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Abstract

I investigate the properties of gaps and potentials in a variety of New Keynesian DSGE mod-
els and their relationship with estimates obtained with standard approaches. Theoretical gaps
display low frequency variations, have similar frequency domain representation as potentials,
and are correlated with them. Theoretical transitory and permanent fluctuations display simi-
lar features, but are uncorrelated. All existing approaches generate distortions in the estimates.
Gaps are best estimated with a polynomial filter; transitory fluctuations with a differencing
approach. Explanations for the outcomes are given. I design a statistical procedure reducing
the biases of existing methods.
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1 INTRODUCTION

Since Woodford [2003] academic economists have been keenly interested in the dynamics of certain
latent (star) variables, such as the output potential, the natural rate of interest, or the NAIRU, as
they contain information about the first best that an economy can achieve. They have also been
concerned with the changes in the properties of these variables that extraordinary events, such as
the 2008 financial crisis or the COVID-19 pandemic, may have produced. Policymakers, on the
other hand, care about deviations of actual variables from their star counterparts (the gaps) as they
characterize inefficiencies that policy may want to eliminate. Thus, they may want respond with
monetary policy actions, e.g., to a widening output gap, or use output gap estimates to predict the
current level of inflation, via a Phillips curve, or the unemployment rate, via Okun’s law.

Unfortunately, while star quantities are central in macroeconomic discussions, they are unob-
servable. In addition, their measurement is elusive, as it requires counterfactuals involving the
identification of shocks and the quantification of particular distortions. For example, the output
potential is typically defined as the level of output prevailing absent nominal frictions once monetary
and markup shocks are eliminated. Because one needs to eliminate the effects of frictions such a
measurement exercise is naturally performed within the context of an estimated (calibrated) struc-
tural model. Nevertheless, for measurement exercises, statistical procedures are generally preferred,
as they are considered less prone to misspecification of the structural relationships and thus more
robust. However, existing statistical approaches typically employ identification assumptions which
are inconsistent with the information that New Keynesian (NK) structural models used to discuss
the dynamics of stars and gaps variables provide. Hence, different users draw conclusions about
the empirical properties of star and gap variables using concepts and measurements that may have
little to do with their theoretical counterparts. In practice, e.g. the term output gap is employed
to refer to the difference between actual output and its permanent component, defined as the level
prevailing in the long run; or the difference between actual output and its trend, where a family of
statistical concepts could be used to define the latter. But potential output might not be trending
in a statistical sense; and may feature both permanent and transitory swings.

The lapse between theory and measurement undermines both academic investigations and clouds
policy advises. In recent years macro-economists have argued about what the data tells us about
potential output, see Coibon, Gorodnichenko, and Ulate [2018], the properties of the natural rate
of interest, see Laubach and William [2016] or Del Negro, Giannone, Giannoni, and Tambalotti

[2019], the dynamics of NATRU, see Crump, Giannoni, and Sahini [2019] or the unemployment gap



Crump, Giannoni, and Sahini [2022] using statistical models which can not be mapped into the
fundamental equations present in NK theories. In addition, given the variety of statistical latent
variable extraction tools, researchers also disagree on the timing, the dynamics and the features of
the estimated deviations from star variables. Thus, they contend about how to measure cyclical
fluctuations, see Hamilton [2018], whether ”the trend drives the cycle” or the reverse is true, see
Aguiar and Gopinath [2007], and Heathcote, Perri, and Violante [2020]; on the role of permanent
and transitory disturbances for short and long run macroeconomic fluctuations, see Schmitt-Grohe
and Uribe [2019], Jorda’, Singh, and Taylor [2020]; or the theories consistent with cyclical facts, see
Angeletos, Collard, and Dellas [2020].

The contribution of the paper. This paper investigates on the relationship between theoretical
notions of potential and gaps (or permanent and transitory fluctuations) and the estimates recoverable
with statistical approaches using laboratory economies. 1 first demonstrate in a simple analytical
example why existing procedures fail to deliver estimates with the right population properties. I
then conduct a Monte Carlo exercise to rank procedures and quantify the distortions, employing a
number of structural NK models as data generating process (DGP) and a variety of procedures to
split the simulated data into two latent components. Finally, I propose a statistical method, that
could be used to tighten the match between theory based and empirical based concepts, which has
smaller biases.

In a structural model, potential and gaps are well-defined objects. As mentioned, potentials are
the equilibrium outcomes obtained eliminating nominal frictions, markup and monetary disturbances,
and the gaps are the deviations between the level and the potential of the variables. Similarly, the
permanent component of a variable is what the model produces when certain disturbances display
a unit root, and the transitory component is the difference between the level and the permanent
component. Thus, when a structural model is used as DGP, one can rank estimation approaches and
examine the reasons for why distortions occur.

Since even the most sophisticated NK models are likely to have important empirical deficiencies,
one may wonder whether any general conclusion can be derived from such an exercise. Indeed, robust
conclusions be obtained because what makes statistical methods inadequate are features intrinsic to
dynamic models and their solution procedure and not particular choices made by researchers. In fact,
in a dense class of dynamic models, gaps and potentials are correlated, display similar persistence,
have low and business cycle frequency components which account for similar portion of their total

variance. In addition, gaps display important low frequency variations and potential relevant business



cycle variations. Permanent and transitory fluctuations also display similar characteristics but are
uncorrelated by construction.

These robust features of gaps and potentials are in turn determined by three generic properties
of dynamic models: the linear approximation of the solution for the potentials and the gaps has
a VAR representation; certain disturbances drive both gaps and potentials; when these shocks are
persistent, both latent variables display the typical ”Granger spectral shape”. While the spectral
similarities in potentials and gaps can be made larger when the DGP possesses features enhancing low
frequency components in the gaps, such as Beaudry, Galizia, and Portier [2020], stretching out the
effect of cyclical shocks in the medium run, such as Gertler and Comin [2006], or making equilibrium
adjustments lumpy, such as Thomas [2002], no elaborated dynamic equilibrium model will make the
component uncorrelated, display different persistence and significantly change the spetral shape of
potentials and gaps. In addition, while relative contribution of gaps to the total variance at low and
business cycle frequencies depends on the frictions present in the economy, the potentials will always
account for a non-negligible portion of the variance of the observable at business cycle frequencies
and the gaps for a non-negligible portion of the variance at low frequencies, contrary to what most
statistical approaches assume.

I employ numerous extraction methods, covering well the set of procedures commonly used and
employ numerous statistics to compare them. Because many approaches features free parameters and
some require parameter estimation, I also examine whether the outcomes are affected by alternative
choices of the free parameters or when the sample size changes.

To avoid misunderstandings, it is important to highlight what the paper does not. This paper
is not concerned with finding the best way to isolate a stationary component from potentially non-
stationary data for the estimation of a stationary structural model (a question studied, e.g. in Canova
[2014]); nor about the properties of cyclical fluctuations or of parameter estimates when the DGP
features trend-stationary or difference-stationary characteristics, see Cogley and Nason [1995] or
Gorodnichenko and Ng [2010]. It is also not about constructing robust stylized facts, as for example
discussed Canova [1998] and Canova [1999]; or the properties of certain filters, see ? for a recent
example. While all these questions are of interest, they are unrelated to the issues discussed here
which arise because statistical estimation procedures employ identification assumptions which are

inconsistent with the basic features of dynamic NK models.

The related literature To the best of my knowledge a systematic analysis of the features of

model-based potentials and gaps and of the mapping between theoretical concepts and estimation



outcomes is absent from the literature. Christiano, Trabant, and Walentin [2011] simulated data
from a search-and-matching friction model and studied the performance of the Hodrick and Prescott
(HP) and of an optimal two-sided filter in capturing model-based output potential. Hodrick [2020]
simulated data from a number of time series models and compared the ability of HP, band pass (BP),
and local projection filters to separate permanent from transitory fluctuations. Because the models
considered are of reduced form type, his work nicely complements the analysis conducted here.
Beaudry et al. [2020] showed that there are interesting medium term fluctuations in hours, because
they have a length that does not fit the typical definition of cyclical fluctuations, and typically
disregarded in the analysis. They argue that these fluctuations are crucial to better understand the
type of cyclical models consistent with the data; see Kulish and Pagan [2019] for a critical view.
Lubik, Matthes, and Verona [2019] argue that many macroeconomic time series display important
medium term fluctuations, casting doubts on the evaluation exercise conducted by Angeletos et al.

[2020], which solely focuses at business cycle frequencies.

The punchline. The paper has two simple conclusions. If the data has been generated by the class
of NK models macro-economists and policymakers employ to interpret the dynamics of star variables,
toexamine aggregate fluctuations and to produce out-of-sample predictions, the available toolkit of
latent variable estimation procedures is inappropriate. Surprisingly, the oldest (Polynomial) and the
simplest (Growth differencing) procedures turn out to be the least distorting.

Furthermore, the practice of defining as cyclical those fluctuations with 8-32 quarters periodicity
needs considerable refinement. When standard dynamic macroeconomic models are taken seriously,
filters constructed to extract cycles with such periodicity in mind or evaluation exercises comparing
the performance of cyclical models at those frequencies produce severe inferential distortions. Models
generate gaps (transitory components) where low frequency (32-64 quarters) fluctuations are as or
more important than business cycle (8-32 quarters) fluctuations; at the same time, they produce
potentials (permanent components) with considerable business cycle variations. Thus, focusing on 8-
32 quarters fluctuations overestimate the variability of the gaps (transitory components) at business
cycle frequencies and underestimate their variability in the low frequencies. These errors alter the
sequence and the number of turning points, the amplitude and the duration of expansions and

recessions, and the ability to predict interesting macroeconomic trade-offs.

Where to go next. Given that empirical approaches are inadequate, one may decide structurally

estimate the model assumed to have generated the data, and construct model-based estimates of gaps



and potentials, in the spirit of Christiano et al. [2011], Justiniano, Primiceri, and Tambalotti [2013],
or Furlanetto, Gelain, and Taheri-Sanjani [2021]. When misspecification is a concern, the composite
likelihood approach of Canova and Matthes [2021] could be used to robustify inference.

While structural models are popular, statistical procedures are likely to continue to be used
for latent variable estimation in the foreseeable future, perhaps benchmarking the outcomes with
an estimated model, as e.g. in Croitorov, Hristov, McMorrow, Pfeiffer, Roeger, and Vandermuellen
[2019]. Bearing this in mind, I design a simple univariate statistical approach, which is consistent with
the information NK models provide. The procedure is flexible, can be rigged to produce estimated
gaps with arbitrary correlation pattern with potentials, and important low frequency variations; and
potentials with interesting business cycle frequency variations. The procedure uniformly outperforms
the best extraction procedures in the Monte Carlo experiments; and, once used in practice, generate

output gaps matching the spectral properties of the US labor share.

The rest of the paper. The next section provides a simple model indicting why existing statistical
approaches will fail. Section 3 discusses the design of the experiments and shows properties of
potentials and gaps in a number of models. Section 4 lists the estimation procedures. Section 5
presents the statistics used; and section 6 summarizes of outcomes. Section 7 interprets the results
and designs an alternative estimation procedure for gap extraction. Section 8 concludes. The on-line

appendix has a number of complementary tables and figures.
2  WHY STATISTICAL ESTIMATION FAILS: SOME INTUITION

To highlight why there is a mismatch between theoretical measures of potentials and gaps and the

etsimates obtained with existing statistical procedures, consider a simple NK model, see Gali [2015]

v = BB + ki (1)
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where v; is a monetary policy shock; a; a technology shock; ¢ = y; — y;* is the output gap and y}'

the output potential; § is the discount factor, p = —log(/3), o is the coefficient of constant relative
risk aversion, ¢’ = %;zﬁ is the inverse of the Frish elasticity, (1 — «) labor exponent in the



production function. Using the method of undetermined coefficients the solution for (g, y;') is

go= —(1=Bpa)oty(l = pa)Aaae — (1 = Bpu)Avvy
Y = Yyaty (5)
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Equation (5) highlights three important facts. The technology shock a; enters both the solution
for the output gap y; and for the output potential y;'. Hence, the two latent components will be
generally correlated. In addition, when a; is persistent, both the output gap and the output potential
will be persistent. Finally, if the persistence of a; is larger than the persistence of v;, , and y;* will
display similar distribution of the variance by frequency.

While in this simple model there are only two shocks, in more complicated models there would be
many disturbances entering the solution of 7; and y;* (e.g. investment specific, government spending,
preference shocks, etc.) and other disturbances only affecting the gap (e.g. markup shocks). Thus,
also in more complicated models, potentials and gaps will be correlated, their persistence will be
driven by the more persistent shock entering in both, and the spectral shape will be similar, provided
that the disturbances entering only the gap are less persistent than those affecting both latent com-
ponents, a very mild condition, generally satisfied by the parameterizations used in the literature.
Notice also that, since government spending and the preference shocks enter the solution of both
the potential and the gap when there are more than two shocks, it is not generally true that output
potential is driven only by "supply” shocks.

There is one interesting special case when, in the above model, the results will be different. If a;
has a unit root p, = 1, the output gap ¥, is driven only by monetary shocks and output potential y}'
only by technology shocks. Thus, in this case, the components will be uncorrelated, supply shocks
drive the potential and demand shocks drive the gap. In addition, the potential will be integrated
and the gap stationary, but may still display similar distribution of the variance by frequency if
v, are persistent. Nevertheless, in models with more than two shocks, even when p, = 1, the two

components will be correlated and both ”"demand” and ”supply” shocks may drive the potential.



In a world with unit roots, a permanent-transitory decomposition is an interesting alternative to a
potential-gap decomposition. In the simple model we consider, the two decompositions are identical,

1.e.

i = w—vy =—(1—Bpa) Ay =y — Y (9)
yf = y +(1- 5pa)0qj;b(1 — pa)Naai = y;' (10)

where y! is the transitory component and y!” the permanent component. Note that the orthogonality
of two components will still hold by construction in larger models with a larger number of shocks. Still,
if there are more than two disturbances and stationary shocks are highly persistent, the transitory
component will be highly persistent and, away from the zero frequency, the permanent and the
transitory components will have similar distribution of the variance by frequency. Thus, also in this
case, the main features we emphasize hold.

The above discussion can be applied to any star and gap variable generated by a NK model. For
example, the solutions for the the nominal interest rate gap i, and the natural rate of interest (1)

in the simple model are

Fr = —paloy (1 — pa)kAaar — [(1 = Bp,)(1 — py)o — puk] Aoy (11)
re = —opy(l = pa)a (12)

Since the technology shock affects 7, and r}’, the same issues emerge also in this case.

This simple example highlights a few important characteristics of NK dynamic equilibrium models.
Potentials and gaps are generally correlated; they have similar persistence; and, at the relevant
frequencies, similar distribution of the variance. When a unit root is present and a permanent-
transitory decomposition is employed, the two latent components will be uncorrelated, but their
persistence and the distribution of the variance by frequency will still be similar, provided that
transitory shock are sufficiently persistent.

These features hold in population (and thus they are independent of the sample size available
for estimation); concern any star and gap variable in NK models generate, and appear regardless of
the details of the underlying economy. For example, as shown in the next section, adding financial
frictions or introducing mechanisms allowing to stretch the effect of transitory shocks in the long
run does not change these qualitative features. They will also emerge in models with different or
no microfundations as long as their linear approximation has a VAR solution (state space solution if

there are endogenous state variables) and the shocks driving the economy are persistent.
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Figure 1: Gap and potential output, SW model and a few estimates

To illustrate the points in the starkest possible manner figure 1 plots one time series for (g, y}')
simulated from one of the medium scale models used in the experimental exercise (the Smets and
Wouters [2007] model). The time paths are clearly similar; the correlation between the two compo-
nents is around 0.8; and their AR(1) coefficients are, respectively, 0.96 and 0.97. Figure 2 confirms

that the distribution of the variance by frequency is similar.

