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Abstract

This thesis examines the effectiveness of forward guidance in the euro area using a struc-
tural New-Keynesian model at the zero lower bound (ZLB). To incorporate forward guid-
ance, | implement a ZLB constraint into a medium-scale Dynamic Stochastic General
Equilibrium (DSGE) model that treats a sequence of expected durations of the ZLB as
free parameters in estimation. The sequence of expected durations is informed by sur-
vey data to produce well-identified estimates that align with macroeconomic data and
the underlying model structure. Results indicate that these expected durations play a
key role in explaining model dynamics when interest rates are fixed at the ZLB. Further,
through the use of a sunspot solution strategy to accommodate different expected liftoff
regimes, I quantify how much the effectiveness of forward guidance depends not just on
the expected duration of the ZLB regime, but also on expectations regarding the behav-
ior of monetary policy in the liftoff regime. Finally, I propose a time-series approach to
address the extreme data outliers during the Covid-19 pandemic. This approach builds
on the emerging literature on estimating Covid-19 outliers in VAR models to the setting
of estimating structural DSGE models and allows for an assessment of monetary policy

during the pandemic period.
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Introductory Chapter

Over the past few decades, the euro area has been subjected to significant economic
turmoil. It has experienced the Great Financial Crisis, the Sovereign Debt Crisis, zero
fixed interest rates, and the Covid-19 pandemic over a period of 20 years. It might even
be argued that unconventional times have become the new norm in recent years.

This thesis investigates the transmission of monetary policy during the latter part
of these unconventional times, particularly when nominal interest rates have been con-
strained by the Zero Lower Bound (ZLB). During times when conventional policy options
are limited at the ZLB, unconventional policies such as forward guidance can become a
powerful monetary policy tool to influence interest rate expectations.

Chapter I uses a structural DSGE model to assess the effectiveness of forward guidance
and introduces a new measure of expected durations at the ZLB derived from the ECB’s
Survey of Professional Forecasters (SPF) and investigates their role in monetary policy
transmission dynamics. To my knowledge, this is the first study to integrate SPF data
for the euro area into a DSGE model in order to estimate the expected durations of the
ZLB.

Chapters II and III present two applications that build upon this model. These include
a comparison of active and passive monetary policy regimes and a time-series approach to
managing data outliers during the Covid-19 pandemic. Overall, this thesis contributes to
the literature on unconventional monetary policy by examining the effectiveness of forward
guidance and the transmission of monetary policy during fixed interest rate periods in

the euro area.



CHAPTER I: ESTIMATING A DSGE MODEL FOR THE EURO AREA WITH FORWARD

GUIDANCE AT THE ZERO LOWER BOUND

This chapter examines the effectiveness of forward guidance in the euro area by estimating
the expected durations of the zero lower bound (hereafter: ZLB) in a structural DSGE
model from 2004-Q3 to 2019-Q4. Following Kulish and Pagan (2017) and Kulish, Morley,
and Robinson (2017), I incorporate a regime change into the well-known DSGE model
of Smets and Wouters (2007, 2003). In the model, monetary policy changes between
a conventional policy regime in the form of a Taylor-type rule and an unconventional
fixed-rate policy regime at the ZLB. Despite including the ZLB for a substantial part
of the sample period, the structural parameters are consistent with those found in the
previous literature. This indicates that the model is robust to changes in policy regimes,
an essential feature of any structural macroeconometric model that aims to address the
Lucas Critique.

An important feature of the Kulish, Morley, and Robinson (2017) approach is that it
treats a sequence of expected durations of the ZLB as free parameters in estimation. Due
to the fact that the model selects the duration sequence that best fits the data, these
estimated durations may exceed the underlying policy constraint that follows a Taylor-
type rule. Consequently, the model accommodates unconventional monetary policy in
the form of forward guidance to set expectations to go lower for longer. Expanding the
information set of the model, I construct a new measure of expected durations that is
derived from SPF data. To my knowledge, this is the first study to incorporate SPF data
for the euro area into a DSGE model in order to estimate the expected duration of the
ZLB. By using subjective expectations about the future path of the policy rate as an
informative prior, this measure assists in identifying the estimated sequence of expected
durations of the ZLB that are reflected in macroeconomic data and model structure.

To identify the impacts of forward guidance on the model, I decompose the expected
duration estimates according to their source as in Jones, Kulish, and Rees (2022b). Con-
sidering that the estimated durations can exceed the actual policy constraint, they may be

at least partially the result of deliberate monetary policy. Based on this decomposition,



forward guidance to go lower for longer appears to have become increasingly important

from 2018 onwards.

CHAPTER II: ASSESSING THE EFFECTIVENESS OF FORWARD GUIDANCE UNDER DIF-

FERENT ASSUMPTIONS ABOUT THE NATURE OF LIFTOFF

The second chapter of the thesis examines the effectiveness of forward guidance regarding
agents’ expectations about the liftoff regime from the lower bound.

To investigate this, the chapter compares two different liftoff regimes, the benchmark
case of active monetary policy and a passive monetary policy regime based on historical
examples for instance from the pre-Volcker era in the United States (e.g., Clarida, Gali,
and Gertler, 2000) allowing the latter to be considered a policy option.

To accommodate passive monetary policy after liftoff and examine forward guidance
in the presence of expectations about the liftoff regime, a sunspot solution is employed.
Based on a Bayesian model comparison, the sunspot solution with a passive liftoff regime
is marginally preferred to the benchmark solution with an active liftoff regime.

Moreover, as established in the first chapter of the thesis, the response to structural
shocks can be counterintuitive when the policy rate is fixed for a certain period of time,
even if a model can accommodate a policy change at the ZLB. The results presented in
this chapter suggest that a sunspot model with a passive liftoff regime mitigates some
of these puzzles and counterintuitive findings. Moreover, the results further support the
notion that expectations regarding liftoff contribute to the relatively muted effects of

forward guidance, particularly on inflation.

CHAPTER III: A TIME-SERIES APPROACH TO ESTIMATING DSGE MODELS WITH

CoviD-19 DATA

In the third chapter, I propose a time-series approach to address the challenge of large
data outliers observed during the Covid-19 pandemic. However, the Covid-19 pandemic
has triggered the largest contractionary shock to the euro area since its establishment,
surpassing the impacts of both the Great Financial Crisis and the Sovereign Debt Crisis.

The Covid-19 contraction was caused by supply and demand constraints such as revised



private consumption decisions, lockdowns, and social health measures, rather than struc-
tural issues, adding complexity to a structural model estimation.

The chapter aims to extend the existing literature on estimating Covid-19 outliers in
VAR models (e.g., Lenza and Primiceri, 2022, Carriero, Clark, Marcellino, and Mertens,
2021, Schorfheide and Song, 2021) to structural DSGE models. Covid-19 data exhibit
extreme volatility along with low persistence, posing challenges for the estimation of
DSGE models, as it can distort structural parameter estimates. My approach builds on
Lenza and Primiceri (2022)’s methodology for VAR models and makes three adjustments
to the standard estimation process without modifying the structural equations of the
model. Specifically, I introduce a time-varying innovation-covariance matrix to capture
the extreme heteroskedasticity in the shock variances, an ARMA(1,1) correction for the
persistent effects of the total factor productivity shock innovations during the pandemic,
and a measurement correction for consumption data in the Kalman filter.

The proposed estimation approach enables an assessment of monetary policy during
the Covid-19 pandemic. In the euro area, conventional monetary policy was severely
constrained when the Covid-19 shock hit the economy, with interest rates fixed at the
zero lower bound (ZLB). Even so, I demonstrate that the stance of monetary policy was
expansionary despite the inability to lower the policy rate below zero.

The incorporation of Covid-19 data produces robust parameter estimates compared
to the pre-Covid-19 sample but implies somewhat longer forward guidance durations in
recent years. By using this approach, DSGE models can be estimated with data that
include extreme outliers, allowing the pandemic period to be included in future research

with such models.



Chapter 1

Estimating a DSGE model for the Euro Area with

Forward Guidance at the Zero Lower Bound

Abstract

In this chapter, I examine the effectiveness of forward guidance in the euro area using a
structural New-Keynesian model at the zero lower bound (ZLB). To accommodate forward
guidance, the medium-scale DSGE model treats a sequence of expected durations at the
ZLB as free parameters in estimation. As an informative prior to the sequence of expected
durations, I propose a new measure constructed from survey expectations, which generates
well-defined estimates consistent with macroeconomic data and the model’s structure.
The empirical findings support the use of the structural model with fixed-interest periods
considering relatively stable parameter estimates for the euro area. In order to determine
the impacts of forward guidance on the model, 1 filter the expected duration estimates
based on their source. Based on this decomposition, forward guidance to go lower for

longer appears to have become increasingly important from 2018 onwards.



1.1 INTRODUCTION

In recent years, several central banks, including the US Federal Reserve, the Bank of
England, and the European Central Bank (ECB), have lowered interest rates to near-zero
levels; something that previously seemed to be only a remote possibility rather than an
actual policy option. With conventional policy options becoming increasingly limited,
unconventional tools such as quantitative easing, central bank lending operations, and
forward guidance have become more prevalent. Focusing on the latter, forward guidance
refers to credible announcements by the central bank aiming to influence agents’ expec-
tations about the future path of the policy rate. In forward-looking models where the
expected path of the policy rate determines the current stance of monetary policy, forward
guidance provides an additional transmission channel for monetary policy.

In this chapter, I examine the effectiveness of forward guidance in the euro area using the
medium-scale DSGE model of Smets and Wouters (2007) (hereafter SW-07). The sample
period from 2004-Q3 to 2019-Q4 includes a zero lower bound (hereafter: ZLB) period
where the policy rate was fixed at zero. To address this regime change, in the model,
monetary policy changes between a conventional policy regime in the form of a Taylor-
type rule and an unconventional fixed-rate policy regime at the ZLB. Forward guidance is
introduced by modeling agents’ expectations about the future path of the policy rate, or
in other words by a sequence of estimated expected durations of the lower bound. When
policy rates are pegged at a fixed value, this sequence of expected durations introduces
an additional channel for monetary policy transmission in the model. To improve the
identification of this sequence, subjective information from the ECB’s SPF is included in
the estimation process.

Incorporating subjective information about agents’ expectations of the future path of
the policy rate into a standard DSGE model, allows me to (i) estimate the expected
durations of the ZLB based on an informative prior rather than theoretical assumption;
(ii) show that the model remains structural at the ZLB; (iii) analyze the non-linear model
dynamics and implications at the ZLB dependent on the length and existence of the ZLB

constraint; and (iv) identify the role and importance of unconventional monetary policy



in the form of forward guidance in the euro area.

The modeling of unconventional monetary policy at the ZLB presents a new challenge
to researchers. Common solution algorithms for linear rational expectation (LRE) mod-
els, such as the algorithms by Sims (2002) or Binder and Pesaran (1995, 1997), require
monetary policy to fulfill the Taylor (1993) principle. In other words, the central bank
must react aggressively enough to inflation changes to trigger adequate real interest rate
movements. If they fail to do so and real interest rates fall while inflation rises, the model
system has multiple solutions each defined by future inflation expectations. As inflation
becomes expectational, the Blanchard and Kahn (1980) conditions are violated since the
number of expectational variables exceeds the number of explosive roots in the system.

The issue of indeterminacy has been addressed in multiple ways over the past few
decades. Earlier work proposed to solve LRE models at the ZLB via a backward induc-
tion method with undetermined coefficients (Eggertsson and Woodford, 2003, Svensson,
2000). According to some papers, including Ferndndez-Villaverde, Gordon, Guerrén-
Quintana, and Rubio-Ramirez (2015), linearized solutions are not optimal for study at
the ZLB. However, other papers, such as Jones (2017) and Guerrieri and Iacoviello (2015),
disagree. Despite the differences in methodology, the latter propose occasionally-binding-
constraint algorithms that provide linear solutions that are acceptable approximations for
non-linear models. Furthermore, regime-switching models, such as the Markov-switching
approach of Bianchi (2013), allow multiple occurrences of a fixed-interest rate regime, but
assume constant durations of the ZLB. The approach I follow is that of Kulish, Morley,
and Robinson (2017) (hereafter KMR (2017)), which suggests solving models containing
both determinate and indeterminate regimes via backward induction, based on Kulish
and Pagan (2017). Using KMR (2017), the sequence of expected durations at the ZLB is
treated as free parameters in estimation. Since the model selects the duration sequence
that best fits the data, the estimated durations may exceed the underlying policy con-
straints. Thus, the model accommodates unconventional monetary policy in the form
of forward guidance, whereby the central bank influences agents’ expectations that the
policy rate will be lower for a longer period than implied by the underlying policy rule.

I utilize SPF responses to construct an informative prior for the sequence of expected



durations in the euro area. In addition to identifying the estimated expected duration,
survey forecasts add subjective information about agents’ expectations about the future
path of the policy rate to the model’s information set. This has been widely discussed
in recent literature. Manski (2004) was one of the first to advocate including subjective
information to improve expectation formation. Furthermore, Baele et al. (2015) attribute
a significant role to survey expectations in regime-switching models with rational expecta-
tions. Del Negro and Eusepi (2011) propose a measure for observing inflation expectations
to improve the fit of a SW-07-style model in terms of model-implied expectations. More
recent, Miiller, Christoffel, Mazelis, and Montes-Galdén (2022) use SPF data to assess
the effects of forward guidance taking into account earlier work by Campbell, Fisher, Jus-
tiniano, and Melosi (2017), but they do not directly consider expected durations. To my
knowledge, this is the first study to incorporate SPF data into a DSGE model to estimate
the expected duration of the ZLB for the euro area.

The estimation of models at the ZLB challenges standard New-Keynesian theory. In
his seminal work Lucas (1976) argued that it is naive to predict structural policy changes
from historical data or draw policy advice from large-scale macroeconomic models, because
the parameters of the models may not be policy invariant. Due to the fact that agents
are essentially forward-looking, backward-looking models are not always appropriate for
analyzing structural regime switches. The KMR (2017) solution strategy allows me to
test whether the model is indeed structural, finding that despite including the ZLB for a
substantial part of the sample period, the structural parameters are consistent with those
found in previous literature. This indicates that the model is robust to changes in policy
regimes, the primary goal of any structural macroeconometric model seeking to address
the Lucas Critique.

Additionally, even if the model can incorporate policy changes, the implications and
response to structural shocks, including the underlying microfoundations, can be coun-
terintuitive at the ZLB. Previous research, such as Werning (2011), Cochrane (2017) and
Diba and Loisel (2021), has defined some of these properties as the forward guidance
puzzle, the paradox of toil, and the fiscal multiplier puzzle. Based on Koop, Pesaran, and

Potter (1996), I utilize generalized impulse response functions (GIRFs) analysis to provide



insight into the non-linear ZLB dynamics and the linear post-ZLB dynamics.

By using SPF data for the euro area, duration estimates can aid in exploring these non-
linearities. In comparison with the KMR (2017) results for the US, duration estimates are
considerably longer in the euro area throughout the ZLB period. As the sample period
progressed, the expected durations increased and did not indicate an imminent liftoff,
which would not occur until mid-2022. However, while the KMR (2017) approach and
the SPF data deliver well-identified estimates for the sequence of expected durations,
it is not immediately clear from where these durations originate. Considering that the
estimated durations can exceed the actual policy constraint, they may be at least partially
the result of deliberate monetary policy. Therefore, following Jones, Kulish, and Rees
(2022b) and using the occasionally binding constraint algorithm proposed by Jones (2017),
I decompose the duration estimates into durations originating from forward guidance
policy and durations implied by the underlying constraint. Based on this decomposition,
forward guidance becomes increasingly important from 2018 onwards. Unsurprisingly,
the model tends to overestimate the expansionary effects of deliberate shocks to the
expected duration, a phenomenon referred to in the literature as the forward guidance
puzzle (Del Negro, Giannoni, and Patterson, 2012). When the ZLB length increases in
this model, the forward guidance puzzle becomes more prominent.

The remainder of this chapter is structured as follows. Section 1.2 summarizes the
SW-03, SW-07 model framework for the euro area, including the implementation of the
ZLB and yield curve. Section 1.3 presents the solution strategy for the model. The
estimation strategy is presented in section 1.4. Section 1.5 summarizes the results and
assesses the properties and fit of the model. Section 1.6 explores the non-linearities at
the ZLB. Section 1.7 identifies the role of forward guidance in the euro area. Section 1.8

concludes.

1.2 MODEL

The model follows that for the US economy in SW-07 and also their earlier version for the

euro area (SW-03) while incorporating adjustments to the monetary policy rule and the



yield curve similar to KMR (2017). All variables are log-linearized around the steady state
balanced growth path with deviations from steady state denoted by a hat symbol. In the
standard SW-07 framework, households maximize utility by choosing consumption and
hours worked over an infinite horizon. Unions differentiate labor over households, which
implies some monopoly power over wages. In the goods market, intermediate goods pro-
ducers operate in monopolistically competitive market while final goods producers operate
in a perfectly competitive environment. The model applies Calvo (1983) pricing to ac-
count for sticky prices in the goods and labor markets. Final goods producers purchase
intermediate goods, transform them, and resell them to households. The technical ap-
pendix provides a complete representation of the model, including the sticky and flexible

wage economies, as well as all shock processes.
1.2.1 LOG-LINEARIZED EQUATIONS OF THE SW-07 MODEL

The demand side of the model can be summarized by an aggregate resource constraint:

Gt = cyCt +iyip + 2y 5 +ef (1.1)

Aggregate output, 7, is determined by consumption, ¢, investment, 7, and capital-
utilization costs which are a function of the capital-utilization rate 2;. The parameter
¢y = 1 — gy — 1y represents the consumption share at steady state in output, where g,
is the steady state exogenous spending-output ratio. The parameter i, = (v —1+9)k,
describes the investment-output ratio, where ky, is the steady state capital-output ratio,
7 denotes the growth rate in steady state, and d the capital depreciation rate. z, = Rf,fky,
where RF is the steady state rental rate of capital. The resource constraint is subject to
an exogenous spending shock €f which follows an AR(1) process with an iid-normal error

term and an iid-normal total factor productivity term®:

ga, a

ef = pef_| +nf 4+ pPn

1Smets and Wouters (2003, 2007) include the total factor productivity innovation to account for the
potential impact of fluctuations in domestic productivity on net exports.
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Households optimize utility by choosing between consumption and labor. Consumption

dynamics can be described by a standard Euler equation:

ét = Clét—l + (1 — Cl)Et(ét—l—l) + CQ(lAt — Et(lAH_l)) — Cg(ft - Et(ﬁt+1)) —f-&g (12)
where
A W)L, A
o3 IR L I
1= 27773 2= ) €= )
142 o¢(1+2) o°(1+2)

The parameter A captures habit formation, while 0¢ denotes the intertemporal consump-
tion substitution elasticity. Current consumption (&) is based on the weighted average of
past and expected future consumption, the expected growth in hours worked, I, — Et(ft+1),
and the real interest rate, 7y — F¢(7ty+1), where 7 is the nominal interest rate in period
t and #; the inflation rate. The disturbance term €% captures the difference between the
interest rate and the return on assets received by households and follows a first-order
autoregressive process with an iid-normal error term n?.2.
The investment Euler equation is given by:

(1-0%)

By 2 1 A qs
1t gy o i)+ ey g et e (13)

A

(37

= W@tfl +
The parameter ¢ denotes the elasticity of the capital adjustment cost function at steady
state and the parameter [ is the household discount factor. A higher elasticity of capital
adjustment costs will reduce investment sensitivity, similarly to the consumption Euler
equation. The disturbance term £}° follows an AR(1) process with an iid-normal error

term, such that £f° = p%e” | +ni°. The real value of capital is given by:

__(1-9)
 RE+(1-9)

R}

Uc(l—F%)
+7 - '
R4+ (1-9)

d Ey(Gi+1) Bi(f) + ——x et = (= Bi(fer))  (14)
Y

where 7, is the rental rate of capital for which R¥ denotes its steady state value. The cap-

2[ deviate from SW-07 and, as in KMR (2017), a negative shock corresponds to an increase in the
required return on assets and a reduction of current consumption. This shock influences the cost and
value of capital and investment similarly to the net worth shocks in Bernanke et al. (1999) and Christiano
et al. (2005).
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ital stock, ¢, is positively correlated with its expected value in the future. Furthermore,
the expected real rental rate on capital, Et(ff 1), influences the current value of the cap-
ital stock positively, and the real interest rate and risk premium disturbances negatively.
Capital becomes effective one period after its installation; hence, current capital, /%f, is
determined by the level of capital installed in the previous period, /%t_l, and the degree

of capital utilization Z;:
/Aff :/Aft_l—i-ft (1.5)

Since cost-minimizing households provide capital services, the degree of capital utilization,

Zt, depends positively on the rental rate of capital ff:

a:liwﬁ (1.6)

where 1 is the elasticity of the capital utilization adjustment cost function. For ¢ =0, the
rental rate on capital is constant in equilibrium; for ¢ = 1, capital utilization is costly to
change and therefore remains constant. Capital, l%t, accumulates depending on investment

and its relative efficiency as captured by innovation £7°:

. 1-4. —(1-6). 1-4 .
b= kt_ﬁwzﬁ(l— 0! (1.7)

The aggregate production function is given by:
9t = dp(aky + (1 —a)ly +€) (1.8)

Aggregate output is produced by balancing capital, l%f , and labor l;. The parameter
« represents the share of capital and the parameter (14 ¢,) corresponds to the share
of fixed costs in the production process. Total factor productivity, ef = p®e? | +nf,
follows an AR(1) process with an iid-normal error term. Price stickiness is introduced
according to Calvo (1983), according to which monopolistically competitive intermediate

good producers can only slowly adjust their prices to their desired markups. The New-
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Keynesian Phillips curve is given by:

1

-t (1-&)1=py7) .
1+ By1=7%,

mcC €p .
G0y —Deyr) )T (019)

us (671_06Et(ﬁt+1>+5pﬁt—1+
Current inflation, 7, is positively affected by past and expected inflation, while negatively
affected by current price mark-ups. A price mark-up disturbance follows an AR(1) process
el = pPel | +nY, where il is an iid-normal price mark-up shock.? For 1, = 0, the Philips
curve is purely forward looking. A producer’s ability to update prices quickly depends on
the level of price stickiness, &, the curvature of the Kimball goods market aggregator, €,
and the steady state mark-up.

The marginal cost of labor is the difference between the marginal product of labor and

the real wage:
nicy = mply — iy = ofF 4+ (1 — a)i; — ¥ (1.10)

According to the assumption that firms try to minimize costs, the capital-labor ratio

negatively affects the rental rate of capital and positively impacts the real wage:
P =y — k5 41y (1.11)

In monopolistically competitive labor markets, wage mark-ups represent the gap between

the marginal rate of substitution between consumption and labor and the real wage:

! A ) (1.12)

~ ~ ~ 17 ~ ~
iy = Wy —mirs; = wy — (0 I+ 12 (¢t — —Ct—1)

~

where the parameter o' corresponds to the labor supply elasticity and A to the habit
parameter in consumption. Similar to the price mark-up shock, the wage mark-up distur-
bance follows an AR(1) process, €’ = p*ei’ | +n;”, where n;* is an iid-normal error term.

Similarly to the goods market, nominal wage stickiness and partial inflation indexation

3SW-07 propose an ARMA(1,1) process for the price and wage Phillips curve shocks. Those are
not well identified in the euro area data sample. In a previous version of the model for the euro area,
Smets and Wouters (2003) (hereafter SW-03) assume the three cost push shocks (e, €4, and €,) to be
iid-normal processes.
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lead to a slow adjustment of real wages:
. 1 . sy . . 1467
W= ————— W1+ (E(Wr1) + B (T -7
s T (4 Byt )( (1) + Bulfer) (1+8y1-)

lw A — (1_fw)(1_671_acfw)
(1+87177) ((1+87")8w) (6w — Dew+1)

(1.13)
+

AW w
fy + &

1.2.2 IMPLEMENTING THE ZLB

As in KMR (2017), monetary policy changes between two regimes. In the first regime,
pre-ZLB, monetary policy follows a standard Taylor rule as in SW-07. Once the economy
hits the ZLB in t = T, the central bank fixes its policy rate at a constant value.* At the
ZLB, the central bank communicates a lift-off strategy that returns to a Taylor-type policy
rule at the later stage t = d®+ 1. When the central bank announcements are credible, the
expected duration of the ZLB in ¢t =T is given by d¢. After entering the post-ZLB regime
in T, the central bank reverts to its initial Taylor rule policy, which guarantees a unique

and stable solution to the system:

TR, fort<T

\3
3
I

—r, forT<t<T*

TR, fort>T*

where the Taylor rule (TR) is defined as the standard feedback rule in SW-07:
Fr = p" o1+ (1= pR) (bt + 0y G — 0])) + 6y (B — 1) — (0 —9L1) +ep (1.14)

The parameter p™ introduces interest rate smoothing. The nominal interest rate responds
to changes in inflation, indicated by parameter ¢, output growth (¢»,), and the output
gap (¢y), defined as the deviation of actual output from its potential. Potential output is
derived from the output level under a fully flexible economy, i.e., without nominal frictions

or mark-up shocks. Monetary policy is subject to a policy shock &} that follows an AR(1)

4Note that the variables are expressed as deviations from steady state. Hence, r; = —r corresponds
to the interest rate level being zero ry +r = 0.
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with an iid-normal error term.
1.2.3 IMPLEMENTING THE YIELD CURVE

Following KMR (2017), I incorporate information from the yield curve into the model
economy to help identify the monetary policy stance, and therefore the expected durations
at the ZLB. Furthermore, this approach takes into account the consistently negative yields
of short- and medium-term (AAA-rated) government bonds in the euro area. As in KMR
(2017), and drawing on the expectation hypothesis, which implies that longer maturity
bonds reflect agents’ expectations of future policy rates, interest rates are set according

to:
N Lo N :
Tjt= EEt(Tt—l—T‘H_l —|—Tt+j_1) forj=23...m (1.15)

where 7;; denotes the log deviation of the yield from steady state on a j-period bond.

The observed yield curve counterpart becomes:
rj7t:fj7t+r—|—cj—|—8g+ej,t for j=23,...m (1.16)

where 7 is the steady state of the nominal interest rate. Since c; is a maturity-specific
time-invariant component, r +c¢; can be interpreted as the steady state of a yield with
J periods to maturity. The time-varying component of the term premium includes a

persistent AR(1) shock &/ for all observed maturities:

E? :pﬁ€?,1+65777t (1.17)

1.3 SOLUTION STRATEGY

Standard linear rational expectations (LRE) models can be solved using a number of algo-
rithms, including those proposed by King and Watson (1998, 2002), Anderson and Moore
(1985), Binder and Pesaran (1995, 1997), Sims (2002), or Klein (2000). Although the tech-

niques share a similar goal, they differ significantly in terms of accuracy, computational
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speed, and generality (see e.g., Anderson, 2007). LRE algorithms, however, generally
assume a time-invariant structure, which implies that a system’s structure remains un-
changed over time. Consequently, these standard algorithms cannot accommodate future
(un-)anticipated changes in the model structure.

What is more, New Keynesian models with ZLB constraints often face indeterminacy
challenges. A prolonged period of near-zero interest rates violates the Taylor principle
since interest rates do not sufficiently respond to inflation rate changes (see, for example,
Clarida et al. (2000), Kerr and King (1996)). To address these difficulties, Cagliarini and
Kulish (2013) propose a rational expectation solution for linear stochastic models with
predictable structural variations. Kulish and Pagan (2017) builds on this methodology, by
incorporating a time-varying coefficient vector autoregression (VAR) model to formulate
the likelihood of structural changes that can be anticipated or unanticipated Using the
Kulish and Pagan (2017) approach, KMR (2017) propose a backward induction method
for solving models at ZLB that contain both determinate and indeterminate regimes. A
key feature of this approach is that it treats the sequence of expected durations at the
ZLB as free parameters in estimation. The model may choose the duration sequence that
best fits the data, which may result in durations being longer than the underlying policy
constraints. As a result, the model accommodates unconventional monetary policy in the
form of forward guidance, where the central bank influences public expectations that the
policy rate will be lower for longer than implied by the policy rule.

Following KMR (2017), I use the Binder and Pesaran (1995, 1997) algorithm to con-
veniently compute the time-varying solution at the ZLB. However, since the Binder and
Pesaran (1995, 1997) algorithm solves the model iteratively, it becomes computationally
expensive. Therefore, following KMR (2017), the time-invariant solutions in the pre-
and post-ZLB regimes are obtained using the Sims (2002) algorithm. Nevertheless, for
consistency, I present the solution only in Binder and Pesaran (1995, 1997) form. A

mathematical representation of both algorithms can be found in the technical appendix.

The model solution comprises three components, as shown in figure 1.1. Before the

anticipated structural change occurs at time ¢ =T, the model can be expressed in the
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Figure 1.1: Monetary Policy Regimes in the Euro Area
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standard Binder and Pesaran (1995, 1997) form:
Aoyr = Co + A1ye—1 + BoEyye1 + Doey (1.18)

where y; is the n x 1 state vector and &; the [ x 1 vector of structural shocks. It follows

that the standard rational expectation solution in the pre-ZLB regime is given by:

Yt = C+Qui—1+ Gey (1.19)

where C, ), and G are the LRE solution matrices of conformable dimensions.
The structural change in the model, in the form of a fixed interest rate regime, occurs
in period ¢t =T. The structure is expected to remain in place until t = d®+1 =T" where

d® denotes the expected duration. The canonical form of the model changes to:

Agyr = Cy + Alye—1 + By Erye 1 + Doy (1.20)

While the interest rate is pegged, the model solution follows a time-varying VAR process:

{CHL +H{Qu v +{Gi} e (1.21)

The KMR (2017) time-varying solution is based on the assumption that monetary policy
will revert to its original Taylor rule in the post-ZLB period. The model solution with
anticipated structural changes requires agents to build expectations that a determinate
structure will remain in place indefinitely. Consequently, the structural equations in the

post-ZLB regime are identical to those in the pre-ZLB regime, and thus, the solution
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is equivalent to the standard rational expectation solution outlined in equation 1.19.

Accordingly, the LRE model solution can be summarized as follows:

C+ Qyi—1 + Gey, fort<T

ye = {C, +{Qu 1 +{Gh e, for T<t<T*

C+ Qyi—1+ Gey, for t > T*

To obtain the solution matrices C;, (s, and Gy, re-consider the time-varying solution at

the ZLB:

Yt = Ct + Qryr—1 + Grey (1.22)

Assuming no future shocks, Fie;1 =0, implies that the solution in the next period ¢+ 1

is given by:

Ewyrr1 = Cr1 + Qry1ye (1.23)

With the method of undetermined coefficients, equations 1.23 and 1.20 imply:

(I —B*Qi11) (T4 B*Cyy1) = C; (1.24)
(I-B*Q1) 'A* = Qs (1.25)
(I-B*Qi11)"'D* =G, (1.26)

Equation 1.25 can be transformed to:

A*_Qt+B*Qt+1Qt =0 (127)

Equation 1.27 now delivers the solution for @); via backward induction. Starting from
the first period in the post-ZLB regime, Q4411 = @), a sequence {Qt}ff:l can be chosen
under the condition is satisfies the equality in 1.27. Note that the solution only holds if

(I — BtQ¢+1) is of full rank implying that the post-ZLB regime must be determinate, i.e.,
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satisfies the Taylor principle. In this case, equation 1.27 can be written as:

A+ Fi Gy = Gy (1.28)

where Ay = (I — BQyy1)~'T'and F; = (I — BQ;+1)~ ' B. From there, the remaining solution

matrices, {G}¢_, and {C;}¢_,, can be derived according to:

Cr=MN+F N1+ FFiq Ao+ ... (1.29)

Using the KMR (2017) solution method, allows me to simultaneously estimate both the
structural parameters () and the expected durations (d) of the ZLB period. In con-
trast, other solution strategies such as the occasionally-binding constraint algorithms by
Guerrieri and Iacoviello (2015) or Jones (2017) do not compute the expected durations
as a function of the ZLB constraint. Similarly, regime-switching models, such as the
Markov-switching approach by Bianchi (2013), which allow for multiple occurrences of a
fixed-interest rate regime, assume constant expected durations. However, these expected
durations have shown to be key determinants in assessing monetary policy at the ZLB. For
instance, Jones et al. (2022b) combine the strategies of KMR (2017) and Jones (2017) to
identify forward guidance shocks in the US and demonstrate that forward guidance shocks
can have a more profound impact than conventional monetary policy shocks. Therefore,
the key focus of this chapter is the identification of the sequence of expected durations

for the euro area and the investigation of their model dynamics.

1.4 ESTIMATING THE MODEL AT THE ZLB

The model equations are linearized around the steady state and then cast into state-
space form before estimating the model with Bayesian estimation techniques. The set of
structural parameters and the sequence of expected durations is estimated simultaneously.

The likelihood for the data sample is defined as £(Z | §,d), where 6 denotes the set of

19



structural parameters, Z the data, and d the set of expected durations at the ZLB:

p(0,d| Z) < L(Z | ,0,d)p(0)p(d)

Using the Metropolis-Hastings algorithm, draws are generated from the posterior proposal
of the pre-ZLB sub-sample to get full marginal posterior distributions for each parameter.
The proposal is based on the posterior mode obtained by minimizing the negative log

posterior of the pre-ZLB sub sample.

1.4.1 DaAtaA

The model is estimated using nine observables from the euro area: log difference of real
GDP, real consumption, real investment, and real wages, log and demeaned hours worked,
log differences of the GDP deflator as the measure for inflation, the main refinancing
operations (MRO) rate, and one and five-year maturity bond yields. The first seven
observables are constructed as in SW-07 where all real observables are expressed in period-
on-period log growth rates. The additional two interest rates correspond to the yield curve

augmentation of the model as in KMR (2017). The measurement equation is given as

follows:
AlogGDP, vy Yt —Yt—1
AlogC g Ct—Ci—1
Alogly Y i — i1
AlogW vy Wi — Wi—1
{nabs} = logH} = ! + l;
Alogmy T m
MRO; 7 T
% F+ct T
Y20 74 20 720

where 7 denotes the quarterly growth rate to GDP, consumption, investment, and wages.

Moreover, 7 is the quarterly steady state inflation rate, r the steady state interest rate,
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and [ the steady state hours worked. ¢! and ¢® are maturity-specific time-invariant
components.

