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Abstract

This paper investigates the sources of the substantial decrease in output growth volatility
in the mid-1980s by identifying which of the structural parameters in a representative New
Keynesian and Structural VAR models changed. Overturning conventional wisdom, we
show that the Great Moderation was not only due to changes in shocks volatilities but
also to changes in monetary policy parameters as well as in private sector’s parameters.
The Great Moderation was previously attributed to "good luck" because the alternative
sources of instabilities appear to have offsetting effects on output volatility, and therefore

were impossible to detect using existing techniques.
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1 Introduction

This paper analyzes the sources of instabilities in US macroeconomic fluctuations in the
post-war period. Perhaps the most important feature of the data is the sharp decline in the
volatility of output (as well as consumption and investment) documented by McConnell and
Perez-Quiros (2000) and Stock and Watson (2002) among others, and labeled “the Great
Moderation”. The causes of the decline are highly debated, and so far no consensus has
been reached. In particular, it is still unclear whether the decline in volatility was due to
changes in policy or changes in the unanticipated shocks hitting the economy. Stock and
Watson (2002, 2003) perform counterfactual VAR and New Keynesian model analyses and
conclude that the Great Moderation was mainly caused by a decrease in the volatility of the
shocks. Therefore, they attribute most of the Great Moderation to "good luck". Similarly,
Justiniano and Primiceri (2008) and Sims and Zha (2006) do not find a big role for monetary
policy in explaining the decline in output volatility in an estimated DSGE model.! On the
other hand, Boivin and Giannoni (2006) find instead an important role for monetary policy
during the Great Moderation (see also Clarida, Gali and Gertler, 2000, and Cogley and
Sargent, 2001, 2005).

This paper challenges the existing empirical findings on three grounds. First, we show
that the existing literature is plagued by the "one at a time" approach to parameter insta-
bility criticized by Cogley (2007). In fact, all the above mentioned papers compare models
in which a given subset of parameters change, while the other parameters are assumed to be
constant. If the parameters that are assumed to be constant are in reality time-varying, this
procedure may incorrectly attribute the time variation to the wrong source.? In particular,
in the effort to shed light on the causes of the Great Moderation, recent research performs

counterfactuals by allowing either the parameters in the monetary policy reaction function or

IThe literature on estimating structural macroeconomic models with time-varying parameters also in-
cludes Owyang and Ramey (2004), and Primiceri (2005). Gurkaynak et al. (2005), Fernald (2007) and
Ireland (2001) instead apply tests for structural breaks to macroeconomic data. Although Justiniano and
Primiceri’s (2008) results have been interpreted as favorable to the "good luck" hypothesis, and we follow
that interpretation here, there are two nuances. First, they do find a very important role for policy in
the decline in the variability of both interest rates and inflation. Second, Justiniano and Primiceri (2006)
are more keen on advocating policy of a different type: regulatory changes which had a huge effect on the

volatility of residential investment, and hence output.
2Note that allowing all the parameters to be time-varying and repeatedly using structural break tests to

identify which parameters are time-varying does not solve the problem either. In fact, one would incur size

distortions, as we discuss in this paper.



the variance of the shocks to change over time, while keeping the slope of both the Phillips
curve and the IS equation constant, and similar criticisms may apply. In addition, some
crucial parameters are calibrated rather than estimated, and therefore are implicitly treated
as constant as well. Second, most of these analyses involve descriptive statistics and not
formal tests. For example, counterfactual analyses are not formal tests to search for the
set of parameters that changed at the time of the Great Moderation, and therefore are not
completely informative on its sources. We indeed demonstrate that counterfactual analyses
are incapable of detecting all sources of instabilities in the data. Third, most of the litera-
ture has focused on VAR estimation, whereas structural models’ estimation might be more
suitable for identifying the sources of the changes that are of interest for policy purposes.?

This paper addresses these shortcomings in the following ways. First, we use a new
approach to directly estimate the set of stable parameters. The advantage of our procedure
relative to the existing literature is to provide a tool that can be used by researchers to
search for the set of stable parameters, and does not rely on a “one-at-a-time”, ad-hoc
approach. Our procedure offers a convenient alternative to testing all possible subsets of
parameters to determine the set of unstable parameters, and can exactly identify which
parameters changed at the time of the Great Moderation. Second, our results formally
demonstrate that there were significant changes in the transmission mechanism at the time of
the Great Moderation. However, such changes were undetectable by existing counterfactual
analyses, as many parameter changes can have offsetting effects on output volatility. Thus,
counterfactuals where only the shocks volatilities change may fit the data well even though
they are not the only parameters that changed in reality. In fact, there is no reason why
we should think that the changes in policy parameters offset each other or offset changes in
private sector’s parameters, as one could as well think that changes in some policy parameters
offset the effects of changes in shock variances and that the bulk of the Great Moderation
is explained by the changes in the remaining policy parameters. In addition, our procedure
can exactly identify which parameters have changed, and therefore can provide an economic
interpretation of the changes in the economy. Third, we focus on a representative New
Keynesian model, although we do verify that our main results are robust to standard VAR
estimation as well as larger-scale DSGE model estimation.

Overall, our results are noteworthy for three reasons. First, they imply that not only

the variance of the unpredictable shocks has decreased during the Great Moderation (as

3Notable exceptions are Justiniano and Primiceri (2008), and Fernandez-Villaverde and Rubio-Ramirez
(2007), who estimate a medium scale DSGE model.



in Stock and Watson, 2002, Justiniano and Primiceri, 2008, and Sims and Zha, 2006), but
that the transmission mechanism has changed as well. While the existence of instabilities in
the parameters of the monetary policy reaction function is a well-known fact (see Clarida,
Gali and Gertler, 2000), the existence of a link between the Great Moderation and changes
in monetary policy was never formally established. In a closely related paper, Boivin and
Giannoni (2006) consider counterfactual analyses in Structural VARs and a small scale New-
Keynesian model, and are the first to show that the shape of the impulse responses changed
before and after the Great Moderation. They conclude that this empirical evidence sug-
gests a change in the transmission mechanism, and that changes in monetary policy and the
private sector behavior might have played an important role. However, looking at whether
impulse responses have changed is not a formal test, and also masks whether individual
parameters have changed in offsetting ways, thus becoming subject to the same criticisms
that we point out in this paper. In addition, changes in the persistence of the autoregres-
sive shocks, which should also be considered as "good luck", do change the shape of the
impulse responses and would incorrectly be attributed by this methodology to either policy
or private sector’s changes. Second, our analysis is informative regarding which specific pa-
rameters significantly changed at the time of the Great Moderation. The empirical results
of our new test show that at the time of the Great Moderation only some of the variances of
the structural disturbances changed, and that many monetary policy and other structural
parameters present in the transmission mechanism changed as well. These findings provide
important and useful guidelines for understanding the mechanism behind the Great Mod-
eration and for modeling theoretical structural macroeconomic models that are consistent
with the data. Third, this paper makes a methodological contribution by introducing a new
procedure to search for the set of stable parameters. Such a procedure can potentially be
applied to other areas of research, where it is important to establish which sets of parameters
have changed over time. Note that, as a consequence, our approach could be used to identify
which additional shocks the model needs to describe the data.

Our paper is closely related to Justiniano and Primiceri (2008) and Sims and Zha (2006),
but has important differences as well. First, they both rely on counterfactual analyses, whose
potential drawbacks we discuss. In addition, they mainly consider a specific parametric form
of time variation, namely autoregressive and Markov switching specifications, respectively,
for specific subsets of the parameters. In contrast, our framework allows for a one-time
break at an unknown date, thus being consistent with the original framework of McConnell

and Perez-Quiros (2000), and allows for the possibility that all parameters might change.



We also show that our results are robust to multiple breaks and smooth time variation
specifications similar to Justiniano and Primiceri (2008). Sims and Zha (2006), unlike us,
do not consider a fully structural DSGE model. In addition, our results are more distantly
related to Lubik and Surico (2006), Fernandez-Villaverde and Rubio-Ramirez (2007), Cogley
and Sbordone (2005) and Ireland (2001). Lubik and Surico (2006) show that a shift in
monetary policy can generate the decline in the volatility of inflation and real activity in
reduced-form models. However, their analysis is based on calibrations and Monte Carlo
simulations, not on estimated DSGE models. Cogley and Sbordone (2005) investigate the
stability of the Phillips curve in the face of changes elsewhere in the economy, and do so
by estimating parameters in ad-hoc sub-samples, whereas we let the data identify the sub-
samples as well as the parameters that change in the structural model. Fernandez-Villaverde
and Rubio-Ramirez (2007) separately investigate either the stability of the monetary policy
or the stability of the parameters controlling nominal rigidities and indexation of prices
and wages, while keeping all the other parameters constant. Ireland (2001) attempts to
identify which parameters are time-varying by applying structural break tests to each of
the parameters separately. However, we show that when used repeatedly to test structural
change in more than one subset of parameters, such tests lead to size distortions in the overall
procedure. Finally, the recent works by Liu et al. (2009) and Bianchi (2009) have analyzed
the sources of the Great Moderation in a regime-switching model, which assumes that the
data are stationary but switching between two regimes; our work assumes instead that there
is a one-time permanent change in the parameters at the time of the Great Moderation. In
addition, they assume that only a subset of the parameters can change (either monetary
policy or volatilities) whereas we allow all parameters to possibly change.*

The paper is organized as follows. The next section provides an overview of the model,
Section 3 informally describes the new techniques that we utilize, and Section 4 presents the
main empirical results. Sections 5 discusses robustness analyses, in particular to larger scale
DSGE models and Structural VARs. Section 6 concludes. The technical details, including

the formal proofs of the desirable properties of our technique, are relegated to the Appendix.

4Our paper is more distantly related to Sims (2001) and Ghysels and Hall (1990), which evaluate whether

parameters in standard economic models can be interpreted as "structural.



2 The Model

The model we focus on is a New Keynesian model with features such as in Clarida, Gali
and Gertler (1999), Woodford (2003), Gurkaynak et al. (2005), Ireland (2004, 2007) and
widely used in the recent literature on monetary policy and business cycles. In particular,
the model is based on Ireland (2007). The model concisely describes the monetary policy of
the Federal Reserve and the optimizing behavior of households and firms in the U.S. econ-
omy by including a Phillips curve, an IS equation and a monetary policy reaction function.
The model also allows for a variety of features that have been deemed important to match
theoretical models with the empirical data, namely habit formation, and forward-looking
price setting.’

The model is log-linearized around a steady state where consumption, output, and the
marginal utility of consumption grow at the rate of technological process (a random walk with
drift). The model is as follows. Let u;, T, €, 2, ¢, Uy, Xt denote the deviation of output,
inflation, the cost-push shock, technology, the preference shock, the transitory monetary
policy shock, and the marginal utility of consumption from their steady state levels.

