lift-off date, i.e., until the central bank implements
the optimal discretionary policy. When the economy is stuck at the zero lower bound,
households form model-consistent expectations and take into account the equilibrium
values that prevail when the economy has left the zero lower bound. Hence, via
households’ expectations, the equilibrium outcomes in state n also have an effect on
equilibrium outcomes in state z. Also under forward guidance, the equilibrium values
will differ across models because households form expectations accordingly and thus
take outcomes in state n into account.
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B. Equilibrium Outcomes away from the ZLB

As we discussed in the previous subsection, the breakdown of the divine coincidence in
combination with the more aggressive targeting rule should have an effect on equilib-
rium outcomes. In this subsection, we will compare equilibrium outcomes away from
the zero lower bound across both models, i.e. in the standard New Keynesian model
as well as under the cost channel. State n serves as a benchmark, since all equilibrium
conditions other than in state n coincide across models.10
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Figure 2: Outcomes for πn in equilibrium for different combinations of s and q. The black
squares (triangles) mark the corresponding equilibrium values under calibration A (B).

Figures (2) and (3) show the annualized equilibrium values of inflation and the out-
put gap in state n for both models. In both figures, the upper panel shows equilibrium
outcomes in the textbook model, while the lower panel shows the corresponding
equilibrium values under the cost channel. Three key results stand out.

First, for s = 1, both inflation and the output gap in the textbook model are equal
to zero, which is because the central bank can perfectly stabilize the demand shock.
However, this is not the case when a cost channel is present. The breakdown of the
divine coincidence worsens the trade-off between the stabilization of inflation and
the output gap and, as a result, we have a non-zero inflation even when no recurring
episodes at the ZLB are possible. Maintaining the targeting rule, which constitutes

10That is, equilibrium outcomes in state z will also be different because households attach a positive
probability to a switch from state z to state n.
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Figure 3: Outcomes for xn in equilibrium for different combinations of s and q. The black
squares (triangles) mark the corresponding equilibrium values under calibration A (B).

the optimal decision under discretion, requires a negative output gap. This is why we
see a negative output gap for values of s close to one when a cost channel is present.
Second, we see that under both models and for both inflation and the output gap,
the equilibrium outcomes depend on s and q. That is, we observe that inflation (the
output gap) decreases (increases), the more likely it is that an adverse demand shock
occurs which pushes the economy back to the ZLB. The reason is that households take
into account the possibility of lower income during future recessions and adjust their
consumption decision for today accordingly. Not surprisingly, this effect is stronger
if the expected duration of the ZLB episode increases, i.e. the higher q is.11

Third, and most importantly, the quantitative effects of s and q on the equilibrium
outcomes of πn and xn strongly depend on whether a cost channel is present or not.
That is, we observe that a higher probability of recurring ZLB episodes as well as a
higher expected duration at the ZLB have a stronger effect under the cost channel.
To show why this is the case, we use the Phillips curve and the targeting rule in state
n and derive an expression for πn that depends on πz, i.e. equilibrium inflation at the

11This effect is also found in Walsh (2018).
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ZLB. By doing so, we get

πn = (1 − s)
βλ(

1 − βs
)
λ + κ2

(
σ + η

) (
σ + η − σδ)πz

+
κλδ(

1 − βs
)
λ + κ2

(
σ + η

) (
σ + η − σδ) in.

Given that the economy is stuck at the ZLB, the real interest rate is suboptimally high
because the central bank cannot reduce the short-term interest rate below zero. The
resulting negative output gap goes in hand with deflation, i.e. with πz < 0. For a
given πz, the first term on the right-hand-side clearly shows that inflation in state n
positively depends on πz. That is, as long as there is only a marginal probability of
reverting to the ZLB, the effect via the real interest rate also leads to deflation in state n.
Moreover, this effect depends positively on the strength of the cost channel measured
by δ.12 The second term on the right-hand-side stems from the supply-side effect of
the cost channel, i.e. the direct effect the short-term interest rate has on inflation. As
opposed to the first term, this effect is positive and explains why, in equilibrium, we
observe a change in both inflation (the output gap) from positive (negative) to negative
(positive). This is the case when the supply-side effect is outweighs the effect from the
demand side. For our calibrated model, inflation in state n is only positive when s
is very close to unity, i.e. for s > 0.985. Importantly, the second term completely
disappears when δ = 0, i.e. in the absence of the cost channel.13

Recall that this line of arguments also holds under forward guidance. Even though
things become more complicated through additional states, it is important to repeat
that any different result across models we observe in the next section originates in state
n, i.e. when the economy is away from the zero lower bound.

C. Welfare Evaluation

Throughout the paper, we follow Walsh (2018) and solve Bellman equations in order
to account for the evolution of states. That is, we evaluate the equilibrium in terms
of the presented value of losses. Let l(τ) be the current loss under state τ. Then,
considering the whole sequence of events that will follow in the future, the Bellman
equation in state τ reads

Lτ = lτ + β
{
p(τ|τ) × L(τ) + p(τ′|τ) × L(τ′)

}
,

where p(τ|τ) is the probability to remain in state τ and p(τ′|τ) is the probability of
switching to state τ′, accordingly. In our case of a two state Markov structure, we

12In the robustness section, we try different values for δ in order to check how the strength of the cost
channel affects our results.

13In this case, we get the same expression for πn as a function of πz as in Walsh (2018), namely πn =
(1 − s) βλ[

(
1 − βs

)
λ + κ2 (

σ + η
)

(σ + η)]−1πz.
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need one Bellman equation for each state. That is, our present discounted values Ld
n

and Ld
z are given by

Ld
n =

1
2

[
(πd

n)2 + λ(xd
n)2

]
+ βsLd

n + β(1 − s)Ld
z (11)

Ld
z =

1
2

[
(πd

z)2 + λ(xd
z)2

]
+ βqLd

z + β(1 − q)Ld
n, (12)

where the expression in squared brackets is the current loss in either state.14

Figure (4) shows the corresponding present value of future discounted losses in state
n, i.e. when the economy is away from the ZLB. As we would expect, for both models
losses increase with the probability q of staying at the ZLB. Moreover, for both models
the losses also increase the more likely the economy reverts to the ZLB, although this
effect is much stronger under the cost channel. This reflects our results from before,
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Figure 4: Loss in state n for different combinations of s and q. The black squares (triangles)
mark the corresponding equilibrium values under calibration A (B). Values are expressed in
percent of steady-state consumption.

as we found that the supply-side effect induced by the cost channel in combination
with the more aggressive targeting rule leads to higher volatility. For instance, under
calibration A, the present value of future discounted losses in state n correspond to

14Common practice is to express the present value of losses in terms of steady-state consumption
equivalence (see Billi, 2017; Billi, 2011). Therefore, we follow Billi (2017) and Walsh (2018) and
express the present value of losses Ld

τ in state τ = n, z as the share of steady-state consumption
µτ = 100 × (1 − β)

[
ωθ(1+ηθ)

(1−ω)(1−ωβ)

]
Ld
τ, where ω = 0.75.
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Figure 5: Loss in state z for different combinations of s and q. The black squares (triangles)
mark the corresponding equilibrium values under calibration A (B). Values are expressed in
percent of steady-state consumption.

0.382 percent of steady-state consumption without the cost channel and 0.510 percent
when the cost channel is included, respectively. Under calibration B, with reversions
to the ZLB being more likely, we get 0.119 percent and 0.122 percent, respectively.

Figure (5) shows the present value of future discounted losses at the ZLB, i.e. in
state z. We see that losses are higher under the cost channel in terms of steady-state
consumption. Not surprisingly, the outcomes in state z are in general higher than in
state n, although the effect is small.

Figure (6) plots the difference between the results with and without the cost channel.
Both the upper and bottom panels show the differences across models the same values
of s and q as in Figures (4) and (5). Most strikingly, the difference in both states
is always positive and shows the same patterns regarding the sensitivity to s and q as
before.15 The difference between losses at and away from the ZLB between the model
with and without the cost channel very much depend on the transition probabilities.
While for both q = [0.85; 0.875] the difference between losses is very high, the more
likely the economy reverts to the ZLB, this effect almost disappears the closer s gets to
one. To sum up, these results show that the supply-side effect introduced by the cost
channel changes the dynamics both at and away from the ZLB.
15This result is qualitatively similar to Pathberiya (2016), who studies optimal monetary policy under

the cost channel at the ZLB. However, the results therein rely on a different modeling of the shock
as well as on perfect foresight regarding household expectations.
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IV FORWARD GUIDANCE

Now that we have analyzed how the economy both with and without the cost channel
works under optimal discretionary monetary policy, in this section we introduce
forward guidance. Forward guidance amounts to the promise of the central bank
to keep the nominal interest rate at zero for another k periods even when the ZLB is
no longer binding in order to stimulate the economy. Having fulfilled its promise, in
period k + 1 the central bank implements the optimal discretionary policy, given that
the economy has not returned to the ZLB.

For forward guidance to be credible, two conditions must be satisfied. First, losses
at the ZLB under forward guidance must be small or equal to losses under optimal
discretionary policy. Hence, it must hold that L f g

z ⩽ Ld
z , where the superscript f g

denotes losses under forward guidance and d denotes losses under optimal discre-
tionary policy (i.e. k = 0), respectively. Second, given that the central bank keeps
the nominal interest rate at zero when the ZLB is not a binding constraint, it must
have no incentive to defect and implement the optimal policy instead. This incentive
arises because optimal policy requires to counteract shocks accordingly. By keeping
the nominal interest rate at zero instead, the central bank allows inflation and output
to be different from zero. To sum up, it must hold that L f g

e < Ld
n, where the subscript
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e denotes outcomes in the exit period, i.e. the last forward guidance period. When
this condition is satisfied, the central bank has no temptation to defect from promises
made in the past such that fulfilling past promises is the central bank’s best strategy in
the exit period.16

In the case of one-period forward guidance, we need one additional state (state e, the
exit period) consisting of two additional equations such that the joint set of equilibrium
conditions reads

x f g
z =

[
qx f g

z + (1 − q)x f g
e

]
+ σ−1

([
qπ f g

z + (1 − q)π f g
e

]
+ rz

)

π
f g
z = β

[
qπ f g

z + (1 − q)π f g
e

]
+ κ

(
σ + η

)
x f g

z

x f g
e =

[
sx f g

n + (1 − s)x f g
z

]
+ σ−1

([
sπ f g

n + (1 − s)π f g
z

]
+ ρ

)

π
f g
e = β

[
sπ f g

n + (1 − s)π f g
z

]
+ κ(σ + η)x f g

e

x f g
n =

[
sx f g

n + (1 − s)x f g
z

]
− σ−1

(
i f g
n −

[
sπ f g

n + (1 − s)π f g
z

]
− ρ

)

π
f g
n = β

[
sπ f g

n + (1 − s)π f g
z

]
+ κ

[
(σ + η)x f g

n + δi f g
n

]

λx f g
n + κ

[
σ(1 − δ) + η

]
π

f g
n = 0.

Notice that model-consistent expectations in state n now imply that households expect
the central bank to keep the nominal interest rate at zero for one additional period, i.e.
in the period the economy exits the ZLB. Hence, households place a positive weight
for equilibrium values in state e which is the exit period in the case of one-period
forward guidance (k = 1). By the same token, households realize that after keeping the
nominal interest rate at zero for one period, the central bank will implement optimal
discretionary policy thereafter.

The corresponding valuation equations read

L f g
e =

1
2

[
(π f g

e )2 + λ(x f g
e )2

]
+ βsL f g

n + β(1 − s)L f g
z

L f g
n =

1
2

[
(π f g

n )2 + λ(x f g
n )2

]
+ βsL f g

n + β(1 − s)L f g
z

L f g
z =

1
2

[
(π f g

z )2 + λ(x f g
z )2

]
+ βqL f g

z + β(1 − q)L f g
e ,

and can be jointly solved as in the case of pure discretionary policy.

A. Results for One-Period Forward Guidance

In this subsection, we analyze whether forward guidance is credible based on the
underlying conditions stated above, i.e. we separately look at (i) the gain of forward
guidance and (ii) the temptation to renege on the commitment. Recall that the former

16More generally, we adopt the definition of credibility as in Walsh (2018) who labels a policy plan as
credible if the present value of losses obtained by implementing the policy (i.e., forward guidance in
this case) is, in every state, less than or equal to the present value of losses under discretionary policy.

158



case corresponds to the difference of losses at the ZLB, i.e. in state z when implement-
ing the promised path of interest rates. The latter case corresponds to the difference of
losses in the exit period which controls whether fulfilling past promises is the central
bank’s best strategy. Figure (7) plots the gain G = Ld

z − L f g
z for different combinations
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Figure 7: Gain of one-period forward guidance as G = Ld
z − L f g

z for different combinations
of s and q.The black squares (triangles) mark the corresponding equilibrium values under
calibration A (B). Values are expressed in percent of steady-state consumption.

of s and q, both for the model without the cost channel (upper panel) and with the
cost channel (bottom panel).

Two things stand out. First, for q = 0.85, the gain of forward guidance is always
positive. For our two baseline calibrations A and B, the gains are equal to 0.090 (A)
and 0.248 (B) in the textbook model and 0.105 (A) as well as 0.344 (B) under the
cost channel, respectively. Note that for q = 0.85, the gain of forward guidance
increases, the more likely a reversion to the ZLB is. That is, in both models the gain
monotonically increases in 1−s.17 Moreover, under q = 0.85, the gain is always higher
under the cost channel than in the model without the cost channel. Intuitively, this
means that the improvement of outcomes at the ZLB is larger when the cost channel
is included as opposed to the case when the cost channel is absent.18 Second, when we

17Note that Figures (7) and (8) mirror image the results typically found in the literature. Specifically,
for s = 1, we find that the improvement at the ZLB delivers a positive gain for both values of q in
both models. Nevertheless, the temptation is slightly positive. It follows that, in this case, the central
bank is better off reneging on past promises and switch to the discretionary policy instead.

18Note that in the previous section, we argued that the strength of the cost channel also matters for
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Figure 8: Temptation to defect for one-period forward guidance as T = L f g
e −Ld

n for different
combinations of s and q. The black squares (triangles) mark the corresponding equilibrium
values under calibration A (B). Values are expressed in percent of steady-state consumption.

assume a higher probability of staying at the ZLB, the central bank’s promise can lack
credibility under the cost channel if, at the same time, the probability of reverting
to the ZLB is high. This can be seen as the gain in the bottom panel is negative for
q = 0.875 and when s is close to 0.95. In this case, a promise to keep the nominal
interest rate at zero after the economy has exited the ZLB would not be credible.
However, this is not the case in the textbook model, where also under q = 0.875, the
gain is always positive for all values of s between 0.95 and 1 and looks qualitatively
very much like in the case of q = 0.85.

Figure (8) plots the corresponding temptation to defect. Roughly speaking, the
results look qualitatively similar to the case where one would flip the paths from (7)
upside-down. As a result, we find that for one-period forward guidance, there is
no temptation to defect from past promises when losses at the ZLB under forward
guidance are improved over outcomes under optimal discretionary policy.

Table (3) reports equilibrium outcomes for the output gap, inflation, and the nom-
inal interest rate in all three states (except for the nominal interest rate as it is already
determined in states e and z) under both, optimal discretionary policy and forward
guidance. The upper part of the table reports the results for calibration A, while the

the gain of forward guidance. This can be seen in Figures (11) and (12), where we plot the gain of
one-period forward guidance as a function of q and δ.
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CALIBRATION A
without Cost Channel

k xn xe xz πn πe πz in

0 1.735 1.735 -15.185 -0.260 -0.260 -2.511 0.794
1 1.320 3.008 -11.762 -0.198 -0.164 -1.911 0.844

with Cost Channel
k xn xe xz πn πe πz in

0 1.161 1.161 -17.080 -0.348 -0.348 -2.876 0.760
1 0.690 2.356 -13.336 -0.207 -0.190 -2.170 0.833

CALIBRATION B
without Cost Channel

k xn xe xz πn πe πz in

0 1.097 1.097 -9.477 -0.164 -0.164 -1.350 0.857
1 0.753 2.557 -6.773 -0.113 -0.077 -0.927 0.902

with Cost Channel
k xn xe xz πn πe πz in

0 0.368 0.368 -10.346 -0.110 -0.110 -1.409 0.868
1 -0.021 1.845 -7.382 0.006 0.025 -0.908 0.933

Table 3: Results for one-period forward guidance. Outcomes for i are multiplied by 100,
values for the π are annualized rates and values for x are in percent.

bottom part of the table reports outcomes for calibration B.
Not surprisingly, in equilibrium, all outcomes for inflation and the output gap are

higher in absolute value, the longer the expected duration of the ZLB, both under
optimal discretionary policy and under forward guidance. This observation holds
both for the textbook model as well as under the cost channel. For example, under
calibration B within the cost channel economy, deflation at the ZLB is equal to −1.409
(annualized) with a corresponding output gap of −10.346. Away from the ZLB, the
equilibrium inflation rate is −0.110. The central bank adjusts the nominal interest
rate in order to satisfy the targeting rule, which results in an output gap in state n of
0.368. Under calibration A and a more persistent ZLB episode, outcomes at the ZLB
are almost twice as large with πz = −2.876 and xz = −17.080. Also, away from the
ZLB, i.e. in state n, both the output gap and inflation are remarkably higher than
before. However, when the central bank announces to keep the nominal interest rate
at zero, once the economy has left the ZLB, much of the variance at and away from
the ZLB can be reduced. This is where the gain of forward guidance comes from
in both models, i.e. the improvement of outcomes of the inflation rate as well as the
output gap at the ZLB. As we would expect, the variance of the output gap in the
exit period is larger under forward guidance than under optimal discretionary policy.
However, this effect is overcompensated through the improvement in inflation over
discretionary policy because the output gap only has a relative weight of λ = 0.003
in the central banks’ loss function. These results are qualitatively similar under the
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standard textbook model, although the relative differences in state n are higher under
the cost channel.

CALIBRATION A
without Cost Channel

k Ln Le Lz Gain Temptation
0 0.382 0.382 0.592 0.000 0.000
1 0.222 0.222 0.344 0.248 -0.160

with Cost Channel
k Ln Le Lz Gain Temptation
0 0.510 0.510 0.783 0.000 0.000
1 0.281 0.281 0.439 0.344 -0.229

CALIBRATION B
without Cost Channel

k Ln Le Lz Gain Temptation
0 0.119 0.119 0.171 0.000 0.000
1 0.056 0.057 0.082 0.090 -0.062

with Cost Channel
k Ln Le Lz Gain Temptation
0 0.122 0.122 0.181 0.000 0.000
1 0.050 0.050 0.075 0.105 -0.072

Table 4: Results for one-period forward guidance. Losses are expressed in percent of steady-
state consumption.

Table (4) summarizes our findings and reports the corresponding losses in each
state as well as the gain and temptation under the same calibrations as in Table (3).
The reported values for both, the gain and temptation imply that one-period forward
guidance is credible across both models, as the gain for k = 1 is positive in both cases
and the temptation to defect is negative.19 Altogether, it stands out that the gain is
higher under the cost channel due to lower welfare losses at the ZLB. Our results
are comparable to Walsh (2018), who finds that even in a discretionary environment,
forward guidance can be credible as long as the ZLB is occasionally binding. In the
next section, we extend our analysis to the multiperiod case for k > 1.

B. The Multiperiod Case

Suppose the central bank promises to keep the nominal interest rate at zero for the
general case of k > 0 periods after exiting the ZLB. Given that the economy has not
reverted to the ZLB for the entire k periods, the central bank implements optimal
discretionary policy in period k+1 by means of the targeting rule (6). If the economy
instead reverts to the ZLB after k < k periods, the process starts over.

19Notice that for all calibrations, we also ensured that the non-negative constraint on the short-term
interest rate is satisfied.
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In order to jointly solve the model with multiperiod promises, we need k additional
states, that is one state for each period that belongs to the promise made by the central
bank. In particular, for each additional state we need two more equations because we
have two additional unknowns.20 For k > 0 periods, we have two equations in state
z, i.e. at the ZLB, three equations in state n, i.e. when the economy is staying away
from the ZLB under optimal discretionary policy and 2× k for each period (i.e. state)
under forward guidance.

In this section, we focus on the credibility of forward guidance for values of k = 0 up
to k = 5 under the baseline calibration for the structural parameters and the history-
consistent calibrations for s and q as summarized in Table (2). However, it is worth
noting that the analysis requires us to be cautious about the level of the short-term
interest rate in state n. For each k under consideration we have to ensure that the
interest rate in state n does not violate the non-negative constraint (3).

CALIBRATION A
without Cost Channel with Cost Channel

k Ln Le Lz Gain Temptation Ln Le Lz Gain Temptation
0 0.382 0.382 0.592 0.000 0.000 0.510 0.510 0.783 0.000 0.000
1 0.222 0.222 0.344 0.248 -0.160 0.281 0.281 0.439 0.344 -0.229
2 0.082 0.083 0.128 0.464 -0.300 0.085 0.085 0.136 0.647 -0.424
3 0.004 0.005 0.007 0.585 -0.377 0.030 0.031 0.030 0.753 -0.478
4 0.072 0.076 0.112 0.480 -0.307 0.426 0.433 0.563 0.220 -0.077
5 0.469 0.480 0.726 -0.134 0.097 2.292 2.317 3.194 -2.411 1.807

Table 5: Results for k-period forward guidance. Losses are expressed in percent of steady-
state consumption. Rows with values in bold font indicate that under this horizon k, the gain
is maximized and forward guidance is credible. Rows with values in italics correspond to
horizons where forward guidance is not credible, either because (1) the gain is negative, (2)
temptation is positive or (3) both at the same time.

Let us start with our results for calibration A. Table (5) reports the present value
of losses in states e, n and z as well as the gain and the temptation to defect from the
promised forward guidance policy for k = 0 (i.e. optimal discretion) up to k = 5. In
the absence of the cost channel, promises to keep the short-term interest rate at zero
for up to four periods after exiting the ZLB deliver significantly better outcomes over
discretion in terms of welfare losses. As equilibrium outcomes in state n also depend
on outcomes in state z, losses away from the ZLB are also being improved by promises
to keeping the interest rate at zero for up to four periods. However, the present value
of losses at the ZLB is minimized for k = 3 with a gain of 0.585. Also, note that such a
promise is credible as the central bank has no temptation to defect from past promises
made when the economy was stuck at the ZLB.

Under the cost channel, the qualitative results are very similar. Losses are lower
under forward guidance as against discretion for up to k = 4. The gain is maximized
for k = 3. In this case, the present value of losses at the ZLB is 0.030 as compared to

20The interest rate is obviously known under forward guidance and determined as zero.
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0.783 under discretion, which results in a gain of 0.753. The corresponding value of
-0.478 in the last column states that this promise is also credible.

CALIBRATION B
without Cost Channel with Cost Channel

k Ln Le Lz Gain Temptation Ln Le Lz Gain Temptation
0 0.119 0.119 0.171 0.000 0.000 0.122 0.122 0.181 0.000 0.000
1 0.056 0.057 0.082 0.090 -0.062 0.050 0.050 0.075 0.105 -0.072
2 0.012 0.012 0.017 0.154 -0.107 0.016 0.017 0.019 0.162 -0.105
3 0.006 0.007 0.009 0.162 -0.111 0.078 0.080 0.086 0.094 -0.042
4 0.081 0.084 0.116 0.055 -0.034 0.363 0.369 0.447 -0.267 0.247
5 0.313 0.323 0.452 -0.281 0.205 1.179 1.199 1.514 -1.334 1.077

Table 6: Results for k-period forward guidance. Losses are expressed in percent of steady-
state consumption. Rows with values in bold font indicate that under this horizon k, the gain
is maximized and forward guidance is credible. Rows with values in italics correspond to
horizons where forward guidance is not credible.

What if the expected duration of ZLB episodes is shorter and reversions to the ZLB
episodes are more likely? Table (6) reports the same results for calibration B. Across
both models, losses at the ZLB are in general lower than in the former case, because
the expected duration of ZLB episodes is shorter. Without the cost channel, forward
guidance still yields improved outcomes over discretion at the ZLB for up to four
periods. Also, just as in the former case, losses at the ZLB are minimized for k = 3,
which is also a credible promise as such a promise delivers no positive temptation to
defect.

However, under the cost channel, the results are qualitatively different compared to
the former case. We find that, when the expected duration of ZLB episodes is lower,
forward guidance delivers improved outcomes only for up to k = 3 as opposed to
k = 4 for the case without the cost channel. Also, losses at the ZLB are minimized for
k = 2 as opposed to k = 3 when the cost channel is absent. Recall that the inclusion of
the cost channel only makes a difference in state n, as at the ZLB and under forward
guidance, the nominal interest rate is equal to zero. Hence, the difference must stem
from the supply-side effect of the nominal interest rate in the Phillips Curve as well as
the targeting rule. Overall, it stands out that while forward guidance is less credible
under the cost channel, we find that at the same time, the improvement at the ZLB
can be greater under the cost channel than in its absence.

Figure (9) summarizes our results and plots the gain of forward guidance based on
the two calibrations of Table (2) for k = 0 (discretionary policy) up to k = 5. Not
surprisingly, across both models, the gain is higher when the expected duration of the
ZLB period is longer. This is because improved outcomes for both, inflation and the
output gap at the ZLB, imply expected inflation to be closer to zero upon exiting than
it is under optimal discretion (see also Walsh, 2018 for this point). It stands out that
in general, both models show a similar qualitative picture, saying that the gain shows
an inverse U-shape, also turning from positive to negative for pretty much the same
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Figure 9: Gain of forward guidance as G = Ld
z − L f g

z for different combinations of s and q.
Values are expressed in percent of steady-state consumption.

values of k = 5. However, with a reversion to the ZLB more likely (calibration B),
the gain under the cost channel is also negative for k = 4 but positive in the textbook
model. Figure (10) shows the temptation to defect from past promises for the same
calibrations as in the former case. In all cases, the temptation shows a hump-shaped
pattern and, most importantly, implies that temptation is always negative when the
gain is positive at the same time. Hence, under the calibration considered, we do not
have the case that the central bank has a positive temptation to defect while still being
able to improve outcomes at the ZLB.

V SENSITIVITY ANALYSIS

A. The Effect of the Real Interest Rate

In this subsection, we examine how our results depend on the effect of the real interest
rate. Our benchmark calibration assigns a value of σ = 2 to the inverse elasticity of
substitution. Even though this value is widely accepted in the literature, we check
how our results change if we try a different value of σ, namely σ = 0.16. This value
is used for example in Woodford (2003), Adam and Billi (2006) as well as Adam and
Billi (2007).21 From an economic perspective, σ measures the inverse intertemporal

21In these papers (or book in the case of Woodford, 2003), the intertemporal elasticity of substitution
is denoted σ rather than σ−1. A value of σ = 0.16 in our model therefore refers to σ = 6.25 in the
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Figure 10: Temptation of forward guidance as G = Ld
z − L f g

z for different combinations of s
and q. Values are expressed in percent of steady-state consumption.

elasticity of substitution of aggregate spending. That is, lower values of σ imply that
households respond stronger to changes in the real interest rate. Table (7) reports the
results for the gain and temptation, both for our calibration of σ = 2 as well as the
alternative value of σ = 0.16. Results are reported for both calibrations for s and q as
in the main text.

A few things stand out. First, under calibration A, we find that a promise to keep
the interest rate at zero after the economy has left the ZLB improves outcomes at the
zero lower bound over discretion for a horizon up to k = 3. Interestingly, however, a
promise to keep the interest rate at zero for three quarters yields a positive temptation,
both under the cost channel as well as in the textbook model. Hence, such a promise
is not credible because the central bank has an incentive to renege on past promises
and switch to discretionary policy instead. Second, for σ, the results for both the gain
and temptation for all horizons are much closer across both models. Intuitively, this
is because with a smaller value for σ, we increase the effect of the real interest rate on
aggregate expenditure. That is, we technically reduce the relative effect of the cost
channel. For both models, the highest gain is achieved when k = 2. This promise is
also credible.

Under calibration B, the striking qualitative difference compared to the main part of
the paper here is that in the previous section, promises were credible for up to k = 4.

papers cited above.
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CALIBRATION A
without Cost Channel with Cost Channel

σ = 2 σ = 0.16 σ = 2 σ = 0.16
k Gain Temptation Gain Temptation Gain Temptation Gain Temptation
0 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
1 0.248 -0.160 0.358 -0.220 0.344 -0.229 0.380 -0.247
2 0.464 -0.300 0.478 -0.250 0.647 -0.424 0.491 -0.280
3 0.585 -0.377 0.074 0.135 0.753 -0.478 0.036 0.134
4 0.480 -0.307 -1.293 1.275 0.220 -0.077 -1.432 1.342
5 -0.134 0.097 -4.195 3.613 -2.411 1.807 -4.465 3.774

CALIBRATION B
without Cost Channel with Cost Channel

σ = 2 σ = 0.16 σ = 2 σ = 0.16
k Gain Temptation Gain Temptation Gain Temptation Gain Temptation
0 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
1 0.090 -0.062 0.512 -0.350 0.105 -0.072 0.546 -0.385
2 0.154 -0.107 0.635 -0.385 0.162 -0.105 0.642 -0.423
3 0.162 -0.111 -0.008 0.164 0.094 -0.042 -0.061 0.158
4 0.055 -0.034 -1.826 1.615 -0.267 0.247 -1.965 1.665
5 -0.281 0.205 -5.200 4.260 -1.334 1.077 -5.403 4.352

Table 7: Results for k-period forward guidance. Losses are expressed in percent of steady-
state consumption. Rows with values in bold font indicate that under this horizon k, the gain
is maximized and forward guidance is credible. Rows with values in italics correspond to
horizons where forward guidance is not credible.

With σ increasing the effect of the real interest rate, this is no longer the case. Now,
forward guidance is credible for up to two periods after the economy has left the ZLB.
However, contrary to the previous case, all of these promises are also credible, and the
central bank’s best strategy is to fulfill its promises. Note that also under calibration,
we find that the difference between the textbook model as well as the model featuring
the cost channel became much smaller. Since, also under the benchmark calibration,
the most significant improvement over discretion could be achieved for k = 2, this
makes no qualitative difference under the cost channel.

Summing up, we find that our qualitative results do not change considerably. While
the optimal forward guidance horizons are exactly the same under both models, results
only change for the textbook model. Still, we find that forward guidance in both
models can be credible as long as the forward guidance horizon is not too long. Most
importantly, however, we find again that for the optimal horizon k, forward guidance
is more powerful with the cost channel than without the cost channel.

B. Results Without Recurring ZLB Episodes

Throughout the paper, we mainly focused on calibrated values for s and q that match
the historical data for the US. In this section, we relax this assumption and try differ-
ent combinations for s and q, i.e. calibrations that do not match movements of the
federal funds rate. We now try the combinations (s, q) = (1, 0.9) as well as (s, q) =
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(0.9999, 0.9). For the former case, our model collapses to the model of Eggertsson
and Woodford (2003), who abstract from recurring ZLB episodes and assume that
the binding constraint on the nominal interest rate is a one-off event instead. The
second calibration is chosen because Walsh (2018) shows that forward guidance in a
discretionary framework can be credible when there is even a marginal probability of
recurring ZLB episodes. This experiment is interesting for two reasons. First, while

without Cost Channel with Cost Channel
s = 0.9999 s = 1 s = 0.9999 s = 1

k Gain Temptation Gain Temptation Gain Temptation Gain Temptation
0 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
1 2.010 -0.020 2.003 0.000 2.010 -0.018 1.901 0.000
2 3.649 -0.035 3.623 0.000 3.440 -0.031 3.396 0.000
3 4.742 -0.045 4.709 0.001 4.364 -0.038 4.302 0.001
4 5.060 -0.047 5.025 0.003 4.456 -0.036 3.382 0.008
5 4.327 -0.036 4.305 0.006 3.412 -0.020 0.915 0.015

Table 8: Results for k-period forward guidance for different values of s. In all cases, q = 0.9.
All values are expressed in percent of steady-state consumption. Rows with values in bold font
indicate that under this horizon k, the gain is maximized and forward guidance is credible.
Rows with values in italics correspond to horizons where forward guidance is not credible.

we would expect that for s = 1, forward guidance can never be credible in the textbook
model, we do not know whether this is also the case under the cost channel. From
an economic perspective, this is because under the cost channel, any demand shock
always creates a trade-off between the stabilization of the output gap and inflation and
leads to fluctuations even under an optimal policy, because shocks on the demand side
can no longer be stabilized perfectly. Therefore, under the cost channel, πn = xn = 0
cannot be part of a feasible solution. Second, we found that forward guidance under
the cost channel is at best as credible as under the textbook model. Therefore, we assess
whether forward guidance can also be credible when the probability of reverting to
the ZLB is only minuscule.

Table (8) reports the results for both models. For s = 1, we find exactly what we
would expect for the textbook model.22 That is, although the gain is positive and
there seems to be an opportunity to improve outcomes at the ZLB, such promises
are never credible because the central bank would always renege on past promises
and implement discretionary policy in the exit period instead. However, also under
the cost channel, the gain of forward guidance is positive, even when future ZLB
episodes never reoccur. Again, we find that the central bank is better off if it defects
from past promises. As a result, forward guidance is not credible in the Eggertsson and
Woodford (2003) framework. Intuitively, the reason is that in the exit period, either
inflation or the output gap or both are closer to zero under discretionary policy than
under forward guidance, although demand shocks cannot be perfectly stabilized.

22In fact, these are one-by-one the results as in Walsh (2018).
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When s = 0.9999, promises are credible for the entire horizon from k = 1 up to
k = 5. In both models, the largest improvement over discretionary policy at the ZLB
can be achieved for k = 4.

Summing up our results, we find that forward guidance can be credible under the
cost channel, even if the probability of reoccurring ZLB episodes is very small (0.01%).
However, we also find our usual qualitative result that forward guidance is less credible
under the cost channel. This is because if we extend the horizon to k = 7, we find that
forward guidance is credible for up to k = 6 in the textbook model and up to k = 6
under the cost channel.

C. The Strength of the Cost Channel

In this subsection, we assess how our results behave when we change the strength
of the cost channel, which is controlled by the coefficient of δ. Values of δ that are
smaller than one indicate that changes in the central bank’s policy rate do not translate
into a one-to-one increase of inflation through the supply side. This can be motivated
by the assumption that firms only partly rely on financial intermediaries in order to
pay factors of production in advance. As a result, a value of δ > 1 would imply that
firms have to pay a markup when borrowing from financial intermediaries. This could
be motivated by the assumption that the pass-through from the central bank’s policy
rate to the actual lending rate is not complete. A value of δ = 1 implicitly assumes
that there is no friction which results in an incomplete pass-through from the central
bank’s policy rate to the lending rate.

Our calibration of δ = 1 as our benchmark value is taken from Ravenna and Walsh
(2006), who use a broad set of instruments and show that the coefficient of δ is not
significantly different from one. However, the uncertainty around their estimate also
covers values of δ that are far above and below one. Chowdhury et al. (2006) estimate
a hybrid Phillips curve featuring a cost channel and find a value of δ = 1.3 for the US.
Hence, we work with two different values of δ, namely δ = 0.5 and δ = 1.5.

The results for the gain and temptation for values of k = 0 to k = 5 under our
benchmark calibrations A and B are presented in Table (9) for the set of δ =

[
δ, δ, δ

]
.

Overall, we find that the calibration of δ makes a difference. Broadly speaking, we
find that a lower value of δ moves the results in the direction of the results under the
textbook model. While for δ, the optimal horizon for k is equal to the benchmark value
of δ = 1, we find that under calibration B, a promise to keep the interest rate at zero
for four periods after the ZLB episode is now credible, as there is an improvement
of outcomes at the ZLB and because the central bank has no temptation to defect
when it comes to fulfill its promise in the exit period. In this sense, the results are
qualitatively equal to the textbook model regarding the overall credibility as well as
the optimal horizon for k. However, for δwe find a different picture. Now, the optimal
horizon is one quarter lower compared to the results under the baseline calibration.
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CALIBRATION A
δ = 0.5 δ = 1 δ = 1.5

k Gain Temptation Gain Temptation Gain Temptation
0 0.000 0.000 0.000 0.000 0.000 0.000
1 0.277 -0.180 0.344 -0.229 0.718 -0.508
2 0.523 -0.340 0.647 -0.424 1.147 -0.749
3 0.657 -0.423 0.753 -0.478 -2.063 1.972
4 0.497 -0.309 0.220 -0.077 -88.358 70.324
5 -0.400 0.299 -2.411 1.807 -369.642 286.471

CALIBRATION B
δ = 0.5 δ = 1 δ = 1.5

k Gain Temptation Gain Temptation Gain Temptation
0 0.000 0.000 0.000 0.000 0.000 0.000
1 0.096 -0.067 0.105 -0.072 0.077 -0.033
2 0.163 -0.112 0.162 -0.105 -0.156 0.208
3 0.161 -0.107 0.094 -0.042 -1.443 1.357
4 0.010 -0.007 -0.267 0.247 -6.953 6.098
5 -0.453 0.349 -1.334 1.077 -39.043 33.256

Table 9: Results for different values of δ. All values are expressed in percent of steady-state
consumption. Rows with values in bold font indicate that under this horizon k, the gain
is maximized and forward guidance is credible. Rows with values in italics correspond to
horizons where forward guidance is not credible.

While for calibration A, k = 3 periods were optimal in the benchmark case, the largest
improvement can now be achieved for k = 2. By the same token, the optimal horizon
in calibration B changed from k = 2 to k = 1.

What is also interesting is that under an incomplete interest rate pass-through,
forward guidance is now far less credible than in the benchmark case as well as for
a value of δ that is lower than one. We find that under calibration A, promises are
only credible for up to k = 2, whereas, under calibration B, only one-period forward
guidance can improve losses at the ZLB. Interestingly, for k = 2 an improvement could
be achieved, but the central bank would defect from past promises and implement the
time-consistent optimal policy plan instead.

Summing up our results, we find that the strength of the cost channel significantly
changes our results, both quantitatively and qualitatively. A strong cost channel makes
forward guidance less credible, whereas a weak cost channel pushes results in the
direction of our benchmark results.

D. Ignoring the Cost Channel

So far, we compared the credibility of forward guidance between a standard New
Keynesian model and an otherwise standard model that includes a cost channel. While
the assumption that firms need to pay factors in advance and rely on financial inter-
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mediaries to do so before receiving revenues is convincing per se, this is not a standard
assumption in New Keynesian models nowadays. Most researchers typically ignore
the cost channel and rely on a standard textbook model, or add other frictions instead.
But what happens if, instead, a cost channel is present, but mistakenly ignored by the
central bank? To tackle this question, we apply a poor man’s approach and assume
that the central bank optimizes (4) subject to (1), (3) and a Phillips curve that reads

πt = βEtπt+1 + κ(σ + η)xt,

where the term δit is now missing. However, the true Phillips curve is still given by
(2), i.e. the cost channel actually exists but is overseen or ignored by the central bank.
As a result, the corresponding targeting rule in state n is now given by

πt = −
(
λ
κ

) 1
σ + η

xt.

If a present cost channel is not taken into account by the central bank, forward guid-
ance can be less credible, because the central bank does not respond optimally in state
n anymore. Because the equilibrium outcomes in the other states also depend on state
n, the equilibrium values in these states will also change. We will therefore focus on
the missing benefit that would have been achieved when the true model had been
considered. Thus, it is straightforward to report the difference of the gain that would
have been achieved, given that the central bank had behaved optimally subject to
the model it perceives to be the true one. To put it differently, we actually derive
the foregone benefit (improvement) of lower losses at the ZLB that would have been
achieved, had the central bank taken the correct model into account.