Statistical filters. The large majority of the statistical procedures employed to separate two latent
components from one observable time series employ two identifying assumptions: a) the components
are uncorrelated, and b.1) the persistence of one component is larger than the persistence of the other
or b.2) the distribution of the variance by frequency differs. For example, the Hodrick and Prescott
(HP) filter assumes a) and b.2) while the Blanchard and Quah VAR decomposition assumes a) and
b.1). Because identification assumption are inconsistent with the DGP, it is just by sheer luck that
the estimated gap will resemble the gap relevant for the policy discussion.

To illustrate, the second panel of figure 1 plots the true output gap and estimates obtained with
three leading statistical approaches: HP and Band pass (BP) filters, and a first difference (FOD)
filter. Needless to say, all estimate fail to capture the low frequency movements present in the
theoretical gap. As the second panel of figure 2 indicates, the mistakes are due to the fact that these

filters display squared gain functions which considerably deviate from the theoretical squared gain
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Figure 2: Log spectral density of gap and potential output, SW model and a few squared gain
function.

function, which is roughly constant across frequencies.
3 THE DESIGN OF THE EXPERIMENTS

I use a number of NK general equilibrium models as the DGP for the controlled experiments I run.
In a NK model potentials and gaps are well defined concepts; a set of equations characterizing the
optimality conditions for the potential economy - that is, the economy without nominal frictions,
markup and monetary disturbances - can be added to the optimality conditions of the gap problem:;
and the solution for both type of variables is jointly obtained. Level variables are then calculated as

the sum of the gaps and the potentials.

The features of gaps and potentials in the baseline model. The baseline setup I use is the
standard closed economy model popularized by Smets and Wouters [2007] (SW) with real frictions
(habit in consumption and investment adjustment costs), nominal frictions (price and wage stickiness
and indexation), a Taylor rule for interest rate determination, and seven structural disturbances (to
Total factor productivity (TFP), to investment, to government expenditure, to the Taylor rule, to the
price and wage markups, and to the risk premium), all of which are assumed to be stationary. This

model is the natural benchmark for three reasons: it has a good fit to the data of many countries;
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it has been used to analyze policy trade-offs and optimal policy decisions, see e.g. Justiniano et al.
[2013]; many policy institutions use versions of this model for out-of-sample forecasting exercises.

The baseline parameters I use are SW posterior mean estimates.
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Figure 3: Log spectral densities, output gaps and output potentials, different models

The first panel of figure 3 plots the population log spectral density of the output gap and of the
output potential obtained from the SW model. Note that the low frequency variability in the gap (32-
64 quarters) is larger than its business cycle variability (8-32 quarters); the gap and the potential have
similar spectral shape; and they almost equally account for the variance of output at low and business
cycle frequencies. Furthermore, because TFP, investment, preference and government expenditure
disturbances drive both the gap and the potential, the two latent components are correlated. These
features are not unique to output. Figure C.1 in the on-line appendix shows that the log spectral
properties of the gaps and the potentials of consumption, investment, hours, real wage, real return

to capital, and capacity utilization are very similar to the ones of output.

Tinkering with the specification. The three qualitative features I emphasize above do not
depend on the parameter values assumed. As long as the parameter are drawn from the estimated
posterior distribution and results averaged, the log two spectral densities will still be similar to each
other.

In the baseline specification, a number of shocks drive the fluctuations in the potentials and in
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the gaps of the endogenous variables. Because these shocks are highly persistent, the conclusion that
the potentials and the gaps have similar spectral features and are correlated follows as a corollary.
What if some shocks, for example, investment and government spending disturbances, are absent?
Would that make the two latent variables sufficiently different, given that markup and monetary
policy disturbances only enter the gaps? The second panel of figure 3 shows that this is not the case:
having a highly autocorrelated TFP shock is enough, given that the disturbances entering only in
the gap have smaller persistence.

The third panel of figure 3 indicates that the spectral properties of the latent variables are
not driven by specific bells and whistles present in a structural model. Eliminating real frictions
(habit in consumption and investment adjustment costs) or wage rigidities does not change the
relative properties of the output gap. Compared with the baseline specification, the gap displays
more variance at the low and business cycle frequencies meaning that the rigidities typically used
to fit wage inflation and the investment dynamics also decrease output gap variability. Note that
eliminating these rigidities also produces a similar upward shift in the log spectral density of the
potential at the same frequencies. Thus, the relative contribution to the variance of the process is
unchanged, the spectral shape of the two latent components is similar and the average coherence

high (0.78).

Making technology shocks permanent Assuming that all the disturbances are stationary may
appear to unrealistic to many econometricians. Common wisdom suggests that certain real variables
should display an upward trend. To ensure that this is the case, I alternatively consider a setup
with a unit root in TFP. In this case, the levels of output (Y), consumption (C), investment (I) and
real wages (W) will be on a balanced growth path. Hours (H), return to capital (RK), capacity
utilization (CapU) will instead be stationary. Panel 4 of Figure 3 shows that when transitory shocks
have large persistence, the spectrum of the output gap and of transitory output are alike and have

?

qualitatively similar distribution of the variance by frequency (compare "ygap” with ”ytral”). It
is also worth examining what happens to the spectral shape of the latent variables when, as in
Aguiar and Gopinath [2007], "the trend generates the cycle”, i.e., the permanent TFP disturbance
accounts for a large portion of the data variability at business cycle frequencies. To produce this
pattern, I decrease by 3/4 the persistence of the transitory disturbances. The relative importance of
transitory low frequency fluctuations decreases (compare ”ytral” and "ytra2”). On the other hand,
the importance of the permanent component at business cycle frequencies is magnified. Still, both

transitory and permanent components have more variability in the low than in the business cycle
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frequencies. Hence, also in this case, the basic properties we emphasize hold true.

Gaps and potentials in other models Although the SW model is popular, it leaves out features
that may be important to explain the data. For example, it does not account for search and matching
frictions, it does not take into consideration the relationship between the real and the financial side
of the economy, nor has built-in endogenous mechanisms making transitory shocks important in the
medium-long run. Because there are many alternative models one could consider, for illustration, I
show what happens to the properties of the output gap when NK models with financial frictions or
R&D are used '. In models with financial frictions, I define potentials in the same way I have done
without them: they characterize the economy without nominal frictions and with markup and the
monetary disturbances set to zero. Thus, financial frictions (and risk shocks if present) affect both
the potentials and the gaps.

Panel 5 of figure 3 compares the spectral properties of gaps in the baseline specification (SW); in
the baseline specification with financial frictions (SWFF), see Del Negro, Giannoni, and Schorfheide
[2015]; and in the specification with risky contracts (CMR), see Christiano, Motto, and Rostagno
[2014].  Although in the CMR model the gap displays uniformly lower log spectral density, since
transitory disturbances have considerably smaller estimated variability than in the baseline SW
model, the presence of financial frictions does not change the spectral features of the gaps. If anything,
the relative importance of low frequency components grows larger.

What happens to the spectral density of the gaps when the model features endogenous mechanisms
increasing the persistence of exogenous shocks? Any mechanism boosting the persistence and/or
creating larger amounts of "medium term” volatility, will generally an increase the proportion of the
total variance due to the gaps and their importance relative to potentials in the low frequencies.
Hence, adding such a mechanism is likely to make the features we emphasize more extreme, in the
sense that gaps may have more variability in the low frequencies, and potentials more variability at
business cycle frequencies, but it will leave them correlated. Panel 6 of figure 3 plots the spectral
properties of the output gaps in the baseline SW model and in a simple NK model with R&D, in
the spirit of Gertler and Comin [2006], where shocks to government physical and R&D investments
drive the fluctuations. In this model TFP endogenously grows because R&D investment affects
labor productivity. Thus, iid productivity disturbances may generate persistent TFP movements.

As expected, the spectral shape of the output gap is unchanged relative to the baseline specification

T have also experimented with the Beaudry et al. [2020] model. Because the mechanism producing the peak in the
spectral density at the low frequency in hours affect the two latent components, the same conclusions obtain: gaps
display low frequency variations, gaps and potentials have similar spectral shapes, and are correlated.
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and the proportion of output gap variance in the low frequency is still larger than the proportion at
business cycle frequencies. Note that now, most of the gap variance is now concentrated in the very

low frequencies 2.

Table 1: Relative variances

Output All Low BC Own variance | Own variance
frequencies|frequencies|frequencies|low frequencies| BC frequencies
Gap (SW stationary) 0.58 0.66 0.50 0.16 0.07
Gap (SW 5 shocks) 0.64 0.65 0.91 0.10 0.04
Gap (SW, no real frictions) 0.74 0.78 0.94 0.19 0.24
Gap (SW, no wage rigidities)| 0.41 0.60 0.85 0.10 0.13
Gap (SWFF) 1.06 0.91 1.01 0.22 0.05
Gap (CMR) < 0.01 < 0.01 < 0.01 0.15 0.02
Gap (R&D) 0.005 0.001 0.007 0.009 0.003
Transitory (SW unit root) 0.01 0.80 0.64 0.18 0.10
Transitory (SW trendcycle) | < 0.01 0.61 0.36 0.22 0.44

Notes: SW stationary is the baseline SW model, SW 5 shocks is the baseline SW model without investment and
government spending shocks, SW no real frictions is the baseline SW model without habit in consumption
and investment adjustment costs, SW no wage rigidities is the baseline SW model without wage indexation
and the wage Philips curve. SWFF is the SW model with financial frictions; CMR is the model of Christiano
et al. [2014]; R&D is a NK model with research and development. SW unit root is SW model with permanent
TFP disturbances; SW trendcycle is the SW model with unit root in TFP and low persistence of transitory
disturbances. The first three columns report the fraction of the output variance due to the gap (transitory
component) , on average, across all, low, or business cycle frequencies. The last two columns report the
fraction of the variance of the output gap (transitory output) at low (32-64 quarters) and at business cycles

(8-32 quarters) frequencies. Numbers may exceed 1 when the latent components are correlated.

Summary. Table 1 summarizes the properties of the output gap (transitory output) for the DGPs
I consider. Equilibrium models featuring highly persistent TFP disturbances and the definition of
potential I employ will make gaps and potentials correlated, generate latent components with similar
spectral distribution of the variance, and produce large amounts of low frequency variability in the
gaps and of business cycle frequency variability in the potentials. The persistence of the disturbances

is also key to make transitory and permanent components share similar spectral features.

2All the DGPs considered have disturbances with constant moments. When there is, e.g. , stochastic volatility,
none of the features I have emphasized is altered, provided that a third order approximation to the solution is used to
simulate data. Stochastic volatility increases the portion of the variance of gaps and potentials in the low frequencies,
but it does not alter the relative importance of the two latent components at low and business cycle frequencies.
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The table also suggests that the theoretical gain function needed to extract the output gap is
either roughly uniform across frequencies or has a hump at business cycle frequencies. (see first
three columns of table 1). As discussed next, none of the existing estimation procedures generates
estimated gain functions with these features. When a unit root is present, the permanent component
explains the majority of the data fluctuations as the height of its spectral density in the very low
frequencies is of an order of magnitude larger. Still even in this case, the portion of the variance in
the low frequencies due to transitory fluctuations, and the portion of the variance at business cycle

frequencies due to permanent fluctuations are non-negligible.
4 LATENT VARIABLE ESTIMATION PROCEDURES

There are numerous procedures one could employ to estimate two latent components from one ob-
servable time series (typically named ”trend” and ”cycle”). I focus on the most commonly used in
the macroeconometric literature. 1 do not consider production function methods, because estimates
of the long run values of the inputs need demographics, participation rates, and other slow moving
variables that can not be produced with my DGPs. The procedures differ in many dimensions. Some
are statistical and others have economic justification; some are univariate and others multivariate;

some require parameter estimation and others do not.

Univariate approaches. The first approach is the oldest and maintains that the trend is deter-
ministic and uncorrelated with the cycle. Thus, the latter can obtained as the residual of a regression
on a polynomial trend. I use a quadratic polynomial and run the regressions variable by variable.
The results obtained with this approach are denoted in the tables by the acronym POLY

The second approach is the Hodrick and Prescott filter. Here the trend is assumed to be stochastic
but smooth and uncorrelated with the cycle. The latter is the difference between the level of the

series and the Hodrick and Prescott trend, which is obtained via the ridge estimator:

g=(HH+M\QQ)'H'y (13)
where X is a smoothing parameter, y = (yl,_. ..y;) the observable series, § = (?31,_. s Tty Uet1s Ues2),s
1 -2 1 0 .. .. 0 0 0
o 1 -21 .. ... 0 0 O
o o0 1 2 .. .. 0 0 0
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and denote the results with the acronym HP. For sensitivity, I also consider A = 51200 (acronym:
HPa), a value close to the BIS recommendations, see Borio [2012].

The third approach assumes that the trend is stochastic, displays at least one unit root, and it
is uncorrelated with the cycle. 1 consider two separate sub-cases: one where the cycle is obtained
by short differencing (one period); and one where it is obtained by a long differencing (24 periods).
I denote the results with the acronyms FOD and LD, respectively. In sensitivity analysis, I also
consider 4 and 16 periods differencing operators (acronyms: FODa, LDa)

The fourth approach permits the trend to be stochastic and to display both stationary or non-
stationary features, but assumes that its variability is entirely located in the low frequencies of the
spectrum. To extract cycles with 8-32 quarters periodicity, I use the band pass filter implementation
of Christiano and Fitzgerald [2003], which employs asymmetric and time-dependent weights. I denote
the results with the acronym BP. For sensitivity, I also examine the trigonometric version of the filter,
see Corbae, Ouliaris, and Phillips [2002] (acronym: Trigo), the stationary, truncated symmetric
version of Baxter and King [1999] (acronym: BK), and a version of the baseline filter designed to
extract cycles with 8-64 quarters periodicity (acronym: BPa).

As alternative, I have considered a wavelet filtering approach, recently popularized by Lubik et al.
[2019]. Wavelet are one-sided MA filters, where the length of the MA polynomial depends on the
cycles being extracted. For example, to obtain cycles with a 8-32 quarters periodicity, a MA(16) is
used but to extract cycles with a 32-64 quarters periodicity, a MA(32) is employed. Wavelets have
some intuitive advantages over band pass filters, as they work in time domain and the number of
MA terms is finite. I denote the results obtained with this approach with the acronym Wa.

The fifth approach is based on local projections and follows Hamilton [2018]. Here the trend is
the medium term predictable component of a variable and the cycle is assumed to be uncorrelated
with the trend. The latter is obtained as the residual of a regression of each variable at ¢t + m on
current and up to d lags of the variable. I set m=8, d=4, and report results under the acronym Ham.
In the sensitivity analysis, I consider the alternative of m=12 and d=2 (acronym: Hama)

The sixth approach uses a state space formulation of the latent variable problem. It assumes that
the trend is a random walk with drift; that the cycle is an AR(2) process, and allows the innovations
in the trend and the cycle to be correlated. No error is present in the measurement equation. Using a
flat prior on the parameters, I compute posterior distributions using a MCMC approach, as in Grant
and Chan [2017]. The reported properties are computed averaging trends and cycles estimates over
retained draws. I denote the results with the acronym UC. In the sensitivity analysis I consider a

bivariate filter with output and capacity utilization as observables (acronym UCbiv).
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Multivariate approaches. Given the general equilibrium nature of the DGP, univariate ap-
proaches are inefficient as they disregard, for example, the fact that cyclical components have similar
features (since they are driven by the same disturbances) or the presence of balance growth when
TFP has a unit root. The next two procedures account for these possibilities.