The sample period runs from 2004:Q3 to 2019:Q4.° These data are drawn from the
Furostat database and the ECB’s Statistical Data Warehouse (SDW). These data reflect
changes in the composition of the euro area over the time period covered by the sample.®
A number of outliers have appeared in the investment data series since 2015, including
large spikes followed by largely offsetting levels in adjacent quarters. This increase in
volatility can be attributed to R&D capitalisation reporting reforms, which include the
transfer of intellectual property assets to affiliated entities and redomiciled PLCs, partic-
ularly in Ireland. The effects are substantial in national account data, but they have little
impact on underlying domestic activity (Avdjiev et al., 2018, Osborne-Kinch et al., 2020).
Despite the Central Statistics Office and Ireland’s national statistical agency recommend-
ing modified indicators, the European Commission is legally bound to adhere to ESA10
reporting standards (Fitzgerald, 2016). In order to eliminate distortions in estimation, I
linearly interpolate the investment data to remove the signaling power from the impacted

quarters.7

5The constructed euro bond yield rates for one and five-year maturity bonds are not available before
2004:Q3.

6 Aside from the 12 member states that were already part of the euro area before the sample period,
Slovenia, Cyprus, Malta, Slovakia, Estonia, Latvia, and Lithuania joined the euro area during the sample
period. Data with changing composition is available for each observable except hours worked which is
only available for a fixed composition of all 19 current member states.

"Further discussions of reporting standards for national accounts are given in Lynch and Thage (2017)
and Rassier (2017).
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Figure 1.2: The Nine Observable Variables
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Note: The estimation process involves nine observables: Real GDP, real con-
sumption, real investment, and real wages, hours worked, the GDP deflator
as the measure for inflation, the MRO rate, and at 1-year and 5-year rates.
The data sample captures the period from 2004:Q3 to 2019:Q4. Source: ECB,
Eurostat
The data sample includes both a period in which the MRO rate was strictly zero and a
period during which there was an effective lower bound above zero without further move-
ment assumed. In September 2014, the ECB lowered the MRO rate to 0.05% following a
10bp reduction, which at the time was referred to as the effective lower bound. In spite
of the ECB’s announcement to further reduce the MRO rate by a further 5bp to zero in

March 2016, based on the communication provided, I assume that the ZLB constraint

effectively binds from 2014-Q3, which is visualized in figure 1.3.
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Figure 1.3: The ZLB Constraint in the Euro Area
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The ZLB constraint binds from 2014Q3. For the first six quarters the lower
bound is set at 5bp. From 2016-Q1 the policy rate is strictly zero. In addition
to the Main Financing Operatings Rate, the figure plots a constructed series for
AAA-rated euro area central government bonds at different maturities: MRO
rate (blue), 1-year (orange), 5-year (yellow). Source: ECB SDW.

The euro area yield data is proxied by a constructed data series published by the
ECB and includes AAA-rated euro area central government bonds, which are updated
every TARGET business day at noon. The ECB estimates zero-coupon yield curves and
derives forward and par yield curves. Two additional observables can be obtained from
the constructed data, which are zero-coupon par yields for bonds with a maturity of one

year and five years.
1.4.2 PRIOR STRUCTURAL PARAMETERS p(6)

The set of priors for the structural parameters are chosen in accordance with SW-03, SW-
07 and KMR (2017). I follow KMR (2017) and use a slightly looser prior for the standard
deviations of the innovations to capture the high volatility of the sample period, given
the GFC and the European Sovereign Debt Crisis. The priors for the standard deviation
of the risk premium shock oy, the government spending shock o4, the monetary policy
shock o0, and the price mark-up shock o), follow an inverse gamma distribution with a

mean of 0.2 and a standard deviation of 3. The standard deviation of the productivity
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shock 04, the investment shock o4, and the wage mark-up shock follow an inverse gamma
distribution with a mean of 0.42 and a standard deviation of 0.29. The priors for all
autoregressive coefficients follow a beta distribution with a mean of 0.5 and a standard
deviation of 0.2.

Following SW-07, five parameters are fixed in the estimation. The depreciation rate
is set at 10% annually (0 = 0.025 on a quarterly basis). The exogenous spending-GDP
ratio is fixed at 0.18. The steady state labor market mark-up (Ay) is set at 1.5, and the
Kimball aggregators ¢, (goods market) and e, (labor market) are set to 10.

The prior distributions for the remaining parameters are close to the original setting by
SW-07 to allow a comparison of the parameter estimates during the ZLB with a baseline
estimation. In the pre- and post-ZLB regime the priors for the monetary policy rule
parameters are set as in SW-07. The prior for the interest rate smoothing parameter p™
follows a beta distribution with a mean of 0.75 and a standard deviation of 0.1. The
priors for the reaction parameter to the output gap ¢, and to output growth ¢, follow
a normal distribution with a mean of 0.125 and a standard deviation of 0.05. The prior
for the response parameter to inflation ¢, follows a normal distribution with a mean of
1.5 and a standard deviation of 0.25.

The prior for the parameter associated with the intertemporal elasticity of substitution
o. follows a normal distribution with mean 1.5 and standard deviation 0.375. The prior
for the labor elasticity parameter o; follows a normal distribution with a mean of 2 and
a standard deviation of 0.5. Besides common boundaries of autoregressive parameters or
the Taylor rule parameter for inflation, the lower bound for the labor elasticity parameter
is set to 0.5 to ensure a model solution within the determinate parameter space. The prior
for consumption habits A follows a beta distribution with a mean of 0.7 and a standard
deviation of 0.1. The prior for the adjustment cost parameter is normally distributed
with a mean of 4 and a standard deviation of 1.5. The priors for the Calvo parameters
for both prices &, and wages §,, are assumed to follow a beta distribution with mean 0.5
and standard deviation 0.1. The degree of indexation to past inflation in the goods ¢,
and labor ¢, markets is described by a beta distribution with mean 0.5 and standard

deviation 0.15. A summary of prior and posterior distributions can be found in table 1.1.
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1.4.3 PRIOR EXPECTED DURATIONS p(d)

The data for the informative prior of the sequence of durations is constructed from the
ECB’s quarterly Survey of Professional Forecasters (SPF). To my knowledge, this is the
first study that utilizes the SPF responses to estimate a sequence of expected durations
at the ZLB for the euro area. The survey measure not only aids with the identification
of the expected durations but also includes information about agents’ expectations of the
future path of the policy rate in the estimation process.

Even though the SPF focuses on inflation expectations, it also collects data on real
GDP growth, unemployment, and most importantly, the MRO rate for multiple horizons.
Participants are professionals affiliated with financial or non-financial institutions within
the euro area. The informative prior is subsequently constructed from the following survey

question:

Figure 1.4: SPF Questionnaire: Forecasting the Interest Rate

Please report selected other information underlying your forecasts (average over the period):
2013 Q1 2013 Q2 2013 Q3 2013 Q4 2014 2015

ECB’s interest rate
(main refinancing
operations)

Note: Exemplary questionnaire for the 2013 Q1 Survey of Professional Forecasters of euro area macroeco-
nomic variables conducted by the European Central Bank. Source: ECB SPF (2013)

In the survey, agents forecast the future path of the MRO rate over the next four quar-
ters, the average over the next year, and the average over the following year. Forecasters’
expectations of liftoff are pinned down by positive non-zero interest rate forecasts, which,
in turn, determine the ZLB period’s duration. Using these beliefs, I construct a probabil-
ity distribution for each quarter’s expected duration at the ZLB. There are no ambiguities
in answers in the first quarter of each year, which includes forecasts for the upcoming 12
quarters respectively. In the remaining quarters, the survey answers may overlap due to
the wording of the question. For instance, the survey conducted in 2015-Q2, asks for
forecasts for 2015-Q2, 2015-Q3, 2015-Q4, 2016-Q1, 2016, and 2017, thus asking for 2016-
Q1 twice. Using 2015 as an example year, table 1.5 visualizes this problem. In order to
avoid unequal weighting on the survey answers, if a respondent expects the MRO rate to

be zero in 2016-Q1 but believes a non-zero average for the rest of the year, the expected
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duration will be equally allocated between 2016-Q2, -Q3, and -Q4.

Figure 1.5: Example of Overlapping SPF Responses across Different Quarters

Next 4 quarters Next year Year after next Remaining quarters

2015-Q1 1 2 3 4 5 6 7 8 9 10 11 12 |13 14 15 16 17

<]
3
A 2015-Q2 1 2 3 4 5 6 7 8 9 10 11 [12 13 14 15 16 17
&
2 2015-Q3 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
&
2015-Q4 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

2015 2015 2015 2015 2016 2016 2016 2016 2017 2017 2017 2017 2018 2018 2018 2018 2019 2019 2019 2019
QL Q2 Q3 Q4 QL Q2 Q3 Q4 QL Q2 Q3 Q4 QI Q2 Q3 Q4 QI Q2 Q3

Duration Quarters

Note: The figure visualizes the overlapping responses in the SPF results and the respective duration
quarters.

Because the question is open-ended, there are no point estimates for expected durations
beyond the forecasting horizon of the survey. When respondents expect the interest rate
to be zero across the entire survey period, there is no indication of when they expect the
liftoff to occur. Thus, I introduce an upper bound of 17 quarters for expected durations.®
When a respondent forecasts a zero MRO rate over the entire survey period, I assign
equal probabilities to the following quarters up to a maximum of 17 quarters. Moreover,
some respondents to the 2014-Q3 ZLB survey may not have predicted a drop in the
MRO rate at quarter end. It is therefore likely that higher interest rate forecasts are not
associated with beliefs of a short duration for the ZLB, but with outdated beliefs from the
previous quarter. Due to the limited informative power of 2014-Q3, I reuse the responses
for 2014-Q4, assuming these are responses for which all respondents have anticipated a
fixed interest rate regime. Accordingly, a prior distribution for the expected durations is

constructed based on the SPF data and a uniform distribution in which each element is

equally weighted.

1.4.4 POSTERIOR SAMPLER

The sampler for the joint posterior of the structural parameters and the sequence of
expected durations of the ZLB is based on the tailored randomized block Metropo-
lis-Hastings algorithm developed by Chib and Ramamurthy (2010). As in KMR (2017),

8The MRO rate was strictly zero for 16 periods at the end of the data sample. I vary the upper
bound of the estimates to different values and find results are robust to changes.
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those are drawn from two separate blocks of the sampler. Instead of updating the entire
set of parameters in each draw, the parameters are randomly clustered at every iteration

into an arbitrary number of blocks.

BLock FOR THE EXPECTED DURATIONS D The block of expected durations uses an
independent uniform proposal density. The number of expected durations updated in
each draw is randomized from a discrete uniform distribution [1,l;], where l; determines
the upper bound of durations to be updated. As in KMR (2017), I is set equal to two.
Those quarters that are selected to be sequentially updated in each draw, are randomized
from a discrete uniform distribution [1,l], where [ displays the length of the ZLB in
the sample (I =16). The corresponding elements are randomly sampled from a discrete
uniform distribution [1,d], while non-updated parameters remain at their values in dj_1.
The maximum admissible duration is given by d and is set to 17 quarters, the upper
bound limit chosen for the survey point forecasts. The acceptance rate is then calculated

according to:

p(0j-1,d; | Z)
p(j-1,dj-1| Z)

d
@;

The proposal is then accepted with probability min{oz?,l}, setting d; = d;, or d;_1

otherwise.

BLOCK FOR THE STRUCTURAL PARAMETERS The block of structural parameters
ng = 40, and 6 the number of parameters updated in each draw is randomized from a
discrete uniform distribution [lg,ng]. As in KMR (2017), in each draw a minimum of
eight structural parameters is updated, so ly = 8. The updated parameters in each draw
are randomly sampled from a discrete uniform distribution [1,7n4]. The proposed set of pa-
rameters, 9;, is constructed from a multivariate Student’s t-distribution 6; ~ ¢(6;_1,%,v),
where v denotes the degree of freedom and X is the scale matrix based on the negative
inverse Hessian at the posterior mode of the pre-ZLB sub-sample multiplied by a tuning
parameter xk which is set to 0.075 targeting an acceptance ratio between 40% and 50%.

The t-distribution is based on the proposal Hessian matrix of the pre-ZLB sub-sample.

27



Denoting the set of updated parameters in each draw as 0 ; and those not being updated
as 01 ;, the density distribution can then be summarized accordingly:

01, , Orj—1| [Z11 212

~ ) ) 14
B, ; Ooj-1| |X21 o2
By deviating from the sampler in KMR (2017), the scale matrix 3 is reordered in each
draw, such that the updated parameters correspond to the first columns and rows of the

scale matrix.
Qw' ~ t(ej_l,zi,v)

The subset of updated parameters, denoted as 0; ;, is determined based on the Cholesky
Decomposition of a subset of the scale matrix ¥J;. This technical addition to the sampler
ensures that, by construction, the inverted sub-sample of the scale matrix will be again
invertible.?

Based on Ding (2016) and KMR (2017), the conditional density of the structural pa-

rameters is then given by:

1%
0o, |01, ="015-1~1 (924'—1, mﬁm,v +p1>

where p; is the number of parameters being held constant, and
Saop = S22 — U1 577 S

The acceptance ratio for admissible values is calculated according to:

p(0;.d; | Z)
p(0j-1,d; | Z)

0
@

Subsequently, the proposal is accepted with probability mz‘n{af,l}, setting 0; = 9;- or

;1 otherwise.

9Even though this holds mathematically without the technical addition, issues may arise due to small
numerical inaccuracies throughout the algorithm’s code.
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1.5 RESuULTS

Based on KMR (2017), I jointly estimate the set of structural parameters and expected
durations. The posterior mode, used to tailor the proposal density in the sampler, is
computed using a sub-sample that ends before the euro area hits the ZLB. A posterior
distribution is generated using 500,000 draws with the first half of the draws treated as
burn-in for the sampler to converge. Using two parallel chains of 500,000 draws with
different starting values, the Brooks, Gelman and Rubin test (Gelman and Rubin, 1992,
Brooks and Gelman, 1998) supports convergence of the parameters. The baseline chain
starts at the posterior mode, while the second chain starts randomly along the posterior
distribution. Results, presented in tables 1.4 and 1.5 in the appendix for Chapter I, do

not indicate any non-convergence of parameters.
1.5.1 STRUCTURAL PARAMETERS

The posterior estimates of the structural parameters are presented in table 1.1. Overall,
the results are consistent with those in previous literature, including KMR (2017), SW-03
and, SW-07. It is especially encouraging considering the length of the ZLB period, which
makes up a substantial portion of the sample period.

The shock variances are larger than previously estimated by SW-03 and SW-07 for
the euro area and the United States respectively. While Smets and Wouters (2005) find
substantial differences in shock variance estimates between the euro area and the US, these
differences are only partially visible at the ZLB. Comparing the shock process parameters
to those estimated by KMR (2017) for the US, the productivity shock innovation o is
larger in the euro area, while the preference shock innovation o® is quantitatively similar.
The price mark-up shock innovation oP and the investment shock innovation variance oP
are estimated to be higher in the euro area. The higher innovation variances are translated
into a lower persistence of the shock processes respectively (pP = 0.27, p?% = 0.39) which
is also substantially lower than the estimates for the US (KMR (2017) p? = 0.89, p?° =
0.70). Similarly, the monetary policy shock innovation variance is estimated to be larger

(6" =0.30) and the shock process less persistent (p” = 0.22) in the euro area. The term
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Table 1.1: Posterior Estimates of Structural Parameters

Parameter Prior Posterior

Distribution Mean Std. dev. Mode Mean Std. dev. 10% 90%

Shock Standard Deviations

Technology o’ 1G 0.42 0.29 0.66 0.66 0.05 0.62 0.71
Risk premium ab 1G 0.20 3.00 0.15 0.16 0.01 0.14 0.19
Fiscal s 1G 0.42 0.29 0.50 0.51 0.03 0.48 0.54
Investment loa 1G 0.42 0.29 0.61 0.6 0.06 0.53  0.66
Monetary o™ 1G 0.20 3.00 0.30 0.3 0.01 0.28 0.33
Price mark-up oP 1G 0.20 3.00 0.34 0.35 0.02 0.32 0.38
Wage mark-up a¥ 1G 0.42 0.29 0.30 0.31 0.01 0.29 0.33
1-year ot U 1.00 0.58 0.34 0.39 0.1 0.19 0.54
5-year o0 U 1.00 0.58 1.09 1.14 0.46 0.85 1.39
Term premium o' U 2.50 1.44 0.55 0.61 0.16 0.42 0.77
Shock Persistences

Technology Pt B 0.50 0.20 0.92 0.87 0.05 0.80 0.94
Risk premium ob B 0.50 0.20 0.97 0.96 0.01 095 0.97
Fiscal Yy B 0.50 0.20 0.89 0.9 0.04 0.84 0.95
Fiscal technology pIe N 0.50 0.20 0.51 0.5 0.08 0.40  0.59
Investment p?® B 0.50 0.20 0.38 0.39 0.13 0.22  0.58
Monetary A B 0.50 0.20 0.24 0.22 0.08 0.12  0.33
Price mark-up P B 0.50 0.20 0.18 0.27 0.15 0.09 0.47
Wage mark-up v B 0.50 0.20 0.10 0.13 0.07 0.05 0.21
Term premium p° B 0.71 0.16 0.97 0.95 0.03 0.92 0.98
Structural Parameters

Investment Adj. Costs ® N 4.00 1.50 5.96 6.12 1.24 458 7.77
CRRA o¢ N 1.50 0.375 0.94 0.93 0.09 0.81 1.05
Habits A B 0.70 0.10 0.74 0.74 0.05 0.67 0.8
Degree of Wage Stickiness Ew B 0.50 0.10 0.93 0.93 0.02 0.90 0.95
Elasticity of Labor Supply ot N 2.00 0.75 1.46 1.51 0.52 0.83 2.16
Degree of Price Stickiness & B 0.50 0.10 0.80 0.77 0.06 0.70 0.84
Indexation Wages Lw B 0.50 0.15 0.39 0.39 0.13 0.22 0.56
Indexation Prices lp B 0.50 0.15 0.27 0.35 0.15 0.17  0.56
Capacity Utilization P B 0.50 0.15 0.59 0.62 0.12 0.46 0.77
Fixed Costs op N 1.25 0.125 1.62 1.63 0.09 1.51 1.74
Monetary Policy: Inflation o N 1.50 0.25 1.52 1.49 0.22 1.20 1.77
Monetary Policy: Smoothing PR B 0.75 0.10 0.87 0.86 0.03 0.82  0.90
Monetary Policy: Output Gap oy N 0.125 0.05 0.05 0.06 0.02 0.04 0.09
Monetary Policy: Output Growth ¢a, N 0.125 0.05 0.02 0.02 0.02 -0.00 0.05
Constant Inflation T G 0.63 0.10 0.51 0.51 0.06 0.43  0.59
Discount Factor @’1 -1 G 0.25 0.10 0.22 0.2 0.07 0.12 0.29
Constant Labor l N 0.00 2.00 3.71 3.85 0.96 259  5.05
Trend Growth vy N 0.40 0.10 0.24 0.25 0.03 022 0.28
Capital Share @ N 0.30 0.05 0.26 0.26 0.02 0.23 0.28
Term Premium Constant cq N 1.20 0.25 1.38 1.41 0.23 112 1.71
Term Premium Constant 20 N 2.35 0.25 2.10 2.09 0.21 1.81 2.36

Note: The chain has 500,000 draws, half of which is disregarded as burn-in. Moments are multiplied by 10~2.
N= Normal Distribution; IG= Inverse Gamma Distribution; U=Uniform Distribution; B= Beta Distribution;
G=Gamma Distribution
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premium innovation variances are substantially higher (1-year bond o* = 0.39; 5-year
bond ¢ = 1.14) than those estimated by KMR (2017) (¢2° = 0.09). The risk-premium
shock persistence (p” = 0.96) is in line with findings by KMR (2017) whereas SW-07 find
a much lower persistence (p? = 0.22).

The posterior mean of the inflation trend parameter (7) implies an annualized inflation
target of 2.04% which nearly matches the official target of 2% communicated by the ECB.
The posterior mean estimate for the steady state interest rate implies an annual steady
state nominal interest rate of 3.78% and an annual steady state real interest rate of 1.74%.
Trend growth () is estimated to be around 0.25% on a quarterly basis, which is a bit
higher than the average growth rate in the data (0.11%) but in line with estimates of
trend growth in other settings.

The relative risk aversion parameter (c¢ = 0.93) is estimated to be smaller than 1,
implying a relatively high inter-temporal elasticity of consumption. While this is sub-
stantially lower than estimates by SW-07 for the US (¢¢=1.38) or by SW-03 for the euro
area (0¢=1.61), more recent studies that include the ZLB period find similarly low esti-
mates (for the US: Jones (2017): 0¢ =0.98 and KMR. (2017): 0¢ =1.05).!% Consumption
habits are more important (A = 0.74) compared to SW-03 and KMR (2017) for the US.
The elasticity of labor supply (¢') is estimated to be 1.51.11

Turning to the Philips curve estimates compared to previous estimates for the euro
area (SW-03: &, = 0.76), wages are less flexible (&, = 0.93) and also less flexible than in
the US (KMR (2017): &, =0.86). The degree of price stickiness (£, = 0.77) is estimated
to be lower than in SW-03 and lower than the degree of wage stickiness. The indexation
for past inflation (1), = 0.35) and the indexation for wages (1, = 0.39) are similar. The
share of capital used in the production process («) is estimated to be 26%. Finally, in
the pre- and post-ZLB regimes, the monetary authority responds sufficiently enough to
inflation to fulfil the Taylor principle (¢r = 1.49). Reactions to the output gap (¢, = 0.06)
and to output growth (¢, = 0.02) are small, which is consistent with the idea that the

ECB is primarily focused on its inflation target mandate. Interest rates are slightly more

10 Assuming log utility in consumption (i.e., 0¢ = 1) does not qualitatively and quantitatively affect
the remaining structural parameter estimates in the model.

1 This estimate is substantially higher than the excluded parameter space given a posterior standard
deviation of 0.52.
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persistent (pf = 0.86) than estimated by KMR (2017) for the US (pf = 0.81).
1.5.2 EXPECTED DURATIONS

The joint estimation allows me to estimate the duration of the ZLB in each quarter as an
independent parameter. The estimates for the sequence of the expected ZLB durations
are presented in table 1.2. In the benchmark scenario, the corresponding prior assigns
50% weight to the SPF data and 50% to a uniform distribution.

Table 1.2: Expected Duration Estimates

Expected Durations per quarter

Prior Posterior
Quarter Mean Mode Std. Dev. Mean Mode Std. Dev.
2014 Q3 9.89 1 3.93 10.46 12 4.58
2014 Q4 9.89 1 3.93 10.58 14 4.56
2015 Q1 9.17 12 2.73 8.48 9 4.36
2015 Q2 9.46 17 3.63 9.62 11 4.04
2015 Q3 9.06 17 2.94 9.25 10 3.94
2015 Q4 945 9 3.01 9.23 9 4.22
2016 Q1 9.34 14 2.88 10.41 12 4.12
2016 Q2 9.21 13 3.16 9.28 11 4.55
2016 Q3 9.57 12 3.29 10.47 13 4.35
2016 Q4 9.75 17 3.50 10.98 14 4.23
2017 Q1 10.81 17 6.21 9.27 13 4.79
2017 Q2 8.71 9 2.25 8.40 10 4.00
2017 Q3  8.33 12 2.58 8.35 9 3.55
2017 Q4 8.00 11 2.49 7.28 7 3.44
2018 Q1 7.69 10 2.14 7.00 8 3.34
2018 Q2 7.44 9 2.02 6.87 5 3.52
2018 Q3 747 8 2.42 6.71 6 3.30
2018 Q4 7.23 5 2.06 6.80 5 3.79
2019 Q1 7.23 4 1.67 10.08 4 4.65
2019 Q2 8.38 9 1.90 9.52 7 4.34
2019 Q3 10.03 12 3.77 12.99 17 3.32
2019 Q4 10.73 17 5.38 10.85 13 4.29

Note: The chain has 500,000 draws, half of which is disregarded as burn-in.
The prior is constructed by assigning equal weight to a uniform distribution
and the survey measure.

The posterior mean estimates for the expected duration exhibit significant movement
over the sample period and are influenced by the prior. At the start of the sample period,
the ZLB is expected to bind for 2.5 years (10-11 quarters). From 2017 through 2019, the
expected durations steadily declined, with the shortest estimate of 6.67 quarters observed
in 2018-Q3. However, throughout 2019, the estimates increased sharply, surpassing an

expected duration of three years (12.95 quarters) in the third quarter of 2019.
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Figure 1.6: Expected Durations of the ZLB

20

— Prior
— Posterior

0 L
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Note: The figure shows the prior (blue line) and posterior mean (red
line) and the equal-tailed 80% prior and posterior bands of the expected
durations.

Figure 1.6 displays the significant variation in the estimated expected durations over
time. Estimates for the euro area consistently show longer durations than those for the US
by KMR (2017). US estimates peak around 2012 and then gradually decline thereafter,
while euro area estimates exhibit a different pattern. Towards the end of the sample
period, expected durations increase, reflecting the euro area’s developments that did not

suggest an imminent liftoff at the time.

ROBUSTNESS EXERCISES I demonstrate the well-identified expected duration estimates
and the informative power of the survey data by conducting three robustness exercises.
Specifically, I vary the weight of the priors based on the survey, compare the estimates
with the market durations implied by the euro area’s forward curve, and increase the

upper bound limit on the survey measure from 17 to 25 quarters.
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Figure 1.7: Expected Durations at Varying Weights
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Note: The figure shows the equal-tailed 80% posterior bands and the
mean posterior estimates for the expected durations at different prior
weights: w =0 (uniform distribution), w = 0.5 (equally split), w =1 (solely
survey based).

Posterior estimates are based a prior that is constructed either exclusively from a
uniform distribution (w = 0), entirely on the survey data (w = 1), or equally on both
(w=0.5).12 The posterior estimates for a varying survey weight can be found in table 1.3
in the appendix for Chapter 1. Across varying survey weights, the expected durations ap-
pear robust. Figure 1.7 visualizes the mean posterior estimates for the expected durations
for each prior specification. The blue line corresponds to the benchmark case where the
prior consists of 50% survey data and 50% uniform distribution.!® The red line represents
the case where the survey data is not taken into account (w = 0), vice versa the black line
corresponds to the case where only the survey data is taken into account (w =1).

Despite the uniform distribution predicting a smoother path for the expected dura-

tions, a general trend pattern is still evident. During the first half of the sample period,

the survey data consistently indicates longer expected durations than what the uniform

12\When the prior is solely based on a uniform distribution, the starting values of the expected durations
for the MCMC algorithm are set to 1 for all quarters.

13 Although incorporating the survey data makes the likelihood more informative, I follow KMR. (2017)
and use a prior with equal weights on the survey and a uniform distribution as the benchmark case. This
approach ensures that duration outcomes with no weight in the survey are not automatically excluded
from the posterior distribution.
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distribution implies. The decline in expected durations between 2017 and 2018 appears
to be amplified by agents’ expectations in the survey, emphasizing the benefit of incorpo-
rating subjective information in estimation. Across all exercises, the expected duration
peaks towards the end of the sample period. Furthermore, utilizing the survey data in
the estimation process enhances the accuracy of the expected duration estimates. When
more weight is assigned to the survey, the 80% posterior bands around the mean become
narrower, and the standard deviations decrease.!* This indicates the informative power
of the survey data and its significant role in the process of estimating models that capture

ZLB periods.

Figure 1.8: Expected Durations implied by a Forward Curve
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Note: The figure shows the mean prior, the mean posterior estimates
for the expected durations at prior weights: w = 0.5 and the durations
implied by the forward curve.

Second, I compare the expected duration estimates with market expectations of the
euro area forward curve. Based on the methodology provided by the ECB, I construct
the forward curve and the corresponding ZLB duration. The forward rates include a
term structure and reflect the different rates at different maturities. The forward rates,
therefore, will not only capture market expectations but will also convey forward premium

compared to the constructed SPF measure. Since the forward curve incorporates forward

premium, the expected durations derived from it, while exhibiting a similar pattern to

14The standard deviations for different weights are summarized in table 1.3 in the appendix for Chapter
L.
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those obtained from the SPF measure, are generally longer over most of the sample period.
The forward durations also respond more strongly to the continuous decrease in the MRO
rate in 2016, although indicating a comparable decline in the following quarters. Moreover,
the market-based measure exhibits a more significant increase in durations towards the
end of the sample period, peaking at almost seven years in late 2019.

Finally, I conduct a robustness exercise by varying the upper bounds of the expected
duration estimates. Due to the open-ended nature of the SPF question, probabilities
must be assigned up to a maximum limit. In the benchmark case, this limit is set to
17 quarters. However, when this limit is increased from 17 to 25 quarters, the duration
estimates remain stable, though slightly above the baseline model (refer to the top right
plot in Figure 1.9). Nevertheless, it is worth noting that increasing the upper bound also

increases the standard deviation of the estimates.

Figure 1.9: Varying the Upper Bound on Expected Durations
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Note: The figure shows the mean prior, the mean posterior estimates for
the expected durations for different upper bound specifications.

1.5.3 FIT OF THE MODEL

The model produces a relatively accurate prediction of the actual data over the sample
period. Specifically, Figure 1.10 plots the actual data series compared to the smoothed

one-period ahead forecasts obtained through the Kalman filter at the posterior mean.
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Figure 1.10: In-Sample Fit of the Model
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Note: The figure plots the actual data (blue line) as well as the one-period-
ahead forecasts obtained from the Kalman smoother (red line), computed
using the estimated posterior mean 0. See section 1.4.1 for a detailed descrip-
tion of the data sample

The model tends to underpredict the effects of the GFC on most real variables. More-
over, the model fails to capture the high volatility observed in real wage growth and
inflation. Notably, the model consistently overpredicts yields for the 5-year maturity
bond and underpredicts inflation during the ZLB period.

Figure 1.11 shows the posterior bands of the structural shock processes obtained from
random draws of the posterior chain. The estimated autoregressive parameters, summa-
rized in table 1.1, suggest that the technology shock (¢%), preference shock (£°), govern-
ment spending shock (£9), and term premium shocks (¢* and %) are highly persistent.
Additionally, the preference shock is estimated to be negative throughout the sample pe-
riod. The ZLB period is accompanied by a downward trend in the technology shock,
government spending shock, and term premium shocks. In line with the euro area’s in-
terest rate movements, the latter show a decreasing trend throughout the sample period.

The monetary policy shock (¢") fluctuates around zero until the ZLB period, during
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which, by assumption, no shock occurs.!®

Figure 1.11: Kalman Smoothed Shocks
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Note: The figure plots a simulated Kalman-smoothed time series for the
shock processes: €f (technology), af (risk premium), ef (exogenous spend-
ing), 7 (price mark-up), e (wage mark-up), ef° (investment-technology),
€™ (monetary policy), e} (1Y Term Premium), and €29 (5Y Term Premium),
using 100 randomized posterior MCMC draws éj, and the equal-tailed 80%
posterior bands.

1.6 MODEL DyNAMICS AT THE ZLB

In LRE models, forward-looking agents incorporate their expectations of the ZLB duration
into their decision-making process. The qualitative and quantitative effects of structural
shocks will, therefore, depend on the estimated expected durations. It is widely acknowl-
edged that models with a fixed interest rate respond differently to structural shocks, and
their effects may seem paradoxical and counterintuitive in comparison to standard New-
Keynesian theory (e.g., Werning, 2011, Cochrane, 2017, Diba and Loisel, 2021). This

section offers an analysis of the model dynamics for the euro area at ZLB.

15 As identified by KMR (2017), the risk premium shock appears to be interconnected with potentially
expansionary responses of long expected durations. Including a ZLB period in the SW-03, SW-07 model
results in a higher persistence of the risk premium shock (Lindé et al., 2016, Kulish et al., 2017). Tight-
ening the prior around the persistence parameter of the shock, and hence forcing the shock to fluctuate
around zero, has significant effects on the other structural shocks during the ZLB period.
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1.6.1 THE GENERALIZED IMPULSE RESPONSE FUNCTION ALGORITHM

Due to the non-linearities at the ZLB, a standard Impulse Response Function (IRF) as
it is commonly used to analyze the dynamics in linear models, is not applicable here. A
linear impulse response function is defined as the difference between two realizations of
a state vector vy, that are identical until one realization is assumed to be exposed to a

shock €4 = 0 in period ¢:

IRF(n,6,wi—1) = Eytsn | et = 6,wi—1] — ElYt4n | €1 = 0,0 1]

Intuitively, a standard IRF extracts the effects of a single shock of size ¢ at time ¢ assum-
ing no further future uncertainty, since €;4; =0 for j =1,2,...T. In non-linear models,
the future shocks are not necessarily zero, which implies that the constructed stochastic
process is stationary but the standard IRFs will not converge to zero (Koop et al., 1996).
Furthermore, considering a non-linear multivariate model, similar to the linear multivari-
ate case, an IRF will depend on the composition of shocks. To investigate these responses
and account for nonlinearities at the ZLB, the dynamics of the model are based on a
Generalized Impulse Response Function (GIRF) algorithm similar to the one proposed by
Koop et al. (1996). Future shocks are conditioned on only the history and/or shock, and
therefore, are averaged out. The subsequent GIRF is an average of what happens given
an information set from the present and past based on the conditional expectation on the

history wy_1:
GIRF(N,9,wi-1) = Eljes v | (] = &)y), diz,wp-1] = Bl | 9, diz,we1]

To capture dynamics at the ZLB, the GIRF must cover two regimes, the non-linear ZLB
regime and, beyond the estimated duration of the ZLB in any particular quarter, the linear
post-ZLB regime (compare figure 1.12). To illustrate the effects of expected durations on
the model dynamics, consider the following two scenarios: a duration of 13 quarters
and an imminent liftoff after one quarter where the steady state serves as history w;_1

before the respective shock hits the model. Until liftoff, the expected durations decline
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Figure 1.12: Timeline of Shock Response Dynamics at the ZLB
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continuously by one period at a time. The responses are then based on random draws
from the joint posterior distribution where the duration is estimated to be 13. The shocks
¥ are randomly drawn from the Cholesky-factorized variance-covariance matrix at the
respective draw of structural parameters. To model the effects of a particular shock, the
random draws of this shock are replaced by a one-standard-deviation shock based on of
the smoothed empirical innovation when the interest rate is fixed (6% = §z|T).

The GIRF for quarter 2019-Q3 with an estimated duration of do; is defined as'®
GIRF(N,0,w;1) = Eljiyn | V(] = 5?@), dot,wi—1] — Efrn | 9, do1,wi—1]

The steps of the algorithm to obtain the GIRFs are as follows:

1. Pick a history w;—1 that corresponds to the state of the model before the respective

shock hits. I use the smoothed state in the previous period o1 (2019-Q2).