The core of the model is formed by the following three equilibrium conditions:

(1) the IS/Euler equation:
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(2) the Phillips curve:
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(3) and the Monetary Policy Reaction Function:
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where the monetary policy shock has both a persistent and a transitory component: ¢,; =

SFuhrer (2000) demonstrated that habit formation is important to fit the data. See also Fuhrer and
Rudebusch (2004).
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The model builds on a series of parameters: z (the steady state level of technology), 5 (the
discount factor),y, (the habit formation), o (the parameter measuring the extent to which
price setting is backward or forward looking: «; = 0 means purely forward looking), ¢, (a
function of the magnitude of the adjustment cost and of the long-run level of the cost-push
shock), p, ; (the Fed’s inflation aversion), p,, , (the Fed’s aversion to the output gap), p,
(the persistence of the monetary policy shock), o, (the standard deviation of the monetary
policy shock), p, ; (the persistence of the preference shock), o, (the standard deviation of the
preference shock), p, , (the persistence of the cost-push shock), o.; (the standard deviation

of the cost-push shock), and o, (the standard deviation of the aggregate technology shock).

3 Methodology

This section informally describes the new methodology that allows us to estimate the set
of stable parameters. Further details, including a formal description of the algorithm and
proofs, are relegated to the Appendix.

To estimate the set of stable parameters, we propose a recursive procedure. First, we test
the joint null hypothesis that all parameters are stable using any test for structural breaks.
In our main empirical application, we will utilize the well-known QLR stability test (Andrews,
1993). If the test does not reject, then we conclude that all the parameters belong to the
set of stable parameters. If it does, we calculate the p-values of the individual test statistics
for testing whether each of the parameters is stable. We note that it is important that such
individual tests do not rely on the maintained assumption that the other parameters be
constant over time. Therefore, the individual tests should be implemented by allowing all

the other parameters to be time-varying.

6Note that the main requirement for the procedure to work is that the test for structural break be

consistent. See the Appendix. Most of the tests developed in the literature satisfy this assumption.



Next, we start by eliminating from the set of stable parameters the parameter with the
lowest p-value, that is the parameter that is most likely to be unstable, then test whether
the remaining parameters are jointly stable.” If they are, then the set of stable parameters
includes such parameters; otherwise, we eliminate the parameter with the second lowest
p-value from the set, and continue this procedure until the joint test on the remaining
parameters does not reject stability. This recursive methodology will identify the set of
constant parameters, which we refer to as the “Estimate of the Set of Stable Parameters”,
or ESS. See Algorithm 1 in the Appendix for a detailed step by step description of the
ESS procedure. A very useful advantage of our methodology is that it allows researchers
to conduct a more exhaustive analysis of the possible sets of unstable parameters while
remaining conveniently implementable in practice. This is made possible by using the step-
by-step procedure, which avoids considering all possible 2" configurations for the set of stable
parameters, where r is the number of parameters.

It is important to realize that the ESS procedure guarantees that the set of stable pa-
rameters is estimated with a pre-specified probability level. Other procedures do not fulfill
this requirement. In particular, judging whether a set of parameters is constant or not by
the "naive approach" of simply looking at their individual stability t-tests is misleading.
We believe this is an important point, as the "naive approach" appears to be a common
approach in practice (e.g. Ireland, 2001). To see why the “naive approach” is inappropriate,
consider a model with only two parameters. In the “naive approach” one would apply a
test for structural change to each of the two parameters. Because the testing procedure is
repeated twice, one rejects the null hypothesis that the parameters are both stable with an
overall probability level that is higher than the significance level of the testing procedure. As
a result, one may inadvertently find more unstable parameters than there actually are. In
contrast, in our proposed ESS procedure, one jointly tests for constancy of the two parame-
ters first. Thus, one does not reject the null hypothesis of no structural change more often
than the significance level specified for the joint test when there is no structural change.
When the joint test rejects the joint hypothesis that the two parameters are constant, our
procedure then identifies which parameters are unstable (if there are any) by applying a test

of structural change to each of the two parameters in the second step. The size distortion of

7 Alternative procedures could involve calculating joint tests for every subset of parameters and use that
information to choose which parameters to eliminate in the sequential procedure. However, this procedure
is more computationally burdensome, especially when applied to the estimation of DSGE models, and our

methodology provides a convenient alternative in these situations.



the “naive approach” worsens as the number of parameters grows, which is important be-
cause macroeconomic models may have more than fifteen parameters. A Not-for-Publication
Appendix discusses this technical issue more in detail, and provides Monte Carlo simulations
to evaluate the performance of the naive procedure relative to the ESS procedure.

Finally, some technical remarks on the practical implementation of the method. The data
are quarterly time series of per-capita GDP growth in real terms, the first difference of the
GDP price deflator, and the three month U.S. Treasury bill interest rate minus inflation from
1959:1 through 2004:2. We focus on this sample so that our results are directly comparable
with those in Stock and Watson (2003), Ireland (2007), and Smets and Wouters (2007),
although we discuss the robustness to a sample up to 2007 in Section 5. We implement our
procedure using the QLR stability test. At each step of the procedure, we need to estimate
the model’s parameters. As it is customary in the literature, we calibrate a small number of
the model parameters to well-known values. We calibrate the discount factor 5 to be 0.9995,
and z to be 1.0047, a combination that ensures that the steady-state rate of output growth
z and the steady state ratio of the nominal interest rate to the inflation rate 2/ implied by
the theoretical model match the average values of the same two variables as measured in the
data. See Ireland (2007) for more details.® Overall, the model has 13 remaining parameters

to be estimated, and we allow all of them to be possibly time varying:

O = {74 Qs Prts Pgy,ts Pats Pegts Putr Oats Oety Ozts vty Oty P}
Our analysis focuses on the situation in which there is a single, unanticipated, and once-
and-for-all shift in some of the parameters of the structural model at an unknown time, and
in which there is an immediate convergence to a rational-expectations equilibrium after the
regime change. Thus, the parameters are assumed to change at one unknown date, that is

estimated via our procedure to be around 1980:4 (around the time of the Great Moderation).

) ©1ift<1980:3
" eyift > 1980 : 4
This justifies implementing our procedure with the QLR stability test.” A plot of the esti-

mated QLR test statistic over possible break-dates uncovers that there is substantial uncer-

8 Although the discount factor /3 is calibrated and constant, note however that we are not imposing a
constant discount factor because the discount factor itself is multiplied by a time-varying preference shock.
We let both the serial correlation and the variance of the preference shock to possibly change following a

structural break, and we estimate them from the data.
9For computational simplicity we fixed the break date in Algorithm 1 to be the estimated one, and applied

9



tainty regarding the time of the break, as the plot is relatively flat between 1980 and 1984.
We thus decided to use the estimated break date 1980:4 although we checked that our main
results are robust to the choice of a break in 1984:1.1° The estimated time of the break that
we use is similar to that in Boivin and Giannoni (2006), who estimated the time of the break
to be in 1979:3. In the VAR analysis in Section 5.3, the estimated time of the break is more
similar to that in the VAR analysis in Stock and Watson (2001, 2004) and it is 1985:2.

4 Empirical Results

In this section, we shed light on the major source of fluctuations in US macroeconomic post-
war data, namely the Great Moderation. McConnell and Perez-Quiros (2000) noticed that
the volatility of output and inflation fell considerably in the US starting from 1984. Our
objective is to analyze which parameters changed at the time of the Great Moderation by
using our novel methodology. We show that our procedure overturns the main economic
conclusions reached by Stock and Watson (2003), Sims and Zha (2006), Justiniano and
Primiceri (2008), and Smets and Wouters (2007). We demonstrate that the main reason why
our results are substantially different from the existing literature is that the latter utilizes
counterfactual comparison procedures that only consider selected subsets of time-varying
parameters.

Section 5 shows that our main results are robust to other specifications of the structural
models, most notably different specification of monetary policy, larger scale DSGE models,
Structural VARs, as well as multiple breaks and smoothly time-varying parameters in Struc-
tural VARs, and more recent data. The Not-for-Publication Appendix reports parameter

estimates, standard errors and other details.

a standard Chow test for structural break; however, since we evaluate the Chow test statistic at the estimated
break date, the p-values are calculated using Andrews’ (1993) critical values. Note that the LR-like statistics
in Andrews (1993), eq. (4.5), simply becomes the likelihood ratio test calculated as the difference between
the constrained model (that is, the loglikelihood estimated over the full sample) and the unconstrained one
(that is, the weighted average of the loglikelihood estimated separately over all possible two sub-samples,
weighted according to the percentage of observations in each of the two sub-samples). Andrews’ (1993) is
very computationally convenient in this case because once the break date is estimated, we only need to
estimate the model twice (before and after the break) and not take averages over all possible unknown break

dates, as we would do for the Andrews and Ploberger’s (1994) Exp-W and Ave-W tests.
10When we impose a break in 1984:1, we find that the estimated set of stable parameters again suggests

a combination of policy, shocks and private sector’s parameter changes similar to what we find with a break
date of 1980:4.
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4.1 The ESS methodology

Table 1 reports the estimated set of stable parameters obtained by using our ESS procedure,
S. In order to give an economic interpretation of the sources of time variation, we divide
the parameters in three groups:

(i) the private sector parameters, including: ~ (the habit formation parameter); « (the
parameter indexing the degree of backward looking price behavior);!! ¢ (the slope of the
Phillips curve);

(ii) the monetary policy parameters, including: p,, (the Fed’s output gap reaction); and
p, (the degree of inflation aversion of the Fed);

(iii) the shocks parameters, including: o, (the standard deviation of the aggregate tech-
nology shock), p, and o, (the persistence and standard deviation of the preference shock);
Pe, 0 (the persistence and standard deviation of the cost-push shock); p,, o, (the serial
correlation and standard deviation of the persistent monetary policy shock); and o, (the
standard deviation of the i.i.d. monetary policy shock).

Note that, while we include the serial correlation and standard deviation of the mone-
tary policy shock among the shocks parameters, it could be argued that they are actually
function of the monetary policy, and thus should be included among the monetary policy
parameters. In fact, one could think of the policy shock as something under the control of
the policy maker, and therefore part of policy, or as outside the control of the policy maker
(due to lags in data arrival, differences between the target and effective funds rates, timing
of policy meetings within the year, etc.) and therefore be part of the exogenous shocks.
While it is plausible to think that policy shocks are shocks for the econometrician but are
intended outcomes of the optimal decision of the policy maker, the reason for the existence
of these shocks is still an open question in the literature. Similarly, p, could be interpreted
as the degree of monetary policy smoothing. In this section, we present results emphasizing
the interpretation that monetary policy shocks are exogenous, although our main empirical
conclusions would only be strengthened if these parameters were considered part of mone-
tary policy. Readers can thus interpret our results as a lower bound for the importance of
monetary policy.