The first, based on Beveridge and Nelson [1981]" decomposition, defines the trend as the pre-
dictable long run component of a vector of variables. Cycles are the difference between the vector of
observable variables and the estimated trends. By construction, trends and cycles are perfectly corre-
lated, as they are driven by the the same reduced form innovations of a vector autoregression on lags
of the relevant variables. I run the decomposition unrestricted, that is, without the signal-to-noise
prior of Kamber, Morley, and Wong [2018], because the DGP is already a low order VAR.

The second procedure follows Blanchard and Quah [1989] and still uses a vector autoregression
to compute the innovations. However, the decomposition uses identified disturbances to separate the
two latent components: the trend is driven by supply disturbances and the cycle by both supply and
demand disturbances. In the implementation I use, the vector autoregression includes output growth
and hours for both approaches. I denote the results with the acronyms BN and BQ. In the sensitivity
analysis, I consider a trivariate VARs with output growth, consumption to output, and investment

to output ratios (acronyms: BNa, BQa).
5 SUMMARY STATISTICS

It is difficult to select a single statistic conveying reliable information about the performance of differ-
ent approaches; and different researchers may be comfortable with different ones. Here I summarize
the outcomes of the experiments with a number of indicators and aggregate the outcomes using a
simple counting measure. The indicators are computed averaging results using 100 data replications
to wash out simulation uncertainty.

For each approach, I first compute the root mean square error (RMSE), calculated as the dif-
ference between the true gaps (transitory components) and the estimates. Second, I report the
contemporaneous correlation between the true gaps (transitory components) and the estimates, the
first order autocorrelation and the variability of the estimates, benchmarking them with those of the
true gaps (transitory components). I do not report contemporaneus cross-correlations as the results
for this statistic can be inferred from autocorrelation and variabilties.

I compute these four statistics for 9 series the model generates: output, consumption, investment,
return to capital (real rate), hours, real wages, capacity utilization, the nominal rate and inflation

(the latter serie has no potential). I also extract a factor from the data, apply the filtering procedures,
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and compare RMSE, variability, auto and contemporaneous correlations of the filtered series to the
those of the factor, computed using the true gaps (transitory components).

Third, I compute turning points in the filtered data and compare their number, the average dura-
tion and amplitude of expansions and recessions with those of the true gaps (transitory components).
Because in the baseline specification, the model is solved linearly around the steady state, durations
and amplitudes are roughly symmetric across business cycle phases in the simulated gaps (transitory
components). This may not necessarily be the case in the estimates.

Policymakers are interested in gaps because they may help to understand the current state of the
economy or to predict variables of interest, such as inflation via a Phillips curve, or employment with
a Okun law. For this reason, I also compute two additional set of statistics. The first measures the
RMSE in real time, focusing attention on the last 12 periods of each sample; the second compares the
variance of the prediction error in the regressions implied by the true output gap (transitory output)
and those implied by the estimates. Letting yi_ ; denote either the true output gap (transitory output)

or the estimated one at ¢t — 7 and letting m=1,4, the predictive regressions take the form:

2 3
Tttm = Qo+ Z U Zﬁjyiﬁj + Et4m (14)
j=1 j=1
2 3
Hypm = oo+ Z o e j + Z BiYi—j + Verm (15)
=1 j=1

where 7, is inflation and H; is hours worked.
6 THE RESULTS

Table 2 summarizes the results for the SW baseline DGP with stationary shocks (top panel) and
with a unit root in TFP (bottom panel). It reports, for each average statistics, the number of times
across variables a procedure ranks first. The counting measure assigns a one to the best procedure
(0.5 if there is a tie) and zero to the others. To be clear, in the RMSE row a 5 in the Poly column
means that the RMSE of that approach is the smallest for 5 variables. Totals are computed equally
weighting all statistics. Tables A5-A11 in the on-line appendix give the details for each statistics .

3For each variable (factor) and for each procedure, table A5 reports the average RMSEs; table A6 the average
real time RMSEs; table A7 the average contemporaneous correlation, table A8 the average AR1 coefficient; and table
A9 the average variability; table A10 the average number of turning points, the average duration and amplitude of
recessions and expansions for output and the factor; and table A1l the average difference between the true variance
of the prediction error of Phillips curve and Okun law regressions and the estimated one.
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Table 2: Summary results across variables, DGP: Stationary SW, T=750

Statistic POLY HP FOD LD BP Wa Ham UC BN BQ | BW
Gap
RMSE 5 3 1 0.5 0.5 8
Correlation 9 0.5 0.5 8
AR1 4 3 3 6
Variability 4 2 3 1
TP 1.5 5 2 1.5 3
RT-RMSE 1 3 2 3 0.5 0.5 8
PC 2 2
OL 1 1
Total 25.5 9 2 8.5 0 9 4 4 1.5 1.5 35
Transitory
RMSE 9 1
Correlation
AR1 4 5.5 0.5 1
Variability 3 6 1 1
TP 4 4 2 3
RT-RMSE 4 6
pPC 1 1
OL 2
Total 11 4 13 11 0 5.5 1 7.5 0 1 5

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing, LD
is 24 order differencing, UC is unobservable component filtering, BP is band pass filtering, Wa is wavelet
filtering, Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. RMSE is the root mean square error, Correlation
the contemporaneous correlation with the true series, AR1 the first autoregressive coefficient, Variability the
variability of the series, TP the number of turning points, the duration and the amplitude of expansions
and recessions, RT-RMSE is the real time root MSE, PC is Philips curve predictions, OL the Okun law
predictions. In each row the ranking is over 9 series (two series for BN and BQ) and one factor. For TP
where the ranking is for output and the factor. Numbers are computed summing the top ranks, equally

weighting all variables; when there are ties, each get a value of 0.5.

The Polynomial approach is the least distorting when measuring gaps and it is superior as far
RMSE, contemporaneous correlation, AR1, variability, and Phillips curve regressions are concerned.
The next approaches in the ranking are appropriate for certain statistics (the HP filter for turning

points (TP) detection; the Wavelet filter for TP detection, AR1 coefficient and variability) but seem
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much less suited than the Polynomial filter to globally capture the features of the gaps. Three other
aspects of the top panel of table 2 are worth emphasizing. First, the long difference filter is superior
to the Hamilton filter. Hamilton [2018] shows that his filter is close to a m-period difference filter.
Hence, the horizon of the local projection m = 8 is probably too short, confirming the presence
of important low frequency variability in the gaps. Second, the commonly used UC approach, is
competitive only in terms of RMSE; for other statistics, it ranks in the middle of the pack. Finally,
even discounting the fact that they concern only two of the variables, the performance of BN and
BQ procedures is quite poor.

In absolute terms, biases in gap estimates are important. For example, for output, the average
RMSE exceeds 5 percent, which is larger than the average RMSE produced by a random walk (3.80).
Moreover, the real time RMSEs are 50 percent larger than the real time RMSEs produced by a
forecast that uses T — 12 value for all successive 12 periods. Distortions are considerable also in
terms of volatility and correlation measures; for instance, the largest contemporaneous correlation
between estimated and true output gap is only 0.65.

The FOD filter ranks first when estimating the transitory components, closely followed by the
Polynomial and LD filters, but its superiority stems entirely from RMSE measures. Relative to gaps
extraction, there is a deterioration of the performance of HP and Hamilton filters and an improvement
in the performance of the UC filter. The improvement for the latter comes from the real time RMSEs,
and involves primarily output, consumption and investment. On the other hand, the performance of
BN and BQ is still deficient. Given the popularity in the literature of the BQ procedure, the next
section takes a close look at why this is the case. The band pass filter is poor for all statistics and all
series. In comparison, the Wavelet filter does a more reasonable job. Because both aim at capturing
the fluctuations located in the central part of the spectrum, the wavelet filter is less distorting because
it induces a smaller approximation error in the low frequencies.

Quantitatively, when extracting transitory components the distortions are larger. Interestingly,
almost all estimates poorly correlate with the true transitory components. This explains why, in
comparison with gaps measurement, RMSEs tend to be larger (for instance, for transitory output it
is greater than 6 percent).

In general, many approaches underestimate the variability of both the gaps and the transitory
components. The exceptions are the Polynomial, the BN and BQ procedures. For the former this
is due to the nature of the squared gain function, as discussed in section 6. The excess variability
produced by BN and BQ procedures is less expected. Section 6 also discusses why this is the case.

To conclude, somewhat unexpectedly, the crudest and the oldest procedure, the Polynomial fil-
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tering, is the least damaging when characterizing gaps. A similarly crude differencing filter ranks

well when extracting transitory components. Larger information sets or fancier econometrics do not

help.

Table 3: Summary results for output, across statistics, different DGPs, T=750

DGP POLY HP FOD LD BP Wa Ham UC BN BQ |BW
Gap (SW stationary) 6 3 1 1 2 1 7
Gap (SWFF) 9 2 2 1 7
Gap (CMR) 3 2 1 2 2 3 1
Gap (SW5) 5 4 11 1 2 | 10
Gap (No real frictions) 6 3 1 1 1 2 6
Gap (No wage rigidities) 55 5.5 3 2
Gap (R&D) 3 1 4 2 1 2 1] 3
Transitory (SW unit root) 6.5 3 35 1 4
Transitory (SW trend cycle) | 1.5 45 5 1 1 1 4
Total 455 28 175 6 5) 7 11 1 1 4 | 43

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing, LD is
24 order differencing, UC is unobservable component differencing, BP is band pass filtering, Wa is wavelet
filtering, Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. SW stationary is the stationary Smets and Wouter
model; SWFF is the Smets and Wouter model with financial frictions; CMR is the Christiano, Motto, and
Rostagno model; SW5 is the stationary Smets and Wouter model with 5 shocks; No real friction is the SW
model without habit and investment adjustment costs; No wage frictions is the SW model with flexible wages
and no wage indexation; R&D is a NK model with R&D. SW unit root is the Smets and Wouter model with
a unit root in TFP; and SW trend cycle is the Smets and Wouter model with a unit root in TFP and low
persistence for the transitory shocks. Numbers are computed summing the top ranks, equally weighting all

statistics; when there are ties each get a value of 0.5.

Focusing on the output gap. Table 2 gives a bird-eye view of how different procedures perform
in extracting gaps or transitory components, on average across variables for one DGP (the SW
model). Table 3 summarizes the results on average across statistics for output gaps (transitory
output) produced in the 9 DGPs considered in section 2. Here a 6 in the POLY column means that
the procedure listed is best for 6 out of the 14 statistics for that DGP.

The Polynomial approach does well in replicating output gap dynamics when the DGP is a model

of the Smets and Wouter variety and, when financial frictions are present, it clearly dominates all
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others. Given that the Polynomial approach has been discredited in the literature for leaving near
non-stationary dynamics in filtered series, these results deserve further discussion, see section 6.
The HP filter ranks well, both when the disturbances are highly persistent and when they are
not. The performance of the HP filter is striking, in light of the criticisms raised in the literature;
see recently Hamilton [2018]. Finally, the performance of the UC approach is generally poor.
Thus, the Polynomial procedure seems the most robust for output gap extraction, and it maintains
his relative superiority across DGPs. The HP filter is also relatively robust and ranks on top for a

number of statistics, when both gaps and transitory components are generated by differetn models.

Sensitivity. I have repeated the exercise with the baseline DGP varying the free parameters of the
procedures, adjusting certain filters to capture low frequency variability, or adding information to
multivariate approaches.

The absolute performance of HP and BP filters can be improved by choosing a higher A or a lower
limit for the frequency band (see tables B.1-B.7 in the on-line appendix). However, the Polynomial
procedure still ranks first. The alternative Hamilton filter produces estimated cycles whose frequency
distribution is more in line with those of the true gaps (transitory components) but this does not
change its relative position in the ranks. Quantitatively speaking, the gains obtained by optimizing
the parameters of the filters are small.

Perhaps more interesting are the results when the sample size is smaller. Because certain pro-
cedures require parameter estimation while others do not, estimation uncertainty may affect the
ranking. Table 4 summarizes the results for T=150 and the baseline SW DGP (tables B.8-B.14 in
the on-line appendix provide the details). For gaps, the Polynomial approach is still superior but its
performance worsens. Instead, procedures which do not require parameter estimation, such as HP
or LD, improve in the overall ranking. Still, the snapshot of tables 2 is roughly maintained.

The conclusions are somewhat affected instead when measuring the transitory components. The
FOD filter, which came on top in table 2, now looses its superiority and the LD filter becomes the
least distorting, with the UC approach lagging third. The LD filter dominates when measuring the
AR1 and the volatility of the transitory component, while the FOD filter is still superior in terms
of RMSE measures. For the two regressions policymakers care about, the sample size makes little

difference, and the LD filter is most appropriate to construct regressors in the predictions equations.
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Table 4: Summary results across variables, DGP: Stationary SW, T=150

Statistic POLY HP FOD LD BP Wa Ham UC BN BQ | BW
Gaps
RMSE 4 4 1 0.5 0.5 7
Correlation 7 2 0.5 0.5 10
AR1 3 4.5 2.5 4
Variability 5 1 3 0.5 0.5 2
TP 0.5 3.5 2 1 2 1 2
RT-RMSE 3 4 2 0.5 0.5 8
pPC 2 2
OL 2
Total 19.5 11.5 2 10.5 0 8.5 6 4 1.5 1.5 33
Transitory
RMSE 4 1 5
Correlation
AR1 0.5 7 1.5 0.5 0.5 3
Variability 3 7 7
TP 2 2 3 1.5 1.5
RT-RMSE 5 3 2
PC 2
OL 1 0 1 2
Total 5.5 2 10 19 5.5 2.5 0 8.5 0.5 0.5 13

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing, LD
is 24 order differencing, UC is unobservable component filtering, BP is band pass filtering, Wa is wavelet
filtering, Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. RMSE is the root mean square error, Correlation
the contemporanoeus correlation with the true series, AR1 the first autoregressive coefficient, Variability the
variability of the series, TP the number of turning points, the duration and the amplitude of expansions and
recessions, RT-RMSE is the real time root MSE, PC is Phillips curve predictions, OL is Okun law predictions.
In each row the ranking is over 9 series and one factor, except for TP where the ranking is for output and
the factor. Numbers are computed summing the top ranks, equally weighting all variables; when there are

ties each get a value of 0.5.

I have also conducted an experiment where the benchmark SW model is simulated using a second
order solution. In this case, procedures which assume a linear, parametric structure are penalized rel-
ative to procedures which non-parametrically split the data into two latent variables. The magnitude

of the distortions is, on the whole, larger; but the ranking presented in tables 2 and 3 is unaffected.
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Figure 4: Estimated squared gain functions for output: selected filters.

7 'THE ESTIMATED GAIN FUNCTIONS

To understand the outcomes reported in tables 2 and 3, I employ the estimated squared gain function
which measures, frequency by frequency, how the variance of the output of a procedure relates to
the variance of the input. As mentioned, the theoretical squared gain functions are different from
zero, bounded above and roughly constant at least across low and business cycle frequencies. Thus,
deviations of the estimated from the theoretical squared gain functions help us to understand the
distortions of each procedure produces. Figure 4 plots the estimated squared gain functions for 12
procedures (Polynomial, HP, BP, Hamilton, FOD, LD, BN, BQ, UC, Wave, HPa and BPa) obtained
with one realization of the output series, when all disturbances are stationary *.

The squared gain of the polynomial approach is zero at the zero frequency and one everywhere
else. Thus, the procedure removes very long run variability and leaves the rest of the spectrum of the
input series untouched. This means that the estimated gap has roughly the same volatility features
as the original series and the frequency distribution of the variance is similar.