2. Take draws from the joint posterior and keep only those draws for which the duration
is equal to the mean of the expected durations in 2019-Q3. Randomly choose one

draw of structural parameters.

3. For a given horizon (N = 30) and a given number of repetitions (R = 100), randomly
draw (N +1) x R shocks (¢) from the Cholesky-factorized variance-covariance ma-

trix at the respective draw of structural parameters.

4. Construct ¥/ = (e} = §g|T) by choosing one structural shock and replacing the
random draws for this shock by a one-standard-deviation shock based on of the

smoothed empirical innovation at the ZLB.

5. Compute the first realization E[g;, n | 97, d21,w;—1]:

16Quarter 2019-Q3 displays the 21st quarter of the ZLB period in the data sample.
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(a) For t =1: Construct the GIRF for the period in which the chosen shocks hit

the economy assuming all other shocks being randomized.

(b) For t =(2:d21): Iterate on the non-linear regime conditional on w;_; and 9

using the solution matrices during the ZLB: {Q,}%2, {G,}%2 and {C;}72,

(¢) Fort=(d2;+1:N): Iterate on the linear post-ZLB regime conditional on w;_1

and ¢ using the time-invariant solution matrices: @, G, and C.
6. Compute the second realization E[g.n | ¥, do1,wi—1]:

(a) For t = (1:dg1): Iterate on the non-linear regime conditional on w;_j using

the solution matrices during the ZLB: {Q;}%2, {G,}%, and {C;}{2!.

(b) Fort=(d2;+1:N): Iterate on the linear post-ZLB regime conditional on w;_;

using the time-invariant solution matrices @), GG, and C.

7. Repeat steps 4 and 5 (R = 100) times, each with a different set of randomized shocks

and build the averages:

R
UR,i+N (U, wi—1) Z Jion (97, do1,wi—1)

| R
YR+ N (wi—1) RZ Loy (dar,wi1)

8. Take the difference between the two averages ij7t+N(19j, do1,wi—1) and §g ¢+ v (da1, wi—1).

9. Repeat steps 2 to 8 (B = 100) times to allow an accurate estimation of the GIRF

random vector.
1.6.2 STRUCTURAL SHOCKS WITH FIXED INTEREST RATE PERIODS

Figure 1.13 shows the GIRFs for a positive shock to productivity. The resulting dynamics
closely resemble those predicted by standard New-Keynesian theory. The shock directly
increases output and reduces the marginal costs of production. Higher levels of income
stimulate consumption and investment in the economy. Households adjust their labor-

leisure optimization, which decreases hours worked. Additionally, lower marginal costs
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result in lower inflation. As production becomes more efficient, the rental rate of capital
and capacity utilization decrease. At the ZLB, when the central bank is unable to stabi-
lize inflation through expansionary monetary policy, the effects on the real economy are
less pronounced. The missing monetary transmission channel is particularly notable for

investment and consumption.

Figure 1.13: Generalized Impulse Responses for the Technology Shock

Policy Rate A Output A C

Note: GIRF for a positive technology shock. Blue line: Duration=13 (2019-Q3),
Red line: Duration=1
Figure 1.14 plots the GIRFs for a positive exogenous spending shock, such as a gov-
ernment spending shock. Crowding-out effects and overshooting are only visible in the
imminent liftoff scenario. This paradox is commonly known as the fiscal multiplier puzzle.
According to Christiano et al. (2011), the government-spending multiplier is not only
higher at the ZLB, but it also increases with the expected length of the ZLB. In addition,
Cochrane (2017) shows that spending multipliers increase exponentially with increasing
expected durations. Although the effect on output is similar in both scenarios, this effect
is particularly visible for investment. When the policy rate is assumed to be fixed for
an extended period, the boost in output combined with falling wages increases hours
worked. Contrary to the conventional crowding-out mechanism, investment increases in
the absence of interest rate responses. Upon lifting the interest rate peg, the policy rate

increases marginally, accelerating the return to steady state. The lack of conventional
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monetary policy options leaves fiscal policy options as an important policy tool.

Figure 1.14: Generalized Impulse Responses for the Exogenous Spending Shock
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Note: GIRF for a positive exogenous spending shock. Blue line: Duration = 13
quarters, red line: Duration = 1 quarter

Figure 1.15 plots the GIRFs for a supply shock in the form of a wage mark-up shock.
In a standard NK-setting, a positive wage mark-up shocks exhibit contractionary effects
on the economy. The initial shock increases the real wage and, in turn, raises the real
marginal cost and inflation. Higher wages increase the return on capital and capital
utilization. When the liftoff is modeled immediately, the central bank responds to rising
inflation by increasing the policy rate, which contracts the economy. The real variables
(output, investment, and consumption) and hours worked decline. During an interest
rate peg, this effect is reversed, resulting in the wage mark-up shock having expansionary
effects. If the interest rate is fixed, the central bank is not responding to inflation by
raising interest rates, and the shock turns expansionary.

This paradox, also known as the Paradoz of Toil (Eggertsson, 2010), has a key policy
implication that is that lowering firms’ marginal costs, for example, by reducing wage
mark-ups or the minimum wage, is not stimulatory to the model economy when the

nominal interest rate is fixed.
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Figure 1.15: Generalized Impulse Responses for the Wage Mark-up Shock
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Note: GIRF for a positive wage mark-up shock. Blue line: Duration=13 (2019-Q3),
red line: Duration=1

For a positive shock to investment technology, effects on inflation, wages, and marginal
costs are small.!” Surprisingly, the negative effects on consumption are marginally smaller
when the liftoff is expected in one quarter.

However, the overall effects are qualitatively and quantitatively similar in both cases.
Both scenarios result in rising inflation on impact, while output, consumption, and in-
vestment decline. As a response, hours worked and the real wage are decreasing, which
triggers a drop in the real marginal costs and subsequently a fall in inflation back to
steady state. A price mark-up shock has similar qualitative effects for both scenarios.
When expected durations are assumed to be long, the effects of the price mark-up shock
are amplified because the central bank is not counteracting rising inflation levels.

Turning to the risk premium shock. As found in KMR (2017) and Jones (2017), this
shock interacts with the expected durations in the model. Its strong persistence partially
counteracts the potentially significant expansionary effects of long expected durations. As
the fixed-interest constraint persists, the response to the shock becomes more pronounced,
further highlighting the non-linearities in the model dynamics at the ZLB. The quantita-

tive effects of the shock on the model are considerably affected by the prior assigned to its

1TThe GIRFs for the shock to investment technology, the price mark-up shock , and the risk premium
shock are given in the appendix for Chapter I.
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persistence p?, and a lower persistence has substantial effects on the remaining structural

shocks.

1.7 THE ROLE OF FORWARD GUIDANCE

Since conventional tools at the ZLB have been limited in recent years, central banks have
shifted to unconventional monetary policies, including forward guidance. Central banks
can use forward guidance to influence expectations about the duration of the ZLB by
making credible announcements about the expected future path of the policy rate. De-
pending on the nature of the expected durations at the ZLB, the implications can be
ambiguous. According to Jones (2017), structural shocks affect expected durations in
contractionary ways, whereas intentional announcements of forward guidance can have
expansionary effects. The ZLB is expected to bind for longer in the first case because the
economy deteriorates; this has the same sample implication as traditional contractionary
monetary policy shocks. When the central bank extends the duration of the ZLB inten-
tionally and, thereby, stimulates the economy further, this constitutes an expansionary
policy shock. Currently, the estimated durations (see table 1.2) for each quarter of the
fixed interest rate regime do not reveal their nature. It is not yet known whether the
expected length of the ZLB is a result of the underlying policy rule or a deliberate policy
decision. In a recent paper, Jones et al. (2022b) build on KMR (2017) and Jones (2017)
and propose a method to identify forward guidance shocks during the ZLB and thereby
uncover the nature of the expected duration. With their approach, I decompose the ex-
pected duration estimates and demonstrate the importance of forward guidance in the

euro area.
1.7.1 DECOMPOSITION OF EXPECTED DURATIONS

Following Jones et al. (2022b), the estimated durations d corresponds to the actual ex-
pected duration. It can, however, differ from the duration implied by the underlying

policy rule. In the absence of further shocks, the expected duration {d;}7_;, is assumed
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to fall by one quarter in each period ¢:
Et[dt+1] = dt —1 for dt >0 (130)

It is possible for the actual expected duration d; to differ from the expected duration
implied by the ZLB constraint and the structural shocks. A central bank can deliberately
extend or reduce the expected duration of the ZLB through an intentional communication
strategy. In the model, this type of unconventional monetary policy and the resulting
deviations correspond to forward guidance. In order to determine the duration implied
by forward guidance, I first follow the method of Jones et al. (2022b) and find the duration
that corresponds to the underlying policy rule in each period ¢. This will be referred to
as lower bound durations and denoted by déb. With the occasionally binding constraint
algorithm of Jones (2017) I identify the lower bound duration in each quarter ¢ using
the estimated smoothed state y;—1, the smoothed structural shocks ¢, and a given fixed
interest rate regime.'® In the absence of further shocks, the lower bound duration is

expected to decrease by one quarter every period ¢:
Edl ) =dl—1 for d? >0 (1.31)

It is possible, however, to extend the expected durations of the ZLB beyond the constraint
and structural shocks by using unconventional monetary policy in the form of forward
guidance.' The share of the expected durations that cannot be explained by the lower

bound duration is referred to as the forward guidance duration:

a9 =d,—d¥ (1.32)

18 A detailed description of the algorithm is provided in the technical appendix.

19Tn addition to providing insight into calendar-based forward guidance policies, the duration measure
also offers insights into state-contingent forward guidance policies. When the central bank adopts a
state-contingent forward guidance strategy based on macroeconomic indicators, the model implies a
rational expectation path for each of these indicators. Whenever these expectations differ from those
of the occasionally binding constraint, state-contingent forward guidance is equivalent to calendar-based
guidance in the model.
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In this way, forward guidance shocks capture unexpected changes in the forward guidance
duration, Ad{ 9. beyond the anticipated one quarter decrease in each period. Conse-
quently, a forward guidance shock in period t is defined as:

dfs —dfs if di¥ > 1

t—1»
el =

alf—df? +1, ifd =0

1.7.2 IDENTIFYING FORWARD GUIDANCE

Figure 1.16 shows the (rounded) mean expected duration estimates of the ZLB as lower
bound durations and forward guidance durations for the euro area based on the posterior
estimates of the structural parameters and expected durations.?”

Figure 1.16: Decomposition of Expected Duration Estimates
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Note: The upper graph shows the decomposition of expected durations into lower
bound duration and forward guidance duration. The lower graph shows the respective
forward guidance shock over the sample period.

Approximately half of the total estimated duration, between 4 and 6 quarters, is ac-

counted for by the lower bound duration within the first half of the ZLB period. Con-

20Note that, the fixed interest rate at the ZLB, r; = r, changes from 0.05% to 0% in 2016 and hence
the steady state value of the interest rate —r as well.
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sequently, forward guidance is assumed to account for the other half of the expected
durations. Beginning in early 2017, forward guidance takes over and the lower bound
durations disappear. Apart from two periods in 2018 and the peak of expected durations
towards the end of the sample in 2019, the policy constraint itself is not binding in the
second half of the ZLB period. This is supported by the forward guidance shock, depicted
in the second graph in figure 1.16. When forward guidance assumes greater importance
in the second half of the ZLB period, the forward guidance shock is largely positive. The
increase in forward guidance durations, particularly from 2019 onwards, coincides with

the ECB’s shift to an enhanced forward guidance strategy in June 2018.%

1.7.3 FORWARD GUIDANCE DYNAMICS

A change in the expected duration can have ambiguous effects on the real economy depend-
ing on its nature. Falling expected durations due to structural shocks can be expansionary,
whereas shorter expected durations due to deliberate policy can be contractionary. In the
non-linear model, the following GIRF illustrates the effects of the central bank deliberately

reducing expected durations:

GIRF(N,9,wi—1) = Elyss v | 0,d,wi—1] — Elysy v | 9,d"0,wy 1] (1.33)

where d is the posterior mean estimate of the expected duration in a particular quarter.
The computation follows that in section 1.6, except for a change to the expected duration.
Suppose the central bank announces its liftoff after 6 quarters instead of 10 quarters as
expected. Hence, consider a four-quarter reduction in the expected duration. This shock is
similar to the Taper Tantrum exercise in KMR (2017). Since agents expect the policy rate
to lift off sooner than they previously anticipated, their expectations about the direction
of the policy rate change, and their optimization strategies change accordingly.
Similarly, if the central bank announces to keep the policy rate low for a longer period,

the expected path of future interest rates will also be lower. The announcement will have

21The ECB’s Governing Council adopted a more calendar-based approach by stating that key interest
rates will not be increased for at least another year. In previous announcements, it was simply announced
that interest rates were staying at their levels for an extended period of time.
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Figure 1.17: Forward Guidance Dynamics
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tailed 80% posterior interval. 1.17.2 Increase in d° by 1-4 quarters.

an expansionary effect on the economy, which effects increase the longer the extension
is expected. The right panel of figure 1.17 plots the GIRFs for deliberate increases in
expected duration by one quarter, two quarters, three quarters, and one year.

As agents expect the lift-off to occur later than expected. As a result, real variables
expand on impact, and not when interest rates are raised. If the ZLB duration increases
by one quarter, output and consumption increase by roughly 8% and 5%, and investment
increases by 18%. An expected four-quarter duration shock, increases output by 27%,
consumption by 16%, and investment by nearly 70%. With longer forward guidance exten-
sions, these effects become more pronounced and are non-linear. For instance, increasing
the expected duration by two quarters might not necessarily exhibit the same qualitative
or quantitative effects as increasing expected duration by four quarters (Del Negro et al.,
2012, Campbell et al., 2017). The overprediction of the expansionary effects of forward
guidance announcements is a well-known phenomenon called the forward guidance puzzle.

Rational agents will base their optimal choices on their expectations about future policy.
Thus, the path of endogenous variables, which is determined by backward induction,
depends on these beliefs (e.g., Gibbs and McClung, 2023). The fixed interest rate period
and expectations of active policy after liftoff create a feedback loop to inflation that leads

to the large expansionary effects of real variables. The longer the interest rate is pegged,
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the stronger these effects become.

1.8 CONCLUSION

This chapter estimates a DSGE model for the euro area at the zero lower bound (ZLB).
Monetary policy switches between a conventional policy regime in the form of a Taylor-
type rule and an unconventional policy regime at the ZLB along with forward guidance.
By expanding the information set of the model with survey expectations about the ex-
pected durations at the ZLB, following Kulish, Morley, and Robinson (2017), the struc-
tural parameters and a sequence of expected durations can be jointly estimated. Despite
including a policy change for a significant part of the sample period in the well-known
model of Smets and Wouters (2007), estimates for the structural parameters are consis-
tent with previous literature. The estimates for the sequence of expected durations at
the ZLB are robust against varying priors and financial market expectations in the form
of forward curve durations. In addition, putting more weight on the survey measure im-
proves estimation accuracy, reinforcing its significance. Compared to the US results by
Kulish et al. (2017), the estimated durations are consistently longer and increase toward
the end of the sample period. As a main contribution, this chapter provides a robust
estimate of the expected durations at the ZLB in the euro area that can conveniently be
incorporated in a wide range of model settings.

It appears that the ZLB’s non-linear dynamics are largely determined by its expected
length and nature. Furthermore, it is increasingly unconventional policy rather than the
structural shocks that determine the duration of the ZLB in the euro area. Forward guid-
ance, thus, extends the duration beyond the underlying policy rule, implying expansionary
effects due to increases in expected duration caused by forward guidance announcements.
The non-linearities at the ZLB substantially influence the model behavior and emphasize
the role of forward guidance. At the ZLB, non-linear dynamics highlight the importance

of estimating models with a reasonable measure of expected durations.
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1.9 CHAPTER I APPENDIX

1.9.1 ADDITIONAL INFORMATION ON THE DATA

Figure 1.18: Investment Outliers

The figure shows the interpolated investment data
from 2004:QQ3-2019:Q4. Source: Eurostat
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1.9.2 FURTHER RESULTS

Table 1.3: Summary of Expected Durations Estimates at Varying Weights

Prior mean Posterior mean
Quarter | w=0 w=05 w=1|w=0((std) | w=0.5 (std) | w=1 (std)
2014 Q3 9 9.89 10.77 | 10.20 4.63 | 10.46 4.58 | 11.27 4.10
2014 Q4 9 9.89 10.77 | 10.18 4.92 | 10.58 4.56 | 11.57 3.98
2015 Q1 9 9.17 934 | 834 486 | 848 4.36 | 9.01 4.11
2015 Q2 9 9.46 991 | 945 490 | 9.62 4.04 | 10.06 3.04
2015 Q3 9 9.06 9.13 | 9.67 470 | 9.25 394 | 9.36 2.89
2015 Q4 9 9.45 9.89 | 897 480 | 9.23 4.22 | 9.88 3.53
2016 Q1 9 9.34 9.69 | 10.55 4.94 | 1041 4.12 | 10.77 3.23
2016 Q2 9 9.21 9.42 | 9.19 492 | 9.28 4.55 | 9.95 4.05
2016 Q3 9 9.57 10.13 | 10.49 4.59 | 1047 4.35 | 11.09 3.86
2016 Q4 9 9.75 10.50 | 10.51 4.75 | 10.98 4.23 | 11.78 3.78
2017 Q1 9 10.81 12.62 | 8.12 4.60 | 9.27 4.79 | 11.31 4.36
2017 Q2 9 8.71 8.41 | 846 4.67| 840 4.00 | 850 3.27
2017 Q3 9 8.33 7.66 | 896 4.51 | 835 355 | 7.93 231
2017 Q4 9 8.00 7.00 | 814 4.65| 7.28 344 | 6.80 224
2018 Q1 9 7.69 6.38 | 836 4.60| 7.00 3.34 | 6.31 1.76
2018 Q2 9 7.44 5.88 | 881 4.64| 6.87 3.52 | 571 1.77
2018 Q3 9 7.47 593 | 837 448 | 6.71 3.30 | 5.79 145
2018 Q4 9 7.23 547 | 891 439 | 6.80 3.79 | 5.13 1.87
2019 Q1 9 7.23 5.46 | 12.2 4.10 | 10.08 4.65 | 7.20 3.86
2019 Q2 9 8.38 7.75 | 11.18 4.48 | 9.52 434 | 811 347
2019 Q3 9 10.03  11.06 | 13.35 3.30 | 12.99 3.32 | 13.06 3.08
2019 Q4 9 10.73 12.45 | 9.85 4.67 | 10.85 4.29 | 12.34 3.08

Note: The table summarizes the mean posterior estimates and standard deviations for the expected
durations at different prior weights: w = 0 (uniform distribution), w = 0.5 (equally split), w =1
(solely survey based).
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Figure 1.19:

Prior and Posterior Distributions of Expected Durations

o 2014-Q3 o 2014-Q4 2015-Q1 2015-Q2
- - 0.1
0.05
0.05 0.05 0.05
0 0 0 0
5 10 15 5 10 15 5 10 15 5 10 15
2015-Q3 o 2015-Q4 2016-Q1 o 2016-Q2
0.1 . o
0.05 0.05 0.05 0.05
0 0 0 0
5 10 15 5 10 15 5 10 15 5 10 15
2016-Q3 2016-Q4 2017-Q1 2017-Q2
0.1 0.1 0.1 0.1
0.05 0.05 0.05 0.05
0 0 0 0
5 10 15 5 10 15 5 10 15 5 10 15
2017-Q3 2017-Q4 2018-Q1 2018-Q2
0.1 0.1 0.1 0.1
0.05 0.05
0 0 0 0
5 10 15 5 10 15 5 10 15 5 10 15
2018-Q3 2018-Q4 2019-Q1 2019-Q2
0.2 02 02 0.1
0.1 0.1 0.1 0.05
0 0 0 0
5 10 15 5 10 15 5 10 15 5 10 15
2019-Q3 o 2019-Q4
01 ) [ prior )
0.05 [ posterior
0.05
0 0
5 10 15 5 10 15

Note: The figure shows the marginal prior and posterior distributions of the expected durations
throughout the sample period.
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Table 1.4: Convergence Diagnostics Structural Parameters

Parameter R - Estimate
Shock Standard Deviations

Technology o 1.003
Risk premium ot 1.010
Fiscal load 1.003
Investment o5 1.008
Monetary o™ 1.003
Price mark-up oP 1.018
Wage mark-up o 1.008
1-year ot 1.004
D-year 020 1.003
Term premium o'l 1.034
Shock Persistences

Technology p* 1.026
Risk premium o’ 1.012
Fiscal Y 1.006
Fiscal technology pIe 1.006
Investment p?° 1.004
Monetary p- 1.009
Price mark-up o 1.002
Wage mark-up pv 1.006
Term premium p° 1.007
Structural Parameters

Investment Adj. Costs % 1.002
CRRA o 1.018
Habits A 1.001
Degree of Wage Stickiness Ew 1.004
Elasticity of Labor Supply o 1.018
Degree of Price Stickiness $p 1.003
Indexation Wages Lw 1.006
Indexation Prices Lp 1.003
Capacity Utilization (0 1.005
Fixed Costs op 1.010
Monetary Policy: Inflation O 1.013
Monetary Policy: Smoothing PR 1.003
Monetary Policy: Output Oy 1.005
Monetary Policy: Output Gap — ¢a, 1.006
Constant Inflation T 1.001
Discount Factor p~t—1 1.001
Constant Labor ! 1.002
Trend Growth v 1.001
Capital Share Q 1.006
Term Premium Constant C4 1.004
Term Premium Constant 20 1.001

Note: Chains have 500,000 draws, half of which is disregarded as burn-in. Values of
R>1.2 indicate non-convergence.
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Table 1.5: Convergence Diagnostics Expected Durations

Quarter R - Estimate

2014 Q3 1.0004
2014 Q4 1.0005
2015 Q1 1.0002
2015 Q2 1.0000
2015 Q3 1.0006
2015 Q4 1.0001
2016 Q1 1.0000
2016 Q2 1.0003
2016 Q3 1.0000
2016 Q4 1.0002
2017 Q1 1.0002
2017 Q2 1.0002
2017 Q3 1.0007
2017 Q4 1.0003
2018 Q1 1.0000
2018 Q2 1.0002
2018 Q3 1.0001
2018 Q4 1.0001
2019 Q1 1.0005
2019 Q2 1.0006
2019 Q3 1.0003
2019 Q4 1.0005

Note: Chains have 500,000 draws, half of which is disregarded as burn-in. Values of
R>1.2 indicate non-convergence.
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1.9.3 GENERALIZED IMPULSE RESPONSES

Figure 1.20: Generalized Impulse Responses for the Investment-specific Technology Shock
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Figure 1.21: Generalized Impulse Responses for the Price Mark-up Shock
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Figure 1.22: Generalized Impulse Responses for the Risk Premium Shock
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Chapter 2

The Effectiveness of Forward Guidance under

Different Assumptions about the Nature of Liftoff

Abstract

The second chapter of this thesis investigates the impact of liftoff expectations on a
structural New-Keynesian model of the euro area at the zero lower bound (ZLB). In par-
ticular, I use a sunspot solution to quantify the degree to which the effectiveness of forward
guidance depends not only on the anticipated duration of the ZLB regime but also on ex-
pectations about the liftoff regime. 1 consider two possible monetary policy approaches to
the liftoff regime: an active response to inflation and a passive response. I find that if the
central bank is expected to be passive in responding to inflation following liftoff, forward
guidance has relatively weaker effects on the economy, including deflationary pressures. A
Bayesian model comparison also shows the sunspot solution to be marginally preferred by
the data. These findings have significant implications for the design of monetary policy in
a low interest rate environment and suggest that expectations regarding future monetary
policy behavior can substantially impact the effectiveness of currently implemented policy

measures.

o8



2.1 INTRODUCTION

The European Central Bank (ECB) has maintained interest rates at a historically low
level for an extended period of time. This type of fixed interest rate regime can constrain
the central bank’s ability to implement conventional monetary policy tools. As a result,
the ECB has turned to unconventional policy measures, such as forward guidance, to
influence market expectations and mitigate the impact of the zero lower bound (ZLB)
on monetary policy efficacy. This chapter evaluates the effectiveness of unconventional
monetary policy tools employed by the ECB during the extended period of low interest
rates. In addition to examining how these policy tools affect inflationary and deflationary
pressures within the economy, I will also quantify the effectiveness of forward guidance
based on expectations about the interest rate path after lifting off from the lower bound.

Forward guidance is a monetary policy tool that involves the central bank making
credible statements about the future path of the policy interest rate, which may differ
from the path suggested by the underlying policy rule. In economic modeling, expecta-
tion formation plays a significant role in understanding unconventional monetary policy
dynamics. In a rational expectation setting, agents base their decisions on all available
market information. This can make the transmission mechanism of unconventional mone-
tary policy, such as forward guidance, particularly powerful. The effectiveness of forward
guidance as an unconventional monetary policy tool has been demonstrated by theoretical
models in situations where the ZLB constraints the flexibility of interest rates (Krugman,
Dominquez, and Rogoff, 1998, Eggertsson and Woodford, 2003). Nevertheless, the empir-
ical evidence on forward guidance effectiveness remains ambiguous. Filardo and Hofmann
(2014) find mixed evidence about the systemic effectiveness of forward guidance, although
it can be used to reduce the volatility of near-term expectations. Del Negro, Giannoni,
and Patterson (2012) argue that the impact of forward guidance depends on the specific
type of guidance being implemented, and Campbell, Evans, Fisher, Justiniano, Calomiris,
and Woodford (2012) show that the central bank’s communication strategy and private
sector expectations determine whether forward guidance is effective.

This chapter focuses not only on forward guidance regarding the duration of the fixed in-
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terest rate regime, but also on communication regarding the implementation of the regime
following liftoff by the central bank. I demonstrate that in a forward-looking model with
price rigidities, the effectiveness of forward guidance depends on both the length of the
assumed pegged interest regime and expectations regarding monetary policy in the post-
liftoff period. These findings are consistent with observations in real-world environments.
While calendar-based forward guidance policies have been generally considered effective
in the US (Campbell, Evans, Fisher, Justiniano, Calomiris, and Woodford, 2012, Feroli,
Greenlaw, Hooper, Mishkin, and Sufi, 2017), open-ended forward guidance strategies have
been less successful in the euro area and Japan despite long-expected durations (Gertler,
2017, Ehrmann, Gaballo, Hoffmann, and Strasser, 2019).

To solve the model at the ZLB, I adopt the backward induction solution strategy with
the method of undetermined coefficients, as proposed by Kulish, Morley, and Robinson
(2017), hereafter KMR (2017). With this approach, forward guidance can be incorpo-
rated into the estimation process by treating the expected durations at the ZLB as free
parameters. These durations may exceed the durations indicated by the underlying policy
rule, allowing for the adoption of a lower for longer policy. To avoid determinacy issues
when the interest rate is pegged and does not adequately respond to changes in infla-
tion, the solution strategy proposed by KMR (2017) relies on an active Taylor-rule liftoff
regime. This regime is considered determinate if nominal interest rates react adequately
to changes in inflation to prevent future inflation from becoming expectational. Conse-
quently, a unique solution is determined by solving the model backwards through the
structural equations. This introduces an additional expectation channel into the model.

It may, however, not be altogether unreasonable to deviate from the assumption that
monetary policy follows an active Taylor rule upon liftoff. In their seminal work, Clarida,
Gali, and Gertler (2000) demonstrate that prior to the Volcker era, monetary policy in the
US was characterized by a passive approach towards inflation. Considering these historical
occurrences, agents in the euro area may also regard passive policy as a feasible policy
alternative after liftoff. Particularly because the long expected forward guidance durations
toward the end of the sample period may not indicate that agents expect an immediate

return to active policy. To accommodate a passive monetary policy liftoff regime, I deviate
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from the KMR (2017) solution strategy that relies on an active post-ZLB regime to deliver
a unique and stable solution. Following Gibbs and McClung (2023), I generalize the KMR,
(2017) approach and incorporate a convenient sunspot solution based on Bianchi and
Nicolo (2021), which allows for the possibility of an extended period of passive monetary
policy after liftoff. This alleviates the restrictive constraints on monetary policy modeling
that arise from the determinacy conditions, known as the Blanchard and Kahn conditions,
that most solution algorithms impose. The simple augmentation expands the possibilities
of regimes that can be considered at the ZLB, and importantly, does not interfere with
the remaining structural parameters or expected durations.

Using the sunspot augmentation allows for the assumption that the central bank is con-
veying its intention to either revert to an active monetary policy regime or adopt a passive
monetary policy upon liftoff. If the central bank announces its intention to implement
an active Taylor-type monetary policy regime upon liftoff, the model exhibits significant
expansionary forward guidance effects on the real economy. These effects become more
pronounced as the expected durations of the ZLB constraint increase, a phenomenon
referred to as the forward guidance puzzle (Del Negro, Giannoni, and Patterson, 2012).
Conversely, when a central bank announces its intention to implement passive monetary
policy upon liftoff, agents will form revised expectations based on the updated expected
path of the policy rate. If agents expect that monetary policy will be passive after the
end of the fixed interest rate regime, forward guidance is less effective, and the model
exhibits deflationary pressures.

This emphasizes the importance of the liftoff regime when modeling the effects of for-
ward guidance. When monetary policy is modeled to be active after the end of the fixed
interest rate regime, this leads to an inflation reversal, in which inflation reacts imme-
diately to forward guidance announcements (e.g., Gibbs and McClung, 2023). Under
standard New-Keynesian price rigidities, if there is a certain degree of price indexation to
lagged inflation, real variables such as output and inflation depend on previous periods
(Carlstrom, Fuerst, and Paustian, 2015). The backward induction method creates a feed-
back loop for inflation that is enhanced by the degree of price stickiness in the model. If

monetary policy is anticipated to be passive upon liftoff, the communication may have an
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effect similar to that of a forward guidance announcement. This may cause a reduction
in market expectations of interest rates. Under rational expectations, this may result
in a shift or flattening of the yield curve and a decrease in inflation expectations and
subsequently a decline in actual inflation.

Finally, coordinating on a sunspot solution in the liftoff regime generates effects similar
to introducing history dependence at the ZLB. History dependence has been demonstrated
to be an effective way of reducing counterintuitive dynamics in models with fixed interest
rate periods (e.g., Cochrane, 2017, Diba and Loisel, 2021, Gibbs and McClung, 2023,
Kiley, 2016, among others). This chapter shows that in the sunspot equilibrium, puzzles
such as the fiscal multiplier puzzle or the paradox of toil are alleviated in this model.

The remainder of the chapter is structured as follows. Section 2.2 discusses monetary
transmission and expectation channels at the ZLB. Section 2.3 presents the solution strat-
egy for the model. Section 2.4 discusses the estimation methodology. Section 2.5 presents
the results. Section 2.6 identifies the role of the liftoff regime in forward guidance effects.
Section 2.7 addresses well-known puzzles of New-Keynesian models at the ZLB. Section

2.8 compares the fit of the sunspot model to the benchmark model. Section 2.9 concludes.

2.2 EXPECTATION FORMATION AT THE ZLB

In normal times, when the central bank is conducting conventional monetary policy by
adjusting the nominal policy rate in response to changing external conditions, agents form
their expectations based on the resulting anticipated path of the policy rate. In the con-
text of a rational expectation equilibrium with full market information, this transmission
channel becomes an especially powerful mechanism. With traditional monetary policy
transmission mechanisms constrained, the expectation formation process at the ZLB is
changing. When interest rates are pegged at a certain level, central banks may need to
switch from traditional to unconventional monetary policy measures. Among them are
forward guidance and general communication by the central bank. In this chapter, I will
discuss how to channel expectations at the ZLB by communicating a lift-off monetary

policy regime. However, given the close connection between the expected durations, the

62



yield curve, and forward guidance, I will briefly discuss how they can function as uncon-

ventional transmission mechanisms for monetary policy when nominal interest rates are

pegged.

2.2.1 EXPECTED DURATIONS AND THE YIELD CURVE

The yield curve is a commonly used tool for transmitting monetary policy signals to
the markets. In normal times, the policy rate influences the level of the yield curve by
affecting short- and long-term yields. At the ZLB, the ability to shape the yield curve is
constrained when monetary policy is constrained. This results in an atypical transmission
of monetary policy through the yield curve.

Although the policy rate has not been adjusted during this time period, it is worth
noting that figure 2.1 reveals shifts in the yield curves in the euro area. Since the introduc-
tion of the Sbps lower bound, euro area yield curves have declined without corresponding
changes in the nominal policy rate. It appears that factors other than the policy rate are
influencing yield curve behavior.

Figure 2.1: Yield Curve Developments in the Euro Area over time
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bonds at changing composition. Source: Published by ECB, Eurostat

This may be due to unconventional policies, such as forward guidance announcements,
replacing conventional policies and causing a shift in the yield curve. According to Hanson

and Stein (2015) and de la Barrera et al. (2017), forward guidance can influence the
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yield curve through credible announcements about the policy rate’s future path if it is
delivered credibly. Additionally, forward guidance can lower short-term interest rates,
which prompts investors to shift to longer-term maturity investments without changing
the interest rate path, ultimately resulting in a reduction in term premiums. Conversely,
the yield curve may serve as a reliable indicator of forward guidance announcements and
can be used to infer the expected duration of these announcements. From an empirical
perspective, using yield curve data in estimation can provide more precise and robust
estimates of expected durations, which will be treated as a free parameter in estimation.

In the model, agents make decisions based on how long they expect the interest rate to
remain at zero. Central banks can influence these expected durations through unconven-
tional monetary policy at the ZLB. The length of time the constraint is expected to remain
in effect can be caused by either structural shocks or deliberate monetary policy actions.
It is imperative to distinguish between these two concepts when determining the current
stance of monetary policy. If interest rates are expected to remain low for an extended
period of time due to the overall state of the economy, the effects are contractionary.
Conversely, if the central bank increases expected durations through forward guidance
announcements, it results in expansionary monetary policy. Therefore, the nature of the
estimates of the expected duration of the fixed interest rate regime also reveals forward

guidance in the model.

2.2.2 FORWARD GUIDANCE

Forward guidance announcements refer to the central bank’s communication about the
expected future path of the policy rate. Early studies by Eggertsson and Woodford (2003)
and Krugman et al. (1998) describe forward guidance as an additional channel of stimu-
lating aggregate demand when the nominal policy rate is pegged. When a central bank
communicates credibly that nominal interest rates will remain near zero for an extended
period, the effects are similar to those of conventional expansionary monetary policy
shocks. A clear communication strategy allows central banks to implement monetary
policy more effectively by aligning with market expectations. A lower-for-longer policy

reduces long-term yields, shifting the yield curve downward, which stimulates the econ-
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omy and raises inflation. It is also possible, however, that a lower-for-longer policy may
indicate a more negative economic outlook, which the central bank has more information
about.