Table 1 shows that the unstable parameters include not only the volatilities and degree

of persistence of most shocks, but also the parameters of the monetary policy reaction

1oy = 0 denotes the case in which the Phillips curve is purely forward looking. In our estimates, « is close

to zero — see also Gali and Gertler (2000).
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function, as well as many other structural parameters governing the behavior of the private
sector. In particular, we find instabilities in the volatilities of the monetary policy shock
(both transitory and persistent), as well as the volatility of the cost-push and preference
parameters (o, 0,,0.,0,); the volatility of the technology shocks is instead constant over
time (0,). The persistence of these shocks (p,,p,) as well as the persistence of the cost-
push shock (p,) have also significantly changed over time. However, this is not the whole
picture, as we also find that some monetary policy parameters as well as other structural
parameters have changed. In particular, the parameter governing the extent to which prices
are backward or forward looking («/), the adjustment cost (¢/) and the habit parameter (v)
also have changed. More importantly, both the Central Bank’s inflation aversion (p,) and
the output gap reaction parameter (p,,) have significantly changed.

Overall, we find empirical evidence in favor of changes in the transmission mechanism,
in particular changes in monetary policy as well as other structural parameters, in addition
to shocks volatilities. These results overturn the commonly held view that only the variance
of the unpredictable shocks has decreased during the Great Moderation, and that mone-
tary policy played no role. In addition, our analysis is informative regarding which specific
parameters significantly changed at the time of the Great Moderation, thus providing valu-
able information for understanding the Great Moderation itself and for modeling theoretical

structural macroeconomic models that are consistent with the data.

4.2 Comparison with existing methodologies

Our findings are substantially different from the conventional picture that emerges from the
literature, namely the "good luck hypothesis" endorsed by Stock and Watson (2001, 2003),
Sims and Zha (2006), Smets and Wouters (2007), and Justiniano and Primiceri (2008). This
crucial finding deserves a careful investigation to understand why our results are substantially
different from theirs. We will do so by considering each of the traditional methods used in
the literature, and highlight their limitations. We will argue that some of the time variation
that they find is due to estimation error. In addition, we demonstrate that many parameter
changes have offsetting effects on output volatility, so that existing methods that only focus
on a limited number of subsets for their counterfactual comparisons are incapable of detecting
them.

A. Counterfactual Analyses

Counterfactual analyses are the most common tool utilized by researchers to assess the

12



sources of the Great Moderation. Counterfactual analyses involve evaluating different sce-
narios for the volatilities of output and inflation in the second sub-sample by changing either
the volatilities of the shocks, or the policy parameters, or the private sector’s parameters,
one at a time. The most likely scenario (or “best model”) is the one that best replicates
the substantial drop in volatility (Stock and Watson, 2001, and Smets and Wouters, 2007)
or the one with the highest posterior probability (Sims and Zha, 2006, and Justiniano and
Primiceri, 2008). In particular, Smets and Wouters (2007) show that the scenario closest
to the actual realization in the data is one in which the economy faced shocks with lower
variances, while keeping the policy and the structural parameters the same. They show
that scenarios in which only either the policy parameters or the structural parameters have
changed would be incapable of replicating the actual volatilities observed in the data. Sim-
ilar conclusions have been reached by Stock and Watson (2003), Justiniano and Primiceri
(2008) and Sims and Zha (2006). However, while the counterfactual analysis approach is
a clever descriptive device, it is not a formal statistical testing procedure. In fact, we will
show that both counterfactual scenarios in which either the shock processes or the unstable
parameters identified by ESS change are consistent with the data. However, the latter is
statistically the best fitting model. Furthermore, researchers have typically used counterfac-
tual analyses to look at scenarios in which either all the volatilities of the shocks change,
or all the policy parameters change, or all the other structural parameters change. In other
words, all the parameters in a specific category are required to change. Realistic situations
in which some of the volatilities and some of the policy parameters change are completely
ignored. This substantially limits the ability of these methods to identify the actual set of
unstable parameters unless it exclusively contains all of the parameters in a specific category.
Our procedure instead provides a convenient way to consider potential instabilities in all the
parameters while, at the same time, avoiding to consider all possible subsets of parameters
(which would be computationally infeasible, involving 2" possible combinations, where 7 is
the number of parameters).

Let us start by demonstrating that the set of stable parameters estimated by ESS is a
better description of the data than the “good luck” scenario. Panel A in Table 2 shows
that counterfactual analyses in which the parameters describing the shock processes'? are
kept constant (labeled "Shocksc")'? are substantially at odds with the data, as they would

12Shock parameters include p,, 04, Pys Tas Pos Tes O
13To clarify, the column labeled "Shocksc" reports the standard deviation of selected macroeconomic

variables when shocks volatilities are kept constant but all other parameters are allowed to change.
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predict a volatility of output growth of 1.58 when instead the volatility dropped to 0.88 (left
panel, labeled "Estimates");'* instead, the counterfactuals with constant policy parameters
are not at odds with the data (labeled "Policyc"). This is the stylized fact in the existing
literature, which therefore concludes that the evidence favors the "good luck" hypothesis.
However, one should not conclude that only the shocks have been constant, as indeed also
the counterfactual where the set of unstable parameters identified by ESS are kept constant
(labeled "ESSc") is at odds with the data. Indeed, the table shows that the latter is at
odds with the data, based on marginal likelihood measures, to a degree similar to that of the
counterfactual with constant shocks (see the row labeled "Likelihood"). Panel B considers
the fit of the various scenarios rather than their counterfactuals. It reports data moments and
likelihood estimates in the second sub-sample for the scenarios in which the only parameters
that are allowed to change across sub-samples are either the shocks (labeled "Shocks"), policy
(labeled "Policy") or the set of ESS unstable parameters (labeled "ESS"). For example,
the column labeled "Shocks" reports standard deviations for the selected macroeconomic
variables when shocks volatilities are allowed to change but all other parameters are kept
constant. Note that while allowing only the shocks to change seems to replicate almost
perfectly the drop in output volatility, the likelihood worsens substantially from 1,261 to
1,241. When we consider instead only allowing the ESS unstable parameters to change, the
likelihood does not change substantially, while still replicating a large decrease in output
volatility.

We next proceed to shed light on why the counterfactual analyses and our ESS procedure
reach different conclusions. As we will show, the main reason is that many parameter
changes have offsetting effects on output volatility. The parameters that ESS identifies as
unstable but that are not shocks parameters do significantly affect output volatility, but some
increase it and some decrease it, in such a way that the total net effect is negligible. This,
however, does not mean that the latter parameters have not changed, as the counterfactual
analyses would conclude. Counterfactual analyses are simply incapable of distinguishing
such parameter changes, as their effects on output volatility cancel out. However, there
is no reason why we should think that the changes in policy parameters offset each other,
as one could as well think that changes in some policy parameters offset the effects of

changes in shock variances and that the bulk of the Great Moderation is explained by the

!4Note, that in this exercise, "Estimates" means estimates of the unconstrained model in the two sub-

samples.
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changes in the remaining policy parameters.!> Table 3 substantiates these points, while at
the same time providing substantial evidence that the statistical significance of the structural
breaks in the monetary policy parameters does indeed result in economic significance, and
that monetary policy played an important role. The table reports the marginal percentage
increase (decrease, if negative) in the standard deviation of output, inflation and the interest
rate calculated by progressively letting all the parameters change from their second sub-
sample values to their first sub-sample values, according to the ordering of the ESS procedure.
For example, the volatility of the monetary policy shock (o,) is among the parameters that
ESS identifies to be unstable (see Table 1). Note that allowing o, to change from its value in
the second sub-sample to its value in the first sub-sample, one would observe a 62% increase
in the standard deviation of output. Note that, while the change in the volatility of the
monetary policy shock parameter is capable of explaining a large fraction of the increase in
volatility, considering changes in both the inflation aversion and the output gap parameters
(Pr» Pgy) almost exactly offsets the increase in the volatility (their joint contribution is
about —56%). Changes in the persistence of the preference shock and the volatility of the
technology shock (p,, 0,) produce an additional increase in the volatility of output growth
of about 79%, and changes in private sector’s parameters (y, a, 1) overall increase output
volatility substantially too — about 30%.

This explains why policy counterfactuals appear unable to explain the change in output
volatility: the overall additional effect of policy parameter changes on output volatility might
be obscured by changes in other parameters, even though each of the policy parameters
individually accounts for substantial changes. It is therefore incorrect to conclude that only
the shock processes have changed, and to attribute the Great Moderation solely to "good
luck". Counterfactuals where only the shocks parameters change may fit the data well even
though they are not the only parameters that changed in reality. In fact, there is no reason
why we should think that the changes in policy parameters offset changes in private sector’s
parameters, as one could as well think that changes in some policy parameters offset the
effects of changes in shock variances and that the bulk of the Great Moderation is explained
by the changes in the remaining private sector parameters.

Note that including the monetary policy shocks parameters among the policy parameters

15In other words, the fact that these changes have offsetting effects on output volatility does not mean that
they are unimportant: there are alternative sets of parameters beyond those associated with the "good luck"
hypothesis that are plausible, thus challenging the thesis that good luck provides the "best" explanation for
the Great Moderation.
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only reinforces our conclusions, as o, alone contributed 62% to the increase in the volatility
of output growth.

Table 4 investigates the sources of the Great Moderation. We consider changes in the
standard deviation of five structural shocks: the transitory monetary policy shock, the tech-
nology shock, the preference shock, the cost-push shock and the persistent monetary policy
shock. The last column of Table 4 shows the relative contribution of each shock to the total
reduction in the variance of GDP growth. The biggest relative contribution to the decrease
in volatility is by far that associated with persistent monetary policy shock (about 78%).
While the monetary policy shock seems to explain most of such decrease, the cost-push,

preference and technology shocks played a role as well.

B. Standard Stability Tests

It is important to note that the ESS methodology used in this paper is very different
from existing tests for parameter stability. In fact, standard tests for parameter stability only
assess whether a given subset of the parameters is constant: they thus require researchers
to take a stand on which parameters are constant and which might possibly be time varying
prior to implementing the test. Therefore, they cannot be used to search for the set of stable
parameters, which is instead the goal of this paper.