The FOD approach has a squared gain with the familiar shape: it attributes all the variability of

the original series in the low and business cycle frequencies to the potential while the gap captures,

4There is no loss of generality focusing on one realization because the spectral properties of output are similar
across replications.
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primarily, very high frequency variability. The squared gain of the HP filter displays its well-known
high-pass features. The filter when applied to the estimation of the gap eliminates low frequency vari-
ability, keeps the high frequency variability unchanged and, at business cycle frequencies, smoothly
eliminates power, when moving from cycles of 8 to 32 quarters. The band pass filter, on the other
hand, knocks out low and high frequency variability and passes the business cycle frequencies al-
most unchanged. Because the sample is finite, there is some compression, in the sense that at some
business cycle frequencies, the squared gain is less than one.

Perhaps more interesting is the squared gain of the Hamilton filter. Since Hamilton [2018] only
briefly discusses it (see footnote 18), it worth to explicitly spell out its features. Because the projection
equation uses ¥y, as dependent variable, the gain function is zero at m/2 separate frequencies.
Between these frequencies, it is bell-shaped and, at the vertex, its height exceeds 10. Hence, while
at certain frequencies the input variability is eliminated, at others, it is multiplied by a factor of 10
or more. In other words, it emphasizes frequencies of the spectrum not necessarily connected with
meaningful cycles creating excess variability at 'uninteresting’ frequencies. Hamilton [2018] mentions
that the cycles his approach produces are similar to those of a LD filter. Figure 4 confirms the
statement: the LD squared gain has, qualitatively, the same features as the Hamilton squared gain
but, because I take a 24-quarter difference, the LD filter also emphasizes low frequency variability.

The BN and the BQ filters have qualitatively similar squared gain functions, despite different
identification assumptions. Because the squared gain is large at very low frequencies, estimated cycles
display strong low frequency variations, which are absent in the theory-based gaps, and considerable
persistence.

The UC and the Wavelet filters have gains functions which differ from the others. In particular,
the squared gain of the UC filter is less than one at all frequencies and has a vertex of around 0.3
in the low frequencies. Thus, the approach seems to recognize that gaps have power in the low
frequencies and display variability at all frequencies. However, the shape of the function depends on
the estimated parameters. As figure 5 highlights, the estimated squared gain for consumption differs
and magnifies the variance at business cycle frequencies. The Wavelet filter also displays a squared
gain function with no zeros except at the zero frequency. However, it increases the variability of the

original series at low frequencies.

Figure 4 also plots the gain functions of the alternative HP and BP filters (HPa, BPa), both
of which are designed to capture cycles with 8 to 64 quarters periodicity. Clearly, by changing the
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Figure 5: Estimated squared gain functions: UC filter

parameters, one can shifts a portion of the low frequency variations of the data to the gap estimate.
Still, these changes do not reduce the squared gain at business cycle or high frequencies. Thus, all
the variability at these frequencies is still erroneously attributed to the gap and this accounts for the
fact that the alternative and the original HP and BP filters have similar position in the rankings.
Although the quantitative details change when the TFP disturbance has a unit root, the shapes
of the estimated squared gain functions are roughly similar (see figure C.2 in the on-line appendix).
Hence, the characteristics of the filters more than the properties of the shocks matter in determining

the properties of the estimates of the latent variables.

Discussion. Figure 4 helps to understand why the Polynomial approach is the least distorting for
gaps. Since the estimated squared gain is one at almost all frequencies, there is a general overesti-
mation of the true gaps variance but the persistence and variance share by frequency are roughly
matched. Thus, the ups and downs of theoretical and estimated gaps are similar as far as timing and
duration, see figure 6. A similar argument holds when considering transitory components. However,
because they do not have a constant variance share by frequency, distortions are larger.

Because in the DGPs, potentials explain an important portion of the variance at business cycle
frequencies and gaps explain a large fraction of the variance at low frequencies, the HP (BP) filter,
which attribute most (all) of the low frequency variations to the trend and most (all) the business
cycle variations to the cycle, distorts the frequency distribution of the variance of the latent variables.
Hence, the persistence of the gaps is underestimated and the filtered series have ups and downs that

do not generally match those of theory-based gaps in terms of timing, duration, and amplitude. When
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Figure 6: Output gap and polynomial estimate

TFP has a unit root, distortions remain because both filters fail to recognize that the permanent
component has significant variations at business cycle frequencies.

Since the HP filter is the leading procedure to extract cycles in international institutions (e.g.
BIS or OECD), further discussion is warranted. The standard HP filter uses a smoothing parameter
of A = 1600, which typically is interpreted as indicating that the standard deviation of the cycle is
40 times the standard deviation of the second difference of the trend. Hamilton [2018] criticizes this
choice of \ suggesting that estimates of the ratio obtained in state space models that approximate a
one-sided HP filter are much smaller. When I compute the range of theoretical A values, obtained by
taking the variability of the gaps (transitory components) to the second difference of the potential
(permanent components) across simulated series, I find that, indeed, they are much smaller than
1600 and in the range [3,24]. Still, gaps display quite a lot of low frequency variations and only when
A = 51200 these variations become part of the estimated gap. Note that A\ = 51200 is close to the
value typically used to extract financial cycles and that, with such a A, the absolute performance
of HP filter improves. Hence, when the two latent components have similar spectral properties,
are correlated, and the gaps are not iid, A does not have the standard interpretation given in the

literature; and the use of a state space approach to estimate it leads to misleading conclusions.

Hamilton [2018] suggests to employ local projections to extract cyclical fluctuations. My exercise
shows that when the data is generated by standard NK equilibrium models, the filter ranks low, both

for gaps and transitory components. A number of reasons may explain this unexpected outcome.
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Figure 7: True output gap, true transitory output and Hamilton estimates.

First, gaps and potentials are correlated while the projection equation assumes that they are not.
Second, even though the approach does not impose unit roots, unit roots are in fact removed (these
are the zeros in the estimated squared gain function). Because the simulated data displays, at most,
one unit root, overdifferencing is an issue. While theoretically important, these two reasons do not
explain the poor performance of the approach because the LD filter, which errs in exactly the same
way, has a much better score. Thus, the projection filter is poor because it does not recognize
the presence of low frequency gaps variations and attributes them to the estimated potential. In
addition, it magnifies the importance of certain high frequency variations, which have little economic
interpretation. Figure 7 illustrates the difficulties of the approach in replicating the dynamics of the
output gap (transitory output) in one of the simulation of the SW model.

VAR-based decompositions perform well for hours but not for output and the distortions in
terms of RMSE, correlation with the true component, or variability are large, both in absolute
and in relative terms. This is true when all shocks are stationary and when TFP has a unit root.
Under stationary, the estimated VAR is misspecified (output is overdifferenced), explaining, in part,
the inferior performance of BN and BQ approaches for output gap extraction. When TFP has a
unit root, the overdifferencing problem disappears but both approaches are still poor, because the

estimated gaps display considerable low frequency variations which are absent from the true gaps.
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Coibon et al. [2018] argued that a BQ decomposition can be used to measure the dynamics of
potential output. My results do not support their choice: the estimated permanent component
overstates the dynamics of potential fluctuations if a NK DSGE model generates the data. Figure
8, which plots true potential and permanent output components in one simulation together with the
estimated BQ permanent components, clearly shows the problem. Estimates displays too much low
frequency variations (there are very long drifts in the ups and downs) and too little medium-business

cycle variations.
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Figure 8: True potential, true permanent component and BQ estimates.

The BN and the BQ decompositions are still poor when TFP has a unit root because the estimated
VAR is misspecified, as the deformation problems studied in Canova and Ferroni [2022] are important.
In particular, the VAR model is bivariate (trivariate) while the DGP has seven disturbances; and
not all the states of the DGP enter the empirical model. Thus, seven shocks are compressed into two
(three) innovations; and some VAR innovations became serially correlated, even when a generous lag
length is used. Deformation problems increase the persistence of the estimated shocks and alter the
correlation structure between the estimated and actual shocks. Indeed, the estimated BQ transitory
output is more persistent than the true transitory output; and the correlation between the TFP
disturbances and the estimated supply shocks is low (0.43) because the latter captures a number of

stationary demand disturbances.
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When the sample is short (T=150), standard problems estimating long term quantities in small
samples are added, see Erceg, Guerrieri, and Gust [2005]. Since a long lag length is needed to
reduce states omission in the VAR, parameter estimation may be further compromised, making the
credibility of latent estimates problematic.

Ramey and Zubairy [2018] used estimates of potential output to scale down the variables, prior to
the computation government spending multipliers. While they use a polynomial approach and thus
minimize the distortions when the DGP belongs the class of DSGE models I consider, it is generally
unwise to employ latent variable estimates to compute multipliers since inference depends on the

quality of the preliminary potential output estimates one has available.
8 A CLASS OF FILTERS FOR DSGE-BASED GAP EXTRACTION

Because existing procedures make assumptions which are inconsistent with the structural features
of the class of NK models considered, inferential distortions are large. When the latent variables
display roughly similar proportion of the variance at low and business cycle frequencies, standard
filters generate biases. Different filters carve the spectrum differently but they attribute most of the
low frequency variations to the trend, and almost all of the business cycle variations to the cycle,
muting the persistence of the estimated cycles, altering the sequence of turning points, and the
properties of amplitudes and durations.

Given these shortcomings, how should then one approach the measurement of gaps? One possi-
bility is to take a structural model, estimate its parameters by conventional likelihood methods and,
with mean or modal estimates and some initial conditions, generate model-based estimates of the
latent quantities, as in Christiano et al. [2011],Justiniano et al. [2013] or Furlanetto et al. [2021].
Clearly, if the sample is short or the prior insufficiently tight, latent variable estimates are likely
be very noisy. Furthermore, if the model is misspecified, estimates of the latent quantities become
unreliable. While not much can be done about small samples, model misspecification can be taken
care, in part, with the approach of Canova and Matthes [2021], which robustifies the measurement
of latent quantities using the information provided by a variety of models.

Still, most researchers may prefer to be agnostic about the process generating the data. In
addition, when selecting a filter, they may be only willing to take into account the frequency domain
features emphasized in section 2, rather than other, more model specific characteristics. Can one
design a procedure that takes into account the features of New Keynesian models and produce latent
variable estimates which are uniformly superior to those of standard procedures?

Engineers extensively employ Butterworth filters in their work, because they are flexible, one-
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sided, have a convenient ARMA representation, and have uniform squared gain functions across the
frequencies of interest. For my purpose, they are useful because one can design a filter in the class
ensuring that the estimated cycle features significant low frequency variations and the estimated
trend significant business cycle variations. Figure 9 shows the squared gain function of a number
of Butterworth filters as function of three free parameters: the polynomial order (n) used to filter
the data (reported are n=1,2,4); the cutoff point w, where the squared gain declines (reported are
0.957, 0.757 and 0.507); and the scale Gy, determining the height of the squared gain (reported are
Go = 1,0.4). Clearly, depending on n,w, Gy a variety of shapes are possible. Note that the HP and
the BP filters are special high pass and band pass Butterworth filters, when Gy = 1.
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Figure 9: Squared gain functions, various Butterworth filters.

For gaps estimation, the relevant squared gain function is the black one with circles, since it has
a uniform height of about 0.4 up to w = 2/37. Thus, when this filter is used in practice, a portion
of the low frequency variations of the input series goes to the estimated cycle and a portion of the
business cycle frequency variations to the estimated trend.

Figure 10 plots one simulation of the gaps produced by the baseline SW model, together with
the estimates obtained with a Butterworth filter, where for all variables, n=1,w = 0.957, Gy = 0.4.

Figure C.3 in the on-line appendix presents the true and the estimated log spectral densities for
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gaps. Compared with figures 7 or 8, the match is clearly superior: the estimates capture fairly well
the gap movements and replicate the distribution of variance of the true process at low and business
cycle frequencies. This pattern is not specific to gaps. Figures C4-C5 in the on-line appendix show
that the same holds true for 8 transitory series generated by one simulation of the model, when a

Butterworth filter with n=1, w = 0.004 and Gy, = 1 is employed.
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Figure 10: True gaps and Butterworth estimates.

The last column of tables 2-4 reports the number of times Butterworth estimates improves on the
best performing method across series or statistics; the last column of tables A5-A11 gives the average
values for each statistics across Monte Carlo simulations. The tables confirm the visual impression
figure 10 provides: Butterworth filtered estimates are closer to the true gaps than the previously
selected best approach in 37 out of 66 cases when T=750 and in 33 out of 66 cases when T=150 for
the SW model. For output gap the estimates they are superior across DGPs in 35 cases. Thus, a
careful design of a Butterworth filter may help to reduce the distortions.

The performance for transitory components is less impressive, as it is difficult to twist a But-
terworth filter to produce a humped shaped squared gain function matching the patterns present in
table 1. To do so, GGy needs to be a function of w. Still, even with this handicap, the approach does

better than the previously selected best approach in over 1/3 of the cases.
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Matching the labor share In New Keynesian models the labor share is often used in place of the
output gap to derive e.g. the New Keynesian Philips curve, see e.g. Gali [2015], or testable empirical
implications of the theory, see e.g. Gali and Gertler [1999]. Thus, one can use the labor share as a
testing ground, to empirically find the procedure which produces output gap estimates ”closer” to

the labor share.
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Figure 11: Log spectra and gain functions.

The first panel of figure 11, which plots the log spectrum of US output and of the US labor share,
shows that indeed the two series are visually related at all frequencies and display the same shape.
Interestingly, the proportion of the variance the two series displays at all frequencies is roughly similar
(10 percent in the low frequencies, 0.06 percent at the business cycle frequencies) which implies that
the ratio of the two spectral densities is roughly constant at about 0.3 at all frequencies (see red
continuous line in second panel). Thus, if the labor share is a good estimate of the output gap,
estimates of the latter should be persistent and must display low frequencies components that are
more important than business cycle components. A Butterworth filter, whose gain function replicates
the constant ratio of the two spectral densities, is depicted by the black dashed line in the second
panel. By construction, such a filter produces a gap estimate whose spectral features match fairy

well the spectral features of the labor share (compare black dashed line with blue solid line in the
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first panel). It is clear from previous discussion that other statistical approaches will produce a log
spectral density for the estimated output gap which is different from the one of the labor share.
Still one can ask how bad these approaches will do relative to the gap estimate produced by the
Butterworth filter.

Table 5: Matching the US labor share, summary results

Statistic | RMSE(all) RMSE(low) RMSE(bc) Corr(all) Corr(low) Corr(bc) Persistence Variance
POLY 0.1500 0.0217 0.0157 0.4423*%%% (0.1900  0.5845** 0.0019 0.0300
HP 0.0561 0.0072 0.0127  0.4430***  0.2712 0.5824 -0.0007 -0.0052
FOD 0.0560 0.0064 0.0076 0.4364 0.1991 0.5796 -0.0002 -0.0088
LD 7.9553 0.2814 0.0427 0.1886 0.1558 0.2750 0.2639 1.5606
BP 0.0554 0.0064* 0.0139 0.2398 0.0988 0.5659 -0.0007 -0.0061
Wa 2.5607 0.0900 0.0220 0.1349 0.1521 0.3344 0.0843 0.4918
Ham 0.1588 0.0236 0.0377 0.3746 0.2614 0.5307 0.0000* 0.0266
ucC 0.1002 0.0093 0.0074%* 0.3530 0.1521 0.5621 0.0017 0.0054
BN 56.0487 2.2333 0.4567 0.2214 0.4534* 0.3260 1.7990 11.0246
BQ 2.4840 0.1221 0.0459 0.3097 0.3506 0.4810 0.0811 0.5715
BW 0.0631°* 0.0095 0.0074**%  0.4405%**  0.1900  0.5845**  0.0000*  -0.0023*

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing, LD is 24
order differencing, UC is unobservable component filtering, BP is band pass filtering, Wa is wavelet filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard and Quah
decompositions, BW is Butterworth filtering. RMSE(all) is the root mean square error between the gap
estimate and the labor share at all frequencies and RMSE(low) and RMSE(bc) the root mean square errors
at low and business cycle frequencies; Corr(all) is the average coherence ( correlation) between gap estimate
and the labor share at all frequencies and corr(low) and corr(bc) the average coherences at low and business
cycle frequencies. Persistence is the difference is the persistence of the estimated gap and of the labor share
(measured by the height of the spectral density at the zero frequency) and variability is the differences in the
variabilities of the estimated gap and of the labor share. A '* indicates the procedure which matches best

the statistic. A tie is indicated by multiple "*’.