Campbell et al. (2012) formalize this distinction by distinguishing between Odyssean
and Delphic forward guidance announcements. Delphic forward guidance pertains to
monetary policy actions and forecasts of macroeconomic performance aimed at reducing
market uncertainty and improving macroeconomic performance. By contrast, Odyssean
forward guidance refers to policy commitments that alter agents’ expectations about the
future and bring the effects of a future policy action forward. Andrade et al. (2019)
distinguish between announcements about macroeconomic conditions as Delphic and an-
nouncements about monetary policy as Odyssean and find that both shocks can lead to
very different outcomes even though both lower the yield curve equally. In normal times,
announcements of output or inflation forecasts can be seen as Delphic. When the central
bank follows a specific Taylor-rule, forecasts about macroeconomic indicators will then
influence expectations about future monetary policy actions.

In my framework, forward guidance at the ZLB is Odyssean in nature, in that it refers to
announcements of the future path of the policy rate and not specifically to macroeconomic
outcomes. Such forward guidance has been shown to have a significant expansionary
effect in standard New-Keynesian models. However, some models tend to overestimate
the impact of forward guidance announcements, a phenomenon identified by Del Negro
et al. (2012) as the forward guidance puzzle. When the expected path of the policy rate is
assumed to be fixed, the forward guidance puzzle arises if the response to an announcement
about the future path of the policy rate over-predicts the large effects on inflation and
output.

A key reason for this puzzle is that the transition from the economy of the future
to the economy of today is not entirely smooth (Gibbs and McClung, 2023). When
relying on backward induction to solve a linear rational expectation (LRE) model at the
ZLB beliefs about monetary policy during and after the ZLB prevail and will be used to
iteratively solve the structural equations from the end of the model period (Eggertsson and

Woodford (2003) and Gibbs and McClung (2023)). It will take a large response in output
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and inflation to meet the desired path when the policy rate is pegged. Additionally, this
shows a strong connection between forward guidance effects at the ZLB and monetary

policy expectations after liftoff, which I will discuss in the next section.
2.2.3 Poricy EXPECTATIONS AFTER LIFTOFF

An effective way of channeling expectations at the ZLB is to communicate a clear liftoff
strategy. As discussed in the previous section, forward-looking models reflect agents’
expectations about the future path of nominal interest rates, which affects monetary policy
stance today. Therefore, when a central bank communicates a liftoff strategy, agents will
adjust their expectations and behavior accordingly. In this chapter, I distinguish between

two possible liftoff regimes: active and passive monetary policy.

AcTIVE MONETARY PoLICY Active policy refers to an adjustment of the nominal
interest rate by the central bank that exceeds the change in inflation it is responding to.
It is a requirement of monetary policy rules to satisfy the Taylor principle. Using the
Fisher equation, consider the relationship between nominal interest rate i;, real interest

rate ¢, and inflation rate 7y:

7t =it — Ep(mey1) (2.1)

In addition, consider monetary policy as a simplified Taylor rule, in which the central

bank only reacts to inflation changes:

it = Up + OnTt + Pyyt (2.2)

where i, is the steady state level of the nominal interest rate and ¢, and ¢, are the re-
sponse parameter to inflation and output respectively. When ¢, > 1, a change in inflation
triggers an even larger change in the nominal interest rate. It follows from the Fisher
Equation that the real interest rate is also increasing. A rising interest rate can discipline
inflation dynamics and pin them as a function of real interest rates.

Forward guidance policy has similar effects to conventional monetary policy when agents
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expect an active monetary policy regime after liftoff. An announcement that interest
rates will remain low for an extended period will also delay the start of the active regime.
This revised expectation of future policy will influence rational agents’ current decisions,
leading to an inflation reversal, with inflation rising in response to expansionary forward
guidance announcements. During a period when interest rates are fixed, the expected
delay of active policy after liftoff creates a feedback loop to inflation that intensifies the
inflationary pressures on the economy. These effects are more pronounced the longer the

ZLB is expected to remain in effect.

PAssivE MONETARY PoLricy Passive policy refers to an adjustment of the nominal
interest rate by the central bank by less than inflation. Forward-looking agents revise
their decision-making process based on this updated information set. The expectation of
passive monetary policy in the liftoff regime, which responds only slowly to changes in
inflation, lowers market expectations of future interest rate adjustments. This shifts the
yield curve downwards as in the active liftoff regime. However, a passive liftoff regime does
not imply a feedback loop for inflation since inflation is not reacting on impact to forward
guidance announcements. The inflation rate is not affected by these announcements as it
reacts only to predetermined variables in the model.

When passive monetary policy is implemented determinacy problems may arise. Al-
though the parameter space is intuitively and theoretically reasonable , the model may
not have a unique and stable solution when monetary policy is passive after liftoff. In his
proposed policy rule, Taylor (1993) argues that the inflation coefficient must be greater
than one to provide a stable and unique solution to the model, a requirement that will
become known as Taylor principle. If a central bank reacts strongly to inflation, the
nominal interest rate will rise faster than inflation, leading to higher real interest rates.
Conversely, when the central bank is less aggressive, the nominal interest rate increases
less than inflation, resulting in a decrease in the real interest rate. In this case, changes
in nominal interest rates cannot pin down inflation as a function of real interest rates.
A decreasing interest rate while inflation increases will result in a spiral that leads to

an exploding system with no unique solution. When inflation becomes expectational, the
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number of expectational variables does not match the number of explosive roots, violating
Blanchard and Kahn conditions. These uniqueness problems, known as indeterminacy,
occur if the number of unstable roots (eigenvalues > 1) is smaller than the number of non-
predetermined variables. In this case, the forecast errors are not uniquely determined by
the fundamental shocks in the model, but rather can be decomposed into a fundamental
shock and a sunspot shock component (e.g., Lubik and Schorfheide, 2004). I will describe
the implications and a solution strategy for the active and the passive case in the next

section.

2.3 SOLUTION STRATEGY

Traditional LRE solution strategies such as those by Sims (2002) or Binder and Pesaran
(1995, 1997) are based on time-invariant structures, which means that a system’s struc-
tural parameters remain constant over time. As a result, standard algorithms do not
necessarily account for future (unanticipated) changes to the model structure. Therefore,
I follow KMR (2017) and use the solution method by Cagliarini and Kulish (2013) and
Kulish and Pagan (2017) to solve the model at the ZLB. In contrast to recently devel-
oped occasionally binding constraint algorithms such as those by Guerrieri and Iacoviello
(2015) or Jones (2017), KMR (2017) is unique in that it chooses the sequence of durations
that best fits the data, allowing for expected durations that are longer than the policy
constraint. Due to this, the model is able to accommodate unconventional policies like
forward guidance.

The KMR (2017) solution strategy relies on a determinate liftoff regime to avoid inde-
terminacy issues when interest rates are fixed and not responding sufficiently to inflation.
For a liftoff regime to be determined, nominal interest rates must react enough to changes
in inflation to prevent inflation expectations from becoming expectational. Consequently,
monetary policy must be active after liftoff in order to obtain a unique and stable model
solution. Consequently, the solution method cannot accommodate liftoff regimes that
are passive or that do not conform to the Taylor Principle. Thus, following Gibbs and

McClung (2023), I generalize KMR (2017) to account for different liftoff regimes such as

68



passive monetary policy after liftoff and use a convenient sunspot solution derived from
Bianchi and Nicolo (2021).

LRE models have a unique and stable solution if and only if the number of explosive
roots equals the number of forward-looking variables. Indeterminate systems have fewer
explosive roots. By using the Bianchi and Nicold (2021) methodology, the missing ex-
plosive roots are augmented by additional autoregressive processes. In an active liftoff
regime, the explosive root of the newly introduced autoregressive process is within a unit
circle and is therefore not relevant to model dynamics. If monetary policy is passive
after liftoff and the model is indeterminate, the sunspot solution produces the missing

explosive root, and the solution is the same as in Lubik and Schorfheide (2003) under

indeterminacy.
Figure 2.2: Policy after Liftoff
Communication:

t=0 t=T E(ry) for t >T* t=T"*
+ i >

d®+1
Pre-ZLB ZLB for d° Post-ZLB

Liftoff

A visualization of the solution steps for the euro area DSGE model with a ZLB period can
be seen in figure 2.2. From 7' to T'— 1, monetary policy follows its standard Taylor-type
rule. At T', the central bank switches to a fixed interest rate regime that is expected to
last for d¢ periods. Because liftoff is not included in the sample period, it is considered an
expected future event that occurs in period 7™ or after d®+ 1 periods. The central bank,
however, communicates its liftoff strategy, that can either be active or passive, during the
fixed interest rate regime. In addition, the central bank can provide forward guidance to
influence the duration d®. Therefore, deliberate announcements about the future path of

the policy rate may delay or advance liftoff.
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2.3.1 TIME-INVARIANT SOLUTION

In order to solve the LRE model, I employ the iterative approach proposed in Binder
and Pesaran (1995, 1997) and applied in KMR (2017). This method provides a time-
invariant solution that is applicable to all determinate monetary policy regimes. The
rational expectation model is linearized around a non-stochastic steady state and can be

expressed as follows:!

Ay y = Co+ Aryi—1+ Bo Ewyr+1+ Do & (2.3)

nxn nxl nxl nxn nxn nxl Ix1

where y; is the vector of endogenous variables with k < n forward-looking variables. The
vector of the [ exogenous shocks in the model is denoted by &;. If all agents have rational
expectations under a certain regime, then the only solution is a VAR of the following

form:

yr =C+Qui—1+Gey (2.4)

where C, (), and G are the rational expectation solution matrices of conformable dimen-
sions. When expected future shocks are assumed to be zero, Fie¢+1 = 0, the expected

solution to the model in period ¢ will be:

Eryri1 = C+ Que (2.5)

Consequently, substituting equation 2.4 into equation 2.3 and rearranging terms delivers:

Aoy = C'+ Arys—1+ Bo[C'+ Qui + GEe41] + Dogy (2.6)
(Ao — BoQ)ys = C + A1yi—1 + BoC + Dyey (2.7)
Yyt = (Ao — BoQ) H(C'+ Aryi—1 + BoC + Doey) (2.8)

!The following derivation of the Binder and Pesaran (1995, 1997) algorithm contains supplementary
explanations and notations from Kulish and Pagan (2017), which support the understanding of the
mathematical representation.
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Rewriting (Ag— BoQ) ! as (I — Ay ' BoQ) ' Ay and defining;:

r=A4;'C A=AytA

B=A;'By D= A;'Dy

Consequently, the system transforms to:

yr = (I — Ay BoQ) P Ay (C + Ayys—1 + BoC + Doey) (2.9)

which can be further simplified to:

ye=(I=BQ) ! (I'+BC + Ays—1 — Dey) (2.10)

Due to equation 2.10 being equal to equation 2.4, the following conditions can be derived:

(I-BQ)'(T+BC)=C (2.11)
(I-BQ)'A=Q (2.12)
(I-BQ)'D=¢G (2.13)

Transforming equation 2.12 determines the solution for @):
A—Q+BQ*=0 (2.14)
which can be solved for (). Next, equation 2.11 can be transformed to:
C=[-(-BQ)'B] (I-BQ)"'T (2.15)
defining A = (I — BQ)™'T" and F = (I — BQ)~!'B, equation 2.11 can be expressed as:

C=(I-F)'A (2.16)
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Therefore, once the solution for @) is found, C' and G can be derived which completes the

solution to the model.

2.3.2 TIME-VARYING SOLUTION

By following KMR (2017), the solution to the model at the ZLB is obtained by a time-
varying VAR system that depends on the expected duration of the fixed interest rate
regime. In order to determine the solution during the ZLB period, consider the model

representation as follows:

Agyr = Cp + Alye—1 + By Eryey1 + Diey (2.17)

where A, A], By, Cf, and D are identical to the time-invariant case, except that the
policy rule is fixed to some value instead of following a Taylor-rule. The solution to this
model is the following time-varying VAR that depends on the expected length of the ZLB

regime:

Yt = Cr + Qryr—1 + Geey (2.18)

Assume that expected future shocks in period t+ 1 are zero, hence Eie;—1 = 0, implying

that:

Eiyir1 = Cry1 + Q1ye (2.19)

By substituting equation 2.19 into equation 2.17 and following the same solution steps
of the Binder and Pesaran (1995, 1997) algorithm as shown in the previous section, the

following conditions can be derived:

(I = B*Qe1) (T + B*Ciy1) = Gt (2:20)
(I—B*Qi1) A" = Q (2.21)
(I—B*Quy1) D" =Gy (2.22)
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Since ()¢ is now time-varying, its solution can be obtained via a backward recursion of

equation 2.21:

A" = Qi+ B Q1110 =0 (2.23)

Obtaining the solution requires the following steps. Starting from the solution to the final
structure Q441 = @, choose sequence {Qt}f:T such that equation 2.23 is satisfied. With
this sequence one can determine the sequence {G;}%_, and {C;}¢_, which completes the
solution of the model. Kulish and Pagan (2017) derive the necessary conditions for the
existence of a unique and stable final structure ) solution and include the existence and
uniqueness of the sequence {Qt}f:T. Consequently, to guarantee a unique and stable
solution, the Blanchard and Kahn (1980) conditions must be satisfied, and (I — B;Q¢+1)

must be of full rank. Equation 2.22 can then be written as:

At"’FtCt—i—l =} (224)

where Ay = (I — BQtH)_lF and Fy = (1 — BQ+1)"'B. Once Q; is found, C; can be solved

through a forward recursion of the form:

Cr=MN+F N1+ FiFiq Ao+ ... (2.25)

Therefore, at the ZLB the temporary solution of the model follows a time-varying VAR
model based on the expected duration of the fixed interest rate regime. Kulish and Pagan
(2017) and KMR (2017) show that the model has a unique solution when monetary policy
is expected to return to its standard Taylor-type rule, or any other rule that satisfies the
Taylor principle, in period T*. Hence, I assume that when the central bank announces an
active liftoff regime, the solution of the model will return to that presented in equation
2.4 which will hold in the indefinite future. However, when the central bank announces a
passive liftoff regime, the standard KMR (2017) solution strategy cannot deliver a unique
solution. In this case, I augment the system with a sunspot process that ensures its

uniqueness even if the third regime itself is indeterminate.

73



2.3.3 THE SUNSPOT SOLUTION UNDER INDETERMINACY

One of the first algorithms to compute all indeterminate equilibrium sets was developed by
Lubik and Schorfheide (2003). More recently, Farmer et al. (2015) or Bianchi and Nicolo
(2021) propose methods of solving LRE model solutions under indeterminacy through
sunspot solution techniques. A sunspot solution, proposed by Bianchi and Nicolo (2021)
and further used in the ZLB context by Gibbs and McClung (2023), ensures a unique
solution for an otherwise indeterminate model when allowing for an extended period of
unconventional or passive monetary policy. A sunspot can be used to provide the missing
explosive root to ensure a unique and stable solution.

Under indeterminacy, the term I — B(@ in equation 2.10 is not invertible and therefore,
the solution derived before is not feasible. A LRE model has a unique and stable solution
if and only if the number of unstable roots 7y, i.e., eigenvalues are larger than one, is equal
to the number of forward-looking variables denoted by k. When the number of unstable
roots is smaller than the number of forward-looking variables, n; < k, the model has
multiple solutions. The degree of indeterminacy is then defined by how many auxiliary
equations are needed to guarantee a stable solution m =k —nys. To obtain only one
solution, I augment the system using a sunspot solution based on Bianchi and Nicolo

(2021) and Gibbs and McClung (2023) that provides the necessary m roots:

9711 0 0 xl,t_Etxl,t Vit
1
02 0 T2t — Etxzt Vot
St = St—1+ - (2.26)
1
0 ... 0 om Tm,t — Eﬂbmi Umit

where s; is an autoregressive parameter that depends on parameter o < 1 and the degrees of
indeterminacy m. Sunspot shocks are denoted byv = (v1,v9,...,14,)" and have a standard

! contains the one-

deviation ¢¥. The vector x = (v — Etxy,x9 — Ftxy, ..., xm — Etry,)
period-ahead forecast error associated with the forward-looking variables that follow the

sunspot process. Equation 2.26 is then added to the system given by equation 2.3 which
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delivers a revised canonical representation of the form:

Adyi = C5 + Ajyi 1 + BiEwi 1 + Die (2.27)

The sunspot process is adding m additional auxiliary equations to the state vector, yi =
(yt, e, ¢, Brapyr), and m additional exogenous shocks v, such that €f = (e4,14). The
sunspot is modelled as a separate block to the original model equations which transforms

the solution matrices to:

]nfm Onfmxm Onfmxm Onfmxm COy
s Omxn—m Im Omxm Omxm o8 — OOCL‘
0= =
Omxn—m _Im Im 0m><m Omxl
Omxn—m Omxm Omxm [m Omxl
Aly Alym On—mxm On—mxm
A‘i _ Alxy A:c 0m><m Ome
Omxn—m Omxm Qi_l —Ip
Omxn-m Omxm Omxm [m
BOy BOya: On—me On—mxm DOy 0m><m
BS _ BOxy BOaz Omxm Omxm DS _ DO:U Omxm
Omxn—m Omxm Omxm Omxm 0m><l _Im
Omxnfm Im 0m><m Omxm Omxl Omxm

When the number of forward-looking variables equals the number of unstable roots, and
hence k& = 0, equation 2.27 is equal to the determinate system given in equation 2.3.
However, under indeterminacy when k& > 0, the solution is a VAR of the form:

yi = C*+ QY + G (2.28)
where C?, )%, and G* are the solution matrices of conformable dimension in the liftoff
regime. Solving this system can be carried out using the same steps as that for the

time-invariant solution that is discussed in section 2.3.1.

75



When expected future shocks are zero, Eief, 1 =0, and Eyy/ | = C° +Q°yf, substi-

tuting equation 2.28 into equation 2.27 and rearranging terms delivers:

vi = (A — BiQ*)"H(C* + Afy;_y + B{C® + Diey) (2.29)

The system can be rewritten such that:

yi = (I — B°Q®) "N + B5C* + A%y;_| — D*c}) (2.30)

Now, the term (I — B*Q)?) is invertible and, thus, delivers the solution to an indeterminate

liftoff regime which is given by the following three equations:

(I—-B*Q%) (I + B5C®) = C* (2.31)
(I-B*Q%) 1A =@° (2.32)
(I-B*Q*)'D* =G (2.33)

2.3.4 INFLATION SUNSPOT EQUILIBRIUM

In the case of passive monetary liftoff regimes, the degree of indeterminacy is one, m =1,
therefore it is necessary to add one additional auxiliary equation. Following Gibbs and
McClung (2023), I assume that inflation is the forward-looking variable associated with

this equilibrium. Therefore, the sunspot process can be described as follows:

SN

St = pSt—1+ (7Tt — Etflﬂ't) — U, ) (2.34)

where ¢ is a 1 x 1 matrix, providing a single missing root when monetary policy is modeled
actively with ¢, < 1. Further, the sunspot is incorporated into all indeterminate systems,
the fixed interest rate regime, and the passive policy regime after liftoff. Accordingly, the

model’s complete solution is as follows:
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C+Qyi—1+ Gey, fort <T

Yt = V{5 +{Q5 Y pye—1 +{G5Y ey, for T<t<T*

C°+ Q%1+ Gy, for T >T*

As the solution depends on parameter ¢, I choose parameter p such that it guarantees

a unique solution if and only if ¢, < 1. A straightforward way to ensure so, is to set

0= br.

Table 2.1: Sunspot Solution

Case  Parameter Choice  Unique Solution

Or > 1 = ¢%r <1 Sunspot inactive
¢or <1

= ¢>%r >1 Sunspot active

=R =

If the sunspot process is augmented to the system of equations, the solution depends
on the parameter o. When p > 1, the sunspot process is stationary and has no impact
as the LRE model solution does not depend on it. In this case, the law of motion for
the variables is identical to the solution in the determinate model with active monetary
policy. By setting o < 1, the sunspot process becomes explosive and thereby provides
the necessary unstable root to deliver a unique solution to the system. The Bianchi and
Nicold (2021) solution strategy provides the necessary explosive root under indeterminacy

and maps the sunspot shock to forecast errors.

2To verify the robustness of this equilibrium, a series of exercises were conducted utilizing different
hyperparameters. These exercises have provided support for the selection of this particular equilibrium
by producing nearly identical results and dynamics across all estimations.
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2.4 METHODS

2.4.1 MODEL

The model is based on SW-07 and their earlier version for the euro area in SW-03, but
incorporates adjustments to the monetary policy rule and yield curve as in KMR, (2017).
I incorporate yield curve information into the model economy to assist in identifying the
monetary policy stance and thus expected durations at the ZLB. Households optimize
over consumption and labor, which is differentiated by unions that hold some monopoly
power over wages. Intermediate goods producers operate under monopolistic competition,
whereas final goods producers operate in a perfectly competitive environment and pur-
chase intermediate goods, transform and re-sell them back to households. Sticky prices
in the goods and labor market are modeled & la Calvo (1983). A representation of the
complete model, sticky and flexible wage economy, and the shock processes can be found

in the technical appendix.

MODELLING LIFTOFF  As in KMR (2017), monetary policy operates in different regimes
over time. In the first regime, pre-ZLB, monetary policy follows a standard Taylor rule as
in SW-07. Once the monetary authority enters a ZLB regime in t =T, the nominal policy
rate is set equal to zero. At the ZLB, the central bank communicates a liftoff strategy
including a post-ZLB monetary policy regime from ¢t = d°+ 1. Assuming the central bank
announcements are credible, the expected duration of the ZLB in t =T is given by d°.
The nature of the post-ZLB regime can be active or passive depending on the central

bank’s communication strategy.

Figure 2.3: ZLB in the euro area

t=0 t=T t=T"*
f f f + >
2004 Q3 2014 Q3 2019 Q4 d°+1
Pre-ZLB Z1LB Post-ZLB

sample size
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(I) Active Monetary Policy

When the central bank is responding strong enough to changes in inflation to change
real interest rates, monetary policy is assumed to be active. Specifically, the central
bank will communicate to revert to its initial Taylor-type regime after T*. As shown in
Cagliarini and Kulish (2013), the expectation of a final regime that satisfy the Taylor
principle is sufficient to guarantee a stable and unique solution to a LRE model. The
active monetary policy case will serve as the baseline scenario. and as in KMR (2017),

the central bank reverts to its initial Taylor rule policy after liftoff:

TR, fort<T
Py = —r, for T <t<T*
TR, fort>T*

where the Taylor rule (T'R) is defined as the standard feedback rule in SW-07:
Pt = prft—1+ (1 - PR) (Gﬁwﬁt + oy (Gt — Qtf)) +day (Z?t —Gt—1— (@tf — @{4)) +ef"

The policy rate adjusts to changes in inflation, denoted by ¢, and changes in the output
gap, denoted by ¢,. When monetary policy is active, the central bank reacts sufficiently
to changes in inflation, such that the parameter ¢ is strictly larger than one. The output
gap is defined as the difference between model-implied output and potential output, which
is the output level that would be sustained in a flexible economy without wage or price
stickiness. Furthermore, the policy rate adjusts to changes in the output gap, denoted by
¢ay- Finally, the parameter pr determines the degree of interest rate smoothing and &;"
denotes a monetary policy shock that follows a first-order autoregressive process with an

iild-normal error term.

(ITI) Passive Monetary Policy
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The central bank declares that it will enter a passive monetary policy regime after liftoff
and will be less responsive to changes in inflation. This liftoff regime then holds in the

indefinite future:

TR, fort<T
Tt=93—r, forT<t<T*

PR, fort>T*

The Taylor rule (T'R) remains the standard feedback rule as defined in SW-07. Monetary
policy in the passive post-ZLB regime (PR) continues to follow the feedback rule outlined
in SW-07, albeit with updated parameter estimates including a response parameter for

inflation which is now strictly smaller than one, ¢5 < 1:
A S 4 1—p8 EPN sin _f s N _nf af m
Ft = prit—1+ PR )\ Oafe+ @50 —0i ) | + Oay | 0t — Ge—1 — (G — ;1) ) + &4

THE YIELD CURVE Similar to KMR (2017), I include yield curve information to form
expectations about the future path of the policy rate. The observed yield curve is then

given as follows:
Tit =Tt +r+ci+n ey for j=2,3,...m (2.35)

where 7+ represents the log deviation of the yield on a jt_period bond from steady state
and r is the steady state of the one period nominal interest rate. Since, ¢; is a maturity-
specific time-invariant component, r+c¢; can be interpreted as the steady state of a yield
with j periods to maturity. The time-varying component to the term premium includes

a persistent AR(1) shock n; for all observed maturities:

ne=p"Mmi—1+ent (2.36)
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2.4.2 FORWARD GUIDANCE

By estimating the expected durations at the ZLB as free parameters to potentially exceed
the underlying policy rule, the KMR (2017) solution strategy accommodates forward

guidance. Recall the time-varying solution matrices at the ZLB:
Yt = Cr + Quyr—1+ Grer (2.37)

The sequences {Cy}¢_7, {Q:}8_7, and {G;}¢_; are associated by the expected durations
of the ZLB in each quarter. In estimation, d is chosen as the sequence that best fits the
data which implies that durations can be longer than what is implied by the policy rule.
Estimated durations can be divided into two parts: (1) durations arising from structural
shocks and from the policy constraint (lower bound durations d®); and (2) durations that

result from deliberate policy decisions (forward guidance durations d{ 9):
d; =d%+df* (2.38)

Without further shocks or policy announcements, expected durations d; will decrease by
one quarter every quarter. Therefore, an exogenous change in the expected durations d;
that exceeds the usual decline of one quarter, stems from forward guidance durations d{ 9.

This feature implies that the model’s predicted duration estimates can either originate
from structural shocks and the underlying policy rule or from a deliberate announcement
of forward guidance. Thus, changes to the estimated expected duration at ZLB may
have ambiguous dynamics. Following Jones (2017), an increase in expected durations
due to structural shocks is contractionary, whereas an increase due to forward guidance
announcements is expansionary. Because of forward-looking models, agents’ expectations
regarding the future path of nominal interest rates affect the current stance of monetary
policy. Agents anticipate that interest rates will remain low for a longer period of time
and, therefore, update their beliefs regarding the direction of the policy rate in the future.
As such, in theory, forward guidance can serve as a stimulator to aggregate demand when

interest rates are assumed to be lower for longer (Del Negro et al., 2012, Campbell et al.,
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2017). On the other hand, deteriorating economic conditions can also result in a lower for
longer policy, which however, exhibits similar mechanisms to conventional contractionary
monetary policy shocks. Whenever a central bank extends its ZLB beyond its policy
rule to stimulate the economy, it creates an expansionary policy shock. In addition, the
expected path of the future interest rate not only depends on the expected length of the

ZLB but also on the monetary policy regime after liftoff.

2.4.3 DATA

The model is estimated with Bayesian estimation techniques using nine observables from
the euro area: log difference of real GDP, real consumption, real investment, and real
wages, log and demeaned hours worked, log differences of the GDP deflator as the measure
for inflation, the main refinancing operations (MRO) rate, and 1 and 5-year maturity bond
yields. The first seven observables are constructed as in Smets and Wouters (2007). The
additional two observables correspond to the yield curve augmentation in the model. The

measurement equation is given as follows:

AlogGDP, o Yt — Yt—1
AlogCh v Ct — Ct—1
Alogl; ~ 1 — -1
AlogW o Wy — W1
M =1 logH; |=| 1 |+ l;
Alogmy T Tt
MRO; r Tt
YA 7+t 7
y20 74 20 r20

where 4 denotes the quarterly growth rate to GDP, consumption, investment, and wages.
Moreover, 7 is the quarterly steady state inflation rate, r the steady state interest rate,
and [ the steady state hours worked. All real observables are presented in period-on-period
log growth rates. The data used for the Euro area covers the period from 2004 — Q3 to

2019 — Q4. A detailed description of the data used is provided in the Data Appendix.
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2.4.4 PRIORS AND POSTERIOR SAMPLER

The model equations are linearized around the steady state and cast into state-space form.
Asin KMR (2017), I jointly estimate the two sets of parameters: the structural parameters
(0) and the sequence of expected durations (d). Priors for structural parameters are set
according to SW-03, SW-07 and KMR (2017). Due to the inclusion of the Great Financial
Crisis and the European Sovereign Debt Crisis in the sample period under consideration,
I chose a looser prior for the standard deviations of the innovations. Five parameters
are fixed in the estimation procedure, as in SW-07. The depreciation rate is set at 10%
annually (6 = 0.025 quarterly). The exogenous spending-GDP ratio is fixed at 0.18. The
steady state labor market mark-up (\,) is set at 1.5, and the Kimball aggregators ¢,
(goods market) and ,, (labor market) are set at 10.

For the remaining parameters, the prior distribution is close to that set forth by SW-07
to facilitate comparisons with benchmark estimates. In accordance with KMR (2017),
some parameters have been truncated not to enter an indeterminate parameter space. To
ensure that the model solution falls within the determinate parameter space, I adjust the
lower bound for the labor elasticity parameter to 0.5 (KMR (2017): 0.15) along with the
common bounds for autoregressive parameters. The priors for the monetary policy rule
parameters pre- and post-ZLB are based on those for the standard Taylor rule in SW-03
and SW-07.3

Table 2.2: Additionally Estimated Parameters in the Sunspot Model

Parameters | Distribution % Description

5 Uniform [0,1] Monetary Policy Sunspot: Inflation
PR Beta 0.75 0.10 | Monetary Policy Sunspot: Smoothing
oy Normal 0.125  0.05 | Monetary Policy Sunspot: Output Gap
gzbzy Normal 0.125  0.05 | Monetary Policy Sunspot: Output Growth
ov Inv Gamma 0.42 0.29 | Standard deviation Sunspot

To estimate the model under indeterminacy, when monetary policy is passive, I intro-
duce five additional structural parameters. The proposed Taylor rule in the second regime
mimics the Taylor rule in the first regime, except for the inflation reaction parameter ¢;,

which is strictly smaller than one. The prior for ¢S < 1 follows a uniform distribution over

3 A summary of all prior and posterior distributions can be found in table 2.3 in section 2.5.
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the interval [0,1]. In contrast to Bianchi and Nicolo (2021), who use a uniform distribution
over the interval [0,2], the prior used here ensures that the model under indeterminacy,
maintains a passive monetary policy regime with an active sunspot process. The priors for
the remaining Taylor rule parameters are the same as in the determinate case (compare
table 2.2) and the sunspot standard deviation follows an inverse gamma distribution with
a mean of 0.42 and a standard deviation of 0.29.4

The prior beliefs about the structural parameters p(f) and about the expected durations
p(d) are updated conditional on the observed data points Z through the likelihood function

and result in the joint posterior density p(0,d | Z):

p(0,d[2) o L(Z],6,d) p(6) p(d)

where L£(Z|,0,d) is the marginal likelihood function of the determinate model. In the
sunspot model, the system is augmented by a separate sunspot block s;. The posterior

density p(0(6,s;),d | Z) in the sunspot model is then given by:

p(0(6.5).d| 2) o< L(Z],0(8,5:),d) p(B(8.50)) p(d)

As in KMR (2017), the sampler for the joint posterior of structural parameters and the
sequence of expected durations of the ZLB is based on the tailored randomized block

Metropolis—Hastings algorithm developed by Chib and Ramamurthy (2010).

2.5 RESULTS

In this section, I compare the estimation results for the benchmark and the sunspot model.
The benchmark model assumes active monetary policy after liftoff, and the sunspot model
assumes passive monetary policy. Table 2.3 presents the posterior estimates of the struc-
tural parameters of both models.?

The sunspot model’s structural parameter estimates are broadly in line with those of the

4The Taylor rule reaction parameters on output and the output gap are bound to be strictly positive
to avoid dual-modal chains.

5A comprehensive discussion of the estimation strategy and the results for the benchmark model can
be found in Chapter I of this thesis.
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Table 2.3: Posterior

Estimates of the Benchmark Model and the Sunspot Model

Parameters

Prior

Posterior

Distribution Mean Std. dev.

Determinate Model
Mode Mean Std. dev.

Sunspot Model
Mode Mean Std. dev.