This is done in Table (10) for our benchmark calibrations for s and q. Starting with
s = 0.98326 and q = 0.875, we find that forward guidance can be credible even if the
central bank responds to shocks based on a misperceived model. However, while the
optimal horizon is still given by k = 3 which results in a gain of 0.564, the same promise
would result in a gain of 0.753 in the true model. Consequently, the foregone benefit
at the ZLB in terms of steady-state consumption is equal to 0.189 percent. Given that
a cost channel is indeed present, this amounts to 25.1% of the gain at the ZLB. That
is, while there is still an improvement over discretion through forward guidance, this
benefit could have been even higher had the central bank taken the true model into
account. Interestingly, we find that for all values of k that imply a credible promise in
the true model, the gain at the ZLB is always lower if the central bank considers the
wrong model as the true one.

Under calibration B, we find a slightly different result. With reversion to the ZLB
being more likely, the wrong model yields an optimal horizon of k = 3, as opposed
to the true model where k = 2 is optimal. In this case, however, the relevant foregone
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CALIBRATION A
true model wrong model

k Gain Temptation Gain Temptation ∆ Gain
0 0.000 0.000 0.000 0.000 0.000
1 0.344 -0.229 0.244 -0.152 0.100
2 0.647 -0.424 0.446 -0.283 0.201
3 0.753 -0.478 0.564 -0.354 0.189
4 0.220 -0.077 0.467 -0.282 -0.244
5 -2.411 1.807 -0.110 0.109 -2.301

CALIBRATION B
true model wrong model

k Gain Temptation Gain Temptation ∆ Gain
0 0.000 0.000 0.000 0.000 0.000
1 0.105 -0.072 0.081 -0.055 0.024
2 0.162 -0.105 0.138 -0.091 0.024
3 0.094 -0.042 0.140 -0.088 -0.046
4 -0.267 0.247 0.028 -0.003 -0.295
5 -1.334 1.077 -0.304 0.240 -1.030

Table 10: Results for different values of s. In all cases, q = 0.9. All values are expressed in
percent of steady-state consumption. Rows with values in bold font indicate that under this
horizon k, the gain is maximized and forward guidance is credible. Rows with values in italics
correspond to horizons where forward guidance is not credible.

benefit has to be calculated as ∆Gain=0.162-0.140=0.022, which is equal to 13.58% of
the gain at the ZLB under the true model. However, overall, it stands out that given
the central bank behaves optimally according to the model it believes to be the true
one, we find that ignoring the cost channel might be costly in terms of aggregate
steady-state consumption. This effect is, however, is much stronger, the higher the
expected duration of the ZLB episode.23

VI CONCLUSION

A common finding in the literature is that the zero lower bound does not have serious
consequences, given that a central bank can commit to future actions. If instead
a discretionary policy environment is assumed, the zero lower bound has adverse
welfare effects. Any promise of the central bank to keep the interest rate at zero
once the the ZLB is no longer binding is not credible in this case because the central
bank will renege on promises made in the past. This result changes if the ZLB is
occasionally binding, i.e., if future ZLB episodes are possible.

In this paper, we compare the credibility of forward guidance in a standard New
Keynesian textbook model and an extension of the model that allows for a cost channel.

23We did the same experiment with values of δ > 1, i.e., under the assumption of an imperfect interest
rate pass-through from the central bank’s policy rate to the lending rate. In this case, the effect found
above is much higher, resulting in sizable foregone improvements at the ZLB.
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Since under a cost channel, any shock on the demand side always creates a trade-off
between the stabilization of the output gap and inflation, we find that the supply-side
effect introduced by the cost channel makes forward guidance, at best, as credible as in
the absence of the cost channel. At the same time, however, we show that this trade-
off makes forward guidance more powerful under the optimal horizon. Ignoring the
cost channel can be costly and results in foregone steady-state consumption. If firms
only partially rely on financial intermediaries when paying factors of production in
advance, the cost channel does not make a difference concerning the optimal horizon
of forward guidance. If, instead, the interest rate pass-through from the central bank’s
policy rate to the lending rate is instead incomplete, forward guidance lacks credibility
when the promised length of zero interest rates is too long.

Digging deeper, one could use a more sophisticated modeling of financial frictions,
in which the size of the cost channel is pinned down to agency costs (see, De Fiore,
Fiorella and Tristani, 2013). Another interesting topic for future research would be
to endogenize the relation between forward guidance and the financial system. In the
current model, there is no such feedback. If this assumption would be relaxed instead
and forward guidance changes the willingness of banks to lend, this should feed back
onto the supply side.
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APPENDIX

A SOLVING THE MODEL

Throughout the paper, we solve the model numerically. In the absence of forward
guidance, the system of equations reads

xd
n =

[
sxd

n + (1 − s)xd
z

]
− σ−1

(
id
n −

[
sπd

n + (1 − s)πd
z

]
− ρ

)

πd
n = β [sπn + (1 − s)πz] + κ

[(
σ + η

)
xd

n + δid
n

]

xd
z =

[
qxd

z + (1 − q)xd
n

]
+ σ−1

([
qπd

z + (1 − q)πd
n

]
+ rz

)

πd
z = β

[
qπd

z + (1 − q)πd
n

]
+ κ

(
σ + η

)
xd

z

λxd
n + κ

[
σ(1 − δ) + η

]
πd

n.

Define y = [in, xn, πn, xz, πz] and c = [ρσ−1, 0, rzσ−1, 0, 0]. The appropriate
(5 × 5) matrix with reduced-form coefficients then reads

A =




σ−1 1 − s −sσ−1 −(1 − s) −(1 − s)σ−1

−κδ −κ(σ + η) 1 − βs 0 −β(1 − s)
0 −(1 − q) −(1 − q)σ−1 1 − q −qσ−1

0 0 −β(1 − q) −κ(σ + η) 1 − βq
0 −λ −κ [

η + σ(1 − δ)
]

0 0




,

such that the model in companion form reads

Ay = c.

The solution of the model can therefore be easily obtained as

y = A−1c.

Solving the model under forward guidance works exactly as above, except that we
need two additional equations for each k, i.e. for each additional state.
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B ADDITIONAL PLOTS

Figure 11: Gain as a function of q and δ for s = 0.9799. Values are expressed in percent of
steady-state consumption.

Figure 12: Gain as a function of q and δ for s = 0.9833. Values are expressed in percent of
steady-state consumption.
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Pandemic Shocks and Household Spending

DAVID FINCK∗ PETER TILLMANN†

Abstract

We study the response of daily household spending to the surprise number of fatalities of
the COVID-19 pandemic, which we label as pandemic shock. Based on daily forecasts
of the number of fatalities, we construct the surprise component as the difference between
the actual and the expected number of deaths. We allow for state-dependent effects of
the shock depending on the position on the curve of infections. Spending falls after the
shock and is particularly sensitive to the shock when the number of new infections is
strongly increasing. If the number of infections grows moderately, the drop in spending is
smaller. We also estimate the effect of the shock across income quartiles. In each state,
low-income households exhibit a significantly larger drop in consumption than
high-income households. Thus, consumption inequality increases after a pandemic shock.
Our results hold for the US economy and the key US states. The findings remain
unchanged if we choose alternative state-variables to separate regimes.

Keywords: COVID-19, Consumption, Smooth-Transition Model,

Consumption Inequality, State-Dependence

JEL classification: E21, E32, I10

∗University of Giessen, email: david.finck@wirtschaft.uni-giessen.de
†University of Giessen, email: peter.tillmann@wirtschaft.uni-giessen.de

178



I INTRODUCTION

The global spread of the COVID-19 pandemic since January 2020 led to a sharp
contraction of economic activity in almost all economies affected by the virus. Be-
tween January and April 2020, real personal consumption expenditures declined by
more than 15%. With personal consumption expenditures accounting for 68% of US
GDP in 2019, this decline in spending casts shadow on overall economic activity in
2020. Consumption recovered in May and June, partly driven by government transfers
which led to an increase in real disposable income.

In this paper, we provide an analysis of the causal effect of the pandemic on house-
hold spending. Spending, such as consumption in general, should mostly be driven
by unexpected shocks. According to the theory of permanent income, predictable
fluctuations in future income should prompt households to tap the capital market and
smooth consumption, such that consumption exhibits very little fluctuations.1

We look at the unexpected number of fatalities of the pandemic and analyze how
it affects spending decisions. We draw on forecasts of the number of fatalities due to
COVID-19 in the US provided by Gu (2020) and contrast the one day-ahead forecast
with the actual number of deaths. A positive forecast error is consistent with an under-
prediction of the number of fatalities or a surprise in the severity of the pandemic,
respectively. Importantly, the number of reported deaths exhibits transient drops on
weekends, typically followed by increases during the week. We therefore purify our
shock by regressing it on a set of dummies for each day of the weak. We refer to
this series of unexpected deaths as a pandemic shock and use it as the key explanatory
variable for household spending. As a matter of fact, this is only one possible way to
model the surprising spread of the pandemic. Other surprises, such as the development
of a vaccine, could also have effects on household spending.2

Our measure of household spending is provided by Chetty et al. (2020) and consists
of debit and credit card transactions in the US. The key advantage of the data is
timeliness. We can track spending on a daily frequency for the entire US economy as
well as for US states. In a series of local projections, see Jordà (2005), we estimate the
response of spending to a pandemic shock.

There are at least three channels through which a pandemic shock can affect spend-
ing. First, an adverse pandemic shock could prompt households to restrain con-
sumption voluntarily. This is because the virus spreads through social interaction
such as shopping in retail stores, dining or entertainment. Anxious households could
reduce these activities even before official lockdown measures are in place.3 Second,
households might be barred from consumption due to a lockdown of selected activities

1See Jappelli and Pistaferri (2010) for a survey of the field.
2We are grateful to an anonymous referee for this point.
3Goolsbee and Syverson (2021) show that consumer behavior during the pandemic is more driven by
fear of infection than formal restrictions.
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or even shelter-in-place orders. An adverse pandemic shock makes these measures
more likely. Third, households could perceive an unexpected change in future income
and adjust their spending accordingly. Even if a household is not itself affected by
the virus, the future of entire industries is at risk. Workers in the service sector, for
example, cannot resort to working from home and experience a large drop in future
income.4

While we cannot disentangle these transmission channels, we take account of an
important property that all three channels have in common: the effect of a pandemic
shock should be stronger if the virus spreads more rapidly. The more widespread the
virus is, the larger the reluctance to shop offline, the more likely stricter lockdown
measures and the more severe the drop in future income will be. Thus, the effect of
the pandemic shock should depend on the position of the economy on the infection
curve.

Therefore, we generalize our model and allow the pandemic shock to have regime-
dependent effects. In our baseline setting, we chose the growth of the daily number
of new infections as our state variable. This figure is omnipresent, especially in the
media, and provides information on where the economy stands on the infection curve.
The transition between states is driven by either a non-parametric model introduced
by Born et al. (2020) or a parametric approach proposed by Auerbach and Gorod-
nichenko (2012).

We show that a pandemic shock originating when the number of new infections is
growing fast has a strongly negative effect on spending. We find a significant drop
of about 0.8% in spending after a pandemic shock of one standard deviation. The
drop in consumption is consistent with recent macroeconomic models of the effect of
income expectations and uncertainty on consumption, see Dietrich et al. (2022), or
the feedback between the spread of the pandemic and macroeconomic aggregates, e.g.
Eichenbaum et al. (2021). Following the strategy of Gorodnichenko and Lee (2020),
a forecast error variance decomposition shows that the pandemic shock explains more
than 20% of fluctuations in spending.

If the shock occurs in a situation in which the virus spreads less rapidly, spending
drops by 0.4% only with the peak response occurring after one week. Throughout the
paper, we find that the nexus between spending and the pandemic shock is strongly
depending on the underlying regime. In almost all cases, we can reject the null
hypothesis of equal spending responses across regimes. We estimate the model not
only for the whole US economy, but also for the 10 largest US states. Across all states,
the regime-dependent sensitivity of spending to pandemic shocks is very similar. The
results remain unchanged if we use alternative state variables such as the level of new
infections rather than the growth rate of infections.

4In a survey conducted early in the pandemic, Binder (2020) finds that households expect an increase
in unemployment due to the pandemic.
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We also study the spending response across income quartiles. We use data on spend-
ing for residents of ZIP codes with low, middle and high median household income.
This allows us to estimate the response of household spending across income groups to
a pandemic shock. The first two of the three transmission channels discussed before,
voluntary and forced consumption restraint, should apply equally to high-and low-
income households.

The third channel, however, should imply that low-income households reduce their
spending by more compared to high-income households. This is because the drop
in lifetime income should be particularly pronounced for low-productivity workers,
e.g. workers in the service sector.5 We do indeed find that in the regime with a
strong growth of the number of infections, high-income households reduce their
spending by 0.75%, while low-income households cut expenditures by 1%. This is
remarkable because the initial fall in spending was larger for high-income households
as documented by Chetty et al. (2020). Our results suggest that the economic burden
of the pandemic in terms of consumption falls more on low-income households.6 The
difference in spending responses is highly statistically significant in both regimes.
Thus, the pandemic contributes to a growing of consumption inequality. We also
show that employment of low-income households is significantly more sensitive to
the shock compared to mid-income households. High-income employment even
increases after the shock. Hence, the evolution of employment supports our findings
for household spending across income quartiles.

This paper contributes to the recent work on household behavior based on innova-
tive datasets. In an early paper, Baker et al. (2020) use transaction-level data for the
US in order to document the changes in consumption patterns after the outbreak of
the coronavirus. Cox et al. (2020) extend this line of research and shed light on the re-
sponse of consumption and saving across the income distribution. Using transaction-
level data from the largest Danish bank, Andersen et al. (2020) show that the decline
in spending increases in the exposure of households to the economic consequences of
the pandemic. Hacioglu Hoke et al. (2020) use data from a fintech company based in
the UK to track the behavior of spending. These authors also document the build-
up of financial stress as well as consumption and income inequality across households.
Carvalho et al. (2021) use six billion transactions of customers of Spain’s second-largest
bank to track consumption over the crisis. Coibion et al. (2020) estimate the effect
of lockdowns on spending and household expectations based on survey data. They
make use of the asynchronous timing of lockdown measures in order to identify a
causal effect. The occurrence of the first corona infection is used to instrument local
5Even if the drop in income were equal across income groups, we expect the marginal propensity
to consume (MPC) to be higher for low-income quartiles. In fact, Karger and Rajan (2020) track
spending of recipients of governmental transfer payments during the COVID-19 pandemic. They
find an MPC of 0.68 for hand-to-mouth consumers and 0.23 for savers.

6See Mongey et al. (2021) for an analysis of the effect of social distancing across workers. They find
significant differences in the burden from social distancing.
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lockdown restrictions. They find that lockdown restrictions explain most of the fall
in consumer spending since March 2020.7

Most of these papers, with the exception of Coibion et al. (2020), provide descriptive
evidence based on massive new datasets or estimate the response of spending to ob-
servable events. Instead, we aim at estimating the sensitivity of spending to unexpected
changes in the severity of the pandemic.

The paper is organized as follows. Section II presents the data and discusses the
derivation of our pandemic shock. Section III lays out our estimation strategy. Our
results are discussed in Section IV. Section V presents results on the US state level. Sec-
tion VI presents results for alternative state variables. Section VII illustrates potential
transmission channels and Section VIII concludes.

II DATA

To investigate the response of consumption to the unexpected spread of the pandemic,
we rely on two data sets. The first contains information on daily household spending
since the outbreak of the coronavirus and the second reports daily historical forecasts
on the number of fatalities due to COVID-19.

A. Household Spending

Throughout the paper, the dependent variable is a measure of household spending.
We have daily observations ranging from April 3 to October 4. We use the series
provided by Chetty et al. (2020), which are open source and available at https://
tracktherecovery.org.8

We also have spending broken down into ZIP codes with high, middle and low
median income. Below, we will refer to these subgroups of households as high- and
low-income households, although we do not have information on household income,
but only on median income of the ZIP code of residency.

Due to the high volatility in daily spending, the publicly available series are 7-day
moving averages. Furthermore, data on consumer spending exhibits strong weekly
fluctuations which are autocorrelated across years. To account for this, Chetty et al.
(2020) divide all spending series by their corresponding value from 2019. Lastly, the
seasonally adjusted data are indexed to their pre-pandemic level, i.e. the mean of the
7-day moving average from January 8-28. Hence, our series are given in percent,
such that a value of two percent in t corresponds to an increase of spending by two
percent relative to its average value in January.

7Alexander and Karger (2020) analyze consumer spending and cellphone records in the US and show
the causal effect of stay-at-home orders on spending.

8Chetty et al. (2020) collect the data on spending from Affinity Solutions Inc. This company aggregates
information on credit and debit card spending. The data is available for nation-wide aggregates as well
as for each US state.
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Figure 1: Total spending and spending by income quartile
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Notes: The left panel shows the difference of actual spending relative to its level in January
2020 by customers living in ZIP codes with different income classes, namely high (top quartile)
median income, middle (middle two quartiles) median income as well as low (bottom quartile)
median income. The right panel shows the difference in spending of customers living in ZIP
codes with high median income and customers living in ZIP codes with low median income.
In both samples, the start of our estimation sample (April 3rd) is highlighted by the red vertical
lines.

The left panel of Figure (1) shows that for all income quartiles, household spending
fell sharply in mid-March, when national emergency was declared. In early April,
spending fell by 36.4% for high-income households, 32% for middle-income house-
holds and 29.8% for low-income households. The right panel shows relative spending,
i.e. the difference between spending of high- and low-income households. The
reversion of spending to the pre-pandemic level differs remarkably, with the level
of low-income households being almost back to the pre-pandemic level. Spending
from high-income households fell more and recovered less - a finding that we need
to keep in mind as we show below that the sensitivity of high-income households to
pandemic shocks is actually smaller than that of low-income households.

At this stage, a discussion of the limitations of the spending data is warranted. The
data tracks credit and debit card transactions only. It covers approximately 10% of
all credit and debit card transactions in the US. There are two main limitations com-
pared to alternative survey data available on a much lower frequency: First, the fo-
cus on card-based transactions gives too small a weight to households with financial
constraints. These households might not have access to credit card services and are
not covered. This matters for the comparison of spending across income groups.
Moreover, different responses of rich and poor households can also reflect different
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consumption baskets. Affluent households might substitute their restaurant visits by
grocery shopping. While both are payed by credit card, the substitution leads to
a drop in the value of transactions. Poor households, in contrast, stick to grocery
shopping. Second, sectors with frequent credit card payments such as restaurants and
hotels might be over-weighted, while sectors with infrequent card payments such as
vehicle sales or financial services might be underrepresented. We should keep these
limitations in mind when discussing the results.

B. The Surprise Number of Fatalities

Consumption should respond to the unexpected severity of the pandemic. Hence,
in order to investigate the consumption response, we need a series of the surprise
component of the spread of the pandemic. We formulate the surprise in terms of
the unexpected number of fatalities due to COVID-19, i.e. the difference between
expected and realized deaths.

We retrieve daily real-time projections on deaths and the unrevised reported number
of deaths due to COVID-19 in the US from Gu (2020). This data is open source
and can be downloaded from www.covid19-projections.com. The author takes a (ma-
chine learning) data-driven approach rooted in epidemiology to forecast infections
and deaths from the coronavirus epidemic in the US (and around the world).9 These
forecasts have been covered by almost all major US media outlets. Of course, one
could consider using infection numbers instead of death numbers to derive a shock.
The problem, however, is that forecasting models do not try to forecast the reported
numbers of infected people, but the actual number of infected people. That is, since
the reported number of newly infected persons is likely to be significantly or system-
atically lower than the true number of newly infected persons, there is thus no forecast
value to compare with the reported infected numbers. Note that this effect should not
occur with the reported number of fatalities.

Importantly, we do not only have the latest forecast, but also the historical forecasts.
The forecasts are updated on a daily basis. We use this data to derive a pandemic
shock, i.e. the unexpected number of deaths due to COVID-19. To do so, denote
dt|t−1 the forecast made in t− 1 for deaths occurring in t. Thus, we focus on one day-
ahead forecasts. Our pandemic shock is calculated as the difference between the actual
outcome for t and the forecast number of deaths

et = dt − dt|t−1. (1)

That is, our pandemic shock is the difference between today’s number of reported
deaths and yesterday’s forecast for today.10

9Details on the forecasting model, including assumptions on the model parameters, are available at
https://covid19-projections.com/model-details

10We cannot rule out that some households have different beliefs about how the virus will progress and
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Note that the number of reported deaths exhibits transient drops on weekends,
typically followed by increases during the week. We therefore purify our shock by
regressing it on a set of dummies for each day of the weak. Formally, we regress

et = F(zt−1)
(
γIQt + ϕ

Iet−1

)
+ (1 − F(zt−1))

(
γIIQt + ϕ

IIet−1

)
+ εt, (2)

where F(zt−1) is a smooth transition function which we will explain in detail in the
next section. Qt contains dummies for each day of the week as well as a dummy which
is equal to one until the end of the first wave of fatalities due to the coronavirus. By
doing so, we account for the fact that during the first wave, uncertainty about the
pandemic was high which likely leads to larger forecast errors. We therefore set this
dummy to zero from June 26 onwards. This cutoff date roughly represents the end of
the first wave of fatalities.

Note that the estimated residuals for εt can be interpreted as the pandemic shock,
which cannot be explained neither by the set of dummies captured in Qt nor by
yesterday’s forecast error.11

Table 1: Descriptive statistics for shocks

RAW SHOCK
MIN MAX MEAN MEDIAN 5th 95th Q-STAT. p−VAL.

-1007 2416 41.3 78 -559.8 688.4 313.1 0.000

PURIFIED SHOCK
MIN MAX MEAN MEDIAN 5th 95th Q-STAT. p−VAL.

-653.8 1993.2 0.00 -27.12 -358.9 299.9 11.0 0.683
Notes: Numbers are in deaths per day. Shocks are calculated based on unrevised real-time
data. The last two columns report Q-statistics and p−values for a Ljung-Box test with the null
hypothesis of zero autocorrelation up to 14 lags.

Table (1) reports some descriptive statistics for both the raw shock et and the purified
shock εt. It is noteworthy that a large fraction of outliers can be explained by our
daily dummies. This is because for the purified shock, the 5th and 95th percentiles are
much closer to zero than for the raw shock. Also for the extreme values (minimum
and maximum) of our shock, a notable fraction seems to be grounded on the seasonal
patterns that is apparent in the reported number of deaths. The purified shock is almost
iid and has no serial correlation for up to fourteen lags.12 Finally, in order to interpret
our shock in terms of standard deviations, we subtract the mean and divide the series
by the sample standard deviation.

might even mistrust the official data about new cases and deaths, e.g. Fetzer et al. (2020).
11We checked whether other control variables have explanatory power, including the daily number

of cases and a lag polynomial for up to seven lags. However, it turns out that the dynamics jointly
explained by these variables is negligible. We therefore exclude them from our regression.

12We also applied various tests to detect heteroskedasticity in our series, including an Engle’s ARCH
test. The test results imply that our shock series is homoscedastic.
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Figure 2: Raw vs purified shock

Notes: The left panel shows the raw shock calculated as et = dt−dt|t−1 as well as the shock after
our purification procedure, i.e. εt. The right panel shows the reported number of deaths per
day (in real-time) of people infected with the coronavirus (purple bars) as well as the real-time
one-step-ahead forecasts.

Figure (2) shows the underlying data we use to derive the shock as well as our shock
series. Starting with the right panel, the bars show the actual daily reported number
of deaths over time. The black solid line corresponds to the one-step ahead forecasts.
One can immediately recognize the seasonal pattern mentioned before. The reported
number of deaths increased up to 2000 per day until the end of April and started to
steadily decrease afterwards, with daily deaths (on average) below 500 by the end of
June. However, from early July, the number of daily deaths started to increase again
until early August. Interestingly, the forecasts follow the overall direction of the actual
number of reported deaths with positive forecast errors being equally likely to negative
forecast errors. The left panel shows the raw and the purified shock series constructed
as described above. While the raw series clearly exhibits seasonal patterns, the purified
shock series now looks very much like an iid process. Moreover, especially from May
onwards, we can now see that a significant fraction of the swings disappears when
taking seasonality into account.

III METHODOLOGY

We investigate the effects of pandemic shocks via local projections as proposed by
Jordà (2005). Local projections provide a flexible framework and are easy to imple-
ment. Moreover, they offer a straightforward way to condition the short-run effects
of pandemic shocks on the state of the pandemic.
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A. Setup

The linear model of departure reads

yt+h = αh + βhεt + δht + γhxt +φhDt + ut+h, (3)

where yt+h is the dependent variable at time t + h, which responds to a shock εt

occurring in t. In our model, the dependent variable is household spending and
εt is the pandemic shock introduced before. Our coefficient of interest is βh. The
coefficient αh corresponds to a fixed effect at horizon h and δh measures the effect of a
deterministic linear trend. The vector γh contains the effects of the lagged endogenous
variable and other control variables at horizon h captured in the vector xt and φh

contains the effects of daily dummy variables. Finally, ut+h is assumed to have a zero
mean and a (strictly) positive variance.

Our vector Dt in (3) includes the stringency index provided by researchers from the
University of Oxford as well as two dummy variables to account for (1) the subsequent
phase of the CARES act, i.e. the Paycheck Protection Program and Healthcare En-
hancement Act, and (2) the four FOMC meetings since April.13 In our baseline setting,
xt includes three lags of the endogenous variable as well as one lag of the Economic
Policy Uncertainty Index (EPU). This lag structure is the recommendation of the
Bayesian Schwarz Criterion.14

The model presented before is linear. We now generalize the model to allow for
state-dependent effects, that is we condition the impact of the shock on different
regimes. Our preferred version throughout this paper conditions the response on the
growth rate of new infections. Therefore, we estimate a smooth transition model of
the form

yt+h = F(zt−1)
(
αI

h + β
I
hεt + γ

I
hxt

)
+ · · ·

· · ·+ (1 − F(zt−1))
(
αII

h + β
II
h εt + γ

II
h xt

)
+ δht +φhDt + ut+h

(4)

where the fixed effects, the effects of controls and the lagged endogenous variable
captured in xt as well as the effect of our shock are now allowed to differ across regimes
I and II at each horizon h, respectively. That is, the indicator function F(zt−1), which
lies between zero and one, determines the weight of each regime, whereby F(zt−1)
depends on outcomes of the state variable zt−1, which in our case is the growth rate of

13The stringency index is meant to measure the strictness of policies restricting people’s behavior and
lies between 1 and 100. The data is available on a daily frequency at https://www.bsg.ox.ac.
uk/research/research-projects/coronavirus-government-response-tracker. The index
is aggregated from 17 indicators of government responses, economic policies and health system
policies.

The stimulus package mentioned above provided $484 bn in additional funding to the existing
Paycheck Protection Program and was signed to law by President Trump on April 24.

14The results are insensitive to using the Akaike Information Criterion instead.
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new infections. Note that we condition the response of our endogenous variable on
the state variable in t − 1 rather than in t. By doing so, we follow the literature and
rule out that our shock has a contemporaneous effect on our state variable.

In effect, the response of our endogenous variables to a shock is a weighted average
of regimes I and II conditional on zt−1 and reads

∂yt+h

∂εt

∣∣∣∣∣
zt−1

= F(zt−1)βI
h + (1 − F(zt−1))βII

h . (5)

In the next subsection, we will describe the specification of F(zt−1) in detail. However,
it is important to note that our framework allows us to easily compare the sensitivity
to shocks across both regimes without making explicit assumptions (as in the case of
VAR models) on the economy staying in either regime I or II. That is, we can draw
inference on the difference between βI

h and βII
h based on t−type tests.

B. State-Dependent Dynamics

Our approach follows Born et al. (2020) and relies on specifying the transition function
F(zt) based on the empirical cumulative density function (CDF)

F(zt) =
1
T

T∑

t=1

1z j<zt , (6)

where T is the sample size and 1z j<zt = 1 if z j < zt and zero otherwise. That is,
1z j<zt denotes the indicator function of the event z j < zt. We refer to this approach as
non-parametric, as we do not need to specify parameters driving the transition.

We choose the weekly growth rate of new infections as our state variable. Since
the outbreak of the pandemic, numbers on new infections are reported every day
in almost all media outlets. Public policies geared towards "flattening of the curve"
made this statistic particularly popular. The left panel of Figure (3) shows the weekly
growth rate of new infections with the coronavirus over time. The right panel shows
the transition functions F(zt) based on the empirical cumulative density function over
time.15

Starting with the left panel, after a well-pronounced decline in the growth rate
falling from 60% to almost zero in mid of April, the growth rate of new infections
fluctuates around zero until the beginning of June. Since then, we observe a strong in-
crease in the growth rate with a rise in cases of above 40% in mid June, which declines
again until early August. From early to mid September onwards, the second wave of
infections came with a growth rate of newly-infected people sharply increasing again
until the end of our sample.

15In order to further eliminate the noise in the data, we take a seven-day moving average before
calculating the transition function. It must be stressed, however, that we get exactly the same results
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Figure 3: Deriving the state variable
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Notes: The left panel shows the weekly growth rate of daily cases of new infections with the
coronavirus that causes COVID-19. The right panel shows the transition functions F(zt) based
on parametric approach drawing on the empirical cumulative density function.

The right panel of Figure (3) shows the resulting transition function. While we see
a sharp fall of F(zt) at the beginning of our sample, saying that the economy swiftly
moves from regime I to regime II, the sudden rise in daily cases translates into a fast
reversion from regime II to regime I until mid June, before it swiftly reverts to regime
II until early August. At the end of our sample, we observe a sharp increase as a result
of the beginning of the second wave of infections. Summing up, we observe that a
high weight is attached to regime I throughout June and July as well as in mid to late
September.

C. Inference

We regress the dependent variable at different horizons on the same set of control
variables. This will likely result in autocorrelated residuals. In order to calculate
standard errors that account for the possibility of serially correlated residuals both
within and across equations, we follow the strategy of Tenreyro and Thwaites (2016)
and Ramey and Zubairy (2018) and estimate seemingly unrelated regressions as pro-
posed by Driscoll and Kraay (1998). That is, we estimate the parameters of interest of
each equation separately and, in a second step, average the moment conditions across
horizons h = 0, ...,H when deriving Newey-West standard errors. As a result, Driscoll
and Kraay (1998) standard errors account for autocorrelation across both, time t and
horizons h.

if we use the non-smoothed growth rate.
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Finally, we follow standard practice (see Jordà, 2005) and set the maximum auto-
correlation lag for the Newey-West procedure to L = h + 1.16

IV RESULTS

In this section, we first set out our baseline results. In the baseline setting, the idea is to
uncover possible asymmetries across regimes in the responses of consumer spending to
a standardized pandemic shock. That is, the baseline regression focuses on the effects
of pandemic shocks conditional on the state of the infection curve. The sample size
covers data from April 3 to October 4, consisting of 185 observations. After adjusting
for leads and lags, the effective sample size consists of 168 observations. The section
also reports results for different income levels as well as for the ten largest US states.

A. Baseline Results

Figure (4) shows the state-dependent impulse responses of total spending following
a pandemic shock. Remember that throughout the paper, all spending variables are
given in percentage deviation relative to the average level of January. That is, a value
of one corresponds to an increase in spending of one percent relative to January. In
the left column, the red-solid line depicts the impulse response coefficients in regime I
following a pandemic shock. Regime I corresponds to a situation with a high growth
rate of new infections. The shaded area corresponds to the 90 percent confidence
bands based on Driscoll-Kraay standard errors. For the purpose of comparison, we
also report the corresponding coefficients from the linear model (red-dashed line).
Accordingly, the second column reports the corresponding values for regime II, i.e.
the regime with a modest growth rate of new infections. The third column shows the
t-statistics testing the null hypothesis βI

h − βII
h = 0 for adjacent horizons h = 0, ...,H,

where the shaded area covers the t−critical values for a 90 percent confidence interval,
i.e. ±1.645.

In this context, it is important to stress that a perfectly symmetric transmission of
pandemic shocks would imply that βI

h = β
II
h ∀h = 0, ...,H. In other words, a pandemic

shock as identified in the previous section would have the same effects across both
regimes. Contrary to this, we would refer to asymmetric effects when the difference
between βI

h and βII
h is significantly different from zero.

Starting with the results from the left panel, i.e. the impulse response coefficients in
regime I, we see a significant drop in total spending. That is, following a pandemic
shock, total spending falls by about 0.6 percent on impact relative to its average value in

16Note that for each horizon h, our null hypothesis is H0 : (βI
h − βII

h ) = 0. Since we test the same null
hypothesis for each h = 0, ...,H, one could argue that our t−statistics will result in a multiple testing
problem. That is, if we test H+1 true null hypotheses at a significance level α, we would - on average
- reject αH of them. However, as pointed out by Tenreyro and Thwaites (2016), the multiple testing
problem is negligible when the t−statistics for adjacent horizons are correlated, which is what we
will see when we discuss our results.
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Figure 4: Response of total spending

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.

January. Spending decreases even further on subsequent days and peaks at a decrease
of 0.8% four to five days after the shock. Afterwards, total spending starts to steadily
revert to its mean which is reached after ten days. In other words, having recognized
the pandemic shock as bad news, households respond with a significant decline in
aggregate spending when the reported daily number of new infections is relatively
high.

However, we see a different pattern in regime II, i.e. when the growth rate of new
infections is relatively small. Following a pandemic shock of the same size, spending
remains unchanged for the first six days. After that, we find a drop by about 0.4%
which is significant for two days. The response in regime II remains significant
for all income groups. The disaggregated responses of spending, which we show
below, offer an interpretation: the fall in regime II is most notable for groceries and
healthcare spending. These are contact-intensive industries. For non-grocery retail
and warehousing and transportation, in contrast, which can happen online, spending
remains insignificant. The t−statistics in the right panel shows that the difference
between the response in regime I and regime II is significantly different from zero for
the first five days. This being said, we reject the null hypothesis of symmetric effects

191



and find strong evidence for a regime-dependent response of spending to a pandemic
shock.

As discussed in the introduction, the effect of the pandemic on household spending,
whether it works through voluntary or forced consumption restraint or an unexpected
fall in lifetime income, should increase in the spread of the pandemic. If few people
are affected by the virus, the need to reduce spending, either voluntarily or through
governmental restrictions, remains limited. Likewise, the drop in lifetime income
remains small since a shock does not call entire industries or job profiles into question.
If, in contrast, the number of infections is large, the shock should have stronger
effects. Our results are consistent with this notion because the effect of the shock
is significantly larger in regime I compared to regime II.

As we will see now, the impact of the shock across income quartiles is also consistent
with this. Low-income households work more in contact-intensive jobs. With low-
income household bearing the burden of social distancing, the future of these jobs
is uncertain in a situation with many infections, while high-income households have
jobs in which social distancing is possible. The impact of the shock in regime I should
therefore be larger for low-income compared to high-income households.

Next, we take a closer look on the response of spending and investigate how the
impulse responses differ across income quartiles. This is possible because we have data
on spending by customers living in ZIP codes with different income levels, namely
high (top quartile) median income, middle (middle two quartiles) median income as
well as low (bottom quartile) median income. This encourages us to estimate the
response of spending to our pandemic shock across different income classes.

Figure (5) reports the results for spending of all three different income categories.
Starting with panel A, it stands out that, prompted by a pandemic shock, high-income
households significantly reduce spending when the growth rate of new infections is
relatively high (regime I). After four days, spending drops by about 0.8% and starts to
revert to its mean which is reached after ten days. We also find a negative reaction in
Regime II. However, we see a significant reaction much later than in regime I, namely
after about one week. Overall, the reaction peaks at a drop of 0.5 percent, which is
weaker than in regime I.

We have a similar picture in panels B and C. While the qualitative picture is com-
parable to the one of high-income households, it stands out that the response of
households in regime I seems to be negatively correlated with lifetime income. That
is, we see a larger drop in spending for middle-income households and an even larger
drop for low-income households. In regime I, spending of low-income households
drops by 1% percent, i.e. low-income households are more sensitive to the shock than
high-income households.

For all income groups, the response to a pandemic shock depends strongly on where
the economy is at the infections curve. Our results indicate that over the first week
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Figure 5: Response of spending by income quartile

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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after the shock the response is much stronger in regime I and is significantly different
from the response in regime II. For each income quartile, we can reject the null that
βI

h = β
II
h over the first few days considered. Hence, the response of household spending

is asymmetric across regimes.
These findings can be rationalized based on the notion that the fall in lifetime income

as a result of a pandemic shock is larger for low-income households. Workers in the
service and hospitality sector, for example, face uncertainty about whether and when
they can return to their old jobs. In addition, our results resemble what is found in the
literature dealing with the nexus between household characteristics and the marginal
propensity to consume (MPC). Aggregate MPC is typically found to depend on how
aggregate shocks are distributed across households (see, for instance, Carroll et al.,
2017; Carroll, 2009; Gelman, 2021; Calvet and Comon, 2003). In this context, higher
marginal propensities to consume, as typically found in the literature, can explain
why our pandemic shock has a larger impact on lower-income households. In the
context of the COVID-19 pandemic, Karger and Rajan (2020) show an MPC of 0.68
for hand-to-mouth consumers and 0.23 for households with access to assets.17

Figure 6: Response of relative spending (high income - low income)

Notes: Difference of estimated coefficients βhigh,I
h − βlow,I

h in regime I and βhigh,II
h − βlow,II

h in
regime II. The shaded areas cover the 5th and 95th percentiles from the distribution of the block
bootstrap procedure as described in the text.

The previous graph revealed a significant state-dependence of the spending re-
sponses. However, we could not infer whether the response of high-income house-
holds is significantly different from low-income households. To shed light on the
responses across quartiles, we proceed as follows: we generate 2,000 samples of con-
tiguous blocks (with replacement) of four consecutive observations each. Within each

17Explanations include households’ wealth or employment status and the accompanying heterogeneity
with respect to liquidity constraints.
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replication, for each h = 0, ...,H we then estimate the impulse response coefficients and
calculate the sign of βhigh, j

h −βlow, j
h in regime j =I, II.18 We then use the distribution of

our bootstrap and report the 5th and 95th percentiles.
We show the results in Figure (6). Starting with the left panel, i.e. regime I, we

find a significantly positive difference, which peaks at about 0.3 after three days. To
interpret this finding, recall that the actual response for both income quartiles was
negative. Hence, the positive value means that, following a pandemic shock, low-
income households reduce spending significantly more than high-income households.
The results are consistent with the view that the pandemic prevents low-income
households from returning to their jobs, while high-income households can reconcile
their jobs with the necessary degree of social distancing. As a result, the drop in
permanent income is larger for low-income households. In regime II, i.e. when the
number of new infections is growing less strongly, we find that the drop in spending
is stronger for high-income households. Overall, it stands out that a pandemic shock
prompts an increase in consumption inequality.