Table 5 show a few summary statistics computable from the spectral densities of the estimated
gaps and of the labor share. A Butterworth filter is superior to the other procedures in terms of
overall RMSE, overall correlation with the labor share, persistence and variability. The UC filter
is doing reasonably well overall, confirming its ability to assign low frequency components to the
output gap mentioned earlier. The other approaches seem capable of matching some statistic at

some frequencies, but overall they lag behind.
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9 (CONCLUSIONS

This paper shows that if the data has been generated by the class of NK models macro-economists and
policymakers employ to interpret aggregate fluctuations and to compute out-of-sample predictions,
the available toolkit of latent variable decompositions is inadequate. If one has to choose, the oldest
(Polynomial) and the simplest (Differencing) approaches are the least distorting.

Distortions obtain because in a variety of NK models, gaps are correlated with potentials and have
substantial low frequency variability; potentials (permanent components) have considerable business
cycle variability, and the frequency distribution of the variance of gaps and potentials is roughly
similar. In this situation, filters that vertically carve the spectrum by frequencies are unsuitable; as
are methods that fail to recognize that low frequency variations in the gaps (transitory components)
are equally or even more important than business cycle variations. The polynomial approach is the
least distorting when measuring gaps because, away from the zero frequency, it leaves the frequency
distribution of the data variance unchanged. Differencing works better for transitory fluctuations,
because a portion of the low frequency variations enter in the estimate of the transitory component.

Given the unsatisfactory performance of popular procedures, care should be employed in using
their output to evaluate the state of the economy, to forecast inflation or unemployment, or to provide
policy recommendations. The warning is even more important when the sample is short, the approach
requires parameter estimation, and real time estimates are needed.

One may argue that the class of structural models I consider is unrealistic or that one can build
structural models which satisfy the assumptions of some commonly used in statistical approaches
and proceed with business as usual. This argument disregards the fact that the features that make
existing approaches inadequate obtain also in models with additional or different frictions and dif-
ferent organizing principles, as long as disturbances are persistent. Thus, unless one is willing to
dismiss the majority of existing medium scale macroeconomic models, one must find a different way
out of the conundrum.

I have suggested two potential solutions. One is to compute estimates of the gaps (transitory
components), conditional on a model and the estimated parameters. While the exercise is straight-
forward, some researchers may feel uneasy with the approach, given that even complex models are
far away from the DGP; and apparently innocent estimation choices may impair inference, see e.g.
Canova [2014]. The alternative is to design estimation procedures which take into account the fea-
tures the data is likely to display. I have described a class of Butterworth filters that can be rigged

to produce latent components that uniformly dominate existing ones for gaps estimation; and are
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competitive for transitory components estimation.

Two additional implications of my study are worth mentioning. While it is standard to think of
economic and financial cycles as having different length, in the sense that the largest share of the
variances is located at different frequencies of the spectrum, see e.g. Borio [2012], the fact that models
with or without financial constraints have similar features and that gaps and transitory components
have considerable low frequency power in both types of models suggests that, perhaps, it is the
insistence of macro-economists on focusing attention on cycles of 8 to 32 quarters that has given a
misleading impression that the two cycles are different. I will explore this issue in future work.

There has been an industry over the last 30 years collecting stylized business cycle facts, both to
inform the construction of realistic models of aggregate fluctuations and to test them, see Angeletos
et al. [2020] for a recent example. These exercises generally consider fluctuations with 8 to 32 quarters
periodicity. Given the results I present, it is perhaps desirable to switch attention to a broader range
of freqeuncies or, at the minimum, account for the fact that most of the data variance is not located
at business cycles frequencies. This will help researchers to better understand what kind of models

are consistent with the data.
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ON-LINE APPENDIX

Table A5: Average RMSE, DGP: SW, T=750

Variable POLY HP FOD LD BP Wa Ham UC BN BQ | BW
Gap
Y 5.23 5.07 5.38 6.93 520 5.33 5.25 4.81 104.17 13.58|4.32(*)
C 5.43 5.69 5.94 6.76 5.81 5.79 5.72 5.69 NaN NaN 4.43(*)
I 11.19 9.26 9.31 15.49 9.50 10.6910.4710.30 NaN NaN|[9.12(*)
H 1.67 2.50 2.77 3.04 2.60 2.40 2.16 2.26 1.39 1.39(0.99(*)
RK |222 1.53 1.68 247 1.60 1.76 1.76 1.68 NaN NaN| 2.09
W 4.20 4.87 5.02 5.63 4.95 4.93 4.89 4.90 NaN NaN|3.17(*)
CapU | 3.96 2.73 3.00 4.40 2.85 3.14 3.14 3.01 NaN NaN| 3.72
s 0.41 0.67 0.80 0.80 0.72 0.67 0.50 0.72 NaN NaN|0.17(*)
R 0.40 0.68 0.87 0.87 0.78 0.72 0.50 0.89 NaN NaN|0.20(*)
Factor | 1.57 2.14 2.25 2.15 2.19 2.00 2.03 2.24 NaN NaN|1.35(*)
Transitory
Y 8.64 6.03 5.82 856 598 6.88 7.06 6.08 156.0017.58 9.49
C 9.62 6.44 6.33 8.95 6.40 7.32 7.18 6.55 NaN NaN| 7.93
I 17.53 14.1513.48 19.63 14.08 15.88 16.38 15.44 NaN NaN| 16.84
H 4.00 3.22 3.10 4.28 3.18 3.50 3.69 3.12 22.83 22.83| 3.77
RK | 348 274 2.70 3.56 2.73 3.01 2.99 2.75 NaN NaN| 3.22
W [17.18 5.05 5.00 6.81 5.03 5.68 550 5.16 NaN NaN| 6.11
CapU | 6.20 4.86 4.81 6.33 4.86 5.37 5.31 4.92 NaN NalN| 5.74
s 1.02 0.87 0.83 1.14 0.86 0.93 1 0.93 NaN NaN| 0.99
R 1.14 0.99 0.98 1.28 0.94 1.02 1.12 0.94 NaN NaN| 1.10
Factor | 2.52 2.16 2.13 2.55 2.15 2.28 2.28 2.20 NaN NaN| 2.37

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,

LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,

Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard

and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,

H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and =

the inflation rate. Factor is the first principal component of the nine series. The RMSE is computed

averaging over 100 data replications. In bold the best approach. A (*) in the last column indicates

that the BW filter improves over or is comparable to the best approach.
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Table A6: Average real time RMSE, DGP: SW, T=750

Variable POLY HP FOD LD BP Wa Ham UC BN BQ | BW
Gap
Y 6.62 5.00 5.28 7.34 4.98 5.25 5.31 4.61 20.96 14.90/4.55(*)
C 7.28 5.74 592 7.25 577 6.02 5.95 5.86 NaN NaN|4.29(*)
I 12.76 9.11 9.03 17.36 9.03 11.2810.90 8.65 NaN NaN 8.63(*)
H 2.31 255 2.77 3.01 2.55 2.31 2.21 2.51 1.43 1.43[1.01(*)
RK | 258 1.83 193 246 1.80 1.76 1.95 1.78 NaN NaN| 1.98
W 6.24 5.12 5.29 6.22 5.13 5.20 5.25 4.59 NaN NaN 3.27(*)
CapU | 4.60 3.26 3.44 4.39 3.22 3.13 3.48 3.17 NaN NaN| 3.53
s 0.64 0.67 0.80 0.88 0.70 0.70 0.50 0.77 NaN NaN|0.17(*)
R 0.63 0.70 0.87 0.90 0.78 0.70 0.50 0.96 NaN NaN|0.20(*)
Factor | 2.33 2.24 2.30 2.32 2.25 2.09 2.13 2.31 NaN NaN|1.33(*)
Transitory
Y 10.23 6.20 6.12 8.31 6.23 6.89 7.06 5.80 31.5521.93| 7.00
C 11.61 6.72 6.69 9.26 6.70 7.58 7.28 6.01 NaN NaN| 7.34
I 19.58 14.8114.3320.38 14.8116.8317.38 14.36 NaN NaN| 17.04
H 4.59 3.39 3.36 4.15 3.41 3.64 3.91 3.02 23.7323.73| 3.73
RK | 4.17 3.09 3.06 3.75 3.09 3.31 3.36 3.00 N NaN| 3.23
W 8.85 4.66 4.63 6.71 4.67 5.42 5.08 5.10 NaN NaN| 5.25
capU | 7.42 5.50 546 6.68 5.51 5.89 5.98 5.28 NaN NaN| 5.76
s 1.10 0.88 0.86 1.14 0.86 0.94 1.05 0.85 NaN NaN| 0.95
R 1.28 1.03 1.04 1.36 0.98 1.08 1.23 0.91 NaN NaN| 1.11
Factor | 3.13 241 242 286 2.41 2.58 2.57 2.28 NaN NaN| 2.48

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,
H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and =
the inflation rate. Factor is the first principal component of the nine series. The RMSE is computed

averaging over 100 data replications. In bold the best approach. A (*) in the last column indicates

that the BW filter improves over or is comparable to the best approach.
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Table A7: Average contemporaneous correlations, DGP: SW, T=750

Variable POLY HP FOD LD BP Wa Ham UC BN BQ| BW
Gaps and Filtered variables
0.65 0.34 0.03 0.38 0.25 0.41 0.44 0.44 -0.33 0.25|0.71(*)

0.65 0.33 0.06 0.36 0.23 0.37 0.38 0.31 NaN NaN|0.72(*)

0.59 0.27 0.04 0.34 0.19 0.37 0.44 0.43 NaN NaN|0.65(*)

0.86 0.42 0.06 0.5 0.31 0.54 0.68 0.67 0.93 0.93|0.93(*)

RK |0.53 0.41 0.04 0.38 0.29 0.4 0.36 0.22 NaN NaN| 0.55(*)
W 0.67 0.26 0.01 0.31 0.16 0.32 0.3 0.06 NaN NaN|0.77(*)
(*)

(*)

(*)

(*)

*
*
*

T~ QX

*

CapU | 0.53 0.41 0.04 0.38 0.29 0.4 0.36 0.16 NaN NaN|0.55(*
7r 0.93 0.61 0.17 0.57 0.48 0.61 0.84 0.57 NaN NaN| 1.00
R 0.94 0.67 0.29 0.59 0.48 0.6 0.88 0.36 NaN NaN| 1.00

Factor | 0.71 0.31 0.04 0.43 0.2 0.45 0.41 0.16 NaN NaN|0.79

Transitory and Filtered variables

*
*

*

Y 001 0 0 001 0 0.01-0.010.010.05 O 0.01
C 0.01 0 -0.01-0.01 -0.02-0.02 0.01 NaN NaN| 0
I 0.01 0 -0.01 O 0 -0.01 0 NaNNaN| 0
H -0.01 0 0 0.01 001 0 0 -0.02-0.02f O
RK |0.01 0 -0.01-0.01 -0.01-0.01 0 NaN NaN| 0.01

W -0.02 0.01-0.01-0.02
CapU | 0.01 0 -0.01-0.01

s 0.03 0 0 0.01

R 0.01 0 O 0
Factor | 0.03 0 0 0

-0.02-0.02 0 NaN NaN| -0.01

-0.01-0.01-0.01 NaN NaN| 0.01

0.01 0.01 0.01 NaN NaN| 0.01
0 0 0 NalN NaN 0
0 0 0.01 NaN NaN| 0.01

O DD OO OO oo

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,
H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and
7w the inflation rate. Factor is the first principal component of the nine series. Correlations are
computed averaging over 100 data replications. In bold the best approach. A (*) in the last column

indicates that the BW filter improves over or is comparable to the best approach.
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Table A8: Average AR1 coefficient, DGP: SW, T=750

Variable/TruePOLY HP FOD LD BP Wa Ham UC BN BQ‘ BW
Gaps and filtered variables
Y ]0.98/0.98 0.83 0.21 0.96 0.930.98 0.89 0.89 1 0.97|0.98(*)
C ]0.98/0.99 0.83 0.23 0.970.930.99 0.89 0.88 NaN NaN|0.98(*)
I 0.99] 0.98 0.89 0.51 0.97 0.930.98 0.91 0.98 NaN NaN|0.98(*)
H ]0.98) 0.95 0.78 0.11 0.93 0.930.97 0.89 0.9 0.96 0.96| 0.96
RK 10.97| 0.99 0.83 0.21 0.970.94 0.99 0.89 0.93 NaN NaN| 0.99
W [0.98] 0.99 0.82 0.12 0.980.94 0.99 0.87 0.94 NaN NaN| 0.99
CapU [0.97| 0.99 0.83 0.21 0.970.94 0.99 0.89 0.91 NaN NaN| 0.99
7 10.94/0.93 0.78 0.16 0.9 0.92 0.96 0.88 0.83 NaN NaN|0.94(*)
R 10.83/ 0.80 0.54-0.21 0.76 0.91 0.95 0.77 0.47 NaN NaN|0.85(*)
Factor [0.98] 0.99 0.8 0.14 0.97 0.930.99 0.89 0.93 NaN NaN|0.99(*)
Transitory and filtered variables
Y ]0.97/0.98 0.83 0.2 0.96 0.930.98 0.89 0.89 0.99 0.98|0.97(*)
C  10.99|0.99 0.84 0.26 0.98 0.930.99 0.89 0.87 NaN NaN| 0.98
I 0.98] 0.97 0.89 0.5 0.970.930.98 0.91 0.98 NaN NaN| 0.97
H 1]0.96/0.95 0.78 0.1 0.930.930.97 0.89 0.9 0.96 0.96| 0.94
RK 10.99| 0.98 0.83 0.19 0.97 0.940.99 0.89 0.93 NaN NaN| 0.98
W [0.99] 0.99 0.82 0.14 0.98 0.940.99 0.87 0.94 NaN NaN| 0.98
CapU [0.99| 0.98 0.83 0.19 0.97 0.940.99 0.89 0.93 NaN NaN| 0.98
7 10.94]0.93 0.78 0.15 0.91 0.92 0.97 0.88 0.84 NaN NaN| 0.91
R [0.84]| 0.81 0.54-0.21 0.76 0.91 0.95 0.76 0.41 NaN NaN| 0.77
Factor [0.99] 0.98 0.8 0.12 0.96 0.930.99 0.88 0.93 NaN NaN| 0.97

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,
H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and =
the inflation rate. Factor is the first principal component of the nine series. The AR1 coefficient is

computed averaging over 100 data replications. In bold the best approach. A (*) in the last column

indicates that the BW filter improves over or is comparable to the best approach.
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Table A9: Average variability, DGP=SW, T=750