There is only one case in which the standard tests’ results would be the same as our ESS
procedure’s, and that is when the set of stable parameters contains only one element. This is
indeed the case in the empirical results shown in Table 1 (see the column labeled "Individual
p-value", which displays the p-values of the individual parameter tests). We must stress,
however, that this is just a coincidence. For example, in the Smets and Wouters’ (2007)
model, the discrepancy between standard stability tests and the ESS procedure will be much
more striking, as will be shown in Section 5, where the standard stability test would identify
nine more parameters to be unstable relative to the ESS procedure. Similarly, individual
tests in the VAR analysis in Section 5.3 find four more unstable parameters than there really
are.

The technical reason why standard stability tests on individual parameters fail to provide
reliable inference on the set of stable parameters is related to the traditional problem of
multiple hypotheses tests. Performing tests multiple times without correcting the size of
the test results in incorrect inference, as eventually the test will reject the null hypothesis
with very high probability. The Not-for-Publication Appendix discusses these issues more in

detail, and provides Monte Carlo simulations to quantitatively show how unreliable inference
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becomes in those circumstances.

C. Impulse-response Analyses

Another qualitative analysis to assess whether the transmission mechanism has changed
is to compare impulse responses across sub-samples, as suggested by Boivin and Giannoni
(2006). They claim that if only the volatilities of the shocks had changed during the Great
Moderation, then the normalized impulse responses would not have changed at all. However,
a change in their shape would indicate a change in the transmission mechanism. Figure 1,
Panels A and B, shows impulse responses from the model estimated separately in the two sub-
samples. Some of the impulse responses seem to have changed shape, especially the output
and inflation responses to monetary policy, suggesting that monetary policy might have
become more effective in stabilizing the economy. However, this approach, while intuitively
appealing, has similar drawbacks to counterfactual analyses: it is a clever descriptive device,
but it is not a formal test, and looking at whether impulse responses have changed can
mask whether individual parameters have changed in offsetting ways. This approach is
therefore subject to the same criticisms that we point out in this paper. An additional
drawback of impulse-response analyses is that changes in the persistence of the autoregressive
parameters in the shocks’ processes, which should be classified as "good luck", would change
the shape of the impulse responses, and would incorrectly be attributed to either policy
or private sector’s changes. This approach is also not informative regarding exactly which
parameters have changed, as impulse responses are functions of all the parameters in the
model. Thus, it does not really address exactly how the transmission mechanism has changed,
nor whether the changes are statistically significant, which are instead the advantages of the
ESS methodology.

D. Alternative Interpretations

The main conclusion of this section is that, since the set of unstable parameters includes
not only parameters describing shock volatilities but also monetary policy parameters as
well as parameters describing the private sector’s tastes and technologies, then if we have
faith that the models are well-specified, the interpretation is that the Great Moderation is
due in fact to all three of these factors: "good luck", "good policy", and shifts in tastes and
technologies that also apparently insulate the economy from shocks. However, alternative
interpretations are possible.

One alternative interpretation, more favorable to Stock and Watson (2002, 2003), Justini-
ano and Primiceri (2006) and Sims and Zha (2006) is that it could theoretically be possible
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that the changes in private sector and policy parameters have largely offsetting effects on
volatility. That is, suppose that there have indeed been shifts in the structure of tastes and
technologies that have changed the way in which exogenous shocks affect the economy. But
suppose, at the same time, that the Federal Reserve has adjusted its policies so as to exactly
offset those changes — now the net effect vanishes. But, finally, volatility still falls during
the Great Moderation because the shocks themselves have become smaller or less frequent.
While it is true that this scenario is characterized by shifts in a wide range of parameters,
we would not say that shifts in monetary policy play a big role in explaining the Great
Moderation; instead, the Federal Reserve adjusted its policies appropriately in response to
changes it observed in firm’s price setting behavior or in household’s consumption-savings
behavior, and ultimately, it is "good luck" that explains the Great Moderation. However,
one could as well think that changes in some policy parameters offset the effects of changes
in shock variances and that the bulk of the Great Moderation is explained by the changes
in the remaining private sector parameters, as discussed in Section 4.2. What is clear from
the empirical results is that the scenario where both policy and private sector parameters
are constant leads to a sizeable decrease in the likelihood relative to the case in which all the
parameters identified by ESS change (the likelihood drops from 1,261 to 1,241, as Table 2
shows). A likelihood ratio test would reject the null hypothesis that only the shocks changed
at conventional critical values.'® Note that, instead, a likelihood ratio test would not reject
the null hypothesis that only the ESS parameters changed at conventional critical values.!”
The fact that the likelihood does fall sharply when private and policy parameters are held
fixed implies that, even if these changes might have had offsetting effects on macroeconomic
volatility, they are important for understanding changes in other dynamic features of the
data.

Alternatively, one might view the fact that so many of the DSGE models’ parameters
exhibit instability — including parameters describing tastes and technologies that are sup-
posed to be "structural" — as evidence that those models just don’t fit the data very well
and don’t avoid falling victim to the Lucas critique. However, the definition of ‘structural
parameters’ (in the sense of the Lucas critique) is that these parameters are policy invari-

ant, not necessarily time invariant. As technologies and/or preferences change, structural

16The estimated likelihood ratio statistic is 40; the 5% critical value of the QLR test with 5 degrees of

freedom is 18.35, and the 1% critical value is 22.49.
1"The estimated likelihood ratio statistic is 6; the 5% critical value of the QLR test with 12 degrees of

freedom is 30.16, and the 1% critical value is 35.07.
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parameters may vary as well. Along those lines, the next section will consider VAR models.
It is interesting that the VAR — what we might call a "purely backward-looking model"
— exhibit less instability. Viewed in this light, the results could be related to Fuhrer and
Rudebusch (2004) among others, who show that backward-looking models fit the data much
better than forward-looking ones, even if they might not be appropriate for analyzing the
effects of large but perfectly credible changes in policy regimes.'® In addition, we tested
whether Ireland’s (2007) New Keynesian model is mis-specified by applying the information
matrix test of White (1982) to the post Great Moderation sample. Because the asymptotic
approximation is known to be poor, we used bootstrap critical values. The bootstrap p-value
of the information matrix test with 200 bootstrap iterations is 0.975. This result supports
our interpretation that the presence of parameter change in this model does not necessarily

mean that the model is mis-specified.

5 Robustness Issues

This section has two objectives. First, we analyze whether our results are robust to con-
sidering a different monetary policy reaction function in which the Central Bank’s long-run
inflation target reacts to shocks, as well as considering a larger scale DSGE model. Second,
we evaluate the robustness of our results in VAR models: the structural New Keynesian
model in Section 1 imposes strong parametric restrictions on the data, which might fail to
hold; by imposing weaker identifying assumptions, Structural VAR inference might be less
efficient but more robust to model mis-specification.

Our analysis shows that the main conclusions of Section 4 are strikingly robust in all
these alternative cases. In particular, considering larger scale models, alternative monetary
policy rules, or VARs does not change our conclusion that changes in monetary policy
and in private sector’s behavior did play a substantial role during the Great Moderation.

Unreported results also show that our VAR results are robust to multiple breaks'® and that

18Gimilarly, lack of time variation does not imply that a parameter is structural: there are plenty of
reduced form parameters for which we cannot reject stability, and yet it may well be that these parameters

may change under a policy different from those enacted in the past.
9More in detail, we examined the possibility that all the parameters change smoothly over time, rather

than abruptly, and allowed the parameters of the Structural VAR model to evolve according to a random
walk, thus allowing them to have multiple breaks rather than a one-time break. In this framework, the ESS
procedure is implemented as follows. Since we assume that the parameters evolve over time according to a

random walk, we utilize the Nyblom (1989) stability test, which is designed for this purpose. Consistency
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our main results in Section 4 are robust when using data up to 2007.2°

5.1 Alternative Monetary Policy Specification

A first concern is that long run inflation might be time-varying, and that the monetary policy
authority’s inflation target might be changing over time as well (see Blinder, 1982, Ireland,
2007, and Cogley and Sbordone, 2008). We therefore allow the Central Bank’s inflation
target to adjust in response to other shocks hitting the economy, along the lines of Ireland
(2007). This feature is particularly appealing for our purposes, as it allows for an additional
source of time-variation in monetary policy and makes our conclusions robust to possible
mis-specification of the monetary policy rule due to a time-varying long-run inflation target
of the Central Bank. We will refer to this model as the "endogenous inflation target" model.
In this model, the Central Bank can systematically adjust its long run inflation target (77}) to
the cost push shock €. ; and the technology shock ¢, ;. The parameters influencing monetary
policy include, in addition to the same parameters discussed in Section 2, also the long-term
inflation target parameters, that is the reaction to technology and cost-push shocks, ¢, d.,

according to the following monetary policy reaction function:
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of the Nyblom (1989) test for subsets of parameters has been established by Li and Muller (2008). The set
of stable parameters in this case is: S = {k11, @11, a12, a13 ko2, @21, @22, a2s, ka3, as1, a3z, ass, 012, 022,033}
The results are therefore very similar to those we obtained in the case of a one-time break. In fact, all the
parameters in the conditional mean are stable. The instability is mainly in the volatilities of the monetary
policy shock and in the degree of inflation aversion of the central bank. In addition, also the reaction of output
to inflation seems unstable over time. Overall, therefore, our main results are robust to this alternative way

of modeling time variation.
20We re-estimate the model in Section 2 with more recent data. One possibility would be to analyze data

including the financial crisis of 2008-2009. However, due to revisions in the data and a new base year for
GDP in 2007, the ability to construct fully updated series that match exactly those used in Section 4 is
limited. Most of the data are similar to Ireland (2007) up to 2007:2, after which there was the change in the
GDP base year. We thus decided to end the sample in 2007:2. We find that, even if we consider a larger
sample, the largest break estimated in the sample continues to be the same as that identified in Section 4.
Results show that, again, instabilities are widespread. Now the set of stable parameters includes only the

Central Bank’s inflation aversion.
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2

where €,; and ., are i.i.d. shocks with variance 02, and o2,

respectively. We thus re-
estimate the model in Section 2 where eq. (3) is replaced by (4). The additional parameters
to be estimated are: 0., (the standard deviation of the shock to the inflation target), d.;
(the reaction of the time-varying inflation target to the shock to the time varying elasticity
of demand for each intermediate good), and ¢, (the reaction of the time-varying inflation
target to the temporary shock to aggregate technology).

Panel A in Table 5 reports results for stability tests on individual parameters as well
as the ESS procedure. The table shows that, in the endogenous inflation target model,
the set of stable parameters is S ={~, p,, e, @}. Quite interestingly, the table shows that
instabilities do not affect the way the Central Bank reacts to the cost-push shock (as d.
belongs to the set of stable parameters), although they affect how the Central Bank reacts
to productivity shocks (as d, is unstable). That is, the way in which the Central Bank has
responded to productivity shocks over the last few decades is time-varying. Panel B in Table
5 shows that while the technology shock now seems to explain most of the decrease in the
volatility of output growth, the transitory monetary policy shock still plays a role, although
much smaller than in the presence of an exogenous inflation target.