B. The Quantitative Significance of Pandemic Shocks

So far our results imply that spending is significantly responsive to our identified
pandemic shock. However, we do not yet know the overall quantitative significance of
our shock. If the shock we have identified is indeed an important driver of consumer
spending, this should also be reflected in the variance of the forecast errors. In this
section, we therefore apply the strategy of Gorodnichenko and Lee (2020) for forecast
error variance decompositions (FEVDs) within the local projection framework and
assess the contribution of our pandemic shock to the variation of forecast errors at
different horizons. In a first step, we estimate the same model as before, but this time
we leave out the contemporaneous effect of the shock

yt+h = F(zt−1)
(
αI

h + γ
I
hxt

)
+ (1 − F(zt−1))

(
αII

h + γ
II
h xt

)
+ δt +φhDt + ut+h. (7)

In a second step, we take the estimated forecast errors ût+h and regress them on the
shock εt occurring between t and t + h, while accounting for our regimes I and II
from our baseline setting

ût+h = F(zt−1)
(
ωI

0εt + · · · + ωI
hεt+h

)
+ · · ·

· · ·+ (1 − F(zt−1))
(
ωII

0 εt + · · · + ωII
h εt+h

)
+ ηt+h,

(8)

18One difficulty in our application is that our set of control variables includes two dummies which
have mostly 0-entries. It is therefore likely that inverting the matrix of right-hand side variables is
not possible due to multicollinearity. To overcome this issue, we add another step and make sure
that each bootstrap sample contains at least once those observations (not blocks) where the dummy
variables are equal to one. From a practical point of view, this should not be a problem, since the
dummy variables only improve the in-sample fit.
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where ωi
j for j = 0, ..., h and i = I, II measures the state-dependent effect of the

pandemic shock on the estimated forecast error. Note that the coefficient of deter-
mination of this regression gives us the share of the forecast error variance which is
explained by our pandemic shock. As shown by Gorodnichenko and Lee (2020), this
method is a natural estimator of the population share of variance explained by the
future innovations εt in the total variations of our endogenous variable.

Inference is based on the distribution of the R2s from a block bootstrap procedure in-
cluding a bias-correction step as recommended by Gorodnichenko and Lee (2020).19

Remember that we do not have a VAR-based benchmark for our local projection-based

Figure 7: FEVD by income quartiles
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Notes: Explained share of forecast error variance after the bias-correction procedure (red dots)
and the 5th and 95th percentiles of the distribution of the block bootstrap procedure

FEVD, which is due to the novelty of the data. However, theoretically, and based on
our results so far, we expect pandemic shocks to be a major driver of fluctuations in
household spending. This is what we see in Figure (7), which shows the estimated
share of the forecast error variance that can be explained by our pandemic shock by
income quartiles. The red dots correspond to the explained share of the forecast error
variance. The green bars cover 90% of the distribution of the R2s obtained by our
bootstrap procedure. For all groups, our pandemic shock seems to be an important
driver of spending. Over the first week, our shock explains about 20% of the forecast
error variance. While we observe a drop in the explained share for all income quartiles
19To do so, we generate B = 2000 samples consisting of contiguous blocks of four consecutive

observations each. Our bias is calculated as the difference between the mean over all bootstrap-
based R2,(b) and the R2 from our baseline procedure, i.e. biash = B−1 ∑B

b=1 R2,(b) − R2. Hence, our
bias-corrected variance decomposition reads R2,bc = R2−biash. As in the previous section, to improve
the robustness of our estimates, we adjust our bootstrap algorithm and manually add the dummy
observations equal to one to our bootstrap samples.
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after the first week, the quantitative significance increases sharply and reaches its
maximum after around 12 days. We see again, with an explained share of above 30%
after nearly two weeks, that spending for low-income households is most responsive to
our pandemic shock. Interestingly, the 5th percentiles are above zero across all income
quartiles and for all horizons considered. Our results therefore point to an important
role of the pandemic shock in the variation of consumer spending.

Thus, we conclude that our pandemic shock is a significant driver for all income
groups, but especially for low-income households.

V RESULTS ON THE STATE LEVEL

Our data on spending is also available on the level of US states. We therefore repeat
our exercise from the previous subsection and now investigate the responsiveness of
spending for the ten states with the largest population. The driving variable remains
the nation-wide pandemic shock and the state-variable is still the nation-wide growth
of new infections.20

Figure 8: Response on the state level

Notes: The first column shows the impulse response coefficients βI
h for h = 0, ...,H in

regime I following a pandemic shock (one standard deviation), the second column shows the
corresponding impulse response coefficients βII

h in regime II. The third column shows the
t−statistics testing the null that H0 : βI

h − βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.

20It would be very interesting to estimate the regression of the baseline model completely state-
dependent. The problem, however, is that both the reported death figures and the reported infection
figures are very patchy. A shock series as in the baseline model at state level is thus unfortunately not
feasible. For this reason, we have to use the nationwide shock and the nationwide state variable.
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The red lines in Figure (8) show the mean impulse responses of total spending
following a pandemic shock for the ten states, whereas the black line shows the mean
responses on the national level. It stands out that the qualitative pattern in regime I
appears to be very homogeneous across states. In regime I, we observe a sharp drop
in spending in all states. Spending peaks after four or five days before it returns to its
mean after two weeks. Also in regime II, the overall direction of the responses looks
similar across all states. The third column shows that, for the first five days, in many
cases we reject the null of equal responses across regimes. That is, also on the state
level we find a stronger response of consumer spending in regime I.21

VI ALTERNATIVE STATE-VARIABLES

In our baseline setting, we choose the growth rate of daily infections as our state vari-
able. While figures about new infections are omnipresent in the media, the drawback
of this state variable is that it does not provide information on the overall number of
infections. In fact, households may condition their spending behavior on the level of
the infections curve, rather than the slope of the curve.

As a first alternative, we therefore repeat our estimation and use a binary indicator as
our state variable. The indicator variable is 0 if the temporary peak of new infections
is not yet reached and 1 if the total number of new infections decreases (alternative I).
Holding anything else constant, we replace F(zt−1) with an indicator variable I(zt−1),
where I(zt−1) is equal to zero from April 10 to June 7 as well as from July 25 to
September 6, and equal to one otherwise. These are roughly the cut-off dates that
reflect a reversal of the current infection pattern.

As a second alternative, we specify F(zt) as a logistic function of the form

F(zt) =
exp

(
κ

zt−µ
σz

)

1 + exp
(
κ

zt−µ
σz

) , (9)

where µ is used to control the proportion of the sample the economy spends in either
state, and σz is the sample standard deviation of the state variable zt. The parameter
κ controls how abruptly the economy switches from one state to the other following
movements of the state variable. In other words, higher values of κ mean that small
movements of the state variable suffice to induce a switch from one regime to the
other. However, although the parametric approach has the disadvantage that we
have to make explicit assumptions about the parameters determining the behavior

21While there are no error bands shown in Figure (8), Figure (10) in the appendix shows the
corresponding impulse response coefficients across states with ±1.645 standard deviations for selected
periods, namely four, eight and twelve periods after the pandemic shock. For reasons of comparison,
the transparent horizontal lines report the coefficients on the national level. Overall, it stands out that
the reaction to our shock is very homogeneous across the states and Spending in most states reacts
similarly to the national level.
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of switching from one state to the other, this approach is well understood and relies
on the idea of Granger and Terasvirta (1993) and is, among others, used in Auerbach
and Gorodnichenko (2012), Ramey and Zubairy (2018) and Tenreyro and Thwaites
(2016). We set κ = 3 which implies an intermediate intensity of regime-switching
and set µ = med(zt). Figure (9) shows both alternative regimes. The left panel shows

Figure 9: Alternative states
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Notes: The left panel shows daily new infections (red-solid) and the corresponding alternative
regimes as described in the main text. The right panel shows the alternative transition function
obtained by the parametric approach as described in the text.

the actual number of daily new infections and the distinction of regimes I and II as
indicated by the black vertical lines on the cut-off dates. The right panel shows the
transition function based on the parametric approach (blue-dashed). The alternative
transition function looks very much like our baseline transition function, although we
observe a higher weight of regime I in late June and at the end of our sample.

Figures (11) to (14) in the appendix show the corresponding impulse response func-
tions for total spending and spending across income quartiles for both alternative
regime classifications. It stands out that our results from the first alternative state look
exactly like the results in the previous section. That is, total spending significantly
decreases in regime I, i.e. when the overall level of newly-infected people is relatively
high. The peak is reached after 3-4 days with a drop of 0.6 percent. Moreover,
the responses in regime II resemble those from our baseline results. Finally, we also
observe a significant difference in the responses across regimes which is consistent
with asymmetric effects. The responses across different income quartiles are similar
to those in the benchmark model.

The results from our alternative state variable (alternative II) exhibit a similar picture.
Both the shape of the impulse responses and the magnitudes of the effects remain
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almost unchanged. This being said, our results indicate that spending reacts more
strongly when the number of new infections is high. Again, we find that the difference
across regimes I and II is stronger for low-income households.

VII TRANSMISSION MECHANISM

Having established heterogeneous effects on household spending across income
groups and across regimes, we now want to shed light on spending subcategories.
We use additional data to sketch potential transmission channels.

A. Spending Subcategories

The Chetty et al. (2020) data set allows us to dis-aggregate spending into subcate-
gories. Figures (15) to (17) in the appendix show the state-dependent responses across
the available segments of spending. We find that the stronger response in the first state
is driven by retail spending as well as spending on health care and warehousing and
transportation. Spending on groceries, in contrast, falls equally in both states, while
spending on merchandise and apparel seams insensitive to the pandemic shock.

B. Driving Forces of Consumer Spending

As discussed before, the drop in consumer spending could reflect a host of different
driving forces. One key risk households face is the loss of the job, which should
affect their spending decisions. Figure (18) in the appendix depicts the response of
employment across income groups to the pandemic shock. Here, we do not allow for
state-dependent effects in order to isolate the effect of income. The data is again taken
from Chetty et al. (2020). The results are compelling: the pandemic shock causes a
significant drop in employment in low-income ZIP codes, has no significant effect
in mid-income areas and a small but significant positive effect in high-income ZIP
codes. Hence, the income-gap in unemployment risk widens, which is consistent
with a stronger drop in spending of low-income households.

To conclude this section, we draw on alternative survey data from the Federal Re-
serve Bank of Cleveland.22 The daily survey asks households, among other things,
for the expected duration of the coronavirus outbreak. Differences in the expected
duration could be one determinant of the significant differences in the responses across
state I and state II, respectively. The data does not, however, offer a distinction across
income quartiles. Figure (19) in the appendix reports the impact on the percentage of
respondents expecting the coronavirus outbreak will last six months, one year or two
years. In state I, the pandemic shock leads households to revise their expectations about
the duration of the virus: fewer households expect the virus to disappear within six
months and more households believe the virus will be more persistent. This pattern is

22See https://www.clevelandfed.org/our-research/indicators-and-data/consumers-and-covid-19.aspx.
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consistent with the spending responses shown before. For a higher expected duration
of the pandemic, households should become more reluctant to spend.

VIII CONCLUSION

We provided evidence on the causal effect of unexpected news about the COVID-19
pandemic on spending of US households. Our first finding is that a pandemic shock,
the forecast error about the number of fatalities, has a negative effect on spending: a
surprise increase in the number of deaths leads to a sharp reduction in expenditures.
We also showed that this effect is depending on the position of the US economy with
respect to the infection curve. With the number of new infections increasing, the
effect of a shock is much stronger. If the growth rate of the number of infections is
small, in contrast, the pandemic shock has almost no effect. A second finding pertains
to the effect across income quartiles. If the number of infections is increasing strongly,
the shock prompts a much larger adjustment of spending from low-income house-
holds compared to high-income households. Hence, the pandemic shock increases
consumption inequality.

Our results have two implications for economic policies designed to stabilize aggre-
gate economic activity. First, policy measures should target low-income households
more than high-income households. Spending of low-income households is particu-
larly sensitive to a pandemic shock, such that support packages will be more effective
when targeting households with relatively low income.

Second, economic support through direct as well as indirect transfers should be
conditioned on the state of the pandemic in order to stabilize consumption effectively.
Transfers will be more effective when the number of infections is large, because in this
state households would reduce spending the most. Due to a lag in the implementation
of economic support, though, timing policy measures properly is difficult. One way
to address the time lag is to commit to disburse financial support automatically once
the number of infections crosses a specific threshold.
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APPENDIX

Figure 10: Response of total spending on the state level
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Notes: The dots correspond to the point estimates for regime I (red) and regime II (blue)
after 4 periods (upper panel), 8 periods (middle panel) and 12 periods (bottom panel). The
edges indicate 1.645 standard deviations in order to cover a 90% confidence interval, based on
Driscoll-Kraay standard errors. The horizontal lines reflect the nation-wide effects in each
regime.
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Figure 11: Response of total spending: alternative I

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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Figure 12: Response of spending across income quartiles: alternative I

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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Figure 13: Response of total spending: alternative II

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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Figure 14: Response of spending across income quartiles: alternative II

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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Figure 15: Response of spending: retail

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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Figure 16: Response of spending: subcategories I

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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Figure 17: Response of spending: subcategories II

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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Figure 18: Response of employment by income quartile

Notes: The graph shows the impulse response coefficients (red-solid) following a pandemic
shock (one standard deviation) across income quartiles. In all cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-shaded area covers the t−critical values for a 90% confidence interval, i.e. ±1.645.
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Figure 19: Response of expected duration

Notes: The first column shows the impulse response coefficients (red-solid) βI
h for h = 0, ...,H

in regime I following a pandemic shock (one standard deviation); the second column shows the
corresponding impulse response coefficientsβII

h in regime II. In both cases, the red-shaded area
corresponds to the 90 percent confidence interval relying on Driscoll-Kraay standard errors.
The red-dotted lines in the first two columns correspond to the impulse response coefficients
from the linear model without allowing for state-dependent effects. The third column shows
the t−statistics testing the null that H0 : βI

h−βII
h = 0 for each horizon using the Driscoll-Kraay

method. The red-shaded area covers the t−critical values for a 90% confidence interval, i.e.
±1.645.
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economies. We estimate a series of VAR models for a set of six Asian emerging market
economies, in which we identify a battery of domestic and global shocks using sign
restrictions. We find that global shocks explain large parts of inflation and output
dynamics. A series of counterfactuals support these findings and suggest that the role of
monetary policy is limited. We estimate reduced-form Phillips curve regressions based on
alternative decompositions of output into global and domestic components. For most
countries, we find a positive and significant correlation between inflation and the fraction
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I INTRODUCTION

Over the past two decades, many advanced and emerging economies experienced
low and relatively stable inflation rates. At the same time, inflation more and more
appeared to be decoupled from economic activity. The sharp drop in GDP during
the Great Recession did not lead to a further drop in inflation, thus giving rise to
the ’missing deflation’ phenomenon. Likewise, the strong economic recovery did
not go hand in hand with rising inflation rates. Based on these observations, a large
literature studies the changing nature of inflation dynamics and, in particular, the
shifting relationship between inflation and economic activity. This research agenda is
often described in terms of a ’flattening’ of the Phillips curve (see Coibion and Gorod-
nichenko, 2015, and others). A reduction in the slope of the Phillips curve relationship
would have consequences for monetary policy. For given inflation expectations, the
argument goes, a flatter Phillips curve would require a deeper recession in order to
bring high inflation back to the target.

One explanation for the apparent changes in the inflation process is the ongoing
global integration of financial and goods markets. However, quantifying the extent
to which global forces explain inflation is not straightforward. In her survey article,
Forbes (2019) argues that the role of global factors (commodity prices, measures of
global slack, exchange rates, price competition) has changed over time. She finds
that the relation between domestic output gaps and inflation rates has weakened and
advocates that models of inflation such as the Phillips curve should incorporate changes
in the global economy in order to provide a good account of the determinants of
inflation. If global factors are indeed driving a substantive share of inflation, domestic
monetary policy is less able to stabilize inflation and the real economy. As monetary
policy primarily affects inflation through expanding or contracting domestic demand,
the power of central banks to control inflation would be limited in a world in which
global forces dominate.

In this paper, we add to this literature and study six Asian emerging market coun-
tries: Indonesia, Korea, Malaysia, the Philippines, Singapore and Thailand. These
countries are prototypical small open economies that are well integrated into the world
economy.1 In addition, all six economies explicitly or implicitly have a monetary
policy mandate for maintaining price stability.2 Recently, IMF (2018) claims that the
sensitivity of inflation rates in Asian emerging market economies with respect to real
activity declined, thus leading to a flatter Phillips curve.

We shed new light on the determinants of inflation by disentangling domestic and
global driving forces based on a series of counterfactuals. For example, we split GDP
growth into the component that reflects domestic shocks and the part that is driven
1Auer and Mehrotra (2014) argue that the integration of Asian economies into global supply chains
matters. The correlation of inflation rates across Asian economies increases with the extent of their
bilateral trade relationships.

2See Volz (2015) for a discussion of the experience with inflation targeting in Asia.
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by global demand shocks. These decompositions show that GDP driven by domestic
shocks elicits a Phillips curve relationship that differs from the relationship between
inflation and the part of GDP driven by global shock.

We proceed in three steps. First, we estimate a series of structural vector autore-
gressive (VAR) models, in which we use alternative sets of constraints to identify a
battery of shocks. In our baseline model, we apply sign restrictions as in Corsetti et
al. (2014) to identify domestic demand and supply shocks as well as global demand
and supply shocks. While demand and supply shocks can be distinguished based
on the responses of inflation and GDP growth being positively correlated (in the
case of demand shocks) or negatively correlated (for supply shocks), we disentangle
domestic from global shocks based on the relative response of domestic GDP to world
GDP. Second, the identified VAR model allows to apply several structural analyses
in order to address the role of the structural shocks on inflation and on the growth
rate of real GDP. In doing so, we focus on four categories of shocks, i.e. global,
domestic, monetary policy and residual shocks. We first decompose the variance
of forecast errors. The forecast error variance decomposition (FEVD) tells us how
much of the forecast error variance can be explained by exogenous shocks to other
variables in the system. While the FEVD describes average movements in the data,
it does not allow us to quantify the amount of how much of the observed variability
is explained by specific shocks. Hence, we also decompose the history of inflation
and GDP growth into the historical contributions of each shock in order to quantify
the cumulative effects on these series. Our results of both the FEVDs as well as the
historical decompositions suggest that global shocks play an important role for all six
countries under investigation. In particular, global shocks are an important driver
of inflation around the Great Recession, as they explain most of the increase and
subsequent plunge in inflation rates.

We run counterfactual simulations in order to derive the hypothetical effects of
shocks in the past on today’s outcomes. By changing the history of selected structural
shocks, this exercise summarizes the results of the historical decomposition and shows
how our endogenous variables would have evolved in the absence of these shocks. In
the third step, we revisit the Phillips curve relationship. The VAR model provides us
with the domestic component of GDP, i.e. the fraction of GDP that is driven by all
shocks other than global shocks, and global components of GDP, i.e. the components
of economic activity driven by global demand and supply shocks. We study the
inflation-output correlation using this decomposition of GDP.3 The model allows
different domestic and global components to enter the Phillips curve with different

3The growth rate of GDP is just one possible indicator of slack in the economy. Alternative indicators
are the output gap, i.e. the difference between the levels of actual and potential GDP, real marginal
cost or measures incorporating information from the tightness of the labor market. Krause and Lubik
(2007), Faccini et al. (2013), Thomas and Zanetti (2009), Zanetti (2011) and Trigari (2009) show the
relevance of slack derived from labor market conditions for inflation dynamics.
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coefficients and potentially different signs. Hence, the model nests the conventional
reduced-form Phillips curve specification if the coefficient on the components of real
GDP growth driven by oil supply shocks and global demand shocks equal the one on
the domestic component.

Our results suggest that the nature of global shocks matters. We see that global sup-
ply shocks seem to flatten the Phillips curve throughout our set of countries, though
the effect is not statistically significant, while the opposite is true for global demand
shocks. Importantly, we get similar results when we use an alternative identification
strategy.

Our paper connects several strands of the literature: First, a recent branch of the
literature studies the comovement of inflation rates across countries. Ciccarelli and
Mojon (2010) find that for 22 OECD countries, a single common factor explains
about 70% of the variation in inflation. They refer to this phenomenon as ’global
inflation’. Unless real economic activity is equally well explained by a common factor,
this implies a weakening of the relationship between domestic output and inflation.
The evidence provided by Neely and Rapach (2011) and Mumtaz and Surico (2012)
supports this finding. In contrast, Förster and Tillmann (2014) show evidence that is
consistent with ’local inflation’, that is inflation being primarily driven by domestic
variables. Recently, Parker (2018) uses a very large data set with more than 200
economies to show that the global inflation hypothesis does not fit emerging and
developing countries, in which only a subset of prices such as those for oil and food
are driven by global shocks.

A second strand of research argues that conventional Phillips curve regressions that
relate inflation to, among other variables, a measure of domestic slack such as the
output gap should be augmented by measures of global slack or a ’global output gap’.
Borio and Filardo (2007), using a cross-section of countries, find that the explanatory
power of global factors as reflected in measures of global slack increased over time.
For some countries, these authors find global factors to be the dominant drivers of
inflation. Supportive evidence for advanced economies is provided by Milani (2009),
Milani (2010), while Ihrig et al. (2010) cannot find evidence in favor of the ’global-
ization of inflation’ hypothesis. Bems et al. (2018) include additional global variables
into an otherwise standard New Keynesian Phillips curve estimated for 19 emerging
market economies. The authors show that domestic factors are the most important
drivers of inflation. Okuday et al. (2019) use sectoral data from Japan to show that an
increase in the heterogeneity of shocks contributes to a weaker response of inflation
to real economic activity.

The concept of global output gaps often used in the literature, however, is not
without flaws (see Tanaka and Young, 2008, and Gerlach, 2011). Jašová et al. (2020)
point to the fact that for a typical small open economy the domestic output gap
should be highly correlated with the global output gap, i.e. the weighted gap of the
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economy’s main trading partners. This correlation obscures the identification of the
true structural driving forces of inflation dynamics. The approach taken in this paper,
in contrast, identifies orthogonal domestic and global components of output based on
the comovement between global and domestic variables. This procedure avoids some
of the weaknesses of estimates of global slack.

A third strand uses identified time-series models to study the determinants of in-
flation dynamics together with other key business cycle variables. As mentioned
before, Corsetti et al. (2014) and Bobeica and Jarociński (2019) propose a set of sign-
restrictions that allows us to quantify the response to orthogonal domestic and global
shocks, respectively. Conti et al. (2017) apply a similar identification scheme to de-
compose euro area inflation. All three papers attribute an important role to global
driving forces of inflation. As an increasing integration of goods and financial markets
should make global factors more important over time, Bianchi and Civelli (2015) allow
the coefficients of their VAR model to vary over time. Their evidence suggests that
global slack as a determinant of inflation does not become more important over time.
Eickmeier and Kühnlenz (2018) focus on the role of China for inflation dynamics in
advanced and emerging economies. Estimating a factor model for 38 countries, they
find that demand and supply shocks originating in China have a significant impact on
inflation in other economies.

The remainder of this paper is organized as follows. Section II introduces our em-
pirical framework, including the data set and the identification strategy. The results,
i.e. impulse responses, forecast error variance decompositions, historical decomposi-
tions and counterfactual simulations, are discussed in Section III. Section IV examines
the Phillips curve trade-off based on the domestic and global components of output.
Section III draws conclusions for monetary policy. An appendix contains additional
results.

II EMPIRICAL FRAMEWORK

The empirical analysis in this paper is based on an identified VAR model, as pioneered
by Sims (1980). Much of the analysis that follows is based on the interpretation of
structural shocks, i.e. disturbances that drive the dynamics of our economic variables.
Therefore, we will carefully describe how the structural shocks in our analysis are
identified.

A. The VAR-Model

Our model can be written as

yt = c + B1yt−1 + · · · + Bpyt−p + ut, t = p + 1, ...,T, (1)
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where yt is an n × 1 vector of endogenous variables, which in our case will include
key macroeconomic time series. Furthermore, B1, ...,Bp are n × n matrices capturing
the VAR-coefficients and ut is an n × 1 vector of residuals which is assumed to follow
a multivariate normal distribution ut ∼ N(0,Σ).

A major challenge when dealing with impulse responses from VAR models with
Σ being unrestricted a-priori is that they arise from shocks that are correlated. Put
differently, the variance-covariance matrix Σ of the reduced form VAR as in (1) is
typically not diagonal. In that case, the interpretation of impulse responses is likely to
be misleading given the fact that shocks typically arise simultaneously. To overcome
this issue, we derive structural VARs (SVARs) for each country as they allow us to
obtain the responses of variables to orthogonal shocks.
To do so, note that (1) can be formulated in a structural form that reads

A0yt = µ +A1yt−1 + · · · +Apyt−p + εt, (2)

where εt ∼ N(0,Γ) is the vector of structural shocks we are interested in. Notice that
the VAR is now augmented by A0 such that Γ will be a diagonal identity matrix, i.e.
the structural disturbances in εt are mutually independent. This is reasonable from the
view that structural disturbances are uncorrelated and arise independently.

In our estimation, we rely on a Bayesian framework, where the coefficients as well as
the residual variance-covariance matrix are understood as random variables and char-
acterized by some probability distribution. The basic principle of Bayesian analysis
is to combine subjective prior information with the likelihood function according to
the Bayes rule in order to derive a posterior distribution which combines both sources
of information. In our benchmark model, we use p = 2 lags. The priors for the VAR
coefficients in B1, · · · ,Bp as well as for Σ are both centered around the OLS estimates.
As regards the prior for the VAR coefficients, we assume a multivariate normal distri-
bution coupled with a Minnesota prior where the autoregressive coefficients are set
to 0.8. The prior for Σ follows an inverse Wishart distribution. As regards the choice
of hyperparameters, we choose an overall tightness of λ1 = 0.1 and a lag decay of
λ3 = 2.4 Each country-specific benchmark estimation relies on 5000 draws, where
the first 3000 draws are discarded because the first draws of the joint posterior are
likely to be not representative for the target distribution we are looking for. In the
appendix, we report various diagnostic statistics for the convergence properties of the
sampler.

4We have repeated the estimation for each country and performed a grid search in which the
hyperparameters are selected optimally. To do so, we specified minimum and maximum values for each
hyperparameter and a step size for the grid search. In a next step, we estimated the marginal likelihood
for each possible combination on the grid. We then chose the combination of hyperparameters
for which the marginal likelihood is maximized. We find that our results, available on request, are
unaffected by the choice of hyperparameters.
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B. Data and Shock Identification

We estimate the model separately for six Asian emerging market economies: Indonesia
(IDN), Korea (KOR), Malaysia (MYS), the Philippines (PHL), Singapore (SGP) and
Thailand (THA). The vector of endogenous variables includes the oil price, real GDP,
consumer prices, the short-term interest rate as a measure of monetary policy, the real
effective exchange rate and the share of domestic real GDP in world real GDP. The
latter variable will be particularly important in order to separate global from domestic
shocks.5 All variables other than the share in world GDP and the interest rate are
expressed as year-on-year growth rates in percentage points. The data covers the
sample period 2001Q1 to 2018Q1 and the frequency is quarterly.

Our choice of year-on-year growth rates is motivated by the Chinese New Year,
which imposes a seasonal pattern on the data which is different compared to advanced
economies. Using year-on-year rates allows us to ignore seasonal adjustment. The
share in world GDP is included in differences (percentage point change from the
year before). An increase in the real effective exchange rate corresponds to a real
appreciation of the domestic currency.6

To identify structural shocks, we use two sets of alternative restrictions, see Table (1).
Both sets impose alternative sign restrictions onto the variables, while the difference
between both sets lies in the identification of monetary policy shocks.

I. Baseline sign restrictions

Our first identification strategy broadly follows Corsetti et al. (2014), who impose a
mixture of sign and zero restrictions in order to distinguish domestic shocks from
global shocks as well as supply shocks from demand shocks. We implement sign
restrictions as in Arias et al. (2018). The key variable in this identification pattern
is the share of real domestic GDP in world real GDP, as it allows us to distinguish
disturbances that hit the global economy more than the domestic economy and vice-
versa.

Both a domestic as well as a global demand shock are supposed to decrease both
domestic prices as well as domestic real GDP. The imposed negative sign on the GDP
share means that domestic real GDP decreases more than real GDP in the rest of the
world does, i.e. the effect of a domestic demand shock has a stronger effect on domestic
GDP. In contrast, a global demand shock leads to an increase in the share of domestic

5We use headline inflation instead of core inflation. This is because central banks typically use the
growth rate of the overall price index as a target variable. Moreover, data on core inflation is not
available for all six countries under consideration.

6The data on GDP, prices and the interest rate is taken from the CEIC data base. Oil prices are drawn
from the FRED data base at the St. Louis Fed. For the real effective exchange rate we use the data
provided by the BIS pertaining to a broad set of trading partners. The share in world GDP is drawn in
annual frequency from the world economic outlook (2018) and interpolated (cubic spline interpolation
method) to quarterly frequency.
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Table 1: Identification of structural shocks

VARIABLE \ SHOCK OIL SUPPLY GLOBAL DEMAND DOMESTIC DEMAND DOMESTIC SUPPLY MONETARY POLICY RESIDUAL

I. BASELINE SIGN RESTRICTIONS (CORSETTI ET AL., 2014)
OIL PRICE + - 0
GDP SHARE + - - 0 0
REAL GDP - - - - 0 0
INFLATION + - - + 0 0
INTEREST RATE 0 - + + 0
EXCHANGE RATE +

II. ALTERNATIVE SIGN RESTRICTIONS
OIL PRICE + - 0
GDP SHARE + - - - 0
REAL GDP - - - - - 0
INFLATION + - - + - 0
INTEREST RATE 0 - + + 0
EXCHANGE RATE +

NOTES: Blank cells indicate unconstrained impulse responses. A positive or negative reaction
is denoted by + and −. A zero restriction is denoted by 0. All restrictions are imposed on
impact only.

real GDP relative to the rest of the world GDP, implying that a global demand shock
has a stronger effect on the rest of the world, though domestic real GDP and domestic
consumer prices are assumed to decrease.

In order to further distinguish global demand shocks from domestic demand shocks,
we also assume that a global demand shock leads to a decline of the oil price, while
both the interest rate as well as the exchange rate remain unrestricted. Because we
focus on small open economies, domestic demand shocks remain unrestricted with
respect to the response of the oil price, but the interest-rate is assumed to decrease in
order to fight deflationary pressure.

An oil supply shock, which is intended to represent a global supply shock, is re-
stricted to decrease domestic real GDP and increase inflation, while the immediate
response of the domestic short-term interest rate is restricted to zero.7 This is due to
the fact that that the central bank does not contemporaneously respond to oil shocks.8

In contrast to a domestic demand shock, a domestic supply shock leads to opposite
responses of output and prices. In order to get distinct global and domestic supply
shocks, the domestic supply shock is also assumed to decrease domestic real GDP
relative to real GDP of the rest of the world. The restrictions on the monetary policy
shock imply that variables other than the exchange rate respond with at least one
month delay to an increase in the interest rate.

We include the exchange rate in our VAR model because we are studying small open
economies. The residual shock accounts for fluctuations of the exchange rate which
are not explained by all other domestic and global shocks. Hence, following Bobeica

7Indonesia is a net oil importing country, although the country also had net oil exports in the past.
Malaysia is a (small) net oil exporting country. These potential limitations should be kept in mind
when discussing the results for oil price shocks.

8For a further discussion, see Corsetti et al. (2014) and Bobeica and Jarociński (2019).
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and Jarociński (2019), a residual shock is a surprise change in the exchange rate that
contemporaneously keeps all other variables unchanged.9

II. Alternative sign restrictions

An alternative set of sign restrictions follows Bobeica and Jarociński (2019), who adopt
a mixture of the sign restrictions proposed in Corsetti et al. (2014) and Baumeister and
Benati (2013). The identification scheme differs from the baseline set of restrictions
only with respect to the identification of the monetary policy shock. It is assumed
that real activity and inflation immediately respond to a monetary policy shock in
a way that is consistent with standard theories of monetary transmission. That is,
following an unexpected increase in the policy rate, inflation and real GDP growth
are assumed to fall. Since the monetary policy tightening has a stronger effect on the
domestic economy than the rest of the world, the GDP share is also assumed to drop
immediately after the shock hits the economy.

The restrictions are imposed on impact only. This is because we want to keep the
restrictions as light as possible. Since imposing restrictions on the impact period only
suffices for our purpose, we refrain from imposing addition structure on the model. All
results reported throughout this paper are based on the baseline identification strategy
I, i.e. the Corsetti et al. (2014) identification. The results based on identification
strategy II will not be shown in order to save space but are available in the appendix.
We find that most of our results remain unchanged under the alternative identification.

III RESULTS

This section reports the main results of our paper. We first start with the results for
a variance decomposition of the forecast errors. We then discuss the results from a
historical decomposition and from counterfactual experiments, where the latter serve
as input for our exercise in Section IV. Both for the historical decomposition and
for the counterfactuals, we summarize the contributions of all shocks into four main
categories: (i) monetary policy shocks, (ii) residual shocks, (iii) domestic shocks and
(iv) global shocks. Thereby, we use ’domestic shocks’ as the umbrella term for both
domestic demand as well as domestic supply shocks. Meanwhile, ’global shocks’ sum-
marize both global demand shocks and oil supply shocks, while monetary policy
shocks and residual shocks are the remainder.

A. Forecast Error Variance Decomposition

A structural decomposition of the forecast error variance tells us how much of the
forecast error variance is due to exogenous shocks and thus indicates the amount
9Singapore operates a system of a managed exchange rate against a basket of currencies. Hence, a
residual shock as identified here could also be interpreted as monetary policy shock.
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of information each variable contributes to the other variables in the autoregressive
process.

Table 2: Forecast error variance decompositions for real GDP growth

IDN KOR MYS PHL SGP THA

h = 4 residual 5 3 1 1 1 1
monetary policy 4 0 1 1 0 1
oil supply 9 10 16 35 18 18
global demand 49 39 29 14 14 16
domestic demand 5 39 46 14 38 36
domestic supply 29 9 7 35 29 28

h = 8 residual 9 6 2 2 2 2
monetary policy 6 1 2 2 1 1
oil supply 10 13 21 37 21 19
global demand 42 33 26 13 17 16
domestic demand 7 35 40 16 32 33
domestic supply 27 12 8 29 27 28

h = 12 residual 9 7 3 2 2 3
monetary policy 6 1 3 3 2 2
oil supply 10 13 20 36 20 19
global demand 40 34 26 14 17 17
domestic demand 8 34 38 17 33 32
domestic supply 27 12 9 28 26 27

Notes: Median shares (in %) of forecast error variance for GDP growth due to structural shocks
for different forecast horizons. All results rely on the Corsetti et al. (2014) identification and
rounded to integers.

Table (2) reports the results of the forecast error variance decomposition for GDP
growth for different horizons, i.e. for h = 4, 8 and 12. Our results imply that both
domestic and global demand as well as domestic and global supply shocks in particular
are the main drivers of real GDP growth. For our research question, the role of
global shocks is of major interest. For h = 4, we find that oil supply shocks can
explain between 10% (KOR) and 35% (PHL) of the variance of forecast errors. Global
demand shocks also seem to be particularly important for our six countries, with an
explanatory power ranging from 14% (PHL and SGP) to 49% (IDN). Interestingly,
the explanatory power is relatively constant across the forecast horizons. For all six
countries, our results imply that both the monetary policy shock as well as the residual
shock play a minor role only.10

10We also estimate a Panel VAR with the alternative set of sign restrictions and the same prior
specification as for our single country estimations. While details are provided in the appendix, our
pooled estimates suggest that global shocks explain 30% of the fluctuation over two years. For
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Table 3: Forecast error variance decompositions for inflation

IDN KOR MYS PHL SGP THA

h = 4 residual 1 1 1 1 1 1
monetary policy 1 0 1 0 1 0
oil supply 5 26 50 62 13 16
global demand 15 21 23 13 46 27
domestic demand 34 32 10 19 31 46
domestic supply 43 19 16 6 8 9

h = 8 residual 2 2 2 2 2 3
monetary policy 2 1 2 2 3 1
oil supply 8 20 43 55 13 16
global demand 22 24 25 15 30 24
domestic demand 29 36 12 17 35 44
domestic supply 36 17 17 9 17 11

h = 12 residual 3 3 2 2 3 4
monetary policy 3 2 2 2 4 1
oil supply 9 19 42 53 13 16
global demand 24 23 25 15 28 24
domestic demand 29 36 13 18 33 43
domestic supply 33 17 17 9 20 12

Notes: Median shares (in %) of forecast error variance for inflation due to structural shocks
for different forecast horizons. All results rely on the Corsetti et al. (2014) identification and
rounded to integers.

For the inflation rate, see Table (3), we also find that global shocks can explain
a large part of the variance of the forecast error, but the contributions are more
heterogeneously distributed than for real GDP growth. For h = 4, our results imply
that the oil supply shock is most important for Malaysia (50%) as well as for the
Philippines (62%). For Indonesia, oil supply shocks can explain only 5% of the variance
of the forecast error. Global demand shocks are most important for Singapore with
an explanatory power of 46%. For all other countries, the values range between 13%
and 27%. We also find that the contributions become more convergent as the forecast
horizon becomes longer. Overall, we find that global shocks are an important driver
of inflation in our small open economies.

B. Historical Decomposition

While structural forecast error variance decompositions and structural impulse re-
sponse functions describe average movements in the data, they do not allow us to

GDP growth, global shocks are even more important. They account for 52% of fluctuations of
real economic activity over the two-year horizon. See the appendix for details.
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quantify how much of the historically observed fluctuations of a variable is explained
by one specific shock. Even though our results so far suggest that both global and
domestic shocks are important drivers of inflation and GDP growth, we do not know
the effect of past (known) shocks on the fluctuation of these variables. Hence, to
establish the contribution of structural shocks to the dynamics of our data series,
we depart from unconditional expectations and derive the posterior distribution of
structural historical decompositions for every endogenous variable. Contrary to the
average contribution of our identified shocks to the variability of inflation and GDP
growth from 2001 to 2018, we are now interested in the cumulative effects of past
shocks. Similar to the previous section, we will only report the results for inflation
and GDP growth.

We can decompose the vector of endogenous variables yt into a vector of contribu-
tions from deterministic variables d(t) and historical contributions of structural shocks.
Considering variable i, the historical decomposition reads

yi,t = d(t)
i +

n∑

j=1

t−1∑

k=0

ψ̃k,i jε j,t−k. (3)

This expression states that yi,t is the sum of the deterministic component d(t)
i and the

sum of contributions of all j = 1, ...,n structural shocks on variable i from period k = 0
to t−1 back in the past, where ε j,t−k is the structural shock j in period t−k and ψ̃k,i j is the
corresponding entry in row i and column j of the structural impulse response function
matrix Ψ̃k, i.e. it corresponds to the impact of shock j on variable i. The historical
decomposition in (3) shows that, for example, a positive contribution of structural
shock j to variable i means that shock j pushes variable i above the deterministic
component, i.e. the unconditional forecast in the absence of any shocks.

Figures (1) and (2) show the historical contributions of structural shocks for the
inflation rates for all countries. The black line reflects the difference between the
unconditional forecast (i.e. the deterministic part) generated by the VAR and the actual
data series, while the colored bars highlight the fraction of this series explained by each
of the four groups of shocks.

When interpreting the historical contribution of structural shocks, it is important
to note that negative values do not correspond to periods of disinflation, but negative
contributions that push the inflation rate below the deterministic component which
is non-negative for all countries throughout the entire sample.11

Four key results stand out for all countries.12 First, while for some countries the

11That is, even when structural shocks contribute negatively to inflation dynamics, we can still observe
positive inflation rates when the deterministic component is greater than the overall contribution of
all structural shocks.

12It is worth noting that identification strategy II yields very similar results, although we find that the
role of monetary policy shocks is more important for most countries, a finding which is qualitatively
similar to the results in Bobeica and Jarociński (2019). Nevertheless, also here we find that global
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Figure 1: Historical contribution of structural shocks to inflation for Indonesia, Korea
and Malaysia
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to inflation for Indone-
sia, Korea and Malaysia. The black path corresponds to the sum of median contributions of
all structural shocks. Results rely on identification strategy I.