Variable| True |POLY HP FOD LD BP Wa Ham UC BN BQ ‘ BW
Gaps and filtered variables
Y [23.62| 38.81 4.07 1.56 42.88 3.45 15 16.62 6.83 4632.6 81.43| 31.08
C 28.771 36.04 2.14 0.82 29.97 1.78 10.41 9.93 4.14 NaN NaN | 31.38
I 69.37|171.48 26.61 6.85 235.2724.01 84.51 98.16 139.45 NaN NaN [129.97
H 6.43 | 6.82 1.39 0.65 9.39 1.15 3.28 4.46 1.26 8.06 8.06 | 4.98
RK 248 | 6.3 04 0.15 6.05 033 2.1 1.8 0.3 NaN NaN | 5.21
W [20.85|/20.83 0.9 0.38 17.78 0.68 6.13 4.67 0.6 NaN NaN | 18.04
CapU | 7.86 | 19.98 1.25 0.48 19.17 1.03 6.64 596 0.8 NaN NaN | 16.52
™ 0.58 | 0.47 0.14 0.07 0.68 0.12 0.24 0.39 0.25 NaN NaN | 0.35
R 0.69 | 0.59 0.24 0.22 0.88 0.15 0.27 0.51 0.17 NaN NaN | 0.42
Factor | 5.05 | 3.13 0.21 0.09 2.8 0.17 097 0.93 039 NaN NaN | 2.7
Transitory and filtered variables
Y 28.94| 42.79 4.07 1.56 42.04 3.38 14.7217.11 6.16 7649.1140.59]24.2(*)
C 33.58 | 54.45 2.32 0.86 38.29 1.86 13.22 11.65 3.99 NaN NaN | 23.65
I 160.43|137.45 25.7 6.62 203.3323.23 73.7 89.49 100.49 NaN NaN | 110.4
H 829 | 696 1.35 0.64 9.19 1.1 3.21 4.5 1.15 12.03 12.03| 5.25
RK 6.32 | 5.14 0.38 0.15 5.33 0.31 1.85 1.72 0.3 NaN NaN | 3.37
W 2043 26.62 0.93 0.39 19.92 0.7 6.85 5.06 0.74 NaN NaN | 12.45
CapU [20.02| 16.3 1.2 0.46 16.88 0.97 5.86 5.45 1.01 NaN NaN | 10.69
T 0.57 | 0.46 0.14 0.06 0.67 0.11 0.23 0.37 0.25 NaN NaN | 0.37
R 0.69 | 0.58 0.23 0.21 0.87 0.15 0.27 0.5 0.15 NaN NaN | 0.49
Factor | 4.52 | 2.11 0.17 0.08 1.98 0.14 0.69 0.72 044 NaN NaN | 1.18

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,
H hours, RR the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and
7w the inflation rate. Factor is the first principal component of the nine series. The variability is

computed averaging over 100 data replications. In bold the best approach. A (*) in the last column

indicates that the BW filter improves over or is comparable to the best approach.
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Table A10: Average number of turning points, durations, and amplitudes, DGP: SW, T=750

Variable | True POLY‘ HP FOD LD BP Wa Ham UC BN BQ ‘ BW
Output Gap and filtered output
Number TP[125.87| 123.4 |124.78 109.11124.51129.74135.95112.77130.24147.91 111.78| 128
DurE 567 | 5.8 | 5.73 6.68 579 55 522 639 552 45 6.49 |5.62(*)
DurR 571 | 5.81 | 5.75 6.49 575 55 527 6.32 549 519 6.36 | 5.57
AmpE -2.49 | -3.62 | -3.57 -4.69 -5.09 -1.43 -1.47 -5.67 -1.48 -16.91 -6.47 |-2.67(*)
AmpR 249 | 3.62 | 3.57 4.69 5.09 143 147 567 148 16.91 6.47 |2.67(*)
Factor Gap and filtered factor
Number TP|120.07|120.44| 122.63 103.61 120.51 130.47 135.31113.42130.78 NaN NaN | 124.97
DurE 6.01 | 596 | 5.84 687 5.98 548 6.28 525 546 NaN NaN | 5.71
DurR 592 | 5,93 | 584 7.05 5.93 546 6.39 531 5.63 NaN NaN | 575
AmpE -1.08 | -0.83 | -0.82 -1.12 -1.17 -0.3 -1.36 -0.32 -0.49 NaN NaN | -0.61
AmpR 1.08 | 0.83 | 0.82 1.12 1.17 03 136 0.32 049 NaN NaN | 0.61
Output Transitory and filtered output
Number TP|125.57|123.94 {125.69 109.32 125.35 130.63 137.32 112.3 130.72150.61 111.23| 123.88
DurE 5.66 | 5.76 | 5.72 6.56 5.73 544 519 6.35 56 4.18 6.52 | 5.76
DurR 5.75 | 5.79 | 5,66 6.55 5.68 549 52 645 537 532 6.38 |5.79(*)
AmpE -3.4 |-3.62 | -3.58 -4.72 -5.11 -1.41 -1.47 -5.74 -1.44 -22.65 -5.59 |-3.62(*)
AmpR 34 | 3.61 | 3.57 471 5.1 141 147 573 1.44 22.65 5.59 3
Factor transitory and filtered factor
Number TP|121.2|120.79(121.56 105.4 121.8 131.03113.62135.26126.26 NaN NaN | 120.69
DurE 59 | 596 | 5.87 6.87 593 545 6.25 525 572 NaN NaN | 596
DurR 592 | 5,92 | 594 6.76 586 5.44 6.38 532 576 NaN NaN |5.92(*)
AmpE [-098]| -0.74 | -0.73 -1 -1.05 -0.27 -1.17 -0.29 -0.52 NaN NaN | -0.74
AmpR 0.98 | 0.74 | 0.73 1 1.05 0.27 1.17 0.29 0.52 NaN NaN | 0.74

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,

LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,

Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard

and Quah decompositions, BW is Butterworth filtering. Y is output and Factor is the first principal

component of the nine series. DurE and DurR are the durations of expansions and recessions; AmpE

and AmpR the amplitudes of expansions and recessions. Statistics are computed averaging over 100

data replications. In bold is the best approach. A (*) in the last column indicates that the BW

filter improves over or is comparable to the best approach.

46




Table A11: Average Phillips curve and Okun law predictions, DGP: SW, T=750

Step ahead POLY\ HP FOD LD BP Wa Ham UC BN BQ BW
Phillips curve prediction: Output Gap
1 0.25|0.26 0.27 0.37 0.26 0.32 0.36 0.27 0.36 0.4 0.21(%*)
4 1.41| 1.5 1.67 1.91 1.67 1.55 1.87 1.53 2.142.23 1.04(*)
Phillips curve prediction: Transitory Output
1 0.21 |0.45 0.19 0.14 0.43 0.150.14 0.19 0.13 0.1 0.21
4 0.79 10.93 0.6 0.49 2.89 0.7 0.52 0.77 0.520.58 0.68
Okun law prediction: Output Gap
1 0.24 [1.24 0.24 0.19 3.79 0.210.19 1.21 0.210.26 0.44
4 3.67 [33.84 2.49 1.7545.942.74 2.23 10.882.43 2.04 3.13
Okun law prediction: transitory Output
1 0.32 [0.31 0.33 0.30 0.31 0.32 0.31 0.37 0.340.33 0.32
4 3.02 |2.81 2.76 2.68 3.05 2.73 2.85 3.27 3.212.89 2.93

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. The Phillips curve and the Okun law
predictions are regression of the form: z;1,, = ag + a1x: + Z?Zl Bjys—j where y;_; is the true gap
( transitory) or the estimated one, x; = m; (inflation) or H; (hours) and m=1,4. Reported the
difference in variance of the prediction error between each procedure and the true prediction error,
averaged over 100 data replications. In bold the best approach. A (*) in the last column indicates

that the BW filter improves over or is comparable to the best approach.
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Table B.1: Average RMSE, DGP: SW, T=750

Variable) HPa LDa BPa Hama BNa BQa FODa Trigo BK UChbiv
Gap
Y 493 6.54 5.13 520 5.39 529 5.71 521 521 17.75
C 549 6.47 5.72 5.63 3.51 3.51 6.03 5.82 581 NaN
| 9.76 14.54 9.95 10.81 8.67 8.67 10.99 9.52 9.50 NaN
H 2.30 3.01 247 1.99 NaN NaN 290 2.61 2.61 NaN
RK ]1.50 2.20 1.57 1.81 NaN NaN 1.78 1.60 1.60 NaN
W [4.69 543 4.88 4.78 NaN NaN 5.11 4.95 4.94 NaN
CapU [2.67 9.93 2.80 3.23 NaN NaN 3.18 2.85 2.84 13.04
™ 0.61 0.80 0.67 0.46 NaN NaN 0.80 0.72 0.72 NaN
R [0.61 0.87 0.72 0.46 NaN NaN 0.87 0.78 0.78 NaN
Factor [2.01 2.15 2.72 1.91 NaN NaN 2.24 2.20 2.20 NaN
Transitory
Y |6.45 810 6.31 7.53 5.83 5.83 6.42 5.98 5.97 10.92
C 6.77 8.19 6.64 7.66 5.84 5.84 6.68 6.40 6.40 NaN
I [15.1718.9114.92 17.13 14.1014.10 15.15 14.09 14.08 NaN
H 339 4.12 3.33 3.82 NaN NaN 3.46 3.18 3.18 NaN
RK 1286 3.33 2.81 3.11 NaN NaN 2.83 2.73 2.73 NaN
W [5.26 6.23 5.17 5.83 NaN NaN 5.20 5.03 5.03 NaN
CapU [5.09 5.93 5.01 5.55 NaN NaN 5.04 4.86 4.86 10.65
™ 0.92 1.12 0.90 1.01 NaN NaN 0.96 0.86 0.86 NaN
R 1.04 1.27 0.99 1.14 NaN NaN 1.12 0.94 0.94 NaN
Factor [2.21 2.45 2.19 2.35 NaN NaN 2.20 2.15 2.15 NaN

Notes: HPa is modified Hodrick and Prescott filtering, FODa is fourth order differencing, LDa is 16th order
differencing, BPa is modified band pass filtering, Hama is modified local projection detrending, BNa
and BQa are trivariate Beveridge and Nelson and Blanchard and Quah decompositions, Trigo and
BK are the trigonometric and the Baxter and King versions of a BP filter, UCbiv is bivariate UC
filtering. Y is output, C consumption, I investment, H hours, RK the real rate, W the real wage,
CapU capacity utilization, R the nominal rate, and 7 the inflation rate. Factor is the first principal
component of the nine series. Statistics are computed averaging over 100 data replications. For C

and I BNa and BQa refer to the comparison of filtered C/Y and I/Y with the data. In bold are

cases where the reported statistic improves the best result presented in table 5.
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Table B.2: Average real time RMSE, DGP: SW, T=750
Variable) HPa LDa BPa Hama BNa BQa FODa Trigo BK UChbiv
Gap
5.02 6.66 4.73 5.26 5.28 528 5.70 5.10 4.98 2.93
5.88 6.88 5.67 5.95 3.66 3.66 6.15 5.81 5.77 NalN
9.64 16.10 9.29 11.33 8.53 8.53 11.24 9.34 9.03 NaN
247 3.01 240 2.01 NaN NaN 2.93 2.58 2.55 NalN
RK [1.81 2.25 1.76 1.92 NaN NaN 2.02 1.82 1.80 NaN

W  |5.19 5.84 498 5.07 NaN NaN 5.48 5.19 5.13 NalN
capU |3.23 4.04 3.14 3.42 NaN NaN 3.60 3.24 3.22 1.93
T 0.66 0.87 0.67 0.47 NaN NaN 0.81 0.72 0.70 NaN
R ]0.66 0.90 0.72 0.45 NaN NaN 0.88 0.80 0.78 NalN
Factor | 2.22 2.25 2.17 2.00 NaN NaN 2.31 2.26 2.25 NaN
Transitory
6.38 7.90 6.26 7.47 6.12 6.12 6.54 6.21 6.23 2.74
6.86 8.27 6.67 7.62 7.04 7.04 6.97 6.70 6.70 NaN
15.3719.9215.42 18.59 15.18 15.18 15.93 14.7914.81 NalN
3.45 4.13 3.40 4.00 NaN NaN 3.62 3.41 3.41 NaN
RK |3.12 3.55 3.14 3.53 NaN NaN 3.13 3.09 3.09 NaN

W 14.74 589 4.75 5.48 NaN NaN 4.73 4.68 3.67 NalN
capU |5.56 6.32 5.59 6.29 NaN NaN 557 550 5.51 1.43
T 0.91 1.14 0.88 1.06 NaN NaN 1.01 0.88 0.86 NalN
R 1.06 1.30 1.01 1.23 NaN NaN 1.19 1.01 0.98 NaN
Factor | 2.45 2.67 2.41 2.60 NaN NaN 248 240 2.41 NaN

T~ Q=

= QX

Notes: HPa is modified Hodrick and Prescott filtering, FODa is forth order differencing, LDa is 16th order
differencing, BPa is modified band pass filtering, Hama is modified local projection detrending, BNa
and BQa are trivariate Beveridge and Nelson and Blanchard and Quah decompositions, Trigo and
BK are the trigonometric and the Baxter and King versions of a BP filter, UCbiv is bivariate UC
filtering. Y is output, C consumption, I investment, H hours, RK the real rate, W the real wage,
CapU capacity utilization, R the nominal rate, and 7 the inflation rate. Factor is the first principal
component of the nine series. Statistics are computed averaging over 100 data replications. For C
and I BNa and BQa refer to the comparison of filtered C/Y and I/Y with the data. In bold are

cases where the reported statistic improves the best result presented in table 6.
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Table B.3: Average contemporaneous correlation, DGP: SW, T=750

Variable HPa LDa BPa Hama BNa BQa FODa Trigo BK ~ UCbiv
Gap
0.46 0.35 0.36 0.53 0.03 0.03 0.15 0.24 0.25  -0.01
0.44 0.32 0.32 0.46 0.81 0.81 0.16 0.22 0.23 NaN
0.38 0.31 0.29 0.51 0.73 0.73 0.14 0.19 0.19 NaN
0.58 0.45 0.46 0.76 NaN NaN 0.22 0.31 0.31 NaN
RK 0.5 0.350.39 0.44 NaN NaN 0.16 0.29 0.29 NaN
W 10.39 0.25 0.26 0.4 NaN NaN 0.07 0.15 0.16 NaN
capU | 0.5 0.350.39 0.44 NaN NaN 0.16 0.29 0.29 0.03
7 (0.71 0.55 0.6 0.88 NaN NaN 0.38 0.47 0.48 NaN
R ]0.76 0.57 0.59 0.9 NaN NaN 0.44 0.48 0.48 NaN
Factor |0.46 0.38 0.32 0.52 NaN NaN 0.15 0.2 0.2 NaN
Transitory

=~ Q=

Y 0O 0 O 0 0 0 0 0 O 0.07
C 0 -0.02 0 -0.02-0.05-0.05-0.01 0O O NaN

I 0O O 0 -0.01 0.01 001 -001 0 O NaN
H 0 0.01 O 0 NaNNaN 0 0 0 NaN
RK 0 -0.01 0 0 NaNNaN -0.01 0 0 NaN
W 0 -0.010.01 -0.03 NaN NaN -0.01 0 O NaN
CapU | 0 -0.01 0 0 NaNNaN -0.01 0 0 -0.01
s 0.01 0.01 0.01 0.01 NaN NaN 0 0 0 NaN
R 0 -0.01 0 -0.01 NaN NaN 0 0 0 NaN
Factor | O 0 O 0 NaNNaN 0 0 0 NaN

Notes: HPa is modified Hodrick and Prescott filtering, FODa is forth order differencing, LDa is 16th
order differencing, BPa is modified band pass filtering, Hama is modified local projection detrending,
BNa and BQa are trivariate Beveridge and Nelson and Blanchard and Quah decompositions, Trigo
and BK are the trigonometric and the Baxter and King versions of a BP filter, UCbiv is bivariate
UC filtering. Y is output, C consumption, I investment, H hours, RK the real rate, W the real wage,
CapU capacity utilization, R the nominal rate, and 7 the inflation rate. Factor is the first principal
component of the nine series. Statistics are computed averaging over 100 data replications. For C
and I BNa and BQa refer to the comparison of filtered C/Y and I/Y with the data. In bold are

cases where the reported statistic improves the best result presented in table 7.
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Table B.4: Average AR1 coefficient, DGP: SW, T=750