Tables 6 and 7 also confirm that our main counterfactual comparisons conclusions do
carry over to the model with endogenous inflation targeting as well. In particular, Table
7 shows that the shock to the long run inflation target contributed to a small increase in
the volatility of GDP growth. This may be related to the fact that a large part of the
Great Moderation period is marked by a secular disinflationary trend in the US economy. A
lengthy, gradual disinflation may appear in estimation as a series of negative inflation target

shocks and thus it will seem like the inflation target shock variance has increased.

5.2 A Larger Scale DSGE Model

A second concern is whether the main conclusions of the paper carry over when considering
a larger scale DSGE model. The goal of this section is to verify that these concern do not
significantly affect our main conclusions. We consider a larger scale DSGE model following
Smets and Wouters (2007) and estimate the model using exactly the same Bayesian methods

that they use.?! This model has attracted a lot of attention in the literature, and has become

2INote that we utilize the Bayesian methods mainly as estimation devices, using the well-known corre-
spondence between Bayesian and classical Maximum Likelihood estimates in large samples. Standard results
ensure that the effect of the priors should disappear asymptotically, and Bayesian methods could be used

within our procedure mainly as computation devices. See Bickel and Doksum (2007, Section 5.5) for exam-
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widely used in Central Banks as well as academia (see, for instance, del Negro, Schorfheide,
Smets and Wouters, 2007). The model includes a number of real and nominal frictions,
and has a variety of shocks that can be given a structural interpretation. Table 8 briefly
describes the parameters of the model; for brevity, we refer to Smets and Wouters (2007)
and a Not-for-Publication Appendix to this paper for a detailed description of the model,
the priors and the data. The main difference between the model that we consider and that
in Smets and Wouters (2007) is that we allow all the parameters to be possibly time-varying.

Table 9 reports p-values of t-tests for structural breaks on individual parameters and
p-values of the ESS procedure, as well as the estimated set of stable parameters, S. It is
clear that, again, the unstable parameters include not only the volatilities and degree of
persistence of most shocks, but also some parameters in the monetary policy reaction func-
tion, as well as many other structural parameters. In particular, we find instabilities in the
volatilities of the monetary policy, productivity, price markup, exogenous spending, invest-
ment specific technology, and interest rate wedge shocks (o, 0,,0,, 04, 01, 0p); the volatility
of the mark-up shock (0,,) instead is constant over time. The persistence of these shocks
(Pg> Pas Pgas Po» Pus Huy) has also significantly changed over time. However, this is not the whole
picture, as we also find that some monetary policy parameters as well as other structural
parameters have changed. In particular, the elasticity of the capital utilization adjustment
cost function (), the degree of indexation to past inflation (¢, ), the degree of price stickiness
(€,), the steady state growth rate (7) and elasticity of the capital adjustment cost function
(p) also have changed. More importantly, especially both the Central Bank’s degree of
smoothing (p) and the output gap reaction parameter (r,) have significantly changed.

We next turn to the counterfactual analyses in Table 10(a,b). Panel A in Table 10(a)
shows that counterfactual analyses in which the shock processes are kept constant (labeled
"Shocksc") are substantially at odds with the actual data (left panel, labeled "Estimates");
instead, the counterfactuals with constant policy parameters are not (labeled "Policyc"). As
in Section 4, counterfactuals where the unstable parameters identified by the ESS procedure
are kept constant is even more at odds with the data than the counterfactual with constant
shocks (see the row labeled "Marg. Likel."). Panel B considers the fit of the various scenarios
rather than their counterfactuals. It shows that, while allowing only the shocks to change
seems to replicate perfectly the volatility of output, nevertheless the likelihood worsens

substantially from —375 to —542. By allowing only the ESS unstable parameters to change,

ple. In finite samples, however, the choice of prior distributions is important and can create discrepancies

between the Bayesian estimation results and maximum likelihood estimation results.
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the likelihood decreases only slightly, from —375 to —419, while still replicating most of the
decrease in output volatility.

Table 10(b) sheds light on why the counterfactual analyses and our ESS procedure reach
different conclusions. The table reports the marginal percentage increase (decrease, if neg-
ative) in the standard deviation of output, inflation and the interest rate calculated by
progressively letting all the parameters change from their second sub-sample to their first
sub-sample values, according to the ordering of the ESS procedure.?? Note that the unstable
parameters that ESS identifies beyond the shock processes (p, £, 7, ¥, p, tp, 1) jointly only
account for a negligible increase in output volatility (about 8%). This explains why both the
ESS and shock counterfactuals appear to explain the change in output volatility equally well.
However, while the overall effect of such additional parameter changes on output volatility
is negligible, each of them individually accounts for substantial changes (for example, ¢ ex-
plains 19%, ¢ explains 11%, whereas p and r, explain —16% and —11% respectively). It
follows that it is incorrect to conclude that only the shock processes have changed, and to
attribute the Great Moderation solely to "good luck" as the literature has done. For exam-
ple, by comparing our results with Smets and Wouters (2007, section V.D), we note that the
consequence of an increase in the volatilities of productivity and price markup shocks (which
they highlight as the major source of time variation) is only 8% and 4% respectively. On
the other hand, the consequences of a change in ¢ and v (which were deemed unimportant
by Smets and Wouters) are 19% and 11% respectively. The contribution of the latter para-
meters to the overall increase in output volatility are obscured by the opposite contribution
of changes in the monetary policy parameters p and r,, which decrease output volatility in
the order of —16% and —11%.2

22For example, if one estimates the model imposing all the parameter values to be equal to their first
sub-sample values, except for allowing o, to change, one would observe a 27% increase in the standard
deviation of output. Similarly, if one allowed both ¢, and o, to change, one would explain an additional
8% of the increase in the standard deviation of output, and together they would explain about 35% of the

increase in the volatility.
23To some extent, our findings reconcile the Smets and Wouters (2007) results with those of Boivin and

Giannoni (2006). Boivin and Giannoni (2006) find that, by qualitatively comparing counterfactual impulse
response functions in a Structural VAR, changes in monetary policy and private sector’s behavior can account
for some of the Great Moderation. Our results point in the same direction. A difference between our results
and Boivin and Giannoni (2006) is that, similarly to Smets and Wouters (2007), we do not find instabilities
in the Central Bank’s inflation aversion. Section 5.3 will show that a Structural VAR does find instabilities in
the Central Bank’s inflation aversion. This suggests that the differences arise from the different identification

of monetary policy in the structural DSGE model versus a Structural VAR.
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5.3 VAR Analysis

We consider a parsimonious VAR with structural breaks in both coefficients and volatilities.
Similar VARs have been estimated by Stock and Watson (2001), Primiceri (2005), Cogley and
Sargent (2005), and Boivin and Giannoni (2006), among others, to investigate the sources
of the Great Moderation. We use our procedure to investigate which parameters are time
varying — the conditional mean parameters or the volatilities — and which equations of the
model contain most of the instability. We consider two VARs: a reduced form VAR with
GDP growth, inflation, and the nominal interest rate; and a Structural VAR (SVAR), where
the shocks are identified according to a recursive ordering scheme. In both cases, we estimate
the subset of stable parameters and discuss the economic implications of our results.

We consider a VAR in three observables for two reasons. First, it is a parsimonious and
widely used benchmark. Second, the observables are consistent with the smaller scale DSGE
model considered previously. As a starting point, we consider the reduced-form VAR, where
y; is per-capita GDP growth in real terms, 7, is the GDP price deflator, and r; is the three

month U.S. Treasury bill interest rate:?*
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The lag length is chosen according to the BIC (implemented with a maximum lag length of
four lags) and is equal to one. We let both sets of parameters, that is those in the conditional
mean (K, A) and those in the covariance matrix (£2), to possibly change over time according
to a one-time structural break at an unknown date. We use the QLR test for structural
breaks in our ESS procedure. The estimated break date is 1985:2 in the reduced form VAR,
and we use that date in our analysis.

Table 11, Panel A, shows the results. The joint hypothesis of stability in all the parame-
ters is strongly rejected. Interestingly, the stability in the conditional mean parameters (k's

and o/s) is not rejected at the 10% significance level, whereas the stability of the variance

24For comparability, the time series of the variables are the same as in the previous section. That is, they

are calculated in deviations from their steady state levels.
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parameters (w € 2) is rejected. However, we cannot really rely on such tests, as they repeat-
edly test hypotheses without taking into account the "recursive" nature of the procedure.
Furthermore, such tests do not identify which parameters are time-varying. We therefore
apply our ESS procedure. We find that the biggest evidence of parameter instability comes
from the variance of all three reduced form shocks. In fact, the only parameters that do
not belong to the set of stable parameters are wiy,wss,wss. All other parameters in the
conditional mean of the VAR (k’s and a's) appear to be stable, as well as the contempora-
neous covariances between the endogenous variables (w12, w13, we3). Note, however, that the
correlations among the macroeconomic variables are unstable.

To overcome the problem that the covariances of the reduced form shocks do not sepa-
rately identify the transmission mechanism from the variance of the structural shocks, we
next consider a Structural VAR. We identify the structural shocks according to the recursive
VAR identification used, among others, by Stock and Watson (2002), Primiceri (2005) and
Boivin and Giannoni (2006):

Ut 011 012 013 Mt
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where 7, ~ iid (0, I) represents the structural shocks and I is the identity matrix. We will
refer to the equations in (6) as follows: the first equation represents the monetary policy
rule, the second is the output equation and the third is the inflation equation.

Panel B in Table 11 shows the empirical results, which are striking. The set of stable
parameters does not contain {oi1 012,013}, that is the parameters of the monetary policy
reaction function, as well as o5y, the variance of the shock to the output equation. There-
fore, unlike the reduced form VAR case, the Structural VAR analysis too uncovers the very
interesting result that time variation appears to affect both the transmission mechanism and
the impulse. This evidence seems to suggests, again, that changes in monetary policy might
be linked to the Great Moderation, as well as an exogenous reduction in the variance of the
output equation. The relationship that appears to be the most stable over time is that of
inflation, which is the only equation for which all the parameters (kss, asi as2, ass, 033) belong

to the set of stable parameters.?