227



Figure 2: Historical contribution of structural shocks to inflation for the Philippines,
Singapore and Thailand
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to inflation for the
Philippines, Singapore and Thailand. The black path corresponds to the sum of median
contributions of all structural shocks. Results rely on identification strategy I.
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effect of domestic shocks dominates, global shocks (as contributions of oil supply
shocks plus global demand shocks) play an important role for inflation. Both sources of
inflation dynamics, i.e. domestic and global shocks, are typically positively correlated,
that is they jointly push inflation up or down. There are only very few episodes in
which both forces push inflation into opposite directions. If both domestic and global
shocks were negatively correlated, shocks would partly offset domestic driving forces.
However, the results suggest that global shocks exacerbate inflation fluctuations, thus
requiring a more aggressive monetary policy response.

Second, global shocks are particularly important in 2008/9. They drive inflation
up before the global financial crisis and contribute to the fall in inflation during the
subsequent Great Recession. Third, the very low levels of inflation observed more
recently are partly due to global forces. In Korea, Singapore and Thailand, global
shocks put downward pressure on inflation after 2014.

Fourth, both residual and monetary policy shocks contribute relatively little to the
fluctuation of the inflation rate. While monetary policy shocks play some noteworthy
role around the Great Recession in Singapore, the Philippines and Korea, they have
almost no role in the dynamics of inflation in Malaysia and Thailand. This result
suggests that central banks effectively stabilize the economy with only small deviations
of monetary policy from its systematic component.

Exogenous fluctuations in the real exchange rate play a minor role for inflation
dynamics. This is particularly interesting in light of the strong exchange rate move-
ments in emerging economies around the adoption and the unwinding of the Federal
Reserve’s Quantitative Easing. It is, however, important to keep in mind that the
historical decomposition dissects inflation into structural shocks, i.e. into exogenous
changes of the exchange rate. Hence, the finding that residual shocks play a small role
is consistent with the notion of central banks are effective in stabilizing inflation in
light of exchange rate movements.

We would expect the cross-country correlation between global shocks (both supply
and demand) to be positive, since these shocks stem from abroad and, for each country,
are identified by the same co-movement between domestic and foreign variables. The
appendix shows that the correlation of global supply shocks is high across countries.
The correlation is always positive and in most cases above 50%. It is not surprising
that the correlation of global demand shocks is slightly lower than for global supply
shocks. The reason is that, as for the demand shock, we separate domestic from global
demand shocks by exploiting the comovement of domestic real GDP relative to real
GDP of the rest of the world. This is not the case for the global supply shock which is
identified as an oil supply shock. This shock is assumed to hit all countries equally and
we do not restrict the response of real GDP of a single country relative to real GDP

shocks are very important for the fluctuation of both the inflation rate and the growth rate of real
GDP.
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of the rest of world.
Summing up, our historical decompositions support our findings from the FEVDs

insofar as global and domestic shocks seem to be the main drivers of inflation across
countries.13 However, they also uncover that global shocks are primarily important in
2008/9 by explaining most of the increase in inflation in 2008 and the subsequent fall
thereafter. Finally, our results in this section suggest that global shocks account for
much of the recently observed low inflation rates, especially in Korea, the Philippines,
Singapore and Thailand.

C. Counterfactual Analysis

Now that we already have first impressions of the contributions of our structural
shocks, we use these results and visualize the importance of our structural shocks even
further in counterfactual scenarios. We run a battery of counterfactual experiments
in order to shed light on the role of alternative drivers of inflation and the business
cycle.

We separately show how inflation and real GDP would have looked like in the
absence of either domestic, global, monetary policy or residual shocks. The previous
analysis provides us with everything we need in order derive these counterfactual
paths, because these counterfactuals are the difference between the actual data and the
contributions of structural shocks we have already derived before.14 In a first scenario,
we study inflation in the absence of selected structural shocks. For that purpose we
suppress (1) both the global demand and oil supply shock, (2) the monetary policy
shock, (3) both the domestic demand and the domestic supply shock, and (4) the
residual shock.

This experiment follows, among others, Sims and Zha (2006) and can be summa-
rized as follows: given the data, it is possible to draw all parameters from the joint
posterior distribution. It is then easy to recover a sequence of unit-variance structural
shocks (as described in Section II) and simulate a series that would have been observed,
given the vector that contains the suppressed structural shocks. This is straightforward
as we already have derived the historical decomposition.15

13Also the results from our Panel VAR support the finding that global and domestic shocks are the main
drivers of inflation dynamics in our six countries. However, the Panel results suggest that global
shocks are more important than domestic shocks, while also the role of both monetary policy shocks
and residual shocks is more important than in our individual VARs.

14Note that in a historical decomposition, usually only the median (or mean) estimates are shown,
so that uncertainty is ignored. However, this is usually the choice of the researcher and even in a
historical decomposition one could easily show uncertainty if one wanted to.

15Even without deriving the historical contributions of each structural shocks, one could also construct
the same counterfactual data as follows: for each draw of our estimation procedure, recover the VAR
coefficients as well as the structural matrix A0 as Section II. Then derive the vector of structural shocks
εt. Setting different structural shocks to zero results in a vector ε̃t that can be used to construct the
counterfactual paths. This is done by simulating the vector of counterfactual data as yc f

t = c+B1yc f
t−1+

... + Bpyc f
t−p +A−1

0 ε̃t. Finally, note that we are interested here in the role of structural shocks over the
full sample. One can still perform interesting experiments and, for example, simulate away or change
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Remember that each variable of our vector yt of endogenous variables can be rewrit-
ten as

yi,t = d(t)
i +

n∑

j=1

t−1∑

k=0

ψ̃k,i jε j,t−k (4)

We can then simulate counterfactual paths by setting the sequence of an arbitrary
shock to zero or, equivalently, subtracting the contribution of this shock. Suppressing
shock s ∈ j = 1, ..,n over all periods therefore results in the counterfactual path

yc f
i,t = d(t)

i +

n∑

j=1, j,s

t−1∑

k=0

ψ̃k,i jε j,t−k (5)

We construct counterfactual paths for inflation and GDP growth by separately sup-
pressing (1) both the global demand and oil supply shock, (2) the monetary policy
shock, (3) both the domestic demand and the domestic supply shock, and (4) the
residual shock.

In order to save space, we discuss the counterfactuals for inflation only, see Figures
(3) to (8), which depict the simulated paths for inflation in hypothetical scenarios in
which the aggregate global shock, the monetary policy shock, the aggregate domestic
shock as well as the residual rate shock are suppressed.16 The red solid paths correspond
to the median counterfactual path over all samples, while the shaded areas enclose
the 16th and 84th (red-shaded) percentiles as well as the 5th and 95th (grey-shaded)
percentiles, respectively.

Take Korea as an example. Three findings are noteworthy. First, suppressing either
the global shocks or the domestic shocks does make a difference. Our results suggest
that in the absence of global shocks, we would have observed lower inflation rates
between 2004 and 2006, saying that global shocks had inflationary pressure during
that period. Global shocks also put inflationary pressure on Korea immediately before
the onset of the Great Recession. We can see this from the fact that without global
shocks, the inflation rate would have been significantly lower during this period. This
is not surprising and reflects the boom phase immediately before the crisis. Note that
this result is qualitatively very consistent with the results from Bobeica and Jarociński
(2019) for the euro area as well as for the United States.

Second, we find that we would have observed lower inflation rates in the absence
of domestic shocks around 2008. Thus, domestic shocks were inflationary during
this period. As in the case of global shocks, we also find that adverse shocks were
deflationary between 2014 and 2016. Note that this finding perfectly mirrors our
result from the historical decomposition, where we saw that especially around the

only a subsequence of the shocks. In this case, the counterfactual has to be simulated as described
above.

16The counterfactual paths for GDP growth are available in the appendix.
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Figure 3: Counterfactual paths for inflation with suppressed shocks - Indonesia
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as the 5th and 95th percentiles (grey-shaded area) for inflation (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks)
and in IV (residual shocks). The identification of shocks relies on the Corsetti et al. (2014)
identification.
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Figure 4: Counterfactual paths for inflation with suppressed shocks - Korea
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as the 5th and 95th percentiles (grey-shaded area) for inflation (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks)
and in IV (residual shocks). The identification of shocks relies on the Corsetti et al. (2014)
identification.
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Figure 5: Counterfactual paths for inflation with suppressed shocks - Malaysia
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as the 5th and 95th percentiles (grey-shaded area) for inflation (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks)
and in IV (residual shocks). The identification of shocks relies on the Corsetti et al. (2014)
identification.
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Figure 6: Counterfactual paths for inflation with suppressed shocks - Philippines
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as the 5th and 95th percentiles (grey-shaded area) for inflation (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks)
and in IV (residual shocks). The identification of shocks relies on the Corsetti et al. (2014)
identification.
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Figure 7: Counterfactual paths for inflation with suppressed shocks - Singapore
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as the 5th and 95th percentiles (grey-shaded area) for inflation (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks)
and in IV (residual shocks). The identification of shocks relies on the Corsetti et al. (2014)
identification.
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Figure 8: Counterfactual paths for inflation with suppressed shocks - Thailand
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as the 5th and 95th percentiles (grey-shaded area) for inflation (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks)
and in IV (residual shocks). The identification of shocks relies on the Corsetti et al. (2014)
identification.

237



Great Recession global and domestic shocks pushed inflation in the same direction.
The third finding pertains to the remaining shocks. These shocks seem to play a

small role for Korean inflation as the actual inflation rate is indistinguishable from the
counterfactual path for which monetary shocks (panel II) or residual shocks (panel IV)
are suppressed.

Summarizing the results for Korean inflation, we conclude that global shocks as
well as domestic demand seemed to play a more important role than monetary policy
shocks and residual shocks. Importantly, the findings from the counterfactuals and
the role of domestic and global shocks around 2008 are consistent for all countries.

D. Robustness Check

So far, our results suggest that monetary policy shocks have little effects on the dynam-
ics of real activity. Therefore, we now ask whether the same is true for the systematic
part of monetary policy. In order to do so, we follow, among others, Gordon and
Leeper (1994) and Leeper and Zha (2003) who base the specification of monetary
policy behavior on the information available to the central bank within the quarter.
Recall that under our benchmark identification strategy, both structural demand and
supply disturbances have simultaneous effects on the interest-rate equation. In order
to impose an alternative systematic monetary policy behavior, we therefore restrict the
corresponding coefficients in the structural matrix A0 to zero such that both demand
and supply shocks do not have a contemporaneous impact on the short-term interest
rate. The results (not presented) are qualitatively and quantitatively for all countries
very much the same as in the benchmark case. This also confirms our previous results,
i.e. that departures from the policy rule have only limited effects on inflation dynamics.

In our baseline model, we include the oil price as an endogenous variable. From
the perspective of small open economies, however, the oil price is often considered
exogenous such that it may not be explained by the lags of the endogenous domestic
variables. We treat the oil price as endogenous as we need the oil price in order to
identify global supply shocks in the VAR model. The estimated coefficients on the
lagged endogenous variables in the oil price equation will be zero if oil is indeed
exogenous, thus mitigating concerns of a potential misspecification.

In order to rule out remaining concerns, we re-estimate our models with the re-
striction that domestic variables have no effect on the oil price by means of block
exogeneity. We set a prior of zero on the coefficients of all lagged domestic variables
in the oil price equation in combination with a prior variance of λ5 = 0.001.17 This
ensures that the oil price is not driven by domestic variables and that it nevertheless

17Note that block exogeneity is not possible with a Normal Wishart prior. The reason is that the
Kronecker structure for the variance of the prior for the VAR coeffiients causes instability. Instead, we
choose a Minnesota prior for this comparison, which is closest to the Normal Wishart prior and with
which block exogeneity is possible. With the Minnesota prior, the results remain exactly unchanged
if we compare the model with and without the assumption of block exogeneity.
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can be exploited to identify a global supply shock. For all six countries, we find that
the posterior distribution is very much centered around zero, i.e. the median, the 5th

and 95th percentiles for all domestic variables are equal to 0.00. As regards our main
results, we find no qualitative differences compared to our original approach. In the
appendix, we can see that in this case we get the same oil supply shocks as in our
baseline case. The corresponding impulse responses, not shown for space reasons but
available on request, also look very similar.

IV HOW GLOBAL SHOCKS AFFECT THE PHILLIPS CURVE

Much of the discussion about the changing nature of inflation is framed in terms of
the Phillips curve relation between inflation and real activity. It is often argued that
the process of inflation determination changed. Not only advanced economies, but
also many emerging market economies have experienced declines in inflation that
were lower than expected. A flattening of the Phillips curve could have important
consequences for monetary policy as disinflation policy becomes more costly in terms
of foregone economic activity.

In this section, we estimate the inflation-output nexus for our six countries under
investigation and see if the Phillips curve is still ’alive’. We investigate whether the
sensitivity of inflation to output depends on the nature of shocks that are driving
GDP. In contrast to much of the literature, we do not add additional variables to the
Phillips curve such as oil prices or measures of global output gaps in order to assess these
variables’ effects on the slope of the output-inflation trade-off. Instead, we decompose
the observed series of output growth into components attributable to domestic and
global shocks, respectively. Thus, we can show whether global and domestic factors
affect the Phillips curve correlation equally.

It is important to stress that we do not offer a systematic analysis of structural shifts
in the Phillips curve relationship. Our sample is too short relative to the number of
VAR parameters to be estimated in order to accomplish that. Shifts in the slope of the
Phillips curve could result from changes in the price-setting power of firms, changes
to the conduct of monetary policy and changes in the nature of shocks that hit the
economy. Occhino (2019) and Jacob and van Florenstein Mulder (2019) conduct
system studies on the role of each of these factors. In contrast to these studies and
in line with the first part of this paper, we focus on the global versus domestic nature
of shocks driving GDP in order to decompose the inflation-output correlation. We
treat the Phillips curve as an empirical regularity that describes a positive correlation
between inflation and real economic activity, not as a structural relationship.

We exploit our counterfactual paths which are functions of structural (past) shocks
that we identify. This being said, our poor-man’s approach is easy to implement and
has several advantages. First, we estimate the Phillips curve using a decomposition of
GDP in terms of cumulative historical decompositions of structural shocks. That is,
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the model allows different domestic and global components to enter the Phillips curve
with different coefficients and potentially different signs. The model therefore nests
the conventional Phillips curve specification if the coefficient on the global compo-
nent equals the one on the domestic component. Second, by decomposing economic
growth into domestic and global components, we can avoid an econometric problem
faced by studies which extend the Phillips curve by measures of global slack. Global
output gaps are typically highly correlated with the domestic output gap (see Jašová et
al., 2020). That is, the studies have difficulties separating the true effects from domestic
and global forces. Instead, our decomposition is based on functions of orthogonal
structural shocks.

Note that up to now, we bundled the contributions of oil supply shocks and global
demand shocks which we referred to as the contributions of global shocks. That is,
we ignore whether the contribution of oil supply shocks and global demand shocks
can have different signs. We now account for this possibility by splitting up the global
component into its parts, i.e. the parts that stem from oil supply shocks and global
demand shocks.

We start by estimating a reduced-form Phillips curve with observable GDP growth
as the determinant of inflation

πt = c + βxt + γπt−1 + εt, (model A)

where πt is the year-on-year inflation rate and xt is the observed growth rate of real
GDP. We add past inflation as a proxy for today’s expectations of future inflation.
Table (4) reports the results for this specification. We find a significantly positive slope
of the Phillips curve for Korea, Malaysia, Singapore and Thailand. For Indonesia and
the Philippines, the estimated slope coefficient is insignificantly different from zero.

Table 4: Regression results for model A

IDN KOR MYS PHL SGP THA
c 1.15 -0.09 -0.06 0.34 -0.58 0.02

[0.68] [−0.43] [−0.16] [0.54] [−3.94] [0.08]
β -0.01 0.12 0.16 0.05 0.13 0.12

[−0.05] [3.52] [2.92] [0.61] [7.03] [2.45]
γ 0.83 0.83 0.71 0.84 0.95 0.75

[11.92] [14.36] [7.85] [11.49] [24.52] [9.98]

# obs 67 67 67 67 67 67
R2 0.70 0.76 0.48 0.69 0.90 0.63

Notes: Estimation results for the specification with observable GDP growth. The growth
rate of GDP enters with the coefficient β, while γ is the coefficient on lagged inflation. The
values in square brackets correspond to the t−statistic testing the null that the corresponding
coefficient is equal to zero.
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We now include the counterfactual path of GDP growth. Consequently, the slope
coefficient β is split into the coefficient on domestically-driven GDP and the coeffi-
cient on globally determined GDP. The baseline regression reads

πt = c + β jx
j
t + βc f ( j)x

c f ( j)
t + γπt−1 + εt, (model B)

where xc f ( j)
t is the counterfactual path of the growth rate of domestic real GDP in

which we suppress shock j. Hence, x j
t for j = {oil, dem} denotes the contribution

of either oil supply shocks or global demand shocks to the growth rate of real GDP.
Technically, this contribution corresponds to the distance between the actual data and
the counterfactual path in our simulation exercise where we simulated global shocks
away, see Figures (3) to (8). For the case where βc f ( j) = β j, the distinction between
domestic and global components of activity becomes obsolete. Hence, the model nests
the conventional specification which regresses inflation on observable output growth.

The Phillips curve regression as explained before suffers from a generated regressors
problem.18 The reason is that the regressors x j

t and xc f ( j)
t are themselves results from

a regression model. Hence, the estimation uncertainty surrounding these regressors
must not be ignored. We address this problem as follows: instead of running a sin-
gle regression using the median from the historical decomposition, we estimate the
Phillips curve for each single draw we have available from our VAR estimation. By
doing so, we carry uncertainty from the first stage, i.e. the VAR estimation, into the
second state, i.e. the Phillips curve regression. For all coefficients, inference is based
on the 16th and 84th percentiles of the t−statistics from this exercise.

Our estimation results are reported in Table (5). The upper half of the table focuses
on the role of oil supply shocks, i.e. global supply shocks. For Korea, Malaysia,
Singapore and Thailand, the domestic growth component, i.e. GDP growth in the
absence of global supply shocks, enters with a positive coefficient. In these cases, the
Phillips curve trade-off remains valid and has the expected sign. An increase in the
domestic part of growth is inflationary. This stands in contrast to the inflation-impact
of growth driven by global supply shocks. For four countries, GDP driven by oil
supply shocks enters with a negative sign, such that the inflation-output correlation
is lower once the component driven by global supply shock is included in GDP. This
effect, however, remains insignificant for all countries.

Turning to global demand shocks, our results suggest that global demand shocks
steepen the Phillips curve for Korea, Malaysia, Singapore and Thailand. For these
countries, the estimated βdem is significantly positive. For all countries, the slope co-
efficient on growth driven by domestic demand shocks is higher than the slope co-
efficient on the counterfactual growth series suppressing global demand shocks. Put
differently, ignoring the fraction of GDP growth driven by global demand shocks

18We are grateful to an anonymous referee for this point as well as the proposed solution.
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Table 5: Regression results for model B

IDN KOR MYS PHL SGP THA

oil supply shock
c 1.03 -0.09 -0.05 0.26 -0.60 -0.01

[0.03, 0.85] [−0.93, 0.06] [−0.31, 0.12] [−0.81, 0.99] [−5.08,−3.44] [−1.36, 0.77]
βoil -0.64 -0.02 0.14 -0.27 0.07 -0.18

[−2.21, 0.31] [−2.19, 1.41] [−0.90, 2.47] [−4.64, 0.34] [0.18, 3.42] [−3.52, 0.13]
βc f (oil) 0.01 0.13 0.16 0.11 0.13 0.14

[−0.18, 0.62] [3.36, 4.71] [2.35, 3.48] [0.69, 3.23] [6.74, 8.48] [2.33, 4.58]
γ 0.83 0.82 0.70 0.80 0.94 0.72

[11.04, 12.29] [12.26, 14.59] [6.59, 7.94] [9.14, 12.54] [20.80, 26.10] [8.69, 10.76]

# obs 67 67 67 67 67 67
R2 0.71 0.77 0.49 0.73 0.91 0.67

global demand shock
c 3.37 -0.02 0.11 0.53 -0.49 0.18

[0.90, 3.09] [−0.48, 0.73] [−0.18, 1.10] [0.53, 1.87] [−4.22,−2.86] [−0.05, 2.37]
βdem 0.46 0.17 0.30 0.26 0.25 0.47

[0.43, 2.76] [2.17, 4.18] [1.97, 4.27] [0.47, 3.40] [4.03, 9.75] [1.93, 6.39]
βc f (dem) -0.35 0.11 0.13 0.03 0.11 0.11

[−2.56,−0.29] [1.60, 3.45] [1.04, 2.87] [−0.76, 0.62] [5.62, 7.84] [0.98, 2.85]
γ 0.79 0.83 0.69 0.83 0.94 0.71

[9.23, 11.94] [13.22, 14.62] [7.15, 8.08] [10.32, 11.71] [24.01, 29.56] [8.04, 10.57]

# obs 67 67 67 67 67 67
R2 0.72 0.77 0.51 0.70 0.92 0.67

Notes: The values for the estimated coefficients (as well as for the coefficient of determination
R2) correspond to their median value over all 2000 draws. In the first block, βoil represents
the coefficient on the component of real GDP growth driven by oil supply shocks, while in
the second block βdem represents the coefficient on the component of real GDP growth driven
by global demand shocks. In both blocks, βc f ( j) for j = {oil, dem} represents the coefficient
on the counterfactual path of real GDP growth that excludes either the component driven
by oil supply shocks (first block), or the component driven by global demand shocks (second
block). The lagged domestic inflation rate enters with the coefficient γ. For all coefficients
in both blocks, the values in square brackets correspond to the 16th and 84th percentile of the
t−statistic testing the null that the corresponding coefficient is equal to zero. All results rely
on the Corsetti et al. (2014) identification.

leads to a flatter Phillips curve. Consequently, the coefficient on the counterfactual
in the lower half of Table (5) is smaller than the coefficient on observable growth
reported in Table (4).

As a third specification, we include both global components of GDP separately, i.e.
xoil

t and xdem
t . The counterfactual xc f (glo)

t reflects GDP growth in the absence of both
types of global shocks

πt = c + βoilxoil
t + βdemxdem

t + βc f (glo)x
c f (glo)
t + γπt−1 + εt. (model C)
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Table (6) reports the estimated coefficients. Again, the fraction of GDP driven by oil
supply shocks remains an insignificant driver of inflation. The occurrence of global
demand shocks, in contrast, contributes to a steeper inflation-output nexus for Korea,
Malaysia, Singapore and Thailand.

Table 6: Regression results for model C

IDN KOR MYS PHL SGP THA
c 3.04 -0.03 0.13 0.46 -0.51 0.13

[0.42, 3.23] [−0.94, 1.00] [−0.31, 1.20] [−0.49, 2.28] [−4.89,−2.33] [−0.99, 2.61]
βoil -0.91 -0.04 0.09 -0.34 0.05 -0.19

[−2.71, 0.14] [−2.55, 1.32] [−1.49, 2.33] [−5.40,−0.55] [−0.81, 3.53] [−4.02, 0.16]
βdem 0.50 0.18 0.31 0.36 0.26 0.48

[0.35, 3.02] [2.2, 4.73] [1.87, 4.62] [0.62, 4.66] [4.15, 10.98] [1.99, 7.19]
βc f (glo) -0.29 0.12 0.13 0.08 0.12 0.13

[−2.62, 0.18] [1.78, 4.08] [1.00, 3.04] [−0.08, 2.79] [5.53, 8.68] [1.26, 4.46]
γ 0.78 0.80 0.67 0.76 0.92 0.66

[8.59, 11.94] [11.46, 14.75] [6.501, 8.12] [8.17, 12.84] [21.07, 30.24] [7.38, 11.09]

# obs 67 67 67 67 67 67
R2 0.73 0.78 0.54 0.76 0.93 0.73

Notes: The values for the estimated coefficients (as well as for the coefficient of determination
R2) correspond to their median value over all 2000 draws. βoil represents the coefficient on
the component of real GDP growth driven by oil supply shocks, while βdem represents the
coefficient on the component of real GDP growth driven by global demand shocks. βc f (glo)

represents the coefficient on the counterfactual path of real GDP growth that excludes the
component driven by both global supply shocks and global demand shocks. The lagged
domestic inflation rate enters with the coefficient γ. For all coefficients, the values in square
brackets correspond to the 16th and 84th percentile of the t−statistic testing the null that
the corresponding coefficient is equal to zero. All results rely on the Corsetti et al. (2014)
identification strategy.

We can conclude that the effect of global driving forces on the Phillips curve trade-
off critically depends on the nature of these forces. While global factors in terms of
oil supply shocks do not affect the Phillips curve, global demand shocks steepen the
inflation-output correlation.19

V CONCLUSIONS

This paper adds to the discussion about the changing nature of inflation dynamics in
six Asian emerging market economies. We estimate a series of VAR models, in which
we identify a battery of demand and supply shocks shocks using sign restrictions. Fo-
cusing on the co-movement between domestic and global variables, our identification
strategy also allows us to distinguish between global and domestic shocks. Relying on
forecast error variance decompositions and historical decompositions, we find that (1)

19Our results are qualitatively very similar when using the counterfactuals from the alternative
identification strategy. These regression results are available in the appendix.
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global factors play an important role for both inflation and the growth rate of real GDP
across all countries under consideration and (2) the role of monetary policy is limited.
While global factors can explain the sharp increases and the subsequent plunges around
the Great Recession, they also contribute much to the low inflation rates that have been
recently observed. Since global factors are driving a substantive share of inflation,
domestic monetary policy is increasingly less able to stabilize inflation and the real
economy.

We also revisit the Phillips curve relation between inflation and real activity. This is
particularly important for policymakers as monetary policy in the short-run induces
movements along the Phillips curve by controlling domestic demand. By decompos-
ing the observed growth rates of domestic real GDP into components attributable
to domestic and global shocks, we investigate whether the sensitivity of inflation to
output depends on the nature of shocks driving the real economy.

Our results suggest that including the components of growth due to oil price
shocks and global demand shocks, respectively, changes the inflation-output
correlation. GDP growth due to oil supply shocks seem to flatten the Phillips curve
in most countries, though the effect is not statistically significant. The contrary is
true for the fraction of GDP due to global demand shocks. The Phillips curve
correlation increases once we include the part of GDP driven by global demand.
Hence, we show that global integration affects the Phillips curve and that the nature
of global shocks determines whether the curve steepens. It should be noted that the
focus of this paper is on the role of global vs domestic drives of inflation dynamics
and their effects on the slope of the Phillips curve. In principle, we could use a similar
framework to address the role of demand vs supply shocks to study the slope of the
Phillips curve conditional on demand shocks only. We leave this for future research.

Our results highlight the difficulties facing inflation targeting central banks in the
region. While monetary policy affects domestic demand, global demand, which drives
the bulk of inflation, is not under the control of monetary policy.
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APPENDIX

A CONVERGENCE CHECKS

In order to assess the convergence of the sampler, we apply different metrics.
First, we calculate the inefficiency factors for convergence. These are the inverse

of the relative numerical efficiency measure of Geweke (1992) and defined by
(
1 + 2

∑∞
k=1 ρk

)
, where ρk is the kth order autocorrelation for the underlying

parameter. Inefficiency factors of around 20 or below are regarded as satisfactory.
Table (7) reports the minimum, the maximum, the median and the average
inefficiency factor for each country. For all countries, the inefficiency factors are far

Table 7: Distribution of inefficiency factors

B DRAWS
IDN KOR MYS PHL SGP THA

MEDIAN 3.02 2.95 2.98 2.93 3.04 2.96
MEAN 3.00 3.00 2.98 2.96 3.04 2.97
MIN 2.67 2.65 2.69 2.66 2.63 2.61
MAX 3.39 3.43 3.34 3.48 3.45 3.38

Σ DRAWS
IDN KOR MYS PHL SGP THA

MEDIAN 3.00 2.99 2.99 3.03 2.90 3.08
MEAN 3.01 3.00 2.95 3.04 2.90 3.07
MIN 2.85 2.72 2.74 2.72 2.69 2.82
MAX 3.32 3.21 3.22 2.27 3.10 3.33

Notes: The elements of B are the reduced-form coefficients, and the elements of Σ are the
stacked entries in the covariance matrix.

below 20 for all parameters in B and in Σ. As a second check, we follow Raftery and
Lewis (1992) and calculate the number of draws required to a achieve a given level of
precision in our posterior samples. We use common values and set our quantiles of
the marginal posteriors to 2.5% and 97.5%, the probability of attaining the required
accuracy to 95% and the desired accuracy to 2.5%.20 Table (8) shows that the
required number of draws is always far below the number of iterations in our
application.

As a final check, we take a look at the 1st and 5th order autocorrelation between
draws for all parameters in B and Σ. We find that the sample autocorrelation is very
low, ranging between -0.05 and 0.05 for all countries.

In sum, we find that all convergence checks are satisfactory.

20See, for instance, Raftery and Lewis (1992) and Primiceri (2005).
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Table 8: Distribution of Raftery-Lewis statistics

B DRAWS
IDN KOR MYS PHL SGP THA

MEDIAN 604 614 601 603 619 604
MEAN 615 617 607 607 618 609
MIN 570 570 560 570 570 570
MAX 712 712 706 672 700 739

Σ DRAWS
IDN KOR MYS PHL SGP THA

MEDIAN 599 594 598 599 604 594
MEAN 608 605 608 613 605 594
MIN 570 570 570 570 560 570
MAX 682 686 672 720 650 665

Notes: The elements of B are the reduced-form coefficients, and the elements of Σ are the
stacked entries in the covariance matrix.

B FURTHER RESULTS FOR THE BASELINE SPECIFICATION

A. Impulse Responses

We use the BEAR toolbox to estimate our VAR models.21 The algorithm to derive
structural impulse responses by means of sign restrictions follows Arias et al. (2018).
Figures (9) to (20) show, for each country, the impulse responses of the inflation rate
and the growth rate of real GDP to all six shocks. The shock size is normalized to one
standard deviation. Since the SVAR model is heavily restricted, we do not emphasize
the interpretation of the responses too much. Note, however, that most responses
are persistent, though the restrictions on the sign of the responses are imposed on
impact only. Take Korea as an example. The responses of inflation, see Figure (11), to
domestic and global demand shocks are quite persistent. Inflation returns to its mean
three or four years after the shock. Hence, the sign restrictions do not seem to overly
stretch the data.
21See https://www.ecb.europa.eu/pub/research/working-papers/html/bear-toolbox.en.
html

248



Figure 9: Impulse responses of inflation - Indonesia
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 10: Impulse responses of real GDP growth - Indonesia
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 11: Impulse responses of inflation - Korea
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 12: Impulse responses of real GDP growth - Korea
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 13: Impulse responses of inflation - Malaysia
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 14: Impulse responses of real GDP growth - Malaysia
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 15: Impulse responses of inflation - Philippines
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 16: Impulse responses of real GDP growth - Philippines
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 17: Impulse responses of inflation - Singapore
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 18: Impulse responses of real GDP growth - Singapore
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 19: Impulse responses of inflation - Thailand
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.
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Figure 20: Impulse responses of real GDP growth - Thailand
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Notes: Median impulse response (red solid path) with 16th and 84th percentiles (red-shaded
area) as well as 5th and 95th percentiles (grey-shaded area). The sign-restrictions are imposed
on impact only. The identification of shocks relies on the Corsetti et al. (2014) identification.

B. Counterfactual Simulations

In the main text, we present counterfactual simulations where we suppress the histor-
ical contributions of certain shocks. The idea can be summarized as follows: having
derived the historical decomposition for each sample, counterfactual paths with sup-
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pressed shocks can be simulated as the difference between the actual path minus the
historical decompositions of one single specific shock or groups of structural shocks
for that sample.22 Formally, variable i in t can be decomposed into the deterministic
component (i.e. initial conditions) and the historical contribution of each structural
shock, that is

yi,t = d(t)
i +

n∑

j=1

t−1∑

k=0

ψ̃k,i jε j,t−k

The first expression states that yi,t is the sum of the deterministic component d(t)
i and

the sum of contributions of all j = 1, ..,n structural shocks on variable i from period
k = 0 to t − 1 back in the past, where ε j,t−k is the structural shock j in period t − k
and ψ̃k,i j is the corresponding entry in row i and column j of the structural impulse
response function matrix Ψ̃k, i.e. it corresponds to the impact of shock j on variable i.
The counterfactual path with suppressed shock s ∈ j = 1, ...,n is then given by

yc f
i,t = d(t)

i +

n∑

j=1, j,s

t−1∑

k=0

ψ̃k,i jε j,t−k,

where the historical contribution of shock s on variable i is subtracted. While we
show the counterfactual paths of inflation for all countries in the main text, we present
the counterfactual paths for the growth rate of real GDP in this appendix. This is
interesting because we use the counterfactual paths for real GDP as input for the
regression in Section IV in the main paper.

22Note that throughout the paper as well as here in the appendix, we report the 5th percentiles, the 16th

percentiles, the median, the 84th percentiles as well as the 95th percentiles over all 2000 samples/draws.
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Figure 21: Counterfactual paths for real GDP growth with suppressed shocks -
Indonesia
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to the growth rate of real GDP where aggregate
global shocks (oil supply shocks and global demand shocks) are suppressed, while the same is
done in II with monetary policy shocks, in III with domestic shocks (domestic demand and
domestic supply shocks) and in IV (residual shocks). The identification of shocks relies on the
Corsetti et al. (2014) identification.
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Figure 22: Counterfactual paths for real GDP growth with suppressed shocks - Korea
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to the growth rate of real GDP where aggregate
global shocks (oil supply shocks and global demand shocks) are suppressed, while the same is
done in II with monetary policy shocks, in III with domestic shocks (domestic demand and
domestic supply shocks) and in IV (residual shocks). The identification of shocks relies on the
Corsetti et al. (2014) identification.
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Figure 23: Counterfactual paths for real GDP growth with suppressed shocks -
Malaysia
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to the growth rate of real GDP where aggregate
global shocks (oil supply shocks and global demand shocks) are suppressed, while the same is
done in II with monetary policy shocks, in III with domestic shocks (domestic demand and
domestic supply shocks) and in IV (residual shocks). The identification of shocks relies on the
Corsetti et al. (2014) identification.
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Figure 24: Counterfactual paths for real GDP growth with suppressed shocks -
Philippines

2002 2004 2006 2008 2010 2012 2014 2016 2018

2

4

6

8

10

%

I - no global shocks

2002 2004 2006 2008 2010 2012 2014 2016 2018

0

2

4

6

8

%

II - no monetary policy shocks

2002 2004 2006 2008 2010 2012 2014 2016 2018

2

4

6

8

%

III - no domestic shocks

2002 2004 2006 2008 2010 2012 2014 2016 2018
0

2

4

6

8

%

IV - no residual shocks

Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to the growth rate of real GDP where aggregate
global shocks (oil supply shocks and global demand shocks) are suppressed, while the same is
done in II with monetary policy shocks, in III with domestic shocks (domestic demand and
domestic supply shocks) and in IV (residual shocks). The identification of shocks relies on the
Corsetti et al. (2014) identification.
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Figure 25: Counterfactual paths for real GDP growth with suppressed shocks -
Singapore
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to the growth rate of real GDP where aggregate
global shocks (oil supply shocks and global demand shocks) are suppressed, while the same is
done in II with monetary policy shocks, in III with domestic shocks (domestic demand and
domestic supply shocks) and in IV (residual shocks). The identification of shocks relies on the
Corsetti et al. (2014) identification.
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Figure 26: Counterfactual paths for real GDP growth with suppressed shocks -
Thailand
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to the growth rate of real GDP where aggregate
global shocks (oil supply shocks and global demand shocks) are suppressed, while the same is
done in II with monetary policy shocks, in III with domestic shocks (domestic demand and
domestic supply shocks) and in IV (residual shocks). The identification of shocks relies on the
Corsetti et al. (2014) identification.
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C FURTHER ROBUSTNESS CHECKS

This section reports the results for additional robustness checks. These include (1)
results for an alternative identification strategy and (2) results for the case where the
oil price is restricted to not respond to domestic variables.

A. Results for the Alternative Identification

In this subsection, we report several results from an alternative identification of struc-
tural shocks. Table (9) reports the identification strategy. In short, the difference
between the two identification strategies is the identification of the monetary policy
shock. Here we assume that the growth rate of real GDP, the share of real GDP
relative to GDP of the rest of the world as well as the inflation rate no longer react
with a delay, but react on impact. That is, an unexpected increase in the policy rate
leads to a drop in the inflation rate and the growth rate of real GDP. Since real GDP
reacts more strongly after a domestic monetary policy shock than real GDP of the rest
of the world, the GDP share also falls on impact.

Table 9: Alternative identification of structural shocks

VARIABLE \ SHOCK OIL GLOBAL DOMESTIC DOMESTIC MONETARY RESIDUAL
SUPPLY DEMAND DEMAND SUPPLY POLICY

OIL PRICE + - 0
GDP SHARE + - - - 0
REAL GDP - - - - - 0
INFLATION + - - + - 0
INTEREST RATE 0 - + + 0
EXCHANGE RATE +

Notes: Blank cells indicate unconstrained impulse responses. A positive or negative reaction is
denoted by + and −. A zero restriction is denoted by 0. All restrictions are imposed on impact
only.

Before we get to the main results, it is worth taking a look at the correlation of the
identified structural shocks between the identification strategy from the main part of
the paper as well as the strategy documented in Table (9). For this purpose, Table (10)
reports for each country the correlation of the median for both approaches for all six
shocks.
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Table 10: Correlation of shocks across approaches

SHOCK \ COUNTRY IDN KOR MYS PHL SGP THA
MONETARY POLICY 0.71 0.65 0.74 0.70 0.64 0.66
OIL SUPPLY 0.89 0.98 0.92 0.97 0.88 0.98
GLOBAL DEMAND 0.96 0.96 0.98 0.98 0.87 0.99
DOMESTIC DEMAND 0.63 0.70 0.76 0.53 0.61 0.68
DOMESTIC SUPPLY 0.96 0.84 0.92 0.90 0.82 0.93
RESIDUAL SHOCK 1.00 1.00 1.00 1.00 1.00 1.00

Notes: Correlation of estimated structural shocks from the baseline identification strategy and
the alternative identification strategy. All values are based on the median values.

Overall, we find that the correlation is very high for all six shocks. Except for
the monetary policy shock and the domestic demand shock, we find that for all six
countries, the other four shocks almost overlap. For the monetary policy shock, the
correlation between the approaches is noticeably lower, which is due to the different
identification strategy, but we also find that the general pattern is very similar.
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a. Historical Decompositions

Figure 27: Historical contribution of structural shocks to inflation for Indonesia, Korea
and Malaysia
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to inflation for Indone-
sia, Korea and Malaysia. The black path corresponds to the sum of median contributions of
all structural shocks. Results rely on the alternative identification strategy.
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Figure 28: Historical contribution of structural shocks to inflation for the Philippines,
Singapore and Thailand
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to inflation for the
Philippines, Singapore and Thailand. The black path corresponds to the sum of median
contributions of all structural shocks. Results rely on the alternative identification strategy.
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Figure 29: Historical contribution of structural shocks to real GDP growth for
Indonesia, Korea and Malaysia
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to the growth rate of
real GDP for Indonesia, Korea and Malaysia. The black path corresponds to the sum of median
contributions of all structural shocks. Results rely on the alternative identification strategy.
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Figure 30: Historical contribution of structural shocks to real GDP growth for the
Philippines, Singapore and Thailand
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to the growth rate of
real GDP for the Philippines, Singapore and Thailand. The black path corresponds to the sum
of median contributions of all structural shocks. Results rely on the alternative identification
strategy.
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b. Counterfactual Simulations

Figure 31: Counterfactual paths for inflation with suppressed shocks - Indonesia
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the inflation rate (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks) and
in IV (residual shocks). The identification of shocks relies on the alternative identification
strategy as in Table (9). The green solid path shows the median counterfactual path for the
baseline identification strategy.