Variable|True HPa LDa BPa Hama BNa BQa FODa Trigo BK UCbiv
Gap
0.98 0.92 0.95 0.96 0.94 0.21 0.21 0.83 0.93 0.93 0.84
0.98 0.93 0.96 0.97 0.93 0.98 0.98 0.84 0.93 0.93 NaN
0.99 0.94 0.96 0.96 0.95 0.98 0.98 0.88 0.93 0.93 NaN
0.98 0.88 0.92 0.95 0.92 NaNNaN 0.78 0.93 0.93 NaN
RK 10.97 0.93 0.96 0.97 0.93 NaNNaN 0.84 0.94 0.94 NaN
W 10.98 0.94 0.97 0.97 0.92 NaNNaN 0.84 0.94 0.94 NaN
CapU ]0.97 0.93 0.96 0.97 0.93 NaNNaN 0.84 0.94 0.94 0.78
7 10.94 0.86 0.9 0.95 0.91 NaNNaN 0.77 0.92 0.92 NaN
R 10.83 0.670.75 0.94 0.79 NaNNaN 0.57 0.91 0.91 NaN
Factor [0.98 0.92 0.96 0.97 0.93 NaNNaN 0.82 0.93 0.93 NaN
Transitory
0.97 0.920.950.96 0.93 0.2 0.2 0.82 0.93 0.93 0.96
0.99 0.94 0.97 0.97 0.93 0.98 0.98 0.85 0.93 0.93 NaN
0.98 0.94 0.96 0.96 0.95 0.98 0.98 0.87 0.93 0.93 NaN
0.96 0.87 0.92 0.96 0.92 NaNNaN 0.77 0.93 0.93 NaN
RK 10.99 0.93 0.96 0.97 0.93 NaNNaN 0.83 0.94 0.94 NaN
W 10.99 0.94 0.97 0.97 0.92 NaNNaN 0.84 0.94 0.94 NaN
CapU ]0.99 0.93 0.96 0.97 0.93 NaNNaN 0.83 0.94 0.94 0.94
7 10.94 0.86 0.9 0.95 0.91 NaNNaN 0.77 0.92 0.92 NaN
R 10.84 0.670.74 0.94 0.79 NaNNaN 0.57 0.91 0.91 NaN
Factor [0.99 0.91 0.95 0.96 0.93 NaNNaN 0.8 0.93 0.93 NaN

o= QX

o= QX

Notes: HPa is modified Hodrick and Prescott filtering, FODa is forth order differencing, LDa is 16th order
differencing, BPa is modified band pass filtering, Hama is modified local projection detrending, BNa
and BQa are trivariate Beveridge and Nelson and Blanchard and Quah decompositions, Trigo and
BK are the trigonometric and the Baxter and King versions of a BP filter, UCbiv is bivariate UC
filtering. Y is output, C consumption, I investment, H hours, RK the real rate, W the real wage,
CapU capacity utilization, R the nominal rate, and 7 the inflation rate. Factor is the first principal
component of the nine series. Statistics are computed averaging over 100 data replications. For C
and I BNa and BQa refer to the comparison of filtered C/Y and I/Y with the data. In bold are

cases where the reported statistic improves the best result presented in table 8.
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Table B.5: Average variability, DGP: SW, T=750

Variable| True  HPa LDa BPa Hama BNa BQa FODaTrigo BK UCbiv
Gap
Y |23.62 9.55 33.07 7.64 22.67 1.55 1.55 887 3.5 3.45 276.56
C 28.77 5.55 21.42 4.27 14.67 13.32 13.32 4.85 1.81 1.78 NaN
I 69.37 59.88195.7250.47127.94 94.69 94.69 55.95 24.4 24.01 NaN
H 6.43 2.63 81 213 536 NaN NaN 3.02 1.17 1.15 NaN
RK | 248 1.12 428 0.81 2.84 NaN NaN 0.9 0.33 0.33 NaN
W 2085 292 12 209 7.6 NaN NaN 211 0.7 0.68 NaN
CapU | 7.86 3.54 13.57 2.57 899 NaN NaN 2.85 1.05 1.03 127.04
T 0.58 0.23 0.65 0.2 0.43 NaN NaN 0.31 0.12 0.12 NaN
R 0.69 0.33 086 0.23 0.54 NaN NaN 0.52 0.15 0.15 NaN
Factor | 5.05 0.53 2 041 1.35 NaN NaN 0.47 0.17 0.17 NaN
Transitory
Y 2894 9.38 32.94 7.56 23.87 1.55 1.55 8.82 3.42 3.38 261.54
C 33.58 6.46 26.44 4.88 18.27 21.93 21.93 5.36 1.88 1.86 NaN
I ]160.43 55.57 178.23 48 114.37104.02104.02 53.11 23.5523.23 NaN
H 829 253 7.89 2.07 55 NaN NaN 292 1.11 1.1 NaN
RK |6.32 1.03 3.87 0.78 254 NaN NaN 0.85 0.31 0.31 NaN
W 2043 3.1 132 224 849 NaN NaN 222 0.71 0.7 NaN
CapU [20.02 3.26 12.25 2.49 8.04 NaN NaN 2.68 0.99 0.97 89.91
T 0.57 0.22 0.63 0.19 0.41 NaN NaN 0.3 0.11 0.11 NaN
R 0.69 0.32 084 0.23 0.53 NaN NaN 0.51 0.15 0.15 NaN
Factor | 4.52 041 1.5 032 1.03 NaN NaN 0.38 0.14 0.14 NaN

Notes: HPa is modified Hodrick and Prescott filtering, FODa is forth order differencing, LDa is 16th order
differencing, BPa is modified band pass filtering, Hama is modified local projection detrending, BNa
and BQa are trivariate Beveridge and Nelson and Blanchard and Quah decompositions, Trigo and
BK are the trigonometric and the Baxter and King versions of a BP filter, UCbiv is bivariate UC
filtering. Y is output, C consumption, I investment, H hours, RK the real rate, W the real wage,
CapU capacity utilization, R the nominal rate, and 7 the inflation rate. Factor is the first principal
component of the nine series. Statistics are computed averaging over 100 data replications. For C
and I BNa and BQa refer to the comparison of filtered C/Y and I/Y with the data. In bold are

cases where the reported statistic improves the best result presented in table 9.
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Table B.6: Average number of turning points, durations, and amplitudes, DGP: SW, T=750
Variable True HPa LDa BPa Hama BNa BQa FODa Trigo BK  UCbiv
Output Gap
Number of TP|125.87123.44 124.31 128.28 119.83109.11109.11141.49129.37129.74  129.2
DurE 5.67 5.77 575 555 599 6.68 6.68 5.03 552 5.5 4.93
DurR 571 5.83 5.77 5.58 6 649 649 5.06 552 5.5 6.27
AmpE -2.49 -3.61 -5.08 -1.45 -4.95 -4.69 -4.69 -5.22 -143 -1.43 -21.68
AmpR 249 3.61 508 145 495 469 469 522 143 143 -21.69
Factor Gap
Number of TP|120.07120.69 121.06 128.56 118.84 NaN NaN 138.45129.98130.44 NaN
DurE 6.01 593 59 557 6.05 NaN NaN 5.16 549 5.49 NaN
DurR 592 5.93 596 553 6.05 NaN NaN 5.16 549 5.46 NaN
AmpE -1.08 -0.83 -1.16 -0.31 -1.25 NaN NaN -1.19 -0.3 -0.3 NaN
AmpR 1.08 0.83 1.16 0.31 1.25 NaN NaN 1.19 03 0.3 NaN
Transitory output
Number of TP|125.57123.94 124.84 128.87119.01 109.32109.32 142.5 130.56 130.63 127.76
DurE 566 5.79 58 553 6.09 6.56 6.56 5.03 546 5.44 5.5
DurR 575 5.76 5.68 555 597 6.55 6.55 5 547 5.49 5.81
AmpE -3.4 -3.61 -5.1 -1.45 -517 -4.72 -4.72 -525 -141 -141 -12.25
AmpR 34 3.61 5.1 145 518 471 471 525 141 1.41 12.27
Transitory factor
Number of TP|121.2 120.91120.96 129.39118.07 NaN NaN 140.58 131.44131.04 NaN
DurE 59 597 598 552 6.12 NaN NaN 507 544 545 NaN
DurR 5.92 591 589 552 6.03 NaN NaN b5.11 543 5.44 NaN
AmpE -0.98 -0.74 -1.05 -0.27 -1.07 NaN NaN -1.06 -0.27 -0.27 NaN
AmpR 098 0.74 1.05 0.27 1.08 NaN NaN 1.06 0.27 0.27 NaN

Notes: HPa is modified Hodrick and Prescott filtering, FODa is forth order differencing, LDa is 16th order
differencing, BPa is modified band pass filtering, Hama is modified local projection detrending, BNa
and BQa are trivariate Beveridge and Nelson and Blanchard and Quah decompositions, Trigo and
BK are the trigonometric and the Baxter and King versions of a BP filter, UCbiv is bivariate UC
filtering. Y is output, C consumption, I investment, H hours, RK the real rate, W the real wage,
CapU capacity utilization, R the nominal rate, and 7w the inflation rate. Factor is the first principal
component of the nine series. Statistics are computed averaging over 100 data replications. For C
and I BNa and BQa refer to the comparison of filtered C/Y and I/Y with the data. In bold are

cases where the reported statistic improves the best result presented in table 10.
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Table B.7 Average Phillips curve and Okun law predictions, DGP: SW, T=750

Variable]| HPa LDa BPa Hama BNa BQa FODa Trigo BK UCbiv
Phillips curve prediction: Output Gap

1 0.21 0.36 0.25 0.34 0.27 0.27 0.32 0.26 0.26 0.32

4 1.48 1.811.88 1.74 1.67 1.67 1.69 1.68 1.67 1.6

Phillips curve prediction: Transitory Output

1 0.36 0.150.39 0.13 0.19 0.19 0.16 0.42 0.43 0.15

1.03 0.543.21 0.5 0.6 0.6 0.62 2.87 2.89 0.73
Phillips curve prediction: Output Gap

1 0.55 0.214.67 0.21 0.24 0.24 0.23 3.75 3.79 4.91

4 |17.251.99 55.2 2.56 2.49 2.49 2.27 45.5945.94 17.28
Okun law prediction: Transitory Output

1 0.32 0.310.32 0.31 0.33 0.33 0.31 0.31 0.31 0.34

4 2.85 2.69 3.21 2.97 2.76 2.76 2.63 3.03 3.05 2.95

Notes: HPa is modified Hodrick and Prescott filtering, FODa is forth order differencing, LDa is 16th order
differencing, BPa is modified band pass filtering, Hama is modified local projection detrending, BNa
and BQa are trivariate Beveridge and Nelson and Blanchard and Quah decompositions, Trigo and
Bk are the trigonometric and the Baxter and King versions of a BP filter, UCbiv is bivariate UC
filtering. The Phillips curve and the Okun law predictions are regression of the form ; iy, =
oo + a1z + 2?21 Bjyt—; where y;_; is the true gap ( transitory) or the estimated one, z; =
(inflation) or H; (hours) and m=1,4. Reported is the difference in variance of the prediction error
between each procedure and the true prediction error, averaged over 100 data replications. In bold

cases where the reported statistic improves the best result presented in table 11.
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Table B.8: Average RMSE, DGP: SW, T=150

Variable POLY HP FOD LD BP Wa Ham UC BN BQ | BW
Gap
Y 5.22 5.13 5.45 7.18 5.24 5.46 5.29 10.22 33.8 11.86(4.47(*)
C 5.65 5.79 6.03 7.09 5.89 6.00 5.85 10.62 NaN NaN|4.72(*)
I 10.58 9.27 9.37 15.84 9.44 10.8510.38 12.61 NaN NaN| 9.48
H 2.34 256 2.81 2.98 2.64 2.38 2.29 9.47 1.89 1.89(1.03(*)
RK 1.62 1.58 1.73 2.57 1.64 1.88 1.78 1.64 NaN NaN| 2.18
W 444 4.59 4.75 5.55 4.66 4.75 4.67 4.35 NaN NalN 3.32(*)
CapU | 2.88 2.81 3.09 4.58 2.91 3.34 3.17 4.77 NaN NaN| 3.86
s 0.64 0.71 0.83 0.81 0.75 0.69 0.6 0.76 NaN NaN|0.17(*)
R 0.63 0.71 0.88 0.87 0.79 0.73 0.59 0.76 NaN NaN [0.02(*)
Factor | 2.00 2.12 2.28 2.56 2.18 2.08 2.09 2.17 NaN NaN|1.57(*)
Transitory
Y 6.87 6.14 5.93 8.82 6.07 7.02 6.95 9.37 43.0010.98| 7.09
C 7.27 6.66 5.56 8.96 6.62 7.45 7.21 10.08 NaN NaN| 7.43
I 16.23 14.5113.8720.08 14.4116.3616.2413.15 NaN NaN| 16.74
H 3.53 3.21 3.10 4.41 3.16 3.58 3.60 7.09 7.30 7.30| 3.65
RK | 3.01 274 2.70 3.52 2.72 3.01 2.92 1.77 NaN NaN| 3.09
W 5.79 5.33 529 6.96 5.37 592 5.65 4.85 NaN NaN| 6.04
CapU | 5.36 4.88 4.81 6.28 4.85 5.36 5.20 4.62 NaN NaN| 5.51
s 0.93 0.87 0.84 1.14 0.86 0.92 0.95 0.88 NaN NaN| 0.96
R 1.05 0.99 0.99 1.29 0.95 1.02 1.09 0.92 NaN NaN| 1.09
Factor | 2.50 2.17 2.09 3.24 2.14 2.55 2.47 2.81 NaN NaN| 2.62

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,
H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and =
the inflation rate. Factor is the first principal component of the nine series. The RMSE is computed

averaging over 100 data replications. In bold the best approach. A (*) in the last column indicates

that the BW filter improves over or is comparable to the best approach.
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Table B.9: Average real time RMSE, DGP: SW, T=150

Variable POLY HP FOD LD BP Wa Ham UC BN BQ | BW
Gap
Y 6.08 598 6.21 6.54 6.00 5.15 5.78 10.96 18.24 16.43|4.34(*)
C 6.76 6.65 6.84 6.33 6.65 5.86 6.69 11.04 NaN NaN|4.6(*)
I 11.60 10.51 10.56 15.76 10.52 10.7410.8516.94 NaN NaN 8.83(*)
H 3.07 299 32 3.00 3.01 2.52 2.44 9.07 1.84 1.84(1.01(*)
RK 1.95 1.55 1.64 286 1.56 1.97 1.87 2.71 NaN NaN| 2.28
W 492 4.75 481 5.19 4.76 4.48 4.80 5.4 NaN NaN|3.19(*)
CapU | 3.48 2.76 2.91 5.09 2.77 3.51 3.32 6.1 NaN NalN| 4.07
s 0.82 0.80 0.93 0.89 0.82 0.77 0.70 0.82 NaN NaN|0.2(*)
R 0.82 0.80 0.96 0.93 0.86 0.80 0.67 0.88 NaN NaN|0.22(*)
Factor | 3.19 2.83 2.86 3.08 2.81 2.72 2.86 3.05 NaN NaN|1.95(*)
Transitory
Y 6.75 6.26 6.22 8.75 6.26 7.05 7.04 11.0721.4314.74| 7.26
C 7.29 6.63 6.59 9.45 6.64 7.71 7.22 11.27 NaN NaN| 7.49
I 15.21 13.69 13.16 19.42 13.69 15.8215.5316.71 NaN NaN| 15.64
H 3.35 3.16 3.15 4.06 3.13 3.34 3.54 7.85 7.83 7.83| 3.43
RK | 3.12 277 276 3.79 2.74 3.16 3.01 2.32 NaN NaN| 2.83
W 6.16 5.68 5.66 7.63 5.68 6.48 5.96 6.13 NaN NaN| 6.34
CapU | 555 4.94 4.92 6.74 4.89 5.64 5.30 5.02 NaN NaN| 5.05
s 0.91 0.85 0.83 1.12 0.84 0.92 0.97 0.86 NaN NaN| 0.95
R 1.05 095 0.95 1.34 0.91 1.05 1.15 0.86 NaN NaN| 1.14
Factor | 2.9 253 2.52 3.39 2.53 2.83 2.83 2.68 NaN NaN| 2.69