25Note that, since for example w1y = 012022 + 013023, one might expect instabilities in 12, 022, 013, 0a3 to

generate instabilities in wio. However, such instabilities can cancel out among themselves (positive changes
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We proceed to quantitatively evaluate the role of instabilities in each of the parameters
in contributing to the Great Moderation. We estimate the overall decline in the standard
deviation of GDP growth that one would have observed by progressively allowing each of the
parameters excluded from the set of stable parameters to be time-varying in the Structural
VAR. The order in which we allow the parameters to become time-varying is determined
by ESS (see Algorithm 1). Table 12 shows the results. The column labeled “Unstable
parameters” reports the parameters that are progressively allowed to be time-varying; in
each row, all the parameters listed in the previous rows as well as the parameter indicated in
that row are allowed to be time-varying.?® Allowing for time-variation in the parameters that
do not belong to the estimated set of stable parameters explains about 40% of the reduction
in GDP volatility. Most of the reduction is attributed to a decrease in the variance of output
shocks (14%), a decline in the variability of the monetary policy shocks (19%), as well as a
change in the monetary policy reaction to inflation (5%). Therefore, again, the VAR analysis
corroborates our previous result that changes in monetary policy played an important role
during the Great Moderation, due to monetary policy becoming both less averse to inflation
and less volatile. The former is a change in the way the Fed systematically affects other
macroeconomic variables, the latter is a change in the way the Fed directly induces variability
in the economy. These two effects are arguably very different, as, according to Stock and
Watson (2002), the former reflects “propagation”, whereas the latter reflects “impulse”.
However, both reflect a change in monetary policy, and neither may reflect “good luck”.
Next, we allow other parameters to be time-varying even if, according to our procedure, the
instability is not statistically significant. The column labeled “Other parameters” denotes
other parameters that are progressively allowed to be time-varying beyond those that belong
to the estimated set of unstable parameters. We find that the parameters that contribute
the most to the reduction are: the persistence of GDP growth (ag), the volatility of the
inflation shock (033), the reaction of output to interest rates (as1), and the average inflation
rate (ks3). Note that changes in some of the parameters contribute to a substantial increase

in the variance of GDP growth, such as 093 and a;3.%"

offsetting negative changes) and "big" instabilities might be multiplied with "small" instabilities to generate
an overall "small" instability. Nothing guarantees that statistically significant breaks in ¢’s should result in

statistically significant breaks in w’'s.
20For example, in the row corresponding to o3, all the parameters belonging to the unstable set (that is,

0922,011,012,013) are time-varying.
2TOne might wonder why the VAR and the New Keynesian model sometimes find different results. It

is possible that the New Keynesian model is mis-specified and the VAR is not, which would explain the
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6 Conclusions

This paper investigates which, among the many parameters that characterize a representa-
tive DSGE model, are stable at the time of the Great Moderation. Our findings challenge
conventional wisdom (Stock and Watson, 2001, 2003, Justiniano and Primiceri, 2008, Sims
and Zha, 2006) by showing that the Great Moderation was not only due to changes in the
volatilities of the shocks, but also to changes in monetary policy as well as private sector’s
parameters.

We demonstrate that the difference between our results and the previous literature is
due to the fact that the neglected sources of instabilities have offsetting effects on output
volatility, and therefore were impossible to detect by using standard counterfactual analyses.
Thus, counterfactuals where only the shocks volatilities change appear to fit the data well
even though they are not the only parameters that changed in reality. In fact, there is no
reason why we should think that the changes in policy parameters offset each other, as one
could as well think that changes in some policy parameters offset changes in shock variances
and that the bulk of the Great Moderation is explained by the changes in the remaining
policy or private sector’s parameters. In addition, we show that standard structural break
tests or impulse response comparisons are subject to similar shortcomings.

It appears that the volatility of macroeconomic aggregate increased again after the 2008-
2009 crisis, thus marking the end of the Great Moderation. However, understanding the
historical data (and the Great Moderation in particular) is important to understand the
transmission mechanisms driving the economy, and may carry valuable lessons for the future.
We conjecture that the methods proposed in this paper might turn out to be useful for
investigating the sources of instability in the latest crisis as well, once sufficient data become
available. We believe that our techniques and results shed light on the economic causes of
such instabilities, and offer important insights to guide the future theoretical development

of macroeconomic models.

difference. However, even if the model is correctly specified and the SVAR’s identifying assumptions are
consistent with the model, it still might be possible that the two may point to different sources of instability
(see Benati and Surico, 2007).
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7 Appendix - Detailed Description of the Methodology

This section presents details on our econometric procedure to estimate the set of stable
parameters. We will show that our testing procedure controls size, is consistent and provides
an estimate of the set of stable parameters that contains the true set with a pre-specified
probability level.

Consider a general parametric model with parameters §; € © C R? for t = 1, 2, ..., where
some (or all) of the elements are time-varying. Let s € {0, 1}” denote a parameter selection
vector and 6 (s) denotes the subset of 6 selected by the selection vector s, where s (i) denotes
the i-th element of such vector.?® We also let s* denote the population selection vector that
selects only the constant parameters, so that 0 (s*) denote the vector of constant parameters.
Note that it is possible that s* is the vector of ones, in which case all parameters are stable,
or s* is the vector of zeros, in which case all the parameters are time-varying. The problem
considered in this paper is that it is not known which parameters are time-varying and which
are stable. In other words, s* is unknown. We will propose a sequential procedure that uses
sample information to estimate s* by an estimator 5 € {0,1}?. With our procedure, the
estimator s will be equal to s* with a pre-specified probability level.

Let the observed sample be W = {W, : 1 <t < T}, and let e; be the p x 1 vector whose
i-th element is one and the other elements are zero, 1,.; be the p x 1 vector of ones, 0,y
be the p x 1 vector of zeros, and I,, denote the (n x n) identity matrix. Also, let 7 (W;s)
be a size-a, consistent test statistic for testing the null hypothesis that the subset of the
parameters, 6(s), are constant over time (Hy(s) : 0;(s) = 0(s)) against the alternative
that they are time-varying (Ha (s) : 0; (s) # 0 (s)), allowing for the rest of the parameters,
6(1,%1 — s), to be time-varying.?? For notational simplicity, we will omit the dependence of
the test statistic on the observed sample, and use 77 (s). For example, 77 (e;) will denote
the individual stability test on the i-th parameter 6 (e;), and 77 (1,x1) will denote the joint
stability test on all the parameters in 6. Finally, let k, (s) denote the size-a critical value
of 77 (s), and pv (s) denotes its p-value. For example, in the case of a one-time structural
break at an unknown time, when using Andrews’ (1993) QLR test statistic, k, (s) is the
critical value of such test at level a for testing a number of restrictions equal to the number

of non-zero elements in s.

28For example, when p = 3, so = (0,1,0) indicates that the second element of  is not time-varying and

the first and third elements are time-varying in population.
29For example, in the case of a one-time structural break at an unknown fraction of the sample size [7T:

Hy(s):0,(s)=01(s)-1(t <wT)+02(s)-1(t >nT), where 7 € I C (0,1).
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In what follows, we will discuss a procedure to construct an estimate of the set of stable
parameters that equals the true set of stable parameters with a pre-specified probability level.
We call this procedure the “Estimate of the Set of Stable parameters” procedure (“ESS”).
We formalize the ESS procedure in the following Algorithm:

Algorithm 1 (The ESS procedure) Step 0. Initially, let so = 1,x;. Test H(()O) (s0)
against HS)) (so) at significance level a by using the test T (so). If the test does not reject,
let Spss = so. If the test rejects, calculate the vector of test statistics Ir (e;) fori=1,...,p,
and order them such that to their estimated values are increasing: pv (e1) < pv(ez) < ... <
pv (e,) . Without loss of generality, let e, identify the parameter with the smallest p-value.>
Continue to step 1.

Step 1. Without loss of generality, let s; = [0,11x(p—1))’. Test Hél) (s1) against Hﬁll) (s1) at
significance level o by using Tr (s1). If the test does not reject, let Spss = s1. If the test
rejects, let ey identify the parameter with the second smallest p-value, and continue to step
Step j. Without loss of generality, let s; = [01yj, Lixp—j)). Test a (sj) against Hﬁlj) (s;)
at significance level o by using Tr (s;). If the test does not reject, let Spss = s;. If the
test rejects, let e; identify the parameter with the j-th smallest p-value, and continue to step
(+1). ()

Step (p-1). Without loss of generality, let s,_1 = [01x(p-1),1]'. Test Hép_l) (sp—1) against
Hj(ffl) (sp—1) at significance level o by using Tr (s,—1). If the test does not reject, let

Spss = Sp—1. If the test rejects, let Spss = Opxi-

We now prove that Algorithm 1 provides an estimate of the set of stable parameters that
equals the true set with probability (1 — «). More precisely, Sgss defined in Algorithm 1
equals the true set of stable parameters with probability (1 — «). The Not-for-Publication
Appendix shows that Spgg can be viewed as a confidence set for the set of stable parameters
with coverage probability (1 — «). It is different from conventional confidence sets because
the parameter of interest is discrete and the confidence set is a singleton. In addition, the
Not-for-publication Appendix also shows that there are size distortions in existing tests for
structural breaks when used repeatedly to test structural change in more than one subsets

of parameters.

30 Actually, one does not even need to compute p-values: one may simply pick the estimated test statistic
which is the largest. Because the degrees of freedom for testing each parameter individually are the same,

and therefore the critical values are, the largest test statistic has the smallest p-value.
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Assumption 1. For any two vectors a and b, let max (a,b) denote the vector whose i-th
element is the mazimum of a (i) and b (i), where a (i) denotes the i-th element of a. For
all s* € {0,1}? such that s* # Opx1, T7 (5) — D(s) if s = s* and Tr(s) — oo a.s. if
| max (s, s*) | > |s*|, where |s| denotes the number of components in s that are different from

zero.3!

Proposition 2 (Properties of the ESS procedure) Let Assumption 1 hold, and let s
be estimated as described by Algorithm 1. Then:

lim Pr{Sgss =s"} = 1—« (7)

T—o00

for any s* € {0,1}? such that s* # 01,

Jim Pr{Spss =s"} =1 (8)
for s* = 0px1, and
’Ilim Pr {§ESS 7é s* and §ESS > 8*} =0. (9)

for any s* € {0,1}7.

Proof of Proposition (2). Let k,(s) denote the critical value of 77(s) of the null
distribution D(s) at the level of significance, a. Let p* = p — |s*| be the number of unstable
parameters. Because the test is consistent by assumption,

lim P(T'(s;) > ka(s;)) = 1, (10)

T—o0o
for any s; such that | max(s;,s*)| > |s*| for j = 1,2,...,p — p* — 1. For the same reason,
limy_,o P(T(e;) > kq(e;)) = 1 if the ith parameter is not stable. Thus, if p — p* > 0,

Tlim P(I; e{i:s"(i)=0}) = 1, (11)
for j = 1,...,p — p*, where I; = {i : Tr(e;) is among the j largest among {7r(e/)},_;}. In
particular (11) implies that

lim P([,_p» = {i:s"(i)=0}) = 1L (12)

T—o00

31 Assumption 1 requires that 77 (s) has a well-defined asymptotic distribution under the null hypothesis,
and diverges to positive infinity when testing a subset of parameters which includes at least one unstable
parameter (under the alternative hypothesis of parameter instability). This assumption is satisfied by many
tests for structural breaks including Andrews’ (1993) QLR test, and Andrews and Ploberger’s (1994) Exp-W
and Mean-W tests.
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We will consider three cases: (i) p* =0, (ii) p* > 0 and p > p* and (iii) p* > 0 and p = p*.