274



Figure 32: Counterfactual paths for real GDP growth with suppressed shocks -
Indonesia
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to real GDP growth rate where aggregate global
shocks (oil supply shocks and global demand shocks) are suppressed, while the same is done in
II with monetary policy shocks, in III with domestic shocks (domestic demand and domestic
supply shocks) and in IV (residual shocks). The identification of shocks relies on the alternative
identification strategy as in Table (9). The green solid path shows the median counterfactual
path for the baseline identification strategy.
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Figure 33: Counterfactual paths for inflation with suppressed shocks - Korea
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the inflation rate (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks) and
in IV (residual shocks). The identification of shocks relies on the alternative identification
strategy as in Table (9). The green solid path shows the median counterfactual path for the
baseline identification strategy.
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Figure 34: Counterfactual paths for real GDP growth with suppressed shocks - Korea
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to real GDP growth rate where aggregate global
shocks (oil supply shocks and global demand shocks) are suppressed, while the same is done in
II with monetary policy shocks, in III with domestic shocks (domestic demand and domestic
supply shocks) and in IV (residual shocks). The identification of shocks relies on the alternative
identification strategy as in Table (9). The green solid path shows the median counterfactual
path for the baseline identification strategy.
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Figure 35: Counterfactual paths for inflation with suppressed shocks - Malaysia
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the inflation rate (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks) and
in IV (residual shocks). The identification of shocks relies on the alternative identification
strategy as in Table (9). The green solid path shows the median counterfactual path for the
baseline identification strategy.
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Figure 36: Counterfactual paths for real GDP growth with suppressed shocks -
Malaysia
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to real GDP growth rate where aggregate global
shocks (oil supply shocks and global demand shocks) are suppressed, while the same is done in
II with monetary policy shocks, in III with domestic shocks (domestic demand and domestic
supply shocks) and in IV (residual shocks). The identification of shocks relies on the alternative
identification strategy as in Table (9). The green solid path shows the median counterfactual
path for the baseline identification strategy.
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Figure 37: Counterfactual paths for inflation with suppressed shocks - Philippines
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the inflation rate (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks) and
in IV (residual shocks). The identification of shocks relies on the alternative identification
strategy as in Table (9). The green solid path shows the median counterfactual path for the
baseline identification strategy.
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Figure 38: Counterfactual paths for real GDP growth with suppressed shocks -
Philippines
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to real GDP growth rate where aggregate global
shocks (oil supply shocks and global demand shocks) are suppressed, while the same is done in
II with monetary policy shocks, in III with domestic shocks (domestic demand and domestic
supply shocks) and in IV (residual shocks). The identification of shocks relies on the alternative
identification strategy as in Table (9). The green solid path shows the median counterfactual
path for the baseline identification strategy.
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Figure 39: Counterfactual paths for inflation with suppressed shocks - Singapore
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the inflation rate (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks) and
in IV (residual shocks). The identification of shocks relies on the alternative identification
strategy as in Table (9). The green solid path shows the median counterfactual path for the
baseline identification strategy.
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Figure 40: Counterfactual paths for real GDP growth with suppressed shocks -
Singapore
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to real GDP growth rate where aggregate global
shocks (oil supply shocks and global demand shocks) are suppressed, while the same is done in
II with monetary policy shocks, in III with domestic shocks (domestic demand and domestic
supply shocks) and in IV (residual shocks). The identification of shocks relies on the alternative
identification strategy as in Table (9). The green solid path shows the median counterfactual
path for the baseline identification strategy.
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Figure 41: Counterfactual paths for inflation with suppressed shocks - Thailand
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the inflation rate (in %). In I, the
counterfactual path corresponds to the inflation rate where aggregate global shocks (oil supply
shocks and global demand shocks) are suppressed, while the same is done in II with monetary
policy shocks, in III with domestic shocks (domestic demand and domestic supply shocks) and
in IV (residual shocks). The identification of shocks relies on the alternative identification
strategy as in Table (9). The green solid path shows the median counterfactual path for the
baseline identification strategy.
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Figure 42: Counterfactual paths for real GDP growth with suppressed shocks -
Thailand
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Notes: Median counterfactual paths (red solid path) with 16th and 84th percentiles (red-shaded
area), and 5th and 95th percentiles (grey-shaded area) for the growth rate of real GDP (in %).
In I, the counterfactual path corresponds to real GDP growth rate where aggregate global
shocks (oil supply shocks and global demand shocks) are suppressed, while the same is done in
II with monetary policy shocks, in III with domestic shocks (domestic demand and domestic
supply shocks) and in IV (residual shocks). The identification of shocks relies on the alternative
identification strategy as in Table (9). The green solid path shows the median counterfactual
path for the baseline identification strategy.
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c. Forecast Error Variance Decompositions

In order to save space, we show the results of the forecast variance decomposition for
the alternative identification strategy in two tables only, one for the growth rate of real
GDP and one for inflation. Overall, we again find that global factors are important
for all countries.

Table 11: Forecast error variance decompositions for real GDP growth

IDN KOR MYS PHL SGP THA
h = 4 residual 6 4 1 1 1 1

monetary policy 22 7 6 6 13 22
oil supply 22 16 23 40 26 15
global demand 29 20 21 14 14 17
domestic demand 4 42 37 13 24 28
domestic supply 18 12 12 26 23 17

h = 8 residual 9 7 2 2 1 2
monetary policy 21 8 8 7 17 20
oil supply 19 18 25 39 24 17
global demand 27 20 19 14 14 17
domestic demand 6 34 35 14 21 26
domestic supply 19 13 12 24 23 18

h = 12 residual 9 7 2 2 2 3
monetary policy 21 8 8 8 19 20
oil supply 18 18 23 38 23 17
global demand 26 22 19 14 14 17
domestic demand 7 33 35 16 21 25
domestic supply 18 13 12 23 22 18

Notes: Median shares (in %) of forecast error variance for the growth rate of real GDP due
to structural shocks for different forecast horizons. All values are rounded to integers. Results
rely on the alternative identification strategy.

However, we also find that for all countries, both for real GDP growth rate and
especially the inflation rate, the explanatory power of monetary policy shocks for the
variance of the forecast error is more important than under the baseline identification
strategy. This is particularly true for the inflation rate in Singapore.
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Table 12: Forecast error variance decompositions for inflation

IDN KOR MYS PHL SGP THA
h = 4 residual 2 1 1 1 1 1

monetary policy 8 27 23 15 56 16
oil supply 11 18 29 46 7 29
global demand 16 22 26 17 13 25
domestic demand 20 21 12 10 13 19
domestic supply 44 11 10 11 9 10

h = 8 residual 2 2 2 2 2 4
monetary policy 9 22 21 13 44 16
oil supply 12 15 26 43 9 27
global demand 23 22 27 17 12 23
domestic demand 19 28 13 13 15 20
domestic supply 34 12 11 13 18 11

h = 12 residual 3 3 2 2 3 4
monetary policy 11 21 21 13 39 16
oil supply 12 15 25 41 10 26
global demand 24 21 26 17 12 22
domestic demand 19 29 14 14 15 20
domestic supply 30 12 12 13 22 12

Notes: Median shares (in %) of forecast error variance for inflation due to structural shocks for
different forecast horizons. All values are rounded to integers. Results rely on the alternative
identification strategy.
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d. Regression Results

Table 13: Regression results for the alternative identification strategy (model B)

IDN KOR MYS PHL SGP THA
oil supply shock
c 0.49 -0.10 -0.06 0.11 -0.62 -0.02

[−0.58, 0.74] [−1.27,−0.04] [−0.60, 0.21] [−1.18, 0.82] [−5.79,−3.71] [−1.41, 0.81]
βoil -1.02 -0.01 -0.05 -0.32 0.06 -0.24

[−3.56,−0.18] [−1.88, 1.46] [−2.68, 1.47] [−4.69,−0.52] [−0.16, 3.58] [−4.48,−0.02]
βc f (oil) 0.11 0.14 0.18 0.14 0.14 0.15

[−0.89, 1.32] [3.41, 4.89] [2.80, 4.55] [0.73, 3.57] [6.89, 9.21] [2.40, 4.88]
γ 0.83 0.82 0.66 0.80 0.95 0.71

[11.27, 13.05] [12.71, 14.87] [6.05, 7.85] [9.92, 12.93] [22.83, 27.60] [8.68, 11.21]

# obs 67 67 67 67 67 67
R2 0.72 0.77 0.51 0.74 0.91 0.68

global demand shock
c 2.50 -0.03 0.05 0.53 -0.55 0.13

[0.81, 2.31] [−0.49, 0.56] [−0.19, 0.91] [0.52, 1.76] [−4.32,−3.15] [−0.07, 1.77]
βdem 0.52 0.21 0.33 0.31 0.22 0.40

[0.45, 2.42] [2.11, 4.22] [1.86, 4.08] [0.48, 3.46] [2.66, 7.39] [1.65, 5.37]
βc f (dem) -0.22 0.11 0.14 0.03 0.12 0.11

[−1.69,−0.19] [2.13, 3.55] [1.33, 2.94] [−0.54, 0.63] [6.19, 7.82] [1.33, 2.78]
γ 0.80 0.82 0.70 0.83 0.94 0.72

[9.98, 11.98] [13.46, 14.82] [7.35, 8.13] [10.19, 11.77] [23.22, 26.82] [8.47, 10.46]

# obs 67 67 67 67 67 67
R2 0.71 0.77 0.51 0.70 0.91 0.66

Notes: Estimation results for the regression of model B in Section IV in the main paper. The
estimated coefficients (as well as for the coefficient of determination R2) are median value
over all 2000 draws. The lagged domestic inflation rate enters with the coefficient γ. In the
first block, βoil represents the coefficient on the component of real GDP growth driven by oil
supply shocks, while in the second block, βdem represents the coefficient on the component
of real GDP growth driven by global demand shocks. In both blocks, βc f ( j) represents the
coefficient on the counterfactual path of real GDP growth that excludes either the component
driven by oil supply shocks (first block) or the component driven by global demand shocks
(second block). For all coefficients in both blocks, the values in square brackets correspond to
the 16th and 84th percentile of the t−statistic testing the null that the corresponding coefficient
is equal to zero. All results rely on the alternative identification strategy, see Table (9).
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Table 14: Regression results for the alternative identification strategy (model C)

IDN KOR MYS PHL SGP THA
c 1.70 -0.06 0.06 0.30 -0.60 0.09

[−0.23, 2.05] [−1.18, 0.68] [−0.46, 1.00] [−0.91, 1.76] [−5.67,−3.18] [−1.08, 2.06]
βoil -1.33 -0.02 -0.08 -0.35 0.06 -0.24

[−3.99,−0.50] [−2.15, 1.35] [−2.98, 1.27] [−5.19,−0.61] [−0.15, 3.81] [−4.86,−0.03]
βdem 0.69 0.14 0.35 0.38 0.22 0.41

[0.54, 3.07] [3.41, 4.89] [1.85, 4.60] [0.57, 4.35] [2.77, 7.87] [1.74, 6.44]
βc f (glo) -0.08 0.14 0.16 0.11 0.14 0.14

[−1.37, 0.95] [3.41, 4.89] [1.71, 4.07] [0.15, 3.25] [6.39, 9.23] [1.79, 4.71]
γ 0.80 0.81 0.64 0.77 0.94 0.67

[9.62, 12.83] [11.98, 15.09] [5.82, 7.98] [9.01, 13.02] [22.08, 28.87] [7.65, 11.43]

# obs 67 67 67 67 67 67
R2 0.74 0.79 0.55 0.77 0.92 0.73

Notes: Estimation results for the regression of model C in Section IV in the main paper. The
estimated coefficients (as well as for the coefficient of determination R2) are median values over
all 2000 draws. The lagged domestic inflation rate enters with the coefficient γ. βoil represents
the coefficient on the component of real GDP growth driven by oil supply shocks, while βdem

represents the coefficient on the component of real GDP growth driven by global demand
shocks. βc f (glo) represents the coefficient on the counterfactual path of real GDP growth that
excludes the component driven by both oil supply shocks and global demand shocks. For all
coefficients, the values in square brackets correspond to the 16th and 84th percentile of the
t−statistic testing the null that the corresponding coefficient is equal to zero. All results rely
on the alternative identification strategy, see Table (9).

B. Results under Block Exogeneity

The fact that we use the oil price as an endogenous variable in our paper may seem
problematic as we are considering small open economies. The oil price, the argu-
ment goes, should be insensitive to fluctuations in domestic variables of these small
economies. This raises the question whether we should not consider the oil price as
an exogenous variable in our VAR model.23

To address this critique, we would like to point out two aspects: first, we need the oil
price as an endogenous variable in order to identify a global supply shock (oil supply
shock) in our SVAR, because such a shock is defined by the combination of an increase
in the oil price and the co-movement of other variables (see, for example, Bobeica and
Jarociński, 2019).24 Since the oil price does not rise in the case of a domestic supply
shock, we thus separate the domestic supply shock from the global supply shock.

Second, the estimated coefficients on the lags of the domestic variables in the VAR
equation for the oil price should reflect the endogenous or exogenous nature of oil
prices, respectively. Thus, the estimated coefficients will be zero if oil prices are indeed
23We thank an anonymous referee for this point.
24Along these lines, the ratio of domestic GDP in global GDP is modeled as an endogenous variable

in our model, saying that implicitly the GDP of the rest of the world is also explained model-wise
by domestic variables. However, this is only to exploit the co-movement between the endogenous
variables to separate domestic shocks from foreign shocks, see Bobeica and Jarociński (2019).
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exogenous for a specific county. Indeed, we find that the oil price can be explained
mainly by its own lagged observations.

Nevertheless, to test whether it is problematic if the oil price can react to fluctua-
tions in the domestic variables, we repeat our estimation for all countries under the
restriction that the coefficients of all domestic variables in the oil price equation are
restricted to zero by means of block exogeneity.25 This ensures that the oil price is
explained only by itself and by the real GDP growth from the rest in the world. To
do so, we use a prior of zero with a very small prior variance for all coefficients of the
domestic variables, such that these coefficients are estimated to be zero.

We find for all countries that the impulse responses, the historical decompositions
as well as the counterfactuals under block exogeneity almost perfectly match our
baseline results.26 Figures (43) and (44) highlight the results from this exercise and
show the median oil supply shock under the baseline assumption (red solid path) with
16th and 84th percentiles (red-shaded area), the 5th and 95th percentiles (grey-shaded
area) as well as the median oil supply shock under block exogeneity (black path) for all
countries. For comparison, the green line shows the median oil price shock without
block exogeneity but with the same Minnesota prior as in the case of block exogene-
ity. As can be seen, there is no remarkable difference between the two approaches.
Interestingly, with the Minnesota prior, the results remain exactly unchanged if we
compare the model with and without the assumption of block exogeneity.

25Note that in this case, we have to rely on a Minnesota prior. The reason is that when using the prior
from our baseline specification, the Kronecker structure for the variance of the prior for the VAR
coefficients causes instability.

26All these results are available on request.
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Figure 43: Oil supply shock under block exogeneity for Indonesia, Korea and Malaysia
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Notes: Baseline refers to the oil price shock from the baseline model. The shock from the
model with (without) block exogeneity estimated with the Minnesota prior is denoted "block
exo" ("no block exo").
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Figure 44: Oil supply shock under block exogeneity for the Philippines, Singapore
and Thailand

2002 2004 2006 2008 2010 2012 2014 2016 2018

-2

0

2

4
PHL

2002 2004 2006 2008 2010 2012 2014 2016 2018

-2

0

2

4
SGP

2002 2004 2006 2008 2010 2012 2014 2016 2018

-2

0

2

4
THA

Notes: Baseline refers to the oil price shock from the baseline model. The shock from the
model with (without) block exogeneity estimated with the Minnesota prior is denoted "block
exo" ("no block exo").

D RESULTS FROM A PANEL REGRESSION

In this section, we present the results from a panel VAR, i.e. we report our results of
pooled estimates. The reason is that via pooling the countries we could substantially
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improve the precision of the estimates. This is supported by the fact that the results
reported so far seem stable across countries. Since we assume that dynamic coefficients
are homogeneous across units, our panel VAR reads
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= Σii,t = Σc, meaning that Σc is common to all

countries. Hence, we get
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Since such a pooled VAR is just a conventional VAR, we use a Normal-Wishart prior as
in our benchmark case. Also the derivation of our structural shocks follows the same
sign-restriction pattern as in the main text. In the following, we do not report the
impulse responses but only the forecast error variance decomposition.
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Table 15: Forecast error variance decompositions for the panel regression

REAL GDP INFLATION
h = 4 residual 5 1

monetary policy 4 1
oil supply 9 5
global demand 49 15
domestic demand 5 34
domestic supply 29 43

h = 8 residual 9 2
monetary policy 6 2
oil supply 10 8
global demand 42 22
domestic demand 7 29
domestic supply 27 36

h = 12 residual 9 3
monetary policy 6 3
oil supply 10 9
global demand 40 24
domestic demand 8 29
domestic supply 27 33

Notes: Median shares (in %) of the forecast error variance of the growth rate of real GDP and
the inflation rate due to structural shocks for different forecast horizons. All results rely on the
alternative identification strategy, see Table (9).
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Figure 45: Historical contribution of structural shocks to inflation for Indonesia, Korea
and Malaysia
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to inflation for
Indonesia, Korea and Malaysia. The black path corresponds to the sum of the median
contributions of all structural shocks. Results rely on the alternative identification strategy,
see Table (9).
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Figure 46: Historical contribution of structural shocks to inflation for the Philippines,
Singapore and Thailand
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to inflation for the
Philippines, Singapore and Thailand. The black path corresponds to the sum of the median
contributions of all structural shocks. Results rely on the alternative identification strategy, see
Table (9).
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Figure 47: Historical contribution of structural shocks to real GDP growth for
Indonesia, Korea and Malaysia
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to the growth rate
of real GDP for Indonesia, Korea and Malaysia. The black path corresponds to the sum of
the median contributions of all structural shocks. Results rely on the alternative identification
strategy, see Table (9).
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Figure 48: Historical contribution of structural shocks to real GDP growth for the
Philippines, Singapore and Thailand
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Notes: Median historical contribution of monetary policy shocks (red bars), residual shocks
(yellow bars), domestic shocks (teal bars) and global shocks (blue bars) to the growth rate of
real GDP for the Philippines, Singapore and Thailand. The black path corresponds to the sum
of the median contributions of all structural shocks. Results rely on the alternative identification
strategy, see Table (9).
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Abstract

Highly interconnected global supply chains make countries vulnerable to supply chain
disruptions. This paper estimates the macroeconomic effects of global supply chain shocks
for the euro area. Our empirical model combines business cycle variables with data from
international container trade. Using a novel identification scheme, we augment
conventional sign restrictions on the impulse responses by narrative information about
three episodes: the Tōhoku earthquake in 2011, the Suez Canal obstruction in 2021,
and the Shanghai backlog in 2022. We show that a global supply chain shock causes a
drop in euro area real economic activity and a strong increase in consumer prices. Over a
horizon of one year, the global supply chain shock explains about 30% of inflation
dynamics. We also use regional data on supply chain pressure to isolate shocks
originating in China. Our results show that supply chain disruptions originating in
China are an important driver for unexpected movements in industrial production, while
disruptions originating outside China are an especially important driver for the
dynamics of consumer prices.
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I INTRODUCTION

The rise of global value chains has been a pervasive feature of globalization. Antràs
(2020) defines global value chains as "a series of stages involved in producing a product
or service that is sold to consumers, with each stage adding value, and with at least
two stages being produced in different countries". In his survey, Antràs (2020) further
summarizes the case for participation in global value chains, which "allow countries
to benefit from the comparative advantage of other countries not only at the sectoral
level but also at the stage level within sectors". Hence, global supply chains are a source
of welfare gains.

However, interconnected global supply chains come with a drawback: the tight
network of global sourcing makes countries vulnerable to disruptions of global value
chains. This danger manifested itself during the Covid-19 pandemic between 2020
and 2022. Even small disruptions in production and logistics cascaded into sizable
macroeconomic shocks when authorities imposed lockdowns to contain the spread of
the pandemic. For instance, the zero-Covid policy pursued by authorities in Shanghai
in the spring of 2022 led to standstills in manufacturing, port closures, and large
delays in international container trade. These disruptions have macroeconomic conse-
quences for highly integrated advanced economies. At the time of writing, the strong
increase in inflation in the euro area but also in other advanced countries are in some
parts attributed to global supply chain disruptions (e.g., Tenreyro, 2021; Lane, 2022;
Reis, 2022).

The euro area is closely embedded in international supply chains.1 Figure (1) doc-
uments the extent to which selected euro area countries participate in cross-border
supply chains.2 In several member countries, more than 50% of the output of the
manufacturing sector directly or indirectly crosses more than one border.3 Thus,
disruptions to the flow of goods along the supply chain should be a major source of
business cycle fluctuations in the euro area.

This paper aims to quantify the macroeconomic effects of disruptions to global
supply chains. We estimate the impact of global supply chain shocks on the business
cycle in the euro area within a structural vector autoregression (VAR) model identified
using a combination of sign restrictions and narrative restrictions (Antolín-Díaz and
Rubio-Ramírez, 2018). Our key contribution is, first, a new identification scheme that
isolates exogenous distortions of global supply chains and, second, an estimated VAR
model that shows the effect of such shocks on real economic activity and inflation in
the euro area.

This paper uses data from international container trade to measure the disruption of

1In this paper, we use the expressions global value chains and global supply chains interchangeably.
2These countries are: Austria (AT), Belgium (BE), Estonia (EE), Finland (FI), France (FR), Germany
(DE), Greece (GR), Ireland (IE), Italy (IT), Latvia (LV), Lithuania (LT), the Netherlands (NL),
Portugal (PT), Slovakia (SK), Slovenia (SI), Spain (ES).

3See Gunnella et al. (2019) for a discussion of the integration of the euro area into global supply chains.
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Figure 1: Manufacturing output related to global value chains for selected euro area
countries
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Notes: Share of manufacturing output that directly or indirectly crosses more than one border. The
data is taken from the WITS database of the World Bank, see https://wits.worldbank.org/link.

global supply chains. Container shipping is the backbone of global trade and reflects
disruptions to global sourcing. The key rationale behind our identification is that
an adverse global supply chain shock should temporarily lead to a smaller number of
containers being processed and an increase in the costs of shipping a container. Hence,
an adverse shock tightens the supply of shipment capacities. In contrast, a favorable
supply chain shock generates excess capacity in the market for container trade which
increases the container throughput and lowers container freight rates.

We proceed as follows. First, we estimate a VAR model that includes standard euro
area variables such as industrial production and consumer prices, as well as variables
summarizing container shipping, which reflects global supply chains. The latter com-
prise the HARPEX index of global container freight rates, the RWI/ISL index of
container throughput in the most important container ports of the euro area, and
the Global Supply Chain Pressure Index provided by Benigno et al. (2022). We
employ restrictions on the sign of the impulse response functions following Arias et
al. (2018) in order to identify a global supply chain shock. In particular, we assume
that a contractionary supply chain shock raises container rates and lowers the number
of processed containers. We further assume that these effects are accompanied by
an increase in the Global Supply Chain Pressure Index. Importantly, we leave the
macroeconomic variables unrestricted.

It turns out that the shock identified through sign restrictions does not match the
widely accepted historical narratives with respect to three key episodes. Each of these
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periods is characterized by exogenous disruptions of global supply chains. Specifi-
cally, we want that the global supply chain shock exhibits a positive, i.e. restrictive,
realization during the following episodes: the first is the Tōhoku earthquake and the
following tsunami in March 2011, which distorted global supply chain inter-linkages.
Boehm et al. (2019) and Carvalho et al. (2021) use this event in order to identify the
supply chain disruptions with firm-level data. The second event is the obstruction of
the Suez Canal in March 2021. When Ever Given, one of the largest container ships
in the world, blocked the channel for six days, 200 ships had to wait on either entrance
to the channel. The obstruction caused massive delays in container trade. Furceri et
al. (2022) use this event as an instrument to identify supply chain shocks. The third
episode is the zero-Covid policy imposed by authorities in Shanghai in April 2022.
As a consequence of the ultra-restrictive lockdown, hundreds of ships could not be
processed in time in the port of Shanghai, causing a severe backlog of container trade.

Therefore, we follow Antolín-Díaz and Rubio-Ramírez (2018) and impose
constraints using narrative information. Therefore, we rely on narrative restrictions
meant to constrain the admissible set of structural parameters by ensuring that the
structural shocks and historical decompositions align with the established narrative
around these three historical events. Specifically, we assume that the global supply
chain shock was positive during the three episodes mentioned before. Besides these
restrictions on the sign of the shock, we also impose the constraint that in March
2011, the global supply chain shock was the dominant driving force of the Global
Supply Chain Pressure Index. Our results imply that the narrative information from
the three episodes of supply chain distortions is indeed pivotal for identification.

Our key result is that a global supply chain shock strongly affects the euro area
business cycle. A shock of one standard deviation causes a fall in industrial production
by about one percent and an increase in consumer prices by 0.3 percent. This effect
is highly persistent and peaks after 17 months. Import prices in the euro area are
even more sensitive to supply chain disruptions and increase by one percent. The
global supply chain shock explains a large part of business cycle dynamics. Our results
imply that over a horizon of one year, supply chain disruptions account for 9% of the
fluctuations of industrial production and 29% of the adjustment of consumer prices.
In a counterfactual analysis, we show the contribution of the supply chain shock
associated with the Tōhoku earthquake on economic activity and prices. We also use
sectoral price indices to show that import and producer prices of manufactured goods
and intermediate goods are particularly sensitive to supply chain shocks, in which
prices of consumer goods respond less.

These responses are highly statistically significant once we impose sign and narrative
restrictions. If we relax the narrative restrictions, the significant effects on the euro
area business cycle disappear. Hence, identifying a structural shock that matches the
established historical narrative is crucial. Our results also remain unchanged if we
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change the implementation of the narrative restrictions and distinguish the global
supply chain shock from an increase in geopolitical risk. The identified shock series is
uncorrelated with oil supply and other global shocks, which we take from prominent
contributions to the literature. Hence, the supply chain shock is a separate and very
powerful driving force of economic activity that has not yet been studied by the
literature on business cycles in open economies.

Finally, we shed light on the geographic origin of the global supply chain shock.
We distinguish supply chain disruptions originating in China from supply chain dis-
ruptions in the rest of the world. We find that both supply chain disruptions have
qualitatively similar effects on industrial production. However, consumer prices in
the euro area are much more sensitive to supply chain shocks from the rest of the
world than those from China. Decomposing the dynamics of the two variables over
time shows that Chinese shocks are more important in driving industrial production
than shocks from the rest of the world. In contrast, supply chain disruptions emanating
from the rest of the world are more important for the dynamics of consumer prices.

A small number of papers study the macroeconomic effects of supply chain shocks.4

Kilian et al. (2021) study the role of frictions in container trade for recovering the U.S.
economy from the Covid-19 pandemic. The authors construct a series of container
trade to and from North America, but also use the RWI/ISL container index for ro-
bustness. They estimate a three-variable VAR model with real personal consumption,
industrial production, and the number of containers. The VAR model is identified
recursively, thus imposing the constraint that shocks to container trade need at least
a month to affect the U.S. economy. Their results support the notion that frictions in
container trade explain a large share of the incomplete recovery after the pandemic.
In our paper, we choose an alternative identification based on narrative sign restric-
tions alongside traditional sign restrictions. One advantage is that we do not need
to impose any constraint on the adjustment of the macroeconomic variables to the
global shipping variables. Most importantly, the identification scheme in Kilian et
al. (2021) does not allow for a clear distinction between supply-side and demand-side
disruption in container trade. In addition, we concentrate on the impact of the shock
on prices. Since Kilian et al. (2021) do not include prices in their model, they cannot
say anything about the inflationary impact of shocks.

In an application of their Global Supply Chain Pressure Index, Benigno et al. (2022)
use local projections in order to estimate the response of inflation in the U.S. and
the euro area to supply chain pressure as well as a global demand and an oil price
shock. They adopt a recursive identification scheme and show that supply bottlenecks
contribute strongly to inflationary pressure since the outbreak of the pandemic.

LaBelle and Santacreu (2022) investigate the effect of supply chain disruptions on

4Auer et al. (2017) study the impact of global value chains on inflation dynamics. They argue that
an expansion of value chains makes domestic inflation more sensitive to measures of global economic
slack.
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U.S. producer price inflation. The authors let the variation of global sourcing across
industries interact with measures of global supply chain pressure. Their results imply
that supply chain pressure explained up to 20 percentage points of the producer price
inflation in November 2021. Isaacson and Rubinton (2022) estimate the pass-through
from shipping costs to import prices at the level of good types. In their baseline model,
a one percent increase in freight rates raises import prices by two basis points. Hence,
the effect is relatively small.

Furceri et al. (2022) use the Baltic Dry Index to measure global shipping costs and
estimate its effect on inflation for a large panel of countries from 1992 to 2021. They
estimate panel local projections with the Baltic Dry Index as the driving variable. In
a separate specification, they use the Suez Canal obstruction in 2021 to instrument
shipping costs. The authors find a highly significant and economically large response
of consumer, producer, and import prices.

Capolongo et al. (2022) estimate a VAR model including macroeconomic variables
as well as container prices and delivery times for the sample period 2002 to 2021. Im-
posing sign restrictions, they identify two supply and two demand shocks. Shocks to
supply chains have a strong impact on prices. The increase in delivery times during the
Covid-19 pandemic was largely due to demand rather than supply disruptions. The
authors impose restrictions on all variables, including the macroeconomic time series.
In this paper, we identify a global supply chain shock while leaving real economic
activity and prices completely unrestricted.

Khalil and Weber (2022) identify disruptions to Chinese supply chains using a sign-
restricted VAR model. Their key identifying assumption is that U.S. manufacturing
firms substitute Chinese manufactured imports by imported goods from the rest of
the world if the supply chain shock emanates from China. They find large effects of
this shock on manufacturing production and prices.

These findings can also be rationalized in a theoretical model. Alessandria et al.
(2022) present a two-country model with heterogeneous firms and a rich set of supply
chain frictions to understand the aggregate effects of supply chain shocks. They show
that delays in shipping can be highly contractionary for the whole economy. Di
Giovanni et al. (2022) also use a calibrated multi-sector model to show the quantitative
impact of supply chain bottlenecks during the pandemic.

The remainder of this paper is structured as follows: Section II introduces our empir-
ical model, and Section III explains the data and the identification scheme. The main
results are discussed in Section IV, while V includes a battery of robustness checks
and further results. Section VI is devoted to the role of China. Section VII draws
conclusions. An online appendix contains additional material.
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II METHODOLOGY

This section outlines our baseline model specification and discusses how we implement
the sign and narrative restrictions.

A. Structural VAR Model

We are interested in the structural vector autoregression of the form

y′tA0 = c + y′t−1A1 + ... + y′t−pAp + ε
′
t, (1)

where yt is an n × 1 vector which contains the endogenous variables, A1, ...,Ap are
n× n matrices of parameters and c is a 1× n vector of parameters. εt is an n× 1 vector
of structural shocks and A0 is an invertible n × n matrix which contains the contem-
poraneous relationships among the endogenous variables. The model described above
can be rewritten in compact form as

y′tA0 = x′tA+ + ε
′
t, (2)

where xt is a (np + 1) × 1 vector given as x′t =
[
1,y′t−1, ...,y

′
t−p

]
and A′+ =

[
c′ A′1...A

′
p

]

is of the dimension (np + 1) × n. Finally, the reduced-form version of the model we
estimate is given by

y′t = x′tB + u′t, (3)

where B = A+A−1
0 , u′t = ε

′
tA
−1
0 and E[utu′t] =

(
A0A′0

)−1
= Σ. While A0 and A+

contain the structural parameters, summarized as Θ = (A0,A+), B and Σ contain the
reduced-form parameters.

B. Baseline Sign Restrictions

The structural form in (1) is yet not identified. Hence, we need to impose restrictions
on the set of structural parameters. While the Cholesky approach is one natural
candidate to do so, this approach comes with probably too restrictive assumptions
in the case of partial identification because it pins down the entire structural matrix
and, among other things, imposes restrictions on the responses following shocks in
that we are not interested. One common alternative since Faust (1998) and Canova
and De Nicolo (2002), which is nowadays well understood, builds on a handful of
uncontroversial sign and zero restrictions on either the impulse response functions or
on the admissible set of structural parameters themselves (see, for instance, Arias et
al., 2019). The advantage is that such minimalistic restrictions are generally weaker
and less restrictive than in the Cholesky (or triangular factorization) approach. The
literature provides several algorithms for Bayesian Inference based on SVARs with sign
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and zero restrictions. Throughout the paper, we closely follow Arias et al. (2018), who
present very efficient algorithms implementing a mixture of sign and zero restrictions.
Moreover, their algorithms guarantee that identification solely comes from the sign
and zero restrictions imposed by the researcher. 5

Denote by e j,n the jth column of In and the set of structural parametersΘ = (A0,A+).
We can then implement sign restrictions on the impulse responses as

Γ (Θ) =
(
e′1,nF (Θ)′ S1

′, · · · , e′n,nF (Θ)′ Sn
′) > 0, (4)

where appropriate matrices for S j and F(Θ) result in a formalized set of sign restrictions
on the IRFs. To do so, it is convenient to vertically stack the structural impulse
responses that are subject to a restriction into a matrix F (Θ) across horizons. Hence, in
order to impose sign restrictions, one defines an s j×r j restriction matrix Sj containing
entries of zero, one, and minus one across both the variables and the horizons over
which the restrictions shall be imposed.

Note that, throughout the paper, we are only interested in partial identification, i.e.
we are not interested in the identification of all the n structural shocks.

C. Narrative Restrictions

We follow Antolín-Díaz and Rubio-Ramírez (2018) and implement narrative restric-
tions. These restrictions are meant to constrain the admissible set of structural param-
eters by ensuring that around selected historical events, the structural shocks and the
historical decomposition (or both) align with the established narratives, which will
be explained in the next section. Antolín-Díaz and Rubio-Ramírez (2018) show that
even a single narrative sign restriction may dramatically sharpen and even change the
inference of SVARs originally identified via traditional sign restrictions.

We rely on two types of narrative sign restrictions. The first type restricts the sign
of the structural shocks, while the second type restricts the historical decomposition of
the endogenous variables by putting the absolute historical contribution of the shock
of interest in proportion to the historical contributions of the other shocks.

Note that, conditional on the structural parameters in Θ = (A0,A+), the orthogonal
structural shocks εt which, in contrast to the reduced-form innovations ut, have an
economic interpretation, are obtained as

ε′t (Θ) = y′tA0 − x′tA+. (5)

Regarding the sign of the shock, we might want to impose the restrictions that the
sign of a structural shock j for the periods t1, ..., ts j is positive. Following Antolín-Díaz

5These algorithms, therefore, overcome several pitfalls with other popular approaches, e.g. the penalty
function approach. See Arias et al. (2018) for an intensive discussion.
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and Rubio-Ramírez (2018), this class of narrative sign restrictions can be imposed as

e′j,nεtv(Θ) > 0, 1 ⩽ v ⩽ s j, (6)

where e′j,n is the jth column of the identity matrix In and s j is the number of restric-
tions.

As for the second type of narrative restrictions, we use narrative information that
narrows the set of admissible parameters via information about the contribution of
shocks to the unexpected movement of endogenous variables. This type of restriction
is based on narrative information for which we know that the absolute contribution
of shock j to variable i from periods tv + hv was more important than the absolute
contribution of any other shock to the same variable for the same period. Formally,
this restriction can be expressed as

|Hiv, j,tv,tv+hv

(
Θ, εtv (Θ) , ..., εtv+hv (Θ)

) |
−max

j′, j
|Hiv, j′,tv,tv+h

(
Θ, εtv (Θ) , ..., εtv+hv (Θ)

) | > 0,
(7)

where |Hiv, j,tv,tv+hv ( · ) | denotes the historical contribution of the jth shock to the ith
variable from periods tv to tv + hv for 1 ≤ v ≤ s j.

III DATA AND IDENTIFICATION

This section describes the set of endogenous variables and our identification strategy.
We achieve identification through a combination of conventional restrictions on the
sign of the impulse responses following a supply chain shock and additional narrative
information on the role of this shock in selected episodes.

A. Data

The vector of endogenous variables includes six variables. We include three variables
that reflect the business cycle in the euro area. These three variables consist of indus-
trial production (including construction), the Harmonized Index of Consumer Prices,
and the index of import prices. In Section IV, we replace the index of import prices
with industry-specific price levels.

The remaining three variables reflect international container shipping and global
supply chains. The first is the RWI/ISL container throughput index provided by the
Leibniz-Institut für Wirtschaftsforschung (RWI) in Essen, Germany, and the Institute
of Shipping Economics and Logistics (ISL) in Bremen, Germany. The index reports
the (seasonally adjusted) number of processed containers in the North Range, i.e.
the ports of Le Havre, Zeebrugge, Antwerp, Rotterdam, Bremen/Bremerhaven, and
Hamburg. These are the most important ports for container trade in the euro area.
In December 2007, the last month for which we have disaggregated data on some
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ports, North Range throughput accounted for 70% of the total container throughput
in euro area ports. As a caveat, the index does not contain information on the value
or the volume of cargo.6

The second shipping variable is the HARPEX PETERSEN Charter Rates Index
(HARPEX) which reflects the worldwide price development on the charter market
for container ships. Note that the HARPEX is different from other price indices
for shipping costs that are used in the literature, e.g. the Baltic Dry Index, which
records the freight rates of raw materials, i.e. input used in an early stage of the
production process. The HARPEX tracks prices for container shipment of semi-
finished or finished products created from raw materials.

The last variable we include in our VAR is the Global Supply Chain Pressure index
(GSCPI) provided by the Federal Reserve Bank of New York (Benigno et al., 2022).
These authors construct a summary indicator of global supply chain pressure based
on Purchasing Managers’ Index (PMI) surveys for manufacturing firms in China, the
euro area, Japan, Korea, Taiwan, the UK, and the US, measure of transportation costs
such as the HARPEX and the Baltic Dry Index and indicator of airfreight costs.

The inclusion of PMI data allows the authors to isolate the supply-side conditions
of global value chains. Benigno et al. (2022) regress the country-specific supply chain
measures from the PMI survey (delivery times, backlogs, purchased stocks) on the
"new orders" component of the PMI surveys. The residual of this regression enters the
construction of the GSCPI to ensure that it reflects supply-side pressure. The authors
also regress the transportation cost proxies on the "new orders" and the "quantities
purchases" components of the PMI survey. The residuals reflect transportation costs
net of demand-side effects. After controlling for demand effects, Benigno et al. (2022)
extract the first principal components of the series, which is then expressed in standard
deviations from its mean.

Figure (2) shows the evolution of the three shipping variables, i.e. the HARPEX, the
GSCPI, and the Northrange container throughput. The figure illustrates the strong
increase in global supply chain pressure since 2020, which is also reflected in the sharp
rise in the HARPEX index of freight rates. Between 2012 and 2017, we see a long
phase of below-average supply chain pressure going hand-in-hand with stable freight
rates and container throughput.