Shock Standard Deviations
Technology

Risk premium

Fiscal

Investment

Monetary

Price mark-up

Wage mark-up

1-year

5-year

Term premium

Sunspot

Shock Persistences
Technology

Risk premium

Fiscal

Fiscal technology

Investment

Monetary

Price mark-up

‘Wage mark-up

Term premium

Structural Parameters
Investment Adj. Costs

CRRA

Habits

Degree of Wage Stickiness
Elasticity of Labor Supply
Degree of Price Stickiness
Indexation Wages

Indexation Prices

Capacity Utilization

Fixed Costs

Monetary Policy: Inflation
Monetary Policy: Smoothing
Monetary Policy: Output
Monetary Policy: Output Gap
Constant Inflation

Discount Factor

Constant Labor

Trend Growth

Capital Share

Term Premium Constant

Term Premium Constant
Monetary Policy Sunspot: Inflation
Monetary Policy Sunspot: Smoothing
Monetary Policy Sunspot: Output Gap
Monetary Policy Sunspot: Output Growth

=}

PR
2

PAy

1G 0.42 0.29
IG 0.20 3.00
1G 0.42 0.29
1G 0.42 0.29
1G 0.20 3.00
1G 0.20 3.00
IG 0.42 0.29
U 1.00 0.58
U 1.00 0.58
U 2.50 1.44
1G 0.42 0.29
B 0.50 0.20
B 0.50 0.20
B 0.50 0.20
N 0.50 0.20
B 0.50 0.20
B 0.50 0.20
B 0.50 0.20
B 0.50 0.20
B 0.71 0.16
N 4.00 1.50
N 1.50 0.375
B 0.70 0.10
B 0.50 0.10
N 2.00 0.75
B 0.50 0.10
B 0.50 0.15
B 0.50 0.15
B 0.50 0.15
N 1.25 0.125
N 1.50 0.25
B 0.75 0.10
N 0.125 0.05
N 0.125 0.05
G 0.63 0.10
G 0.25 0.10
N 0.00 2.00
N 0.40 0.10
N 0.30 0.05
N 1.20 0.25
N 2.35 0.25
U 0 1

B 0.75 0.10
N 0.125 0.05
N 0.125 0.05

0.66 0.66 0.05
0.15 0.16 0.01
0.50 0.51 0.03
0.61 0.60 0.06
0.30 0.30 0.01
0.34 0.35 0.02
0.30 0.31 0.01
0.34 0.39 0.1
1.09 1.14 0.46
0.55 0.61 0.16
0.92 0.87 0.05
0.97 0.96 0.01
0.89 0.9 0.04
0.51 0.5 0.08
0.38 0.39 0.13
0.24 0.22 0.08
0.18 0.27 0.15
0.10 0.13 0.07
0.97 0.95 0.03
5.96 6.12 1.24
0.94 0.93 0.09
0.74 0.74 0.05
0.93 0.93 0.02
1.46 1.51 0.52
0.80 0.77 0.06
0.39 0.39 0.13
0.27 0.35 0.15
0.59 0.62 0.12
1.62 1.63 0.09
1.52 1.49 0.22
0.87 0.86 0.03
0.05 0.06 0.02
0.02 0.02 0.02
0.51 0.51 0.06
0.22 0.2 0.07
3.71 3.85 0.96
0.24 0.25 0.03
0.26 0.26 0.02
1.38 1.41 0.23

2.10 2.09 0.21

0.65 0.67 0.04
0.17 0.18 0.01
0.50 0.51 0.02
0.58 0.59 0.06
0.29 0.30 0.01
0.33 0.34 0.02
0.31 0.31 0.01
0.22 0.35 0.34
0.77 0.91 0.16
0.66 0.65 0.09
0.37 0.38 0.03
0.94 0.86 0.07
0.95 0.95 0.01
0.91 0.89 0.05
0.49 0.50 0.07
0.40 0.41 0.13
0.23 0.25 0.09
0.60 0.52 0.17
0.10 0.15 0.08
0.97 0.95 0.03
6.27 6.31 1.17
0.89 0.93 0.08
0.77 0.75 0.04
0.92 0.92 0.02
1.58 1.75 0.51
0.65 0.65 0.08
0.35 0.35 0.12
0.14 0.15 0.06
0.55 0.60 0.12
1.61 1.59 0.09
1.29 1.38 0.20
0.85 0.84 0.03
0.05 0.05 0.02
0.05 0.04 0.02
0.55 0.56 0.06
0.14 0.18 0.07
3.78 3.67 0.86
0.22 0.22 0.03
0.25 0.26 0.02
1.52 1.49 0.20
2.03 2.02 0.22
0.76 0.56 0.25
0.74 0.74 0.10
0.21 0.21 0.04
0.12 0.10 0.05

Chains have 500,000 draws, half of which is disregarded as burn-in. Moments are multiplied by 1072.
N= Normal Distribution; IG= Inverse Gamma Distribution; U=Uniform Distribution;
B= Beta Distribution; G=Gamma Distribution
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benchmark model. Standard deviations for yield curve shocks are estimated to be lower
than those in the benchmark model. Furthermore, differences can be observed for the
price Phillips curve. The sunspot model exhibits a greater degree of price mark-up shock
persistence than the benchmark model. During the extended period of passive monetary
policy, the central bank only reacts sluggishly to inflation shocks, which in turn become
more persistent. Furthermore, the price Phillips curve is estimated to be steeper in the
sunspot model, with prices becoming more flexible (£, = 0.65) than in the determinate
model (£, =0.77). Passive monetary policy allows for larger inflation variability, which
translates into a decrease in price stickiness. Finally, price indexation in the sunspot
model (¢, = 0.15) is lower than in the benchmark model (¢, = 0.35).

Turning to the response functions of monetary policy. In the sunspot model, the post-
ZLB monetary policy reacts passively to changes in inflation by construction. The mean
of the post-liftoff inflation reaction parameter (¢2) in the sunspot model is estimated to
be 0.56 well below unity. The reduction in inflation response is compensated by reaction
parameters for output growth (¢% ) and the output gap (¢;). Moreover, the policy inertia
in the passive liftoff regime is estimated to be smaller (p% = 0.74) than in the benchmark
model.

The expected duration estimates indicate that even though passive monetary policy is
extended, the estimated expected durations of the ZLB period remain stable compared
to the benchmark model. The upper plots in Figure 2.4 show the mean posterior esti-
mates of the expected durations for the active and passive policy regimes, along with the
corresponding 80% credible intervals and the prior mean, which is derived from a combi-
nation of survey measures and a uniform distribution. Generally, the credible intervals for
passive liftoff regimes are narrower than those for active liftoff regimes, with a posterior
mean that is closer to the prior and less volatile.

In the bottom plot the estimates from the determinate model are compared to those
from the sunspot model and shows that agents’ expectations regarding monetary policy do
not significantly impact inferences about the expected duration of the policy regime. This
suggests that even if the central bank engages in a prolonged period of passive monetary

policy, the expected durations of ZLB regimes are unlikely to exhibit significant variability.
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Figure 2.4: Expected Durations with Passive Policy after Liftoff
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Note: The figure shows the mean prior, the mean posterior estimates for
the active policy model and the durations when monetary is expected to
be passive after liftoff at prior weights: w = 0.5
Turning to the the smoothed shock estimates presented in figure 2.9 in the appendix for
Chapter II. It can be observed that the sunspot model exhibits a higher volatility for the
mark-up shocks. This is not unexpected, as output and inflation are both forward-looking
variables and are therefore linked to monetary policy. Intuitively, forward guidance re-
duces uncertainty and helps form expectations about future inflation. By reducing the
inflation reaction parameter, the central bank is also allowing for more volatility in future
inflation. When inflation is allowed to fluctuate, prices become less rigid, shifting the

Phillips curve. This results in more pronounced fluctuations in mark-up shocks, and a

higher degree of variability in the inflation and output levels.

2.6 FORWARD GUIDANCE AND LIFTOFF EXPECTATIONS

Assuming that the central bank is not expected to return to an active monetary policy
regime after liftoff, forward-looking agents update their beliefs about the future stance of

monetary policy. The revised expectations significantly affect the effectiveness of current
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unconventional monetary policy. When agents expect the central bank to commit to
passive monetary policy for an extended or indefinite horizon, the expansionary effects of
forward guidance are less pronounced.

To demonstrate the different model dynamics, I simulate forward guidance announce-
ments of one, two, three, and four additional quarters for the determinate model and the
sunspot model. To analyze the forward guidance announcements in a regime-switching
environment, I use the following generalized impulse response functions (GIRF) based on

Koop et al. (1996):

GIRF(N,¥,w; 1) = Elysyn | 9, d,wi—1] — Elyeyn | 9,d™0, wi 1] (2.39)

The future shocks considered in this analysis are conditioned only on the model’s steady
state and are averaged out over time. Figure 2.5 compares the GIRFs for a deliberate
increase in expected durations (d). I simulate forward guidance shocks of one, two, three,
and four quarters for the determinate model (left-hand plot) and the sunspot model
(right-hand plot).

Figure 2.5: Forward Guidance Announcements under Different Liftoff Scenarios
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2.5.1 1-4 quarter increase in expected durations d with 2.5.2 1-4 quarter increase in expected durations d with
an active liftoff regime. a passive liftoff regime.

A four-quarter increase in expected durations triggers an approximately 28% increase
in output and a 70% increase in investment in the determinate model. In the sunspot

model, the same increase results in a jump in output by close to 14% and a 35% increase
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in investment. Furthermore, while forward guidance inflates the economy when the cen-
tral bank communicates a return to normalized monetary policy, it exhibits deflationary

pressures otherwise.
2.6.1 LIFTOFF AS EXPECTATION CHANNEL

Empirical evidence regarding the effectiveness of forward guidance in different settings has
yielded inconclusive results. While theory predicts a strong efficacy of forward guidance
(e.g., Krugman et al., 1998, Eggertsson and Woodford, 2003), empirical findings have been
less consistent (e.g., Moessner et al., 2017, Filardo and Hofmann, 2014). Addressing this
disconnect, Del Negro et al. (2012) and Campbell et al. (2012) emphasize the role of the
type of forward guidance announcements, central bank communication, and the formation
of private expectations in determining the effectiveness of forward guidance. Furthermore,
the latter show that the effectiveness of forward guidance can be influenced by expecta-
tions regarding non-disclosed future economic conditions, which may not necessarily align
with economic theory.®

By applying this logic to monetary policy expectations after liftoff, agents may assume
that the central bank’s commitment to the future regime is Delphic in nature, meaning
that the central bank’s undisclosed expectations about economic conditions do not seem
promising. This explanation might not be sufficient, however, since effects on the real
economy, except for inflation, are still consistent with an expansionary shock. However, it
is worth noting that a passive monetary policy stance in the liftoff regime may lead to a
decrease in market expectations for future interest rates. This can have a similar effect to
forward guidance announcements, by prolonging the expected duration of lower rates and
decreasing the term premium. As a result, this may manifest as a shift or flattening of
the yield curve, decreasing expectations of future inflation, thus reducing actual inflation.
Therefore, it is possible that expectations of a return to a passive monetary policy regime

account for the relatively muted empirical effects of forward guidance in practice.

6Campbell et al. (2012) demonstrate that while news of monetary tightening raises interest rates,
inflation forecasts also increase, whereas unemployment forecasts decrease.
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2.6.2 INFLATION FEEDBACK LOOP AND THE PHILLIPS CURVE

Another explanation may be the inflation feedback loop that is only prominent in a model
with active policy after liftoff. In contrast, the coordination on a sunspot solution in the
liftoff regime exhibits similar effects to introducing history dependence at the ZLB.

In the inflation-sunspot equilibrium, inflation expectations are no longer purely forward-
looking in response to forward guidance announcements but are rather pre-determined (see
Gibbs and McClung, 2023). Several papers have shown that introducing history depen-
dence can anchor expectations at the ZLB and eliminates the New-Keynesian puzzles.
Cochrane (2017) demonstrates that equilibrium selection at the ZLB can mitigate these
puzzles, particularly those, which involve expectations of active fiscal policy and passive
monetary policy. Alternatively, Kiley (2016) and Carlstrom, Fuerst, and Paustian (2015)
show that sticky information models can resolve these paradoxes. Other papers, such as
Diba and Loisel (2021), Gibbs and McClung (2023), and Cole (2018), propose the use
of policy frameworks such as inflation targeting, price targeting, or endogenizing bank
reserves as potential solutions to these challenges

The inflation-sunspot solution, while not incorporating history-dependent policy, can
lead to similar effects by predetermining inflation expectations at the ZLB. Kiley (2016)
shows that under a pegged interest rate regime, forward guidance effects are amplified
by increased price flexibility and a steeper Phillips curve; the paradox of volatility. Fur-
thermore, a forward guidance announcement leads to an inflation reversal when monetary
policy is modeled actively in the liftoff regime, jumping on impact, and then turning neg-
ative, known as the reversal puzzle. Carlstrom et al. (2015) offer an explanation for this
puzzle by showing that if there is a degree of inflation indexation, the relationship between
lagged inflation and current inflation becomes endogenous at the ZLB. They demonstrate
that in a model with inflation indexation, future inflation depends on past inflation, and
past inflation depends on future inflation, resulting in a feedback loop that can amplify
inflation fluctuations and create difficulty for policymakers.

This feedback loop is present in the model when monetary policy is active upon liftoff

and it is amplified by the degree of price stickiness, as argued by Carlstrom et al. (2015).
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In contrast, implementing passive monetary policy upon liftoff, can result in inflation
outcomes that are not affected by forward guidance, therefore breaking the feedback
loop.

Figure 2.6: Philips Curve Effects under Different Liftoff Scenarios
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Note: The figure shows inflation responses to a 5-quarter increase in expected durations at different Phillips curve parameter
values (price stickiness &, and price indexation ¢p).

Figure 2.6 demonstrates that under passive monetary policy, inflation dynamics are
less affected by price stickiness. The sunspot model also reveals that higher degrees of
flexibility are associated with lower inflation responses. Central banks may respond less
forcefully to inflation changes, allowing for more variability in price setting, and may
be viewed as less committed to managing inflation as a result. This is supported by the
estimation results, which confirm that the indeterminate model exhibits a steeper Phillips
curve.

As agents incorporate these newly formed inflation expectations into their decision-
making, forward guidance announcements become less expansionary. This highlights the
significance of central bank signaling and communication in setting inflation expectations,

particularly in the context of passive monetary policy.
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2.6.3 COMMUNICATION OF THE CENTRAL BANK

The results presented in this chapter suggest that the communication strategy employed
by the central bank around what they will do in the liftoff period, as well as the type of
forward guidance used, plays a crucial role in determining its effectiveness.

Forward guidance in this model appears to be more powerful when the central bank
communicates its intention to return to an active monetary policy stance following liftoff.
This finding is consistent with the varying experiences of different central banks with
forward guidance, as well as the idea that implementing a clear communication strategy
is essential for forward guidance to be effective.

While in the US calendar-based forward guidance was generally effective (Campbell
et al., 2012, Feroli et al., 2017), forward guidance had only limited success in inflating the
economy in Japan or the euro area despite having long expected durations at the ZLB.
Gertler (2017) argues that, for Japan, the absence of an inflation target might explain
why individuals have adaptive rather than rational expectations. However, this is not
applicable in the euro area. Instead, ECB policy focused on an upper-bound asymmetric
inflation target that might have prevented inflation expectations from rising. In addition,
central banks in the euro area and Japan relied on an open-ended forward guidance
strategy that does not clearly communicate a potential liftoff strategy. When comparing
different types of forward guidance, Ehrmann et al. (2019) find that open-ended forward
guidance increases uncertainty and maintains market responsiveness rather than reducing
it.

The sunspot solution provides a theoretical basis for the distinction between passive
and active monetary policy in relation to forward guidance effectiveness in this model.
Based on these results, it is evident that a clear liftoff strategy is essential for the effective
implementation of monetary policy at the ZLB in forward-looking models. A lower for
longer policy may not be as effective in stimulating the economy when agents expect
monetary policy to become less active in the future. The sunspot model appears to match
the empirical experience of the relatively muted effects of forward guidance on inflating

the economy, compared to what theory predicts in the determinate case. Overall, the
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results suggest that the interaction between forward guidance and agents’ expectations
about future monetary policy must be considered when evaluating the effectiveness of
forward guidance at the ZLB and emphasize the importance of clear communication from

the central bank in shaping expectations about future monetary policy actions.

2.7 ADDRESSING NEW-KEYNESIAN PUzzLES AT THE ZLB

Similar to the absence of inflation feedback loop dynamics after forward guidance an-
nouncements, the sunspot equilibrium also mitigates other well-known puzzles at the
ZLB. The coordination on a sunspot solution in the liftoff regime exhibits similar effects
as introducing history dependence at the ZLB. History dependence was found to be an
effective way of reducing counterintuitive dynamics in models with fixed interest rate pe-
riods (e.g., Cochrane, 2017, Diba and Loisel, 2021, Gibbs and McClung, 2023, Kiley, 2016,
among others).

Among these puzzles is the fiscal multiplier puzzle. In the benchmark model, the fiscal
spending multiplier, particularly on investment, becomes larger at the ZLB, the longer
the constraint is expected to bind (e.g., Christiano et al., 2011, Cochrane, 2017). As
output increases and wages fall, hours worked increase when the policy rate is fixed for
an extended period. Investment increases when interest rates do not respond. Lifting
the interest rate peg increases the policy rate marginally, accelerating a return to steady
state.

Figure 2.7: Exogenous Spending Shock Dynamics under different Liftoff Regimes
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model (right panel). Blue line: initial duration=13, Red line: initial duration=1.
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For two scenarios with different expected durations of the ZLB constraint, figure 2.7
shows a comparison of the impulse responses to a positive one-standard deviation exoge-
nous spending shock in the benchmark model and the sunspot model. Investment in-
creases when the interest rate remains fixed for an extended period of time in the bench-
mark model. While both models produce an approximately similar reaction to output
following an exogenous spending shock, the sunspot model does not generate an increase
in investment when the policy rate is fixed. Additionally, in the sunspot model, inflation
does not rise on impact, but instead exhibits deflationary pressures on the economy. In-
flation and investment responses differ significantly between the benchmark model and
the sunspot model, emphasizing how agents’ expectations about the duration and liftoff
from the ZLB can influence monetary policy effectiveness.

In line with other papers in the literature, the sunspot model exhibits less expansionary
effects to an exogenous spending shock, mitigating the fiscal multiplier puzzle. Modeling
history dependence has shown to be an effective method of reducing counterintuitive
puzzles at the ZLB. For example, Hills and Nakata (2018) demonstrate that including
a lagged shadow policy rate in the interest rate feedback rule decreases the government
spending multiplier at the ZLB. Kiley (2016) shows that the fiscal multiplier is smaller at
the ZLB when considering a sticky information model, and Cochrane (2017) argues that
the multiplier can also be small in an alternative backward-stable equilibrium. Finally,
Cochrane (2017) and McClung (2021) show that active fiscal policy and passive monetary
policy after liftoff can resolve puzzles at the ZLB. While the inflation-sunspot solution
does not introduce history-dependent policy, it exhibits these effects by predetermining
inflation expectations at the ZLB. Inflation expectations are no longer purely forward-
looking in response to forward guidance announcements, but are predetermined (e.g.,
Gibbs and McClung, 2023). As a result, forward guidance announcements do not have a
direct impact on inflation, and the economy is not experiencing inflationary pressures.

Similar dynamics can be observed for a wage mark-up shock. In the benchmark model
the supply shock is subject to the Paradox of Toil (Eggertsson, 2010). A positive wage-
mark-up shock increases real wages and raises inflation. If liftoff is modeled immediately,

interest rates rise and the economy contracts. In contrast, when the interest rate is pegged
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Figure 2.8: Wage Mark-up Shock Dynamics under different Liftoff Regimes
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Note: GIRF for a positive wage mark-up shock in the Benchmark model (left panel) and the sunspot
model (right panel). Blue line: initial duration=13, Red line: initial duration=1

the central bank cannot raise interest rates, which leads to expansionary shocks. As a
result, the sunspot model exhibits contractionary effects in both scenarios. However, the
effects are stronger when the ZLB is expected to bind for a longer period. Inflation does
not increase on impact, but rather decreases gradually in response to other economic
factors. Although shock effects may intensify with the expected length of the ZLB con-
straint, the sunspot model eliminates the reversal responses that occur in the benchmark
model when the interest rate is fixed. The results are consistent with those of Gibbs and
McClung (2023), who formally show how the sunspot solution alleviates New-Keynesian

puzzles at the ZLB.

2.8 VAR COMPARISON

In this section, I conduct a performance comparison between the benchmark model and
the sunspot model using the same dataset. To assess the goodness-of-fit of each model, I
calculate the log of the marginal data density (MDD) using the modified harmonic mean
estimator proposed by Geweke (1999). By comparing the MDD of the two models, it is
possible to determine which model provides a better fit to the data. Starting from Bayes’

Identity it follows that:

_ p(y[9)p(0)

p(0]y) o)
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where p(6 | y) is the probability density function (pdf) for # conditional on the observations
y or the posterior density. p(y) is the marginal likelihood or data density, p(y | 0) is the
likelihood function for the model, and p(€) is the marginal pdf for 6, commonly referred

to as the prior density. Rearranging delivers the marginal data density (MDD):

1 1
p(y) oy |0)p(0)

p(0]y)

Multiplying both sides by a pdf f(6) and integrating over 6 delivers the modified harmonic

mean estimator:
RSN ()N
w0 =g 3 5 10350

Geweke (1999) then proposes to set f() to be an approximation to the posterior density,
but to truncate its tails at some value 7. I initially set 7 equal to 0.9 and later reduce it to
0.5. The log-MDD marginally supports the sunspot model indicating a slightly better fit

respective to the benchmark model in both cases. To further check for robustness, the root

Table 2.4: Model Comparison

Benchmark Model Sunspot Model

RMSE 0.0247 0.0155
MDD (7 =0.9) 2122.8 2125.5
MDD (7 =0.5) 2122.5 2125.5

mean squared error (RMSE) for the point prediction in each model is also calculated. This
additional metric provides insight into their relative performance and helps to substantiate
or refute any conclusions drawn from the comparison of the log MDD. The point prediction
is the mean of the corresponding predictive distribution, where g; 1, denotes the one-
step-ahead forecast value for the state vector. The RMSE for the point prediction is then

calculated according to:

RMSE(§y 1116, yt) = \l Z — D))
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According to the results obtained, the sunspot model appears to perform marginally
better, as indicated by a smaller RMSE. The RMSE is commonly used to measure forecast
accuracy, where a smaller RMSE indicates a lower forecast error. Thus, the sunspot
model has a smaller RMSE than the benchmark model, which implies that it provides a

marginally better forecast.

2.9 CONCLUSION

In this chapter, I investigate the role that expectations about the monetary policy trajec-
tory play in shaping the dynamics of forward guidance when interest rates are constrained
by the zero lower bound (ZLB). For that, I extend the approach of Kulish et al. (2017) by
following Gibbs and McClung (2023) and introducing a sunspot solution, as proposed by
Bianchi and Nicolo (2021), which accounts for the possibility that the central bank does
not follow its original Taylor rule upon liftoff but implements passive monetary policy. In
this case, the central bank reacts only sluggishly to changes in inflation. I find that this
sunspot solution does not significantly impact the estimates of structural parameters or
the expected duration of the ZLB period. However, it reduces forward guidance effects on
real variables such as output or investment. In particular, when agents expect a passive
monetary policy regime upon liftoff, an increase in the expected duration of the ZLB
period in the sunspot model can significantly dampen the expansionary effects on the real
economy and even lead to deflationary pressures in a forward-looking model.

These results emphasize the importance of considering the liftoff regime when mod-
eling the effects of forward guidance. A rational expectation model that incorporates
New-Keynesian features results in a reversal of inflation once monetary policy has been
actively modeled after liftoff (Carlstrom et al., 2015, Gibbs and McClung, 2023). This
feedback loop for inflation is further amplified by the degree of price stickiness. Similarly,
if monetary policy is expected to be passive following liftoff, communicating this expec-
tation can have similar results to forward guidance announcements, resulting in lower
expected interest rates in the market and a flattening of the yield curve. This, in turn,

can reduce inflation expectations and lead to lower inflation.
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Finally, the coordination on a sunspot solution in the liftoff regime exhibits similar ef-
fects as introducing history dependence at the ZLB. History dependence has been demon-
strated to be an effective method of reducing counterintuitive dynamics in models with
fixed interest rate periods (e.g., Cochrane, 2017, Diba and Loisel, 2021, Gibbs and Mc-
Clung, 2023, Kiley, 2016, among others). I demonstrate that in this model, puzzles such as

the fiscal multiplier puzzle and the paradox of toil are mitigated in a sunspot equilibrium.
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2.10 CHAPTER II APPENDIX

Figure 2.9: Kalman Smoothed Structural Shock Comparison
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Note: The figure plots a simulated Kalman-smoothed time series for the shock
processes for the determinate (blue) and the sunspot model (red): €f (technol-
ogy), €? (risk premium), eJ (exogenous spending), e} (price mark-up), e¥ (wage
mark-up), ef° (investment-technology), €/* (monetary policy), ag (1Y Term Pre-
mium), and 2% (5Y Term Premium), using 100 randomized posterior MCMC

draws thétaj, and the equal-tailed 80% posterior bands.
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Table 2.5: Estimated Expected Durations for the Benchmark and the Sunspot Model

Prior Posterior
Active Liftoff Regime Passive Liftoff Regime
Quarter Mean Std. Dev. Mean Mode Std. Dev. Mean Mode Std. Dev.
2014 Q3 9.89 10.77 10.46 12 4.58 11.20 8 3.72
2014 Q4 9.89 10.77 10.58 14 4.56 10.93 7 3.84
2015 Q1 9.17 9.34 8.48 9 4.36 10.81 9 3.47
2015 Q2 9.46 9.91 9.62 11 4.04 10.07 8 3.53
2015 Q3 9.06 9.13 9.25 10 3.94 9.30 8 3.62
2015 Q4 9.45 9.89 9.23 9 4.22 9.99 8 3.65
2016 Q1 9.34 9.69 10.41 12 4.12 9.53 6 3.86
2016 Q2 9.21 9.42 9.28 11 4.55 9.90 8 3.74
2016 Q3 9.57 10.13 10.47 13 4.35 10.04 7 4.11
2016 Q4 9.75 10.50 1098 14 4.23 9.88 6 4.53
2017 Q1 10.81 12.62 9.27 13 4.79 11.18 13 4.01
2017 Q2 8.71 8.41 8.40 10 4.00 9.01 6 3.72
2017 Q3 8.33 7.66 8.35 9 3.55 8.16 5 3.69
2017 Q4 8.00 7.00 7.28 7 3.44 8.09 6 3.40
2018 Q1 7.69 6.38 7.00 8 3.34 7.59 5 3.50
2018 Q2 7.44 5.88 6.87 5 3.52 7.58 6 3.69
2018 Q3 7.47 5.93 6.71 6 3.30 7.21 5 3.56
2018 Q4 7.23 5.47 6.80 5 3.79 6.70 5 3.75
2019 Q1 7.23 5.46 10.08 4 4.65 8.20 4 4.96
2019 Q2 8.38 7.75 9.52 7 4.34 8.56 5 4.33
2019 Q3 10.03 11.06 12.99 17 3.32 11.30 15 4.54
2019 Q4 10.73 12.45 10.85 13 4.29 10.79 14 4.34

Note: The table summarizes the mean posterior estimates and standard deviations for the expected
durations for the active liftoff and passive liftoff models.
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Chapter 3

A Time-Series Approach to Estimating DSGE

Models with Covid-19 Data

Abstract

This chapter proposes a time-series approach to handling extreme data outliers such as
those observed during the Covid-19 pandemic when estimating Dynamic Stochastic Gen-
eral Equilibrium (DSGE) models. Without changing the structural equations of a model,
three adjustments can be made to the estimation procedure: A time-varying variance-
covariance matrix to capture changes in shock variances, an ARMA(1,1) correction for
TFP shock innovations, and a Kalman filter measurement correction for consumption
data. Results show robust estimates for structural parameters for a standard DSGE
model of the euro area. Because the Covid-19 pandemic occurred at a time when the zero
lower bound was in effect, this estimation approach also provides insight into the expan-
sionary monetary policy stance during the pandemic, including in terms of a structural

shadow rate measure.
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3.1 INTRODUCTION

The Covid-19 pandemic has had a significant impact on the euro area, resulting in a
contraction that exceeds the effects of both the Great Financial Crisis and the Sovereign
Debt Crisis. Unlike these earlier crises, the Covid-19 contraction was primarily caused
by supply and demand restrictions, such as lockdowns and social health measures, rather
than structural issues. The Covid-19 shock led to a sudden but temporary decline in
real variables such as output, consumption, and investment, followed by a rapid rebound.
GDP decreased approximately twice as much as it did during the GFC, while investment
decreased three times as much. In contrast to the U-shaped recovery that followed the
GFC, the economy experienced an immediate recovery in 2020-Q3, giving the shock a
V-shaped appearance.

Given the unprecedented nature of the pandemic, questions arise regarding the va-
lidity of Covid-19 data for inferring economic models or whether the extreme volatility
in the data distorts parameter estimates. In fact, the latter has been indicated for the
US by Schorfheide and Song (2021), Lenza and Primiceri (2022) and Carriero, Clark,
Marcellino, and Mertens (2021) and for the euro area by Bobeica and Hartwig (2021)
and Morley, Rodriguez Palenzuela, Sun, and Wong (2022). Therefore, it is important to
select the appropriate setting when making inferences from data periods with extreme
heteroskedasticity, such as during Covid-19.

The literature on time-varying macroeconomic shock volatility is extensive in the con-
text of Vector Autoregression (VAR) (e.g., Jacquier, Polson, and Rossi, 2002, Cogley and
Sargent, 2005, Clark and Ravazzolo, 2015, Carriero, Clark, and Marcellino, 2016) and
Dynamic Stochastic General Equilibrium (DSGE) Models (e.g., Justiniano and Primiceri,
2008, Fernandez-Villaverde and Rubio-Ramirez, 2007). As such, it is important to com-
pare where this study fits within recent developments in volatility modeling strategies for
large outliers such as Covid-19. Unlike most periods with high volatility, which occur con-
tinuously over time, the Covid-19 shock period is characterized by its transitory nature,
occurring only in selected quarters without a transition period. As a result, traditional

models such as stochastic volatility models, Markov switching models, and conditional
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heteroskedasticity models, including (G)ARCH models, may not be well-suited to cap-
turing these large volatility changes with low persistence. Furthermore, the volatility
increase can be accurately attributed to a specific time period, making the estimation of
the additional variance relatively straightforward.

Over the past two years, some literature has emerged describing how to handle large
Covid-19 outliers within VAR models. Among the methods to address the extreme outliers
is to exclude all Covid-19 observations from estimation and consider them uninformative.
Schorfheide and Song (2021) show that omitting the recent data from estimation delivers a
fair forecasting performance in a mixed-frequency VAR except for 2020-Q2. Nevertheless,
this may understate the degree of forecast uncertainty in future applications. Addressing
the latter, Carriero et al. (2021) find that a stochastic volatility model with Student’s
t-distributed shock innovations and allowing for outliers prevents a persistent increase in
volatility when estimating single-frequency Bayesian vector autoregression (BVAR).

The approach used in this chapter is closely related to that in Lenza and Primiceri
(2022) and Morley et al. (2022) for VAR models and is thereby aiming to extend the liter-
ature on estimating Covid-19 outliers in VAR models to structural DSGE models. Lenza
and Primiceri (2022) re-scale the shock innovation-covariances to capture the increased
volatility during the Covid-19 months by estimating scaling factors for each month of the
pandemic that decay over time. Morley et al. (2022) build on the Lenza and Primiceri
(2022) approach and estimate quarterly scaling factors for the covariance matrix of a large
BVAR for the euro area without the volatility decay, finding that the data variation post
2020-Q3 appears to be close to its original level.

Similarly, I propose a simple time series approach that does not require a change of
the structural equations in the model to accommodate the extreme outliers in estimation.
Building on Lenza and Primiceri (2022) and Morley et al. (2022), but allowing for het-
erogeneity in the change in shock volatility, the approach entails three adjustments to an
otherwise standard DSGE model estimation: A time-varying variance-covariance matrix,
an autoregressive moving average (ARMA) correction for total factor productivity (TFP)
shock innovations, and a measurement correction for consumption data in the Kalman

filter.
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The transitory change in shock volatility is modeled using a time-varying shock innovation-

covariance matrix that estimates heterogeneous additive shock variance terms across the
Covid-19 shock quarters. As in Lenza and Primiceri (2022), this effectively reduces the
weight on the Covid-19 outliers in estimation and delivers robust structural parameter
estimates compared to those in the pre-Covid sample. Similar to Morley et al. (2022), I
do not model a decay in additive shock volatility for quarterly data, finding that in the
euro area, volatility in the data after 2020-Q3 appears to be close to pre-pandemic levels.

In addition, the TFP shock and the TFP component in the exogenous spending shock
follow an autoregressive moving average (ARMA) process in 2020-Q2 and 2020-Q3 in order
to reduce the persistence of the negative TFP shock innovations in 2020-Q1 and 2020-Q2
and to allow for a negative autocorrelation during the Covid-19 period. Intuitively, this
correction includes agents’ perception of the nature of the shock in the model. Lowering
the persistence of TFP shock innovations assumes that agents were aware of the transitory
nature of economic developments at the time and knew that productivity would recover
quickly once social health measures and lockdowns were lifted.

The Moving Average (MA) correction delivers sensible model outcomes in response to
monetary policy reactions. The monetary policy response to the pandemic in the euro area
was constrained by the ZLB. While the Federal Reserve lowered interest rates immediately,
the European Central Bank had no such options since the policy rate was already at its
effective lower bound since 2014. To understand the monetary policy stance in the euro
area at the time, I construct a structural shadow rate based on Jones, Kulish, and Morley
(2022a). In contrast to other interest rate rule equivalents that use yield curve information
(e.g., Black, 1995, Krippner, 2013, Wu and Xia, 2016), the Jones et al. (2022a) approach
explicitly models the effects of unconventional monetary policy during a fixed-interest
rate regime. The estimated structural shadow rate follows a similar trend as the term
structure rate by Wu and Xia (2016) but implies less expansionary policy at any given
point in time. While both measures react expansionary to unconventional policies, such
as the implementation of the Asset-Purchasing Program (APP) in early 2015, the effects
of the structural shadow rate measure are less pronounced and quantitatively closer to the

recent measure of De Rezende and Ristiniemi (2023). The monetary policy stance of the
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structural shadow rate during the Covid-19 pandemic appears to be more expansionary
than the Wu and Xia (2016) measure compared to the respective pre-pandemic levels.
The negative TFP shock innovations result in a substantial overshoot of the shadow
rate when MA-correction is not applied. The shadow rate forecasts a smoother rebound
quarter when the persistence of shock innovations is reduced. Instead of interpreting
the rebound effect as an expansionary effect, agents understood it was simply the result
of lockdown and health measure easing, causing the shadow rate to return to its pre-
pandemic level. Excluding data temporarily from the measurement equation is a similar
but simpler approach compared to adding large measurement errors.

Finally, I exclude consumption data from the Kalman filter during the Covid-19 pan-
demic and in subsequent quarters as a final adjustment. A large drop in consumption
during the pandemic was accompanied by higher volatility in the following quarters, due
to social health measures, lockdowns, and social distancing. These fluctuations pose a
challenge to the model, as it does not accurately reflect consumption behavior during
these times. Therefore, it cannot provide information about the structural parameters
influencing consumption behavior. The increased volatility during the pandemic and the
following months distorts the estimates of the consumption Euler equation, such as habit
formation and intertemporal substitution elasticity, and is in direct contrast to traditional
consumption theory, which suggests households prefer a smooth path of consumption (e.g.,
Friedman, 1957, Modigliani and Brumberg, 1954). Therefore, I add a measurement cor-
rection for consumption data in the Kalman filter due to the lack of informative power
regarding economic decision-making.

I demonstrate the approach on handling Covid-19 outliers by estimating the well-known
medium-scale DSGE model of Smets and Wouters (2003, 2007) for the euro area from
2004-Q3 to 2021-Q4. There are two challenges with the estimation strategy of the model
during the sample period. The ECB implemented a fixed interest rate regime throughout
the sample period from 2014 onwards. Furthermore, conventional monetary policy was
severely constrained when the Covid-19 shock hit the economy, with interest rates fixed at
the zero lower bound (ZLB). To incorporate the ZLB, I follow the time-varying solution
strategy of Kulish, Morley, and Robinson (2017) (hereafter KMR (2017)). Their approach
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simultaneously estimates the set of structural parameters and a sequence of expected
durations that indicate how long the ZLB is expected to be in place.!