First, suppose that p* = 0. Then %L@Pr (77 (s0) < ka (80)) = JQLWZOPT (77 (s*) < ko (7)) =
1 — a, thus proving (7) under HSO) (so). When p* = 0, (8) does not apply and (9) trivially
holds.

Next, suppose that p* > 0 and p—p* > 0. Because we eliminate only one stable parameter
in each step, we have | max(s;, s*)| > |s*| = p — p* for any s; and j =0, 1,2...,p* — 1. Thus
it follows from (10) that

lim P(7r(s;) > ko V j=0,1,..,p—p"—1) = 1. (13)

T—o00

By (12) and (13), we have
lim P(sp_p« =s") =1 (14)

T—o00

Now

= 11—« (15)

where the third equality follows from (13) and (14) and the last from Assumption 1. (7)
holds. (9) follows from (10).

Lastly, suppose that p = p*. Then the null hypotheses in steps 0, 1, 2, ..., p* are all rejected
by (10) and each of the p* unstable parameters is selected in these steps with probability
approaching one by (12). Therefore §ggs converges almost surely to s*, and (8) and (9) hold.
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8 Tables and Figures

Table 1. Empirical Results for the
Representative New Keynesian Model
Model Individual ESS

Parameters: p-value p-value
Pe 0 0

<
g 90 O O 0O 0o OO oo o o o o
g O O O o oo o o o o o o

(@)
)

Q
N
o

Set of Stable Parameters
(90% probability level):
S= {U z}

Note. The table reports p-values of the QLR stability test on individual parameters (labeled
"Individual p-value"). It also reports both the set of stable parameters obtained by the ESS
procedure as well as the p-values at each step of our procedure (labeled "ESS p-value"). The
tests are implemented in a Wald form, using standard errors obtained by bootstrap with 1,000

replications.
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Table 2. Counterfactual Comparisons for

the Representative New Keynesian Model

PANEL A. Standard Counterfactual Comparisons

Estimates Counterfactual for 1980:4-2004:4
1959:1-1980:3  1980:4-2004:4 Shockse Policyc ESSe
S.D. Output 1.44 0.88 1.58 0.73 1.24
S.D. Inflation 0.91 0.47 0.85 0.44 0.78
S.D. Interest Rate 0.38 0.29 0.37 0.31 0.37
Likelihood 1,261 1,218 1,247 1,229

PANEL B. Moments and Likelihood Comparisons

Estimates Fit in 1980:4-2004:4: selected constant param.
- - 1980:4-2004:4 Shocks Policy ESS
S.D. Output 0.88 0.79 1.76 1.25
S.D. Inflation 0.47 0.49 0.95 0.67
S.D. Interest Rate 0.29 0.33 0.36 0.30
Likelihood 1,261 1,241 1,208 1,258

Note. Panel A reports model implied standard deviations (S.D.) and likelihood in observable
variables (Output, Inflation and the Interest Rate) in sub-samples estimated from the model ("Es-
timates") and model implied counterfactual standard deviations and likelihood on the second sub-
sample ("Counterfactual for 1984:1-2004:4"). For example, the column labeled "Shocksc" reports
the standard deviation of selected macroeconomic variables when shocks volatilities are kept con-
stant but all other parameters are allowed to change. Panel B shows the standard deviations (S.D.)
of observables as well as the same moments estimated in models allowing only changes in either the
shock processes, monetary policy or those identified by the ESS procedure. For example, the col-
umn labeled "Shocks" reports standard deviations for the selected macroeconomic variables when
shocks processes are allowed to change but all other parameters are kept constant. Changes in
monetary policy include changes in p; and p,, . The table also reports the likelihood estimated us-
ing only the parameter values in the relevant sub-sample (“Estimates”) or the likelihood estimated
in models allowing only changes in either the shock processes, monetary policy or those identified

by the ESS procedure.
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Table 3. Counterfactuals for the

Representative New Keynesian model

Parameter: Output Inflation Interest Rate
No change: (actual s.d.) 0.88 0.47 0.29
Unstable Parameters: % Contribution to Change
Pe % 10% 0%
Oy 62% 33% 83%
! -3% 16% %
Oq -15% -3% -84%
Or 3% 12% 26%
P 17% 2% 76%
ol 32% 0% -9%
(0 0% 0% 0%
Py -43% 2% 17%
Oc -2% -5% 0%
Po 5% 4% -8%
P -13% -23% 5%
Stable Parameters:
o, 49% 52% 3%
All change: (actual s.d.) 1.44 0.91 0.38

Set of Stable Parameters (90% probability level):
S ={o.}

Note. The table shows the percentage contribution to the increase or decrease in the volatilities of
output, inflation and the interest rate when we progressively allow each of the parameters to be time

varying (ordered according to the p-values of the individual t-tests for parameter instabilities).
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Table 4. Standard Deviations of Macroeconomic Shocks

for the New Keynesian model

1959:1-1980:3  1980:4-2004:1 s3/s,  Relative Contribution to
GDP Variance Reduction
Transitory Monetary Target® 0.060 0.060 1.000 0
Technology Shock* 1.714 1.126 0.657 0.060
Preference Shock 146.9 4.435 0.030 0.065
Cost-Push Shock 0.168 0.141 0.837 0.197
Persistent Monetary Shock 0.393 0.243 0.617 0.783

Note. The standard deviations are multiplied by 100. For the processes with asterisk, the variance

of the disturbance term, not the variance of the process, is reported because they are unit-root

processes. To be consistent with Stock and Watson (2002), the break date is 1980:Q4.
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Table 5. Empirical Results for the Representative New Keynesian
Model with Endogenous Inflation Target

Panel A. Stability Analysis Panel B. Counterfactual Analysis
Model Individual ESS Parameter: Output Inflation Interest Rate
Parameters:  p-value p-value No change: 1.08 0.40 0.28
Unstable Parameters:
(0 0 0 Y 0% 0% 0%
0, 0 0 0, -18% 12% -30%
o 0 0 Oa -14% -1% -399%
Or 0 0 o -2% -3% -109%
04 0 0 D 23% 1% 533%
Pr 0 0 Pr 0% 14% -44%
Pe 0 0 Pe 2% 1% 0%
Oy 0 0 Oy 40% 8% 121%
Oec 0 0 Oe 3% 2% 4%
Py 0 0 Py -24% 4% 84%
o, 0 0 o, 94% 62% -39%
vy 0.22 0.43 Stable Parameters:
P 0.25 0.67 v -4% 0% 0%
O 1 1 Py 1% 0% -19%
o 1 1 O 0% 0% 0%
« 0% 0% 0%
Set of Stable Parameters
(90% probability level): All change: 1.73 1.60 0.30

S ={7,py:0c, }

Note. Panel A reports p-values of the QLR stability test on individual parameters. It also
reports both the set of stable parameters obtained by the ESS procedure as well as the p-values
at each step of our procedure. The tests are implemented in a Wald form, using standard errors
obtained by bootstrap with 1,000 replications. Panel B reports the percentage contribution to the
increase or decrease in the volatilities of output, inflation and the interest rate when we progressively
allow each of the parameters to be time varying (ordered according to the p-values of the individual

t-tests for parameter instabilities).
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Table 6. Counterfactual Comparisons for the

Representative New Keynesian Model with Endogenous Inflation Target

PANEL A. Standard Counterfactual Comparisons

Estimates Counterfactual for 1980:4-2004:4
1959:1-1980:3  1980:4-2004:4 Shockse Policyc ESSe
S.D. Output 1.73 1.08 2.72 0.83 1.75
S.D. Inflation 1.60 0.40 0.78 0.78 1.60
S.D. Interest Rate 0.30 0.28 0.38 0.30 0.31
Likelihood 1,257 1,119 1,215 1,227

PANEL B. Moments and Likelihood Comparisons

Estimates Fit in 1980:4-2004:4: selected constant param.

- - 1980:4-2004:4 Shocks Policy ESS

S.D. Output 1.73 1.08 0.81 2.65 1.05
S.D. Inflation 1.60 0.40 0.78 0.78 0.40
S.D. Interest Rate 0.30 0.28 0.30 0.38 0.28
Likelihood 1,257 1,246 1,109 1,257

Note. Panel A reports model implied standard deviations (S.D.) and likelihood in observable
variables (Output, Inflation and the Interest Rate) in sub-samples estimated from the model ("Es-
timates") and model implied counterfactual standard deviations and likelihood on the second sub-
sample ("Counterfactual for 1980:4-2004:4"). For example, the column labeled "Shocksc" reports
the standard deviation of selected macroeconomic variables when shocks volatilities are kept con-
stant but all other parameters are allowed to change. Panel B shows the standard deviations (S.D.)
of observables as well as the same moments estimated in models allowing only changes in either the
shock processes, monetary policy or those identified by the ESS procedure. For example, the col-
umn labeled "Shocks" reports standard deviations for the selected macroeconomic variables when
shocks processes are allowed to change but all other parameters are kept constant. Changes in mon-
etary policy include changes in p., pg, , d.,0,. The table also reports the likelihood estimated using
only the parameter values in the relevant sub-sample (“Estimates”) or the likelihood estimated in
models allowing only changes in either the shock processes, monetary policy or those identified by

the ESS procedure.
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Table 7. Standard Deviations of Macroeconomic Shocks

for the New Keynesian Model with Endogenous Inflation Target

1959:1-1980:3  1980:4-2004:1 so/s, Relative Contribution to
GDP Variance Reduction

Inflation Target* 0.130 0.086 0.659 -0.179
Technology Shock* 1.562 1.103 0.706 0.720
Preference Shock 5.118 14.123 2.759 0.117
Cost-Push Shock 0.084 0.084 0.999 -0.000
Monetary Shock 0.269 0.244 0.906 0.041

Note. The standard deviations are multiplied by 100. For the processes with asterisk (*), the
variance of the disturbance term, not the variance of the process, is reported because they are

unit-root processes. To be consistent with Stock and Watson (2002), the break date is 1980:Q4.
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Table 8. Description of Parameters
in the Smets and Wouters’ (2007) Model