In our baseline specification, we use six lags. All variables except the GSCPI are
included in logs. Hence, the impulse response functions for industrial production,
consumer prices, import prices, the HARPEX, and container throughput are under-
stood as percentage changes. The GSCPI instead enters in standard deviations. In
order to account for the large fluctuations since the outbreak of the pandemic, we
include a dummy from 2020M3 onward. The sample is 2007M1 to 2022M7, and the

6See Döhrn and Maatsch (2012) and Döhrn (2019) for more information on the RWI/ISL index. The
authors show that the index closely reflects the dynamics of global trade.
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Figure 2: The shipping variables in our VAR model
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Notes: The figures show the series HARPEX, the GSCPI, and the Northrange Container Throughput
index, which we use in our VAR model. The HARPEX and the Container Throughput Index are
measured in index points (2015 = 100). The GSCPI is shown in standard deviations from the sample
average. The shaded areas represent episodes in which the GSCPI is above zero, i.e., when supply chain
pressure is tight relative to the average.

frequency is monthly.

B. Conventional Sign Restrictions

We now explain how we identify a global supply chain shock using sign restrictions.
As can be seen in Table (1), we restrict three of our six endogenous variables, while
the responses of the remaining three variables are left unrestricted. Importantly, we
do not restrict the adjustment of the three variables reflecting the euro area business
cycle.

Our identification of a supply chain shock is based on the idea that a disruption
of global supply chains changes prices and quantities of container shipment. We
assume that a supply chain shock leads to an increase in the HARPEX, i.e. to an
increase in charter rates (ship rentals) for container vessels. Elementary theory suggests
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Table 1: Baseline sign restrictions

HARPEX GSCPI Container IP Consumer Import
Throughput Prices Prices

+ + -

Notes: All restrictions hold on impact and for two consecutive months.

that a shock to supply should move to opposite movements of prices and quantities.
Hence, this increase is accompanied by a reduced number of processed containers.
This negative co-movement should identify a supply shock. In order to distinguish
our supply chain shock from any other supply shock, such as technology or oil price
shocks, we assume that the shock also increases supply chain pressure. Therefore, we
additionally restrict the response of the global supply chain pressure index (GSCPI)
and assume that this index rises after a supply chain shock. Importantly, an increase in
the GSCPI is supply-side driven by design, as the GSCPI is purged of demand-driven
factors.

We deliberately leave the reactions of industrial production, consumer prices as well
as import prices unrestricted. Notice that a negative co-movement of the responses
of consumer prices and industrial production is a common identifying assumption for
a conventional supply shock. Instead, we identify a supply chain shock and look at
whether and how domestic consumer prices, import prices, and industrial production
react to such supply chain disruptions.

C. The Narrative Information

We now discuss the information we will use to elicit the narrative sign restrictions. In
our preferred specification, we rely on three episodes for which narrative information
clearly suggests the presence of exogenous, contractionary disruptions to global sup-
ply chains. All three episodes feature local exogenous shocks to manufacturing and
logistics that cascaded into global supply chain disruptions. Importantly, the events
are selected by the unambiguous nature of the supply chain disruption according to
the established narrative rather than the magnitude of the disruption. Put differently,
these events are clear cases of supply chain shocks, but not necessarily the largest. In the
following, we describe these episodes in detail and explain which narrative restrictions
we derive from them.

Tōhoku Earthquake and Tsunami in 2011

On March 11, 2011, the most powerful earthquake ever recorded in Japan shocked
the Pacific Ocean off the coast of the Tōhoku region on the Japanese Island of Honshu.
The earthquake caused a tsunami, which led to the Fukushima Daiichi nuclear disaster
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and flooded large areas along the coastline. With almost 20,000 deaths, the disaster
also destroyed a large part of the physical capital stock in the region.

The Tōhoku earthquake is highly suitable for our purpose because it constitutes a
major disruption of global supply chains. As argued by Boehm et al. (2019), the disaster
had only a minor impact on the physical infrastructure of the largest Japanese ports
(Yokohama, Tokyo, and Kobe). However, the earthquake hit a highly industrialized
region, thus leading to a drop in industrial production of about 40% in the disaster-
stricken prefectures. In contrast, aggregate industrial production in Japan fell by
13.4% only (Carvalho et al., 2021). This shortfall in manufacturing output propagated
through highly entwined global value chains. Boehm et al. (2019) show that the
shock led to a drop of one percent in total manufacturing and a two percent fall in the
production of durable goods in the U.S. economy. Carvalho et al. (2021) show that
the original shock propagated both upstream and downstream through global supply
chains. As a consequence, it not only affected direct customers and suppliers of firms
in the disaster-stricken region but also had an indirect effect on a much larger set
of firms.7 Thus, the Tōhoku earthquake is an exogenous disruption to global supply
chains. From this, we infer our first narrative restrictions:

Narrative Restriction 1. The supply chain shock takes a positive value in March 2011.

Undoubtedly, the earthquake was the dominant shock affecting global supply chains
in March 2011, which allows us to impose our second narrative restriction:

Narrative Restriction 2. The supply chain shock is the most important driver for the
global supply chain pressure index in March 2011.

This restriction implies that in March 2011, the absolute value of the contribution
of the supply chain shock is larger than the absolute value of the contribution of any
other structural shock.

Suez Canal Obstruction in 2021

On March 23, 2021, Ever Given, one of the largest container ships in the world
en route from China to Rotterdam, blocked the Suez Canal. Strong winds wedged
the 400-meter-long ship owned by a Japanese company between both canal banks.
Consequently, the most important bottleneck for the shipping routes between Europe
and Asia was impassable for more than six days before the Ever Given could be freed
in the afternoon of March 29, 2021. Bloomberg reports that the Ever Given alone
transported $1 billion worth of cargo.8 According to information provided by Reuters,
more than 200 ships were backed on either entrance of the canal.9 As reported by The
Financial Times, the resulting backlog in global supply chains needed weeks to clear.10

7See also Freund et al. (2022) for an analysis of the adjustment of supply chains in the aftermath of the
Tōhoku earthquake.

8See https://www.bloomberg.com/link.
9See https://graphics.reuters.com/link.
10See https://www.ft.com/link.
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Furceri et al. (2022) use the Suez Canal obstruction in 2021 as in instrument for the
identification of shipping shocks, thus exploiting the exogenous variation in shipping
conditions associated with the blockage.11

We thus assume that the global supply chain shock in March 2021 has a positive
sign:

Narrative Restriction 3. The supply chain shock takes a positive value in March 2021.

Shanghai Backlog in 2022

The outbreak of the Covid-19 pandemic hit the world economy in the spring and
summer of 2020. Across countries, authorities imposed lockdowns on public life to
contain the virus’s spread. These lockdowns led to a sharp deterioration of economic
activity in 2020 and a recovery in late 2020 and 2021.12 In early 2022, China adopted a
particularly strict "zero-Covid" strategy for the city of Shanghai, determined to reduce
the (relatively small) number of new infections of the Omicron variant of the virus
at any cost. As a consequence, economic activity and public life came to a standstill.
The lockdown led to a disruption of logistics in the port of Shanghai, China’s most
important port for container trade. The resulting long delays in container traffic made
headline news abroad, and images of the huge backlog of ships went viral on Western
social media. Delays in container trade caused severe stress to global manufacturing
and "exposed global supply chain strains" (The Financial Times).13 For our purpose,
it is important to stress that the strictness of the lockdown imposed in Shanghai was
unexpected as authorities responded to the small number of Covid-19 cases with an
exceptional determination that far exceeded the intensity of containment measures
known from other countries during the pandemic. Hence, the port disruptions can
be interpreted as an exogenous variation to global supply chains.14

Narrative Restriction 4. The supply chain shock takes a positive value in April 2022.

D. Inference

Throughout the paper, our results rely on 10000 draws that satisfy the baseline sign
restrictions. We use the same algorithm and the same priors as in Antolín-Díaz and
Rubio-Ramírez (2018). The algorithm makes independent draws from a uniform-
normal-inverse Wishart posterior of the reduced-form parameters conditional on the
baseline and the narrative sign restrictions.

11Frohm et al. (2021) discuss the consequences of the Suez Canal incident on global shipping and trade.
12Chen and Tillmann (2022) estimate the nature and the magnitude of cross-country spillovers of

lockdowns during the Covid-19 pandemic.
13See https://www.ft.com/link.
14We estimated the model several times with different combinations of the narrative restrictions. For

example, we omitted the fourth narrative restriction or the third narrative restriction times. Our
results (not reported) are very robust even in these cases.

313



IV RESULTS

In this section, we discuss our baseline results. We first discuss the responses of the
endogenous variables to the supply chain shock identified before. We then look at
how informative the narrative information we chose is by computing and comparing
the rejection rates for each narrative restriction. Furthermore, we conduct a counter-
factual experiment in which we suppress the supply chain shock for the same periods
on which we impose our narrative restrictions.

Figure 3: Posterior of the identified supply chain shock
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Notes: Posterior of the identified supply chain shock for the baseline model and the baseline model plus
narrative restrictions. We also show 90 percent credible bands.

A. Responses to a Supply Chain Shock

Figure (3) shows the time series of our identified supply disruptions shock, both for
the models that satisfy the baseline sign restrictions and the models that also meet
the narrative restrictions. Note that we identify a restrictive shock. The figure also
highlights the episodes on which we impose the narrative restrictions. Remember that
the three episodes correspond to the clearest cases of adverse supply disruptions, not
necessarily the largest realizations of these disruptions.

Figure (4) shows the responses of the endogenous variables to a supply chain shock.
The black-solid lines correspond to the medians across all models that satisfy the
baseline sign restrictions, while the red-solid lines correspond to the medians across
all models that additionally satisfy our narrative restrictions. The light-shaded areas
correspond to the 90 percent credible bands for the baseline restrictions, while the
red-shaded areas correspond to the 90 percent credible bands that additionally satisfy
the narrative restrictions.
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Figure 4: The responses to a supply chain shock
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-solid line
corresponds to the median of the models that satisfy both the baseline sign restrictions and the narrative
restrictions. The light-shaded areas correspond to the 90 percent credible bands for the baseline
restrictions, while the red-shaded areas correspond to the 90 percent credible bands that additionally
satisfy the narrative restrictions.

Let us first look at the responses of the three variables on which we imposed re-
strictions. On impact, container prices rise by two percent and continue to rise until
they peak after about half a year, with prices rising by three percent. After that, prices
for shipping rentals gradually fall below the mean, though this effect is insignificant.
We see that the number of containers being processed falls by about one percent on
impact and only returns to its mean at the end of the forecast horizon. It should be
noted that this effect is significant for the first three periods only. The co-movement
of shipping rentals and processed containers complicates the delivery of pre-products
necessary to manufacture final products. Consequently, we see that the pressure on
supply chains jumps on impact. Supply chain pressure decreases gradually and only
returns to its mean after about 15 months.

The information from the narrative restrictions matters: the dynamic adjustment
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of the HARPEX index becomes statistically significant once we impose the narrative
restrictions on top of the conventional sign restrictions. Likewise, the impact response
of the GSCPI is greater in magnitude if we impose narrative restrictions on the model.

We now turn to the euro area business cycle variables, i.e. industrial production,
consumer, and import prices. We start by discussing the impulse responses based on
models that satisfy the baseline sign restrictions, i.e. the traditional sign restrictions.
Although we left the responses of these variables unrestricted, the median responses
for all variables point in the direction we would expect. Following a supply chain
disruption, industrial production in the euro area falls. Both consumer and import
prices rise, with the latter increasing almost five times as much as the former. However,
all these effects are not significant, as the credible bands include the zero line in all
cases. Hence, a supply chain shock identified with conventional sign restrictions does
not cause significant business cycle dynamics.

This finding fundamentally changes as soon as we look at the impulse responses
based on the draws/models that meet our narrative restrictions in addition to the
traditional sign restrictions. The median responses are slightly stronger than those
based on models that only satisfy the traditional sign restrictions. In addition, the
credible bands are narrower. Most importantly, we now find that a supply chain shock
triggers a significant adjustment in industrial production, consumer prices, and import
prices. After two years, industrial production is about one percent lower than in the
absence of the supply chain shock. The delayed response of industrial activity, which
becomes apparent after about one year, could be because, on average, firms can still
draw on stocks of intermediate products before supply bottlenecks become binding.

A supply chain shock of one standard deviation increases consumer prices by about
0.3 percent. It is important to highlight that the shock leads to a contraction in eco-
nomic activity and an increase in prices. Hence, the shock resembles the conventional
notion of a supply shock that triggers opposite responses of quantities and prices and
supports our interpretation of the shock as a supply-side shock. The restrictions on the
three shipping variables ensure that the shock is not a conventional supply shock but
a supply chain shock identified through international container shipping. The shock
strongly raises import prices by one percent. Both price levels increase more strongly
when the narrative restrictions are imposed in addition to the sign restrictions.

Overall, we see that a supply chain shock has qualitatively similar effects on con-
sumer prices and industrial production as a conventional supply shock, usually identi-
fied by a rise in prices and a fall in production. It should be noted, however, that these
variables are unrestricted in our case. Looking only at the traditional sign restrictions,
these responses are insignificant. We find that our narrative restrictions shrink the
set of admissible parameters, so uncertainty around the impulse responses decreases
remarkably. In the following, we shed light on the importance of the events on which
our narrative restrictions are based.
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B. Importance of Events

The baseline results show that narrative restrictions on only three historical events
remarkably narrow the credible bands around the impulse responses by shrinking
the admissible set of structural parameters. These findings are based on all narrative
restrictions jointly. We now assess the importance of each narrative sign restriction
for each historical event. For that purpose, we provide rejection probabilities, study
the posterior distributions of the shock in the three episodes on which we impose
narrative constraints, and simulate counterfactual paths for selected variables.

We evaluate the role of the events by calculating rejection probabilities, i.e. the
proportion of draws that satisfy the traditional sign restrictions but result in a rejection
of one of the narrative restrictions. The higher this number, the more restrictive the
constraints are. Put differently, a higher number for an event implies that this event
is particularly informative for our identification. Table (2) reports the probabilities of
violating the narrative restrictions.

Table 2: Probabilities of violating the narrative restrictions

Restriction Tōhoku Suez Canal Shanghai Any Event
Earthquake Obstruction Backlog

Sign of the Shock 9 48 32 65
Historical Decomposition 72 - - 72
Any Restriction 72 48 32 86

Notes: All probabilities are calculated based on the rejection rates from the baseline estimation.
Values are in percent and rounded to whole numbers.

It is striking that our baseline restrictions imply the correct sign of the shock during
the Tōhoku earthquake for almost all models. Here, only 9% of the draws imply a
negative sign. Consequently, 91% of all draws imply the sign we expected. Restricting
the historical decomposition for this episode leads to a rejection of 72% of all draws.
Interestingly, both restrictions combined have the same probability of violating any
of the two narrative restrictions. This means that almost all draws that satisfy our
restriction on the historical decomposition also imply the correct sign for the structural
shock.

We find that the Shanghai backlog from April 2022 is the most informative event.
65% of all draws, while satisfying the conventional sign restrictions, result in a negative
sign of the supply chain shock for this period.

Overall, 14% of all models that satisfy the conventional sign restrictions also satisfy
all narrative restrictions. As noted by Antolín-Díaz and Rubio-Ramírez (2018), high
probabilities of violating narrative restrictions should not be interpreted as evidence
against their validity. In fact, the opposite is true, as high rejection rates tell us that
using the baseline specification alone results in many models or structural parameters,
respectively, that should be rejected. Thus, we see that although we use only three
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historical events, they are very informative for achieving identification.
Figure (5) offers a different perspective on the information content of the three

episodes. In this figure, we show the posterior distributions for the realization of
the supply chain shock in the three episodes that satisfy the baseline sign restrictions
and, additionally, the narrative restrictions. We find that the restriction on the size of
the shock in March 2011 (Tōhoku earthquake) is innocuous: even if we impose the
conventional sign restrictions only, most of the probability mass lies in the positive
region. The same is true for the distribution during the Suez Canal obstruction. For
the Shanghai backlog, the narrative information concerning the sign of the shock
is more restrictive as we force the entire probability mass into the positive region,
which would otherwise be more or less symmetrically distributed around zero. This
is consistent with the information from the rejections rates, where we showed that the
Shanghai backlog is the most informative event.

Figure 5: Supply chain shock for selected episodes
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Notes: The light-grey histograms plot the posterior distribution for selected episodes that satisfy the
baseline identification, while the light-red histograms plot the posterior distributions that additionally
satisfy the narrative sign restrictions.
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It is straightforward to examine the extent to which each event contributes to the
dynamics of each variable in the past. We address this question by conducting coun-
terfactual simulations. Recall that two of the three events occured near the end of
the sample period. Since we have already seen in the impulse responses that a supply
chain shock sometimes has significant effects on the endogenous variables only after
about one year, such a counterfactual only makes sense for the first narrative event,
the Tōhoku earthquake in March 2011. To do so, we assume there is no supply chain
shock in March 2011 and re-simulate our endogenous variables conditional on the
estimated parameters and the counterfactual shock series.

Figure 6: Suppressing the Tōhoku earthquake
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Notes: The black-solid lines correspond to the medians of all counterfactuals that satisfy the baseline
sign restrictions, while the red-solid lines correspond to the medians of the models that additionally
satisfy the narrative restrictions. The shaded areas correspond to the 90% credible bands. The blue-
solid lines correspond to the observed data. The vertical lines mark the occurrence of the Tōhoku
earthquake.

Figure (6) shows the counterfactual simulations for industrial production, consumer
prices, and import prices for this exercise. The black-solid lines correspond to the
medians of all counterfactuals that satisfy the conventional sign restrictions, while
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the red-solid lines correspond to the medians of the models that additionally satisfy
the narrative restrictions. The shaded areas correspond to the 90% credible bands.
The blue-solid lines correspond to the observed data. The Tōhoku earthquake is
marked by the vertical lines. Note that, since the time series enter our model in logs,
we transformed the observed time series and the counterfactuals into year-on-year
growth rates to visualize the effect.

If we conduct the counterfactual analysis based on the draws that satisfy the con-
ventional sign restrictions only, we cannot find a sizable effect. Most of the time after
March 2011, the actual data and the counterfactual path satisfying the sign restrictions
overlap. This changes once we use the draws that also meet the narrative restrictions.
The counterfactual path lies above the actual path for industrial production in late
2012 and throughout 2013. Hence, the economic contraction would have been less
severe in the absence of the global supply chain shock. Furthermore, in 2012 the
counterfactual inflation path lies below the actual path. Hence, the global supply chain
shock in March 2011 contributed to higher inflationary pressure.

C. Other Price Indices

Our baseline model includes aggregate consumer and import prices for the euro area.
We now want to compare the inflationary effect of the supply chain disruption across
alternative price level indicators. We re-estimate the baseline model six times and,
each time, replace the import price index with one of six alternative price series. In
Figure (7), we only show these series’ responses. We use import prices as well as
producer prices (all in natural logs) for three NACE Rev. 2 categories: manufacturing,
intermediate goods, and consumer goods, excluding food.15

We find that import and producer prices respond similarly to supply chain disrup-
tions for each sectoral category. Interestingly, in each of the six cases, we see that
adding the narrative restrictions leads to a stronger response. This means that the
baseline sign restrictions, which lead to results that are partially inconsistent with the
established narratives, underestimate the effect of supply chain disruptions.

D. The Explanatory Power of the Supply Chain Shock

The previous section sheds light on the importance of the realization of the supply
chain shock selected in selected episodes for the evolution of the business cycle in the
euro area. We now want to generalize the analysis and quantify the contribution of
the supply chain shock for the six endogenous variables globally, i.e. outside specific
events. For that purpose, we decompose the forecast error variance of each endoge-
nous variable into the contribution of the supply chain shock and all the remaining
shocks. Table (3) reports this decomposition for selected forecast horizons. The shock

15The online appendix to this paper contains the references to each data series in the ECB’s Statistical
Data Warehouse.
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Figure 7: The responses to a supply chain shock: alternative price indices
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-solid line
corresponds to the median of the models that satisfy both the baseline sign restrictions and the narrative
restrictions. The light-shaded areas correspond to the 90 percent credible bands for the baseline
restrictions, while the red-shaded areas correspond to the 90 percent credible bands that additionally
satisfy the narrative restrictions. All units are in percent.

explains a large share of the supply chain pressure index. This finding supports our
identification of a supply chain shock. The explanatory power for the supply chain
pressure index over a horizon of one year increases from 19% to 24% once we add
narrative restrictions on top of conventional sign restrictions. This also supports our
choice of historical episodes from which we infer information for identification. Over
a horizon of one year, the shock explains 11% of the dynamics of industrial produc-
tion and even 13% (12%) of the dynamics of consumer prices (import prices). Put
differently, the shock explains a large fraction of business cycle dynamics. In addition,
the explanatory power increases if we add narrative restrictions. This is particularly
true for the two price series, for which the explanatory power almost doubles when
narrative restrictions are imposed.
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Table 3: Forecast error variance decomposition

BASELINE RESTRICTIONS

h HARPEX GSCPI Container IP Consumer Import
Throughput Prices Prices

0 15 13 19 9 8 7
3 10 17 16 11 12 8
6 10 19 12 10 13 9
12 10 19 11 11 13 12
24 13 19 17 18 15 14
36 16 20 18 19 15 15

BASELINE PLUS NARRATIVE RESTRICTIONS

h HARPEX GSCPI Container IP Consumer Import
Throughput Prices Prices

0 12 25 28 7 9 4
3 9 24 18 8 18 7
6 11 25 11 8 21 11
12 12 24 10 9 29 19
24 16 25 16 21 32 22
36 22 26 18 24 30 23

Notes: Share of the forecast error variance at horizon h, which can be explained by shocks identified
through traditional sign restrictions (upper block) and through traditional sign restrictions that also
satisfy the narrative restrictions (lower block). Values are rounded to whole numbers.

V SENSITIVITY ANALYSIS

This section examines the robustness of our findings and presents a battery of sensitiv-
ity checks. First, we estimate the model for the G6 economies. In a second check, we
compare our global supply shock with prominent structural shocks from the literature.
In a third check, we investigate whether geopolitical risk drives our results. We also
investigate how monetary policy reacts to global supply chain distortions. In a final
robustness exercise, we relax (tighten) the minimum duration of the sign restrictions.

A. Identifying a Global Supply Chain Shock for the G6 Economies

We identify a global supply chain shock based on a VAR model that, among other
variables, includes container throughput, industrial production and consumer prices
from the euro area. Does the inclusion of euro area information confounds the in-
terpretation of the shock as a global shock? In order to address this concern, we
re-estimate the baseline model but replace euro area variables by the corresponding
variables from the G6 economies, i.e. the U.S., Canada, Japan, Germany, France and
Italy. Due to the lack of container data for the UK, we cannot estimate the model for
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the full set of the G7 economies and have to leave out the UK.16 We add container
throughput for all ports of the G6 and use real GDP-weights to calculate industrial
production and consumer prices for the G6. The series are seasonally adjusted. All
restrictions on the model remain identical to the estimation of the baseline model.

The resulting shock series exhibits a correlation of 0.70 (baseline restrictions) and
0.61 (narrative restrictions) with the corresponding series of the model estimated on
euro area data. The high correlation supports the interpretation of our benchmark
shock as global. Not surprisingly, the correlation is less than perfect as the narrative
restrictions are not equally tight for all six economies.

The impulse responses shown in Figure (8) are very similar to our findings for the
euro area. In the G6 economies, the global supply chain shock causes a significant fall
in production and a strong and persistent increase in consumer prices. Both responses
are significant if we impose the narrative restrictions. The similarity of the responses
of the G6 economies and the euro area corroborates the notion that we indeed identify
a global supply chain shock.

B. Comparing the Global Supply Chain Shock with Other Shocks

This paper identifies a global supply chain shock using information from global con-
tainer shipping. It is important that our shock does not accidentally pick up other
supply-side distortions, which might also affect shipping. In order to understand the
properties of our shock series, we now compare it with alternative shocks. We select a
range of shock series from the recent literature and compute the correlation with our
estimated shock. In particular, we focus on oil supply shocks, a natural candidate for
global supply-side disturbances. We take these series from Kilian and Murphy (2012),
Baumeister and Hamilton (2019), and Känzig (2021), which are the most prominent
papers on oil supply shocks in the literature.

Table (4) contains the contemporaneous correlation with our supply chain shock.
We find that all the key oil supply shocks from the literature are uncorrelated with our
supply chain shock. This supports the notion that our shock reflects specific distortions
to the global economy which are not attributable to unexpected changes in oil supply.
The only significant correlation at the 5% level is with the oil inventory demand shock
from Baumeister and Hamilton (2019).

Finally, one point deserves special emphasis. Many of the shocks in Table (4) have,
similar to our supply chain disruptions, the same causal consequences as classical supply
shocks, i.e., a negative co-movement of output and prices. For instance, we expect an
increase in HARPEX and a decrease in container throughput when an oil supply shock
hits the economy. These effects would also lead to an increase in consumer prices and
a drop in industrial production. Importantly, however, for all shocks in Table (4), the
signs of the respective shocks do not consistently match the established narratives laid

16As we could not find import prices for all G6 economies, our model consists of five variables only.

323



Figure 8: The responses to a supply chain shock: G6 economies
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-solid line
corresponds to the median of the models that satisfy both the baseline sign restrictions and the narrative
restrictions. The light-shaded areas correspond to the 90 percent credible bands for the baseline
restrictions, while the red-shaded areas correspond to the 90 percent credible bands that additionally
satisfy the narrative restrictions.

out in Section III. Hence, they are not just uncorrelated with the supply chain shock,
but also have the wrong sign in the three episodes we use for identification.

C. A Note on Estimation Uncertainty

As is standard in the econometric literature, we use the posterior median response
as our response function. Inoue and Kilian (2022) show that conventional impulse
response estimators such as the posterior median response function or the posterior
mean response function are not necessarily the Bayes estimator of the impulse response
vector. They derive the Bayes estimator of vectors of structural VAR impulse responses
under a range of alternative loss functions.

In this subsection, we use the algorithm of Inoue and Kilian (2022) under an addi-
tively separable absolute loss function and calculate the Bayes estimator of our impulse
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Table 4: Correlation of the global supply chain shock with other shocks

Shock Source ρ p−value n Sample

Oil Supply Kilian and Murphy (2012) 0.087 0.284 154 Jul 2007 - Apr 2020
Kilian and Murphy (2012), Antolín-Díaz and Rubio-Ramírez (2018) 0.138 0.090 154 Jul 2007 - Apr 2020
Baumeister and Hamilton (2019) −0.005 0.950 176 Jul 2007 - Feb 2022
Känzig (2021) 0.083 0.279 180 Jul 2007 - Jun 2022

Oil-Specific Demand Kilian and Murphy (2012) −0.074 0.362 154 Jul 2007 - Apr 2020
Kilian and Murphy (2012), Antolín-Díaz and Rubio-Ramírez (2018) −0.070 0.391 154 Jul 2007 - Apr 2020

Global Risk Georgiadis et al. (2021) −0.067 0.426 144 Jul 2007 - Jun 2019
Global Uncertainty Caggiano and Castelnuovo (2022) 0.027 0.747 142 Jul 2007 - Apr 2019
Oil Consumption Demand Baumeister and Hamilton (2019) 0.030 0.689 176 Jul 2007 - Feb 2022
Oil Inventory Demand Baumeister and Hamilton (2019) 0.162 0.032 176 Jul 2007 - Feb 2022
Economic Activity Baumeister and Hamilton (2019) −0.056 0.461 176 Jul 2007 - Feb 2022

Notes: Correlation of the global supply chain shock with selected shock from the literature, where ρ
is the Pearson correlation coefficient. The p−value corresponds to the test whether the correlation is
equal to zero and n is the sample size. From Känzig (2021), we take the series of oil supply surprises. As
for the Kilian and Murphy (2012) oil supply shock and the Kilian and Murphy (2012) oil demand shock,
we updated the estimation sample until April 2020 and estimated the model with the same specification
(same lag length and same identification strategy) as in the original paper. That is, we use the month-
on-month growth rate of global crude oil production, an index of real economic activity, and the log
of the real oil price. We also estimated the Kilian and Murphy (2012) model for the updated sample
using the same narrative sign restrictions as in Antolín-Díaz and Rubio-Ramírez (2018), except for
restrictions on the elasticity bounds.

response vectors accordingly. Figure (9) shows our baseline results as in Figure (4) and
additionally plots the Bayes estimator (dotted lines) under the loss function mentioned
above.

Overall, it stands out that the Bayes estimator nearly matches the pointwise me-
dian response function. We find a similar picture for all the other impulse response
functions presented in this paper.

Finally, Inoue and Kilian (2022) argue that conventional pointwise quantile error
bands are not a valid measure of the estimation uncertainty about the impulse response
vector, as they ignore the mutual dependence of the responses, thus understating the
estimation uncertainty about the impulse response vector.

Using their algorithm to derive joint credible regions under the same loss function
as above, we find that we have the same significant results as in our main results only
on the 68% credible region.17 However, on the 90% credible region, we only have
boarderline significant effects. As described in Inoue and Kilian (2022), we thus also
find that pointwise quantile error bands seem to understate the estimation uncertainty
about the respective impulse response vector.

D. Supply Chain Disruptions and Geopolitical Risk

Geopolitical tensions such as military threats, outright wars, or terrorist attacks could
also interrupt supply chains. Thus, we need to ensure that we do not mislabel changes
in geopolitical risk as an exogenous supply chain shock. To help us separate these two
dimensions, we draw on the work of Caldara and Iacoviello (2022). These authors
construct an index of geopolitical risk based on an extensive analysis of a century of

17In order to save space, we do not present the results here. The results are available upon request.
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Figure 9: The responses to a supply chain shock
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-solid
line corresponds to the median of the models that satisfy both the baseline sign restrictions and the
narrative restrictions. The red (black) solid line corresponds to the Bayes estimator using the algorithm
of Inoue and Kilian (2022) under an additively separable absolute loss function. The light-shaded areas
correspond to the 90 percent credible bands for the baseline restrictions, while the red-shaded areas
correspond to the 90 percent credible bands that additionally satisfy the narrative restrictions.

newspaper coverage. We re-estimate our baseline model but replace import prices
with the log of the geopolitical risk index. In addition, we impose a zero restriction
on the response of this index to our shock. The supply chain shock raises the HARPEX
and the GSCPI, reduces the number of containers processed in the euro area but leaves
geopolitical risk unchanged on impact. The latter restriction distinguishes a supply
chain disruption from a spike in geopolitical risk.

The estimated impulse responses, see Figure (10), are virtually unchanged compared
to our previous findings. The responses of industrial production and consumer prices
in the euro area are still highly significant. As geopolitical risk remains constant
on impact, we are not confusing supply chain disruptions with geopolitical tensions.
Nevertheless, we see that geopolitical risk rises after a shock, which is another adverse
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Figure 10: The responses to a supply chain shock: the role of geopolitical risk
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-solid line
corresponds to the median of the models that satisfy both the baseline sign restrictions and the narrative
restrictions. The light-shaded areas correspond to the 90 percent credible bands for the baseline
restrictions, while the red-shaded areas correspond to the 90 percent credible bands that additionally
satisfy the narrative restrictions.

consequence of disrupted supply chains.

E. The Response of Monetary Policy

The supply chain shock identified in this paper elicits opposite responses of economic
activity and prices, a textbook feature of supply-side disruptions. We now study the
European Central Bank’s (ECB) response to the increase in prices and the economic
contraction. As monetary policy primarily affects the demand side of the economy, the
response to supply-side disturbances is intricate. Importantly, we do not take a stand
on how monetary policy should respond, but rather estimate the ECB’s actual response.
To so do, we replace the sixth variable in our VAR model, the series of import prices,
with the ECB’s policy instrument. Since the ECB adopted a range of unconventional
policies, such as asset purchases and forward guidance when the euro area was at the
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effective lower bound, we use the shadow short-rate calculated by Wu and Xia (2016)
as a summary measure of both conventional and unconventional monetary policy. All
restrictions on the model remain unchanged.

Figure 11: The responses to a supply chain shock: the role of monetary policy
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-solid line
corresponds to the median of the models that satisfy both the baseline sign restrictions and the narrative
restrictions. The light-shaded areas correspond to the 90 percent credible bands for the baseline
restrictions, while the red-shaded areas correspond to the 90 percent credible bands that additionally
satisfy the narrative restrictions.

Figure (11) documents the estimated impulse response functions. We find that the
ECB tightens monetary conditions by about 20 basis points. This response is relatively
persistent even as inflationary pressure subsides.

F. Changing the Duration of the Sign Restrictions

In our baseline specification, we restrict the effect of a supply chain shock to last for
at least one quarter, i.e. on impact and for two consecutive months. However, since
the minimum duration of a shock effect is generally difficult to justify on an ad-hoc
basis, we now show alternative specifications for the number of periods at which the
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sign restrictions apply. We try each combination ranging from only on impact up to on
impact and for the five consecutive months, i.e. for two full quarters. That is, we estimate
five additional models with different durations of sign restrictions, keeping anything
else identical to the benchmark case.

Figure 12: The responses to a supply chain shock: alternative restriction horizon
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Notes: The black-solid lines correspond to the medians of the baseline results for different restriction
horizons, while the red-solid lines correspond to the medians of the models that satisfy both the
baseline sign restrictions and the narrative restrictions. The light-shaded areas correspond to the 90
percent credible bands for the baseline restrictions (baseline specification), while the red-shaded areas
correspond to the 90 percent credible bands that additionally satisfy the narrative restrictions.

Figure (12) shows our baseline results for comparison and additionally plots the
medians for different specifications regarding the duration of the sign restrictions. As
can be seen, changing the duration does not make a big difference. For all variables,
we find that the medians are very close to each other both for the baseline restrictions
and for the baseline restrictions that also satisfy narrative restrictions. We only show
the error bands for the baseline specification as our results are almost identical in terms
of significance.
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VI SUPPLY CHAIN SHOCKS FROM CHINA AND THE REST OF THE WORLD

So far, we have looked at a global supply chain shock, i.e. an unexpected disruption
in global supply chains. Hence, our baseline model does not allow us to pin down
the regional origin of the shock. One region appears particularly interesting when
analyzing supply chains: China. This is motivated by the fact that China is the
manufacturing powerhouse of the world economy and central to global sourcing and
production chains. This is also inspired by the recent frictions in container trade in
Chinese ports in the spring of 2022, which are the result of the zero-Covid policy
adopted by authorities in Shanghai. In this section, we, therefore, go one step further
and distinguish a supply chain shock emanating from China from a supply chain shock
originating in the rest of the world (RoW).

In order to distinguish a Chinese supply chain disruption from a disruption orig-
inating in the rest of the world, we estimate a modified VAR model. We include
the HARPEX, euro area container throughput, industrial production, and consumer
prices. Furthermore, we split the GSCPI into two components and include each of
them in the VAR model. The first component is the regional supply chain pressure
index for China, which we take from Benigno et al. (2022). The second component
measures supply chain pressure in the rest of the world, i.e. the world economy
excluding China. Denote spGlobal

t the Global Supply Chain Pressure Index and spChina
t

the regional supply chain pressure index for China. We obtain the RoW-index as the
estimated residual from the following regression

spGlobal
t = c + ωspChina

t + εt.

The RoW-index is orthogonal to the Chinese index by construction. In the online
appendix, we derive an alternative RoW-index where we subtract the explained varia-
tion of the Chinese subindex in the Global Supply Chain Pressure Index, thus allowing
for common factors.

The complete set of sign restrictions is summarized in Table (5). Importantly, a sup-
ply chain shock emanating from China and outside China should raise the HARPEX
and lower container throughput in the euro area. The idea of separating a supply chain
disruption from China from that from the rest of the world is based on exploiting
the co-movement of the respective supply chain pressure on impact. We, therefore,
impose a zero restriction on the RoW-index. For instance, a supply chain disruption
emanating from China should raise the Chinese supply chain pressure index on im-
pact, while it should not affect the respective RoW-index. By the same token, a supply
chain disruption originating outside of China should raise the RoW-index, while
the shock should not contemporaneously affect the Chinese supply chain pressure
index. We impose a zero restriction on the Chinese supply chain pressure index in this
case. As we allow for two shocks, we need to modify the set of narrative restrictions.
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Specifically, we assign Narrative Restrictions 1 to 3 to the RoW-supply chain shock.
Narrative Restriction 4 applies to the Chinese supply chain shock only.

Table 5: Baseline sign restrictions: Rest of the World vs. China

shock HARPEX Throughput SCPI SCPI IP Consumer
RoW China Prices

Rest of the World + - + 0

China + - 0 +

Notes: The restrictions on the HARPEX and the Northrange container throughput hold on
impact and for two consecutive months. The non-negativity restriction on the regional supply
chain pressure indices are also imposed on impact an for two consecutive months. The zero
restrictions are imposed on impact only.

The resulting impulse response functions are shown in Figures (13) and (14). A few
things stand out. First, a supply chain disruption originating either in China or the
rest of the world has very similar effects on both HARPEX and container throughput.
Interestingly, these effects are also very similar to the results we have already found
in our baseline model, where we did not control the shock’s origin. Moreover, the
impulse responses of euro area industrial production look very similar in both cases
and similar to the results from our baseline model.

Second, there is a noticeable difference in the response of consumer prices. We
find no significant effect on prices at the 90 percent confidence level after a shock
emanating from China.18 After a supply chain shock originating outside of China,
however, we find that consumer prices increase significantly. It stands out that this
reaction looks both quantitatively and qualitatively very similar to the reaction found
in the baseline model in Section IV.

Third, and perhaps most notable, we find that narrative information helps us identify
supply chain disruptions, in particular, that emanate from the rest of the world. One
possible reason is that three out of four narrative sign restrictions refer to the shock
originating outside China. Consequently, the influence of these restrictions on the set
of admissible parameters is most noticeable here.

The responses of our endogenous variables are derived from the estimated parame-
ters by assuming a supply chain disruption of one standard deviation. It is also worth
looking at an alternative way to present the results, which is not just based on the
parameter estimates, but also the innovations themselves. Therefore, we first look at
the forecast error variance decomposition and see how much of the variance in fore-
cast errors is explained by Chinese supply chain disruption and disruption emanating

18On the 68 percent level, however, we find that consumer prices in the euro area react significantly
to a Chinese supply chain disruption.
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Figure 13: The responses to a supply chain shock from the rest of the world
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-solid line
corresponds to the median of the models that satisfy both the baseline sign restrictions and the narrative
restrictions. The light-shaded areas correspond to the 90 percent credible bands for the baseline
restrictions, while the red-shaded areas correspond to the 90 percent credible bands that additionally
satisfy the narrative restrictions.

from the rest of the world, respectively. The upper panel of Table (6) reports the
forecast error variance decompositions for those models that satisfy the baseline sign
restrictions, while the bottom panel reports the results for the models that additionally
satisfy the narrative sign restrictions. Let us concentrate on the bottom half of the
table, which shows the explanatory power when both traditional and narrative sign
restrictions are imposed.