The expected duration estimates for the ZLB constraint remain quite long during the
Covid-19 pandemic. Compared to the pre-Covid-19 period, forward guidance dynamics
are similar, but overall lower, now accounting for just under half of the estimated durations
initially and expanding throughout the ZLB period. Lower bound durations change based
on how structural shocks are transmitted. Since Covid-19 quarters were volatile, the
usual drivers of expected durations might not appear as negative. The three adjustments
are straightforward methods for estimating DSGE models with Covid-19 data, which
deliver reasonable results both for structural parameter estimates and implied model
responses. However, as the additive shock variances estimated during the Covid-19 shock
may not be sufficiently identified to measure the increase in volatility quantitatively, they
serve primarily as controls for the extreme heteroskedasticity. As each variance is based
on one observation only, identification becomes increasingly challenging when additional
variances are estimated for each shock and quarter. The identification of these estimates
can be improved by introducing scaling factors that are common to all shocks similar to
Lenza and Primiceri (2022). This approach, however, neglects the degree of heterogeneity
in shock responses or timing that seems to be present in my model. Nevertheless, I
re-estimate the model with common scaling factors to test the sensitivity of the results.

The remainder of this chapter is structured as follows. In section 3.2, stylized facts
about the Covid-19 pandemic in the euro area are presented, including details regard-
ing the economic contraction and the monetary policy response. Section 3.3 discusses
the estimation methodology for incorporating Covid-19 outliers at the ZLB. Section 3.4
outlines an application for the euro area and presents the estimation results including a
VAR analysis of the model. Section 3.5 discusses a trade-off between the identification
of Covid-19 shock variances and shock heterogeneity. Section 3.6 assesses the stance of

monetary policy in a structural shadow system. Section 3.7 concludes.

IThe first and second chapters of this thesis provide a detailed description of how a DSGE model can
be estimated when interest rates are temporarily fixed at the ZLB.
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3.2 STYLIZED FACTS

3.2.1 CONTRACTION OF ECONOMIC ACTIVITY

The Covid-19 pandemic caused an unprecedented level of economic volatility in the euro
area. Unlike previous recessions such as the GFC or the Sovereign Debt Crisis, the Covid-
19 recession was not caused by structural problems within the economy, but rather by
temporary responses to the pandemic and intentional policy measures designed to mini-
mize public health risks. Social health measures, such as lockdowns and work restrictions,
resulted in a decline in the economy across all sectors. These measures set the Covid-19
shock apart and give it a unique dynamic.

The Covid-19 shock hit the economy in the first quarter of 2020. Figures 3.1 and 3.2
display the significant decline in output, consumption, and investment during the onset
of the pandemic and the subsequent quarters. In 2020-Q2, output fell by approximately
10%, more than double what it contracted during the GFC. As a result of its volatile
nature, investment fell even more than output, approximately three times more than it

did during the GFC.

Figure 3.1: Contractionary Effects on Output
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Note: Output data is expressed in period-on-period log growth rates.
The sample period runs from 2004:Q3 to 2021:Q4. Source: Eurostat

In contrast to the U-shaped recovery path following the GFC, real variables show an

107



immediate rebound effect in 2020-Q3, giving the shock a V-shaped appearance. This can
largely be attributed to the shock’s nature and the fact that it was not caused by structural
issues. Instead, it was caused by intentional supply and demand constraints such as
lockdowns and social distancing. In the immediate aftermath of lifting the measures, the

economy began to rebound, resulting in a significant economic recovery.

Figure 3.2: Contractionary Effects on Consumption and Investment
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Note: Consumption and investment data is expressed in period-on-period log growth rates. The
sample period runs from 2004:Q3 to 2021:Q4. Source: Eurostat

Consumption data have been more volatile than they would be under normal economic
conditions. In contrast to traditional consumption theories such as the permanent in-
come hypothesis (Friedman, 1957) or the life-cycle hypothesis (Modigliani and Brumberg,
1954), that suggest that households choose a smooth path of consumption, the Covid-19
shock resulted in a fall in consumption by approximately 10%. While consumption did
not significantly decrease during the GFC, it became increasingly volatile during the ini-
tial Covid shock and subsequent quarters due to social health measures and lockdowns.
Although the following lockdowns did not have the same impact as the first lockdowns in
2020-Q2, consumption remained highly volatile throughout the period.

As for nominal variables, both prices and wages have become significantly more volatile
as a result of the Covid-19 pandemic. Figure 3.3 shows that inflation dropped during the
lockdown period, possibly due to a general economic slowdown. While wages initially
increased during the lockdown period, as indicated by the labor cost index in the right

panel of Figure 3.3, they subsequently declined. The labor cost index measures the total
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cost of hiring workers on an hourly basis. During the pandemic, many fiscal governments
in the euro area enacted wage programs that maintained equal pay rates despite a reduc-
tion in hours worked and labor productivity. This led to an increase in labor costs per
hour.

Figure 3.3: Effects on Prices in the Economy during the Pandemic
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Note: Inflation is measured by the GDP deflator and wages are past on the wage index with base
year 2010. Source: Eurostat

The Covid-19 pandemic had a severe impact on both the demand and supply sides of
the economy, affecting nearly all sectors simultaneously. Despite the presence of extreme
outliers in the data, the structural equations of the model will remain unchanged in
estimation. The following sections provide a detailed explanation of the steps involved in

the estimation process, including how these extreme outliers will be addressed.

3.2.2 MONETARY PoLICY REACTION

In the immediate aftermath of the Covid-19 shock, the ECB was severely limited in its
conventional monetary policy instruments. The policy rate had already been at or close
to zero since 2014, thereby limiting the institution’s ability to implement interest rate
cuts as a response to the decline in economic activity.

Figure 3.4 displays the policy rate and the yields of AAA-rated central government
bonds over one and five years. Each of these rates declined significantly during the GFC
but remained stable during the Covid-19 pandemic. Therefore, the Covid-19 shock was the

euro area’s first recession that was not cushioned by conventional expansionary monetary
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policy, but instead relied on unconventional monetary policy methods.

Figure 3.4: Monetary Policy in the Euro Area during the Pandemic
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Note: Panel on the left shows the main operating finance rate and the 1-year and 5-year maturity
bonds of triple A rated countries in the euro area. The right panel shows the prior mean of the
sequence of expected durations constructed from the Survey of Professional Forecasters. Source:

To obtain a full understanding of the stance of monetary policy, it is necessary to take
into account the use of unconventional policies. Using a survey measure that provides
estimates of the expected durations at the ZLB, professional forecasters are asked to
provide an accurate date of liftoff from the lower bound. It is not only possible to see
a change in these expected durations based on economic circumstances, but it is also
possible for these changes to be the result of deliberate monetary policy actions, which
can serve as an indicator of the stance of monetary policy.

According to the survey responses shown in figure 3.4, the expected durations were
increasing after 2019 and the lower bound was expected to prevail throughout the Covid-19
pandemic. While survey responses indicated a less expansionary stance of monetary policy
throughout 2017 and the beginning of 2018, expectations increased sharply in mid-2018.
Forecasters predicted that the fixed-interest rate regime would remain in place for over
three more years during this pandemic. This is the highest level since the implementation
of the fixed-interest rate regime in 2014.2

Using the professional forecaster survey information as an informative prior, I estimate

the sequence of expected durations along with structural parameters in the model. This

approach allows me to evaluate the monetary policy stance throughout the pandemic.

2A top-coding limit of 17 quarters has been imposed on the survey question due to its open-ended
nature, thus expectations for periods beyond this limit are not captured in this measure.
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3.3 EsTIMATING A DSGE MOoODEL WITH COVID-19 DATA

To enhance the robustness of a DSGE model estimation subject to the extreme outliers
caused by the Covid-19 pandemic, I propose three adjustments to an otherwise standard
DSGE model estimation. In the spirit of Lenza and Primiceri (2022), I introduce a
time-varying shock innovation-covariance matrix that captures extreme heteroskedasticity
in shock variances. To reduce the persistence of negative TFP innovations in 2020-Q1
and 2020-Q2, I propose an Autoregressive Moving Average (ARMA(1,1)) process for the
respective shocks. In addition, I adjust the Kalman filter to account for extreme outliers in
consumption data that may not be indicative of other behavioral responses at other times
and therefore may not be informative regarding the structural parameters associated with
consumption patterns.

Let the linearized structural equations with n variables and [ structural shocks be given

by:
ye = Co + Aryt—1+ Bo Exyr1+ Do e (3.1)
nxl nx1l nxn nxn nxl Ix1
with the reduced form being:
yr =C+Qui—1+Gey (3.2)

where C', ), and G are the linear rational expectations solution matrices.

3.3.1 LARGE CHANGES IN SHOCK VOLATILITY

To account for transitory changes in shock variances during the pandemic, I introduce
additive variance terms for Covid-19 shock periods into the shock innovation-covariance
matrix. Initially, all shock processes follow a first-order autoregressive process with an

iid-normal error term:

€t = PEt—1+ Mt
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where 7y ~ iid(0,02) with E(n)n:) = Qi and E(njm—;) =0, ¥4 > 0. The data volatility is
absorbed by additive variance terms that are estimated for the Covid-19 pandemic quar-
ters. Instead of scaling factors that are common to all shocks as in Lenza and Primiceri
(2022), individual standard deviations are estimated for each shock innovation and quar-
ter. Following Morley et al. (2022), no decay for the additional quarterly shock variances
is estimated.? I take this approach to address not only the extreme heteroskedasticity in

shock volatility but also its heterogeneity across the structural shocks. For each quarter

of the Covid-19 shock, 2020-Q1, 2020-Q2, and 2020-Q3, an additional shock innovation

2

variance term o j is estimated:
b2

Ozt = 012 + Dmaz-?’j

where Dy j = [0,1] is a dummy-vector that indicates periods, j = [2020 — Q1, —Q2,—Q3],
with higher volatility. The subscript ¢ identifies each of the shocks in the system i =
la,b,9,q5,p,w]. When D;; =0, the variance-covariance matrix is identical to the one
from the pre-Covid-19 sample.* When Dy ;j =1, an additional shock variance parameter

is estimated to reflect the increased volatility during this period.

0, ifDy;=0

2 ; L
0i,j’ lf Dt,j — 1

where j denotes the quarters in which additional shock variances are estimated. Because
of the transitory nature of the shock, these additional variances are not persistent and

have no effect on future periods. To capture these effects, Q5°V"¢ becomes a time-varying

3Including shock variances for the post-Covid-19 era does not significantly affect estimates of struc-
tural parameters. However, some observables, foremost consumption, exhibit increased volatility until
the end of the extended sample period in 2021-Q1. This is addressed by a measurement correction in the
Kalman filter, further described in more detail in section 3.3.3.

4During the entire pandemic period, monetary policy was at the ZLB, so no additional shock variances
are estimated for monetary policy or yield curve shocks. By construction, the monetary policy shock is
zero at the ZLB, and therefore also the yield curve shocks exhibit no additional volatility in this period.
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shock innovation-covariance matrix:

a%+Dt’jaij 0 0
2 2
Qeevid _ 0 o3+ Dy jos ;... 0
0
2 2
O O Ul +Dt:j0l,j

Each of the additional shock variances is estimated using a prior that follows an inverse

gamma distribution with a mean of 1 and a standard deviation of 2.
3.3.2 ARMA (1,1) CORRECTION

Besides the temporary change in the shock innovation-covariance matrix, I propose an
Autoregressive Moving Average (ARMA) process for the TFP shock innovations affecting
the technology shock and the exogenous spending shock. This accounts for the transitory

® The exogenous spending shock

nature of real activity dynamics during the pandemic.
comprises net exports, which are influenced by domestic TFP fluctuations and hence are
affected by TFP shock innovations. Both shocks, the TFP shock (£f) and the exogenous

spending shock (g7), follow first-order autoregressive processes with heteroskedastic TFP

innovation terms:

ef = e+

ef = plel g+l + o7t
where nf ~ N (O,Ug’t). Restricting p® and pY to be smaller than one guarantees that the
process is stationary and that the consequences of the shock innovation 7{ die out even-
tually. The Covid-19 pandemic, however, is characterized by a very low shock persistence
in the sense of a large contraction followed by an immediate rebound before returning
more to its usual dynamics. Estimating the technology Covid-19 shock using an AR(1)

process alone does not capture this rapid rebound effect. To address this issue, I propose

°In a preliminary analysis I considered an ARMA correction for all structural shocks in the model,
the technology shock appears to absorb most of the unusual dynamics around the Covid-19 pandemic.
For most other shocks, the additional MA parameter is not well-identified and significantly lowers the
shock persistence.
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modeling a Moving Average (MA) term for the TFP shock innovations in 2020-Q2 and
2020-Q3:

P8 4 n® — 00 |, if t=2020-Q2 or t=2020-Q3

=+

plef_q +ni, for all other ¢

In case of the exogenous spending shock, the MA component is adjusted by the parameter

that indicates how important the TFP shock innovation is to the shock process p9%:

pIe] | +nd + p9ind — 0%l | if t=2020-Q2 or t=2020-Q3

+Q

pIel_ +nd + piing, for all other ¢

The MA dynamics cause the effects of the pandemic from 2020-Q1 and 2020-Q2 to be less
persistent compared to other shock innovations that follow autoregressive dynamics. The
newly introduced parameter 6 is restricted to be between zero and one, which induces
a temporary negative autocorrelation into the series. The larger 6% is estimated, the
greater the reduction in the persistent effects of the shock innovations and the stronger
the negative autocorrelation. This way, the addition of the MA term can account for the

unusual V-shaped dynamics of the Covid-19 pandemic.
3.3.3 MEASUREMENT CORRECTION IN THE KALMAN FILTER

Unlike the GFC when consumption declined slightly, the implementation of social health
measures, lockdowns, and social distancing measures caused a significant drop in con-
sumption during the Covid-19 pandemic, with higher volatility in the following quarters.
As shown in figure 3.2, consumption fell by approximately 10% during the pandemic, in
contrast to only a 2% decline during the GFC. Although subsequent lockdowns and social
restrictions in 2021 did not generate a response similar to the first lockdown in 2020-Q2,
consumption volatility remained considerably higher than any other period in the sample.

The structural model has difficulties accommodating these prolonged large fluctuations.
The observed consumption data does not accurately reflect the behavioral responses in

other periods and therefore does not provide informative insights into the structural pa-
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rameters that are associated with consumption behavior. It is likely that the Euler equa-
tion, which usually describes consumption behavior in the model, does not adequately
capture the complexity of consumption behavior during the Covid-19 period due to pol-
icy restrictions that are not explicitly incorporated into the model. As opposed to the
traditional consumption theory that suggests that households choose a smooth path of
consumption (e.g., Friedman, 1957, Modigliani and Brumberg, 1954), the increased volatil-
ity during the pandemic and the months following distorts consumption Euler equation
estimates, such as habit formation and intertemporal substitution elasticity.> Thus, along
with shock adjustments, consumption observations will also be dropped from the Kalman
filter throughout the post-Covid-19 sample period.

Recall the standard reduced-form solution of the VAR:

Yy =C+Qyr—1+Gey (3.3)
The measurement equation is then given by:

2z = Hy + 1 (3.4)

obs obs)

where a n%? x n matrix links the observables (n to the state variables, 1 and vy

represent the vector of measurement errors (v ~ N (0,))) which is assigned a variance

b5 _ ;) x n matrix C to reduce the

of zero in estimation. By introducing an auxiliary (n
number of observables to p; in the Kalman filter, Z; = Cz, H=CH ,and oy = Cuy. py is
time-varying in the sense that the number of observables that are excluded from estimation

changes throughout the sample period. This changes the measurement equation during

the Covid-shock to:

%= Hy+ 1y (3.5)

6Estimation experiments indicated a significantly smaller parameter for consumption habits and the
elasticity of intertemporal substitution both of which interact with the forward guidance dynamics in the
model.
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where the (n°% —2) x n matrix C reduces the number of observables to seven, % = Cz,
H= CH, and ty = Cuy.
Denoting forecasts with '~’, and given the forecast of the variables, g;;_;, and its

variance-covariance matrix of the prediction error, ¥; 1, the forecast of the observ-

v

ables is Zy;_1 = Hyys—1, and their forecast error is uz = 2 — Zy;_1 = H(y: — g]t|t_1) + I,

. . . . ~ A ~ ! / . . .
with variance-covariance matrix Fy = HYy;_1H + WCW . The time-varying variance-

covariance matrix Q§°U is defined as:

o} —|—Dt,j0'%j 0 0
. 0 03+ Dy o3 ... 0
Qgovid — 2T (3.6)
0
0 0 U?j +Dt,j012j

3.4 APPLICATION TO A DSGE MODEL FOR THE EURO AREA

3.4.1 THE MEDIUM-SCALE DSGE MODEL

This chapter uses the medium-scale DSGE model by Smets and Wouters (2007) and
its earlier euro area version, Smets and Wouters (2003), with adjustments to monetary
policy based on KMR (2017) to account for the fixed-interest rate regime in the data
sample. The model features standard New-Keynesian properties, and all variables are
log-linearized around the steady state balanced growth path. By choosing the optimal
level of labor and consumption, households maximize their utility. Intermediate firms are
subject to monopolistic competition, whereas final goods producers are fully competitive.
Prices and wages are indexed to account for inflation persistence. Nominal frictions are
included by a Calvo price component in the Phillips curve. Furthermore, monetary policy
operates in two regimes. Monetary policy follows a Taylor-type rule in normal times that
is based on inflation, output growth, and the output gap, where potential output is defined
as the output level under a fully flexible economy. At the ZLB, conventional monetary
policy in inactive and the nominal interest rate is fixed. A representation of the complete

model, including the sticky and flexible wage economies, and the shock processes can be
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found in the technical appendix.
3.4.2 VAR SOLUTION

The model incorporates an anticipated structural change in the form of a fixed interest
rate regime. When the policy rate follows a Taylor-type policy rule the solution to the

model can be expressed in the following state-space form:

yt = Co+ A1yt—1 + BoEryr1 + Doey (3.7)

where y; is the n x 1 vector of model variables and e; the [ x 1 of structural shocks. Cy,
Ay, By, and Dy are matrices of conformable dimension. The reduced form solution of this

system is:

yr = C+ Qi1+ Gey (3.8)

where C', @), and G are the linear rational expectation solution matrices.

When the policy rate is zero at the ZLB, the state-space model becomes:

yt = Co+ A1yi—1 + BoEye+1 + Doey (3.9)

As shown in Kulish and Pagan (2017) and KMR (2017), the reduced form solution is then

a time-varying VAR of the form:

Yt = Cr+ Quyr—1 + Grey (3.10)

The solution matrices Cy, (Q¢, and G; are denoted as sequences based on the duration
of the ZLB in each quarter. Thus, variability over time is consistent with the expected
duration of the ZLB regime. Since the data sample ends before liftoff, the model is
expected to return to the time-invariant solution (equation 3.7) after liftoff. For instance,
if the ZLB is expected to last for d periods before the model reverts to its original Taylor

rule regime, the time-varying solution is described by the sequences {Q;}¢ 1, {G}¢_;, and
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{Cy}L . In addition, in the Covid-19 rebound quarter in 2020-Q3, the solution matrices
incorporate the temporary ARMA correction of the technology shock.

In estimation, the model chooses a sequence of expected durations d that best fits the
data. This is not necessarily the same duration as implied by the underlying policy rule
and the structural shocks of the model. Following Jones et al. (2022b), the estimated

duration is the combination of two different types of expected durations.
dy = di¥ +dl* (3.11)

The first type, henceforth called lower bound duration déb, is the duration that results from
the policy rule itself when a contractionary shock occurs. In the absence of further shocks,
this duration is expected to decrease by one each quarter. Second, there are forward
guidance durations, d{ 9 which are used to capture forward guidance announcements.
Both types have different effects on the model economy. Lower bound durations predict
a contraction, and an increase would have a negative effect. Forward guidance durations,
however, imply a reduction in interest rates, which would have an expansionary effect on
the economy. Although the conventional monetary policy response remained unchanged

during the Covid-19 pandemic, a sudden change in the expected duration of the ZLB may

reflect a shift in the monetary policy stance.
3.4.3 ESTIMATION

The model is estimated with Bayesian estimation techniques using nine quarterly data
series for the euro area. Seven observables follow Smets and Wouters (2007): log dif-
ferences of real output, real consumption and real investment, real wages, demeaned log
hours worked, log differences of the GDP deflator, and the MRO rate. The remaining two
observables are constructed euro area yields with one-year and five-year maturity, which
are used, following KMR (2017), to include information about the term structure of in-
terest rates in the model. Due to data availability, the sample period starts in 2004-Q3
and includes the Covid pandemic up until 2021-Q4. The additional standard deviations

are estimated for each shock with the exception of the monetary policy and the yield

118



curve shocks, given that there was no conventional monetary policy reaction during the
Covid-19 pandemic. Each additional shock variance is estimated using a prior that follows
an inverse gamma distribution with a mean of 1 and a standard deviation of 2.
Following KMR (2017), I jointly estimate the set of structural parameters and a set of
expected durations. The model is estimated using Bayesian estimation techniques. The
likelihood is defined as £(Z | 8,d), where 6 denotes the structural parameters, Z the data,

and d the sequence of expected durations:

p(0,d| Z) o< L(Z ] 0,d)p(0)p(d)

A Metropolis-Hastings algorithm is used to generate draws from a posterior proposal
distribution, which is a multivariate Student’s t-distribution with its scale matrix chosen
using the inverse of the Hessian matrix at the mode of the pre-ZLB period. A detailed
description of the sampler is given in the appendix.

The priors for the structural parameters are given in table 3.1 and follow Smets and
Wouters (2007) and KMR (2017). The prior for the expected durations is constructed
using point forecasts of the MRO rate from the ECB’s survey of professional forecasters
and a uniform distribution. The upper limit of the probability distribution is set at 17
quarters.” The second quarter in 2020, the most contractionary quarter of the Covid-19
pandemic, is the only quarter in which the upper bound is consistently hit in the MCMC
draws. Increasing the limit to 100 quarters reveals that the expected durations increase to
around 10 years. However, increasing the upper limit comes with a loss of identification for
the remaining quarters. Therefore, the expected durations should be seen as an indication
for an exceptionally large contractionary shock rather than a precise estimate of how long

the ZLB was expected to bind in this particular quarter.
3.4.4 RESULTS

STRUCTURAL PARAMETERS AND SHOCKS Drawing on the modifications outlined above,

the model is estimated over the sample period from 2004-Q3 to 2021-Q4. Despite the large

“On a closer discussion of this upper limit refers to Chapters I and II of this thesis.
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Table 3.1: Posterior Estimates of the Benchmark Model and the Covid-19 Model

Parameters Prior Posterior Posterior
Pre-Covid Model Covid Model
Distribution Mean Std. dev. Mode Mean Std. dev. Mode Mean Std. dev.

Shock Standard Deviations

Technology o 1G 0.42 0.29 0.66 0.66 0.05 0.67 0.67 0.21
Risk premium ab IG 0.20 3.00 0.15 0.16 0.01 0.16 0.16 0.08
Fiscal ¥ 1G 0.42 0.29 0.50 0.51 0.03 0.58 0.59 0.20
Investment o’ 1G 0.42 0.29 0.61 0.60 0.06 0.63 0.65 0.25
Monetary o™ 1G 0.20 3.00 0.30 0.30 0.01 0.29 0.30 0.11
Price mark-up oP IG 0.20 3.00 0.34 0.35 0.02 0.41 0.41 0.14
Wage mark-up o 1G 0.42 0.29 0.30 0.31 0.01 0.32 0.33 0.11
1-year ot U 1.00 0.58 0.34 0.39 0.10 0.35 0.39 0.31
5-year o2 U 1.00 0.58 1.09 1.14 0.46 1.13 1.12 0.65
Term Premium o'l U 2.50 1.44 0.55 0.61 0.16 0.48 0.53 0.37
Shock Persistences

Technology Pt B 0.50 0.20 0.92 0.87 0.05 0.85 0.87 0.05
Risk premium o B 0.50 0.20 0.97 0.96 0.01 0.96 0.96 0.01
Fiscal P9 B 0.50 0.20 0.89 0.90 0.04 0.86 0.86 0.05
Fiscal technology pIe N 0.50 0.20 0.51 0.50 0.08 0.53 0.55 0.10
Investment p?° B 0.50 0.20 0.38 0.39 0.13 0.34 0.37 0.09
Monetary A B 0.50 0.20 0.24 0.22 0.08 0.21 0.21 0.08
Price mark-up PP B 0.50 0.20 0.18 0.27 0.15 0.10 0.24 0.15
Wage mark-up pv B 0.50 0.20 0.10 0.13 0.07 0.03 0.06 0.03
Term premium P’ B 0.71 0.16 0.97 0.95 0.03 0.98 0.96 0.02

Structural Parameters

Investment Adj. Costs © N 4.00 1.50 5.96 6.12 1.24 6.15 6.25 1.33
CRRA o¢ N 1.50 0.375 0.94 0.93 0.09 0.91 0.90 0.10
Habits A B 0.70 0.10 0.74 0.74 0.05 0.76 0.73 0.06
Degree of Wage Stickiness Ew B 0.50 0.10 0.93 0.93 0.02 0.93 0.93 0.01
Elasticity of Labor Supply at N 2.00 0.75 1.46 1.51 0.52 1.72 1.70 0.49
Degree of Price Stickiness 1 B 0.50 0.10 0.80 0.77 0.06 0.69 0.70 0.06
Indexation Wages Lw B 0.50 0.15 0.39 0.39 0.13 0.15 0.18 0.07
Indexation Prices Ly B 0.50 0.15 0.27 0.35 0.15 0.22 0.27 0.12
Capacity Utilization ) B 0.50 0.15 0.59 0.62 0.12 0.62 0.63 0.12
Fixed Costs o N 1.25 0.125 1.62 1.63 0.09 1.57 1.60 0.11
Monetary Policy: Inflation foxe N 1.50 0.25 1.52 1.49 0.22 1.40 1.50 0.24
Monetary Policy: Smoothing PR B 0.75 0.10 0.87 0.86 0.03 0.87 0.87 0.03
Monetary Policy: Output Gap o N 0.125 0.05 0.05 0.06 0.02 0.07 0.08 0.03
Monetary Policy: Output Growth ¢, N 0.125 0.05 0.02 0.02 0.02 0.03 0.04 0.02
Constant Inflation T G 0.63 0.10 0.51 0.51 0.06 0.48 0.50 0.06
Discount Factor gl-1 G 0.25 0.10 0.22 0.2 0.07 0.24 0.24 0.08
Jonstant Labor ] N 0.00 2.00 3.71 3.85 0.96 3.23 291 0.87
Trend Growth v N 0.40 0.10 0.24 0.25 0.03 0.20 0.20 0.02
Capital Share @ N 0.30 0.05 0.26 0.26 0.02 0.22 0.21 0.03
Term Premium Constant cy N 1.20 0.25 1.38 1.41 0.23 1.45 1.47 0.20
Term Premium Constant c20 N 2.35 0.25 2.10 2.09 0.21 2.08 2.02 0.19

Chains have 500,000 draws, half of which is disregarded as burn-in. Moments are multiplied by 1072,
N= Normal Distribution; IG= Inverse Gamma Distribution; U=Uniform Distribution; B= Beta Distribution; G=Gamma Distribution

increase in volatility in the Covid-19 data, most structural parameter estimates remain
stable compared to the pre-Covid-19 sample.®

The introduction of additional variance terms effectively absorbs most of the elevated
volatility in the data, resulting in the estimation of shock standard deviations that are
almost identical to those obtained from the pre-Covid-19 sample. The only exceptions
are the exogenous spending shock (g9) and the price mark-up shock (eP), for which the
standard deviation is marginally higher. Notably, there are also differences in the esti-
mates of the wage Phillips curve, which indicate a lower wage indexation (:*) and reduced
persistence of the wage mark-up shock (p%).

When the consumption data is removed from the Kalman filter during the Covid-19

8 A comprehensive discussion of the estimation strategy and the results for the benchmark model can
be found in Chapter I of this thesis.
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period, the resulting estimates for the consumption Euler equation parameters are nearly
identical. Conversely, the habit formation parameter, which represents the backward-
looking component of the Euler equation, decreases substantially when consumption data
are included. This, in turn, causes the constant risk aversion parameter (c¢) to decrease
considerably, suggesting a shift in preferences during the pandemic. The model estimates
appear to be distorted by changes in agent behavior during the pandemic and hence do

not accurately reflect typical consumption preferences.

Table 3.2: Additional Covid Parameters to the Smets and Wouters (2003, 2007)Model

Additional Covid Parameters Prior Posterior
Distribution Mean Std. dev. Mode Mean Std. dev.

Shock Standard Deviations 2020-Q1

Technology o 1G 1 2 1.06 1.28 0.90
Risk premium ot 1G 1 2 0.54 0.73 0.59
Fiscal o9t 1G 1 2 0.71 1.47 1.27
Investment ot 1G 1 2 0.66 1.17 1.01
Price mark-up oP! 1G 1 2 0.55 0.77 0.65
‘Wage mark-up ol 1G 1 2 0.63 0.80 0.75
Shock Standard Deviations 2020-Q2

Technology 092 1G 1 2 2.36 2.10 1.10
Risk premium ob? 1G 1 2 0.54 0.76 0.61
Fiscal 092 IG 1 2 0.63  1.11 1.09
Investment 042 1G 1 2 0.75 1.48 1.25
Price mark-up oP? 1G 1 2 0.62 0.86 0.86
Wage mark-up o2 1G 1 2 0.87 1.09 0.73
Shock Standard Deviations 2020-Q3

Technology 593 1G 1 2 0.62 0.84 0.69
Risk premium ob3 1G 1 2 0.56 0.77 0.64
Fiscal 093 IG 1 2 1.52 159 1.06
Investment 043 1G 1 2 1.76 1.95 1.31
Price mark-up oP? 1G 1 2 0.89 1.13 0.96
Wage mark-up o3 IG 1 2 0.91 1.10 0.82
ARMA Correction

MA Parameter technology 0° B 0.71 0.16 0.74 0.72 0.10

16 Taverse o Dittoutions B Eeta Disesontion

The posterior mean of the MA parameter for the technology shock () is estimated to
be 0.72, which is smaller than the autoregressive parameter of the technology shock. In the
exogenous spending shock process, the MA parameter is adjusted by the parameter p9®
and is thereby also reducing the signal from prior TFP shock innovations. Consequently,
the TFP shock innovation persistence from 2020-Q1 and 2020-Q2 is significantly reduced,
although not entirely eliminated.

Moving on to the additional variance terms in the Covid-19 sample, which are dis-
played in table 3.2, it is worth noting that these estimates are intended to control for
heteroskedasticity, rather than to precisely estimate the variances themselves. However,

they do confirm the substantial increase in volatility observed throughout the Covid-19
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period.? Considering that each estimate is based on data that is only available for one

quarter, the high uncertainty about of these estimates is not surprising.

Figure 3.5: Kalman Smoothed Structural Shocks during the Pandemic
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Note: The figure plots a simulated Kalman-smoothed time series for the shock pro-
cesses over the Covid-19 period: ¢ (technology), s? (risk premium), €/ (exogenous
spending), €7 (price mark-up), £ (wage mark-up), €{° (investment), e (monetary
policy), e} (1Y Term Premium), and €2° (5Y Term Premium), using 100 randomized
posterior MCMC draws éj, and the equal-tailed 80% posterior bands.

Figure 3.5 displays a smoothed series of structural shocks to visualize how the pandemic
impacted the model. The volatility of all shocks increased significantly during the Covid-
19 shock quarters. Specifically, in the first two quarters of 2020, the technology shock
had a strong negative impact before quickly returning to pre-Covid levels. The Phillips
curve shocks follow inflation and wages data movements and exhibit large and V-shaped
fluctuations. Additionally, the investment-specific technology shock is characterized by a

strong rebound effect. By construction, the monetary policy shock is strictly zero at the

ZLB, which translates into very small movements in the yield curve shocks.

9As an independent exercise, I estimated scaling factors that are common to all shocks, similar
to Lenza and Primiceri (2022) and found scaling factors between three and five. Estimates for other
parameters were quantitatively similar to those obtained using additive variance terms. However, I make
the additive variance approach the baseline because the scaling factors do not allow for what appears to
be some degree of heterogeneity in how much shock volatilities change. A more detailed discussion on
this is given in section 3.5
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MONETARY PoLICY DURING THE CoOVID PANDEMIC At the onset of the Covid-19
pandemic, monetary policy was already constrained by the ZLB. Consequently, the con-
tractionary shock could not be mitigated through an interest rate response, resulting in
little movement in yields across different maturities. However, the model’s estimated
expected duration can provide valuable insights into the stance of monetary policy dur-
ing the pandemic. These estimates not only shed light on agents’ expectations about
the expected duration of the ZLB constraint but also convey information on deliberate
monetary policy actions.

Figure 3.6 depicts the marginal prior and posterior distributions of the expected dura-
tions throughout the pandemic. Despite the similarity of the prior distributions between
2019-Q4 and 2020-Q3, there has been a significant shift toward longer duration esti-
mates. Before the Covid-19 pandemic, the posterior distribution of the expected duration
for 2019-Q4 placed the majority of the mass at around two and a half to three years.
During and after the pandemic, the expected duration distributions displayed a left tail
with a mass skewed toward longer durations. Specifically, during the Covid quarters, the
posterior distribution showed the mass at over four years. This suggests that the data
supported longer duration estimates as the pandemic progressed.

Due to the large fluctuations in the data, estimated durations remain high until the end
of the sample period. Moreover, from late 2018 to the end of 2021, the posterior mean
estimates exceed the prior means consistently, as depicted by the lower left panel of figure
3.7. Forward guidance durations are determined by separating the expected duration
estimates by source, as described in 3.4.2. The results of this decomposition are shown
in the upper panel of figure 3.7. For most of the sample period, monetary policy was
expansionary, and forward guidance appears to have contributed significantly to expected
duration estimates.

Consistent with the pre-Covid-19 sample in chapters 1 and 2, the expected duration
estimates are top-coded by an upper bound of 17 quarters. When using different upper
bound limits in the analysis, the estimate for 2020-Q2 shows a significant increase, but

this comes at the cost of accurately identifying the remaining durations.!®

10The higher the upper bound, the weaker the other durations are identified. As a result, long durations
in all periods of the ZLB have been given more prior weight.
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Figure 3.6: Posterior Distribution for the Expected Duration Estimates
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Note: The figure plots the prior and posterior distribution of the duration estimates from
2019-Q4 to 2020-Q3. The prior is constructed as an equally weighted combination of the
distribution implied by the SPF data and a uniform distribution over all possible durations.