Structural Description
Parameters
%) Elasticity of capital adjustment cost function
O¢ Intertemporal elasticity of substitution
A Habit parameter
Ew Degree of wage stickiness (Calvo param.)
o) Elasticity of labor supply
&p Degree of price stickiness (Calvo param.)
L Degree of indexation to past wages
Lp Degree of indexation to past inflation
Y Elasticity of capital utilization
P One plus share of fixed cost in production
Tr Fed’s inflation aversion
p Fed’s degree of smoothing
Ty Fed’s output gap reaction
T Ay Fed’s reaction to output gap difference
i Quarterly steady state inflation rate (annualized)
(5_1 — 1) 100 Discount rate (annual basis)
1 Steady state hours worked
5 Quarterly trend growth rate
Capital share in production
OryOa,Opy Oy S.D. of mon. policy, productivity, price and wage mark-up shocks
0g,07,0p S.D. of exog. spending, invest. specific, int. rate wedge shocks
Prs Pas Pps Pu Persistence of mon. policy, productivity, price and wage mark-up shocks
Pgs Prs Py Persistence of exog. spending, invest. specific, int. rate wedge shocks
Pga Degree to which exog. spending responds to productivity shock
Fps Fooy Moving average parameters in the price and wage mark-up processes

Note. The table provides a description of the parameters in the Smets and Wouters’ (2007)

model.
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Table 9. Empirical Results for the Smets and Wouters’ (2007) Model

Parameter: Individual ESS  Parameter: Individual ESS
p-value  p-value p-value p-value

o 0 0 Puw 0.31 0.07
04 0 0 Py 0.33 1
o) 0 0 / 0.35 1
© 0.01 0 Py 0.40 1
o4 0.02 0 T Ay 0.46 1
&y 0.02 0 o) 0.47 1

5 0.03 0 0.48 0.84

(0 0.04 0 ! 0.53 0.70

p 0.05 0 Ew 0.57 0.64
o1 0.06 0 s 0.59 1
Py 0.09 005  p -1 0.61 1
P, 0.13 0.05 L 0.65 1
Pya 0.14 0.06 o 0.69 1
Lp 0.18 0.08 o1 0.70 1
Ty 0.20 0.03 Ow 0.76 1
oy 0.20 0.08 T 0.79 1
o 0.20 0 A 0.80 1
P 0.22 0.03 T 0.85 1

Set of Stable Parameters (90% probability level):
S = {ppvzv PryT Ay, Oty ©7 «, é—wa /“va ﬁ7 bwy, Oc, Prs O-w7?7 )\7 Tﬂ'}

Note. The table reports p-values of the QLR stability test on individual parameters. It also reports
both the set of stable parameters obtained by the ESS procedure as well as the p-values at each

step of our procedure. The tests are implemented in the Wald form.
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Table 10(a). Counterfactual Comparisons for the Smets and Wouters’ (2007) Model

PANEL A. Standard Counterfactual Comparisons

Estimates Counterfactual for 1984:1-2004:4
1966:1-1983:4  1984:1-2004:4 Shocksc Policy o ESS¢
S.D. Output 1.20 0.73 1.23 0.70 1.34
S.D. Inflation 1.01 0.34 0.78 0.39 1.54
S.D. Interest Rate 1.06 0.37 0.83 0.56 1.56
Marg. Likel. -375 -518 -431 -536

PANEL B. Moments and Likelihood Comparisons

Estimates Fit in 1984:1-2004:4: selected constant param.

-- 1984:1-2004:4 Shocks Policy ESS

S.D. Output 0.73 0.73 0.67 0.66
S.D. Inflation 0.34 0.46 0.39 0.26
S.D. Interest Rate 0.37 0.45 0.46 0.30
Marg. Likel. -375 -543 -418 -419

Note. Panel A reports model implied standard deviations (S.D.) and Marginal Likelihood (Marg.
Likel.) in observables in sub-samples ("Estimates") and model implied counterfactual standard
deviations and likelihood on the second sub-sample ("Counterfactual for 1984:1-2004:4"). For
example, the column labeled "Shockss" reports the standard deviation of selected macroeconomic
variables when shocks volatilities are kept constant but all other parameters are allowed to change.
Panel B shows the standard deviations (S.D.) of observable variables (Output, Inflation and the
Interest Rate) in the data as well as the same moments estimated in models allowing only changes
in either the shock processes, monetary policy or those identified by the ESS procedure. For
example, the column labeled "Shocks" reports standard deviations for the selected macroeconomic
variables when shocks volatilities are allowed to change but all other parameters are kept constant.
Changes in monetary policy include changes in p, 1, ry, ray, p,.. The table also reports the Marginal
Likelihood estimated using only the parameter values in the relevant sub-sample (under the column
labeled “Estimates”) or the likelihood estimated in models allowing only changes in either the shock

processes, monetary policy or those identified by the ESS procedure.
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Table 10(b). Counterfactuals for Smets and Wouters’ (2007) Model

Parameter: Counterfactual Parameter: Counterfactual
Output Inflation Interest Rate Output Inflation Interest Rate

No change: 0.73 0.34 0.37

Unstable Parameters: Stable Parameters:
o, 27 % 10 % 17 %
Oq4 8 % 2% 4 % Pp -5 % -5 % -2 %
o) 4% 16 % 2% ‘ 0% 0% 0%
%) 19 % 0 % -8 % Pr -3 % 0 % 0 %
Og 13 % 0% 1% T Ay -3 % 0% 0 %
&p 2% 12 % 1% Oy 6 % 36 % 32 %
5 0% 0% 0% P 0% -6 % -6 %
P 11 % 0 % 0% « -6 % 1% 1%
p -16 % -10 % 14 % €w -12%  -107 % -94 %
or 12 % 1% 5 % Mo 1% 2 % 1%
Py 4% 0% 0% Bg1-1 0% 0% 0 %
P 4 % 0% 0% L 0% 1% 1%
Pya 10 % 1% 2% o -3 % 1% 1%
Lp 7% 10 % 4 % Pr -1% 0% -1 %
Ty -11 % 10 % 9 % Ow 1% -8 % -6 %
Lo -7 % -26 % -16 % T 0% 0% 0 %
oy 11 % 0% 2% A -1 % 0% -1 %
Pp 23 % 1% 9 % Tr 0 % 9% 7%
Pw 12 % 154 % 129 %

All change: 1.20 1.01 1.06

Set of Stable Parameters (90% probability level):
S = {p;n za PrsTAy; O, (pa a, gwa Hops 57 Llw, Ocy P1s Ow, T, )‘7 Tﬂ'}

Note. The table shows the percentage contribution to the increase or decrease in the volatilities of
output, inflation and the interest rate when we progressively allow each of the parameters to be time

varying (ordered according to the p-values of the individual t-tests for parameter instabilities).
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Table 11. Empirical Results for the VAR

Panel A. Reduced form VAR Panel B. Structural VAR
Parameter Individual p-value Parameter Individual p-value
k11 1 k11 1
ain 1 ail 1
@12 1 a1 1
a13 1 a13 1
koo 1 koo 1
as1 1 Qo1 1
22 1 a9 1
a23 1 93 1
k33 1 k33 1
a3y 1 as1 1
a32 1 aso 1
ass3 0.70 as3 0.70
w11 0 011 0.71
W12 1 019 1
w13 1 013 1
W 0.04 099 0
Wa3 1 093 1
w33 0.04 033 1
Joint test — all param: 0 Joint test — all param: 0
Joint test — all a, k: 0.11 Joint test — all a, k: 0.11
Joint test — all w: 0 Joint test — all o 0

Set of stable parameters (90% probability level): Set of stable parameters (90% probability level):
S = {k’u’ aii, @12, CL13,/€227 21, A22, 23, S = {k’u, a1, @12, a13,k522, 21, A22, 23,

kss, a1, asz, as3, Wiz, Wis, w23} k33, a1, asz, ass, 023, 033}

Note. The table reports p-values of the QLR test on individual parameters for both the reduced
form VAR (eq. (5), in panel A), and the Structural VAR (eq. (6), in panel B). The table also
reports the set of stable parameters obtained by the ESS procedure. Subscripts denote: 7 = 1 for

the real interest rate, © = 2 for GDP growth, ¢« = 3 for inflation.
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Table 12. Contribution to the Reduction in
Standard Deviation of GDP Growth in SVAR

Unstable parameters: % contribution to change in std(GDP):
None 0
099 -14%
011 -19%
012 0%
013 -5%
Additional parameters:

023 23%
033 -32%
k11 0%
ari 6%
a12 -4%
a3 85%
Koz 10%
a2 -94%
9o -22%
a3 1%
k33 -25%
asi 2%
asy 2%
ass -14%

Note. The table shows the percentage contribution to the change in the standard deviation of
GDP growth after 1985 obtained by estimating the SVAR (6) imposing that a certain subset of
the parameters is stable. The column labeled “Unstable parameters” reports the parameters that
are progressively allowed to be time-varying. Therefore, in each row, all the parameters listed in
the previous rows as well as the parameter indicated in that row are allowed to be time-varying.
For example, the row corresponding to 013 allows all the parameters belonging to the unstable set
(022,011, 012, 013) to be time-varying. The order in which the unstable parameters are excluded by
the set of stable parameters is determined by Algorithm 1. The column labeled “Other parameters”
shows results where other parameters (beyond those that belong to the set of unstable parameters)

are progressively allowed to be time-varying.
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Figure 1. Impulse Responses in the Representative New Keynesian Model
Panel A. Responses before 1980:4
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Panel B. Responses after 1980:4

Outputto Preference Inflaion to Preference InterestRate to Preference
05 01 1
/\ 0 /\ 05
0 -01 0
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Outputto Cost-Push Inflation to Cost-Push InterestRate to Cost-Push
04 1 0
02 0 \/\ -0.05 \ﬁ/
0o -1 -01
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Outputto Technology Inflation to Technology InterestRate to Technology
1 0 01
05 0.1 \/ 005
0o -02 0
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Outputto Mon. Pol. Inflation to Mon. Pol. Int Rate to Persist. Mon. Pol.
0 0 04
-05 -01 \/ 02
-1 -02 0
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Outputto Infl. Target Inflation to Infl. Target Int Rate to Transit Mon. Pol.
04 05
02 02
0 0 0
0 5 10 15 20 0 5 10 15 20 5 10 15

Note to Figure 1. The figure reports impulse responses from the representative New Keynesian
model. Each panel shows the percentage-point response of one of the model’s variables to a one-
standard deviation shock. The inflation and interest rates are expressed in annualized terms. Panel
A shows impulse responses before the estimated break date, and Panel B shows impulse responses

after the estimated break date.
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