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,
H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and =
the inflation rate. Factor is the first principal component of the nine series. The RMSE is computed

averaging over 100 data replications. In bold the best approach. A (*) in the last column indicates

that the BW filter improves over or is comparable to the best approach.
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Table B.10: Average contemporaneous correlations, DGP: SW, T=150

Variable POLY HP FOD LD BP Wa Ham UC BN BQ| BW
Gaps and Filtered variables

0.59 0.45 0.04 0.48 0.33 0.52 0.54 0.13 -0.58 0.15| 0.74(*)
0.58 0.45 0.08 0.46 0.33 0.48 0.48 0.11 NaN NaN| 0.76(*)
0.51 0.37 0.04 0.45 0.27 0.49 0.51 0.29 NaN NaN| 0.66(*)
0.75 0.53 0.09 0.62 0.41 0.68 0.77 0.1 0.93 0.93|0.93(*)
(*)

(*)

(*)

T~ QX

RK 0.6 0.5 0.03 0.42 0.37 0.45 0.43 0.34 NaN NaN| 0.61(*
W 10.57 0.4 0.02 0.44 0.26 0.45 0.39 0.13 NaN NaN| 0.74
CapU | 0.6 0.5 0.03 0.42 0.37 0.45 0.43 0.25 NaN NaN| 0.61(*
T 0.87 0.74 0.22 0.65 0.6 0.72 0.91 0.58 NaN NaN| 1(*)
R 0.89 0.79 0.34 0.66 0.59 0.68 0.93 0.77 NaN NaN| 1(*)
Factor | 0.49 0.34 0.01 0.38 0.24 0.41 0.39 0.32 NaN NaN| 0.7(*)
Transitory and Filtered variables
-0.01 -0.01-0.02-0.02-0.01-0.03-0.03-0.02-0.08 0.02| -0.03
0 0.01-0.01-0.04 0.02 -0.03-0.02-0.03 NaN NaN| 0
-0.03 0 -0.02-0.02-0.01-0.01-0.02-0.03 NaN NaN| 0
-0.02 -0.01-0.02-0.02-0.01-0.02-0.03 0 -0.02-0.02] -0.02
RK |-0.04 -0.01-0.01-0.02-0.01-0.01-0.01 0.02 NaN NaN| -0.04
W [-0.02 0.01 -0.03-0.06 0.01 -0.05-0.04 0.02 NaN NaN| -0.06
CapU |-0.04 -0.01-0.01-0.02-0.01-0.01-0.01 0 NaN NaN| -0.04
T 0.01 0.01 0 0 0.01 0.02 0.03-0.01 NaN NaN| -0.01
R 0.01 0.01 0 -0.010.01-0.010.02 0.01 NaN NaN| 0
Factor |-0.04 -0.01-0.01-0.06-0.01-0.06-0.04-0.01 NaN NaN| -0.04

T~ QX

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,
H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and
7w the inflation rate. Factor is the first principal component of the nine series. Correlations are
computed averaging over 100 data replications.In bold the best approach. A (*) in the last column

indicates that the BW filter improves over or is comparable to the best approach.
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Table B.11: Average AR1 coefficient, DGP: SW, T=150

Variable True‘POLY HP FOD LD BP Wa Ham UC BN BQ| BW
Gaps and filtered variables
Y ]0.96| 0.94 0.81 0.2 0.95 0.93 0.98 0.89 1.00 0.97 0.79]0.96(*)
C 10.96| 0.95 0.81 0.21 0.96 0.93 0.98 0.88 1.00 NaN NaN| 0.97
I 0.98] 0.96 0.88 0.5 0.97 0.930.98 0.91 0.99 NaN NaN| 0.97
H 1096/ 0.9 0.76 0.11 0.92 0.920.97 0.88 1.00 0.93 0.93| 0.93
RK 10.95/0.95 0.81 0.19 0.96 0.93 0.98 0.88 0.92 NaN NaN| 0.98
W [0.95/0.96 0.8 0.1 0.97 0.930.99 0.86 0.93 NaN NaN| 0.98
CapU [0.95/0.95 0.81 0.19 0.96 0.93 0.98 0.88 0.92 NaN NaN| 0.98
T 0.9 | 0.87 0.76 0.16 0.88 0.92 0.96 0.86 0.77 NaN NaN|0.9 (*)
R 10.76] 0.69 0.53-0.21 0.73 0.91 0.94 0.72 0.29 NaN NaN|0.78(*)
Factor [0.97] 0.95 0.81 0.19 0.96 0.930.98 0.88 0.91 NaN NaN|0.98(*)
Transitory and filtered variables
Y ]0.95/ 0.93 0.81 0.2 0.95 0.93 0.98 0.89 1.00 0.95 0.86| 0.94
C ]0.96/0.95 0.83 0.24 0.97 0.93 0.98 0.88 1.00 NaN NaN|0.96(*)
| 0.96| 0.95 0.88 0.48 0.96 0.93 0.98 0.9 0.99 NaN NaN|0.96(*)
H 1]0.94| 0.89 0.76 0.09 0.92 0.92 0.97 0.87 0.990.930.93| 0.91
RK ]0.97| 0.95 0.81 0.18 0.96 0.930.98 0.88 0.93 NaN NaN| 0.95
W 10.97] 0.95 0.81 0.11 0.97 0.93 0.99 0.87 0.92 NaN NaN| 0.96
CapU [0.97| 0.95 0.81 0.18 0.96 0.930.98 0.88 0.92 NaN NaN| 0.95
T 0.9 0.86 0.76 0.13 0.89 0.92 0.96 0.86 0.77 NaN NaN| 0.88
R ]0.75] 0.69 0.52-0.21 0.73 0.91 0.94 0.72 0.29 NaN NaN|0.73(*)
Factor [0.97| 0.93 0.81 0.17 0.96 0.930.98 0.88 0.91 NaN NaN| 0.95

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,
H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and
the inflation rate. Factor is the first principal component of the nine series. The AR1 coefficient is

computed averaging over 100 data replications. In bold the best approach. A (*) in the last column

indicates that the BW filter improves over or is comparable to the best approach.
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Table B.12: Average variability, DGP: SW, T=150

Variable| True \POLY HP FOD LD BP Wa Ham UC BN BQ| BW
Gaps and filtered variables
Y 15.65(14.85 3.95 1.56 36.28 3.21 12.1 13.7 192.03425.2124.07] 20.88
C 17.5919.23 2.06 0.81 24.54 1.67 8.11 7.98 190.93 NaN NaN| 18.35(*)
I 44.67 | 87.39 25.58 6.85 205.2422.2570.0280.12 242.9 NaN NaN| 93.09
H 4.66 | 3.4 134 0.65 7.72 1.08 2.58 3.58 186.35 5.41 5.41| 3.54
RK 1.9 [1.92 0.38 0.15 487 0.3 1.61 1.53 0.23 NaN NaN| 2.65
W 11.4 | 5.54 0.86 0.38 14.81 0.64 4.81 3.75 0.51 NaN NaN| 9.36
CapU | 6.02 | 6.07 1.2 048 15.44 0.94 5.12 4.85 29.82 NaN NaN| 841
us 0.42 | 0.27 0.14 0.07 0.54 0.11 0.18 0.3 0.08 NaN NaN| 0.26
R 0.53 {0.38 0.23 0.22 0.75 0.15 0.22 041 0.06 NaN NaN| 0.32
Factor | 5.36 | 1.92 0.49 0.27 4.82 04 1.56 1.7 0.26 NaN NaN 2.8
Transitory and filtered variables
Y 18.21(13.18 3.93 1.57 33.83 3.1 11.2813.14204.37652.08 25.43| 19.44(*)
C 17.43110.23 2.28 0.87 27.95 1.75 9.1 8.86 207.63 NaN NaN|15.46(*)
I 113.84| 70.9 24.77 6.64 168.26 21.36 58.08 68.56 237.58 NaN NaN|102.97(*)
H 5.68 | 3.39 1.31 0.65 7.98 1.04 2.61 3.55 169.43 6.93 6.93| 4.72(*)
RK 3.95 | 1.62 0.36 0.14 4.02 0.29 1.32 1.31 0.23 NaN NaN 2.2
W [10.97| 5.44 0.89 0.38 15.03 0.66 4.85 3.83 0.45 NaN NaN| 8.79(%)
CapU |12.52| 5.15 1.14 0.46 12.75 0.91 4.18 4.14 225 NaN NaN| 6.99
pi 0.38 [ 0.25 0.13 0.06 0.53 0.1 0.17 0.27 0.08 NaN NaN| 0.32(*)
R 0.5 | 036 0.22 0.21 0.71 0.14 0.21 0.4 0.06 NaN NaN| 0.45(*)
Factor | 4.53 | 1.82 0.54 0.27 4.58 0.43 1.51 1.72 4.38 NaN NaN| 2.64

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,

LD is 24th order differencing, UC is unobservable component component, BP is band pass filtering,

Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard

and Quah decompositions, BW is Butterworth filtering. Y is output, C consumption, I investment,

H hours, RK the real rate, W the real wage, CapU capacity utilization, R the nominal rate, and

7w the inflation rate. Factor is the first principal component of the nine series. The variability is

computed averaging over 100 data replications. In bold the best approach. A (*) in the last column

indicates that the BW filter improves over or is comparable to the best approach.
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Table B.13: Average number of turning points, durations, and amplitudes, DGP: SW, T=150

Variable True‘POLY‘ HP FOD LD BP Wa Ham UC BN BQ BW
Output Gap and filtered output
Number of TP(19.97|20.44 {20.56 17.9 19.66 20.36 21.63 19.47 20.07 22.12 17.18]  21.08
DurE 594|5.75 |5.75 691 6.19 564 534 6 564 5.33 6.81 5.61
DurR 5.75| 5.61 | 5.57 6.35 5.66 551 524 5.83 5.64 5.31 6.9 5.38
AmpE -2.47| -3.58 [-3.55 -4.7 -5.12 -1.41-1.48-5.29 -1.83 -11.88 -5.9 | -2.66(*)
AmpR 2.46| 3.59 | 3.55 4.72 51 1.4 1.47 527 1.81 11.86 5.92| 2.67(*)
factor Gap and filtered factor
Number of TP|19.37]19.08 {19.23 17.73 19.71 20.23 18.5 21.48 21.68 NaN NaN| 19.89
DurE 6.06| 6.01 |6.02 6.77 6.15 5.66 6.32 5.37 5.24 5.8
DurR 5.92| 6.13 |5.94 6.55 5.79 554 6.26 525 5.69 NaN NaN 5.84
AmpE -1.53|-1.21 |-1.19 -1.55 -1.68 -0.46 -1.82 -0.48 -0.46 NaN NaN -0.89
AmpR 153121 | 1.19 1.55 1.68 0.46 1.83 0.48 0.46 NaN NaN 0.89
Output Transitory and filtered output
Number of TP|21.05/19.99 |20.11 17.67 19.6 20.47 22.04 19.0520.44 22.77 17.87] 19.85
DurE 547| 5.66 | 5.63 6.85 5.98 5.48 508 6.34 582 4.7 6.73 5.72
DurR 5.57| 6.01 | 5.84 6.38 5.85 5.61 5.18 6.16 5.61 5.63 6.8 6.06
AmpE -3.42| -3.6 |-3.56 -4.75 -5.18 -1.42 -1.47 -5.25 -1.84 -15.51-5.46 -3.61
AmpR 3.42| 3.61 | 3.57 4.74 5.17 142 146 524 1.81 1546 5.48 3.61
Factor transitory and filtered factor
Number of TP(19.97/19.07 | 19.1 17.85 19.5920.33 19.02 21.68 21.84 NaN NalN 18.98
DurE 591| 6.14 | 6.14 6.62 6.04 558 6.05 5.28 5.24 NaN NalN 6.2
DurR 5731 6.02 | 597 6.44 5.71 561 6.26 5.26 5.39 NaN NaN 6.03
AmpE -1.34/-1.27(-1.26 -1.66 -1.8 -0.49 -1.87 -0.5 -1.41 NaN NaN| -1.28(*)
AmpR 1.3411.27|1.26 1.67 1.81 0.5 1.88 0.5 1.41 NaN NaN| 1.28(*)

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. Y is output and Factor is the first principal
component of the nine series. DurE and DurR are the durations of expansions and recessions; AmpE
and AmpR the amplitude of expansions and recessions. Statistics are computed averaging over 100
data replications. In bold the best approach. A (*) in the last column indicates that the BW filter

improves over or is comparable to the best approach.
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Table B.14: Average Phillips curve and Okun law predictions, DGP: SW, T=150
Step ahead POLY HP FOD LD BP Wa Ham UC BN BQ BW

Phillips curve prediction: Output Gap
1 0.46 0.6 043 048 0.64 0.44 0.49 0.36 0.42 0.52| 0.35(*)
4 249 276 2.06 2.75 392 25 255 2.08 2.8 293| 1.65(*%)
Phillips curve prediction: Transitory Output

1 0.58 0.64 0.53 0.45 0.53 0.5 0.55 0.61 0.49 0.52 0.57
4 252 233 222 2.16 3.26 239 224 2.6 228 2.21 2.45
Okun law prediction: Output Gap
1 0.79 1.21 0.75 0.71 3.26 0.68 0.69 0.7 0.84 0.69 0.84

4 12.92 26.59 7.96 8.98 39.17 8.92 8.25 8.31 14.3 11.56] 9.36

Okun law prediction: transitory Output
1.46 1.44 1.53 1.39 1.45 1.38 1.53 1.45 1.51 1.45 1.48
13.94 13.6912.89 13.5415.62 15.03 15.6316.6915.78 13.5| 15.48

N

Notes: POLY is polynomial detrending, HP is Hodrick and Prescott filtering, FOD is first order differencing,
LD is 24th order differencing, UC is unobservable component filtering, BP is band pass filtering,
Ham is local projection detrending, BN and BQ are bivariate Beveridge and Nelson and Blanchard
and Quah decompositions, BW is Butterworth filtering. The Phillips curve and the Okun law
predictions are regression of the form ; xyym = ag + ara + Z?:l Bjyi—; where y;_; is the true
gap ( transitory) or the estimated one, x; = m (inflation) or H; (hours) and m=1,4. Reported the
difference in variance of the prediction error between each procedure and the true prediction error,
averaged over 100 data replications. In bold the best approach. A (*) in the last column indicates

that the BW filter improves over or is comparable to the best approach.
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Figure C.1: Log spectral densities of gaps and potentials: Stationary SW model.
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Figure C.2: Estimated squared gain functions for output; SW unit root in TFP.
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Figure C.3: Log spectra of gaps and of Butterworth estimates.
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Figure C.4: Log spectra of transitory components and of Butterworth estimates.
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