Again, three things stand out. First, both Chinese shocks and shocks originating
outside China seem equally important for container price fluctuations and container
throughput in the euro area. For instance, our results imply that over the horizon of
one year, shocks originating in China (outside of China) contribute to 10% (8%) of the
fluctuations of the HARPEX and 8% (7%) of container throughput in the euro area,
respectively. Unsurprisingly, we find that Chinese supply chain disruptions explain
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Figure 14: The responses to a supply chain shock from China
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-solid line
corresponds to the median of the models that satisfy both the baseline sign restrictions and the narrative
restrictions. The light-shaded areas correspond to the 90 percent credible bands for the baseline
restrictions, while the red-shaded areas correspond to the 90 percent credible bands that additionally
satisfy the narrative restrictions.

significantly more of the fluctuation in the Chinese supply chain pressure index than
shocks originating outside China and vice versa.

Second, and more important for our analysis, is the apparent divergence in the im-
portance of our two shocks for the fluctuation of industrial production and consumer
prices, respectively. We find that Chinese supply chain disruptions are a significantly
more important driver of unexpected movements in industrial production than shocks
originating in the rest of the world. Over the horizon of one year, Chinese sup-
ply chain disruptions explain 16% of the fluctuation in industrial production in the
euro area, whereas shocks originating outside China explain only 7%. One possible
explanation is that intermediate goods from China are essential for production in
the euro area. When the supply of these goods is distorted, firms cannot substitute
Chinese intermediate goods by others, even at higher prices, and thus have to cut
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Table 6: Forecast error variance decomposition: RoW vs China

BASELINE RESTRICTIONS

h HARPEX SCPI SCPI Container IP Consumer
RoW China Throughput Prices

RoW China RoW China RoW China RoW China RoW China RoW China
3 9 9 14 4 2 8 14 13 7 18 12 15
6 10 8 17 6 4 10 10 10 7 15 16 16
12 9 8 19 8 6 14 9 9 9 14 18 17
24 12 13 19 9 11 16 13 15 14 20 18 15
36 15 15 18 10 12 16 15 16 16 20 17 13

BASELINE PLUS NARRATIVE RESTRICTIONS

h HARPEX SCPI SCPI Container IP Consumer
RoW China Throughput Prices

RoW China RoW China RoW China RoW China RoW China RoW China
3 10 9 17 4 2 11 15 10 5 25 22 12
6 11 7 20 6 3 12 10 7 5 20 28 12
12 10 8 23 7 6 15 8 7 7 16 34 11
24 14 12 23 8 13 16 12 13 13 19 31 10
36 18 14 22 9 14 15 13 15 17 19 28 9

Notes: Share of the forecast error variance for horizon h, which can be explained by shocks identified
through traditional sign restrictions (upper block) and through traditional sign restrictions that also
satisfy the narrative restrictions (lower block). Values are rounded to whole numbers.

production. When the supply of goods from other parts of the world is distorted, firms
can substitute the missing inputs, although at a higher price, such that production falls
only moderately. As a consequence, consumer prices do not respond much in the first
case, but increase in the latter.

Third, we see again that the narrative sign restrictions concerning the Tōhoku
earthquake in 2011, the Suez Canal obstruction in 2021, and the Shanghai backlog
in 2022 strongly affect our results. Once these established narratives are taken into
account for inference, we see that the baseline restrictions alone lead to results that
(1) underestimate (overestimate) the effects shocks originating in the rest of the world
(China) have on consumer prices in the euro area. Our results imply that, over a hori-
zon of one year, shocks emanating from the RoW account for 34% of the fluctuation
of consumer prices, while supply chain disruptions originating in China only account
for 11%.

Figure (15) presents the historical decomposition of the two variables we are mostly
interested in, euro area industrial activity and consumer prices, into the contributions
of global and Chinese supply chain shocks. Interestingly, the contributions of both
shocks to industrial production usually have the same sign: if global supply chain
disruptions contain industrial activity, so do disruptions from China. However, from
2018 until 2020 and in late 2021, we see that the contributions have different signs.
Interestingly, we observe that Chinese supply chain disruptions seem more important
than disruptions in the RoW. This fits with the results from forecast error variance
decomposition.

Also, for prices, the contributions of the two shocks mostly have the same sign. It
is particularly striking that Chinese shocks exerted downward pressure on consumer
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Figure 15: Historical decomposition: RoW vs China
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prices in the euro area from 2008-2010 and from 2016 to 2019. In 2020 and 2021, i.e.
during the pandemic, both forces had a large negative effect on prices, with RoW-
shocks being the dominant force. In 2022, both types of supply chain shocks push
inflation upwards. At first sight, it appears puzzling that the contribution of the two
shocks is still moderate at the end of the sample period despite strong inflationary pres-
sure. One should keep in mind, however, that at each point in time, the decomposition
shows the contribution of the contemporaneous shock as well as all past shocks. As the
effect of the two shocks on prices is very persistent, the decomposition in 2021 and
2022 is still affected by the disinflationary nature of shocks occurring in 2020. With
additional observations becoming available over time, we would certainly find much
more pronounced inflationary contributions of both shocks.

335



VII CONCLUSION

Closely integrated global supply chains are a key feature of globalized economies. As
a potential side effect, temporary distortions of supply chains propagate globally and
affect economic activity and prices around the globe. In this paper, we quantified the
effect of global supply chain shocks on the business cycle in the euro area.

We propose an estimated VAR model identified through a combination of sign re-
strictions and the imposition of narrative information as a tool to model the aggregate
effects of supply chain disruptions. We obtain three key findings. First, global supply
chain shocks are a main driver of real economic activity and prices in the euro area. An
adverse supply chain disruption causes a drop in industrial production and increased
consumer prices. Producer prices are five times more sensitive to the shock than
consumer prices. These findings are very robust with respect to changing the model
specification and the timing of our narrative restrictions. Second, over a horizon of one
year, the global supply chain shock explains about 30% of inflation dynamics. Hence,
the identified shock is a major determinant of inflationary pressure in the euro area.
Over the one-year horizon, the shock accounts for 24% of the variation of the Global
Supply Chain Pressure Index, a finding that supports the interpretation of our shock
as a global supply chain shock. Third, global supply chain shocks originating in China
have a quantitatively similar effect on industrial production as supply shocks from the
rest of the world. However, consumer prices are much more responsive to supply
chain shocks from the rest of the world than from China.

In light of rising geopolitical tensions, global supply chain diversification seems war-
ranted to avoid being overly dependent on authoritarian regimes. In addition, climate
change could disrupt global supply chains and highlights the need for a diversified
network of value chains. Our results lend support to this notion from a perspective of
stabilization policy. A more broad-based global sourcing structure should reduce the
exposure to global supply chain shocks of the type assessed in this paper. Our results
call for a diversification of value chains, not a re-shoring of production. The latter
would clearly increase business cycle fluctuations.
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APPENDIX

A CONVERGENCE DIAGNOSTICS

In this section, we use two common metrics to investigate our posterior draws’ prop-
erties. In a first exercise, we calculate the inefficiency factors. Inefficiency factors
are calculated as 1 + 2

∑∞
j=1 ρ j, where ρ j is the autocorrelation of jth order for the

underlying parameter. Values of around 20 are regarded as satisfactory. Table (7)
reports the inefficiency factors of our entire parameter space for both the draws from
the baseline identification and the draws that also satisfy the narrative restrictions. As
can be seen, all inefficiency factors are far below 20.

Table 7: Distribution of inefficiency factors

Mean Median Min Max 10th 90th

Baseline Restrictions

B 4.00 3.98 3.33 4.75 3.66 4.34
Σ 4.03 3.96 3.45 5.21 3.68 4.46

Baseline plus Narrative Restrictions

B 2.96 2.96 2.49 3.38 2.78 3.19
Σ 2.95 2.90 2.71 3.42 2.74 3.18

Notes: B corresponds to the reduced-form coefficients, and Σ are
the elements of the estimated variance-covariance matrix.

Table 8: Distribution of Raftery-Lewis statistics

Mean Median Min Max 10th 90th

Baseline Restrictions

B 163 154 145 372 149 163
Σ 154 152 146 167 151 158

Baseline plus Narrative Restrictions

B 156 152 139 211 143 171
Σ 165 160 143 213 147 203

Notes: B corresponds to the reduced-form coefficients, and Σ are
the elements of the estimated variance-covariance matrix.

As a second check, we look at the Raftery and Lewis (1992) diagnostic. They
use a two-state Markov chain assumption to construct a univariate diagnostic that

339



aims to report the recommended number of iterations needed for a given level of
precision in posterior samples.19 Table (8) reports the corresponding distribution of
the recommended minimum number of draws. Overall, we see that we have far more
than the required number of draws, conditional on our desired accuracy goal.

To sum up, the convergence diagnostics seem satisfactory.

B DATA SOURCES

In the main paper, we estimate the responses of the Harmonized Index of Consumer
Prices as well as import prices and producer prices. Table (9) reports the mnemonics
from the ECB’s Statistical Data Warehouse for these alternative price series.

Table 9: Mnemonics from the ECB’s Statistical Data Warehouse for different price
indices

Import price index
Specification Identifier
Total import price index STS.M.I8.N.IMPX.NS0020.4.000
Manufacturing STS.M.I8.N.IMPR.2C0000.4.000
Intermediate goods STS.M.I8.N.IMPR.NS0040.4.000
Consumer goods STS.M.I8.N.IMPR.NS0081.4.000

Producer price index
Specification Identifier
Total producer price index STS.M.I8.N.PRIN.NS0020.4.000
Manufacturing STS.M.I8.N.PRIN.2C0000.4.000
Intermediate goods STS.M.I8.N.PRIN.NS0040.4.000
Consumer goods STS.M.I8.N.PRIN.NS0081.4.000

C ALTERNATIVE DECOMPOSITION OF THE GLOBAL SUPPLY CHAIN PRESSURE INDEX

In this subsection, we lay out an alternative model for comparing the roles of Chinese
supply chain shocks and shocks emanating from the rest of the world (RoW). While
the identification strategy is similar to the one presented in Section VI in the main
paper, the difference lies in how we derive a supply chain pressure index for the rest
of the world. Denote spglobal

t the Global Supply Chain Pressure Index and sp j
t the

subindexes for j = USA, Euro Area, Japan, Korea, Taiwan, China, Great Britain. In

19We follow the most common values (see, for instance, Raftery and Lewis, 1992) and set our quantiles of
the marginal posteriors to 2.5% and 97.5%, the minimum probability needed to achieve our stationary
posterior distribution of 95% and the desires accuracy of 2.5%, such that our reporting based on a
95% interval result in the true posterior values with a probability lying between 92.5%-97.5%.
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a first step, we estimate

spGlobal
t = c +

6∑

j=1

ω jsp j
t + εt,

where c is a constant and ω j are the regression coefficients for each subindex of the
Global Supply Chain Pressure Index under the restriction that

∑6
j=1ω j = 1. In a second

step, we derive the supply chain pressure index for the rest of the world index as

spRoW
t = spGlobal

t − ω̂ChinaspChina
t ,

where ω̂China is the estimated coefficient for the supply chain pressure index of China.
Hence, we subtract the part of the Global Supply Chain Pressure Index, which is
explained by the Chinese supply chain pressure index.

Figure 16: Different RoW supply chain pressure indexes
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Notes: The alternative RoW supply chain pressure index is calculated as spRoW
t = spGlobal

t −
ω̂ChinaspChina

t .

This can make sense if one assumes that common factors drive the global supply
chain pressure index and the Chinese index. The alternative RoW index accounts for
this possibility and only subtracts the part of the global supply chain pressure index
explained by the Chinese supply chain pressure index. Interestingly, the correlation
of the shocks emanating in the rest of the world across both approaches is very high,
with 99.7% for the medians from those models that satisfy the baseline sign restrictions
and 97.2% for those models which also satisfy the narrative sign restrictions.

Figure (16) plots the corresponding RoW supply chain pressure index from both
this approach and the approach in the main paper against the Chinese supply chain
pressure index and the Global Supply Chain Pressure Index. Note that while the
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correlation of both RoW supply chain pressure indexes is high with 62%, the crucial
difference is that in this alternative approach, the RoW index is not orthogonal to the
global supply chain pressure index.

Figure 17: The responses to a supply chain shock from the rest of the world: alternative
specification
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Notes: The black-solid line corresponds to the median of the baseline results, while the red-
solid line corresponds to the median of the models that satisfy both the baseline sign restrictions
and the narrative restrictions. The light-shaded areas correspond to the 90 percent credible
bands for the baseline restrictions, while the red-shaded areas correspond to the 90 percent
credible bands that additionally satisfy the narrative restrictions.

Figures (17) and (18) show the corresponding impulse response functions of our
endogenous variables from shocks emanating from the rest of the world and from
China, respectively. It stands out that the results are very similar to the results from
Section VI in the main paper, although the responses of industrial production seem
to be somewhat smoother. Similar to the main paper, we see that consumer prices do
not react significantly to Chinese supply chain disruptions, but the median seems to
be shifted downwards compared to the approach used in the main paper. However,
it stands out that our narrative sign restrictions in the alternative approach seem to
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Figure 18: The responses to a supply chain shock from China: alternative specification

0 20
-2

-1

0

1
Industrial Production

baseline narrative

0 20
-0.6

-0.4

-0.2

0

0.2

0.4
Consumer Prices

0 20
-15

-10

-5

0

5

10
HARPEX

0 20
-2

-1

0

1
Container Throughput

0 20
-0.2

0

0.2

0.4
SCPI China

0 20
-0.2

-0.1

0

0.1

0.2
SCPI RoW

Notes: The black-solid line corresponds to the median of the baseline results, while the red-
solid line corresponds to the median of the models that satisfy both the baseline sign restrictions
and the narrative restrictions. The light-shaded areas correspond to the 90 percent credible
bands for the baseline restrictions, while the red-shaded areas correspond to the 90 percent
credible bands that additionally satisfy the narrative restrictions.

be highly informative for identification. That is, following a supply chain shock from
the rest of the world, the response of consumer prices is shifted upward. It becomes
highly significant once the established narratives are taken into account.
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Abstract

The open economy New Keynesian model with flexible exchange rates postulates that
the real exchange rate appreciates in response to an asymmetric negative demand shock
in a zero lower bound (ZLB) scenario and exacerbates the adverse macroeconomic
effects. However, when monetary policy is able to accommodate the adverse effects of the
negative demand shock via unconventional measures, the model can generate a real
depreciation at the ZLB. This paper examines these counteracting exchange rate
channels empirically. We estimate the effect of a negative asymmetric demand shock on
the real exchange rate and inflation expectations as well as output and prices by
employing state-dependent and sign-restricted local projection methods for the euro area
vis-à-vis the United States, Canada, and Japan. We find that the real exchange rate
depreciates when interest rates are not at the ZLB but also when they are. Furthermore,
our empirical results show that the real exchange rate can absorb considerable variations
in output, confirming its shock-absorbing capacity before but also during the ZLB
episode. The stabilizing role of the exchange rate is accompanied by a significant
expansion of the ECB’s balance sheet in the ZLB period, while it remained unaffected
in the pre-ZLB period. Overall, our empirical results favor the open economy New
Keynesian model with unconventional measures when interest rates are at the ZLB.
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I INTRODUCTION

There is a traditional view starting with Friedman (1953) that regimes of flexible
exchange rates allow the real exchange rate to depreciate in response to asymmetric
negative demand disturbances.1 This real depreciation then delivers efficient macroe-
conomic stabilization. However, when monetary policy is constrained by the ZLB,
the New Keynesian argument is that flexible exchange rate regimes cannot stabilize
cyclical developments in response to adverse demand shocks (see, for instance, Cook
and Devereux, 2013; Cook and Devereux, 2016). However, when monetary policy is
able to accommodate the adverse effects of the negative demand shock via unconven-
tional measures, the model can generate a real depreciation when interest rates are at
the ZLB.

Given these opposing predictions, this paper studies the behavior of the exchange
rate when interest rates are at the ZLB. To present the argument, we lay out a two-
country New Keynesian model. The countries are highly integrated via financial
markets but less than perfectly integrated in goods markets, so relative price adjust-
ments across countries are required. In each country, firms set their prices in their own
currencies, and the nominal exchange rate floats. The central banks follow a Taylor
rule unless the ZLB binds. We examine the case of a severe global recession where
either (i) both countries or (ii) one country is in a liquidity trap due to recessionary
asymmetric demand shocks. We show that the driving forces for the real appreciation
in a ZLB scenario are the strongly falling (relative) inflation expectations. Since the
central bank cannot lower the policy rate, the falling inflation expectations cause a rise
in the real interest rate differential in the ZLB-constrained country and, hence, a real
appreciation.

In the light of the ZLB, many central banks have adopted unconventional policy
measures to counteract the negative effects of the severe global recession and to stabi-
lize inflation expectations.2 Therefore, in a second step, we investigate the exchange
rate response when interest rates are at the ZLB to an asymmetric demand shock in
our two-country model when the central bank can stabilize inflation expectations
via forward guidance. We show that when the liquidity-trapped country’s monetary
policy is sufficiently accommodative, inflation expectations are stabilized, and the
real exchange rate can depreciate and absorb cyclical developments in response to an
adverse demand shock during a ZLB period. Based on these two opposing exchange
rate outcomes, in our third and main step, we aim to assess the empirical relevance of
the exchange rate as a shock absorber when interest rates are at the ZLB. We utilize
monthly data over the time horizon from 1999 to 2020. We estimate the effect of a

1When the zero lower bound (ZLB) is not binding, the central bank reduces its nominal interest rate
in response to a negative demand shock. This interest rate cut causes a real depreciation, implying an
expenditure switching towards cheaper goods.

2For a precise definition of unconventional monetary policy see also the speech by Smaghi (2009),
which he gave as a member of the Executive Board of the ECB.
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Figure 1: Policy rates from 1999-2020
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Notes: Gray and blue-shaded areas indicate ZLB periods of the euro area and the United States,
respectively.

negative asymmetric demand shock on the real exchange rate and inflation expecta-
tions as well as output and prices in the euro area vis-à-vis Canada, Japan, and the
US. We have chosen those countries to control for different foreign monetary policies
when analyzing the empirical effects of a negative euro area demand shock during
our estimation horizon. Figure (1) illustrates that Canada was the only economy
among the G7 countries analyzed whose policy rate was not constrained by the ZLB
over our estimation horizon. In contrast, Japan’s interest rates have remained at the
ZLB throughout the last two decades. Figure (1) also shows that since the Great
Recession, the US experienced times when the policy rate was constrained at the ZLB
or remained unconstrained. At the same time, interest rates in the euro area reached
the ZLB shortly after those in the US did and have remained there ever since. Thus,
analyzing the euro area vis-à-vis Canada, Japan, and the US allows us to empirically
account for different foreign monetary policy stances when assessing the empirical
relevance of the exchange rate as a shock absorber when interest rates are at the ZLB.

We employ state-dependent and sign-restricted local projection (LP) methods. As
pointed out by Plagborg-Møller and Wolf (2021), LPs are conceptually not different
from vector autoregressions (VARs), which are the most popular empirical approach
in macroeconometrics to study the propagation of structural shocks. Instead, they
are different linear projection techniques sharing the same estimand (in population)
under different finite sample properties. Specifically, they show that VARs and LPs
estimate the same impulse responses under an unrestricted lag structure. This seminal
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result implies that VAR-based structural identification, including short-run and sign
restrictions, can be implemented equivalently within an LP framework. We extend
the Plagborg-Møller and Wolf (2021) framework and allow the impulse responses ob-
tained via sign restrictions to be different across the states of the economy. Our states
are specified with respect to the euro area’s monetary policy stance. In particular, we
compare times where the ECB’s policy rate was either unconstrained or constrained
by the ZLB and assess the effect of a negative asymmetric demand shock on the real
exchange rate, inflation expectations, output, and prices in the euro area vis-à-vis
Canada, Japan, and the US.

In this respect, one could interpret our findings as evidence of how well the central
bank’s unconventional monetary policy reacted to a severe negative demand distur-
bance when the ZLB constraint was binding. If the exchange rate would depreciate
in a ZLB scenario in response to such a shock, monetary policy would have been suffi-
ciently accommodative to cushion the deflationary side-effects of the ZLB constraint
on economic activity.

Our empirical findings show that the euro real exchange rate not only depreciates
prior to the ZLB period but also during the ZLB episode. At the same time, inflation
expectations do not react more strongly when the ZLB is binding.3 We also find that
output in the euro area vis-à-vis Canada, Japan, and the US does not fluctuate more
in response to asymmetric negative demand disturbances than before the euro area’s
ZLB episode. Hence, our empirical results contrast with those of the standard New
Keynesian model, which predicts that the real exchange rate appreciates in response to
a negative demand shock during a ZLB period and that inflation and expected inflation
are substantially more volatile when interest rates are at the ZLB. Nonetheless, they
are in line with an extended version of the two-country New Keynesian model, which
accounts for the ability of the central bank to allow for unconventional measures
in a ZLB period to stabilize inflation expectations. Indeed, our empirical findings
show that the ECB’s balance sheet expanded significantly in response to the negative
demand shock in the ZLB period, while it remained unaffected in the pre-ZLB period.
Hence, the ECB’s unconventional policies during the ZLB period supported a real
depreciation, which helped to absorb cyclical developments in response to the adverse
demand shock. Counterfactual variance decompositions show that, depending on the
country pair, movements in the real exchange rate absorb at least eight percentage
points of the variation in output. In this respect, the exchange rate plays an important
role in stabilizing the economy when interest rates are at the ZLB.

We conduct a set of robustness checks of our empirical findings: first, we also
estimate our model for the euro area vis-à-vis a broad set of trading partners, for which
time-varying trade weights between the euro area and these countries are available
all the way back to the launch of the euro. That is, we summarize the information
3Corsetti et al. (2014) assess positive demand shocks for the US prior to the ZLB period, finding a real
appreciation.
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for output and exchange rates for each of these countries and treat them as if they
were one single country. Our results for this exercise are very similar to our main
findings in that the trade-weighted euro real exchange rate depreciates in response
to a negative demand shock both when interest rates are not at the ZLB and when
they are. Second, note that the mere possibility of the ZLB being reached might
affect economic decisions and expectations even before the ZLB becomes binding.
Put differently, economic agents anticipate that the policy rate might reach the ZLB
in the future, and their inflation expectations might already respond today. Hence,
the consequences of the ZLB can be effective even before the short rate reaches zero.
Moreover, there is no generally defined start date for the ZLB period. To account
for these concerns, we also estimate our model in a smooth transition LP framework
with the policy rate as a state variable so that the states are functions of the policy rate
in the euro area. We find the same results as in our main specification. Third, we
find that the results from a state-dependent VAR are qualitatively very similar to our
benchmark results, although the VAR-based responses are smoother compared to the
LP-based responses.

The work by Debortoli et al. (2020), Müller et al. (2022) and Stavrakeva and Tang
(2020) is closely related to our analysis. The latter two papers also assess the importance
of expectations for the exchange rate. However, the authors focus on the role of
monetary policy shocks or broker-dealer relationships in the exchange rate market.
Hence, the authors do not consider asymmetric demand disturbances across countries
and do not assess the possible state-dependent macroeconomic effects due to the ZLB
episode. The work by Debortoli et al. (2020) provides empirical evidence supporting
the irrelevance hypothesis by illustrating that US output, inflation, and long-term
rates are not affected by the ZLB episode. In contrast to their work, we assess the
international dimension of liquidity traps and show empirically that the real exchange
rate can depreciate in response to negative asymmetric demand shocks when interest
rates are at the ZLB. In this respect, we can support the argument of flexible exchange
rates by Friedman (1953), Mundell (1961), Obstfeld and Rogoff (2000), and Obstfeld
and Rogoff (2002), i.e. that flexible exchange rates act as a shock absorber to country-
specific shocks, such as negative demand shocks. We show that this is the case even
if the ZLB constraint is binding but monetary policy is sufficiently accommodative.
Thus, at the ZLB, a flexible exchange rate can allow for the adjustment of relative
prices so that output and prices are stabilized in the ZLB-constrained country.

Our paper is also connected to a strand of the literature that examines exchange
rate policies when the ZLB has been reached. Amongst these, Amador et al. (2020)
assess an exchange rate policy that is inconsistent with interest rate parity because of a
binding ZLB constraint. Coenen and Wieland (2004) investigate the effectiveness of
an exchange rate peg and price level targeting regime in stimulating an economy in
a liquidity trap. In a related work, Svensson (2001) argues that price-level targeting,
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a devaluation of the currency, and a temporary exchange rate peg can be employed
to escape a liquidity trap. In relation to this work, we show that the ECB’s uncon-
ventional monetary policy measures seem to have been sufficiently accommodative in
the ZLB period for the real exchange rate to depreciate. We show that this real de-
preciation then supported a cushioning of the deflationary side-effects of the negative
demand shock in the ZLB period.

The paper proceeds as follows: in Section II, we lay out a two-country open econ-
omy model with sticky prices to show, in a nutshell, the theoretical considerations
of a real appreciation or depreciation in a ZLB period. Based on this, in Section III
we present our empirical specification to assess the hypothesis of possibly opposing
exchange rate outcomes in response to asymmetric demand shocks when interest
rates are at the ZLB. Section IV outlines the empirical findings. Section V contains
robustness checks. Section VI concludes.

II ASSESSING THE THEORETICAL MECHANISM

To depict the opposing real exchange rate outcomes of an appreciation versus a de-
preciation when interest rates are at the ZLB, we explore the two-country New
Keynesian model as in Clarida et al. (2002). Following Engel (2011), we allow for less
than perfectly integrated goods markets and extend the model by accounting for the
ZLB. Here, we briefly outline the model to set the basis for the empirical analysis. The
main ingredients of the model are two equally sized countries, home (H) and foreign
(F), which are connected via trade in goods and state-contingent assets. In each of the
economies there is a continuum of i households indexed by i ϵ [0, 1]. Each household
i consumes domestic and foreign goods, aggregated by a Cobb-Douglas technology,
and faces a time preference shock ξi, which we also refer to as a demand shock. Our
analysis focuses on a negative shock to ξi, which implies that households are willing
to consume more in the future rather than today. Therefore, they increase savings
and reduce their demand for goods. The time preference shock ξi,t is unanticipated
and follows a stochastic decay. In every period t ≥ 1 it holds that ξi,t = ξi,t−1 with
probability µ < 1.4 With probability

(
1 − µ) the time preference shock ξi,t returns

to zero. This occurs at the same period T for all households in the two countries.
A continuum of monopolistically competitive sticky-price firms sells their goods in
their own currency to home and foreign households. The monetary authorities decide
on the underlying nominal interest rates while the country-specific fiscal authorities
collect either lump-sum taxes or pay transfers to their residents. The full model and all
optimality conditions are laid out in Hoffmann and Hürtgen (2021). In the following,
we focus on the relevant equilibrium conditions to present the argument of a real

4For 0 < µ < 1, the ZLB will expire in expectations, see Eggertson and Woodford (2003). This ensures
that inflation today is pinned down by expectations that the stable manifold will determine future
inflation.
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appreciation versus depreciation when interest rates are at the ZLB.

A. The Model’s Equilibrium Relationships

We log-linearize the model around its steady-state values. Lower case letters reflect
log deviations from the variable Xt in the steady state X: xt = log (Xt) − log (X). We
start with the evolution of consumption and output. We then discuss the determina-
tion of inflation, policy rates, and real exchange rates. In equilibrium, all households
are identical and the individual’s expectation equals average expectations Ei

t = Et. Then

ct = Et

[
ct+1 − 1

σ
(ξt+1 − ξt + rt − πt+1)

]
(1)

is the Euler equation, with Et [rt − πt+1] reflecting household’s consumption-based real
interest rate, which depends on consumer price inflation (CPI), πt, as well as the policy
rate, rt. The intertemporal elasticity of substitution equals 1/σ. A similar condition in
the foreign economy is indexed by ∗. The Markov property of the time preference
(i.e. demand) shocks ξ and ξ∗ implies that under independent monetary policy and
flexible exchange rates, there are no predetermined state variables. In expectation, all
endogenous variables in the world economy will inherit the same persistence as the
shock itself.

International linkages are expressed by the variable xR
t =

(
xt − x∗t

)
/2, which denotes

relative world variables. From the firms’ resource constraints and households’ demand
conditions, aggregate output becomes

yt = ct +
(
1 − v − 1

δ

)
yR

t −
v(2 − v)
δ

ξR
t . (2)

The intensity of the home bias equals 0 ≤ (v − 1) /δ ≥ 1, whereby δ ≥ 1 is a function
of σ and v, with v ≥ 1. If there is no home bias, v = 1 and δ = σ. Given that goods
markets are only imperfectly integrated, we set v > 1. From (1) and (2), a relation
between interest rates, CPI, and output is obtained

rR
t = Et

[
πR

t+1 + σ
v − 1
δ
∆yR

t+1 −
(v − 1)2

δ
∆ξR

t+1

]
, (3)

with πR = πR
H − (2 − v)

(
πR

H − rR
−1

)
denoting relative CPI and πR

H defining relative
domestic price inflation. Equation (3) describes relative output in response to a demand
shock. Expected CPI inflation equals

Et [πt+1] = Et[πHt+1] + (2 − v) Et[rR
t − πR

Ht+1], (4)

with πH,t =
κ
2 yt − κ(y−y∗)yR

t + κ(c−c∗)ξR
t + βEt [πHt+1] denoting gross domestic price
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inflation.5 It holds that κ > κ(y−y∗) ≥ κ(c−c∗) ≥ 0, for v ≥ 1. κ defines the responsiveness
of domestic inflation to domestic output. The responsiveness to relative output is
given by κ(y−y∗) and captures how strongly inflation adjusts to changes in relative
output. The response to relative time preference conditions is determined by κ(c−c∗).
The foreign country has similar conditions, with the second and third terms of the
right-hand side of domestic price inflation taking opposite signs.

The monetary authorities adopt the following monetary policies by following a non-
linear Taylor rule

rt = max
{
− ln(1/β), ϕπHt

}
and r∗t = max

{
− ln(1/β), ϕπ∗Ft

}
, (5)

with r = ln(1/β) and β < 1 being the household’s discount factor. πHt denotes
gross home producer price inflation. The Taylor principle holds, and the reaction on
inflation is given by ϕ > 1. Hence, the central banks’ nominal interest rates react by
more than the actual price change, pushing real interest rates in the desired direction.
However, when interest rates are at the ZLB, the monetary authorities can lower the
nominal rate up to rt = − ln

(
1/β

)
and movements in the real interest rate would only

depend on expected inflation.
From equations (1)-(3) and the respective foreign counterparts, we obtain a rela-

tionship between policy rates, relative inflation rates, and the real exchange rate q,

(v − 1) rR
t = Et

[
(v − 1)πR

Ht+1 +
∆qt+1

2

]
, (6)

which mirrors the real UIP condition. From (6) it follows that changes in the real
exchange rate are due to movements in the real interest rate differential between the
home and foreign country, Et

[
rR

t − πR
t+1

]
. From the real UIP condition also becomes

clear that when the Taylor rule (5) determines the nominal rate, monetary policy and
inflation expectations determine the real exchange rate.

B. The Effects of a Negative Asymmetric Demand Shock

We examine the effects of negative demand shocks based on these equilibrium re-
lationships. To set the stage, we focus on situations where interest rates are not at
the ZLB and those where they are. This lays out the main mechanisms at work and
explains how a real appreciation in a ZLB period occurs due to the decline in inflation
expectations. Then, we show that a real appreciation can also occur if the ZLB is only
binding in one country. We use this example to illustrate that with unconventional
measures, such as forward guidance, inflation expectations are stabilized, and a real
depreciation in a ZLB period can occur.

We consider equilibria where the variables are constant from the period the prefer-

5This follows Calvo (1983). For details see appendix A.1. in Hoffmann and Hürtgen (2021).
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ence shock hits until the shock reverts back to zero, and the economy is in its non-
stochastic steady state.6 Since the time preference shocks ξi and ξ∗i are unanticipated
and follow a stochastic decay, expected consumption, output, inflation, and the real
exchange rate inherit the Markov property of the demand shock. They take on the
same values as long as the shock lasts and will revert to zero once the shock disappears.7

Therefore, the time subscript t is replaced by the state subscript s. Then we can express
the real UIP condition (6) by

qs

2
= − (v − 1)

(1 − µ)

(
rR

s −
[
µπR

Hs

])
. (7)

Thus, when the real interest rate differential (v − 1) (rR
s−[µπR

Hs]) falls, the real exchange
rate depreciates, qs > 0, and vice versa. Consider now an asymmetric negative demand
shock, which hits the home country more severely. This will lead to a (relative) fall in
consumption, output, and, hence, prices as well as inflation expectations, [µπR

Hs] < 0.

ZLB is (not) binding in both countries. When the ZLB is not binding, the central
banks can use their policy rates to respond to the asymmetric negative demand shock.8

Following the monetary policy rule (5), the policy rate will be reduced by more than
the fall in inflation in response to the negative demand shock. This will cause a decline
in the relative real interest rate by (v − 1)

(
ϕ − µ

)
[µπR

Hs]/µ < 0. It follows from (7)
that the decline in the real interest rate differential will lead to a real depreciation

qs

2
= − (v − 1)(

1 − µ)
ϕ − µ
µ

[
µπR

Hs

]
> 0. (8)

When the asymmetric demand shock is so severe that the ZLB is binding, the central
banks cannot sufficiently use their policy rates to respond to it.9 It follows that the
fall in the relative inflation expectations will directly translate into a rise in the real
interest rate differential, − (v − 1) [µπR

Hs] > 0, and, hence, a real appreciation

qs

2
=

v − 1
1 − µ

[
µπR

Hs

]
< 0. (9)

Equations (8) and (9) illustrate that, without further monetary policy action, the real
exchange rate appreciates in response to an asymmetric demand shock when interest
rates are at the ZLB and that (relative) inflation expectations matter.

ZLB is binding only in the home country. Even in an environment where only
the home country’s interest rates are at the ZLB, and the foreign economy can use

6This builds on the work by Eggertson and Woodford (2003) and Christiano et al. (2011).
7Thus, in every period 0 ≤ t ≤ T − 1, the variables are constant but depend on the shocks.
8It holds that ξcrit < ξs < 0 and ξ∗crit < ξ∗s with ξs < ξ∗s, see Hoffmann and Hürtgen (2021).
9These conditions are satisfied for ξs < ξcrit and ξ∗s < ξ∗crit, but ξs < ξ∗s.
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monetary policy to counteract the consequences of the home country’s asymmetric
negative demand shock, perverse responses of the real exchange rate can occur.10

Based on the monetary policy rules (5) and the real UIP condition (7), the real ex-
change rate evolves by

qs

2
=

v − 1
1 − µ

([
µπR

Hs

]
+

ln
(
1/β

)
+ ϕπ∗Fs

2

)
. (10)

Now not only relative inflation expectations [µπR
Hs] matter for the real interest rate

differential and the real exchange rate, but also the foreign monetary policy and its
ability to affect foreign inflation, ϕπ∗Fs. For example, a rise in foreign inflation π∗Fs

would cause a rise in the real exchange rate compared to (9), as this is accompanied
by a rise in the foreign real interest rate, (ϕ − µ)π∗F > 0.11 But when the ZLB in
the home country is binding, relative inflation (expectations) deteriorates, so that
[µπR

Hs] < (ln
(
1/β

)
+ ϕπ∗Fs). Hence, the real interest rate differential widens, and the

real exchange rate appreciates. This situation occurs in a ZLB scenario when the
difference between the home and foreign demand shock is sufficiently large.

Furthermore, Hoffmann and Hürtgen (2021) show that in all of the described sit-
uations, the decline in inflation expectations will be more severe when the ZLB is
binding. The reason is that when interest rates are at the ZLB, firms want to lower
their prices in response to the decline in consumption and output. However, since
prices are sticky, some price adjustments will only occur in the future. Households
will understand this and adjust their inflation expectations downwards accordingly.
Without any monetary policy intervention, this will lead to a stronger rise in today’s
real interest rate and a real appreciation, amplifying the decline in consumption, out-
put, and, hence, inflation expectations.

Unconventional measures: Forward guidance as an example. Smaghi (2009)
argues that in stressful times for the global financial system, easing monetary policy
by lowering policy rates towards the ZLB would not be enough to counteract the re-
cessionary consequences of adverse demand shocks. Therefore, unconventional tools
are needed. Via forward guidance – one manifestation of unconventional monetary
policy – policymakers can directly influence expectations about future interest rates by
resorting to a conditional commitment to maintaining policy rates at the lower bound
for a significant period of time (e.g. Eggertson and Woodford, 2003). To align the
future interest rate level in the market, the central bank needs to operate in the market
for financial assets, such as government bonds. Those operations will then be reflected

10In this case, it holds that ξs < ξcrit < 0, but ξ∗crit < ξ∗s.
11A rise in foreign inflation occurs when the foreign demand shock is sufficiently positive, i.e. ξ∗s > 0.

We will maintain this assumption. If the foreign demand shock were negative, i.e. ξ∗crit < ξ∗s < 0,
foreign inflation would also fall. From (10), a real appreciation occurs unambiguously in the home
country.
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in a larger central bank balance sheet due to an expansion of monetary liabilities.
In this section, we focus on the effects of forward guidance on the real exchange rate.

However, given the simplicity of our model, we refrain from assessing the effects on
the central bank’s balance sheet here but will do so in Section IV.B of our empirical
analysis in more detail.

In line with our above analysis, we maintain the environment where the ZLB
constrains only the home country. The foreign country pursues a policy of positive
interest rates, following the Taylor rule, as described in (5). The home country’s
central bank announces in the ZLB state a path of the future state.12 In particular, it will
set the nominal interest rate in periods t ≥ T to achieve an inflation target of πH > 0, to
raise inflation expectations in periods t < T. We assess the following scenario: At time
t = 1, there is an asymmetric negative demand shock to the home country, which
drives its policy rate to the ZLB. For illustrative purposes, we focus on a special case
where the central bank has perfect foresight and knows that the preference shock will
last for T periods. We assume that the shock persists for T = 4 periods, while the home
country’s central bank will set the πH > 0 to 40 basis points annually for t = 8 periods.
We compare this scenario to the one where the home country does not follow any
monetary policy action in a ZLB scenario, as described above.

The blue dashed (red dashed) lines in Figure (2) show the responses of the home (for-
eign) economy when the home country’s interest rates are at the ZLB but it does not
pursue forward guidance, and the foreign country’s monetary policy is unconstrained.
In such a situation, the real exchange rate would appreciate, as shown by the top-right
panel of Figure (2). Furthermore, the figure shows in the upper panel a severe decline
in output and inflation in the home economy in response to the negative asymmetric
demand shock at home. These findings illustrate our discussion from above, namely
that without further monetary policy intervention, the real exchange rate appreciates,
and output and inflation decline strongly in the country that is constrained by the
ZLB.

However, the solid blue (red) lines in Figure (2) show the responses of the home
(foreign) country when the home country adopts forward guidance. Then, when the
home country’s policymakers commit to the future path of interest rates, it follows
that a real exchange rate depreciation (blue-solid line) can be generated by announc-
ing higher inflation today. This also impacts positively on output and inflation by
mitigating its otherwise severe decline. The real depreciation also allows for an expen-
diture switching effect toward home-produced goods, as can be seen by the relatively
stronger decline in foreign output by the bottom left panel of Figure (2), when the

12Note that many papers also examine the credibility of forward guidance announcements (see, for
instance, Nakata and Sunakawa, 2022; Walsh, 2018; Finck, 2020). In these papers, forward guidance
announcements are credible (sustainable) when fulfilling past promises is the central banks’ best
strategy at any point until the promised lift-off date. A typical result in all these papers is that forward
guidance can be credible only if recurrent ZLB episodes are possible, as assumed in this paper. We
do not address possible credibility issues and assume no time inconsistency problem exists.
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Figure 2: The ZLB-constrained home country with and without forward guidance
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Notes: It holds that ξs < ξcrit < 0 and ξ∗crit < 0 < ξ∗s and µ = 0.8, whereby σ = 2, v = 1.5,
δ = 1.75, κ = 2.5, κ(y−y∗) = 1.64 and κ(c−c∗) = 0.25.

home country is at the ZLB, but it pursues a monetary policy of forward guidance.
In summary, when the ZLB is binding in at least one country and monetary policy

cannot sufficiently accommodate negative demand shocks, no expenditure switching
is possible via the real exchange rate since a real appreciation occurs for the country
in which the ZLB is binding. This effect is caused by a strong decline in (relative)
inflation expectations in the country which is hit most severely by the asymmetric
negative demand shock. The model also predicts that output, inflation (expectations),
and the real exchange rate are substantially more volatile when interest rates are at
the ZLB. However, our model also shows that when monetary policy can stabilize
inflation expectations in a ZLB scenario via unconventional measures, such as forward
guidance, the real exchange rate can depreciate and stabilize movements in output and
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prices.13 The next section assesses these opposing predictions empirically.