During the Covid-19 shock, duration estimates remain high, while forward guidance
shocks show visible higher volatility. The forward guidance dynamics are similar but
overall lower when estimated using data from the pre-Covid-19 period, accounting for
just below half of the estimated durations initially and expanding throughout the ZLB
period. The level shift in the lower bound duration reflects how differently the structural
shocks transmitted through the economy. The large volatility in the Covid-19 quarters
might not make the usual drivers of the expected durations appear as negative as before.

The lower bound and forward guidance durations are qualitatively similar to those of
the pre-Covid-19 sample. Except for the large contraction in 2020-Q2, forward guidance
remains the main driver behind durations throughout the Covid-19 pandemic. The lower
bound duration in this quarter exceeds the estimated parameter, indicating a negative
trend in forward guidance for the coming quarter. The long durations in the following
quarters may have been the result of a deliberate monetary policy, which was abandoned
earlier than anticipated in mid-2022 when interest rates were announced to increase for the
first time in almost a decade at the ZLB. Moreover, the durations seem to be influenced by

inflation throughout the Covid-19 period. The lower bound durations are determined by
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Figure 3.7: Decomposition of Duration Estimates during the Pandemic
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Note: The upper graph shows the decomposition of expected durations into lower bound
duration and forward guidance duration during the entire sample period. The lower right
graph shows the respective forward guidance shock. The lower left graph plots the expected
duration estimates against the prior with as survey weight of 50%.

the underlying policy rule responses that are constrained at the ZLB. However, according
to the policy rule estimates, most of the policy function reaction is due to inflation rather
than output growth or the output gap. Since inflation picked up soon after the onset
of the pandemic, the underlying policy rule might not have been constrained even if the

output gap remained negative.

HISTORICAL SHOCK DECOMPOSITION After demonstrating the robustness of the model
estimates when including the Covid-19 sample period, this section focuses on analyzing
the properties of the VAR model. Specifically, a historical shock decomposition is used
to identify the shocks that drive the real variables in the model during the pandemic.
This provides a better understanding of the impact of different types of shocks on the
observable endogenous variables throughout the sample period.

Figure 3.8 shows the historical contribution of each shock to changes in output and
inflation levels over the sample period. The main drivers of output are the TFP shock and
demand shocks, which include the risk premium shock, the investment-specific technology
shock, and exogenous spending shock. In the pre-ZLB period, monetary policy had a

countercyclical impact on output, suggesting that some form of stabilization policy was in
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Figure 3.8: Historical Shock Decomposition for Output and Inflation
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Note: This figure depicts the historical contribution of each shock to output and inflation over

the sample period. ¢ (TFP), sg (risk premium), e/ (exogenous spending), ¥ (price mark-up), ¥

(wage mark-up), gs; (investment-technology), e/* (monetary policy), €f (1Y Term Premium), and
€20 (5Y Term Premium). As in Smets and Wouters (2003, 2007), the demand shocks include the risk
premium, investment-specific technology, and exogenous spending shocks. Trend growth is estimated
at 0.8 percent and mean inflation is estimated at 2 percent.

place. Although the usual drivers of output remain similar during the pandemic, the MA
correction of TFP shock innovations’ persistence significantly reduced their contribution
to output recovery.

Inflation in the model is primarily driven by price mark-up shock. It appears that TFP
shocks and risk premium shocks are more prominent during economic recessions, such as
during the GFC or the Covid-19 pandemic. Even before the ZLB period, monetary policy

had limited impact on inflation developments in the model.'!

During the pandemic, some
of the variation in inflation is explained by wage mark-up shocks.

Figure 3.9 illustrates the historical contribution of each shock to hours worked and
changes in the wage index over the sample period. The wage index is mainly driven by
mark-up shocks, while hours worked are influenced by both demand and supply shocks.
The risk premium shock and the total factor productivity shock account for the majority

of the variation in hours worked, with the former having a pro-cyclical impact and the

latter having a counter-cyclical impact. The relationship between productivity shocks and

1By construction, the conventional monetary policy shock cannot affect any developments during the
ZLB period.
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Figure 3.9: Historical Shock Decomposition for Hours Worked and Wages
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Note: This figure depicts the historical contribution of each shock to hours worked and wages over

the sample period. ¢ (TFP), 5? (risk premium), e/ (exogenous spending), ¥ (price mark-up), ¥

(wage mark-up), gs; (investment-technology), e/* (monetary policy), €f (1Y Term Premium), and
€20 (5Y Term Premium). As in Smets and Wouters (2003, 2007), the demand shocks include the risk
premium, investment-specific technology, and exogenous spending shocks. Trend growth is estimated
at 0.8 percent and mean inflation is estimated at 2 percent.

hours worked has been discussed extensively in the literature. As discussed in Gali (1999)
and confirmed for this model in Smets and Wouters (2007), a positive productivity shock
in the model leads to a significant reduction in hours worked. Confirming the results
in Francis and Ramey (2005), Smets and Wouters (2007) explain the negative impact of
productivity on hours worked by the degree of habit persistence and the significance of
capital adjustment costs in the model. Thus, during the Covid-19 pandemic, the negative
TFP shock innovations contributed positively to hours worked.

The historical shock decompositions for consumption and investment (figure 3.17) and
the one-year and five-year maturity bonds (figure 3.18) can be found in the appendix
for Chapter III. The risk premium shock appears to be the main driver of consumption,
whereas monetary policy shocks also had an impact on consumption before reaching the
ZLB. During the pandemic, consumption data were excluded from the Kalman filter,
and the model predicts a more moderate decline in consumption mainly driven by the
risk premium shock. Throughout the sample period, investment was primarily influenced

by demand shocks, particularly the risk premium and the investment-specific technology
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shocks.

In the period leading up to the ZLB, both bond yields were influenced by a variety of
shocks. Monetary policy had a stronger effect on short-term rates. At the ZLB, the one-
year rate was largely driven by term premium shocks and remained negative throughout
the fixed-interest rate period. In contrast, the five-year rate was more volatile and affected
by term premium shocks and demand shocks. The five-year rate also exhibited a larger

response to the pandemic than the one-year rate.

3.5 THE TRADE-OFF BETWEEN HETEROGENEITY AND IDENTIFICATION

OF SHOCK VARIANCES

So far, the additive shock variances have been included to control for heteroskedasticity
during the Covid-19 quarters, rather than to quantify the increase in variances. However,
the identification of these additional variances is increasingly difficult, as each variance
is based on only one observation in the data. Figure 3.10 visualizes the identification
challenges by plotting the prior and posterior distributions for the Covid-19 parameters

associated with the total factor productivity shock.

Figure 3.10: Posterior Distribution for the Covid-19 Shock Parameters
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Note: The figure plots prior and posterior distributions for the Covid pa-
rameters associated with the total factor productivity shock.
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The posterior distribution of the additive shock variance term of the TFP shock for
2020-Q2 is relatively flat and bimodal, suggesting possible identification difficulties. Nev-
ertheless, the mass of the posterior distribution indicates a large increase in data volatility
during this quarter. To improve the identification of the estimates, it is possible to es-
timate scaling factors or additive variance terms that are common to all shocks or all
quarters. However, these approaches overlook the possibility of heterogeneous shock re-
sponses in the model.

This section demonstrates that the shock responses to the Covid-19 pandemic were
heterogeneous in the model. Moreover, as a robustness exercise, I re-estimate the model
using the common scale factor approach by Lenza and Primiceri (2022) and demonstrate
that despite the identification challenges in the benchmark approach, the results are simi-
lar. Therefore, it is important to control for heteroskedasticity to obtain robust estimates
during the Covid-19 pandemic, but the loss of identification does not interfere with the

dynamics of the model when controlling for heterogeneity.
3.5.1 HETEROGENEOUS SHOCK RESPONSES TO COVID-19

Examining the shock responses to the Covid-19 pandemic individually, reveals that they
were heterogeneous, not just in magnitude, but also in timing. Figure 3.11 visualizes
the increased volatility relative to the benchmark case, which is normalized to one. The
TFP shock saw the greatest increase in volatility during the second quarter of 2020, with
a variance that was approximately 3.5 times larger than the benchmark. This increase
was particularly pronounced during the contractionary quarters of 2020-Q1 and 2020-
Q2, where the shock responses were stronger than during the rebound quarter in 2020-
Q3.12 On the demand side, the exogenous spending shock, and the investment-specific
technology shock both exhibit strong rebound effects, whereas the risk preference shock
and the mark-up shocks exhibit similarly alleviated responses in all three quarters.

It appears that the demand shocks in the model, particularly the investment-specific
technology shock and the exogenous spending shock, are characterized by a strong rebound

effect. In the case of supply-driven shocks, such as the mark-up shocks and the TFP shock,

12Note for the TFP shock process, shock innovation persistence has been reduced which lowers the
overall magnitude of the shock response.
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Figure 3.11: Heterogeneity among Shock Variances
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Note: The figure compares the increase in shock volatility for each shock and quarter relative
to the posterior mean of the benchmark variance. The Benchmark variance is normalized to
one.

the contractionary shock quarters 2020-Q1 and Q2 were equally or more important than

the rebound quarter.

3.5.2 ESTIMATING SCALING FACTORS

While the scaling factors are better identified, they neglect the degree of heterogeneity in
shock responses that is visible across the Covid-19 shock quarters.

Identification can be improved by estimating scaling factors that are common to all
shocks. In Lenza and Primiceri (2022), the entire shock innovation-covariance matrix is
rescaled, and the Covid-19 observations are given less weight. Although common scaling
factors are better identified, they do not capture the heterogeneity in shock responses.
Nonetheless, to assess the robustness of the results, I re-estimate the model using common
scaling factors for all shocks based on Lenza and Primiceri (2022).

Reverting to the benchmark model, in which all shock processes are modeled as first-

order autoregressive processes with iid-normal errors implies that:

€t = PEt—1+ Mt (3.12)

130



where n; ~ iid(0,0%) with E(njn:) = Q¢ and E(njm—;) =0, V§ > 0. During the Covid-19
quarters, the shock innovation covariance matrix is up scaled by common scaling factors

St
ajz’t = (s10)? (3.13)

where s; = 1 except for the three quarters that were affected by the Covid-19 shock; 2020-
Q1, 2020-Q2, and 2020-Q3. The shock innovation-covariance matrix of the structural

shocks, €2, becomes time-varying and transforms to:

(5¢01)? 0 0
0 5102)% ... 0
Q= (s102) (3.14)
: 0 . :
0 0 (s09)?

Each scaling factor is estimated with a prior that follows a normal distribution with a
mean of 2 and a standard deviation of 1.

Table 3.3: Variance Scaling Factors for Covid-19

Additional Covid Parameters Prior Posterior
Distribution Mean Std. dev. Mode Mean Std. dev.
Scaling Factor 2020-Q1 S1 N 2 1 3.14 3.34 0.61
Scaling Factor 2020-Q2 59 N 2 1 5.14 5.26 0.59
Scaling Factor 2020-Q3 S3 N 2 1 4.70 4.71 0.59
MA Parameter technology 0® B 0.71 0.16 0.76 0.70 0.15

Chains have 500,000 draws, half of which is disregarded as burn-in.
N= Normal Distribution; B= Beta Distribution

The estimated scaling factors, presented in table 3.3, range between three and five. The
largest scaling factor is estimated for the contractionary shock quarter in 2020-Q2, while
the estimates for 2020-Q1 and the rebound quarter in 2020-Q3 are somewhat smaller.
Figure 3.12 indicates that the common scaling factors are well identified, and the data
assign significant weight to larger scaling factors than the prior suggests.

However, the approach does not account for what appears to be a certain degree of shock
heterogeneity in this model. Specifically, the responses of demand shocks during 2020-Q2

and 2020-Q3 appear to be overestimated. In the model with scaling factors, the volatility
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increase in 2020-Q2 is estimated to be more than five times the benchmark standard de-
viation. When considering shock heterogeneity, the volatility increase for demand shocks,
such as exogenous expenditures and the investment-specific technology shock, is approxi-
mately twice the volatility in the benchmark scenario. Furthermore, the scaling factor in
the third quarter is estimated to be lower than the additional variances estimated when
accounting for heterogeneity, which translates into a slightly higher benchmark volatility
for these shocks.

Figure 3.12: Prior and Posterior Distribution of the Scaling Factors

Note: The figure plots prior and posterior distributions for the scaling factors

and the MA parameter in the Covid-19 model.

The estimates for the structural parameters and the expected are quantitatively similar
to those obtained using additive variance terms. The results support the use of Covid-19
data in DSGE model estimations. Although both approaches produce similar results, I
choose the additive variance approach as the baseline. The scaling factors do not account
for what appears to be a considerable degree of heterogeneity in my model in how much

shock volatilities change.

3.6 A STRUCTURAL SHADOW RATE DURING THE PANDEMIC

While analyzing the expected durations at the ZLB can offer some insight into the stance
of monetary policy during the pandemic, it can still be challenging to fully determine the
monetary policy stance during this time. Factors such as unconventional policy measures

may complicate the interpretation of the policy stance.
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Policy rates typically reflect what a central bank seeks to accomplish in normal times.
The ECB, unlike many central banks around the world, including the Federal Reserve
Bank, could not employ conventional means of conducting expansionary monetary policy
at this time. Ahead of the Covid-19 pandemic, the euro area policy rate had already
reached its effective lower bound, and short-term and long-term government bond yields
showed little variation.

During the Covid-19 pandemic, examining shadow rates may provide insight into the
extent to which monetary policy has been expansionary. Shadow rates refer to alternative
paths of interest rates that do not adhere to the ZLB and can be used to determine the
equivalent of a fixed interest-rate regime. In recent years, various methods have been de-
veloped to calculate shadow rates. For instance, Black (1995) uses yield curve information
to explain negative shadow rates, Krippner (2013) applies a ZLB framework based on non-
negative forward rates from bonds to measure the stance of monetary policy in Japan, and
Wu and Xia (2016) use a term-structure model to construct an unconstrained policy rate
for the US and the euro area. These methods, however, rely solely on interest rate term
structures and cannot differentiate between unconventional monetary policy measures and
structural economic shocks. In contrast, De Rezende and Ristiniemi (2023) construct a
shadow rate for the euro area that employs a term structure model and directly accounts
for unconventional monetary policy actions without imposing a binding ZLLB constraint.
However, their shadow rate measure is not based on a structural model. Addressing the
latter, Jones et al. (2022a) argue that to fully understand the stance of monetary policy, it
is necessary to determine whether the duration of fixed interest rates is due to underlying
shocks in the model or the result of deliberate monetary policy measures.

The euro area’s situation in 2018 provides a useful example of why this distinction
matters. At the time, the economic conditions had improved to the point where the
actual policy constraint no longer applied. Instead, unconventional monetary policies
were the sole driver of the ZLB at the time.

The estimates for expected durations had shortened, indicating a less expansionary
stance of monetary policy during these quarters. The shadow rate estimate from the

structural shadow rate approach of Jones et al. (2022a) reflects the net effects of both the
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ZLB constraint and unconventional policy measures. Therefore, I expect that this shadow
rate estimate is less expansionary than a term-structure shadow rate measure, which only
considers the impact of the ZLB constraint.

The Jones et al. (2022a) shadow rate measure is based on the underlying structural
model. By augmenting the vector of estimated structural shocks with alternative shocks
that replicate the data outcomes under a ZLB regime in a shadow Taylor-rule regime, a
structural shadow rate measure can be derived. While Jones et al. (2022a) construct a
shadow rate for the US during the pandemic, they do so without including the Covid-19
data in estimation. In contrast, I use the proposed time-series approach to estimate the
model for the extended euro area sample and estimate both the structural shocks and the

sequence of expected durations during the Covid-19 pandemic.

3.6.1 CONSTRUCTING THE STRUCTURAL SHADOW RATE

The Jones et al. (2022a) structural measure for the shadow rate is based on a hypothetical
scenario in which an unconstrained Taylor-rule regime would produce outcomes similar
to those observed in a fixed-interest rate regime without the ZLB constraint. This al-
lows the shadow rate measure to capture the effects of both the structural shocks and
unconventional monetary policy measures on interest rate decisions.

Recall the time-invariant reduced form solution of the model when monetary policy is

not constrained:

Yyt =C+Qyr—1+Gey (3.15)

This solution corresponds to the monetary policy regime in which the central bank follows
a standard Taylor-type rule. Furthermore, recall the time-varying reduced form solution

for the fixed-interest rate regime:

Yt = Ct + Qrye—1 + Grey (3.16)

Since, by definition, the monetary shock is set to zero at the ZLB, the vector of structural

shocks has to be augmented by a policy shock ¢, in the shadow system. The shock
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is chosen so that the shadow system with the determinate rational expectation solution
matrices in equation 3.15 matches some of the outcomes of the data in the time-varying

ZLB solution in equation 3.16:
yr = C+Qy;_ +Gep (3.17)

The method of calculating a structural shadow rate has the advantage of considering both
economic conditions and unconventional monetary policy measures, which may have either
expansionary or contractionary effects. This allows for a more comprehensive understand-
ing of the stance of monetary policy and the factors influencing it. The structural shadow
rate can be derived from the estimated policy rate in the shadow system, which is based
on a hypothetical scenario in which an unconstrained Taylor-rule regime would produce
outcomes similar to those observed in a fixed-interest rate regime. This approach enables
the capture of the effects of both the structural shocks and deliberate monetary policy
actions on interest rate decisions.

When the ZLB constraint is expected to bind, a shadow monetary policy shock is chosen
to minimize the distance between selected variables in the shadow system and the same
variables in the constrained system under a set of structural shocks e;. Formally, denote
€ to be a vector of the targeted variables with Ay = £(y: —yf) denoting the difference
between the observed targeted variables and the same variables that evolve in the shadow
system. The shadow monetary policy shock ey, is chosen for each period to solve:
min AjW A,

t

*
‘Sr

The diagonal elements of W are inverses of the variances of the targeted variables, reflect-
ing the volatility of those variables. Through this weighting scheme, data are effectively
standardized, and, as a result, each variable is assigned equal weights. The shadow rate
1 is then constructed by applying the unconstrained policy rule to the shadow rate shock

that satisfies the minimization problem.
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3.6.2 THE STRUCTURAL SHADOW RATE ESTIMATE

The shadow rate measure for the euro area using the model from Smets and Wouters
(2003, 2007) is calculated as described previously. However, unlike Jones et al. (2022a),
who consider all observables, I focus on a subset of observables to account for developments
during the Covid-19 pandemic. This allows for a more specific analysis of the implications

of the pandemic on monetary policy.'3

Figure 3.13: Structural Shadow Rate for the Euro Area
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Note: The figure plots the estimated structural shadow rate measure for the euro area at
the posterior mean during the ZLB (left panel) and the shadow rate shock (right panel).

Figure 3.13 depicts the estimated structural shadow rate and the shadow rate shock
at the posterior mean. Throughout the ZLB period, the constructed shadow rate has
consistently been lower than the MRO rate. In the period between 2014 and 2016, the
structural rate fluctuates between 0% and -1%. The introduction of the asset purchasing
program in 2015 and the further decrease of the MRO rate in early 2016 translate into
expansionary policy and lead to a decrease in the shadow rate to approximately -1.5%.
The estimated shadow rate indicates an expansionary stance of monetary policy compared

to the policy response throughout the sample period, and peaks during the Covid-19

13Based on the results presented in this chapter, inflation and output are the most relevant variables
for monetary policy. Nevertheless, the results are robust even when other combinations of targeted
observables are taken into account, except for consumption, which is excluded from estimation during
this period, and investment, which has been intertwined with consumption.
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pandemic when the shadow rate decreased to almost -6%. In general, shadow rate shocks
are negative during the ZLB period, but they exhibit exceptional volatility during the

pandemic.

Figure 3.14: A Comparison of Different Shadow Rate Measures for the Euro Area
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Note: This figure shows the MRO rate (solid grey line) and different shadow rate
measures. The solid red line corresponds to the structural shadow rate measure
calculated in this study. The dotted blue line plots the Wu and Xia (2016) shadow
rate. The dashed blue line corresponds to the De Rezende and Ristiniemi (2023)
shadow rate with two pricing factors and the dotted-dashed line plots the Krippner
(2015) shadow rate.

Figure 3.14 shows a comparison between the structural shadow rate and shadow rates
developed by Wu and Xia (2016), Krippner (2015), and De Rezende and Ristiniemi (2023).
The estimated structural shadow rate follows a similar trend to the term-structure rate
by Wu and Xia (2016) but is less negative at any given period. At the onset of the ZLB
period in 2014, the two measures were nearly identical, but the structural shadow rate rose
above the Wu and Xia (2016) measure and had pronounced fluctuations that appear to be
closely linked to forward guidance announcements. The Wu and Xia (2016) measure re-
acts strongly to the announcement of the ECB to start with an Asset Purchasing Program
(APP) in early 2015. In contrast, the Krippner (2015) measure predicts a tightening of

monetary policy in the following months (for a discussion see, e.g., Elbourne et al., 2018).
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The structural shadow rate measure still views this announcement as expansionary, but
the effects are less pronounced and quantitatively closer to the recent shadow rates of
De Rezende and Ristiniemi (2023) and Krippner (2015). All four measures react con-
tractionary to announcements to reduce and eventually end the APP in 2017 and 2018,
before turning expansionary to a worsening economic outlook in 2019.

Each of these measures displays a different pattern as the Covid-19 pandemic unfolded.
The De Rezende and Ristiniemi (2023) shadow rate measure remains stable around -1%
with little movement throughout the pandemic period. The Krippner (2015) shadow rate
measure reacts contractionary at the onset of the pandemic before slightly falling in the
subsequent quarters. The Wu and Xia (2016) measure has consistently been around -6%
to -8% since 2017 and reacts only marginally but expansionary to the Covid-19 shock. The
shadow rate measures of Krippner (2015) and De Rezende and Ristiniemi (2023) show
no visible movement. In contrast, the structural measure constructed in this chapter
shows a noticeable decline that almost closes the gap between the two measures, peaking
at close to -6% in 2020-Q2. In the Covid-19 pandemic, economic uncertainty may have
contributed to the large drop. In the ECB’s Survey of Professional Forecasters, expected
duration reports increased, suggesting that agents expected the ZLB to bind for a longer
period of time during the onset of the pandemic. It was understood by rational agents at
that time that once social health restrictions were lifted, temporary policy measures would
likely be rolled back and the monetary policy stance would return to pre-pandemic levels,
as indicated by the immediate rebound in the structural shadow rate. During the second
period of lockdowns in 2021, the structural measure becomes once again expansionary,
whereas the Wu and Xia (2016) and the Krippner (2015) measures continue to have an
increasing trend.

Similar to the sensitivity observed in term structure shadow rate models to changes in
the estimation procedure as discussed in Krippner (2020), the measurement of the struc-
tural shadow rate may exhibit sensitivity to the underlying structural model. However,
as highlighted by Jones et al. (2022a), the approach has the potential to be robust across
different model specifications due to incorporating expected durations based not only on

survey data but also estimates of the structural shocks and the model-implied monetary

138



policy rule.

3.6.3 THE ROLE OF THE MA PARAMETER FOR TFP SHOCK INNOVATIONS

When estimating the model with the Covid-19 sample period, the moving average (MA)
correction for TF'P shock innovations reduces their persistence effectively. The MA coeffi-
cient, 6%, is estimated with a mean of 0.72, which is lower than the persistence parameter
of the technology shock (p* =0.87). Similarly, when the MA coefficient is combined with
the parameter in the exogenous spending shock that indicates the relevance of TFP shock
innovations for the shock, the MA coefficient is once again smaller than the autoregres-
sive coefficient for the exogenous spending shock. This indicates that the persistence of
TFP shock innovations in 2020-Q1 and 2020-Q2 has been significantly reduced, but not
entirely offset. By setting the MA coefficient equal to the autoregressive coefficient, it

would prevent any persistent effects of TFP shock innovation in 2020-Q1 and 2020-Q2.

Figure 3.15: Structural Shadow Rate without ARMA correction

Structural Shadow Rate » Structural Shadow Rate Shock

Note: The figure plots the estimated structural shadow rate measure for the euro area at
the posterior mean during the ZLB (left panel) and the shadow rate shock (right panel) when
the MA parameter 6¢ is set to zero.

Without the MA dynamics in the shock processes, the highly negative shock innovations
observed in the first half of 2020 would have persistent effects, as illustrated in Figure
3.15. As a result, the rebound effect would be considered a highly positive shock to the
economy, for which the model implies not only a liftoff but also a policy rate exceeding
four percent. The shadow rate displayed similar behavior before and during the Covid-

19 shock, as in the model with MA correction, although it showed a more pronounced
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downward movement in 2020-Q2.

The persistence of TFP shock innovations over the course of the Covid-19 pandemic
may indicate that the constraint is expected to bind for a longer period, resulting in a long
duration of the lower bound. As a result, the spike in the shadow rate can be attributed to
the sudden disappearance of lower bound durations in the quarter following the rebound.
Although long lower bound durations are still estimated with the MA parameter included
the spike in the shadow rate has been eliminated.

The decline in TFP shock innovations appears to indicate that agents expected the
loss of productivity to be transitory and expected an immediate recovery as soon as the
lockdowns and social health measures had been lifted. As a result, the shadow rate
projects a much smoother path during the rebound quarter. Rather than interpreting
the rebound effect as an expansionary impact on the economy, agents understood it to
be simply a result of lockdown easing, which resulted in the shadow rate returning to its

pre-pandemic level.

3.7 CONCLUSION

The Covid-19 pandemic has been the largest contractionary shock to hit the euro area
in recent history, including both the Great Financial Crisis and the Sovereign Debt Cri-
sis. The large additional variation in the Covid-19 data and its low persistence presents
challenges for the estimation of DSGE models and can distort structural parameter and
expected duration estimates.

This chapter aims to extend the literature on estimating Covid-19 outliers in VAR
models (e.g., Lenza and Primiceri, 2022, Carriero et al., 2021, Schorfheide and Song,
2021) to structural DSGE models. For this, I propose a time-series approach to deal
with the extreme data outliers observed during the Covid-19 pandemic. My approach,
in the spirit of Lenza and Primiceri (2022) for VAR models, makes three adjustments
to the standard estimation procedure without modifying the structural equations of the
model. I introduce a time-varying shock innovation-covariance matrix that captures the

extreme heteroskedasticity in the shock variances, an Autoregressive Moving Average
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(ARMA) correction to lower the persistence of effects of total factor productivity shock
innovations during the pandemic, and a measurement correction for consumption data
using the Kalman filter. The latter is required as the measured consumption data does not
reflect the behavioral responses during previous periods and, therefore, is not informative
about structural parameters related to consumption behavior. The adjustments to the
estimation procedure are straightforward to implement and do not require an adjustment
to the structural equations of the model.

Results yield similar structural parameter estimates to the original Smets and Wouters
(2003, 2007) estimation results and to those for the pre-Covid-19 sample presented in
Chapter I and Chapter II of this thesis.

In addition, the framework allows for an assessment of monetary policy during the
Covid-19 pandemic despite being at the ZLB at the time. Overall, while incorporating
Covid-19 data delivers robust parameter estimates compared to the pre-Covid-19 sample,
it implies somewhat longer forward guidance durations. In early 2020, the estimates of the
expected durations indicate an expansionary stance of monetary policy throughout the
Covid-19 pandemic quarters. This is confirmed by the construction of a structural shadow
rate measure based on the approach in Jones et al. (2022a). This measure is based on the
underlying structural model and so incorporates the developments of structural shocks in
the economy but also accounts for unconventional monetary policy actions. Compared to
other shadow rate measures, such as Krippner (2013), Wu and Xia (2016), and De Rezende
and Ristiniemi (2023), the structural shadow rate indicates a fully expansionary stance

of monetary policy despite the lack of movement in the yield curve.
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3.8 CHAPTER III APPENDIX

Figure 3.16: Prior and Posterior Distributions for the Additive Shock Variances
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Note: This figure depicts the prior and posterior distributions of each shock over the sample
period. ¢ (TFP), &% (risk premium), f (exogenous spending), €? (price mark-up), e¥ (wage
mark-up), gs¢ (investment-technology), €] (monetary policy), af (1Y Term Premium), and
€20 (5Y Term Premium). As in Smets and Wouters (2003, 2007), the demand shocks include
the risk premium, investment-specific technology, and exogenous spending shocks.
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Figure 3.17: Historical Shock Decomposition for Consumption and Investment
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Note: This figure depicts the historical contribution of each shock to consumption and investment
over the sample period. ¢f (TFP), ai’ (risk premium), £J (exogenous spending), ¥’ (price mark-up),
e (wage mark-up), gs¢ (investment-technology), £/* (monetary policy), e} (1Y Term Premium),
and €2° (5Y Term Premium). As in Smets and Wouters (2003, 2007), the demand shocks include
the risk premium, investment-specific technology, and exogenous spending shocks. Trend growth is
estimated at 0.8 percent and mean inflation is estimated at 2 percent.

Figure 3.18: Historical Shock Decomposition for the 1Y Rate and the 5Y Rate
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Note: This figure depicts the historical contribution of each shock to the 1Y rate and the 5Y rate
over the sample period. €} (TFP), 5? (risk premium), ef (exogenous spending), ¥’ (price mark-up),
€}’ (wage mark-up), gs¢ (investment-technology), €] (monetary policy), af (1Y Term Premium),
and €29 (5Y Term Premium). As in Smets and Wouters (2003, 2007), the demand shocks include
the risk premium, investment-specific technology, and exogenous spending shocks. Trend growth is
estimated at 0.8 percent and mean inflation is estimated at 2 percent.
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Figure 3.19: Prior and Posterior Distribution for the Expected Duration Estimates
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Note: The figure plots the prior and posterior distribution of the duration estimates from 2014-Q3
to 2016-Q4. The prior is constructed as an equally weighted combination of the distribution implied
by the SPF data and a uniform distribution over all possible durations.
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Figure 3.20: Prior and Posterior Distribution for the Expected Duration Estimates
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Note: The figure plots the prior and posterior distribution of the duration estimates from 2017-Q1
to 2019-Q2. The prior is constructed as an equally weighted combination of the distribution implied
by the SPF data and a uniform distribution over all possible durations.
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Figure 3.21: Prior and Posterior Distribution for the Expected Duration Estimates
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Note: The figure plots the prior and posterior distribution of the duration estimates from 2019-Q3
to 2021-Q4. The prior is constructed as an equally weighted combination of the distribution implied
by the SPF data and a uniform distribution over all possible durations.
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Concluding Chapter

The three chapters of this thesis explore the transmission of monetary policy during
unconventional times. Chapter I estimates a medium-sized DSGE model for the euro
area when interest rates are constrained at the zero lower bound (ZLB). Results indicate
that agents’ expectations regarding how long the interest rate will remain at zero play a
significant role in the model’s non-linear dynamics. The framework provides an additional
channel for unconventional monetary policy in the form of forward guidance when the
expected duration of the ZLB constraint exceeds what is implied by the underlying rule.

Chapter II investigates the role of liftoff expectations in mitigating the effects of forward
guidance dynamics, finding that a passive monetary policy regime upon liftoff can signif-
icantly dampen the expansionary effects on the real economy, even causing deflationary
pressures.

Finally, Chapter III aims to extend the literature on estimating the extreme Covid-19
outliers in VAR models to structural DSGE models. I propose a time-series approach that
adjusts the estimation procedure to deal with the extreme data outliers observed during
the Covid-19 pandemic. This approach can be used to assess monetary policy during the
Covid-19 pandemic even though interest rates were constrained at the ZLB during this

time.
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Appendix A

Technical Appendix

A.1 ADDITIONAL INFORMATION ON THE DATA

AlogGDF, gl Yt — Y1
AlogCy Y ct—Ci—1
Alogl; ol U — 11
AlogW vy Wt — Wi—1
{n‘)bs} = logH} = [ + l;
Alogmy T e
MRO; r T
% F+ct T
y;20 74 20 720

where 7 denotes the quarterly growth rate to GDP, consumption, investment, and wages.
Moreover, 7 is the quarterly steady state inflation rate, r the steady state interest rate,
and [ the steady state hours worked. ¢! and ¢? are maturity-specific time-invariant

components.



Figure A.1: Observable Variables
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Note: The figure plots the nine observables for the Covid-19 sample: Real GDP,
real consumption, real investment, and real wages, hours worked, the GDP deflator
as the measure for inflation, the MRO rate, and at l-year and 5-year rates. The
data sample captures the period from 2004:Q3 to 2021:Q4. The benchmark and the
sunspot model are sub-samples of the Covid-19 sample that captures the period from
2004:Q3 to 2019:Q4 Source: ECB, Eurostat

Figure A.2: Interest Rate and Yield Curve Developments in the Euro Area
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Note: The figure plots the main operating financing rate and AAA-rated
euro area central government bonds at different maturities: MRO rate (black
line), 1-year (blue line), 5-year (red line). Source: ECB SDW.
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A.2 THE MODEL

A.2.1 SticKY PRICE ECONOMY

Consumption Euler Equation:

N whr, 2
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Resource constraint:
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Production Function:
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Factor prices:
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A.2.3 TAYLOR RULE AND YIELD CURVE

TR, fort<T

t=9y—-r, forT<t<T*

TR, forT>T*
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where TR:
#1 = prie1+ (1= pr)(Sxfte+ &y (G — 9)) + Syl — Ger) — (0] = 91)) +e* (A.25)
Yield Curve:
Tit="Tjt+T+ci+n ey for j=2,3,....,m (A.26)

A.2.4 STRUCTURAL SHOCKS

Technology Shock:

ef =p'ei_1+nf (A.27)
Household Preference Shock:
et = plet_y 11} (A.28)
Government Spending Shock:
ef = plel 1 i + %t (A.29)
Monetary Policy Shock:
el =p"el 1+ (A.30)
Investment Technology Shock:
ef” = pPef? +nf (A.31)

153



Price mark-up Shock!

el = pPel_ |+ (A.32)
Wage Mark-up Shock:

e’ = peil + g (A.33)
Yield Curve Shock?

ne=p—1+ent (A.34)

1Smets and Wouters (2007) propose an ARMA(1,1) process for the price and wage Phillips curve
shocks. These are not well identified for the European data sample. In a previous version of the model
for the euro area, Smets and Wouters (2003) assume the three cost pushed shocks (e, €4, and €,) to be
iid-normal processes.

2Furthermore, I examine shocks specific to maturity periods of 4 quarters and 20 quarters.
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A.3 SOLUTION STRATEGY

A.3.1 TIME-INVARIANT SOLUTION

The model can be cast into state-space form following Binder and Pesaran (1995, 1997).
A rational expectation model that is linearized around a non-stochastic steady state can

be cast in the following form:3

Aoyt = Co+ A1ye—1 + BoEryr1 + Doet (A.35)

where y; is a nxl vector of endogenous variables with k& < n forward-looking (non-
predetermined) variables and e; is a [zl vector of exogenous shocks. The dimensions

of the remaining matrices of the system can be summarized as:

Ap nxn
C nx1
Aq nxn
By nxn
Dy nxl

Given that all agents form rational expectations under a known regime, the unique solution

is a VAR of the following form:

yr =C+Qui—1 + Gey (A.36)

where C, @), and G are conformable matrices. Given Fierp1 =0, and  FEuypp1 = C+

Qut, substituting equation A.36 into equation A.35 and rearranging terms subsequently

3The following derivation of the Binder and Pesaran (1995, 1997) algorithm contains supplementary
explanations and notations form Kulish and Pagan (2017), which support the understanding of the
mathematical representation.
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delivers:

Aoyr = C+ Aryr—1 + Bo[C + Qui + GEyeri1] + Dosy (A.37)
(AO — B()Q)yt =C+ A1ys—1+ BoC + Doey (A.38)
Y = (Ao — BOQ)_1(0+A1yt_1 + BoC + D()Et) (A.39)

Re-writing (Ag— BoQ) ™' = (I — Ay ' BoQ) ' Ay ! and defining T'= A, 'C, A= Ay' A;,B=

Ay 1By, and D = Ay 1Dy the system becomes:

yr = (I — Ay ' BoQ) "t Ay (C + Aryi—1 + BoC + Doey) (A.40)

ye = (I — BQ) Y (I'+ BC + Ay;_1 — Dgy) (A.41)

Equation A.41 has to be equal to equation A.36, which implies that:

(I-BQ)"'(T+BC)=C (A.42)
(I-BQ)'A=Q (A.43)
(I-BQ)'D=¢G (A.44)

Equation A.43 determines Q by implying that:
A-Q+B@*=0 (A.45)
Furthermore, by showing that equation A.42 can be transformed to:
=~ (J—BQ)—lB}_l(J— BQ)™'T (A.46)
where A = (I — BQ)™'T and F = (I — BQ)~'B, the equation becomes:

C=(I-F)'A (A.47)
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Once @ is found, it is possible to determine C' and G, and thereby the solution of the

model.

A.3.2 TIME-VARYING SOLUTION

To derive the solution during the ZLB period, re-consider the time-varying VAR solution
for the LRE model:

Yt = Ct + Qryr—1 + Grey (A.48)

Assuming Eje;—1 = 0 implies that in period ¢+ 1:

Ewyir1 = Crp1 + Qes1vs (A.49)

By using equation A.49 and the canonical form of the structural equations during the ZL.B

(equation A.48), the following conditions can be derived for the time-varying regime:

(I—B*Qiy1) YT+ B*Ci1) = C; (A.50)
(I —B*Quy1) tA* = @y (A.51)
(I—B*Quy1) D" =Gy (A.52)

Equation A.51 implies that the solution for (); involves a backward recursion:

A" = Qi+ B*Q1Q: =0 (A.53)

Starting from the solution to the final structure Q411 = @, choose sequence {Qt}tTjjfl such

that equation A.53 is satisfied. With this sequence we can determine sequence {G¢ zzgfl
and {C’t}f;fl which completes the solution of the model. Kulish and Pagan (2017) derive
the necessary conditions for the existence of a unique and stable final structure () solution
and include the existence and uniqueness of the sequence {Q z:rjfl Consequently, to

guarantee a unique and stable solution (I — By@Q¢+1) must be invertible and therefore of
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full rank. Equation A.53 can be written as:

A+ FiCryy =Cy (A.54)

where Ay = (I — BQi+1)"'T" and Fy = (I — BQyy1) ' B. After deriving Qy, C; can be

solved through a forward recursion of the form:

Cr=MN+F N1+ FrFiq Ao+ ... (A.55)

At the ZLB, t =T,...,T* — 1, the solution to the system is a time-varying VAR, which

depends on the anticipated changes to the structure.
A.3.3 THE SUNSPOT SOLUTION UNDER INDETERMINACY

Under indeterminacy, I — BQ is not invertible and therefore, the solution derived before
is not feasible. The sunspot solution follows Bianchi and Nicolo (2021) and Gibbs and
McClung (2023) and provides auxiliary equations to make the matrix singular.

A LRE model has a unique and stable solution if and only if the number of unstable
roots 7y, eigenvalues that are larger than one, is equal to the number of forward-looking
variables. Recall that k& denotes the number of forward-looking variables in the system.
When the number of unstable eigenvalues is smaller than the number of forward-looking
variables, the model solution is indeterminate (ny < k). The degree of indeterminacy is
then defined by how many auxiliary equations are needed to guarantee a stable solution
m =k —mny. As in Gibbs and McClung (2023), I use the sunspot solution proposed by
Bianchi and Nicolo (2021):

o1 0 0 171,25_Et=7:1,t Vit
0 L 0 :L‘zt—Etht V9t
St = ez St—1+ - (A56)
1
0 . 0 Qim Tt — Etxm,t Umt

where s; is an autoregressive parameter dependent on parameter o < 1 and the degrees
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of indeterminacy m. v = (v1,v9,...,vp) is a sunspot shock with standard deviation o”
and x = (71,72,...,oy) is a one-period ahead forecast error associated with the forward-

looking variable that follow the sunspot process.

Equation A.56 is added to the determinate system (equation A.35) which delivers a

revised canonical form:

Adyi = C5 + Ajyi 1 + BiEwyi 1 + Die (A.57)

The sunspot is adding m additional auxiliary equations to the system, such that y; =
(yt, ¢, ¢, Erapy1) and one additional exogenous shock vy, such that €f = (e¢,14), and the

solution matrices become:

In—m On—mxm On—mxm On—mxm C’Oy

AS _ Omxnfm Im Omxm Omxm Cg _ COIB
Omxn—m _Im ]m 0m><m Omxl
Omxn—m Omxm Omxm Im Omxl
Aly Alym On—mxm On—mxm

A5 — Alxy Am Omxm Omxm

= -1
Omxn—m Omxm 0; —1In
Omxn—m Omxm Omxm I,

BOy BOym On—mxm On—mxm DOy 0m><m
BS _ BOxy Bm Omxm Omxm DS _ DO.II Omxm
Omxn—m Omxm Omxm Omxm Omxl _[m
Omxn—m [m Omxm Omxm 0m><l Omxm

When k = 0, equation A.56 is equal to the determinate system (equation A.35). When

k > 0, the solution is a VAR of the form:

yi =+ Q7 + G (A.58)
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where C*, (Q%, and GG* are of conformable dimension.
Given Fief, 1 =0, and Euyi = C°+ Q°y{, substituting equation A.58 into equation

A.57 and rearranging terms subsequently delivers:

yi = (A5 = B3Q°) " (C* + Afyy + B{C™ + Dief) (A.59)

Rewriting the system delivers:

i = (1= B*Q*) (I + B°C® + A°y;_; — D°¢}) (A.60)
Which implies:
(I—-B*Q%) (I + B5C®) = C* (A.61)
(I-B°Q°) A" =@’ (A.62)
(I-B*Q*) " 'D* =G (A.63)

A.3.4 INFLATION SUNSPOT EQUILIBRIUM

The degree of indeterminacy in a passive monetary policy regime is m = 1, hence, the
one additional auxiliary equation needs to be augmented to the system. As in Gibbs
and McClung (2023), the respective forward-looking variable that is associated with this

equilibrium will be inflation.

St :(pstfl—i-(Trt—Et,lﬂ't)—Vt, p=— (A.64)

In the case considered here ¢ is a 1 x 1 matrix, providing a single missing root in case
of indeterminacy when ¢; <1 . If the root is provided depends on the parameter po. By
setting o < 1, the sunspot solution provides the necessary explosive root to guarantee a
unique and stable solution to the system. For p > 1, the sunspot has no impact as the

LRE model solution does not depend on it.
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The canonical form of the LRE model becomes:

C—i—Qytfl—i-Gé‘t, fort < T

Ut = VO QU +{G ) ey, for T <t<T*

C*+ Q%yr—1 + Gy, for T >T*

where in the third regime allows for a longer period of unconventional monetary policy

where the central bank reacts passively to changes in inflation ¢3 < 1:

Pe = plfe—1 + (1 — pi) (@57 + 050 — 91)) + O35y (B — Ge—1) — (9 —9]_1)) +e
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A.4 POSTERIOR SAMPLER

The sampler for the joint posterior of structural parameters and the sequence of expected
durations of the ZLB is based on the tailored randomized block Metropolis—Hastings
algorithm developed by Chib and Ramamurthy (2010). As in KMR (2017), those are
drawn from two separate blocks of the sampler. Instead of updating the entire set of
parameters in each draw, the parameters are randomly clustered at every iteration into

an arbitrary number of blocks.
DURATIONS BLOCK D

For this block, I use an independent uniform proposal density. The number of expected
durations updated in each draw is randomized from a discrete uniform distribution [1,1,],
where [; determines the upper bound of durations to be updated. I set [; to 2, as in
KMR (2017). The particular quarters that are updated in each draw sequentially are
randomized from a discrete uniform distribution [1,{], where [ displays the length of the
ZLB in the sample (I = 16). The corresponding elements are randomly sampled from
a discrete uniform distribution [1,d], while the non-updated parameters remain at the
values in d;_1, where d is the maximum admissible duration, which I set to 17 quarters.

The acceptance rate is calculated according to:

p(0j-1,d;| Z)
plj-1,dj-1| Z)

o =
The proposal is then accepted with probability min{c@l,l}, setting d; = d;-, or dj_g

otherwise.
STRUCTURAL PARAMETERS BLOCK

The block of structural parameters ng = 42, and 6 the number of parameters updated
in each draw is randomized from a discrete uniform distribution [lg,ng], where ly deter-
mines the lower bound of parameters to be updated. I set ly to 8, as in KMR (2017).

Then, I randomly sample which parameters to update from a discrete uniform distribu-
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tion [1,mg]. The proposed 9;- is constructed from a multivariate Student’s t-distribution
; ~t(6;—1,%,v), where v denotes the degree of freedom and ¥ is the scale matrix based
on the negative inverse Hessian at the posterior mode of the pre-ZLB sub-sample, multi-
plied by a tuning parameter x which is set to 0.075 to ensure an acceptance ratio between
40% and 50%. Denoting the set of updated parameters in each draw as 2 ; and those

being held constant as 01 ;, the density can then be written as:

th,; . Orj-1| |X11 X2

~ Y Y v
B2, Ooj—1| [X21 222
Deviating from KMR (2017), in each draw ¥ is reordered, such that the updated param-

eters correspond to the first columns and rows of the scale matrix.
QZ"J' ~ t(ej_l,zi,v)

The subset of updated parameters 60; ; is then based on the Cholesky Decomposition of
this subset of the scale matrix ;. This technical addition to the sampler ensures that by
construction the inverted sub-sample of the scale matrix will be invertible as well.* The

conditional density, based on Ding (2016) and KMR (2017), is defined as:

14

vV+p1

02, 1015 =015-1~1 <02,j1, Yog|1,V +p1>

where pj is the number of parameters being held constant, and
Saop = S22 — To1 877 L1

The acceptance ratio for admissible values is calculated according to:

p(0;,d; | Z)
p(0j-1,d; | Z)

a .

0
J

4In spite of the fact that this is always true mathematically, small numerical inaccuracies in the
sampler code may lead to this error.

5Note, for inadmissible values a? is set to 0.

163



Subsequently, the proposal is accepted with probability mz’n{af,l}, setting 0; = 9;- or

;1 otherwise.
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A.5 THE KALMAN FILTER

The Kalman filter to construct the likelihood function follows closely the approach of
KMR (2017). Before the ZLB hits the economy, the model variables follow a standard

reduced-form solution:

Yy =C+Qui—1+Gey (A.65)

obs

This implies the following measurement equation, in which a n°*® x n matrix links the nine

obs)

observables (n to the state variables, y; and 14 represent the vector of measurement

errors (vy ~N(0,V)):

2 = Hyy + 14 (A.66)

The model follows a time-varying reduced form solution during the ZLB:

yr = Cr+ Quyr—1 + Grey (A.67)

The ZLB eliminates any variation in the data which would result in singularity in the
Kalman filter. Hence, following the approach of KMR (2017), the observable for the
policy interest rate is dropped during the ZLB. The measurement equation at the ZLB is

therefore:

Ei ZZAZiyt'+-iQ (ﬁ&138>

By introducing an auxiliary (n°% — 1) x n matrix W to reduce the number of observables
to eight in the Kalman filter, I define z; = Wz, H = WH, and 1y = Wy,

The measurement equations (A.66, A.68) and the two model reduced-form solutions
(A.65, A.67) build the state-space model for which the Kalman filter can be applied and
hence, the likelihood function is constructed. Denoting forecasts with '~’, and given the

forecast of the variables g;; 1 and its variance-covariance matrix of the prediction error
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Yyj¢—1, the forecast of the observables is §t|t,1 —H Yt¢—1, and their forecast error is uy =
Z— §t|t—1 = H(y; — Gi|t—1) + ¢, with variance-covariance matrix Fi= I:IEﬂt_lﬁ/ +WVW'.

The variables of the model are then given by:
Ytjt = Ytjt—1 T 2zt|t—1E[/Fflut
which implies the forecast value of the model variables:
1t = Cor1 + Qerye + Kowy

and with the Kalman gain matrix K; = Qt+12t|t_1f_f /Ffl. The recursion for the mean

squared error matrix ;1 is given by:

Zzs+1|t = Gt+1QGt+1 + Qt+1(2t\t—1 - Et|t—1H Ft_lgzﬂt—l)Qt—i—l

And the log-likelihood function for the ZLB period is:

no L 1 N R
5 )ln(27r) - §Zln | F} | ~3 S
¢ t

L=—(
where L represents the number of quarters of the sub-sample after entering the ZLB.

THE KALMAN FILTER DURING THE CoOVID-19 PANDEMIC

Recall the standard reduced-form solution of the VAR:
yr =C+Qui—1+Gey (A.69)
The measurement equation is then given by:

Zt = Hyt—i-l/t (A70>

obs

where a n obs)

x n matrix links the observables (n to the state variables, y; and 14

represent the vector of measurement errors (v; ~ AN(0,V)). By introducing an auxiliary
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(n° —2) x n matrix C to reduce the number of observables to p; in the Kalman filter,
Z = Cz, H=CH , and 7y = Cyy. This changes the measurement equation during the

Covid-19 pandemic to:
5= Hy+ (A.71)

where the (n° —2) x n matrix C reduces the number of observables to seven, % = Cz,

HECH, and 7y = Cuy.

Y

Denoting forecasts with '~’, and given the forecast of the variables, g;; 1, and its

variance-covariance matrix of the prediction error, ;_;, the forecast of the observ-
ables is %1 = H;;—1, and their forecast error is uy = % — Zyp_1 = H(yt — 1) + 1,

v v v/ /
with variance-covariance matrix Fy = HXy, 1 H +WCW . The time-varying variance-

covariance matrix Q§°V is defined as:

U%—FDtUij 0 0
0 03+ Dyo3 . ... 0
Q= 2 22,5
0
0 0 of +Dioj;

A.6 THE KALMAN SMOOTHER

The Kalman smoother equations follow Hamilton (1994, pp. 394-397).

Jor = Ueje + Je(Grrj — Tevape) (A.72)

The steps of the Kalman smoother are as follows. After calculating the Kalman filter
according to section A.5, the sequences {g}ﬂt}tT:l, {gt+1|t};[:1 and {Et‘t}thl are known.
The smoothed estimate for time 7" is denoted as ypp and is given by the last entry in

{ﬂtlt};:l- Defining J; as:
Ji = QS (A.73)
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Recursively, from ¢t =T : 1 using equation A.72 delivers the full set of smoothed estimates.

The smoothed estimate §z7 imply the mean square error (MSE):

Sor = S + It (Bpajr — D) S (A.74)

168



A.7 CONVERGENCE DIAGNOSTICS

The Brooks, Gelman and Rubin test (Gelman and Rubin (1992) and Brooks and Gelman
(1998)) compares M different chains (¢1",45,...,43}) with different starting points. For

each chain, the posterior mean is calculated according to:

1 N
N

1

Let o = ..., the between-sequence variance B /n and the within variance W can be

derived:

1 m n
W=m22 bjt—

j=1t=1

2

With this in hand, the weighted average variance ¢“ can be calculated:

Considering the sampling variability of ji implies a pooled posterior variance estimate

vo24
mn

Finally, convergence is assessed by comparing the variance ratio between the pooled and

within-chain inferences:

14
R=—
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The scale reduction factor, v/R, is unknown and hence must be estimated which is called

the potential scale reduction factor (PSRF).

_m+16in—1

N 14
R_W m W mn

The chains have converged, if the PSFR is close to 1. A common reference point for

convergence is R<1.2.

A.8 GENERALIZED IMPULSE RESPONSE FUNCTIONS

The GIRF with an estimated duration of d = 13 is defined as:
GIRF(N,9,wi-1) = Eljes v | (] = &)y), diz,wp-1] = Bl | 9, diz,we1]

The steps of the algorithm to obtain the GIRFs are as follows:

1. Pick a history w;—1 that corresponds to the steady state of the model before the

respective shock hits.

2. Take draws from the joint posterior and keep only those draws for which the duration
is equal to the chosen expected duration. Randomly choose one draw of structural

parameters.

3. For a given horizon (/N = 30) and a given number of repetitions (R = 100), randomly
draw (N +1) x R shocks (¢) from the Cholesky-factorized variance-covariance ma-

trix at the respective draw of structural parameters.

4. Construct ¥/ = 19(6{ = §{|T> by choosing one structural shock and replacing the
random draws for this shock by the standard deviation of the smoothed empirical

innovation at the ZLB.
5. Compute the first realization E[jsqn |9/, d13,wi_1]:

(a) For t =1: Construct the GIRF for the period in which the chosen shocks hit

the economy assuming all other shocks being randomized.
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(b) For t = (2:dy3): Iterate on the non-linear regime conditional on w;_; and

using the solution matrices during the fixed-interest regime: {Q;}%3, {G;}%3 |

and {Cy}pX dis |

(c) Fort=(di3+1:N): Iterate on the linear post-fixed interest regime conditional

on w;_1 and 9 using the time-invariant solution matrices: @), G, and C.
6. Compute the second realization E[gin | ¥, d13,wi—1]:

(a) For t = (1:d;3): Iterate on the non-linear regime conditional on wy_1 using

the solution matrices during the fixed-interest regime: {Qt 25, {Gy ff’l, and

{Ct d13

(b) Fort=(dj3+1:N): Iterate on the linear post-fixed interest regime conditional

on wy_1 using the time-invariant solution matrices ), GG, and C'.

7. Repeat steps 4 and 5 (R = 100) times, each with a different set of randomized shocks

and build the averages:

th+N(79 Wi—1) Z%+N 19‘,d13,wt—1)
1 R

UR,t+N(wi—1) RZyHN di3,wi-1)
=1

8. Take the difference between the two averages §ir s+ n(07,d13,w—1) and TR, 4N (d13,wi—1).

9. Repeat steps 2 to 8 (B = 100) times to allow an accurate estimation of the GIRF

random vector.
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Figure A.3: Generalized Impulse Response Function Algorithm
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A.9 SOLUTION ALGORITHMS

SiMS (2002) Sims (2002) presents a solution algorithm for LRE models and derives
conditions that ensure the existence and uniqueness of a stable solution®. The Sims
(2002) solution is a generalized version of the method derived by Blanchard and Kahn
(1980). A distinctive difference is that the Sims (2002) method includes singular Iy cases.
While other papers like King and Watson (1998, 2002), Anderson and Moore (1985), or

Klein (2000) consider this as well, the Sims (2002) algorithm determines endogenously

6The following derivation of the Sims (2002) algorithm contains supplementary explanations and
notations form Cagliarini and Kulish (2013), Lubik and Schorfheide (2003), and Bianchi and Nicolo
(2021), which support the understanding of the mathematical representation.
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the linear combination of variables and does not require to separate endogenous variables
into predetermined and non-predetermined variables. Following Sims (2002) the structural

equations of a LRE model can be cast in the form:

Loyt = C+T'1yi—1 + vep + 1, (A.75)

where C' is a vector of constants, y; is an n x 1 vector of endogenous state and jump
variables, with no loss of generality ; is a [ x 1 vector of exogenous random disturbances,
and 7 is a k x 1 vector of one period ahead forecast errors, satisfying E;_1[n:] = 0 for all

t. The dimensions of the remaining matrices of the system can be summarized as:

C nzl
I'y nrn
Iy nrn

v nxl

IT nxk

The canonical form, in particular the matrices I'g and I'y can be decomposed through
a Generalized Schur Decomposition (see Lubik and Schorfheide (2003)). By using the

unitary matrices () and Z, and the upper-triangular matrices A and €2, I'g and I'; can be

expressed as:

Q'NZ' =Ty
Q07 =1,
Such that:
Q'NZ'yy = C+ Q' Q2" yy_1 +bey + 1y, (A.76)
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Substituting w; = Z’y; and multiplying by @ delivers:

Aw = Qi1+ QC + Qe + Qllny (A.77)

Although the QZ decomposition is not unique, the set of generalized eigenvalues (the
collection of values for the ratios of diagonal elements of A and €2 usually are. Therefore,
Sims (2002) algorithm orders the generalized eigenvalues in absolute value in an increasing
order. The resulting system can be partitioned into a set of non-explosive components,
whose generalized eigenvalues are smaller than one and where the sub-vector wq; is of
dimension 0 < m <n; and into a set of explosive eigenvalues (w2;) whose generalized

eigenvalues are larger than one:

| wij/Ajs | = Twii/ Nii | for jj>ii

Then equation A.77 can be rewritten as follows:

Air Ao | [wiy M1 Q2| [wii—1 Q1
_ 9 crvarmy

0 Ao \woy 0 Qoo \wos Q2

where the first block contains the set of equations for which |w;;/A;; |< 1 (non-explosive)
and the second block equations for which | w;;/Aj; |> 1 (explosive) Equation A.78 can be

broken down into:

Anwy s+ Apwa = Quwi -1+ Qiowa -1+ Q1(C + ey + 1)

Aoowa y = Qogwa 41 + Q2(C + 1pey +1Iny) (A.79)
This can be transformed to:

wa = Aoy Qoowa 1 + Mgy Qa(C + T, 4Ty (A.80)
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SOLVING FORWARD When defining M = 92_21/\22 and x9; = Q2(C+ V., +1In;,), equation

A.79 can be solved forwards’
-1
wo = Mwg 41— Q59 22441

= M?wy 49— MQ53' w9110 — Qog 02441 (A.81)

- 11
s—1y—
== M7 Qpaa44s
s=1

The last equality in equation A.81 implies that lims_oo M w3145 = 0. When replacing

M and w2, with their original definitions, ws; can be expressed as:

o
Wy = (Ao2 — Q22) 1 Q2C — 3" M¥ Q55 Qo (Weyp s + Ty (A.82)

s=1

Taking expectations conditional on time ¢ does not change the left-hand side of equation

A.82, which delivers®

(o]
way = (Aoa — Qo2) ' Q2C — By Y M* 7155 QoVey (A.83)
s=1

Taking expectations conditional on time ¢+ 1 gives:

o0
Wy = (Aog — 022) 1 Q20 — EByy1 > M5 71055 Qo Vet s — Q55 QoTlnyi (A.84)

s=1
Equality between equations A.83 and A.84 holds if and only if:
o o
Q55 Qallnyy1 = Et( > Ms*lﬂzleQz‘I’&Jrs) —Ei1 ( > M87192721Q2‘If€t+s)
-1 =1
o 3 (A.85)
Qollnei1 =Y Qoo M 105 Qo (Ererys — Bry16t+s)

s=1

In the case that Fieiy; =0 for ¢ > 1, equation A.85 becomes:

Qollnep1 = —Q2Werty (A.86)

"Pre multiplying equation A.79 by 9521 delivers Q;;Aggwg’t = 9521922w27t,1 + 9521Q2(q/€t +IIny).
Then substitute for M and z3 ;.
8Note that Eyn;ys =0 for s > 1.
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EXISTENCE AND UNIQUENESS Assuming Eiesy; = 0 and C=0, the equation for wo; can

then be expressed as:
wo = A2_21922w2,t—1 + A2_21 Q2 (M + Vey) (A.87)

From equation A.87 it follows that for a non-explosive (bounded) solution it has to hold

that, first:
w20 =0 (A.88)

and second, the endogenous forecast errors 7; need to be able to offset the impact of the

Innovations € on ws ¢:

Q2Ve; + Qo2lln, =0 (A.89)

ne=—V e (A.90)
This delivers the block of stable equations:

wi = A Quiwr 1 + A Q1 (C + Iy + Uey) (A.91)

Sims (2002) derives that existence problems arise if the shocks matrix 1 cannot adjust
to offset exogenous disturbances. The existence of a stable solution requires that the
number of explosive roots cannot be larger than the dimension of 7.

Since (Y9Il is of m x k dimension, this requires that m < k. In practice, this often
referred to the notion that there are existence problems if the number of unstable eigen-
values exceeds the number of non-predetermined variables. The necessary and sufficient
condition for a solution to exist is that the column space of QoW needs to be contained

in the space of QoII:

Span({QQQMS_19—122Q2\I]}ZL:1> C span(Q-21I) (A.92)
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Existence of a stable solution does not necessarily imply that this solution is unique.
The vector of endogenous forecast errors 7; does not necessarily have to be unique and
generalization allows that even for k < m there might be the possibility of linearly de-
pendent rows in (oIl (Lubik and Schorfheide, 2003). In this case, it is not possible to
determine the value of Q1IIr;, which is needed to solve the LRE model. In a unique
solution, the number of explosive roots (eigenvalues outside the unit circle) must be equal
to the number of forward-looking variables. Hence, existence and uniqueness require that
m = k. For a solution to be unique it is necessary and sufficient if the row space of Q111

be contained in (Q2ll. Therefore, it exists a matrix ® such that:

Q111 = PQoll (A.93)

Pre-multiplying equation A.78 by [I — ®] delivers a new set of equations without a

notion of 7;:

A1 Ao | [wig Q1 Qo | [wi -1
(1-0) ~(1-0)

0 Ago) \woy 0 Qo) \woy1
(A.94)
Q1
+ (C'+1pey + Tny)
Q2
This delivers:
Wit wWi,t—-1
<A11A12 — CI)AQQ) = (QllQlQ — CI)QQQ) + (Ql\p - (I)Q2\IJ)C
W2t w21 (A.95)

+(Q1Y — PQ2oW)er + (Q111 — PQoI1) 1
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In a unique solution QI = ®Q)s1I, so the last term drops out:

wy Wi t—1

= <Q11912 - <13922) +(Q1V = 2Q2V)C+ (Q1V — PQ2V)e;

w2 ¢ w2 t—1

I

(A11A12 - CI)AQQ)
(A.96)
Considering the possibility of linearly dependent rows in )21l it is useful to work with

a singular value decomposition:
QI =UDV'=U; D1 VY

where U and V' are orthogonal matrices and D17 is a diagonal matrix. The pseudo inverse

of Q2lII is then given by:

Q211" = Vi DUy
It follows:

® = Qi11(ViDy'U})

DETERMINATE SOLUTION MATRICES Combining equation A.83 and equation A.96

delivers the system in terms of wy:

A Mg = ®@Aga | fwie] (D1 Qi — P | [wi
0 I wo ¢ 0 0 w211
Q1— Q2 0
+ WC + C (A.97)
0 (Ag2 — Q92)71Qs
Q1 — P02 0
+ Ve — By
0 2 M0 Qo Wey
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Given the inverse of a partitioned matrix:

~1
A1 A2 —DAgo

0 I
It holds:
wWi,t B Ail —Aﬁl (A12 — (I)A22)
w2t 0 I
ALt —A (g — PAg)
_l’_
0 I
AR A (Are — @A)
_l’_
0 I
A A (A2 — PAgy)
_l’_
0 I
B AT A (A2 — PAg)
0 I

A=A (A2 — PAg)

Assuming that Eiesq; =0 and re-substituting wy (= Z'y;) yields:

Z Aﬁl —Aﬁl (A2 — PAg2)

0 1

—~

Yt =

SN

A=A (A2 — PAg)
0 I

A AT (A1 — @A)
0 I

A=A (A — DAg)

0 I

Multiply by Z:

(A.98)
0 I
Q1 Qo — P02 | [ wr—1
0 0 wo 1
Q1 —PQ2 4C
0
0
C (A.99)
(Moo — Q99) 7 1Q2
Q1 —2Q2
Et
0
0
. Eietqs
2 M55 QoW
Q11 Q2—PQ0 | | 2]
Yi—1
0 0 Z
Q1 —PQ2 4C
0
(A.100)
0
C
(Moo — Q29) 71 Q2
Q1—PQ2
ey
0
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A A (Mg —®A%) | [ 1 Q12— PO

y=2 Z Y1
0 I 0 0
A=A (A — PA —dQ
Ik 11 (Ar2 22) | [ @1 2 e
0 I 0
(A.101)
AT —ATH(Ay — A 0
Ik 11 (Ar2 22) c
0 I (Agg — Q29) 71 Q2
AL AT (A1 — PA%) | [ Q1 — PQs
+7 ey
0 I 0
The reduced-form of the LRE model becomes:
Yt =50+ S1yr—1+ 52t (A.102)

where

- o
So—H Q1—PQo c

(Ag2 — Q22) 71 Q2

Q1 Q2 — PO
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INDETERMINATE SOLUTION MATRICES

BINDER AND PESARAN (1995, 1997) Binder and Pesaran (1995, 1997) describe an
iterative method to solve LRE models. A rational expectation model that is linearized

around a non-stochastic steady state can be cast in the following form®

Aoyt = Co + A1yt—1 + BoEryr+1 + Doey (A.103)

where y; is a nx1 vector and &; is a [zl vector. The dimensions of the remaining matrices

of the system can be summarized as:

Ap nxn
C nx1
Aq nxn
By nxn
Dy nxl

Given that all agents form rational expectations under a known regime, the unique solution

(if it exists) is a VAR of the following form:

yr = C+Qui—1+Gey (A.104)

where C, @), and G are conformable matrices. Given Fieip1 =0, and  FEuypp1 = C+
Quyt, substituting equation A.104 into equation A.103 and rearranging terms subsequently

delivers:

Aoy = C+ Arys—1+ Bo[C + Qut + GEe41] + Dogy (A.105)

(Ao — BoQ)yr = C+ A1ye—1 + BoC + Doey (A.106)

9The following derivation of the Binder and Pesaran (1995, 1997) algorithm contains supplementary
explanations and notations form Kulish and Pagan (2017), which support the understanding of the
mathematical representation.
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yt = (Ao — BoQ) ' (C'+ Arye—1 + BoC + Doey) (A.107)

Rewriting (Ag— BoQ) ™' = (I — Ay ' BoQ) ' Ay ! and defining T = Ay 'C, A= Ay A1,B=

Ay 1By, and D = Ay 1Dy the system becomes:

yr = (I — Ay BoQ) ' Ay (C + Aryi—1 + BoC + Dogy) (A.108)

yi = (I — BQ)"Y(I'+ BC + Ay;_1 — Dey) (A.109)

Equation A.109 has to be equal to equation A.104, which implies that:

(I-BQ) Y (I'+BC)=C (A.110)
(I-BQ)'A=Q (A.111)
(I-BQ)'D=¢G (A.112)

Equation A.111 determines QQ by implying that:
A—Q+BQ@*=0 (A.113)
Furthermore, by showing that equation A.110 can be transformed to:
=~ (I—BQ)—lB}_l(J— BQ)™'T (A.114)
where A = (I — BQ)™'T and F = (I — BQ)~'B, equation A.110 can be expressed as:
C=(I-F)"'A (A.115)

Hence, once @ is found, it is possible to determine C' and GG, and thereby the solution of

the model.
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A.10 ZLB ALGORITHM BY JONES (2017)

This section presents the steps of the ZLB algorithm as presented in Jones (2017) which

is used to find the lower bound durations. The model is linearized around its steady state

and brought into the Binder and Pesaran (1995, 1997) form. From that the same solution

method is used to obtain the well-known reduced form:

g =C+Qy—1+Gey (A.116)

The steps of the algorithm can be summarized as follows:

1. For each period t:

(a)

Solve for the path {y,}._, using the reduced form and assuming no future
uncertainty {wT}Z:tH =0, so that y; = C'+ Qui—1 + Gey, and yrr1 = C + Quy,

until yp = C'+Qyr_1. This step gives a path for rf = {r, }_,.

Examine the path " = {r;}1_,. If ¥ >0, then the ZLB does not bind, and

move to step (2). If ¥ <0, then move to step (1c). That is:

o Ifr, >0forallt <7 <T,accept {y,}1_,. The path of the nominal interest

rate does not violate the ZLB today or in future.

o If r; <0 for any t <7 < T, move to step (1c).

Update the path of {r.}I_, for the ZLB. Denote by t* the first time period
where ¥ < 0, and set the nominal interest rate in that period to zero. This

changes the anticipated structure of the economy.

Computing the new path {r,}1_, under the structural change involves comput-
ing {y,}t_, and {y,}7_. 41- At t*, Ep[yp41] is computed using the reduced
form solution and e4+1 = 0. This expresses y+ as a function of y_1. Pro-
ceeding in this way with the correct structural matrices, compute the path
r,i”l = {TT}Z:t-

k+1
t

A convenient way to compute the new path 7y = {r,;}I_, is to form the time

varying matrices {Cy,Q., G, }I_, with the final set of reduced form matrices for
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the recursion being the non-ZLB matrices C,Q),G. The time-varying matrices
are then used to compute the path {y,}_, by calculating y; = Cr + Qryr_1 +

Gre. Tterate on steps 2 and 3 until convergence of rF! and 7.

2. Increment t. The initial vector of variables becomes y¢, which was solved for in
step 1. Draw a new vector of unanticipated shocks wy41 and return to step 1. The

algorithm yields a set of time-varying structural matrices:

Yt = Cr + Qeyr—1+ Geey (A.117)

from which we get the path {y,}22, where the nominal interest rate is subject to the
ZLB. Furthermore, if the ZLB does bind under the sequence of exogenous variables,

the algorithm produces, at each period ¢, a sequence of expected durations of the

ZLB.
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