III STATE-DEPENDENT LOCAL PROJECTIONS

This section empirically explores the exchange rate arguments by estimating a sign-
restricted state-dependent local projection model. First, we lay out the econometric
model and explain its state-dependent structure. Second, we discuss the data used to
estimate our empirical model and show how we differentiate the two monetary states
of a non-binding and binding ZLB. Third, we explain our identification strategy.
Finally, the statistical inference is laid out to draw the structural impulse responses.

A. Specification

We set up a non-linear model based on sign restrictions to distinguish the possible
state-dependent real exchange rate effects. In particular, we estimate a state-dependent
LP model to empirically investigate the role of the exchange rate as a shock absorber
in a ZLB scenario.

As pointed out by Plagborg-Møller and Wolf (2021), LPs are conceptually not
different from VARs. In fact, they are different linear projection techniques sharing
the same estimand under different finite sample properties. This result implies that
VAR-based structural identification, including short-run and sign restrictions, can
be implemented equivalently within an LP framework.14 We empirically utilize this
finding when assessing the propagation of asymmetric demand shocks and extend the
idea of Plagborg-Møller and Wolf (2021) to a non-linear framework. More precisely,
we condition the effect of the demand shock on whether the ZLB is binding or not.
To fix notation, first, consider the linear model

yi,t+h = αi,h + βi,hy′t + γi,hx′t + ui,h,t,

where yi,t+h is the ith endogenous variable in the vector yt at horizon t + h and
αi,h, βi,h, γi,h contain the projection coefficients for the control variables in yt and xt,
respectively. Specifically, the n× p+ 1 vector γi,h =

[
ϕi,h,1, ..., ϕn,h,1, ϕi,h,2, ..., ϕn,h,p, δi,h

]

contains the stacked coefficients for the covariates in xt =
[
yt−1, ..., yt−p, t

]
. Finally,

ui,h,t corresponds to the projection residual of variable i at horizon h in t with (strictly)
positive variance. Based on this, we set up a non-linear model to distinguish between
the possible state-dependent effects of the ZLB. Thus, we allow for different projection

13When accounting for the so-called forward guidance puzzle, Hoffmann and Hürtgen (2021) show
that the effects would remain but in a mitigated manner.

14LPs could also accommodate other identification schemes such as narrative sign restrictions as in
Antolín-Díaz and Rubio-Ramírez (2018), or long-run restrictions as in Blanchard and Quah (1989).
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coefficients across two states for all variables:

yi,t+h = (1 − λt)
[
αI

i,h + β
I
i,hyt + γ

I
i,hxt

]
+ λt

[
αII

i,h + β
II
i,hyt + γ

II
i,hxt

]
+ ui,h,t.

The superscripts I and II distinguish between state I=pre-ZLB and II=ZLB, respec-
tively. Hence, λt is equal to zero when in t the economy is in state I=pre-ZLB and
equal to one when the economy is in state II=ZLB.

It has to be noted that, even though VARs might be as robust to misspecifications as
LPs in population, this is not the case when one is forced to use a finite lag structure,
saying that the impulse responses might in general differ in sample. However, the
consensus in the literature is that impulse responses in an LP framework under a finite
lag length are more robust to misspecification than in a VAR framework. This is
because iterated forecasts in a VAR can increase the misspecifications as the horizon
expands. This is not the case in an LP framework since we estimate the reduced-form
coefficients separately for each h = 0, ...,H.

Moreover, VARs implicitly assume no changes in the state of the economy (see, for
instance, Tenreyro and Thwaites, 2016; Alpanda and Zubairy, 2019; and Alpanda et
al., 2021). That is, based on the fact that VAR-based impulse responses rely on iterated
forecasts, one implicitly assumes that once the shock occurs in state j, the economy will
stay forever in this state. This is not the case within a state-dependent LP framework,
where the reduced-form impulse response coefficients reflect the average effect of
shocks as a function of the state of the economy within the same period the shock
hits. Hence, it also comprises the average effect of the shock on future changes in the
state of the economy.15

B. Data

We estimate our baseline model for the euro area vis-à-vis Canada, the US, and
Japan. We use six variables for each country pair to estimate our empirical model.
The first four variables only pertain to the euro area: (1) industrial production (excl.
construction), (2) the Harmonised Index of Consumer Prices (HICP), (3) one-year-
ahead inflation expectations from Consensus Economics, (4) and the (shadow) short
rate.16 The (shadow) short rate is included for the following three reasons: Firstly, in
the euro area, there is no generally defined start date for the ZLB period. Therefore,
we assess when the Wu and Xia (2016) shadow interest rate for the euro area is below

15Note that this point is even more important when one specifies a model with frequent changes
between the states. As far as the presence of the ZLB as a state is concerned, this point is more
relevant than before, at least since the COVID-19 pandemic. This is based on the observation that
many central banks lowered their policy rates in response to the pandemic and returned to the ZLB
for a second time after the Great Recession.

16Consensus Economics forecasts for the euro area have only been available since December 2002, so
we approximate the forecasts from January 1999 to November 2002 by real GDP-weighted forecasts
from Germany, the Netherlands, Spain, France, and Italy. For the period in which the forecasts for
the euro area are also available, we find a very similar pattern with a correlation of 88.4%.
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0 and set the indicator variable in our local projection model for the ZLB-state λt to
1 from June 2013 onward. Secondly, the shadow short rate is also meant to capture
the unconventional policy measures conducted by the ECB, such as forward guidance
and quantitative easing, which in our theoretical model play an important role in
generating a possible real depreciation when interest rates are at the ZLB. Finally, the
(shadow) short rate will help us to distinguish demand from monetary policy shocks
when identifying a country-specific negative demand shock. The last two variables
contain both domestic (euro area) and foreign information: (5) the bilateral real ex-
change rate and (6) relative industrial production, i.e. domestic production relative to
foreign industrial production. The latter is also needed to identify a domestic demand
shock.17

Industrial production, consumer prices, and the exchange rate are included in logs.
The impulse responses for these variables are therefore understood as percentage
changes. Both inflation expectations and the short rate are expressed in percentage
points. Our sample starts in January 1999 and ends in February 2020 to avoid
possible asymmetries in the propagation of the extremely large structural shocks
during the ongoing pandemic.18 Our baseline specification includes p = 2 lags of the
endogenous variables. However, in the robustness section, we show that our results
are robust to different lag choices.

C. Identification of a Country-Specific Demand Shock

We identify a domestic demand shock by means of sign restrictions, which are sum-
marized in Table (1).

Table 1: Sign restrictions of a country-specific demand shock

ip prices short rate relative ip exp. inflation real exchange rate
− − − −

Notes: The restrictions on industrial production, prices, and the (shadow) short rate hold on
impact and for five consecutive months. The restriction on relative industrial production holds
on impact.

Our theoretical model of Section II suggests, as illustrated in Figure (2), that an ad-
verse demand shock leads to a decline in domestic production and prices. However, we
would expect the same reactions of production and prices following a contractionary
monetary policy shock. To separate demand shocks from monetary policy shocks, we
include in our identification strategy the (shadow) short rate in our empirical model
to account for a reduction in the policy rate to counteract deflationary pressure from
a negative demand shock.
17In this paper, the real exchange rates are derived such that an increase refers to a depreciation, while

a decrease refers to an appreciation.
18See Lenza and Primiceri (2020) for a thorough discussion and suggestions on how to handle a

sequence of extreme observations such as those recorded during the COVID-19 pandemic.
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Moreover, as shown in Figure (2), our model predicts that production in the euro
area should fall more strongly than in the foreign country in response to a negative
asymmetric euro area demand shock. This finding also allows for separating domestic
from foreign demand shocks. The distinction can be especially important when two
open economies are particularly strongly connected, and a shock from abroad also
has effects on domestic variables (see Bobeica and Jarociński, 2019 and Corsetti et al.,
2014). In other words, with this identification strategy, we ensure that the reaction of
domestic variables is not a spillover effect due to foreign shocks. As shown in Table (1),
we leave the response of inflation expectations and the real exchange rate unrestricted,
which are our key variables of interest.

Figure 3: Shocks across different country pairs
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Notes: The upper panel shows the median shocks for all three country pairs: euro area vis-
à-vis Canada (blue line), euro area vis-à-vis the US (black line), and euro area vis-à-vis Japan
(red line). The blue-shaded areas correspond to the 5th and 95th percentiles for the euro area
vis-à-vis Canada model. For all three country pairs, the lower panels show the cumulative
distribution functions (left panel) and the probability density functions (right panel) over the
full sample.

Figure (3) shows the shock distribution of the euro area demand shock across the
different country pairs. The upper panel illustrates the median shock for the euro area
vis-à-vis Canada (blue line), the US (black line), and Japan (red line). The figure shows
that the obtained asymmetric demand shock across the three country pairs, which
originates in the euro area, are well aligned. This is confirmed by the second panel
of Figure (3), which shows that their cumulative distributions and the probability
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densities are very similar. Based on this, we now turn to the inference of the structural
impulse responses.

D. Inference

This section outlines our procedure to draw structural impulse response functions
from our sign-restricted state-dependent LP model. Sign and zero restrictions are
easy to implement and well understood in VAR frameworks (see, for instance, Rubio-
Ramirez et al., 2010; Arias et al., 2018; Uhlig, 2005). Plagborg-Møller and Wolf (2021)
show that sign and zero restrictions can also be easily implemented within an LP
framework. The idea relies on the finding that the projection coefficients from an LP
framework are the reduced-form impulse responses of yt with respect to VAR-based
Wold innovations et = yt −E

(
yt| {yτ}τ<t

)
at horizon h and that the projection residuals

u1,1,t ... un,1,t equal these Wold innovations. As a result, the variance-covariance matrix
Σ obtained within an LP framework contains the same information as obtained from
a VAR framework. As regards the implementation of zero and sign restrictions within
an LP framework, the procedure can be sketched as follows. In a first step, for each
horizon h = 0 ... H, we estimate the model and store the coefficients βI

i,h for state
I=pre-ZLB and βII

i,h for state II=ZLB in appropriate vectors CI
h =

[
βI

1,h β
I
2,h ... β

I
n,h

]
and

CII
h =

[
βII

1,h β
II
2,h ... β

II
n,h

]
, respectively. Plagborg-Møller and Wolf (2021) show that

structural impulse functions at horizon h can be derived as

Θ
j
h

(
Q,C j

h, f (Σ)
)
= C j

h f (Σ)Q,

where f (Σ) is an appropriate decomposition (e.g. Cholesky) of the horizon-1 pro-
jection residuals Var

(
u1,1,t ... un,1,t

)
= f (Σ) f (Σ)′ and Q is an orthogonal matrix with

QQ′ = Q′Q = In. The boundaries of the identified set for the impulse responses for
the ith variable at horizon h can be easily approximated numerically through random
draws of orthogonal matrices Q as in Arias et al. (2018), which are subject to

SkΘ
j
(
Q,C j, f (Σ)

)
ek ≥ 0

ZkΘ
j
(
Q,C j, f (Σ)

)
ek = 0,

where ΘI =
[
Θ′I0 Θ′I1 ... Θ

′I
H

]
and ΘII =

[
Θ′II0 Θ′II1 ... Θ′IIH

]
are the n (H + 1)×n matrices

of stacked impulse response coefficients in state I and state II, respectively, and the
n (H + 1) × n (H + 1)-dimensional matrices Sk and Zk are set as in Rubio-Ramirez et
al. (2010) with ek being the kth column of the identity matrix.

Inference on the impulse responses is based on various percentiles over all draws
that satisfy our zero and sign restrictions. As pointed out by Fry and Pagan (2011),
this procedure does not report sampling (estimation) uncertainty as is typically done
in a conventional LP approach using robust standard errors. Instead, it reports the
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distribution across the models that satisfy the set of zero and sign restrictions. Note
that our algorithm ensures we use the same draws for Q in both states. In other words,
we discard the draw when a candidate for Q satisfies all sign and zero restrictions in
state I=pre-ZLB but not in state II=ZLB, and vice-versa.

IV RESULTS

In this section, we assess the responses of the euro area to a negative domestic demand
shock. In the first step, we present the results from our main specification by country
pairs, as discussed in the previous section. In a second step, we assess the reaction of the
ECB’s balance sheet to the negative domestic demand shock to further understand the
role of unconventional policy measures in accommodating the negative disturbance
when interest rates are at the ZLB. Finally, we explore the importance of the real
exchange rate response to the negative demand shock for output through forecast
error variance decompositions.

A. Main Results

Since the Canadian economy was not bound by the ZLB, we can draw a clear infer-
ence regarding the effects of the euro area’s ZLB period on the real exchange rate and
inflation expectations. We then compare the results to those of the euro area vis-à-vis
Japan and the US.

Figure (4) shows our results for the euro area vis-à-vis Canada. Across all panels, the
solid blue line shows the responses for the state in which the ZLB is binding, while
the solid red line shows the responses for the state in which it is not. The blue (red)
shaded areas cover the 5th and 95th percentiles. Hence, we report 90% confidence
bands.

A few things stand out. First, we find that, following an unexpected demand shock,
industrial production falls and reverts much faster to its expected value when the econ-
omy’s interest rates are at the ZLB compared to when they are not. More precisely,
after an initial drop in industrial production of about 0.7 percent, it takes about seven
months until industrial production reverts to its mean when the ZLB is binding, while
the mean reversion takes 13 months when the ZLB is not binding, therefore resulting
in a higher overall cumulative effect in state I. This can probably explain why the
reaction of the (shadow) short rate is found to be stronger in state I than in state II, as
the central bank cuts the short rate by more (in absolute terms) to compensate for the
larger drop in industrial production.19

19Note that the confidence bands around the response of industrial production are somewhat wider
in state I than in state II. A candidate explanation would be the high volatility around the Great
Recession, for which we do not explicitly account. We have therefore re-estimated all models and
included the OECD-based Recession Indicators as an additional explanatory variable in the model to
increase the in-sample fit in periods marked as recessions. However, we find that even in this case,
the uncertainty in state I is still noticeably higher than in state II.
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Figure 4: Results for the euro area vis-à-vis Canada
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Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.
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Second, we find that the reaction of both prices and one-year-ahead inflation expec-
tations is very similar across both states. Although the response of expected inflation
is somewhat noisier in a ZLB scenario than in a non-ZLB scenario, both impulse
responses show a similar picture. Interestingly, this implies that the decline in inflation
expectations in the ZLB period is not stronger than in the pre-ZLB period. We find
that the decline in both sub-samples is around two basis points within the first quarter
and that, in both states, inflation expectations return to their mean after ten months
or so. Note that these findings are more in line with the results of the open economy
New Keynesian model in Section II, which predicts that both inflation and expected
inflation are less volatile in a ZLB scenario when monetary policy can counteract the
negative demand shock through unconventional monetary policy measures.

Third, the real exchange rate depreciates significantly in both samples, i.e. both
before the ZLB has been reached and once the ZLB has been reached. The size of
the real depreciation is very similar and amounts to one percent in both samples after
the first quarter. As before, we find that the uncertainty for the impulse responses
in a non-ZLB period is larger than for the responses in a ZLB period. Moreover,
we again find that mean reversion occurs much faster when interest rates are at the
ZLB than when the ZLB is not binding. The real exchange rate depreciation in a
ZLB scenario is contrary to the appreciation predicted by the model in Section II,
where monetary policy would not respond beyond the ZLB constraint. However,
the real depreciation is in line with the model extension, where monetary policy can
counteract the negative demand shock by unconventional policy measures. Similar to
the reactions of prices and expected inflation, the reaction of the real exchange rate
when interest rates are at the ZLB is not stronger than when interest rates are not at
the ZLB.

Figure (5) shows our findings of the euro area vis-à-vis Japan. Throughout our esti-
mation period from January 1999 until February 2020, Japan’s interest rates remained
at the ZLB, as illustrated by Figure (1). Therefore, Japan offers a clean counterpart
to our assessment of the euro area vis-à-vis Canada. Note that in this case, too,
we find that the reactions of both industrial production and the (shadow) short rate
show a pattern that is very similar to the first country pair, although the difference in
the responses of industrial production across both regimes is less pronounced. Most
importantly, we find again that a negative euro area demand shock leads to a decline in
both prices and expected inflation, as well as a real depreciation of the euro exchange
rate. This real depreciation occurs within both monetary policy regimes i.e. in the
pre-ZLB period and once interest rates are at the ZLB. Figure (5) illustrates that prices,
expected inflation, and the real exchange rate move very closely in both monetary
policy regimes for the first 12 months. Importantly, however, the decline in prices and
inflation expectations is not more accentuated when interest rates are at the ZLB. At
the same time, we find that the real exchange rate does not react more strongly when
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Figure 5: Results for the euro area vis-à-vis Japan
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Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.
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the economy’s interest rates are at the ZLB. Figure (6) provides the impulse responses

Figure 6: Results for the euro area vis-à-vis the US
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Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.

of the euro area vis-à-vis the US. In contrast to Japan, the US economy switched policy
regimes. Since the Great Recession, the US has experienced times when the policy
rate was constrained by the ZLB or remained unconstrained, as shown by Figure
(1). To keep things short, our main findings are qualitatively robust for this country
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pair. Regardless of the euro area’s state of being constrained or not constrained by the
ZLB, we find a depreciation of the real exchange rate and the responses of prices and
inflation expectations are within the two regimes’ confidence bands.

B. Unconventional Monetary Policy

In the next step, we assess the ECB’s balance sheet response to understand the role
of unconventional policy measures in accommodating the negative disturbance when
interest rates are at the ZLB. The motivation for this assessment can be seen in Figure
(11) in the appendix. Before the ZLB was binding, the ECB’s balance sheet grew
modestly over time. However, from June 2014 onwards, the ECB’s balance sheet
increased tremendously. The reason was the ECB’s large-scale asset purchases, which
were mirrored in the ECB’s balance sheet as part of the ECB’s forward guidance, as
outlined in Section II.

We re-estimate our model for each country pair by adding the ECB’s balance sheet
as a seventh variable (in logs), keeping everything else to the benchmark specification.
Importantly, we also leave the balance sheet response unrestricted. As discussed in
Section II, the large-scale asset purchases were conducted during the ZLB period to
reduce long-term interest rates by driving down the yields on the securities the ECB
was purchasing to meet their forward guidance. This should lead to lower interest
rates throughout the economy and stimulate economic activity. Therefore, in our
empirical assessment, we should expect a significant rise in the ECB’s balance sheet to
counteract the ZLB constraint during our ZLB state, while we would only expect an
unincisive reaction of the balance sheet in the pre-ZLB period.

Figure (7) reports the results for this exercise. Since all the remaining impulse
responses look similar to those in our baseline specification, we show the balance sheet
response for all three country pairs. It stands out that only when interest rates are at the
ZLB do we see a significant, expansionary balance sheet response. More specifically,
the balance sheet rises significantly in all three cases after a demand shock, peaking at
around two percent after about ten months.

In non-ZLB scenarios, on the other hand, we do not observe any significant balance
sheet reaction. The responses fluctuate around zero for all three country pairs and
even show negative values after about ten months. However, these responses are not
significant.

Overall, the balance sheet responses during the ZLB period are one good explana-
tion for the accommodative decline of the shadow short rate in our baseline model in
reaction to the negative demand disturbance.

C. Quantifying the Role of the Real Exchange Rate as a Shock Absorber

In this section, we quantify the potential of the exchange rate as a shock absorber.
More specifically, we assess by how much the depreciation of the real exchange rate
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Figure 7: State-dependent response of the ECB’s balance sheet
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Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.

cushions the effects of the adverse demand shocks on output and prices.
To do so, we proceed in two steps. Firstly, we simulate a counterfactual scenario

by extracting the feedback effect of the response of the exchange rate on the response
of the other endogenous variables. An appropriate environment for such an exercise
relies on restricting the lag polynomials in the exchange rate equation to zero, except
for its own lags. Thus, we assume that the exchange rate does not respond to past
movements of all remaining endogenous variables. This, in addition to a zero restric-
tion on the response on impact, guarantees that the exchange rate does not react to
the demand shock over the entire projection horizon h = 0, 1 ...H. Our approach is in
line with Bachmann and Sims (2012), who analyze the role of consumer confidence in
the propagation of government spending shocks by isolating the feedback effects from
the response of confidence on the response of the remaining endogenous variables.

Secondly, we calculate the forecast error variance decomposition (FEVD) for the
baseline specification and the counterfactual scenario. Note that the FEVD tells us
how important the demand shock is in explaining the variations of the variables in
the model. It is important to note that the differences between the FEVDs must come
from the suppressed feedback effect of the exchange rate on the other variables. Hence,
the difference in the FEVDs tells us how much the depreciation of the real exchange
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Table 2: Forecast error variance decompositions

EURO AREA VIS-À-VIS CANADA
Pre-ZLB ZLB

benchmark counterfactual difference benchmark counterfactual difference
h = 0 67.2 77.7 10.5 67.2 77.7 10.5
h = 3 63.3 71.7 8.4 39.3 41.0 1.7
h = 6 52.9 60.7 7.8 30.3 30.8 0.5
h = 12 29.6 35.3 5.7 21.0 20.2 -0.8

EURO AREA VIS-À-VIS JAPAN
Pre-ZLB ZLB

benchmark counterfactual difference benchmark counterfactual difference
h = 0 46.7 75.5 28.8 46.7 75.5 28.8
h = 3 45.8 55.0 9.2 30.3 37.5 7.2
h = 6 38.4 39.5 1.1 24.7 23.2 -1.5
h = 12 20.7 22.1 1.4 20.4 15.9 -4.6

EURO AREA VIS-À-VIS THE US
Pre-ZLB ZLB

benchmark counterfactual difference benchmark counterfactual difference
h = 0 73.7 81.2 7.5 73.7 81.2 7.5
h = 3 58.8 70.4 1.6 39.2 44.5 5.3
h = 6 54.0 52.6 -1.4 27.5 30.3 2.7
h = 12 26.6 24.8 -1.8 19.8 21.2 1.4
Notes: All values are based on the median estimates and are rounded to one decimal point.

rate cushions the effects of the adverse demand shocks.
Table (2) reports the results for this exercise. A few things stand out. First, the

exchange rate can cushion much of the adverse effects of the demand shock, especially
in the first few months after the shock occurs. We find for all three country pairs that
the explanatory power of the demand shock on industrial production would be much
higher if the exchange rate could not respond. For example, for the country pair
euro area vis-à-vis the US, we find that in the baseline specification on impact, 73.7
percent of the forecast errors are explained by the demand shock in both states. In the
counterfactual scenario, on the other hand, this value is 81.2 percent, i.e. around eight
percentage points more. We also find a qualitatively similar picture and an even higher
absorbing effect of the real exchange rate for the other two country pairs. Second, the
absorbing effect of the exchange rate seems to be relatively short-lived. We find for
all country pairs that the absorbing effect of the exchange rate fades after six months.

In conclusion, our empirical results in Table (2) show that the real exchange rate can
absorb a considerable amount of variations in output, confirming its shock-absorbing
capacity before and during the ZLB episode.
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V ROBUSTNESS CHECKS

In this section, we assess the robustness of our findings. To do so, we proceed as
follows: First, we re-estimate our model for a broad set of 16 countries. Second, we
investigate how our results change when we allow for smooth transitions between the
states of the economy. Third, we compare our results from the LP to the empirical
evidence from a state-dependent VAR. Finally, we compare the effects from different
lag structures.

A. Considering a Broad Set of Countries

Our main results rely on three country pairs representing different monetary policy
stances. In this subsection, we re-estimate our model for the euro area vis-à-vis a
broader set of countries, namely 16 different trading partners for which trade weights
are available. These countries consist of the 15 trading partners considered by the
Bank of International Settlement (BIS) for the calculation of the narrow index of the real
effective exchange rate, as well as China.20 Based on the time-varying trade weights,
as reported in Table (3), we calculate the real effective exchange rate for this set of
countries.

Moreover, we use the same trade weights to calculate a weighted time series for
industrial production in these countries. Hence, we summarize the information for
all 16 countries and treat them as a single country. Finally, we calculate the share of
industrial production in the euro area to this weighted industrial production series. By
doing so, we are fully consistent with our baseline identification strategy.

We calculate the trade-weighted industrial production for the set of countries as

ipt = χ
1,ea
t ip1,t + χ

2,ea
t ip2,t + ... + χ

16,ea
t ip16,t,

where χ j,ea
t is the trade weight for country j = 1, ..., 16 in the real effective exchange

rate, and ip j,t refers to the seasonally adjusted industrial production index of country
j in period t.21 Figure (8) shows the impulse responses for this exercise. Two things
stand out. First, the impulse responses look similar to those presented in Section IV. In
particular, we observe a very similar pattern for the responses of industrial production,
prices, expected inflation, and the (shadow) short rate. Second, we find again that the
exchange rate depreciates both when interest rates are at the ZLB and when they are
not. More precisely, the exchange rate response looks very similar to the responses of
our model for the euro area vis-à-vis the US. That is, the exchange rate significantly
20These countries comprise Australia, Canada, Taiwan, Denmark, Hong Kong, Japan, Korea, Mexico,

New Zealand, Norway, Singapore, Sweden, Switzerland, the United Kingdom, and the United
States. Importantly, we rescaled the trade weights for the 15 countries included in the narrow index
of the real effective exchange rate such that the trade weights of these countries and China sum up
to 100.

21Note that for Australia, New Zealand, and Switzerland, industrial production is only available on a
quarterly basis. We, therefore, interpolate these series in order to get monthly data.
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Figure 8: Results for the euro area vis-à-vis 16 trading partners
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Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.
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Table 3: Trade weights

Country \Years 1999-2001 2002-2004 2005-2007 2008-2010 2011-2013 2014-2020

ASIA
China 7.5 12.0 17.5 23.6 26.2 26.9
Hong Kong 0.8 0.6 0.5 0.4 0.5 0.4
Japan 11.5 10.3 9.2 8.4 7.7 6.5
Korea 3.2 3.7 4.3 4.2 4.1 4.0
Singapore 2.1 2.0 2.0 1.9 2.0 1.8
Taiwan 2.9 2.6 2.5 2.4 2.3 2.2

AMERICA
Canada 2.2 2.1 2.1 2.0 2.0 1.9
Mexico 1.6 1.6 1.6 1.7 2.0 2.1
United States 26.3 23.6 21.4 19.9 19.5 21.3

EUROPE
Denmark 3.0 3.1 3.1 2.9 2.5 2.5
Norway 1.5 1.6 1.7 1.7 1.5 1.3
Sweden 5.5 5.6 5.6 5.2 5.1 4.6
Switzerland 8.1 8.4 8.0 8.7 8.6 8.1
United Kingdom 22.8 21.7 19.3 15.9 14.7 15.3

OCEANIA
Australia 0.9 1.0 1.0 1.1 1.1 0.9
New Zealand 0.2 0.2 0.2 0.2 0.2 0.2

Sum Σ 100 100 100 100 100 100

Notes: All values are taken from the Bank of International Settlement. Values are rounded to
one decimal point.

depreciates after half a year or so in the ZLB period, while the same is true after one
year when the ZLB is not binding.

Table (4) reports the results from the same counterfactual exercise as in Section IV.
As can be seen, the exchange rate also absorbs a considerable part of the adverse effects

Table 4: FEVD for the euro area vis-à-vis 16 trading partners

Pre-ZLB ZLB
benchmark counterfactual difference benchmark counterfactual difference

h = 0 78.7 85.3 6.6 78.7 85.3 6.6
h = 3 74.2 76.6 2.4 43.1 46.9 3.8
h = 6 63.0 62.9 -0.1 31.4 32.6 1.2
h = 12 35.7 35.1 -0.6 18.0 18.2 0.2
Notes: All values are based on the median estimates and are rounded to one decimal point.

caused by the demand shock. However, as for the three country pairs in Section
IV, this effect lasts only a few months. In particular, our results indicate that the
effect disappears after six months and the values for the baseline specification and the
counterfactual scenario are almost identical.

Overall, we find that both the impulse responses and the role of the exchange rate
as a shock absorber are very similar to the results from the previous section.
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B. Allowing for Smooth Transitions

An important assumption in our analysis is that the economy jumps instantly from one
state to another. However, the possibility of the ZLB being reached might affect eco-
nomic decisions and expectations even before the ZLB becomes binding. If economic
agents anticipate that the policy rate might reach the ZLB in the future, their inflation
expectations might already react today. Hence, the economic consequences of the
ZLB can already be effective even before the short rate reaches zero. We acknowledge
this by allowing for a smooth transition between the two regimes I=pre-ZLB and
II=ZLB. The model then reads as

yi,t+h = (1 − F(zt))
(
αI

i,h + β
I
i,hyt + γ

I
i,hxt

)
+ F(zt)

(
αII

i,h + β
II
i,hyt + γ

II
i,hxt

)
+ ui,h,t,

where everything is kept similar to the benchmark case, except that we replace λt

with a logistic transition function F(zt) of the form

F(zt) =
exp

(
κ

zt − µ
σz

)

1 + exp
(
κ

zt − µ
σz

) ,

where µ is used to control the proportion of the sample the economy spends in either
state, and σz is the sample standard deviation of the state variable zt. Finally, the
parameter κ controls how abruptly the economy switches from one state to the other
following movements of the state variable zt. As regards the choice of µ, we choose the

Figure 9: Evolution of the state variable over time
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median value of the policy rate. This is based on the fact that, within our observation
sample, the euro area policy rate was below one percentage point for 49.6% of the time.
We choose three different values for κ, namely κ ∈ [3, 4, 5]. These values indicate an
intermediate degree of intensity of the regime-switching behavior (see, for instance,
Auerbach and Gorodnichenko, 2012; Tenreyro and Thwaites, 2016). Figure (9) shows
the evolution of the state variable for all three parameters for κ over time. As can be
seen, there is now a smooth transition to the ZLB state rather than the abrupt switch
as in the baseline specification.

Figures (15) to (17) in the appendix show the results for this exercise together with
the baseline results. Two things stand out. First, the results for all three country
pairs are similar to those from the baseline specification with quasi-observable states.
Second, the choice of κ does not seem to play a major role either, as the differences
between impulse responses for different κ are negligible. While we do not plot the
confidence bands for all individual impulse responses in order to avoid an unnecessarily
crowded graph, we can make similar statements about significance as in our main
results. This being said, here, too, we find a significant exchange rate depreciation
after an adverse demand shock in both states.

Finally, one has to recognize that this result is also interesting in that the determi-
nation of the exact timing of the ZLB is not clearly defined. The methodology in this
exercise circumvents this problem by dividing the proportions of states into periods
in which the policy rate is either below or above one percentage point.

C. Evidence From a State-Dependent SVAR

As a further robustness check, for each country pair, we estimate a state-dependent
SVAR. We use the same endogenous variables in yt and rely on the same identification
strategy as in the baseline model. The state-dependent VAR, in its reduced form, reads

yt = (1 − λt) BIxt + λtBIIxt + et,

where yt is an n × 1 vector of endogenous variables, xt =
[
yt−1, ...,yt−p, 1, t

]
is an

n×np+2 matrix of control variables, B j =
[
ϕ

j
1, ...,ϕ

j
p, c, δ

]
contains the reduced-form

VAR coefficients and et is an n× 1 vector of reduced-form error terms. Similar to the
LP framework, the vector λt is equal to zero when the economy in period t is in state
I and equal to one when the economy is in state II, respectively. We use the same
identification strategy as in the LP framework, and for each model, we use p = 2 lags.
This lag length is preferred by the AIC.

We find that the impulse responses are qualitatively similar to our benchmark re-
sults, although the VAR-based responses are somewhat smoother than the LP-based
responses. On the one hand, this shows that our results are robust to the model
specification, but on the other hand, it also shows that LPs and VARs produce qualita-
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tively similar results even in a state-dependent framework (see, for instance, Plagborg-
Møller and Wolf, 2021). Figure (10) illustrates those findings for the real exchange rate

Figure 10: Results from a state-dependent SVAR
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Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.

and inflation expectations for the euro area vis-à-vis Canada, Japan, and the US. From
the VAR-based assessment, we highlight two main findings: first, the real exchange
rate depreciates significantly in both samples, i.e. prior to the ZLB being reached and
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once it has been reached for all country pairs. As for the LP analysis, the real exchange
rate depreciation in the ZLB period contrasts with the predictions of the New Keyne-
sian model outlined in Section II. Secondly, the decline in inflation expectations in the
ZLB period is not stronger than in the pre-ZLB period, thereby again confirming our
findings from the state-dependent LP. As mentioned above, the findings align with
the predictions of the extended New Keynesian model of Section II, which allows the
central bank to counteract the ZLB constraint through unconventional measures, in
contrast to the version of the model in which unconventional policy measures do not
feature.

The full set of results for state-dependent SVAR can be found in Figures (18) and
(20).22 They also confirm our findings from Section IV concerning the evolution of
industrial production and prices across the three country pairs.

D. Different Lag Specifications

It is well known that the dynamic properties of impulse responses may depend on the
lag order of the underlying model fitted to the data, both for VAR and LP frameworks.
This subsection reports our baseline results for different lag-length specifications.23

For each country pair, we, therefore, show impulse responses for the case where the
baseline model is estimated for p = 1 to p = 4 lags. To best compare the results, each
model starts with the fifth observation, including the baseline specification estimated
with two lags.

Figures (12) to (14) in the appendix report the corresponding results for this exercise.
Note that, for all country pairs and all endogenous variables, the estimated impulse
responses for p = 1, 3, 4 follow our baseline results very closely and always lie within
the confidence bands of our baseline specification of p = 2. We conclude that our
results are robust concerning the chosen lag length.

VI CONCLUSION

According to the standard New Keynesian argument, the exchange rate cannot work
as a shock absorber in response to an adverse demand shock when interest rates are at

22These figures also show the impulse responses from the baseline specifications obtained by local
projections. Importantly, the impulse responses from the VAR and the LPs mostly overlap for the
restricted variables over the restricted projection horizon. Thus, we can confirm the finding of
Plagborg-Møller and Wolf (2021) also for a state-dependent model.

23We also re-estimated our models where we take the past value of the state variable λt, as is often
recommended in the literature. The results do not change in any way. Concerning state-dependent
local projections using external shocks, Gonçalves et al. (2022) discuss conditions under which the
state-dependent local projections estimator can be expected to recover the true population impulse
responses. They show that in the case of endogenous state variables, the state variable has to be a
function of the number of lags of the endogenous variable being equal to the projection horizon. In
our approach, we identify the structural shock within the model instead of using external shocks. We
also do not explicitly model the state variable based on current and past realizations of the endogenous
variables.
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the ZLB. However, allowing for forward guidance as an additional policy tool suggests
that the exchange rate could, in fact, also depreciate in a ZLB scenario. Our main
contribution is to test this hypothesis empirically. We identify an adverse demand
shock using sign restrictions and show that the real exchange rate depreciates both
when interest rates are at the ZLB and when they are not. We find that the exchange
rate fulfills its role as a shock absorber even when interest rates are at the ZLB, and
output and inflation (expectations) are not significantly more volatile.

Our findings are robust for different country pairs: euro area vis-à-vis Canada,
Japan, and the US. These countries represent different monetary stances among G7
countries. Furthermore, our empirical results show that the real exchange rate can ab-
sorb considerable variations in output, confirming its shock-absorbing capacity before
and during the ZLB episode. Our findings are accompanied by a significant expansion
of the ECB’s balance sheet during the ZLB spell, while it remained unaffected in
the pre-ZLB period. Overall, our empirical results support an open economy New
Keynesian model with unconventional measures when interest rates are at the ZLB.
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APPENDIX

Figure 11: Consolidated balance sheet of the Eurosystem
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Figure 12: Different lag structure | euro area vis-à-vis Canada
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Notes: Median impulse response coefficients for different lag specifications. For both states,
the shaded areas correspond to the 5th (95th) and the 16th (84th) percentiles of the baseline
specification with p = 2 lags.
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Figure 13: Different lag structure | euro area vis-à-vis the US
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Notes: Median impulse response coefficients for different lag specifications. For both states,
the shaded areas correspond to the 5th (95th) and the 16th (84th) percentiles of the baseline
specification with p = 2 lags.
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Figure 14: Different lag structure | euro area vis-à-vis Japan
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Notes: Median impulse response coefficients for different lag specifications. For both states,
the shaded areas correspond to the 5th (95th) and the 16th (84th) percentiles of the baseline
specification with p = 2 lags.
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Figure 15: Smooth transitions | euro area vis-à-vis Canada
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Notes: Median impulse response coefficients for different values for κ. For both states,
the shaded areas correspond to the 5th (95th) and the 16th (84th) percentiles of the baseline
specification.
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Figure 16: Smooth transitions | euro area vis-à-vis the US
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Notes: Median impulse response coefficients for different values for κ. For both states,
the shaded areas correspond to the 5th (95th) and the 16th (84th) percentiles of the baseline
specification.
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Figure 17: Smooth transitions | euro area vis-à-vis Japan
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Notes: Median impulse response coefficients for different values for κ. For both states,
the shaded areas correspond to the 5th (95th) and the 16th (84th) percentiles of the baseline
specification.
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Figure 18: Results from a state-dependent SVAR for the euro area vis-à-vis Canada
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Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.
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Figure 19: Results from a state-dependent SVAR for the euro area vis-à-vis Japan
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Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.
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Figure 20: Results from a state-dependent SVAR for the euro area vis-à-vis the US

0 10 20

-1.5

-1

-0.5

0

0.5

Industrial Production

in
 %

Pre-ZLB: VAR Pre-ZLB: LP ZLB: VAR ZLB: LP

0 10 20

-1.5

-1

-0.5

0

0.5

Industrial Production

in
 %

0 10 20

-0.1

0

0.1

Prices

in
 %

0 10 20

-0.1

0

0.1

Prices

in
 %

0 10 20

-0.06

-0.04

-0.02

0

0.02

0.04
Expected Inflation

in
 p

p

0 10 20

-0.06

-0.04

-0.02

0

0.02

0.04
Expected Inflation

in
 p

p

0 10 20

-2

0

2
Real Exchange Rate

in
 %

0 10 20

-2

0

2
Real Exchange Rate

in
 %

0 10 20
-0.2

0

0.2
Short Rate

in
 p

p

0 10 20
-0.2

0

0.2
Short Rate

in
 p

p

0 10 20

-0.5

0

0.5

1

1.5

Relative IP

in
 %

0 10 20

-0.5

0

0.5

1

1.5

Relative IP

in
 %

Notes: Median impulse response for the pre-ZLB period (red line) and the ZLB period
(blue line). For both states, the shaded areas correspond to the 5th (95th) and the 16th (84th)
percentiles.
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